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Abstract 

 

Statistics in many areas have a wide range of applications. Even though the idea of predictive 

uncertainty estimation in machine learning have existed for a long time, it has not implemented 

in many practice areas, including medical science. In this thesis, we use Naïve Bayes (NB), 

logistic regression (LR), Support Vector Machine (SVM), and K-Nearest Neighbor (KNN) 

proposed by Kaggle to classify stroke patients. The data contains 43400 stroke and non-stroke 

samples. We experiment with different statistical learning models to obtain a model that 

achieves the highest sensitivity in stroke classification. With estimate the uncertainty for the 

predictions made by the models, which in turn can help the physicians make better decisions. 

The Synthetic Minority Oversampling Technique (SMOTE), which is widely known for its 

sensitivity finding, which used in models. The extended model not only provides excellent  

accuracy in stroke classification and non-stroke attacks but also provides useful uncertainty 

information about forecasts. The potential use of Machine Learning (ML) in the field, including 

medical sciences, combined with possible models through the Bayesian classifier, is the most 

efficient means of ensuring ML because it provides information about uncertainty.  
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Nomenclature 

 

Symbols 

 

CF             Classification 

w               weights 

𝑥𝑖              independent variable with 𝑛 observations 

𝑦𝑖              dependent variables with 𝑛 (𝑛 = 2)observations 

x∗               new observation of independent variable 𝑥𝑖 

y∗             new observation of dependent variable 𝑦𝑖 

ŷi              estimated 𝑦𝑖 given 𝑦𝑖 

𝜃               posterior distribution parameter 

𝑓               Function 

𝜎              Sigmoid 

b              bias 

 

 

 

Abbreviations 

 

ML                  Machine Learning 

NB                  Naïve Bayes 

KNN               K-Nearest Neighbor 

SVM               Support Vector Machine 

LR                  Logistic Regression 

SMOTE         Synthetic Minority Oversampling Technique 

e.g.                 Exempel gratia 

i.e.                  Id Est 

w.r.t               with respect to 
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1 Introduction  

This chapter introduces the aim of this thesis project. Furthermore, a brief introduction about 

the stroke used in machine learning algorithms. The stroke dataset we discuss in this chapter is 

binary. 

 

1.1 Overview 

Stroke is a common disease that can lead to many serious consequences and it is the third most 

common cause of death in the world (Soltanpour, Greiner, & Boulanger, 2019). A stroke 

happens when either a clot or ruptures block an artery that carries oxygen and nutrients to the 

brain. When the stroke happens, part of the brain cannot get the oxygen and blood that needs, 

so brain cells die (Taren, o.a., 2019). It has reported that almost 17 million incidences of first-

time stroke occur worldwide every year (Stevens, E., 2017). However, predicting stroke risk 

can play a significant role in early treatment. To identify the predictors of stroke, numerous 

medical studies has performed. Predictive techniques are nowadays widely used in clinical 

decision making such as the occurrence or diagnosis of the disease, and the prognosis evaluation 

and assistance to physicians in recommending treatment for the disease or the outcome of the 

disease (Vogenberg, F. R. (2009)). The prediction is to base on demographics, lifestyle and 

clinical measurements for that patient (Saumya, 2018). According to the stroke dataset 

(Saumya, 2018), the list of stroke risk factors is involved including age, heart disease, average 

glucose level, body mass index, smoking status, and type of residence (Saumya, 2018). The 

prediction on the possibility that a patient might need medical help, this result is helpful for 

stroke prevention. This thesis investigates the applicability of the predictive technique, machine 

learning to predict stroke disease. Machine learning can used to improve the prediction accuracy 

of stroke and help doctors take proactive health measures for those patients (Jason Brownlee, 

2016). Some Machine Learning (ML) methods have shown to provide quite accurate 

predictions and have increasingly used in the diagnosis and prognosis of different diseases and 

health conditions. ML methods are data-driven analytic approaches that specialize in the 

integration of multiple risk factors into a predictive algorithm. Over the past several decades, 

ML tools have become more and more popular for medical researchers. A variety of ML 

algorithms, including K-Nearest Neighbors (KNN), Logistic Regression (LR), Naïve Bayes 

(NB), and Support Vector Machines (SVM), have been widely applied with the aim of detecting 

key features of the patient conditions and modeling the disease progression after treatment from 

complex health information and medical datasets. The application of different ML methods in 

feature selection and classification in multidimensional heterogeneous data can provide 

promising tools for inference in medical practices. These highly nonlinear approaches have 

utilized in medical research for the development of predictive models, resulting in effective and 

accurate decision-making. 

The objective of the project is to improve the accuracy and sensitivity of stroke prediction using 

the training dataset. LR, NB, SVM and KNN are the models trained and compared through the 

repetitive experiments. Variations of models evaluated and compared to find the best 
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algorithms. Before predicting the models, we fit models that make predictions and spends a lot 

of time for running and tuning algorithms to evaluate machine learning with spot-checking 

(Jason Brownlee, 2018). Spot-checking is a technique and indeed a part of the process of 

applied machine learning to quickly assessment of different models on machine learning to 

know what models to focus on and what to discard (Jason Brownlee, 2018). The stroke dataset 

suffers from a large fraction of missing data (34%) that are highly related to stroke. Missing 

data imputation conducted before training and predicting with the dataset. Moreover, another 

challenging task is that the dataset extremely skewed as only 2% of the patients have strokes, 

and predictive models are not only highly accurate but also interpretable in original dataset 

(Saumya, 2018). The target (stroke) variable is highly unbalanced. However, the aim is to build 

highly accurate predictive models that are highly interpretable by the SMOTE algorithm that 

carries out an oversampling approach to rebalance the original training set (Fernández, A. 

2017). Taken as a whole, the purpose of this study is to check the accuracy and performance of 

the models by comparing these models in original data and oversampling data by using different 

techniques of classification.  

 

1.2 Thesis Structure  

In Section 2, we focus on reviewing the literature on stroke attacks, and understanding the 

principles of different machine learning techniques to make our journey to the next stage of 

thesis projects easier. First, we start by introducing a stroke disease, then ML and four different 

models such as (LR), (BC), (SVM) and finally (KNN). In Section 3, this section describes the 

statistical methods and techniques used. In Sections 4 and 5, we present the data analysis, the 

results, and finally, in Section 6, we conclude with the analysis and discuss the limitations of 

this thesis compared to previous studies. 
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2 Background  

 

A similar dataset in the Kaggle has used in stroke diseases (kaggle,2018) by (Saumya,2018) 

and the aim of this study is to find the model that can increase the success of the prevention of 

stroke. We focus on understanding the basics of Machine Learning method to make our 

expedition easier at the later phase of the thesis project. In the beginning, we start with 

introducing stroke disease. In this section the background theory of Machine Learning related 

to this thesis will be presented, which gives focus on a basic understanding of Machine Learning 

method to make our expedition easier at the later phase of the thesis. 

 

2.1 Literature review on stroke attack 

Stroke considered as a serious disease, which becomes one of the leading global causes of death 

in developed countries (Restrepo L. 2004). Stroke means that a cerebral infarction or bleeding 

occurs in the blood vessels of the brain and the disease usually occurs suddenly which leads to 

an oxygen deficiency in the arteries in the brain (Restrepo L. 2004). Most people who get a 

stroke are over 64+, but even younger ones can get it (Biller, J. 2009). Explanations for a 

treatable risk factor for stroke, such as high blood pressure, lifestyle factors, socioeconomic and 

environmental factors, as well as different access to and quality of healthcare (Biller, J. 2009). 

Eighty-five percent of all strokes are due to cerebral infarction, while the rest  is due to cerebral 

hemorrhage (Biller, J. 2009). It is most common for a stroke to hit the largest and most active 

part of the bloodstream of the brain (Hanna, K. L, 2017). Stroke is caused by a blocked blood 

vessel or bleeding in the brain (Hanna, K. L, 2017). The signs of a stroke include a sudden severe 

headache, weakness, numbness, vision problems, confusion, trouble walking or talking, dizziness 

and slurred speech (ASA, 2018). The most common cause of stroke is that a blood clot clogs 

blood circulation in an area of the brain. It called cerebral infarction (ASA, 2018). A blood clot 

can form in a narrow blood vessel in the brain and then called thrombosis. Often, there is a 

smaller blood vessel in the brain in the deep parts of the brain that have become clogged, so-

called small vessel disease (Hanna, K. L, 2017). A blood clot can also occur in a constriction 

in a carotid artery or heart and accompany the blood flow to the brain. Such a plug is to called 

embolism (Hanna, K. L, 2017). A blood clot from the heart is usually due to a disturbance of 

the heart rhythm, so-called atrial fibrillation (Lip, G. Y, 2006). Other causes of a blood clot 

leaving heart may be, for example, a heart attack or an implanted flap in the heart. If we have 

had a myocardial infarction, the risk of the blood rising and forming new clots in the heart will 

increase and then continue to the brain (Lip, G. Y, 2006).  
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Figure 1. There are two main categories of strokes. Ischemic (top), typically caused by a blood 

clot in an artery (1a) leading to brain injury to the injured area (2a). Hemorrhagic (bottom), 

caused by blood leaking into or around the brain from a ruptured blood vessel (1b) allowing 

blood to pool in the affected area (2b) thus increasing the pressure on the brain. (Wikipedia, 

2020) 

According to the National Institute of Neurological Disorders and Stroke (NINDS, 2019). The 

following warning signs are clues that our body sends that our brain is not receiving enough 

oxygen (Gareth James, 2013). 

