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Abstract

Migraines affect a significant portion of the global population, with prevalence estimates ranging from
10%-18%, and impose a substantial burden on individuals and health systems. Traditional diagnostic
methods rely largely on patient self-report and clinician judgment, which can lead to misclassification and
delayed treatment. Advances in machine learning have shown promise in improving diagnostic accuracy,
though existing models often suffer from trade-offs between performance and interpretability. This study
proposes a hybrid model combining decision tree (DT) classifiers and neural networks (NN) for classifying
migraine subtypes and healthy controls. The decision tree component provides transparent rules that can
aid clinical insight, whereas the neural network captures non-linear, complex relationships in the data. A
comprehensive dataset containing demographic, clinical symptoms, physiological signals, and patient
history was utilized. After extensive preprocessing, feature selection, model training, and hyperparameter
tuning, the hybrid model achieved accuracy of 92.1%, Fl-score of 0.90, and AUC-ROC of 0.95,
outperforming standalone decision tree and neural network baselines. The results underscore the potential
of hybrid approaches in bridging the gap between performance and interpretability in medical
classification tasks. Finally, we discuss clinical implications, limitations, and directions for future research.

Keywords: migraine classification, decision tree, neural network, hybrid model, machine learning,
interpretability, healthcare diagnostics

Introduction

1.1 Background & Motivation

Migraine is a chronic neurological disorder characterized by recurrent, often debilitating, headache episodes
accompanied by sensitivity to light, sound, nausea, and sometimes aura phenomena.

According to epidemiological studies, migraine prevalence worldwide is approximately 10-15%, with
higher prevalence in women. The disorder contributes significantly to disability, absenteeism, and reduced
quality of life.

Diagnosing migraine is nontrivial because symptoms are heterogeneous, vary over time, and
overlap with other headache disorders (e.g., tension-type headache, cluster headache). The International
Classification of Headache Disorders (ICHD-3) provides diagnostic criteria to guide clinicians, but its
reliance on subjective reporting introduces uncertainty. Wikipedia+1
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Machine learning (ML) provides an opportunity to support more objective, data-driven migraine
classification. However, many ML models (especially “black box” models) lack interpretability, making
clinical adoption challenging. A hybrid model combining interpretable and high- performance components
offers a promising compromise.

1.2 Objectives and Contributions

1.3 ThIS study aims to:
1. Design a hybrid classification framework combining decision trees and neural networks for
migraine detection and subtype classification.
2. Evaluate the hybrid model’s performance relative to standalone models (DT, NN).
3. Analyze feature importance and model interpretability aspects.
4. Discuss clinical relevance, recommendations, limitations, and future directions.

In doing so, we contribute to bridging the interpretability—accuracy gap, which is crucial for translational
adoption in healthcare.

Literature Review

1.4 Migraine Classification & Diagnostic Challenges
Migraine can be broadly classified into subtypes: migraine without aura (MwoA), migraine with aura
(MwA), chronic migraine, medication-overuse headache (MOH), etc. The phenotypic overlap and
fluctuating symptoms make differential diagnosis hard. Reddy & Ajit (2025) reviewed the classification
into phases and triggers using ML (e.g. LR, SVM, RF, ANN) and reported classification accuracies ~90%
across methods. Frontiers+1

Mitrovi¢ et al. (2023) applied ML techniques on MRI-derived features to distinguish MwA
subtypes, achieving ~97% accuracy. Frontiers

Chen et al. (2022) used functional near-infrared spectroscopy (fNIRS) with machine learning to

classify chronic migraine and MOH groups, showing that combining physiological signals with ML yields
promising results. Nature

Petrusi¢ et al. (2024) highlight methodological inconsistencies in migraine-ML studies and propose
evaluation guidelines. BioMed Central
These works underscore both the promise and pitfalls of ML in migraine diagnosis: good performance in
controlled settings, but challenges in generalizability, interpretability, and reproducibility.

1.5 Decision Trees in Medical Diagnostics

Decision trees are favored in many clinical decision-support applications because their logic can be traced
(i.e., “if-then” rules). They are easy to interpret, can handle categorical and continuous features, and
require minimal data preprocessing. But pure decision trees often overfit, have limited capacity for
modeling non-linear higher-order interactions, and may have lower accuracy than more complex methods.

1.6 Neural Networks & Deep Learning

Neural networks (especially deep architectures) are powerful models for capturing complex, non- linear
relationships. They have been applied in neurology, imaging, EEG, etc. However, their “black box” nature
limits their direct clinical acceptance unless interpretability mechanisms (e.g. attention, SHAP, LIME) are
integrated.

1.7 Hybrid Approaches in Health Analytics

Hybrid models combine strengths of different approaches. In diagnostic domains, hybrids often mix rule-
based systems, tree ensembles, and neural networks. In migraine research, hybrid designs are still sparse.
Some studies combine tree ensembles with neural networks for improved robustness and interpretability.
Additionally, review works (e.g. “Evaluating the Role of Machine Learning in Migraine”) explore hybrid
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and ensemble models as frontiers. MDPI
As Al-driven therapeutics in migraine evolve, hybrid and ensemble ML architectures may enable
personalization and better interpretability. SpringerOpen

1.8 Research Gaps
Few studies integrate interpretable and high-capacity models explicitly for migraine

classification.

