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Manual interpretation of these huge amounts of image volumes are susceptible to inter-reader variability and human error. Thus, 

accurate automated CAD scheme is highly desirable in clinical pathological diagnosis. In this research, plethora of machine learning 

paradigms (e.g. feature extraction, dimensionality reduction and supervised classification methods) were explored, evaluated, 

compared and analyzed to identify the optimal pathway for brain MR images (normal vs neoplastic) binary classification task. 

External validation dataset was used to test the generalizability of the optimal predictive models implemented. Relevant and 

informative features were selected to construct cross-validated decision tree and eventually simple rule set was built based on the 

decision tree. The experimental results show that almost all pattern recognition paradigms achieve high accuracy with careful 

selection of number of attributes. LDA+ELM with 55 features are the optimal pipelines which achieve perfect classification when 

training and test data are of same source; and achieving (accuracy=97.5%, AUC=0.989, sensitivity=95% and specificity=100%) 

under balanced test dataset; (accuracy=99.5%, AUC=0.988, sensitivity=95% and specificity=100%). Cross-validated decision tree 

model also shows comparable performance: accuracy=98.8%, AUC=99.1%, sensitivity=99.6% and specificity=98.2%. Three highly 

relevant and robust attributes are visualized and selected for construction of decision tree models and finally a rule sets are read 

directly off the decision tree. This rule sets can potentially serve as fast and accurate classification algorithm. 

 

Keywords: Computer aided diagnosis (CAD), brain magnetic resonance imaging (MRI) scans, feature extraction, feature reduction, 

classifiers, classification rule. 

 

1. Background 

Brain tumor is a potentially life threatening medical condition and can inflict people, regardless of their 

age, ethnicity or gender. Early detection and diagnosis can lead to better understanding and accurate 

characterization of brain tumor, which is of paramount importance for pre-treatment planning and 

surgery and ultimately increase the chances of survival of patients. 

With the rapid advancement of biomedical image analysis technologies, coupled with development 

of statistical modeling algorithms, biomedical imaging has emerged as a powerful tool in diagnosis 

procedure aside from gold standard biopsy (resection of tissue samples) nowadays. Among the available 

imaging protocols, magnetic resonance imaging (MRI) is one of the most promising one due to its 

several properties:1) no harmful radiation, 2) multi-spectral high resolution images, 3) superior soft 

tissue differentiation, and 4) high contrast. However, manual interpretation of this enormous volumes 

of images can be tedious, time consuming and prone to both observers’ fatigue and variability in 

opinions among human experts. Therefore, automated or at least interactive computer assisted diagnosis 

(CAD) system is of great demand to facilitate accurate and quick detection and diagnosis of brain tumor 

[1]. 

By utilizing and integration of high quality imaging tool, like MRI and machine learning 

approaches, classification of brain MR images (normal vs neoplastic) using either supervised or 

unsupervised learning methods has been proposed in substantial number of papers [2, 3]. Normally, 
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supervised method achieves higher accuracy, but unsupervised method is also desirable in biomedical 

image analysis since annotated images is not readily available [4]. Despite presence of vast amount of 

advanced pattern recognition algorithms, brain MR images classification still remain an open challenge 

as there is no universally accepted optimum radiomics and classifiers. This is primarily due to 

differences in brain anatomical structures, wide variety of MRI parameters, imaging artifacts, imaging 

features that create ambiguity [5] and so on. Furthermore, some methods proposed in the literature are 

subject to overfitting (a condition where classifiers fit well to training data, but fail to generalize to 

unseen data) and there is limited clinically accepted validation process to support the superior 

classification accuracy obtained [6]. 

In view of various available machine learning algorithms being proposed and no widely accepted 

best method, the authors intend to conduct comparative study of several feature extraction, feature 

reduction and classifiers in brain MR binary classification problem (normal vs tumorous). The 

performance of these methods will be analyzed by using six performance measures: test accuracy, 

sensitivity, specificity, area under the curve of receiver operating curve (AUC), training time and test 

time. This hierarchical procedures can be named as radiomics [7]. According to [8], it is impossible to 

compare and validate performance of learning algorithms without the measure of variance. Thus, 

training and test phases for each experiments are conducted 30 times to produce unbiased performance 

measures. In addition, in order to gauge and analyze the generalizability of the machine learning 

paradigm, additional images from completely different sources are included as test dataset.  

 The contributions of this research are five-fold: 1) large amount of samples (thousands of brain 

MR images) are used as input data for feature engineering as well as classifiers training and evaluation 

regarding classification of pathologic brain MR images, 2) perform repeated sampling of training and 

test dataset for reliable and unbiased evaluation, analysis and comparison of each supervised learning 

methods, 3) extra independent test dataset (external validation set) is utilized to gauge and validate the 

generalizability of the optimal machine learning pipeline aforementioned , 4) determination of relevant 

and informative features that can provide new insight and perspective for this binary classification 

problem, 5) construction of compact classification rule, which can be readily used in CAD system. 

 

2. Methods 

The overall pipeline of the research framework is outlined in Fig. 1. This experiments were performed 

using MATLAB R2017a on Intel® Core™ i5 processor with 3.89GB usable RAM. 
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Fig. 1. Schematic diagram of research framework (brain tumor classification). The dashed circles refer 

to the important findings of this research. 

 

2.1. Data acquisition 

The brain MR images were all downloaded from some popular publicly available online database. The 

justification of using multiple sources of tumorous and normal brain T1-weighted MR images is to 

prevent the feature extracted and thus the information learned by the classifiers to be affected by or 

related to the way the MR images are acquired, like the types and parameter settings of various MRI 

machine. In other words, this step can be crucial to find distinctive, repeatable and robust feature or 

features subset in differentiating between tumorous and normal MR images regardless of the sources of 

data. The dataset used are downloaded from some online repositories and are listed as below: 

 

1) A total of 3064 slices of T1-weighted contrast enhanced MR images from 233 patients was 

downloaded from https://figshare.com/articles/brain_tumor_dataset/1512427. There are three 

kinds of brain tumor in the MR images downloaded, namely meningioma (708 slices), glioma 

(1426 slices), and pituitary tumor (930 slices). The brain T1-weighed CE-MRI dataset was 

acquired from Nanfang Hospital, Guangzhou, China, and General Hospital, Tianjing Medical 

University, China, from year 2005 to 2010. The images have an in-plane resolution of 512×512 

with pixel size 0.49×0.49 𝑚𝑚2. The slice thickness is 6 mm and the slice gap is 1 mm [9, 10]. 

