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Abstract 

Medical care is currently provided in clinical practice according to the “one-size-fits-

all” approach, through which all patients suffering from the same symptoms and 

diseases receive the same treatment. Despite its wide use, the current approach has 

reached its maximal performance, as a treatment that performs well for a majority of the 

population may not be suitable for a specific patient or subgroup of patients. Alternative 

approaches have therefore been proposed, including the so-called personalized 

medicine. However, this patient-specific paradigm is yet to find its way to clinical 

practice as it makes clinical decision making highly complex. Consequently, stratified 

medicine was proposed to provide medical care on a subgroup basis. Specifically, the 

population of diseased individuals are stratified according to subgroups of patient 

characteristics, disease manifestations and treatment responses. Subsequently, the 

treatments are adapted according to the subgroup to which a given patient belong, thus 

potentially optimizing recovery. However, this approach depends on the definition of 

the subgroups in question, which is not trivial. 

To address this from a computational point of view, a potential solution would be to 

apply unsupervised clustering. Yet, the techniques that are most commonly used are 

limited by the fact that they require as input the number of clusters, which varies 

between diseases and which is often not known in advance. This thesis aims to 

implement and validate a recently proposed clustering technique called “Cancer 

integration via multi-kernel learning” (CIMLR). While it was developed for oncology, 

this study will apply it for the first time for cardiac stratification and will test its 

applicability by considering a group of hypertensive patients. The phenotypes used as 

input for CIMLR-based stratification are cardiac radiomics data, a new type of imaging 

features that describe a range of shape, size, intensity and texture characteristics of the 

organs. The results show that the obtained clusters are clinically meaningful and that 

they are in correspondence with key lifestyle information of the patients. This indicate 

the future potential of the approach for image-based stratified medicine in cardiology. 



Keywords: Stratified medicine; unsupervised clustering; CIMLR; radiomics; 

cardiovascular disease.  



Chapter 1: Introduction 

1.1. Clinical context 

Nowadays there are different ways of applying medicine in clinical practice. One of 

these methods is known as “one-size-fits-all” medicine, which means that all the 

patients with the same symptoms or diseases receive the same treatment1. This 

procedure has shown positive results for the patients receiving the treatment to a certain 

degree2.  

Despite its wide use in practice, the current approach has some limitations. Specifically, 

a treatment that performs well for a vast majority of the population does not mean it is 

suitable for a specific patient2. As examples of this limitation, Table 1 shows different 

response rates of patients to drugs for different disease classes. 

In other words, one-size-fits all medicine practice efficacy is not optimal as patients 

generally have different genetic, molecular, anatomical and environmental 

characteristics and thus treatments tend to work differently 4. 
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Table 1. Response of patients to drugs for specific fields3

Therapeutic area Efficacy rate (%) Therapeutic area Efficacy rate (%)

Alzheimer’s 30 Incontinence 40

Analgesics 80 Migraine (acute) 52

Asthma 60 Migraine (prophylaxis) 50

Cardiac Arrhythmia 60 Oncology 25

Depression 62 Osteoporosis 48

Diabetes 57 Rheumatoid arthritis 50

HVC 47 Schizophrenia 60



However, advances in the sequencing of human genome has opened the possibility to 

apply specific treatments to each of the individuals5. This fact leads to the term 

“personalized medicine”.  

Personalized medicine aims to apply specific therapies for each of the patients 

depending on their characteristics despite having the same symptoms or diseases of 

other subjects6.  As already mentioned, these characteristics are based on the genetic, 

molecular, anatomical and environmental information. 

Therefore, the combination of genetic characteristics with other elements about the 

lifestyle and the environment somebody is surrounded by, can help to identify or predict 

the risk of suffering from a specific disease7. 

Personalized medicine is currently being used for specific medical treatments. One of 

these applications is for brain tumor therapies in neurooncology8. The second example 

that can be found in this practice is in the cure of metastatic breast cancer9. 

Regardless of the potential benefits for the patients to be treated individually, this 

approach also faces some problems or challenges.  

The recent advancements and the irruption of technology in medicine have enable the 

acquisition of big quantities of data of population worldwide. Moreover, computational 

models and mathematical algorithms have allowed the fusion of these big data , which 

has permitted the transformation of the information acquired into knowledge10. 

However, it has to be considered that although some data is stationary and do not vary 

across time other features acquired can change and need to be remeasured periodically. 

So it is not enough to acquire the information but also to know how to use it. In many of 

the models that exists nowadays this non-stationarity of the data is not being taken into 

account10.  

Furthermore, information can be extracted from a lot of non-conventional platforms 

such as social networks. Nonetheless this use of non-traditional data for health 

evaluation has presented controversies10. 

Lastly, there are also ethical issues to be evaluated. Worries arise in front of the 

possibility of the utilization of the data by private companies for their own benefit. For 
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example, insurance companies may not offer specific policies to individuals with 

genetic predisposition of suffering from a determinate disease11. 

To sum up, while personalized medicine offers the possibility to treat each individual 

specifically based on his or her own characteristics, it also presents some challenges or 

concerns. Some concerns are of ethical terms while there are others about the quality of 

the data used to apply a specific treatment. In addition, the use of non-traditional data 

presents some worries. All of these details can make the personalized medicine practice 

not being as good as initially though. 

