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Abstract—Learning style detection is essential for developing
adaptive learning tailored to learner preferences. Extensive
research has been conducted to address the limitations of direct
learner engagement, behavioral-based approaches, and the lack
of learner-teacher interaction caused by the shift to online
learning. Many learning style models have been widely used and
evaluated for their performance in supporting adaptive
learning. However, implementing Multiple Intelligence
Learning Styles (MILS) remains limited in online learning due
to low detection performance. This study employs machine
learning approaches to enhance the detection performance of
Multiple Intelligence Learning Styles. This study proposes an
integrated machine learning framework to enhance MILS
classification by combining data preprocessing, log-modulus
transformation, and class imbalance handling via Synthetic
Minority Over-Sampling Technique (SMOTE), Adaptive

Synthetic Sampling Approach (ADASYN), and SMOTE-Tomek.

Recursive Feature Elimination (RFE) with Support Vector
Machine (SVM) is used for feature selection while eight
machine learning models are used for classification.
Interactions between learners and the Learning Management
System (LMS) comprise the dataset, which are labeled using the
Multiple Intelligence Inventory. The SVM model using
ADASYN outperforms previous studies and other models,
achieving the highest F1-Score of 89%, according to
experimental data using S-fold cross-validation. Statistical tests
(Shapiro-Wilk, Analysis of variance (ANOVA), and paired
t-tests) confirm significant differences in performance between
models. The proposed approach demonstrates enhanced
detection performance and can be adapted to broader
e-learning applications, supporting adaptive and personalized
learning systems.

Keywords—personalized learning, e-learning, learning styles,
machine learning, multiple intelligence

I. INTRODUCTION

The rapid development of information and communication
technology fosters the advancement of learning technology;
online learning enables the implementation of tailored or
flexible learning according to learners’ needs and
preferences [1]. A key element of personalized or adaptive
learning is the learner model, and learning style is one factor
that supports learner preference [2]. Learning style is
essential in developing a personalized learning system and
other aspects such as cognitive ability, prior knowledge, and
learner’s profile [3]. Learning style has been proven to
enhance learning performance, learner satisfaction, learning
motivation, while also reducing learning time [4-6].
Learning styles are a way for learners to engage in learning
activities and processes. Learners’ experiences and contexts
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influence learners’ learning styles. These can change over
time and across different learning situations [7]. Identifying
the learner’s learning style is crucial, as it allows for adapting
the educational environment to suit each learner’s unique
traits and needs, producing more effective adaptive learning
experiences for individuals [8].

Psychologists have developed numerous conceptual
models of learning styles. These models, such as those by
Kolb [9], Honey and Mumford [10], the modalities-based
approach [11], Gregorc, Visual, Auditory, and Kinesthetic
(VAK)/Visual, Auditory, Read/write, and Kinesthetic
(VARK) Neil Fleming’s learning style model [12],
Felder-Silverman, and Gardner’s theory of multiple
intelligences, are widely recognized and used in e-learning
environments [13].

Multiple Intelligences Theory (MIT) acknowledges that
individuals learn in a variety of ways. Cognitive study
suggests that learners have various mental abilities and
process information in diverse ways. According to the theory,
learners can have several strong intelligences. These diverse
intelligences can help the learning process by providing a
range of learning experiences. Additionally, intelligence is
not fixed but can be enhanced through learning.

In contrast, intelligence may decline or fade if not
exercised and reinforced through continued learning. MIT
identifies nine intelligences: musical, naturalistic, existential,
interpersonal, intrapersonal, verbal-linguistic, visual-spatial,
bodily-kinesthetic, and mathematical-logical. =~ These
intelligences also correspond to distinct learning styles.
Mathematical-Logical: learning through quantitative, logical,
and mathematical methods while demonstrating excellent
problem-solving, reasoning, and pattern-recognition abilities.
Visual-Spatial: learning using visual aids like diagrams,
photos, and images. Verbal-Linguistic: learning is best
accomplished through oral or written means, such as word
manipulation and expressiveness. Bodily-kinesthetic:
learning is best done through hands-on activities, simulations,
and direct experiences with concrete materials. Interpersonal:
choosing to learn through group communication,
collaborative thinking, and discussion-based approaches.
Intrapersonal: exhibiting a preference for self-directed
learning,  focusing on  concepts and theories.
Musical-rthythmic: learning through musical elements such
as patterns, thythms, and listening to music. Naturalistic:
learning by making connections between concepts and the
environment, with a focus on practical, application-oriented
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approaches. And Existential: learning by grasping the overall
conceptual framework and big picture understanding, rather
than focusing solely on details and specifics [14].

As one of the learning styles widely used in traditional
learning and has demonstrated exemplary performance,
studies have shown that more than 80% of evaluations on the
role of multiple intelligences in supporting education found
that groups utilizing multiple intelligences outperform those
that do not [15]. Few studies have examined the use of
Multiple Intelligence Learning Styles in online learning
environments, in contrast to the extensive usage of these
learning styles in traditional learning contexts, as noted in the
literature review in Section II. According to the study’s
findings, the Felder-Silverman model, VARK, and Kolb’s
model are the three primary learning style models most
frequently used in online education [16].

The primary obstacle to utilizing Multiple Intelligence
Learning Styles (MILS) in online education is the subpar
performance of learning type recognition models. In order to
enhance the accuracy of learning style detection for different
intelligences in online learning environments, this study
employs machine learning approaches. This study used a

rigorous research method to design the research,
implementation, validation, and assessment to offer
insightful information that will aid in developing

personalized learning systems.

This study presents a novel innovation in the detection
method for MILS compared to previous studies, through a
combination of resampling techniques with feature
selection—Recursive Feature Elimination (RFE) using linear
kernel Support Vector Machine (SVM) to assess feature
importance. In addition to enhancing the prediction
performance of Multiple Intelligence Learning Styles,
combining multiple resampling techniques with the RFE
method contributes to a structured classification pipeline that
uses statistical analysis to verify the accuracy of the model
results.

The sections that follow describe the structure of this paper.

