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Abstract. Undoubtedly, early detection and characterization of brain tumor is critical in clinical practices. Automated
diagnosis using neuroimaging tool like MRI guided by machine learning approaches has been the focus of numerous
researches. In this study, various feature extraction, dimensionality reduction and supervised classification models are
explored, evaluated and compared under different finite number of features to identify the optimal pathway/pipeline for
classification of types of brain tumor, namely meningioma, glioma and pituitary tumor. The performance metrics utilized
include accuracy, Kappa statistic, sensitivity, precision, F-measure, training time and test time. Results show that RBF
SVM (pairwise coupling) under 80 PLS features achieved the highest average accuracy (95.02% =+ 0.19%) among all
other machine learning pipelines.

INTRODUCTION

Brain tumor, particularly malignant tumor is life threatening. According to latest statistics from [1], 5 years survival
rate of patients diagnosed with malignant brain tumor and other central nervous system (CNS) is roughly 34% for
men and 36% for women. In view of this, early detection and characterization of brain tumor is of paramount
importance to conduct more accurate diagnosis, prognosis, treatment planning and prediction of therapeutic responses
from patients.

With rapid advances in biomedical imaging technologies, vast amount of high resolution medical images, such as
contrast enhanced magnetic resonance (MR) scan images [2] is nowadays a vital tool for studying human brain
anatomy and disease detection, e.g. brain tumor detection, Alzheimer’s disease, multiple sclerosis and other
neurological disorders. Lately, there has been a surge in interest in the study in automated and semi-automated
characterization of brain tumor with the aid of MR images, in conjunction with the rapid development of computer
vision and machine learning algorithms. Besides offering high resolution multi-modality images, MRI scan also does
not emit hazardous emission. Due to its superior soft tissue differentiation, MR images can provide useful semantic
information on the types of tumor, and ultimately assist clinical experts and radiologists to make unbiased diagnosis.

In this study, we will be focusing on the brain tumor type classification problems, namely meningioma, glioma
and pituitary tumor, in which meningioma (37%), glioma (27%) are two of the most common brain tumor, while
pituitary tumor accounted for around 16% of all primary brain tumor. Previously, Zacharaki et. al [3] attempted the
multiclass classification of different brain tumor grades, e.g. glioma grade II, glioma grade III, glioblastoma and
metastasis using one versus all SVM voting scheme. In the work of [4], classification of multiple brain tumor types:
astrocytoma, glioblastoma multiforme, childhood tumor-medulloblastoma, meningioma, secondary tumor metastatic,
and normal regions were conducted. It was found that PCA-ANN achieved the highest overall accuracy of 85.23%.
Multiple brain tumor types and grades classification using SVM had been proposed by [5]. An accuracy of 85% and
78.26% were achieved respectively when second order features was utilized. Jayachandran et. al [6] conducted multi
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class brain tumor classification using hybrid structure descriptor and fuzzy logic based pair of RBF kernel SVM. .
Classification accuracy of proposed system in meningioma is 98.6%, metastasis is 99.29%, gliomas grade Il is 97.87%
and gliomas grade III is 98.6%.

This task is more challenging compared to binary classification problem of normal and neoplastic brain MR images
because it is a multiclass classification problem, in which some binary classifiers like logistic regression and support
vector machine (SVM) cannot be readily implemented. In addition, instead of using whole images, the ambiguous
tumor regions have to be identified and isolated by either human experts or image segmentation algorithm before
feature extraction and subsequent classification can be carried out. A wide ranges of feature extraction, feature
transform and reduction as well as pattern recognition algorithms will be experimented and their performances will
be evaluated and compared in terms of accuracy, Kappa statistic, sensitivity, precision, F-measure, training time and
test time. With extensive experimentation and its results interpretation, the best pathway for the development of
automated computer aided diagnosis (CAD) can be identified.

MATERIALS AND METHODS

The overall pipeline of the research framework is outlined in Fig. 1.
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FIGURE 1. Brain tumor types classification framework.