Besides that, not only data faces controversies and problems but also the devices in 

which data is recorded have to be taken into account. Medical devices presents 

variability between them and also by the pas of the time. This leads to the possibility of 

data variations depending on the device used to do the acquisition and the moment in 

which the measure is taken12. 

For the moment, two types of medicine practices have been introduced, the one-size-

fits-all and the personalized medicine, each of which with its strong and weak points. 

Between these two practices there is another type of medicine method called “stratified 

medicine”.  

Stratified medicine aims to find different groups of patients inside a group of subjects 

that suffer from the same disease or that present the same response to a treatment. This 

stratification is carried on based on the genetic, anatomical or environmental 

information of each of the individuals. The method presents the possibility to develop 

more effective and specific therapies for particular groups of patients13. In other words, 

stratified medicine has the objective of using different treatments depending on the 

subgroup instead of using one method for all the population14. 

Not only stratified medicine is beneficial for the person treated but also it presents an 

opportunity for doctors to apply more specific treatments to patients. A more accurate 

diagnostic can be done compared to the one-size-fits-all practice. More than that, the 

safety of the individuals is improved as the possibility of a bad response to a treatment 

is lowered15. Additionally,  it is not as specific as personalized medicine which in terms 

of efficiency and time is positive. 
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To illustrate better what the stratified medicine approach is, in Figure 1 a scheme of the 

comparison between the one-size-fits-all medicine and the stratified practice is 

presented.  

As represented in Figure 1 stratification improves health earlier and generates less waste 

(of residues but also of time). The way to turn the stratification medicine problem into 

computer models is through clustering. 

1.2. Technical background: clustering 

To perform stratified medicine it is necessary to understand what is data stratification. 

Data stratification is the segregation of a population into smaller groups whose 

individuals have aspects in common17.  In other words, data stratification aims to find 

clusters within a population. There are different existing clustering algorithms currently 

used. The most  known are k-means, density-based clustering, expectation-

maximization and agglomerative-hierarchical algorithms18.  

Probably the most widespread algorithm for clustering is k-means, based on the 

assignation of the data points into different clusters from the random initialization of 
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Figure 1. Scheme of the comparison between the procedure of one-size-fits-all and stratified 
medicine16.



centroids and the distance of the points to each of these centroids18. It goes through an 

iterative process till a criteria is met.  

The density-based clustering algorithms work considering the density distribution of the 

data through the assignation into different clusters the areas of high density of points18. 

The expectation-maximization clustering algorithms assign into different clusters the 

data points through the calculation of the probability of each point to belong to a 

specific cluster18. 

Finally, the are the  agglomerative-hierarchical clustering algorithms. The agglomerative 

clustering consists on making clusters till all data belongs to the same group so that it is 

started by assigning one cluster for each of the data points. On the contrary, the 

hierarchical clustering starts by assigning one cluster for all data points and it splits the 

data till each point is assigned to a different group18. 

The selection of the algorithm to work with depends on the purpose of the analysis and 

the data available. Density-based and expectation-maximization algorithms are not 

suitable for high dimensional data. K-means is limited by the fact that it requires as 

input the number of clusters, which varies between diseases and which is often not 

known in advance18. 

One algorithm that could solve these two problems (the necessity of selecting the best 

number of clusters a priori and to work with high dimensional data) is the Cancer 

integration via multi-kernel learning19 (CIMLR), which will be explained in detail in 

section 2.2. 

1.2.1. Applications of clustering in medicine 

The purpose of clustering is to find latent structures and groups inside big datasets20. 

Different applications can be found in literature about the utilization of clustering 

algorithms in medicine. The data used is disparate among the different studies 

performed. 

A study conducted by Liao et al. aimed to find different clusters of subjects within a 

group of patients treated with hemodialysis20. The data used to do the analysis included 
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the different expenses the patients generated, such as the hospitalization costs or the 

costs of dialysis. 

A different type of data useful to perform clustering in medicine is the gene expression 

data. Genetic data has been used in different applications to cluster cancer. In cancer, 

not only clustering has been used to identify different types of the disease, but also to 

identify the stage of malignant. Moreover, gene expression data and clustering 

algorithms were used to identify different classes of asthma severity21. 

In heart diseases, clustering has also played an important role in order to be able to 

predict different disorders. Mirmozaffari et al. conducted a study in which different 

clustering algorithms where used to determine possible characteristics of heart attack in 

order to predict possibles future episodes. The data used  for the study contained 

information about blood pressure, blood sugar, age, electrocardiography and maximum 

heart beat among others22. Pandey et al. conducted a study using different clustering 

algorithms applied to a heart disease database from the Cleveland Clinic Foundation of 

heart disease for the prediction of this type of illnesses23. Guo et al. conducted a study 

for the identification of risk factors for coronary artery disease in patients suffering from 

hypertension using clustering algorithms24.  

Finally, clustering has also been used for the identification of different groups in 

diabetic patients25. 

To sum up, clustering techniques are used in medicine for a wide range of applications. 

Different diseases are studied under the implementation of this technique and different 

types of data are used too. Depending on the purpose of the investigation the type of 

data used is different going from simple data such as the costs generated by each patient 

to more complex data such as the gene expression.  

