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Abstract: Enhancing students’ academic outcomes in blended learning (BL) environments requires timely intervention for at-risk
students, making early detection a critical task for educators and researchers. However, this task remains challenging due to
imbalanced educational data and limited model sensitivity. This study investigated the application of machine learning (ML) for the
early identification of at-risk students in BL environments, aiming to improve educational quality in alignment with Sustainable
Development Goal 4 (SDG 4). A dataset of 342 students, collected from a BL environment at the Institute of Technology of Cambodia
(ITC), was used to model academic performance as a three-class classification problem: At-risk, Good, and Excellent. To address class
imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) was employed, and multiple models including Random Forest,
Gradient Boosting, and ensemble methods were evaluated using stratified cross-validation. The best multi-class performance was
achieved by Gradient Boosting with SMOTE, yielding an accuracy of 75.43% and a macro F1-score of 68.74%. Nevertheless, this
model detected at-risk students only 41.67% of the time. To resolve this limitation, a binary classification approach with a focus on
recall was proposed. By reframing the problem as an early-warning task and lowering the classification threshold from 0.50 to 0.10,
recall improve dramatically from 52.78% to 91.67%, allowing for highly sensitive detection of at-risk students. However, this
improvement was at the cost of lower precision with more false positives. To overcome this trade-off, we further evaluated the F2-score
and threshold analysis and identified a threshold of around 0.40 as a better trade-off between recall and precision in real educational
intervention scenarios. These results indicate that threshold optimization is an essential technique for educational early-warning
systems, where recall is more important than overall accuracy. The study offers a practical and scalable framework for improving
student monitoring, enabling timely intervention, and enhancing learning outcomes in blended learning environments.
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1. INTRODUCTION economic pressures, and increasing costs associated with
physical access to education. In many developing countries
1.1. Background like Cambodia, rising living costs, including transportation

and fuel expenses, create additional barriers for students to
attend physical classes regularly. These challenges highlight
the importance of a more flexible learning environment that
reduces dependency on face-to-face classroom presence
while maintaining educational quality at the same time. As a
result, BL has emerged as a practical solution to support
accessibility, continuity, and inclusiveness in education.

BL has evolved from a supplementary method into a
dominant paradigm for teaching and learning in higher
education (HE). This model effectively integrates traditional
face-to-face physical classroom with more flexible online
platforms such as Moodle [1,2]. This transition has been
accelerated not only by the COVID-19 pandemic [3], but also
by broader global trends including digital transformation,
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1.2. Harnessing learning analytics for academic success

While BL is increasingly important in HE, Learning
Management System (LMS) becomes indispensable part of
the implementation. The system captures and stores large
volumes of the student interaction data, including login
frequency, learning behaviors, assessment performance etc.
This information is significantly useful for educators to
understand the students’ learning, behaviors and their
engagement by integrating learning analytics technology and
framework into the system. Learning analytics enables
institutions to transform these data into actionable insights to
support teaching and learning processes and build an
intelligent system [4].

One of the main purposes of the integrated learning
analytics is to build an effective Early Warning Systems
(EWS) intended to improve student retention and academic
success. Recent research in educational data mining(EDM)
indicates that ML models are able to predict student
performance by utilizing both academic and behavioral data
[5, 6]. Nevertheless, a lot of the current predictive approaches
are mostly concerned with getting the most accurate results
overall, which may be very misleading in educational
environments. Since "at-risk" students are usually only a
small percentage of a group, a model can be 90% accurate just
by guessing that all students will pass. This means that it will
not identify the 10% who really need support. This class
imbalance results in standard algorithms fail to work in the
same way that they should in the areas where they are most
needed. Recent studies highlight the ethical and practical
demand for EWS that prioritize Recall over Accuracy [7]. In
a demanding setting such as an EWS, the cost of a "False
Negative" (missing a student who does not succeed) is far
higher than the cost of a "False Positive" (offering extra help
to a student who probably passed anyway). In Cambodia's
developing education system, there is a critical need for local
systems that integrate these recall-oriented methods in order
to help with effective decision-making [8,9].

