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Abstract

Widening access has transformed who enters higher education but not who thrives once
inside: inequality resurfaces as first-year failure and dropout, while the rapid spread of
generative artificial intelligence (Al) threatens to open new divides. This article presents
a whole-institution case study of how one Portuguese public university, Iscte—University
Institute of Lisbon, has pursued equitable success in the first year through a single strategy
with two reinforcing arms: a reactive arm that detects at-risk students and responds with
personalized support, and a proactive arm that builds a baseline of critical Al literacy that
is mandatory on one campus and optional on the other. Drawing on institutional records
from 2016/17 to 2024/25, it combines a rule-based early warning alarm system, a compar-
ison of machine learning models, and descriptive evidence on the literacy initiatives. The
findings show that academic risk is concentrated in identifiable groups, that flagged stu-
dents who engaged with support re-enrolled at higher rates than those who did not
(though not distinguishably so once students who had already formalized a withdrawal
are set aside, a group that took up no support and left without exception), and that a com-
mon literacy baseline is operationally achievable. The findings also expose the limits of
each, as support reaches only a minority of those flagged and exploratory predictive mod-
els transfer poorly to the following cohort. Together, these observational results frame
reactive support and proactive capacity-building as facets of one inclusion strategy.

Keywords: higher education; first-year transition; student dropout; learning analytics;
early warning systems; Al-based detection; Al literacy

1. Introduction

Over the past three decades, higher education systems across Europe and beyond
have expanded from elite to mass and, increasingly, are becoming more accessible to peo-
ple with different backgrounds. This expansion has been driven by rising national de-
mand and, more recently, by intensifying international mobility, with the combined effect
of diversifying the student body along socio-economic, cultural, linguistic, and educa-
tional lines (A. F. Costa & Lopes, 2011; Martins et al., 2017; Oliveira et al., 2021). The
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diversification of who enters higher education is a substantial achievement of equity-ori-
ented policy. Yet, a growing body of research makes clear that access is a necessary but
insufficient condition for equity: once admitted, students from under-represented back-
grounds frequently encounter unequal conditions for success, and inequality re-emerges
in differential patterns of academic failure, disengagement, and dropout (A. F. Costa et
al., 2014; Martins et al., 2023). Equity agendas have therefore shifted from a narrow con-
cern with widening participation at the point of entry toward a broader concern with eq-
uitable success throughout the student trajectory.

Within that trajectory, the first year occupies a decisive position. It is the period in
which the highest concentration of failure and dropout occurs, when the academic and
social demands of becoming a student are most acute, and in which the gap between prior
preparation and institutional expectation is most consequential (Casanova et al., 2021;
Coulon, 2017; Gil et al., 2021). Especially for students who relocate from another region or
country, who combine study with paid work, who are the first in their family to attend
university, or who arrive with weaker digital or linguistic preparation, the first year can
compound a sense of disorientation that, if unaddressed, accumulates silently into with-
drawal (Casanova et al., 2021; White & Canning, 2023). The first year is thus the juncture
at which an institution’s commitment to equitable success is most severely tested.

This article frames the contemporary equity problem in two complementary ways.
The first is the long-recognized observation that certain groups are systematically more
exposed to academic risk and that institutions can (and should) identify and support them
before difficulties become irreversible. The second is newer and less settled: the rapid dif-
fusion of generative artificial intelligence (GenAl) threatens to create fresh inequalities
because students arrive with markedly unequal prior exposure to, confidence with, and
critical understanding of these tools (Bozkurt, 2024; Tlili et al., 2023). Left to chance, GenAl
may widen, rather than narrow, the gaps that equity policy seeks to close. An institution
serious about equitable success must therefore act on both fronts at once.

This study examines how a single institution, Iscte—University Institute of Lisbon, a
Portuguese public university, has attempted to do so through the IN-Iscte—A Space to
Grow project: an integrated, equity-oriented response funded under the Portuguese Re-
covery and Resilience Plan. The program is read here not as a collection of separate pro-
jects but as a single strategy operating through two reinforcing mechanisms. The first
mechanism, detect-and-support, combines data-driven early warning systems—a trans-
parent rule-based alarm and a set of machine learning models built on the institutional
information system —with personalized, negotiated intervention by a multidisciplinary
team. The second mechanism, emerging-gap-levelling, builds critical Al literacy across
the whole institution through structured faculty development and a universal first-year
student course so that no group is left behind on a fast-emerging competency. The central
thesis is that equity in contemporary higher education requires both a reactive arm, which
identifies and supports those most at risk, and a proactive arm, which ensures that emerg-
ing competencies are distributed inclusively, and that these two arms are coherent facets
of a single inclusion strategy rather than unrelated initiatives.

The contribution of the article is threefold. First, it offers an integrated empirical ac-
count of an institutional equity strategy. Second, it advances a two-mechanism conceptual
framework that connects learning analytics and digital literacy agendas, which are usually
treated separately under a common equity rationale. Third, it derives transferable impli-
cations for other institutions seeking to move from access to equitable success. The analy-
sis is organized around four research questions:

e RQ1 asks who is at risk and how vulnerability is distributed across student groups;
e RQ2 asks whether early detection coupled with personalized intervention shifts aca-
demic outcomes;
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e RQ3 asks how exploratory predictive models trained on pre-intervention cohorts be-
have when transferred to a subsequent cohort and what the observed degradation
can and cannot be attributed to;

¢ RQ4 asks whether a common literacy baseline can be delivered at institutional scale,
which is a precondition for it to function as an inclusion measure.

The remainder of the article is structured as follows. Section 2 develops the concep-
tual framework, synthesizing the literature on widening participation, the first-year tran-
sition, vulnerable groups in Portuguese higher education, learning analytics, and the
emerging Al digital divide. Section 3 describes the institutional setting, the data, and the
three operational components of the strategy. Section 4 presents the results, organized
around the four research questions. Section 5 discusses the integrated equity model, the
failure-dropout distinction, and the role of Al literacy as inclusion. Section 6 sets out the
limitations of the study, and Section 7 concludes with transferable implications and direc-
tions for future work.

2. Theoretical Framework

The expansion of higher education has been accompanied by an evolution in how
equity itself is understood. Early equity agendas concentrated on widening participation:
removing financial, geographic, and informational barriers so that students from work-
ing-class, rural, first-generation, and minority backgrounds could enter institutions his-
torically reserved for a privileged minority (Martins et al., 2017; Oliveira et al., 2021). In
the Portuguese context, successive policies have substantially democratized access, ex-
panding the network of institutions, diversifying entry routes, and supporting students
through social-action scholarships (Martins et al., 2017; Oliveira et al., 2021). These
measures changed the composition of the student body in ways that earlier generations
of policy intended.

However, research has repeatedly shown that equalizing entry does not equalize out-
comes. Students from disadvantaged backgrounds tend to enter with weaker prior aca-
demic preparation, less familiarity with the implicit codes of academic life, more fragile
financial situations, and a higher likelihood of combining study with employment or car-
ing responsibilities (Almeida et al., 2012; A. F. Costa et al., 2014; A. F. Costa & Lopes, 2011).
These conditions translate into measurable differences in achievement, progression, and
completion. The equity problem, in other words, migrates from the gateway to the path-
way and reappears as an equity—success gap that access policy alone cannot close (A. F.
Costa et al., 2014; Martins et al., 2023). Recognizing this, contemporary research and policy
have shifted attention toward equitable success: the proposition that institutions bear re-
sponsibility not only for admitting a diverse student body but for creating the conditions
in which that diversity can succeed (Martins et al., 2023). This reframing motivates the
present study, which treats the prevention of failure and dropout, and the inclusive dis-
tribution of emerging competencies, as integral to an equity agenda rather than as sepa-
rate operational concerns (Capucha et al., 2021; Martins et al., 2023).

2.1. The First-Year Transition

The transition from secondary to higher education is not merely a change of institu-
tion but a change of role. The student must learn the tacit conventions, expectations, and
intellectual dispositions of academic life. Coulon’s notion of le métier d’étudiant (the craft,
or trade, of being a student) captures this process of affiliation, in which newcomers must
learn to decode institutional rules and routines that insiders take for granted (Coulon,
2017). Those who fail to make this affiliation in the first weeks and months are dispropor-
tionately likely to disengage. The literature on academic and social integration similarly
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emphasizes that early integration, both into the intellectual life of the course and into the
social fabric of the institution, is among the strongest predictors of persistence (Casanova
et al., 2021).

A particularly important and well-documented phenomenon is the reluctance of vul-
nerable students to seek help. First-generation and minority students, precisely those who
might benefit most from support services, are frequently the least likely to use them be-
cause of feelings of inadequacy, unfamiliarity, or not belonging inhibit help-seeking
(White & Canning, 2023). The consequence is that academic difficulties accumulate unno-
ticed, often invisibly to the very services designed to address them, until they manifest as
failure or withdrawal (Casanova et al.,, 2021; White & Canning, 2023). This asymmetry
(those most in need are least likely to ask) provides a strong rationale for proactive insti-
tutional identification of risk rather than reliance on students to present themselves.

