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ABSTRACT

This study investigates the application of machine learning algorithms to analyse students’ attitudes towards distance mathemat-
ics education, focusing on perceived effectiveness and students' ability to successfully learn and adopt mathematical content in
an online setting. Data were collected from 1154 students at various educational levels using a 28-item Likert scale questionnaire
on distance mathematics learning. An ML pipeline incorporating multiple data preparation techniques and machine learning
algorithms was applied to two key prediction questions. Unlike predominantly descriptive or single model studies in this area,
this approach evaluates both predictive performance and the stability of selected survey items across many model configura-
tions, providing more robust and interpretable pedagogical insights. The results show that Recursive Feature Elimination was
the most effective feature selection method, while Random Forest, Ridge Classifier and Categorical Naive Bayes achieved the
strongest overall predictive performance across the two questions. These findings confirm the value of combining feature selec-
tion techniques and machine learning algorithms to derive robust and interpretable insights from educational survey data, while
also highlighting the importance of well-structured distance learning strategies in mathematics education. The methodology is
readily adaptable to other academic disciplines, providing educators with a data-driven framework for improving the design and
effectiveness of online learning.

1 | Introduction that depends on multiple stakeholders and their capabilities
(Cassibba et al. 2021).

Distance learning is a concept that has existed for more than
a century, with its roots in the correspondence schools of the
19th century. The development of various media, from radio and
television to modern information and communication technolo-

gies, has significantly shaped this form of education (Mati¢ and

Distance learning has become an important component of con-
temporary education, particularly following the COVID-19
pandemic, which accelerated the transition from traditional
classroom instruction to online environments across all educa-

Stanci¢ 2021; Sherry 1995). Its implementation is intended for
individuals who cannot attend traditional classes and is carried
out with the help of various media (Lucev et al. 2022). The main
advantages of this approach include flexibility, personalized in-
struction and broader accessibility for more students (Descamps
et al. 2006), leading to the conclusion that it is a complex system
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tional levels (Traxler 2018). In Serbia, this transition represented
a significant challenge for mathematics teachers who were pri-
marily accustomed to traditional teaching methods, while stu-
dents had to adapt to learning in virtual environments (Vuceti¢
et al. 2020). Research conducted during this period showed that
students recognized certain advantages of online mathematics
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instruction, including time savings, better organization and eas-
ier access to learning materials, although teachers frequently
emphasized the lack of direct communication and concerns re-
garding students’ independent work (Vucetic¢ et al. 2020; Cvijeti¢
et al. 2022).

Similar findings have been reported in international studies
examining distance learning during and after the COVID-19
pandemic. Existing research highlights challenges related
to technological infrastructure, unequal access to digital re-
sources, reduced interaction and limited preparedness of in-
stitutions and teachers for fully online instruction (de la Pefia
Esteban et al. 2019; Shevchenko et al. 2024; Albanyan 2024;
Gurajena et al. 2021; Steyn et al. 2024). At the same time, flexi-
bility, continuity of education and support for geographically or
socially disadvantaged students are recognized as important ad-
vantages of distance learning. A recent systematic review con-
firms that technological limitations, organizational barriers and
reduced interaction remain among the key factors affecting stu-
dent engagement and perceived learning effectiveness in online
environments (Wang and Huang 2023).

Although there were certain shortcomings in the imple-
mentation of online teaching during the pandemic, it also
demonstrated positive aspects, which have led to ongoing im-
provements since the pandemic ended. Research on the inte-
gration of artificial intelligence (AI) in distance learning at
the higher education level shows that students regularly use
AT technology and report a high level of satisfaction with their
use. Significant benefits have been observed in areas such as
learning through virtual and augmented reality. However,
the study also emphasizes the need to address various chal-
lenges in order to fully realize the advantages of AI technol-
ogy in teaching (Mahmudi et al. 2023). This research remains
largely focused on Al-enabled distance learning in general
and does not directly examine students’ attitudes towards dis-
tance mathematics learning through a comparative machine-
learning evaluation. Additionally, among the proposed models
to address the challenges of distance learning, the pedagogi-
cal approach known as COMP-PLETE is particularly notable.
This approach incorporates eight key elements: community,
openness, multimodality, participation, personalization,
learning, experience and technological improvement. The
model is designed to improve the online learning experience,
reduce students’ sense of isolation and encourage active par-
ticipation in the learning community. The authors provide a
theoretical rationale and recommendations for implementing
this model, with an emphasis on creating dynamic and sup-
portive communities that can effectively address challenges
related to technology access, digital literacy and time man-
agement (Goria and Konstantinidis 2023). Although COMP-
PLETE provides a comprehensive pedagogical framework, it
does not offer a subject-specific, data-driven assessment of
students’ attitudes in distance mathematics education.

Despite the extensive body of research on distance learning,
much of the literature addresses online education at a general
level and focuses on broad constructs such as students' motiva-
tion, engagement and acceptance rather than subject-specific
contexts (Mohtar and Md Yunus 2022). Mathematics education
represents a particularly demanding context due to the abstract

nature of mathematical concepts, the cumulative structure
of knowledge and the strong reliance on continuous feedback
and interaction. Consequently, findings derived from general
distance learning research cannot be directly transferred to
distance mathematics education. Moreover, although students'
experiences and attitudes in remote mathematics learning have
been explored, existing studies remain predominantly descrip-
tive or mixed-method and do not offer a comprehensive, model-
based analysis (Mukuka et al. 2021; Mihajlovi¢ et al. 2021).
Most prior studies in this domain rely on descriptive statistics or
qualitative approaches to examine students' perceptions, identi-
fying broad advantages and challenges without offering predic-
tive insights (Vucetic¢ et al. 2020; Cvijeti¢ et al. 2022; Mukuka
et al. 2021). Where machine learning has been applied, analyses
are typically limited to a single classifier or a narrow feature
set, without systematic comparison of feature selection strate-
gies or assessment of model stability across different configura-
tions (Milenkovi¢, Krsti¢, and Svicevi¢ 2024). Consequently, it
remains unclear which survey items carry consistent predictive
value across varying modelling choices, and whether a multi-
model pipeline can yield robust and interpretable insights into
students’ attitudes towards distance mathematics education
specifically. This lack of comprehensive analyses that systemati-
cally combine multiple feature selection techniques with a wide
range of machine learning models provides the primary motiva-
tion for the present study.

