
 

 

Master thesis on Intelligent Interactive Systems 

Pompeu Fabra University 

 

 

 

Feature selection from large-scale radiomics 

data: Application to heart disease diagnosis 

 

 

Author: Cristian Izquierdo Morcillo 

Supervisor: Karim Lekadir, PhD 

Co-supervisor: Irem Cetin, MSc 

 

 

September 2018 

 



  



 

 

Master thesis on Intelligent Interactive Systems 

Pompeu Fabra University 

 

 

 

Feature selection from large-scale radiomics 

data: Application to heart disease diagnosis 

 

 

Author: Cristian Izquierdo Morcillo 

Supervisor: Karim Lekadir, PhD 

Co-supervisor: Irem Cetin MSc 

 

 

 

September 2018 



 

 

  



Table of Contents 

 

1. Introduction ...................................................................................................................... 15 

1.1. Medical Imaging .......................................................................................................... 15 

1.2. Radiomics ...................................................................................................................... 16 

1.3. Limitations of radiomics ............................................................................................ 18 

1.4. Motivation ..................................................................................................................... 20 

1.5. Goals ............................................................................................................................... 21 

2. Materials and methodology ........................................................................................... 22 

2.1. Dataset description ...................................................................................................... 22 

2.2. Feature selection technique....................................................................................... 24 

2.3. Predictive model .......................................................................................................... 24 

2.4. Metrics ............................................................................................................................ 24 

2.5. Computational Tools .................................................................................................. 25 

2.6. Workflow ........................................................................................................................ 26 

2.7. Data acquisition ........................................................................................................... 26 

2.8. Data taming .................................................................................................................. 27 

2.9. Validation schema ....................................................................................................... 28 

3. Results ................................................................................................................................ 30 

3.1. Results of data taming ................................................................................................ 30 

3.2. Results of the feature selection ................................................................................. 33 

3.3. Model performance in validation ............................................................................. 35 

3.4. Feature enrichment ..................................................................................................... 37 

4. Discussion ......................................................................................................................... 40 

5. Further research ............................................................................................................... 43 



6. Bibliography...................................................................................................................... 44 

 

 

 



Dedication 

This is dedicated to my future self. Whenever you read this: 

“This too shall pass”  



 

 



Acknowledgments 

I would like to acknowledge my tutor, Karim Lekadir, for his guidance in this journey, and Irem Cetin, for 

providing all the resources and helping me with coding issues that came up along the elaboration of the 

thesis. The main base of this project belongs to Karim Lekadir and Irem Cetin and all my implementations 

were performed over their magnificent job. 

  



  



List of abbreviations 

 

• AI: Artificial intelligence: 

• FS: Feature Selector 

• CV: Cardiovascular  

• ANOVA: Analysis of Variance 

• RV: Right Ventricle 

• LV: Left Ventricle 

• MYO: Myocardium 

• GLCM: Gray level concurrency matrix 

• GLDM: Gray level dependence matrix 

• GLRLM: Gray level run length matrix 

• GLSZM: Gray level size zone matrix 

• ROI: Region/s of interest 

• PET: Positron Emission Tomography 

• Cine MRI: Cinetic Magnetic Resonance Image  

• CT: Computed Tomography 

• SVM: Support Vector Machine 

• DCM: Patients with dilated cardiomyopathy 

• HCM: Hypertrophic cardiomyopathy 

• MINF: Myocardium infarction 

• NOR: Normal Subjects 

• ARV: Abnormal Right Ventricle  

  



  



Abstract 

Radiomics have become in the past years one of the most interesting fields to be studied and 

analyzed in medicine. Since their first implementations, researchers have been trying to 

design new algorithms to develop this tool in order to predict with higher accuracy the 

appearance of some diseases like cancer. In this thesis we will focus in a method for feature 

selection, one of the most challenging questions that come up when working with radiomics. 

The aim of this new algorithm is to improve the accuracy and efficiency by making use of 

parallel computing. We will face, as well, one of the main issues of the new century, dealing 

with the Big Data.  
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1. Introduction 

 

1.1.       Medical Imaging 

Non-invasive medical imaging, such as magnetic resonance (MR) imaging, computed 

tomography (CT), and positron emission tomography (PET), is routinely used for assessing 

tumor and anatomical tissue characteristics for cancer management [1]. Furthermore, 

imaging can potentially provide valuable information for personalized medicine that aims to 

tailor treatment strategy based on the characteristics of individual patients and their tumors 

or cardiovascular diseases. The main purpose of AI on the medicine field are to find new 

and accurate solutions to help doctors in the assessment of a disease.  