2.2. Under-Represented and Vulnerable Groups in Portuguese Higher Education

The diversification of the Portuguese student body has brought into universities sev-
eral groups whose circumstances place them at elevated risk. International students, in
particular students from the Portuguese-speaking African countries (PALOP), face a com-
bination of linguistic and cultural contrast, divergent prior educational backgrounds, and
socio-economic integration challenges (Matias et al., 2023; Mauritti et al., 2023). Many also
confront administrative obstacles: visa processing delays frequently mean that PALOP
students arrive in Portugal after the academic year has begun, enrolling late and missing
the first weeks or months of teaching and assessment (Mauritti et al., 2023). Relocated
students (those whose family residence is far from the institution) must manage the prac-
tical and financial burdens of living away from home in a context where affordable stu-
dent accommodation is scarce, and the disruption of relocation has been associated with
elevated anxiety, depression, and stress (Massano-Cardoso et al., 2024). Working students
and mature students, often concentrated in evening or post-work degrees, must reconcile
study with employment and, frequently, with family responsibilities. Scholarship holders,
while benefiting from financial support, face the additional pressure of progression
thresholds that condition the renewal of that support from the second year onwards; entry
support is itself awarded on a means test, so for first-year students, scholarship status
reflects household circumstances rather than prior academic performance. Students with
special educational needs encounter barriers that vary widely with the nature of their
needs and the responsiveness of provision.

These groups do not experience risk uniformly, and the relationship between status
and outcome is neither simple nor deterministic. Some characteristics that might be as-
sumed to be disadvantages prove (in certain institutional contexts) to be associated with
resilience or success. This heterogeneity is itself an argument against generic intervention
and is in favor of differentiated, context-sensitive support, a point to which the analysis
returns.

2.3. Learning Analytics and Early Warning Systems

The proposition that institutions should proactively identify at-risk students has been
operationalized, over the past two decades, through the field of learning analytics and,
more specifically, through early warning systems. The traditional approach to identifica-
tion was manual: tutors, course directors, and services would notice struggling students
over the course of the year and respond on a case-by-case basis. While valuable, manual
identification is limited in scalability, consistency, and speed, and it is precisely the silent,
non-help-seeking cases that it tends to miss (White & Canning, 2023). Data-driven systems
promise to address these limitations by drawing on the administrative and academic data
that institutions already hold.
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Two broad approaches can be distinguished. Rule-based systems apply transparent,
human-defined thresholds (such as the proportion of credits completed) to flag students
for attention. Their virtues are interpretability, ease of communication to non-technical
staff, and direct alignment with institutional definitions of progress. Their limitation is
that they encode existing assumptions rather than discovering patterns. Machine learning
systems, by contrast, learn predictive relationships from historical data and can, in prin-
ciple, detect risk earlier and more accurately, including before academic results are avail-
able (Behr et al., 2020; E. B. Costa et al., 2017; Realinho et al., 2022; Rodrigues et al., 2025).
A consistent finding in this literature is that early academic performance is among the
strongest predictors of subsequent success, which explains why models incorporating
first-semester results thus substantially outperform those relying on enrolment data alone
(Hellas et al., 2018; Rodrigues et al., 2025). Nevertheless, prediction from enrolment-only
data is valuable precisely because it enables intervention before difficulties emerge (Ro-
drigues et al., 2025).

The literature also documents well-known limitations that temper enthusiasm. Pre-
dictive models are sensitive to model drift: when the environment changes, for example,
when a new support program alters the very outcomes that the model was trained to pre-
dict, performance can degrade, and models may require monitoring and re-tuning (Ro-
drigues et al., 2025). Class imbalance (at-risk students are a minority) complicates training
and evaluation. False positives carry real costs, both in the misallocation of scarce support
resources and in the potential for stigmatization. There is, further, an intervention capacity
problem that is frequently underappreciated: a model that flags many students is useless,
or even harmful, if the institution lacks the capacity to act on the flags, so the choice of the
model must balance predictive performance against the feasibility of response. Finally,
the ethics of flagging (questions of consent, anonymization, data protection, and the ten-
sion between targeted intervention and privacy) are central rather than peripheral con-
cerns (Pargman & McGrath, 2021). An equity-oriented early warning system must there-
fore be designed not only for accuracy but for transparency, proportionality, and humane
response.

Three further methodological hazards are well documented and bear directly on the
analysis reported below. First, target leakage, in which a feature encodes information
about the outcome that would not have been available at the moment of prediction, is a
leading cause of irreproducible performance claims across the applied machine learning
literature (Kapoor & Narayanan, 2023); administrative status fields that are updated over
the course of the year are a common vehicle for it. Second, under strong class imbalance,
accuracy, recall and F1 computed with the majority class as the positive class can appear
high while conveying nothing about detection of the minority at-risk class, so precision—
recall summaries and explicit trivial baselines are required for the figures to be interpret-
able. Third, aggregate performance can conceal systematically worse performance for par-
ticular student groups, which in an equity-oriented deployment would divert scarce sup-
port away from those who need it most; subgroup or slicing evaluation is therefore a sub-
stantive validity check rather than an optional refinement (Baker & Hawn, 2022; Gardner
etal, 2019).

A fourth consideration is of a different kind, since it concerns not a flaw to be avoided
but a structural property of prediction in settings where the prediction is acted upon.
Where a model’s output triggers an intervention, the outcome that subsequently materi-
alizes reflects both the underlying risk and the institutional response to it, so that a suc-
cessful intervention necessarily degrades the apparent accuracy of the model that
prompted it. Clinical informatics describes this as the self-defeating prognostic model, in
which deployment triggers the very interventions that falsify the model’s predictions (Le-
nert et al, 2019), and the machine learning literature formalizes it as performative
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prediction, in which the act of predicting alters the distribution being predicted (Perdomo
et al., 2020). The consequences for how a deployed early warning system should be eval-
uated are taken up in Sections 4.3 and 7.

2.4. Generative Artificial Intelligence and the Emerging Digital Divide

A second, newer equity concern has emerged with striking speed. The public release
of conversational GenAl tools, most prominently ChatGPT in late 2022, brought to a mass
audience systems capable of producing fluent, human-like text. Their diffusion has been
extraordinarily rapid, and their implications for higher education are profound (Tlili et
al.,, 2023). On one hand, generative Al offers genuine pedagogical potential: as a person-
alized tutor, a brainstorming partner, a source of individualized feedback, and a means of
exploring alternative perspectives. On the other, it raises serious concerns about over-re-
liance, the erosion of cognitive effort and critical thinking, and new forms of academic
dishonesty for which reliable detection does not exist (Heung & Chiu, 2025; Tlili et al.,
2023).

For an equity agenda, the central risk is that GenAl reproduces and amplifies existing
inequalities. Students do not arrive with equal prior access to these tools, equal confidence
in using them, or equal critical understanding of their potential and limitations. Those
who already possess digital and cultural capital are better positioned to exploit Al pro-
ductively, while those who do not may either avoid it, to their disadvantage, or use it
uncritically, to the detriment of their learning (Bozkurt, 2024). Thus, the capacity to un-
derstand how these systems work and fail, to evaluate the reliability of their outputs, and
to use them ethically and as a support for rather than a substitute for one’s own reason-
ing—denoted as Al literacy —becomes a new dimension of educational equity (Bozkurt,
2024). The research further emphasizes that this literacy does not develop spontaneously:
unsupervised student use tends toward shallow, over-reliant engagement, whereas struc-
tured, teacher-mediated use can preserve and even strengthen critical thinking (Heung &
Chiu, 2025; Ramos et al., 2025). The educator is therefore an indispensable mediator, and
the redesign of assessment toward authentic tasks that foreground critical analysis and
explicit reasoning is preferable to a posture of surveillance and detection (Mah & Grof,
2024; Tlili et al., 2023). Faculties, however, require their own development to take up this
role, since they too vary in their familiarity, self-efficacy, and professional preparation for
Al (Mah & Grofs, 2024).

This concern is increasingly codified in European competence policy, which supplies
the reference frame within which an institutional Al literacy offer should be read.
DigComp 2.2 extended the European Digital Competence Framework for Citizens with
explicit examples of the knowledge, skills and attitudes required to engage with Al sys-
tems (Vuorikari et al., 2022), and its successor DigComp 3.0 integrates Al competence
transversally across all twenty-one competences rather than isolating it as a specialism
(Cosgrove & Cachia, 2025). DigComp 3.0 also makes explicit a set of prerequisites for at-
taining even a basic level of digital competence, among them a stable internet connection,
an adequate device, and access to technical assistance and guidance. That prerequisite
structure matters for the equity argument advanced here because it establishes that digital
and Al competence is distributed by material circumstance and not by aptitude alone,
which is the same pattern that widening-participation policy encounters at the level of
academic outcomes. It follows that a policy of equal opportunity in digital and Al literacy
cannot consist in equal availability of provision. Where provision is optional, availability
reproduces the distribution of prior confidence and cultural capital. Only compulsory or
actively compensatory provision addresses the catch-up problem that the frameworks
identify. UNESCO’s Al competency framework for students converges on a comparable
position, organizing twelve competencies around a human-centered mindset, ethics,
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techniques and system design across three progression levels (UNESCO, 2024). In the Eu-
ropean regulatory context, Article 4 of the Al Act, applicable since February 2025, further
obliges providers and deployers of Al systems to ensure a sufficient level of Al literacy
among their staff and others operating such systems on their behalf (European Union,
2024), which gives universities a compliance rationale alongside the educational one. Read
together, these instruments frame Al literacy as a general entitlement instead of a special-
ist skill, and they support reading a first-year literacy baseline as an equity measure rather
than a technical addition to the curriculum.

