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Abstract — The Fuzzy C-means (FCM) algorithm is one of the most powerful algorithms used in numerous
experiments that attempts to segment various types of population, and hence it can be used as a method
capable of assisting physicians in early breast cancer diagnosis. In this article, a method based on the
FCM algorithm is proposed for extracting clusters of various type of cancers from information gathered
through electrical impedance calculation. The proposed approach aims to create clusters dependent on
different characteristics such as impedance at zero frequency, among others. Once clusters have been
formed, new values may be plotted on the graph, and the type of cancer a person might be suffering from

can be determined based on the location of the projection.
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l. INTRODUCTION

Breast cancer is most common in women over the age
of forty; one possible explanation is the accumulation
of cell genetic mutations over time, which can lead to
cancer [1]. Mammography is still the most widely used

diagnostic tool in the world, owing to its high
sensitivity, which allows even microcalcification
identification [2][3]. However, there are some

drawbacks to this approach, such as patient
discomfort caused by breast squeezing during the X-
ray imaging process and poor specificity because 80
per cent of cancer cases are shown to be negative [4].

Ultrasound is the second most often employed method
for distinguishing between cystic and non-cystic
growths, and it has the bonus of being a painless
treatment that can be used for many explorations.
While extremely sensitive, magnetic resonance
imaging is costly and is almost only used for specific
health situations such as breast implants or possible
multifocal carcinoma. These therapies are effective,
but they have some drawbacks, such as painful
treatments, high-cost supplies, and a lack of
availability in certain developed countries for some
vulnerable areas.

As a result, in recent decades, new prebiopsy
diagnostic methods for global use have been
introduced to reduce the number of patients who
perform unnecessary biopsy procedures. Microwave
imaging [5], magnetic resonance elastography [6],
thermography [7], and optical mammography [8] are
examples of these laboratory techniques. Owing to
their poor performance, all of these methods are
currently being studied and expanded upon. In recent
decades, experimental techniques focused on
bioimpedance calculation have piqued interest, owing

to their minimally invasive nature and low cost
compared to those described above [9].

Electrical impedance tomography [10], electrical
impedance spectroscopy [11], and electrical
impedance mammography [12] are examples of
techniques developed by this research. The most
fundamental of these methods is bioimpedance
tissue classification, which has demonstrated that the
conductivity of carcinoma can be 20 to 40 times
greater than that of stable breast tissue in vitro
studies of breast tissues [13]. While there has been
very little in vivo testing, the current trials have
reported some improvement in the experimentally
acquired findings, which  encourages more
bioimpedance research into breast carcinoma. Until
conducting in vivo experiments, newly proposed
approaches for breast carcinoma detection are tested
on testing models (phantoms) as the first
experimental step. Within such research models,
biological tissues of interest in the sample (normal,
healthy, and malignant) are simulated. For such
breast phantoms, different manufacturing materials
and textures have been documented[14] [15][16].

The majority of studies that have used electrical
impedance to diagnose breast cancer have
attempted to recreate anatomical photographs of the
mammary tissues from bioimpedance measurements
in order to pinpoint the site of a potentially cancerous
tumour in the preclinical stage (diameter less than or
equal to 1 cm) [17]. Surface electrodes, which are
less intrusive than needle electrodes, are used in
both of these studies, but their contact region is
dependent on the contact impedance, and current
density supplied. Microelectrodes, for example, have
a higher contact impedance than electrodes with a
diameter of 1 cm, and their current density is equal to
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their surface area in both instances. The most
common number of electrodes in a ring configuration
is 16 or 32, but 128 or just four have also been
recorded. In some of these methodologies, a large
number of measuring electrodes are used to improve
high precision, and in others, limited measuring
electrodes are used to increase the current density
inside the tissue[18].

Soft clustering (also referred to as fuzzy clustering or
soft k-means) is a form of clustering in which each
data point is allocated to several clusters. Clustering,
also known as cluster analysis, is a technique of
grouping data points into clusters in such a way that
events in the same cluster are as similar as possible,
whereas artifacts in different clusters are as dissimilar
as possible. Clusters are identified using similarity
checks. Similarity tests include things like width,
connectivity, and strength. Different similarity metrics
may be chosen depending on the data or the program.
[19].

In this paper, the fuzzy c-means technique has been
used to make the cluster of different type of cancers
based on the Impedance measurement. Firstly, the
background of fuzzy c-means and explanation of the
dataset is done. Next, how the experiment is
performed in MATLAB is explained, and then the
results are discussed along with the conclusion.

. BACKGROUND
A. Fuzzy c-means

Clustering, also known as cluster analysis, is the
process of grouping data points into clusters in such a
way that events in the same cluster are as identical as
possible, while things in different clusters are as
different as possible. Similarity tests are used to
identify clusters. Distance, connectivity, and strength
are examples of similarity tests. Depending on the
data or the application, different similarity metrics may
be selected [19].

