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Abstract 

Machine learning (ML) is largely used to develop automatic predictors in migraine classification but 
automatic predictors for medication overuse (MO) in migraine are still in their infancy. This research work finds 
Naïve Bayes and Naïve Bayes Updateable classifier of statistical learning are producing an efficient results 
compare with functional learning models. In Statistical learning Naïve Bayes and Naïve Bayes Updateable 
algorithms are having same as well as highest efficient outcome which is 93.50% of accuracy; In Functional 
learning, Quadratic Discriminant Analysis is having 93% of accuracy which is highest efficient outcome compare 
with other functional models. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are 
having same as well as highest efficient outcome which is 0.93 of PPV; In Functional learning, Quadratic 
Discriminant Analysis is having highest PPV which is 0.93 of PPV. In Statistical learning Naïve Bayes and Naïve 
Bayes Updateable algorithms are having same as well as highest efficient outcome which is 0.94 of TPR; In 
Functional learning, Quadratic Discriminant Analysis is having highest TPR which is 0.93 of TPR compare with 
other functional learning. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having 
same as well as highest efficient outcome which is 0.99 of AUCROC; In Functional learning, Quadratic 
Discriminant Analysis and Multi-Layer Perceptron are having highest AUCROC and same AUCROC value which 
is 0.97 of AUCROC compare with other functional learning. In Statistical learning Naïve Bayes and Naïve Bayes 
Updateable algorithms are having same as well as highest efficient outcome which is 0.97 of AUCPRC; In 
Functional learning, Quadratic Discriminant Analysis is having highest AUCPRC value which is 0.93 of 
AUCPRC Compare with other functional learning. In Statistical learning Naïve Bayes and Naïve Bayes 
Updateable algorithms are having same as well as highest efficient outcome which is 0.93 of F1-Score;. In 
Functional learning, Quadratic Discriminant Analysis is having highest F1-Score value which is 0.93 of F1-Score 
value Compare with other functional learning. In Statistical learning Naïve Bayes and Naïve Bayes Updateable 
algorithms are having same as well as highest efficient outcome which is 0.89 of k value; In Functional learning, 
Quadratic Discriminant Analysis is having highest k value which is 0.88 of k value Compare with other functional 
learning. In Statistical learning, Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as 
highest efficient outcome which is 0.90 of phi coefficient value; In Functional learning, Quadratic Discriminant 
Analysis is having highest phi coefficient value which is 0.88 of phi coefficient value Compare with other 
functional learning. This work finds that statistical learning models produce better outcome with lowest errors 
compare with functional model 
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I Introduction 

Migraine is a primary form of headache characterized by recurrent episodes of debilitating headache, sometimes 
preceded by transient neurological symptoms named aura.[1] Its pathophysiology recognizes a unique mixture of 
bio-psycho-social aspects, which may all trigger the attack in susceptible individuals, unveiling a biological 
predisposition of a dysexcitable brain to convert non-painful stimulation into headache pain. This ultimately leads 
to impressive disability, significant productivity loss, huge economic burden and healthcare resource use. Current 
validated diagnostic criteria, in fact, distinguish migraine according to the attack frequency (episodic or chronic) 
or to the presence/absence of aura [2,3,4], but do not disentangle he different endophenotypes of this highly 
heterogeneous headache disorder[4].  Thus, there is still an unmet need to develop classifications models that 
embody the newest AI technologies and can be used to predict MO in individual migraine patients for a 
personalized patient care. 
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This paper organizes, In section 2 presents related works of this research work; In Section 3 presents materials 
and methods; In Section 4 shows results and discussion and finally Section 5 conclusion of this research work. 

II Literature Survey 

Preventative migraine medications are often underutilized, leaving patients at-risk of medication overuse, 
disease progression, higher disability and increased healthcare costs [5-9]. Daily or weekly analgesic use, in fact, 
disproportionately increases the risk for chronic migraine as documented by a large prospective population survey 
[10]. When considering a specialized headache center setting, the odds for developing chronic migraine 1 year 
later in patients with episodic migraine with MO is 19.4 times higher than in those without [11]. The risk of 
chronic migraine progression is further incremented when overusing involves acute medications containing 
barbiturates, compared with acetaminophen, as hinted by the American Migraine Prevalence and Prevention 
(AMPP) study [13, 14]. MOH is the epitome of hard to treat neurological disorders due to its disappointing 
response to treatment and frequent relapse. Artificial intelligence (AI) with machine learning (ML) has shown 
great potential in building automatic predictors in the field of migraine but detectors for MO are still in their 
infancy [21]. In fact, many AI models have been applied for nearly 10 years to implement medical decision support 
systems for the diagnosis of migraine and for predicting migraine treatment outcomes [14-23]. 