2.5. Synthesis

The work reviewed above is usually pursued separately: learning analytics and drop-
out prevention in one tradition, digital and Al literacy in another. This article argues that
they are best understood as two mechanisms of a single equity logic. The first mechanism
is reactive: because vulnerable students are unevenly distributed and unlikely to seek
help, the institution must detect risk proactively and respond with differentiated, person-
alized support. The second mechanism is proactive: because emerging competencies are
unequally distributed at entry, the institution must build a common literacy baseline so
that technological change narrows rather than widens gaps. Both mechanisms share the
same equity rationale, and both are concentrated where they matter most, in the first-year
transition. The gap this study addresses is the absence of integrated accounts that connect
these mechanisms within a single institutional strategy and examine their results together.

3. Materials and Methods
3.1. Setting

The study is situated at Iscte— University Institute of Lisbon, a public university in
Portugal organized into several schools and distributed across two campuses, in Lisbon
and in Sintra. The institution promotes the IN-Iscte project, whose central objectives are
the reduction in dropout and the promotion of academic success, with particular attention
to the first year and to students in vulnerable situations. The program is deliberately mul-
tidisciplinary in its governance: bringing together Academic Administration, Social Ser-
vices, Soft Skills Lab, Pedagogical Council, Information Systems Development Service,
and Quality Management; and mobilizing technical staff, peer mentors, class tutors, first-
year coordinators, and course directors. This breadth constitutes a coordinated institu-
tional effort, which is what allows detection to be coupled to response.

The methodological orientation is that of an institutional case study combining sev-
eral strands of evidence: administrative and academic records analyzed through a rule-
based alarm and through machine learning models, and descriptive evidence on the reach
and reception of the Al literacy initiatives. The case study design is appropriate to the
research questions, which concern how an integrated strategy operates and with what
results in a real institutional setting, rather than the isolated effect of a single controlled
intervention.

3.2. Data

All academic information at Iscte resides in the FenixEdu information system, which
constitutes the principal data source for the detection components of the strategy. Two
categories of variables are distinguished. Enrolment variables, which are available from
the moment a student registers, include: gender; nationality and second nationality; coun-
try and city of residence; a derived “displaced” indicator; age; admission category and
phase; enrolment date and mode; enrolment status; debt status; scholarship status; degree;
school; campus; statutes (such as working student or special educational needs);
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admission grade; and the placement option number indicating where the institution
ranked among the student’s preferences. Two of these fields, enrolment status and debt
status, are administrative statuses that the information system stores at their current value
rather than as of the registration date. They are used by the rule-based alarm described in
Section 3.3 and are not part of the feature set supplied to the models described in Section
3.4. Academic variables, which become available at the end of the first semester, include
for each curricular unit: enrolled and completed ECTS credits; the ratio of completed to
enrolled credits; not-assessed (NA) credits; and the NA ratio. The detection components
focus exclusively on first-time, first-year students of undergraduate programs, the popu-
lation in which risk is most concentrated. The analyses draw on cohorts spanning the
2016/17 to 2024/25 academic years, with the precise window depending on the compo-
nent.

The use of administrative data for intervention raises ethical considerations that the
program treats as integral rather than incidental. These include the secure storage and
encryption of data, the definition of who may handle nominally identified information
and under what conditions, and the inherent tension between targeted intervention,
which requires identification, and the protection of student privacy. Because the data are
collected primarily for administrative management, their repurposing for risk detection
must be carefully bounded, and the system is designed so that nominal identification
serves only the purpose of timely, proportionate support.

Two distinct processing operations must be distinguished, because they rest on dif-
ferent legal bases and demand different obligations. The first is the operational early-
warning system, which processes identifiable records in order to select students for an
offer of support. This processing relies on the performance of a task carried out in the
public interest under Article 6(1)(e) of the General Data Protection Regulation (Regulation
(EU) 2016/679), namely the institution’s statutory mission to monitor and promote aca-
demic success, rather than on consent. The second is the retrospective, statistical analysis
reported in this article, which is a secondary use of the same records for scientific research
and statistical purposes as provided for by Article 89(1) GDPR and Article 31 of Portu-
guese Law No. 58/2019 of 8 August. No data were collected from students for research
purposes, and all figures reported here are aggregated and anonymized. Formal ethics
committee approval was not required. Under Portuguese law, prior approval by an ethics
committee is mandatory for clinical research on human beings as defined by Law No.
21/2014 of 16 April, whose material scope is limited to studies intended to discover or
verify effects on health, health states or health-care interventions. That scope does not ex-
tend to educational or social science research conducted on anonymized institutional ad-
ministrative records, and no equivalent requirement applies to research of the present
kind. The safeguards required by Article 89(1) GDPR, in particular, data minimization
and anonymization, were applied throughout. The operational system is governed by hu-
man oversight at every consequential step. The alarm produces a list for review rather
than an automated decision, and no support, sanction or administrative consequence fol-
lows from a flag without a member of staff assessing the individual case. Contact takes
the form of an open enquiry about how the student’s year is progressing and whether any
assistance would be useful; support is offered instead of imposed, and the decision to
accept, partially accept, or decline it rests entirely with the student. Declining carries no
recorded consequence, and flag status is not disclosed to the teaching staff responsible for
assessing the student.

Students are informed at the start of the academic year about the range of support
available to them, including the welcoming, mentoring and student support programs
through which contact is subsequently made. They are not, however, told at the point of
contact that an alarm has identified them, and the conversation is deliberately framed as
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a general enquiry rather than as a response to a risk classification. The rationale is the
stigmatization cost that may come from informing a student that an automated rule has
categorized them as at-risk. This may itself damage the sense of belonging that the inter-
vention exists to protect and may deter precisely those students least inclined to seek help.
The cost of that choice is a reduction in transparency, and with it the absence of any pro-
cedure by which a student might contest a flag, since a student unaware of a classification
cannot challenge it. What limits the significance of that absence is that a flag carries no
adverse consequence of any kind: it produces an offer of assistance and nothing else, it
triggers no administrative action, and it leaves no mark on the student’s record.

Given the contextual nature of these contacts, the outcomes of the interactions they
open cannot be specified in advance. They emerge instead as a co-constructed process,
taking multiple forms depending on each student’s profile, background and the specific
situation at hand, and within that process the student plays an active role in the choices
that shape their academic trajectory. Beyond this co-constructed nature, the establishment
of contact can also be understood as an intermediate level of intervention, through which
the student is informed about the range of responses and resources available within the
university. In doing so, it translates, to some extent, the complexity of the institution and
brings these responses closer to the student. Subsequent help-seeking, whether immediate
or at a later stage, may therefore be considered an outcome of this contact.

3.3. Rule-Based Early Warning Alarm

The first detection component is a transparent, rule-based alarm that flags students
at the end of the first semester according to three criteria, defined as follows:

e A student is flagged if the ratio of completed to enrolled ECTS credits is below 50%,
indicating that the student completed less than half of the credit load in which they
were enrolled;

e A scholarship-holding student is flagged if they completed fewer than 18 ECTS cred-
its in the semester, a threshold that places the renewal of the scholarship at risk and
therefore signals compounded academic and financial vulnerability;

e  Astudentis flagged if their enrolment status has changed to a request for withdrawal
(but not yet effective cancellation of enrolment).

These three categories are not mutually exclusive: a student may be flagged under
more than one rule simultaneously. To support intervention, several enrolment variables
are retained alongside the flag, so that the staff member making contact can access rele-
vant contextual information and tailor the approach to the student’s profile. Once flagged,
students are reviewed case by case, and personalized intervention plans are established
through negotiated dialogue between the student and the services assigned to follow up.
The intervention infrastructure that the alarm feeds into includes a peer mentor team
drawn from diverse academic backgrounds, health and well-being workshops, expanded
transversal and soft skills training, pedagogical innovation training for staff, a dedicated
“Student Space” bringing together several services, and a monthly routine of meetings
among service representatives, student representatives, and teaching staff. The pilot phase
of the early warning system analyzed data collected in March 2024 for the first semester
of 2023/24 (Lopes et al., 2024); the impact of the resulting intervention was then assessed
on the 2023/24 cohort, whose re-enrolment outcomes were observed at the start of 2024/25,
set against the institution’s longer-run trends in dropout and academic progress (Mauritti
et al., 2025).

https://doi.org/10.3390/educsci16091451



Educ. Sci. 2026, 16, 1451

10 of 27

3.4. Machine Learning Early Detection

The second detection component investigates whether risk identification can be au-
tomated and brought forward in time using machine learning. For each academic year,
two datasets were constructed: an enrolment-only dataset, available at the start of the
year, and a dataset adding first-semester academic data, available at the end of the first
semester. Both target two binary outcomes: academic success, defined as eligibility to pro-
gress to the second curricular year; and dropout, defined as the absence of enrolment in
the following academic year. Preprocessing was standardized through a pipeline that one-
hot encoded categorical variables, applied standard scaling to numerical variables, and
imputed missing values as None for categorical fields and as -1 for numerical fields, en-
suring that all datasets underwent identical treatment.