The implementation of clustering algorithms in medicine is relatively new and there is 

not any universal method or algorithm useful for all the problems raised. This fact 

entails that in hardly all the literature found different algorithms are tested in order to 

solve the same problem.  Despite this fact, clustering seems to offer a good opportunity 

to study the different mechanisms that leads to diseases. Moreover, the most common 

algorithm used in literature is k-means, which will be also implemented in this thesis.  
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1.3.  Objectives and motivation 

The objectives of this master thesis are the following: 

• Implement CIMLR for cardiovascular image analysis and stratification. 

• Demonstrate quantitatively its potential for discriminating cardiovascular imaging 

phenotypes in myocardial infarction. 

• Demonstrate qualitatively its potential for discriminating cardiovascular imaging 

phenotypes in hypertension. 

The general objective of this master thesis is to apply CIMLR for cardiovascular image 

analysis to evaluate its efficacy both, qualitatively and quantitatively, to perform data 

stratification. 

The data used for this project is from a dataset of radiomics features from 

cardiovascular images and another dataset of lifestyle characteristics, which will be 

better explained in section 2.1. CIMLR has already been used with genetic data to 

identify different types of cancer. However it has not been used with other types of data. 

For this reason, the second objective aims to demonstrate if the algorithm is able to 

classify with other type of data rather than genetic. 

The third target is to find different clusters inside a population of hypertensive patients, 

which has not any other cardiac disease or complication, based on cardiovascular 

images features.  

Hypertension, as its own name makes reference, is the condition in which a subject has 

the pressure high, which means that the blood makes higher force than the normal 

against the wall of the heart26. Due to this force, the heart suffers structural changes. 

These changes can be classified into hypertrophy (in which the mass of the left ventricle 

increases) or remodeling (in which the wall of the left ventricle thickens). Depending on 

the characteristics of the subjects the changes are also different26. So, here we can see 

how with the same symptom the heart can change in two different ways meaning that 

maybe applying a general treatment for all of them (one-size-fits-all) will not be the best 
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solution. For this reason, it is important to apply data stratification in these patients, to 

try to look for differences within a population of these hypertensive patients.  

In addition to that, it has been decided to work with hypertension because the number of 

hypertensive people is alarming. According to the World Health Organization 

hypertension causes 7.5 millions of deaths every year and nearly 1 billion of people 

worldwide was hypertensive in 200827. In the same year it was estimated that the 

prevalence of hypertensive subjects was of the 40%27. 

Moreover, hypertension is known to be a risk factor for other health problems such as 

stroke, heart attack and kidney failure28.  

Finally we aim to find if there is coherence between the stratification performed by 

CIMLR using radiomics data and the lifestyle of the subjects involved together with 

other characteristics such as the sex, age or body mass index (BMI).  

Losing weight and doing exercise regularly together with eating healthy can reduce 

hypertension without applying any treatment. Also, reducing the consumption of salt 

and limiting the alcohol or caffeine intake and changing smoking habits have an impact 

on the levels of hypertension29. 
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Chapter 2: Methods 

2.1. Data description 

The data used for the implementation of CIMLR is composed by features extracted 

from cardiovascular images from the UK Biobank. This extraction of attributes from 

medical images is called radiomics30. The aim of radiomics is to transform image data 

into meaning such as the area of the organ analyzed. 

UK Biobank is defined by itself as a “major national and international health resource 

with the aim of improving the prevention, diagnosis and treatment of a wide range of 

serious and life threatening illnesses - including cancer, heart diseases, stroke, diabetes, 

arthritis, osteoporosis, eye disorders, depression and forms of dementia”31. The 

organization represents a great opportunity to perform data stratification and help 

researchers to investigate the reason that causes people develop or not specific 

diseases31. 

UK Biobank has recruited 500,000 subjects to acquire as much information as possible 

to all of them. Among all the measures taken there are the two datasets to work with in 

order to fulfill the objectives, the radiomics dataset based on cardiovascular images and 

the lifestyle habits of the participants.  

In order to accomplish the objectives introduced in previous sections another dataset 

called “medical conditions” is used. This dataset is useful to select the population of 

desired subjects based on their diseases. 

The dataset of radiomics is composed of measures belonging to the right and left 

ventricles and to the myocardium. In this thesis only the features that have relation with 

the left ventricle are considered.  

Furthermore, for the ventricles and the myocardium three types of features are able. 

There are texture, intensity and those related to volume and shape features. In order to 

reduce the computational cost, some attributes are not used for the analysis. For both 
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tasks, the one related to the classification of myocardial infarction subjects and for the 

hypertensive patients stratification, intensity measures are not considered. Moreover, for 

the first case, texture features are discarded too.  

To sum up, from the radiomics dataset only the characteristics belonging to the left 

ventricle and about texture, volume and shape measures are taken. Additionally, with 

the medical conditions dataset only those patients that, on one hand, have suffered 

myocardial infarction and on the other hand, have hypertension are chosen.  

In order to illustrate better the procedure, in Figure 2 a scheme of the data selected can 

be seen. 