1.1 | Distance Mathematics Education

Distance mathematics education presents a distinct challenge
compared to other fields of study largely due to its interactive
nature, the need for continuous feedback and the complex-
ity of mathematical concepts, which often require visual and
hands-on support. Mathematics demands a high level of stu-
dent engagement, which can be further limited in an online
environment due to the lack of direct interaction and tech-
nical limitations, such as the absence of interactive tools for
displaying formulas, graphs or diagrams. At the same time,
learning mathematics remotely offers opportunities to utilize
digital technologies, such as simulations, interactive appli-
cations and visualization tools, that can enrich the teaching
process (Engelbrecht and Harding 2005; Lazovi¢ 2021; Lowe
et al. 2016). Empirical studies indicate that the proper use of
multimedia resources and educational software can improve
learning outcomes (Engelbrecht and Harding 2005; Murtafiah
et al. 2020). During the pandemic, teachers adopted a variety
of tools to make mathematical content more accessible to stu-
dents (Djordi¢ et al. 2021). Individual factors, such as access
to technology, personal learning space and digital literacy,
significantly affect students’ self-perception in mathematics
within the online environment. Studies show that both tech-
nological and personal challenges can negatively influence
students’ perception of mathematical capabilities, whereas
pedagogical interventions and curriculum adjustments can
help mitigate these challenges (Bringula et al. 2021). Their
level of education increases, pointing to a relationship be-
tween students’ opinion towards online learning and their
age (Adalar and Oflaz 2023). During the pandemic in Serbia,
most teachers used pen tablets to present mathematical con-
tent. Students found this tool highly useful for both lessons
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that introduced new material and practice sessions. Girls,
more than boys, reported that this type of instruction helped
them better understand mathematical content, particularly in
algebra lessons. When considering students’ age, high school
students, more than elementary school students, perceive
the use of a pen tablet as more effective and consider it more
beneficial in mathematics classes (Milenkovi¢, Miliki¢, and
Jovovi¢ 2024). In addition to technical issues, the lack of di-
rect communication and challenges in monitoring and eval-
uating student work remain major concerns (Almarashdi and
Jarrah 2021; Mihajlovi¢ et al. 2021). Teachers also face diffi-
culties in keeping students engaged and providing adequate
support in an online setting. Research also points to differ-
ences in attitudes between teachers and students towards on-
line mathematics teaching, which can impact its effectiveness
(Milenkovi¢ et al. 2022). Applying the unified theory of ac-
ceptance and use of technology (UTAUT) model, research has
found that factors such as perceived effectiveness, expected
effort, facilitating conditions and social influence all contrib-
ute to the acceptance of online teaching. Of these, ensuring
that students have access to the necessary technology is the
most important factor for successful adoption (Kansiime and
Batiibwe 2023). Given all these factors, it is essential to de-
velop new approaches and methods that will enable effective
distance learning in mathematics, taking into account the spe-
cific characteristics of the domain and the needs of students.

1.2 | Machine Learning as a Tool
for Understanding Students’ Attitudes

Predicting student performance in programming and math-
ematics often involves algorithms such as Random Forest,
Decision Trees and Naive Bayes, which have demonstrated high
accuracy in classifying and predicting student outcomes (Durak
and Bulut 2023; Milic¢evi¢ et al. 2024). Additionally, research
in interactive learning environments has shown that neural
networks perform exceptionally well in predicting learning
outcomes, providing the best results in forecasting the timely
completion of tasks (Su et al. 2022). At the same time, Naive
Bayes outperformed Decision Trees in predicting programming
performance, achieving an accuracy of 0.9102, indicating its
usability in improving learning strategies and identifying stu-
dent weaknesses (Sivasakthi and Padmanabhan 2022). Studies
in mathematics emphasize the importance of algorithms such
as Logistic Regression, k-Nearest Neighbours and Support
Vector Machines in analysing student performance (Elouafi
et al. 2024). Similarly, time series analysis offers the potential to
predict student difficulties with a high level of accuracy, allow-
ing timely interventions and helping to prevent dropout (Shou
et al. 2024). Deep learning models, including convolutional neu-
ral networks (CNNs), long short-term memory (LSTM) and deep
neural networks (DNNs), have also shown significant potential
for predicting performance in virtual environments. These algo-
rithms achieve high accuracy when analysing data from online
platforms, emphasizing student engagement as a key success
factor (Alnasyan et al. 2024). Similarly, the application of the
k-Nearest Neighbours algorithm in studies of students’ attitudes
towards distance mathematics education demonstrates that this
model can effectively classify students’ perceptions of teach-
ing effectiveness and their ability to understand mathematical

concepts in an online environment (Milenkovié¢, Krsti¢, and
Svicevi¢ 2024). Beyond technological aspects, psychological fac-
tors, such as teacher anxiety, can significantly impact student
success. Anxiety related to mathematics teaching has been iden-
tified as a relevant predictor of student achievement, highlight-
ing the need to integrate psychological support into the teaching
process (Awofala et al. 2024).

The application of machine learning to analyse student attitudes
and performance provides opportunities for more personalized
instruction and the development of more effective educational
strategies. This is particularly important in mathematics educa-
tion and also extends to broader educational contexts.

1.3 | Aim of the Study
This study addresses two research questions:

« Is distance mathematics education effective?

« Can students successfully acquire mathematical content
through online learning?

To answer these questions, the study focuses on the applica-
tion of machine learning to analyse and predict students’ atti-
tudes towards distance mathematics education. These research
questions are implemented in the questionnaire as a part of
dedicated survey items (the full wording of all 28 statements is
provided in Appendix A). The central idea of this study is to ex-
amine whether machine learning models can predict each stu-
dent's response to these two target items based on the pattern
of responses to the remaining survey questions, which capture
how students evaluate different aspects of distance mathematics
learning. Specifically, the aim is to develop models capable of
accurately predicting (i) students’ perceptions of the effective-
ness of mathematics teaching in an online environment and (ii)
their perceived ability to acquire mathematical content during
distance education.

The goal is to achieve this through a comprehensive approach
that includes:

« 9 feature selection techniques,

« 14 different machine learning algorithms (23 including
variations),

e 5 evaluation metrics applied to both training and test
datasets

To the best of our knowledge, there are currently no studies that
provide a detailed machine learning-based analysis of students'
attitudes towards the quality of distance mathematics instruc-
tion in schools across Southeast Europe. By addressing this gap,
the present research contributes to a deeper understanding of
students’ attitudes and provides evidence-based insights to sup-
port decision makers in designing more effective online mathe-
matics instruction.

Beyond model comparison, the study also aims to identify sur-
vey items that remain consistently informative across differ-
ent feature selection principles and learning algorithms. This
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FIGURE 1
techniques, machine learning model selection and evaluation metrics.

improves robustness and reduces dependence on any single
modelling choice.

The main contributions of this paper are threefold. First, the
study examines students’ attitudes towards distance mathemat-
ics education through a comprehensive machine learning-based
approach. Second, it systematically compares multiple feature
selection techniques and machine learning algorithms across
two key prediction questions derived from questionnaire data.
Third, it identifies stable and interpretable survey items across
different model configurations, offering data-driven pedagogi-
cal insights relevant to the design and improvement of distance
mathematics learning.

This paper is structured as follows. Section 2 presents the re-
search methodology, including the dataset description, data
preparation techniques, feature selection strategies and the
machine learning models applied in the analysis. Section 3 re-
ports the experimental results and comparative performance
of the evaluated models across both research questions.
Section 4 discusses the findings, interprets the identified ped-
agogical patterns and outlines their educational implications.
Finally, Section 5 summarizes the main conclusions, high-
lights the study's contributions and suggests directions for
future research.

| An overview of the model development pipeline, illustrating the four levels of the process: Question formulation, data preparation

2 | Methodology

This section presents the methodology used to analyse students'
attitudes towards distance mathematics learning. The method-
ological approach consists of three key components: data prepa-
ration and selection, application of machine learning algorithms
and evaluation of models using a variety of metrics. This re-
search dataset is based on the answers to the survey statements
that allow the implementation and comparison of multiple
methods and techniques.