In image acquisition, the challenge was to improve the hardware to obtain more accurate 

representations of the human body and with the enough information to, as we mentioned 

before, skip the invasive practices [1]. The new technical advances implemented allowed new 

visualization of tissues and hardly accessible parts of the organ. For example, in the last 

decade we moved from single slice CT to multiple slices CT and CT/PET. [1]. This 

improvements in hardware and the increased number of tissues that can be analysed in a 

single image (or a burst of them) means that we can extract new characteristics of the regions 

that were unrevealed in the past years. 

Despite the promise of medical imaging to assess tumor/abnormalities heterogeneity, 

imaging features are often assessed visually and described qualitatively by radiologists or 

nuclear medicine physicians (e.g. Right ventricle abnormality, thick Myocardium structure, 

etc). However, these visual assessments can suffer from a large intra and inter-observer bias. 

Therefore, it is important to objectively and in a reproducible way to quantify several imaging 

features that may reveal the nature of the disease. [2]. 
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1.2. Radiomics 

 Radiomics is a field of medical study that aims to extract large number of quantitative 

features from medical images using data-characterization algorithms. These features, 

termed radiomic features, have the potential to uncover disease characteristics that fail to be 

appreciated by the naked eye [2]. 

 

Researchers found that the implication of this Radiomics procedures may be useful in terms 

of therapeutic response, prognosis and when designing personalized treatment for concrete 

patients. [2] 

Doctors found some limitations when performing biopsy that required some extra-time and 

an uncomfortable situation for the patient. Thanks to the technical advances in medical 

imaging over the past decade, doctors have been able to reduce two out of three biopsy 

Figure 1. Representation of Radiomics Features from medical images. [2] 
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analysis with just extraction information from textures, sizes, etc. And this is where radiomics 

came up as an important tool in the role for diagnosis. [1] 

In radiomics, there are different processing steps before getting into classification, which are 

Image Acquisition, Image Segmentation and Feature Extraction. 

 

 

 

 

The standard protocol for imaging extraction in radiomics is Computerized Tomography [2]. 

Once we obtained the images, the first part implemented in the Radiomics process is called 

segmentation, a central role task in most part of imaging procedures, since it’s the ability to 

recognize and extract/analyse concrete regions of interest (ROI) (e.g. Shape, which plays an 

important role on characterization of benign and malign tumours).Therefore, with the 

segmentation process, we already can extract some relevant complex features. [3] 

The second part of the process is called feature extraction. From the ROI obtained in the 

previous step, there is the application radiomics extractor to get quantitative data of the 

defined region. This feature extractor mentioned before can be a Python Library called 

PyRadiomics [22]. In Radiomics, some applications are introduced by phenotype (e.g. BMI 

& Gender) and omics data (e.g. Genomics) to have deeper insight on to the biological system 

under study. [1] These features involve descriptors of intensity distribution, texture 

heterogeneity patterns, spatial relationships between the various intensity levels, descriptors 

Figure 2. Radiomics flowchart. [1] 
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of shape and of the relations of the concrete region with the surrounding tissues. Image 

features can be divided into 6 different classes, according to [3]. 

1) Shape based (Surface area, volume, Diameters, ...) 

2) Intensity first order statistics (e.g. mean, standard deviation, energy, entropy…) 

3) Gray level concurrency matrix (GLCM) (autocorrelation, contrast, dissimilarity…) 

4) Gray level dependence matrix (GLDM) (Dependence Variance, Dependence Non-

Uniformity Normalized, etc) 

5) Gray level run length matrix (GLRLM) (short/long run emphasis, Gray level 

run/length non-uniformity, etc) 

6) Gray level size zone matrix (GLSZM) (small/large area emphasis, zone percentage, 

etc) 

As we can see in the characteristics of the features commented before, there are complex 

features (e.g. Texture Intensity) that justify the use of computational tools to extract its 

information [4] 

 

1.3. Limitations of radiomics 

Radiomics features’ quantification and analysis may be sensitive to several technical factors. 

