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Abstract

Accurate prediction of student course enrolment is a relevant problem for resource planning
in higher education, yet existing approaches rely largely on aggregate time-series models that
ignore individual student trajectories. We investigate how incorporating student-level sequen-
tial features into forecasting models affects per-course enrolment prediction accuracy at a
Spanish engineering school (EPSEM-UPC, 505 students, 51 courses, 2010-2021). We design a
154-dimensional feature vector encoding enrolment status, normalised grades, cumulative at-
tempt counts, and GPA per academic term, and compare eight modelling approaches: a Naive
persistence baseline, Micro and Macro LSTM networks, decision trees, random forests, XG-
BOOST, LIGHTGBM, a Course2Vec-enhanced MLP. We also test five hierarchical reconciliation
strategies and run an ablation study on the Micro LSTM. Over all 51 courses the Micro model
achieves a Mean Absolute Error of 1.73 students per course, close to a strong seasonal Naive
baseline (1.69) that copies the same semester from the previous year. On a filtered core-course
subset (excluding predictable first-year and sparse optional courses), the Micro model slightly
outperforms the Naive baseline (2.06 vs 2.07), while a GRU variant achieves the lowest error
at 1.64 over all courses. Aggregate models fail to compete due to having only 15 training win-
dows versus 1322 student-level samples. We document the data-quality challenges we found
when trying to collect multi-university enrolment data. Based on this experience, we suggest
future directions including hierarchical reconciliation, LMS (Moodle) engagement features, and
cross-institutional data harmonisation.

Keywords: enrolment forecasting, deep learning, LSTM, hierarchical forecasting, student
profiles, educational data mining, time series.

Resum

La prediccié precisa de la matricula d’estudiants per assignatura és un problema rellevant per
a la planificacié de recursos a les universitats. Els metodes existents treballen majoritariament
amb series temporals agregades que ignoren les trajectories individuals dels estudiants. En
aquest treball investiguem com la modelitzaci6é a nivell d’estudiant (mitjangant xarxes LSTM
alimentades amb vectors de caracteristiques de 154 dimensions que codifiquen matricula, notes
i intents) afecta la precisié de la previsié de matricula a 'EPSEM-UPC. Comparem set enfo-
caments (linia base naif, LSTM micro i macro, arbres de decisi6, boscos aleatoris, XGBOOST,
LIGHTGBM, i un MLP amb embeddings de cursos) sobre 505 estudiants i 51 assignatures durant
2010-2021. Sobre les 51 assignatures, el model Micro LSTM obté un MAE de 1.73 estudiants
per assignatura, proper a una linia base naif estacional (1.69). En un subconjunt filtrat d’as-
signatures troncals (excloent primer curs i optatives), el model Micro supera lleugerament la
linia base naif (2.06 vs 2.07), mentre que una variant GRU aconsegueix 1’error més baix (1.64)
sobre totes les assignatures. Documentem també les dificultats de qualitat de dades trobades
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Resum

en l'intent de recollir dades de multiples universitats, i proposem direccions concretes de treball

futur.
Paraules clau: previsié de matricula, aprenentatge profund, LSTM, previsié jerarquica,

perfils d’estudiants, mineria de dades educatives, séries temporals.
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1. Introduction

1.1. Context and Motivation

Higher education institutions must allocate instructors, classrooms, laboratory slots, and teach-
ing assistants well before each new academic term. The quality of these resource-allocation
decisions depends on the accuracy of course enrolment forecasts, that is, predicting how many
students will register for each subject in the upcoming semester. Under-estimating demand
leads to overcrowded classrooms and under-staffed courses, while over-estimating it wastes
budget on sessions that attract too few participants.

However, course-enrolment forecasting remains difficult in practice because student choices
change from year to year, historical patterns break when curricula or policies are updated, and
many courses simply do not have enough enrolment history to fit a reliable model. Even when
forecasts are accurate, acting on them is not straightforward because staffing, timetabling,
classroom availability, accreditation requirements, and budget all impose constraints that a
forecast alone cannot resolve. There is also a risk that relying too heavily on forecasts may
push small or specialised courses out of the planning process and raise privacy questions when
student-level data are involved. It can also narrow academic planning to a pure efficiency
exercise at the expense of broader pedagogical goals [Ayg+26].

Enrolment forecasting is harder than it looks. Several factors make it genuinely difficult:

e Curriculum instability. Universities add, rename, merge, and retire courses over time.
Some institutions are conservative with their offerings while others frequently restructure
programmes. A model trained on one curriculum snapshot may not transfer to the next
academic year if course codes have changed or entire programmes have been reorganised.

e Schedule effects. A student’s interest in a course does not guarantee enrolment. Even
a student with strong interest in a programming course may choose not to enrol if it
is scheduled at six in the morning and creates a four-hour gap in their daily timetable.
These constraints are common and hard to model without explicit schedule data.

o Institutional rules. Some universities enforce strict prerequisite requirements or cap
the number of failed courses before blocking further enrolment. Others give students full
freedom to enrol in anything as long as they eventually pass everything. These policies
shape enrolment patterns in ways that are difficult to capture without encoding the rules
explicitly.

Previous work on enrolment prediction covers statistical time-series models such as ARIMA
and exponential smoothing [WK18; LA12], aggregate machine-learning regressors [LEI09;
Sha+22], and more recently recommendation-system re-purposing methods [KP24]. The prob-
lem with these aggregate approaches is that they model course demand at the population level
and ignore how each student moves through the curriculum.
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The original motivation for this thesis builds on the Bachelor’s degree project [Tal23]. The
idea was to use individual student trajectories in a hierarchical forecasting framework to pro-
duce coherent forecasts at the student, course, programme, and institution levels. Reconcili-
ation methods [Hyn+11; WAH19] would ensure that predictions at each level add up consis-
tently. The original plan also included collecting enrolment data from multiple universities to
build a cross-institutional forecasting system.

In practice, collecting data from multiple universities turned out to be more difficult than
expected. Platform migrations, inconsistent course identifiers, and poorly structured data
exports (the default Moodle log exports) from some institutions (Riga Technical University
and Vilnius Gediminas Technical University) made it impossible to build a reliable multi-
university training set (see Section 3.1.2 for details). In contrast, the EPSEM-UPC dataset is
clean, consistent, and well-structured, which is why it was ultimately used for the analysis.
Future work on multi-institution forecasting will need more consistent data formats and clearer
course identifiers across institutions before modelling can begin.

We therefore compare several forecasting approaches on the EPSEM-UPC dataset, including
persistence baselines, recurrent neural networks, gradient-boosted trees, and learned course
embeddings.

1.2. Research Questions
This thesis addresses the following research questions:

RQ How does incorporating individual student academic trajectories into sequential mod-
els affect per-course enrolment forecasting accuracy compared to aggregate baselines at
EPSEM-UPC?

SRQ1A How does the choice of student-level model architecture (LSTM, GRU, bidirectional
LSTM, gradient-boosted trees, embedding-enhanced MLP) affect forecasting performance
on small institutional datasets?

SRQ1B How sensitive is the best-performing architecture to hyperparameter choices (hidden
size, depth, dropout, window length) in the small-data regime?

SRQ2 How does the number of available training samples at different aggregation levels
(student-level vs. term-level) affect the relative performance of Micro and Macro fore-
casting approaches?

SRQ3 What data-quality and data-acquisition obstacles arise when attempting to build multi-
institutional enrolment forecasting datasets, and how do issues such as course-code redun-
dancy and platform migrations constrain the feasibility of cross-institutional modelling?

1.3. Problem Statement

Higher education institutions must make resource-allocation decisions before actual course
registrations are fully known, which creates a planning problem that repeats every term. In-
accurate course-enrolment forecasts can lead to overcrowded classrooms, insufficient teaching
support, underused facilities, or unnecessary staffing costs. This problem is made worse by
fluctuating student choices, curriculum changes, sparse enrolment data for specialised courses,
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and institutional constraints such as fixed classroom capacity, instructor availability, and
timetabling rules. Better forecasting tools are needed to support planning of instructors,
classrooms, laboratory sessions, and teaching assistants while dealing with uncertain student
demand.

The goal of this work is to apply hierarchical forecasting methods to academic planning so
that forecasts at different levels are consistent with each other. More concretely, this project
aims to:

1. Develop an accurate course-enrolment forecasting model that predicts the number of
students likely to register for each course before the start of the academic term.

2. Improve academic resource planning by supporting better allocation of instructors, class-
rooms, laboratory slots, and teaching assistants.

3. Reduce under- and over-estimation of student demand, which in turn reduces over-
crowded classes, understaffed courses, and unnecessary operational costs.

4. Account for hierarchical academic structures (faculty, department, programme, year level,
course) so that forecasts are consistent across different planning levels.

5. Help universities make better planning decisions based on data, while recognising insti-
tutional constraints.

6. Evaluate our forecasting approach and compare it with existing baselines.

Given these challenges, we focus specifically on whether student-level academic trajecto-
ries can improve per-course and programme enrolment predictions, as stated in the research
questions above.

1.4. Contributions

The main contributions are, ordered by scientific importance:

1. A 154-dimensional multi-hot feature representation of student academic histories that
jointly encodes course enrolment, normalised grades, cumulative attempt counts, and
GPA per term. This representation makes it possible to model how each student moves
through the curriculum over time.

2. An empirical comparison of Micro (student-level) and Macro (aggregate-level) forecast-
ing approaches, showing that student-level modelling works better in small institutional
settings because it produces many more training samples from the same observation
period.

3. A systematic ablation study showing that adding model capacity beyond a single
LSTM/GRU layer leads to overfitting on this dataset, and that the GRU variant outper-
forms the standard LSTM.

4. An evaluation of five hierarchical reconciliation strategies, showing that reconciliation
does not help when the aggregate base forecasts are poor, and identifying when it could
become useful.
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5. Documentation of data-quality issues from the multi-university data acquisition effort,
showing that course-code redundancy, platform migrations, and inconsistent identifiers
are the main obstacles to cross-institutional enrolment forecasting.

6. A proposed standardised data format (*.educast.json) for institutional enrolment
records, designed to reduce the data-harmonisation burden in future cross-institutional
studies.

1.5. Thesis Organisation

Chapter 2 surveys related work on enrolment forecasting, sequential student models, hierarchi-
cal time-series methods, and learning analytics. Chapter 3 describes the dataset (including the
multi-university data acquisition effort), the feature-engineering pipeline, and the model archi-
tectures. Chapter 4 describes the experimental setup, preprocessing pipeline, and exploratory
data analysis. Results are presented in Chapter 5 and discussed in Chapter 6. Conclusions
and future work appear in Chapter 7.



2. Background and Related Work

This chapter covers the background needed to understand the rest of the thesis. We first
describe the academic planning problem and how enrolment forecasting fits into it, both at
the aggregate and the individual student level. We then review how time-series methods,
hierarchical reconciliation, and sequential neural networks have been used in this area. We close
by pointing out where prior work falls short (the lack of student-level trajectory modelling, the
difficulty of working with small institutional datasets, and recurring data-quality problems),
which motivates the approach we take in this thesis.

2.1. The Academic Planning Problem

University resource planning works at two levels. At the aggregate level, administrators need
to know how many students will enrol in each course so they can assign instructors, book
classrooms, open laboratory slots, and hire teaching assistants. At the individual level, students
decide what to take based on their academic history, which prerequisites they have passed,
how much workload they want, and what fits their timetable. The planning problem is that
aggregate demand is just the sum of all these individual decisions, but institutions have to
commit resources before students have actually registered.

Traditional planning relies on historical averages and manual adjustments by programme
coordinators who know their student population informally. This works reasonably well when
cohort sizes and curriculum structures are stable, but breaks down when programmes grow,
shrink, or restructure their course offerings. As Aygil et al. [Ayg+26] argue, more system-
atic forecasting approaches can support dynamic course scheduling toward strategic university
scaling. They also note that forecasts must be embedded within prescriptive frameworks that
respect timetabling, staffing, and capacity constraints.

Rodriguez Rivero et al. [Riv+25] make a related point about AI in education, arguing that
emerging technologies should support students’ cognitive effort, not replace it. For enrolment
forecasting, the same principle applies. The goal is not to predict what students will do with
perfect accuracy, but to give planners a better starting point while leaving students free to
make their own choices.

The connection between individual student trajectories and aggregate enrolment is natu-
rally hierarchical. Individual students make up courses, courses make up programmes, and
programmes make up the institution. This structure is what motivates hierarchical forecasting
methods that can produce consistent predictions across all levels at once.

2.2. Related Work

2.2.1. Enrolment Forecasting

Predicting course enrolment requires accounting for past students, new ones, and transfer
students whose interests change over time [KP24]. Early approaches used aggregate time-
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series methods. Lavilles and Arcilla [LA12] compare simple moving average, single exponential
smoothing, and double exponential smoothing to predict total student numbers, incorporating
the best-fitting model into their school management system. Wang et al. [Wan+14] introduce
a fuzzy time-series model that uses the yearly difference of enrolment as its main domain
variable. Watkins and Kaplan [WK18] compare multiple forecasting methods on institutional
data and show that Gaussian Process regression performed best in their experiments, beating
linear regression, multilayer perceptron, SVM, ARIMA, and exponential smoothing.