III Materials and Methods 

This section focuses terms and definition of this research work. The dataset borrowed from kaggle 
repository[24]. It consists 400 records with following 24 labels. Age, Duration, Frequency, Location, Character, 
Intensity, Nausea, Vomit, Photophobia, Photophobia, Visual Sensory, Dysphasia, Dysarthria, Vertigo, 
Tinnitus, Hypocausts, iplopia, Defect Ataxia, Conscience, Paresthesia, DPF and Type. This dataset Consists there 
are 7 different types which is called classes. They are Sporadic hemiplegic migraine,Basilar-type aura,Migraine 
without aura,Typical aura with migraine,Typical aura without migraine,Familial hemiplegic migraine and other. 

This work implements that the following proposed methods by 1:9 fold cross validation in open source data mining 
tool namely Weka.3.9.5.[25] 

 Statistical Learning  
o Bayes Net 
o Naïve Bayes 
o Naïve Bayes Multinomial Updateable 
o Naïve Bayes Updateable 
o Naïve Bayes Multinomial 

 Functional Learning  
o Latent Dirichlet allocation 
o Sequential minimal optimization 
o Quadratic Discriminant Analysis 
o Multinomial Logistic Regression 
o Multilayer Perceptron 
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Figure 1: Proposed System Architecture 

 

IV Results and Discussions 

In this section focuses on the results and discussions of the research work. The below table 1 presents 
that  the performance of various accuracies, Positive Predictive Value (PPV), True Positive Rate (TPR), 
AUCROC, and AUCPRC of statistical and functional learning on borrowed dataset.  
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Table 1: Performance of Model Evaluation on Statistical Vs Functional Learning 
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Statistical 
Learning 

Bayes Net 90.75% 0.90 0.90 0.98 0.95 

Naïve Bayes 93.50% 0.93 0.94 0.99 0.97 

Naïve Bayes Multinomial 
Updateable 

85.50% 0.85 0.86 0.97 0.92 

Naïve Bayes Updateable 93.50% 0.93 0.94 0.99 0.97 

Naïve Bayes Multinomial 85.50% 0.85 0.86 0.97 0.92 

Functional 
Learning 

Latent Dirichlet Allocation 90.25% 0.90 0.90 0.96 0.92 

Sequential minimal optimization 89.00% 0.88 0.89 0.92 0.83 

Quadratic Discriminant Analysis 93.00% 0.93 0.93 0.97 0.93 

Multinomial Logistic Regression 88.75% 0.89 0.89 0.94 0.84 

Multilayer Perceptron 89.50% 0.90 0.90 0.97 0.92 

 

In Statistical Learning, Bayes Net is having 90.75% of accuracy,0.90 of PPV,0.90 of TPR,0.98 of 
AUCROC and 0.95 of AUCPRC values; Naïve Bayes is having 93.50% of accuracy,0.93 of PPV,0.94 of TPR,0.99 
of AUCROC and 0.97 of AUCPRC values; Naïve Bayes Multinomial Updateable is having 85.50% of 
accuracy,0.85 of PPV,0.86 of TPR,0.97 of AUCROC and 0.92 of AUCPRC values; Naïve Bayes Updateable is 
having 93.50% of accuracy,0.93 of PPV,0.94 of TPR,0.99 of AUCROC and 0.97 of AUCPRC values; Naïve 
Bayes Updateable is having 85.50% of accuracy,0.85 of PPV,0.90 of TPR,0.86 of AUCROC and 0.97 of 
AUCPRC values. 

In Functional Learning, Latent Dirichlet Allocation is having 90.25% of accuracy,0.90 of PPV,0.90 of TPR,0.96 
of AUCROC and 0.92 of AUCPRC values; Sequential minimal optimization is 89% of accuracy,0.88 of PPV,0.89 
of TPR,0.92 of AUCROC and 0.83 of AUCPRC values; Quadratic Discriminant Analysis is having 93% of 
accuracy,0.93 of PPV,0.93 of TPR,0.97 of AUCROC and 0.93 of AUCPRC values; Multinomial Logistic 
Regression is having 88.75% of accuracy,0.89 of PPV,0.89 of TPR,0.94 of AUCROC and 0.84 of AUCPRC 
values; Multilayer Perceptron is having 89.50% of accuracy,0.90 of PPV,0.90 of TPR,0.97 of AUCROC and 0.92 
of AUCPRC values. 
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Figure 2: Performance of Accuracy on Statistical Vs Functional Learning 

The figure 2 shows that the various accuracy performances of statistical and functional learning on borrowed 
dataset. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as 
highest efficient outcome which is 93.50% of accuracy; the Naive Bayes and Naïve Bayes Multinomial are having 
lowest as well same outcome which is 85.50% of accuracy. In Functional learning, Multinomial Logistic 
Regression is having lowest accuracy level which is 88.75%; Quadratic Discriminant Analysis is having 93% of 
accuracy which is highest efficient outcome compare with other functional models. 

