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ABSTRACT

Distance education institutions continue to face high rates of failure and dropout each year, mainly due to
the autonomy of the learner and the absence of continuous monitoring. Numerous predictive systems have
been developed to identify students at risk; however, their evaluation often relies on global performance
metrics that overlook the heterogeneity of learner profiles. This paper introduces a personalized evaluation
methodology for predictive models, applied to real data from Loghate, an online multilingual learning
platform implemented at Hassan II University of Casablanca to promote language acquisition among
students. After thorough preprocessing, engagement and performance indicators were extracted, and
learners were clustered into homogeneous profiles using the K-means algorithm. A stacking ensemble
model, combining several supervised learning techniques, was then trained and assessed both globally and
within each profile. The model achieved strong global performance (82% accuracy), yet clear disparities
appeared across learner profiles, with one group reaching 88% accuracy while another dropped to 75%.
These variations show that global metrics can mask subgroup-specific biases and reduce the reliability of
early warning systems. This approach reinforces the need for differentiated evaluation to build fairer and
more reliable predictive systems that adapt interventions to learners' needs. In the long term, it could
support the development of adaptive and explainable dashboards for more personalized and equitable
learning environments.

Keywords-online learning; at-risk students; prediction; personalized evaluation; stacking; clustering; learner
profiles

I.  INTRODUCTION

With the rapid growth of digital technologies and the
widespread adoption of online learning, higher education has
undergone a profound transformation, offering more flexible
and accessible formats for distance education [1, 2]. Traditional
geographical and financial barriers associated with face-to-face

instruction have gradually diminished, allowing institutions
worldwide to adopt online courses as a viable model [3]. This
shift was further accelerated during the COVID-19 pandemic,
which expanded access to education and increased the need for
effective digital pedagogies [1, 2].
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Despite these advantages, online learning brings specific
challenges. The lack of direct interaction makes it difficult to
detect struggling students early [4], highlighting the need for
predictive systems that can support timely and personalized
interventions [5, 6]. A previous work [7] explored the
prediction of dropout using regularized regression models,
emphasizing the importance of generalization in small
educational datasets. Unlike previous studies, this work
evaluates predictive reliability across learner profiles, revealing
limitations of global metrics when learner variability is not
considered.

The prediction of online learning students at-risk relies
mainly on supervised models that use activity and performance
traces to detect learners who are likely to fail [8]. Common
approaches include decision trees, random forests, SVM,
logistic regression, and neural networks, typically assessed
using global metrics such as accuracy, precision, recall, and F1-
score [9, 10]. However, these aggregated indicators overlook
the heterogeneity of learners' behaviors, meaning a model may
achieve a high average score while still failing to predict
outcomes for atypical or minority student groups [11, 12].

The lack of attention to learner profile diversity raises
issues of reliability and fairness, as global models tend to favor
the most represented students while neglecting others. These
concerns have fueled interest in differentiated approaches that
identify learner profiles and evaluate predictive models within
each group [13]. To address this, unsupervised methods, such
as K-means, hierarchical clustering, fuzzy c-means, and
DBSCAN, have been introduced to detect learner profiles.
These studies show that students can be grouped by
engagement and achievement patterns, each reflecting distinct
pedagogical needs [14, 15]. However, most works stop at
describing these profiles and rarely assess the reliability of
predictive systems across different learner groups.

In this context, in [13], a profile-based evaluation
methodology involved three steps: (i) identifying personas
from engagement and activity indicators, (ii) assessing model
performance for each profile, and (iii) integrating temporal
indicators such as earliness and stability. The results showed
that system quality can vary significantly across learner
profiles, and that a high global score does not guarantee
reliable or fair alerts for all. These findings support the need for
differentiated evaluation methods and the inclusion of time-
sensitive indicators aligned with early intervention.

This study introduces a personalized evaluation of a
stacking-based predictive system by integrating learner profiles
derived from the Loghate platform. Students are clustered
according to engagement and performance indicators, and
model performance is examined within each subgroup to
identify potential biases and limitations in generalization. The
aim was to provide a more fine-grained understanding of the
reliability of online predictive systems and contribute to the
development of strategies to personalize pedagogical support.

II. RESEARCH OBJECTIVES

The primary objective of this study is to examine how a
personalized evaluation of predictive systems, grounded in
learner profiles, can enrich the interpretation of results and

uncover biases or limitations that remain hidden in traditional
global evaluations (such as accuracy, Fl-score, precision, or
recall). By focusing on the heterogeneous behaviors of students
in an online learning environment, this approach seeks to
identify for which profiles a predictive model performs
reliably, and for which it fails. More specifically, the aims of
this study are as follows:

e Define learning indicators from digital traces that can be
used to characterize students' learning behaviors.

e Identify learner profiles from the data collected on the
Loghate platform by clustering students according to
similar patterns of learning behavior.

e Evaluate the performance of a stacking prediction model
within each of the identified groups to detect differences in
reliability across profiles.

e Analyze potential biases in the model according to learner
categories and propose recommendations for a more
equitable and personalized use of early warning systems.

