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Abstract−This study aims to develop and compare classification models for predicting symptom-based migraine intensity using a 

public dataset from Kaggle. The research was conducted on multiclass data with an imbalanced class distribution. Therefore, target 

creation and result interpretation must be carefully designed so that the resulting evaluation remains consistent with the 

characteristics of the data used. In this study, the Intensity variable was recoded into three operational classes: low, moderate, and 

high. The features used included symptoms, characteristics of migraine episodes, and `symptom_count`, which represents the 

number of symptoms in each sample. The two models compared were Random Forest and LassoNet, both of which were tested 

using Stratified 5-Fold Cross-Validation. Model performance was assessed using the Macro F1-score as the primary metric, 

Balanced Accuracy as the main supplementary metric, and Accuracy as a complementary metric. The test results showed that 

Random Forest performed better, with a Macro F1-score of 0.6366, Balanced Accuracy of 0.6181, and Accuracy of 0.6225. 

Meanwhile, LassoNet achieved a Macro F1-score of 0.2474, a Balanced Accuracy of 0.3333, and an Accuracy of 0.5900. These 

results indicate that symptom patterns in the dataset can still be utilized to distinguish migraine intensity within a computational 

classification framework, although the separation between closely related classes is not yet fully robust. 
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1. INTRODUCTION 

Migraine is a neurological disorder characterized by recurrent headaches, often accompanied by other symptoms such 

as nausea, vomiting, photophobia, and phonophobia [1]. In such cases, it is important to consider not only the presence 

or absence of an attack but also how severe the attack is perceived by the patient. Differences in attack intensity can 

affect the patient’s experience during an attack, both in terms of the symptoms that appear and the impact on daily 

activities. In other words, intensity cannot be viewed merely as supplementary information, as differences in attack 

severity can indicate significant differences in the patient’s condition. If the available data includes symptoms and 

characteristics of the attacks, then this data can be used not only to describe the patient’s condition but also to identify 

patterns in migraine severity in a more targeted manner. 

Advances in machine learning have spurred numerous studies that are beginning to utilize symptom data to aid 

the analysis process in the healthcare field. In the case of migraines, this type of approach is already widely used, both 

in the form of digital diagnostic systems and symptom-search systems. However, the results obtained still reveal 

several limitations. Previous research has shown that digital diagnostic systems for migraines have not yet 

demonstrated good performance or sufficient consistency in results [2]. A broader review of digital and online 

symptom checkers also reveals similar issues, particularly regarding diagnostic accuracy and triage [3]. In real-world 

use, unclear system outputs and users level of trust in the results remain challenges [4]. This situation indicates that 

the issues in migraine cases lie not only in model development but also in how the classification task is formulated to 

align with the problem at hand and how the results are subsequently interpreted accurately. 

Previous research on migraines has also made significant progress, but has not yet focused extensively on the 

issue of attack intensity directly. Reddy et al. (2025) used a similar migraine dataset to classify triggers, phases, and 

types of migraines, and their results showed that symptoms and episode characteristics are indeed sufficiently 

informative for building meaningful classification models [5]. On the other hand, Kim et al. (2023) demonstrated that 

the most bothersome symptoms in migraine sufferers can vary from person to person [6], while other clinical studies 

have shown that pain intensity is associated with specific migraine characteristics as well as the impact of the headache 

as perceived by the patient [7], [8]. These findings demonstrate that symptoms can not only be used to identify 

migraine types but are also related to the severity of attacks experienced by patients. However, while machine 

learning-based research has advanced to the classification of migraine types, attack intensity has not yet been widely 

formulated as a separate classification target and this is where the gap in this study lies. 