1.3. Significance of the study

This study contributes an in-depth technical framework
for EDM that prioritizes highly sensitive detection over raw
accuracy, ensuring the systematic identification of at-risk
students within imbalanced BL datasets. Specifically, the
framework addresses the accuracy paradox by placing greater
weight on the cost of missing at-risk students than on the cost
of false alarms; it demonstrates that adjusting the decision
boundary beyond the default 0.50 threshold yields a flexible
and robust detection system that institutions with varying
levels of capability can adopt; and it produces a more stable
representation of student risk by combining LMS behavioral
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logs with academic metrics through SMOTE-based balancing
and ensemble architectures.

2. RELATED WORK
2.1. Learning Analytics and Student Performance Prediction

To understand and predict student performance in digital
learning environments, EDM and learning analytics have
been frequently employed. The earlier work of Romero&
Ventura [5] offered a thorough analysis of data mining
techniques in education, highlighting their potential to
enhance learning outcomes. Additionally, Macfadyen and
Dawson [10] provided empirical evidence that students’
activity data from LMS platform can be utilized for predicting
academic success, highlighting the significance of students’
behavioral engagement data as primary features for any
predictive modeling tasks.

For classification tasks involving complex student data,
for example detecting at-risk students where data is highly
imbalance and may contain non-linear relationship, more
robust ML algorithms provide strong performance.
Empirically, ensemble methods such as Random Forest(RF)
[11] and Gradient Boosting(GB) [12] have become the gold
standard for complex dataset. Unlike single-tree models, these
"forest™ and "boosting" methods are capable of capturing non-
linear interactions between diverse features. However, the
effectiveness of these models is frequently weakened by the
previously mentioned class imbalance. For instance, when it
comes to finding students who are at risk, where the students’
group usually makes up a minority proportion, often results in
these models to fall apart. To mitigate this, the Synthetic
Minority Over-sampling Technique (SMOTE) was developed
as an advanced way to generate more data [13]. Instead of just
copying existing "at-risk" records, SMOTE generates new,
synthetic examples in the feature space. This makes the model
learn a more nuanced decision boundary for the minority
class, which significantly enhances its ability to detect "at-
risk" patterns in actual data.

The setting of the "decision threshold" is as significant as
the selection of algorithm. To avoid at-risk students from
being neglected, Aldowah [7] highlighted the need for
predictive models that focus on recall priority. However,
traditional ML models use a default probability threshold of
0.50, which is not always the best choice for early detection.
The system becomes more sensitive when the threshold is
lowered, which means it may detect more students who are at
risk even when the probability of failure is lower. Several
studies have investigated learning analytics and digital
transformation in Cambodian higher education, integrating
advanced machine learning techniques, such as ensemble
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solve that gap by offering a technique that can be both
technically effective and practical oriented aimed at ensuring
no student is overlooked.

learning and hybrid model optimization[8,9]; however, the
use recall-oriented optimization strategies, specifically
threshold tuning, remains limited. This study is intended to

Table 1. Summary of Related Studies on Student Performance Prediction

Study Data Source Model / Imbalance Threshold Research Focus Research Gap
Approach Handling Optimization
Romero & Educational Survey / Not addressed  Not addressed  Educational No predictive
Ventura datasets Review Data Mining modelling
(2010) [5] (EDM) framework
overview
Macfadyen & LMS Logistic Not addressed  Not addressed  Student No treatment of
Dawson (Moodle) Regression engagement class imbalance
(2010) [10] analytics
Breiman General ML~ Random Not addressed  Not addressed ~ Ensemble Not specific to
(2001) [11] datasets Forest learning educational context
methodology
Chawlaetal.  General ML  SMOTE Applied Not addressed  Class imbalance  No application to
(2002) [13] datasets mitigation LMS or education
domain
Aldowah et LMS + ML Machine Partially Limited Early warning Lack of threshold
al. (2021) [7]  systems learning addressed systems optimization
models
Dhawan [14]  Online Conceptual Not addressed  Not addressed  Blended No predictive
(2020) learning study learning modelling
platforms component
Phauk Local Learning Limited Not addressed  Cambodian Limited integration
Sokkhey etal. educational analytics education of advanced ML
(2020) [8] context techniques
This study LMS+ RF, GB, soft-  SMOTE (in Applied Recall-oriented  Addresses all
(proposed) academic Voting fold) (threshold= EWS Three gaps.
Records Ensemble 0.10)
(ITC,342)

2.2. Research Gap

In this study, the term “research gap” refers to a

not sufficiently explored [16]. The specific gaps motivating

are:

e  Most studies prioritize accuracy over recall for at-

specific, unmet methodological needs in the existing
literature, namely the absence of recall-oriented threshold
optimization in early-warning models (EWM) built on
imbalanced LMS data. In educational datasets from learning
management systems (LMS), class imbalance continues to
be a major issue, particularly in BL environments where at-
risk students are a small minority and skew model
evaluations in favor of the majority classes. The over-
reliance on overall accuracy or weighted metrics, which
hiding poor minority-class performance and limit early
intervention for weak learners, is still identified by recent
studies in 2025, while multimodal analytics integration is
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risk detection.

e Few studies explore  decision-threshold

optimization as an explicit lever for recall.

e There is insufficient integration of academic and

behavioral LMS in a single model.