1500 slices of these images were utilized as tumorous images. 

2) Another set of tumorous brain MR image volume were acquired from [11, 12]. A total of 775 

slices of image containing tumor were extracted. 

3) Tumorous brain image volumes [13] were downloaded from 

http://nist.mni.mcgill.ca/?page_id=672. Pre- and post-operative T1-weighted MR with 63 
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gadolinium have been acquired from 14 brain tumor patients at the Montreal Neurological 

Institute in 2010. A total of 100 MR images were extracted. 

4) 581 brain T1 weighted MR image volumes from normal subjects was downloaded from 

http://brain-development.org/ixi-dataset/. A total of 1500 2D MR images were extracted. 

5) 900 2D normal brain images were extracted from Neurofeedback skull-stripped (NFBS) 

repository (http://preprocessed-connectomes-project.org/NFB_skullstripped/) [14]. 

6) 18 T1-weighted brain image volumes [15] were downloaded from 

https://www.nitrc.org/frs/?group_id=48. 900 2D MR images are extracted. 

 

Dataset 1-3 consists of tumorous images, whereas dataset 4-6 was made up of normal images. Dataset 

1, 2, 4, 5 will be used for training and test classifiers, while dataset 3 and 6 will serve as external 

validation dataset to evaluate the generalization performance of optimal machine learning schemes [16]. 

 

2.2. Image preprocessing 

Image preprocessing on every dataset is performed to increase signal to noise ratio and enhance the 

visual quality of MR images. Steps of preprocessing of brain MR images is presented in Fig. 2.  

 

 

Fig. 2. Process flow of brain MR images preprocessing. 

 

 In this research, first stage of MR images preprocessing is bias field estimation using second order 

parametric surface fitting method by Levenberg-Marquadt algorithm, in reference to work of [17]. The 

steps of the algorithm are:  

1. Different from previous work of [17], which suggested the selection of data points from background 

image, data points with normalized pixel intensity higher than pre-specified threshold 0.3 are selected. 

Their coordinates and gray level values are stored in data matrix 𝐷 = (𝑥𝑖 , 𝑦𝑖 , 𝐺), 𝑖 = 1,2, … , 𝑁𝑔, where 

𝑁𝑔 is the number of gray level. 

2) First order parametric equation is selected for the fitted surface. Low order polynomial results in 

smooth surfaces and easy estimation of parameters. Non-linear least squares method: Levenberg-

Marquadt algorithm is utilized to estimate the coefficients.  

3) Use the fitted equation to generate final bias field signal by linear projection of original image with 

the coefficients estimated in step 2.  

4) Perform element-wise division of original image with the generated bias field image in step 3 to yield 

the bias field removed MR images.  

 

Next, 5 × 5 median filter is applied to retain important edges and eliminate noise. Then, histogram 

stretching or also known as inner cropping is performed on the image. The goal is to increase contrast 

without modifying shape of the original histogram (distribution of gray level). 

 

2.3. Feature extraction 

Next, the skull stripped images will undergo feature extraction, a process in which input data (MR 

Bias field estimation and 
removal

Median filter Histogram stretching
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images pixel intensity) are transformed into much lower dimensional feature subspace (feature vectors). 

Ideally, these features should be informative, relevant and non-redundant. The main goal of feature 

extraction is to reduce computational cost (increase convergence speed during training) and data storage 

requirements without compromising the accuracy of classification models. In this research, 6 types of 

feature extraction algorithms are employed: first order statistical feature, gray level co-occurrence 

matrix (GLCM), gray level run length matrix (GLRLM), histogram of oriented gradients (HOG), local 

binary pattern (LBP), and discrete wavelet packet transform (DWPT). It should be noted that the images 

come with different dimensions, thus before feature extraction (except first order statistical features), 

all the images were resized to 256 × 256. The number of features extracted from each method are 

summarized in Table 1. After the process of feature extraction, it was found that there are 161 LBP 

features of that contain all zero for every samples. In view of this, these non-informative features are 

removed. So, the final whole data dimension is 4675 × 2527. 

 

Table 1. Feature extraction and its number of features. 

Feature extraction methods Number of features 

First order statistical features 6 

GLCM 36 

GLRLM 28 

HOG 1764 

LBP 105 

DWPT 588 

 

2.3.1 First order statistical features 

Textural features that will be computed include mean, variance, skewness, kurtosis, energy, range and 

entropy. Let 𝐺 be the gray level of an image. The relative frequency, 𝐹(𝐺) for each gray level can be 

computed as below: 

𝐹(𝐺) =
𝐹𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 𝑜𝑓 𝑒𝑎𝑐ℎ 𝑔𝑟𝑎𝑦 𝑙𝑒𝑣𝑒𝑙, 𝐺

𝑇𝑜𝑡𝑎𝑙 𝑛𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑝𝑖𝑥𝑒𝑙𝑠 𝑖𝑛 𝑎𝑛 𝑖𝑚𝑎𝑔𝑒, 𝑁𝑝
 

Based on the definition of 𝐹(𝐺) and knowing that number of gray level is represented by 𝑁𝑔, the 

formula for the features is described in Table 2. 

Table 2. List of statistical measures and its corresponding formula. 

Statistical measures Formula 

Mean 

𝑀𝑒𝑎𝑛 = ∑ 𝐺 × 𝐹(𝐺)

𝑁𝑔−1

𝐺=0

 

Variance 

𝑉𝑎𝑟 = ∑ (𝐺 − 𝑚𝑒𝑎𝑛)2 × 𝐹(𝐺)

𝑁𝑔−1

𝐺=0

 

Skewness 
𝑆 =

∑ (𝐺 − 𝑚𝑒𝑎𝑛)3 × 𝐹(𝐺)
𝑁𝑔−1

𝐺=0

𝑆𝑡𝑑3
 

Kurtosis 
𝐾 =

∑ (𝐺 − 𝑚𝑒𝑎𝑛)4 × 𝐹(𝐺)
𝑁𝑔−1

𝐺=0

𝑆𝑡𝑑4
− 3 
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Energy 

𝐸𝑛𝑒𝑟𝑔𝑦 =
∑ 𝐹(𝐺) × 𝐹(𝐺)

𝑁𝑔−1

𝐺=0

𝑁𝑝
2  

Entropy 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ 𝐹(𝐺) × log2 𝐹(𝐺)

𝑁𝑔−1

𝐺=0

 

 

2.3.2 GLCM 

Developed by [18], GLCM is an excellent representation of image properties related to second order 

statistics [19].Nine textural features are used in this study. The following equations define these features. 

