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Abstract

Migraines are recurring and highly painful headaches with multiple associated symptoms
that severely affect millions of people around the world. This condition is considered quite
serious from a neurologist’s perspective because it is highly debilitating. Effective treatment
of migraines begins with its diagnosis but the subjective nature of clinical evaluations along
with class imbalance in patient datasets makes this very complicated. This paper attempts to
tackle these issues by developing a machine-learning framework for automated migraines
classification by utilizing a Kaggle dataset of 400 samples with 23 independent attributes
and 1 dependent attribute representing different types of migraines. Our framework starts
with a detailed cleansing of the data, which includes filtering out all missing values. Then,
through the use of SMOTE (Synthetic Minority Oversampling Technique), the issue of an
imbalanced dataset is tackled. This is followed by optimized feature selection through
forward selection and cross-validation with Naïve Bayes. Supervised machine-learning
classifiers such as Random Forest (RF), decision tree (DT), K-nearest Neighbors (KNN),
and Naïve Bayes (NB) are evaluated and voted on to predict the outcome.

Keywords: migraine; machine-learning; imbalanced dataset; SMOTE; feature selection;
naïve bayes; random forest; decision tree; K-nearest neighbors; automated diagnosis;
clinical data; kaggle dataset

1. Introduction
Migraine is a multifaceted neurological disorder that is considered one of the most

difficult and painful to live with; migraines affect millions and are a burden for people.
Migraines are characterized by recurrent, severe headaches that are often linked with
weakness, nausea, and sensitivity to sound and light. These episodes do not only affect the
quality of life but also result in absenteeism and decreased productivity [1]. The patients
show a variety of symptoms that can differ in their intensity, persisting duration, and
frequency. Aside from its universality, the diagnosis of migraine is difficult because it has
no objective underlying reasons and a lot depends on what the patient says, which results
in a lot of misdiagnoses and unproductive treatment [1,2]. Identifying and distinguishing
between migraine subtypes is necessary for effective treatment and diagnosis and must
be taken very seriously at every stage. The effectiveness of any defined stage of therapy
relies on accurate diagnosis while at the same time allowing for tracking and evaluating
disease staging and treatment outcomes [3]. At best, poor diagnostic practices can render
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treatment useless, or worse, create more harm than good and add to the overall healthcare
system’s burden. As it stands, a more clinically operational approach relies on clinical
and operational definitions based on the International Headache Society, which, while
beneficial, do not address the entirety of migraine types. This gap demonstrates the need
for enhanced diagnostic tools [4] that integrate objective measures with clinical assessments.
Machine learning (ML) offers data-driven insights that help provide a heightened level of
understanding which, in turn, enhances the effectiveness of a single diagnosis. It makes it
possible to analyze complex datasets for sophisticated patterns that other diagnostic meth-
ods might overlook [5,6]. For example, deep neural networks, support vector machines,
and ensemble techniques have achieved unprecedented success in migraine classifica-
tion [3,7,8]. These models combine many sources of data such as clinical and non-clinical,
demographic, neuroimaging impressions, and electrophysiological results, and aim to
automate image-based diagnostics for clinicians to be more precise and faster. Even with
many strides made, the use of ML for headache classification faces challenges such as data
diversity, class imbalance, and appropriate feature selection [9]. A number of works have
demonstrated high-accuracy classification rates in controlled scenarios; however, these
models are often not applicable in real-life clinical practice [10–12]. In addition, the large
variety of data types that include imaging and bio signals comes with the challenge of data
fusion which is often complex and involves intricate preprocessing and feature engineering
that may affect the outcome of the ML classifiers. Our research combines the ensemble
method with SMOTE and optimized feature selection for the effective classification of
migraine types. Figure 1 shows the workflow diagram of our research paper.

Figure 1. Research paper workflow.