The given diagram (Figure 1) visually represents the process of
building and evaluating machine-learning models for predict-
ing students’ attitudes towards distance mathematics learning.
The process is organized into four main levels. The first level
includes two research questions that the models are designed to
address and predict. The second level covers data preparation
using nine different feature selection techniques. The third level
involves selecting one of the 23 machine learning algorithms to
build the model (Mohammed et al. 2016; Sarker 2021). Finally,
the fourth level involves evaluating the model using five met-
rics, providing a comprehensive assessment of its performance.
By combining different data preparation techniques and algo-
rithms, a total of 923 =207 different models were built for
each research question. Since this procedure is performed for
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two distinct questions, a total of 414 models were considered in
the study.

Although the study addresses two distinct research questions,
both are formulated as binary classification problems derived
from the same questionnaire and rely on an identical set of
predictor variables. For this reason, the same pool of feature
selection techniques and machine learning algorithms was
applied to each research question. Importantly, feature selec-
tion was performed independently for each target variable, en-
suring that the relevance of features was evaluated separately
for each research question. This design choice enables a sys-
tematic and fair comparison of model behaviour and stability
across different predictive tasks, rather than optimizing algo-
rithmic configurations for a single question. Such an approach
allows the analysis to focus on the robustness and general ap-
plicability of feature selection strategies and machine learning
models in the context of students' attitudes towards distance
mathematics education.

2.1 | Dataset

A total of 1154 students from various educational levels par-
ticipated in creating the dataset. The sample included 758
upper primary school students (65.68%) and 396 high school
students (34.32%). The participants were drawn from 11 upper
primary schools and 5 high schools. Among the students sur-
veyed, 664 (57.54%) were female, while 490 (42.46%) were
male. The student sample was collected in Serbia at the end
of the 2021/2022 school year using a convenience sampling
approach: the survey link was distributed via participating
schools through official school and teacher (professor) email
channels, and students who received access were invited to
complete the questionnaire voluntarily. All questionnaire
fields were mandatory, therefore, no incomplete survey forms
were submitted and no responses had to be excluded due to
missing data. Although the sample was non-probabilistic,
its size and structure support meaningful exploratory analy-
sis and the application of machine learning methods, while
limitations regarding representativeness are acknowledged.
Alongside three demographic questions on gender, school
type and grade level, two questionnaire items (12 and 25) cor-
responded directly to the study's research questions and were
used as target variables in the subsequent machine learning
analysis.

Responses to all questionnaire statements were collected using a
five point Likert scale encoded from 1 to 5. Since Items 12 and 25
operationalize the two research questions as binary classifica-
tion tasks, their response categories were binarized by grouping
1-2 as disagreement and 4-5 as agreement. Accordingly, prior
to the analysis, respondents who selected the neutral midpoint
(value 3, interpreted as undecided) on items 12 or 25 were ex-
cluded, so that the final sample of 1154 students (76% of the
initially collected responses) consisted of only those expressing
either disagreement (1-2) or agreement (4-5) with the corre-
sponding statement.

This survey format allowed for a detailed analysis of student
perceptions and served as the basis for operationalizing the two

research questions introduced in Section 1, which examine the
perceived effectiveness of distance mathematics education and
students’ ability to acquire mathematical content through online
learning.

Since the 12th and 25th survey statements were used as target
variables corresponding to the two research questions, they
were excluded from the input feature set and treated as output
variables in the model training process. The remaining ques-
tionnaire items were developed in line with prior research on
distance mathematics education that highlights the role of dig-
ital tools and learning materials, teacher feedback and assess-
ment practices and broader organizational access constraints
(Mihajlovi¢ et al. 2024; Chin et al. 2022), while also reflecting
the Serbian emergency remote education context that combined
online platforms with televised instruction via RTS (Randelovi¢
et al. 2020).

To assess the internal consistency and quality of the question-
naire, reliability analysis was performed using Cronbach's alpha
coefficient on all 28 Likert type items. The obtained value of
a = 0.91 indicates excellent internal consistency. Content valid-
ity was ensured through comprehensive coverage of the key di-
mensions related to distance mathematics learning.

2.2 | Data Preparation

Data preparation is a crucial step in machine learning, with fea-
ture selection being one of the most significant phases. Various
feature selection techniques are used to extract the most rele-
vant statements from the dataset, which can enhance model per-
formance and reduce computational complexity.

The set of nine feature selection techniques was deliberately
chosen to cover complementary categories of feature selection
approaches commonly used in machine learning. Specifically,
the selected methods include filter-based techniques (Variance
Threshold, Median Absolute Deviation, Chi-square, Information
Gain), wrapper-based techniques(Recursive Feature Elimination
[RFE], Backward Feature Selection, Forward Feature Selection),
embedded methods (Random Forest Importance, RFI) as well as
a baseline scenario without feature selection. This combination
enables a systematic comparison of fundamentally different se-
lection principles in the context of attitude prediction.

Although the questionnaire responses are collected using a
Likert scale, the items are treated as ordinal numerical features,
which is a standard practice in predictive modelling and edu-
cational data mining. In practice, each response option was en-
coded as an ordered integer from 1 to 5 (preserving response
order). This representation is directly compatible with the ap-
plied selection methods, including y%based scoring which
requires non negative inputs. The applied feature selection tech-
niques do not rely on strict distributional assumptions and are
therefore suitable for handling Likert type data in a machine
learning setting, where the primary objective is prediction
rather than statistical inference (Koklu 2025; Woelk et al. 2025).
In this study, the term data preparation refers to feature selec-
tion (plus the baseline without feature selection) applied to the
Likert items prior to model training.
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2.2.1 | No Feature Selection (NFS)

In this approach, all data are used without applying any fea-
ture selection. This approach is suitable for models that are
robust to a large number of input features and can handle po-
tential noise.

2.2.2 | Variance Threshold (VT)

This technique removes features with low variance, eliminating
those that have nearly identical values across all input samples.
Features with higher variance are more likely to contribute to
distinguishing between target classes.

2.2.3 | Median Absolute Deviation (MAD)

This technique is a statistical method used to remove features
with low variability. Features with low MAD values often do
not contribute to the predictive power of the model and can be
eliminated.

2.2.4 | Chi-Square (CHI)

The chi-square test-based technique is used to measure the in-
dependence between features and the target variable. The most
useful features are those that exhibit the strongest statistical as-
sociation with the target variable.

2.2.5 | Information Gain (IG)

This method measures how much information each feature pro-
vides about the target variable. It is widely used with Decision
Trees (DT) and similar algorithms, where features with the
highest information gain are considered the most relevant.