To address these gaps, this study proposes a recall-
oriented early warning framework for student performance
prediction. While existing approaches employ ML and
occasionally address class imbalance, they often fail to
prioritize the detection of at-risk students. The proposed
method integrates SMOTE with ensemble models (RF and
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GB) and incorporates threshold tuning to enhance recall.
Using real LMS and academic data from a BL context in
Cambodia, this study provides a practical and context-aware
solution for improving the early identification of at-risk
students.

2.3. Research Objectives

This study aims to develop a technically rigorous early
warning system (EWS) for BL environments in HE,
addressing key limitations of conventional classification
approaches through the following objectives:

Objective  1: Develop a learning analytics framework
that integrates LMS behavioral data with academic
performance data for comprehensive student modeling.

Objective  2: Enhance the detection of at-risk students
through threshold optimization within a recall-oriented

classification framework.

Objective  3: Evaluate model performance using
stratified cross-validation and SMOTE to address class
imbalance and ensure robust generalization.

Objective  4: Support data-driven early intervention
strategies to improve student outcomes in blended learning
environments.

3. METHODOLOGY
3.1 Dataset and Feature Description

The dataset consists of 342 student records collected
from a blended learning environment at the Institute of
Technology of Cambodia. The dataset integrates academic,
behavioral (LMS-based), and contextual features, enabling
a comprehensive representation of student performance and
engagement.

The target variable is derived from the final semester
score and formulated as a three-class classification problem
and a binary at-risk detection task[5,8,17,18]. The grade
boundaries were defined base on the institutional grading
practice used at the Institute of Cambodia, where a score
below 65 indicates a student requiring academic support.
Accordingly:

e  Atrisk: score < 65, having 36 students.

e Good: 65<= score < 80, containing 175 students

e Excellent: score >=80, consisting 131 students.

This categorization supports the objective of early-
warning analysis by separating students who require
academic support from those with satisfactory or strong
performance. The same band structure is consistent with
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grade-band formulations adopted in prior educational data-
mining studies on student performance[5,8,17,18].

The at-risk minority class has only 36 samples
(about 10.5% of the dataset), which constitutes a major
class-imbalance problem (Fig. 1). With standard 5-fold
cross-validation, each validation fold contains only about
seven at-risk students, so estimates of recall-sensitive
metrics can be unstable. This was mitigated by using
stratified 5-fold cross-validation to preserve the class
distribution in every fold and by applying SMOTE
oversampling only within the training folds, so that no
synthetic samples leak into validation. The evaluation
metrics are reported as mean + standard deviation across the
validation folds, providing a more robust and statistically
reliable assessment of model performance, particularly for
recall-oriented early-warning tasks on imbalanced
educational data.

Class distribution of student performance (n = 342)

175
(51.2%)

200 1

175 1

150 1

125 1

100 4

75 A

Number of students

50 -

254

0-

Good Excellent

At-risk

F

g. 1. Class distribution of student performance (n = 342).

Table 2 defines each feature used in the model, together
with it type, measurement, and source. All variables were
extracted either from institutional academic records and
from Moodle LMS activity logs over the study semester.

Table 2. Description of Variables

Feature Type Description/Measure  Source
ment
Previous Numeric  Previous academic Academic
score (0-100)  score records
Midterm Numeric  Mid-semester Academic
score (0-100)  examination score  records
Homework  Numeric Academic
homework score
(0-10) records
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Number of Total LMS login Sex Categori
Integer ] Moodle Student
logs events during the cal Student gender
count LMS logs background
semester (M/F)
Material Average number of Location Categori  Residential location  Student
views ~ learning-material Moodle cal category background
(Avg.) Numeric i _
' accesses per LMS logs Final grade ~ Atrisk / Good /
Categori
resource (Target) Excellent )
call (3 ) ] Derived
Number of Total recorded (derived from final
Integer Attendance classes)
Absent absences from face- score)
count records

to-face sessions

It should be noted that the present dataset captures
academic, behavioral and contextual dimensions but does
not yet include indicators such as internet accessibility,
device availability, or examination-integrity measures.
These  additional  blended-learning  factors  are
acknowledged as a limitation and are planned for inclusion
in future data-collection rounds to further improve construct
validity.