[2]. Described below there is a brief description about the most important limitations of this 

technique: 

Imaging challenges 

In routine clinical image acquisition, there is wide variation in imaging parameters such as 

image resolution (pixel size or matrix size and slice thickness) patient position, and the 

variations introduced by different reconstruction algorithms and slice thicknesses, which are 

different for each scanner vendor. Even this simple set of imaging issues can create difficulty 

in comparing results obtained across institutions with different scanners and patient 

populations. In addition, it is a challenge to identify and curate a large number of image data 

examples with similar clinical parameters such as disease stage. Since radiomics need large 
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amounts of data, it is important as well to standardize the procedure for medical imaging so 

we an all create large datasets available for research.  

 

Segmentation challenges 

Segmentation is a crucial step in radiomics.  Manual segmentation by expert readers is often 

treated as ground truth. However, it suffers from high inter-reader variability and it takes 

large amount of time (not efficient); Therefore, it is not feasible for radiomics analysis 

requiring very large data sets. Many automatic and semiautomatic segmentation methods 

have been developed across various image modalities (CT, PET and MRI) and also for 

different anatomical regions like the brain, breast, lung, liver, etc. Though different image 

modalities and organ systems require different segmentation approaches, all share a few 

common. There a few common requirements for image segmentation although different 

organs require different approaches The segmentation method should be as automatic as 

possible with minimum operator interaction, should be time efficient, and should provide 

accurate and reproducible boundaries. Most part of the methods require an expert to select 

the ROI. While these methods are most suitable for relatively homogenous regions, they can 

be user dependent and often introduce significant inter-observer variation in the 

segmentations. [2] 

Therefore, it is important to have a segmentation algorithm which is automatic and 

reproducible. The reproducibility of a manual or automatic segmentation of tumors/CV is a 

known issue. Inter- and intra-reader reproducibility significantly varies. In radiomics, sources 

of variations come from acquisition of images, segmentation and analysis, and should be 

minimized. [4]  

There is no universal segmentation algorithm that can work for all medical image 

applications. With proper parameters settings, each segmentation could segment ROI 

automatically or semi-automatically. However, the result of each segmentation will be quite 

different, and even for the same algorithm performed multiple times with different 

initializations, results may be variable. Hence, it is very important to develop agreed-upon 

metrics to evaluate segmentation algorithms. Nevertheless, there is not yet a standard 

evaluation for segmentation procedures. 
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Feature Selection challenges 

Depending on the number of filters, feature categories, and other adjustable parameters, the 

possible number of radiomic features that can be extracted from images is virtually unlimited. 

[1] The inclusion of all possible features in a model would inevitably result in over 

characterization of the samples, which jeopardizes model performance in patients not 

previously evaluated. To avoid this, features that lack robustness against sources of variability 

should be eliminated and the most defining features must be selected through statistical 

techniques. [5] 

Numerous methods can be applied to reduce the number of radiomic features [10] [14]. The 

selected features can then be combined using various multivariate (classification) models to 

predict treatment outcome, tumour genetics, prognosis, metastatic potential, etc. 

Dimensionality reduction can also be achieved by combining or transforming the original 

features to obtain a new set of features by using methods like principal component analysis 

(PCA) [4]. Therefore, as a summary, there are three main requirements that features must 

comply: highly reproducible, informative and non-redundant. 

 

1.4.  Motivation 

The motivation of this challenge we are involved, according to the initial description is to 

“compare the performance of automatic methods on the segmentation of the left ventricular 

endocardium and epicardium as the right ventricular endocardium for both end diastolic and 

end systolic phase instances”. As introduced before, most cases are related with bi-class 

classification but in this challenge, they are facing a multi-label case that implies higher 

difficulty. This motivates us to find an algorithm that can provide a solution to one of the 

most relevant challenges of radiomics (and Big Data) like is Feature Selection. 
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1.5.   Goals  

The goals of the thesis are presented below:  

Generic goals: 

• Find a predictive model that classifies a multilabel case  

• Reduce time of performance and make it more efficient in parallel computing. 

• Design an algorithm that can be easily interpreted by clinical departments. 

Specific goals: 

• Reduce dimensionality of our dataset to be applicable for other FS techniques. 
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2. Materials and methodology 

 

2.1. Dataset description 

Our data is provided by the Challenge “Automated Cardiac Diagnosis Challenge (ACDC) by 

the University of Lyon, France. The challenge consists into compare the performance of 

automatic methods for the classification of the examinations in five classes (normal case, 

heart failure with infarction, dilated cardiomyopathy, hypertrophic cardiomyopathy, 

abnormal right ventricle.) 