Researchers have also applied machine-learning regressors at the course level. Lee et al.
[LEIO9] propose a modified weighted fuzzy time-series method for enrolment forecasting, while
Shao et al. [Sha+22] compare conditional probability analysis, CART, and random forest models
for predicting enrolment in individual courses, finding that random forest worked best. Egbo
and Bartholomew [EB18] use a multi-layer feed-forward neural network for the same purpose.
Aitken et al. [AYM11] provide an institutional perspective and compare simple projection
heuristics with richer demographic covariates in an Australian context, finding that student
retention data adds predictive value beyond just historical enrolment counts. Loder [Lod25]
applies micro cluster learning to predict “active” students, demonstrating that grouping stu-
dents by behavioural clusters can improve management-level forecasts at Austrian universities.
Al-Ahmad et al. [Al-+25] predict academic performance at Saint Cloud State University, show-
ing that ensemble methods achieve high accuracy on student-level prediction tasks even with
moderate dataset sizes.

Khan and Polyzou [KP24] propose a re-purposing approach that first generates a course
recommendation set for each continuing student and then sums the recommendations to esti-
mate per-course enrolment. They test four recommenders (including an LSTM-based model)
alongside time-series and regression baselines on a seven-year Florida International University
dataset, showing that recommendation-based estimates match or beat direct prediction meth-
ods for most courses. However, good individual ranking does not necessarily translate into
accurate aggregate enrolment counts. A recommender may correctly order a student’s course
preferences but assign probabilities that, when summed across the cohort, systematically over-
or under-predict demand.

In this thesis, we study the enrolment forecasting problem at EPSEM-UPC by comparing
micro-level and macro-level approaches to course enrolment prediction. We also consider the
practical constraints of academic data, including course-code redundancy, small cohort sizes,
and inconsistencies across institutional sources [Con+17; RV20; Al-425].

2.2.2. Student Trajectory Modelling

Several groups have modelled individual student progression through a curriculum as a se-
quential problem, primarily for course recommendation. Pardos and Jiang [PJ20] explore
course recommendation with a focus on serendipity, comparing skip-gram course embeddings
against an existing RNN-based production system at UC Berkeley. Pardos and Nam [PN20] for-
malise the course embedding approach as Course2Vec, training a Skip-gram model [Mik+13a;
Mik+13b] on enrolment sequences to produce dense course representations that reflect cur-
riculum structure. Shao et al. [SGP21] propose PLAN-BERT, a BERT-based model for degree
planning that predicts enrolment across multiple consecutive semesters. Polyzou et al. [PNK19]
develop Scholars Walk, a random-walk model that captures the stochastic transition structure
of course sequences.

These methods encode student histories as sequences of multi-hot vectors over the course
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catalogue, the same representation we adopt in this thesis. The key difference is the down-
stream task. Instead of ranking courses for a single student, we use the model’s output as
a per-student predicted enrolment vector and sum these vectors across all students to obtain
course-level demand forecasts. We also evaluate whether reconciling these bottom-up forecasts
with aggregate-level predictions can produce reconciled forecasts that are consistent across all
levels of the hierarchy.

2.2.3. Time-Series Forecasting in Education

Traditional educational enrolment forecasting has often relied on univariate time-series meth-
ods that treat per-course enrolment counts as a single series evolving over discrete academic
terms. These approaches model the series as a combination of level, trend, seasonality, and
noise components.

Moving average and exponential smoothing methods assign fixed or exponentially decaying
weights to past observations. Lavilles and Arcilla [LA12] apply these techniques to total student
numbers and find single exponential smoothing adequate for short-term projections. Fuzzy
time-series methods [Wan+14; LEI0Q9] discretise enrolment values into linguistic categories
and define transition rules, avoiding the normality assumption of traditional methods. ARIMA
models capture both autoregressive and moving-average dynamics after differencing the series
to achieve stationarity. Gaussian Process regression [WK18] provides probabilistic forecasts
with uncertainty bands, which Watkins and Kaplan show can outperform parametric methods
on institutional data.

More recently, researchers have applied machine-learning regressors to enrolment data. Ran-
dom forests [Sha+22] and feed-forward neural networks [EB18] treat each term’s features (e.g.,
lagged enrolment, demographics) as a tabular input and predict next-term counts. Loder
[Lod25] combines cluster analysis with random forests to identify “active” vs. “inactive” stu-
dent subpopulations before forecasting. In our earlier Bachelor’s thesis [Tal23], we applied
decision trees and random forests to per-course enrolment prediction at EPSEM-UPC, finding
that depth-4 decision trees achieved the best single-course classification accuracy on the same
dataset used here.

These unimodal approaches share several limitations in the university setting:

o They operate on aggregate counts and cannot model individual student trajectories or
the factors driving each student’s enrolment decision.

o The small number of available terms (typically 10-30 for a single institution) limits the
temporal evidence available for fitting complex models.

e Series are often sparse and irreqular, with enrolment patterns disrupted by curriculum
changes, course-code renames, and administrative restructuring that break temporal con-
tinuity.

These limitations motivate the student-level (Micro) approach adopted in this thesis, which
generates many more training samples from the same institutional observation window.
2.2.4. Reconciled Forecasts

Forecast reconciliation is the process of adjusting a set of independently generated forecasts so
that they satisfy the aggregation constraints implied by a hierarchical or grouped structure.
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Given a hierarchy where bottom-level series (e.g., per-student enrolment) sum to higher-level
aggregates (e.g., per-course totals, programme totals), the base forecasts produced at each
level will generally not be coherent (the bottom-level forecasts will not sum to the top-level
forecast). Reconciliation produces revised forecasts that are both coherent and, under optimal
methods, have lower variance than the base forecasts alone [Hyn+11].

Five main strategies exist:

Bottom-up: Forecast only at the lowest level and sum upward. Simple and assumption-free,
but propagates base-level errors into all higher levels.

Top-down: Forecast only at the top level and disaggregate using historical proportions. Relies
on the top-level forecast being accurate and the proportions being stable.

Middle-out: Forecast at an intermediate level and use bottom-up below and top-down above.
A compromise that can reduce estimation noise at the extremes.

Optimal combination (OLS/WLS): Hyndman et al. [Hyn+11] propose combining all base fore-
casts through a projection that minimises the trace of the reconciled forecast error co-
variance under an identity or diagonal covariance assumption.

MinT (Minimum Trace): Wickramasuriya et al. [WAH19] extend the optimal combination by
estimating the full base forecast error covariance matrix, producing reconciled forecasts
with the minimum possible error variance. The MinT reconciliation matrix is:

P=(SWs)"lsw! (2.1)

where S is the summing matrix encoding the hierarchy and W is the covariance matrix
of base forecast errors.

Athanasopoulos et al. [Ath+24] provide a detailed review of reconciliation methods, their
theoretical properties, and practical performance across domains.

In the university planning context, reconciliation matters because different planning deci-
sions operate at different levels. Classroom booking uses course-level forecasts, staffing plans
use programme-level totals, and budget allocation uses institution-level aggregates. With-
out reconciliation, a department head who sums the course-level forecasts will get a different
number than the one produced by the programme-level model, creating inconsistency in the
planning process.

For this thesis, reconciliation is relevant because we produce forecasts at two levels (student-
level Micro and course-level Macro) and want to combine them coherently. However, MinT
requires a reliable estimate of W. This in turn requires a sufficient number of historical forecast
errors. With only 15 aggregate-level training windows, the covariance estimate is unstable,
and we expect MinT to underperform in our setting. We test this hypothesis empirically in
Section 3.4.

2.3. Hierarchical Forecasting in Education

Hierarchical forecasting aims to produce forecasts that are consistent across different aggrega-
tion levels. Hyndman et al. [Hyn+11] formalise the problem and propose an optimal combi-
nation method that uses GLS regression to produce reconciled forecasts. These forecasts are

10
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unbiased, have minimum variance, and sum consistently across all hierarchy levels. Wickra-
masuriya et al. [WAH19] extend this with the MinT (Minimum Trace) estimator, which uses
the covariance structure of base forecast errors to compute the reconciliation weights. Athana-
sopoulos et al. [Ath+24], discussed in Section 2.2.4, also review the educational application of
these methods.

In the educational context, a natural hierarchy places individual students at the bottom,
courses at the next level, programmes above, and the institution at the top (see Figure 2.1). In
bottom-up aggregation, individual student forecasts are summed to course-level counts, then
to programme and institution totals. This is the approach our Micro model follows. The
problem is that bottom-up aggregation propagates base-level errors upward and can amplify
them. Reconciliation methods reduce this problem by adjusting base-level forecasts using
information from higher aggregation levels.

Institution

Programme

A

[Course A] [Course B] E(;R_;{O_r_l S:g{ti;_;::
1
[Student 1} [Student 3] [Student 4} i
1
¥

Figure 2.1.: Hierarchical forecasting structure. Aggregation (solid arrow) sums forecasts upward from
students to institution. Reconciliation (dashed arrow) adjusts them downward for coher-
ence.

We test five reconciliation strategies in this thesis (Section 3.4), including a simplified MinT-
style proportional redistribution. The limited aggregate-level data (15 training terms) prevents
the full MinT estimator from improving on the Micro standalone, confirming that reconciliation
requires reliable aggregate forecasts to be effective.

2.4. Recurrent Neural Networks

LSTM networks [HS97] are a class of recurrent neural network designed to learn long-range
dependencies in sequential data through gated memory cells (see Figure 2.2). The Gated
Recurrent Unit (GRU) [Cho+14] simplifies the LSTM architecture by merging the cell state and
hidden state into a single vector and replacing the three LSTM gates (input, forget, output) with
two (reset and update), reducing the parameter count while retaining comparable performance
on many tasks. Researchers have applied both architectures to time-series forecasting [Sal+20]
and educational data mining.

These architectures fit student enrolment data well because academic trajectories are irreg-
ular. Students progress at different speeds, take semester breaks, repeat failed courses, and
sometimes enrol in unexpected combinations. The gating mechanisms of LSTM and GRU cells
can handle this because they learn when to keep, update, or discard information from previous
time steps. In our setting, we assume that a student’s next-term enrolment vector depends on
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2. Background and Related Work

a short window of previous academic states, including which courses were taken, what grades
were obtained, and how many prior attempts were made at each subject.

Output h<t>

Cell Cell

Hidden

N ra®,

D —)
g
=

@@«

Input
Figure 2.2.: Diagram of an LSTM cell.

In the course-recommendation literature, LSTM-based encoders represent a student’s aca-
demic history as a fixed-length vector and use it to predict future course preferences [PJ20;
KP24]. Our work adapts this approach for enrolment forecasting rather than recommendation.
Instead of ranking courses for a single student, we sum predicted enrolment probabilities across
all students to estimate course-level demand.

2.5. Gradient-Boosted Trees

Gradient-boosted decision trees have become the go-to method for tabular prediction tasks.
XGBOOST [CG16] popularised scalable tree boosting by introducing regularisation (L1/Ls),
support for sparse features, and efficient parallel training. LIGHTGBM [Ke+17] builds on these
ideas with a more aggressive leaf-wise growth strategy and histogram-based split finding, which
often leads to faster training and lower memory usage, especially on large feature sets.

We include both XGBOOST and LIGHTGBM in our comparison for two reasons. They provide
a strong non-sequential baseline for the same prediction task (flattening the 3-term sliding
window into a 462-dimensional tabular input), and their built-in feature importance measures
help identify which aspects of the student profile carry the most predictive signal.

An important methodological point. In this thesis, tree-based models are used both as
classifiers (one model per course, trained with a random split, evaluated by F1 score) and
as forecasters (aggregating predicted probabilities across students, evaluated by MAE on a
chronological split). The classification setup uses a random train/test split and treats each
course as an independent binary prediction task, which limits direct comparability with the
chronological MAE results from the LSTM models. We present both sets of results, but the
evaluation protocols are different and the metrics should not be compared across setups without
keeping this difference in mind.

12



2.6. Learning Analytics and Dropout Prediction

2.6. Learning Analytics and Dropout Prediction

A related line of work uses learning management system (LMS) data to predict student per-
formance and dropout risk. Romero and Ventura [RV20] survey the field of educational data
mining and learning analytics, covering student performance prediction, dropout detection,
and course recommendation as major application areas. Conijn et al. [Con+17] compare 17
Moodle-based blended courses and find that LMS interaction features (login frequency, re-
source access, forum participation) have limited predictive power for final grades on their own,
with explained variance ranging from 8 % to 37 % across courses. Jayaprakash et al. [Jay+14]
describe an open-source early alert system that identifies at-risk students from LMS activity
patterns.

We include this section even though L.Ms data was not used in our final experiments. Moo-
dle engagement data was among the signals we tried to incorporate from external institutions
(Section 3.1.2), but data quality issues prevented it. The hypothesis linking LMS engagement
patterns to student persistence (and therefore to future enrolment decisions) still makes for a
promising future direction. A student who stops logging in, submits work late, or misses assign-
ments is more likely to drop out or reduce their course load the following term. Adding such
features could improve the Micro model’s predictions for students whose enrolment decisions
depend more on engagement than on curricular progression alone.
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3. Methodology

This chapter describes the dataset, the feature representations, and the models we use to
forecast student enrolment. We also document the multi-university data acquisition effort that
shaped the scope of this work.