Let the dataset be denoted as
D ={(x;y)}c1.x; ERP, y, €Y

where nis the number of students, pis the number of
features, x; = (xi1, X;2,. .., X;p) represents the feature
vector of the i*’student, and y; denotes the corresponding
class label.
The target variable corresponds to student performance
categories:
Y = {At-risk, Good, Excelllent}

The learning objective is to construct a predictive function:

fiRP 7Y,
such that

Vi = f(x),

Where y; is the predicted performance class of student i.

Step 1: Data Acquisition Step 2: Preprocessing Step 3: Split & Resampling Step 4: Model Development Step 5: Evaluation & Deployment

Raw Student Data
(Blended Learning)

!

Raw Applied Math & ITC Records
(342 records)

!

Data Merge (integration)

Fig. 2. Research workflow.

Missing-Value Handling
(num: median, cat: mode)

!

Categorical Encoding
{one-hot dummies)

!

Feature Scaling Skipped
(tree-based models)

|

Stratified Train/Test Split
(80 / 20, fixed seed)

locked until final evaluation

CV Metrics: Recall,

. Hyperparameter Tuning >
o -
Training Set (80%) (CVgrid / random search) Precision, F1, F2
! ! N
Threshold Optimization
g = {0.10, CV-tuned)
oot edled Random Forest (tuned)
(fixed seeds) ¥
l l Refit Best Model on
Full Training Set
SMOTE — fold-wise n -
(train folds only) Gradient Boosting (tuned) +
Final Evaluation on
l l Held-out Test Set
Balanced Training Folds - Soft—\f?érf érl;iemble - l
Early Warning System
(high-recall alerts)
. Held-out Test Set (20%)

As illustrates, the two raw data sources each feed the data-
merge step once, and the balanced training set feeds RF and
GB, which act as parallel base learners combined by a soft-
voting ensemble.

3.2 Data preprocessing

The data preparation is a central part of modelling

pipeline. To ensure data quality and compatibility with ML
models, the preprocessing stage in this study includes missing
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value handling, categorical encoding, and consideration of
feature scaling that the model required.

3.2.1 Missing value Handling

To address incomplete observations, different
imputation strategies were applied according to the type of
variable. For numerical features, missing values were
replaced by the median of the corresponding feature, since the
median is robust to extreme values and outliers [19].

3.2.2 Categorical Encoding

One-hot encoding transforms categorical variables
such as gender and location. For variables with multiple
groups (including a location with four regions), one-hot
encoding turns each category into its own binary (dummy)
variable. A vector of binary values with only one category
active represents each observation. This method does not add
artificial ordinal relationships, which allows models work
with categorical data well [19]. Suppose a categorical variable

C has Kpossible categories C € {cy,c5,...,cx}. One-hot
encoding transforms Cinto a binary vector
z = (211221"'121()1
where
_ l, ifC = Ck
% = {0, otherwise (Ea. 01)

3.3 Model Development

To build the prediction of students perform and at-
risk learners, the study applied three ML techniques such as
RF, GB, and an ensemble voting model base on their strong
performance on structured educational data and their capacity
to detect irregular relationships between behavioral,
academic, and attendance characteristics.

3.3.1 Random Forest

Several decision trees are trained on various subsets
of the data and their predictions are combined in Random
Forest (RF), an ensemble learning technique based on the
bagging (bootstrap aggregation) principle [11].
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Fig. 3. Process of random forest

Blue Internal Decision Node
Orange Leaf Classification Node

A random subset of features is utilized to build each tree,
resulting in improved generalization and reduces correlation
between trees. For classification tasks, a majority vote is
employed for making the final prediction.

The strong points to consider are
e  Ability to capture the nonlinear feature relationships
o  Perform well to the noise and outliers
e Reduce risk of overfitting because of ensemble
averaging
e  Capability of provide feature importance measures.