The dataset it is composed by 150 patients with 3D cine-MR datasets acquired in clinical 

routine. In our dataset we must perform a 5-label classification, according to the labels 

provided by the dataset information’ file for each patient. The different cardiovascular 

diseases that we will classify can be divided in the following groups:  

a) Normal subjects (NOR) 

b) Patients with dilated cardiomyopathy (DCM) 

c) Hypertrophic cardiomyopathy (HCM) 

d) Abnormal right ventricle (ARV) 

e) Myocardial infarction (MINF) 

 

The images were obtained at the University Hospital of Lyon by using a standard CMR 

protocol and MRI scanner. In the figure 4, we present the different abnormalities we will 

assess in this project. The images are colorized and segmented in the regions of interest for 

each condition.  

a) Right Ventricle 

b) Left Ventricle 

c) Myocardium 
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The segmentation was already provided in our project with the correspondent masks, 

therefore we will not get into details about this area. There are some specific descriptors for 

each of the Radiomics Features (this descriptor will be contained in the name of the feature 

extracted): 

• Frame: type of image where we obtain the features from. 

o ED (Diastolic phase) or ES (Systolic phase) 

• Type: type of feature (in terms of morphology or for example, intensity/textures) 

o Shape, First Order, GLRLM, GLCM, GLDM, GLSZM 

• Normalization: type of Normalization parameters 

o Exponential, Logarithmic, Original, Square, Wavelet.LLH, etc 

• Location: area of the heart where the feature is extracted. 

o RV (Right Ventricle), LV (Left Ventricle) or MYO (Myocardium) 

• Metric: Magnitude measured. 

o Entropy, Volume, Diameter, Gray level, etc. 

Example of a feature: ES_RV_Original_Shape_Diameter2DRow 

 

Figure 3. Image of the four segmented abnormalities studied in this project. Top: ED. Down: ES [3] 
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2.2.   Feature selection technique 

For the feature selection technique, we will implement ANOVA (Analysis Of Variance). The 

reason for using ANOVA [18] is because is a strong statistical tool that is useful for 

comparing (testing) three or more group means for statistical significance. It is conceptually 

similar to multiple two-sample t-tests. 

To visualize the efficiency of the feature selection technique, we will plot in 3.2 section 

different PCA of the process. We will plot a PCA-Biplot as well, which is a PCA with the 

feature vectors, to represent the direction of pointing of the relevant features and how each 

of them conformed the shape of the last PCA distribution. 

 

2.3. Predictive model 

For the classification model we will use Support Vector Machine technique. SVM employs 

an optimization algorithm to maximize the (linear) margin between two classes or multiclass 

SVM. Using kernels, the SVM can be extended to non-linear classification. [16] On the 

previous knowledge in the laboratory [3], they proved that SVM is the classifier that best 

perform in previous studies on this field.   

 

2.4. Metrics 

The metrics presented in this thesis will be the following ones: 

• Sensitivity, Specificity and Balanced Accuracy to prove the performance of the 

model. 

• Confusion Matrix to determine where the misclassifications occur. 

Once best features are extracted, an overrepresentation analysis on the feature hierarchy will 

be performed by comparing to random expectancies 

https://en.wikipedia.org/wiki/Statistical_significance
https://en.wikipedia.org/wiki/Multiple_comparisons_problem
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2.5. Computational Tools 

The main idea is to use R programming language [14] for this step because it is a free access 

tool with a strong statistical base, highly supported with online documentation and used 

widely in biological fields. Also, R allows us to design easily an algorithm that can be run in 

parallel. 

In R coding we will implement the following packages: 

• ANOVA test, a multilabel t-test from an internal R package. 

• For parallel coding, we will use the R package “doParallel” 

• The SVM technique is provided by an R coding package called “e1071”. 

• Statistical metrics will be presented with the R package CARET. 

• Correlogram plotting implemented with the R package “corrplot”. 

In Python coding we will implement the following packages: 

• Pandas package for data frame extraction 

• PyRadiomics [22] is an open source python package, and it is intended to be used to 

extract radiomic features from images. 

