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ABSTRACT

The present study investigates the effectiveness of six Machine Learning
(ML) algorithms in classifying the breast tissue dataset generated using the
electrical impedance spectroscopy method. This study used the breast tissue
dataset available at the UCI machine learning repository, consisting of 106
spectral records with ten variables. The data were partitioned into train and
test datasets. Sixty six percentage of data was allocated for the train dataset
and balance for the test dataset. Six ML algorithms were tested for effective-
ness using accuracy, Cohen's Kappa, sensitivity and specificity. The results
revealed that the backpropagation algorithm (BPN) produced the highest ac-
curacy and Kappa compared to other machine learning algorithms in classify-
ing the six-classed breast tissue dataset. Both Support Vector Machine (SVM)
and K-Nearest Neighbors (KNN) produced the second-highest accuracy and
Kappa. The C5.0 decision tree algorithm takes the third level. The fourth and
fifth levels of accuracy are Probabilistic Neural Network (PNN) and Learn-
ing Vector Quantization (LVQ), respectively. The sensitivity of all classes by
the classification of BPN was more than eighty percentage, which is higher
than other machine learning algorithms. The specificity of all classes pre-
dicted by BPN was more than ninety six percentage and was comparatively at
the highest level than other machine learning algorithms. Therefore, the study
concludes that the backpropagation algorithm will effectively classify the six
classed breast tissue data.
Keywords: Support Vector Machines, Backpropagation algorithm, Prob-
abilistic neural network, Learning Vector Quantization, K-Nearest Neigh-
bors cluster analysis and C5.0 decision tree approach
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1 Introduction

In the context of the increasing incidence of breast cancer, it is paramount to
develop a decision support system to help pathologists enable the early detec-
tion of cancerous tissue. Numerous machine-learning techniques have been
deployed to classify cancer tissue from that normal tissue. However, the efti-
ciency of classification varies among different machine-learning techniques.
One of the factors that influence the classification’s efficiency is the number of
classes to be classified. The following literature pieces of evidence have been
organized in a manner increasing the number of classes and the techniques
which were employed to classify them.

A study on breast fine needle tumour classification compared different
artificial neural networks and support vector machines (George et al., 2012).
The study used ANN techniques such as multi-layer perceptron (MLP) us-
ing the backpropagation algorithm, probabilistic neural network (PNN), and
learning vector quantization (LVQ) in addition to the Support vector machine.
The study used 10-fold cross-validation and the performance was compared
based on the resulted error rate, correct rate, sensitivity, and specificity, using
different datasets containing two classes such as benign and malignant and
concluded that predictive abilities are good for probabilistic neural network,
followed in order by support vector machine, learning vector quantization and
multilayer perceptron for all dataset.

Some of the studies used neural networks to analyze the histological im-
ages directly. Araujo et al. (2017) used histological images to classify four
kinds of breast tissues. The authors used both Convolutional Neural Net-
work (CNN) classifier and SVM classifier. The article reported that the orig-
inal image is divided into twelve contiguous non-overlapping patches. The
patch class probability is computed using the patch-wise trained CNN and
CNN+SVM classifiers. Both CNN and SVM classifiers achieve comparable
results. It resulted in 77.8% accuracy for four classes and 83.3% of carcinoma
and non-carcinoma achieved. The sensitivity of the cancer cases was 95.6%.

Another study used mammographic images for classification. That study
aimed to evaluate the application of different breast tissue density segmen-
tation strategies before the extraction of features in mammograms (Oliver et
al., 2006). The study used a Bayesian classifier, which combines k-Nearest
Neighbors and the C4.5 decision tree. There were five classes and 113 fea-
tures for each class in the data set. The authors used Cohen’s Kappa statistics
to compare different segmentation strategies (Oliver et al., 2006).