2. Literature Review
For the past decade, the usage of ML techniques for the classification of migraines has

undergone tremendous strides and different research has been carried out using various
algorithms to enhance the diagnosis. Initial attempts dealt predominantly with classical ML
classifiers, which served as a baseline for more sophisticated hybrid models. This study [3]
focused on data augmentation’s effects on a model’s efficiency in classifying migraine
headaches using ML methods. The study employed several machine learning algorithms
including DNN, SVM, KNN, DT, and RF to differentiate seven types of migraines. With data
augmentation, deep neural networks achieved an accuracy of 99.66%. The SVM, KNN, DT,
and RF models had accuracies of 94.60%, 97.10%, 88.20%, and 98.50%, respectively. These
results showcase that overfitting, an issue pertaining to having excessive detail within a
dataset, can be resolved and the generalization of ML models improves in migraine classifi-
cation tasks with data augmentation. In another unique study [1], the researchers proposed
a new way of predicting migraines, where they utilized a new method of feature selection
that integrates genetic algorithms and particle swarm optimization. The combination of
this method with other classifiers, like deep neural networks (DNN), (RF), (KNN), support
vector machine (SVM), and (DT) yielded a remarkable 99.63% accuracy with the RF clas-
sifier. Significantly, this work explains the model showing improvement in performance,
because advanced feature selection such as hybrid optimization and data augmentation
is for above-the-norm model performance. Next, major work [13] in which the authors
used the Naïve Bayes Algorithm on a Kaggle dataset with 400 records and 24 attributes
across seven types of migraines. Their model was able to achieve the results of 88.51% for
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training accuracy, and 89.02% for testing accuracy. It shows that even simple probabilistic
models give quite dependable outcomes when applied to meticulously collected clinical
data. With regards to migraine aura, Ref. [6] applied electrophysiological biomarkers of
somatosensory evoked potentials (SSEPs). Sufficient classification precision was achieved
by several classifiers, including Naïve Bayes, decision trees, KNN, and Random Forests.
The Random Forest model had a remarkable accuracy of 99.5% in differentiating between
states of migraine aura and normal conditions. This study reinforces the use of some
non-invasive electrophysiological measures as objective biomarkers for migraine diagnosis.
As far as clinical decision support is concerned, Ref. [14] applied demographic and clinical
questionnaire methods to classify types of headaches. While pumpkin spice emerged as
the dominant flavor in five different ML models, the Rotation Forest algorithm was found
to be the best one, setting the bar high with an accuracy of 95.14% and true positive rate
standing just below it at 95.10%, also registering minimal rates of false positives.

This study highlights the usefulness of ML tools in assisting general practitioners
with rapid and accurate pre-diagnosis, particularly in resource-constrained environments.
Consider how much this has benefited the field so far. For instance, Ref. [15] highlighted
the use of structural MRI data along with principal component analysis (PCA) to classify
CRMD(Chronic Recurrent Migraine Disorder), episodic migraine, and healthy controls.
While the reported accuracies differed, from 68% in overall migraine controls to 86.3% in
chronic migraine controls, these results provided evidence for the current cut-off of 15 days
of headache per month in distinguishing between chronic and episodic migraine. Such
neuroimaging methods present the opportunities and complications of incorporating struc-
tural brain imaging into the diagnostic algorithm. Another study focuses on morphometric
features (e.g., cortical thickness, surface area, and volume) from MRI(Magnetic Resonance
Imaging) scans [16]. With a dataset containing 340 features and a cohort of migraine with
aura (MwA) patients and healthy controls, their ML models achieved classification accura-
cies of 97% for MwA detection and 98% for distinguishing between simple and complex
MwA. The findings here emphasize the possibility of detailed neuroimaging data and
machine learning to accomplish a more refined subtype classification. As clinical work
advanced, changes followed as well. In [17], the researchers invented a diagnostic tool
that predicts the likelihood of medication overuse by migraine sufferers using support
vector machines. In their model, they were able to achieve an overall accuracy of 87%
concerning the demographic, clinical, and biochemical conditions of 777 patients. This
study highlights the issues surrounding underexplored overmedicating and medication
fatigue, which are a key hurdle in overcoming chronic migraines. The next study fo-
cuses on creating automated systems for the classification of headache disorders using
ML classifier techniques and self-reported patient questionnaires [18]. Their self-reported
classifier achieved an accuracy of 81% in classifying various forms of headaches, including
migraines, by utilizing an XGBoost (1.7.6) classifier on data obtained from 2000 patients.
These findings suggest preliminary evidence for solving the subjectivity problem around
headache diagnosis using large-scale patient data. The analysis [19] compares five ML
classifiers—NB, Logistic Regression, SMO (SVM), RF, and J48—with a 400-instance dataset
using Weka. The results indicate that Naïve Bayes averages the highest weighted accuracy
with an average of 100% for Typical Aura without Migraine, Migraine without Aura, and
the other category. SMO (SVM) has similar accuracy but more variation in the performance.
On the other hand, random forest had the lowest overall accuracy (averaged 87.5%) and the
lowest accuracy (0% accuracy) in Sporadic hemiplegic migraine. The next study analyzes
different supervised ML classifiers on a machine-generated dataset with around 400 rows
and 24 attributes to classify migraine subtypes. The analysis of the models included DT,
RF, K-NNs, NB, SVM, and Gradient Boosting where the K-nearest neighbor performed the
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best with around 85% accuracy [20]. This work showcases the effectiveness of classifying
chronic migraines using simple classifiers and how they are able to capture heterogeneity
in migraines, even with a limited dataset. Looking through the studies, it appears that
there are several gaps, like the balance of the data sets, selection of features, and external
validation processes [21,22] still seem to be the most important problems; in the eyes of the
researchers, the most useful systems have to overcome these problems in order to reliably
assist migraine type classification [23].