Research design. This study is a retrospective, observational, offline forecasting evaluation
with no causal claims. We train models on historical enrolment records and evaluate them on
a held-out chronological test period (2018-2021). The study design is purely predictive. We
measure whether models can forecast enrolment counts accurately, not whether any interven-
tion changes enrolment behaviour. Across all model comparisons, we control for the dataset
(same EPSEM-UPC records), the target definition (per-course enrolment counts aggregated from
student-level predictions), the evaluation horizon (one term ahead), and the test period (2018-
2021). For the forecasting models, we use a chronological split to avoid temporal leakage. For
the classification models, we use a random split (as described in Section 4.3), which means
their results are not directly comparable with the forecasting MAE values.

3.1. Dataset

3.1.1. EPSEM-UPC Enrolment Records

The primary dataset was provided by the Escola Politecnica Superior d’Enginyeria de Man-
resa (EPSEM-UPC) and contains anonymised course registration records for the Enginyeria de
Sistemes TIC degree programme. Table 3.1 summarises its main characteristics.

Property Value
Students 505
Courses 51 (49 with enrolments)
Enrolment records 11928
Academic years 2010-2021
Terms per year 2 (autumn, spring)
Total terms 23
Missing grades 155 (1.3 %)
Overall pass rate ~ 70 %

Table 3.1.: Summary of the EPSEM-UPC TIC dataset.

Each record encodes a student identifier, an academic term (year and semester), a course
code, the grade obtained on a 0-10 scale (if available), and the cumulative number of prior
attempts at the same course. Students who are still enrolled but have not yet received a
grade appear with a missing grade value. We encode these as —1 in the feature representation
(Section 3.2).
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8. Methodology

Course popularity is highly imbalanced. First-year compulsory subjects (Matematiques
Basiques, Fisica, Informatica, etc.) appear in nearly every student’s record, while advanced
electives attract fewer than 50 enrolments across the entire dataset. This imbalance directly
affects model evaluation, since per-course MAE is heavily influenced by courses with small and
highly variable enrolment counts.

Student inclusion criteria. The dataset includes all 505 students who registered for at least
one course in the Enginyeria de Sistemes TIC programme between 2010 and 2021. We define a
continuing student as any student who appears in at least two distinct academic terms. First-
year entrants who enrol in term 1 and never return (approximately 45 students with only 1
term of activity) are included in the population but cannot contribute training samples for the
LSTM models because the sliding-window mechanism requires a minimum of 4 enrolled terms
(window size 3 plus one target term). Students with fewer than 4 terms are excluded only from
LSTM training. They remain in the aggregate counts used for evaluation and in the tree-based
models that do not require temporal windows.

Representativeness and limitations. This dataset covers a single engineering programme at a
single institution. The results are internally useful for planning at EPSEM-UPC but have limited
external generalisability. The 51 course codes include all courses offered to the programme,
whether currently active or historical. Some codes may refer to renamed or reorganised versions
of the same underlying subject (see Section 3.1.4), which inflates the apparent course catalogue
size and introduces noise into per-course MAE calculations.

3.1.2. Data Acquisition and Institutional Collaboration

The original plan for this thesis, proposed in the Bachelor’s degree project [Tal23] (building on
the earlier prototype in [Tal23]), was to collect enrolment data from multiple universities and
build a hierarchical forecasting system that could operate across institutions. We contacted
several European universities and obtained data exports from two of them:

o Riga Technical University (rtu), Latvia provided Moodle platform logs and enrol-
ment records for several degree programmes.

e Vilnius Gediminas Technical University (vilnius tech), Lithuania also shared
Moodle logs and enrolment data for one of their engineering programmes.

The Moodle data from RTU contained useful indicators of student behaviour such as login
frequency, time elapsed between task publication and submission, resource access patterns, and
session durations. We hypothesised that these engagement metrics could serve as predictors of
student persistence. A student who logs in regularly and submits assignments on time is likely
more committed to continuing their studies. This signal could complement the enrolment-based
features and feed into a dropout risk component of the forecasting pipeline.

We spent a lot of time cleaning these external datasets, but three main issues prevented us
from using them for model training:

1. Platform migrations. Both institutions had undergone internal migrations in the
years preceding the data export. The exported records reflected the messy state of these
transitions. Data that should have followed a clean relational schema was instead a
patchwork of old and new formats, with fields renamed, restructured, or missing entirely.
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2. Course-code inconsistency. Course identifiers were neither unique nor stable across
academic years. The same course appeared under multiple codes, and different courses
sometimes shared codes after a migration. We spent considerable time building course-
code mappings through co-enrolment graph analysis and recurrence analysis (tracking
which codes replaced others across years). Despite these efforts, the mappings could not
be validated with sufficient confidence to use for model training.

3. Unstructured exports. The data exports contained large volumes of unrelated records,
no clear schema documentation, and duplicated entries. The IT teams at the participating
institutions were working under their own migration deadlines and could not dedicate
the time needed to produce clean, research-grade exports.

We are grateful to RTU and VILNIUS TECH for their willingness to share data and for the
time their teams invested in preparing the exports. Internal migrations are complex projects
with their own priorities, and producing well-documented data exports for external research is
extra work that is not always possible. We learned that real-world educational data is messy,
and any future multi-institution study will need to invest heavily in data harmonisation before
modelling can begin.

As an example of our attempts to salvage useful structure from the heterogeneous exports, we
built a course co-enrolment graph where nodes are courses and edges connect pairs of courses
frequently taken by the same students. We then applied community detection to extract
densely connected “programme-like” clusters. Figure 3.1 shows one such cluster (ID 10). While
visually informative, these clusters were not stable enough to serve as a ground-truth mapping
between programme structures and course identifiers. Without reliable metadata and stable
IDs across years, the graph can merge courses that are merely co-taken in common study paths
and split programmes whose codes were changed by migrations.

We therefore focused the experimental work on the EPSEM-UPC dataset, where data quality
could be verified directly through collaboration with the school’s administration.

Connection to SRQ3. The data-acquisition experience described above is our answer to
SRQ3. The main obstacles to multi-institutional modelling turned out to be about data, not
algorithms. Course codes change when platforms are migrated, there are no stable join keys
between systems, and no agreed-upon export schemas exist. We tried several preprocessing
strategies (co-enrolment graph clustering, recurrence analysis of course codes, manual inspec-
tion of syllabi), but none produced mappings reliable enough for model training. The course
co-enrolment graph (Figure 3.1) showed qualitative programme structure but could not be val-
idated as ground truth because the institutional metadata was either missing or inconsistent.
In short, cross-institutional enrolment forecasting is a data-harmonisation problem before it is
a modelling problem.

3.1.3. The Educast Data Model

To handle enrolment data from different institutions in a uniform way, we developed a stan-
dardised data format called *.educast.json. The format is defined as a Pydantic schema
(Python) with five entity types organised hierarchically:

e University: root aggregate containing departments, programmes, and students.
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Figure 3.1.: Example community extracted from a course co-enrolment graph (cluster ID 10). Nodes are
course identifiers and edges indicate frequent co-enrolment by the same students. The plot
illustrates how graph clustering can provide qualitative insight into curriculum structure,
but also why it cannot replace stable identifiers and curated metadata when harmonising
multi-university exports.

o Department / Programme: organisational units that group courses.

e Course: an offered subject with an identifier, name, acronym, and credit count.

o Student: an individual with demographic metadata (birth year, access pathway, access
grade) and an academic history.

o AttemptedCourse: a student’s attempt at a course in a given term, including grade,
semester number, scholarship status, and optionally a list of LMS clickstream events.

The following Python snippet shows the core of the schema:s:

class AttemptedCourse(BaseModel):
course: Course
year: Optionall[int]
term: Optionall[int]
grade: Optional[float]
clickstream: List[ClickstreamDatal] = []
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class Student (BaseModel):
student_id: str
history: AcademicHistory
access_grade: Optional[float]

class University(BaseModel):
name: str
departments: List[Department]
programmes: List[Programme]
students: List[Student]

This schema supports universities with different term structures (semesters, trimesters,
quadrimesters), different grading scales, and optional clickstream data. Table 3.2 shows how
the raw EPSEM CsV fields map to the schema fields, and indicates which fields are mandatory
for the forecasting pipeline.

Raw CSV Field Schema Field Required Notes

id_alumne student_id Yes Anonymised hash
codi_assig course.course_id  Yes 6-digit code
nom_assig course.name No Display only
curs_academic year Yes Academic year
quadrimestre  term Yes 1lor2

nota grade No 0-10 scale
convocatoria  semester (attempt) No Exam sitting

— clickstream No LMS data (unused)
via_acces access_pathway No Metadata
nota_acces access_grade No 0-14 scale

Table 3.2.: Field mapping from raw EPSEM CSV exports to the *.educast.json schema. “Required”
indicates whether the field is mandatory for the forecasting pipeline to function.

The raw €SV enrolment records from EPSEM are converted to this format through an ETL
pipeline (build_json.py), which also enriches the data with course acronyms and student
metadata from auxiliary files. All downstream processing (feature engineering, model training,
evaluation) reads from the *.educast. json file, so all downstream processing uses the same
data.

The schema was validated on the EPSEM-UPC dataset and partially tested against the struc-
ture of the RTU and VILNIUS TECH exports. The external datasets could be parsed into the
schema structure, but the quality issues described above (missing fields, inconsistent identi-
fiers) prevented using them for training. We also built an interactive application around this
format (Section 6.5).

3.1.4. Data-Quality Issues

Exploratory analysis of the EPSEM dataset revealed two main obstacles to reliable modelling.
We describe each issue and explain how it affects model error.

1. Course-code redundancy. The number of unique course codes offered per year shows
unexplained variance. We observe 51 distinct codes in the full catalogue, of which 49

19
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have actual enrolment records. Of these, approximately 8-10 codes appear for only 1-2
academic years before disappearing, while a new code appears in the same curricular
slot. These are suspected renames or reorganisations of the same underlying subject,
but we could not confirm this reliably. This affects model error in two ways. First,
course-code redundancy increases apparent sparsity (a course that has been taught for
10 years appears to have only 3-4 years of history under any single code). Second, it
weakens temporal continuity (the model sees a “new” course appearing with no history,
preventing it from learning enrolment patterns).

. Irregular student profiles. While some students follow the expected progression (tak-

ing courses in the prescribed semester order and passing on the first attempt), many
show irregular trajectories with failed courses, multiple retakes, semester gaps, and non-
standard course combinations. The median student is active for 8 terms (4 academic
years), but approximately 45 students (=9 %) have only 1-2 terms of activity (likely
dropouts or early transfers) and are excluded from LSTM training by the windowing re-
quirement. A small group of approximately 30 students extends beyond 12 terms (6+
academic years). The expected effect is that short-history students contribute no sequen-
tial training signal, and long-history students with many retakes may introduce noise,
since the model might treat repeated courses as a general progression pattern when they
are not.

3.2. Feature Engineering

We use three complementary feature representations, each suited to a different family of models.

3.2.1. Multi-Hot Feature Vector

For every student s and academic term T;, we construct a 154-dimensional real-valued vector.

Let C = {C1,...,C51} be the set of courses in the curriculum. The feature vector x; € R154 ig
defined as:
where:
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E; € {0, 1}51 is the enrolment sub-vector: E;j = 1 if student s was enrolled in course C},
during term 7T;, and 0 otherwise.

G; € [~1,1]?! is the grade sub-vector: Gk, = grade,; /10 if C}, was taken, and G; = —1
as a sentinel for courses not taken.

A; € {0,1,...,5}°! is the attempts sub-vector: A; i, counts the cumulative number of
prior attempts at course C}, capped at 5.

GPA; € [0,1] is the cumulative grade point average across all passed courses up to term
T;.



3.2. Feature Engineering

Justification of the —1 sentinel. We encode “course not taken” as G; ; = —1 rather than 0
because 0 is a valid (minimum) grade on the 010 scale. The sentinel must be distinguishable
from any true grade value. We chose —1 for three reasons. First, it lies outside the normalised
grade range [0, 1], making it unambiguous. Second, sigmoid and ReLU activation functions
in the downstream network can learn to treat negative inputs differently from positive ones.
Third, the alternative of masking (setting not-taken positions to zero and using a separate
binary mask channel) would double the grade sub-vector dimensionality. We did not run
a formal ablation comparing —1 against masking or against grade removal, which remains a
direction for future work. The model may interpret —1 as a numeric value during early training,
but the LSTM’s gating mechanism and the projection layer should learn to associate it with
the “not enrolled” state, particularly because the enrolment sub-vector E; already provides
explicit enrolment information.

The full student history up to term 7,,_; is represented as the sequence (x1,X2,...,Xp—1).
For the LsTM models, we extract sliding windows of three consecutive terms, producing input
tensors of shape (3,154). This window size balances temporal context against the number
of usable training samples, since students with fewer than four enrolled terms contribute no
training windows and are excluded.

3.2.2. Tabular Features

For the tree-based classifiers (decision trees, random forests, XGBOOST, LIGHTGBM), we use
the tabular encoding developed in the TFG [Tal23]. Two transformations are defined:

o Transform 1 (T1): For each student snapshot at term 7;, the feature vector contains
binary enrolment flags for every course in every prior term. This produces a wide, sparse
matrix (up to 1035 columns) that grows with the student’s history length.

o Transform 2 (T2): A more compact encoding that adds normalised grades and at-
tempt counts to the binary enrolment flags, along with metadata such as access pathway,
enrolment order, and scholarship status. This gives 159 columns.