Section II examines existing models and methods for
automatically identifying learning styles, their methods,
outcomes, validation procedures, and assessment metrics.
Section III details the research methodology, including
dataset creation, data preprocessing, resampling strategies,
machine learning models, validation procedures, and model
performance evaluation. Section IV discusses the resampling
methodologies, the recursive feature elimination process, the
resultant model performance, and the evaluation outcomes.
Finally, Section V concludes the paper, with limitations and
recommendations for future research.

II. LITERATURE REVIEW

Collecting and analyzing data from learner interactions in
online learning environments is becoming a fundamental
basis for utilizing Learning Style Model (LSM). The
literature review highlights the application of diverse
machine learning models for the detection of learning styles
in e-learning, including K-Nearest Neighbor (KNN), Naive
Bayes (NB), Decision Tree (DT), Random Forest (RF),
Neural Network (NN), Linear Discriminant Analysis (LDA),
SVM, Logistic Regression (LogR), Linear Regression (LR),
Fuzzy C-Means (FCM), K-Means, Classification and

Regression Trees (CART), and Ensemble Learning (EL)
techniques.

Kamal and Abo-Rizka [17] detected learning styles and
knowledge levels using a literature-based approach that has
shown promising detection performance, which can
effectively support adaptive learning. Another study utilized
a hybrid approach to identify learning styles and assign
projects based on learners’ preferences. This study used
Honey and Mumford’s learning style, and this identification
process showed greater efficiency than traditional
methods [18]. Another study used a combination of
techniques to identify the learning styles of elementary
school learners. The approach utilized learner interaction
data with the LMS, collaborative filtering methods, and a
modified matrix factorization algorithm to detect learning
styles based on the VAK LSM [19]. The study of VARK
learning style detection, which employed a prior knowledge
approach and utilized ANN models, successfully enhanced
the accuracy of learning style detection [20]. Furthermore,
this study evaluated datasets with and without multimodal
features, and the results showed that non-multimodal datasets
achieved much higher accuracy than multimodal
datasets [21]. Altamimi et al. [22] found that linear regression
models outperformed classification models in predicting
learners’ learning styles with multiple dominant learning
styles, and that the RF model achieved the best prediction
performance. A study that used learner clickstream data to
predict VAK-LSM in an online learning environment
demonstrated how accurately the RF algorithm identified
learners” VAK learning styles [23]. In order to identify
VARK-LSM, Lokare et al. [24] used Electroencephalogram
(EEG) data that included assessments of cognitive load,
attention, facial expression, meditation, and emotional state.
According to the study, the RF model outperformed the DT
and EL models [24]. Costa et al. [8] utilized artificial
intelligence to detect Kolb’s-LSM based on learner
interactions with the LMS. However, the researchers found
low accuracy in classifying learning styles and identified one
learning style that falls outside of Kolb’s model [8].
Fadili ef al. [25] used demographics, educational background,
learning strategies, and social involvement to identify the
learning styles of nursing learners in Morocco. According to
the study’s findings, the Neural Network model
outperformed the Naive Bayes model in terms of
prediction [25].

The Gravitational Search-Based Back Propagation Neural
Network model used the labels produced by the FCM
approach to predict the learning styles of incoming learners in
later research. These studies used Web Usage Mining and the
Felder-Silverman learning style paradigm to determine
learners’ styles [26]. A study examined how to identify
learner learning styles through e-learning attributes
determined from learner activities, such as time spent on
learning materials, frequency of access, and navigation
patterns. The Felder-Silverman learning styles of the pupils
were predicted using machine learning models [27].

According to the findings, the SVM model showed the
most reliable and consistent predicting capacity in this task,
whereas the Naive Bayes model performed the least
well [28].

The last two studies used multiple intelligence and
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Felder-Silverman learning style detection approaches based
on learner interaction data with the LMS and machine
learning models for classification tasks. The first study,
conducted by Rasheed and Wahid [29], used a Neural
Network model to effectively recognize learner learning
styles based on multiple intelligences. However, further
enhancement in model convergence is required. The SVM
performed the best for several intelligence learning styles
(logical-mathematical,  visual-spatial,  verbal-linguistic,
interpersonal-intrapersonal, and bodily-kinaesthetic) in the
second study by Rasheed and Wahid [13], which included
seven machine learning models. With an average of 86.30%,
the SVM model performed best across all four dimensions for
the Felder-Silverman learning style detection.

The current research is designed and implemented based

on the research gap analysis compared to previous studies, as
shown in Table 1. The focus is on enhancing the performance
of Multiple Intelligence Learning Style detection using
learner and LMS interaction data. Specifically, the five

dominant intelligences detected from the Multiple
Intelligence Learning Styles are logical-mathematical,
visual-spatial,  verbal-linguistic,  interpersonal,  and

intrapersonal.

While previous studies have explored various learning
style models and machine learning methods, few studies use
feature selection and data resampling techniques separately
to improve the classification of different intelligence learning
styles. This study proposes integrating three types of
resampling techniques with RFE and statistically evaluating
the performance results of the best models.

Table 1. Comparison of previous learning style detection studies with the present study