 
Figure 3: Performance of PPV on Statistical Vs Functional Learning 

The figure 3 shows that the various PPV performances of statistical and functional learning on borrowed dataset. 
In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as highest 
efficient outcome which is 0.93 of PPV; the Naive Bayes and Naïve Bayes Multinomial are having lowest as well 
same outcome which is 0.85 of PPV. In Functional learning, SMO is having lowest PPV level which is 0.88 of 
PPV; Quadratic Discriminant Analysis is having highest PPV which is 0.93 of PPV. 
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Figure 4: Performance of TPR on Statistical Vs Functional Learning 

The figure 4 shows that the various TPR performances of statistical and functional learning on borrowed dataset. 
In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as highest 
efficient outcome which is 0.94 of TPR; the Naive Bayes and Naïve Bayes Multinomial are having lowest as well 
same outcome which is 0.86 of TPR. In Functional learning, SMO and Multinomial Logistic Regression is having 
lowest TPR level which is 0.89 of TPR; Quadratic Discriminant Analysis is having highest TPR which is 0.93 of 
TPR compare with other functional learning. 

 
Figure 5: Performance of AUCROC on Statistical Vs Functional Learning 

The figure 5 shows that the various AUCROC performances of statistical and functional learning on borrowed 
dataset. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as 
highest efficient outcome which is 0.99 of AUCROC; the Naive Bayes and Naïve Bayes Multinomial are having 
lowest as well same outcome which is 0.97 of AUCROC. In Functional learning, SMO is having lowest AUCROC 
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level which is 0.92 of AUCROC; Quadratic Discriminant Analysis and Multi-Layer Perceptron are having highest 
AUCROC and same AUCROC value which is 0.97 of AUCROC compare with other functional learning. 

.  

Figure 6: Performance of AUCPRC on Statistical Vs Functional Learning 

The figure 6 shows that the various AUCPRC performances of statistical and functional learning on borrowed 
dataset. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as 
highest efficient outcome which is 0.97 of AUCPRC; the Naive Bayes and Naïve Bayes Multinomial are having 
lowest as well same outcome which is 0.92 of AUCPRC. In Functional learning, SMO is having lowest AUCPRC 
level which is 0.83 of AUCPRC; Quadratic Discriminant Analysis is having highest AUCPRC value which is 
0.93 of AUCPRC Compare with other functional learning. 

Table 2: Performance of F1 Score, K, Phi Coefficient, and Time (In Sec) on Statistical Vs Functional Learning 
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Above table 2 presents that the performance of various F1 Score, Cohen’s Kappa statistic, Phi 
Coefficient, Time(In Seconds) to build a model of statistical and functional learning on borrowed dataset. In 
Statistical Learning, Bayes Net is having 0.90 of F1-Score value, 0.84 of Cohen’s kappa statistic value, 0.85 of 
phi coefficient value, and it takes 0.08 seconds to make its model; Naïve Bayes is having 0.93 of F1-Score value, 
0.89 of Cohen’s kappa statistic value, 0.90 of phi coefficient value, and it takes zero seconds to make its model;  
Naïve Bayes Multinomial Updateable is having 0.84 of F1-Score value, 0.72 of Cohen’s kappa statistic value, 
0.75 of phi coefficient value, and it takes 0.02 seconds to make its model;Naïve Bayes Updateable is having 0.93 
of F1-Score value, 0.89 of Cohen’s kappa statistic value, 0.90 of phi coefficient value, and it takes 0.02 seconds 
to make its model; Naïve Bayes Updateable is having 0.84 of F1-Score value, 0.72 of Cohen’s kappa statistic 
value, 0.75 of phi coefficient value, and it takes 0.01 seconds to make its model. 

