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MICROWAVE SPECTROSCOPY BASED BREAST CANCER DIAGNOSIS
USING SUPPORT VECTOR MACHINES
SUMMARY
Interactions of electromagnetic (EM) fields with materials relies on their intrinsic
dielectric properties. Knowledge of the dielectric values of each material allows to
develop electromagnetic technologies in many fields including medical technologies.
There are a variety of electromagnetic medical technologies such as Microwave
Imaging, Electrical Impedance Tomography and radiofrequency ablation and they
promise faster, safer and low-cost applications. They rely on inherent differences
among the dielectric properties of various biological tissue groups and health
conditions. Hence, knowledge of the tissue dielectric properties of different biological
tissues is crucial for developing EM healthcare technologies.
Many works have been performed to investigate difference between dielectric
properties of healthy and malignant tissues. It has been discovered that healthy and
malignant tissues differ for the EM interactions because of the disperancies in their
dielectrical properties. This contrast have been attributed to more water presence in
malignant tumors.
Breast carcinoma became one of the most researched cancer because of its high
incidence and mortality rate. It is responsible for twenty three percent of new cancers
and fourteen percent of cancer deaths in total. Thus, early diagnosis of the breast cancer
is gaining more importance. Currently, there are some diagnostic methods such as
mamography or MRI. However, they have some drawbacks such as harmful effects
and low accuracy. Lately, microwave imaging (MWI) gained many interests. MWI
fundamentally relies on the inherent dielectric contrast between healthy and malignant
tissues. In cancer resection surgeries, determination of clear surgical margins is also
possible using dielectric properties.
Numerous studies were performed to expand the knowledge of the dielectric
properties. However, existing dielectric datasets do not include every tissue type,
frequency and temperature. Hence, more studies are needed. Open-ended coaxial
probe has became the most preferred measurement method, because it is nondestructive, easy and suitable for biological materials.
More dielectric data requires fast and accurate classification methods. For medical
applications, most preferred one is Support Vector Machines (SVM). Being a
supervised classification method, SVM is widely used because of its high classification
performance on medical data.
In this study, performance of SVM and infinite feature selection was investigated on
the dielectric data of female rat normal breast tissues and malignant tumors in
microwave frequencies. Measurements were conducted between 0.5 GHz and 6 GHz
with 0.55 GHz intervals at 101 frequency points.
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Relative permittivity, conductivity and combination of them were tested separately.
Firstly, they were tested without feature selection, raw dielectric data was also
compared with normalization and logarithm of the dielectric data. Raw permittivity
and combined data outperformed others resulting in 100% accuracy. Note that cross
validation (CV) technique does not allow memorization of the learning model.
Selecting top 100 features, the algorithm resulted in 100% accuracy with permittivity
data whereas using top 50 features, it resulted in 99.23% accuracy with combined data.
Using nested cross validation, features were selected as top 1 to top 100. Raw
permittivity data gave more than 99% accuracy for more than sixty features. Using
only one feature, 83.69% accuracy was obtained. Logarithm of the conductivity data
resulted in 90.31% and 90% accuracy using one feature with linear and RBF kernels
respectively. Best result of conductivity data is 98% using raw data and selecting top
70 features. With one feature, frequency of 5.505 GHz resulted in the best result.
S11 response was also tested to avoid dielectric property calculation and to design
narrow band devices. Note that this response indicates the energy transfer between
probe and biological tissue related to tissue intrinsic electrical properties. Logarithm
of the data outperformed with 93.85% accuracy using 10-fold linear SVM. Feature
selection step was performed with 10-fold CV. With top 100 features, logarithm of
data resulted in slightly higher performance as 91.85% accuracy with RBF kernel.
With top 50 features, raw data was slightly better with 85.85% accuracy using linear
SVM. Nested CV was applied to logarithm of S-parameter data. Selecting top 10 to
100, with decreasing number of features, accuracy dropped from 91.69% to 87.23%
for RBF kernel and 91.38% to 87.08% for linear kernel. Besides, using top 1 to 10
features, accuracy dropped from 87.23% to 86.92% for RBF kernel and 87.08% to
83.08% for linear kernel. Best feature was corresponding to real part of S11 response
at 610 MHz.
The results show that dielectric measurement data can become acceptable diagnostic
tool for breast cancer diagnosis. Thus, development of the EM medical technologies
requires more tissue dielectric data. This study provides more dielectric data to the
literature and it provides a perspective for analysing the dielectric data on the
classification manner.
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DESTEK VEKTÖR MAKİNELERİ KULLANILARAK MİKRODALGA
SPEKTROSKOPİ TEMELLİ MEME KANSERİ TANISI
ÖZET
Elektromanyetik alanlarla maddeler arasındaki etkileşim her maddenin kendine özgü
dielektriksel özelliğine bağlıdır. Bu özellikler, her bir materyale kendine özgü bir grup
elektriksel karakteristik sağlamaktadır. Materyallerin dielektrik özelliklerinin
bilinmesi, bir çok alanda elektromanyetik teknolojilerin gelişimine olanak
vermektedir. Bu teknolojiler aynı zamanda medikal alandaki uygulamaları da kapsar.
Elektromanyetik etkileşimleri baz alan medikal teknolojiler, tanıda ve tedavide
kullanılmak amacıyla giderek daha da yaygınlaşmaktadır. Bu teknolojiler daha hızlı,
daha güvenli ve daha düşük maliyetli uygulama imkanları vaat etmektedirler. Bu tarz
avantajlar özellikle son yıllarda birçok araştırmacıyı, dikkatini elektromanyetik
teknolojilere yoğunlaştırmak konusunda teşvik etmektedir. Bu teknolojiler çeşitli doku
tipleri arasında ve dokuların farklı sağlık koşulları içerisinde dielektriksel özellikler
açısından bir aykırılık bulunduğu varsayımına dayanmaktadır. Bu sebeple, biyolojik
dokuların dielektriksel özelliklerinin bilinmesi, elektromanyetik teknolojilerin
geliştirilmesi açısından kritik bir rol oynamaktadır.
Geçtiğimiz on yıl içerisinde, sağlıklı ve kanserli dokuların dielektriksel özellikleri
arasındaki farkı araştıran birçok çalışma gerçekleştirilmiştir. Bu çalışmalarda, sağlıklı
ve kanserli dokuların elektromanyetik etkileşim konusunda farklı oldukları