3. Methodology
The classification of migraines was conducted by analyzing the provided dataset

using multiple machine-learning tools on a data mining software called RapidMiner. Some
of the algorithms used are Naïve Bayes, decision tress, KNN, and random forest. The
framework was constructed in a way that made it possible to achieve the objective, which
at the same time involved a more elaborate dataset, analysis, and performance evaluation.
These steps are important for creating an accurate model for the classification of migraines
for the provided dataset. The following classifiers were used for the classification of
migraine types.

3.1. Machine Learning

Machine learning is a part of artificial intelligence that allows computers to possess
the capability to learn from data and make predictions without direct programming. ML
is changing the way diagnostics, personalized treatments, and patient management are
performed in the healthcare industry with the quick processing of intricate and large data
systems. In terms of migraine types, ML techniques find patterns in patient-reported
symptoms, clinical parameters, and imaging data that more traditional methods may miss.
This approach enables the classification and detection of subtypes of migraines at an early
stage and minimizes the waiting period before proper intervention is put in place. This
study applied the following ML classification algorithms for migraines.

3.1.1. K-Nearest Neighbors (KNN)

KNN, is an instance-based classifier capable of predicting the category of a new
instance utilizing the majority class among its K-nearest neighbors in the feature space.
One distance metric that is commonly used is the Euclidean distance, represented by:

d(x, y) =
√

∑
i
[xiyi]

2

3.1.2. Naïve Bayes (NB)

Naïve Bayes is an example of a probabilistic classifier based purely on Bayes’ Theorem
and assuming independence among features. The classifier computes the probability of
class C given feature vector X as:

P(C|X) =
P(X|C)P(C)

P(X)

3.1.3. Decision Tree (DT)

DT constructs a model in the shape of a tree where nodes are decisions on features’
values and leaves are class labels. Conditions of splitting may be based on information gain.
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3.1.4. Data Gathering

This dataset has been taken from Kaggle [21] and has 400 records, all of which
have 23 independent values and 1 dependent value, “TYPE”. Table 1 shows the
attributes information.

Table 1. Migraine Dataset Attribute Information.

Attribute Description Coding/Values
Age Age of the patient Numeric value (years)

Duration Duration of symptoms during the most
recent episode Numeric value (days)

Frequency Monthly frequency of migraine episodes Numeric value (episodes/month)

Location Pain location during migraine
0: None,
1: Unilateral,
2: Bilateral

Character Nature of pain experienced
0: None,
1: Throbbing,
2: Constant

Intensity Intensity of pain
0: None,
1: Mild,
2: Medium,
3: Severe

Nausea Occurrence of nausea 0: Not, 1: Yes
Vomit Occurrence of vomiting 0: Not, 1: Yes
Phonophobia Auditory Sensitivity 0: Not, 1: Yes
Photophobia Light Sensitivity 0: Not, 1: Yes
Visual Count of temporary visual symptoms Numeric count
Sensory Count of temporary sensory symptoms Numeric count
Dysphasia Speech coordination impairment 0: Not, 1: Yes
Dysarthria Instances of incoherent speech 0: Not, 1: Yes
Vertigo Experience of dizziness 0: Not, 1: Yes
Tinnitus Presence of ear ringing 0: Not, 1: Yes
Hypoacusis Loss of hearing 0: Not, 1: Yes
Diplopia Occurrence of visual doubling 0: Not, 1: Yes

Visual defect Both eyes having simultaneous frontal and nasal
field defect 0: Not, 1: Yes

Ataxia Muscle control deficiency 0: Not, 1: Yes
Conscience Compromised or altered level of consciousness 0: Not, 1: Yes

Paresthesia Presence of simultaneous bilateral abnormal
sensations (tingling, numbness) 0: Not, 1: Yes

DPF Family history of migraine (diagnostic relevance of
family background) 0: Not, 1: Yes

Type Migraine classification based on symptoms

0: Basilar-type aura,
1: Familial hemiplegic migraine,
2: Migraine without aura,
3: Other,
4: Sporadic hemiplegic migraine,
5: Typical aura with migraine,
6: Typical aura without migraine

3.1.5. Random Forest (RF)

RF is the name for an ensemble method that uses numerous decision tree models
which are built on randomly chosen data and features. Usually, the ultimate prediction is
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conducted by combining the estimates of the decision trees individually (for instance, votes
could be used in classification).