A clustering process called FCM (fuzzy c-means)
requires a single piece of data to belong to two or
more clusters. This approach is widely used in pattern
recognition. It is based on the following objective
function's minimisation:

N ¢
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xi is the ith of d-dimensional measured data, c; is the d-
dimension centre of the cluster, and ||*|| is any norm
representing the resemblance between any measured
data and the centre, where m is any real number
greater than 1, uj; is the degree of membership of x; in
the cluster j, x; is the ith of d-dimensional measured
data, c; is the d-dimension centre of the cluster.
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Fuzzy partitioning is accomplished by iteratively
optimising the objective function shown above, with
membership u; and cluster centres c; modified as
follows:
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This iteration will end when maxg i wil| =

u;j =

£, where
£ is a criterion for termination and k is the number of
iterations. This method converges to an O,, saddle
point or local minimum.

The steps in the algorithm are as follows:

1. Initialize matrix U=[u;], u©

2. At nth-step: calculate the centers vectors
C(n)=[cj] with U(n)
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4, i maxg{lufit = wfjl} < e o stopping criterion

is met, then STOP; otherwise, return to step 2.
B. Description of the dataset

includes six diseases and nine
elements. Fibro-adenoma, Carcinoma, Glandular,
Connective, Mastopathy and Adipose are six
disorders. Carcinomas are cancers or malignancies
that start in epithelial cells, which make up the skin
and the tissues that line internal organs and structures.
Breast, liver, kidney, and colon carcinomas are among
the most prevalent cancers.

The dataset used

Fibroadenomas are noncancerous breast lumps that
mostly concern women between the ages of 15 and
35. A fibroadenoma has a distinct shape which can be
sturdy, smooth, rubbery, or rough to the touch. It may
feel like a marble in the breast, slipping effortlessly
under the skin when tested, and is usually painless.
Fibroadenomas come in a variety of sizes and can
grow or shrink on their own.

Mastopathy is a benign alteration in the glandular
tissue of the breast that is caused by hormones.
Symptoms are most pronounced only before and after
menstruation. Mastopathy refers to a variety of benign
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alterations in the mammary glands, including nodules,
swellings, and cysts.

Cancer starts in the glandular (secretory) cells of the
body. The lobes, which produce milk, and the ducts,
which transport milk to the nipple, are also known as
glandular tissue. Fibrous and glandular tissue are
combined to form fibroglandular tissue.

Breast sarcomas are a form of breast cancer that is
very rare. Sarcomas account for less than one per
cent of all breast cancers diagnosed. Breast sarcomas
start in the connective tissue that protects the ducts
and lobules of the breast, unlike most breast cancers
that start in the milk ducts.

Breast adipose tissue's fundamental purpose is to
retain stored energy and release it when the body
requires it. Breast adipose tissue, on the other hand,
plays an essential part in breast growth and
maturation. It also helps the growth and advancement
of breast cancer because it is a rich energy supply.
Breast adipose tissue secretes a number of growth
factors that cancer cells use to stay alive.

In this study, nine features as a result of electrical
impedance have been taken. When a voltage is
applied to a circuit, the electrical impedance is the
amount of resistance it provides to a current. The ratio
of the complex representation of the sinusoidal voltage
between its terminals to the complex representation of
the current flowing through it is the impedance of a
two-terminal circuit part. In addition, the frequency of a
sinusoidal voltage determines it. Impedance extends
the concept of resistance to alternating current (AC)
circuits which has both magnitude and phase, unlike
resistance, which only has magnitude. The following
frequencies were used to calculate impedance:
15.625, 31.25, 62.5, 125, 250, 500, and 1000 kHz [20].

. Impedivity (in ohm) at zero frequency

. phase angle at 500 kHz

. the high-frequency slope of phase angle

. area under spectrum

. impedance distance between spectral ends

. maximum of the spectrum

. area normalised by DA

. length of the spectral curve

. distance between |0 and the fundamental part

of the maximum frequency point

Il. EXPERIMENTAL SETUP

The results of the impedance are not calculated, but it
is available as standard for downloading. It consists of
an excel file in which the first sheet contains the details
of the diseases. This study included fourteen records
for each disease containing all the features. Original
data contains more than fourteen entries, and it was in
the format as shown in table 1.

Table 1: Fields in the original data

S.No. | Field
1 | Case # (Serial Number)
2 | Class (Disease)
3 10 (Impedivity (ohm) at zero frequency)
4 | PAS00 (phase angle at 500 kHz)
(S5 | HFS (the high-frequency slope of phase angle)
6 DA (impedance distance between spectral
| ends)
7 Area (area under spectrum)
8 | A/DA (area normalised by DA)
9 | Max IP (maximum of the spectrum) |
10 DR (distance between [0 and the fundamental
| part of the maximum frequency point)
11 | P (length of the spectral curve)

From the original data, the Case field was removed.
The Class field, which was in text form, was
converted to the numerical field, and for the same
field, same numerical value has been given. By this,
data can be categorized. Sample data is shown in
figure 1.

al 3 . - . ~

Sample data used to create clusters

First, the file name is set, and then the CSV file is
read. The code has been implemented in Matlab.