• Sudden numbness or weakness of the face, arm or leg, especially on one side of the 

body 

• Sudden confusion, trouble speaking or understanding  

• Sudden trouble seeing in one or both eyes 

• Sudden trouble walking, dizziness, loss of balance or coordination 

• Sudden severe headache with no known cause (Ted Lowenkopf, M.D). 

 

 

 

 
 

 
 
 

 
 

 
 
 

 
 

 
 
 

 

 



5 

 

2.2 Statistical learning 

The applicability of the predictive technique, machine learning, is to predict stroke disease. In 

fact, preventing stroke by machine learning will help doctors take proactive health measures 

for patients (Gareth James, 2013). A part of artificial intelligence (AI) is Machine Learning 

(ML), which is an integrated field of statistics, computer science and engineering that facilitates 

the extraction of data based on pattern recognition and provides systems the ability to 

automatically learn and improve from experience without being explicitly programmed  (Gareth 

James, 2013). Machine learning systems are now being implement in the clinical neurosciences 

to devise imaging based diagnostic and classification systems of neoplasms of the brain, certain 

psychiatric disorders, epilepsy, neurodegenerative disorders, and demyelinating disorders 

(Kamal, H., 2018). The aim is to use machine learning and investigate of its putative 

applications. In fact, the focus of machine learning in this study is to predict stroke and improve 

the accuracy and sensitivity of predictive models such as LR, NB, SVM and KNN in classified 

algorithms.  According to IBM (IBM 2018), Machine learning tasks are classified into several 

categories, supervised learning (classification algorithms and Logistic Regression algorithms) 

and unsupervised learning (Active learning and optimize the choice of inputs). The fundamental 

principle of machine learning is to construct the algorithms that can obtain input data and then 

predict the results or outputs by using the statistical analysis within a satisfactory interval (IBM 

2018). We compared four different prediction algorithms with ML to find the best method for 

the given dataset. Prediction model using NB built to determine whether a patient has a high 

risk of stroke. Also, we tried a variety of other methods, including LR, SVM, and KNN 

algorithms, but we have not fully described them after oversampling since they depicted poor 

accuracy and sensitivity. Using a training dataset, we achieved 0.5 for Area Under the ROC 

curve. The SMOTE algorithm also incorporated the data, which is capable of oversampling by 

rebalancing the original training set to make a better prediction (Basgall, 2018). 
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3 Theory & models  

 

This section will devote to give a more in-depth description of the models and their theories. 

First, we deal with missing values using the imputation method, followed by the process of 

applied machine learning to split the dataset afterward quickly assessment with Spot-checking 

to know what models to focus on and what to discard. Then, we employed the evaluation of the 

predictive models by cross-validation. The process of classification has executed by using the 

machine learning techniques LR, SVM, NB and KNN classifiers on the original dataset, finally 

tried to make a better prediction with SMOTE or oversampling methods. 

 

3.1 Engineering Techniques 

In this part, we perform various engineering techniques to achieve better results using 

statistical learning.  

 

3.1.1  Imputation  

 In our dataset, the variables bmi (body mass index) and smoking status contained 1462 and 

13292 missing values respectively. Prior to fitting the models, we attempted to impute these 

missing values using the chained equation. In simple term, we attempted to impute the missing 

values by modeling each feature with missing value as a function of all other features in round 

robin way (Pedregosa et al, 2011). 

In general, two approaches are commonly used in machine learning when it comes to imputing 

multivariate data. The first one is Joint Modelling (JM) where we specify a multivariate 

distribution for missing data and then draw imputation from their conditional distribution using 

Marcov Chain Monte Carlo simulation. The second method is Fully Conditional Specification 

(FCS) where imputation is done on variable-by-variable basis by using a set of conditional 

densities for each of the variable that contains missing value. We then draw imputations by 

iteration over the conditional densities (Buuren, S. V., 2010). In cases where we are unable to 

find any appropriate multivariate distribution, FCS is approach that is more suitable. FCS is 

also known as stochastic relaxation (Kennickell, 1991), variable-by-variable imputation 

(Brand, J. 1999), regression switching (Van Buuren, 1999), sequential regressions 

(Raghunathan, T. E. 2001), ordered pseudo-Gibbs sampler (Heckerman, D.,2000), MICE 

(Royston, P.,2011). In this thesis, we used FCS (MICE) to impute the missing values. 
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Notation: 

According to Buuren, (2010), let yi with (j = 1, … ,𝑝) be one of the incomplete variables 𝑝 , 

where 𝑌 = (Y1, … , Y𝑝). The observed and missing portions of Yj are denoted by 𝑌𝑗
𝑜𝑏𝑠 and 𝑌𝑗

𝑚𝑖𝑠, 

respectively, so 𝑌𝑜𝑏𝑠 =  (𝑌1
𝑜𝑏𝑠, … , 𝑌𝑝

𝑜𝑏𝑠 ) and 𝑌𝑚𝑖𝑠 =  (𝑌1
𝑚𝑖𝑠, … , 𝑌𝑝

𝑚𝑖𝑠 ) constitute the observed 

and missing data in 𝑌. The number of imputations is equal to 𝑚 ≥ 1. Then ℎth imputed data 

sets is denoted as 𝑌 (ℎ) where ℎ = 1, … , 𝑚. Let Y−j = (Y1, … , Yj−1, Yj+1, … Y𝑝 ) denoted the 

collection of the 𝑝 − 1 variables in 𝑌 except Y𝑗 . Let Q denote the quantity of scientific interest  

(e.g., a regression coefficient). In practice, 𝑄 is often a multivariate vector. More generally, 𝑄 

encompasses any model of scientific interest. Let the theoretical complete dataset  𝑌 is a partial 

random sample observed from the 𝑝-variable multivariate distribution 𝑃(𝑌|𝜃). 

We assume that the multivariate distribution of 𝑌 is completely specified by 𝜃, a vector of 

unknown parameters. The problem is how to get the multivariate distribution of 𝜃, either 

explicitly or implicitly. The MICE algorithm obtains the posterior distribution of 𝜃 by sampling 

iteratively from conditional distribution of the form  

P(Y1|Y−1, 𝜃1)  

. 

. 

. 

P(Y𝑝|Y−𝑝 , 𝜃𝑝)  

The parameters 𝜃1, … , 𝜃𝑝 are specific to the respective conditional densities and are not 

necessarily the product of a factorization of the ‘true’ joint distribution P(Y|θ). Starting from a 

simple draw from observed marginal distributions, the 𝑡th iteration of chained equations is a 

Gibbs sampler that successively draws 

 

                                         θ1
∗(𝑡)

  ~   P(𝜃1|Y1
𝑜𝑏𝑠, Y2

(𝑡−1)
, … , Y𝑝

(𝑡−1)
) 

 

Y1

∗(𝑡)
  ~   P(𝑌1|Y1

𝑜𝑏𝑠, Y2

(𝑡−1)
, … , Y𝑝

(𝑡−1) ,θ1

∗(𝑡)
) 

. 

. 

. 

 

                                         θ𝑝

∗(𝑡)
 ~   P(𝜃𝑝|Y𝑝

𝑜𝑏𝑠,Y1

(𝑡)
,… , Y𝑝−1

(𝑡)
) 

 

                                         Y𝑝

∗(𝑡)
 ~   P(𝑌𝑝|Y𝑝

𝑜𝑏𝑠, Y1

(𝑡)
,… , Y𝑝

(𝑡) ,θ𝑝

∗(𝑡)
) 
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where Y
𝑗

(𝑡)
=  (Y𝑗

𝑜𝑏𝑠, Y
𝑗

∗(𝑡)
) is the 𝑗th imputed vaeiable at iteration 𝑡. Note that previouse 

imputaions Y
𝑗

∗(𝑡−1)
 only enter Y

𝑗

∗(𝑡)
, not directly, through its relation to other variables. 

Convergence can therefore be very fast, unlike many other MCMC methods. Convergence 

monitoring is very important, but in our experince the number of iterations can ofthen be a small 

number. The name chained equations refers to the fact that the MICE algorithm can be easily 

implemented as a concatenation of univariate procedures to fill out the missing data. The mice() 

function executes 𝑚 streams in parallel, each of which generates one imputed data set (Buuren, 

S. V., 2010).  

 

 

3.1.2 Splitting datasets 

 To find the models that make the optimal result, the dataset in machine learning split into a 

training and test set. The training dataset consists of pairs of an input vector and the 

corresponding output vector, which commonly denoted as the target (Jason Brownlee, 2016). 

We trained the models on the trainset to build the predictive models. A test set is used to test 

the accuracy of the models (evaluate the models). We chose the first 80% rows, put into the 

training set, take 20% into the test, and pick rows at random. It trained on a randomly selected 

80% of the sample, and test on the remaining 20% for the testing. Because the sample is highly 

unbalanced, a random sample may contain very few samples for meaningful classification 

training. This is the best way to get reliable estimates of the model's performance. During the 

research period the training dataset categorized into two-class, with stroke is 783 samples and 

42617 samples without stroke. In total, we had 43400 samples. We trained the models with 

34720 (80%), and the remaining 8680 (20%) for the testing phase. Taking the rate as 80% of 

data for the training set was not prone to lose too much information. 