Finally, two more datasets are used in order to fulfill the third objective. The first one 

called “lifestyle”, which contains information about life habits such as diet (meat, 

drinks, fish or vegetables intake), physical activity, smoking habits, etc. The second one 

called “population characteristics” which contains information about the age and sex of 

the subjects. Additionally in the radiomics dataset the weight and the height are 

included. These two variables have been taken into account for the third analysis in the 

form of the body mass index (BMI). 
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Figure 2. Scheme of the data taken for the two analysis.



Once the data that is used for all the analysis is clear, the next step is to explain the 

algorithm CIMLR to understand how it works and the procedures followed to perform 

the analysis. 

2.2. Patient stratification using CIMLR 

CIMLR19 is an unsupervised32 clustering algorithm, that is, it clusters individuals of a 

population into sub-groups without knowing which are the existing clusters a priori. As 

its own name says, it has been already used in oncology to identify subtypes of cancer 

based on genetic information.  

In Figure 3 an scheme of the steps that the algorithm performs is represented.  

The first step is the data preprocessing, which consists on putting the data in the correct 

format. The algorithm works with data in format cell. A cell is a group of vectors or 

matrices joined in one unique variable. In the case of genetic data for oncologic 
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Figure 3. Steps for the CIMLR algorithm 19.



applications each feature forms a matrix in which each row represents a different 

subject. In the case of this thesis the data to work with is composed of scalars meaning 

that instead of having different matrices we will have vectors of the length equal to the 

number of subjects. This implies that each vector represents a feature. All matrices or all 

vectors are joined to form a cell.  

Once the data is put in the correct format the algorithm normalizes it. The normalization 

for each of the vectors or features is done following the Equation 1.  

!   

For each of the subjects, the first step is to make the difference between the maximum 

value of the vector or feature and the value that the feature takes for each patient. Then  

this is divided by the difference between the maximum and the minimum values of the 

feature along all the subjects. The letter i represents an specific individual.  

CIMLR is able to identify the best number of clusters within a population, which 

represents an advantage in front of k-means.  

To do that, different Gaussian kernels are constructed. Based on these kernels a 

similarity matrix is made. Once the similarity matrix is constructed the best number of 

clusters is obtained based on a range of possible groups introduced by the user. This 

estimation is based on a separation cost. For a given number of clusters it finds a matrix 

Z(R) described in Equation 2 where X are the eigenvectors of the similarity matrix and R 

is a rotation matrix.  

!  

Then a cost function J(R) is defined following Equation 3.  

!   

Value(i ) =
(ma x ( feature) − feature(i ))

(ma x ( feature) − min( feature))

Z(R) = R X

J(R) =
Z(R)2

ma x (Z(R))2
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The best number of clusters is the one for which the largest drop in the value of J(R) is 

obtained. 

Once the best number of clusters is obtained the assignation into the different groups is 

performed. To do that the algorithm does a dimension reduction step through T- 

distributed stochastic neighbor embedding (t-sne)33 in the similarity matrix. The number 

of dimensions in the resulting output space is equal to the number of clusters defined by 

default. Finally, in order to assign each subject to a cluster k-means is applied on the 

reduced space. The number of groups introduced will be the one obtained as the best in 

the previous steps.  

The last step the algorithm performs is feature ranking. It goes through the obtention of 

the Laplacian score34. Then, it normalizes all the scores obtained and applies Robust 

rank aggregation35 to obtain p-values and also the ranking of each feature. Finally it 

sorts the features according to the p-values obtained.  

2.3. Discriminating cardiovascular imaging phenotypes in myocardial 

infarction 

In order to demonstrate if CIMLR can discriminate cardiovascular imaging phenotypes, 

patients with myocardial infarction and patients which are healthy are taken. The final 

sample size for the analysis is 196 subjects (98 patients which have suffered from 

myocardial infarction and 98 healthy individuals) and 36 features related to volume and 

shape of the left ventricle. To demonstrate the ability of CIMLR for the discrimination a 

classification task between healthy and myocardial infarction subjects is performed. 

Then the accuracy obtained is compared with another clustering algorithm already 

introduced, k-means. 

For both methods the number of clusters imposed to classify is two (one group 

representing to be the healthy subjects and the other the pathological ones). The 

procedure to evaluate the efficacy is done through forward feature selection36 (FFS).  In 
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order to apply FFS the classification is done for each of the features individually and 

then the accuracy is measured for all of them. Once the accuracy of all the attributes is 

obtained they are sorted by order of descending accuracy and the algorithms are applied 

one more time. The second time in which the algorithms are launched the features are 

accumulated. This means that both methods are applied firstly with the feature with 

which higher accuracy is obtained, but the second time the features used will be the first 

and the second attributes that offer better results. This is an iterative process that 

finishes when all the features are taken. 

To illustrate better the procedure followed, in Figure 4 a scheme of the steps 

implemented is represented. 

As already introduced in section 2.2, CIMLR uses k-means to cluster. Due to the 

random initialization of the centroids, it is important to fix the initial centroids in order 

to ensure reproducibility. 

We have seen that the accuracy will be evaluated using FFS. Furthermore, CIMLR 

ranks the features according to its relevance, so a second task is done in order to check 

if feature ranking is able to discriminate or not. Following the steps of the algorithm, 

once the clustering is done using all the features with CIMLR, features are ranked. 