2.2.6 | Random Forest Importance (RFI)

This technique uses the Random Forest algorithm to calcu-
late the importance of each feature. Features with the high-
est importance score are considered most relevant for the
model. In this study, features were ranked by their RFI scores,
and selection was performed by retaining the most informa-
tive items according to the retention criterion described in
Section 3.1.

2.2.7 | Recursive Feature Elimination (RFE)

RFE is an iterative method that trains a model and removes
the least relevant features based on the weights assigned by the
model. The process continues until an optimal set of features
remains. In this study, RFE was implemented using a linear
estimator, where feature importance was determined based
on model coefficients. Prior to applying RFE, all features were
normalized to ensure comparability and to prevent scale-related

bias in the elimination process. The number of retained features
was determined through iterative evaluation of model perfor-
mance, allowing the selection of a reduced feature subset that
preserved predictive accuracy.

2.2.8 | Backward Feature Selection (BFS)

This technique begins with all available features and gradually
removes them one by one based on their impact on the model.
The final set of features includes those that yield the best results
in terms of accuracy or other evaluation metrics.

2.2.9 | Forward Feature Selection (FFS)

The opposite of Backward Feature Selection, this method starts
with an empty set of features and adds them one by one, evalu-
ating the model's performance after each addition. The process
continues until optimal results are achieved. Both BFS and FFS
were implemented as wrapper procedures that iteratively eval-
uate candidate feature subsets using the same cross-validation
protocol as the downstream classification experiments, select-
ing the subset that yielded the best performance.

FFS and BFS are often slower compared to other methods
because they involve multiple steps in adding or removing
features. Techniques such as CHI and IG rely on statistical
measures to determine feature importance, while RFI and
RFE directly use machine learning algorithms for assessment.
VT and MAD are simpler methods that do not require complex
calculations or modelling. All feature selection techniques
were applied using standard implementations with default pa-
rameter settings unless otherwise stated. For score-based filter
methods (e.g., CHI and IG), a common relevance threshold de-
scribed in Section 3.1 was used to retain features. For methods
with inherent selection rules (e.g., VI/MAD removing only
constant items, and RFI using cumulative importance), the
corresponding default or method-specific procedure was ap-
plied. RFE inherently relies on an iterative model-based elim-
ination procedure.

2.3 | Machine Learning Methods

All machine learning algorithms were applied within a unified
experimental framework to ensure comparability across mod-
els. A diverse set of well established methods was employed to
predict students’ perceptions of the effectiveness of distance
mathematics learning and their ability to acquire mathemati-
cal content in an online environment, selected for their com-
plementary characteristics (e.g., linear and nonlinear decision
boundaries, probabilistic modelling and ensemble-based learn-
ing). For each combination of feature selection technique and
learning algorithm, models were trained separately for each
research question using the same cross-validation strategy and
evaluation metrics, with the primary aim of performing super-
vised classification based on students' responses to the selected
survey items rather than investigating the theoretical properties
of the models themselves.
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After excluding the two target statements from the predictors,
the remaining survey items were used as inputs. For each re-
search question, each feature selection technique produced a
reduced feature set, which was then provided to each classi-
fier to learn a predictive mapping from students’ responses to
the corresponding binary outcome. Model performance was
estimated under a stratified fivefold cross-validation protocol
to ensure consistent class proportions across folds and en-
able a fair comparison across all feature selection X algorithm
combinations.

2.3.1 | Logistic Regression (LR)

Logistic Regression was used as a baseline linear classifier due
to its interpretability and robustness when handling binary out-
come variables derived from Likert-scale data.

2.3.2 | Nearest Centroid (NC)

The NC classifier was applied as a simple distance-based
method, assigning instances to classes based on proximity to
class centroids in the selected feature space.

2.3.3 | k-Nearest Neighbours (kNN)

The kNN algorithm was employed to model local similarity
structures in the data, enabling classification based on the dom-
inant class among neighbouring instances.

2.3.4 | Linear Support Vector Classification (LSVC)

Linear SVC was used to construct linear decision boundaries
that maximize class separation, particularly suitable for high-
dimensional feature spaces.

2.3.5 | Gaussian Process Classifier (GPC)

The Gaussian Process Classifier was applied to capture nonlin-
ear relationships while providing probabilistic predictions, al-
though its use was limited by computational complexity.

2.3.6 | Decision Trees (DT)

Decision Trees were used to model hierarchical decision rules,
allowing for transparent classification based on selected sur-
vey items.

2.3.7 | Random Forest (RF)

Random Forest models were implemented as ensemble classifi-
ers combining multiple decision trees to improve generalization
and reduce overfitting. Variants with different numbers of trees
were considered.

2.3.8 | Adaptive Boosting (AdaBoost)

AdaBoost was applied as an ensemble method that incre-
mentally emphasizes misclassified instances, thereby im-
proving predictive performance in challenging classification
scenarios.

2.3.9 | Multi-Layer Perceptron (MLP)

Multi-Layer Perceptron models were used to capture complex
nonlinear relationships between input features and target vari-
ables. Several network configurations were evaluated to assess
model stability.

2.3.10 | Naive Bayes (NB)

Naive Bayes classifiers were employed as probabilistic mod-
els based on conditional independence assumptions, offering
computational efficiency and robustness in high-dimensional
settings.

2.3.11 | Quadratic Discriminant Analysis (QDA)

QDA was used to model class-specific covariance structures,
allowing for nonlinear decision boundaries under Gaussian
assumptions.

2.3.12 | Stochastic Gradient Descent (SGD)

SGD based classifiers were applied as efficient linear models op-
timized through iterative updates, suitable for large scale exper-
imental settings.

2.3.13 | Passive Aggressive Classifier (PAC)

The Passive Aggressive classifier was used as an online learning
algorithm that updates model parameters only in response to
misclassified instances.

2.3.14 | Ridge Classifier (RC)

The Ridge Classifier was applied as a regularized linear model
to mitigate multicollinearity and enhance numerical stability.

Hyperparameter tuning was carried out using a comprehen-
sive grid search within cross-validation. For each algorithm,
we varied a small set of key capacity and regularization hyper-
parameters (e.g., neighbourhood size for kNN, regularization
strength for linear models, kernel related parameters, network
configuration for MLP and the number of estimators for ensem-
ble methods) and selected the configuration that maximized
the macro-F1 score. To ensure a fair comparison and prevent
information leakage, model specific preprocessing and feature
selection were performed using training data only within each
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cross-validation split, and the selected configuration was then
evaluated consistently under the same stratified k-fold protocol
used throughout the study.

2.4 | Evaluation Metrics for Machine
Learning Models

The evaluation of machine learning models is an important step
in the process of developing and implementing algorithms, as
it provides a way to measure their accuracy, efficiency and re-
liability. In this study, various performance evaluation metrics
are applied, including time-based metrics, accuracy, precision,
recall and the F1 score. Each of these metrics provides valuable
insights into different aspects of model performance, ranging
from processing speed to the model's ability to correctly clas-
sify data.