Seven widely used algorithms were trained and compared: Random Forest, Support
Vector Machine (SVM), Naive Bayes, Decision Tree, AdaBoost, K-Nearest Neighbors
(KNN), and Logistic Regression. For every combination of model, dataset, and target, hy-
perparameter tuning was performed with the Optuna framework using 150 trials, and
each model was then evaluated in its best-performing configuration. Four metrics were
computed: accuracy, recall, F1-score, and the area under the receiver operating character-
istic curve (ROC-AUC). Models were trained on data from 2016/17 to 2022/23 and tested
on two datasets: a held-out subset of that same period, not used in fitting, and the 2023/24
cohort. The two-test design is deliberate with the goal of answering two different ques-
tions. The first establishes whether the models perform within the regime on which they
were fitted (with no intention of offering evidence of generalization). The second asks
whether that performance transfers to a cohort in which the institution had begun to in-
tervene systematically. The 2023/24 cohort is distinctive because the personalized inter-
vention strategy described above began that year; although the intervention itself was not
included as a model variable, it may have altered student outcomes, allowing the com-
parison of pre- and post-intervention test performance to serve as a probe of model ro-
bustness under environmental change (Rodrigues et al., 2025).

Three features of this design limit what the results in Section 4.3 can support. First,
the two test sets differ in kind and not merely in period. The pre-intervention test set is a
random hold-out drawn from the pooled 2016/17-2022/23 data and therefore shares co-
hort year effects, admission grade scales, curricular structures and administrative coding
conventions with the training data, whereas the 2023/24 test set is a genuine out-of-time
evaluation. Any comparison between the two consequently confounds the change in pe-
riod with the change in validation regime. Second, the features that were actually supplied
to the models were audited at field level. The two administrative statuses that would most
directly encode the dropout outcome, enrolment status and debt status, are stored by the
information system at their extraction time value rather than as of the registration date,
and enrolment status takes values including request for withdrawal and withdrawal; the
audit established that neither field was part of the modelling feature set, so the most direct
route by which a registration time feature could have carried the outcome is excluded.
The audit does not extend beyond those fields: no time-stamped feature dictionary or ob-
servation time boundary was enforced for the remaining variables, and no feature abla-
tion analysis was carried out, so residual leakage cannot be ruled out. Third, the reported
recall and F1 values were computed with the majority class as the positive class, so they
describe the identification of students who succeed rather than the detection of those at
risk; class prevalence, per-split sample sizes and a trivial baseline were not recorded
alongside them. Hyperparameters were tuned over 150 Optuna trials per configuration,
with every preprocessing step fitted inside the training folds through scikit-learn pipe-
lines, so that no test data entered the fitting of any transformation; the criterion by which
the best trial was then selected was not recorded. For these reasons the machine learning
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component is reported below as an exploratory analysis and as a methodological caution-
ary case, not as a validated detection system. The full pipeline, variable definitions and
tuning procedure are documented in Rodrigues et al. (2025).

3.5. Al Literacy Initiatives

The third component, operating since May 2023, addresses the proactive equity
mechanism through two complementary lines. The faculty line comprises master classes,
pedagogical sessions, and a Specialization Seminar on GenAl in Teaching and Research.
It is oriented toward a rigorous understanding of how generative models function, includ-
ing their limitations and ethical implications, and toward the reconfiguration of assess-
ment practices, privileging authentic assessment centered on critical analysis and the ex-
plicit articulation of reasoning over tasks easily delegated to Al systems. Rather than a
logic of surveillance and fraud detection, the approach seeks to design academic activities
whose very structure discourages uncritical use.

The student line is a curricular unit, “Academic Work with Artificial Intelligence”, in
operation since the 2023/24 academic year. It is mandatory in the first year of the ten un-
dergraduate degrees on the Sintra campus and optional in the first year of the twenty
undergraduate degrees on the Lisbon campus. Its content ranges from the basic function-
ing of the technology to the practical exploration of tools, the development of critical
thinking through the analysis and comparison of Al-generated responses, the delimitation
of academic integrity (distinguishing legitimate support, assisted co-authorship, and pla-
giarism) and the use of Al as a reasoning partner while preserving the central role of hu-
man judgment. The pedagogical rationale is that a universal first-year baseline guarantees
a common level of Al literacy at the outset of the academic path, freeing later curricular
units to focus on contextualized application within their specific fields. Evidence on these
initiatives is necessarily more descriptive than the detection components and consists
principally of measures of reach and participant reception. Because the unit is mandatory
on one campus and optional on the other, it constitutes a universal baseline for entrants
to the ten Sintra degrees and an opt-in offer for entrants to the twenty Lisbon degrees. The
term universal is used below only in that campus-specific sense.

4. Results
4.1. Who Is at Risk? (RQ1)

The rule-based alarm provides a detailed map of how academic risk is distributed
across the first-year population. In the 2023/24 pilot, approximately 19.2% of first-year
students (n = 361) were identified as requiring specific intervention. The overwhelming
majority of those flagged (98%, n = 354) had completed less than half of their enrolled
credits. More troubling, 58% of flagged students (n = 209), corresponding to 11% of all
first-year students, completed zero ECTS in the first semester, and approximately 22% of
flagged students (1 = 79), or 4% of all first-year students, had formalized a request for
withdrawal. The close relationship between completing no credits and undertaking no
assessment is striking: more than three-quarters of the zero-credit students have not been
present for any assessment activity at all, indicating that the dominant pattern is not fail-
ure after effort but disengagement before it.

Risk is far from evenly distributed across student groups. Table 1 reports the inci-
dence of the most severe indicator, completing zero credits (R0), across selected statuses
and characteristics in the 2023/24 pilot. International students, and especially students
from the Portuguese-speaking African countries (PALOP), stand out among the most ex-
posed, with RO rates of 36.1% and 42.9% respectively, against an institutional average of
11.1%. Relocated students (25.3%) and late-enrolment students (26.8%) are likewise
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substantially above average, and the data on age reveal a clear gradient: while students
under 20 have an RO rate of 7.7%, the rate rises to 18.2% for those aged 20-29 and 34.0%
for those aged 30-39, and stands at 23.6% among students aged 40 and above. These older
students are concentrated in evening and post-work programs and frequently combine
study with employment and family responsibilities, which plausibly accounts for their
elevated risk.

Table 1. Incidence of severe academic risk (zero completed ECTS, R0) by student status and charac-
teristics, first-year students, 2023/24 pilot cohort. Categories are neither mutually exclusive nor ex-
haustive, and the incidences are univariate and therefore not mutually adjusted. Wilson score 95%
confidence intervals are reported for every cell above the disclosure threshold. Under the statistical
disclosure control rule applied here, cells based on fewer than five students are reported as “n <5”
and their confidence intervals suppressed to avoid re-identification. For the same reason, the oldest

age groups are combined into a single band of students aged 40 and above.

Student Status/Characteristic N RO (%) [95% CI (%)]
Students from PALOP countries 91 429 [33.2-53.1]
International students 72 36.1 [26.0-47.6]
Late-enrolment students 71 26.8 [17.9-38.1]
Relocated students 249 25.3 [20.3-31.0]
Students with special educational 14 n<5[]
needs

Students in after-work programs 221 10.9 [7.4-15.6]
Working students 123 7.3 [3.9-13.3]
State grant scholarship holders 264 3.8 [2.1-6.8]
Students transferred to a new degree 42 n<5[-]
Class representatives 60 n<5][-]
Age <20 years 1375 7.7 [6.4-9.2]
Age 20-29 years 406 18.2 [14.8-22.3]
Age 30-39 years 47 34 [22.2-48.3]
Age > 40 years 55 23.6 [14.4-36.3]
All first-year students 1883 11.1[9.8-12.6]

Equally informative are the apparent protective profiles. State grant scholarship
holders are markedly below the institutional average at 3.8%, while class representatives
and students who had transferred into a new degree show a lower incidence still, in both
cases involving fewer than five students. These associations should, however, be read as
artefacts of the way the categories are constituted rather than as protective effects. Class
representatives are elected after the academic year has begun, so the category translates
on a student being present and engaged at the time of election; and students transferred
into a new degree have chosen to do so because the new degree more closely addresses
their preferences, thus fueling engagement. Both are therefore colliders, and neither sup-
ports an inference that the status confers resilience. The position of scholarship holders is
different. For a first-time first-year cohort, social action support is awarded on a means
test at entry (or at least in the first weeks of the school year), and the progression thresh-
olds that condition its renewal apply prospectively from the second year onwards. Schol-
arship status is therefore a prior characteristic for this cohort rather than an outcome, and
the low incidence observed among these students is a genuine descriptive finding, albeit
a univariate one that cannot on its own establish that the support confers protection. The
counts are in any case too small to sustain a conclusion.
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Very few students are affected in each of the three groups, and the resulting confi-
dence intervals are so wide as to be uninformative. For students with special educational
needs, the count falls below the disclosure threshold, so neither an incidence nor an inter-
val is.