Data acquisition

The brain MR images are downloaded from publicly available online database. 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 512x512 with pixel
size 0.49x0.49 mm?. The slice thickness is 6 mm and the slice gap is 1 mm [7, 8].

Tumor region augmentation

The 2D brain MR images comes with ground truth tumor region delineated manually by experienced radiologists.
As pointed out in [9], tissues surrounding tumors can provide useful discriminative information about the types of
tumor. Thus, augmentation of tumor region can be beneficial in extracting robust features. In this study, augmentation
of tumor region is performed by morphological dilation with disk-shape structuring element with radius, R of 8.
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Feature extraction

Simply speaking, feature extraction is a dimensionality reduction method, in which instead of utilizing pixels
intensity in raw images, a set of attributes, also known as feature vector is constructed to represent a certain image.
This stage is crucial as it can directly impacts the generalization performance of classification models [10]. Ideal set
of feature should be relevant, non-redundant, provide low dimensional representation for visualization, and increase
training and inference speed of learning algorithms [11]. In this paper, several feature extraction techniques are
employed, including shape parameters, geometric moment invariants [12, 13], Zernike moments [14, 15], pseudo
Zernike moments [16], histogram of oriented gradients (HOG) [17], linear binary pattern (LBP) [18], and bag of words
(BOW) model [19]. It is worth noting that the image features will be extracted from the augmented tumor region. The
number of features extracted from each methods are summarized in Table 1. Therefore, the whole feature matrix
dimension is 3064 X 1711. This feature matrix will be linearly projected to new dimensional subspace. We spotted
some predictors possess the same values throughout the data. As such, prior to feature selection methods, these non-
discriminative features are removed.

Table 1. Feature extraction and its number of features.

Feature extraction methods Number of features
Binary shape parameters 11

Geometric moment invariants 7

Zernike moments 12

Pseudo Zernike moments 15

HOG 900

LBP 266

Bag of words model 500

Binary shape parameters

Shape is definitely an important cue for human to identify and recognize the real world objects [20]. Shape features
can be divided into 2 categories: contour based and region based method. Contour based method will be our focus
because of low computation complexity and the shape descriptors are generally intuitive. These descriptors can only
discriminate shapes with big differences, and thus has to be combined with other features for downstream classification
tasks [21]. These shape attributes only requires binary image, in which the labeled tumor region has a value of ‘1’ and
‘0’ otherwise. Table 2 shows the list of shape parameters and their respective formula and details.

Table 2. List of binary shape parameters and its corresponding formula. x and y denote the indices of row and
column of an image. I(x,y) denotes the binary image pixels.

Shape Details
Formula
parameters
height width Size of tumor.
Area A= Z Z[(x,y)
x=1 y=1
< boinbt yidth Row and
- 2 xI(x,y) column
Center  of A x=l =l coordinates of
area < hoiebe width the center of
; > vI(x,y) tumor.
A x=1 =l
; height~ width — — Orientation of
Axis of least 1 23" Z,le (x=x)(y=7)I(x»)
Second 0 = E tan height width —\2 height width —\2 tumor
moment vl Ly (x—x) I(X’y)_zx:l el (y—y) I(x,»)
e 0
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Geometric moment invariants

Geometric moment invariants (GMI), also known as Hu’s moment invariants was initially discovered by Hu [22],
and had since being widely employed in various applications [23]. The most desirable properties of GMI is translation,
scaling and rotation invariance, which is imperative in content based image retrieval as well as pattern recognition and
object detection in images. However, it should be noted that the basis function of GMI is not orthogonal that may lead
to information redundancy. Before the formula of seven Hu’s moment invariants is introduced, the discrete

implementation of (p + q)* order moments, central moment and normalized central moment are defined as below:
height width

Mpq = le ; xPyif(x,y) (1)

height width
e = . Y (=P =N ) @
x=1 y=1
Where f(x,y) is the binary tumor region, ¥ = 2, y = —
Moo Moo +gq
Hpq p
=—, wherey =——+1 3
P4 poo” 2 ®)

