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Abstract. The article “Towards Personalized Education: Choosing Machine Learning Algo-
rithms for Predicting Learning Activities” explores how machine learning techniques can trans-
form education by providing tailored learning experiences, preferences, learning style of each
learner. The authors analyze data from MOODLE learning platforms, highlighting the im-
portance of collecting and processing data on learner engagement and performance. They exam-
ine various algorithms, such as neural networks, decision trees, random forests, in order to predict
learning behaviors. The results of the study reveal that these models can not only identify at-risk
and struggling students, but also personalize learning pathways based on the individual needs of
learners. The article also addresses challenges faced, such as data quality and interpretability of
results, while paving the way for future research on the integration of these tools into education
systems. In short, this article offers an encouraging vision of more adapted and effective educa-
tion thanks to artificial intelligence.

Keywords: Machine learning, Behavior prediction, Algorithms, Predictive models, Artifi-

cial intelligence.

1 Introduction

Personalized education is of crucial importance in the age of technological change,
as it enables us to meet the diverse needs of our learners. With the emergence of e-
learning platforms and digital tools, teachers now have valuable data on student behav-
ior and performance, enabling them to adapt their teaching methods. According to a
[1], the use of educational technologies promotes a learner-centered approach, enabling
better engagement and academic success. Furthermore, research shows that personal-
ized learning programs can significantly improve motivation and knowledge retention
[2]. By integrating machine learning algorithms, educators can identify each student's
individual needs and offer resources tailored to the learner's profile, paving the way for
more inclusive and effective learning experiences[3]. In this context, personalized ed-
ucation not only enriches learning, it also prepares students for an ever-changing world,
where adapted skills are essential for success. Optimizing the use of machine learning
algorithms in education is one of the key challenges. Identifying these challenges in
predicting student learning behavior is critical to the quality and quantity of the data
available. Data can be incomplete, biased or unrepresentative, which can skew the re-
sults of predictive models[4]. In addition, students' individual variabilities, such as their
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learning styles and socio-economic backgrounds, make the generalization of models
difficult [5] Another major challenge is the interpretability of the models. Complex
algorithms, such as neural networks, can provide accurate predictions, but their internal
mechanisms are often opaque, making it difficult to explain decisions to educators and
students [6]. This raises ethical concerns, particularly about the transparency of deci-
sion-making processes in education.

By overcoming these challenges, it will be possible to fully exploit the potential of
machine learning algorithms to improve education [7]. This conference paper aims to
explain how machine learning algorithms can improve the personalization of education
by enabling in-depth analysis of student data and providing tailored recommendations.
By leveraging data on learning behaviors, academic performance, and even learning
styles.

2 State of the art

Research into the use of algorithms in education has revealed promising applications
that are transforming the learning experience. Firstly, educational data analysis is a cen-
tral focus, where machine learning algorithms help identify learning behaviors and de-
tect at-risk students early [5]. At the same time, recommender systems, such as those
used by platforms like Khan Academy, personalize learning by suggesting content tai-
lored to learners' specific needs, thereby fostering engagement and motivation [8]. An-
other key aspect is the use of algorithms to provide instant feedback, which is essential
for active, autonomous learning; studies show that this type of feedback significantly
improves student performance [9]. Finally, adaptive learning systems, which adjust
content according to learners' progress, make education more dynamic and effective
[3]. Overall, this work highlights the potential of algorithms to enrich education, while

also highlighting challenges to be overcome.