%Setting file name
filename='BreastTissue.csVv',
%reading csv by file name
breastDataset = csvread(filename);

Next, from the data, we will get the index for different
diseases based on the last field.
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carindex = breastDataset(:,10)==1;
fadlndex = breastDataset(:,10)==2;
maslindex = breastDataset(:,10)==3;
glaindex = breastDataset(:,10)==4;
conindex = breastDataset(:,10)==5;
adilndex = breastDataset(:,10)==6;

Once the indexes are obtained the last field will be
removed and the data is normalized.

breastDataset=breastDataset(:,1:9);

normalizedData = bsxfun(@minus, breastDataset,
mean(breastDataset));

breastDataset = bsxfun(@rdivide, normalizedData,
std(breastDataset));

Next the separation of data fields is done using the
indexes that were found earlier :

car = breastDataset(carlndex,:);
fad = breastDataset(fadlndex,:);
mas = breastDataset(masindex,:);
gla = breastDataset(glalndex,:);
con = breastDataset(conindex,:);
adi = breastDataset(adilndex,:);

Next removal of extra rows is done and only fourteen
rows are selected for all the diseases :

car = car(1:14,);

fad = fad(1:14,:);

mas = mas(1:14,:);

gla = gla(1:14,:);

con = con(1:14,:);

adi = adi(1:14,:);

Next, as separation is done then we can now plot the
graphs between different features, but before that, we
need to create characteristics and create combinations
between various characteristics:

Characteristics =

{'I0','PA500','HFS','DA','Area’,'/A/DA','Max IP','DR','P'};
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[~,s]=size(Characteristics);
totalCount=s*(s-1)/2;
count=1,
pairs=zeros(totalCount,2);
for c = 1:(s-1)
forr=c+l:s
pairs(count,1)=c;
pairs(count,2)=r;
count=count+1,;

end

end

So for total pairs between different features is equal to

(N —1)
Np — Nf *T

Where N, = Number of pairs and N; = Number of
features

Once the pairs are created then we will create the
subplots for each pair :

for i = 1:totalCount
X = pairs(i,1);
y = pairs(i,2);
subplot(6,6,i);

plot([car(:,x)
adi(:,x)1,...

fad(:,x) mas(;,x) gla(;,x) con(:,x)

[car(:,y) fad(:,y) mas(:.y) gla(:,y) con(:,y) adi(:,y)], ")
xlabel(Characteristics{x})

ylabel(Characteristics{y})

end

Now, these graphs contain data points between
different features. And now, the fuzzy c¢ means
algorithm will be used and the centres for each cluster
is found out. Before calling the fuzzy c means
algorithm, we have to set various parameters of this
algorithm.

Nc = 6;

M =2.0;
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maxlter = 100;

minlmprove = le-6;

clusteringOptions = [M maxIter minlmprove true];

Here Nc means the number of clusters that we want,
M is the exponent for the matrix, maxlter means the
maximum number of iterations, and minimprove
means the minimum amount of improvement that we
need. Finally, we are setting the variables in one
vector, which consist of all the clustering options.

After that fuzzy c¢ means algorithm is called and
centers are collected in a variable:

[centers,U] = fcm(breastDataset,Nc,clusteringOptions);
Now, as we get the centres, then these are plotted in
the subplots earlier so that we can know whether the
centres are appropriate or not.

for i = 1:totalCount

subplot(6,6,i);

for j=1:Nc
x = pairs(i,1);
y = pairs(i,2);

text(centers(j,x),centers(j,y),int2str(j),'FontWeight','bold’

end
end
V. RESULTS & CONCLUSION

Sample results are shown in figures added in appendix
1. These figures contain plots for all the combinations
that can be formed using features or characteristics
taken from the test. Here different colour shows
different clusters and as we can see centres are
created using fuzzy ¢ means algorithm are around the
different colours or diseases. Some results are more
related than others, like in DA vs 10, DR vs 10, P vs 10,
Area vs DA and DR vs DA, it is difficult to determine
the clusters. But on all remaining relations, it is easy to
find the cluster and to know where the new point will
belong to.

So this can be a way to know about the disease
without any further test once we give details about the
features and then the new point is plotted and by that,
we can know what can be possible diseases. The
point which is closer to a centre means that disease is
more probable. In future, an application can be made
where just take the features can be taken and, based
on that, present the probability of the disease.
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