Let 𝑃(𝑖, 𝑗)  be (𝑖, 𝑗)  entry for the GLCM while 𝑝(𝑖, 𝑗)  be (𝑖, 𝑗)  entry for the normalized GLCM. 

Suppose that 𝑚  and 𝑛  denote the number of row and column of GLCM. The normalized GLCM 

entries, 𝑝(𝑖, 𝑗) can be expressed as: 

𝑝(𝑖, 𝑗) =
𝑃(𝑖, 𝑗)

𝑚 × 𝑛
 

The mean and standard deviation for the rows and columns of GLCM are: 

𝜇𝑥 = ∑ ∑ 𝑖. 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1

, 𝜇𝑦 = ∑ ∑ 𝑗. 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1

 

𝜎𝑥 = ∑ ∑(𝑖 − 𝜇𝑥)2. 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1

, 𝜎𝑦 = ∑ ∑(𝑗 − 𝜇𝑦)2. 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1

 

The features are described in Table 3. 

Table 3. List of GLCM features and its corresponding formula. 

GLCM features Formula 

Energy 

𝐸𝑛𝑒𝑟𝑔𝑦 = ∑ ∑(𝑝(𝑖, 𝑗))2

𝑛

𝑗=1

𝑚

𝑖=1

 

Entropy 

𝐸𝑛𝑡𝑟𝑜𝑝𝑦 = − ∑ ∑ 𝑝(𝑖, 𝑗). log (𝑝(𝑖, 𝑗))

𝑛

𝑗=1

𝑚

𝑖=1

 

Correlation 𝐶𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛

=
∑ ∑ (𝑖. 𝑗). 𝑝(𝑖, 𝑗) − 𝜇𝑥𝜇𝑦

𝑛
𝑗=1

𝑚
𝑖=1

𝜎𝑥𝜎𝑦
 

Homogeneity 

𝐻𝑜𝑚𝑜𝑔𝑒𝑛𝑒𝑖𝑡𝑦 = ∑ ∑
𝑝(𝑖, 𝑗)

1 + |𝑖 − 𝑗|

𝑛

𝑗=1

𝑚

𝑖=1

 

Absolute value 

𝐴𝑏𝑠𝑜𝑙𝑢𝑡𝑒 𝑣𝑎𝑙𝑢𝑒 = ∑ ∑|𝑖 − 𝑗|. 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1

 

Inertia 

𝐼𝑛𝑒𝑟𝑡𝑖𝑎 = ∑ ∑(𝑖 − 𝑗)2. 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1
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Inverse difference 𝐼𝑛𝑣𝑒𝑟𝑠𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑐𝑒

= ∑ ∑
𝑝(𝑖, 𝑗)

1 + (𝑖 − 𝑗)2

𝑛

𝑗=1

𝑚

𝑖=1

 

Maximum probability 𝑀𝑎𝑥𝑖𝑚𝑢𝑚 𝑝𝑟𝑜𝑏𝑎𝑏𝑖𝑙𝑖𝑡𝑦 = arg max
𝑖,𝑗

𝑝(𝑖, 𝑗) 

Autocorrelation 

𝐴𝑢𝑡𝑜𝑐𝑜𝑟𝑟𝑒𝑙𝑎𝑡𝑖𝑜𝑛 = ∑ ∑(𝑖. 𝑗). 𝑝(𝑖, 𝑗)

𝑛

𝑗=1

𝑚

𝑖=1

 

 

2.3.3 GLRLM 

The frequencies of the gray level run length and its corresponding gray level that occur in digital image 

matrix is used to construct GLRLM. Elements in GLRLM is represented by 𝑟(𝑖, 𝑗), where 𝑖 denotes 

the index for gray level whereas 𝑗  denotes index for the run length. Before defining the textural 

features, let 𝑁𝑔 be the number of gray levels in the image, 𝑁𝑟 be the run length, 𝑚 is the number of 

row and 𝑛 is the number of column of original image. GLRLM features are described in Table 4. 

 

Table 4. List of GLRLM features and its corresponding formula. 

GLRLM features Formula 

Short run emphasis 

𝑆𝑅𝐸 =

∑ ∑
𝑟(𝑖, 𝑗)

𝑗2
𝑁𝑟
𝑗

𝑁𝑔

𝑖

∑ ∑ 𝑟(𝑖, 𝑗)
𝑁𝑟
𝑗

𝑁𝑔

𝑖

 

Long run emphasis 

𝐿𝑅𝐸 =
∑ ∑ 𝑗2. 𝑟(𝑖, 𝑗)

𝑁𝑟
𝑗

𝑁𝑔

𝑖

∑ ∑ 𝑟(𝑖, 𝑗)
𝑁𝑟
𝑗

𝑁𝑔

𝑖

 

Gray level distribution 

𝐺𝐿𝐷 =
∑ (∑ 𝑟(𝑖, 𝑗))

𝑁𝑟
𝑗

2𝑁𝑔

𝑖

∑ ∑ 𝑟(𝑖, 𝑗)
𝑁𝑟
𝑗

𝑁𝑔

𝑖

 

Run length distribution 

𝑅𝐿𝐷 =
∑ (∑ 𝑟(𝑖, 𝑗))

𝑁𝑔

𝑖

2𝑁𝑟
𝑗

∑ ∑ 𝑟(𝑖, 𝑗)
𝑁𝑟
𝑗

𝑁𝑔

𝑖

 

Run percentage 

𝑅𝑃 =
∑ ∑ 𝑟(𝑖, 𝑗)