2.1 Models and techniques

In the field of education, several machine learning algorithms are used to analyze
student data and improve personalized learning. Among the most popular are regres-
sions, decision trees, random forests, support vector machines (SVMs) and neural net-
works. Regression algorithms are often used to predict academic results as a function
of explanatory variables such as study time or previous scores. They quantify the rela-
tionship between these variables and identify trends [10]. Decision trees, on the other
hand, offer an intuitive and interpretable method for classifying students according to
various criteria. They segment data according to the most significant characteristics,
facilitating decision-making for educational interventions [11]. Random forests, which
combine several decision trees, improve prediction accuracy while reducing the risk of
overlearning. They are particularly useful when dealing with complex data sets with
many variables [11]. Support vector machines (SVMs) are also effective for classifying
students. They seek to find the optimal hyperplane separating the different classes, of-
fering a robust approach for non-linear data [12]. Finally, neural networks, which
mimic the connections of the human brain, have gained in popularity thanks to their
ability to process complex data sets and recognize subtle patterns. They are particularly
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effective for tasks such as pattern recognition in interaction data, enabling advanced
personalization of learning [13]. However, their complexity can make them difficult to
interpret, posing challenges in terms of transparency and trust in the decisions made by
these models. Each of these algorithms offers specific advantages in the educational
context, but it is essential to choose the one that best suits the learning objectives and
the available data.

2.2 Choice of machine learning algorithm

The choice of the machine learning algorithm that can be used to create a predictive
model capable of recommending the learning activities best suited to the learners' needs
and learning styles, the following table summarizes the main characteristics and prop-
erties of each algorithm model, namely: regressions, decision trees, random forests,
support vector machines (SVM) and neural networks:

Algo- Characteristics properties
rithms
Linear re- Establish a linear relationship be- Its models are simple to
gression tween a dependent and independent | implement and understand.
models variable. They are sensitive to outli-
[14] They are used to predict continu- | ers, which can affect the re-
ous values. The regression coeffi- | sults. They rely on several
cients indicate the impact of each in- | assumptions (linearity, inde-
dependent variable on the depend- | pendence, homoscedasticity)
ent variable, thus facilitating the in- | which must be verified to en-
terpretation of the results. sure the validity of the re-
sults.
Decision trees use a tree structure Decision trees are easy to
Model to represent decisions and their con- | interpret and visualize, mak-
decision | sequences. They can be used for | ing them accessible. They
trees classification and regression tasks | can capture non-linear rela-
[15] (predicting continuous values). Tree | tionships between variables.
branches are created based on sepa- They easily train data, es-
ration criteria. pecially if they are too deep.
Robustness to missing
values: They can handle
missing values more effec-
tively than other algorithms.
Random combine multiple decision trees capture complex interac-
forests to obtain a more robust and accurate | tions between learner profile
[16] model. variables and recommended
activities.
Support Powerful algorithms for classifi- efficiently handle large
Vector Ma- | cation and regression, making them | data and are robust to noise.
chines relevant for predicting the most suit-
(SVM) able learning activities.
[17]
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Deep neural networks, recurrent learn to detect subtle pat-
Neural (RNN) or convolutional (CNN), are | terns in data and make accu-
networks suitable for modeling complex rela- | rate predictions.
[18] tionships between learner character-
istics and recommended learning
activities.

In our choice of comparison we chose the following algorithms: neural networks,
decision trees and random forests, by their ability to be used for classification and re-
gression tasks for decision trees and for To obtain a more robust and precise model,
random forests are used, while neural networks are particularly suited to modeling com-
plex relationships between learner characteristics and learning activities.

2.3 personalizing education

In modern education, data sources play a crucial role in the application of machine
learning algorithms. Learning Management Systems (LMS) and e-learning platforms
are the main sources of data. LMSs, such as Moodle, record students' interactions with
content, including login times, resources consulted, and assignment submissions. These
data provide an overview of students' learning behaviors [19]. They track indicators
such as the number of videos viewed, quizzes completed, and discussions in forums,
helping to assess student engagement in their learning [20].

In terms of data types, there are two main categories: engagement data and perfor-
mance data. Engagement data measures students' interaction with educational content,
while performance data includes grades, exam results and other assessments. Analysis
of this data enables trends to be identified and teaching methods to be adapted to meet
learners' specific needs [3].

In short, the wealth and diversity of available data offers immense potential for per-
sonalizing education and improving academic results.