• NumPy library for mathematical operations/conversions. 
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2.6. Workflow 

As an explanatory schema, presented below is the process diagram of the methodology we 

implemented in our thesis. On the following pages they will be explained with details.  

 

2.7.    Data acquisition 

The first step of our project was to extract the different datasets with the radiomic features 

for each patient. We had basically, 3 different data frames to be working with later. From the 

dataset training, we performed an iterative algorithm to extract the features for two different 

images of the same patient with their own mask. With these, we were able to create a matrix 

of 100 rows and 7327 features. Those features will be, as the project goes on, the key point 

of our study and implementation. Moving on to the next data frame, we needed some 

labelling for our future supervised learning algorithm (SVM). To get that, we extracted the 

list of the Group that each patient belonged, since we had that information located in the 

“Info.cfg” file.  

Figure 4. Methodology schema 
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The numeric values adopted for the label list are the following ones: 

 

For the testing data set, we applied the same python algorithm for data extraction, but with 

the only difference that this time we used the Ground Truth as the masks for testing. In 

testing, the resulting data frame was 50 rows and 7327 features as well.  

The dataset was full of inconsistencies that should be remove, so that leads us the section 

presented below. 

 

2.8. Data taming 

In data science, cleaning and applying some treatment to the data has become one of the 

most important tasks. Having a dataset with almost 7500 features makes it unpracticable to 

work with, since there is an amount of data that may be irrelevant or highly correlated. Hence, 

we applied different steps to clean our data bases, that include NA and highly correlated 

features removal over 80%.  

Table 2. Labelling list for each disease 

Table 1. Dataframe list and details. In the case of the labelling data frame, the feature is a numerical label 
defined on table 2. 
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2.9. Validation schema 

For the validation schema we used the following algorithm: 

 

 

Select a cap for the optimal number of features per comparison. In our case, Kmax = 5, to 

avoid problems with dimensionality.  

For n=100; being n: number of iterations 

1. Random subsampling of the dataset in a 75-25 strategy. 

2. Perform ANOVA test and obtain p-value for each feature per comparison on 

train subset. 

3. Train SVM with different amount (K=1, 2...5) of unique differential features per 

comparison. (i.e. K=2, 2 differential features per comparison 1-2, two per 1-3 

comparison…) and test its performance on the subset test to assess non-

overfitted metrics.  

 

When 100 iterations complete: 

1. Calculate average overall accuracy for every group (as a function of K) 

2. Select the best overall accuracy over the test performances 

3. Define the optimal number of features Kopt of the group with the highest 

overall accuracy 
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Once we know the optimal number of features, we apply another ANOVA test this time but 

now on the actual full training dataset of 100 patients. Here we obtain the p-values for every 

feature in a single label comparison in our dataset and we select them as the most significant 

ones according to the number optimal of features per comparison (Kopt) we obtained 

before. We decided to keep the most significant ones, called from now on best features, for 

every single comparison (1-2 comparison, 1-3 comparison, etc) and selecting the unique ones, 

so we remove the ones that are repeated. Then we train SVM on the full training dataset and 

validate the results on the testing dataset provided at the beginning of the project. 

 

 

 

 

Figure 6. Schema to obtain the optimal number of features per comparison 

Figure 7. Schema for validation after FS 
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3. Results 

In this section below are presented the results of our thesis. 

 

3.1. Results of data taming 

The first part was removing the irrelevant columns since not all of them were numerical 

columns. With this part, we removed 72 columns, transforming our dataset (Training and 

Testing) into a 100x7255 matrix and 50x7255 respectively.  

The second step was to remove all the features (columns) that contain some Nan (NA) 

values. At the beginning of this project we considered to convert NA values into 0, but we 

found out later that the number of features with NA values in its column were a very short 

quantity (only 11 features), and some of them contained almost all NA values (for example, 

feature “Exponential_ngtdm_Constrast” had 88 of 100 NA values). With this, we are removing 

11 features (7244 remaining) that do not contain much relevant information (since not all of 

them were in the same feature) considering the massive size of our dataset.  

On the third step, we made the consideration by looking at our data, that some of the features 

might me highly correlated since many of them depended on size/shape/volume [19]. We 

basically performed a correlation analysis and its correspondent correlogram on our data set 

to see all the features that were correlated with a 0.8 cut off. With this step, we transformed 

the remaining 7244 into 857. 