Then, the characteristics are sorted again according to its relevance in descending order 

and the accuracy is evaluated following the same procedure as before, that is, 
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Figure 4. Scheme of the procedure followed to apply FFS.



accumulating features. In Figure 5 it can be seen the procedure followed for the 

calculation of the accuracy through feature ranking. 

2.4. Implementation of CIMLR for cardiovascular image analysis 

The next step is to implement CIMLR to perform the stratification of hypertensive 

patients. As we have already introduced, to do this clustering cardiovascular radiomic 

data from the left ventricle is used. The analysis is done three times. The first one using 

only volume and shape features (36 features), the second time using only texture 

attributes (104 features) and the third time using both, texture and volume and shape 

characteristics (140 features). The number of patients that fit the conditions desired (not 

suffering from any other cardiac disease) is 1,050. To make the procedure clearer, in 

Figure 6 a scheme of the steps followed to fulfill this point is represented. 
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Figure 6. Scheme of the procedure followed to implement CIMLR in hypertensive subjects.

Figure 5. Scheme of the procedure followed to evaluate the potential of the feature ranking.



Due to computational limitations of the computer used for the analysis and for the 

software (MATLAB 37) not all the patients can be considered for the analysis. For this 

reason three options are  weighed: 

• Make 3 random groups of 300 patients with possibility of repetition between 

groups. 

• Make 3 random groups of 300 patients without repetition of subjects between 

groups. 

• Make 1 random group of 300 subjects. 

The first option can add redundancy to the analysis due to the repetition while in the 

third one it is not certain that the entire population is represented. Finally, second option 

is chosen as the best one. 

Following the steps of CIMLR, ones the groups are formed the best number of clusters 

inside the population of hypertensive patients is estimated for each of the 3 groups. 

After that, the clustering and the posterior feature ranking steps are done. As 3 groups 

are considered for the analysis the procedure is done 3 times, thereby a majority voting 

step is performed in order to select the features that are more relevant in the three 

groups38. 

For the three groups of 300 patients and for the three analysis done, features are sorted 

according to the feature ranking in descending order. Only the first features according to 

the ranking (between the 20% and the 25% of the total number of characteristics) are 

considered. After that, the number of times each feature appears is counted (the 

maximum will be three). Finally, those features that are majority voted are taken into 

consideration to evaluate the possible differences between groups. 

Getting ahead of the results, the optimal number of clusters for the three analysis is two. 

Then we will have 2 groups in each of the three groups of 300 subjects. The hypothesis 

made is that the radiomics characteristics of the subjects of the same cluster have to 

behave equal or at least similar. According to the assumption the 3 groups will be joined 

into 2 big clusters. 

Finally, the significance of the differences found in radiomics will be evaluated 

applying a non-parametric statistical test, the Rank-sum test 39,40,41. This test is suitable 
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for the analysis as it tells if two groups come or not from the same distribution having as 

null hypothesis that both groups belong to the same distribution. 

2.5. Linking hypertensive population stratification with lifestyle 

The last analysis has the objective of evaluating qualitatively if the stratification 

performed by CIMLR has somehow relation with the lifestyle of the subjects under the 

study as well as with their physical characteristics, age and sex. 

In order to do that another machine learning algorithm will be applied, the support 

vector machine (SVM). The aim of the support vector machine is to find an hyperplane 

that best classifies the data. The best hyperplane will be the one able to find the 

maximum distance between the data points of the different classes42. In order to apply 

SVM cross-validation is used43,44. This technique consists on splitting the dataset into a 

desired number (10 are selected for the analysis) of smaller groups and then do training 

of the model with one of the smaller clusters and validation with the rest and repeat the 

process till all the sub-groups are used for the training. Cross validation is useful in 

order to avoid or decrease the effects of the overfitting43,44 which implies that the model 

fits too much to the data points it has been trained with45. Also gives the possibility to 

work with all the data. 

Moreover, an optimization of the parameters for the model of the SVM is done. These 

parameters are the box constraint and the kernel scale. The idea of the box constraint is 

to allow the algorithm to have some misclassifications in the training dataset46. The 

kernel scale is a constant of the kernel function used to train the model47. 

In Figure 7 it can be seen a scheme of the steps followed to apply support vector 

machine algorithm. 
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The first step is to optimize the parameters applying cross validation dividing the data 

into 10 smaller datasets. Then the different combinations of the parameters are 

evaluated calculating the error produced for each combination in the classification of the 

testing dataset and taking the combination which gives the lowest error. The step is 

repeated 50 times in order to obtain more accurate results. The combination of 

parameters taken is the one which is most repeated along the 50 iterations. 

Finally, SVM is applied again using cross validation but only with the two optimal 

parameters found and the accuracy obtained is calculated. Again, the procedure is 

repeated 50 times in order to get a more approximate result of the accuracy. 
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Figure 7. Scheme of the procedure followed to apply SVM.



Chapter 3: Results 

In this section the results of the three main parts of the project are presented. 

3.1. Results of the discrimination of cardiovascular imaging phenotypes in 

myocardial infarction. 

To demonstrate the potential for the discrimination, a comparison of the accuracy doing 

a classification tasks with CIMLR and k-means is performed. In Figure 8 and Figure 9 

the accuracy results obtained for k-means and CIMLR doing forward feature selection 

are shown. 

!19

Figure 8. Accuracy obtained applying FFS in k-means.