𝑁𝑟
𝑗

𝑁𝑔

𝑖

𝑚 × 𝑛
 

Low gray level run emphasis 

𝐿𝐺𝑅𝐸 =
∑ ∑

𝑟(𝑖, 𝑗)
𝑖2

𝑁𝑟
𝑗

𝑁𝑔

𝑖

∑ ∑ 𝑟(𝑖, 𝑗)
𝑁𝑟
𝑗

𝑁𝑔

𝑖

 

High gray level run emphasis 

𝐻𝐺𝑅𝐸 =
∑ ∑ 𝑖2. 𝑟(𝑖, 𝑗)

𝑁𝑟
𝑗

𝑁𝑔

𝑖

∑ ∑ 𝑟(𝑖, 𝑗)
𝑁𝑟
𝑗

𝑁𝑔

𝑖

 

 

2.3.4 HOG 

HOG proposed by [20] is a local feature descriptor that is able to capture edge gradient structure with 

high tolerance to local geometric and photometric (illumination) transformation [21] and 
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simultaneously maintain high selectivity [22]. These features is well known for preserving local second-

order interaction between pixels [23].  

 

2.3.5 LBP 

A grayscale and rotation invariant feature, known as local binary pattern (LBP) was introduced by [24]. 

LBP is a simple yet efficient operator in depicting local image pattern and has been utilized as features 

for various application [25].Aside from the implementation of original LBP, an improved version of 

locally rotation invariant LBP [26] is applied for better tradeoff between discriminative power and 

robustness. 

 

2.3.6 DWPT 

Unlike spectral analysis, e.g. Fourier transform (FT) that represents signal as sum of sinusoids, wavelet 

transform decomposes signal into basic wavelet functions of different scales in time-frequency domain. 

From the perspective of computational complexity, FT is 𝑂(
1

2
𝑛 log2 𝑛) , while discrete wavelet 

transform (DWT) is just 𝑂(𝑛)[27]. The inherent multiresolution property of wavelet transform is the 

main reason it is an excellent feature extraction method [28]. Essentially, the dyadic DWT can be 

implemented through filter tree algorithm. It is worth noticing that only approximation components will 

be extracted at each level of decomposition in DWT. 

DWPT, being an extension to DWT allows all nodes in the tree structure to split [29]. In other word, 

not only approximation coefficients, details components are decomposed to form full binary tree as 

shown in Fig. 3. Three level of decomposition and Haar wavelet is chosen for this experiment. As shown 

in Fig. 3, The first series of analysis filter bank (low pass filter and high pass filter) is performed along 

the columns of the image while the second series is implemented along the rows of image or vice versa. 

LL, LH, HL and HH are subbands that capture approximation, horizontal edges, vertical edges and 

diagonal edges respectively. 

Low pass filter

High pass filter

Low pass filter

High pass filter

Low pass filter

High pass filter

 
Fig. 3. Schematic diagram of single level of 2D DPWT decomposition. 

 

2.4. Feature reduction/Feature subset selection 

Images 

LL 

LH 

HL 

HH 
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Feature reduction, also known as dimensionality reduction is a process of transforming original attribute 

space into lower dimensional space, before they are input to classification models. Feature subset 

selection involves removal of irrelevant and redundant features. The objectives of these processes are 

to preserve informative and relevant features and get rid of irrelevant and redundant attributes, which 

can ultimately lead to improvement of classifiers’ performance (generalization capability and 

convergence speed), simpler and more understandable models, and reduced storage requirement. In this 

paper, some widely used feature transform methods like Principal Component Analysis (PCA), Linear 

Discriminant Analysis (LDA), Partial Least Square (PLS) and Independent Component Analysis (ICA) 

[30] are employed. In addition, three filter feature selection method, namely Relief, Discriminant Least 

Square Regression (DLSR) [31] and Sequence Forward Search based on LW (SFS-LW) [32] were 

implemented. Essentially, these 2 techniques are different. Feature transform approach project the 

original data dimension into lower dimensional spaces through linear combination of original features, 

while feature selection seeks to choose subsets of features that is highly relevant to targets, or class 

labels [33].  

 

 

2.5. Classification models 

Classification models attempt to derive relationship between the set of input variables (normally in the 

form of input vector) and its corresponding categorical target/label. In this research, the classifiers are 

going to deal with binary classification problem (identify and distinguish neoplastic brain MRI from 

normal brain MRI). The classifiers employed in this study are logistic regression (LR), Naïve-Bayes 

(NB) classifier, kNN classifier, weighted kNN [34], artificial neural network (ANN), support vector 

machine (SVM), and extreme learning machine (ELM) [35]. Table 5 presents the implementation of the 

classification algorithms mentioned above. 

 

Table 5. Implementation details of various classifiers. 

Classification 

models 

Implementation details 

kNN 10-fold cross validation is used to determine optimum parameter, k 

(number of nearest neighbors) in the range from 1 to 100. Euclidean 

distance measures is used. 

Weighted kNN Inversion kernel function is to calculate the weights of nearest 

neighbors. 

NB Gaussian probability distribution function is used to quantify the class 

conditional probability of each features. 

LR Batch gradient descent algorithm is used to update the model 

coefficients.  

ANN Double layer hidden nodes: first one consists of 50, while second one 

consists of 30. Learning algorithm: batch gradient descent. 

SVM Two SVMs: linear and RBF. The sigma and C parameters in RBF 

SVM are optimized by grid search method [36]. 

ELM Hidden nodes of 50 and 150 are used throughout the experiment. 

Optimum C parameters is found using 10-fold cross-validation 

method in the range of  {2−24, 2−23, … , 225}[37]. 
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2.6. Performance evaluation and analysis 

In order to evaluate the performance of each machine learning approaches applied, 6 widely accepted 

performance measures are utilized, including test accuracy (%), sensitivity (%), and specificity (%), 

AUC, training time (s) and test time (s). Since different schemes of feature reduction and classifiers will 

be experimented for 30 times using different sets of training data, in other words 30 different models 

will be trained, the mean and standard deviation of performance metrics can be computed for unbiased 

analysis and comparison among methods employed. Table 6 describes the performance measures and 

its definitions. 