Based on the normalized central moments, v,4, seven GMI are defined as follow:

b1 = Va0 + Vo2 4)

$2 = (V2o — Vp2)? + 4y, Q)

$3 = (V30— 3v12)* + (Bvyy — V03)2 (6)

$s = (V30 +V12)* + (V21 + Vg3)? (7

$s = (V3o — 3v12) (V30 + v12)[(Vag + v12)? — 3(va1 + vg3)?] + (3vaq — Vp3) (Va1 + Vo3) ®)
[3(vzp + v12)? = (Va1 + vp3)?]

B6 = (V20 = Vo) [(V30 + v12)? — (Vaq + vp3)?] + 4vy; (V3o + V1) (Vaq + V3) ©

$7 = (Bvay — vo3) (Va0 + v12)[(V3g + v12)? — 3(Vz1 + v3)?] = (V39 — 3V12) (Vaq + Vo3) (10)
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[3(vso + V12)2 —(va1 + V03)2]

Zernike moment (ZM) & pseudo Zernike moment (PZM)

Zernike moment initiated by the work of Teague [24] is another moment techniques with the use of Zernike
polynomials as basis function for the moment calculation. Unlike GMI, Zernike polynomial used is orthogonal, which
can reduce information between moments. There are several properties of ZM that make it a very effective global
image descriptors, including rotational invariance, ease of image reconstruction from ZM [25], tolerance to noise,
expression efficiency and multi-level representation [26]. The conventional way of calculating Zernike moments
suffer from discretization errors as pointed out by [27], thus accurate calculation of ZM through geometric moments

is applied in this research. Zernike moments can be defined in terms of geometric moments according to [23]:
u lql

_p+1 lql
pq Z Bplqlkz Z ( Gk—21—m,2[+m (11)

k=lq| =0 m=0

Where u =%(k— lg); w = —j when g > 0 while w = +j when g < 0

B )(p+k)

B _ 2
AN CCLNEDNEDY (2

height—1 width—1

Grm = Z Z 6 Y) Gnmik (13)

x=0 y=0

Where Inm,ik = (a?++11 n+1)(bl11+11 bin+1)

2i—N 2k—N
N '’ N (14)

(n+1)(m+1)

al-=

Similar to ZM, pseudo Zernike moment (PZM) also belongs to the class of orthogonal moment. However,
PZM can produce twice the number of moments in comparison to ZM provided the same moment order [16]. In this
paper, fast calculation of PZM using q recursive method will be employed [28].

HOG

HOG proposed by [17] is a local feature descriptor that is able to capture edge gradient structure with high tolerance
to local geometric and photometric (illumination) transformation [29] and simultaneously maintain high selectivity
[30]. These features is well known for preserving local second-order interaction between pixels [31]. In this research,
we first resize the augmented tumor images to be 192 X 192 before applying Sobel filter kernel on to get the gradients.
Histogram of gradient are calculated in each 32 X 32 cells and normalized with 64 X 64 blocks.

LBP

Ojala et. al [18] introduced a grayscale and rotation invariant feature, known as local binary pattern (LBP). LBP
is a simple yet efficient operator in depicting local image pattern and has been utilized as features for various
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application [32].Aside from the implementation of original LBP, an improved version of locally rotation invariant
LBP [33] is applied for better tradeoff between discriminative power and robustness.

Bag of words (BOW) model

BOW techniques was originally introduced in text document analysis and retrieval and had extended its application
in feature extraction in computer vision domain [34]. Prior to BOW, a set of local descriptors have to be defined for
each images. In this paper, local image patches of size 5 X 5 is used. In BOW model, there are two main steps in
converting local descriptors into image representation: coding and pooling [35]. Coding can be defined as an operation
whereby local descriptors are encoded by codebook or vocabulary and the response of feature on this codebook is
generated either through probability function or sparse coding [36]. On the other hand, pooling is the process of
transforming feature response into image representation that preserves vital information.[37]. Sparse coding and max
pooling was chosen as the former can mitigate quantization loss of vector quantization algorithm, which lead to better
class discrimination, whereas the latter reconstructs more discriminative local features, unlike average pooling which
might be affected by noisy local features [36].