According to Wu and Ng (2007), the Normalized weighted average algo-
rithm for the unbiased linear fusion in multiple classifier systems works effec-
tively to improve classification accuracy and achieve confident performance
in terms of reliability index. This particular study also used the previously
mentioned dataset and used the relative index (RI) to indicate the certainty
level of the ensemble results. The same dataset of the previous study was
used by another study conducted by Helwan et al. (2017). In this study, the
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author used the backpropagation learning algorithm (BPNN) and radial basis
function network (RBFN) and finally concluded that RBFN outperforms the
classifying breast tissue.

In the present study, the methods used in literature to classify the two
classes and five classes are selected to classify the six classed data. As such,
support vector machines (SVM), the backpropagation algorithm (BPN), prob-
abilistic neural network (PNN), learning vector quantization (LVQ) and k-
Nearest Neighbors (KNN) were selected, and instead of the C4.5 decision
tree, its advanced version C5.0 decision tree was selected to analyze six class
data.

The present study used the dataset generated by Jossinet (1996).The study
used electrochemical impedance spectroscopy (EIS) to measure six breast tis-
sue impediments. The impedance measurement at a different frequency of an
element will give valuable data about that element (Lvovich, 2014). This is
the basics of EIS, and this is also used in living cells as well. The EIS is used
to differentiate cancerous tissue from that normal tissue as the impedivity of
tissue will be determined by dimension, internal structure, and arrangement
of cells (Walker et al., 2000). This dataset has been used by a few studies to
classify breast tissue. A study used the above dataset to classify six classes of
breast tissue using applied linear discriminant analysis and achieved an over-
all classification efficiency of around 92% by hierarchical method (Estrela
da Silva et al., 2000). Another study conducted by Olmez et al. (2021) used
this dataset. This study used Probabilistic Neural Network (PNN) to classify
the tissue types and the results were compared with the results of Multilayer
Neural Network (MLNN) and Learning Vector Quantization (LVQ). The best
average was obtained for PNN with 98.1%, followed by MLNN with 95.24%
which is followed by LVQ with 92.38%. Another study used the same dataset
for the classification of breast tissues using Naive Bayes, Support vector ma-
chines, Radial basis neural networks, Decision trees J48 and simple CART
algorithms. The study found that SVM-RBF Kernel outperforms other clas-
sifiers with respect to the accuracy, sensitivity, specificity and precision for
both binary and multiclass datasets (Aruna et al., 2011).

2 Methodology

The study used a dataset generated by Jossinet (1996). The dataset is avail-
able at the UCI Machine Learning Repository (Jossinet, 2010). The data set
consisted of 106 spectra recorded in breast tissue samples from 64 patients
undergoing breast surgery. In the study conducted by Jossinet (1996), nine
attributes had been identified from the EIS, in addition to the class data, i.e.
type of tissue. Those attributes are Impedivity (ohm) at zero frequency (10),
Phase angle at 500 KHz (PA500), High-frequency slope of phase angle (HFS),
Impedance distance between spectral ends (DA), The area under the spec-
trum (AREA), Area normalized by DA (A/DA), Maximum of the spectrum
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(IPMAX), Distance between 10 and the real part of the maximum frequency
point (DR) and Length of the spectral curve (P).

The dataset has six groups of breast tissues that include both normal and
cancerous tissue. Those tissues are shown in the following table (Table 1).

Table 1: Types of tissues in the dataset

Type of Tissues Code No. of cases
connective tissue con 14
Normal Tissue  adipose tissue adi 22
glandular tissue  gla 16
Carcinoma car 21
Cancer Tissue  fibro-adenoma fad 15
mastopathy mas 18

As a first step to fit machine-learning models, the data was partitioned as
a train and test dataset. Sixty-six per cent of the data was used to fit the model,
and the rest was used as test data. As all the variables are in different ranges,
the data were preprocessed using the scale and centre method or range method
before fitting machine-learning models. For the backpropagation neural net-
work, the class data was flattened in the training dataset i.e. each class appears
alone in separate columns as this is a multiclass data.

The CRAN R (v.3.5.3) statistical package was used to run the algorithms.
The accuracy and Cohen’s kappa coefficient (k) were mainly used to compare
the output. Besides, sensitivity, specificity, and confusion matrices were used
to compare the performance.