 

3.1.3 Spot-checking models  

Part of the practical machine learning process for quickly evaluating different models is the 

Spot-checking technique to know which models to focus on and what to put aside. There are 

three key benefits of these algorithms on machine learning: Speed, Objective, Results. In these 

algorithms, we can spend a lot of time to analysis and running models that may not ever lead to 

a result. Furthermore, Spot-checking led us to pick our favorite models (or algorithms) and 

discover which models might work well for predict. Spot-checking algorithms will fit models, 

make predictions if our problem can be predicted and what baseline skill may look like (Chawla, 

N. V., 2002).  We cannot know in advance what algorithms will perform well for the predicted 

modeling problem. This is the hard part of machine learning that can only be solved by 

systematic testing. Spot checking is an approach to this problem.This involves rapidily testing 

a wide array of different machine learning algorithms on a problem so we can quickly discover 

what algorithms may work and where to focus attention. 
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3.1.4 Cross-validation 

In this thesis, our models are binary classifiers (with stroke/without stroke) which about 2% 

percent have stroke and 98% without stroke. Since nearly all the samples are of the no-stroke 

label, therefore the predictive of models is non-meaningful. This is overfitting. To prevent 

overfitting, there needs to be equal distribution of training samples for each classification (Jason 

Brownlee, 2016). However, this approach may lead to variance problem with refer to the 

accuracy which is different from one test to another test set in the same algorithm. Therefore, 

to solve this problem we used cross-validation [Jason Brownlee, 2016]. 

A cross validation method will be performed to make sure the results do not appear due to 

randomness or pure luck. To do this, the data is divided into five parts (k), that is, 20% of the 
data falls into each segment. For example, in the first  k1 implementation the test data and the 

rest are treated as training, in the second k2 testing and training the rest, etc. - Figure 2 

summarizes the following process. 

Test fold       Training Fold 

1st      

 

2nd      

 

3rd      

 

4th      

 

5th      

 

                                                Figure 2. The process of 5-fold cross-validation.  

The dataset is divided into five parts, that one of them is taken as test data (20%) and the rest 

(four parts) are treated as training data for train. 

After the cross-validation is completed, the calculated average of their accuracy will generally 

be approximate. Doing so will hopefully eliminate or at least reduce the risk of unreliable 

results. This is done for all methods, to obtain the best selection (𝑘) of KNN, it is necessary to 

evaluate the model. The evaluation model used to estimate the test error is named k-fold cross 

validation [James et al. 2017]. This method randomly divides the data into 5 different or equal 

groups. The first fold is used as a test set and other k-1 folds are used as a training set. The 

mean square error (MSE) is calculated by considering the mean MSEs. 

                                                       (𝐶𝑉)𝑚 = 
1

𝑚
∑ 𝑀𝑆𝐸𝑚

𝑖=1                                                        (1) 

  

 

 

𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒1 

𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒2 

 
𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒3 

 
𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒4 

 
𝑝𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒5 
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∑ performance

5
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3.2 Logistic Regression 

One of the most popular machine learning algorithms for class probabilities is logistic 

regression that we can consider as a sigmoid function, it takes any real inputs value. Namely, 

outputs function takes only the values between 0 and 1. Recently, this approach has become 

one of the most widely used algorithms in machine learning studies used for classification 

purposes. It has shown many advantages such as high accuracy and power in practical 

applications. To build a predictive model, it is important to have exploited the capabilities of 

logistic regression. As the general logistic regression, function can be explained as follows:  

                                                         𝑝i =   
𝑒𝛽0+𝛽1𝑥1,…,𝛽n𝑥n

1+𝑒𝛽0+𝛽1𝑥1,…,𝛽n𝑥n
                                                     (2) 

Using the set of independent variables 𝑥i =  (𝑥1,… , 𝑥n)  for the 𝑖 − 𝑡ℎ observation. LR 

modeling the probability of the event 𝑦i = 1. Since 𝑝i  is interpreted as the probability of the 

dependent variable 𝑦i being (0 and 1), it is necessary  𝑝i to avoid situations where the predicted 

values of 𝑝i are not reliable.  

 

Figure 3. The standard sigmoid function σ (𝑓) , note that σ (𝑓) ∈ {0,1} for all 𝑓 (Enkel 

logistisk regression. (2019)). 

While 𝑓  is a function of the linear combination of independent variables, we can then represent  

𝑓 as follows: = 𝛽0 + 𝛽1𝑥1,… , 𝛽n𝑥n . Overall logistics function can now be written as: 

                                                             𝑝i =  σ (𝑓)  = 
1

1+𝑒−𝑓                                                           (3) 

Where 𝛽0  denotes to expected mean value of  𝑝i when 𝑥n = 0; 𝑛 describes the number of the 

independent variables; 𝛽1, … , 𝛽n represents the coefficients of each independent variables (𝑥n). 

According to Enkel logistisk regression (2019), logit function as the inverse 𝑔 = 𝜎 −1 of 

standard logistic function.  

                  𝑔(𝑝i) = 𝜎 −1(𝑝i) = 𝑙𝑜𝑔𝑖𝑡(𝑝i) = ln (
𝑝i

1−𝑝i
) =  𝛽0 + 𝛽1𝑥1, … , 𝛽n𝑥n                       (4) 

σ (𝑓) 
1

1+𝑒−𝑓 

https://en.wikipedia.org/wiki/File:Logistic-curve.svg
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equally, after disclosing both sides, we have the odds: 

                                                         (
𝑝i

1−𝑝i
) = 𝑒𝛽0+𝛽1 𝑥1,…,𝛽n 𝑥n                                                  (5) 

           

                                                                                                                                                .                                                                                                                                                                                                    

                                                                                                                                                  .                      

3.3 Naïve Bayes 

Naïve Bayes classifier is a supervised learning algorithm used to classify data. In this 

subsection, we have a brief of the Bayes theorem by the implementation of the NB Classifier 

approach, which describes the relationship between probabilities c, x, and their corresponding 

conditional probabilities. The reason for the so-called simplicity is that it inherently assumes 

that all attribute variables are independent of each other, which is very rare in reality (H. He, 

2009). 

Bayes´ theorem: 

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

𝑃 (𝑋)
                            .                        (6) 

 

where C, X are events such that the 0 ≤ 𝑃(𝐶) ≤ 1 and0 ≤ 𝑃(𝑋) ≤ 1. For a model with data y 

and parameter θ, the Bayes theorem applies to the posterior θ given y. Since the data y can be 

constant, the Bayes theorem can be written as follows:                                                                                               

                                     P (θ | y) = 
f(y | θ)f(θ)

∫ f(y | θ)f(θ)dθ
 ∝ f(y | θ) f (θ)                                           (7) 

 

The posterior distribution for the parameter θ, given data y, can be given as a product of the 

likelihood function for y, θ being multiplied by the prior distribution for θ. Then by adding the 

prior distribution to the Bayesian approach one can improve the accuracy or estimation, but it 

should be noted that it is not guaranteed (Sjöqvist 2017). 

 

3.3.1 Implementation of Naïve Bayes’ Classifier 

The special name of Naive Bayes’ classification comes from the fact that the method assumes 

that the attributes, given their category value, should be independent of each other, which can 

be a rather restrictive assumption but saves considerable computation time and power. Now 

recall Bayes’ theorem, but instead of parameter θ and data y, it is instead classified by n attribute 

values x = (𝑥1, 𝑥2 , ..., 𝑥𝑛) where 𝑥𝑖 is the value of attribute 𝑋 for example (or observation). CF 

will be the classification (or category) variable with the value cf - for the sake of simplicity, NB 

first explained with CF as a binary variable with values (0, 1) instead of multi-categorical. 
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However, we have the probability of an observation in a particular class: 

 

                                                          𝑝(𝑐𝑓|𝑥) =
𝑝(𝑥|𝑐𝑓)𝑝(𝑐𝑓)

𝑝(𝑥)
                                                              (8) 

where x is classified as CF= 0, 1 if the Bayesian function 

                                                𝑓𝐵 (𝑥) =
𝑝(𝐶𝐹=1|𝑥)

𝑝(𝐶𝐹=0|𝑥)
≥ 1                                                              (9) 

If all attributes are independent of each other with respect to the CF class, we can write: 

                         𝑝(𝑥|𝑐𝑓) = 𝑝(𝑥1, 𝑥2 , ..., 𝑥𝑛|𝑐𝑓) = ∏ 𝑝(𝑥𝑖|𝑐𝑓)
𝑛

𝑖=1
                                  (10) 

This will then give the NB  

                                                𝑓𝑁𝐵 (𝑥) =
𝑝(𝐶𝐹=1)

𝑝(𝐶𝐹=0)
∏

𝑝(𝑥𝑖 |𝐶𝐹=1)

𝑝(𝑥𝑖 |𝐶𝐹=0)

𝑛

𝑖=1

                                      (11) 

if CF is a category variable consisting of two classes (Zhang 2004). 

The likelihood p (x| CF) usually modeled by using the same probability distribution class, i.e. 

binomial or Gaussian. Likelihood distribution selected in this thesis is the Gaussian distribution 

with the class proportions of training sets as prior probability. 

 

3.4 Support Vector Machine 

Support Vector Machine (SVM) is a machine learning approach that attempts to generalize and 

predict the data collected. For SVM, we first divide the data into training and testing (or 
prediction) sets. For classification, the training data has a set of input vectors (𝑥𝑖) with different 

attributes or properties where each input vector (or observation) is followed by a label 

associated with  𝑦𝑖 (i =1, …, m). For simplicity, consider 𝑦𝑖 a binary variable with values of  𝑦𝑖 

= +1 or 𝑦𝑖 = -1. 