In Figure 10 the results of the accuracy obtained for CIMLR using feature ranking 

instead of FFS are displayed. 
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Figure 9. Accuracy obtained applying FFS in CIMLR.

Figure 10. Accuracy obtained applying feature ranking in CIMLR.



The X axis indicates the number of features used to perform classification. Looking in 

Figure 9 it can be seen there are two main decays in the accuracy. The first one is 

between the use of 2 and 3 features and the second one is between the utilization of 6 

and 7 features. CIMLR offers better accuracy with two features. Then, after the decay, 

CIMLR works better up to 6 features. After the second decay in the accuracy, that is, 

with 7 features and more, k-means performs better the classification task. The accuracy 

obtained with feature ranking is lower than the performance of both, k-means and 

CIMLR, applying FFS. Also, the method seems be quite unstable. 

The second task done is the comparison of the accuracy when taking only three features 

according to first the FFS of k-means, second the FFS of CIMLR and finally the feature 

ranking of CIMLR. Results are presented in Figure 11 to 13 respectively. 
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Figure 11. Results of the accuracy obtained with k-means and CIMLR with FFS of k-means.

Figure 12. Results of the accuracy obtained with k-means and CIMLR with FFS of CIMLR.



The results in Figure 11 show how with 2 and 3 features the accuracy obtained with k-

means and CIMLR is the same approximately. However, with one feature k-means 

performs better the classification task. When selecting the features according to FFS of 

CIMLR, as it can be seen in Figure 12, the accuracy obtained is higher in CIMLR and 

k-means becomes more unstable as the accuracy goes up quickly and then falls down 

fast too. Finally, in Figure 13 is visible how the feature ranking decreases the accuracy  

and that the values obtained for both methods are similar. 

3.2. Results of the implementation of CIMLR for cardiovascular image 

analysis and stratification in hypertensive subjects. 

The first step in the algorithm is to obtain the optimal number of clusters according to 

CIMLR for the three analysis and for the three groups of 300 subjects done. The optimal 

number of clusters is the one by which the value of the adjusted quality is the lowest19. 

The three analysis done are using firstly volume and shape features, secondly texture 

attributes and finally with all the characteristics. The results for the best number of 

clusters can be seen in Figure 14 to 16 respectively. 
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Figure 13. Results of the accuracy obtained with k-means and CIMLR with feature ranking of 
CIMLR.
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Figure 14. Best number of clusters for the volume and shape features of the left ventricle.

Figure 15. Best number of clusters for the texture features of the left ventricle.



The optimal number of clusters has been chosen as 2 for the three analysis performed. 

For the first test and for the task where all features are selected, 2 clusters is the best 

option to stratify the data according to the mean of the values indicated with the black 

line. However, for some groups 2 is not the optimal number.  

In the case of the analysis of texture features the optimal number is 4 and then 2 (similar 

values of adjusted quality have been obtained).  Despite this, two groups are considered 

as the optimal number because the adjusted quality of number four is the lowest due to 

that only one of the subgroups is the responsible of lowering the value. Moreover, 

CIMLR considers that the best number of clusters for the other 2 groups is 2. Finally, 2 

has also been chosen to simplify the procedure and to obtain the same number of 

clusters for the three analysis.   

To sum up, for all the three analysis the best number of clusters has been chosen as two. 

Once the optimal number has been chosen, the features are ranked by order of relevance 

and then sorted according to this feature ranking. The procedure for the three analysis is 
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Figure 16. Best number of clusters for the volume and shape and texture features of the left 
ventricle.



the same and has already been explained in the methods section. Results of the majority 

voting are depicted in Figure 17 to 19 for the three analysis made. 
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Figure 17. Majority voting for volume and shape features.

Figure 18. Majority voting for texture features.



In the first case 2 features are selected. In the second analysis 8 features are taken into 

account and finally in the last analysis 6 features are looked into more detail. The 

different features are plotted according to the assignation into cluster A and B (the 

optimal number of clusters was two). Results are shown in Figure 20 to 22 for all the 

tests performed. 
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Figure 19. Majority voting for volume, shape and texture features.

Figure 20. Result of the most voted features using volume and shape features.



Now, the three groups have to be joined in order to continue with the analysis and know 

if the differences in the radiomics features are or not significant. The hypothesis made is 

that the three random groups of patients have to behave equal or at least similar. That is, 

patients of the same cluster have to have the same characteristics. For this reason, in the 

first analysis (Figure 20) all subjects belonging to color blue or group A are joined 

together and all belonging to group B or color yellow are assigned to the second cluster. 

In the second analysis the two first groups corresponding to group A and the third group 
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Figure 21. Result of the most voted features using texture features.

Figure 22. Result of the most voted features using volume, shape and texture features.



corresponding to group B are merged. That is, the first two blues and the third yellow 

are assigned to the first cluster and the rest to the second cluster. Finally in the third 

analysis and for the same reason as the other two, the two first blues and the third 

yellow are assigned together in the same cluster. 

To sum up, and for a better visualization, the results after the joining into two groups 

can be seen in Figure 23 for the volume and shape features analysis, in Figure 24 for 

texture analysis and in Figure 25 for the analysis that uses all the features. 
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Figure 23. Result of the joining into two clusters the volume and shape features.