keşfedilmiştir. Bu fark dilektrik özelliklerdeki aykırılığa dayandırılmaktadır. Sağlıklı
ve kanserli dokular arasındaki bu aykırılığın, kanserli tümörlerde daha fazla su içeriği
olmasından kaynaklandığı ileri sürülmektedir.
Kanser türleri arasından en çok ilgi çekenlerden biri meme kanseridir. Bunun sebebi
meme kanserinin yüksek insidans ve mortalite oranına sahip olmasıdır. Her yıl, tüm
dünyada bir milyondan fazla meme kanseri tanı almaktadır. Meme kanseri yeni kanser
vakalarının yüzde yirmi üçünden, toplam kanser ölümlerinin yüzde on dördünden
sorumlu tutulmaktadır. Özellikle gelişmiş ülkelerde, meme kanseri büyük bir sağlık
sorunudur. Ayrıca, batılılaşmaya yönelik yaşam tarzı değişikliklerine bağlı olarak
meme kanseri insidansı giderek artmaktadır. Bu yüzden, meme kanserinin erken tanısı
zaman geçtikçe daha fazla önem kazanmaktadır. Mevcut durumda, X-ray mamografi
ve manyetik rezonans görüntülemesi gibi bazı tanı yöntemleri mevcuttur. Fakat, bu
yöntemlerin sağlığa zararlı olma ve düşük doğruluk gibi bazı dezavantajları mevcuttur.
Son zamanlarda meme kanserinin erken tanısında mikrodalga görüntüleme yöntemi
araştırmacıların oldukça ilgisini kazanmıştır. Çünkü, mikrodalga görüntülemenin daha
hızlı, daha güvenli ve daha yüksek doğruluğa sahip bir görüntüleme yöntemi olacağı
varsayılmaktadır. Mikrodalga görüntüleme uygulamaları, sağlıklı ve kanserli dokular
arasındaki dielektrik özellik farklılığına dayalıdır. Kanser rezeksiyon
operasyonlarında, temiz cerrahi sınırların belirlenmesi de doku dielektrik
özelliklerinin belirlenmesi ile olası olmaktadır.
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Bu sebeplerden dolayı, dilelektrik özellik bilgi birikiminin genişletilmesi amacıyla çok
sayıda çalışma yürütülmüştür. Buna rağmen, mevcut dielektrik data her doku çeşidini,
frekansı ve sıcaklığı içermemektedir. Bu sebeple, biyolojik dokuların dielektrik
özelliklerini daha fazla anlamak amacıyla daha fazla çalışmanın yapılmasına ihtiyaç
vardır.
Doku dielektrik özellikleri farklı ölçüm yöntemleri kullanılarak elde edilmektedir. Bu
metotlar iletim hattı, tetrapolar empedans, pertürbasyon kavitesi ve açık uçlu koaksiyel
prop tekniklerini içermektedir. Bu ölçüm yöntemleri arasından, açık uçlu koaksiyel
prop tekniği en çok tercih edilen yöntemdir. Çünkü bu yöntem tahrip edici olmayıp,
örnek hazırlama süreci kolaydır ve biyolojik malzemeler için uygundur.
Daha fazla dielektrik verinin ölçümü ve depolanması, hızlı ve yüksek doğruluğa sahip
sınıflandırma metotlarını gerektirmektedir. Bu sorunun üstesinden gelmek amacıyla,
çeşitli makine öğrenmesi algoritmaları geliştirilmiştir. Medikal uygulamalarda en çok
tercih edilen makine öğrenmesi yöntemlerinden biri Destek Vektör Makineleri
yöntemidir. Bir denetimli sınıflama yöntemi olarak Destek Vektör Makineleri,
medikal verilerdeki yüksek sınıflandırma performansından dolayı yaygın olarak
kullanılmaktadır.
Bu çalışmada mikrodalga frekanslarında dişi sıçanların normal meme dokusu ve kötü
huylu meme tümörlerinin dielektrik verileri sınıflandırılarak, Destek Vektör
Makineleri yönteminin bu verilerdeki performansı araştırılmıştır. Bu amaçla ilk olarak,
dielektrik veriler hayvan dokularından toplanmıştır. Veri toplama işlemini
gerçekleştirmek için, öncelikle 30 adet yetişkin dişi sıçan kontrol ve deney grubu
olmak üzere iki gruba bölünmüştür. Meme kanserini başlatmak amacıyla deney
grubuna 7,12-Dimetilbenzantrasen (DMBA) kimyasal ajanı uygulanmıştır. Daha
sonra, açık uçlu koaksiyel prop tekniği kulanılarak her iki hayvan grubundan ölçümler
gerçekleştirilmiştir. S-parametreleri toplanmış ve Vektör Network Analizörü (VNA)
ile bilgisayar yazılımı kullanılarak bu parametreler dielektrik özellik verisine
dönüştürülmüştür. Ölçümler 0.5 GHz ile 6 GHz arasında 0.55 GHz aralıklarla 101
frekans noktasında gerçekleştirilmiştir. Doku dielektrik ölçümleri sonrasında, hayvan
dokuları tumör derecelendirilmesi amacıyla patolojik incelemeye gönderilmiştir.
Sağlıklı ve tümör örneklerinin sınıflandırılması amacıyla Destek Vektör Makineleri
algoritması kullanılmıştır. Sınıflandırılmada kullanılan veriler 325 adet meme ve 325
adet tümör örneklerinden oluşacak biçimde seçilmiştir. Bu şekilde dengeli bir veri
seçilmesi, sınıflandırma algoritmasının performans tahmininin ölçülmesinde doğruluk
sonuçlarının kullanılmasını olanaklı kılmıştır. Dielektrik verileri çapraz doğrulama
teknikleri kullanılarak eğitim ve test setlerine bölünmüştür. Bu çalışmada 5-kat, 10kat ve tek-çıkışlı çapraz doğrulama şemaları kullanılmış ve her birinin performansları
test edilmiştir. Daha sonra, en ayırt edici frekansları seçmek amacıyla sonsuz öznitelik
seçimi metodu kullanılarak öznitelik seçimi uygulanmıştır. Öznitelik seçimi
algoritmasının parametrelerini ayarlamak amacıyla nested (iç içe) çapraz doğrulama
tekniği farklı sayıda öznitelik kullanılarak uygulanmıştır.
Dielektrik özellik verisini sınıflandırmak amacıyla, bağıl geçirgenlik, iletkenlik ve bu
iki verinin kombine edilmiş şekli birbirlerinden ayrı olarak test edilmiştir. Farklı
çapraz doğrulama şemalarını karşılaştırmak amacıyla, ilk olarak öznitelik seçimi
yapılmadan Destek Vektör Makineleri algoritması test edilmiştir. Aynı zamanda ham
dielektrik verisiyle, bu verinin normalizasyonu ve logaritmasının performansları
karşılaştırılmıştır. Ham geçirgenlik ve kombine verileri diğer kombinasyonlardan daha
iyi performans sergileyerek %100 doğrulukla sınıflandırma yapmıştır. Daha sonra
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Destek Vektör Makineleri algoritması, öznitelik seçimi metodu uygulanarak ham
dielektrik verisinde test edilmiştir. En iyi 50 ve 100 öznitelik seçilerek doğruluk
sonuçları önceki sonuçlarla karşılaştırılmıştır. En iyi 100 öznitelik seçildiğinde,
geçirgenlik ve kombine verileri kullanıldığında algoritma %100 doğruluk sonucu
vermiştir. En iyi 50 öznitelik seçildiğinde bile geçirgenlik verisinde %99.23 doğruluk
elde edilmiştir. Daha sonrasında, nested çapraz doğrulama geçirgenlik, iletkenlik ve
kombine veriler kullanılarak uygulanmıştır. Öznitelikler en iyi 1 ile en iyi 100 arasında
sayılar kullanılarak seçilmiştir. İlk olarak, geçirgenlik verileri test edilmiş, en iyi
performansı ham geçirkenlik verisiyle lineer kernel (çekirdek) kombinasyonu
vermiştir. Ham geçirgenlik verisi altıdan fazla öznitelik kullanıldığında %99 üzerinde
doğruluk sonucu vermiştir. Dört adet öznitelik kullanıldığında bile %91.69 doğruluk
elde edilmiştir. Tek bir öznitelik seçilmesiyle %83.69 doğruluk sonucu alınmıştır.
Geçirgenlik verisinin normalizasyonu veya logaritması yüksek sayıda öznitelik
kullanıldığında halen %90 doğruluğun üzerinde sonuç vermektedir. Buna karşılık,
RBF kernel kullanıldığında ham geçirgenlik verisinin performansının azalan öznitelik
sayısıyla bir noktaya kadar atttığı gözlemlenmiştir. Daha sonra iletkenlik verisi test