Table 1 is also univariate throughout, and its categories are neither exhaustive nor
mutually exclusive. This matters most for the PALOP and late-enrolment rows: as noted
in Section 2.2, visa delays mean that PALOP students frequently enroll late, so the elevated
PALOQOP rate may be substantially or wholly mediated by late enrolment.

A conceptual distinction that the data force into view, and that is developed further
below, is the one between academic failure and dropout. The alarm identifies students
who are failing to progress, but failing to progress is not the same as leaving the institu-
tion. Keeping these two phenomena analytically separate is essential both for accurate
institutional diagnosis and for the design of proportionate intervention.

4.2. Outcomes of Flagged Students by Intervention Status (RQ2)

Assessing whether detection coupled with intervention improves outcomes requires
evidence that speaks to the intervention itself rather than to incidental differences between
unrelated cohorts of first-year students. We therefore approach RQ2 at two levels. At the
institutional level, we ask whether the indicators the strategy is designed to move (first-
year dropout and academic progress) have shifted since personalized intervention began
with the 2023/24 first-year cohort. At the individual level, and more decisively, we com-
pare the subsequent outcomes of flagged students according to whether they actually re-
ceived intervention, which provides the most direct available test of the intervention’s
contribution within a single cohort.

Table 2 places the two intervention years within the longer institutional series, com-
bining two indicators measured on different populations. The first-year dropout rate
(measured as the share of a given first-year cohort that fails to re-enroll the following ac-
ademic year) fluctuated between roughly 14% and 21% across the cohorts from 2016/17 to
2022/23, with the highest values recorded in the cohorts most affected by the pandemic.
For the 2023/24 and 2024/25 cohorts, the first two exposed to the personalized intervention
strategy, this rate fell to 13.70% and 13.48% respectively, the two lowest values in the en-
tire series. The average number of ECTS credits concluded tells a parallel story: it reached
4429 in 2023/24 and 44.51 in 2024/25, the two highest figures observed since 2016/17,
against a prior multi-year band of roughly 40 to 44. It is notable that both indicators
reached their most favorable values in the two intervention years and continued to im-
prove from the first to the second.

Table 2. First-year dropout and average concluded ECTS credits by academic year, 2016/17-2024/25.
Dropout is defined as the proportion of the first-year cohort entering in that given year that fails to
re-enroll at the start of the following academic year; the ECTS average is computed across all first-
year enrolled students for the year indicated. Rows in bold are academic years in which the inter-
ventions took place. N is the number of students entering the first year in that cohort; the rise from
2021/22 to 2022/23 reflects the opening of a new School in Sintra, which increased the number of
degrees offered and hence the number of places. The 95% confidence intervals reported for the drop-

out proportion are Wilson score intervals.

Average Concluded ECTS (First-Year First-Year Dropout at Start of Following Year (%)

Academic Year N Students) [95% CI (%)]
2016/17 1371 42.87 14.40 [12.6-16.3]
2017/18 1392 43.87 14.64 [12.9-16.6]
2018/19 1344 40.37 17.74 [15.8-19.8]
2019/20 1481 42.79 14.32 [12.6-16.2]
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2020/21
2021/22
2022/23
2023/24
2024/25

1473
1476
1768
1883
1907

41.82 21.26 [19.2-23.4]
41.18 20.85 [18.9-23.0]
41.46 19.40 [17.6-21.3]
44.29 13.70 [12.2-15.3]
4451 13.48 [12.0-15.1]

The comparison should not, however, be anchored on the pandemic peak. Measured
against the four pre-pandemic cohorts of 2016/17-2019/20, whose mean first-year dropout
was 15.28%, the improvement in the two intervention years (mean 13.59%) is about 1.7
percentage points, and measured against the lowest pre-pandemic year, 14.32%, it is about
0.7 points. The intervals in Table 2 are wide enough to consider the following: the interval
for 2023/24 (12.2 to 15.3) overlaps that of every pre-pandemic cohort, and pooling the four
pre-pandemic years (851 of 5588, 15.2%, 14.3 to 16.2) against the two intervention years
(515 of 3790, 13.6%, 12.5 to 14.7) leaves intervals that overlap as well (even if on a very
small margin). On its own, the series cannot distinguish the intervention years from the
pre-pandemic baseline. Although these aggregate movements are consistent with the
strategy working (the two most favorable years are the two intervention years rather than
an isolated good year, which makes a one-off anomaly less likely), they cannot, however,
isolate the strategy’s effect on their own: observed at the level of whole cohorts, they re-
main open to alternative explanations and do not establish causation. It is therefore diffi-
cult to attribute the lower dropout values to the single reason of the intervention practice
at the institution or, for that matter, to a pandemic recovery wave (which would be very
difficult to measure), but it is worth considering that it has occurred against a macro-con-
text (of economic disruption associated with the war in Ukraine) that would, if anything,
be expected to worsen them. Therefore, Table 2 is presented as context only since the series
cannot identify an effect, and no inference about the strategy is drawn from it here. For
that reason, the analysis turns to a comparison internal to the 2023/24 cohort, which holds
the surrounding environment fixed.

The most direct evidence comes from comparing, within the 2023/24 cohort, the re-
enrolment outcomes of students according to both whether the early warning alarm
flagged them and whether they subsequently received personalized intervention. Table 3
reports this breakdown across the four resulting groups. All 1883 first-year students of the
2023/24 cohort are included in the analysis that follows and all are observed at the start of
2024/25; no student was excluded at any stage, and no exclusion was made after re-enrol-
ment status was known. Of the cohort, 361 students (19.2%) were flagged by the alarm
and 1522 were not. Personalized intervention reached 45 of the 361 flagged students and
a further 59 students who had not been flagged (these were students that voluntarily
reached out to the Student Space and requested some kind of support and were given
personalized interventions as well, depending on their context), giving 104 intervened
students in all.

Table 3. Re-enrolment and dropout outcomes for first-year students of the 2023/24 cohort, by flag
status and intervention status. Dropout is measured at the start of 2024/25. The four groups are
mutually exclusive and exhaustive and together account for the full first-year cohort. Percentages

are within-group percentages; 95% confidence intervals are Wilson score intervals.

Group

Re-Enrolled Following Year (%) [95% CI

N )]

Dropout (%) [95% CI (%)]

Flagged, intervened
Flagged, not intervened
Not flagged, intervened

Not flagged, not intervened

45 68.9 [54.3-80.5] 31.1[19.5-45.7]
316 43.7 [38.3-49.2] 56.3 [50.8-61.7]
59 93.2 [83.8-97.3] 6.8 [2.7-16.2]
1463 95.8 [94.5-96.6] 4.2[3.3-5.4]
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Two findings stand out. First, the early warning system identifies genuine risk.
Among students who received no intervention (the closest available approximation to an
untreated baseline), flagged students dropped out at 56.3%, against only 4.2% for those
not flagged, a more than thirteen-fold difference. Detection is therefore not generating
noise: the students it singles out are, without support, those who overwhelmingly go on
to leave. Second, the intervention is associated with a marked reduction in that risk.
Among flagged students, those who received intervention dropped out at 31.1%, com-
pared with 56.3% for those who did not, a risk difference of 25.2 percentage points (95%
CI 10.6 to 39.8) and a relative reduction of 44.8% (95% CI 13.8 to 64.6; Fisher’s exact p =
0.002). These intervals are wide because only 45 students received intervention: that
group’s rate of 31.1% carries a 95% interval of 19.5% to 45.7%, against 56.3% (50.8 to 61.7)
among the 316 flagged students who did not. With groups of this size, the smallest differ-
ence detectable at 80% power and a two-sided 5% level is a fall from 56.3% to about 34%,
some 22 percentage points; anything smaller could not have been distinguished from
chance, however consequential in practice. By contrast, intervention made little difference
among non-flagged students (6.8% versus 4.2%; risk difference 2.5 percentage points, 95%
CI-4.0 to 9.0), exactly as expected for a group not exhibiting academic risk; the marginally
higher rate among the few non-flagged students who were nonetheless intervened most
likely reflects concerns not captured by the credit-based early warning system. Consid-
ered as a detector, the rule-based alarm can also be characterized at its operating point,
which provides the natural benchmark for the models of Section 4.3. If we consider only
the 1779 students who received no intervention, the closest available untreated sample,
and taking the 240 dropouts among them as the positive class, the alarm attains a sensi-
tivity of 74.2%, a specificity of 91.0%, a positive predictive value of 56.3% and a balanced
accuracy of 82.6%, at an alert rate of 17.8%. These figures are reported here because three
transparent, human-readable rules turn out to be a demanding baseline, a point returned
to in Section 4.3.

