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Abstract—While curricular flexibility in engineering programs
enhances student autonomy, it introduces significant complexity
in academic planning for students and institutions. Ineffective
decision-making regarding course sequences can hinder academic
progression and increase the risk of dropout. Consequently, an-
alyzing curricular trajectories is essential for supporting student
success. This study explores the application of deep learning
models to model course enrollment sequences at the School
of Engineering of the Pontifical Catholic University of Chile,
using a dataset of 11,729 students between 2013 and 2025. We
compare two neural network architectures—Bidirectional Long
Short-Term Memory (Bi-LSTM) and Bidirectional Encoder Rep-
resentations from Transformers (BERT)—against a K-Nearest
Neighbors (KNN) baseline in a masked course prediction task.
Our results demonstrate that BERT significantly outperforms
the alternative models. This superiority is attributed to BERT’s
ability to model concurrent course enrollments within a single
academic period through positional encoding. These findings
suggest that BERT-based architectures are highly effective for
understanding complex curricular trajectories, offering a robust
foundation for course recommendation systems and student
progression analytics. This approach opens new avenues for
identifying “’bottlenecks,” predicting timely graduation, and mit-
igating dropout risk in flexible educational environments.

Index Terms—Curriculum Analytics, Deep learning, Engineer-
ing Education

I. INTRODUCTION

During the last decades, engineering programs in Latin
America and Chile have moved toward more flexible curric-
ula—that is, granting students a higher degree of autonomy
in decisions regarding what, how, and when to learn [1], [2].
This helps study plans become more adaptable to the learning
needs of different groups of students [3].

However, as the breadth of the curricular offer increases,
so does the complexity of the decisions students must make:
they do not necessarily have reliable information about the
contents addressed, required knowledge, difficulty, or other
aspects of the courses [4], [5]. This not only makes it difficult
for students to take decisions about their learning, but also
has consequences for their subsequent academic development:
performance and risk of dropout. Authors such as Heileman
et al. [6] have argued that progression within a study plan
constitutes the basis of academic success, because obstacles
in that process can delay graduation or lead to dropping out
of programs. From this point of view, it is important for
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educational institutions to analyze the established curricular
sequences and how these facilitate or obstruct academic suc-
cess, for example, through “bottlenecks” in the curriculum. For
teachers, understanding the role their courses occupy within
the study program offers relevant information they should
consider when designing their courses [4], [7].

Hence, research on curricular analytics seeks to analyze
data on students’ academic trajectories through the program to
support decision-making for all related stakeholders, especially
those linked to planning: for students, which courses to enroll
in and when; for instructors, which subjects to teach; and for
program administrators, which interventions are necessary at
the program level [4], [6], [8], [9].

This study explores the use of different machine learning
models to understand the academic trajectories of Engineering
students in an Engineering program with a highly flexible
curriculum, through the prediction of course enrollment at a
specific point in the curricular progression.

A. Related work

In the literature, at least three different methodologies
have been explored for the analysis of curricular sequences:
statistics, process mining, and deep learning models. Within
the first approach, Heileman et al. [6] propose measuring
different obstructions to curricular progression such as delay,
blocking, and course reach.

Srivastava et al. [4] use a combination of approaches to
analyze students’ curricular trajectories. Through the tempo-
ral position of a course and the temporal distance between
courses, they analyze the temporal factor, while they analyze
course passing profiles to measure difficulty and understand
how different student profiles follow different curricular tra-
jectories. Furthermore, they use the L-statistic to analyze in
terms of probability how past courses influence future courses.

Other works have explored process mining techniques such
as Directly-Follows Graph [10] or Petri Nets [11]. These mod-
els, based on descriptive data, represent frequent trajectories
in the form of directed nodes that allow the human analyst to
identify relationships with different outcomes (e.g., successful
graduation, dropout). There, course recurrence (edges that
return to the same node from which they originated) allows
for the quick identification of bottlenecks in the curriculum,



while deviations from expected trajectories can contribute
to identifying students who are experiencing delays in their
curricular progression.