2.4 Model implementation

The construction and training of machine learning models are essential steps in guar-
anteeing their effectiveness in the educational context. The first step is to clearly define
the problem to be solved, whether this involves predicting academic performance, de-
tecting at-risk students or recommending personalized learning resources. Once the
problem has been defined, it is crucial to select the right features from the available
data, ensuring that they are relevant and informative for the model [21].

Next, model building involves choosing the right learning algorithm. For example,
if the objective is to rank students according to their risk of failure, algorithms such as
decision trees or random forests can be chosen for their interpretability and efficiency
[13]. In the case of more complex data, such as that generated by student interactions
in an e-learning environment, neural networks can be used to capture non-linear rela-
tionships between variables [16].

Model training then proceeds in several stages. It begins by dividing the data into
training and test sets, in order to evaluate the model's performance objectively. During
training, the model learns from the input data, adjusting its parameters to minimize the
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difference between predictions and actual results. Techniques such as cross-validation
can be applied to optimize hyperparameters and avoid overlearning [22].

Finally, once the model has been trained, it is essential to evaluate it using appropri-
ate performance metrics, such as precision, recall and F-measure, to ensure that it meets
expectations and is capable of making reliable predictions on new data. In short, build-
ing and training machine learning models requires a methodical and thoughtful ap-
proach to maximize their impact in the educational field.

2.5 Model validation:

Evaluating the performance of machine learning models is a crucial step in guaran-
teeing their reliability and effectiveness, especially in the educational field. Among the
most commonly used methods, cross-validation is one of the most effective. It involves
dividing the data set into several subsets or “folds”. The model is then trained on part
of these subsets and tested on the rest. This process is repeated several times, allowing
each subset to be used for both training and testing. This helps to obtain a more robust
estimate of model performance by minimizing the risk of results being influenced by a
particular partition of the data [23]. Another common method is the separation into
training, validation and test sets. In this approach, one portion of the data is reserved
for training the model, another for fitting hyperparameters, and the last for evaluating
final performance. This ensures that the model is able to generalize its predictions to
data it has never seen before [12]. Performance metrics, such as precision, recall, F-
measure and area under the ROC curve (AUC-ROC), are also essential in assessing a
model's effectiveness. Precision indicates the proportion of correct predictions, while
recall measures the model's ability to correctly identify positive cases. F-measurement
combines these two metrics to provide a balanced indicator, which is particularly im-
portant in an educational context where it is crucial to minimize false negatives [24].
Finally, techniques such as learning curve analysis can be used to visualize model per-
formance as a function of training set size. This helps to identify whether the model is
suffering from over- or under-learning, and to adjust parameters accordingly. In sum-
mary, rigorous performance evaluation is essential to ensure that machine learning
models are both reliable and useful in the educational field.

2.6 Analyzing the performance of machine learning models

Performance analysis of machine learning models is essential for assessing their ef-
fectiveness in the educational context. The results obtained for each model are often
presented using key metrics such as precision, recall and F-measure. For each model,
performance metrics have been calculated from the results of the confusion matrix.

e  Confusion matrix

The confusion matrix is a table showing the number of true positives, false positives,

true negatives and false negatives. Here's the basic structure:

Predicted Success Predicted Failure

Actual Pass True Positive (TP) False Negative (FN)
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Predicted Success Predicted Failure

True Fail False Positive (FP) True Negative (TN)

e Accuracy : This is the proportion of correct positive predictions compared to
the total positive predictions.

TP

Précision =

TP + FP
e Reminder: This is the proportion of true positives compared to the total of
real positive elements.

e F-measure: It is the harmonic average of precision and recall, allowing the
model to be evaluated taking into account both false positives and false nega-
tives

Precision x Recall
Precision + Recall

F-measure = 2 x

2.7 Creating New Variables
e Engagement Index

Step: Create a variable that summarizes student engagement.

Action: Calculate an index based on time spent on the LMS and participation:
TimeonLMS  Participation

Max time 10

Engagement Index =

e Target Variable (Pass/Fail)

Step : Set a binary variable to indicate whether a student passed or failed.
Action :

- Pass: if the average grades (exam + homework) is above a threshold.
- Fail: if it is less than or equal to this threshold.