In line with these objectives, this study hypothesizes that
the stacking model will not perform uniformly across all
learner groups, and that performance disparities will emerge
based on differences in engagement and learning behaviors.

III. EVALUATION METHODOLOGY

A. Adopted Methodology

To achieve these objectives, the adopted methodology is
structured into three main stages, inspired by profile-based
analysis approaches in educational prediction systems. Figure 1
illustrates these stages.

1) Identification of Learner Profiles

This study begins with an analysis of the dataset obtained
from the Loghate platform to identify relevant learning
indicators, including engagement variables (total connection
time, number of completed activities) and performance
measures (placement test scores, overall
results).APreprocessing included handling missing values,
removing anomalies using z-score thresholds, and normalizing
numerical variables through Min-Max scaling. Key
hyperparameters for the machine learning models (e.g., number
of trees for Random Forest, C parameter for SVM) were tuned
through grid search within cross-validation to ensure optimal
performance.

The learners were then segmented into homogeneous
groups using the K-means clustering algorithm. The choice of
k =4 was supported by empirical validation: the elbow method
showed a clear inflection between k = 3 and k =4, and
silhouette scores computed for k=2 to 7 indicated
comparable cohesion—separation quality (0.46-0.47), with
k = 4 offering a good balance between statistical validity and
interpretability. To ensure robustness, the clustering was
repeated with multiple initializations (n_init = 10), and the
resulting profiles remained stable across runs. Each student was
thus assigned to a consistent and meaningful profile reflecting
their general learning behavior.
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2) Predictive Modeling and Initial Evaluation

At this stage, a supervised prediction model is applied
based on the stacking of several machine learning algorithms.
The base models are Random Forest (RF), Support Vector
Machine (SVM), Logistic Regression (LR), Decision Tree
(DT), Naive Bayes (NB), and Artificial Neural Network
(ANN), with predictions aggregated through an SVM meta-
learner. Given that 73% of the learners were certified, class
imbalance was addressed by using stratified sampling during
cross-validation and by applying class weights within the SVM
meta-learner to reduce bias toward the majority class. The
model's performance was first assessed globally using standard
metrics such as accuracy, precision, recall, and F1-score. To
ensure robustness, a stratified 10-fold cross-validation
procedure was applied. All experiments were conducted in
Python 3.10 using Scikit-learn 1.4 for machine learning

To improve reproducibility, the main hyperparameters of
the base models were tuned using a grid-search procedure
combined with stratified 10-fold cross-validation. Random
Forest was evaluated with different values of n_estimators
and max_depth, SVM with several C values and a linear
kernel, and Logistic Regression with L2 regularization. The
Decision Tree was constrained through a maximum depth to
reduce overfitting, while the ANN meta-learner used two dense
layers (64 and 32 units) with ReLU activations and the Adam
optimizer. All models were trained and validated under the
same stratified cross-validation scheme to ensure stable
performance despite class imbalance.

3) Profile-based Evaluation

The final step focuses on analyzing model performance
within each learner profile identified in Step 1. Specifically, the
metrics obtained for each subgroup were compared to

models, Pandas and NumPy for data processing, and determi tential variati . dicti o
Matplotlib/Seaborn ~ for  visualizations, ensuring  full etermne potenfial variations m prediclive periormance across
s profiles. This analysis allows identifying groups of learners for
reproducibility. . . . . .
which the model is less reliable, thereby improving the
interpretation of its outcomes and anticipating its limitations.
This step provides a critical foundation for the design of a more
equitable and accurate early-warning system.
Step 1: Identification of typical learner profiles
1
[
Database N Data . . Clustering
(Loghate Platform) "|  Preprocessing >| Feature Extraction (K-means)
Step 2: Predictive ModeffrIg and Global Evaluation
[ I
.| Predictive Modeling
Global evaluation [+ (Stacking)
Step 3: Evaluation by Learner Profiles
) A
[ |
Profile-based
Bias Detection [« Performance —
Evaluation
Fig. 1. Proposed methodology for learner profile-based predictive evaluation.