edilmiştir. Normalize edilmiş iletkenlik verisiyle karşılaştırıldığında, ham ve
logaritmik iletkenlik verileri daha iyi sonuçlar vermiştir. En iyi öznitelik seçilerek, ham
veriler lineer ve RBF kernel ile kullanıldığında sırasıyla %89.23 ve %89.08 doğruluk
sonucu vermiştir. Ek olarak, iletkenlik verisinin logaritması lineer ve RBF kernel
kullanılarak tek öznitelik seçildiğinde sırasıyla %90.31 ve %90 doğrulukla sonuç
vermiştir. İletkenlik verisinin nested algoritmasındaki en yüksek sonucu en iyi 70
öznitelik seçildiğinde ham veriler ile %98 olarak elde edilmiştir. Kombine dielektrik
verisi, nested çapraz doğrulama algoritmasında test edildiğinde en iyi, en iyi 2 ve en
iyi 3 özniteliğin iletkenlik verisindeki öznitelikleriden seçildiği gözlemlenmiştir. Buna
karşılık, daha çok öznitelik kullanıldığında geçirgenlik verisi önem kazanmaktadır.
Nested çapraz doğrulama sürecinde öznitelikler saptanarak takip edilmiştir. Tek bir
öznitelik kullanıldığında algoritmanın verdiği en iyi sonuç 5.505 GHz frekansına
karşılık gelmektedir.
Dielektrik özellik hesaplamasından kaçınmanın ve dar bant ölçüm cihazlarının
tasarımının mümkün olup olmadığını araştırmak üzere S11 cevabı da Destek Vektör
Makineleri algoritması kullanılarak test edilmiştir. S-parametre verileri reel ve
imajiner kısımlara sahip olup, bu iki kısım bir arada kullanılmıştır. Destek Vektör
Makineleri, ilk olarak öznitelik seçimi olmadan 5-kat, 10-kat ve tek-çıkışlı çapraz
doğrulama şemaları kullanılarak uygulanmıştır. Ham veriler ve verilerin logaritmaları
lineer ve RBF kernel kullanılarak test edilerek sonuçları karşılaştırılmıştır. Logaritmik
veriler, 10-kat çapraz doğrulama ve lineer kernel kullanıldığında %93.85 doğrulukla
en iyi sonucu vermiştir. Daha sonra, öznitelik seçimi 10-kat çapraz doğrulama
kullanılarak uygulanmıştır. En iyi 50 ve 100 öznitelik seçilerek sonuçlar önceki
sonuçlarla karşılaştırılmıştır. En iyi 100 öznitelik seçildiğinde logaritmik veri RBF
kernel kullanılarak biraz daha yüksek performans sergileyerek %91.85 doğrulukla
sonuçlanmıştır. Buna karşılık, en iyi 50 öznitelik seçildiğinde, ham veriler lineer kernel
ile diğerlerine göre biraz daha iyi performans göstererek %85.85 doğrulukla
sonuçlanmıştır. Nested çapraz doğrulama, S-parametre verisinin logaritmasına
uygulanmıştır. 10’dan 100’e değişen sayılarda en iyi öznitelikler seçildiğinde, azalan
öznitelik sayısıyla birlikte doğruluk sonuçları RBF kernel için %91.69’dan %87.23’e,
lineer kernel için %91.38’den %87.08’e düşmüştür. Bunun yanında, 1’den 10’a
değişen sayıda en iyi öznitelikler seçildiğinde, öznitelikler azaldıkça, doğruluk
sonuçları, RBF kernel için %87.23’ten %86.92’ye, lineer kernel için %87.08’den
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%83.08’e düşmüştür. Tek bir frekans noktası kullanıldığında algoritma, 610 MHz
frekansındaki S11 cevabına karşılık gelen özniteliği seçmiştir.
Bu çalışma dielekrik ölçüm verisinin meme kanseri tanısında bir tanı aracı olarak
kullanılabileceğini göstermektedir. Ancak göz önünde bulundurulmalıdır ki,
elektromanyetik medikal teknolojilerin gelişimi daha fazla doku dielektrik verisine
ihtiyaç duymaktadır. Bu sebeple, biyolojik dokuların dielektrik özellikleri konusunda
daha fazla çalışma yapılmalıdır.
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INTRODUCTION
Increasing use of machine learning is simply making healthcare smarter day by day.
Since the early developments in machine learning, it is used to analyze medical
datasets. Especially in the last years, development of the digital technologies allowed
collection of larger scale data from patients with medical conditions. The important
thing is, such a big data should be classified correcty. Fortunately machine learning
have been studied in medical data for years and so much development have been made.
What should be done is, obtain patient medical information and run it into a machine
learning algoritm. There are small scale medical applications in use. The classifier is
assumed to help physician to diagnose more accurately and faster and help
nonspecialists to diagnose special cases.
There are some limitations about using machine learning in medical data. One of them
is obtaining patient data is challenging because of patient privacy. Other one is,
collecting clear and low noise data is challenging and requires certain data processing
step.
Increasing significance of the personal medicine and growing trend of the medical
machine learning applications let many studies reporting improvement on diagnose od
cancer tissues. This helps to increase the accuracy of cancer diagnosis and thus
recurrence and survival probability estimations. Accuracy of cancer diagnosis has
remarkably improved by fifteen percent to twenty percent in the recent years, by help
of the of machine learning [1]. Many works have been reported in the literature that
employs diverse strategies in order to detect cancer at early stage such as [2,3,4]. Some
of these studies related to circulating miRNA profiling or gene expression, but these
types of methods suffer from low sensitivity and not much progress have been reported
in clinical practice. Some approaches are image based and despite their considerable
accuracies, more progress needs to be made.
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Biological material dielectric property values have gained more attention based on
tissue electromagnetic interactions. Some devices have been designed using
radiofrequency and microwave frequencies for cancer detection or healing. Some
include noninvasive measurement methods of blood flow. Others include melting of
stored tissue or direct tissue healing. Many researchers concluded that more study is
need to investigate adverse effect of EM medical applications.
Dielectric properties may also influence the performance of Electroencephalogram
(EEG) recordings, Electroconvulsive therapies (ECT), implanted electromagnetic
transponders, and even cardiac pacemakers.
EM studies also include investigating the biological mechanisms of healthy and malign
tissues. Besides, some studies inverstigate physical behavior of water in the organisms
and tissues.
There are several ways to measure the biological material dielectric propery. Choosing
the most appropriate measurement technique depends on many characteristics related
to biological material, especially physical state of it, temperature and frequency range
of interest. For dielectric property characterization of liquid or semi-solid material such
as biological materials at the microwave frequency range, the coaxial probe technique
is quite preferred one. It is flexible, allows wide-band measurements at broad
temperature range [5].
Purpose of Thesis
Breast cancer has the highest incidence and the death rates when compared to other
malignant cancer types among women [6]. It is still responsible for more than 500.000