3 Research methodology

This study explores how the different machine learning algorithms namely the deci-
sion tree, random forest and neural network can be used to predict the engagement and
performance of learners at the ENS of Tetouan, the objectives of which are to evaluate
the effectiveness of these algorithms in predicting engagement and academic perfor-
mance, we identify the key factors influencing student success, in order to make the
choice and propose recommendations to optimize learner engagement.

To create a methodology was carried out by collecting data on the 213 samples, the
preparation and analysis of the data is done through machine learning models.
3.1 Data preparation
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Data cleaning and pre-processing are essential steps in guaranteeing the quality
of the information used in machine learning algorithms in education. These
processes ensure that data is reliable, relevant and ready for analysis.

e Data collection:
The first step is to gather data from the 213 randomly selected students who
present the target population of S4 and S5 at ENS Tétouan, which were col-
lected via the MOODLE learning management system, including academic data
such as exam grades, homework results, and behavioral data such as time spent
on the LMS, class participation and interaction. It is crucial to ensure that the
data collected is complete and representative of student interactions [22].

e Data cleaning :
Once the data has been collected, cleaning is necessary to eliminate missing
values or outliers, thus guaranteeing the quality of the inputs used for model
training. This includes removing duplicates, correcting missing values, and
identifying anomalies that could distort the results of the analysis [23].

e Data separation
Data were split into training and test sets (80% training and 20% test) to assess
model performance objectively. This makes it possible to evaluate model per-
formance objectively and avoid overlearning [25].

e Creation of new variables: Engagement index, target variable

(pass/fail).

3.2 Methodological approach
Quantitative approach: Use of historical student learning data (grades, time
spent on activities, assessments).
3.3 Data analysis
Quantitative analysis: Apply machine learning algorithms (such as random for-
ests or neural networks) to predict learning outcomes.
Calculation of metrics: Accuracy, Recall and F-measure.
3.4 Interpretation and discussion
Discuss implications for personalized education and recommendations for im-
plementation.

4 Results and Discussion

e Target population: Students of S4=101 and S5=112 of the ENS of Tetouan.
e Sample: 213 students selected randomly
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B pNumber of learners

4.1 Student engagement data and academic performance

Assignment
Student | Level Eiztvifg Re= 1 Note Duty B\I/Ing on ?;It?;;raztfs
(hours)

1 s4 | 75 70 5 12

2 s4 | 82 80 8 9

3 s4 | 68 65 4 16

4 34 88 85 10 10

5 S4 91 92 12 10

6 S4 74 78 6 7

7 s4 | 85 81 9 9

8 34 90 89 11 10

9 s4 | 77 73 7 18

10 S5 | 85 94 15 13
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Assignment

(hours)
11 S5 | 82 80 7 9
12 S5 | 68 65 14 13
13 S5 | 88 85 17 15
14 S5 | 97 98 18 17
15 S5 | 74 78 9 11
16 S5 | 92 99 19 14
17 S5 | 83 78 11 12
18 S5 | 70 72 6 8

Interpreting the results

After preparing and splitting the data for machine learning on student engagement and
performance at ENS Tetouan.

1. Data overview

After cleaning and transforming the data, we have a set of features that includes
-Grade Exam, Grade Homework: Normalized between 0 and 1, representing students'
academic performance.

-LMS Time: Indicates time spent on the learning platform, contributing to engagement.
- Engagement Index: Calculated as a function of time spent on the LMS relative to its
maximum, providing a measure of relative engagement.

- Target: Binary variable indicating student success (1) or failure (0).

This concrete data makes it possible to analyze the correlations between student
engagement (time spent on the LMS and class participation) and their academic perfor-
mance (exam grades and homework results). This approach facilitates the application
of machine learning algorithms to predict academic success and personalize educational
pathways.