Itis important, however, to temper this reading with some caveats. First, intervention
reached only a minority of flagged students, 45 of 361, or roughly one in eight. This is due
to the fact that most of the flagged students, when contacted, declined the offer of help or
support. Even though institutional capacity (as discussed in Section 2.3) could become a
factor, this was not the case in this study because very few students ended up receiving
some kind of intervention. Instead, this presents itself as an instance of the reluctance to
seek help discussed in Section 2.1. Second, the comparison is observational rather than
experimental: students who received intervention may differ systematically from those
who did not, in reachability, engagement, or motivation, so part of the observed gap may
reflect selection rather than the intervention alone. Third, students who do not re-enroll
in their initial degree program but remain actively enrolled in another program at the
University (i.e., internal program changes) are not classified as dropouts. However, the
available data do not allow us to identify students who leave the University to continue
their studies at another higher education institution. Consequently, some students classi-
fied as dropouts may in fact represent institutional transfers rather than withdrawal from
higher education. Fourth, the data reaffirm that academic difficulty does not equate to
departure: even among flagged students who received no intervention, 43.7% re-enrolled,
underscoring that the flagged population remains substantially reachable and that failure
and dropout must be kept analytically distinct. This last point is developed further below,
since it conditions both how outcomes should be measured and where continued support
is most likely to convert a difficult first year into eventual success.

Two further qualifications are more consequential than those above, and they mate-
rially limit what Table 3 can support. First, the composition of the flagged group is not
independent of the outcome. Rule 3 flags students whose enrolment status has changed
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to a request for withdrawal, and 79 students carried that status. Inspection of their records
establishes the following. The rule adds no one to the flagged pool: every one of the 79
also failed a credit ratio criterion, 68 of them (86%) having completed no credits and the
remaining 11 (14%) less than half of their enrolled credits, so all would have been flagged
had Rule 3 never existed. Also, all 79 subsequently dropped out and none of them received
intervention. The difficulty therefore lies not in the rule but in the status it records: a stu-
dent who has already formalized a withdrawal request is near-certain to be recorded as a
dropout and, having in effect already decided to leave, very unlikely to take up an offer
of support. These students consequently occupy the non-intervened arm exclusively and,
by representing a group with no realistic prospect of receiving the intervention, cannot
contribute to a comparison between those who received it and those who did not. Setting
the 79 aside and restricting attention to flagged students for whom intervention was a live
possibility, dropout among the 237 remaining non-intervened students is 41.8% (99/237)
against 31.1% among the 45 intervened, a risk difference of 10.7 percentage points with a
95% interval of —4.3 to 25.6 that includes zero (Fisher’s exact p = 0.19). This contrasts with
the unadjusted 25.2-point difference referenced above and, therefore, reported here for
transparency. The 79 were retained in the operational cohort by design: it was not known,
when the alarm was deployed, whether a student who had requested withdrawal could
be brought back, so no attempt was made to triage them out and contact was offered to
every flagged student on the same terms. No student was removed from the program,
Table 3 reports the cohort in full, and the restricted comparison is set beside the unad-
justed contrast rather than substituted for it. Second, no covariate adjustment has been
attempted. The enrolment variables retained alongside the flag are the obvious adjust-
ment set, and the account of help-seeking in Section 2.1 implies that willingness to accept
support is patterned by exactly the vulnerabilities that also predict dropout, so the ex-
pected direction of the resulting bias is the direction observed.

The defensible reading of Table 3 is therefore that flagged students who engaged
with support had better re-enrolment outcomes than those who did not, on a comparison
this design cannot render causal. This cohort is too small and its intervened group too
selected to settle the question either way.

4.3. Exploratory Predictive Modelling and Its Limits (RQ3)

The machine learning component addresses whether automated detection can scale
beyond the transparent rule-based approach and generalize to new cohorts. Because the
central question is how performance behaves when the environment changes, the full
metric-by-metric results are reported rather than a summary. Table 4 reports the perfor-
mance of the seven algorithms on the pre-intervention test set, drawn from 2016/17-
2022/23, and Table 5 reports their performance on the 2023/24 cohort, the first exposed to
personalized intervention. For each target (academic success and dropout) and each da-
taset (enrolment data available at the start of the year and the same data augmented with
first-semester results) accuracy, recall, F1-score, and the area under the ROC curve (ROC-
AUC, on a 0-100 scale) are shown. ROC-AUC is the most informative of the four metrics
in this setting: because at-risk students are a minority, a model can post high accuracy and
recall simply by favoring the majority class, whereas ROC-AUC reflects genuine discrim-
ination between at-risk and not-at-risk students.
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Table 4. Model performance on the 2016/17-2022/23 (pre-intervention) test set. The models were
fitted on the 2016/17-2022/23 data and are evaluated here on a random hold-out drawn from that
same pooled period, so these figures describe within-regime behavior and are not to be read as
achievable out-of-sample performance; Table 5 reports the out-of-time evaluation. * Decision Tree:
scores at or near the ceiling from registration-time data are reported as an artefact of the evaluation
rather than as performance (see Section 4.3). ®* Degenerate rows: the model predicts virtually a single
class, so accuracy, recall and F1 reproduce the prevalence of the majority class and carry no infor-

mation about the detection of at-risk students.

Target Dataset Model Accuracy Recall F1 ROC-AUC
Random Forest 94 99 96 89
SVM 79 98 87 62
Naive Bayes 74 86 83 63
Start of the year Decision Tree @ 99 99 100 99
AdaBoost 78 95 86 63
KNN 82 95 88 71
Success Logistic Regression 78 96 87 63
Random Forest 94 98 96 91
SVM 95 99 96 91
Naive Bayes 89 92 82 86
End of the 1st semester Decision Tree 2 100 100 100 100
AdaBoost 94 97 96 91
KNN 94 99 96 89
Logistic Regression 94 97 96 91
Random Forest 97 100 98 90
SVM P 85 100 92 56
Naive Bayes 80 90 88 59
Start of the year Decision Tree @ 100 100 100 100
AdaBoost ® 85 99 92 57
KNN 87 98 92 64
Dropout Logistic Regression P 85 99 92 57
Random Forest 95 99 97 88
SVM 94 99 97 85
Naive Bayes 89 92 93 84
End of the 1st semester Decision Tree 2 100 100 100 100
AdaBoost 94 98 96 85
KNN 94 99 96 85
Logistic Regression 94 99 97 85
Table 5. Model performance on the 2023/24 (post-intervention) test set. A dash denotes an ROC-
AUC that the analysis pipeline did not return. ® Degenerate rows: the model predicts virtually a
single class, so accuracy, recall and F1 reproduce the prevalence of the majority class and carry no
information about the detection of at-risk students. < Logistic regression on the success target at the
end of the first semester returned zero recall and F1; this is a fault in that fitting run rather than a
property of the algorithm.
Target Dataset Model Accuracy Recall F1 ROC-AUC
Random Forest 79 97 88 58
SVM 78 99 87 54
Success Start of the year Naive Bayes 77 87 85 66
Decision Tree 68 77 78 57
AdaBoost 80 97 88 60
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KNN 77 91 86 59

Logistic Regression 72 78 71 65

Random Forest 93 97 95 88

SVM 93 98 95 86

Naive Bayes 87 86 91 88

End of the 1st semester Decision Tree 71 69 79 75
AdaBoost 89 99 93 76

KNN 93 98 95 87

Logistic Regression ¢ 22 0 0 -

Random Forest 85 96 92 56

SVM b 86 100 92 -

Naive Bayes 80 88 88 59

Start of the year Decision Tree 71 77 82 55
AdaBoost b 86 98 92 53

KNN 84 95 91 54

Logistic Regression ? 86 100 92 -

Propout Random Forest 89 92 93 80
SVM b 86 100 92 -

Naive Bayes 78 78 86 79

End of the 1st semester Decision Tree 86 90 92 76
AdaBoost 91 98 85 72

KNN 89 98 94 67

Logistic Regression 91 98 95 71

The pre-intervention test set (Table 4) has to be read with two prior cautions, both
related to rows that cannot be taken at face value. The first is the Decision Tree, which
returns scores at or near the ceiling on every target and dataset, including an ROC-AUC
of 100 from registration time data alone. That is not a credible level of performance on a
task on which five of the remaining six algorithms do not exceed 71 from the same infor-
mation. Therefore, the row is treated as an artefact of the evaluation instead of as a result.
The second caution is the majority class convention noted in Section 3.4. A classifier that
always predicts a majority class of 85% attains accuracy 85, recall 100 and F1 92, which is
precisely the SVM row for start-of-year dropout, while AdaBoost and Logistic Regression
report 85/99/92 on the same task. Those rows are degenerate, and their F1 values carry no
information about at-risk detection. Precision for the at-risk class, the area under the pre-
cision—recall curve and a majority class baseline are the metrics a confirmatory evaluation
would require.