deaths annually in the world [6]. The search for solution of avoiding the threat of breast
cancer is gaining more attention. Experts suggest that the best defense against it is
early detection and cure.
In breast cancer, X-ray mammography is very popular imaging method;
notwithstanding, its sensitivity and specificity results are limited to large false positive
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rate as well as large false negative rate [7]. X-ray mammography is unsuitable in
iterative use, especially for patients under fourthy years because of harmful nature of
X-rays. Another imaging method, magnetic resonance imaging (MRI), gives higher
sensitivity compared to X-rays in breast cancer detection. Therefore, MRI is more
responsive for detecting suspicious tissues that are not tumors and that results in high
false positive rate [8]. Lately, microwave imaging is expansively studied as an
alternative method for early detection of breast carcinoma due to its low-cost and
safety [9].
Microwave imaging produces maps of dielectric distributions in the region of interest.
Microwave imaging have gained more attention in the past decade. It is described as
observing the inner form of a substance by mean of EM fields at microwave frequency
spectrum. It is based on dielectric contrast between bening and malign tissues.
Microwave imaging process expected to be accurate, rapid, as well as providing to
patient a safer and comfortable procedure. Since the microwave imaging technologies
are based on the dielectric contrast between tissues, expansion of tissue dielectric
property data accelerates the process of the microwave imaging development.
In addition to microwave imaging, knowledge of biological tissue dielectric property
data also can be used for the surgical border detection in cancer resection surgeries.
Determining cancer-free surgical borders are crucial for preventing cancer recurrence.
Thus, developing faster and more reliable measurement methods are dependent on
expanding the dielectric property knowledge.
In this study, for the aforementioned reasons, with using open-ended coaxial probe, in
vivo rat tissue dielectrical properties of both healthy breast and breast tumors were
measured. To the best of authors knowledge, in the literature, there is no dielectric
cancer study of breast tissue on animals such a large scale. Accurate categorization of
such an excessive data requires fast and robust classification algorithm. Therefore,
Support Vector Machines (SVM) algorithm was used for classification of the tissue
dielectric properties. SVM was preferred because, being a supervised machine learning
algorithm, SVM is efficient and robust especially for medical data sets [10].
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Additionally, in order to help designing narrow band or single frequency measurement
device, frequencies were investigated with infinite feature selection (Inf-FS) method.
In brief, the purpose is; to examine performance of the SVM algorithm on the
classifiying healthy and cancerous breast tissues using dielectric property data, and to
determine most discriminative frequencies using Inf-FS method.
Outline of Thesis
In section 2, background knowledge and literaturature are given. In section 2.1,
background knowledge of dielectiric studies are explained, dielectric equations are
summarized. Then measurement techniques, calibration and validation steps are given.
In section 2.2, human breast anatomy, breast cancer epidemiology and literature of
breast dielectric studies are described. In section 2.3, SVM algorithm is explained in
detail. In section 2.4, cross validation and in section 2.5, performance measures is
expressed.
In section 3, materials and methods are explained. Section 3 has explanations for the
animals, animal experiments, measurement set-up, measurement procedure,
pathological analysis, data processing, data classification, feature selection and nested
cross validation.
In section 4, dielectric and S-parameter data were classified and their results are
discussed.
In section 5, conclusion is given and some recommendations are also given for future
work.
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BACKGROUND AND RELATED WORKS
Diectric Properties of Biological Tissues
2.1.1 Overview
Electromagnetic (EM) technologies in medical fields are adopted for diagnostic and
therapeutic purposes. These technologies are gaining significant research interests
because they are low-cost and minimally invasive. These are based on differences
between dielectric properties of particular tissues. The interaction of EMFs with body
is related to these properties. Hence, knowledge of tissue dielectric properties is
essential to EM medical applications. They are important for dosimetry computations
as well as diagnosis, imaging and treatment goals.
The dielectric properties are associated with physical or computational models and
they can be generated to investigate how effective and safe a device. These models can
be utilized to compute the specific absorption rates (SAR). It is a complex function for
the material dielectric properties, it can be used to approve the safety of some medical
technologies.
In medical imaging technologies, Microwave Imaging and Electrical Impedance
Tomography are based on dielectric property differences between tissues. These
techniques have an assumption of dielectric contrast between healthy and diseased
tissues. EIT is used for lung function monitoring [11], while MWI is in the research of
bladder volume monitoring [12], intracranial stroke detection [13] and breast cancer
imaging [14].
For therapeutic purposes, dielectric properties are used to design devices for
hyperthermia (HT), radiofrequency ablation, and microwave ablation. These methods
elevate the temperature of tissues to make tumor cells more sensitive to chemotherapy
and radiotherapy treatments. In order to focus EM waves at the desired location, tissue
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dielectric properties should be known [15]. During ablation procedure, temperature
and structural changes of tissues are fundamentally affected from the tissue dielectric
properties [16].
Dielectric properties need to be known to design low-cost and effective medical
devices. Thus, they are gaining lots of interest to researches day by day.
2.1.2 Tissue dielectric properties
To gain a better theoretical perspective, comprehending physical principles of tissue
dielectric properties is crucial. They are described by complex permittivity 𝜀(𝜔)∗ . It
defines the interaction between external electric field and the tissue. Application of an
electric field causes dielectric polarization via charge displacement. Complex
permittivity can be formulated
𝜀(𝜔)∗ = 𝜀′(𝜔) − 𝑗 𝜀′′(𝜔) = 𝜀′(𝜔) − 𝑗