These models have two limitations. On one hand, they de-
pend heavily on human interpretation for pattern discovery; on
the other, they lose analytical power in curricular contexts that
are too flexible because the diversity of trajectories increases,
which does not necessarily provide relevant information.

A third group of works has employed deep learning neural
network models. There are two architectures that have been
objects of interest in curricular analytics due to their ability
to learn sequential relationships and implicit rules in the data
without the need to declare them explicitly: Long-Short Term
Memory (LSTM) and Transformer.

LSTM models are characterized by (1) representing se-
quences as a succession of hidden states that are updated
at each time step, and (2) having memory units that make
information from previous steps accessible [12]. On this basis,
bidirectional variants (Bi-LSTM, [13]) allow for the incorpora-
tion of information about both previous and subsequent states,
in order to make a prediction about an intermediate state.

In curricular analytics, experimentation has been conducted
with both variants to analyze academic trajectories with bet-
ter performance than other architectures used in sequential
problems, such as Recurrent Neural Networks or GRU [14],
although a Bi-LSTM model seems to outperform the simple
LSTM [17]. However, these architectures introduce a distor-
tion when trying to represent curricular sequences. The internal
states of an LSTM or Bi-LSTM network can only represent a
single element for each position, which breaks the curricular
logic where students enroll in several courses per academic
period. In other words: there are several elements in the same
position of the sequence.

Given this limitation, the Transformer architecture [15]
offers an interesting alternative because it uses a positional
encoding method that allows for the incorporation of informa-
tion about the order of elements in the sequence. In this way,
multiple elements can occupy the same position, which is more
suitable for modeling the problem of curricular sequences.
Additionally, the Transformer uses an attention mechanism to
capture distant dependencies throughout the sequence.

Devlin et al. [16] used this architecture in their Bidirectional
Encoder Representations from Transformers (BERT) model,
designed to encode the semantic information of text. BERT is
trained on a task of predicting random words masked in the
sequence, for which semantic understanding of the context is
necessary.

The work of Shao et al. [17] performed experiments with
different variants of a BERT-type architecture, incorporat-
ing future reference elements and complementary informa-
tion about courses and students. They observed that these
BERT variants far outperformed both the K-Nearest-Neighbors
(KNN) baseline and other deep learning models such as LSTM
and Bi-LSTM.

Despite all the methodological advances to understand cur-
ricular sequences, this aspect has not been fully explored in

engineering education. In this field, curricular analytics work
has emphasized the focus on measuring the achievement of
competencies in a given curricular sequence [18]-[20], over
the analysis of the curricular sequence followed by each
student subject to the curricular design of their institution. In
Chile, taking into consideration efforts to shorten engineer-
ing study plans [21]-[23], this line of work can have great
potential for transferring findings to curricular discussions in
practice.

II. METHODS

The objective of this work is to explore the application of
deep learning models to understand the curricular sequences
of students in an Engineering school with high curricular
flexibility.

A. Data

The data used correspond to course enrollments by un-
dergraduate students from all Engineering specialties at the
Pontifical Catholic University of Chile, covering the period
between 2013 and the first semester of 2025. Both manda-
tory and elective Engineering courses are included, while
elective courses taught by other faculties are excluded, as
well as students from other programs who have enrolled
in Engineering courses. This constitutes a total volume of
355,751 student-course records, distributed in 11,729 unique
sequences corresponding to students. In order to evaluate the
generalization capacity of the models, the data were divided
into a training partition (70%) and a testing partition (30%)
used for the calculation of all evaluation metrics for each
model.

B. Experimental design

Following the standard in the field of natural language
processing, a prediction task of masked elements in the
sequence—in this case, courses—is defined. Just as in BERT
training [16], for the model to correctly predict the masked
element, it must be able to represent the essential information
of the sequence. For this task, 15% of the courses in each
student’s sequence were randomly masked.

As a baseline, a classic machine learning algorithm was
used: K-Nearest Neighbors (KNN, [24]), against which the
results of two deep learning architectures are compared: Bi-
LSTM and BERT.