Feature reduction

Since the feature data is of high dimensionality and thus can incur high computational cost, dimensionality
reduction is necessary to remove irrelevant features. The main goal of feature reduction is to prevent overfitting [38],
a condition where the learning models do not generalize well to unseen data (not part of the training dataset) by
removing noisy and redundant features. In order to reduce the number of features, we employ feature transform
methods (e.g. Principal Component Analysis (PCA), Linear Discriminant Analysis (LDA), Partial Least Square (PLS),
and Independent Component Analysis (ICA)) and feature selection methods (e.g, Relieff algorithm [39],
Discriminative Least Square Regression (DLSR) [40], and LW-index [41].

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 multi-
class classification problem (identify and detect different types of brain tumor (e.g. meningioma, glioma and pituitary
tumor)). The classifiers employed in this study are, Naive-Bayes (NB) classifier, KNN classifier, weighted kNN [42],
artificial neural network (ANN), support vector machines (SVM), and extreme learning machine (ELM) [43]. Table
3 presents the implementation of the classification algorithms mentioned above.

. Table 3. 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 kKNN 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.

ANN Double layer hidden nodes: first one consists of 100 hidden neurons, while

second one consists of 50 hidden neurons. Learning algorithm: batch
gradient descent. Activation function: hyperbolic tangent.

SVM Two SVMs: linear and RBF. RBF SVM is applied because it is capable of
learning non-linear decision boundary. The sigma and C parameters in RBF
SVM are optimized by grid search method[44]. Three classification
schemes under one versus one SVM model will be explored: majority
voting, directed acyclic graph (DAG)[45], and pairwise coupling [46]. One
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[47].

versus one SVM is chosen because of its superior performance reported in

ELM

500 hidden nodes is used throughout the experiment. Optimum C
parameters is found using 10-fold cross-validation method in the range of

(272 278 2751[48].

In order to evaluate the performance of each machine learning approaches applied, 7 commonly accepted
performance measures are utilized, including test accuracy (%), Kappa statistic, sensitivity (%), precision (%), F-
measure (%), 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, the mean and standard deviation of performance metrics
can be computed for unbiased analysis and comparison among methods employed. Some notations are shown in Table

Performance evaluation and analysis

4 before the performance measures together with its formula and definitions are displayed in Table 5.

Table 4. Notations in performance measures formula

Notations Definitions
TP The number of true positives (tumorous images correctly categorized).
FP The number of false positives (tumorous images incorrectly categorized).
TN The number of true negatives (normal images correctly categorized).
FN The number of false negatives (normal images incorrectly categorized).
P(A) The relative observed agreement among raters.
P(E) The hypothetical probability of chance agreement.
Table 5. Performance measures and its definitions
Performance Formula Definition
measures
Accuracy 4 TP Overall efficiency and
cc= eneralizabilit of classifier [49].
TP+FP+TIN +FN Ig-Iowever, itsy use in performgnc]e
comparison among classifiers is limited
[50].
Kappa statistic P(A)-P(E) Measure the degree of agreement
Kappa e — between the predicted labels and the
1-P(E) ground truth [51].
Sensitivity TP Compute the proportion of samples of
Sensitivity = ———— class ‘A’ label that are correctly
TP+ FN predicted as class ‘A’ in the test phase.
Precision L TP Indicate the proportion of test
precision = ———— samples that are predicted to be class ‘A’
TP+ FP thatlznatch the krf)own true class label.
F-measure/F- 2TP Harmonic mean of precision and
score F —score = sensitivity.
2TP+ FP+ FN
Training time - Quantify the convergence speed of
training.
Test time - The rate at which the output labels of
test samples are generated.
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RESULTS AND DISCUSSIONS

Construction of different feature sets and experiments involved

Different types of feature reduction and classification algorithms will then be applied. For feature transform method,
3, 5,10, 20 and 50 features will be experimented. Each experiment will be conducted 30 times using stratified
sampling strategy for unbiased statistical analysis. Fig. 2 shows the schematic diagram of the processed involved. In
every machine learning trials, the dataset are split into 60% training data and 40% test data. In the later discussion,
number of features is abbreviated as n.o.f.