The following sections illustrate the theory behind each classification al-
gorithm.

2.1 Support Vector Machine (SVM)
Support Vector Machines, introduced by Boser et al. (1992) is one of the su-
pervised learning techniques and successfully applied to several applications
such as classification and regression, and time series prediction (Miiller et
al., 1997; Sapankevych and Sankar, 2009) and face recognition (Tefas et al.,
2001). In simpler terms, SVM can be considered as a surface, also known as
a hyperplane, which is a boundary between different types of points in data.
The hyperplane divides the most homogeneous points in each sub-region in a
multidimensional space (Dangeti, 2017).

The basic theory behind the support vector machine can be explained as
follows as described by Bonaccorso (2017). Consider a dataset for classifica-

tion: X = {Z1,Tg,...... T,} where®; € R
It is assumed as a binary classification and set class labels as -1 and 1:
Y ={71,72,--.. Yn} where g, € {—1,1}
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The goal is to find the best-separating hyperplane, for which the equation
is:
w1 T
WPz +b=0where W = : and x = : (1)

W Lm

As such the function of the classifier can be written as:
y=f(x)=sgn(W"Z +b) ()

In a real setting, there will be a margin between two classes with two
boundaries, on which a few elements from both classes lie. These elements
are called support vectors. When renormalizing the dataset the support vectors
will lie on two hyperplanes with equations:

WTz+b=—1WTz+b=1 3)

2.2 Backpropagation algorithm (BPN)

The Backpropagation Algorithm is one of the artificial neural networks and
is a supervised learning method. In this approach, the algorithm is provided
with inputs and target outputs and the network computes the outputs, which
are compared with the actual target output and error will be calculated be-
tween the target output and computational output. Then the algorithm will be
backpropagated to adjust the weights so that the error will be reduced. There-
fore, the backpropagation algorithm begins with assigning random weights
and then the weights will be adjusted to minimize the error until the algorithm
learns the training data. The solution is the combination of appropriate weights
which has a minimal error (Puig-Arnavat et al., 2015). The algorithm consists
of one or more hidden layers, which requires an activation function to help
the algorithm to learn the linear and non-linear connection between input and
output. The most commonly used activation functions are tan-sigmoid, log-
sigmoid, and linear (Puig-Arnavat et al., 2015). According to Rojas (1996),
this algorithm can be broken down into the following main steps: 1. Feed-
forward computation 2. Backpropagation to the output layer 3. Backpropa-
gation to the hidden layer 4. Weight updates The algorithm can be explained
using the following example. Let’s consider the X , Y; , H; , b; and w; are
inputs, outputs, hidden layers, errors, and weights respectively. The hidden
notes can be calculated based on the inputs, errors, and weights which have
been randomly assigned using the following formula:

H1 = T1W1 + ToWwso + b1 (4)

and
H2 = T1W3 + ToWy + bl (5)
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We will apply the following activation function (sigmoid function) to get the

output.
1

. i 6
stgmoi e (6)
These results in the output of A, and H; are as follows:
tH L (7)
ou = —
P 14 e
and )
tHy = ——— 8
outiy = (8)

Now we can calculate the y; and y, and using the sigmoid function we can
get the outyl and outy?2

y1 = out Hyws + out Hyweg + by 9)
and
= outH tH. boouty; = —— 10
Yo = out Hywy + out Howg + byouty, Tr e (10)
and .
outys = ——— (11)

IL+e

Calculating total Error.

Now we can compare the calculated outputs with target output and calcu-
late the total error as follows:

1 2
E, = —(t t — output) Erorq = E1 + B 12
> ;(target — output) Erya = Bi + Ex (12)
Now we need to update the weights to minimize the error. Let’s consider the
Ws
OF ota
Error at ws = —2 l (13)
8w5

Now we will split the above partial differentiation into multiple times.

aFJt‘otal o athotal aOUt Z/1 ayl
= * * (14)
Ows dout y, oy ows

Where dgt—u‘g‘“ is the change in w5.
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Now we will update the ws

a-Etotal
aw5

ws = ws — 6 %

(15)

where 6 is the learning rate (0 < 6 < 1)
In the same way, we can update the error for w6, w7, and w8. Now we can
update the weight w1 as follows