When intensity is chosen as the classification target, the problem becomes more specific than simply comparing 

algorithms. The target classes must be clearly defined, as blurred boundaries will make the multi-class task difficult 

to interpret from the outset. Feature selection also cannot be done haphazardly, as symptom data contain several 

attributes that may be too closely related to the target definition, posing a risk of data leakage if data splitting is not 

properly managed [9]. The same issue arises during the evaluation stage, as the accuracy often appears convincing in 

an imbalanced class distribution, even though this figure does not necessarily reflect the model’s ability to recognize 

all classes proportionally. Therefore, performance assessment must be supported by more appropriate metrics, such 

as Balanced Accuracy and Macro F1-score [10], [11]. Thus, what is being evaluated in intensity classification is not 

only the model used but also how the target is formulated, the features selected, and the accuracy in interpreting the 

results obtained. 
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This study focuses on developing a symptom-based migraine intensity classification model using a public 

dataset. Intensity is categorized into three operational classes, there are low, moderate, and high, so that the 

classification targets have clear boundaries and can be tested consistently. The two models used Random Forest and 

LassoNet were employed to examine how each performs on tabular symptom data. The aim of this study is not merely 

to add another classification approach to migraine research, but to address the limited attention previous studies have 

given to attack intensity as a standalone classification target. To that end, this study emphasizes the formulation of a 

well-defined task, attention to potential leakage, and the use of evaluation metrics better suited for imbalanced 

multiclass data. The contribution of this study lies in assessing the ability of symptom data to classify migraine 

intensity, as well as in comparing how the two modeling approaches perform on this task. Thus, this study is expected 

not only to produce classification results but also to provide a clearer picture of how symptom-based migraine intensity 

classification can be methodologically structured and interpreted. Consequently, the results of this study can serve as 

a basis for further research aiming to develop similar approaches on broader datasets or more diverse conditions. 

2. RESEARCH METHODOLOGY 

This study was conducted to build and compare symptom-based migraine intensity classification models using a public 

dataset. The primary focus of the study lies in the formulation of the intensity target, the selection of features used, 

the application of classification models, and the development of an appropriate evaluation scheme for multiclass data 

with an imbalanced distribution. In this study, the two models compared are Random Forest and LassoNet. The entire 

research process was organized in stages, ranging from data preparation, target formulation, preprocessing, modeling, 

to result evaluation. This sequence of stages was employed to ensure the analysis process was conducted in a more 

focused manner and that the results could be interpreted in line with the study’s objectives. The complete flowchart 

of the research stages is shown in Figure 1. 

 

Figure 1. Research Stages 

2.1 Dataset and Feature Engineering 

This study uses a public migraine dataset obtained from Kaggle. The dataset consists of 400 data rows with 24 initial 

columns and contains two labels in the original data: Type and Intensity. In this study, Intensity is used as the basis 

for defining the classification target because the research focuses on grouping the severity levels of attacks as reflected 

by migraine intensity [7], [8]. Meanwhile, “Type” is not used as either a target or a predictor. The use of “Type” as a 

feature is also avoided because it risks causing target leakage [9]. The data used in this study has 15 final features. A 

summary of the dataset used can be seen in Table 1. 

Table 1. Dataset Summary 

Component Description 

Data Source Public migraine dataset from Kaggle 

Number of records 400 rows 

Number of initial attributes 24 columns 

Original labels in the data Type, Intensity 

Final number of features 15 features 
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The classification targets were divided into three operational classes: low, medium, and high. Recoding was 

performed by grouping Intensity values of 0 and 1 into the low class, values of 2 into the medium class, and values of 

3 into the high class. This scheme was used to define a clearer multi-class target for modeling and evaluation, where 

the low, moderate, and high classes were treated as operational labels derived from the recoding of the Intensity 

variable [12], [13]. Therefore, this classification is used in the computational context of this research and is not 

intended to represent clinical categories in medical assessments. 

 

Figure 2. Distribution of Operational Target Class 

The distribution resulting from the recoding process shows that the class proportions are not fully balanced, as 

illustrated in Figure 2. The high-intensity class contains the largest number of records, followed by the medium-

intensity class, while the low-intensity class has a substantially smaller number of records. This condition provides 

important context for interpreting the experimental results, since the models were not evaluated on a perfectly balanced 

class distribution. 

