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Abstract
Research on online engagement is abundant. However, most of the available studies have focused on a
single course. Therefore, little is known about how students’ online engagement evolves over time.
Previous research in face-to-face settings has shown that early disengagement has negative
consequences on students’ academic achievement and graduation rates. This study examines the
longitudinal trajectory of students’ online engagement throughout a complete college degree. The study
followed 99 students over 4 years of college education including all their course data (15 courses and
1383 course enrollments). Students’ engagement states for each course enrollment were identified
through Latent Class Analysis (LCA). Students who were not engaged at least one course in the first term
were labeled as “Early Disengagement”, whereas the remaining students were labeled as “Early
Engagement”. The two groups of students were analyzed using sequence pattern mining methods. The
stability (persistence of the engagement state), transition (ascending to a higher engagement state or
descending to a lower state), and typology of each group trajectory of engagement are described in this
study. Our results show that early disengagement is associated with higher rates of dropout, lower scores
and lower graduation rates whereas early engagement is relatively stable. Our findings indicate that it is
critical to proactively address early disengagement during a program, watch the alarming signs such as
presence of disengagement during the first courses, declining engagement along the program or history
of frequent disengagement states.

1 Introduction
Engagement is concerned with students’ participation, efforts and time investment to learn, develop and
optimize their learning outcomes [1, 2]. The society aspirations for better education as well as the
increasing interests in graduating students have prompted an increasing interest in engagement as a
malleable quality that holds the hope for better education [3]. Research has consistently confirmed a
positive link between engagement and academic achievement and disengagement has been linked to
worse outcomes, dropout and behavioral problems [4].
Engagement has several temporal dimensions, e.g., engagement with a learning task, engagement within
a course, or engagement through a full program [5]. Longitudinal engagement –the subject of this study–
seems to be the least studied, as collecting data for the same students over the years during a complete
undergraduate study is not a trivial task and requires exhaustive work over several years [6]. The timeline
of longitudinal engagement is often referred to as engagement trajectory, while a trajectory is a sequence
of engagement states that unfold over time [6]. Research on engagement trajectories of face-to-face
education has shown that engagement has a cross-time correlation pattern, i.e., engagement states are
sequentially alike. Therefore, students who are engaged in a course, are more likely to be engaged in the
next [6]. Research has also shown that the cross-time correlation varies among subgroups of students
(e.g., consistent in engaged students while turbulent in disengaged students) [7].
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While research on online engagement is abundant [8], most of the studies have investigated engagement
within a course or two [9, 10]. Studies in the higher education context that have studied the longitudinal
trajectory of online engagement are almost non-existent. As online learning has become increasingly
common and witnessed an exponential growth during the COVID-19 pandemic [11], it has become
increasingly important to focus on longitudinal engagement or the lack thereof. Our study addresses this
gap, i.e., investigates the longitudinal engagement trajectory throughout a complete university program
over four years. Our interest is in how early disengagement or engagement unfolds, and how accurately it
predicts the completion of the program.
We split students into two groups: Early engagement and Early disengagement. We then follow the
students along their whole program and study their trajectory of engagement or disengagement, the
stability or the lack thereof (transitions between trajectories), and how these trajectories of student
engagement predict persistence in the program. Our research questions are:
RQ1: What are the engagement states that students have over a full program and what are the
characteristics of such engagement states?
RQ2: What are the differences between the early engaged students and early disengaged students
regarding their longitudinal engagement trajectory, transitions between engagement states and
stability?
RQ3: What is the relationship between early engagement and students’ outcome in terms of
graduation (or dropping out) and final grades?