Article Machine learning model Validation & evaluation if:ctg(l;fl Resam})ling Statistical test' & Learning style
method technique model comparison model
method
[17] DT, KNN, NB Ratio Time and Ratio Visit - - - FSLSM
Honey and
(18] NN ) ) ) ) Mumford’s LSM
[29] NN Accuracy - - - MILSM
[20] NN Accuracy - - - VARK LSM
[26] FCM Precision, Recall - - - FSLSM
[8] NN Accuracy - - - Kolb’s LSM
CV, F1-Score, ROC, AUC,
[21] DT, SVM, LDA, KNN Accuracy, Precision, and - - - VARK LSM
Recall
[13] KNN, NB, DT, RF, LDA, F1-Score, CV, Accuracy, Feature ) ) MILSM and
SVM, LogR Precision, and Recall Selection FSLSM
[19] MF CV, RMSE - - t-test VAK LSM
LogR, LDA, KNN, F1-Score, Accuracy,
(28] CART, NB, SVM Precision, Recall, and CV B } B FSLSM
[22] LR, SVM, NN, DT, RF, RMSE, MdAE, MAE, ) ) Wilcoxon VARK LSM
KNN Accuracy
CV, F1-Score, Accuracy,
(23] KNN, RF, SVM, LogR Precision, Recall, and AI}EC } ) } VAK LSM
CV, F1-Score, ROC, AUC,
[25] SVM, DT, NN, NB Accuracy, Precision, and - - - Kolb’s LSM
Recall
[27] SVM Random Hold-out Method RFE+SVM - - FSLSM
[24] DT, RF, EL Accuracy, Precision, Recall, ) ) ) VARK LSM
F1-Score
Present KN]I:I],)IXB,S\]%\TA, []{dFo’g/;NN’ Accuracy, Precision, Recall, RFE+SVM ADASYN, SMOTE, Shapiro-Wilk, MILSM
work : > g F1-Score SMOTE Tomek link ANOVA, and t-test

XGBoost

III. MATERIALS AND METHODS

This paper attempts to improve the performance of MILS
classification in online learning by building a dataset of
online learning interaction activities using the LMS-Moodle
platform. The process includes data preprocessing, covering
selecting relevant features, labelling the dominant
intelligence class based on the results of the Multiple
Intelligence Inventory instrument, overcoming multi-class
imbalanced, applying feature selection technique,
implementing classification prediction using machine
learning models, validating classification prediction models,
and evaluating the results of prediction models. The
suggested approach for identifying various intelligence
learning styles in online courses is depicted in Fig. 1.

A. Apparatuses

This study employed equipment to support the
achievement of its objectives, including a PC with an Intel
Core 17 processor, 8 GB of RAM, and a 256 GB hard disk.

This study utilized Python version 3.10.12 to implement data
preprocessing, resampling techniques, feature selection,
classification tasks, and statistical analyses. Multiple
Intelligence Inventory (MII), developed by McKenzie based
on MIT, was used to survey the dominant intelligence
possessed by learners; MII was used to assign a dominant
intelligence label value to the dataset.

Feature Selection -
Recursive Feature
Elimination (RFE) +
SVM

Feature Scaled v
Machine Learning
l Classifiers

Training Set

|

Validation and Evaluasi
Model Performance

Resampling Methods
(SMOTE, ADASYN, >
SMOTE-Tomek)

Moodle Data

Collection

Data Preprocessing

Data Transformation

Testing Set

Fig. 1. Proposed methodology.
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B. Dataset Information

The study involved 66 learners enrolled in teacher
professional education program at X University. The data
were collected from the learners’ interactions with the
Moodle-LMS platform to facilitate distance education. All
participants completed a survey using a Multiple Intelligence
Inventory instrument to assess their dominant intelligence.
The study used learner and LMS interaction data based on a
log file containing the following features: user full name,
time, affected user, event name, component, description,
origin, event_context, and IP_address. From the features in
the log file, two key aspects were calculated to construct the
features of the MILS dataset: the duration learners spent
accessing learning objects or activities and the frequency or
quantity of their access to learning objects or specific
activities on the LMS. Table 2 presents the mapping of
learning management system components and activities used
to form multiple intelligence datasets and its attributes,
supporting the identification dominant intelligence classes.

The frequency of a user’s access to various activities and
components within the LMS can be calculated using
formulas based on the available log file features, as in Eq. (1).
These features include time (7), event context (ec),
user_full name (u), event_name (en), and description (d).

F(u,ec,en)=le5(uiaecmeni) (M

The duration (d;) of an individual’s engagement with
specific activities or resources within the LMS was
calculated as the difference in timestamp (#) between the
current activity and the subsequent activity (#+1) in the
sequence [30], as shown in Eq. (2). Based on the calculation
concept adapted to the context of the dataset in the change
study, the formula is applied as shown in Eq. (3).

di =gt )

N (u,ec,en)

D(u,ec,en) = Z,-:z T-7.) (3)

Table 2. Mapping of LMS activity components to support identification of dominant intelligence

'Dom.mant LMS activity Detailed LMS activity Description Attribute

intelligence component name
. Course module viewed, submission created, file Resolving problem-solving concepts and Att01 T,

Assignment . . . . -
. . upload, a submission has been submitted solutions (completing concept tasks) Att01 N

Logical-Mathematical - - - - - - - - -
Forum Course module viewed, discussion created, discussion Interacting to develop innovative learning ~ Att02_T,
viewed, post created models (Developing learning products) Att02 N
Book/Material Course module viewed, chapter viewed Studying matenql d.e epening (Studying Att03_T,
Verbal-Lineuistic material in depth) Att03 N
g URL Course module viewed, course activity completion  Studying/listening to audio files of learning ~ Att04 T,
updated guidelines (learning materials from audio)  Att04 N
Folder/Material Course module viewed, Zip archive of folder Studying learning materials in PPT/PDF Att05_T,
downloaded, course activity completion updated format Att05 N
Course module viewed, discussion created, discussion Interacting and eneaging in learnin

. . Forum, Ou Blog, subscription created, discussion viewed, post created, . . g and engaging m leammng Att06_T,

Visual Spatial . . S . . simulation activities (Engage in simulation —
Questionnaire comment created, participation viewed, post viewed, L Att06_N

. activities)
responses saved, responses submitted
URL Course activity completion updated, course module Accessing recorded learning videos Att07_T,
viewed (Recorded learning video files) Att07 N
Engaging in collaboration and discussion to
Forum Course module viewed, course activity completion explore the causes of the problem Att08_T,
updated, discussion created, discussion viewed (Collaboration to examine the causes of the ~ Att08 N
problem)
Interpersonal - ; -
Studying, discussing results, and
URL Course activity completion updated, course module reinforcing problem identification Att09 T,
viewed (Studying discussion results and Att09 N
reinforcement)
Course module viewed, submission created, a . . .
. L . L Completing the action plan and reflecting ~ Attl0 T,
Assignment submission has been submitted, course activity .