Time-based metrics assess the efficiency of the model in terms of
the time required for training and testing. The average training
time, fit_time_mean, represents the mean time required to train
the model, while the average testing time, score_time_mean, in-
dicates the time needed to make predictions. Their standard de-
viations, fit_time_std and score_time_std, provide insights into
the stability of the execution time:

n
. 1
fit_time_mean= = Z Lo
n 4 ’
i=1
n
. 1
score_time_mean = — 2 Locore.ir
n 4 ’
i=1

Accuracy measures the overall success of the model and is de-
fined as the proportion of correctly classified samples to the total
number of samples:

TP+ TN

Accuracy = ,
Y= TP{IN+FP+FN

where TP (true positive), TN (true negative), FP (false positive)
and FN (false negative) represent different classification out-
comes. In this study, both the mean and standard deviation of
accuracy for the training and testing datasets were analysed.

Precision evaluates the accuracy of positive predictions and is
defined as follows:

TP

Precision = ————.
TP + FP

Recall (also known as Sensitivity or True Positive Rate) mea-
sures the model's ability to identify all actual positive instances:

TP

Recall = ————.
TP + FN

F1 score represents the harmonic mean of Precision and Recall,
serving as a balance between them:

Precision - Recall

F1=2. ——M—————|
Precision + Recall

In this study, accuracy, precision, recall and F1 score were ana-
lysed through their mean values and standard deviations across

both the training and test datasets. By analysing these metrics in
their micro, macro and weighted variants, detailed information
was obtained on the model's stability and its ability to provide
consistent predictions across datasets. This allowed the identi-
fication of models with the best performance in line with the
defined research objectives.

3 | Results

This section provides a detailed analysis of the performance of
machine learning models developed to address two key ques-
tions related to the effectiveness of distance mathematics edu-
cation and the adoption of content in a digital environment. By
combining nine different feature selection techniques and 23 ma-
chine learning algorithms with two key questions, a total of 414
models were developed in the Python library Scikit-learn
(Kramer 2016), after which they are evaluated according to mul-
tiple criteria. The metrics used in the analysis include accuracy,
precision, recall, F1 score and training and testing times, provid-
ing a comprehensive assessment of their performance. The aim
of this analysis is not only to identify feature selection techniques
and models that achieve the best results, but also to understand
the impact of different data preparation techniques and evalu-
ation metrics on the overall success of the models in practical
applications. To evaluate the models, a fivefold cross-validation
strategy was applied, with each fold using 80% of the data for
training and 20% for testing. The use of the StratifiedKFold
method from Scikit-learn library, ensured that the class dis-
tributions were preserved across all training and testing subsets.
This approach guarantees that each class present in the test set is
also represented in the training data, ensuring consistency and
reliability in assessing model performance.

3.1 | Comparison of Data Preparation Techniques

To better understand the impact of different feature selection
strategies, we first compare multiple data preparation tech-
niques applied to the survey dataset. Table 1 summarizes the
results of the selection of statements using nine different data
preparation techniques for both research questions. To deter-
mine relevance, each statement was assigned a score that indi-
cated its importance, as calculated by the respective selection
method. A threshold value of 0.7 was applied to score based
feature selection outputs to determine whether a feature should
be retained. If a statement exceeded the 0.7 threshold within a
particular feature selection technique, it was retained for that
technique's result set and considered for further analysis. The
choice of 0.7 in this case reflects a preference for features with
strong relevance while maintaining enough diversity to avoid
over-pruning the feature set. It also reduces the reliance on any
single method and increases the robustness.

Several features, such as statements 13, 14, 26, 27 and 28, con-
sistently exceeded the threshold across techniques for both
questions, indicating their strong predictive relevance. These
features are associated with students’ self-assessed motivation,
which proved to be a key predictive factor. Additionally, this
suggests that in other domains, statements that target a similar
context may also be effective predictors of learning success. On

8 of 18

Expert Systems, 2026



| + + + + +

+ + + + + 4+

+ o+ + + + + + + + + + o+

+ o+ 4+ o+

+ o+ + + + + + o+

+ + + + + + + +

+ + + +

+ + + o+

+ + + + + + + +

+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
+
|

|
|
|
|
|
+
|
|
+
+
|
|
|
|
|
|
+
|

|
+ o+ + o+ o+
+

+
+ + + + + + + 4+ o+

|

|
Lo
+
+ o+
Lo
I+
+ o+
Lo
I+
Lo
+ o+
I+
I+
+ o+
Lo
Lo
+ 1

|
+ o+ o+
+
+
+
|
|
|
|
|
|
|
|
|
|
|
|
|

TO—I1A
10—LA
TO—I14d
10—I144
t0—add
10—Hd4d
tO—SAN
T0—SAN
tO—AvVIN
I0—AvVIN
t0—oI
10—0I
20—Ss4ad
10—Sd4
¢O—IHD
TI0—IHD
t0—s4ad
10—Ss4dd

8¢

LT

<
[a\]

€C

(44

|14

S
N

61

81

LT

|
|
+
|
+
+
o+ + +
|
o+ +
|
|
+
|
+
|
|
+

91 ST ¢vI €T 11 OI
Jjo apern

*ON JUdUIdIRIS adAg,

S ¥ € T I [0o0yds J9Ad] JIdpudn uoneredaxd

eyeq

'sanbruyo9) uoryeredaid eyep £q so1nyeI) PaIOS[As JO MIIAIDAQ

| THTAVL

90f 18

Expert Systems, 2026



the other hand, demographic attributes like Gender and Grade
Level were selected sporadically, highlighting their limited gen-
eralization across models. Methods like NFS and VT tended to
retain nearly all features, whereas CHI, IG and RFE applied
more aggressive filtering, underscoring the variability in selec-
tion granularity between statistical, information-theoretic and
model-based approaches.

To begin the detailed analysis of model performance, the F1
macro mean was selected as the primary metric. This metric
was chosen because of several key advantages that contribute
to a more comprehensive evaluation of model performance.
First, the F1 score combines precision and recall into a single
measure, allowing simultaneous consideration of the accuracy
of positive predictions and the coverage of all relevant cases.
Additionally, its macro variant calculates the average perfor-
mance for each class, regardless of their representation in the
data. This is particularly important in scenarios where there is
a class imbalance. Finally, since this metric is measured on the
test dataset, it directly reflects the model's ability to generalize
predictions on new, unseen examples, which is crucial for as-
sessing the model's practical applicability. Analysing the aver-
age values of the F1 metrics in the test dataset for nine different

CHI

(0]
(0]
0

Data preparation techniques

RFE

% II B h
g 0.802 [eB-K:40.821(0.817(0.783(0.858(0.829(0.853(0.841|0.831|0.839|0.824|0.817 0.8190.755 0.856/0.832|0.856(|0.836|0.856|0.785|0.814
-05

data preparation techniques in the context of both research ques-
tions (Figures 2, 3), significant differences in performance were
identified. Certain techniques consistently achieve high values
for both questions, indicating their stability and effectiveness in
various scenarios. However, some techniques show considerable
variation between questions, suggesting that their effectiveness
may be problem-specific.