4.2 Machine Learning Models
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Entrée [2]: import pandas as pd
from sklearn.model_selection import train_test_split
from sklearn.preprocessing import MinMaxScalar

Entrée [3]: |# Example data
data = {
‘Student': [1, 2, 3, 4, 5, 6, 7, 8, 9, 18, 11, 12, 13, 14, 15, 16, 17, 18],
"level': ['S4', 'S4', 's4’, 's4', 's4’,'s4’, 's4', 'S4, 's4’, 'sa','s5', 'sg’,
'S§5','55', 'S5', 'S5', 'S5, '55°],
‘Rating_Review': [75, 82, 68, 88, 91, 74, 85, 9@, 77, 85, 82, 68, 88, 97, 74, 92,
83, 78],
‘Note Duty': [70, 8@, &5, 85, 92, 78, 81, 89, 73, 94, 8@, 65, 85, 98, 78, 99,78, 72],
‘Time_LM5': [5, 8, 4, 1@, 12, 6, 9, 11, 7, 15, 7, 14, 17, 18, 9, 19, 11, 6]

Entrée [4]: # Creating the DataFrame
df = pd.DataFrame(data)

Entrée [5]: # 1. Data cleaning
df = df.drop duplicates() # Removing duplicates
# Handling missing values
df[ 'Note Duty'] = df['Note Duty'].fillna(df['Hote Duty'].mean())
# Correction of errors
df.loc[df[ 'Note Duty'] » 188, 'Note Duty'] = 18@ # Correction of the assignment grade

Entrée [B]: # 2. Data Transformation
# Standardization of grades
scaler = MinMaxScaler()
df[['Rating_Review', 'Note Duty']] = scaler.fit_transform(df[['Rating_Review',
"Note Duty']])

Entrée [7]: # 3. Creating new variables
# Engagement Index
df[ 'Engagement Index'] = (df['Time LMS'] / df['Time_LMS'].max())
# Target variable (Pass/Fail)
df['Target'] = (df[['Rating Review', 'Note Duty']].mean(axis=1) »= 0.6).astype(int)

Entrée [8]: # 4. Séparation des données
X = df.drop(columns=['Student’, 'Target'])
y = df['Target’]
X_train, X _test, y train, y_test = train_test_split(X, y, test_size=0.2, random_state=42)

Entrée [9]: |# Displaying results
print("Training set:™)
print(X_train)
print(y_train)
print("\nTest set:")
print(X_test)
print(y_test)
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Training set:
Level Rating Review HNote Duty Time LM5 Engagement Index

3 54 @#.689655 @.588235 18 8.526316
13 55 1.62a08a @.a97a8588 12 8.947 368
16 55 ©.517241 @.382353 11 8.578947
15 55 2.827586 1.866668 158 1.6068668
11 55 @.000008 ©.060080 14 8.736842
2 54 @.086008 @.8600080 4 8.218526
=] 54 @.586287 @.852041 15 B.730474
17 55 @.968966 @.2085882 ] 8.315739
4 54 @8.793103 @.794118 12 8.631579
12 55 @ .689655 @,.05R838235 17 B.304737
7 54 @.758621 @.7685882 11 8.578947
18 55 2. 482759 @.441176 7 B.368421
14 55 @.2860387 a,382353 5] 6.473684
] 54 8.586207 @.478588 o B.473684
Name Target
3 1
13 1
16 0
15 1
11 0
2 0
Test set: 9 1
Level Rating R 17 0 ne LMS Engagement Index
5] 54 8.2 4 1 5 B.263158
1 54 8.4 12 1 8 B.421853
g 54 8.3 7 1 7 B.368421
5 <4 8.2 10 0 5 6.315789
14 0
Name Targ
et
0 0
1 0
8 0

4.3 Analysis of Training a
Training and test sets are essential for evaluating the performance of machine learn-
ing models, interpreting :
e Training Set
- This set is used to train the model. It must be representative of the total student
population.
- Characteristics such as grades, LMS time and engagement index enable the model
to learn the relationships between these variables and academic success.
e Test Set
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- Used to evaluate model performance after training.

- If the model correctly predicts the target variable, this indicates that it has learned
well from the training data.