Once we performed all these cleaning treatments, the final dataset becomes a 100x857, which 

is an amount of data easier to work with. With our datasets ready, we are set to start with 

feature selection algorithm. 

 

 



31 

 

 

 

Presented above there is an example of subset of features to prove the high correlation 

between many of them. The dark red and dark blue regions represent the high correlated 

zones. As an appreciation, this is a short subset of the total dataset because the task of 

plotting the 7244 features would require a very long time to be processed. Nevertheless, the 

correlogram with bigger subsets represented bigger blue areas, which it means that most part 

of the features are highly co-lineal.  

 

 

Figure 8. Subset of feature correlation between them. 



32 

 

 

On the other hand, in this example case, another correlogram after performing some data 

taming in the algorithm, we found that our subset this time is slightly correlated at some 

features but under 80%. As a summary, the data taming processed as follows:  

 

 

Figure 9. Correlation between selected 15 best features 

Figure 10. Data taming process 
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3.2. Results of the feature selection 

 

The results of our feature selector are presented below, and the different classes can be easily 

visualized in the PCA after its application. 

 

 

Figure 11. PCA before feature selection  

Figure 12. PCA after feature selection  
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The list of the selected best features in this procedure is constituted by 22 features, which 

are the following ones:  

 

 

 

 

 

 

 

 

 

 

Table 3. List of best features 

Figure 13. PCA-Biplot representation. Each feature represents a vector and indicates the direction where 
they are pointing at, to understand the effect of each single feature in the distribution we obtained. 
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3.3. Model performance in validation 

With the model created through the 100 iterations, we ensured that our model will get a 

balanced accuracy values from an interval 0.75-0.85 IC=95%. Regarding this, when training 

on the full training dataset and validating on the “real” testing dataset of 50 patients, the 

values we obtained through 10 runs of the algorithm were between 0.78 and 0.82, with the 

0.82 with highest frequency (50%) and 22 features. In the following table we will display the 

results of the validation (peak values) of our method with SVM classification. 

 

Considering the values of balanced accuracy obtained for both classes 1 and 4 in the method, 

they are both the ones with lowest accuracy values (0.8253 and 0.8046 respectively). This 

same issue seems to reproduce in the comparison between Class 2 and Class 5, but we 

decided not to consider them since the results obtained show a great balanced accuracy and 

better sensitivity. Checking the confusion matrix of the method, we can observe the 

misclassification in the classes commented before: 

 

Table 4. Model performance in validation metrics 

Table 5. Confusion Matrix 
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The method we implemented does not seem to have any fissures, it is built correctly and 

validated, and the results we obtained are plausible with the ones that we should be expecting. 

In order to prove the correctness of our algorithm, we trained the null model to see the 

difference with our model in terms of accuracy.  

 

 

In the Null model accuracy distribution over 100 iterations (Figure 14), the accuracy that we 

would expect would be around 0.2 (1/5 per class when randomizing labels). As expected, 

the distribution confirms that with a random label, the algorithm does not learn from data. 

On the other hand, with correct labels our algorithm proves that there is a learning process, 

since our accuracy is around 0.85 in test (Figure 15 and 16).   

 

Figure 16. Null model comparison box plot 

Figure 14. Null Model Accuracy Distribution Figure 15. Model Accuracy Distribution on Test 
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In terms of efficiency, this algorithm that provides a solution with a reasonable and short 

running time. 

 

3.4. Feature enrichment 

The best selected features presented in this thesis have some attributes and belong to the 

groups introduced in the introduction section, according to the labels for each column and 

presented on the data description section. 

 

 

 

 

Table 6. Time performance 

Table 7. Feature enrichment list of the 22 best features 
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Furthermore, we will analyze the results of the features we obtained in terms of stratification: 

frame (ED or ES), Location (RV, LV or MYO), Normalization (Exponential, Logarithm...), 

Type (Shape, First Order, GLCM…) or Feature (Volume, Major Axis, Minor Axis, 

Skewness…). We will present the number obtained for each stratification compared with the 

number that we should expect if features were selected equally random. (As an example, if 

we have 100 red and blue balls respectively, if we pick a random 10 ball sample we would 

expect statistically 5 red and blue balls respectively.) In the presentation of this results we will 

include the variable Representation, that means how much a characteristic of a feature is 

presented. Representation would be determined according to the following labeling: 

 