. on the assignment Att10_N

Intrapersonal completion updated, a file has been uploaded -
Course module viewed, course activity completion . Attll T,
UO Blog updated, post created, Post viewed Conducting self-assessment Attll N

The outcomes of the dataset creation are shown in this
section. The outcome used the LMS’s learning components’
activity mapping procedure connected to the dominant
intelligence (Table 2). The dataset includes twenty-two main
numeric attributes that support each dominant intelligence of
the Multiple Intelligence Learning Styles. The attributes with
the suffix “T” denote the time spent by the learner on a
specific activity or learning object. In contrast, those with the
suffix “N” indicate the frequency of the learner’s activity on
the learning object. The explanation of the numeric attributes
supporting the dominant intelligence class/target in the
multiple intelligence dataset (Table 2) are Att01 T: Time
spent solving problem-solving concepts and solutions,
Att01 N: Number of accesses to problem-solving concepts
and solutions, Att02 T: Time spent interacting to develop

problem-solving models and solutions, Att02 N: Number of
accesses to interaction involving problem-solving models
and solutions, Att03 T: Time spent studying material for
deepening understanding, Att03 N: Number of accesses to
deepening material, Att04 T: Time spent studying/reading
the study guide and accessing audio files, Att04 N: Number
of accesses to study guide audio files, Att05 T: Time spent
studying educational resources in PPT and PDF formats,
Att05_N: Number of accesses to educational resources in
PPT and PDF formats, Att06_T: Time spent interacting and
engaging in learning simulation activities, Att06 N: Number
of accesses to learning simulation activities, Att07_T: Time
spent studying and accessing learning recordings, Att07 N:
Number of accesses to study and access learning recordings,
Att08 T: Time spent engaging in collaboration and
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discussion exploring the causes of the problem, Att08 N:
Number of accesses to collaborative discussions on problem
causes, Att09 T: Time spent studying discussion results and
reinforcement of learning, Att09 N: Number of accesses to
discussions and reinforcement materials, Attl0 T: Time
devoted to finishing tasks, making plans for action, and
reflecting, Attl0_N: Number of accesses to assignment
completion, action planning, and reflection activities,
Attl1 T: Time spent on self-assessment, Attl11 N: Number
of times doing self-assessment activities.

The identity attribute is not shown in Table 2 but remains
part of the Multiple Intelligence Learning Styles dataset. The
dominant intelligence class values were obtained through a
survey using the MII instrument.

C. Imbalanced Dataset Problem

The issue of imbalanced datasets is frequently encountered
in various real-world applications, especially as the volume
and complexity of data grow. This situation is characterized
by one or more classes with substantially greater instances or
samples than the other classes. Due to this imbalance
problem, the classification model may begin to favor the
majority class and struggle to accurately predict the minority
class, which could negatively impact its performance.
Addressing the issue of imbalanced datasets is crucial in
many real-world applications since it can lead to inaccurate
forecasts and suboptimal decision-making [31]. This
imbalance in class representation can negatively impact the
classifier’s overall performance, resulting in skewed and
unreliable classification results [32]. There are various
strategies to solve the dataset imbalance problem; with

resampling techniques being among the most commonly used.
There are three methods to implement resampling techniques:

over-sampling, under-sampling, and hybrid-sampling
(combining over-sampling and under-sampling). Three
resampling strategies are used in this study: one hybrid
methodology, SMOTE-Tomek [33], two over-sampling
techniques, namely SMOTE [34] and ADASYN [35].

ADASYN is a resampling technique that balances the
dataset by focusing on the creation of synthetic data in areas
that need it the most or are the most difficult, which are those
with the majority class [35].

The SMOTE-Tomek link hybrid resampling technique
produces better synthetic data than the standard SMOTE
technique because it not only oversamples the minority class
using SMOTE but also addresses the issue of noisy or
borderline samples. The Tomek-link method removes
samples close to the decision boundary and does not have
nearby samples of the same class. By combining these
techniques, the resulting synthetic data is of higher quality
and can positively impact the performance of the
classification models.

However, when using these hybrid techniques, it is
essential to carefully discard the samples considered noisy by
Tomek-link to ensure that correct data is recovered.
Additionally, since these are combination methods, the
K-neighbor values for the SMOTE and Tomek-link
components are self-determined, allowing the technique to
adapt the optimal parameters for the specific dataset. Fig. 2 in
the paper shows the results of combining different parameter
settings for the ADASYN, SMOTE and SMOTE-Tomek

techniques to identify the optimal resampling approach that
supports the best model performance. Importantly, the
classes on the testing set must remain uneven, and the
resampling technique is only used on the training dataset.

The SMOTE, ADASYN, and SMOTE-Tomek resampling
techniques are chosen because they are commonly
recommended to reduce multiclass imbalance and are
effective even on relatively small datasets, as they improve
the representation of the minority class without requiring a
large number of original samples.

D. Data Transformation and Feature Scaling

Data transformations improve data quality, increase model
accuracy, adjust data formats, and enhance computational
efficiency. There are various techniques and approaches to
perform data transformations. One technique that can be used
is Log Transformation and its variants (Log Modulus
Transformation), which can handle negative values, maintain
a relatively smaller scale compared to the original data,
reduce data skewness, and can be applied to variables with an
extensive range [36].

One technique for standardizing the range of independent
variables or features is feature scaling, often known as data
normalization. Since numerous machine learning models rely
on the Euclidean distance between data points, feature
scaling is essential to ensure optimal performance [37]. There
are several ways to implement scaled features: Min Max
Scaling, Z-Score Standardization, Robust Scaling, Unit
Vector Scaling, Log Transformation, and Quantile
Transformation. This paper uses the Z-Score Standardization
technique to normalize the range of features in different
multiple intelligence datasets representing the time and
number of accesses used in performing activities. Z-Score
Standardization, using a statistical approach to normalize
data, technically subtracts the data mean from each value and
divides the result by the standard deviation. Z-Score
Standardization produces a distribution of data with a mean
of zero and a variance of one. Z-Score Standardization is a
common and highly beneficial normalization method as it
preserves the original data distribution and is less susceptible
to the influence of outliers.