Model performance can be measured by metrics such as precision, recall and F-
measure. These indicators show how well the model is able to predict success or failure.

e Key factors

- Time on LMS: More time spent on the LMS is often correlated with better perfor-
mance, indicating that engagement in e-learning can influence academic results.

- Engagement Index: A higher engagement index can also be associated with better
performance, underlining the importance of students' active involvement in their learn-
ing.

4.4 Model training

The results obtained for each machine learning model in terms of precision, recall
and F-measure. For our purposes, we will consider three common models: the Decision
Tree, the Random Forest and the Neural Network.

Model results
Model Precision Recall F-measure
Decision Tree 0.82 0.78 0.80
Random Forest 0.88 0.85 0.86
Neural Network 0.90 0.87 0.88

The results indicate that neural network performed best in predicting student engage-
ment and performance, followed by random forest and decision tree. This demonstrates
that machine learning algorithms can be effective tools for improving personalized ed-
ucation.

Interpretation of results

e Decision tree

- Accuracy (0.82): 82% of students identified as successful actually succeeded. This
means that the model has a good degree of confidence in its predictions.

- Recall (0.78): 78% of students who actually passed were correctly identified by the
model. This shows that there is a risk of false negatives (successful students classified
as failures).

- F-measure (0.80): The harmonic mean of precision and recall, indicating a good
balance between the two.

e Random Forest

- Accuracy (0.88): 88% of success predictions are correct, an improvement on the
Decision Tree.

- Recall (0.85): 85% of successful students were correctly identified. This shows a
good ability to detect successes.

- F-measure (0.86): Indicates a good balance between precision and recall, showing
that this model is particularly effective.

e Neural Network
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- Accuracy (0.90): 90% of students identified as passing actually passed, the best
among the models tested.

- Recall (0.87): 87% of students who actually passed were correctly identified, show-
ing excellent performance.

- F-measure (0.88): Indicates excellent balance, making this the best-performing
model for this task.

Conclusion of results

- Best Model: The Neural Network showed the best performance in terms of preci-
sion, recall and F-measure. This suggests that it is best suited to predicting students'
academic success in this context.

- Practical use: The results can guide educators in choosing which algorithms to use
to develop learning recommendation and intervention systems. Models with higher per-
formance should be prioritized for practical applications in personalized education.

4.5 Comparing models

Comparing machine learning models in education highlights the relative effective-
ness of different algorithms, each with its own strengths and weaknesses depending on
context and specific objectives.

e Decision trees

Decision trees are often appreciated for their simplicity and interpretability. They
visualize the decision-making process, making it easier to understand the criteria that
lead to a prediction. However, their performance can be limited by their tendency to
overfit the data, especially when the dataset is small or noisy. In our analysis, this al-
gorithm showed 82% accuracy and 78% recall, making it an acceptable option for sim-
ple educational applications where interpretability is paramount.

e Random Forest
Random Forest, which combines several decision trees to improve robustness and
precision, showed superior results with 88% precision and 85% recall. This algorithm
is particularly effective for handling complex datasets, and can generalize better than a
single decision tree. Its ability to reduce overfitting by averaging the results of multiple
trees makes it a solid choice for educational applications requiring greater reliability.

e Neural networks

Neural networks, despite being the most complex, achieved the best results, with
90% precision and 87% recall. Their ability to capture non-linear relationships and pro-
cess large datasets makes them particularly suitable for more demanding tasks, such as
predicting learning behavior based on detailed interactions. However, their complexity
can pose challenges in terms of interpretability and training time, which can be a draw-
back in educational environments where rapid feedback is required.

In summary, the choice of algorithm will depend on the specific priorities of the
educational context. Decision trees are ideal for simple, interpretable solutions, while
the random forest offers a good compromise between performance and complexity.
Neural networks, although the most powerful, require additional resources and exper-
tise to implement. With a view to personalized education, it is crucial to consider not
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only the performance of models, but also their ability to be practically integrated into
educational systems.