2 Background
The concept of student engagement started to gain mainstream acceptance around the eighties as a
means for supporting students’ involvement, achievement as well as preventing alienation and dropout
[1, 2]. Back then, engagement was defined as “the student’s psychological investment in and effort
directed toward learning, understanding, or mastering the knowledge, skills, or crafts that academic work
is intended to promote” [1]. While agreement on a unified definition of engagement may be far from
realizable, there is wide agreement that engagement is a multi-dimensional concept that includes a
behavioral dimension (behavior related to learning activities and learning process), an emotional
dimension (feelings about school, studies, and peers), and a cognitive dimension (investment in learning
and going beyond the required). Such dimensions are dynamically closely interrelated, e.g., positive
feelings about school motivate behavioral engagement in school activities, and cognitive engagement [3,
5, 12]. Researchers have demonstrated that all domains of engagement (behavioral, emotional and
cognitive) are significant catalysts of academic achievement. Such relationship has been repeatedly
confirmed in all levels of education [4, 13, 14].
Engagement has obvious qualities that can be observed, tracked and easily understood by teachers [8,
15, 16]. More importantly, engagement is malleable and therefore, disengaged students are amenable to
intervention. Underachievement, and consequently dropout, could be traced back to events which showed
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obvious “distress signals” of disengagement [16, 17]. Students may show signs of low effort, truancy,
declining grades that may lead to failing a course or more. Several other distress signals can be observed,
e.g., missing assignments, procrastination or lack of participation, disinterest in school or social activities
[3, 5, 12, 18]. Since persistence in the program or school, and consequently graduation, are the ultimate
goals of educational institutions, strategies at keeping learners engaged or at prevention of
disengagement have gained increasing attention across the years [3, 19].

2.1 Trajectories of engagement
Research on the trajectories of engagement is inconclusive. Some studies have shown a cross-time
correlation between engagement states, in which students who are engaged in a course or an academic
year are more likely to remain engaged in the next. However, these cross-time correlations should not be
interpreted as an indication that engagement is a fixed trait. In fact, research on the dynamics of
engagement offers evidence on the contrary, i.e., that engagement is both malleable and dynamic. Some
researchers have reported that engagement declines with time [20], while others claimed that engagement
can grow with time under optimal conditions [21]. Such variability has been recently explained by the
heterogeneity of students’ subgroups, where subgroups of students have a stable trajectory, while others
have a declining or troubled trajectories [7, 22]. The previous studies on the trajectories of engagement
have all been conducted in face-to-face settings.
Most of the studies on online engagement have looked into a course or two while the longitudinal online
engagement remains an uncharted territory especially in higher education settings [18, 23]. Very few
exceptions can be mentioned here. Lust et al. investigated students’ engagement with an online learning
tool in two consecutive offerings of a course [10]. They found that students used different strategies in
each iteration of the course. However, the students were different in each iteration. In another recent
example, which studied a full MOOC program, the authors grouped students into distinct engagement
profiles and followed the changes in such profiles across the program. The three clusters they identified
were 1) consistent: who are engaged are more likely to remain engaged, 2) get-it-done: assessmentoriented but still able to follow up with the program, 3) disorganized: who are mostly disengaged. Similar
results were reported by [24], who identified three trajectories along a professional development course.

2.2 Learning analytics and modeling the engagement
As online learning environments became increasingly common, along with all types of technologyenhanced learning [25], a wealth of online data has driven interest in learning Analytics (LA) for
understanding and supporting learning and teaching. Research in LA has produced valuable insights
regarding, e.g., engagement patterns, students’ profiles and the relationship between engagement and
achievement [9, 26–28]. Within LA, Sequence Pattern Mining (SPM) is among the methods that was
established to model the sequential patterns of students learning [18, 29]. SPM accounts for the
chronological, time ordered relationships between events [30]. Therefore, the method has been embraced
widely by social scientists in modeling life course studies, e.g., the trajectories of careers, marital status or
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health trajectories [31]. Our study takes advantage of the developments of LA, life course studies, and
data-mining methods to model the longitudinal trajectories of engagement

3 Methods

3.1 Context
The study included a full blended Problem-Based Learning (PBL) higher education program. The learning
management system (LMS) is the platform for online collaboration (weekly PBL forum discussions),
distribution of lectures, announcements, and interaction with the teachers and peers. The online weekly
PBL discussions are mandatory, in which students in small groups discuss a problem scenario that
follows the objectives of the course. The courses are similar in educational underpinning (PBL), arranged
sequentially (therefore, referred to as blocks). Some practical courses are longitudinal (over the full year)
and therefore were excluded as they did not share the same educational underpinning or evaluation
method[32].