3.2. Framework

Figure 2 illustrates that for the proposed framework on migraine classification, we
utilize a sequence of supervised machine learning algorithms: data collection, data
cleaning, data augmentation using SMOTE, feature extraction through optimized selec-
tion, and evaluation of the model through cross-validation. All is implemented using
Rapid-Miner Studio.

Figure 2. Proposed framework.

For an existing minority example x, new examples are made by interpolating between
x and one of its K-nearest neighbors xi. This is shown mathematically as:

xnew = x + rand(0, 1)(xax)

Before data augmentation with SMOTE, the dataset was imbalanced, as shown in
Figure 3. There was an uneven distribution of classes of the target variable TYPE. The
TYPE variable contains all the various forms of migraines, TYPE ‘0’ (18 samples), TYPE ‘1’
(24 samples), TYPE ‘2’ (60 samples), TYPE ‘3’ (17 samples), TYPE ‘4’ (14 samples), TYPE
‘5’ (247 samples), and TYPE ‘6’ (20 samples). The dataset employed is very diverse, hence
allowing for a comprehensive analysis.

Figure 3. Class imbalance before SMOTE.
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3.3. Data Preprocessing and Filter Examples

During data analysis, data preprocessing like filter examples can be conducted. Using
this tool, an operator selects or deletes data instances according to specific requirements,
such as the presence of missing values. This ensures that the data is relevant for the analysis
and is properly prepared.

The dataset is first filtered to remove attributes with missing values (as shown in
Figure 4), which makes it incomplete and inconsistent after which the model is trained.
These filters make it possible for only high-quality data to undergo further analyses.

 

Figure 4. Filter examples parameter.

3.4. SMOTE (Upsampling)

To deal with class imbalance, SMOTE creates new examples for the minority cate-
gory by mixing existing ones. With the data set having an imbalanced class distribution,
specifically the sporadic hemiplegic migraine category being the most poorly represented,
SMOTE is utilized.

SMOTE operates with a neighbor distance of five, as shown in Figure 5. This number
allows the algorithm to make more appropriate synthetic examples for underrepresented
classes and achieves a balance of migraine types. Figure 6 displays a balanced class after
we apply SMOTE Upsampling. This balancing step is critical for ensuring classifiers are
not only trained in the majority classes and improving general model metrics.

 

Figure 5. SMOTE upsampling parameter.
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Figure 6. Balanced class after data augmentation SMOTE.

3.5. Optimize Feature Selection

With Optimize Feature Selection, it is possible to select the most relevant attributes in
a dataset in order to improve the model performance. It employs methods such as selection
by brute force, forward selection, backward elimination and evolutionary methods which
seek to keep only the most useful features in the feature set, which improves the prediction
accuracy and alleviates the overfitting problem.

To further improve performance, Figure 7 displays how we applied an additional
optimized selection step using a forward selection technique. During this stage, a five-fold
cross-validation was conducted where Naïve Bayes was used as a base classification learner.
The defined strategy in Figure 8, allows the estimation of individual feature utility and
of their combinations for the target classification task; classification on the base sample is
maximized while the minimization of the chance of redundancy and errors is achieved.

 

Figure 7. Optimize Feature Selection with forward selection.

Figure 8. Cross-validation inside Optimized Feature Selection.
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3.6. Cross-Validation and Ensemble Classification

For assessing the performance of a model, a resampling technique called cross-
validation is used. With k-fold cross-validation, the dataset is divided into k equal parts.
The model is then trained on k-1 parts and tested on the leftover parts. This procedure
is carried out k times. The overall performance is the average over the k iterations. This
improves the model’s ability to generalize new data that it has not seen before, and it
mitigates issues like overfitting. Ensemble voting combines predictions from multiple
classifiers. For classification, each model votes for a class and the final prediction is the
class with the majority vote:

ypred = argmaxc∑
i

I(yi = c)

where I is an indicator function that equals 1 if classifier i predicts class c. Upon selecting the
appropriate features, Figure 9 shows that the obtained dataset undergoes further validation
through three-fold cross-validation.