These characteristics make Random Forest particularly
suitable for educational datasets, in which student behavior
and performance indicate complex relationships.

3.3.2 Gradient Boosting

Gradient Boosting (GB) builds models sequentially,
with each new model seeking to correct the errors of its
predecessors[12]. Unlike Random Forest, which constructs
trees independently, GB uses iterative optimization to
minimize a given loss function.

N = Yiue~ 1 = r3=r2-§3 = v
Predict T Predict I Predict I Predict Sum Predictions
| Tree 1 | [Tree 2 | [Tree3 | «---- [Tree N [ fuash e
Train Train Tfam‘l\ Tram,r
== — 4 Final Prediction
. / Ly / L / o/ ¢ Ji / Fuotal
(X Yarue) (Xr) (X, r2) (X, )

Fig. 4. Detail workflow of the sequential learning process in
Gradient boosted tree.
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At each iteration a new decision tree is fitted to the
residual errors of the previous model; by focusing on hard-to-
predict samples, the model gradually improves (Fig. 4).

Gradient Boosting (GB) offers high accuracy
through sequential learning, the ability to model complex
interactions, and flexibility in the choice of loss function.
However, it is more sensitive to hyperparameters and requires
careful tuning to avoid overfitting.

3.3.3 Ensemble voting Model

An ensemble voting model combines several base
learners, here Random Forest and Gradient Boosting, to
produce more accurate and reliable predictions. This study
uses a soft-voting approach, in which the predicted class
probabilities from each model are averaged to form the final
prediction. This leverages the strengths of the individual
models and lowers the variance associated with any single
classifier[20](Fig.5).

Base Classifiers (C) Predictions. Aggregation Output
& Weights

Fig. 5. Ensemble Voting Overview

In summary, by aggregating predictions across
diverse base learners, the ensemble improves generalization,
reduces model-specific bias and variance, and yields a more
stable model that is less sensitive to noise, outliers, and
variability in the data.

3.3.4 Model Selection Justification

Random Forest, Gradient Boosting, and the soft-
voting ensemble were selected for their strong performance
on structured educational data and their suitability for the
challenges of this study, including heterogeneous features,
class imbalance, and the need for interpretable and reliable
predictions in early warning systems. Specifically, the
selected models can handle mixed numerical and categorical
variables, perform effectively in imbalanced settings when
combined with balancing techniques, capture complex non-
linear relationships among student behavior, engagement and
performance, provide interpretable outputs such as feature
importance, and improve generalization and robustness
through ensemble learning.

3.4 Handling Class Imbalance

With only 36 of 342 students (10.5%) categorized as
at-risk, the dataset is highly imbalanced, which can bias
models toward the majority class and weaken detection of the
minority class. The Synthetic Minority Over-sampling
Technique (SMOTE) was used to address this issue [13].
SMOTE generates synthetic minority-class samples by
interpolating along the line segments connecting a given
minority instance to its nearest neighbors in the feature space.
This improves class balance without simply replicating
existing samples, reducing overfitting and improving
generalization.

Crucially, SMOTE was applied only to the training
data within each cross-validation fold, so that synthetic
samples never influence the validation set. This prevents data
leakage and yields unbiased performance estimates.

3.5 Evaluation Approach

This study uses Stratified K-Fold Cross-Validation
with k = 5 to ensure reliable and objective evaluation[1]. To
ensure responsibility, a fixed random seed was used for the
fold splits, and, given the small number of at-risk cases
(approximately 7 per fold), every experiment was repeated
across multiple random seeds; the mean and standard
deviation of each metric are reported (Results section 4.1)

The following evaluation metrics are used:

e Accuracy: measures the overall percentage of cases
that are correctly classified.

TP+TN

TP+TN+FP+FN (Eq. 02)

Accuracy =

e Precision: measures the percentage of expected
positive cases that turn out to be positive.

TP
TP+FP

Precision = (Eq. 03)

e Recall: measures the percentage of actual positive
cases that are accurately identified.