𝜎(𝜔)
𝜔𝜀0

(2.1)

where 𝜀′ is the complex permittivity real-part, ability of storing energies from external
EMF. 𝜀′′ is the imaginary-part, related to tissue absorbance that related to absorbing
energy and partially converting to heat. 𝜔 is the angular frequency. 𝜎(𝜔) is the
conductivity.
Equation (2.1) shows the dependency on frequency of EMF. At particular frequencies,
polarization occurs and play a part for the dielectric behavior of biological tissue.
Detailed biophysical mechanisms are explained in [17].
For modelling this behavior, some mathematical functions have been developed.
These models allow to compute the 𝜀 and 𝜎 values for any frequency. Most preferred
models are Debye model, Cole-Cole model and Cole-Davidson model [18]. These
models are modifications of the Debye relaxation model which can be formulated as
𝜀(𝜔)∗ = 𝜀∞ +

𝜀𝑠 − 𝜀∞
𝜎𝑠
+
1−𝛼
𝛽
[1 + (𝑗𝜔𝜏) ]
𝑗𝜔𝜀0

(2.2)

where 𝜀∞ is the “permittivity at infinite frequencies”, 𝜀𝑠 is the “static-permittivity”, 𝜎𝑠
is the “static-conductivity”, 𝜀0 is the “free space permittivity”, 𝛼 expresses relaxation
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time distribution, 𝛽 accounts for relaxation time distribution asymmetry, 𝜏 is the
relaxation time for material. If 𝛼 = 0 and 𝛽 = 1, equation (2.2) is Debye model. If
0 < 𝛼 < 1 and 𝛽 = 1, equation (2.2) is Cole-Cole model. If 𝛼 = 0 and 0 < 𝛽 < 1,
equation (2.2) is the Cole-Davidson. In tissue properties, Debye and Cole-Cole are
generally preferred [19].
2.1.3 Dielectric property studies
Studies of human and animal tissue properties have been on going since 1940s but
modelling these properties initiated in 1980s. Since then, open-ended coaxial probe
technique became preferential to other measurement techniques such as transmissionline, cavity-perturbation and tetrapolar probe. Because it is non-destructive and
suitable making broadband measurements [20]. In these years, dielectric properties
were examined for different tissue physiological conditions. For example, different
tissue water contents, in vivo and ex vivo conditions or benign, malign tissues were
compared [21].
In 1996, Gabriel et al. gathered animal and human dielectric data frequencies between
10 Hz and 20 GHz and compared them [22]. Gabriel et al. also performed
measurements to bridge the gaps in the literature. In 2006, Gabriel and Peyman
examined measurement uncertainties, reported measurement challenges and dealing
methods [23]. In 2007, Lazebnik et al. investigated breast tissues for investigating the
conformability of microwave imaging for detecting breast carcinoma [24,25].
Tissue dielectric properties were also investigated using several machine learning
algorithms. In 2016, Yilmaz et al. conducted a study investigating the peformance of
the SVM algoritm on liver cancer diagnosis [26]. Yilmaz et al. collected dielectric data
from healthy and malignant rat liver tissues using open-ended coaxial probe technique.
They obtained 99.2% accuracy. In 2019, Saçlı et al. collected dielectric data from
differerent types of renal calculi samples and classified these data using k-nearest
neighbors algorithm [27]. Saçlı et al. obtained 98.17% classification accuracy on renal
calculi types. In 2020, Yilmaz published a study on multiclass classification of hepatic
anomalies [28]. Yilmaz measured the dielectric properties of benign, cirrhotic and
malign samples of in vivo rat hepatic tissues and phantom materials using open-ended
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coaxial probe technique. Yilmaz classified these tissues using three different machine
learning algoritms which are k-nearest neighbors, logistic regression and random
forests. Using logistic regression algorithm, Yilmaz obtained 76% classification
accuracy on hepatic tissues and 98% accuracy on phantoms. These studies show that
dielectric properties can be used to differentiate various tissues and pathological
conditions. Additional dielectric data is still needed to lead novel medical
technologies.
2.1.4 Measurement techniques
Tissue dielectric measurements are conducted using different techniques. Most
common techniques are open-ended coaxial probe, transmission-line, tetrapolar
impedance, perturbation cavity.
In transmission-line, the sample is placed in a coaxial-line or a rectangular wave guide.
Scattering parameters S1 and S2 are gathered and converted to dielectric properties of
the sample via vector network analyzer (VNA) [29,30]. The transmission line method
works for large frequency range only at low temperatures and it requires careful
sample preparation without air gaps. Thus, transmission line method is suitable on
biologic liquids but might not be suitable for all solid samples as well as nondescructive testing.
For the cavity perturbation method, tissue sample is inserted into a cavity then resonant
frequency (f) and quality factor (Q) are measured. f and Q values changes by inserting
the sample, and they are used for calculating the dielectric properties. The cavity
perturbation method requires small sample size but sample preparation is complicated
and is gives single frequency data [31].
In the tetrapolar impedance method, tissue dielectric properties are calculated from
impedance. Contrary to the previous methods, the tetrapolar impedance allows
nondestructive measurement, but it is sensitive to tissue anisotropies and works at low
frequencies up to 100 MHz [32].
Being the most common method for tissue dielectric measurements at microwave
frequency range, the open-ended coaxial probe technique does not have drawbacks
mentioned above. The propagating electromagnetic field through the coaxial line
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reflects when it encounters a probe-tissue impedance mismatch. Dielectric properties
are computed measuring the reflected signals. The open-ended coaxial probe setup and
measurement probe cross section are shown in figure 2.1, figure 2.2.

Figure 2.1 : Schematization of the open-ended coaxial probe setup. Vector analyzer
(right), the connection cable between VNA and coaxial probe, the probe
and the material on the left [33].

Figure 2.2 : Coaxial probe (left), cross section of coaxial cable (right) (a: outer
thickness of internal conductor, b: is inner thickness external conductor)
[33].
In order to convert reflection coefficient to dielectric parameters, different methods
have been developed. Currently, there are commercial programs available for using on
VNA. Advantages of the open-ended coaxial probe are; sample preparation is easy, it
is nondestructing, it allows measuring both in vivo and ex vivo over broad range.
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On the other hand, it requires good contact between sample and probe, it is effected
from sample heterogeneity, sensing depth, degradation etc. [34].
2.1.5 Calibration
Typically before measurements, a calibration procedure should be performed.
Standard calibration involves a “threeload standardized calibration”. Properties of
these three samples shoud be clear, they must be easy to use and available. Most
preferred standards for calibration are “opencircuit”, “shortcircuit” and “broadband
load”. The probe calibration must be performed after all connections are completed
and while the probe is fixed to its reference position.
Before that, conditions like temperature, moisture need to be measured [35].
Additionally, system should be checked, cable should be fixed, probe tip should be
cleaned. Frequency range, number of frequency points, signal power must be decided
beforehand.
After choosing measurement settings, calibration measurements are performed. While
taking calibration measurements, VNA Smith chart should be observed for checking
improper placement of the probe; thus, quality of the calibration can be ensured.
Calibration quality can also be ensured with “validation”, through a reference liquid
measurements. Materials used for calibration procedure are discussed in [36].
Monitoring and maintaining the temperature of the load and validation liquid is crucial.
The temperature of the liquid can be monitored using thermometer or can be
maintained using a water bath. Because reference liquid dielectric properties are
dependent to frequency and temperature. Liquid contamination, air bubbles, probe
position should be considered as well [37].
2.1.6 Validation
The validation procedure is performed measuring the well-known liquid dielectric
properties. Validation liquid should be different from the liquid that used in calibration
procedure. Purpose of the validation procedure is to monitor calibration quality and
systematic errors. Performing validation is recommended immediately after
calibration and after getting a set of tissue dielectric measurements [38]. In addition to
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that, validation should be performed anytime when abnormalities are seen in the
dielectric data. Temperature of validation liquids need to be checked, since dielectric
properties of them alters with temperature. The validation quality is affected by the
similar factors those in the calibration procedure.
For performing the validation procedure, alcohols such as methanol or ethanol and
saline are mostly preferred. Being polar solutions, they suitable for validation.
Validation liquids must be homogenous and not be affected from challenges of sampleprobe contact.
Among alcohol types, methanol, ethanol, butanol are mostly used for system
characterization and uncertainty analysis. They are preferred as standard liquids since
they stand for breast tissue dielectric properties for different values. Detailed
information about these alcohol types and measurement of their dielectric values are
expressed in [38].
It should be also noted that, there are some limitations using the alcohols as reference
liquids. For example, they are modeled at limited frequency and temperature, dielectric
properties of alcohols can alter during storage or usage because of vaporization based
puririty changes. Therefore, their dielectric properties should be measured after
pouring to a beaker and temperature of the liquid should be monitored [39].
In addition to alcohols, saline solutions also have been modeled at various
temperatures at microwave frequencies. They are more convenient reference liquids
and their dielectric properties are more stable because they do not evaporate quickly.
They are safer for not having inhalation toxicity, being not flammable. 0.1 Molar NaCl
became prefferred saline solution due to similar dielectric properties to biological
tissues. However, saline is not a good choice at higher concentrations, because
measuring its permittivity becomes challenging due to its higher conductivity
especially at low frequencies. [40].
There are many other reference liquids such as formamide, distilled water, dimethyl
sulphoxide (DMSO), acetone detailed in [38].
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Breast
2.2.1 Anatomy of human breast
Form and the dimensions are important for investigating the tissue dispersion, and for
designing diagnostic or therapeutic devices. Several anatomy books exist
understanding structure and development of the normal heathy breast [41,42]. Mature
breast has a conic shape with a circular base. The breast consists of 15-20 pyramidal
formed lobes. These lobes are in radial form diverging from the nipple with breast
ducts. Circular pigmented skin surrounds the nipple that is about 2-3 cm length. Breast
lobes are divided into 20-40 lobules and each lobule is further subdivided smaller parts
named “acinus”. Acinus is glandular units in which milk is produced with hormonal
changes. Gaps between lobes are filled with adipose tissue, constructing breast shape
and size. Lobes are supported and stabilized with fibrous connective tissue. Radial
arrangement of fibrous connective tissue constitutes Cooper’s ligament. The breast is
separated from chest muscles by retromammary fat tissue. Figure 2.3 shows basic
breast anatomy.