Different types of feature reduction and classification algorithms will then be applied. Finite size 

of feature subsets under each dimensionality reduction method will be experimented. Each experiment 

will be conducted 30 times using stratified sampling strategy for unbiased statistical analysis. With 

sufficiently large sample size, most distributions can be approximated as normal distribution according 

to Central Limit Theorem. Confidence intervals based on studentized method can be constructed after 

computation of standard error. However, this kind of comparison might be prone to type I error 

according to [38]. Fig. 4 shows the schematic diagram of the research framework.  

 

2.7. Identification of relevant features 

Several features are identified empirically by examining the change in accuracies according to number 

of features. The attributes are considered as relevant if the set of features added lead to significant 

improvement in accuracy. It should be noted that this empirical method is greedy and do not take 

between features interaction into account. Addition of features that leads to spike in accuracy is 

identified the goodness of split of each identified attribute is computed. Goodness of split is a measure 

used by classification and regression tree (CART) to choose which attribute to split. The first three 

features with highest goodness of split are selected for construction of decision tree. Further details 

were discussed in section 3.3. 

 

2.8. Construction of decision tree and classification rule 

Blind use of complex and black-box predictive models in high stake circumstances had led to serious 

consequences [39]. This scenario may be induced by false widespread belief of accuracy and 

interpretability trade-off among researchers which suggests that more complex model is more accurate 

[40]. 

 These recent study and findings have motivated and led to this extra step of determining relevant 

feature subset and constructing decision tree and rule-based classifiers. This not only achieve the 

objective of building interpretable models but also contributes to knowledge discovery as the 

mechanisms of predictive models in predicting the outcomes (normal or tumorous) is better understood. 
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Fig. 4. Process flow of experiments conducted. 

 

Table 6. Performance measures and its definitions. 

Performance 

measures 

Definition 

Accuracy Overall efficiency and generalizability of classifier [41]. 

Sensitivity Ability to correctly identify positive samples (necrotic brain MR 

images). 

Specificity Ability to correctly identify negative samples (normal brain MR 

images). 

AUC Equivalent to the probability that a classifier will rank a randomly 

chosen positive instance higher than randomly chosen negative 

instance [8]. 

Training time Quantify the convergence speed of training. 

Test time Quantify the speed of generation of test data output labels 

 

3. Results and Discussions 

3.1 Comparison among classifiers under different feature reduction schemes and number of features 

As mentioned in section 2.1, dataset 1, 2, 4 and 5 are employed in experiment of this section. For each 

30 trials, the dataset is partitioned into 70% training data and remaining 30% as test data using random 

stratified sampling (RSS) strategy. Seven dimensionality reduction methods are employed in this 

research and their performances will be evaluated in terms of the number of features and types of 

classifiers. Here, we will examine the performance of classifiers from the perspective of each 

dimensionality reduction techniques: 

▪ Under PCA scheme, radial basis function (RBF) SVM achieves the highest average accuracy 

(99.969%±0.015) when the number of attributes is 30. Nevertheless, PCA+RBF SVM with 5 

features also achieved very high accuracy of (99.96%±0.017). With the increase in the number 
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of predictors, the accuracy of classifiers increase and become stable beyond 20 features. 

▪ Under PLS scheme, the accuracy of classifiers improved with more feature input until the 

number of feature reaches 10. The highest accuracy (99.998% ± 0.005) is achieved by RBF 

SVM with 10 features. It is worth noting that all classifiers except NB classifier achieve 

accuracy of more than 99% when number of feature increase beyond 10. 

▪ Under LDA scheme, the performance of classification models varied greatly across different 

number of features. The accuracy of both ELM with number of hidden nodes 50 and 150 

increase dramatically up to 84.234% ± 0.817 and 93.84% ± 0.225 with just 2 attributes. 

Spike in accuracy of kNN, weighted kNN and RBF SVM when number of features increase to 

20. With 45 attributes, linear SVM, kNN and weighted kNN experience improvement of 

accuracy. Perfect classification (accuracy of 100%) are achieved by ELM with 150 hidden 

neurons when number of features are 15, 30, 40, 45 and 55. On the other hand, the accuracy 

of NB classifier decrease when number of features increase beyond 25 which imply overfitting. 

It is worth noting here that NB classifiers display strong bias towards classifying the test 

instance to be negative (normal) as suggested by the decrease in sensitivity and increase in 

specificity. 

▪ Under ICA scheme, RBF SVM achieves the highest average accuracy (99.891%±0.029) when 

the number of attributes is 30. All classifiers have their accuracy improve with more features 

included until 25 features where the accuracy become stable. 

▪ Under DLSR feature selection scheme, all the classifiers attain classification accuracy of more 

than 99% when the number of feature reaches 5. Perfect classification are obtained by LR with 

number of features are 45 and 50, linear SVM with number of features are 35, 40, 45 and 50 

and RBF SVM with number of features are 35, 45 and 50. 

▪ Under Relief feature selection scheme, the highest accuracy (99.993% ± 0.008) is achieved 

by RBF SVM with 30 predictors. All classifiers, except NB classifier obtain more than 99% in 

accuracy when number of feature reaches 15. 

▪ Under SFS-LW feature selection scheme, accuracy all classifiers except Naïve Bayes classifier 

increase dramatically when number of features reach 11, 12 and 13. The optimal classifier is 

RBF SVM with accuracy of 99.962% ± 0.019 with 40 features. 
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Fig. 5. Classification accuracy of PCA + different classifiers with different number of features. The 

error bars are plotted using values of: average accuracy ± 
t(standard deviation)

√𝑛
,  where 𝑡 represents t 

multiplier for student’s t distribution. The value of 𝑡  is 2.0452 (degree of freedom=n-1, 

probability=0.05). 𝑛  represents the number of samples. The ranges of accuracy represent 95% of 

confidence intervals. It should be noted that this CI can be misleading due to variation in the sampling 

of training data  and should not be used for significance test and comparison.  

 

 

Fig. 6. Classification accuracy of PLS + different classifiers with different number of features.  

 

 

Fig. 7. Classification accuracy of LDA + different classifiers with different number of features.  
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Fig. 8. Classification accuracy of ICA + different classifiers with different number of features. 

 

 

Fig. 9. Classification accuracy of DLSR + different classifiers with different number of features. 
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Fig. 10. Classification accuracy of Relief+ different classifiers with different number of features. 