Following the discussion in (Campbell & Ying 2011), the purpose of SVM is to find a 

directional hyperplane in order to divide 𝑦𝑖= +1 and 𝑦𝑖 = −1 graphically into a single line. 

Hyperplane (H), which is the maximum distance between the two input classes, is subsequently 

referred to as directed hyperplanes - the points close to the separating hyperplanes are most 

effective and are known as support vectors. By marking w · x + b = 0 as the separator 

hyperplane, where (·) the product is internal or scalable, b the bias or bias of the origin in the 

input space to the hyperplane, the points in the hyperplane are designated as x. The weight (w), 

which is normal to the hyperplane, determines its orientation. 

 

The binary classification of SVM is popular in statistical theory because of its ability to 

withstand the upper bound of the generalization error, that is, the error that exists when applying 

the theoretical model to the new and the unknown. Two important features of such an error are:  
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• We can minimize the bound by maximizing the margin (m), - the minimal distance 

between the hyperplane that separates the two classes and the data points that are close 

to the hyperplane. 

• The bound-on feature 1 does not depend on the dimensions of the space. 

The previous function with binary values of 𝑦𝑖 = ±1, will now be written as follows:  

                                                     𝑓(𝑥) = 𝑠𝑖𝑔𝑛(w ·  x +  b)                                                (12) 

Where 𝑠𝑖𝑔𝑛 ≠ 0. Since   ·  begin scaler and then we have:  w ·  x = wTx . 

This allows the data to be classified correctly 

                                                    𝑦𝑖(w ·  x +  b) > 0,   ∀𝑖                                                       (13) 

When 𝑦𝑖 = +1, then (w ·  x +  b) is positive and it is negative, when  𝑦𝑖 = −1 . 

 

 

Figure 4. The basic function of the SVM binary classification scheme, m is the minimum 

distance between positive and negative hyperplanes, H is the classification hyperplane, w is the 

normal vector to the hyperplane (Leal & Sanchez 2015). 

By focusing on feature 1, set the scale (w, b) for the nearest points on both different sides by 

designating (w · x+b = +1) and (w · x+b = -1). When they pass through (w · x+b = +1) and (w 

· x+b = -1), they are called ordinary hyperplanes (OH) - we define the margin band as the area 

between those ordinary hyperplanes. Now by introducing 𝑥1 and 𝑥2  as two points inside OH. 

If we have this:  

                                              w · 𝑥1 + 𝑏 = +1 ↔ 𝑏 = (1 − w · 𝑥1)                                       (14) 



14 

 

and  

                                             w · 𝑥2 + 𝑏 = −1 ↔ 𝑏 = −(1 + w · 𝑥2)                                   (15) 

 

it can be deducted that  

                𝑏 = 𝑏 ↔ (1 − w · 𝑥1) = −(1 + w · 𝑥2) ↔ 2 = w · 𝑥1 − w · 𝑥2                         (16) 

We have: w · (𝑥1 − 𝑥2) = 2 

 

The square root of wTw  is ||𝑤||2, where the normal vector for hyperplane (w · x+b = 0) as 
‖𝑤‖

‖𝑤‖ 2
 . Prediction of 𝑥1- 𝑥2 to the normal vector 

‖𝑤‖

‖𝑤‖2
  yields that (𝑥1- 𝑥2) · 

‖𝑤‖

‖𝑤‖ 2
 = 

2

‖𝑤‖2
. Margin 

is defined by m = 
1

‖𝑤‖2
, which is half the distance between the two OH's. By maximizing the 

margin, it will be minimizing:  

                                                              
1

2
‖𝑤‖2

2                                                                         (17) 

With the constraint:  

                                                    𝑦𝑖(w ·  x +  b) > 1,   ∀𝑖                                                       (18) 

 

The above equation is a finite optimization problem, which it can be solve by the Lagrange 

function where m constraints are multiplied by their Lagrange multiplier, which provides the 

main function: 

                                𝐿(𝑤, 𝑏) =
1

2
(w ·  𝑤) − ∑ αi(yi(w.xi + 𝑏) − 1)

m

i=1
                               (19) 

 

Where αi ≥ 0. 

Using derivatives of b and w while setting them equal to zero: 

  

                                                   
𝜕𝐿

𝜕𝑤
= 𝑤 − ∑ αi

m
i=1 yixi = 0                                                    (20) 

and 

 

                                                  
𝜕𝐿

𝜕𝑏
= − ∑ αi

m
i=1 yi = 0                                                           (21) 

 

From equation (10) with Substituting 𝑤 into L (W, b) gives the dual formula (Wolfe 1961): 
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                                     wd(𝛼) = ∑ αi −m
i=1

1

2
∑ αiαjyiyj(xi · xj)

m

i,j=1

                                   (22) 

With respect to αi  , this should be to maximum with the restriction: 

                                                   ∑ αi
m
i=1 yi = 0 ,    αi  ≥ 0                                                      (23) 

So far, we covered the feature 1. Feature 2 offers the following; 

By referring to equation (22), it is possible to shown how  xi  can only appear inner product. 

Use the so-called feature space - a space of various dimensions by mapping the data points used 

to provide alternative representations of the data. By replacing: 

                                                     xi · xj → 𝛷(xi) · 𝛷(xj)                                                       (24) 

 

In the formula (24), 𝛷(·) is defined as a mapping function. As shown in Figure 4, if the data in 

the input space is not linearly separate, the function of the mapping function to separate classes 

are counteracted by adding an extra dimension to the hyperplane (for example, Go from a 2D 

plane to a 3D plane.) If a margin is definable, feature 2 claims that there will be no generalized  

loss of performance when mapping to a feature space where data is separable. 

It does not matter if we know the functional form of the mapping 𝛷(xi) because it is implicit ly 

defined by the choice of kernel: K (xi,xj) = 𝛷(xi) · 𝛷(xj). Of course, there are constraints that 

must be continually define in the feature space - which limits the feature space to a product 

interior (commonly referred to as the Hilbert space). With the mapping function, we can now 

control separately and nonlinearly. 

The linear kernel can be use: K (xi,xj) = xi,xj which has no map for the space property. If we 

try to solve the optimization problem in equations 22 and 23, this data will have no 0-training 

error. 

These data may not necessarily be linear separated in its input space, but when used in the 

higher-dimensional space they separated using a Gaussian kernel - or also known as the 

Gaussian Radial Base function (RBF) kernel:  

 

                                                           K (xi,xj) = 𝑒−(xi−xj)
2

/ 2𝜎²                                           (25) 
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Figure 5: Split image of two classes using SVM. Complete linear (A) and non-linear (B) 

separation of two classes (green and orange) with one hyperplane (black) and maximum margin 

(blue and dotted gray lines). Support vectors defined by hyperplane are red. No incorrect 

misclassifications or margin breach included (Perseus documentation 2015). 

Where 𝜎² is the Gaussian kernel parameter to be determined, usually using training data and 

specifying it as the optimal value. The Gaussian kernel is not the only option, there are several 

other possible kernel substitutions that to be used- but the focus in this thesis will be on the 

Gaussian kernel. 

Therefore, deciding on the kernel selects the learning task for binary classification to maximize:  

  

                                     wd(𝛼) = ∑ αi −m
i=1

1

2
∑ αiαjyiyj(xi · xj)

m

i,j=1

                                   (26) 

 

With   ∑ αi
m
i=1 yi = 0 ,    αi  ≥ 0 .                                                      

We have a data point with yi = +1 to identify the bias b, so it could be noted that: 

             𝑚𝑖𝑛[𝑖|yi=+1][w · xi + 𝑏] = 𝑚𝑖𝑛[𝑖|yi=+1] [∑ αjyj𝐾(xi , xj)
m

j=1

] + 𝑏 = 1                   (27) 

 

 

Remember another class yi= -1, by applying the same logic and rewrite its efficiency will result  

the bias as:  

  𝑏 = −
1

2
[𝑚𝑎𝑥[𝑖|yi = −1] (∑ αj yj𝐾(xi , xj)

m

j=1

) + 𝑚𝑖𝑛[𝑖 |yi =+1](∑ αjyj 𝐾(xi , xj)
m

j=1

)]     (28) 

 

Maximize w (α) with put the data (xi , yi) in equation 26 and considering its previous constraints. 

Now mark  αi
∗ as the optimal value of αi, the bias can calculate by equation 28. The predicted 

class for an input vector (z) can now be written as follows: 

                                            ∅(𝑧) = ∑  αi
∗yi𝐾(xi , z)m

i=1 + b∗                                                 (29) 
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Where b the bias is the optimal value. Implementation it should support specific points close to 
the hyperplanes with  αi

∗ > 0 as support vectors all other points will have  αi
∗ = 0 and have 

independent decision-making functions from those samples. 

 

3.5 K-Nearest Neighbor 

K Nearest Neighbor (KNN) is a simple, understandable, and adaptable machine learning 

algorithm. KNN used in a variety of applications such as political science, medical science, and 

video recognition. KNN algorithm used for both regression and classification problems. KNN 

is a lazy and non-parametric learning algorithm. Non-parametric means that there is no 

assumption for the distribution of underlying data. In other words, the model structure is 

determined from the dataset. This would be very useful if most real-world data do not follow 

mathematical theoretical assumptions. The lazy algorithm means that it does not need training 

data points to generate the model. All training data used during the test phase. This makes 

training faster and the testing phase slower and more expensive. The cost-testing phase means 

time and memory. In the worst case, KNN requires more time to scan all data points. 