2.2 Feature Selection, Feature Engineering, and Preprocessing 

The features used in this study are derived from two main groups: symptom features and episode characteristic 

features. The symptom group includes indicators of accompanying symptoms recorded in the dataset, such as nausea, 

vomiting, phonophobia, photophobia, and other sensory symptoms that occur alongside an attack. Meanwhile, the 

episode characteristics group includes attributes that describe the attack profile, such as frequency, duration, location, 

and pain characteristics. These features were selected to ensure that the data used accurately reflects the experience of 

the attack and the intensity of the migraine [6], [8]. Additionally, the “Type” attribute was excluded because it could 

potentially contain information too closely related to the classification label and cause leakage [9]. 

The final input attributes in this study consist of symptom variables, episode characteristics, and one simple 

engineered feature, namely `symptom_count`. The `symptom_count` feature is used as a summary of the number of 

symptoms appearing in each sample. With this addition, the data not only includes the types of symptoms that appear 

but also the number of symptoms in a single sample. This approach is used to capture the number of symptoms without 

excessively altering the data structure. After the feature selection and engineering processes were completed, the data 

were then organized into the same tabular format for all experiments. At this stage, the final features and the target 

labels resulting from recoding were separated, and the input format was prepared consistently for both Random Forest 

and LassoNet. With this arrangement, the input data remained uniform and suitable for the needs of migraine intensity 

classification. 

2.3 Classification Models 

This study uses two classification models, Random Forest and LassoNet, to examine how differences in model 

complexity affect symptom-based migraine intensity classification. Both models are run on the same features with 

operationally defined intensity targets, allowing for a more balanced comparison of results. In this study, Random 

Forest is used as the baseline model. This model is suitable for tabular data with a relatively limited sample size and 

remains capable of handling nonlinear relationships between features without requiring complex input processing  

[12], [13]. In this study, Random Forest was used to determine whether symptom patterns and episode characteristics 

could still be identified through a more classical classification approach. This choice is also consistent with the 

characteristics of the data used, as the dataset is not large, the features remain in tabular form, and the feature space 

has been simplified in a previous stage. 
LassoNet is used as a comparison model to determine whether a more complex approach can offer advantages 

on the same data. This model remains relevant because it combines the learning process with regularization and 
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sparsity mechanisms, making it suitable for representing tabular data  [14]. However, the literature also indicates that 

deep learning approaches for tabular data do not always yield better results than simpler models  [15]. Therefore, in 

this study, LassoNet is not positioned as a model presumed to be superior, but rather as a methodological benchmark 

against Random Forest to examine the impact of model complexity on symptom-based migraine intensity 

classification. 

2.4 Evaluation Scheme 

This study uses Stratified 5-Fold Cross-Validation so that the evaluation does not depend on a single data split and 

class proportions are maintained in each fold. This scheme was chosen because the dataset used is relatively limited, 

while the final intensity labels consist of three classes with a distribution that is not entirely balanced. Under these 

conditions, stratification is necessary to ensure that each training and testing round consistently represents the class 

composition, particularly in multi-class classification settings with skewed distributions [10], [16]. 

Model evaluation focuses not only on overall prediction accuracy but also on the model’s ability to distinguish 

between all intensity classes more evenly. Therefore, the Macro F1-score is used as the primary metric  [17]. Balanced 

Accuracy is then used as the primary supplementary metric because the interpretation of results must still take into 

account performance across each class, especially when the data distribution is not entirely even [10], [11]. 

Meanwhile, Accuracy is still included as a supplementary metric to provide an overview of overall performance, but 

it is not used as the primary basis for drawing conclusions because its value may appear high even if the model does 

not perform equally well across all classes [11], [17]. With this structure, the interpretation of results does not stop at 

a single summary statistic but instead considers the roles of different metrics according to the evaluation objectives  

[18]. With this structure, the interpretation of results does not stop at a single summary figure but continues to consider 

the roles of different metrics according to the evaluation objectives [18], [19]. 