8Et0tal o aEtoml % aOUt Hl % aI—Il

= 16
(?wl dout H1 8H1 8w1 ( )
Now we will update w1.
E otla,
wlzwl—e*at” (17)
8w1

Where 6 is learning rate (0 < 0 < 1)

In the same way, we can update the error for ws, w3, wy Now we will do
the forward process with the updated weights and we will check whether the
calculated output is near to target value. This process will be repeated until
we get satisfactory results.

2.3 Probabilistic neural network (PNN)
The PNN is a Bayes—Parzen classifier (Masters, 1995) and was developed by
Specht (1990). Here the Bayes—Parzen classifier is breakdown into the num-
ber of simple processes implemented in a multilayer neural network. To un-
derstand the PNN, the Bayes theorem for conditional probability and Parzen’s
method for estimating probability density function should be known.

Let’s assume sample x is taken from a collection of samples belonging to
several distinct populations (1,2, ..., k, ..., K). x = [x1, X9, ..., xp]
Assume that,

« the posterior probability that a sample belongs to the k" population is hy.
* the cost associated with misclassifying that sample is c.

* the true probability density function of all populations is

filx), folz), ..oy fu(x), ..oy fr(2)

Then, Bayes theorem classifies an unknown sample into the i** population
if hic; f; () > hjc;f; (x) for all population i # j

However, in Bayes’ classification, the probability density function is usu-
ally not known. But in a standard classification algorithm, the distribution of
the population should be known or assumed. In general, the normal distribu-
tion is assumed and this assumption cannot always be safely justified. This
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may result in the highest misclassification rate. Therefore, there is a need to
derive the distribution from the training dataset. This derived distribution will
be a multivariate probability density function (PDF) that combines all the ex-
planatory random variables.

To derive a distribution estimator, Parzen (1962) method is generally used.
This method originally proposed the univariate case of PDF, which was later
extended to the multivariate case by Cacoullos (1966). As such the multivari-
ate PDF estimator (g(x)) can be written as follows:

_ 1 n T1=T1,i L2724 Tp—Tp,i
g ($17 IQ? A 7xp) - nglo'Q,,,,g'p 21:1 W < o1 ) o2 AR U'p ) (18)
Where,
o is smoothing parameters around the mean of p random variables x.
W is Weighting function

n is the total number of training data point

When all the smoothing parameters are assumed to be equal (07 = 09 =
.... = 0p), then the Gaussian function is used for 1¥. Thus, the equation will
be reduced as follows:

n

1 — 2

i=

Where x is the vector of random variables (explanatory variables), and x;
is the i*" training vector. As the sample size (n) increases, the PDF estimator
asymptotically approaches the true probability density function.

2.4 Learning Vector Quantization (LVQ)
The LVQ is similar in architecture to Self-Organizing Maps (SOM) devel-
oped by Kohonen (1990). However, unlike the SOM, the LVQ is a supervised
learning method (Da Silva et al., 2017). The LVQ has many advanced features
such as good network performance, fast training speed, fewer neurons, high
recognition rate, simple network structure, and input vectors that need to be
normalized (Feng and Zhao, 2013). The LVQ as a classification algorithm sup-
ports both binary and multi-class classification problems (Brownlee, 2016).
LVQ model makes codebook vectors, which represent class regions, through
learning training datasets. The codebook vectors consist of elements placed
around the respective class according to their matching level. If the element
matches, it comes closer to the target class, if it does not match, it moves
farther from it. With these codebooks, the model classifies new data.