In both cases, we train one classifier per course. The target for each model is a binary label
indicating whether the student will enrol in that particular course in the next term.

A note on comparability. The T1/T2 tabular models are classification models evaluated
with a random train/test split and assessed by precision, recall, and F1. The Micro and Macro
LSTM models are forecasting models evaluated with a chronological split and assessed by MAE
on aggregate counts. These two approaches differ in target definition (binary per-student vs.
count per-course), split strategy (random vs. temporal), and metric (F1 vs. MAE). We report
both because each answers a different question. The classification results show how well we
can predict individual enrolment decisions, while the MAE results show how well aggregate
forecasts serve resource planning. But the reader should not compare F1 scores with MAE
values directly.

3.2.3. Course Embeddings

We learn dense course representations by treating enrolment histories as sentences and applying
the Skip-gram algorithm [Mik+13b] with negative sampling [Mik+13a]. For each student, we
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construct two types of sentences. The first groups all courses taken in the same semester
(capturing co-enrolment), and the second concatenates the entire chronological course history
(capturing prerequisite relationships). We train a 16-dimensional embedding on the resulting
3042 sentences with a context window of 5.

The embedding corpus consists of 3 042 sentences derived from students in the training period
only (pre-2018). We do not include test-period enrolment sequences in the embedding training
corpus to avoid data leakage. The resulting embeddings are frozen and applied identically to
both training and test samples.

The trained embeddings encode curriculum structure. Courses from the same semester clus-
ter together in embedding space, and courses linked by prerequisite chains appear as nearest
neighbours. We use these embeddings to augment the multi-hot features with three derived
signals per time step. These are the mean embedding of enrolled courses, a grade-weighted
mean embedding, and a trajectory vector (the difference between consecutive mean embed-
dings). This produces a 574-dimensional enhanced feature vector (462 4+ 112) that we feed to
a feedforward MLP.

3.3. Models

We evaluate models from four families. These are a persistence baseline, recurrent neural
networks operating at different aggregation levels, tree-based classifiers, and a feedforward
network augmented with learned course embeddings. This range of models lets us compare
whether sequential modelling, tabular classification, or representation learning works best for
enrolment prediction. Table 3.3 provides an overview of all models, their inputs, targets, and
the research questions they address.

Model Role Input Target Loss  Split RQ
Naive Baseline Lag-2 counts Count/course ~ — Chrono  RQ
Micro LSTM Seq. micro 154-dim x 3 Binary/course BCE Chrono  SRQla
Macro LSTM Seq. macro 204-dim x 3 Count/course ~MSE Chrono  SRQ2
Decision Tree Tab. baseline T1/T2 tabular Binary/course Gini Random SRQla
Random Forest Tab. baseline T1/T2 tabular Binary/course Gini Random SRQla
XGBoost Boosted tab. T2 tabular Binary/course Log  Random SRQla
Light GBM Boosted tab. T2 or 462-dim  Binary/course Log  Both SRQla
Course2Vec MLP  Emb. enhanced 574-dim flat Binary/course BCE Chrono  SRQla
Table 3.3.: Model comparison matrix. “Chrono” = chronological split, “Random” = random 80,20
split, “Both” = evaluated under both protocols. All forecasting models produce per-course

counts by summing predicted probabilities across students.

3.3.1. Naive Baseline

We start with the simplest possible predictor to set a baseline. The Naive baseline simply
predicts the enrolment count for each course in term 7" as the observed count from the same
semester of the previous year (lag-2, since the academic calendar has two terms per year).
In effect, it assumes that the autumn 2019 enrolment for each course will be identical to the
autumn 2018 enrolment.

22



3.3. Models

We chose lag-2 over lag-1 (previous term) because university enrolment exhibits strong an-
nual periodicity. Autumn and spring semesters have different course offerings (some subjects
are only taught in one semester), so copying last term’s counts would systematically predict
zero for courses that alternate between semesters. The lag-2 predictor captures this seasonal
structure for free.

This baseline is stronger than it looks. It requires no training, no feature engineering, and
no hyperparameter tuning, yet it captures the dominant pattern in the data. Enrolment at
EPSEM is stable year over year, and most of the variance comes from slowly-changing cohort
sizes, not from sudden shifts in student preferences. Any learned model needs to beat this
persistence pattern to be useful. As we show in Chapter 5, the Naive baseline achieves an MAE
of 1.69 students per course over all 51 courses, making it a surprisingly strong benchmark. Only
the best learned models achieve small improvements, while aggregate-only models remain far
worse. For clarity, the Naive baseline must be computed on the same evaluation target as
the learned models (course counts aggregated from the same student-level windows). Using
mismatched aggregate tables inflates the reported error and leads to invalid comparisons.

3.3.2. Micro LSTM (Student-Profile Model)

The Micro model treats each student as an independent sequence. A projection layer maps
the 154-dimensional input to a 64-dimensional intermediate representation at each time step.
An LSTM encoder [HS97] with 128 hidden units reads the projected sequence and produces a
context vector from its final hidden state. Two dense layers (64 units with RELU, then 51 units
with sigmoid) map this context to per-course enrolment probabilities.

Per-course enrolment counts are obtained by summing the predicted probabilities across all
continuing students in a given term. The model is trained with binary cross-entropy loss,
treating each of the 51 courses as an independent binary classification task.

3.3.3. Macro LSTM (Aggregate Model)

The Macro model operates at the course level. The input at each time step is a vector of
aggregate statistics per course (enrolment count, mean grade, number of passes, and number
of failures), yielding a 204-dimensional input (4 x 51). An LSTM with 128 hidden units reads
a window of three consecutive terms and predicts the 51-dimensional enrolment count vector
for the next term, trained with MSE loss.

The main problem with the Macro model is that it has very little training data. Each
training sample corresponds to one academic term, where the entire cohort is collapsed into
a single 204-dimensional observation. With only 23 terms in the dataset, we obtain at most
15 training windows (after subtracting the window size and the test period). This is 88 times
fewer samples than the Micro model’s 1322 training windows. The Micro model avoids this
bottleneck because it generates one sample per student per eligible term, yielding approximately
2158 total samples (505 students x ~4 eligible windows each), of which 1322 fall into the
training period. This asymmetry is why the Macro model performs poorly, and it affects any
aggregate time-series approach when the institutional history is short.

3.3.4. Decision Trees and Random Forests

Following the approach from the TFG [Tal23], we train one decision tree and one random forest
per course. The decision tree uses a maximum depth of 4 (depth 5 was found to overfit in the

23



8. Methodology

TFG experiments). The random forest uses an automatically selected number of estimators
per course. Both are trained on the tabular T1 and T2 feature representations described in
Section 3.2.2.

3.3.5. XGBoost

We train one XGBOOST classifier [CG16] per course using the T2 features. XGBOOST adds L,
and Lo regularisation to the boosted tree framework and handles class imbalance through its
scale_pos_weight parameter, which we set to the negative-to-positive ratio for each course.
We use 200 boosting rounds, a maximum tree depth of 4, and a learning rate of 0.1.

3.3.6. LightGBM

LIGHTGBM [Ke+17] uses leaf-wise tree growth and histogram-based split finding, which tends
to converge faster than the level-wise strategy of classical gradient boosting. We train one
LIGHTGBM classifier per course on two different feature representations:

o On the tabular T2 features (159 columns), for direct comparison with the other tree-based
classifiers.

e On the flattened multi-hot windows (3 x 154 = 462 columns), for direct comparison with
the Micro LSTM. In this setting, the model receives the same input as the LSTM but
without sequential processing, and we aggregate predicted probabilities across students
to obtain course-level counts.

3.3.7. Course2Vec MLP

The Course2Vec MLP combines the flattened multi-hot features (462 dimensions) with the
embedding-derived features described in Section 3.2.3 (112 dimensions), for a total of 574
input features. The network has two hidden layers (128 and 64 units) with RELU activations,
dropout (0.3 and 0.2), and a 51-unit sigmoid output. It is trained with binary cross-entropy
loss for 100 epochs.

3.4. Hierarchical Reconciliation

The Micro and Macro models produce forecasts at different levels of the student—course hi-
erarchy. In a fully coherent hierarchical forecasting framework [Hyn+11; WAH19], base-level
forecasts (individual students) would be aggregated bottom-up and reconciled with top-level
forecasts (course totals) to ensure additivity.

Figure 3.2 illustrates the hierarchical structure and shows which levels are addressed by each
model in this thesis.

The general reconciliation problem, as formalised by Wickramasuriya et al. [WAH19], seeks
a matrix P such that the reconciled forecasts y = SPy are coherent (they sum correctly across
levels) and optimal (they minimise the trace of the forecast error covariance). Here S is the
summing matrix that encodes the hierarchical structure and ¥ is the vector of base forecasts at
all levels. The MinT estimator uses the sample covariance of base forecast errors to compute
P.

Figure 3.3 illustrates the reconciliation idea for our two-level case.
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Institution Future work

Programme Future work

A

[Course A] [ Course B ] Macro LSTM
[Student 1] [Student 3] [Student 4] Micro LSTM

Figure 3.2.: Hierarchical forecasting structure. Bottom-up aggregation sums student-level forecasts to
course level, then to programme and institution. This thesis addresses the student (Micro)
and course (Macro) levels. Programme and institution levels remain for future work.
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Figure 3.3.: MinT reconciliation concept. Base forecasts from the Micro and Macro models are combined
through a projection matrix P that ensures coherent, variance-minimising forecasts. The
sample size imbalance (1322 vs 15) limits the quality of the Macro input, which in turn
limits reconciliation gains.

In our simplified two-level setting (student level and course level), reconciliation reduces to a
weighted combination of two forecasts for each course k, where the Micro forecast i (summed
student-level probabilities) and the Macro forecast ;" (direct course-level prediction). We test
five strategies, defined formally below:

1. Simple average:

~ 1 ~Ami AT,
e = 5 (0" + 96°)- (32)
2. Globally optimised weighted combination:
Jr=a-9+(1—a) 9P, o =arg min Y |ye — G- (3-3)
a€(0,1] A

This o* is optimised on the test set (oracle bound, not achievable in practice without a
separate validation period).

3. Per-course optimal weights:

gk = ak - g+ (1= ag) - g3, a,’;:argam‘
k

— il 3.4
e[&l]lyk Tk (3.4)

Each course independently selects its best blend weight.
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8. Methodology

4. MinT-style proportional reconciliation: Let D = 3", 91** — 3>, 9™ be the total dis-
crepancy between the Macro total and the Micro total. We redistribute D proportionally
to each course’s share of the Micro forecast:

~mi

Yi

gk:ymi—i_D' ~mi
g 225 U

(3.5)

5. Micro—Naive blend: Replace the unreliable Macro model with the Naive baseline:

~naive
)

r=a g+ (1—a)- g o optimised as in strategy 2. (3.6)

We include these experiments even though the Macro model is weak, because the reconcilia-
tion framework is sound and would become useful once the aggregate model has more training
data. The expected failure mode is that MinT-style reconciliation (strategy 4) will degrade
performance when the Macro forecasts are much less accurate than the Micro forecasts, be-
cause it redistributes the large Macro—Micro discrepancy across all courses, effectively injecting
Macro noise into the Micro predictions. We test this hypothesis explicitly.

3.5. Evaluation Protocol

We report Mean Absolute Error (MAE) as the primary forecasting metric, consistent with prior
work [KP24; WK18]. The data split and sample counts are detailed in Section 4.3.

IC]

> |k — el (3.7)

k=1

1

MAE =
C]

where ny, is the actual enrolment and 7. the predicted enrolment for course Cj. We report
MAE both over all 51 courses and over a filtered subset that excludes 5 first-year compulsory
courses (whose enrolment is trivially determined by cohort size) and 19 optional courses (whose
enrolment is too sparse and irregular for meaningful evaluation). The filtered set of approxi-
mately 27 mid-career and advanced courses is most relevant for academic resource planning.

For the classification models, we report per-course recall, precision, and F1-score, averaged
across all courses with at least one positive test sample.
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4. Experimental Setup

4.1. Preprocessing Pipeline

We load the raw enrolment records from a structured JSON file that contains one entry per
student with their full academic history. Each student’s history is a list of course attempts,
where each attempt includes a course identifier, the academic year and term, the grade obtained
(if any), and the attempt number.

We normalise grades to the [0, 1] range by dividing by 10. We assign the 155 records with
missing grades (1.3 % of the total) the sentinel value —1 in the grade sub-vector, which the
model can distinguish from a true zero grade. We do not fill in missing values since the missing
fraction is very small. We cap attempt counts at 5 so that extreme values do not distort the
features. In practice, fewer than 1% of enrolment records involve more than five attempts at
the same course.

For the Macro LSTM, we aggregate student-level records into per-term vectors of 51 course
counts, plus per-course mean grades, pass counts, and failure counts (204 dimensions total).
We apply RobustScaler normalisation to reduce the influence of outlier terms.

4.2. Hyperparameter Settings
Table 4.1 lists the hyperparameters for each model. We chose these values based on the

ablation study (Section 5.3) and practical constraints. The small dataset size favours low-
capacity architectures with moderate regularisation.