KNN is a machine learning technique where, from the
K nearest neighbors in a given feature space, an output
variable is predicted [24]: in this case, masked courses. In
the implementation for this work, course enrollment sequences
were transformed into a matrix of presence or absence of
all courses for each student (known as one-hot encoding).
This representation omits the order of elements in the se-
quence. To make the prediction of the masked element, the
column corresponding to the masked course is discarded in
this representation. Through the Jaccard coefficient, similarity
is estimated between one observation and all others. From
the k observations with the highest similarity coefficient, the



prediction is made based on the most frequent courses in those
near neighbors.

For the training of the deep learning models, an AdamW
optimizer [25] was used, with a 15% dropout and different
learning rates: 3e-5 for Bi-LSTM, and 5e-5 for BERT. The
only particularity to highlight is that for the BERT model,
positional encoding associated with the student’s relative
semester was used, such that all courses from the same
period are represented in the same position by the model.
Each architecture was trained with multiple hyperparameter
setups (latent vector dimensionality, number of layers, head
attentions, etc.) and the results section reports the performance
obtained by the best configuration of each model.

For each of these models, we experimented with different
hyperparameter configurations, the details of which are pre-
sented in Table I. We tested two KNN models with 5 and 10
neighbors (K). For the Bi-LSTM and BERT architectures, we
tested three models by increasing the number of parameters
through the hidden dimensionality (ranging from 32 to 256)
and the number of layers (from 1 to 4). Additionally, the
Transformer architecture features an extra hyperparameter: the
number of attention heads (H). We experimented with between
1 and 8 attention heads, which does not increase the model
size; instead, it divides the latent vector into subspaces.

TABLE I
HYPERPARAMETERS SETTINGS

Architecture = K  Layers Hidden Dim. Attention heads
KNN 5 - - -
KNN 10 - - -
Bi-LSTM - 1 32 -
Bi-LSTM - 2 64 -
Bi-LSTM - 3 128

Bi-LSTM - 4 256 -
BERT - 1 32 1
BERT - 2 64 2
BERT - 3 128 4
BERT - 4 256 8

Following Shao et al. [17], the evaluation of masked course
predictions across all models is based on Recall and Normal-
ized Discounted Cumulative Gain (NDCG). Both metrics are
estimated over the top 10 elements to which the model assigns
the highest probability (denoted as @10).

o Recall@10. Proportion of masked elements that were
present within the 10 elements predicted by the model,
relative to the total number of masked elements.

e NDCG@10. Measures the ability of the predictions to
rank relevant versus irrelevant elements. It takes a higher
value when the masked element appears with higher
probability and decreases as the element appears with
lower probability.

III. RESULTS

The performance of the various models in predicting masked
courses is summarized in Table II. The baseline KNN models
(K=5 and K=10) achieved a Recall@ 10 of approximately 28%.
Interestingly, the smaller Bi-LSTM configurations (Layers

1 and 2) performed similarly to the KNN baseline, with
performance peaking at two layers (Recall@10 = 0.2910).
Subsequently, as the number of parameters continues to in-
crease, a decrease in Recall is observed, reaching 0.2685 in
the 4-layer model. Similarly, the NDCG@ 10 shows that the
KNN models have a discriminative capacity similar to that of
the Bi-LSTM models (=~ 0.13).

TABLE I
PREDICTIVE PERFORMANCE ACROSS DIFFERENT HYPERPARAMETER
CONFIGURATIONS AND ARCHITECTURES

Model Layers H.Dim. Recall@10 NDCG@10
KNN (K=5) - - 0.2800 0.1309
KNN (K=10) - - 0.2839 0.1353
Bi-LSTM 1 32 0.2833 0.1343
Bi-LSTM 2 64 0.2910 0.1372
Bi-LSTM 3 128 0.2792 0.1295
Bi-LSTM 4 256 0.2685 0.1245
BERT (H=1) 1 32 0.3190 0.1608
BERT (H=2) 2 64 0.4050 0.1916
BERT (H=4) 3 128 0.3918 0.1891
BERT (H=8) 4 256 0.4204 0.2089

Note: H represents the number of attention heads in the
BERT architecture, and K the number of neighbors for
KNN. Bold values indicate the best performance for each
metric.