The algorithm of LVQ can be explained as follows, as explained by Zhang
and Zhao (2003). Let’s assume the input vector as © = (1, %9, ..., Z,), and
the reference vector for it output neuron w; as w; = (w14, way, - . . W3;)
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The Euclidean distance between the input vector and the reference vector
of the ¢ neuron can be defined as

n

D(i)= | Y (x5 — wy)’ (20)

J=1

When the D (i) is a minimum, the input vectors are compared to the reference
vectors and the closest match is found. The winning reference vector, w;, is
then obtained by the formula as follows:

|wis — x| < |w; — x| (21)

Then the reference vectors will be updated using the following rule.
Wi (new) = wy (old) + a(t)(z — wys (old)) if x is in the same class as w;,,
Wix (new) = wiy (old) — a(t)(z — w;y (old)) if z is in a different class from
Wix,s
Wi (new) = w;, (old) if x is not the index of the winning reference vector.
Where the «(t) is the learning rate which ranges between 0 to 1.

2.5 K-Nearest Neighbors classification (KNN)

KNN is one of the simple algorithms in machine learning (Khamis et al., 2014;
Dhriti and Kaur, 2017) and is instance-based learning and also called lazy
learning (Dhriti and Kaur, 2017). When we get the dataset for training we will
not process them, instead, it will be stored, but when we get a new instance, it
will be classified based on similarity with the stored data (Jabbar et al., 2013).

The KNN simply classifies a case based on the closest neighbouring train-
ing cases in the feature spaces (Imandoust and Bolandraftar, 2013) and Khamis
et al. (2014) stated that “objects that are ‘near’ each other will also have simi-
lar characteristics”. Thus if you know the characteristic features of one of the
objects, you can also predict it for its nearest neighbour”. Since it is using the
neighbouring cases to classify the new cases, the distance between the given
unknown case and other cases in the training dataset will be calculated. The
smallest distance corresponds to the sample in the training set closest to the
unknown sample (Imandoust and Bolandraftar, 2013).

Let’s assume (x;,0;) ;1 = 1,2,...n be given, where z, € R™;i=1,2,...n
and 6, denotes the label of x; for each 7. In other words, 6 is the class from
which the observation x;has come up.

Let’s assume that the number of classesis c; ¢ > 2,i.e.0; € {1,2,...c}hV;

Let = be a point for which the label is not known. Therefore we need to
find out the label for z. We can follow the following steps to determine the
label for x.

1. Let k be a positive integer.
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2. We can calculate the d (x,z;)V;;i = 1,2,...n where d denotes the Eu-
clidean distance.

3. We will get n number of distances and we will arrange these distances in
non-decreasing order.

4. We can then take the first £ distances.
5. Find those k points corresponding to these k distances.

6. Let k; denotes the number of points belonging to the th class, among the
kpoints; i =1,2,...c

7. We can assign the x inclassiif k; > k; Vj # 1

The performance of classification using KNN is based on two aspects such
as the selection of K and the distance metric used (Ayyad et al., 2019). If
the K is smaller, the estimation tends to be poor and if the K is higher, the
estimating is over smoothing and decreases the performance (Imandoust and
Bolandraftar, 2013). Thus in most of the KNN operations the K, in general,
will be 3-10. There are different distance measures but the commonly used
method is Euclidean distance (Ayyad et al., 2019).

2.6 (5.0 Decision tree approach

C5.0 algorithm is an advancement of Quinlan’s C4.5 algorithm (Kuhn and
Johnson, 2013) and the C5.0 is advanced in terms of speed, and memory and
creates simpler trees than C4.5(Shirali, 2016). It is one of the classification
algorithms suitable for big data (Revathy and Lawrance, 2017). The theory
behind the C5.0 algorithm can be explained as follows as explained by Moik
(2018).

Let’s assume given set S consist of n samples and each observation has
X attributes that are assigned to class Y.