For the first question (Figure 2), the RFE technique achieves the
highest average F1 macro score of 0.813, making it the best per-
forming technique for this task. Its strength lies in its ability to
gradually introduce the most relevant features, thereby optimiz-
ing the model's performance. It is followed by the NFS technique,
with a score of 0.807, which highlights its efficiency in scenarios
where the relationship between features and output classes is well
defined. RFE also achieves a high maximum F1 macro score of
0.856, confirming its effectiveness in tasks that require systematic
and rapid exploration of the feature space. Techniques such as IG
and MAD yield solid but slightly lower results, with scores of 0.849
and 0.844, respectively. Although IG and MAD still offer solid per-
formance, their effectiveness falls behind compared to more tech-
nically advanced methods, with FFS achieving the highest score
(0.866), followed by CHI (0.859).

-0.7
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N8 0.799/0.336(0 410.790(0.856(0.824(0.853(0.851(0.838(0.819(0.846(0.807|0.819 [1Xe7AN0.806|0.848|0.809(0.851|0.848|0.839(0.816(0.816
¥ Q@ Q& L L & L 8 Lo 5 ¢ & F L O O O O O
F TS T ETFT VT IFTITET TS TS EE S
& &L & 7 Q3 <
s Q)@@ @of’ & (5”0 ™ ’ ™ ’ \.‘eo"
& 8§
& ~
ML algorithm

FIGURE2 | F1 score heatmap of ML algorithms across data preparation techniques for first research question.
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FIGURE3 | F1 score heatmap of ML algorithms across data preparation techniques for second research question.

For the second question (Figure 3), the RFE technique achieves
the highest average F1 macro score of 0.847, making it the best
performing technique for this task. Its effectiveness lies in its
ability to systematically prioritize the most relevant features,
which enhances model performance. It is followed by the NFS
technique, with a score of 0.834 and the VT technique with
0.832, both of which demonstrate solid performance in fea-
ture selection and model optimization. In terms of maximum
F1 macro scores, NFS achieves the highest score of 0.894, con-
firming its strength in identifying the most predictive features.
Close behind are RFI with a score of 0.893 and RFE with 0.890.
Techniques such as VT and BFS also deliver high results, with
scores of 0.889 and 0.886, respectively. In contrast, methods like
MAD perform significantly worse, with a maximum F1 macro
score of 0.842, indicating their limited suitability for tasks re-
quiring complex feature interactions.

Based on the analysis of the maximum and average F1 macro
mean scores for both questions, we can provide clear recom-
mendations on which techniques should be further used. There
are two key points to consider (Table 2): the performance of the
technique in terms of its best score (MAX) and the consistency
of its performance across different models, represented by the
average score (Average). Techniques that achieve exceptionally

high maximum values for both questions are NFS, RFI and RFE.
NFS, with a maximum score of 0.894 for the second question
and an average score of 0.834, demonstrates outstanding appli-
cability and consistent performance. RFI achieves a maximum
score of 0.858 for the first question and 0.893 for the second
question. Although its average score for the first question (0.793)
is not among the highest, it remains one of the top performers
for the second question (0.823). RFE shows stability, with maxi-
mum scores of 0.856 for the first question and 0.890 for the sec-
ond question. Its average score for both questions is the highest
in the table, indicating its reliability across different tasks. On
the other hand, techniques like FFS achieve maximum high val-
ues for the first question (0.866), but its average score for the
second question (0.805) is lower compared to other techniques.
This suggests that, although capable of achieving exceptional
results with specific models, its stability is not on the same level
as techniques such as NFS and RFE. Techniques such as CHI
and VT also demonstrate notable results, but their maximum
and average values do not exceed those achieved by NFS, RFI
or RFE. They can be useful as secondary choices in specific sce-
narios, but they are not leading options in general. Based on the
given F1 macro mean score analysis, the RFE feature selection
technique was identified as one of the most reliable for both re-
search questions.
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TABLE 2

| Summary of maximum and average F1 scores for data preparation techniques for both questions.

The distance mathematics education is effective

I can adopt mathematical contents in
online learning environment

Technique Average MAX Technique Average MAX
RFE 0.813 0.856 RFE 0.847 0.890
NFS 0.807 0.858 NFS 0.834 0.894
FFS 0.805 0.866 VT 0.832 0.889
BFS 0.801 0.853 RFI 0.823 0.893
VT 0.799 0.856 BFS 0.816 0.886
MAD 0.797 0.844 1G 0.816 0.885
CHI 0.793 0.859 CHI 0.806 0.883
RFI 0.793 0.858 FFS 0.805 0.874
1G 0.791 0.849 MAD 0.759 0.842
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FIGURE 4 | Comparison of mean accuracy for ML algorithms using RFE across two questions.

3.2 | Comparison of Different ML Models

In this section, we present a detailed analysis of the perfor-
mance of ML models after applying the RFE feature selection
technique, which was identified as the most reliable for both re-
search questions. Although the F1 macro mean score was previ-
ously used to guide the selection of data preparation techniques,
this section extends the evaluation by examining additional
metrics, including accuracy, precision, recall and execution
time. By comparing the performance of different ML algo-
rithms across these metrics, we aim to identify the most robust
models and gain insights into how their performance changes
depending on the nature of the research question. The mean ac-
curacy analysis (Figure 4) highlights notable differences among
algorithms shown through the box plot, especially when com-
paring their performance between the two research questions.
For the first question (blue), CategoricalNB achieved the best
results (0.856). High accuracy was also demonstrated by RF100

(0.852) and RF50 (0.851), while BernoulliNB (0.523) and PAC
(0.721) were among the least effective models in this case. Large
standard deviations, such as those for PAC (0.141), indicate un-
stable performance during different training attempts. For the
second question (red), most algorithms showed improved mean
accuracy. The best performing models were CategoricalNB
(0.904), RF100 (0.904), NC (0.904) and RC (0.902). There is a no-
table improvement in accuracy compared to the first question
for algorithms such as BernoulliNB (0.691) and PAC (0.866),
indicating that the second question aligns better with their
predictive strengths. Compared to the first question, standard
deviations are generally smaller, indicating greater stability for
algorithms such as RF100 and CategoricalNB. The analysis of
macro mean precision (Figure 5) for both research questions
reveals differences in algorithm performance and the stability
of their results through standard deviations. For the first ques-
tion (blue), the algorithms with the highest precision values
are RF50 (0.857), RC (0.856) and CategoricalNB (0.860). These
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models demonstrated stable performance with moderate devi-
ations. However, BernoulliNB (0.523) and PAC (0.789) again
proved to be the least effective compared to the other algo-
rithms, with significant instability in PAC, having a deviation
of 0.079. When considering the second question (red), precision
values improved significantly for most algorithms. The best
results were achieved by RC (0.892), CategoricalNB (0.889),
MLP_16_16 (0.887), RF100 (0.885) and NC (0.885), indicating
that these algorithms better respond to the data of this ques-
tion. BernoulliNB, however, performed poorly, with a precision
of only 0.346, suggesting its insufficient ability to correctly clas-
sify the data for this question. Regarding the variability of the
results, most models demonstrated stable results, with standard
deviations below 0.04 for the second question. Exceptions in-
clude MLP_32_32 (0.052) and RF50 (0.051), showing slightly