3.2 Data collection
Every student who joined the program in the academic year 2014–2015 was included in the study (n =
99). The logs of the students in the 15 sequential courses (1,383 enrollments) over four years of
education (2014–2015, 2015–2016, 2016–2017, 2017–2018) were retrieved from the Moodle LMS. Only
learning-related events were collected. We included only students who completed the first term of the
college to avoid including students who were dis-interested in the type of program or had early problems
moving to the city or any other problems. Seven students were excluded as they early withdrew during the
first course and left the program. Early disengagement (n = 43) group comprised students who had at
least one course with a disengagement state in the first term (first two courses). This definition was
adopted since the first course is introduction about the teaching and learning methods of the program,
whereas the second course is the first subject matter course. As such, disengagement in either of these
courses could be cortical. The remainder (n = 56) of students belong to the group of Early engagement.
Online engagement in learning was operationalized following the approach proposed in [8], through
collecting logs of “frequency of logins to website; number and frequency of postings, responses, and
views … or other website resources accessed; time spent creating a post; and time spent online.” To
capture the full breadth of students’ activities in the program, three types of indicators were collected: I)
indicators representing the frequencies of engagement with the course learning resources: a) frequency
of access to lectures, links to lectures, or course materials (e.g., videos), b) frequency of forum discussion
contribution (posting, updating, or rating), c) frequency of forum reading, and d) frequency of course
browsing and thus getting course updates, announcements, and links to resources; II) indicators of
activity level and regularity of activities: a) number of active days where the student had at least made
one click on learning related activities, and b) regularity of course access calculated according to [33]; III)
general indicators representing the total time and effort of online activities: a) number of unique sessions
—a session was considered as a an uninterrupted sequence of online actions (see [34] for details of the
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computation method)—, and b) the total time spent online accessing learning related activities. Since the
data were collected from several courses, the indicators were discretized into equal width bins, so all
indicators have a similar measurement scale, are easy to compare, and the outliers are neutralized [35].

3.3 Analysis
To classify students according to their engagement states at the course-level (RQ1), Latent Cluster
Analysis (LCA) was performed using the LMS indicators (frequencies, activities and time indicators) [36].
LCA offers a robust method for clustering of educational data (see [9] for a review and advantages). To
select the optimum number of clusters we relied on best Akaike information criterion (AIC), Bayes
information criterion (BIC), as well as the separation of clusters with best effect size [9, 36, 37]. Students
were clustered according to their engagement level in each course offering (we refer to clusters as
engagement states). The resulting clusters were compared with Kruskal–Wallis non-parametric one-way
analysis of variance (ANOVA) [38]. To test the magnitude of the obtained results and the quality of
separation of clusters, we calculated the epsilon-squared effect size [37]. Post-hoc pairwise comparisons
were also performed through Dunn’s test using Holm’s correction for multiple testing [39].
To answer RQ2, SPM was performed to study and visualize the longitudinal trajectory of engagement
states throughout the whole program, patterns of transitions, stability of engagement states and the
characteristics thereof. The TramineR R package [40] was used to construct a state sequence object from
the chronologically ordered course engagement states. Sequence distribution plots were used to
demonstrate the ratio of each course engagement state at each time point. Sequence index plots were
used to visualize the longitudinal timeline of engagement states for each single student. Mean time plots
were used to demonstrate the number of courses each student spent in each engagement state on
average. To test how homogenous the sub-groups of engagement are, intra-students stability was
measured using entropy [41]. Chi-squared test with Bonferroni correction was computed to compare the
patterns of transitions of engagement states in each subgroup.
To find if there are subgroups or pattern within the groups, we implemented clustering, which a standard
sequence mining technique. Each group (the early engaged and early disengaged) was clustered using
agglomerative hierarchical clustering based on Ward’s method using distances based on optimal
matching (see [42] for details of the method).
To answer RQ3, a Kaplan-Meier (KM) survival curve was performed to estimate the probability of students
persisting in the program (survival). For each group, we report the number of events (of dropouts) and the
survival probability at each time point. To compare the difference between trajectories, we performed the
recommended tests: Log-rank, Gehan, Tarone-Ware and Peto-Peto [43]. Lastly, a non-parametric WilcoxonMann-Whitney (WMW) was used to compare students Grade Point Average (GPA) at the end of the
program which is the total grades of all courses [44].