The values above the bars are the means of the features for the both groups obtained. 

In Table 2 a summary of the features majority voted for the three analysis and the values 

obtained as the mean of the patients for each of the groups is depicted. 
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Figure 24. Result of the joining into two clusters the texture features.

Figure 25. Result of the joining in two clusters using volume, shape and texture features.



To test if the differences are significant, as mentioned in the methods section, the Rank-

sum statistical test is applied. The reason to choose this test is because is non-parametric 

and what is wanted to be compared is two groups and to be able to decide if they belong 

or not to the same distribution. The null hypothesis of the test is that both groups (A and 

B) belong to the same distribution. The p-value to reject the null-hypothesis is 0.05. 

However as multiple tests are done the threshold is lowered to 0.05 divided by the 

Majority voted features and its mean values along all subjects

Feature Group A Group B

Volume and 

shape features

Max 3D diameter LV ED 0.44094 0.40851

Max 2D diameter row LV ES 0.47355 0.43517

Texture 

features

Small area emphasis GLSZM 48 LV ED 0.5959 0.53206

Run Percentage GLRLM 49 LV ED 0.66864 0.6163

Busyness NGTDM 50 LV ED 0.16338 0.22289

Busyness NGTDM LV ED 0.11957 0.15934

Large dependence emphasis GLDM 51 LV ED 0.27513 0.31963

Large dependence emphasis GLDM LV ES 0.19574 0.23733

Large dependence low gray level emphasis 

GLDM LV ES
0.05626 0.07019

Small dependence emphasis GLDM LV ES 0.52913 0.39997

Volume and 

shape + 

texture 

features

Long run emphasis GLRLM LV ED 0.11775 0.18665

Run percentage GLRLM LV ES 0.76263 0.66469

High gray level run emphasis GLRLM LV ES 0.43734 0.28238

Large dependence low gray level emphasis 

GLDM LV ED
0.050938 0.12822

Large dependence high gray level emphasis 

GLDM LV ES
0.35341 0.28671

Small dependence emphasis GLDM LV ES 0.59205 0.37584
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Table 2. Result of the majority voted features in the three analysis.



number of tests according to the Bonferroni correction for multiple comparison tests. In 

the first analysis the p-value to reject the null hypothesis is 0.025000 or lower, in the 

second analysis is 0.006250 and in the third is 0.008334. 

In Table 3 it can be seen the p-values obtained for the three analysis. 

The results of the p-values show that in all the cases the null hypothesis has to be 

rejected and that all the differences between group A and group B are significant in all 

the features analyzed and for the three analysis made. 

3.3. Results of the qualitatively demonstration of the potential for the 

discrimination of cardiovascular imaging phenotypes in hypertension 

The aim of this part is to demonstrate if there is potential for the discrimination of 

cardiovascular imaging phenotypes in hypertension subjects made by CIMLR. In order 

to do that, and as already explained in the methods, SVM algorithm is applied.  

After the optimization of the parameters and the use of cross validation to be able to use 

all the data, the accuracy of the classification task is evaluated.  

p-values for volume 
and shape features

Feature 1 Feature 2

0.0038 0.0027

p-values for texture 
features

Feature 1 Feature 2 Feature 3 Feature 4

7.2558·10-12 2.9083·10-18 5.4204·10-39 1.9197·10-28

Feature 5 Feature 6 Feature 7 Feature 8

6.8707·10-15 2.0735·10-14 1.4731·10-10 9.8129·10-28

p-values for all the 
features

Feature 1 Feature 2 Feature 3 Feature 4

1.9505·10-47 1.0526·10-48 1.2670·10-86 1.8568·10-107

Feature 5 Feature 6

2.1993·10-09 3.2493·10-71
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Table 3. Result of the p-values for statistical differences in radiomics features.



As already mentioned, for every analysis and every combination of the parameters, 50 

iterations are done in order to be more precise. Two parameters are optimized, the box 

constraint C and the kernel scale Gamma. 

The results for the optimization of the parameters can be seen in Figure 26 to 28 for the 

three analysis respectively. 
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Figure 26. Optimum parameters of C and Gamma after applying 50 iterations of SVM with 
volume and shape features.
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Figure 27. Optimum parameters of C and Gamma after applying 50 iterations of SVM with 
texture features.

Figure 28. Optimum parameters of C and Gamma after applying 50 iterations of SVM with all 
the features.



The best combination is the one that is repeated more along the 50 iterations for the 3 

analysis made. In all the cases it can be seen how the best combination is the one with a 

box constraint C of 100 and a kernel scale Gamma of 10. 

SVM and cross-validation is applied again but only with the optimum parameters 

calculated before and 50 iterations are also done. Then the accuracy is calculated for all 

the iterations and plotted. 

The results of the accuracy obtained for all the analysis are shown in Figure 29 to 31. 
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Figure 29. Accuracy obtained after applying 50 iterations of SVM with volume and shape 
features.
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Figure 30. Accuracy obtained after applying 50 iterations of SVM with texture features.

Figure 31. Accuracy obtained after applying 50 iterations of SVM with all the features.



In all the cases it can be seen how the accuracy obtained is around the 80%. In the case 

of the volume and shape features the accuracy is slightly lower. However, the results 

obtained show that the clustering done by CIMLR using radiomic features has somehow 

relation with other variables related to the lifestyle, age, sex and BMI of the subjects. 