 

 

Fig. 11. Classification accuracy of SFS-LW+ different classifiers with different number of features. 

 

3.2 Performance evaluation using external validation set 

As mentioned in section 2.1, dataset 1, 2, 4 and 5 will serve as training dataset and dataset 3 and 6 will 

serve as test dataset. The purpose of this extra experimentation is to gain insight of the generalizability 

of the machine learning pipelines that had achieved perfect classification as pointed out in section 3.1. 

In addition to that, we manipulate external validation set (dataset 3 and 6) to be balanced (100 tumorous 

cases and 100 normal cases) and imbalanced (100 tumorous cases and 900 normal cases) so that each 

perfect classifiers can be evaluated under both balanced and skewed class distribution. According to 

Table 7 and 8, LDA+ELM with 55 attributes achieved the highest accuracy: 0.975 (balanced class 

distribution) and 0.995 (imbalanced class distribution). Specificity of 1 suggest that the classifier is 

expert in identifying normal images. Sensitivity of 0.95 indicates that there are 5 tumorous test instances 

misclassified as normal. On the other hand, all other machine learning schemes show discrepancy in 

performances for both balanced and imbalanced test set, in which the performance deteriorate when test 
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with imbalanced dataset. In other words, the learning algorithms misclassify the normal images as 

tumorous with newly added normal cases in the dataset.  

 

Table 7. Performance measures of optimal machine learning pipeline under balanced test dataset (100 

tumorous cases and 100 normal cases). 

Dimensionali

ty reduction 

methods 

Classifier

s 

numbe

r of 

featur

es 

Performance measures 

Accurac

y 
AUC 

Sensitivi

ty 

Specifici

ty 

Precisio

n 

Trainin

g time 

test 

time 

LDA 

ELM 

(number 

of hidden 

nodes=15

0) 

15 0.935 0.990 1.000 0.870 0.885 0.027 0.001 

30 0.945 0.962 0.980 0.910 0.916 1.251 0.097 

40 0.940 0.970 0.980 0.900 0.907 0.029 0.001 

45 0.920 0.929 0.930 0.910 0.912 0.026 0.001 

55 0.975 0.989 0.950 1.000 1.000 0.030 0.001 

DLSR 

LR 
45 0.935 0.997 1.000 0.870 0.885 0.209 0.012 

50 0.910 0.979 0.990 0.830 0.853 0.129 0.000 

linear 

SVM 

35 0.950 1.000 1.000 0.900 0.909 0.336 0.002 

40 0.965 1.000 1.000 0.930 0.935 0.247 0.003 

45 0.965 1.000 1.000 0.930 0.935 3.094 0.252 

50 0.965 1.000 1.000 0.930 0.935 0.180 0.001 

RBF 

SVM 

35 0.895 0.936 1.000 0.790 0.826 0.190 0.008 

45 0.915 0.970 1.000 0.830 0.855 0.224 0.005 

50 0.850 0.958 0.880 0.820 0.830 0.197 0.003 

 

Table 8. Performance measures of optimal machine learning pipeline under imbalanced test dataset (100 

tumorous cases and 900 normal cases). 

Dimensionality 

reduction 

methods 

Classifiers 

number 

of 

features 

Performance measures 

Accuracy AUC Sensitivity Specificity Precision 
Training 

time 

test 

time 

LDA 

ELM 

(number of 

hidden 

nodes=150) 

15 0.643 0.966 1.000 0.603 0.219 0.047 0.006 

30 0.649 0.897 0.980 0.612 0.219 0.028 0.005 

40 0.639 0.884 0.980 0.601 0.214 0.028 0.005 

45 0.641 0.856 0.930 0.609 0.209 0.024 0.005 

55 0.995 0.988 0.950 1.000 1.000 0.030 0.006 

DLSR 

LR 
45 0.853 0.990 1.000 0.837 0.405 0.137 0.000 

50 0.804 0.974 0.990 0.783 0.337 0.129 0.000 

linear SVM 

35 0.880 1.000 1.000 0.867 0.455 0.338 0.002 

40 0.926 1.000 1.000 0.918 0.575 0.190 0.002 

45 0.895 1.000 1.000 0.883 0.488 6.466 0.363 

50 0.895 1.000 1.000 0.883 0.488 0.180 0.002 

RBF SVM 

35 0.697 0.882 1.000 0.663 0.248 0.786 0.959 

45 0.745 0.918 1.000 0.717 0.282 0.209 0.007 

50 0.727 0.905 0.880 0.710 0.252 0.212 0.013 
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3.3 Identification of relevant features subset 

Several features are identified empirically by examining the change in accuracy in Fig. 9-11 under 

DLSR, Relief, and SFS-LW feature selection methods. Table 9 shows the first 15 features of the 3 

feature selection schemes. Several significant features were determined based on the improvement in 

accuracy scores after addition of particular feature as shown in Fig. 12. There are 10 features being 

identified that can potentially provide information in classification of normal and tumorous image 

samples. Then, MATLAB function predictorImportance was utilized to acquire the predictors’ 

importance estimate. The results are shown in Fig. 13. Three of the most important features have their 

indices attached with asterisk in Table 9. The details of these 3 features are listed in Table 10. In addition, 

we also visualize the most informative features in Fig. 14-16. As can be seen in Fig. 14, 2 peaks observed 

in the kernel density plot strongly suggest bimodal distribution. In Fig. 15 and Fig. 16, most of the 

normal and tumorous samples represented by the features occupy different regions in the dimensional 

space. This graphic displays have demonstrated the discriminating power of the selected features.  

 

Table 9. First 15 features selected by the proposed feature selection techniques. The bold numbers are 

indices of discriminative features. 

Indices of features DLSR Relief SFS-LW 

1 1922 1931 1865 

2 61* 1939* 1859 

3 1909* 302 1915 

4 1928 303 1903 

5 60 309 1896 

6 1884 310 1870 

7 55 284 1840 

8 427 545 1897 

9 1846 1928 1921 

10 1522 546 1859 

11 59 1930 1835 

12 1876 1922 1881 

13 991 1909 61 

14 1931 285 1909 

15 135 1933 1939 

 

 

Fig. 12. Manual determination of significant features (shown in bold in Table 9). 