In addition to the composite score, a confusion matrix is used to trace patterns of misclassification across 

intensity classes  [19]. This component is necessary because a single score does not indicate which classes are most 

frequently misclassified or the most dominant direction of error [11]. With the help of the confusion matrix, the 

analysis can focus on the classes that are most challenging to classify, emerging misclassification trends, and 

differences in model behavior that are not apparent from the composite metric alone. 

3. RESULTS AND DISCUSSION 

The evaluation results in this study show that Random Forest performs better than LassoNet on all the primary metrics 

used. A comparison of the two models’ scores is shown in Table 2, while the patterns of difference are more easily 

discernible in Figure 3. 

Table 2. Model Evaluation Results 

Model Macro F1-score Balanced Accuracy Accuracy 

Random Forest 0.6366 0.6181 0.6225 

LassoNet 0.2474 0.3333 0.5900 

Table 2 shows that Random Forest yields better results than LassoNet across all metrics used in this study. This 

superiority is evident in the Macro F1-score, Balanced Accuracy, and Accuracy values. This indicates that Random 

Forest’s advantage is not only evident in overall prediction accuracy but also in the model’s ability to maintain 

performance across multiple intensity classes. Based on these results, Random Forest can be considered a more stable 

model for symptom-based migraine intensity classification using the tabular data employed in this study. 

 

Figure 3. Comparison of Evaluation Metrics 

When Table 2 is read in conjunction with Figure 3, the performance gap between the two models becomes 

more apparent. The most pronounced differences appear in the Macro F1-score and Balanced Accuracy, indicating 
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that the disparity in results between the models is not limited to a single evaluation metric. This means the study’s 

findings go beyond simply concluding that one model achieved higher scores than the other, and they also suggest 

that Random Forest is better at maintaining prediction quality when the target classes are not perfectly balanced. 

Meanwhile, LassoNet still exhibits fairly clear limitations, particularly when results are evaluated using metrics that 

require a more evenly distributed across classes. With the experimental configuration used in this study, Random 

Forest emerges as the model with the best overall performance for migraine intensity classification. 

3.1 Error Analysis and Interpretation of Results 

Although Random Forest generally provided the best results, the evaluation results did not yet show a completely 

robust class separation. Classification errors still occurred in some classes, particularly in samples with similar 

symptom characteristics. This pattern can be observed in the confusion matrix in Figure 4. 

 

Figure 4. Confusion Matrix 

Figure 4 shows that the model still struggles to consistently distinguish between the moderate and high classes. 

This point is important because the main issue in intensity classification lies not only in the model’s ability to recognize 

symptoms but also in its ability to separate intensity classes that are closely spaced. In this study, that separation has 

not yet been fully achieved. The moderate and high classes still overlap, so some samples that should belong to one 

class are instead mapped to the adjacent class. 

This overlap makes sense when considering the types of features used. The data in this study relies on 

symptoms and episode characteristics, so the model infers intensity through patterns emerging from this information. 

The problem is that samples in the moderate and high classes can still exhibit similar combinations of symptoms. An 

individual may experience nausea, phonophobia, photophobia, or pain in a specific location, but differences in 

intensity levels do not always serve as clear-cut distinctions within the available features. Under such conditions, the 

model tends to recognize pattern similarities but is not yet robust enough to consistently assign them to the correct 

class. Therefore, the errors that arise are not merely a sign that the model has failed to work, but also an indication 

that the boundaries between classes are not yet fully clear in the feature space used. At this stage, interpreting the 

results should not stop at the combined score. The evaluation metrics obtained need to be examined alongside the 

patterns of prediction errors to understand which classes remain difficult to distinguish and to what extent the model 

performs consistently across classes. In this study, moderate scores are associated with the model’s difficulty in 

distinguishing between closely related classes, not with a total failure of the model to learn the data. Thus, the results 

indicate that the model is already capable of capturing some important patterns, but the separation between classes is 

not yet fully distinct. 