TP
TP+FN

Recall = (Eqg. 04)

e Fl-score: harmonic mean of precision and recall

F1 — score = 2 (Preci.si.on)(Recall) (Eq 05)
Precision+Recall

Because failing to identify at-risk students (false
negatives) is more costly than false alarms, this study
additionally reports the F2-score (Eg. 6), which weights recall
more heavily than precision (B = 2) and is therefore a more
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honest summary metric for an early-warning system than
recall alone:

5 (Precision)( Recall)

e F2—score (Eq. 06)

4 x Precision+Recall

3.6 Threshold Optimization

Most classification models assign labels using a
default decision threshold of 0.50; a sample is predicted
positive (at-risk) when P(y = 1|x) = 0.50, as in Eq. 07:

~ _ (1, if P(y =1]x)=05
y _{ 0, otherwise (Eq.07)

In situations in which the objective is to achieve the
the majority recall, nevertheless, this threshold may not be the
best one.

In the study, the decision threshold r is adjusted to

enhance identify the at-risk learner. It is defined as
~_ (1, if P(y=1lx)=r

Y= { 0, otherwise (Eq. 08)

The ideal threshold is selected by maximizing recall
while maintaining an acceptable level of precision after a
range of threshold values is evaluated.

Concretely, the threshold was selected as the lowest
value at which recall is maximized without precision
collapsing below an institutionally acceptable level; the
recall-weighted F2-score (Eq. 6) is used as the tie-breaking
selection criterion, since it explicitly rewards recall while still
penalizing excessive false positives.

This approach is aligned with the objective of early
warning systems, where minimizing false negatives is
critical.

4, RESULTS AND DISCUSSION
4.1 Multi-Class Classification Performance

Stratified cross-validation was used to summarize
the performance of the proposed models for multi-class
classification (At-risk, Good, Excellent). The best results
were obtained by the tuned Gradient Boosting model with
SMOTE (Table 3).
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Table 3. Performance metrics of the multi-class classification model

Metrics Mean + SD across folds
(%)
Accuracy 75.43 £ 5.52
Precision 70.30 £ 10.53
Recall 68.64 + 6.27
F1-Score 68.74 + 7.54

Each metric is reported as the mean + standard deviation across the
five stratified cross-validation folds, providing a statistically reliable
assessment of model performance under class imbalance.

The performance differences between the candidate
models were small. To test whether the difference between
Gradient Boosting and the soft-voting ensemble is statistically
meaningful, McNemar’s test was applied to the pooled out-
of-fold predictions and a paired t-test to the per-fold macro-
F1 scores. Neither test found a significant difference
(McNemar p = 1.00; paired t-test t = 0.79, p = 0.47; Wilcoxon
p = 0.63), confirming that the two models perform
comparably and that the prediction task is intrinsically
challenging rather than that one model is decisively superior.
Gradient Boosting is retained as the primary model on the
basis of its slightly higher mean macro-F1 (0.6874) and lower
variance, with the ensemble offering equivalent performance.

At risk 15 19 2

Good | 18
- 60

True label

Excellent il L5

Good
Predicted label

Excellent

At risk

Fig. 6. Confusion matrix of classification model.

Figure 6 presents the confusion matrix of the multi-class
classification model. The results indicate that the model
performs well in classifying students in the “Good” and
“Excellent” categories, with a high number of correctly
predicted instances. However, the “At-risk” class remains
difficult to identify, achieving a recall of only 41.67% (15 out
of 36 cases). This indicates that more than half of the at-risk
students are misclassified, highlighting the limitation of the
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model in detecting the minority class and motivating the need
for further improvement through threshold optimization.

4.2 Feature Importance Analysis

Figure 7 ranks the most influential variables under
two complementary methods. Mean Decrease Impurity (MDI;
Fig. 7a) identifies previous score as the dominant predictor,
followed by number of absences, homework score, and total
login activity, whereas demographic features such as gender
and location contribute comparatively little. Because MDI is
known to be biased toward continuous, high-cardinality
features, permutation importance was additionally computed
as a robustness check (Fig. 7b), scored with macro-F1 over 30
repeats.

(a) Mean Decrease Impurity

Top 15 Feature Importance

num__previous_score
num__number of absent
num__Homewark_score
num__Total legin
num__midterm score
cat__Location_Peri-Urban
cat__Location_Rural
cat__Sex_F

cat_ Location_Urban

cat_ Sex M

cat__Location_Remate

T T
0.2 0.3

Importance

f
0.0

(b) Permutation importance
Permutation Importance (macro-F1, 30 repeats)

previous_score

number of absent

Homework_score

Total login

Location

midterm score

Sex

0.1 0.2 0.3 0.4 0.5

Decrease in macro-F1 when permuted

0.0

Fig. 7. Feature importance under two methods: (a) Mean Decrease
Impurity (MDI); (b) permutation importance (macro-F1, 30 repeats).