higher variability, indicating the potential sensitivity of these
models to different training instances and data sets. The analy-
sis of macro mean recall results reveals stable performance for
most algorithms, with varying levels of variability between the
two questions (Figure 6). For the first question (blue), the best
recall results were achieved by CategoricalNB (0.857), RF100
(0.852), RF50 (0.852) and RC (0.849). This shows their ability
to cover all relevant features in the data, regardless of class im-
balance. Lower-performing results in this context were shown
by BernoulliNB (0.522) and PAC (0.720), with the PAC model
also affected by high result variability (standard deviation of
0.139). For the second question (red), significant improvements
are visible for most algorithms. The best results were recorded
by NC (0.897), RF100 (0.895) and RF50 (0.891), indicating
their effectiveness in handling more complex and potentially
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heterogeneous data. On the other hand, BernoulliNB again
exhibits poor performance, with a recall of only 0.500, mak-
ing it unreliable in this context. The time metrics chart reveals
significant differences in training and testing times between
the algorithms (Figure 7). Algorithms such as GPC and MLP
models stand out with long training times, indicating their high
complexity and the need for greater computational resources
during training. However, simpler models like CategoricalNB
(0.00001) and BernoulliNB (0.00002) have very short training
times. On the other hand, algorithms like NC and BernoulliNB
draw particular attention because of the testing time, which is
relatively high compared to the training time. This suggests
that while these models are quick to train, their prediction pro-
cesses may involve more complexity when applied to new data.

4 | Discussion

This study evaluated various data preparation techniques and
machine learning algorithms to assess students’ attitudes towards
online mathematics education, based on responses to a structured
survey found in Appendix A. The application of machine learning
in education, as described in the literature review, has shown that
certain algorithms such as Decision Trees, Logistic Regression and
kNN achieve significant results in predicting student performance
and analysing their attitudes (Ersozlu et al. 2024). Algorithms such
as Random Forests and Naive Bayes have also proven effective in
tasks requiring high accuracy and precision, as confirmed in this
study (Durak and Bulut 2023; Mili¢evi¢ et al. 2024). Our results
are consistent with these findings, as the RF100 and RC models
demonstrate consistently high performance on various metrics.
The analysis of the F1 macro mean metric (Figures 2 and 3) indi-
cated that techniques such as RFE, NFS and RFI deliver the best
results, confirming the importance of systematic feature selection

in model optimization. These results align with previous research,
where RFE was used to eliminate irrelevant features, resulting
in higher accuracy and better model generalization (Marjuni
et al. 2024; Chai et al. 2019).

Using the RFE method, we further identified the statements
(Milenkovi¢ et al. 2022) that have the greatest impact on the
predictions of how students perceive the effectiveness of online
mathematics instruction. The key factors contributing to per-
ceived effectiveness include:

« the use of digital textbooks and problem collections during
distance learning;
« clear instructions from teachers regarding assessment;

« students’ agreement that distance mathematics learning
has more advantages than in-class learning;

« students’ agreement that distance mathematics learning
has more advantages than disadvantages;

« whether students’ academic performance declined during
distance learning;

« students’ interest in working in an online environment;

« students’ agreement that lessons introducing new defini-
tions and theorems were conducted as successfully as in-
class lessons;

« students’ age and gender.

In contrast, the results obtained using the RFE technique to as-
sess students’ perceptions of their ability to acquire mathemati-
cal content during distance learning suggest that the optimal set
of statements consists of the following:

10714

Time (Log Scale) [s]
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ML Algorithm
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Testing Time (The distance mathematics education is effective)
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Comparison of training and testing time for ML algorithms (Log Scale).
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o students' belief that their mathematics teacher has suffi-
cient knowledge and skills for the successful implementa-
tion of distance learning;

« that the mathematics teacher regularly provides feedback
on students' work;

« students’ level of knowledge and skills necessary to success-
fully follow mathematics distance learning;

« whether students' work habits and awareness of school obli-
gations are maintained:

o whether students’ in mathematics has

worsened;

performance

« the belief that mathematics content can be successfully
taught during distance learning;

« students’ agreement that lessons introducing new defini-
tions and theorems were conducted via distance learning as
successfully as in-class lessons;

« students’ agreement that lessons in which they practice
and connect previously learned concepts and theorems are
conducted as successfully via distance learning as in-class
lessons;

« students’ age.

Taken together, the two sets of statements identified through the
RFE based analysis reveal distinct but complementary pedagog-
ical patterns. Students tend to perceive distance mathematics
education as effective when instruction is supported by well-
structured digital materials, transparent assessment criteria and
online lessons that successfully replicate the explanatory and
conceptual depth of in-class teaching. Motivation and the ab-
sence of perceived learning loss emerge as important indicators
of successful adaptation to online instruction.

In contrast, students’ ability to adopt mathematical content in an
online environment is more strongly associated with teachers’
pedagogical and technological competence, regular and mean-
ingful feedback and the maintenance of students’ work habits
and learning routines. These findings suggest that perceived ef-
fectiveness and actual content adoption rely on different but in-
terconnected conditions, emphasizing that successful distance
mathematics education requires both high quality instructional
design and sustained pedagogical support.

It is particularly interesting that techniques such as FFS and CHI
showed exceptional performance on the first question, but their
average values on the second question were slightly lower. This
suggests that, although these techniques can achieve outstanding
results in certain cases, their stability is not on the same level as
techniques such as RFE and NFS, which consistently demonstrate
good performance (Su et al. 2022). When it comes to machine
learning algorithms, the performance results for the accuracy met-
ric (Figure 4) reveal significant differences between the models.
Algorithms such as CategoricalNB, RF100 and RC demonstrated
stable performance with high average values and low standard
deviations. In Sivasakthi and Padmanabhan (2022), Naive Bayes
was compared with Decision Trees, showing superiority, which
was also confirmed in this study. Although kNN showed sat-
isfactory results to predict students’ attitudes towards online

mathematics education (Milenkovié¢, Krsti¢, and Svicevi¢ 2024),
this research found that better results can be achieved with other
algorithms. It is also important to note that BernoulliNB and PAC
showed significantly lower performance, indicating their sensi-
tivity to the specific characteristics of the data. The high perfor-
mance of CategoricalNB, combined with its simplicity and speed,
makes it a practical choice for tasks requiring fast data processing
(Sivasakthi and Padmanabhan 2022). The results for precision
and recall further confirmed the superiority of the CategoricalNB,
RF50 and RC models, which stand out consistently in both met-
rics. These algorithms demonstrated the ability to classify the
data accurately and cover all relevant features, which is crucial
in an educational context where identifying all potentially prob-
lematic student cases is important. The high recall scores of the
RF50 and RC models highlight their ability to recognize various
scenarios, which is especially relevant in detecting learning diffi-
culties in mathematics (Milicevi¢ et al. 2024; Elouafi et al. 2024).
Regarding time metrics (Figure 7), significant differences were
observed between the models. Algorithms such as GPC and MLP
models exhibited longer training times, indicating their complex-
ity. However, these algorithms also demonstrated a certain level of
stability in their results, suggesting that their application is justi-
fied for more complex tasks (Alnasyan et al. 2024). However, sim-
pler models such as CategoricalNB and ComplementNB showed
fast training times with satisfactory performance, making them
practical for scenarios where speed is a key factor.