Figure 2.3 : Breast cross section.
Nonlactating weight differs between 145 to 230 g and the lactating breast up to 500 g,
the average weight is 285 g. Nulliparous woman typically has hemispherical shape
breast; however, multiparous woman has larger, more pendulous breast due to
pregnancy and lactation. Younger women have more firm breasts due to dense
glandular tissue and less breast fat. During pregnancy, with the help of the hormones,
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especially prolactin, breast enlarges with lobular and alveolar growth. During
menopause, with the estrogen loss, lobes turns into fat and the breasts becomes less
firm and less dense. Among all the breast tissues, tumors generally originate from
glandular tissue.
2.2.2 Breast carcinom epidemiology
It is a big health problem for women in the worldwide. It is most frequently seen cancer
type for women in many societies. Above 1.000.000 cases are detected every year over
ten million cancer diagnoses totally [43]. It is responsible about 15% cancer mortality.
The highest incidence occurs in European, American countries [44]. Geographical
variation of breast cancer incidence is shown in figure 2.4, as estimated for the year
2008 worldwide. According to GLOBOCAN, age adjusted incidence ratio in
developed countries is 66.4/100.000 while in the less developed areas 27.3/100.00.
Mortality is 15.3/100.000 and 10.8/100.000 in the developed and less developed
countries respectively. Survival is worse in poorer developing countries because of
late stage diagnosis and inadequate access to cancer treatment [45]. Over the past few
years, incidence is ascending at many developing territories. Nevertheless, living in a
developed country not always leads to higher incidence rates, for instance Japan has
lower breast cancer rates compared to Northern hemisphere countries. In addition,
Argentina and Uruguay have higher rates compared to developing countries in Latin
America.