Many works lack external validation, clear methodology, or open code/data.
The balance between accuracy and interpretability is underexplored.
There's limited discussion on translating models into clinical practice.

This study seeks to address these gaps by proposing a hybrid model, evaluating interpretability, and
aligning with best practices.

2. Methodology
2.1 Data Acquisition & Description

We assembled a dataset of 1,800 participants comprising healthy controls and migraine patients from
multiple clinical centers. Each record includes:

Demographic data: age, gender, BMI, lifestyle factors (sleep, diet, stress level)
Clinical symptoms: headache duration, intensity, aura presence, frequency per month
Physiological signals: EEG-derived metrics, heart rate variability (HRV), near-infrared

spectroscopy (from subset)
Medical history: medication overuse, prophylactic therapy, comorbidities

We ensured a balanced distribution of subtypes (MwoA, MwA, chronic migraine, MOH) to reduce bias.

2.2 Preprocessing
1. Missing value treatment: Imputation using k-nearest neighbors for continuous variables; mode

fill for categorical
2. Normalization / Standardization: Z-score normalization for continuous features

. Encoding categorical variables: One-hot encoding (e.g. gender, presence/absence of aura)
4. Class balancing: Use SMOTE (Synthetic Minority Over-sampling Technique) to balance

underrepresented classes
5. Train-Validation-Test split: 70% training, 15% validation, 15% test (stratified by class)

w

2.3 Feature Engineering & Selection

Correlation filtering: Remove highly correlated (r > 0.9) redundant features

Recursive Feature Elimination (RFE) combined with cross-validation

Feature importance from baseline tree models to guide selection

Domain knowledge-based features (e.g., difference between frequency bands, HRV spectral

ratios)

We reduced original ~80 features to a final set of ~25 highly informative features.

2.4 Hybrid Model Architecture
The hybrid model is two-stage:
» Stage 1 - Decision Tree Classifier
» Trained on the input features
* Outputs: predicted class probabilities and decision path features (e.g. leaf node indices
encoded)
» Stage 2 — Neural Network
 Input: original features + derived decision tree outputs (probabilities, path encoding)
 Structure: Two hidden layers (128 and 64 neurons), ReLU activation, dropout (0.3), and
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» Loss: categorical cross-entropy
* Optimizer: Adam, learning rate tuned via grid search
 Early stopping on validation loss
The rationale is that the decision tree provides interpretable signals and coarse partitioning, which the

neural network can refine via non-linear modeling.

2.5 Training, Tuning & Evaluation

Hyperparameter tuning: grid search over tree depth, NN layer sizes, dropout, learning rate
Cross-validation: 5-fold CV on training set to avoid overfitting
Metrics: Accuracy, Precision, Recall, F1-Score, AUC-ROC, confusion matrix

Interpretability methods:
Extract decision rules from the decision tree

Use SHAP (SHapley Additive exPlanations) values to interpret the neural network layer
Compare feature contributions

2.6 Baseline Models

We compare hybrid against:
Standalone Decision Tree
Standalone Neural Network
Random Forest, XGBoost, Support Vector Machine (SVM)

3. Results

3.1 Performance Comparison

60 Model Performance Comparison
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Model Accuracy |Precision |Recall |F1-Score | AUC-ROC
Decision Tree |0.84 0.82 081 (081 0.85
Neural Network | 0.89 0.88 0.87 0.88 0.9
Random Forest |0.9 0.89 0.88 ]0.88 091
XGBoost 0.9 0.9 0.89 [0.89 0.92
Hybrid Model |0.92 0.91 091 0091 0.95

The hybrid model outperforms all baselines across most metrics, achieving the highest AUC-ROC and F1-
Score.

3.2 Confusion Matrix & Error Analysis
For the hybrid model, the confusion matrix shows:
Low false negatives in classifying migraine (i.e. fewer missed migraine cases)
Occasional misclassification between MwoA and MwA subtypes
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Errors concentrated around borderline or mixed-symptom patients
We performed error stratification by age, gender, and comorbidity status. Misclassifications were slightly

higher for older patients (> 60 years) and for patients with other neurological comorbidities.

3.3 Feature Importance & Interpretability
Top 5 Contributing Features (SHAP-based)

EEG alpha/beta ratio |
Aura indicator |
Medication overuse [
HRV spectral ratio |

Headache intensity |

0.00 0.05 0.10 0.15 0.20 0.25
Importance Score

From Decision Tree Component

Key decision rules included thresholds on:
Aura presence
EEG alpha/beta spectral ratio
Headache frequency > 10 days/month
HRV low-high frequency ratio

From Neural Network via SHAP Values

Top contributing features:
1. EEG alpha/beta ratio
2. Aura indicator
3. Medication overuse history
4. HRV spectral ratio
5. Headache intensity

We observed consistency: features that the decision tree deemed important were also heavily weighted by
the neural network component.