However, the BERT architecture significantly outperformed
both KNN and Bi-LSTM across all configurations. The best-
performing BERT model (4 layers, 256 hidden dimensions,
8 attention heads) achieved a Recall@10 of 0.4204 and an
NDCG@10 of 0.2089. Compared to previous models, this
implies not only a greater capacity to predict masked courses
but also a significantly higher discriminative power for relevant
elements.

IV. DISCUSSION

The objective of this work was to explore the application of
deep learning models to understand the curricular sequences
of students in an Engineering program with high curricular
flexibility. To this end, a methodology for predicting random
masked courses within students’ curricular sequences was
implemented, and two deep neural network architectures (Bi-
LSTM and BERT) were compared against a baseline of a
classic machine learning model, as it is K-Nearest Neighbors.
Considering the predictive performance demonstrated by the
different models (refer to Table II), the BERT Model was the
best setup to understand course sequences within a flexible
engineering curriculum. Substantively, this implies that the
model offers the best capacity to capture the latent information
in the student’s curricular sequence. Not only do these results
align with what was reported by Shao et al. [17], but also
have practical implications to inform curriculum analysis in
different contexts.

By contrast, the Bi-LSTM architecture showed an im-
provement in performance when moving from 1 to 2 layers;
however, as more parameters were added to the model, its
performance began to degrade. Normally, the most likely
reason for this decline would be overfitting, where the model



stops learning general patterns and loses its capacity for
generalization. Nevertheless, given that the BERT architecture
does not show this decline and continues to improve its
performance as the number of parameters increases, it is
probable that this difference is due specifically to how both
architectures process sequences: for the Bi-LSTM, the order of
courses within the same semester is relevant, whereas BERT
models process patterns in a way that is more faithful to the
reality of our problem, where the order within a single position
(semester) does not matter—order is only relevant between
positions within the sequence.

From a broader engineering education perspective, the su-
perior performance of BERT can be interpreted not only as a
technical advantage but as an epistemic alignment with con-
temporary notions of curricular flexibility. Lucena [26] con-
ceptualizes flexibility in engineering education as a response
to historically rigid curricular structures that privilege linear
progression, engineering sciences, and predefined problem-
solving methods. In highly flexible curricula, students’ tra-
jectories no longer conform to a single ordered pathway
but instead reflect multiple, partially ordered combinations of
learning experiences. Models that assume a strictly sequential
structure impose epistemological constraints that mirror tradi-
tional pipeline-oriented curricula.

This evidence is especially relevant in the context of any
engineering program with a highly flexible curriculum, where
the curricular offer also implies difficulties for the decision-
making of students, managers, and student support units [4],
[5]. A BERT model can be a useful tool to support the
decisions and planning of all actors involved. The masked
course prediction mechanism could be directly utilized as
a course recommendation system for students and support
professionals.

Furthermore, akin to BERT models in Natural Language
Processing [16], [27], to the extent that the model is capable
of understanding a student’s curricular sequence, the latent
representation produced could be repurposed for other pre-
diction tasks associated with the curriculum and students’
individual trajectories. Regarding the former, it is possible
to identify which circumstances constitute bottlenecks” for
timely graduation [6]; while regarding student sequences, it
can be leveraged for the prediction of timely graduation or
dropout [4], [6].

Related to the above is the main limitation of this study:
the potential of these models to simultaneously address several
curricular analytics tasks is still a theoretically plausible but
unexplored promise. As a consequence, there are two direc-
tions for future work that open up with this research. First,
evaluating the ability of these models to understand delays
at the student level, bottlenecks in program design [4], [6],
the academic trajectories of different student profiles [4], or
how curricular sequences influence different outcomes of the
educational process—successful graduation, dropout— [10].

Second, developing tools that facilitate end-users (students,
student support professionals, and managers) in making effec-
tive use of the information encoded by the model to make

decisions either at the individual-student level or through
institutional interventions at the study-plan level.
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