The algorithm creates a subset of observation by making the group of the
same classes. The degree of being grouped into the same classes is called
purity. The highest purity indicates the group has more observation of the
same class. The purity will be measured by Entropy (£) using the following
formula:

E(S) = Z —p; log, (pi) (22)
i=1

Where F(5) is the purity of a group, c is several classes, and p; is the
proportion of observation within a class. If there are two classes, the E(.5)
ranges between 0 to 1, while in more than 2 class cases, this will range from
0 to log, n. Then the algorithm computes the change in Entropy, which is
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called information gain (A). This results from a split on each of the possible
attributes. This will be computed using the following formula:

Gain (A) = E (S) — E(S|A) (23)

Where E£/(S) denotes the entropy of a segment before the split and F(S|A)
is conditional information entropy, which is the entropy of the segments after
the split. £/(S|A) is the sum of all the entropies after the split weighted by the
proportion of the observations falling into each of the segments and this can
be calculated using the following formula:

E(S]A) = Z p; Z pij logy (pij) (24)

Then the gain ratio will be calculated using the following formula.

Gain(A)

GainRatio (A
ainRatio (A) = _z] 1pjlogg(p,)

(25)

These steps will be repeated with all the other attributes and their values.
Then, the information gain ratios will be compared with each other and the
attribute with the highest information gain ratio will be used as a node that
splits the dataset.

After that, the same procedure will be repeated with the subsets as long
as one of the three conditions are met: (1) all the observations in the subset
have the same class; (2) there are no attributes left that can divide the subsets
and (3) all observations have the same value of an attribute but still belong to
different classes.

3 Results

The SVM was tuned at three kernels to get the optimum parameter, and the
output indicated that the best performance would be obtained at the cost (C)
of 100 and gamma 0.4 at the radial kernel. This model identified 59 support
vectors, and the average accuracy was 62.87% (the minimum is 42.90%, and
the maximum is 85.71%). The model is then used to predict the test dataset
and it results in an accuracy of 80.56% with a 95% confidence interval of
63.98% and 91.81% and with a Kappa value of 76.40%. The confusion ma-
trix (Table 2) shows that except for the class car and gla., other classes have
misclassification.

For the backpropagation neural network, the number of layers and asso-
ciated neurons was decided arbitrarily by repeatedly fitting the model and
analyzing the accuracy and kappa level at a constant learning rate at the logis-
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tic activation function. The model with a single layer of 100 neurons resulted
in the highest accuracy and Kappa. The learning rate is an essential param-
eter in the neural network. The backpropagation keeps changing the weights
until there is the most significant reduction in errors by an amount known as
the learning rate (Ciaburro and Venkateswaran, 2017). The smallest value of
the learning rate will give the highest accuracy, but the neural network’s con-
vergence will be difficult. While the enormous learning rate makes the model
converge quickly, it compromises the accuracy of prediction. In this study, the
different learning rate was tested and the best accuracy and Kappa were found
in the range of 0.01 to 0.05 and 0.08 for the Logistic activation function. This
can be shown in the following graph (Fig 1).

[ (] E—E—an ] [
® —B— Accuracy
- -
- Kappa
© . * " —eo—oeo * *
OO_ —
o
35
3
<
5 o«
O o
m m
o
CD_ —
o
o
OO_ —
o ® ®

I I I [ I I [ I
0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08

Leaming Rate

Fig. 1: The accuracy and the Kappa for different learning rates for the back-
propagation algorithm

The model was then used to test the testing dataset with the above op-
timization parameters, and it resulted in an accuracy of 88.89% with a 95%
confidence interval between 73.94% and 96.89%. The Kappa was 86.36%.
The confusion matrix of the model yielded the highest accuracy (Table 2).

In the PNN, the training dataset was used to fit the model. The fitted model
was then used for prediction using the test dataset. The model resulted in an
accuracy of 69.44% with a 95% confidence limit of 51.89% and 83.65%. The
Kappa value is 62.64%. The confusion matrix (Table 2) shows that misclassi-
fication was observed in all the classes except for the class car. Comparatively,
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Table 2: Confusion matrix of different classification