4 Results
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The extracted data included 1,052,807 recorded logs, which became 790,956 log records after removal of
non-learning events (e.g., clicks on profile pages). The median number of students per course was 92 and
ranged from 84 to 99. The median number of events per course offering (in the final data set after
removal of non-learning events) was 15,345 and ranged from 3,925 to 36,417. The median number of
forum consumption events was 48.5 per student per course offering; the median of forum contribution
per student per course offering was 50; the median of sessions per student per course offering was 48,
and the median duration of online time was 4.99 hours per student per course offering.
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Table 1
Comparison (ANOVA) of the three clusters according to their mean activity indicators
Indicator

State

Mean

SD

p

ε²

Frequency of course browsing

Actively engaged

8.47

1.487

< .001

0.686

Averagely engaged

4.91

1.820

Disengaged

1.95

1.211

Actively engaged

7.31

2.413

< .001

0.304

Averagely engaged

5.17

2.506

Disengaged

2.94

2.057

Actively engaged

7.95

2.074

< .001

0.456

Averagely engaged

4.89

2.218

Disengaged

2.67

1.901

Actively engaged

7.25

2.421

< .001

0.277

Averagely engaged

5.13

2.509

Disengaged

3.09

2.298

Actively engaged

8.51

1.432

< .001

0.726

Averagely engaged

4.95

1.738

Disengaged

1.79

0.938

Actively engaged

8.71

1.095

< .001

0.796

Averagely engaged

4.87

1.553

Disengaged

1.70

0.851

Actively engaged

8.02

1.995

< .001

0.500

Averagely engaged

4.94

2.187

Disengaged

2.45

1.663

Actively engaged

8.15

1.832

< .001

0.609

Averagely engaged

5.10

2.034

Disengaged

1.96

1.032

Frequency of lecture access

Frequency of forum reading

Frequency of forum contribution

Active days

Session count

Total online time

Regularity

To answer RQ1, an LCA model was fitted using students’ learning activities. We tested models with two to
ten clusters (similar to [9]). The model with three clusters had the lowest AIC = 43,748.7 and BIC = 44,891
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as well as had clearly separable clusters and high epsilon-squared effect size (ranging from 0.3 to 0.8).
Table 1 shows the three identified clusters, which can be described as follows:

Actively engaged cluster: Students in this cluster had the highest values of activity indicators
(between the 7th and 9th decile), frequent access to course resources, frequent forum posting and
reading. They had the highest frequency of active days, longer sessions, and the highest regularity.
These indicators ranged between the 7th and 9th decile.
Averagely engaged cluster: Students in this cluster had moderate (mostly around the 5th decile)
values of activity indicators: average frequency of access to course resources, forum posting, forum
reading, active days and regularity.
Disengaged cluster: Students in this cluster had the lowest levels of activities that lied between the
1st decile and the 3rd decile.

Throughout this manuscript we will refer to each cluster as an engagement state as it describes the
students’ state of engagement in each course.
To answer RQ2, the engagement states were used to construct a sequence object in each of the two study
groups (Early engagement and Early disengagement) which was mined used SPM. We then compared
the two groups and the characteristics of each of their trajectories.
Early disengagement group: The sequence index plot (Fig. 1.A) shows each trajectory of a student as a
sequence of horizontally colored stacked bars: the colors reflect their engagement states. The hierarchical
clustering (Fig. 1.A) shows two distinct groups of students: G1, a mostly disengaged group (n = 9) who
eventually drop out, G2 with fluctuating engagement trajectories which can be further divided into two
subgroups: G2a with fluctuating engagement trajectory dominated with disengagement states, and G2b,
a relatively stable group dominated with active engagement states. Overall, among the group of Early
disengagement, the total number of students who dropped-out was two students at the 3rd course, six at
the 6th course, nine students at the 9th course, and 13 students by the 15th course. A noticeable
observation that students who were able to catch up and engage again in the second course were more
likely to maintain such an engaged state (11/13), while students who were disengaged for two
successive courses had more dropouts (11/28). The distribution plot (Fig. 1.B) shows the distribution of
engagement states at each time point, highlighting that dropout occurred immediately after the first term.
The mean time plot (Fig. 1.C) shows that these students spent an average of 7.7 courses as disengaged
or dropout and 7.3 as averagely or actively engaged.
Early engaged group: The index plot (Fig. 2.A) shows that the students in this group had more stable
trajectories that were dominated with average and active engagement states with very infrequent
disengagement states (an average of 13.6 courses were active or average engagement per student, Fig.
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2.C). Two distinct subgroups can be revealed with hierarchical clustering: G1, a subgroup with mostly
average engagement with frequent transition to engagement states, and G2, a subgroup with mostly
engaged states with infrequent transition to other engagement states. The distribution plot (Fig. 2.B)
confirms that students in this group were mostly highly engaged or averagely engaged. Only a single
student dropped at the course 12.
The dynamics of engagement trajectories
Comparing both trajectories helps understand the dynamics of events (transitions, sequences of
transitions, stability and persistence. Firstly, we compare the transition probabilities between engagement
states to investigate how each group changes across time. Secondly, we compare the frequent transition
subsequences that are characteristic of each group. Thirdly, we compare the stability of trajectories in
each group using transversal-entropy curves.
Students in the Early disengagement group were more likely to descend from the “actively engaged” state
to the “disengaged” state (transition probability 28%) compared to the Early engagement group
(transition probability 11%), which highlights the vulnerability of the former group of students to
transition to disengagement states in the future (Table 2). Similarly, students in the Early disengagement
group were also more likely to stay in a “disengaged” state with a probability of 59% compared to 39% in
the Early engagement group. The top statistically significant discriminating subsequences in the Early
disengagement group were characterized by persisting in a “disengaged” state, descending from an
engagement state (averagely or actively engaged) to a “disengaged state”, or ascending to an
engagement state.
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Table 2
Transition probability matrix among engagement states for each engagement group.