Feature extraction
(Referto Table. 1)

4

Concatenate into single matrix

4

Feature reduction

Stratified sampling

hd v —
Training dataset (dataset #1 and
raining datase ( atase an Testdataset
#2) -
input
Train classification models input Performed 30
times for
—
output each schemes
Trained classification models
Performance measures
—

Figure 2. Flow of experiments conducted.

Performance evaluation

There are 2 types of dimensionality reduction techniques used in this study: 1) feature transform (in most literature, it
is called feature extraction); 2) feature selection. Feature transform refers to PCA, PLS, LDA and ICA while feature
selection denotes Relieff, DLSR and SFS-LW. We different groups of finite number of features (n.o.f) for these 2
types of dimensionality reduction: 10,20,30,40,50,60,70 and 80 features (feature transform); 50,100,150,200,250,300
features (feature selection). Thus, it is unreasonable to compare these 2 methods, but comparative study can be
conducted in between methods in each dimensionality reduction techniques.

Performances of classifiers under PLS scheme

Based on Fig. 3, RBF SVM with pairwise coupling is the classifiers with the highest average accuracy (95.02%) and
Kappa statistics (0.922) when n.o.f is 80. However, statistically significant difference of accuracy cannot be
established in between all the RBF SVM and linear SVM (pairwise coupling) under n.o.f=80 as there is overlap in
confidence interval (CI). Empirical observation on Fig. 3 also reveals that not all classification models’ accuracy
increases with inclusion of more features. kNN, weighted kNN and ANN are a few classifiers that achieves their
highest accuracy when n.o.f=30, but performances deteriorate with inclusion of more features. This shows that these
classifiers are sensitive to noises. The accuracy achieved by both linear and RBF SVM are similar, with pairwise
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coupling performs slightly better than other methods. The sensitivity, precision and F-score of class A (meningioma)
are generally lower than class B (glioma) and class C (pituitary tumor). This may be due to lower prior probability
(number of samples) of class A during training phase.

Performances of classifiers under PCA scheme

Based on Fig. 4, RBF SVM (majority voting scheme) recorded the highest average accuracy (85.68%) and Kappa
statistic (0.774) when n.o.f is 70. It should be noted here that we cannot rule out the accuracy of RBF SVM under 60
to 80 PCA features is similar due to overlap in CI. It is obviously shown in Fig. 4 that the accuracy of RBF SVM is
higher than other classifiers by fairly large margin in all n.o.f settings. Interestingly, the accuracy of ANN plunges
with the increase in n.o.f, which probably caused by overfitting issue. Similar to PLS, the sensitivity, precision and F-
score of class A (meningioma) are generally lower than class B (glioma) and class C (pituitary tumor), and these
performance measures of class A come with lower value compared to PLS. This shows that more samples of
meningioma has been misclassified as glioma and pituitary tumor.

Performances of classifiers under LDA scheme

According to Fig. 5, RBF SVM with pairwise coupling achieved the highest average accuracy (87.48%) and Kappa
statistic (0.803) when n.o.f is 80. There is no significant difference among linear SVM and RBF SVM under 70 and
80 LDA features. SVM is clearly better classifiers with significantly higher accuracy than other classifiers based upon
empirical observation on Fig. 5. NB classifiers recorded average accuracy of 23.1% when n.o.f is 40, which in other
words predicts all test samples as class A (meningioma).