SVM Reference BPN Reference
adi car con fad gla mas adi car con fad gla mas
adi 7 1 0 0 0 0 adi 8 0 0 0 0 0
o car 0 7 0 0 0 0 = car 0 9 0 0 0 0
5 con 1 0 6 0 0 0 g con 0 O 6 0 O 0
B fad 0 1 0 2 o0 3 B fad 0 0 0 2 0 3
A gla 0 0 0 0 5 0 A gla 0O 0 0 0 5 0
mas 0 1 0 0 0 2 mas O 1 0 0 o0 2
PNN Reference LVQ Reference
adi car con fad gla mas adi car con fad gla mas
L, & 0+ L 9 0 4 ai 6 0 0 0 0 0
g caxr 0 9 0 0 0 0 o G o 8§ 0 0 0 0
gcecmn 2 0 3 0 0 0 T ¢con 2 0 4 0 0 0O
g fad 0o 0 0 2 0 3 F fad O 1 2 2 1 5
A ga 0 0 0 0 5 2 A& ga 0 0 0O 0 4 0
mas O 1 2 0 0 0 mas 0 1 0 0 0 0
KNN Reference C5.0 Reference
adi car con fad gla mas adi car con fad gla mas
ad 8 0 0 0 0 0 adi 8 0 0 0 0 0
g @ 0 9 0 0 0 0 g car 0 9 0 0 0 0
S con 0 O 4 0 0 o0 S con 0 l 6 0 0 0
® fad 0 0O 2 2 1 2 E fad 0 0 0 0 2 4
A ga 0 0 0 0 4 1 A gla 0 0 0 2 3 1
mas 0 1 0 0 0o 2 mas 0 0 0 0 0 0

the output is less significant than the previous two methods, such as SVM and
the backpropagation algorithm.

In the LVQ, the best accuracy was obtained in the codebook size of 60 and
k of 1. The average accuracy is 60.45%, and the average Kappa is 51.54%.
The model was then used to predict the test data, and the confusion matrix
was obtained. As such, the model yielded an accuracy of 66.67% with a con-
fidence interval of 49.03% and 81.44% and with a Kappa value of 60.18%.
The misclassification was observed in the classes con, fad, and mas (Table 2).

In the KNN, the critical parameter is the number of neighbouring points
(k) for decision-making. Different numbers of neighbouring points (k) were
applied for KNN and the resulting accuracy and Kappa were plotted against
k (Fig 2). As such, the best accuracy was obtained at the k value of 9 and
10. Both the training and testing datasets were together used to fit the model
at k of 9, and the confusion matrix was obtained. The model resulted in an
accuracy of 80.56% with a 95% confidence interval of 63.98% and 91.81%
and a Kappa value of 76.32%. The confusion matrix is given as follows (Table
2). The misclassification was observed in the classes of fad, gla, and mas.
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Fig. 2: Accuracy and Kappa for different k for KNN

In the C5.0 decision tree, the model resulted in an average accuracy of
65.71% (Min.42.86%, and Max. 100%) and the average kappa is 44.91%
(Min. 28.20% and Max. 100%). The highest accuracy and Kappa were ob-
tained at the rule-based and winnowing models. The fitted model is used to
predict the test data and the confusion matrix. The model resulted in an accu-
racy of 72.22% with a 95% confidence interval of 54.81% and 85.80% and a
Kappa value of 65.97%. Except for the classes, adi and car, misclassification
is observed in all other classes (Table 2).

The overall comparison of accuracy is given in Table 3, and an overall

comparison of all the algorithm’s sensitivity and specificity is given in Table
4.

4 Discussion

A study conducted by George et al. (2012) reported that the predictive ability
of the probabilistic neural network (PNN) and support vector machine was
stronger than LVQ for two-class classification. However, in the present study
of six class classifications, SVM surpasses the predictive ability of PNN and
LVQ both by the accuracy of classification of the sensitivity of classes. Estrela
da Silva et al. (2000) applied linear discriminant analysis for the breast tissue
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data used in this study and reported that the straightforward one—step linear
discriminant analysis was poorly performed. Instead, they applied a hierar-
chical approach using linear discriminant analysis to classify the tissue types.
Moreover, Wu and Ng (2007) reported that the highest normalized weighted
average algorithm resulted in the highest accuracy of 72.64% for the same six
classed breast tissue data.