In symptom-based health data, prediction quality is determined not only by the algorithm used but also by the 

target structure, data composition, and the information available for each sample [20]. In tasks centered on symptoms, 

two classes that appear conceptually distinct do not necessarily have a strong separator within the data. As a result, 

the model may perform reasonably well at a general level but still leaves gray areas when distinguishing closely related 

cases. This is evident in the results of this study. The same error pattern reappears when the analysis shifts from the 

confusion matrix to the error distribution per class in Figure 5. Here, it is evident that prediction errors are not evenly 

distributed. Some classes are relatively easier to classify, while others are more prone to being confused with 

neighboring classes. 

Figure 5 helps illustrate that the main issue lies not merely in the number of errors, but in the direction of those 

errors. When a particular class is more frequently misclassified as a neighboring class, it means the model still tends 

to capture pattern proximity rather than clear separation boundaries. This directly affects how the results are 

interpreted. If the reader only looks at Accuracy, the impression might be overly optimistic, since some correct 
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predictions are still counted as overall success. However, when errors are analyzed per class, it becomes clear that the 

model’s performance is not uniform. Classes that are harder to distinguish are holding back the overall improvement 

in the model’s quality. From this, it is evident that the model’s success in one class does not automatically imply the 

same success in other classes. Therefore, interpreting the results requires considering the error distribution, not just 

the summarized final values. 

 

Figure 5. Error by Class 

On the other hand, disparities in class distribution can still affect the model’s learning process and result in 

uneven performance across all classes [21]. In the context of this study, classes with smaller distributions or less 

distinct boundaries are at risk of not achieving separation quality equivalent to that of other classes. Therefore, the 

results obtained should be understood as the outcome of the interaction between the model, the target structure, and 

the data distribution, rather than merely as a measure of a single algorithm’s strength. Such conditions are also 

consistent with findings in medical benchmarks with long-tailed distributions, where metrics emphasizing inter-class 

balance may remain at moderate levels even though the model is already capable of capturing some important patterns 

[22]. A similar pattern is observed in more recent model validation studies, where seemingly good overall performance 

is not always accompanied by uniform results across classes [23]. These findings are not intended to equate the current 

research with those studies, but rather to place the obtained results within a more reasonable framework. Thus, scores 

that are not entirely high on class-sensitive metrics do not directly indicate that the design of this study is weak, but 

rather reflect that such results can indeed arise in difficult tasks, especially when the target is multi-class and the 

distribution is imbalanced. 

Therefore, the results of this study are more accurately interpreted as a consequence of the difficulty level of 

the classification task at hand. Random Forest did emerge as the best model in this experiment, but this advantage 

does not negate the fact that separating closely spaced intensities remains a major challenge. From an analysis of these 

errors, it is evident that the research challenge lies not only in selecting the best model but also in addressing the 

limitations of feature representation when intensities must be distinguished across several closely spaced classes. This 

chapter thus not only demonstrates which model performs better but also highlights where the true difficulty lies in 

the symptom-based migraine intensity classification task. 

3.2 Comparison with Previous Research 

The results of this study should be interpreted with caution when considered alongside previous studies that used 

similar migraine datasets. In previous studies, the primary focus was on type classification [3]. This means that the 

models were trained to distinguish between migraine types, rather than to assess the intensity of attacks categorized 

into operational classes. Because the objectives of the studies differ, the results of the two studies cannot be accurately 

treated as a direct numerical comparison. Higher or lower scores do not automatically indicate which study is better, 

since the tasks the models were designed to perform from the outset were fundamentally different. 

This difference directly affects how the results are interpreted. In this study, the focus is on operational intensity 

classification, so the task design is tailored to meet this need. The “Type” attribute is not used as a feature, and the 

results are not primarily evaluated based on Accuracy. Performance evaluation is directed more toward the Macro F1-

score and Balanced Accuracy, as these two metrics are better suited to demonstrate whether the model is truly capable 

of distinguishing all intensity classes more proportionally [11], 17]. Thus, the significance of this study lies in the 

models’ ability to handle a specifically designed intensity classification task, rather than in replicating studies that 

distinguish migraine types. 