According to Vinash Navlani (2018), in KNN, K is the number of the nearest neighbors. The 

number of neighbors is the major factor in the decision. If the number of classes is 2, K is an 

odd number. In this case with binary classification when K=1, then this algorithm is presented 

as the nearest neighbor algorithm. This is the simplest case suppose we intend to find out the 

class of the P1 (yellow square) is the point where the label needs to predict. First, we find the 

one point closest to P1 and then the label nearest point assigned to P1. P1 can either be Class A 

or Class B and nothing else. 

 

                            Figure 6.  KNN classification (Vinash Navlani, 2018). 
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We first find the nearest point K to P1, and then we classify the points with the majority of K 

neighbors' votes. Each object votes for our class, and the class gets the most  votes as a 

prediction. To find the nearest similar points, find the distance between points by using distance 

measure such as Euclidean distance. If K=1, we will now make a circle with P1 as center just 

as big as to enclose only one data point on the plane. Therefore, it is safe to say that P1 must 

belong to the Class A. The choice become obvious as one votes went to the nearest neighbor to 

the Class A. The choice of parameter K in this algorithm is very important. KNN has the 

following basic steps: 1. Calculate the distance. 2. Find your nearest neighbors. 3. Vote for 

labels (Tan, S., 2005). 

KNN performs better with fewer number than many other numbers. We can tell when the 

number of features is more than it needs more data. Increasing the dimensions also leads to 

over-fitting. In order to avoid over-fitting, the data needed to grow exponentially as the number 

of dimensions increases. This problem of higher dimensions is known as the curse of 

dimensions. To tackle the curse of dimensionality, we need to do basic component analysis 

before using any machine algorithm or use feature selection. The number of neighbors (K) in 

KNN is an oversized parameter that you must select when constructing the model. You can 

think of K as a control variable for the prediction model. 

Research has shown that no optimal number of neighbors fits the types of datasets. Each dataset 

has its own requirements. For a small number of neighbors, noise will have a greater impact, 

and many neighbors will be computationally expensive. Research has also shown that few 

neighbors have the most appropriate flexibility with low bias but high variance, and many 

neighbors have softer decision boundaries, which means lower variance but higher bias.  

Usually, if the number of classes is the same, data scientists choose a strange number. We can 

also check their performance by generating models on different k values.  

Finding the k-nearest neighbors and getting the neighborhood average can use the KNN method 

to predict quantitative variables. The distance measure used to find the nearest neighbors, 

representing Lk , is the Euclidean distance written on the form √∑ (𝑞𝑖 − 𝑝𝑖)2𝑛
𝑖=1 , in which 𝑞𝑖 

and 𝑝𝑖 are variables of the training and test data. The number of K neighbors is determined in 

the process to find the best-fit model for test and training data. The formula is unweighted for 

the KNN: 

                                                          𝑚(𝑥𝑘) =
1

𝐾
∑ 𝑦𝑘Ɩ∈𝐿𝑘

                                                     (30) 

However, this method is designed for the same distribution𝑦𝑘
′𝑠. The adjustment weights 𝑤𝑘 =

1 are set no problem is allow to the distance if 𝑤𝑘 = 
1

∑ (𝑞𝑖𝑘−𝑝𝑖𝑘 )2𝑛
𝑖=1

  is the representation with 

lower-distance observations have a larger predictive effect than larger distance. The KNN 

method formula is:                                             

                                                      𝑚(𝑥𝑘) =
∑ 𝑦𝑘 ∗𝑤𝑘 /𝜋𝑘Ɩ∈𝐿𝑘

∑ 𝑤𝑘 /𝜋𝑘Ɩ∈𝐿𝑘

                                                       (31) 

 

Baffetta et al. (2009) denoted, applied the standard KNN method to the difference estimator. 
To obtain the best selection (𝑘) of KNN, it is necessary to evaluate the model. The evaluation 

model used to estimate the test error is named k-fold cross validation (James, G, 2014). 
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3.6 Performance Metrics 

The Area Under Curve (AUC), which is also known the Receiver Operating Characteristic 

Curve (ROC), is used to evaluate the achievement of predictive model for this study. The ROC 

curve is a basic tool used to evaluate diagnostic tests. 

The AUC-ROC curve is a performance measure for the classification problem in different 

threshold settings. The ROC is a probability curve and the AUC represent the degree or measure 

of separation. This tells how much the model can distinguish between classes. AUC is higher, 

the model is better at predicting 0s as 0s and 1s as 1s. In comparison, the higher the AUC, the 

better this model is in diagnosing patients with stroke and without stroke. The choice of best 

parameters will be based on the best AUC (Hastie, 2009).  

A great model has an AUC near to 1 which means it has a good measure of resolution. A weak 

model has an AUC close to 0, which means it has the worst measure of separation. And when 

AUC is 0.5, it means that the model has no class separation capacity. 

ROC curves summarize the tradeoff between the true positive (TP) rate and the false positive 

(FP) rate for a predictive model using different probability thresholds. Precision Curves - Recall 

that there is a trade-off between the actual positive rate and the positive predictive value for the 

predictor model using different probability thresholds. ROC curves are appropriate when 

observations are balanced between each class, while recall accuracy curves are appropriate for 

non-equilibrium data sets. 

ROC is associated with classification tasks, and in particular binary classification. That means 

our target variable is "1" or "0". When you run a classifier on some test data, you can run it in 

two output modes: (A) get the "without stroke" or "with stroke" directly in front of the test 

sample, or (B) probability (in this case, P (stroke = 1)).  

3.6.1 Confusion Matrix 

Information about predicted and actual classification done by a Confusion Matrix. A confusion 

matrix is a summary of the prediction results for a classification problem. The number of true 

and false predictions is summarized by the count values and  broken down by each class (James 

et al.,2013). The confusion matrix shows the ways that our classification model is mistaken 

(confused) when making predictions. This gives us insight not only about the errors made by a 

classification, but more importantly all kinds of errors. 

A confusion matrix of size n x n associated with a classifier shows the predicted and actual 

classification, where n is the number of different classes. Table 1 shows a confusion matrix for 

n = 2 (Visa, S.,2011), 
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                                                                        0                                  1 

 Has not to 

stroke 
Has stroke 

Has not to 

Stroke 
TN FP 

Has stroke FN TP 

Table 1. Confusion matrix for binary classification problem. 

TN= True negatives, FN= False negatives 

TP= True positives, FP= False positives 

TP: (Actual patients have stroke and model is predicting as patient with stroke) 

TN: (Actual patients without stroke and model is predicting as patient without stroke) 

FN: (Actual patient with stroke and model is predicting as patient without stroke), (Error type 

II) 

FP: (Actual patient have not stroke and model predicting as patient have stroke), (Error type I) 

Note: In error type II, the goal is to minimize error, on the other hand error type I have less 

consequences. However, a perfect model should have none of these errors. The following is a 

description of the evaluation measures applied in the current study: 

We want to calculate the sensitivity to find the percentage of patients have a stroke. 

Sensitivity =  
number of True Positives 

number  of True Positives +number of Fals Negatives
 

 

Specificity tells us what percentage of people without stroke can be correctly identified. 

Sensitivity =  
number of True Negatives 

number  of True Negatives +number of Fals Positives
 

If correctly identifying positives is important for us, then we should choose a model with higher 

Sensitivity. However, if correctly identifying negatives is more important, then we should 

choose specificity as the measurement metric. 

Accuracy used as a statistical measure of identifies a binary classification correctly. 

Accuracy =  
 True Positives + True Negative 

True Positives+True Negative +Fals Positives +Fals Negatives
 

Precision - Also called positive predictive value. The ratio of true positive predictions to total 

predicted positives. 

Precision =  
number of True Positives 

number of True Positives +number of Fals Positives
 

Predict 

Actual 

0 

1 
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Calculate of the Error rate is the total number of two incorrect predictions (FN and FP) divided 

by the total number of the Positives and Negatives. 

ERR =  
Fals Positives+False  Negatives

 True Positives +True Negatives+False Negatives+Fals Positives
 

 

3.7   Oversampling 

The performance of machine learning algorithms is typically evaluated using predictive 

accuracy. However, this is not appropriate when the imbalances of data or costs of different 

errors are significantly different. The classification of stroke datasets contains 98% without 

stroke and 2% with stroke. A simple default strategy for guessing the majority class shows 98% 

predictive accuracy. However, the nature of the program to achieve this goal requires a 

relatively high degree of correct understanding in the minority class. We propose oversampling 

method in which the minority class is oversampled by creating synthetic samples rather than 

oversampling by substitution. This approach is inspired by a technique that has been successful 

in identifying handwritten characters (Ha & bunk, 1997). They created additional training data 

by doing some operations on real data. In their case, operations such as rotation and rotation 

were natural ways to perturb training data. One of the popular methods to oversample minority 

classes is the Synthetic Minority Oversampling Technique (SMOTE) sampling method. The 

application of SMOTE is creating artificial sampling but not repetitive from minority class. 

Hence, the minority class is equal to the majority class. SMOTE does this by selecting similar 

records and changing them that records one column at a time with a random value in contrast 

to neighboring records. This implementation of SMOTE does not change the majority of cases. 