Table 3: Overall comparison of the accuracy of different machine-learning
approaches

Kappa Accuracy 95% CI

Alsorith co
gorithm (%) (%) Lower Upper Conditions

BPN 86.36  88.89 73.94 96.89 Hidden layer with 100
neurons;
n=0.01-0.05

SVM 76.40 80.56 63.98 91.81 Radial kernel,
C=100,y=04

KNN 76.32  80.56 63.98 91.81 k=9/10

C5.0 6597 72.22 54.81 85.8  Rule-based

with winnow
PNN 62.64 69.44 51.89 83.65

LVQ 60.18 66.67 49.03 81.44 codebook size=35,
k=2

However, this study found that the highest accuracy (88.89%) and Kappa
(86.36%) were observed in the backpropagation algorithm. A study conducted
by Helwan et al. (2017) to compare the radial basis function neural network
and backpropagation algorithm on the same dataset reported that the back-
propagation resulted in an accuracy of 91.67% for the test dataset (no. of test-
ing sample 36) for 80 numbers of the hidden neuron and at the learning rate
of 0.3. However, this was tested in the present study and found no accuracy
level for the same number of neurons and learning rates.

The second-highest level is achieved by Support Vector Machine and K-
Nearest Neighbours. The C5.0 decision tree algorithm, PNN and LVQ result
in the third, fourth and fifth levels respectively at the accuracy level.

To measure the agreement between reference and prediction, the Kappa
statistics were used. According to Landis and Koch (1977) the backpropaga-
tion algorithm result in an ‘almost perfect’ agreement, while SVM and KNN
result in a ‘substantial’ agreement and the rest of them result in a ‘moderate’
agreement. The overall comparison of the sensitivity and specificity of each
class was given in Table 4. Power et al. (2013) reported that ‘for a test to
be useful, sensitivity+specificity should be at least 1.5 (halfway between 1,
which is useless, and 2, which is perfect).” Accordingly, all six algorithms are
not up to the standard in classifying the tissue mas, as their values of sensi-
tivity plus specificity are less than 1.5. The algorithm PNN and LVQ are not
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Table 4: Overall comparison of sensitivity and specificity of different
machine-learning approaches

Sensitivity & Class

EF xg(i)criitt};lms adi car con fad gla mas

S

R
. . . 1 1

PNN zle) 8;2 (1) ’ 833 0.91 0.94 8.9

e g T T s om 1 ow

O A N PR R
1 . 1 .

GO G 0 ow om os

Se- Sensitivity; Sp-Specificity

up to the standard in classifying the tissue con. The algorithm C5.0 is also
not useful in classifying the tissue fad. Comparatively, the backpropagation
algorithm results in an adequate level of sensitivity except for the class ‘mas’
and a good level of specificity.

5 Conclusion

The highest accuracy (88.89%) and Kappa (86.36%) were observed in the
backpropagation algorithm with one hidden layer with 100 neurons at any
learning rate between 0.01 to 0.05. The support vector machine and k-nearest
neighbours are at the second level. The support vector machine results in
80.56% accuracy and a Kappa of 76.4% at the radial kernel, cost of 100 and
gamma of 0.4, while the K-nearest neighbour results in the same accuracy
slightly different Kappa of 76.38% at the k of three. The C5.0 decision tree
algorithm is at the third-highest accuracy of 72.22% and Kappa of 66.42%.
This resulted in a rule-based model with winnowing. Probabilistic Neural Net-
work and Learning Vector Quantization result in fourth and fifth-highest ac-
curacy, respectively. Accuracy and Kappa for Probabilistic Neural Network
were 69.44% and 62.64%, respectively, and for Learning Vector Quantization
66.57% and 60.18% respectively at the codebook size 60 and k of one.

The backpropagation algorithm resulted in comparatively highest-level
specificity and sensitivity for most classes compared to other machine learn-
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ing algorithms. A more or less similar order of accuracy was followed in the
sensitivity and specificity among the classifiers. Overall, the backpropaga-
tion algorithm outperforms well in the classification of six-class breast tissue
impedivity data. The study has a limitation i.e., that the findings are highly
specific to the dataset ued and cannot be generalized due its small size.
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