Performances of classifiers under ICA scheme

According to Fig. 6, linear SVM (DAG scheme) recorded the highest accuracy and Kappa statistic of 47.07% and
0.0126 respectively. The accuracy of classification models with ICA feature as input are lower compared to the
aforementioned feature transform approach. This is primarily due to the prediction of majority of test samples as class
B (glioma). In other words, ICA features do not possess useful information in discriminating the tumor types.

Performances of classifiers under all three feature selection schemes

Under Relieff, DLSR, SFS-LW, the maximum accuracy is attained by RBF SVM (pairwise coupling):
89.52%, 89.63% and 86.35% respectively when n.o.fis 300. For all three feature selection methods, RBF SVM is the
optimal classifiers. If we inspect bars representing RBF SVM in Fig. 7, 8 and 9, there is no statistical difference in
accuracy for all three variants of one versus one RBF SVM. For these three SVM variants, the average accuracy
increases with increase in n.o.f (in the case of Relieff); the average accuracy are roughly the same for all n.o.f settings
(in the case of DLSR); the average accuracy are roughly the same for n.o.f in between 100 until 300 (in the case of
SFS-LW). The optimal machine learning paradigms under different dimensionality reduction methods are shown in
Table 6.

It is noted that kNN and weighted kNN have approximately the same accuracy under feature transform
approaches. However, weighted kNN has higher accuracy compared to kNN under feature selection methods. This
suggests that feature selection can better preserve distance measures, in contrast to feature transform since weighted
kNN utilizes the sum of kernel function of nearest neighbors belonging to each class in making class prediction. On
top of that, the accuracy of ANN decreases as n.o.f increases in all 3 cases, which suggest overfitting. Pairwise
coupling is better methods in generating models outputs, particularly in linear SVM as shown by higher accuracy and
Kappa statistic compared to other techniques. It is also noticed that ELM recorded comparable accuracy to linear SVM.
Interestingly, NB has the worst accuracy (23.1%), in other words predict all test samples as class A (meningioma)
when SFS-LW feature selection is implemented. The possible explanation is that the feature subsets constructed is
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either dependent or has minimum mutual information (low entropy feature distribution) as explained in the work of
[52].

In a nutshell, these are the findings that can be concluded from this research:
a) All in all, almost every machine learning paradigms investigated can achieve an average accuracy higher than 85%
as long as the n.o.f'is sufficient, given that the classifier used is SVM. This condition does not apply when ICA features
are implemented, with accuracy lower than 48% for very combination of n.o.f and classifiers.
b) The best machine learning pipeline found was RBF SVM (pairwise coupling) + 80 PLS features, which achieves
an average accuracy of 95.02%, which is the highest accuracy obtained thus far in contrast to other findings in literature.
¢) Generally speaking, ANN performs poorly in all dimensionality reduction scheme. This situation becomes more
evident as the n.o.f included increases. We suspect that the proposed architecture of ANN is suboptimal and cannot
acquire semantic information from the features input. NB is the worst performing classifiers, which under certain
settings of n.o.f and feature selection method only recorded 23.1% in accuracy, indicating that the classifier has lost
its discriminating power.
d) Weighted kNN generally performs similarly as compared to kNN in majority of machine learning pipelines, with
higher test time with the increase in the number of features.
e) Of the three SVM variants, there is no statistically significant difference in between them when RBF SVM is
employed as there is overlap in the confidence intervals shown in error bars in the following figures. However, when
linear SVM is used as classifier, pairwise coupling produces better generalization performance when PLS features and
feature subsets selected by all the 3 feature selection methods are used. The test time of majority voting is lower
compared to DAG and pairwise coupling. The difference is around 2 order of magnitude.
f) The training time can be arranged in ascending order as follow: NB < ELM < linear SVM < RBF SVM < ANN
when n.o.f'is below 200. Otherwise, the training time of linear SVM is lower than ELM.
g) The superior performance of RBF SVM under PLS scheme is due to the ability to identify meningioma correctly,
as can be observed in relatively high sensitivity, precision and F-score of class A.
h) According to Table 7, our proposed machine learning approaches had achieved better accuracy than other proposed
methods, showing its feasibility in classification of tumor types using T1-weighted contrast enhanced MR images.