B. Data Description

This study relies on a dataset collected from the Loghate
platform (ALTISSIA) at Hassan II University, covering the
period from January 2022 to February 2023. Loghate is an
online learning environment, open to the entire university
community, that supports the learning of seven languages.
Although its use is not mandatory, it provides valuable data on
student engagement and performance.

The dataset includes several interconnected sources
(engagement metrics, test results, certification records, and
general information), allowing us to combine demographic,
behavioral, and academic indicators. A binary target variable
at-risk was defined: students who obtained certification were
labeled 1 (not at risk), while those without certification were
labeled O (at risk). Among the 471 students included, 73.67%
achieved certification and 26.33% did not.

To ensure data quality, missing values were handled
through imputation when possible and removal when
necessary, and anomalies were detected using z-score
thresholds. All data were anonymized before processing, and
the study was in accordance with institutional privacy and
ethical guidelines for the use of educational data.

These data constitute the foundation for the definition of
learner profiles and for conducting a profile-based evaluation
of the predictive system’s performance.

C. Identification of Learning Indicators

The digital traces collected from the Loghate platform
dataset combine both engagement data and academic
performance scores. These elements were used to define two
main learning indicators, calculated individually for each
student:
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e Engagement: measured by the total number of hours
connected to the platform, reflecting the learner's level of
involvement in their language learning activities.

e Performance: assessed through the results obtained in
intermediate tests (listening, reading, grammar, vocabulary)
as well as the final placement test, indicating the degree of
mastery of the targeted competencies.

These two indicators were selected because an exploratory
correlation analysis showed that engagement and performance
variables were the strongest predictors of certification status,
while also being the most consistently available and reliable
across the dataset.

To account for individual differences, these absolute
indicators were complemented with relative ones, calculated by
comparing each student's value against the group average. This
allows each learner to be positioned above or below the mean,
providing a comparative perspective on their learning behavior.

Together, these absolute and relative indicators form the
foundation for learner profile characterization and enable an
exploration of how predictive model performance varies across
the identified groups.

D. Identification of Typical Learner Profiles

To better understand the differentiated performance of the
predictive system, students were grouped according to similar
learning behaviors. This identification was based on two key
indicators extracted from the Loghate platform: engagement
(measured by the number of connection hours) and academic
performance (scores from placement and intermediate tests).

Before clustering, the data were normalized to ensure fair
comparisons among students. The K-means clustering
algorithm was applied to form homogeneous groups, each
representing a typical learner profile. K-means is a partitioning
method that organizes individuals into clusters by minimizing
within-group variance and maximizing separation between
groups [16]. In practice, each student is assigned to the cluster
whose centroid is closest, calculated on the basis of the
engagement and performance indicators.

Each group was then represented as a persona, that is, a
simplified profile designed to highlight and better visualize the
dominant learning behaviors within the group. Table I provides
examples of the identified profiles. This categorization makes it
possible to conduct a more fine-grained analysis of the
prediction system's performance by assessing its accuracy
across different profiles, while also enabling more targeted
pedagogical intervention strategies.

TABLE L. TYPOLOGY OF LEARNER PROFILES AND

PEDAGOGICAL IMPLICATIONS

Learner profile Behavior Pedagogical implication
Highly engaged, |Frequent logins but weak| Requires targeted support
low performance results despite strong effort

Autonomous learner, no
immediate follow-up needed

Low engagement,
high performance

Limited participation but
good achievement

Low engagement,
low performance

Rare logins and poor High-risk profile, urgent
results intervention recommended

Highly engaged,
high performance

Strong commitment and | Autonomous learner, no alert
good results required

IV. RESULTS AND DISCUSSION

This section presents the results obtained from applying the
stacking model to the entire dataset, followed by a discussion
of the observed performance across the different learner
profiles identified through clustering. The aim is to examine the
extent to which the model remains reliable and fair with respect
to the learning behaviors detected.

A. Identification of Learner Profiles through Clustering

To gain a deeper understanding of learning behaviors
within the Loghate platform, an unsupervised clustering
approach was applied using engagement indicators (total
connection time) and performance measures (overall test
results). As detailed previously, the K-means algorithm
identified four learner profiles based on engagement and
performance indicators. These profiles represent distinct
behavioral patterns in the Loghate platform. The distribution of
students across these groups was:

e Profile 0 (high engagement, high performance): 164
learners

e Profile 1 (high engagement, low performance): 122 learners
e Profile 2 (low engagement, low performance): 77 learners
e Profile 3 (low engagement, high performance): 108 learners

These profiles are used as the basis for the differentiated
evaluation of the predictive system. This segmentation goes
beyond a global assessment of performance by revealing
meaningful differences in learners' behaviors and effectiveness
in online learning, providing a relevant foundation for
evaluating the robustness of predictive models in a
differentiated manner.