In order to be sure that the optimization of the parameters has been done correctly, in 

Figure 32 it can be seen the accuracy obtained along the 50 iterations for the volume 

features using a box constraint and a kernel scale of 1,000 which is not the optimal 

combination.  

As it can be seen in Figure 32 when not using the optimal parameters the accuracy is 

much lower. 
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Figure 32. Accuracy obtained after applying 50 iterations of SVM with volume and shape 
features and not the optimal combination of parameters.



Chapter 4: Discussion and conclusions 

4.1. Discussion 

Multiple tasks have been done in this thesis thus many results have been obtained. The 

first task done has been the quantitative evaluation of the potential for the 

discrimination of CIMLR of cardiovascular imaging phenotypes based on healthy and 

myocardial infarct subjects. The comparison between the results of the accuracy 

obtained after applying FFS with k-means and CIMLR proves the ability of the second 

method to discriminate cardiovascular image phenotypes. The accuracy obtained in the 

classification tasks between healthy and myocardial subjects is higher in CIMLR than in 

k-means up to 6 features.   

Despite obtaining good results in the accuracy when FFS is applied, feature ranking has 

not demonstrate to work properly with the data used for the analysis. The maximum 

accuracy obtained has been 61% for 4 features used compared to the almost 80% 

reached with FFS.  

The accuracy of CIMLR and k-means using FFS of k-means is approximately the same. 

However, when FFS of CIMLR is applied, the accuracy of k-means goes below the 

30%. With all of that, the results obtained when using three features suggest that in 

CIMLR, although not introducing the features with which more accuracy is obtained, it 

is able to discriminate better than k-means as the accuracy is not lowered as much as k-

means does. 

Again, looking at the results obtained when using only three features in feature ranking, 

it seems to not perform well as the accuracy obtained is around 50% and 60%. The 

result is lower than when FFS is applied. Moreover, the accuracy obtained with CIMLR 

is slightly higher than the one obtained with k-means. 

The evaluation of the optimum number of clusters within the population of hypertensive 

patients suggests that there are two clusters in the group. The results obtained are the 

same for the three analysis performed with the different features. Despite choosing 2 as 
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the optimal number of clusters, there is not any analysis in which the three groups made 

coincide in being as optimal this number. 

Once the clustering is applied imposing 2 groups in the three analysis and for the three 

groups of 300 patients the assumption that subjects of the group 1, 2 and 3 belonging to 

the same group should behave similar is done. This is the hypothesis made in order to 

join into two clusters the 900 (3 groups of 300) patients analyzed in total. However, as it 

is an hypothesis we cannot be sure at 100% that all patients behave equal. Despite that 

fact, results show that the differences in the clusters for the three analysis are significant 

obtaining p-values much lower than the threshold.  

The analysis of all the features together show that all the most voted features are related 

to texture and any of them is related to volume and shape meaning that texture could 

have more importance to stratify hypertensive patients than volume and shape. The 

features are related to two different matrices related to texture quantification. The first 

one is related to the  grey-level run length  matrix (GLRLM), which indicates the 

number of occurrences of pixels with the same gray value in a specific direction 49. The 

second one is related to the grey-level dependence matrix (GLDM) that calculates the 

level of gray dependencies in an image which is the number of voxels that are 

connected to a center voxel in a determinate distance 51. 

To prove the relation of the stratification done by CIMLR based on radiomics, SVM 

technique and lifestyle features have been used. The features that have been included 

have proven to influence hypertension according to literature, such as diet, smoking 

habits or physical condition. A classification task is performed applying SVM. 

Moreover, cross validation is applied in order to avoid overfitting and also because it 

offers the possibility to use all the dataset for training and for testing. Furthermore, an 

optimization of parameters is implemented.  

Results show an accuracy of around 80% in all the cases. Also, it has been checked that 

when using non-optimal parameters the accuracy is lowered. However, although it does 

not imply much difference, in the case of the volume and shape features analysis, the 

accuracy is slightly lower than in the other two cases, which may have relation to the 

fact that in the majority voting of the analysis in which all the features are used the most 
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voted features have relation with texture. Despite this fact, the stratification performed 

by CIMLR of the hypertensive patients seems to have coherence. It seems that a relation 

between the two clusters identified by CIMLR algorithm using cardiovascular 

radiomics features of hypertensive patients and the lifestyle and physical characteristics 

of the subjects exists. 

4.2. Conclusions 

The necessity of applying stratified medicine to substitute the conventional One-size-

fits-all medicine and the personalized medicine makes important the evaluation and 

study of algorithms like CIMLR.  

The algorithm has demonstrated to be able to discriminate cardiovascular phenotypes 

when a classification task between healthy and patients who have suffered from 

myocardial infarct is performed. However, feature ranking has not been proven to be 

suitable to discriminate. 

CIMLR has demonstrated to be a good algorithm to perform data stratification. Texture 

features seems to be more significant that the ones related to volume and shape to 

differentiate the different latent groups in the hypertensive population. Finally, the 

stratification has proven to have coherence as the results of the accuracy of the 

classification task using lifestyle data and a SVM algorithm are satisfactory. 
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