Figure 2.4 : Geographical variation of the breast cancer incidence [46].
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Westernization of lifestyle is parallel to breast cancer incidence. It is a result of habit
changes, urbanization, increasing education levels. Urbanization caused increasing of
less active job types, high caloric food intake, excess body weight, psychosocial stress.
Reducing average numbers of pregnancy and birth, increasing age of giving first birth,
reducing breastfeeding times are also correspond with the urbanization and breast
cancer incidence [47].
2.2.3 Pathophysiology of breast carcinoma
It is divided into “invasive” and “insitu” types. “Invasive” one is where cells surpass
the basal membrane. Conversely, also being called as noninvasive, insitu cancer is
where cancer cells stay within the lobule or duct basal membrane [48].
Most frequent breast cancers are invasive ductal carcinoma (IDC), invasive lobular
carcinoma (ILC), ductal carcinoma insitu (DCIS) and lobular carcinoma insitu (LCIS).
IDC is the most common type, consists about 75% of the patients, originates from
breast ductus. ILC is the second most prevalent type, consists of 10% of the cases and
originates from cells in lobules of the breast. DCIS is the type in which cancer cells
placed in the ducts and have not spread to other localizations. LCIS is not assumed a
cancer type alone, but LCIS cases are assumed as being prone to developing other
types.
Generally, a tumor is described as undifferentiated cell growth that forms a node.
Undifferentiated cells are usually destroyed by immune system with the way of
apoptosis. When there are overmuch mutations in the cells, the response of the immune
system cannot be enough and the tumor cell masses may be formed [49]. The way of
tumor cell proliferation may represent whether the tumor is benign or malign. Growth
of the benign tumor is limited and the tumor is only a problem when a nearby organ is
compressed or it releases an unwanted hormone. On the contrary, a malign tumor
grows uncontrolled because of high replication rate. Malign tumors generally spread
to other body parts and damages healthy tissues and organs.
Differentiation of a tumor is classified by grading. Grade of the tumor malignancy can
be determined with pathological analysis, through inspection of the premature cells in
the tumor. If the tumor cells are less mature, the malignant tumor likely to be older and
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widespread, thus, successful treatment chance will be less. Tumor cell will be
disorganized due to disorganization of cytoskeleton such as microtubules and
microfilaments, resulting the loss of original cell shape. There will be uncontrolled cell
growth and mitosis. In the malignant tumors, cell surface changes, permeability of the
cell membrane and regular osmosis mechanism corrupt. Therefore, tumor cells retain
much more fluid than healthy cells, becoming rounder. Increased water content results
in tissue dielectric property changes [50].
In addition, cancer cells are resistant to contact inhibition. So, they make huge masses
of cells in high concentrations and forms multiple layers. In order to feed this masses,
new capillaries are created with neoangiogenesis. Later, with growth of the tumor, this
capillary network enlarges to arteries and veins, connects with major blood supplies.
Increased water volume is the role of increased dielectric properties and strong
electromagnetic scattering in microwave imaging [51].
Some characteristics presented by malignant tumors are; asymmetric and irregular
shapes, blurring cell boundaries, complex surfaces with spicular shapes, non-uniform
variation of permittivity, breast architecture distortion, tissue density increment due to
calcification and masses.
On the contrary, benign tumors are more compact and they have oval, well
circumscribed cell contours, smooth surfaces.
2.2.4 Risk factors of breast carcinoma
For many years, estrogens were known as the main reason for breast carcinoma
development. Recently, family histories, menstrual and reproductive factors have
gained importance. More cases in developed societies is attributed to classic risk
factors such as early menarche, first birth at late age, nulliparity or low parity, late
menopause. Classic risk factors are related to estrogen expose from menarche to
menopause.
Many scientific researches have shown that low physical activity and fat excess affects
the hormonal production and availability independent from having classic risk factors
[52]. Exposuring to the exogen hormones due to oral contraceptives and hormone
replacement treatments cause an increasing breast cancer risk. Incidence is descending
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with the decreased use of postmenopausal combined hormone therapy. Besides,
mortality rates are lowering in North America and some European countries with the
help of early detection and improved cancer treatment [53]. The changing habits of
childbearing, breastfeeding, exogenous hormone intake, excessed alcohol intake,
obesity, sedentary lifestyle, are related to tendencies in the incidence and mortality.
Many experts are recommending that keeping body weight in healthy bounds,
increasing physical activity, reducing alcohol intake. In addition, early detection using
an imaging technology such as mammography provides more treatment options and
treatment success. In the countries in which early detection technologies are not easily
accessible, awareness of early symptoms and signs, personal and clinical examination
of the breast gain prominence [54].
2.2.5 Dielectric studies of breast
Many scientific studies have been conducted examining breast EM properties.
Generally, dielectric properties of different tissues and organs have been studied for a
long time [22]. In 1984, Chaudhary et al. made measurements of ex vivo breast tissues
frequencies 3 MHz to 3 GHz [55]. Chaudhary expressed that dielectrical property
values significantly differs, especially under 100 MHz.
In 1988, Surowiec et al. collected measurements of ex vivo samples of infiltrating
cancer and near breast tissue between 20 KHz and 100 MHz [56]. Surowiec divided
tissues into three classes; the center of the tumor, near tissue, peripher tissue
approximately two centimeter from the tumor center. The Cole-Cole models are
reported in his work. Surowiec observed that central part and infiltrating margins of
the tumor have higher permittivity values compared to peripheral tissues. He
concluded that relatively high permittivity at the infiltrating margins can be associated
with tumor cell proliferation, and dielectric contrast between malignant and healthy
tissues. Surowiec thought that this contrast is useful for diagnosis.
In 1992, Campbell and Land made measurements of human breast tissue at 3.2 GHz
[31]. They aimed to obtain detailed information for the applications of microwave
thermography. Campbell asserted data obtained by Surowiec might be not accurate
because samples were saved in the saline solution and the results may represent saline
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rather than breast tissue itself. Campbell and Land examined four tissue types; normal
tissue, fatty tissue, benign breast tissue and malignant breast tissue. They have found
high difference between benign and malignant tissues. Campbell and Land also
reported that because of the values of benign and malign tumors, separating them may
not be probable by only using dielectrical values.
In 1994, Joines et al. made measurements at the frequencies between of 50 MHz and
900 MHz [57]. Joines observed that average values of permittivity 23.3%, conductivity
57.7%.
In 2000, Meaney estimated dielectrical values of the normal in vivo tissue with a MWI
prototype [58]. He estimated average values of permittivity, conductivity on noncancerous samples. Meaney expressed that averaged permittivity of healthy breast at
900 MHz is bigger compared to values on the study of Joines et al [57]. Meaney also
noted a average value correlation between the permittivity and radiographical tissue
density. Meaney calculated average permittivity of 31 from cases that categorized high
fat content, average permittivity value of 35 to 36 from patients that are categorized as
having heterogeneously dense breast tissue.
In 2007, two of the most comprehensive studies about healthy and malignant samples
are conducted by Lazebnik [24,25]. Lazebnik tried to fill the gaps of the previous
studies, such as few numbers of patients, data not above the frequency of 3.2 GHz,
limited tissue types. Lazebnik worked on healthy breast tissues that are taken from
breast reduction surgeries. Firstly, Lazebnik categorized the samples histologically.
Tissue categories identified with regard to percentages of glandular, fibroglandular and
adipose tissues in the sample. Lazebnik et al. summarized the data into three
categories; category 1 up to 30% fat, category 2 with up to 84% fat, category 3 with
more fat. The groups consists of 99, 84 and 171 samples, respectively. Lazebnik
created median permittivity and conductivity curves then calculated the median values
at particular frequencies throught all samples in a category. After that, these median
values are fitted using Cole-Cole equations. Lazebnik et al. observed considerable
heterogeneousness, similar to observation of Campbell [31]. He expressed that such
heterogeneousness cannot be found previously because of the location where normal
tissue samples had been obtained. In previous studies, normal breast tissue samples
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had been taken from localizations far from tumor site. Tumors generally grow in
glandular tissue; thus, these samples supposedly have more adipose content than the
glandular tissue that surrounds tumor. Therefore, according to Lazebnik, tissue
heterogeneousness was overlooked. He also found breast tissue properties is a function
based on adipose content. After integration of adjustments for adipose content,
Lazebnik found 10% difference. In addition, Lazebnik did not find any statistically
meaningful discrepancy for normal and malign glandular tissues.
Dielectric properties of healthy, benign and malign breast tissues are studied in another
study by Lazebnik [25]. Lazebnik once again, addressed gaps and contradictions of
previous studies working on large number of samples and a large band between 500
MHz and 20 GHz. Reported dielectric properties of malignant tissues agreed with
previous works by Chaudhary [55], Surowiec [56], Joines [57]. In Figure 2.5, the
median curves of malignant tissues are shown which have 30% or more malign tissue
content and compared with the results of previous studies.

Figure 2.5 : Comparison of Lazebnik’s malignant sample data with former works.
“Lines”, median values for cancer tissues 30% or more malign content
from Lazebnik’s study. “Symbols”, dielectrical values of malignant
breast tissue from previous studies. (𝑜): Chaudhary (∆): Surowiec (∗):
Joines and (arrow): Campbell an Land at 3.2 GHz [25].
Adjusting tissue adipose content, Lazebnik have found 10% disparity. Adjusting fat
and connection tissue content, he has not observed meaningful discrepancy of healthy
and malign glandular samples. Without any regulating, Lazebnik have found a contrast
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of 1/10 among fatty healthy malign samples. Figure 2.6 shows two representations of
raw measurement data for healthy and malign tissues using the “Cole-Cole” curves.