Accuracy (%) of various classification models under PLS

scheme
— 93
§
> 88
© 83
3 78
o
o073
< 68
}_ I
63
10 20 30 40 50 60 70 80
Number of features
B kNN B weighted kNN H Naive Bayes
B ANN HELM linear SVM (majority voting)
H linear SVM (DAG) B linear SVM (pairwise coupling) B RBF SVM (majority voting)
B RBF SVM (DAG) B RBF SVM (pairwise coupling)

Figure 3. Classification accuracy of PLS + different classifiers. The error bars are constructed by formula: 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
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represents 95% of confidence intervals. The highest accuracy is (94.83%,95.21%) attained by RBF SVM (pairwise

coupling).

Accuracy (%) of various classification models under PCA

Test accuracy (%)
~
S

H kNN

B ANN

H linear SVM (DAG)
B RBF SVM (DAG)

scheme

84
79
69
64
59
10 20 30 40 50 60 70 80

Number of features

W weighted kNN M Naive Bayes
HELM H linear SVM (majority voting)
B linear SVM (pairwise coupling) B RBF SVM (majority voting)

W RBF SVM (pairwise coupling)

Figure 4. Classification accuracy of PCA + different classifiers. 95% confidence interval for the highest accuracy is
(85.30%,86.07%) attained by RBF SVM (majority voting).

Accuracy (%) of various classification models under LDA

N

N

Test accuracy (%)

B kNN
B ANN
H linear SVM (DAG)

B RBF SVM (DAG)

scheme

il

number of features

B weighted kNN B Naive Bayes
HELM M linear SVM (majority voting)
M linear SVM (pairwise coupling) B RBF SVM (majority voting)

B RBF SVM (pairwise coupling)

Figure 5. Classification accuracy of LDA + different classifiers. 95% confidence interval for the highest accuracy is
(87.12%,87.83%) attained by RBF SVM (pairwise coupling).
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Accuracy (%) of various classification models under ICA

H
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Test accuracy (%)

B kNN
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H linear SVM (DAG)

B RBF SVM (DAG)
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Figure 6. Classification accuracy of ICA + different classifiers. 95% confidence interval for the highest accuracy is

(46.99%,47.15%) attained by linear SVM (DAG).

Accuracy (%) of various classification models under
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Average test accuracy (%)

B kNN
B ANN
H linear SVM (DAG)

B RBF SVM (DAG)

50 10

Relieff feature selection scheme

150 200 250 300

Number of features

B weighted kNN H Naive Bayes
HELM M linear SVM (majority voting)
M linear SVM (pairwise coupling) B RBF SVM (majority voting)

B RBF SVM (pairwise coupling)

Figure 7. Classification accuracy of Relieff + different classifiers. 95% confidence interval for the highest accuracy
is (89.28%,89.75%) attained by RBF SVM (pairwise coupling).
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Average test accuracy (%)

Accuracy (%) of various classification models under DLSR
feature selection scheme
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Figure 8. Classification accuracy of DLSR + different classifiers. 95% confidence interval for the highest accuracy
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is (88.72%,90.54%) attained by RBF SVM (pairwise coupling).
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Classification accuracy of SFS-LW + different classifiers. 95% confidence interval for the highest

accuracy is (86.02%,86.68%) attained by RBF SVM (pairwise coupling). The accuracy of NB classifier is not

shown as all the accuracy is 23.01%.
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Table 6. Overview of the optimal supervised classification models under each dimensionality reduction
methods. The values in this table is shown in the form of: mean + standard deviation. A denotes meningioma; B
denotes glioma; C denotes pituitary tumor.