In this thesis, SMOTE considers the training dataset as input, but only increases the percentage 

of minority cases {without Stroke (0): 34094, with stroke (1): 34094}. 

 

 

                                                                                                                     .                  Y= 1(stroke)    

                                    Copies of the 

                               minority class                                                                           .                  Y= 0 (no stroke) 

 

                   Original training data                      New training data 

 

                           Figure 7. Oversampling graph (Judy T Raj, 2019). 
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4 Experimental Setup  

 

This section provides a summary and preliminary analysis of the data, the source of data along 

with the program used to run the algorithms.  

4.1 Software   

All experiments are accomplished by Python3.5 language. The Integrated Development 
Environment (IDE) we utilized for programming was Jupyter Notebook (Anaconda3), which 

made the coding easy. We used a Linux-server virtual desktop with 16 CPU and 32 GB RAM 
on computer, to access the server it needs to install Thinlinc Client. To upload these files to the 

server, first we download Filezilla Client version (3.47.1) with help of IT-department in Orebro 
University.  

4.2 Data  

In this study, the healthcare stroke dataset that provided by Hackathon on Analytics Vidhya for 
Mckinsey. The healthcare stroke dataset is a public dataset existing in the Kaggle by Saumya 
Agarwal in April 2018 (Kaggle, 2018). Kaggle, a subsidiary of Google LLC, is an online 
community of data scientists and machine learning experts. Mckinsey Online Hackathon on 

Healthcare, one such investment is a center of data science. The healthcare dataset based on 
train_2v.csv and test_2v.csv, we used the train_2v.csv data regarding stroke patients with stroke 

and without stroke. The data contains 43400 instances, with approximately 34% missing values. 
Apart from the prediction variable (stroke), which have two categories of different types, the 
data is followed by 12 attributes. The dataset is based on demographic and lifestyle factors 

including details such as age and gender, along with hypertension, body mass index parameters 
and several variables that are related to lifestyle (type of occupation, heart disease and smoking 

status). The information of the data is presented in Table 2. 

Variable Definition 

id Patient ID Number 

gender Gender of Patient; Female=1, Male=0. (Binary/Dummy) 

age Age of Patient 

hypertension 0 - no heart disease, 1 - suffering from hypertension. (Binary/Dummy) 

heart_disease 0 - no heart disease, 1 - suffering from heart disease. (Binary/Dummy) 

ever_married Yes/No; Yes=1, No= 0. (Binary/Dummy) 

work_type Type of occupation; Private, Self-employed, children, Government job and never 
work. (category) 

Residence_type Area type of residence (Urban/Rural); Rural = 1, Urban = 0. (Binary/Dummy) 

avg_glucose_level Average Glucose level (measured after meal) 

bmi Body mass index  

Smoking_status Patient’s smoking status; formerly smoked, never smoked, smokes. (category) 

stroke 0 – no stroke, 1 – suffered stroke. (Binary/Dummy) 

 

Table 2. Dataset description. 
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In this dataset, the training dataset are more specific: age, hypertension, heart_disease, 

ever_married, work_type, residence_type, avg_glucose_level, bmi and smoking status values 

that are the values of independent variables and the dependent variable that is our target variable 

which it classified based on these two classes (1: with stroke, 0: without stroke). We used a 

predictive model to classify patients who had strokes, to develop a Machine Learning model in 

LR, NB, SVM and KNN models for training our models through repetitive experiments. 

However, before building our models, first we must take care of the categorical data such as 

(work_type and smoking_status) by converting them into dummy variable. For example, in 

variable work_type, include type of occupation; (Private, Self-employed, children, Government 

job and never work) that takes label of 1 for Private and the rest of them takes 0 and so on.  

 

 

 

4.3 Preliminary analysis 

In this part, we make some preliminary plots and table, to specify which variables are the most 
important in determining whether a given person has had a stroke or has not stroke. For 
example, the strongest predictor of stroke seems to be age. Looking at the overall mutual 

Information graph, age seems to be the only variable that is strongly correlated with stroke. 
While bmi and average glucose levels do appear to predict stroke with more than 0.5% 
association. 

 

 

 

 

 

 

 

 

 

 

Figure 8. Description of the strongest predictor of stroke dataset. 

 



24 

 

Although stroke rates are significantly higher in age variable than in another variable, the 
number of strokes survives because they are over 64 years of age. It is clearly related to the 
aging process, with the majority in patients 64 and older. In fact, more than 6% occur in people 

over 64 and 0.05 in people under 35 years of age. 

Age Group Without Stroke With Stroke Percentage of Stroke 

-35 16397 8 0.0488 

35-44 5753 27 0.4671 

45-54 6749 82 1.2004 

55-64 6087 138 2.2168 

64+ 7631 528 6.4713 

Table 3. Percentage of strokes occurring in various age groups. The results can be clearly seen 
in the following graph:  

 

 

 

 

 

 

 

 

 

 

 

Figure 9. Occurrence of stroke in different age group. 
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Now we can also see the number of positive and negative cases in the distribution of dataset for 
stroke / no stroke or (1 / 0). In the both cases, we are dealing with unbalanced dataset, going 
forward; it is likely that the ML algorithm will predict no stroke for all data. 

 

 

 

 

 

 

 

 

 

Figure 10. Count of total dataset with stroke analysis. The target variable (stroke) is highly 
imbalanced, which approximately 2% (783) have a stroke while 98% (42617) without stroke. 

Finally, we want to see a type of plot or mathematical diagram to display the degree of 

correlation between two variables. Scatter plots are one of the most interesting and useful forms 
of data that shows how much one variable is affected by another or the relationship between 

them with the help of dots in two dimensions.  
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Figure 11: Interpreting correlation by scatter plots matrix. We explore the relationship between 

two sets of values with and without stroke, looking for the association, e.g. not too much 
correlation between bmi and age.  

Scatter plot matrix above shows in on the x-axis there are important variables that are more 

related with the stroke, the same numerical variables we will see on the y-axis. In this graph, 
we are able to see the overview of how different variables are correlated with each other. The 

example scatter plot above shows a generally less positive correlation between age and 
avg_glocose_level, avg_glocose_level and bmi, etc. It is colored by a categorical variable, 
which are diagonally presented the density plot with normal distribution, there are two different 

curves on the scatter plots it is colored by that stroke variable on the correlations it shows the 
overall correlation and the correlations within each group. 
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5 Results  

 

We conducted the rate of classification by each model in Section 3. Short analyses and 

evaluation of the uncertainty predicted by the models will be addressed in this section. Finally, 

with over-sampling technique (SMOTE) of the training dataset for all models, as well as the 

results from the model specification process explain in the “before and after the oversampling” 

with various measures such as accuracy, sensitivity, specificity, precision and confusion matrix. 

5.1 Analysis 

Statistical learning plays a key role in many areas of science. The machine learning problem in 

this thesis identified the risk factors for stroke, based on clinical and demographic variables. 

We have an outcome measurement, dummy (such as stroke /no stroke) or categorical (such as 

work_type and smoke_status), that were aimed to predict based on a set of health measures of 

strokes for those patients. A training set of data that is imbalanced in the target variable was 

used to build prediction models for predicting strokes with high accuracy and sensitivity. This 

will help doctors to take proactive health measures for stroke patients.  

Next, the results from the different machine learning models as well as the result of the model’s 

specification process are being discussed in the oversampling to find highly accurate predictive 

models. Additionally, training and testing a model in machine learning to find the solution for 

learning problem. In this situation, linear regression is not appropriate for a qualitative response, 

because the variable is referred to as categorical and we study approaches for predicting 

qualitative responses, a process that is known as classification. Predicting a qualitative response 

for an observation can be referred to as classifying that observation since it involves assigning 

the observation to a category, or class.  

There are many possible classification techniques, or classifiers, that one might use to predict 

a qualitative response. we tried to predict the medical condition of a patient considered as the 

quantitative response variable, Y if Stroke 1 and if without Stroke 0 (Hastie, T., 2009). 

Qualitative variables are represented numerically by codes wherein; such numeric codes are 

sometimes referred to as targets. In this case, there are more than two categories; the most useful 

and commonly used coding is via dummy variables. However, the dummy variable approach 

cannot be easily extended to qualitative responses with more than two levels, and we turn some 

of the most widely used classifiers: Logistic Regression, Bayesian classification, Support 

Vector Machines and K-Nearest-Neighbor. At the end, we discuss more computer-intensive 

methods, such as random oversample. With over-sampling methods, the number of samples in 

a class should be greater or equal to the original number of samples. In the machine learning 

model for distinguishing among two classes such as binary classification models that detect 

stroke; a scaler value criterion that is applied to predict a model to split the positive class from 

the negative class.   
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5.1.1 Spot-checking 

Implementation of the Spot-checking helps us to focus on those algorithms that are more 

appropriate (more performance). Boxplots displaying the Area Under Cure (AUC), Receiver 

Operating Characteristic (ROC) evaluation scores for all models in original dataset, grouped by 

modelling method. Components of boxplots represent minimum, lower quartile, mean, upper 

quartile and maximum values for each modelling method. For each group n = 100. 

Even though the AUROC values are high for the models, we need to select an alternative metric 

to evaluate the model performances. Even with high AUROC, we observed that models are not 

capable to predict stroke.  

 

 

 

Figure 12. Box plot of five Spot-checking algorithms on classification algorithms. 