B. Overall Performance of the Stacking Model

The stacking model, which combined several supervised
algorithms (Random Forest, Decision Tree, Support Vector
Machine, Naive Bayes, Logistic Regression, and Artificial
Neural Network), was tested on the entire dataset to predict at-
risk students. These algorithms were selected for their
complementarity; Random Forest and Decision Tree for their
ability to handle heterogeneous data and their robustness to
noise [17, 18], Naive Bayes for its simplicity and classification
speed [19], Logistic Regression for its interpretability and
efficiency in modeling linear relationships [20], SVM for its
ability to separate classes even with complex decision
boundaries [21], and Artificial Neural Networks (ANN) for
their capacity to model more intricate non-linear relationships
[22].

Stacking was chosen Dbecause it leverages the
complementarity of these algorithms. By aggregating the
strengths of linear, nonlinear, and probabilistic models, it
reduces the biases of individual learners, improves the stability
of predictions, and enhances generalization [23, 24]. The
architecture follows a two-level design: at the first level, each
base learner produces intermediate predictions, which are then
consolidated at the second level by the meta-learner. SVM was
selected as the meta-model due to its observed performance,
strong generalization ability, and resilience to class imbalance
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through implicit weighting [25, 26]. As illustrated in Figure 2,
this configuration optimizes the integration of the base models
while mitigating their respective weaknesses.

To ensure robust evaluation, a stratified 10-fold cross-
validation was applied, maintaining balanced class distributions
in each fold. The results show an average precision of 81%,
recall of 100%, F1-score of 89%, and accuracy of 82%. For
completeness, the stacking ensemble was compared with each
base model. The stacking method achieved the highest global
performance (accuracy of 82%), slightly outperforming
Random Forest (80%), Logistic Regression (81%), SVM
(81%), Naive Bayes (73%), Decision Tree (72%), and the
Artificial Neural Network (81%). This comparison confirms
the added value of combining heterogeneous learners within a
unified meta-model and the capacity of stacking to outperform
individual models and effectively identify at-risk students.

Input Data

Phase 1 (Base-Learners)

Phase 2 (Meta-Learner)
1

Performance
Evaluation

Prediction Result
(Output)

Fig. 2. Architecture of the stacking ensemble model used for prediction.

C. Stacking Model Results by Profile

In order to analyze the predictive system's performance
more precisely, the stacking ensemble model was applied to
each learner profile identified by the K-means clustering
algorithm. Model performance was then evaluated within each
of the previously defined profiles. For each group, a specific
subset was extracted from the original dataset, and a stacking
model was trained and evaluated separately. This approach
makes it possible to observe performance variations according
to the characteristics specific to each profile. The evaluation
was carried out using standard metrics: accuracy, precision,
recall, and F1-score.

TABLE IL. MODEL PERFORMANCE BY LEARNER PROFILE
Profile Accuracy Precision Recall F1-Score
Profile O 0.75 0.76 1.00 0.86
Profile 1 0.88 0.88 1.00 0.94
Profile 2 0.87 0.88 1.00 0.93
Profile 3 0.81 0.71 1.00 0.83

The results in Table II show that the model achieves
generally satisfactory performance across all profiles.
However, precision varies between profiles, with a relatively
lower value for Profile 3 (0.71), which may suggest that the

model has more difficulty correctly distinguishing classes in
this group. In contrast, Profile 1 demonstrates particularly high
performance, with a precision of 0.88 and an Fl-score of 0.94,
suggesting that the model performs optimally for this group.

Although recall reaches 100% across all profiles, this result
should be interpreted with caution. The high recall is partly
influenced by class imbalance (73% certified learners) and by
the class-weighting strategy used in the SVM meta-learner,
which prioritizes avoiding false negatives. This design choice
ensures that at-risk students are not missed, but it may also
increase false positives in some profiles. Moreover, this perfect
recall should be interpreted as a sensitivity-oriented behavior
rather than as evidence of perfect predictive accuracy. Such
outcomes are common in early-warning systems trained on
imbalanced data, where maximizing the detection of at-risk
learners can slightly reduce specificity. This does not indicate
model degradation but reflects a deliberate trade-off that favors
minimizing false negatives while maintaining acceptable
discrimination across profiles.

These trends are also illustrated in Figure 3, which visually
compares the performance metrics for each profile. It can be
observed that profiles 1 and 2 show consistently high results,
while profiles 0 and 3 stand out with lower precision,
confirming the previously mentioned limitations.