Di ionality Classifiers/mumt Performance indicators
reduction sy Kappa Sensitivity Precision F- Training .
1 of features A R . Test time
methods statistics A B C A B (] A B C time
REF SVM
"5V 9502 | 9218 | 8861 | 9722 | 9654 | 9192 | 9626 | 9542 | 9022 9597
PLS (pairwrise +0.51 | +080 | +138 | +o075 | +073 | +161 | +o06z | +113 | +109 [(ETHHOH ygep [0144003(036+002
coupling) / 30
RBISVM 8568 | 7736 | 6795 | 9098 | 9106 | 7903 | 8726 | 8753 | 7303 | s008 | 8025
jordi ‘n)ﬁ]]g) - - - - - - - - - - - 2510. .04 10
rea (m’“"’;';o +103 | +163 | +297 | +130 | +141 | +250 | +114 | +138 | +220 | +082 | +100 [*231001)00410.00
REF SVM
TSV 8748 | 8029 | 7727 | 9112 | %967 | 8041 | 8875 | 9076 | 7877 | ®991 | 9020
LDA (pairwise 0.77+0.05|691+0.19
N + 0 +1- +2. +1. +1. + 2 + 0. +1. + 1 + 0 + 0.
coulingy/g0 | £095 | +149 | £252 | £122 | £152 | +238 | +093 | £126 | £177 | £083 | 1096
Lincar SVM | 47.07 99.77 1681 | 8253 6372
+ + + + +
ICA oAG) /30 | 1oz1 |1261043) 000 | TUUT z1avoes| oo | SUTO| PO | ese | U7 |4a7:124{008r0.01f0451003
REF SVM
"5V 2963 | 8368 | 7734 | 9356 | 9296 | 8251 | 9208 | 9091 | 7980 | 9281 | 9193
DLSR (pairwise +091 | +143 | +277 | +108 | 4117 | +248 | +105 | +123 | +196 | +080 | +o0gz [*1340.00/1.68+003
coupling) / 30¢
REF SVM
. TSV 8952 | 8350 | 7591 | 9375 | 9338 | 8236 | 9227 | 9029 | 7897 | 9299 | 9180
Relieff o (pair s | £064 | £101 | 1249 | £103 | £115 | 1169 | 1093 | 1109 | 1151 | 1057 | 1068 0-1510.00{1.814+0.03
coupling) / 300
REF SVM
i 8635 | 7844 | 6900 | 9196 | 90914 | 7753 | 8874 | 8853 | 7298 | 9032 | sem
SFSLW (pairwrise +089 | +143 | 4294 | +122 | +127 | +217 | +129 | 111 | +215 | +o91 | +oe7 [F1HH000[1744004
coupling) / 300

Table 7. Comparison with other findings in literature using same dataset and performing the same classification

tasks.

Authors Classifiers Feature input Accuracy

[53] Capsule Downsampled 64 x 64 86.56%

networks raw image patches.

[7] SVM BoW  model  with 91.28%
region partitioning

Our work RBF SVM PLS features extracted 95.02%
augmented tumor region

CONCLUSION AND FUTURE WORK

We had devised and implemented several pattern recognition paradigms under different finite n.o.f in an effort to
classify multi class brain tumor using T 1-weighted contrast enhanced MR images. These studies can be crucial for the
development of highly demanded automated CAD system. It was found that RBF SVM (pairwise coupling) under 80
PLS features achieved the highest average accuracy (95.02% =+ 0.19%) among all other machine learning pipelines.
Of all the dimensionality reduction strategies, ICA features do not offer useful information in classification of brain
tumor types as the accuracy is no more than 48%. Other than that, ANN and Naive Bayes classifiers can suffer from
overfitting problem in some dimensionality reduction methods if the architecture is inappropriate (ANN) and
dependence between features exist (NB).

Future work can potentially orienting towards other non-linear dimensionality reduction methods like Isomap,
kernel PCA and etc. Classification algorithms like decision tree and fuzzy classification can be employed. Real online
dataset (it should be noted that the data used in this research does not represent the real proportion of tumor types),
which has the realistic ratio of tumor types should be considered in future study.
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