We have used Box plot, a visual representation of AUROC with 4 number analyses of our 

dataset. According to the box plot projection of Figure 12, the median line of box plot for LR 

is at 86%. On the other hand, median line for KNN, NB and SVM are 59%, 83% and 46% 

respectively. Average performance of LR and NB algorithms are good, there are an outlier for 

LR and NB in this plot because of relatively large data. However, general LR and NB algorithm 

has smaller whiskers with minimum variance (0.0004 and 0.0016) that further attention of these 

algorithms would be a good idea. 
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Figure 13. Spot-checking sensitivity for each model before oversampling. The sensitivity is the 

rate of correctly predicting stroke. This metric is more meaningful in this case since we are 

interested in developing models that could return high sensitivity. 

 

 

Figure 14. Spot-checking box plots comparing algorithm performance of top five models after 

oversampling. 

The plot shows the evaluation of the methods comprised of AUROC. It is also created to the 

results of the five best performing algorithms. The SVM algorithm is the best classifier of 

sample predictions. 
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Figure 15. Box plot describe the distribution of Sensitivity for the five different algorithms. 

 

 

5.1.2  Predictive Models 

In our proposed, model Figure 16, we perform raw data processing and various feature 

engineering techniques to achieve better results. Training raw data after feature engineering 

plays an important role in supervised learning. We used highly correlated variables for better 

results. The input data here indicates a test of the data used to predict and confuse the matrix. 

Followed by the predictive uncertainty estimation was performed of all models. However, in 

this section, we will focus only on the best models. Here, by the best models, we refer to the 

models with the least error. From this experiment, models produce low error rates among all 

models, as shown in the Confusion matrix table. Therefore, in the following tables, we discuss 

the uncertainty of the prediction of these models, as shown in section (3.6). 
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Figure 16. Framework for evaluation predictive Models 

Note that for a binary classification problem, in our experiment we created probabilities in favor 

of class 1. In this case, we have two classes: Class 1 for stroke and Class 0 for without stroke. 

During the test time, a Class 1 stroke probability model produced new input data. Note that we 

have estimated these potential projections for the training set. We have found models in four 

different algorithm structures to find the best models. During the train, we evaluated the model 

performance in the training dataset, and during the test, we evaluated the model performance 

in the test dataset. When a model for validation gives a relatively low error rate. After training 

each model, there is a standard for testing the performance of the model on test data. We 

evaluated the performance of the model using Test = 8680 and Training = 34720 forward 

crossing through modeling with cracking retention enabled. We observe that the error rate varies 

from small to relatively high during the test period by confusion matrix. To obtain a reliable 

estimate, it is wise to repeat the process several times. For this reason, we repeated the test 

performance on each model and observed sensitivity and specificity rates. In the Tables 4 and 5 

shows, the accuracy of four different network structures for the test replicates. First, we evaluated 

the performance of our prediction algorithms based on the area under the ROC curve. The 

prediction performance when using attribute selection algorithms is compared against the set of 

attributes selected to be used, as shown in Table 4 When using NB, LR, SVM and KNN for 

prediction, we found that all feature selection algorithms were implemented except for 

forwarding feature selection. We also found that BC performs better than SVM and for all 

selection methods. In Table 5, we compare the performance of our algorithms against models of 

larger size (after oversampling). All our methods after oversampling are better than these basic 

models in the original data. The best combination is the selection of sensitivity features for NB 

prediction, which achieved a 0.70 in the AUROC test. Second, we compared the ability of NB, 
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KNN, LR, and SVM to predict the relative risk of stroke. From Figure 12 we can see that LR 

and NB algorithms are better than other models in using this feature set.  

 

5.1.3 Logistic Regression 

We can see in the confusion matrix table, when mapping logistic regression results in binary 

classification, the probability of a patient given the stroke, the classification is 1, then logistic 

regression values 1 are classified as stroke and 0 are classified as without stroke. As is evident 

in the confusion matrix, the model correctly predicted 0 patients out of 157 and 0 out of 8523 

without stroke.  

TN= 8523 FP = 0 

FN = 157 TP = 0 

 

This performance can be appropriate in the Accuracy and ROC curve of the predictive model. 

The area under the curve (AUC) gives the rate of successful classification by the logistic model. 

When AUC is approximately 0.5, the model has no discrimination capacity to distinguish 

between positive class and negative class. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 17: AUC for final prediction in LR before oversampling is 0.86.  

The AUROC is between 0 and 1, and AUROC = 1 means the prediction model is perfect. 

Further away the AUROC is from 0.5, the better; AUROC > 0.5, then we just need to invert the 

decision our model is making. As the Logistic Regression result, AUROC = 0.5, that is not 

good news because we just need to invert our models output to obtain a perfect mode. Table 4 

shows, the average results for the LR prediction based on the 5-cross validation. 
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5.1.4 Naïve Bayes  

As can be seen in the table 4, the NB classifier had a higher AUROC (71%) and Sensitivity 

(98%) of the 5 cross-fold for test and training parts for the original dataset. It can be compared 

to increase the training dataset randomly (oversampling), it almost had an 11% decrease in 

AUROC that given it 82% Sensitivity. The confusion matrix shows the model correctly 

predicted 154 patients with stroke of 157 and 4777 of the 8523 without stroke.  

The confusing matrix shows, the NB classifier did not seem too predicted well. One reason 

could be a problem is the risk overfitting that still exists in the number of False Positives with 

(4777). 

TN = 3746 FP = 4777 

   FN = 3    TP = 154 

 

5.1.5 Support Vector Machine  

SVM was initially developed for classification; we use it to predict whether a stroke will occur 

at a given 1 while ignoring information about when the stroke occurred. However, stroke 

happening an individual's relative risk level. Inclusion of this information enables us to answer 

questions. In the evaluation Table 4 shows, the SVM for classification, in which the results of 

the top three subsets selected using feature selection techniques are presented in terms of their 

accuracy and AUC. The SVM is analyzed on the dataset using k-equal cross-validation, where 

k = 5. The original dataset giving an prediction percentage of 0% Sensitivity and 5% in the 

AUROC. With oversample the training dataset, SVM classification performed better with a 

increase from 0 to about 98% and 5% of the AUROC to 99% that given the fact of imbalance 

in the original model dataset. The result in confusion matrix in the SVM before oversampling 

is the same as Logistic Regression before oversampling. 

  

TN = 8523 FP = 0 

   FN = 157      TP = 0 
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5.1.6 K-Nearest Neighbor 

We run the KNN model directly on the training dataset and summarize the results as a final 

accuracy score and a classification report in the Table 4 and 5. According to Figure 12 and 13, 

it is interesting to note that KNN works even better than the SVM model, even if it does not use 

information about the relative risk of stroke. The combination of KNN attribute selection to 

predict best performance after oversampling. The confusion matrix before oversampling shows, 

the model is correctly predicted 3 patient with stroke as positive and 8496 in TN is the patients 

without stroke, which predicted as negative (without stroke) and FN=154 is the patients without 

stroke which classified as positive (with stroke). Finally, the model has correctly predicted 3 out 

of 157, while 27 out of 8523.  

TN = 8496 FP = 27 

   FN = 154      TP = 3 

 

The Sensitivity obtained from the prediction model before and after oversampling are 0.02%, 

20% respectively, and AUROC; before oversampling is 5% and after oversampling 57%. 

 

 

5.1.7 Evaluation 

This research compared of four models: Logistic Regression; Bayesian Classification; Support 

Vector Machine (SVM); k-Nearest-Neighbor (KNN) with Machine learning. Algorithms LR; 

KNN; NB and SVM are wildly used in prediction. In NB, we used the classifier for discrete 

predictors that assumed independence of the predictor variables, and Gaussian distribution for 

metric prediction. The attributes with missing values and the corresponding table entries were 

omitted for prediction. In order to test, we calculated the values of the priori probabilities of 

0.98 (Non-Stroke) and 0.018 (Stroke). Next, SVM method was used for sampling method in 5-

flod cross validation for prediction, and SVM-Kernel was used for no-linear analysis. The cost 

of constraints or ‘C’-constant of the regularization term is 0.1, and their best performance is 0. 

This result indicates that the patients are suffering from stroke disease or not. In terms of 

machine learning, we used the k-nearest neighbor and NB models. The calculation shows that 

the Error Rate is 0.27 and Sensitivity is 0.02 in the test performance in KNN model while in 

the BC model, the Error is 0.55 and Sensitivity is 0.98. This value indicates that self-esteem 

works best for predicting stroke. Sensitivity and Specificity, ACC or AUROC and Precision 

with each technique in testing of stroke with the four models is shown in Tables 4 and 5. To 

predict the outcome of machine learning techniques, it is at different percentages of  LR; KNN; 

NB and SVM that indicates the probability of having a stroke. The number of Specificities with 

machine learning is plotted Figurers 13 and 15. A Specificity in each layer predicts risk factors. 

Thus, predictors of stroke disease imply medical concepts that prefer good performance and 

explanations. 
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Testing performance 

Models Sensitivity Specificity Accuracy Precision AUROC 

KNN 0.02 0.99 0.98 0.1 0.51 

SVM 0 1 0.98 0 0.5 

LR 0 1 0.98 0 0.5 

NB 0.98 0.44 0.45 0.03 0.71 

 

Table 4. Testing performance of the model’s classification before oversampling. Sensitivity, 

specificity, accuracy, precision, and AUROC of relation equivalence alignments comparing 

overlap-based approaches such as KNN, SVM, LR, and NB with machine learning. For the NB 

model, the best performance is 0.98 in Sensitivity. This model of these NB networks has 

predicted stroke with sensitivity and accuracy with compared to the other models. 