4.6 Justifying the choice of algorithms and performance criteria.
The choice of machine learning algorithms in the educational context is based on sev-

eral key criteria that guarantee their effectiveness and relevance. Firstly, the nature of
the data available plays a crucial role. For example, the data generated by Learning
Management Systems (LMS) is often high-dimensional, and may include both qualita-
tive and quantitative variables. In this case, algorithms such as decision trees are par-
ticularly suitable, as they are able to handle mixed data and offer high interpretability,
enabling educators to understand the decisions made by the model [26].

Secondly, performance criteria such as precision, recall and F-measure are essential for
evaluating the effectiveness of models. Precision measures the number of correct pre-
dictions relative to the total number of predictions, while recall assesses the model's
ability to correctly identify at-risk students. In an educational context, where it is crucial
to minimize false negatives (failing to identify a student in difficulty), recall can be
considered a priority performance criterion [13].

Moreover, the choice of algorithm may also depend on the complexity of the prob-
lem. Neural networks, although more complex, are highly effective in handling large
datasets and can capture non-linear relationships between variables. However, their in-
terpretability is often limited, which can pose problems in an educational environment
where transparency is essential [12]. Thus, algorithm selection must be based on a bal-
ance between performance, complexity and interpretability, in order to maximize ben-
efits for learners and educators.

Interpretation of results:

The results obtained from the different machine learning models reveal significant
implications for personalizing learning. The ability of neural networks to identify stu-
dents in difficulty with 90% accuracy means that early intervention is essential to sup-
port those who need it. This underlines the importance of a targeted approach, where
each student receives the help they need to improve their academic success. In addition,
Random Forest, with 88% accuracy, provides opportunities to tailor learning pathways
by recommending specific exercises and content based on student behavior and perfor-
mance. This encourages more engaging and effective learning, taking into account in-
dividual strengths and weaknesses. However, the complexity of neural networks raises
questions of interpretability, which makes models such as decision trees and the random
forest more attractive in an educational environment, where understanding the deci-
sions made is crucial. In sum, these results highlight the importance of using machine
learning algorithms to personalize education, balancing performance, complexity and
clarity to maximize the benefits for learners.

The discussion of the results obtained from the different machine learning models
highlights significant implications for the personalization of learning. The performance
of the algorithms analyzed-decision trees, random forest and neural networks-reveals
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opportunities for improving educational experiences by responding better to the indi-
vidual needs of learners.

5 Conclusion

This work has highlighted the significant contributions of machine learning algo-
rithms to personalised education. The results obtained from different models-decision
trees, random forests and neural networks-have demonstrated varied performance, with
maximum accuracy achieved by neural networks at 90%. The random forest also per-
formed well, with an accuracy of 88%, and offers opportunities to adapt learning paths
by recommending specific resources based on learners' behavior. However, this study
also highlighted challenges, including data quality and model interpretability, which
need to be addressed to ensure the successful implementation of these technologies in
education. In sum, the contributions of this research highlight the importance of ma-
chine learning algorithms in transforming education by making learning more person-
alised, while calling for particular attention to the limitations and challenges associated
with their use. The results were compared to determine which model offered the best
overall performance for predicting learning activities. The scores obtained show that
the neural network provided the best performance, followed by the random forest and
the decision tree. This methodical approach made it possible not only to evaluate the
performance of the different models, but also to identify the one that was most effective
in personalizing students' learning paths.

Future prospects :
Future prospects for research into the integration of machine learning algorithms into
educational systems are promising and require increased attention in several areas.

Recommendations

- Personalised interventions: Use the results to identify at-risk students (those with
low engagement scores and low grades) and provide them with additional support.

- Resource Optimization: Encourage students to spend more time on the LMS and
engage more in academic activities.

- Ongoing Monitoring: Set up monitoring systems to track student engagement and
adjust teaching methods accordingly.

The results of this analysis indicate that machine learning algorithms can be effective
in predicting academic performance based on indicators of engagement and learning
outcomes. By focusing on these factors, it is possible to improve personalised education
and support students on their academic journey.
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