In Functional Learning, Latent Dirichlet Allocation is having 0.90 of F1-Score value, 0.83 of Cohen’s kappa 
statistic value, 0.84 of phi coefficient value, and it takes 0.33 seconds to make its model; Sequential minimal 
optimization is having 0.88 of F1-Score value, 0.80 of Cohen’s kappa statistic value, 0.80 of phi coefficient value, 
and it takes 0.02 seconds to make its model; Quadratic Discriminant Analysis is having 0.93 of F1-Score value, 
0.88 of Cohen’s kappa statistic value, 0.88 of phi coefficient value, and it takes 0.03 seconds to make its model; 
Multinomial Logistic Regression is having 0.89 of F1-Score value, 0.80 of Cohen’s kappa statistic value, 0.83 of 
phi coefficient value, and it takes 0.91 seconds to make its model; Multilayer Perceptron is having 0.90 of F1-
Score value, 0.82 of Cohen’s kappa statistic value, 0.83of phi coefficient value, and it takes 2.48 seconds to make 
its model. 

 
Figure 7: Performance of F1-Score on Statistical Vs Functional Learning 

The figure 7 shows that the various F1-Score performances of statistical and functional learning on borrowed 
dataset. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as 
highest efficient outcome which is 0.93 of F1-Score; the Naive Bayes and Naïve Bayes Multinomial are having 
lowest as well same outcome which is 0.84 of F1-Score. In Functional learning, SMO is having lowest F1-Score 
level which is 0.88 of F1-Score; Quadratic Discriminant Analysis is having highest F1-Score value which is 0.93 
of F1-Score value Compare with other functional learning. 
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Figure 8: Performance of Kappa statistic on Statistical Vs Functional Learning 

The figure 8 shows that the various Cohen’s kappa statistic (k) performances of statistical and functional learning 
on borrowed dataset. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same 
as well as highest efficient outcome which is 0.89 of k value; the Naive Bayes and Naïve Bayes Multinomial are 
having lowest as well same outcome which is 0.72 of k value. In Functional learning, SMO is having lowest k 
level which is 0.80 of k value; Quadratic Discriminant Analysis is having highest k value which is 0.88 of k value 
Compare with other functional learning. 

 
Figure 9: Performance of Phi Coefficient on Statistical Vs Functional Learning 

The figure 9 shows that the various phi coefficient performances of statistical and functional learning on borrowed 
dataset. In Statistical learning, Naïve Bayes and Naïve Bayes Updateable algorithms are having same as well as 
highest efficient outcome which is 0.90 of phi coefficient value; the Naive Bayes and Naïve Bayes Multinomial 
are having lowest as well same outcome which is 0.75 of  phi coefficient value. In Functional learning, SMO is 
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having lowest phi coefficient value which is 0.80 of phi coefficient value; Quadratic Discriminant Analysis is 
having highest phi coefficient value which is 0.88 of phi coefficient value Compare with other functional learning. 

 
Figure 10: Performance of Time for making a model on Statistical Vs Functional Learning 

The figure 10 shows that the various phi coefficient performances of statistical and functional learning on 
borrowed dataset. In Statistical learning Naïve Bayes is taking least time consumption which is zero seconds and 
Bayes Net is taking 0.08 seconds which is maximum time consumption to build its models. In functional learning, 
Multi-Layer Perceptron is taking more time consumption which is 2.48 seconds and SMO is taking least 
consumption to make a model which is 0.02 seconds. 
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Above table 3 presents that the performance of Average Absolute Deviation, Root Average Squared 
Deviation, Relative Mean Squared Deviation and Root Relative Squared Deviation, of statistical and functional 
learning on borrowed dataset.  

In Statistical Learning, Bayes Net is having 0.04 of average absolute deviation value, 0.14 of root average 
squared deviation,21.89% of relative mean squared deviation and 49.15% of root relative squared deviation; Naïve 
Bayes is having 0.03 of average absolute deviation value, 0.12 of root average squared deviation,14.99% of 
relative mean squared deviation and 41.35% of root relative squared deviation; Naïve Bayes Multinomial 
Updateable is 0.06 of average absolute deviation value, 0.17 of root average squared deviation,34.58% of relative 
mean squared deviation and 59.89% of root relative squared deviation; Naïve Bayes Updateable is having 0.03 of 
average absolute deviation value, 0.12 of root average squared deviation,14.99% of relative mean squared 
deviation and 41.35% of root relative squared deviation; Naïve Bayes Updateable is 0.06 of average absolute 
deviation value, 0.17 of root average squared deviation,34.58% of relative mean squared deviation and 59.89% 
of root relative squared deviation; 