 

Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 July 2020                   Preprints (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 29 July 2020                   doi:10.20944/preprints202007.0688.v1

https://doi.org/10.20944/preprints202007.0688.v1


 

Fig. 13. Bar chart depicting the estimates of predictors’ importances. 

 

Table 10. The most important features arranged in descending order: 61th feature, 1939th feature, 1909th 

feature. 

 Description 

61th feature Gray level run length non-uniformity at angle of 90°. 

1939th 

feature 

Probability of rotation invariant local binary pattern that corresponds to 

uniformity measures more than 2 in an image sample. 

1909th 

feature 

Probability of local binary pattern with 𝐿𝐵𝑃8,1 𝑣𝑎𝑙𝑢𝑒 𝑜𝑓 152. 

 

 

Fig. 14. Kernel plots of 61th feature. 
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Fig. 15. 2D scatter plots for 2 features (61th and 1939th). 

 

 

Fig. 16. 3D scatter plots for 3 features (61th, 1909th and 1903th). 

 

3.4 Construction of decision tree and set of rules 

In this section, all downloaded dataset was used to train 10-fold cross validated decision tree classifier. 

The changes in performance measures when the relevant features are gradually added to input data are 

shown in Table 11. Accuracy as much as 0.988 is attained when trained with input data of 3 attributes. 

The high sensitivity (low false negative rate) is crucial as cost of false negatives is higher than the cost 

of false positives prediction[42]. In order to track down the best models comprising of the 3 features, 

we look into the 10 cross-validated decision tree models. The optimal decision tree models trained with 

data of 3 features are shown in Fig. 17 and its performance shown in Table 12. 
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Table 11. Average performance measures of cross-validated decision tree models with different number 

of features. 

Performance 

measures 

1 features (61th) 2 features (61th and 

1939th) 

3 features (61th, 1909th, 

and 1939th) 

Average standard 

deviation 

Average standard 

deviation 

Average standard 

deviation 

Accuracy 0.941 0.008 0.966 0.009 0.988 0.005 

AUC 0.938 0.008 0.984 0.004 0.991 0.005 

Sensitivity 0.922 0.013 0.980 0.004 0.996 0.005 

Specificity 0.955 0.009 0.956 0.013 0.982 0.009 

Precision 0.936 0.011 0.941 0.016 0.976 0.011 

false positive 

rate 

0.045 0.009 0.044 0.013 0.018 0.009 

miss rate 0.078 0.013 0.020 0.004 0.004 0.005 

 

Table 12. Performance measures of each cross-validated decision tree models when data of 3 features 

are applied. 

Models Accuracy AUC Sensitivity Specificity Precision 

False 

positive 

rate 

False 

negative 

rate 

1 0.9912 0.9926 1.0000 0.9848 0.9793 0.0152 0.0000 

2 0.9806 0.9797 1.0000 0.9667 0.9558 0.0333 0.0000 

3 0.9842 0.9877 1.0000 0.9727 0.9636 0.0273 0.0000 

4 0.9947 0.9955 1.0000 0.9909 0.9876 0.0091 0.0000 

5 0.9912 0.9939 1.0000 0.9848 0.9794 0.0152 0.0000 

6 0.9859 0.9897 1.0000 0.9758 0.9675 0.0242 0.0000 

7 0.9929 0.9975 0.9916 0.9939 0.9916 0.0061 0.0084 

8 0.9841 0.9869 0.9916 0.9788 0.9711 0.0212 0.0084 

9 0.9859 0.9898 0.9916 0.9818 0.9751 0.0182 0.0084 

10 0.9894 0.9958 0.9873 0.9909 0.9873 0.0091 0.0127 
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Fig. 17. Decision tree model 4. x1, x2 and x3 denote features 61th, 1909th and 1939th respectively. 

 

The decision tree above can be converted to rules by following each path from parent nodes to 

every single leaf nodes as shown below: 

𝐼𝑓 𝒙61 < 378.058 𝑎𝑛𝑑 𝑥1909 ≥ 0.00415401, 𝑡ℎ𝑒𝑛 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 𝑥 𝑖𝑠 𝑡𝑢𝑚𝑜𝑟𝑜𝑢𝑠 

𝐼𝑓 𝑥61 ≥ 419.486 𝑎𝑛𝑑 𝑥1939 ≥ 0.0192588, 𝑡ℎ𝑒𝑛 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 𝑥 𝑖𝑠 𝑡𝑢𝑚𝑜𝑟𝑜𝑢𝑠 

𝐼𝑓 378.058 ≤ 𝑥61 < 419.486 𝑎𝑛𝑑 𝑥1909 ≥ 0.00430901, 𝑡ℎ𝑒𝑛 𝑡ℎ𝑒 𝑠𝑎𝑚𝑝𝑙𝑒 𝑖𝑠 𝑡𝑢𝑚𝑜𝑟𝑜𝑢𝑠 

𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒, 𝑛𝑜𝑟𝑚𝑎𝑙. 

The classification rules can be visualized as in Fig 18. 

 

Fig. 18. (Left) The space enclosed by the cuboids are where tumorous instances lie. (Right) Both normal 

and tumorous points are plotted on top of the 3D plot for better visualization purpose. 

 

4. Discussion 

We will arrange discussion of our results according to order in Section 3 paragraph by paragraph. 

 

To summarize, there are some important findings discovered from Section 3.1: 

a. For most learning algorithms, the accuracy of classifiers tends to improve and become stable 

after a certain number of attributes as the number of features increase. The performance of 

classifiers can be affected by the ability of classification models to deal with large number of 

attributes. Classifier like RBF SVM that can project low dimensional space to high dimensional 
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space can achieve better classification accuracy with fewer features, and thus resilient to 

overfitting. On the other hand, Naïve Bayes performs poorly across all feature reduction 

methods. This may be attributed to violation of independence among attributes and Gaussian 

probability distribution might not be good estimation of probability distribution of the features. 

b. kNN and weighted kNN shows similar trends in their accuracy, however the test time for 

weighted kNN is significantly higher compared to kNN. In weighted kNN, the weight of each 

neighbor has to be evaluated to determine class of new test instance. 

c. The average accuracy for ANN is generally lower compared to both ELM and SVM, 

particularly when number of predictors increases, which often come with higher requirement 

of training time. This may be attributed to overfitting. 