1.0
0.
0.6 4
0.4
0.2
0.0

Profil

Métriques
BN Accuracy
B Precision
mm Recall
. Fl-Score

©

Score

N

Profil 0
Profil 1
Profil 2
Profil 3

Fig. 3. Visualization of performance metrics by
highlighting variations in precision across groups.

learner profile,

D. Discussion of Results and Recommendations

The analysis of stacking model performance across learner
profiles reveals notable disparities, underscoring the
importance of differentiated evaluation. Although the model
achieves generally satisfactory results on the overall dataset
(average precision of 81%, recall of 100%, F1-score of 8§9%,
and accuracy of 82%), a profile-level examination shows that
some groups benefit from stronger predictions than others.

The learners in Profile 3 reflect patterns commonly
described in Self-Regulated Learning (SRL) models, where
students rely on prior knowledge or selective engagement
strategies to maintain satisfactory performance. Their irregular
interaction patterns reduce the predictive value of the
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engagement indicators, making their behavior harder for
supervised models to capture. In contrast, students in Profile 1
invest substantial effort but struggle to progress, a pattern
aligned with Cognitive Load Theory, which posits that
excessive mental effort can impair learning when cognitive
resources are overwhelmed. Such mismatches between effort
and outcomes are difficult for machine learning models to
distinguish from genuine improvement, contributing to the
lower precision observed for these profiles.

Profiles 0 and 2 exhibit more consistent relationships
between engagement and performance, which aligns with
traditional behavioral learning patterns and makes them easier
to classify. However, the lower accuracy observed for Profile 0
still highlights the model's sensitivity to atypical or mixed
behaviors. More broadly, the variability observed across the
four profiles reflects established behavioral and motivational
models in educational psychology, where differences in
persistence, autonomy, and engagement shape learning
trajectories and influence predictive reliability.

It is important to note that the feature set used in this study
is limited to engagement and performance indicators. Although
these indicators are among the strongest predictors in this
dataset, incorporating additional variables such as motivational,
temporal, or interaction-based features could further improve
the robustness and interpretability of the model across learner
profiles.

These findings are consistent with recent fairness-focused
studies in educational AL In [27], predictive models were
shown to often produce uneven performance across learner
subgroups even when global metrics appear strong, reinforcing
the need for bias-aware evaluation. Similarly, in [13], it was
shown that profile-based assessment reveals hidden disparities
that remain invisible in aggregated evaluations. The results of
this study align with this literature, confirming that learner-
profile analysis is a necessary step toward ensuring fair and
trustworthy early-warning systems. To improve equity and
reliability, this study recommends that:

e Alert thresholds should be adapted according to identified
profiles in order to reduce false positives and false
negatives.

e The model should be reinforced on minority or less
accurately predicted profiles, for example, through
oversampling or weighting techniques.

e Educators should be provided with profile-based,
interpretable information to guide targeted pedagogical
interventions.

In summary, integrating learner profiles into evaluation not
only helps to better detect the limitations of current predictive
models but also offers concrete pathways for designing early-
warning systems that are more equitable and aligned with the
actual needs of learners.

V. CONCLUSION

This study is part of a personalized evaluation approach for
predictive systems aimed at identifying at-risk students in
online learning. Unlike traditional global assessments, this

study proposes a differentiated analysis method that considers
the diversity of learning behaviors by identifying representative
learner profiles, derived from data collected on the Loghate
platform.

By combining engagement and performance indicators,
four distinct profiles were identified using K-means clustering.
A stacking model, applied both globally and within each
profile, allowed the comparison of predictive performance,
revealing significant variations. Although the overall results are
satisfactory (accuracy of 82% and Fl-score of 89%), some
profiles—particularly those less represented or exhibiting
atypical behaviors—show lower precision, pointing to potential
biases in the predictions. These findings underscore the value
of integrating learner profiles into early-warning systems to
enhance prediction reliability and support more targeted
interventions.

However, some limitations of this study should be
acknowledged. First, the features extracted and used in the
predictive model were relatively limited, which restricts the
generalizability of the findings to other disciplines and
educational contexts. Therefore, a more comprehensive
predictive model that integrates a wider range of learner
characteristics deserves further investigation.

Looking ahead, this methodology could be enhanced
through the temporal analysis of learning behaviors and the
integration of additional contextual factors (such as motivation
and external constraints). Moreover, the provision of
explainable results at the profile level represents a powerful
lever to foster teachers' trust in these tools and promote a more
equitable personalization of learner support. Beyond
methodological contributions, this profile-based evaluation
framework could be directly integrated into institutional
learning dashboards or automated alert systems, helping
universities deploy early-warning mechanisms that are both
more transparent and better aligned with the heterogeneous
needs of their students.
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