From this, it is evident that the results of this study not only demonstrate performance differences among 

models but also show that when the classification target shifts from type to intensity, the way the results are interpreted 

also changes. This shift means that target formulation, feature selection, and evaluation cannot be treated the same 
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way as in type classification studies. Therefore, the contribution of this study lies more appropriately in the formulation 

of the task and the interpretation of its evaluation, rather than in a mere comparison of numerical values. Thus, this 

study is not intended as a rebuttal to previous studies, but rather as an expansion of how to interpret the same migraine 

dataset. While previous studies have emphasized type classification, this research demonstrates that the dataset can 

also be used to assess operational intensity. The difference lies in how the task is formulated, how features are selected, 

and how evaluation results are interpreted more carefully when class distributions are not fully balanced [3], [11], 

[17]. Therefore, this study is best understood as a methodological advancement in interpreting the same dataset, rather 

than as a direct competition between research findings. 

3.3 Research Limitations 

This study was conducted on a relatively small dataset, so the classification results remain quite sensitive to the sample 

composition in each fold [10], [16]. In a multi-class setting, changes in the data distribution across classes can also 

affect the stability of the results obtained. Consequently, the model’s performance cannot yet be considered fully 

stable, especially when class distributions are uneven and each class is not equally well-represented in the learning 

process. 

Another limitation lies in the target structure and class distribution. The research target was not taken directly 

as the final label but was formed by recoding “Intensity” into three operational classes: low, medium, and high. This 

structure helps define the classification task more clearly but simultaneously makes the results highly dependent on 

the class boundaries used. On the other hand, the class distribution is not entirely balanced, making performance 

evaluation insufficient if based solely on overall accuracy, as a single composite score can mask the model’s 

difficulties with specific classes [11]. This condition is one reason why the research results must be understood within 

the constraints of the target structure and data distribution used. Another limitation stems from the features available 

in the dataset. The model learns only from the symptoms and characteristics of episodes available in this public dataset. 

Therefore, the results of this study are best understood as computational findings applicable to the context of the data 

used, rather than as a direct representation of broader clinical conditions. 

4. CONCLUSION 

The results of this study show that symptom-based classification of migraine intensity can be performed 

computationally on the public dataset used, but the quality of the classification is still heavily influenced by the target 

format and the information available in the features. In the experimental design used, Random Forest yielded better 

results than LassoNet on all key metrics. This advantage is particularly evident in the Macro F1-score and Balanced 

Accuracy, indicating that the model’s best performance is not only reflected in overall accuracy but also in its ability 

to distinguish between intensity classes more evenly. Given the data and feature conditions in this study, Random 

Forest is more suitable as a baseline model for symptom-based migraine intensity classification tasks. These findings 

also indicate that the research challenge extends beyond algorithm selection. The results in Chapter 3 show that the 

moderate and high classes still frequently overlap, meaning that the boundaries between classes are not yet fully 

distinct in the feature space used. This means that the available symptoms and episode characteristics are indeed 

sufficient to capture some intensity patterns, but they cannot yet be considered consistently strong enough to reliably 

distinguish adjacent classes. Therefore, the results of this study should be interpreted as evidence that migraine 

intensity classification is feasible but remains sensitive to how the target is defined and how features represent 

differences between classes. The limitations of this study lie in the relatively small dataset size, the class distribution 

that is not entirely balanced, and features that are still limited to publicly available data. These conditions make the 

model’s results sensitive to the data composition in each fold and not yet fully stable for adjacent classes. Future 

research should focus on using more diverse and balanced data, adding more informative features to distinguish 

between closely related intensities, and conducting evaluations that prioritize class-specific performance rather than 

just overall accuracy. With this approach, symptom-based migraine intensity assessment can be developed on a 

stronger foundation. 
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