 

After oversampling: 

 

 

Testing performance 

Models Sensitivity Specificity Accuracy Precision AUROC 

KNN 0.81 0.70 0.71 0.05 0.76 

SVM 0.20 0.93 0.92 0.05 0.57 

LR 0.41 0.84 0.83 0.45 0.63 

NB 0.82 0.39 0.39 0.02 0.60 

 

Tables 5. Testing performance of our models after oversampling. Accuracy, Sensitivity and 

recursive Specificity of four models after oversampling with different network structures. Each 

model are tested five times to obtain the variation in model performance, produced the highest 

sensitivity rate. This shows that the model of the SVM networks have predicted stroke with 

worse sensitivity and accuracy with compared to the other models. 

 

 

 

 

 

 

 

 



36 

 

6 Discussion  

Historically, stroke has for a long time been the common cause of death procedure in the world. 

Previous studies on stroke complications have mainly used scoring for identifying patients who 

are more likely to have complications before the stroke. However, these methods are not 

sensitive enough for clinical application. Therefore, the potential of Machine Learning tools as 

clinical decision support in identifying risk factors and predicting the health outcomes is worth 

investigation on complications that are associated with stroke attack. By knowledge, there is 

only one study that compared the performance of different ML algorithms in predicting the 

stroke complications in the imbalanced training dataset (Razzaghi, T., 2017). Although the 

research indicates that the combination of a suitable method with ML algorithm equipped with 

SMOTE can achieve higher performance in predictive models for stroke risks. The ML 

algorithms were not validated while using external test data. After all, for prediction purpose, 

we are not very interested in whether or not an algorithm accurately predicts a severe 

complication for patients that are used to train the algorithm, since we already know which of 

those patients have stroke but are interested in whether the algorithms may accurately predict 

the future patients based on their clinical measurements. Totally, our study compared four ML 

algorithms using real-world data (Stenberg, 2018). Although the sensitivities of the algorithms 

were generally low, the study indicates that some of the ML algorithms were able to achieve 

higher accuracy than the traditional logistic regression models (Geubbels, 2015). One of the 4 

algorithms was able to achieve high sensitivity (98%), and two achieved at a low-level 

sensitivity (0) in the training data, including NB, SVM, and LR. We should notice that all the 

high or low sensitivities were obtained from the original data. Our findings support the previous 

study that ML algorithms equipped with SMOTE can achieve higher performance metrics for 

imbalanced data (Razzaghi, T., 2017). However, we should also keep in mind that accuracy is 

a function of the incidence, and hence the same predictor can provide different accuracy when 

the incidence changes. It might be the reason that some of the algorithms perform worse for 

SMOTE data. Despite showing the promising capability of prediction in the training data, none 

of the four Machine Learning algorithms satisfactorily predicted the probability of stroke from 

risk factors in the test data. One potential explanation for this may be related to the limited 

number of patients who have a stroke in the original dataset, which cannot reveal the underlying 

relationship between risk factors and adverse health outcomes. Although there are several 

known risk factors, each of them only imposes a small increase in the risk for stroke. Another 

likely explanation may be that before the stroke, known variables are insufficient in predicting 

risk factors. In previous studies, the highest accuracy for the prediction of stroke attack has been 

modeled, including Bayes and KNN. However, imputed the missing data may improve the 

accuracy of the prediction models, such models would not be useful in the prediction for 

patients who have a stroke. Furthermore, because the algorithms try to minimize the total error 

rate out of all classes, irrespective of which class the errors come from, they are not appropriate 

for imbalanced data, such as what we used in our study. Therefore, recent attempts have been 

made to improve the interpretability of oversampling in the imbalance dataset. Explanation 

(SMOTE) is one of them to make these complex models at least partly understandable. SMOTE 

is a more general framework that aims to make high sensitivity in the predictions of ‘any’ ML 

model more interpretable. The approach is based on adapting the well-known Synthetic 

Minority Over-sampling Technique (SMOTE). By oversampling the training dataset, a specific 

input instance is modified and the impact on the predictions is monitored. This study 
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demonstrates that ensemble learning may improve predictions by combining several base 

algorithms. However, usually, there are several ensemble methods available, such as bagging, 

boosting, and stacking (Zhou, 20126). A few studies in ML show that AdaBoost is more 

effective at reducing bias, bagging is more effective at reducing variance, and stacking may 

improve predictions, in general, when decomposing a classifier’s error into bias and variance 

terms (Kotsiantis, 2007). There is no golden rule on which method works best. The choice of 

specific ensemble methods is case by case and depends enormously on the data. There are some 

limitations in our study, and we would like to highlight them below: First, the explanatory 

variables that were used to predict the occurrence of stroke have shown a very low predictive 

ability in terms of the AUC, Spot-checking on sensitivity and ROC curve measure in the 

previous study (Stenberg, 2018). With such a low predictive ability to start with, we cannot 

expect a dramatic improvement in sensitivity while using currently available data. Second, the 

event rate in this study is very low, i.e., only 2% of patients experienced a stroke. This means 

that, when we predict that all patients will have no stroke, we would have 98% accuracy and 

100% specificity. Therefore, how to improve the sensitivity of the algorithms is the most 

important goal in this study. Third, the study was limited to data registered within the Kaggle. 

Cardiovascular and pulmonary comorbidities and more other variables are not included within 

the registry, and they could thus not be included in the model. Although these comorbidities are 

known risk factors for stroke (Gupta, 2011), they are not highly prevalent in European studies 

(Geubbels, 2015). Given the low predictive ability of the currently available variables, 

including other background data, such as birth country, education level, income, and previous 

diseases from other developing countries (Maciejewski,2012), registries that would have 

increased the predictive ability of the algorithms. Fourth, although we compared four ML 

algorithms to investigate in our study, there are convenient and feasible methods for general 

medical researchers. Due to computational complexity and less interpretability, many 

complicated and advanced ML algorithms were not investigated in this study. However, this 

study at least points out a promising way for future investigations, i.e., ML with SMOTE. Fifth, 

the exhaustive grid search was used in this hyperparameter optimization, which is extremely 

resource-consuming and not optimal for complex ML algorithms; therefore, other advanced 

methods, such as gradient-based or evolutionary optimization, may be considered in the future. 

Furthermore, because choosing a feature scaling method completely depends on the numerous 

aspects of the data, it is also worthy to compare the currently used standardization in our study 

with other scaling techniques, such as mean normalization, min-max scaling, or unit vector, in 

future studies. 
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7 Conclusion  

In this paper, we compared four algorithms: Logistic Regression, Naïve Bayes, K-Nearest 

Neighbors, and Support Vector Machine for predicting stroke. All methods used data from 

stroke patients to identify risk factors and predict disease. The results are valid for alerting 

patients and are significantly desirable in medical practitioner decision making. The NB and 

KNN classification have higher values of sensitivity than other models. The results confirmed 

that the machine learning techniques for predictive analysis in stroke disease are suitable for 

generating stroke datasets. When compared to other ML algorithms, NB has the potential to 

improve the accuracy in predicting stroke attack patients. Due to the imbalanced nature of the 

data where the number of the interesting outcome is relatively small, the oversampling 

technique needs to be adopted to balance the dichotomous outcomes.  
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Appendix 

 

 

Appendix A 

 
Complete tables of data description with different variables. 
 

Figure A.1. Number of patients in different work type with and without stroke. 
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FigureA.2. Number of patients with the smoking status with and without stroke. 

 

 

            Figure A.3.  Number of patients with marital status with and without stroke. 
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FigureA.4.  Percentage of stroke happening 
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Figure A.5. The boxplot shows the distribution of quantitative data.  It shows in the Box plot 

that people with the age 64+ have higher average glucose level. 

 

 

 

 

 

Figure A.6.  Number of patients with heart_disease with and without stroke.  
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Appendix B 

 
The Area Under Curve (AUC), which is also known the Receiver Operating Characteristic 
Curve (ROC) and Spot/checking in ten models that used to evaluate the achievement of 
predictive model for this study. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure B.1. AUC for final prediction in LR after oversampling. 
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Figure B.2.  AUROC in ten models after oversampling.  

 

 
 

Figure B.3. Sensitivity in the ten models after oversampling 
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                                                  Training performance 

Models Sensitivity Specificity Accuracy Precision AUROC 

KNN 0.1 0.99 0.98 0.68 0.55 

SVM 0 1 0.5 0 0.5 

LR 0 1 0.5 0 0.5 

NB 0.96 0.43 0.44 0.03 0.70 

 

Table B.0.1. Training performance of our models before oversampling. Accuracy, Sensitivity 

and recursive Specificity of four models abefore oversampling with different network 

structures. 

 

 

 

Trining performance 

Models Sensitivity Specificity Accuracy Precision AUROC 

KNN 0.95 0.70 0.81 0.83 0.80 

SVM 0.99 0.96 0.97 0.95 0.97 

LR 0.86 0.83 0.98 0.84 0.85 

NB 0.98 0.39 0.68 0.98 0.68 

 

Table B.0.2. Trining performance of our models after oversampling. Accuracy, Sensitivity and 

recursive Specificity of four models after oversampling with different network structures.  
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