The formula used to scale the feature’s value is as Eq. (4):
generating the average (mean) u and o is the standard
deviation of the mean/average [38]:

S, X-Hu (4)

E. Recursive Feature Elimination (RFE)

Recursive Feature Elimination (RFE) is a dimensionality
reduction technique that involves removing features deemed
unimportant by evaluating the performance of the resulting
machine learning model. The steps of the RFE process are as
follows:

1) Initialization
a) Dataset: (X, y) with X € R"”
b) Model: F (X, 0)

c) Final feature count: Pppa
2) Iteration :

a) Train model: F“(X;6")

b) Calculate feature importance: W =[wf’>,w‘2”,...,wg’]
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c¢) Sort features Ranking: r,-(')06|wﬁt)|

d) Eliminate the k lowest-ranked features:
XU = XNy i}

3) Stop the iteration if: [X|=P,,

F. Machine Learning Model

A variety of machine learning methods can handle
classification challenges. The following machine learning
models are used in this study for multi-class classification
tasks: KNN [39], NB [40], DT [41], RF [23], Artificial
Neural Network (ANN) [42, 43], LDA, SVM [44], and LogR
[45]. The selection of the eight machine learning classifiers is
based on their ability to perform well on small to
medium-sized datasets, where simpler models such as SVM
and KNN can perform well without overfitting, the LogR
model is able to work with multi-class imbalanced datasets,
and more complex models such as RF and ANN are intended
to assess the potential for performance improvement. To
ensure optimal performance for each machine learning model,
we use the Grid Search hyperparameter tuning strategy.
Specific parameters and their ranges are systematically

defined and explored. For example, for the SVM model, the
search space includes kernel type (linear, rbf, poly), C value
in the range (0.01, 0.1, 1, 10, 100), and gamma in (scale, auto).
For RF, we vary the parameters n_estimators (100, 200, 300),
max_depth (10, 20, None), and min_samples_split (2, 5).
This parameter grid is evaluated through 5-fold
Cross-Validation on each resampled training set to select the
configuration with the best performance. The final
hyperparameters selected are summarized in Table 3.

G. Model Validation

One method for assessing model performance is
cross-validation, which divides the dataset into several
subgroups. This technique guarantees that the model
performs consistently on unseen data while reducing the
chance of overfitting. This study splits the dataset into five
sections using a 5-fold shuffle cross-validation technique.
The model is then trained using four folds, with the final fold
being utilized for testing. Each of the five looped iterations
this validation uses serves as a test set. A thorough measure
of model performance is the average of these five evaluation
outcomes.

Table 3. Machine learning models with their best hyperparameter settings

Hyperparameter settings

Model SMOTE ADASYN SMOTE-Tomek
LogR C: 10, penalty: 11 C: 100, penalty: 11 C: 10, penalty: 11
SVM C: 100, gamma: scale, kernel: poly C: 10, gamma: auto, kernel: rbf C: 10, gamma: scale, kernel: rbf
min_samples_split: 5, max_depth: 10, n_estimators: max_depth: 20, min_samples_split: 2, min_samples_split: 5, max_depth: 10,
RF - - — - - i — - o —
100 n_estimators: 300 n_estimators: 200
NB No parameter Setting No parameter Setting No parameter setting

DT Criterion: gini, max_depth: None, min_samples_split: 2

Criterion: entropy, max_depth: None,
min_samples_split: 10

Criterion: gini, max_depth: None,
min_samples_split: 2

LDA Solver: svd

Solver: svd Solver: svd

KNN  Metric: euclidean, n_neighbors: 3, weights: distance

Metric: euclidean, n_neighbors: 3, weights:

Metric: euclidean, n_neighbors: 3,

distance weights: distance

Activation: tanh, alpha: 0.0001, hidden_layer sizes:

ANN (50, 50), solver: adam

Activation: relu, alpha: 0.0001,
hidden layer sizes: (100, 50), solver: adam

hidden_layer sizes: (50,), activation:
relu, alpha: 0.01

H. Evaluation Methods

Machine learning models’ performance quality can be
examined using the confusion matrix. The confusion matrix
graphically depicts the model’s accurate and inaccurate
predictions for every class in a multi-class classification
problem. The matrix values stand for True Positive (TP),
False Positive (FP), False Negative (FN), and True Negative
(TN). Classes correctly predicted as the class under
consideration are represented by TP, classes incorrectly
predicted as the class in question by FP, classes incorrectly
predicted as an alternative class by FN, and classes correctly
not predicted as the class under consideration by TN. The TN
value is derived by subtracting the total number of cases for
the given class from the overall number of cases. Moreover,
these TP, FP, FN, and TN values are instrumental in
computing model evaluation metrics, including Accuracy,
Precision, Recall, and F1-Score. The computation of
Accuracy, Precision, Recall, and F1-Score metrics for
classification models is based on the subsequent formulas:

2 TR,

Accuracy = -
Total number of instances

(&)

where n is the number of classes, TP; is True Positive for

class i, and 7N, is True Negative for all classes other than
class i.

Micro-averaging and macro-averaging are the primary
methods for calculating Precision, Recall, and F1-Score for a
multi-class classification model. Micro-averaging assigns
equal weight to each instance by combining the contributions
from all classes to determine the average measure.
Additionally, it indicates that the metric is computed by
considering the sum of TP, FP, and FN for all classes without
making a distinction between the performance of each class.
In contrast, the macro-averaging gets the average of the
metric calculations for each class separately, thus giving
equal weight to the performance of each class rather than
each instance. The macro-averaging approach involves
calculating each class’s Precision, Recall, and F1-Score
separately and then averaging those values to get the overall
metric. Eq. 6-8 are used to calculate macro average Precision,
Recall, and F1-Score.