Once those rows are set aside, Table 4 makes clear the contribution of academic data.
Random Forest is consistently strong (ROC-AUC 88-91), including with enrolment data
alone (89 for success, 90 for dropout). For the remaining five models, the value of academic
data is weaker. With enrolment data only, their ROC-AUC clusters in a weak band
(roughly 6271 for success and 56-64 for dropout) even though accuracy and recall are
frequently above 90 (a gap that exposes the class imbalance effect). Adding first-semester
results lifts these same models to ROC-AUC values of roughly 84-91, confirming the well-
established predictive power of early academic performance while also showing that en-
rolment-only prediction, though weaker, is feasible and therefore useful for intervening
before results exist.

The post-intervention test set (Table 5) depicts a different story: the Decision Tree
model, whose pre-intervention scores sat at the ceiling, has its ROC-AUC fall to 57 and 55
on the start-of-year success and dropout tasks, and it recovers only partially, to 75 and 76,
even with first-semester data; the Random Forest model declines sharply on the start-of-
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year tasks (to 58 for success and 56 for dropout), though it holds up better once academic
data are included (88 and 80). More broadly, every model’s start-of-year ROC-AUC sits in
a near-random band of roughly 53-66, and several models degenerate entirely: SVM and
Logistic Regression collapse into predicting a single class on the dropout target, and no
ROC-AUC is reported for them because the analysis pipeline did not return one; a model
that emits constant scores has an ROC-AUC of 0.5 rather than an undefined value, so the
dashes in Table 5 record a gap in the analysis output and not a mathematical impossibility.
Logistic Regression on the success target fails completely at the end of the first semester,
with zero recall and F1. The models that retain the most value are the end-of-first-semester
variants (ROC-AUC roughly 67-88), but even these fall below their pre-intervention lev-
els.

One interpretation of this degradation would attribute it to model drift induced by
the intervention itself: by supporting students who would otherwise have struggled, the
strategy would have weakened the historical association between risk profiles and out-
comes on which the models relied. However, the observed degradation should not be sin-
gle-handedly attributed to intervention-induced model drift on the present evidence.
There are three explanations that are more plausible. First, the pre-intervention figures
were inflated by an artefact of the evaluation itself rather than by any property of the
models. A Decision Tree scoring 100 on accuracy, recall, F1 and ROC-AUC from registra-
tion time data is not a result that a generalizing model could produce on this task, and
target leakage is the standard explanation for performance of that kind (Kapoor & Nara-
yanan, 2023). The field-level audit reported in Section 3.4 removes the most obvious can-
didate, since neither enrolment status nor debt status was among the features supplied to
the models, but it does not establish what took their place: a residual field carrying post
hoc administrative information and an unmodelled dependence between the fitting and
hold-out partitions; both remain open and cannot be separated without re-fitting the pipe-
line. A model relying on a shortcut of either kind would perform near-perfectly in-period
and collapse out of period, which is what Table 5 shows. Second, the validation design
confounds the comparison. Pre-intervention performance was estimated using random
hold-outs from pooled multi-year data, whereas 2023/24 performance was measured on a
genuinely out-of-time cohort. Random-split validation commonly overstates temporal
generalization, and the study did not perform the falsification test needed to distinguish
this effect from intervention-induced drift. Third, the underlying data distribution and
administrative process changed. Dropout prevalence fell from 17.5% across the training
years to 13.7% in 2023/24, which could impair transfer independently of intervention ef-
fects. The defensible conclusion is therefore narrower: models selected on in-period ran-
dom-split performance transferred poorly to the following cohort, with an unresolved ar-
tefact in the pre-intervention evaluation, the validation design, and distributional or ad-
ministrative shift as plausible explanations that this study cannot separate. More gener-
ally, once institutions act on model predictions, historical risk models may require contin-
uous out-of-time validation and recalibration (Lenert et al., 2019; Perdomo et al., 2020).
On the present evidence, the interpretable three-rule alarm remains competitive, while
the algorithmic detector has no demonstrated advantage.

4.4. Reach and Reception of the Al Literacy Provision (RQ4)

The Al literacy component addresses the proactive equity mechanism, and its results
are best understood in terms of reach, design rationale, and reception rather than predic-
tive performance. The faculty line has, since May 2023, delivered master classes, pedagog-
ical sessions, and a Specialization Seminar on Generative Al in Teaching and Research
that has run for eight editions and trained more than 220 faculty members. Participant
reception has been uniformly positive, with all participants rating the training as relevant
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or very relevant to their work. The orientation of this line toward authentic assessment,
rather than detection and surveillance, reflects the recognition that the most durable safe-
guard against uncritical Al use is the design of tasks that reward reasoning that cannot be
delegated.

The student line, the first-year course “Academic Work with Artificial Intelligence,”
has trained more than 2000 students since 2023/24. It is mandatory for entrants to the ten
Sintra degrees and optional for entrants to the twenty Lisbon degrees, so it constitutes a
universal baseline on one campus rather than across the institution. Its equity rationale is
explicit: rather than leaving the acquisition of Al literacy to the uneven distribution of
prior exposure and confidence, the institution guarantees a common baseline at the very
start of the academic path, and it is the mandatory status of the unit on the Sintra campus,
rather than the mere availability of the course, that constitutes the inclusion mechanism
there. Because the course is mandatory across the ten Sintra degrees, every entering stu-
dent on that campus acquires the same foundational understanding of how generative
systems work and fail, how to evaluate the reliability of their outputs, how to distinguish
legitimate support from plagiarism, and how to use Al as a reasoning partner rather than
a substitute for judgment. The pedagogical literature underpinning this design holds that
unsupervised use tends toward shallow, over-reliant engagement, whereas structured,
teacher-mediated use can preserve and strengthen critical thinking (Heung & Chiu, 2025;
Ramos et al., 2025). The teacher is thus positioned as an indispensable mediator, and the
universal baseline frees later curricular units to concentrate on contextualized application
within each field. While the available evidence is descriptive and does not yet permit
causal claims about learning outcomes, the scale and reach of the initiative establish that
a common literacy floor across an entering cohort is operationally achievable, which is the
precondition for it to function as an equity measure. Whether the provision narrows a gap
therefore remains untested. Establishing it would require a validated pre- and post-course
Al literacy measure with subgroup breakdown, capable of demonstrating both baseline
heterogeneity and post-course convergence, and preferably scenario-based reasoning
tasks rather than a knowledge test alone; longer-run behavioral proxies such as academic
integrity case rates would strengthen the argument further. Where the unit is optional,
uptake is moreover exposed to precisely the self-selection dynamic identified in Section
2.1, under which an offer open to all is taken up disproportionately by those who already
arrive confident. That is the mechanism the equity argument is intended to counter, and
two-thirds of the institution’s undergraduate degrees currently fall under the optional re-
gime.

5. Discussion

Read together, the four strands of evidence describe a single equity strategy operat-
ing through two reinforcing mechanisms. The detection-and-support components consti-
tute the reactive arm: because vulnerable students are unevenly distributed and fre-
quently do not seek help, the institution identifies risk proactively and responds with dif-
ferentiated, negotiated support; the within-cohort evidence indicates that flagged stu-
dents who engaged with that support re-enrolled at higher rates than those who did not.
The Al literacy components constitute the proactive arm: because an emerging compe-
tency is unequally distributed at entry, the institution builds a common baseline so that
technological change does not widen existing gaps. The value of viewing these as facets
of one strategy, rather than as separate projects, is that they share a single equity rationale
and a single focus of action. Both rest on the premise that responsibility for the conditions
of success lies with the institution rather than with the individual student, and both con-
centrate their effort on the first-year transition, where that responsibility is most conse-
quential. An institution that pursued only the first (the reactive arm) would remain
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perpetually downstream, treating difficulties after they arise; an institution that pursued
only the second (the proactive arm) would build capacity while continuing to lose its most
vulnerable students.

The distribution of risk documented in Section 4.1 is a direct argument against ge-
neric intervention. The students most exposed to severe early disengagement (PALOP
and other international students, late-enrolment students, relocated students, and older
students reconciling study with work and family) face qualitatively different obstacles,
and the protective profiles show that status does not map onto outcome in any simple
way. A support model that treated all flagged students identically would misallocate ef-
fort and miss the specific mechanisms of each group’s difficulty. The program’s design, in
which flags trigger case-by-case review and negotiated, personalized plans drawing on a
multidisciplinary infrastructure, is responsive to this heterogeneity. The within-cohort
comparison underscores both the promise and the condition of the model: among flagged
students, those who received intervention dropped out less often than those who did not,
though not distinguishably so once students who had already formalized a withdrawal
are set aside, and intervention reached only a minority of those flagged, constrained by
students who, once contacted, declined support. Detection therefore produces benefit
only when coupled to support that the student actually engages, which places a premium
on outreach that is credible and accessible to precisely the groups least likely to seek help
spontaneously.