Hyperparameter Micro LSTM Macro LSTM

Hidden units 128 128
LSTM layers 1 1
Dropout 0.2 0.3
Learning rate 0.001 0.001
Batch size 64 4
Epochs 100 100
Window size 3 3
Optimiser Adam Adam
Loss function BCE MSE

Table 4.1.: Hyperparameter settings for the LSTM models.

For the tree-based classifiers, we use a maximum tree depth of 4 (decision trees and XG-
BOOST), 200 boosting rounds (XGBOOST and LIGHTGBM), and a learning rate of 0.1 for the
boosted models. All models use a random seed of 42 for reproducibility.
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4. BExperimental Setup

4.3. Train / Test Split

We split the data chronologically at year 2018, following standard practice for temporal fore-
casting [HA21]. Table 4.2 summarises the split.

Set Samples (Micro) Windows (Macro) Years

Train 1322 15 2010-2017
Test 836 7 2018-2021

Table 4.2.: Chronological train/test split. Micro samples are student-level sliding windows, Macro win-
dows are term-level sequences.

The Micro model has access to 88 times more training samples than the Macro model
because the two approaches generate data differently. Student-level modelling produces one
sample per student per eligible term, while aggregate modelling produces only one sample per
term regardless of cohort size.

For the tree-based classifiers, which use the tabular representation and do not require a
temporal split, we use a random 80/20 train/test split (1658 train, 415 test samples from the
T2 encoding).

4.4. Exploratory Data Analysis

For each pattern we find in the data, we explain what it means for the models we train.

Figure 4.1 shows enrolment counts per course. The distribution is very uneven, with five
first-year compulsory courses accounting for the majority of records while advanced electives
have fewer than 50 enrolments each. This imbalance creates two problems for modelling. First,
per-course classifiers for sparse electives have very few positive training examples, making them
prone to low recall. Second, the aggregate MAE is dominated by the few high-enrolment courses.
We therefore exclude first-year and optional courses from the primary evaluation and focus on
courses where accurate forecasting matters most for resource planning.

Figure 4.2 shows two related views of the data. The grade distribution (Figure 4.2a) has a
bimodal shape with a cluster of failures near 3—4 and a cluster of passes near 6-8. This confirms
that grades are a useful feature for telling apart students who are progressing from those
who are struggling. A student with a grade of 3 in a prerequisite has a different probability
of enrolling in the next course than one with a grade of 8. The temporal enrolment plot
(Figure 4.2b) shows that enrolment is stable at 500-800 records per term, with strong year-
over-year autocorrelation (r ~ 0.9 at lag-2). Because cohort sizes are so stable, the Naive
baseline (which copies last year’s same-semester counts) is hard to beat. The improvements
we observe (Section 5) are small in absolute numbers, but they are still useful for planning.

Figure 4.3 shows the year-over-year cohort size drift, plotting both the number of new
entrants per year and the total active students per term. The low coefficient of variation
(~12 %) confirms that cohort sizes are stable, which is consistent with the strong Naive baseline
we see in the results.

Figure 4.4 shows the distribution of student tenure (number of active terms per student).
Approximately 45 students (9 %) have only 1-2 terms of activity and are excluded from LSTM
training by the windowing requirement. This reduces the number of students we can train
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Figure 4.1.: Enrolment records per course (top 30). First-year compulsory courses dominate, creating

severe class imbalance for per-course classification models.

on. The long tail of students with 12+ terms (extended degree paths with retakes) are where
sequential modelling should help the most, because the Naive baseline cannot account for

individual progression patterns.
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Figure 4.2.: Grade distribution and temporal enrolment patterns. The bimodal grades (a) justify in-
cluding grade features in the model. The stable enrolment over time (b) explains why the

seasonal Naive baseline is strong.
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Figure 4.3.: New entrants per year and active students per term. The low variation across years rein-
forces why the Naive baseline captures most of the variance.
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5. Results

5.1. Forecasting Results

Table 5.1 summarises the MAE of all forecasting models on the chronological test set (2018—
2021). The MAE is computed over all 51 courses.

Model MAE
Per-course reconciliation? 1.43
LightGBM (student-level)  1.68
Micro LSTM 1.73
Course2Vec MLP 1.78
Naive baseline (lag-2) 1.69
Macro LSTM 5.57

Table 5.1.: Mean Absolute Error (students per course) on the 2018-2021 test set, computed over all 51
courses. Lower is better. "Weights optimised on the test set (oracle bound).

Figure 5.1 presents the same comparison visually. The seasonal Naive baseline is already very
strong, so improvements are necessarily small at this data scale. The Macro LSTM performs
worse due to overfitting on only 15 training windows.

Uncertainty context. The test set contains only 7 terms (3.5 academic years). With so few
evaluation points, differences of 0.04-0.05 in MAE (e.g., 1.69 vs. 1.73, or 2.06 vs. 2.07) should be
interpreted with caution. We do not report confidence intervals because a single chronological
test set does not permit bootstrap resampling without violating temporal ordering. However,
the small differences between Naive (1.69), Light GBM (1.68), and Micro LSTM (1.73) are likely
within the noise range of this evaluation, and we cannot claim statistical significance for the
ordering among these three models. In practice, all three approaches produce forecasts accurate
to within a2 students per course. This is useful for planning, but it does not clearly favour
one model family over another at this data scale. The large gap between these models and the
Macro LsTM (5.57) is clearly meaningful, though.

The Micro LSTM achieves an MAE of 1.73 students per course, close to the seasonal Naive
baseline (1.69). The Course2Vec MLP performs comparably at 1.78, which shows that the
learned course embeddings give the MLP some of the temporal information it cannot learn on
its own. LIGHTGBM on the same flattened student features achieves 1.68, slightly better than
the LSTM. So gradient boosting extracts at least as much signal from the flattened features as
the LSTM does from sequential windows.

For a fairer comparison, we also evaluate models on a core-course subset that ex-
cludes first-year compulsory courses (330212, 330213, 330214, 330215, 330216) and
optional courses (330054, 330058, 330060, 330063, 330066, 330082, 330097, 330099,
330101, 330102, 330119, 330120, 330244, 330245, 330246, 330247, 330248,
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Figure 5.1.: Global MAE comparison across all forecasting models.

330249, 330094). These courses have very regular seasonal patterns and can dominate
the aggregate error. The seasonal Naive baseline has a structural advantage on them because
it directly copies last year’s counts. On this subset, the Micro model achieves an MAE of
2.06, essentially matching the Naive baseline (2.07), while the Macro model remains far worse
(5.73).

The best overall result comes from the per-course reconciliation method (1.43), which com-
bines Micro and Macro predictions with individually optimised weights per course. But there
is a catch. The per-course weights are optimised on the test set itself, making this an ora-
cle bound rather than a method we could use in practice. With 51 courses and only 7 test
terms, the per-course weight search has enough degrees of freedom to overfit the evaluation
period. These weights are exploratory evidence that course-specific blending has potential, not
as a validated forecasting strategy. Deploying per-course weights in practice would require a
separate holdout period for weight selection, which our short test set does not permit.

The Macro LSTM (5.57) performs much worse than the seasonal Naive baseline (1.69). This
shows that aggregate time-series models cannot work at this data scale. With 15 training
windows for a 204-dimensional input, the model memorises the training set and fails on test
data. The training curves show that validation loss starts increasing after epoch 5 while
training loss keeps falling. This is a clear sign of overfitting.

The Micro LSTM training curves (Figure 5.2) show a different behaviour. Train and validation
loss track closely through 100 epochs, with a small gap that shows the model generalises well
enough. The final training loss (0.061) and validation loss (0.078) are close, and validation loss
is still decreasing slowly at epoch 100. Training could run longer, though the returns would be
marginal.

The forecast heatmap (Figure 5.3) provides a course-by-course view of the Micro model’s
predictions against actual enrolment counts across the seven test terms. The model reproduces
the enrolment pattern well for mid-career compulsory courses (the bright bands in the middle
of the heatmap), where student progression is predictable. It struggles more with optional
subjects and advanced electives, where enrolment is volatile and driven by factors the model
does not observe (timetable preferences, instructor reputation).
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Figure 5.2.: Micro LSTM training history. Train and validation BCE loss converge without significant
overfitting.

5.2. Classification Results

Table 5.2 summarises the per-subject classification results for the tree-based models trained
on the T2 tabular features with a random 80/20 split.

Model Avg Recall Avg Precision Avg F1
Decision Tree 0.650 0.670 0.653
XGBoost 0.615 0.589 0.597
Light GBM 0.610 0.588 0.595
Random Forest 0.509 0.653 0.549

Table 5.2.: Average classification metrics across all courses with positive test samples (T2 features,
random split).

Decision trees at depth 4 achieve the highest average F1 (0.653), consistent with the TFG
finding [Tal23]. XGBOOST and LIGHTGBM perform similarly but do not improve over the
simpler model, likely because the dataset is too small for the additional boosting capacity to
help. Random forests lag behind, possibly due to overfitting when the automatically selected
estimator count is too high for the per-subject training sets.

5.3. Ablation Study

We run an ablation of the Micro LSTM, varying one hyperparameter at a time while holding
all others at their baseline values (hidden size 128, 1 layer, dropout 0.2, window 3). Figure 5.5
and Table 5.3 summarise the results.
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Figure 5.3.: Micro LSTM forecast heatmap. Paired columns show actual (A) and predicted (P) enrolment
per test term. Courses sorted by total activity (top 25 shown).

The model is not very sensitive to hyperparameter choices within reasonable ranges. A single
LSTM layer performs best. Adding depth leads to overfitting without improving generalisation.
Hidden sizes of 64-256 all produce similar results, with slight degradation at 512. Window sizes
of 3-5 perform identically, while a window of 1 (no temporal context) is measurably worse.

The architecture comparison stands out. A GRU [Cho+14] achieves the lowest MAE (1.64),
outperforming the LSTM baseline. The GRU has fewer parameters (no separate cell state) and
may generalise better on this small dataset. The bidirectional LSTM performs worst (2.01),
probably because processing a 3-step sequence in both directions adds parameters without
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Figure 5.5.: Micro LsTM ablation study. The dashed line marks the baseline configuration (MAE = 1.73).

meaningful benefit.
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Category Configuration MAE

Hidden size 32 1.96
64 1.69
128 (baseline) 1.73
256 1.70
512 1.82
Layers 1 (baseline) 1.73
2 1.76
3 2.06
Dropout 0.0 1.70
0.1 1.79
0.2 (baseline) 1.73
0.3 1.77
0.5 1.78
Window 1 1.96
2 1.75
3 (baseline) 1.73
4 1.73
5 1.73

Architecture LSTM (baseline)  1.73
GRU [Cho+14]  1.64
BiLSTM 2.01

Table 5.3.: Micro model ablation results. Each row varies one parameter from the baseline configuration.

5.4. Course Embedding Analysis

The Course2Vec approach is based on the same idea as Word2Vec [Mik+13b]. If two words
(or courses) consistently appear in similar contexts, they should have similar vector represen-
tations. We treat each student’s per-semester course list as a “sentence” and each course as
a “word.” The Skip-gram algorithm learns to predict which courses co-occur within a context
window, and the resulting 16-dimensional embeddings encode these co-occurrence patterns.

Pardos and Nam [PN20] formalised this idea as Course2Vec and showed that the learned
embedding space reflects curriculum structure at the University of California, Berkeley. We
apply the same approach to the EPSEM dataset, where the smaller vocabulary (49 courses vs.
thousands at Berkeley) makes the embeddings easier to inspect but also limits the richness of
the learned representations.

Figure 5.6 shows the t-SNE projection of the learned embeddings, coloured by canonical
semester. Courses from the same curricular year cluster together (Q1 subjects in red, Q3 in
green, etc.), confirming that the model has learned the temporal structure of the curriculum
from co-enrolment patterns alone. Cross-semester relationships are also visible. Optional
courses (teal) and late-curriculum electives form a cluster, because they tend to be taken by
the same group of students near graduation.

The cosine similarity matrix (Figure 5.7) puts numbers on these relationships. High-
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Figure 5.6.: t-SNE projection of Course2Vec embeddings. Colour indicates canonical semester (Q1-Q7,
TFG, Optional). Courses from the same curricular year cluster together.

similarity blocks along the diagonal correspond to same-semester course groups. Off-diagonal
similarities show prerequisite relationships. For instance, Matematiques Avangades (Q3) and
Dispositius Programables (Q3) show high similarity (0.88), as do Senyals i Sistemes (Q4) and
Programacié de Baix Nivell (Q4) at 0.87.

The embedding-enhanced MLP achieves an MAE of 1.78, improving over a baseline MLP
without embeddings (1.94). The improvement is consistent and comes from the same enrolment
data without needing any additional information. A feedforward network with embedding
features gets close to the Micro LSTM’s performance (1.73). This means the embeddings already
capture some of the temporal progression that the MLP cannot learn by itself.

5.5. Decision Tree Interpretability

One advantage of the tree-based classifiers is interpretability. The decision rules learned by
the depth-4 trees show which factors matter most when a student decides whether to enrol in
a course.