The two methods are in close agreement since they
identify the same four dominant predictors in the case
previous score (0.45), number of absences (0.23), homework
score (0.11) and total login (0.10) are in the same order, with
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only minor reordering among the lower-ranked variables
(midterm score and location). This agreement confirms that
the importance ranking is robust rather than an artefact of
MDI’s bias. Prior academic performance is by a wide margin
the strongest predictor of at-risk status, followed by
attendance (number of absences) and coursework
engagement, indicating that both prior achievement and
behavioral engagement contribute to the model.

4.3 Binary Classification (Early Warning System)

The problem is redefined as a binary classification
task that improves the detection of at-risk students. The model
achieves an accuracy of 86.55% using the default threshold of
0.50, however the recall for at-risk students stands at 52.78%,
indicating insufficient level of sensitivity.

4.4 Performance with Default Threshold (0.50)

Table 4. Performance metrics of the binary classification model
using the default threshold (0.50), reported as mean + standard
deviation across stratified cross-validation folds.

Metrics Values (%)
Accuracy 86.55+ 2.78
Precision 39.58+ 6.02
Recall 52.78+9.07
F1-Score 45,24+ 4,98
F2-score 49.48+ 6.48

With an overall accuracy of 86.55%, the model
performs well overall. Nonetheless, the recall for the at-risk
class is comparatively low (52.78%), indicating that almost
half of the at-risk students are not accurately identified. The
relatively higher standard deviation observed for recall (+
9.07%) reflects the instability expected when only about
seven at-risk students fall in each validation fold. The recall-
weighted F2-score of 49.48% confirms that, despite the high
accuracy, the model is inadequate as an early-warning
detector at this threshold.

Fig 8 above illustrates the 17 false negatives, in
which students who are at risk are mistakenly identified as
non-risk. This draws attention to a crucial drawback of the
default threshold: early intervention systems grow less
effective if at-risk students are not identified.
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Fig. 8. Binary confusion matrix (threshold 0.5).
4.5 Threshold Optimization

The optimal threshold was determined through a
threshold-tuning analysis using recall, precision, F1-score and
the F2-score. Since early-warning systems prioritize
minimizing false negatives, the F2-score was adopted as the
primary selection criterion because it places greater emphasis
on recall. Threshold values were evaluated across the interval
[0, 1], allowing comparison between highly sensitive and
more balanced operational settings.

Figure 9 shows the trade-off between recall and
precision across different classification thresholds. Lower
thresholds substantially increase recall while reducing
precision because of additional false positives. The highest
recall (= 91.67%) was obtained at the threshold of 0.10,
suitable for highly sensitive early-warning scenarios whose
main goal is to minimize false negatives; however, it also
yields the lowest precision, and therefore more false alarms.
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Fig. 9. Threshold-tuning analysis showing the trade-off among
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recall, precision, F1-score and F2-score for recall-oriented at-risk
detection; the selected operating point is 0.10.

Figure 10 presents the corresponding precision—
recall curve, which makes the trade-off explicit: precision
declines as recall rises. The curve supports the choice of a
lower threshold (0.10), where recall is maximized and most
at-risk students are identified.
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Recall
Fig. 10. Precision-recall curve for the binary early-warning model

Table 5 illustrates the impact of threshold tuning on
recall-oriented at-risk detection. Lowering the decision
threshold from 0.50 to 0.10 substantially increased recall from
52.78% to 91.66%, significantly improving the detection of
at-risk students. This threshold also achieved the highest F2-
score (60.00%), indicating strong performance under recall-
oriented evaluation criteria; however, the increase in recall
reduced precision because of additional false positives. In
contrast, a threshold of 0.40 provided a more balanced trade-
off between recall and precision, achieving the highest F1-
score (47.31%) while maintaining markedly improved recall
(61.11%) relative to the default threshold. The 0.40 operating
point is therefore recommended for routine intervention,
while 0.10 remains preferable when the institutional priority
is to miss as few at-risk students as possible.

Table 5. Performance comparison across different decision
thresholds (%).