The finding that academic failure does not automatically lead to dropout has conse-
quences for both measurement and practice. For institutional metrics, conflating the two
produces a distorted picture: a substantial share of students who fail to progress nonethe-
less re-enroll (43.7% of flagged students who received no intervention did so), and count-
ing them as lost would both overstate dropout and obscure the population that remains
reachable. For practice, the distinction defines an opportunity. Students who fail but per-
sist are, by their persistence, signaling continued commitment, and they constitute a
group for whom continued, adapted support may convert a difficult first year into even-
tual success. The strategy’s separation of the two phenomena (failure and dropout) allows
the institution to identify this group and to direct support accordingly rather than aban-
doning students whom a cruder metric would have written off. A caveat applies: because
the data cannot distinguish genuine departure from transfer to another institution, some
apparent dropout may in fact be continuation elsewhere, and confirming this requires di-
rect contact with students.

Positioning Al literacy as an equity measure reframes a debate often conducted in
terms of integrity and detection. If GenAl is treated primarily as a threat to be policed, the
institutional response gravitates toward surveillance, which neither develops students’
capabilities nor addresses the underlying inequality in who can use these tools well. If,
instead, Al literacy is treated as a competency that all students have a right to acquire, the
response gravitates toward universal provision and toward assessment redesigned to re-
ward the reasoning that Al cannot supply. Where the unit is mandatory, as it is on the
Sintra campus, it ensures that the capacity to use Al critically is not reserved for those who
arrive already advantaged. Where it is optional, it does not: an offer open to all is precisely
the arrangement under which prior confidence and cultural capital govern uptake. Ex-
tending the mandatory baseline to the Lisbon degrees is therefore the substantive equity
step, and it has not yet been taken. The accompanying faculty development recognizes
that this inclusion cannot be delivered by underprepared teachers, and the orientation
toward authentic assessment aligns the incentive structure of coursework with the culti-
vation rather than the circumvention of critical thinking.

These findings can be read against the frameworks set out in Section 2, which the
case corroborates in some respects and qualifies in others. Coulon’s account of affiliation
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to le métier d’étudiant predicts that a failure of affiliation will manifest early and behavior-
ally rather than as poor performance after sustained effort. The observation that more than
three-quarters of zero-credit students sat no assessment at all is consistent with that pre-
diction in a way that a grade-based account of first-year failure would not anticipate, and
it suggests that the object of early intervention should be presence and engagement rather
than academic remediation. The help-seeking literature predicts that those most in need
are least likely to present themselves, and the finding that intervention reached roughly
one in eight flagged students, limited by refusal after contact, is consistent with it. The
same literature also implies that uptake is patterned by vulnerability, which is precisely
why the observed outcome gap in Table 3 cannot be read as solely an intervention effect.
The learning analytics literature anticipates that rule-based systems trade discovery for
interpretability while machine learning systems offer earlier and potentially more accu-
rate detection. The present case inverts that expectation: three transparent rules proved at
least as dependable a detector, and the algorithmic models showed no demonstrated ad-
vantage over them. This suggests that in institutions of this size, the marginal return on
algorithmic sophistication is smaller than the marginal return on intervention capacity,
which is a finding about where scarce institutional effort should be directed. There is also
a reason of principle, developed in Section 4.3, why a transparent rule should be expected
to hold up better in this setting than a fitted model: it describes a student’s present state
rather than forecasting a future one, and so cannot be falsified by the institution acting to
change that future. Finally, the competence framework literature treats digital and Al
competence as conditioned by material prerequisites rather than by aptitude. The present
study corroborates that a common baseline is deliverable at scale, but, lacking any pre-
and post-course measurement, it cannot speak to whether that baseline narrows the gap
the frameworks identify, and the optional regime on the larger campus stands in direct
tension with the frameworks” implication that equal availability is not equal opportunity.

6. Limitations

Several limitations need to be considered. First, the study is a single-institution case,
and although its purpose is to illuminate how an integrated strategy operates rather than
to estimate a generalizable effect, the specific figures and dynamics reflect Iscte’s context
and should be transferred to other settings with care. Second, the definition of dropout as
non-enrolment cannot distinguish departure from higher education altogether from trans-
fer to another institution, so dropout figures may overstate genuine attrition. Third, the
post-intervention observation window is short: the within-cohort comparison of interven-
tion outcomes rests on a single cohort (2023/24), the institutional trend in dropout and
academic progress covers only the two intervention years, and the machine learning anal-
ysis has only one post-intervention test year. This limits confidence in the durability of the
observed improvements and in any interpretation of the degradation in predictive perfor-
mance, and it means that the aggregate trend, however suggestive, cannot by itself be
attributed to the strategy. Fourth, the evidence on the Al literacy mechanism is largely
descriptive, establishing reach and reception but not learning outcomes, so the inclusion
claim rests on design rationale and feasibility rather than on measured impact. Finally,
the association between intervention and reduced dropout is observational rather than
experimental: intervention was not randomly assigned and reached only a minority of
flagged students, so those who received it may differ systematically from those who did
not and the design does not isolate the program’s causal contribution from this selection
or from other concurrent changes. The very success of intervention in altering outcomes
may be, as Section 4.3 suggested, simultaneously a confound for the predictive models.
Further limitations bear directly on the strength of the claims made above. The within-
cohort comparison rests on a restricted contrast, since the students who had formalized a
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withdrawal request did not receive intervention, and no balance assessment or covariate
adjustment has been performed. The predictive results are exploratory for the design rea-
sons given in Section 3.4; the anomalous pre-intervention rows could not be diagnosed
within the present analysis, which would require re-fitting the pipeline, and no calibra-
tion, at-capacity precision or subgroup evaluation was computed. The risk map is univari-
ate and cannot mutually adjust the incidences; whether nationality and disability status
should serve as model inputs at all, given that they proxy structural disadvantage but also
risk encoding profiling into an automated triage applied to a vulnerable population, is a
question this study raises without resolving.

7. Conclusions

This article has presented an integrated case study of an equity-oriented strategy at
a Portuguese public university, arguing that securing equitable success for a diversifying
student body requires both a reactive arm, which detects and supports those most at risk,
and a proactive arm, which distributes emerging competencies inclusively, and that these
are coherent facets of a single inclusion strategy concentrated on the first-year transition.
The evidence indicates that academic risk is unevenly distributed, falling most heavily on
international, PALOP, late-enrolment, relocated, and older students; that early disengage-
ment, rather than failure after sustained effort, is the dominant pattern among the most
severely affected; that academic failure does not automatically lead to dropout, leaving a
reachable population of persisting students; that flagging identifies genuine risk, the
three-rule alarm attaining a sensitivity of 74.2% and a positive predictive value of 56.3%
ata 17.8% alert rate; that flagged students who engaged with support re-enrolled at higher
rates than those who did not (considering limitations expressed in Section 4.2); that ex-
ploratory predictive models trained on pre-intervention cohorts transferred poorly to the
following cohort, for reasons this design cannot separate from validation artefacts and an
unresolved anomaly in the pre-intervention evaluation, and showed no demonstrated ad-
vantage over the transparent rule; and that a common first-year literacy baseline is oper-
ationally deliverable at scale on the campus where it is mandatory, which is a precondition
for it to function as an inclusion measure rather than a demonstration that it does.

Several implications transfer beyond the specific institution. The coupling of detec-
tion to a multidisciplinary, negotiated response, rather than detection in isolation, appears
fundamental, since flagging students without capacity to respond (or unwillingness to
receive support) yields little results. The analytical separation of failure from dropout im-
proves both diagnosis and the targeting of support and is straightforward for other insti-
tutions to adopt. The predictive component yields a prosaic but consequential caution.
Administrative status fields that are updated over the course of an academic year can en-
code the outcome a model is meant to predict; in-period random-split validation flatters
models that exploit them; and a transparent rule may match or exceed an algorithmic de-
tector while remaining explicable to the staff who must act on it. Institutions deploying
learning analytics on administrative data should specify the observation time of every
feature, validate out of time, report performance for the at-risk class against a trivial base-
line, and monitor subgroup performance before treating any model as operational. In ad-
dition, the framing of Al literacy as a universal entitlement instead of a matter to be po-
liced offers a constructive posture amid a rapidly changing technological landscape.

Future work should pursue several directions. The predictive models would benefit
from additional data sources not available in this study, including socio-demographic var-
iables such as parental education and occupation, and engagement data from learning
platforms such as Moodle, which may capture early disengagement before it appears in
formal results. Longitudinal follow-up across more cohorts would clarify whether the
lower dropout and improved academic progress persist and would help separate the
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program’s causal contribution from the selection inherent in who takes up support and
from broader environmental change. The Al literacy mechanism, in particular, requires
evaluation that moves beyond reach and reception to measured effects on critical think-
ing, academic integrity, and equitable outcomes.
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Abbreviations

The following abbreviations are used in this manuscript:

Al Artificial Intelligence

ECTS European Credit Transfer and Accumulation System

PALOP Portuguese-Speaking African Countries (“Paises Africanos de Lingua Oficial
Portuguesa”)

NA Not Assessed

RQ1-RQ4 Research Question 1-4

RO Zero Completed ECTS

SVM Support Vector Machine

KNN K-Nearest Neighbors
ROC-AUC Area Under the Receiver Operating Characteristic Curve

F1 F1-Score
PRR Portuguese Recovery and Resilience Plan (“Plano de Recuperagao e Resiliéncia”)
EU European Union
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