Figure 5.8 shows the decision tree for Senyals i Sistemes (SS), a Q4 course. The root
split is on whether the student is currently enrolled in a Q3 prerequisite course (Dispositius
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Figure 5.7.: Cosine similarity matrix of Course2Vec embeddings. Blocks of high similarity correspond
to courses from the same semester.

Programables). Students who have taken DP are far more likely to continue into SS. Deeper
branches refine this based on grades in earlier courses and the number of prior enrolment terms.

Figure 5.9 shows the tree for Dispositius Programables (DP), a Q3 course. The dominant
feature is enrolment in Q2 courses (Sistemes Digitals, Tecnologia de Programacié), confirming
that students progress through the curriculum in the expected order. These trees are useful
for academic advisors because they show which prior courses and grades best predict what a
student will enrol in next.
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Figure 5.8.: Decision tree for Senyals i Sistemes (SS), depth 4. Leaf colours indicate the predicted class
(green = will enrol, orange = will not). Percentages show the class proportion at each node.

Figure 5.9.: Decision tree for Dispositius Programables (DP), depth 4.

5.6. Grand Comparison

Table 5.4 places all models on the same page, combining the forecasting MAE (chronological
split, aggregate counts) with the classification F1 (random split, per-subject binary predic-
tion). The two metrics are computed under different evaluation protocols and are not directly
comparable, but presenting them together clarifies what each model family can and cannot do.

Figure 5.10 shows the raw enrolment data that all models operate on (student counts per
course across all 23 terms). The block structure is clear. First-year courses form a dense band
at the top (brightest colours, indicating counts of 40-80 students per term), while optional and
advanced courses appear sparsely in the lower rows (dark or absent, typically 0-15 students).
This confirms that courses have very uneven popularity and that enrolment is stable from year
to year, which is why the Naive baseline works so well.
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Model Approach MAE Avg F1 Features
Per-course recon. Forecasting 1.43 —  154-dim windows
LightGBM (student-level) Forecasting 1.68 —  462-dim flat
Micro LSTM Forecasting 1.73 — 154-dim windows
Course2Vec MLP Forecasting 1.78 —  574-dim enhanced
Naive (lag-2) Forecasting 1.69 — Lag lookup
Macro LSTM Forecasting 5.57 — 204-dim aggregate
Decision Tree (T2) Classification — 0.653 159 cols tabular
XGBoost (T2) Classification — 0.597 159 cols tabular
LightGBM (T2) Classification — 0.595 159 cols tabular
Random Forest (T2) Classification — 0.549 159 cols tabular

Table 5.4.: Grand comparison of all models. Lower MAE is better (chronological split). Higher F1 is
better (random split). Dashes indicate the metric is not applicable for that evaluation setup.

5.7. Reconciliation Results

Table 5.5 compares the five reconciliation strategies described in Section 3.4, along with stan-
dalone baselines for reference.

Method MAE
Per-course weights 1.43
Micro 4+ Naive blend 1.65
Micro standalone 1.73
Weighted (a = 1.0) 1.73
MinT reconciliation 2.80
Simple average 3.93
Naive baseline 1.69
Macro standalone 6.63

Table 5.5.: Reconciliation methods comparison (evaluated on the reconciliation test windows). The
optimal global weight o = 1.0 assigns all weight to the Micro model. The Macro standalone
MAE differs from Table 5.1 because the evaluation windows differ between the two setups.

The optimal global weight is & = 1.0, meaning pure Micro predictions without any Macro
contribution. So the Macro LSTM just adds noise at this data scale rather than providing useful
information. The per-course weighting achieves the best MAE (1.43), but 26 of the 51 courses
optimise to @ = 1.0 (pure Micro), and the improvement over Micro standalone is likely an
artefact of optimising weights on the test set.

The MinT-style reconciliation (2.80) performs worse than Micro standalone. It redistributes
the large Macro—Micro total discrepancy (/114 students per term) across all courses, which
adds noise to the Micro predictions. This happens because the Macro model is so inaccurate.
The MinT estimator [WAH19] assumes that all base forecasters contribute useful information,
and the optimal projection matrix P distributes weight according to the inverse of each fore-
caster’s error covariance. When one forecaster (Macro) has errors several times larger than the
other (Micro), reconciliation ends up corrupting the Micro forecasts by mixing in Macro noise.
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5.7. Reconciliation Results

This does not mean reconciliation is a bad idea. As Athanasopoulos et al. [Ath+24] show,
reconciliation consistently improves accuracy when all base forecasters are at least moderately
competent. Our experiment shows what happens when that condition is not met. When the
aggregate-level model overfits severely (15 training windows), no reconciliation method can
rescue the situation. The framework can be used once the Macro model has access to longer
institutional histories or pooled cross-programme data.
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5.7. Reconciliation Results

T T
Per-course weights T 1.43
Micro + Naive blend | ] 1.65
Micro standalone | ] 1.73
Weighted alpha=1.0 - 11.73
MinT reconciliation — ] 2.8
Simple average | ] 3.93
Naive baseline | ] 1.69
Macro standalone ] 6.63
! ! ! ! ! ! !
0 1 2 3 4 ) 6 7
MAE

Figure 5.11.: MAE comparison of reconciliation methods.
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6. Discussion

6.1. Comparison with State of the Art

Table 6.1 places our results alongside the closest comparable study. The comparison requires
caution because the datasets, targets, metrics, and institutional contexts are quite different.

Study Dataset Model family =~ Metric Main finding
Khan & Polyzou FIU, 3324 students, Recommender MAE Rec. methods
[KP24] 334 courses, 7 years repurposing (course) beat baselines
This thesis EPSEM, 505 students, Student-level MAE Micro matches

51 courses, 11 years LSTM/GRU  (course) strong Naive

Table 6.1.: Comparison with the closest related study. Absolute MAE values are not directly comparable
across institutions because they depend on cohort size and course granularity.

Khan and Polyzou [KP24] report that recommendation-derived enrolment estimates out-
perform direct prediction methods in their experiments on a Florida International University
dataset with 3324 students, 334 courses, and seven years of data. Our Micro LSTM operates
on a dataset that is roughly six times smaller in student count and six times smaller in course
count. Despite this, our student-level models perform close to a strong seasonal Naive baseline
(MAE 1.69 over all courses), and on the core-course subset the Micro model slightly outperforms
Naive (2.06 vs 2.07). The absolute MAE values are not directly comparable across institutions
because they depend on cohort size and course granularity, but the general trend is the same.
Student-level models that use individual academic histories do better than aggregate methods.

The tree-based classification results (decision tree F1 = 0.653) are also consistent with the
TFG [Tal23], where depth-4 decision trees were the best per-subject classifiers. XGBOOST and
LIGHTGBM do not improve over a simple decision tree at this scale, which suggests that the
problem is the amount of data, not the model’s capacity.

6.2. Why the Improvement is Modest

Three factors limit the margin by which any model can improve over the Naive baseline on
this dataset:

1. Strong autocorrelation. Enrolment at EPSEM is stable year over year (Figure 4.2b).
The temporal enrolment plot shows a coefficient of variation of approximately 12 % across
terms. The Naive baseline (copy same semester from last year) captures this persistence
for free, leaving only the residual variation for learned models to explain. For planning
purposes, the practical question is whether a difference of ~0.04 MAE (1.69 vs. 1.73)
justifies the complexity of training a neural network. We argue that it does not at this
scale, but that the approach becomes valuable as cohort variability increases.
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6. Discussion

2. Course-code redundancy. When the same course appears under different codes in
different years, the model cannot reliably learn its enrolment trajectory. We identified
approximately 8-10 suspected redundant codes (Section 3.1.4) that are active for only
1-2 years each. This noise floor affects all models equally and inflates the reported MAE
for affected courses.

3. Small cohort. With 505 students and 1322 training samples, there is limited diversity
in student trajectories. The LSTM cannot learn patterns it has not seen, and the ablation
study (Table 5.3) confirms that increasing model capacity beyond a single layer of 128
units leads to overfitting rather than improvement. The hidden-size sweep (32 to 512)
shows a U-shaped curve with optimal performance at 64-256 units.

The Naive baseline works “out of the box” and will never improve beyond copying last year’s
counts. But the learned models have room to grow. With a larger student population or a
longer observation window, the LSTM would see more diverse trajectories and could do better.
The current near-tie between Naive and Micro comes from the limited data, not from the two
approaches being equally good.

6.3. Micro vs Macro and the Data Regime

The clearest result is the gap between the Micro and Macro models. The Micro LSTM achieves
an MAE of 1.73, while the Macro LSTM achieves 5.57, worse than the Naive baseline. This is
fully explained by the difference in training data. The Micro model trains on 1 322 student-level
samples, while the Macro model trains on 15 term-level windows. No architecture change, input
reduction, or regularisation strategy made the Macro model competitive (the best variant, with
enrollment-only input and early stopping, still achieved MAE ~ 4.8).

This result applies more broadly. For small institutions with short histories, student-level
modelling works better because it creates many more training examples from the same historical
period. The Micro model generates ~ 1,322 training windows from 8 years of data (505 students
x =4 eligible windows each, filtered by the chronological split). The Macro model generates
only 15 windows from the same 8 years. This 88:1 sample ratio is inherent to the aggregation
level, not a design choice. Any aggregate time-series approach on a single-programme dataset
will face the same problem. The only way around it is having a much longer institutional
history, or pooling data across multiple programmes or universities.

6.4. Lessons from Data Acquisition

The multi-university data collection effort described in Section 3.1.2 took a large part of the
project time. Table 6.2 summarises what happened with each data source.

The three obstacles we encountered (platform migrations, course-code inconsistency, and
unstructured exports) are not specific to the institutions involved. They show that European
universities have no shared standards for educational data formats.

Based on this experience, we recommend that any multi-institution enrolment forecasting
study should begin with a data harmonisation phase that includes explicit course-code mapping
protocols, agreed-upon export schemas, and validation procedures. The recent survey by
Romero and Ventura [RV20] on educational data mining notes similar challenges in other
contexts.

48



6.5. The Educast Application

Source Data obtained Status Reason

EPSEM-UPC Enrolment records Used Clean, verified
RTU (Latvia) Moodle logs + enrolment  Not usable Platform migration
Vilnius Tech Moodle logs + enrolment Not usable  Course-code chaos
RTU Moodle  Clickstream (logins, tasks) Not usable No stable join keys

Table 6.2.: Summary of the multi-university data acquisition effort. Each row shows a data source,
what it contained, and whether it could be used.

The Moodle engagement data we explored but could not use remains a promising direction.
Conijn et al. [Con+17] and Jayaprakash et al. [Jay+14] have shown that LMS clickstream
data carries strong signal for predicting student performance and persistence. Integrating
such features into the student profile model could improve forecasting accuracy for students
whose enrolment choices depend more on how engaged they are than on following the standard
curriculum path.

6.5. The Educast Application

One practical outcome of this thesis is Educast, an application built with Electron that shows
how the *.educast. json format (Section 3.1.3) can be used in practice. The application can
run as a desktop app or on the web. It allows users to load an Educast-formatted dataset,
visualise course enrolments over time, select and train different forecasting models, and inspect
per-course prediction metrics. Figures 6.1 through 6.4 show the main screens.

The idea is simple. Once a university converts its enrolment records into the Educast
format, the entire forecasting workflow (data exploration, model training, evaluation) becomes
available out of the box. We did not formally evaluate this application in our experiments, but
it demonstrates that the data pipeline and models developed in this thesis can be packaged
into a usable tool. The source code is included in the project repository.

Figure 6.1.: Educast main menu. The user loads a *.educast. json file to begin exploring enrolment
data.
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Programacié de Baix Nivell — Programacié de Baix Nivell

310 13.48

Figure 6.2.: Educast course enrolments view. Enrolment counts per course over academic years.

Models
educast

random_forest_t1 i« random_forest_t2 L xgboost_t2

pry—

Figure 6.3.: Educast model selection. Available forecasting models that can be trained on the loaded
dataset.

6.6. Limitations

We organise limitations into four categories (construct validity, internal validity, external va-
lidity, and statistical conclusion validity).

6.6.1. Construct Validity

1. mae treats over- and under-prediction symmetrically. In real planning, underes-
timating a compulsory lab course (leading to overcrowding) may be more harmful than
overestimating a small elective (leading to a slightly empty room). Our metric does not
distinguish these cases. An asymmetric loss function weighted by course importance
would better reflect planning utility.

2. Absence of timetable and capacity constraints. The model predicts demand from
academic history but cannot capture timetable clashes, room capacity, lab-slot availabil-
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1731 0.988 2,031 0533 0.476 0.497
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Figure 6.4.: Educast model metrics. Per-course prediction metrics for a trained model.

ity, instructor assignment, or enrolment caps. A student may be predicted to enrol in a
course that is physically full or that conflicts with another course they need.

3. No explicit prerequisite or academic-rule constraints. The feature vector does not
encode prerequisite chains, maximum credit load, failed-course restrictions, or progression
rules. The model must learn these constraints implicitly from observed patterns rather
than being informed by the institution’s regulation.

4. Probability calibration not assessed. The Micro model sums per-course sigmoid
probabilities across students to obtain counts. If these probabilities are poorly calibrated
(e.g., systematically overconfident), the summed counts will be biased even when per-
student classification is acceptable. We do not report calibration curves or Brier scores,
and flag this as future work.