In Functional Learning, Latent Dirichlet Allocation is having 0.03 of average absolute deviation value, 
0.16 of root average squared deviation,19.39% of relative mean squared deviation and 54.12% of root relative 
squared deviation; Sequential minimal optimization is having 0.21 of average absolute deviation value, 0.30 of 
root average squared deviation,122.19% of relative mean squared deviation and 105.10% of root relative squared 
deviation; Quadratic Discriminant Analysis is 0.02 of average absolute deviation value, 0.14 of root average 
squared deviation,11.86% of relative mean squared deviation and 48.58% of root relative squared deviation; 
Multinomial Logistic Regression is having 0.04 of average absolute deviation value, 0.17 of root average squared 
deviation,21.91% of relative mean squared deviation and 59.03% of root relative squared deviation; Multilayer 
Perceptron is 0.04 of average absolute deviation value, 0.15 of root average squared deviation,21.21% of relative 
mean squared deviation and 51.61% of root relative squared deviation. 

 
Figure 11: Performance of AAD on Statistical Vs Functional Learning 

The figure 11 shows that the various AAD performances of statistical and functional learning on borrowed dataset.  

In Statistical learning, Naïve Bayes updateable and Naïve Bayes are showing least errors which is 0.03 of AAD. 
Naïve Bayes Multinomial Updateable and Naïve Bayes Multinomial are showing same level of errors which is 
0.06 of AAD.In Functional Learning, SMO is showing maximum level of errors which is 0.21 of AAD and QDA 
is showing least level of errors which is 0.02 of AAD. 
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Figure 12: Performance of RASD on Statistical Vs Functional Learning 

The figure 12 shows that the various RASD performances of statistical and functional learning on borrowed 
dataset. In Statistical learning, Naïve Bayes updateable and Naïve Bayes are showing least errors which is 0.17 of 
RASD. Naïve Bayes Multinomial Updateable and Naïve Bayes Multinomial are showing same level of errors 
which is 0.12 of RASD.In Functional Learning, SMO is showing maximum level of errors which is 0.30 of RASD 
and QDA is showing least level of errors which is 0.14 of RASD. 

 
Figure 13: Performance of RMSD on Statistical Vs Functional Learning 
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dataset. In Statistical learning, Naïve Bayes updateable and Naïve Bayes are showing least errors which is 34.58% 
of RMSD. Naïve Bayes Multinomial Updateable and Naïve Bayes Multinomial are showing same level of errors 
which is 14.99% of RMSD.In Functional Learning, SMO is showing maximum level of errors which is 122.19% 
of RMSD and QDA is showing least level of errors which is 11.86% of RMSD. 
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Figure 13: Performance of RRSD on Statistical Vs Functional Learning 

The figure 13 shows that the various RRSD performances of statistical and functional learning on borrowed 
dataset. In Statistical learning, Naïve Bayes updateable and Naïve Bayes are showing least errors which is 59.89% 
of RRSD. Naïve Bayes Multinomial Updateable and Naïve Bayes Multinomial are showing same level of errors 
which is 41.35% of RRSD.In Functional Learning, SMO is showing maximum level of errors which is 105.10% 
of RRSD and QDA is showing least level of errors which is 48.58% of RRSD. 

V Conclusions 

This research work conclude that In Statistical learning, Naïve Bayes and Naïve Bayes Updateable algorithms are 
having same as well as highest efficient outcome which is 93.50% of accuracy; In Functional learning, Quadratic 
Discriminant Analysis is having 93% of accuracy which is highest efficient outcome compare with other 
functional models. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same 
as well as highest efficient outcome which is 0.93 of PPV; In Functional learning, Quadratic Discriminant 
Analysis is having highest PPV which is 0.93 of PPV.In Statistical learning Naïve Bayes and Naïve Bayes 
Updateable algorithms are having same as well as highest efficient outcome which is 0.94 of TPR;In Functional 
learning, Quadratic Discriminant Analysis is having highest TPR which is 0.93 of TPR compare with other 
functional learning. In Statistical learning Naïve Bayes and Naïve Bayes Updateable algorithms are having same 
as well as highest efficient outcome which is 0.99 of AUCROC; In Functional learning, Quadratic Discriminant 
Analysis and Multi-Layer Perceptron are having highest AUCROC and same AUCROC value which is 0.97 of 
AUCROC compare with other functional learning. In Statistical learning Naïve Bayes and Naïve Bayes 
Updateable algorithms are having same as well as highest efficient outcome which is 0.97 of AUCPRC; In 
Functional learning, Quadratic Discriminant Analysis is having highest AUCPRC value which is 0.93 of 
AUCPRC Compare with other functional learning. 
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