Figure 9. Cross-validation in the main process.

During this step, in Figure 10, the ensemble vote method is executed to take advantage
of different classifiers. Specifically, the ensemble consists of three classifiers: K-nearest
Neighbors with (k = 3), random forest, and Naïve Bayes.

Figure 10. Training and testing inside cross-validation.

The ensemble approach receives predictions from the individual models shown in
Figure 11, through a voting procedure. The final prediction from the ensemble is less
sensitive to overfitting, as the ensemble model is reported to be more reliable. These
include accuracy, precision, and recall, among other pertinent evaluation metrics.

With all these techniques, the approach defaults to feature construction at every
stage of the approach, including data collection, extensive filtering (preprocessing), data
augmentation through SMOTE, decisive feature construction, and ensemble construction;
the strategy increases efficiency in migraine classification models by overcoming issues
such as non-uniform data and excess features. By these measures, the model processes
these steps in RapidMiner Studio to boost accuracy and ensure that the model does not
underperform operationally, achieve precise automated migraine diagnosis, and help to
improve response time intervention in clinical settings.
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Figure 11. Ensemble vote method.

4. Results
This part of the research paper is where we will discuss the results of our findings and

observations which are derived from the experimental evaluation of our proposed system.

4.1. Performance Vector

A performance vector encompasses an array of benchmarks that include preci-
sion, recall, and accuracy that can be used to assess the predictive performance of a
model comprehensively.

4.2. Precision (P)

Precision is the number of positive observations that were predicted correctly out
of all the predicted positives: TP. After the application of SMOTE with the five nearest
neighbors, the effectiveness of the model increased significantly when compared to their
performance without the application of SMOTE, as shown in Figure 2. Once again, with
the same ensemble of KNN (k = 3), NB, and RF, we achieved a remarkable accuracy of
93.64%, while the other combinations achieved 93.18%, 93.52%, and 92.19%, respectively.
The graph in Figure 12 represents the accuracy of the combination of classifiers, with and
without using data augmentation using SMOTE.

Precision =
TP

TP + FP

True positives (TP) are known as the correctly classified positive cases. False positives
(FP) are the incorrectly classified positive cases.

4.3. Recall (R)

Recall, also termed sensitivity, quantifies the proportion of true positives that were
accurately detected:

Recall =
TP

TP + FN

A false negative (FN) occurs when a model incorrectly categorizes a positive case
as negative.
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4.4. Accuracy

Accuracy is the measure of true results that include both true positives and true
negatives out of the total population under observation; these results provide evidence that
balance the data. True negatives (TP) are the correctly identified negative cases.

Figure 12. Classifier accuracies with and without SMOTE data augmentation.

4.5. Accuracy with Supervised ML Models

In this research, we examined how well our supervised ML models performed with
and without class imbalance mitigation using SMOTE. Initially, the original imbalanced
dataset was employed to train the models, and the accuracy results for multiple classifier
combinations were collected. Table 2 shows that by using the ensemble combination of
KNN (k = 3), NB, and RF, we achieved an average accuracy of 86.41% without the use of
SMOTE. Other combinations, such as KNN (k = 3) combined with DT and RF achieved an
accuracy of 84.83%. KNN (k = 3) combined with DT and NB had an accuracy of 85.62%.
Lastly, the combination of RF, DT, and NB achieved 85.94% which improves the models’ pri-
mary weak point of classification of the minority types of migraine sufferers. We analyzed
the performance of our model using confusion matrices (with and without SMOTE).

Table 2. Combined classifier accuracy with and without SMOTE.

Combined Algorithms Accuracy Without SMOTE Accuracy with SMOTE
KNN (k = 3), NB, RF 86.41% 93.64%
KNN (k = 3), DT, RF 84.83% 93.18%
KNN (k = 3), DT, NB 85.62% 93.52%

RF, DT, NB 85.94% 92.19%

For the top combination using no SMOTE (KNN, Naïve Bayes, RF; 86.41% accuracy),
Table 3 shows that the confusion matrix revealed highly variable precision and recall at a
class level, achieving 100% precision for Typical aura without migraine (Est. 6) and Other
(Est. 3) while having 0% accuracy for Familial hemiplegic migraine (Est. 1) due to its low
representation (24 instances). In contrast, the confusion matrix for the same classifiers’
combination with SMOTE (93.64% accuracy) demonstrated a better and more balanced
performance with significant improvements to the matrix.