6.6.2. Internal Validity

5. Independence assumption across courses. The Micro LSTM outputs 51 sigmoid
probabilities treating each course as an independent binary decision. In practice, course
choices are interdependent: workload limits, timetable clashes, and prerequisites create
correlations that the model ignores. This means predicted course counts may be mutually
inconsistent (a student predicted to enrol in 8 courses when the maximum is 6).

6. Potential leakage through preprocessing. We confirm that Course2Vec embeddings
were trained on training-period data only (Section 3.2.3). However, the RobustScaler
normalisation for the Macro model and the course vocabulary construction use the full
dataset. The vocabulary leakage is unavoidable (course codes must be known to construct
feature vectors), but the scaler could in principle be fitted on training data only. We do
not think this changes the results much given the small number of Macro samples, but
we mention it to be thorough.

7. Course-code instability. Without a reliable mapping from course codes to canonical
subject identifiers, cross-year comparisons are unreliable. The model treats renamed
courses as new entities with no history.
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6.6.3. External Validity

8.

Single institution and programme. All experiments use data from one engineering
programme at one university. We cannot claim that the results generalise to other insti-
tutional settings (larger universities, different countries, non-engineering fields) without
replication.

. Small cohort. The EPSEM-UPC dataset contains 505 students, far fewer than the

datasets used in related work [KP24; PJ20]. With fewer trajectories, the models cannot
learn the full diversity of student progression patterns.

6.6.4. Statistical Conclusion Validity

10.

11.

12.

13.

14.

15.

52

Small test set and no uncertainty intervals. The chronological test set contains
only 7 terms. Results on so few evaluation points carry high variance. We do not
report confidence intervals, bootstrap intervals, or repeated-seed mean + std because
the chronological structure prevents standard resampling. Point estimates alone are
insufficient to distinguish models whose MAE values differ by less than 0.1.

Hyperparameter and model-selection bias. With a small test set, evaluating many
architectures, hyperparameters, and feature variants can accidentally overfit conclusions
to the evaluation period. We mitigate this partially through the ablation design (varying
one factor at a time), but the best configuration may not remain best on a different test
period.

No residual or error analysis. We do not systematically analyse which courses, terms,
or student profiles produce the largest errors. It is unclear whether errors concentrate in
first-year courses, sparse electives, curriculum-transition years, or irregular trajectories.
This kind of analysis would show where the model fails and what to improve next.

Per-course reconciliation weights are oracle-bound. The per-course weights
(MAE 1.43) are optimised on the test set and cannot be deployed without a separate
future holdout for weight selection.

Methodological gap between evaluation setups. The forecasting models use a
chronological split while the classification models use a random split, making their met-
rics (MAE vs F1) not directly comparable. To compare them fairly, we would need the
classification models to also use a chronological split.

Short aggregate time horizon. With 23 terms (11 academic years), aggregate time-
series models have very few observations to learn from. This severely limits the Macro
LSTM and any classical time-series approach, and prevents reliable covariance estimation
for MinT reconciliation.



7. Conclusions and Future Work

7.1. Conclusions

This thesis investigated when hierarchical enrolment forecasting works and when it does not,
in a small institutional setting. The main finding is that individual student trajectories help,
but only modestly with the data we have. A strong seasonal baseline remains very competitive
when cohort sizes are stable, Macro forecasting does not work with only 15 aggregate training
windows, and reconciliation makes things worse when the aggregate forecasts are poor. Rather
than claiming that one approach is universally better, the contribution of this work is mapping
out the conditions under which each method is useful.

We designed a 154-dimensional multi-hot feature representation capturing enrolment, grades,
attempt counts, and cumulative GPA for each student per term. We compared a broad range
of modelling approaches (a Naive persistence baseline, Micro and Macro LSTM networks, deci-
sion trees, random forests, XGBOOST, LIGHTGBM, and a Course2Vec-enhanced MLP). We also
tested five hierarchical reconciliation strategies and ran an ablation study on the Micro LSTM
architecture.

Answering the research questions from Section 1.2:

RQ Student-level sequential models are a viable approach to per-course enrolment forecasting
even with limited data. They match or slightly exceed a strong seasonal baseline on core
courses, while aggregate models fail at this data scale. The main limiting factor is data
quality (course-code instability), not model architecture.

SRQ1A Among architectures, the GRU achieves the lowest MAE (1.64 over all courses), outper-
forming the LSTM baseline (1.73) and the bidirectional LSTM (2.01). Gradient-boosted
trees on the same flattened features perform comparably (LightGBM at 1.68), which
means sequential processing provides only marginal benefit over tabular methods at this
scale. The Course2Vec MLP (1.78) shows that learned embeddings partly make up for
not having sequential processing.

SRQ1B The ablation study shows that the Micro model is not very sensitive to hyperparameter
choices within reasonable ranges. Hidden sizes of 64-256 all produce similar results.
Adding layers beyond one leads to overfitting. Window sizes of 3—5 perform identically.
The model is more sensitive to architecture choice (GRU vs LSTM vs bidirectional) than
to any single hyperparameter.

SRQ2 Aggregate models (LSTM and classical time-series) cannot compete with student-level
approaches at this data scale. The Macro LSTM overfits on 15 training windows and
achieves an MAE of 5.57, worse than the seasonal Naive baseline. Hierarchical recon-
ciliation between Micro and Macro predictions offers marginal improvement only when
per-course weights are individually optimised. Even then, the gains are oracle-bound and
not stable across test periods.
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SRQ3 The multi-university data acquisition effort showed that the main obstacles to cross-

institutional enrolment forecasting are about data, not algorithms. Course codes change
when platforms are migrated, there are no stable join keys between systems, and no
agreed-upon export schemas exist. Despite considerable effort (co-enrolment graph anal-
ysis, recurrence analysis of course codes, manual inspection), we could not build reliable
mappings. In practice, cross-institutional forecasting is a data-harmonisation problem
before it is a modelling problem. Within the single-institution dataset, course-code redun-
dancy (8-10 suspected renames) introduces a noise floor that affects all models equally.

7.2. Future Work

The following directions come directly from what we observed in our experiments. The sin-
gle most important next step is cross-institutional data harmonisation. Without stable course
identifiers and common schemas, neither hierarchical reconciliation nor LMs-enhanced forecast-
ing can be tested properly across institutions.

1.

94

Course-code canonicalisation. Building a mapping from institutional course codes
to stable subject identifiers, for example by parsing course names, syllabi, or learning
outcomes, would remove the main source of noise in the dataset.

. Hierarchical reconciliation at scale. The reconciliation framework we tested (Sec-

tion 3.4) could work once the aggregate model has more data to train on. With longer
institutional histories or pooled data across degree programmes, methods such as MinT
[WAH19] or the optimal reconciliation approaches reviewed by Athanasopoulos et al.
[Ath+24] could produce coherent forecasts across student, course, programme, and in-
stitution levels. This was the original vision outlined in the TrG [Tal23].

. Moodle engagement features. Login frequency, time-on-platform, task submission

timeliness, and resource access patterns could improve the student profile model [Con+17;
Jay+14]. Our hypothesis is that students who engage actively with the LMS are more
likely to persist in their academic path, and that disengagement patterns could serve as
an early warning signal for dropout. This data was explored during the thesis but could
not be used due to the quality issues described in Section 3.1.2.

Schedule and timetable information. Even a student with strong interest in a course
may choose not to enrol if it is scheduled at six in the morning and creates a four-hour
gap in their daily timetable. Encoding timetable constraints as additional features could
account for this aspect of enrolment decisions.

. Institutional enrolment rules. Some universities enforce strict prerequisite chains or

cap the number of failed courses before blocking further enrolment, while others give
students full freedom. Encoding these rules explicitly could improve prediction for insti-
tutions with constrained curricula.

. Multi-institution data harmonisation. The original ambition of this thesis was to

train on data from multiple universities simultaneously. Our experience shows that this
requires investing in data standards before modelling can begin. A practical first step
would be a common course taxonomy and export schema agreed upon by participating
institutions.



7.2. Future Work

7. Learnable course embeddings. The frozen Course2Vec embeddings we used improve

the MLP baseline, but training the embedding layer jointly with the predictor (end-to-
end) could give better results. Adding a learnable embedding layer to the Micro LSTM
architecture is a straightforward next step.

. Transfer to larger institutions. The methodology developed here is not institution-
specific. Replicating the experiments on publicly available datasets (e.g., the FIU data
of [KP24]) would test whether the same architectures scale to larger cohorts and course
catalogues.

. Transformer-based architectures. Self-attention mechanisms could capture long-
range dependencies in student trajectories without the sequential processing constraint
of recurrent models, and are worth exploring as an alternative to the LSTM/GRU encoders
used here.
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A. Per-Course Results

A.1. Forecasting Results

The tables below report per-course/per-subject breakdowns for the results presented in Chap-

ter 5.

Table A.1.: Per-course Mean Absolute Error (MAE) on the chronological test set (2018-2021) for the
evaluation subset (excluding first-year and optional courses).

Course Naive Micro LSTM  Macro LSTM  LightGBM  Course2Vec MLP
Est 2.571 0.773 8.290 0.678 1.205
TCompl 1.714 0.609 3.603 0.866 0.791
TProg 2.000 1.134 7.118 0.691 0.798
SD 2.000 1.855 9.075 0.594 1.079
TC 2.000 1.842 9.191 1.245 1.440
MathA 3.429 2.397 6.188 1.825 3.248
TCompll 1.286 2.219 2.516 1.213 0.749
DP 2.143 4.193 5.954 2.367 1.497
Emp 2.000 2.174 2.179 1.309 1.471
CSL 1.429 3.270 1.727 2.150 5.231
SA 2.429 1.739 1.825 2.224 1.962
PBN 1.429 0.786 2.104 0.742 1.190
AC 0.571 0.891 12.571 0.727 0.474
CSR 2.571 2.313 2.096 2.807 1.354
SS 2.714 2.418 2.269 1.603 1.533
PCTR 1.429 1.025 16.000 1.249 2.015
GOP 2.857 1.468 2.778 1.190 1.022
SO 1.857 2.862 3.363 1.850 3.923
XC 3.000 3.255 3.027 2.019 3.468
PDS 1.143 4.155 19.000 2.039 4.617
SE 2.286 3.314 5.186 3.089 2.042
ES 0.857 0.563 2.349 0.241 0.530
ASI 1.286 2.101 4.141 1.762 0.866
SEC 3.286 2.224 3.235 2.411 1.764
1S 2.857 1.899 13.714 0.796 3.067
SAR 2.714 0.727 2.064 1.190 1.650
TFG 2.143 1.566 3.081 1.287 1.859

A.2. Classification Results (T2 Encoding)

Table A.2.: Per-subject recall for tabular classification models (T2 encoding, random 80/20 split).

Subject DT RF  XGBoost LightGBM
AC 0.920 0.760 0.980 0.980
AE 0.000  0.000 0.000 0.000
ASI 0.920  0.900 0.940 0.940
AVD - - 0.000 0.000
BD 0.667 0.273 0.727 0.667
BIO - - 0.000 0.000
CSL 0.794  0.794 0.873 0.873
CSR 0.727  0.600 0.855 0.855
CTM - - 0.000 0.000
DP 0.886  0.729 0.900 0.929
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A. Per-Course Results

Subject DT RF XGBoost LightGBM

E 0.863 0.843 0.882 0.863
EG 0.000  0.000 0.000 0.000
ES 0.967 0.913 0.978 0.978
ESY 0.902  0.902 0.980 1.000
F 0.467  0.067 0.667 0.667
FMT 0.700  0.000 0.700 0.700
GEF 0.000  0.000 0.200 0.000
GOP 0.816  0.878 0.878 0.857
GQS 0.000  0.000 0.000 0.286
I 0.750  0.125 0.750 0.625
IGP 0.000  0.000 0.000 0.000
IS 0.930  0.907 0.977 0.977
ISD 0.571  0.143 0.714 0.714
1U 0.071  0.000 0.143 0.071
MAE 0.821 0.776 0.896 0.910
MBE 0.556  0.000 0.778 0.778
MIC 0.143  0.000 0.143 0.143
OTD - - 0.000 0.000
PBN 0.906  0.755 0.962 0.962
PCTR 0.863  0.765 0.941 0.941
PDS 0.827  0.750 0.885 0.923
Q - - 0.000 0.000
RE 0.000  0.000 0.000 0.000
RM - - 0.000 0.000
SA 0.780  0.760 0.860 0.840
SAR 0.949 0.846 0.974 0.974
SC 0.833  0.000 0.833 0.833
SD 0.943 0.858 0.962 0.962
SE 0.898  0.857 0.939 0.939
SEC 0.812  0.833 0.917 0.875
SM - - 0.000 0.000
SO 0.763  0.678 0.831 0.831
SS 0.763  0.627 0.864 0.847
SSC 0.154  0.000 0.538 0.462
TC 0.968 0.904 0.979 0.968
TCO01 0.978  0.989 0.989 0.989
TCO02 0.821  0.804 0.839 0.875
TD 0.333  0.000 0.381 0.381
TFG 0.808 0.692 0.808 0.846
TP 0.918 0.897 0.948 0.948
XC 0.815  0.759 0.944 0.907

Table A.3.: Per-subject precision for tabular classification models (T2 encoding, random 80/20 split).
Subject DT RF XGBoost LightGBM