• Proportion > 1.5 = Overrepresented 

• Proportion < 0.5 = Underrepresented 

• Proportion between 1.5 and 0.5 = Equal 

 

 

 

 

 

 

 

Table 8. Obtained – Expected table per Frame stratification 

Table 9. Obtained – Expected table per Location stratification 
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Table 10. Obtained – Expected table per Normalization stratification 

 

Table 11. Obtained – Expected table per Type stratification 

 

Table 12. Obtained – Expected table per Metric stratification 
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4. Discussion 

One of the main points of the discussion should be the misclassification (the lowest balanced 

accuracy rate) for the Class 4. According to the PCA we obtained in the figure 12 (presented 

again below for convenience), we can see that there is some overlapping between Class 4 and   

Class 1.  

 

 

We plotted the PCA in a 3D space, so we can observe if both classes not only seem to be 

equally distributed in 2D but in 3-dimensional space as well. While other misclassifications 

seem to have some differences in a 3D space, the differences between Class 1 and Class 4 

are inexistent. Actually, both classes seem to belong to the same group, clearly differenced 

from the rest of the classes. 

Figure 17. PCA plot representation after FS. Remarked region where overlapping (misclassification) 
occurs. 
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Trying to identify the issue, we can observe a reasonable explanation in the figure 25 

presented in the data description section of this thesis. (Presented below as well for 

convenience of the analysis). Morphologically, the two abnormalities corresponding to Class 

1(DCM) and Class 4 (MINF) are most similar ones, with a same ring shape with a slightly 

variation of thickness in the MINF (Class 4).  

 

Figure 20. Abnormalities morphology for segmentation 

Figure 18. 3D PCA representation in PC1-PC2 (Actual PCA) Figure 19. 3D PCA representation in PC2-PC3 
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Then the problem in this case, considering the similarity between them in terms of 

morphology, and since some of the features that we selected belong to the group/type 

“Shape”, seems to be plausible the misclassification of these to heart abnormalities belongs 

to a segmentation discussion. One idea for further investigation would be to just select for 

this concrete classification features that do not belong to the “shape” group/type.  

Checking the results of the ANOVA in the IFS algorithm, the list of best features for the 

comparison Class 1(DCM) vs Class 4(MINF) are: 

 

1. Major Axis (Shape) 

2. Maximum 2D Diameter Row (Shape) 

3. Maximum 2D Diameter Slice (Shape) 

4. Minor Axis (Shape) 

 

 

The second part of the discussion leads us to the feature enrichment section. In the case of 

the frame stratification, the distribution was almost 50% for ED and ES in the whole dataset, 

but in our best features list we obtained 19 ES and only 3 ED, which is representative for 

our model that most part of the relevant information for classification is located in the ES 

frames. On the other hand, when observing the results in the stratification Location, we can 

assume that we obtained the results we expected and affirm that the three locations have 

significant information for our classification algorithm.  

For the Normalization type, we can extract an undoubtable conclusion: keeping the 

parameters as much simple as possible ensures a better performance of our classification 

algorithm. Original, Logarithm and Exponential should be the normalization parameters to 

analyze and consider for further research. 

From the Type stratification we have very important information to extract. While three of 

the types (First Order, GLDM and GLSZM) have an expected representation, we obtain an 

underrepresentation for the GLCM type and an overrepresentation for GLRLM and Shape. 

Getting deeper into the details, the representation of the type Shape is greater (by a factor of 

6) than anyone else. In our cleaned dataset (857 features) there were just 18 features from 

shape, and 6 of them were selected in our best features list. This means that Shape plays and 
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important and remarkable role in the classification algorithm and it must be considered for 

further investigations.  

In consequence, observing the metric stratification we can observe that some of the feature 

are highly overrepresented. But these metrics have a plausible explanation, since almost all 

of them are shape characteristic (Minor Axis, Major Axis, Maximum 2D Diameter 

Row/Slice, etc), therefore they are correlated with the shape type importance we commented 

in the section above. 

1 2 34567891011127713141516171819202122 

 

5. Further research 

The authors of the thesis suggest some steps for further research: 

I. Apply SFFS from MLX tend library on the reduced/cleaned subset (857) of features 

we determined in order to prove how much more efficient is SFFS with less features. 

 

II. According to the figure 3. In the Introduction section of our thesis, it would be 

interesting to prove several combinations of our FS with different classification 

methods to determine the variability. 

 

 

 

1  
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