Macro Precision =3 (12— (©)
acro Precision = — —t
N4/ TP +FP
1 & TP
Macro Recall = —» ———— 7
N;TP,.—i-FNi )
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1 & Precision, X Recall,
Macro F1— Score = —2(2 x Lectston; x Recar, 8)
N5 Precision, + Recall,
In the context of multi-class imbalanced datasets, it is

inappropriate to use accuracy alone as it can be misleading
since the majority class can dominate accuracy. Therefore, to
give a more balanced view of model performance across
classes, greater emphasis is placed on Precision, Recall, and
particularly the Macro-Averaged F1-Score. Models trained
on resampled datasets and arbitrarily altered class
distributions can be evaluated well with the Macro F1-Score
since it treats each class equally.

Evaluating and comparing the performance of
classification models is crucial for obtaining reliable and
accurate comparative results, as otherwise, it may lead to
misleading analysis. Consequently, determining the best
model or approach based on its capabilities is crucial.
Addressing this evaluation analysis problem can be
facilitated using statistical techniques or methods. However,
to apply appropriate statistical techniques, it is necessary to
assess whether the data meets the required statistical
assumptions, particularly regarding the normality of the data
distribution.

The normality of the resulting dataset was evaluated in this
article using the Shapiro-Wilk test. This study selected the
Shapiro-Wilk test because it is commonly used in many
scientific domains to assess the normality of data and works
well with small to medium sample sizes [46]. If the sample
comes from normally distributed data, it is indicated by a
p-value > 0.05; otherwise, the data is not normally
distributed.

The classification performance models for the resulting
datasets were compared for the significance of difference for

Initial distribution of data on a dataset
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each pair of models using the ANOVA test [47, 48] and
further post hoc tests using paired t-tests [49].

IV. RESULT AND DISCUSSION

This section presents and discusses the results of the steps
and methods described in the previous section. The main
objective of this study is to improve the performance of
MILS prediction in an online learning environment using
machine learning techniques. The steps discussed earlier
provide the direction to achieve this research goal. The
results of the implemented design are divided into three
sections of experimental results: dataset and data
preprocessing results, validation and evaluation of the
performance in predicting Multiple Intelligence Learning
Styles, and statistical comparison of model performance
across datasets using resampling techniques on the training
set. Then, a subset of the results is analyzed using the feature
selection technique, RFE technique, in a combination with an
SVM model with the linear kernel to assess feature
importance.

A. Implementation Resampling Technique Data-Level
Approach Result

We use Log-Modulus Transformation, which aims not to
eliminate outliers because the dataset has a small sample and
to keep the expected data distribution close to normal. The
stratified split is used for data separation to preserve the
proportionality of class distribution in the training and testing
sets and to normalize the data, particularly in the training set.
Three resampling techniques, namely SMOTE, ADASYN,
and SMOTE-Tomek, are used to overcome the problem of
multi-class imbalanced datasets. The results of the
resampling technique settings are presented in Fig. 2.

Implementing

n_neighbors = 5 Resampling Technique
k neighbors =3
k_neighbors =5

a1

21

13

18 16 18

12

Intrzpersonal Logical “erbal Wisua

mInitial Training Set ADASYN SMATE SMOTE TOMEK

Fig. 2. Implementation of resampling technique on training set.

By assessing the RF model’s F1-Score performance and
adjusting each resampling technique’s hyperparameters,
resampling approaches are applied to the training set. The RF
Model’s F1-Score performance evaluation for the ADASYN
resampling approach yields the highest results (61.67%),

followed by SMOTE (74.18%) and Tomek’s SMOTE
(68.33%).

Based on the evaluation of parameter settings for
resampling techniques and RF models, SMOTE obtains the
best performance results with the parameter k neighbors = 3,
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namely 74.18%. The analysis of the training set before and
after the application of the resampling technique is that
initially, the feature distribution is very diverse, and some
show deep skewness; the SMOTE results still maintain the
diversity of the feature distribution, but with more synthetic
samples. The ADASYN results show a more diverse pattern
by adding more instances in the minority class. Finally,
SMOTE-Tomek produces the same pattern as SMOTE, with
noise near different classes removed, produces more stable

and cleaner results, while also reducing some outliers.
However, the overall evaluation of the results of applying the
three resampling techniques in the next section should be able
to evaluate their effect on the performance of the resulting
model.

B. Implementation of Recursive Feature Elimination
Using SVM and Linear Kernel Result

Comparison of F1 Score RFE + SVM Linear Kernel
Based on Number of Features for Each Method
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Fig. 3. Comparison of F1-Score metric value with number of features using RFE on three resampling techniques.
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Fig. 4. Comparison of the average ranking of features based on resampling techniques.

Similar to the application of resampling techniques,
Feature Selection Techniques are also applied only to the
training set. In this case, it is done on the training set that has
gone through the resampling process before. Applying the
feature selection technique-wrapped method is helpful to
produce a subset with features that strongly influence the
classification results; the performance is indicated by the
value of the F1-Score metric selected to evaluate the

classification performance on multi-class imbalanced
datasets. The process is performed iteratively by initially
including all the features. Evaluating the classification
performance value of the lowest contributing features is
removed. This process continues until only high contributing
features are left. Fig. 3 presents the results of applying RFE
using the SVM model with Linear Kernel on three training
sets using SMOTE, ADASYN, and SMOTE-Tomek
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resampling techniques. The results show that for the SMOTE
technique, the highest F1-Score performance is 0.790828924
with the number of features 20, ADASYN achieves an
F1-Score value of 0.738814815 with the number of features
18, and SMOTE-Tomek achieves the highest F1-Score value
0f 0.730925926 with the number of features used as many as
13. These results indicate that the number of features selected
by the RFE technique varies according to the characteristics
of the data and the resampling technique used; the trend of
increasing F1-Score performance increases after the number
of features increases (above 10). SMOTE shows a gradual
increase, ADASYN is more progressive, and
SMOTE-Tomek is more stable because it uses the SMOTE
technique for oversampling and the Tomek Link technique
for under-sampling. Fig. 4 compares the average ranking of
features resulting from calculating feature importance RFE
using SVM with a linear kernel across the three resampling
techniques. A low-ranking value indicates a feature with a
high contribution to classification performance, and
conversely, a feature with a high ranking indicates that it
contributes low to classification performance. SMOTE and
ADASYN resampling techniques retain many features. In
contrast, Tomek’s SMOTE filters feature aggressively,
especially in removing noise, but also open the possibility of
eliminating helpful information.