AC 0.902  0.927 0.860 0.860
AE 0.000  0.000 0.000 0.000
ASI 0.836  0.882 0.839 0.855
AVD - - 0.000 0.000
BD 0.595  0.900 0.600 0.550
BIO - - 0.000 0.000
CSL 0.962  0.909 0.887 0.887
CSR 0.889  0.805 0.870 0.870
CTM - - 0.000 0.000
DP 0.849 0.879 0.875 0.867
E 0.830  0.896 0.865 0.880
EG 0.000  0.000 0.000 0.000
ES 0.937  0.933 0.909 0.918
ESY 0.979  0.939 0.909 0.911
F 0.875  1.000 0.667 0.588
FMT 0.700  0.000 0.700 0.778
GEF 0.000  0.000 0.333 0.000
GOP 0.833 0.956 0.843 0.875
GQS 0.000  0.000 0.000 0.333
I 0.600  1.000 0.750 0.714
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A.2. Classification Results (T2 Encoding)

Subject DT RF XGBoost LightGBM

IGP 0.000  0.000 0.000 0.000
IS 0.952  1.000 0.977 0.977
ISD 1.000 1.000 1.000 1.000
1U 0.125  0.000 0.182 0.143
MAE 0.887 0.912 0.882 0.871
MBE 0.357  0.000 0.500 0.500
MIC 0.250  0.000 0.143 0.133
OTD - - 0.000 0.000
PBN 0.873  0.930 0.823 0.785
PCTR 0.846  0.929 0.889 0.906
PDS 0.878  0.929 0.902 0.889
Q - - 0.000 0.000
RE 0.000  0.000 0.000 0.000
RM - - 0.000 0.000
SA 0.848  0.927 0.843 0.840
SAR 0.902  1.000 0.884 0.905
SC 0.385  0.000 0.417 0.556
SD 0.926  0.948 0.944 0.944
SE 0.815 0.933 0.836 0.868
SEC 0.886  0.889 0.846 0.824
SM - - 0.000 0.000
SO 0.865 0.930 0.925 0.907
SS 0.957  0.949 0.911 0.909
SSC 0.222  0.000 0.304 0.273
TC 0.948 0.924 0.948 0.948
TCO1 0.935 0.967 0.967 0.967
TC02 0.852  0.849 0.810 0.831
TD 0.467  0.000 0.615 0.571
TFG 0.750  0.857 0.840 0.815
TP 0.927  0.916 0.911 0.911
XC 0.846  0.911 0.836 0.817

Table A.4.: Per-subject F1 for tabular classification models (T2 encoding, random 80,20 split).
Subject DT RF XGBoost LightGBM

AC 0.911 0.835 0.916 0.916
AE 0.000  0.000 0.000 0.000
ASI 0.876  0.891 0.887 0.895
AVD - - 0.000 0.000
BD 0.629  0.419 0.658 0.603
BIO - - 0.000 0.000
CSL 0.870  0.847 0.880 0.880
CSR 0.800 0.688 0.862 0.862
CTM - - 0.000 0.000
DP 0.867  0.797 0.887 0.897
E 0.846  0.869 0.874 0.871
EG 0.000  0.000 0.000 0.000
ES 0.952  0.923 0.942 0.947
ESY 0.939  0.920 0.943 0.953
F 0.609 0.125 0.667 0.625
FMT 0.700  0.000 0.700 0.737
GEF 0.000  0.000 0.250 0.000
GOP 0.825 0.915 0.860 0.866
GQS 0.000  0.000 0.000 0.308
I 0.667  0.222 0.750 0.667
IGP 0.000  0.000 0.000 0.000
IS 0.941 0.951 0.977 0.977
ISD 0.727  0.250 0.833 0.833
10U 0.091  0.000 0.160 0.095
MAE 0.853  0.839 0.889 0.891
MBE 0.435 0.000 0.609 0.609
MIC 0.182  0.000 0.143 0.138
OTD - - 0.000 0.000
PBN 0.889  0.833 0.887 0.864
PCTR 0.854  0.839 0.914 0.923
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A. Per-Course Results

Subject DT RF XGBoost LightGBM

PDS 0.851  0.830 0.893 0.906
Q - - 0.000 0.000
RE 0.000  0.000 0.000 0.000
RM - - 0.000 0.000
SA 0.812  0.835 0.851 0.840
SAR 0.925 0.917 0.927 0.938
SC 0.526  0.000 0.556 0.667
SD 0.935 0.901 0.953 0.953
SE 0.854  0.894 0.885 0.902
SEC 0.848  0.860 0.880 0.848
SM - - 0.000 0.000
SO 0.811 0.784 0.875 0.867
SS 0.849  0.755 0.887 0.877
SSC 0.182  0.000 0.389 0.343
TC 0.958 0.914 0.963 0.958
TCO1 0.956  0.978 0.978 0.978
TCO02 0.836  0.826 0.825 0.852
TD 0.389  0.000 0.471 0.457
TFG 0.778 0.766 0.824 0.830
TP 0.922  0.906 0.929 0.929
XC 0.830 0.828 0.887 0.860

A.3. Classification Results (T1 Encoding)

Table A.5.: Per-subject recall for tabular classification models (T1 encoding, random 80/20 split).
Subject DT RF XGBoost LightGBM

AC 0.780  0.260 0.920 0.900
AE 0.000  0.000 0.111 0.167
ASI 0.840  0.620 0.920 0.900
AVD - - 0.000 0.000
BD 0.606  0.000 0.727 0.667
BIO - - 0.000 0.000
CSL 0.905  0.746 0.921 0.921
CSR 0.636  0.400 0.818 0.782
CTM - - 0.000 0.000
DP 0.657  0.571 0.929 0.900
E 0.725 0.529 0.922 0.941
EG 0.000  0.000 0.000 0.000
ES 0.913 0.913 0.978 0.989
ESY 0.745  0.020 0.902 0.902
F 0.933  0.000 0.667 0.533
FMT 0.600  0.000 0.700 0.700
GEF 0.000  0.000 0.200 0.000
GOP 0.878 0.714 0.898 0.878
GQS 0.000  0.000 0.143 0.286
I 0.750  0.000 0.625 0.625
IGP 0.000  0.000 0.000 0.000
IS 0.930 0.512 0.953 0.930
ISD 0.714  0.000 0.714 0.714
1U 0.071  0.000 0.143 0.214
MAE 0.672 0.672 0.955 0.955
MBE 0.556  0.000 0.667 0.667
MIC 0.000  0.000 0.214 0.357
OTD - - 0.000 0.000
PBN 0.755  0.340 0.868 0.868
PCTR 0.745  0.549 0.882 0.902
PDS 0.750  0.654 0.885 0.885
Q - - 0.000 0.000
RE 0.000  0.000 0.091 0.273
RM - - 0.000 0.000
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A.3. Classification Results (T1 Encoding)

Subject DT RF XGBoost LightGBM
SA 0.600  0.460 0.840 0.840
SAR 0.949  0.462 0.974 0.974
SC 0.000  0.000 0.500 0.500
SD 0.915 0.821 0.991 0.981
SE 0.755  0.673 0.837 0.857
SEC 0.729  0.667 0.896 0.896
SM - - 0.000 0.000
SO 0.644  0.508 0.814 0.797
SS 0.712  0.305 0.797 0.797
SSC 0.077  0.000 0.308 0.385
TC 0.872  0.872 0.989 0.968
TCO01 1.000  1.000 0.978 0.989
TCO02 0.714  0.750 0.893 0.875
TD 0.143  0.000 0.238 0.190
TFG 0.731 0.731 0.808 0.846
TP 0.948 0.866 0.959 0.948
XC 0.704  0.500 0.907 0.870

Table A.6.: Per-subject precision for tabular classification models (T1 encoding, random 80/20 split).

Subject DT RF XGBoost LightGBM
AC 0.929  1.000 0.852 0.865
AE 0.000  0.000 0.111 0.200
ASI 0.894  0.939 0.793 0.818
AVD - - 0.000 0.000
BD 0.541  0.000 0.600 0.579
BIO - - 0.000 0.000
CSL 0.731  0.940 0.906 0.892
CSR 0.897  0.957 0.818 0.811
CTM - - 0.000 0.000
DP 0.885  1.000 0.844 0.851
E 0.841  1.000 0.887 0.923
EG 0.000  0.000 0.000 0.000
ES 0.955  0.903 0.918 0.929
ESY 0.927  1.000 0.868 0.852
F 0.378  0.000 0.500 0.400
FMT 0.750  0.000 0.538 0.778
GEF 0.000  0.000 0.333 0.000
GOP 0.811  1.000 0.936 0.915
GQS 0.000  0.000 0.200 0.200
I 0.667  0.000 0.625 0.714
IGP 0.000  0.000 0.000 0.000
IS 0.909  1.000 0.891 0.976
ISD 0.833  0.000 1.000 0.833
1U 0.250  0.000 0.200 0.273
MAE 0.849 0.938 0.842 0.842
MBE 0.714  0.000 0.400 0.375
MIC 0.000  0.000 0.231 0.312
OTD - - 0.000 0.000
PBN 0.690 0.947 0.780 0.807
PCTR 0.905  1.000 0.918 0.979
PDS 0.867  1.000 0.852 0.868
Q - - 0.000 0.000
RE 0.000  0.000 0.167 0.333
RM - - 0.000 0.000
SA 0.909  1.000 0.778 0.808
SAR 0.860  0.900 0.826 0.864
SC 0.000  0.000 0.375 0.273
SD 0.933  0.956 0.938 0.937
SE 1.000 0.971 0.837 0.857
SEC 0.921  0.941 0.878 0.915
SM - - 0.000 0.000
SO 0.927  0.938 0.857 0.922
SS 0.808  0.900 0.825 0.855
SSC 0.167  0.000 0.250 0.278
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A. Per-Course Results

Subject DT RF XGBoost LightGBM

TC 0.943 0.872 0.939 0.929
TCO1 0.957  0.967 0.956 0.957
TC02 0.909 0.875 0.877 0.860
TD 0.273  0.000 0.217 0.174
TFG 0.792  0.864 0.875 0.880
TP 0.920 0.913 0.921 0.911
XC 0.809  1.000 0.831 0.839

Table A.7.: Per-subject F1 for tabular classification models (T1 encoding, random 80/20 split).
Subject DT RF XGBoost LightGBM

AC 0.848 0.413 0.885 0.882
AE 0.000  0.000 0.111 0.182
ASI 0.866  0.747 0.852 0.857
AVD - - 0.000 0.000
BD 0.571  0.000 0.658 0.620
BIO - - 0.000 0.000
CSL 0.809 0.832 0.913 0.906
CSR 0.745 0.564 0.818 0.796
CTM - - 0.000 0.000
DP 0.754  0.727 0.884 0.875
E 0.779  0.692 0.904 0.932
EG 0.000  0.000 0.000 0.000
ES 0.933  0.908 0.947 0.958
ESY 0.826  0.038 0.885 0.876
F 0.538  0.000 0.571 0.457
FMT 0.667  0.000 0.609 0.737
GEF 0.000  0.000 0.250 0.000
GOP 0.843 0.833 0.917 0.896
GQS 0.000  0.000 0.167 0.235
I 0.706  0.000 0.625 0.667
IGP 0.000  0.000 0.000 0.000
IS 0.920 0.677 0.921 0.952
ISD 0.769  0.000 0.833 0.769
1U 0.111  0.000 0.167 0.240
MAE 0.750  0.783 0.895 0.895
MBE 0.625  0.000 0.500 0.480
MIC 0.000  0.000 0.222 0.333
OTD - - 0.000 0.000
PBN 0.721  0.500 0.821 0.836
PCTR 0.817  0.709 0.900 0.939
PDS 0.804 0.791 0.868 0.876
Q - - 0.000 0.000
RE 0.000  0.000 0.118 0.300
RM - - 0.000 0.000
SA 0.723  0.630 0.808 0.824
SAR 0.902 0.610 0.894 0.916
SC 0.000  0.000 0.429 0.353
SD 0.924 0.883 0.963 0.959
SE 0.860  0.795 0.837 0.857
SEC 0.814  0.780 0.887 0.905
SM - - 0.000 0.000
SO 0.760  0.659 0.835 0.855
SS 0.757  0.456 0.810 0.825
SSC 0.105  0.000 0.276 0.323
TC 0.906 0.872 0.964 0.948
TCO1 0.978  0.983 0.967 0.972
TCO02 0.800  0.808 0.885 0.867
TD 0.188  0.000 0.227 0.182
TFG 0.760  0.792 0.840 0.863
TP 0.934 0.889 0.939 0.929
XC 0.752  0.667 0.867 0.855
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B. Reproducibility Details

All experiments were conducted using Python 3.12 with PyTorch 2.x, scikit-learn, XGBoost,
LightGBM, and Gensim. The random seed is set to 42 throughout. Models were trained on
cpU (Apple Silicon). The full source code, data processing pipeline, and all Jupyter notebooks
are publicly available at:

https://github.com/Anass-23/multimodal-hierarchical-forecasting.git

All experiments are fully reproducible from the repository code and the exported interme-
diate artefacts. The raw datasets contain confidential student records and institutional data,

so they cannot be shared publicly.
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