d. RBF SVM is very robust and achieves relatively high test accuracy in all feature reduction 

schemes compared to other classifiers, except under LDA schemes where ELM outperforms 

SVM. Nonetheless, the parameters C and σ  is nontrivial and has to estimated using cross 

validated grid search method, which is computationally intensive. 

e. All the dimensionality reduction techniques proposed is feasible with high accuracy achieved 

with selection of appropriate number of features and classifiers. 

f. Classifiers under PCA and PLS scheme requires less features to achieve high accuracy if 

compared with LDA and ICA scheme. 

g. Number of features has to be carefully selected under LDA and ICA scheme as the accuracy 

can vary substantially with the change in number of attributes included as shown in Fig. 7 and 

Fig. 8. 

h. DLSR feature selection is more superior to Relief and SFS-LW as classifiers fed with DLSR 

feature attain higher accuracy with fewer features. This means DLSR can select relevant and 

more compact feature subsets. 

i. Training time of classifiers can be sorted in ascending order as follows: ELM < linear SVM < 

LR < RBF SVM < ANN. We do not take into account Gaussian NB classifier as the training 

phase only involves computation of mean and standard deviation of each features of training 

data. 

j. The training time of RBF SVM with ICA features as input variables is also significantly higher. 

According to [43], the training time complexity of SVM is proportional to number of support 

vectors. Thus, it is believed that number of support vectors is higher in ICA feature space. 

k. Test time of all classifiers stagnate regardless of number of features except for kNN, weighted 

kNN and NB. The calculation of Euclidean distance of nearest neighbors and posterior 

probability becomes more complex with inclusion of more features. 

l. Since all of the dimensionality reduction methods are viable, we are more interested in feature 

selection scheme as the attributes under feature transform methods (e.g. PCA, PLS, LDA and 

ICA) loses its interpretability and the contribution of each original features are unknown [44]. 

By examining Fig. 9-11 carefully, we spotted a huge spike in accuracy when certain features 

are included. We suspect there is some relevant features in each of those spikes in accuracy and 

a few features that contribute to improvement in accuracy are selected. 

 

In section 3.2, we further evaluate the optimal supervised classification models using dataset from 

different sources. Additionally, dataset was manipulated in term of proportion of tumorous and normal 

cases to assess the classifiers using balanced and imbalanced test data. Most machine learning 
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paradigms evaluated perform differently under balanced and imbalanced test dataset, except 

LDA+ELM classifier with 55 features. This shows that the generalization performance of classifiers 

will generally deteriorate when tested using data from other sources, in our case different MRI machine 

and parameter settings. Thus, we suggest the training data samples should be vast and diverse with 

relevant predictors included, which could only be achieved with extensive experimentation. 

From the results shown in Fig. 9-11, it is clear that certain attributes contribute to the improvement of 

classifiers. We further identified these features and evaluate their importances based on decrease in 

impurity measures (Gini index) due to split. Three of the most important attributes are selected. The 

reasons for the relevance of these features are listed below: 

- Gray level run length non-uniformity measures the heterogeneity of gray level. Based on Fig. 

13, high value of run length non-uniformity indicate tumorous cases and vice versa. 

Theoretically, high value of run length non-uniformity implies the runs are not equally 

distributed across length [45]. The authors suspects that the unequal distribution might arise 

from the presence of tumor where different run length of similar pixel intensity for some gray 

levels might occur within the tumor region. 

- In line with what is reported in [24], good discrimination can be achieved with the occurrence 

probability of ‘uniform’ rotation invariant local binary patterns. In this research, the frequency 

(probability) of LBP pattern with uniformity measure of more than 2. This is probably caused 

by the heterogeneity at the boundary of tumor tissue which can result in higher values for this 

attribute as shown in Fig. 14. 

In section 3.4, with the use of these relevant features, 10-fold cross-validated decision tree models 

was trained and achieved 98.8% accuracy. The determination of informative feature subsets is more 

critical than the utilization of complex, black-box model. The high discriminative power and relevance 

of this feature subset suggest the feasibility to build simple classification rules with fairly high accuracy. 

Classification rules is favorable as it can serve as independent nuggets of knowledge [46]. This model 

is not only intuitive and can be interpreted easily by end users, but can leads to knowledge discovery 

apart from making prediction on unseen data. 

 

5. Conclusions 

The high resolution MR images has become one of the most popular neuroimaging tools nowadays, not 

just for research in brain anatomical structure, but can be useful in medical diagnosis (tumor detection). 

Machine learning is definitely a promising pathway in the development of automated CAD system. The 

first part of the experiment show high accuracy can be obtained for almost all machine learning 

pipelines with careful selection of number of predictors when trained and tested with dataset of same 

sources. We identified the machine learning schemes with perfect classification. Then, we evaluate these 

trained classifiers with independent test dataset of different source to further validate the performance 

of each approaches. Experimental results show that the optimal techniques is LDA+ELM (number of 

hidden neurons=150) with 55 features achieving (accuracy=97.5%, AUC=0.989, sensitivity=95% and 

specificity=100%) under balanced test dataset; (accuracy=99.5%, AUC=0.988, sensitivity=95% and 

specificity=100%). This particular model excels in predicting potential normal MR images. In addition, 

we also identified a few highly relevant features (1 from GLRLM and 2 from LBP) and visualized them 

graphically. With the data showing high separability in scatter plot, relatively easy-to-read 10 fold cross 

validated decision tree models are constructed by using both dataset #1 and #2 with the three features. 

The performances are as follow: accuracy=98.8%, AUC=99.1%, sensitivity=99.6% and 
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specificity=98.2%. Then, simple classification rule read directly off the decision tree are constructed. 

This highly intuitive classification rule sets which involves only 3 predictors can be easily embedded 

in any real time expert systems or automated CAD tools. 

 There are numerous possible directions for future work in this field. More advanced feature 

descriptors can be explored to search for the robust, repeatable and reproducible radiomic features in 

tumor diagnosis [47]. Less popular nonlinear dimensionality reduction methods like kPCA and locally 

linear embedding can also be investigated.  

 

Abbreviations 

MR: Magnetic resonance; CAD: Computer aided diagnosis; GLCM: Gray level co-occurrence matrix; 
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