Attributes such as Att01 T, Att04 N, Att06 N, Att06 T,
Att07_N, Att07_T, Att0O8_N, Att09 N, Att09 T, Attl0_N,
Att10_T, and Attll T rank highest in all three resampling
techniques indicating that all resampling techniques consider
all attributes to be necessary. Therefore, for the classification
process, these features should be regarded as key features. On
the other hand, for Att03 T and Att08_T, all three resampling
techniques rank them as the features with the lowest
contribution, so it can be considered to exclude these two
features from the classification process. In contrast, the other
features need further investigation to determine the priority
contribution to the classification performance.

C. Evaluation of Multiple Intelligence Learning Style
Classification Using Resampling and RFE Techniques

The evaluation performance results for detecting Multiple
Intelligence Learning Style using eight machine learning
models applied to features selected through RFE with an
SVM linear kernel, and incorporating three resampling
techniques, 5-fold cross-validation, and F1-Score metrics; are
presented in Table 4.

Table 4 also compares classification performance results
from previous studies on multiple intelligences. ADASYN
Resampling technique shows the highest F1-score
performance on SVM, ANN, and KNN models. This
technique significantly improves the performance compared
to the baseline (previous studies) on models sensitive to data
distribution, such as ANN and SVM. However, it harms DT
and NB models, possibly due to the noise from synthetic data
generated by ADASYN. SMOTE improves the performance
of DT, SVM, and KNN, showing success in overcoming
imbalance with “cleaner” synthetic data compared to
ADASYN. However, performance decreases for RF, LogR,
and NB, indicating that SMOTE is inappropriate for highly
sensitive models to overfitting. SMOTE-Tomek produces the
best performance on LogR, LDA, and DT. However, it

significantly degrades the performance of RF and ANN,
indicating that Tomek link data cleaning is too aggressive,
removing important data. It is suitable for linear and
tree-pruning-friendly models (LogR, LDA) but is detrimental
to complex models such as ANN and RF.

Table 4. Classification results of multiple intelligences using machine
learning model using RFE+SVM with linear kernel

F1-Score
Model
Previous Study ADASYN SMOTE SMOTE-Tomek

LogR 72% 71% 55% 75%
SVM 73% 89% 77% 87%

RF 73% 65% 59% 53%

NB 65% 42% 48% 42%

DT 43% 23% 71% 68%
LDA 69% 56% 57% 77%
KNN 67% 82% 78% 72%
ANN 83% 77% 46%

In addition, increasing the number of samples with greater
size and more proportionate distribution is crucial, as the
performance of classifiers is significantly impacted when the
number of classes in a dataset rises. The SVM model is the
best, as it shows the highest F1-Score among all resampling
techniques, surpassing the performance of previous studies,
followed by the KNN model, which can outperform previous
studies. These results need to be reinforced with statistical
test results so that models and resampling techniques can be
optimally used to improve classification performance.

These findings highlight the trade-offs among the
resampling  techniques: SMOTE  provides stable
improvements but can risk overfitting through excessive
synthetic instances; ADASYN adapts to difficult regions but
may introduce noise and performance variability;
SMOTE-Tomek balances oversampling and cleaning but
may discard valid borderline data. RFE improves
performance by focusing on features important in
determining classification. Moreover, RFE can be sensitive
to data characteristics and potentially eliminate highly
correlated features. However, when assessed individually, it
does not have a high level of importance. These conditions
need to be considered when choosing a feature selection
technique because they affect the robustness and
reproducibility of the model.

While the classification results presented in this study were
based on evaluation using the resampled and feature-selected
datasets, it should be noted that the models were not assessed
on the original 20% hold-out testing set from the initial
stratified split. This omission occurred due to the primary
focus on constructing a robust modelling pipeline through
systematic preprocessing, resampling, feature selection, and
model optimization.

However, a follow-up evaluation conducted using the
original testing set—which consisted of only 14 samples and
exhibited severe class imbalance—revealed a notable drop in
performance across all models. This suggests that while the
proposed pipeline is effective under balanced and engineered
data conditions, its generalization to real-world imbalanced
data remains a challenge and should be explored further in
future research.

D. Statistical Test Result

Testing and determining the best model approach using
resampling techniques to predict students’ Multiple
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Intelligence Learning Styles must be proven by statistical
significance tests on differences in performance. We first
assessed whether the F1-Score distribution from the 5-fold
cross-validation results followed a normal distribution to
statistically validate the performance evaluation across
models and resampling techniques. We applied the
Shapiro-Wilk test, confirming the normality of the data if the
p-value > 0.05 (Table 5, p-value = 0.120602). The test results
showed a normally distributed distribution, so we used the
Repeated Measures ANOVA test to prove the significance of
performance differences between the models. We ensured an
inference-based approach based on the influence of the
model and the resampling strategy to address the problem of
imbalanced multi-class datasets. Table 5 presents the
summary of the Shapiro-Wilk test results.

Table 5. Normality test results using the Shapiro-Wilk test for overall testing
Standard Number of

Mean N w-statistic  p-value
Deviation Samples
0.59708 0.156621 119 120 0.982466  0.120602
Table 6. Repeated measures ANOVA test result
Sum_sq Df F PR(>F)

C(Model) 0881226 7.0 6758415 0.000002
C(Resampling Technique) 0.055134 2.0 1479951 0.232796
C(Model):C(Resampling_ ) 194530 140 0745956 0723295

Technique)

Residual 1.788199 96.0 NaN NaN

To complement the evaluation metrics, statistical analysis
was conducted. A brief discussion of Table 6 is provided in
this section to contextualize the statistical test results. First,
the C (Model) test, which shows the significance of the model
on F1-Score performance, yielded a p-value of 0.000002,
proving a significant difference in F1-Score performance
between models. Second, the C (Resampling_Technique) test,

produced a p-value of 0.232796, suggesting no significant
difference in F1-Score performance across resampling
techniques. Third, the C (Model): C (Resampling_Technique)
test, which shows the interaction between the model and
resampling technique, resulted in a p-value of 0.723295,
suggesting no significant interaction between the machine
learning models and the resampling techniques used. Finally,
the residual error showed a Sum_sq of 1.788199 and Df of 96,
indicating the presence of variation in the data that cannot be
explained by the model and resampling techniques, which
may be attributed to other factors such as preprocessing,
hyperparameter tuning, or the characteristics of the dataset.