From a practical teaching perspective, the items identified by
RFE as the most relevant predictors for both research questions
can be translated into concrete recommendations for distance
mathematics instruction. First, digital instructional materials,
particularly digital textbooks and problem collections, should
be structured to be clear, segmented and consistent and where
feasible, include elements that support active engagement
during independent work. Second, online instruction should
be designed to preserve conceptual depth through step-by-
step teacher explanations, representative examples and tasks
that emphasize understanding rather than mere reproduction.
Third, assessment criteria and expectations should be made
fully transparent (through rubrics, clearly defined learning out-
comes, deadlines and scoring procedures), so that students have
a stable framework for their work and for monitoring their own
progress. Fourth, the introduction of a regular feedback cycle
is recommended through brief and timely comments, since
teacher guidance and feedback emerged as a key component of
successful online learning. Fifth, teachers should explicitly sup-
port the development and maintenance of students’ work habits
and learning routines through lesson structure, work plans and
reminders, given the relevance of routine maintenance in the
selected predictors. Sixth, professional development for teach-
ers in the context of distance education should include not only
digital competencies but also strategies for sustaining student
engagement, motivation and feedback in online environments.
These recommendations translate the survey-based findings by
linking the strongest predictors to actionable aspects of instruc-
tional design and pedagogical support, and they should be in-
terpreted as associations with students' target responses rather
than as causal determinants.

These findings reinforce the view that distance mathematics ed-
ucation is most effective when technological tools are combined
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with strong pedagogical guidance, rather than treated as a
purely technical substitute for face-to-face instruction.

The innovative contribution of this study lies in the systematic
integration of multiple feature selection techniques and machine
learning models to analyse students’ attitudes towards distance
mathematics education. Unlike traditional studies that rely pri-
marily on descriptive statistics or single model analyses, this ap-
proach enables the identification of stable and robust patterns
across a large number of model configurations. By examining
both performance metrics and feature relevance, the proposed
methodology offers a data driven framework for extracting ped-
agogically meaningful insights from educational survey data.

This methodological design is particularly valuable in educa-
tional research contexts where complex interactions between
pedagogical, technological and motivational factors are present.
The generality of the pipeline allows it to be applied to other sub-
ject domains and educational settings, making it a flexible tool
for evidence-based instructional planning and decision making.

5 | Conclusion

This study demonstrated that the proper selection of data
preparation techniques and machine learning algorithms can
significantly impact the accuracy and reliability of models for
analysing students' attitudes in the context of two research ques-
tions: ‘Is distance mathematics education effective?” and ‘Can
students successfully adopt mathematical content through on-
line learning?’

The results showed that techniques such as RFE and NFS
achieved the best performance for both research questions, with
algorithms such as RF100, RC and CategoricalNB consistently
demonstrating the highest values for F1 score, accuracy, pre-
cision and recall. These models produced stable and accurate
results, particularly in identifying the most relevant statements
within the student responses.

The set of statements identified through RFE as a stable predictor
of students’ agreement on the effectiveness of distance learning
and their perceived ability to learn mathematical content online
should serve as a foundation for instructional planning. These
statements can guide the design and implementation of distance
mathematics instruction to improve learning outcomes. These
findings underscore specific factors educators should consider
when designing online learning environments.

Moreover, techniques such as RFE and NFS, along with models
such as RF100, can be applied to different types of educational
domains, contexts and environments. This means that this ap-
proach is not limited to mathematics education. By applying
this feature selection and model evaluation pipeline to domain-
specific surveys in other fields, educators can gain actionable
insights and better prepare instruction to the learning needs of
students.

The study also highlights that smaller models, like
CategoricalNB, are suitable when execution speed and large
dataset handling are priorities. In contrast, more complex

algorithms such as MLP and GPC, while requiring longer train-
ing times, are beneficial in scenarios requiring deeper analysis.

In conclusion, combining feature selection methods such as
RFE with high-performing models like RF100 and RC is rec-
ommended to optimize the prediction and analysis of students'
attitudes towards online mathematics education.
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Appendix A

A Survey

Gender
a. Female

b. Male

Choose your current grade level:

Type of school
a. Primary school
b. High school

For the next statements mark a number that aligns with your opinion
(1—I strongly disagree; 2—I somewhat disagree; 3—I am undecided;
4—1I somewhat agree; 5—I strongly agree).

1. During distance mathematics learning, we use digital textbooks
and problem collections.

2. During distance mathematics learning, we use dynamic soft-
ware (GeoGebra, MathLab, Wolfram Mathematica...) with in-
structions and support from the teacher.

3. During distance mathematics learning, we use presentations,
images, scanned materials and various other documents.

4. During distance mathematics learning, we use applications and
platforms for solving tests and quizzes (quizziz, kahoot...).

5. During distance mathematics learning, we largely follow math-
ematics classes broadcasted on RTS (public TV service), as in-
structed by the teacher.

10.

11.

12.
13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

. I believe that the mathematics teacher who teaches me has

enough knowledge and skills for successful implementation of
distance learning.

. During distance learning, the mathematics teacher regularly

provides feedback on my work.

. During distance learning, I received clear instructions regarding

assessment from the mathematics teacher.

. During distance learning, the mathematics teacher regularly in-

forms my parents about my work.

I believe I have enough knowledge and skills necessary to suc-
cessfully follow mathematics distance learning.

I have experience with distance mathematics learning, even be-
fore the SARS-CoV-2 pandemic.

I believe that distance mathematics learning is effective.

I believe that distance mathematics learning has more advan-
tages than disadvantages.

I believe that distance mathematics learning has more advan-
tages compared to mathematics learning conducted in a tradi-
tional school environment.

I am interested in this type of work and collaboration with the
mathematics teacher.

I regularly follow mathematics lessons, to the extent that corre-
sponds to following lessons in a traditional school environment.

I experience technical difficulties while following distance
learning.

I complete math homework independently during distance
learning.

I regularly complete math homework during distance learning.

During distance learning, I retained my work habits and aware-
ness of school obligations.

During distance learning, my performance in mathematics
worsened.

During distance learning, my overall school performance
worsened.

I believe that communication between the mathematics teacher,
my peers and me is at a satisfactory level.

Mathematics content is such that, for the most part, it can be
successfully taught in mathematics classes during distance
learning.

I believe that mathematics content is such that I can
successfully adopt and understand it through distance
learning.

Mathematics lessons where we are introduced to new concepts,
theorems and content are successfully conducted via distance
learning, without significant differences compared to lessons
held in a traditional school environment.

Mathematics lessons where we review, practice and connect
concepts and theorems we previously learned are successfully
conducted via distance learning, without significant differences
compared to lessons held in a traditional school environment.

Mathematics tests (written assignments, control exercises) are
successfully conducted via distance learning.
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