Eng. Proc. 2025, 107, 25 12 of 14

Table 3. Confusion matrix of KNN, NB, RF without SMOTE.

Confusion Matrix of KNN (k = 3), NB, RF—Accuracy 86.41%—Without SMOTE

Act. 5 Act. 2 Act. 0 Act. 4 Act. 1 Act. 3 Act. 6 Class
Precision

Est. 5 212 0 6 10 11 2 0 87.97%
Est. 2 0 58 0 2 2 2 0 90.62%
Est. 0 1 0 9 0 0 0 0 90.00%
Est. 4 34 2 2 235 11 0 0 82.75%
Est. 1 0 0 1 0 0 0 0 0.00%
Est. 3 0 0 0 0 0 13 0 100.00%
Est. 6 0 0 0 0 0 0 20 100.00%

class recall 85.83% 96.67% 50.00% 95.14% 0.00% 76.47% 100.00%

In Table 4, we can see the precision values for TYPE ‘1’ (Est. 1), TYPE ‘4’ (Est. 4), and
TYPE ‘0’ (Est. 0) show incredible improvement to 91.54%, 87.91%, and 95.75%, respectively,
and improvement in the corresponding recall values was also significant. These results
show that the use of SMOTE ensures that the training data is balanced and greatly enhances
generalization and consistency across all types of migraines. To sum up, while it is apparent
that the original dataset provided an adequate level of performance, our analysis shows
that the SMOTE-based upsampling technique brought remarkable improvements to the
accuracy, precision, and recall outcomes. KNN (k = 3), Naïve Bayes, random forest, and
KNN (k = 3) combined in an ensemble (VOTE) classifier provided the best results in class
accuracy and also in overall classification metrics

Table 4. Confusion matrix of KNN, NB, RF with SMPOTE.

Confusion Matrix of KNN (k = 3), NB, RF—Accuracy 93.64% with SMOTE

Act. 5 Act. 2 Act. 0 Act. 4 Act. 1 Act. 3 Act. 6 Class
Precision

Est. 5 202 0 15 3 6 0 0 89.38%
Est. 2 0 247 17 0 0 5 0 91.82%
Est. 0 2 0 203 4 3 0 0 95.75%
Est. 4 28 0 5 240 0 0 0 87.91%
Est. 1 15 0 7 0 238 0 0 91.54%
Est. 3 0 0 0 0 0 242 0 100.00%
Est. 6 0 0 0 0 0 0 247 100.00%

class recall 81.78% 100.0% 82.19% 97.17% 96.36% 97.98% 100.0%

Classifiers were then trained and tested through an ensemble voting scheme. The
data shows that applying SMOTE already improves model performance significantly,
as the ensemble of KNN (k = 3), Naïve Bayes, and Random Forest boosts the accuracy
from 86.41% (no SMOTE) to 93.64% (with SMOTE). The confusion matrix also shows
that there are improvements in precision and recall values, especially for the neglected
types of migraines. This suggests that automatic data-driven methods can indeed meet
the diagnostic challenges in migraine classification and provide powerful and automatic
clinical decision support systems.
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5. Conclusions
This study demonstrates the usefulness of a ML frameworks to automate the classifi-

cation of different migraine types. With the help of a pre-existing Kaggle dataset containing
400 samples, we overcame issues like class imbalance with SMOTE-based upsampling,
which greatly improved the performance of many supervised classifiers. The incorporated
feature selection along with cross-validation improved the input data’s quality for model
training, which was very helpful. The ensemble classifier consisting of KNN (k = 3), Naïve
Bayes, and random forest had an accuracy of 93.64% with SMOTE, compared to 86.41%
accuracy without data augmentation. This is a significant improvement. The detailed
examination of confusion matrices along with precision, recall, and accuracy, reveals that
these models are able to classify the minority migraine types, hence, enhancing the model’s
overall effectiveness. The findings emphasize the prospects of machine learning to improve
the objectivity and data-based nature of diagnostic tools which can aid clinicians to improve
their efficiency and accuracy in diagnosing migraines at later stages of the disease. Further
work will be directed towards broadening the dataset with additional neuroimaging and/or
electrophysiological signals data in order to improve feature selection methods and, thus,
model generalizability. In the long run, these new technologies could enable the ability to
customize treatments for migraines which would lead to better results for patients.
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