The distribution of classification performance for each
model employing three distinct resampling methods is shown
in Fig. 5 as the F1-Score metric. The findings demonstrate
that the SVM model operates well on resampled data, with
low variation and good performance, particularly when using
the SMOTE and ADASYN resampling strategies. ANN has
fairly high and relatively stable performance with SMOTE
and ADASYN resampling techniques, but there are still some
outliers with the SMOTE Tomek technique. Both SVM and
ANN work well and are resilient to outliers. LogR also has a
narrow distribution range, suggesting stable performance
with all resampling techniques. Models with high variance
are RF, DT, and NB. Overall, the SMOTE resampling
technique produces stable performance for most models with
fewer outliers. ADASYN tends to cause an increase in
variance, especially for RF and DT models, due to the
addition of more adaptive synthetic samples while
SMOTE-Tomek tends to result in the broader distribution
with some models experiencing outliers, indicating that this
technique is more prone to noise in the data.

F1-Score Distribution by Model with Resampling Technique
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Fig. 5. Model-based F1-Score distribution visualisation with resampling technique.

The pairwise t-test results between the models are
displayed in Fig. 6 to illustrate the relevance of the variation
in F1-Score performance. A substantial difference in
performance between the two compared models is indicated
if the p-value is less than 0.05. In the graphic, significant
results are represented by red dots, whilst non-significant
results are indicated by blue dots. The significance value

increases with the size of the dot.

It should be noted that implementing different resampling
techniques will affect the evaluation metrics with different
approaches. As an illustration, SMOTE can increase Recall
but decrease Precision due to the synthetic oversampling
process. In contrast, the ADASYN adaptive sampling
approach can increase performance variability, as seen in the
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significant difference in F1-Score values. Meanwhile, the
SMOTE-Tomek approach and a noise-cleaning procedure to
stabilize performance can reduce Recall by eliminating
adjacent instances from different classes. The results of these

different approaches emphasize the importance of
interpreting evaluation metrics carefully in the context of
implementing different resampling scenarios.

Pairwise t-Test Results: Machine Learning Models (F1-Score)
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Fig. 6. Pairwise t-test results of performance between machine learning models.

E. Findings and Comparison with Existing Literature

The findings of this study show that high-performing
models must address the challenges of multidimensional
datasets [13]; overcoming the problem of imbalanced
datasets with multiple classes [50] and using efficient feature
selection methods that can enhance the output machine
learning models’ performance [27], especially in the context
of detecting Multiple Intelligences Learning Styles. The
SVM model consistently correlates with previous studies on
detecting Multiple Intelligence Learning Styles [13]. This
study has also successfully improved the performance of
Multiple Intelligences Learning Styles detection compared to
previous studies [2, 13]. A data transformation approach is
required to bridge the different data scales in the features
extracted from the learner data. Selecting the correct model
requires strong characteristics, resilience to outliers, and the
ability to work well on resampled data. In other words,
models with good capabilities and characteristics will not be
influenced by resampling techniques to demonstrate their
performance. Even statistically, the resampling technique do
not affect classification performance, the SMOTE
resampling technique can be recommended to address
imbalanced datasets as it shows stable results across all
models. Finally, the model proposed in this study has
contributed to improving the classification performance of
Multiple Intelligences Learning Styles in online learning.

V. CONCLUSION

This study develops an integrated machine learning

framework approach to improve MILS detection in online
learning environments by integrating log-modulus data
transformation, class imbalance handling using (SMOTE,
ADASYN, and SMOTE-Tomek) resampling techniques,
feature selection using RFE, and hyperparameter tuning
using Grid Search. The proposed method greatly enhances
the model’s classification performance. FEight machine
learning models were tested for performance, and the SVM
classifier with ADASYN had the highest F1-Score (89%).
Statistical validation using Shapiro-Wilk, Repeated Measures
ANOVA, and paired t-test confirmed the significance of
differences in model performance. These findings can
contribute to adaptive learning systems requiring robust
learner profiles based on limited or imbalanced data.

This study’s shortcomings include the limited sample size,
the multi-class imbalanced dataset, and the survey instrument
still used to identify students’ dominant intelligence labels
despite notable performance improvements. Because of the
class imbalance and comparatively limited sample size, the
results may not be as representative or generalizable to a
broader context. The results of resampling techniques can
add unnatural variation to the data or reduce the original data
useful for representing learner interactions. Therefore, this
technique should be considered carefully. The potential bias
in using instruments used to obtain the dominant intelligence
labels perceived by students can result in subjective
self-perceptions.

In addition, a limitation of this study is that the final model
evaluation was conducted on data that had undergone
resampling and feature selection, rather than on the original
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hold-out test set. This result may have led to optimistic
performance estimations. Although the modelling pipeline
was designed for robustness, its evaluation on imbalanced
and limited real-world data needs further investigation.
Future work should involve performance testing on a larger
and more representative hold-out set that maintains natural
class distribution, as well as employing repeated stratified
cross-validation or nested validation techniques to strengthen
the reliability of performance outcomes.

Beyond the specific application of Multi Intelligence
Learning Style detection, the proposed methodology that
combines resampling, feature selection, and machine
learning classification can be generalized to the broader
context of adaptive learning. The methodology can be used in
learner behaviour modelling, recommending personalized
learning materials, and improving engagement detection
across various e-learning platforms, especially in the case of
imbalanced or limited interaction data.
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