Early disengagement

Actively engaged

Averagely engaged

Disengaged

Dropout

Actively engaged >

0.60

0.09

0.28

0.03

Averagely engaged >

0.30

0.55

0.11

0.04

Disengaged >

0.35

0.04

0.59

0.02

Dropout >

0.00

0.00

0.00

1.00

Early engagement

Actively engaged

Averagely engaged

Disengaged

Dropout

Actively engaged >

0.65

0.24

0.11

0.00

Averagely engaged >

0.30

0.69

0.02

0.00

Disengaged >

0.45

0.16

0.39

0.00

Dropout >

0.00

0.00

0.00

1.00

Figure 3, shows the Chi-squared test for discriminating subsequences. The Early disengagement group
had more frequent and statistically significant (Disengaged) and (Disengaged)-(Disengaged > Actively
engaged) subsequences, while less likely to have (Averagely engaged > Actively engaged) subsequences.
The transversal-entropy plot show how stable the groups are (Fig. 4). The Early disengagement group had
higher entropy values at each time point highlighting the instability of Early disengagement group. In
summary, the Early disengagement group were more likely to persist in a “disengaged” state, descend
from an engagement state to a disengagement state as well as showed an unstable trajectory. These
findings add to the previous findings, that not only being in a disengagement state is an alarming distress
signal, but also the persistence or transition to a disengaged state is similarly alarming.
To investigate the likelihood to persist in the program, we estimate the survival probability (probability of
completing the program) using KM curves, comparing Early engagement and Early disengagement
groups (Fig. 5.A). The survival probability of the Early disengagement group at the end of the 1st year
was 0.86 CI (0.76:0.97), at the end of 2nd year the survival probability dropped to 0.81 CI (0.7:0.94), while
it was 1.00 in the Early engagement group. By the end of the program, the survival probability in the Early
disengagement group was 0.7 CI (0.57:0.85), while it was 0.98 CI (0.95:1.0) in the Early engagement
group. The Log-rank, Gehan, Tarone-Ware and Peto-Peto tests were all statistically significant at the level
of p < 0.001 emphasizing the difference between the groups. In summary, the Early disengagement group
had a higher and statistically significant probability of dropping out of the program.
Lastly, the results of the WMW test revealed that the performance (measured as GPA) students in the
Early engagement group (85.15/100) was significantly higher than that of students in the Early
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disengaged group (79.73/100) with a medium effect size (rank-biserial correlation coefficient of -0.38).
These findings indicate that early engagement does not only predict persisting in the program, but it is
also a catalyst of higher performance.