Metric Threshold Threshold Threshold
0.50 0.10 0.4
Accuracy 86.55 70.47 85.67
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Precision 39.58 25.19 38.60
Recall 52.78 91.66 61.11
F1-score 45.24 39.52 47.31
F2-score 49.48 60.00 54.72

At threshold 0.10 the model recovers 33 of 36 at-risk students
(TP =33, FN = 3), missing only three, with FP =98 and TN
= 208; at the recommended balanced threshold of 0.40 it
recovers 22 of 36 at-risk students (TP =22, FN = 14, FP = 35,
TN = 271). The complete confusion matrix at the highly
sensitive operating point (0.10) is shown in Fig. 11.

Confusion matrix at threshold 0.10
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Not at-risk 150
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- 100

True label

r75

33

At-risk F 50

r25

Not at-risk At-risk
Predicted label

Fig. 11. Binary confusion matrix at the optimised threshold
0.10 (TP =33, FN =3, FP =98, TN = 208).

4.6 Comparison with Prior Approaches

To position the proposed early-warning system
against the techniques reviewed in Section 2, Table 6
contrasts the present results with representative prior studies.
Earlier Cambodian-context models by Sokkhey et al. and
Sokkhey & Okazaki[8,9] and the LMS-based early-warning
literature [7 ,10] report competitive overall accuracy but
either do not isolate minority-class recall or do not apply
threshold optimization. In contrast, the proposed framework
explicitly trades a portion of accuracy for a large gain in at-
risk recall (from 52.78% to 91.67%), which is the
operationally relevant quantity for intervention. This
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comparison shows that the contribution of this work is not a
higher headline accuracy but a substantially more sensitive at-
risk detector built on the same class of ensemble models.

Table 6. Comparison of the proposed EWS with representative prior
work

Study Imbalance  Thre At-risk Reported
shold
handling Recall outcome
Tuni  focus
ng
Macfady
en & Engageme
Dawson  No No No nt-based
prediction
[10]
Aldowa Yes Reca;]ll .
h et al. Partial Limited  (conceptu Zmp asrl]sct)at
[7] al) optimised
Sokkhey High
et al. Limited No No accuracy,
[8.9] Cambodia
n context
Recall
Yes
Propose SMOTE Yes . from
dEWS (infold) (010)  (PrMAY 557804
) t091.67%

4.7 Key Finding

The experiments yield two principal findings: (i) the
minority “at-risk” class remains difficult to detect under
standard multi-class modelling, and (i) threshold
optimization substantially improves recall. Gradient Boosting
performs best overall, yet in the multi-class setting its ability
to identify at-risk students is limited. Reframing the task as
binary classification with threshold tuning raised recall from
52.78% to 91.67%, confirming that threshold adjustment is a
highly effective early-detection technique.

In educational settings, where missing an at-risk student
carries serious consequences, the resulting trade-off—lower
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precision and overall accuracy in exchange for much higher
recall—is acceptable, because timely intervention depends on
early detection. Concretely, the highly sensitive threshold
(0.10) flags 98 false positives alongside the 33 detected at-
risk students, whereas the balanced threshold (0.40) reduces
false positives to 35 while still recovering 22 at-risk students;
institutions can therefore choose the operating point that best
matches their advising capacity against the cost of missed at-
risk students. The study also underscores the importance of
data quality, since removing duplicate records produced more
accurate performance estimates. Future work will incorporate
multimodal data, such as behavioral and visual-engagement
signals, to further improve prediction.

4. CONCLUSION

This study proposed a recall-oriented learning analytics
framework for the early identification of at-risk students in
blended learning environments. While multi-class
classification achieved reasonable overall performance, it
showed limited effectiveness in detecting minority at-risk
students. To address this, the problem was reformulated into
a binary classification task with threshold optimization.

The results demonstrate that lowering the classification
threshold significantly improves recall, enabling more
effective detection of at-risk students. Although this
introduces a trade-off with precision and accuracy, it is
appropriate for early warning systems where minimizing false
negatives is critical. Feature importance analysis further
highlights that both academic performance and behavioral
engagement are key predictors of student outcomes.

This study contributes to Sustainable Development Goal
4 (SDG 4) by supporting inclusive and equitable education
through early identification and targeted intervention.
Concretely, the recommended operating point translates into
a manageable list of flagged students (for example, 22 true at-
risk detections against 35 false positives at threshold 0.40)
that can be matched to available advising capacity, making
the SDG link actionable rather than purely aspirational. The
proposed framework provides a practical and scalable
approach for improving student monitoring and academic
success in blended learning environments.
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