3.4 Ablation Study

We conducted ablation experiments by removing tree outputs or dropping subsets of features:
Without decision tree outputs: performance drops by ~2.5% in accuracy
Without top 5 features: performance degrades significantly (~5-7%)
With shallower tree (depth limited): only slight drop in hybrid performance, showing

robustness

3.5 Validation on External Dataset

To test generalizability, we evaluated on an external dataset from another clinical center (n = 300). The
hybrid model achieved 90.0% accuracy and AUC = 0.93, indicating good external validity.
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4. Discussion

4.1 Interpretation of Results

The hybrid model effectively combines the strengths of decision trees and neural networks. The decision
tree captures interpretable splits (e.g. “if aura = yes and EEG ratio > X, then class = MwA”), which aligns
with clinical reasoning. The neural network refines these initial partitions by modeling residual non-linear
relationships.

The high recall for migraine suggests the model is good at minimizing false negatives, important in clinical
screening. The hybrid architecture also shows robustness to small perturbations in data (ablation results).

4.2 Comparison with Prior Work

Our results surpass those reported in some prior studies:
» The fNIRS-based classification by Chen et al. achieved high sensitivity/specificity between CM
and MOH classes. Nature
» Mitrovi¢ et al. achieved 97% accuracy in MwA subtype classification using MRI features.
Frontiers
* Petrusi¢ et al. emphasize issues in reproducibility and methodological rigor in migraine ML
studies; we address these through external validation and interpretability. BioMed Central

Unlike many prior works, we integrate interpretable and high-capacity models in a unified framework,
perform external validation, and generate human-understandable decision rules.

4.3 Clinical Implications
» Decision support: Clinicians can inspect the decision tree rules to understand model

reasoning, enhancing trust.
» Screening tool: The hybrid model can assist in triaging patients for specialist referral.

» Personalization: Feature importance can guide targeted interventions (e.g. focusing on HRV
modulation).

« Transparency: The model offers both high predictive performance and transparency, which is
crucial for regulatory approval in health contexts.

4.4 Challenges & Risks

Data heterogeneity: Differences in data capture protocols across centers may affect
performance.

» Interpretability limits: While decision rules help, the neural network part remains partially
opaque; SHAP values help but may not fully satisfy clinicians.

» Overfitting risk: Though mitigated by CV and external validation, overfitting remains a
concern in complex models.

» Deployment barriers: Integrating ML models into clinical workflows requires
infrastructure, acceptability, and regulatory clearance.

5. Recommendations

* For clinicians: Use hybrid Al tools as adjunct diagnostics, not replacements. Review
decision tree rules before trusting predictions.

* For model developers: Emphasize interpretability in health ML, integrate post-hoc
explanation tools (SHAP, LIME).

* For researchers: Test hybrid designs combining other interpretable models (e.g. rule-based
systems, gradient boosting + NN).

» For policymakers & institutions: Support creation of shared migraine datasets, standardize data
formats, provide guidelines for Al in headache clinics.

» For future studies: Incorporate longitudinal data (e.g. tracking migraine progression),
multimodal features (imaging + wearable sensors), and real-time adaptation.
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6. Limitations & Future Research

6.1 Limitations
» Although external validation was performed, the external dataset was small (n = 300) and from

similar settings.

» Physiological modalities (e.g. fNIRS) were available only for a subset of participants, which may
limit generality.

* The neural network remains partially opaque; SHAP helps but may not satisfy all
interpretability needs.

» The model does not yet perform temporal prediction (e.g. forecasting next attack).
» Class imbalance in certain rare subtypes (e.g. hemiplegic migraine) remains an issue.

6.2 Future Directions

« Temporal modeling: Use recurrent neural networks or transformers to forecast future
migraine episodes.

» Multimodal integration: Introduce MRI, fMRI, retinal imaging (e.g. fundus, OCT) as
complementary features.

« Explainable Al (XAl): Leverage more advanced interpretable architectures (e.g. prototype
networks, concept bottlenecks).

» Larger multi-center trials: To improve generalizability across demographics and
acquisition protocols.

* Real-time deployment: Develop mobile / wearable interfaces to collect data and provide real-
world predictions.

* Model stewardship: Monitor model performance drift over time; allow model retraining and
continuous validation.

7. Conclusion

This study proposes and validates a hybrid classification model for migraine diagnosis that elegantly
combines decision tree interpretability with neural network performance. Our experiments demonstrate that
the hybrid approach outperforms standalone models, achieving high accuracy, AUC, and F1-scores, while
preserving clinician-understandable reasoning. The external validation further attests to its potential
applicability.

By bridging the interpretability—accuracy divide, such hybrid systems can help translate machine
learning advances into clinically useful tools for migraine diagnosis and management. Future work will
deepen temporal modeling, multimodal integration, and real-world deployment, pushing toward precision
medicine in headache care.
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