5 Discussion
There are several studies that have addressed students’ online engagement. The majority of such studies
have focused on engagement with a learning task or within a course [8, 9, 26]. Notwithstanding the
wealth of insights that we have learned over the years, the longitudinal engagement remained a muchneeded area of research. Our study has sought to address such a gap and, in particular, we investigated
the longitudinal trajectories of early engaged versus early disengaged students.
Our RQ1 sought to identify the course-level engagement states of the students over a full program using
LCA clustering method. While few studies have looked into a full program, the three engagement states at
the course level identified in our study were in line with the existing literature [9, 24, 45]. Our three
identified engagement clusters were: 1) an actively engaged cluster similar to the intense, highly active
groups reported by others [9, 24, 45]. The actively engaged cluster invests a significant amount of energy
and effort in learning which has been linked to deep learning [5, 16]. 2) An average engagement cluster,
constituted by selective learners investing a moderate amount of effort. Such cluster is similar to get-itdone cluster reported in other studies [9, 24]. 3) A disengaged cluster, who invest the least amount of
effort, focus on assessed resources, or use a surface approach to learning [16]. Our clusters may have
been more uniform than which can be explained by the fact that our context has a uniform course design,
homogeneous course structure and similar underpinnings.
Our RQ2 investigated the longitudinal trajectories of early disengaged students in comparison to their
early engaged counterparts. The results have shown that students in the Early disengagement group are
not a uniform group but rather a heterogenous group with two main identifiable subgroups: a group with
rapid declining engagement that eventually ended by dropping out early in the program, and another
group that maintained a turbulent course with occasional dropping-out. In addition to frequent
disengagement states, this group has shown frequent alarming transitions too, that is, transitions from
an engagement state to a disengagement state (declined). These findings highlight the importance of
course to course transitions as another alarming sign that should alert educators of the imminent risk
that these students may have (dropping out). The fact that Early disengagement group had a high
number of dropouts is an indication of the high risk that early disengagement incurs on students’
outcomes. The presence of alarming signs is a sign of tractability that should be taken seriously.
Similarly, the Early engagement group was not a uniform group of learners, but rather presented two
subgroups with two engagement patterns.
The findings of this study align with face-to-face studies [7, 22] that reported the presence of engagement
heterogeneity among students, as well as the presence of subgroups of students with different
trajectories. A stable subgroup who remain engaged most of the program has been reported by [7, 22],
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those students were referred to as “Stable High Trajectory” or “Persistent engagement group” and were
around 70% of all enrolled students [7, 22]. A declining trajectory has also been reported by studies in
face-to-face settings, referred to as “Descending engagement group” and were around 17% in [7] and
around 8% in [22]. While studies online engagement are scarce, the results by [9], who reported the
“consistent” and “get-it-done” groups to be around 67% of students if combined and a disorganized group
(33%) who are mostly disengagement.
RQ3 investigated the relationship between early disengagement and graduation using survival analysis.
The results showed that early disengagement projects a substantial risk on students’ graduation and is
linked to frequent and statistically significant dropout. Since troubled, unstable or early disengagement
have been strongly linked to dropping out of school, the early identification and support of such students
is thus of paramount importance to educators [3, 5, 12].
This study contributes to the body of the literature regarding longitudinal engagement, an area that is
rarely studied. We show that early online engagement —regardless of the grades— is a significant
predictor of persistence in the program. More importantly, we describe the trajectories of early disengaged
students and show that in addition to the state of disengagement, the transitions and their stability can
also be alarming. Another contribution of this study is a methodological one: we have used SPM
methods in modeling the longitudinal engagement, a use that is novel in LA and education.
The generalizability of this study is subject to investigation and replication within different contexts. The
quality of data captured from the LMS are far from perfect and students’ usage may differ. Therefore,
further confirmation with different samples is required.

6 Conclusions
This study followed 99 students over four years of college education including all their course data (15
courses and 1383 course enrollments). The results have shown that early disengagement is associated
with significant higher rates of dropouts, lower scores and lower graduation rates. Our findings indicate
that it is critical to proactively watch the alarming signs of disengagement during the first program
courses, such as low engagement with the course materials, declining engagement along the program or
history of frequent disengagements. Most of existing approaches to disengagement focus on a single
course; such approaches are far from optimal as they miss an important aspect of engagement i.e.,
program-level engagement. This study points to the dire consequences of ignoring program-level
disengagement and the loss it incurs in terms or attrition and loss of resources. Therefore, we call for
institutions to have program-level monitoring mechanisms that early identify at-risk students and offer a
timely relevant support.
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Figure 1
The sequence plots of the Early disengagement group: A) index plot, B) distribution plot, and C) mean
time plot.

Figure 2
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The sequence plots of the Early engagement group: A) index plot, B) distribution plot, and C) mean time
plot.

Figure 3
The top statistically significant discriminating subsequences in the Early disengagement group
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Figure 4
The transversal-entropy curves of both groups, lower values indicate a stable trajectory.

Figure 5
A) KM survival curves comparing both groups. B) WMW test comparing the GPA of both groups
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