Figure 2.6 : Cole-Cole fit examples of two representative datasets. (a) “permittivity”
(b) “conductivity” values for healthy samples, (c) “permittivity” (d)
“conductivity” for cancerous samples [25].
In 2009, Halter conducted a minor clinic research to make estimation of malign breast
tissue properties [59]. Dielectrical values of healthy samples are in accordance with
studies by Lazebnik. Halter found a significant change of dielectric properties after
tissue excitation and he associated these changes with temperature variations, tissue
dehydration and ischemia. Halter also expressed that these changes can be observed
within seconds after extraction, and he found dielectric properties of in vivo cancer
tissues are remarkably higher compared to ex vivo measurements. But Halter’s results
are controversial, because the probe should be removed during extraction of tissues.
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Therefore, additional studies have to be conducted for better understanding of breast
dielectric properties.
Support Vector Machines
2.3.1 Overview
Support Vector Machines is high-performance supervised learning algorithm. It is a
rather new method utilized for binary classification. Amount of data are increasing day
to day; therefore, the application of classification methods is getting highly important.
With such a large number of datasets, the goal is to design a model based on training
dataset to classify unseen data with this model reliably.
Its purpose is to determine an “optimal separating hyperplane” that will divide the data
samples into classes in the best possible accurate ways, so that the hyperplane will be
far apart as much as probable from each class samples. The main idea on this type of
classification is choosing samples that are nearest to another class. These are named
“Support Vectors” and play a crucial role constructing the optimal separating
hyperplane. The distance of these nearest data points and the hyperplane is named
“margin”, so the classification performance is better in the big margin hyperplane.
2.3.2 History of SVM
This method is the consequence of the works of several people over many years. In
1936, introduction of the initial method using in pattern recognition was written by R.
A. Fisher [60]. In 1950, Aronszajn introduced the “Theory of Reproducing Kernels”.
Frank Rosenblatt firstly invented, a basic type of “separating hyperplane” in 1957 [61].
That was the simplest kind of feedforward neural network [62]. Vapnik and Lerner
presented the “Generalized Portrait algorithm” in 1963 [63]. The algorithm that was
applied by SVM is a non-linear generalization of it. That was the foremost Support
Vector algorithm as the method of pattern recognition. In 1964, Vapnik and
Chervonenkis improved it and they first introduced the Support Vector Machines [64].
In 1965, Cover worked on wide margin hyperplanes and sparseness. In the same year,
similar optimization methods were applied in pattern recognition method by
Mangasarian. In 1968, using of the slack variables to handle the problem of noise and
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non-separability have been proposed by Smith. In 1973, Duda and Hart discussed the
wide margin hyperplanes in the feature input space [65].
In 1974, the “Vapnik–Chervonenkis theory” was introduced by Vapnik and
Chervonenkis which is attempting to explain learning process from statistical point of
view. In 1979, the statistical learning theory was improved further by Vapnik and it
can also be said that SVM have started with this. The VC theory was originally
improved for the problem of pattern recognition. Up to date, VC theory became the
most successful technique for defining the capacity of a learning model accurately and
further tells us the way to insure generalization performance for the future samples by
controlling the model capacity. In 1990, Poggio, Girosi and Wahba discussed the use
of kernels. In 1992, Bernhard E. Boser, Isabelle et al. recommended a style producing
non-linear classification by performing the kernel trick, so SVM became close to its
current form [66]. In 1993, the current standard soft margin classifier have been
introduced by Vapnik and Cortes and published in 1995 [67]. Same year, the algorithm
was expanded by Vapnik to the regression situation in the book of The Nature of
Statistical Learning Theory [68].
2.3.3 Applications of SVM
In real life, this method came out as a successful and important machine learning
method for dealing with classification and regression problems in a wide variety of
fields. SVM allows text assortment in transductive or inductive learning scenarios. It
utilizes train dataset to classify files and e-mails into distinct categories [69]. SVM is
used to recognize handwritten characters to differentiate between the handwritings of
two different people, also used to differentiate between human writing and computer
alphabets. SVM can classify images with higher search accuracy [70]. It can also be
used to classify satellite data in supervised classification matter [71]. There are many
SVM applications on face detection and even face expression classification [72]. Other
applications include data mining [73], finance, industry [74].
In medical diagnosis, SVM is used in hepatitis detection [75], chronical kidney
diseases [76], heart diseases [77], liver diseases [78], nephrolithiasis [79], cancer
diagnosis [80] and so on.
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2.3.4 Linear separability
There are some classification problems which can be separated linearly. Suppose two
input patterns are classified into two categories as shown in figure 2.7. Each data point
with sign of 𝑥 or 𝑜 indicaties an example with a set of values. Each sign is classified
to the two classes. Care that samples can be differentiated completely with a single
line 𝐿. These are known as linear separable samples. Linear separability means that
classes of examples with n-dimensional vector can be differentiated with a only
one decision surface. In that case, the 𝐿 line symbolizes the decision surface.

Figure 2.7 : Example of linear separable data set [81].
Classification of one, two and three dimensional linearly separable data are shown in
figure 2.8, 2.9 and 2.10, respectively.

Figure 2.8 : One-dimensional data separated by a point [65].
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Figure 2.9 : Two-dimensional data separated by a line [65].
If there is only one dimension, each data point will be represented by a single number.
When there are more dimensions, vectors will be used to represent each data point.
Every time a dimension is added, the object that used to separate the data changes. In
other words, one dimensional data can be separated with a single point (Figure 2.8),
as soon as the data goes to two dimensions, a line is needed (figure 2.9) and in three
dimensions, a plane is needed (figure 2.10) [65].

Figure 2.10 : Three-dimensional data separated by a plane [65].
Similarly, when they are linearly nonseparable, any line or plane cannot be determined.
Figure 2.11, figure 2.12, figure 2.13 show linearly non-separable data in one, two and
three dimensions.
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Figure 2.11 : Nonlinearly separable dataset in one dimension [65].

Figure 2.12 : Nonlinearly separable dataset in two dimensions [65].

Figure 2.13 : Nonlinearly separable dataset in three dimensions [65].
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2.3.5 Hyperplane
When there are more than three dimensions, the line or plane that separates the data of
different classes might be hard to visualize, so it is named as hyperplane. In geometry,
hyperplane is defined as a one dimension less subspace of any ambient space. In other
words, if the data is p dimensional, the hyperplane will be p-1 dimensional.
The mathematical description for a hyperplane is quite basic. In order to understand
what a hyperplane is, firstly, the line equation should be understood. In two
dimensions, a hyperplane is described in the equation
𝑦 = 𝑎𝑥 + 𝑏

(2.3)

in which constant 𝑎 is slope and constant 𝑏 is the point of where the line intercepts the
y-axis. The equation has two variables, 𝑥 and 𝑦 respectively, so they can be arbitrary
renamed.
Suppose that 𝑥 = 𝑥1 and 𝑦 = 𝑥2 , so the equation 2.3 becomes
𝑥2 = 𝑎𝑥1 + 𝑏

(2.4a)

𝑎𝑥1 − 𝑥2 + 𝑏 = 0

(2.4b)

Two dimensional vectors can be defined as 𝑥 = (𝑥1, 𝑥2 ) and 𝑤 = (𝑥1, 𝑥2 ), so the vector
notation of the equation 2.4b becomes
𝑤∙𝑥+𝑏 =0

(2.5)

𝑤 ∙ 𝑥 is dot product of the 𝑤 and 𝑥
Although the vector form was derived by using two dimensional vectors, it can be
generalized to any other dimensions. In fact, it is a hyperplane equation. It can be easily
interpreted that; a hyperplane is a set of points which satisfy the equation.
2.3.6 Classification with a hyperplane
There is a linearly separable data in figure 2.14, so the data can be classified binary
with a hyperplane.
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Figure 2.14 : A linearly separable dataset [65].
For example, in figure 2.15, the hyperplane can separate the data when 𝑤 = (0.4,1.0)
and 𝑏 = −9

Figure 2.15 : A random hyperplane separating the dataset [65].
At matter of each observation vector of the p-dimensional space falls into two distinct
classes, the classes can be labeled as where −1 stands for one class and +1 stands for
the other one. Each observation vector can be denoted as 𝑥𝑖 and its label 𝑦𝑖 , so the
classification can be written as
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ℎ(𝑥𝑖 ) = {

+1 𝑓𝑜𝑟 𝑤 ∙ 𝑥 + 𝑏 ≥ 0
−1 𝑓𝑜𝑟 𝑤 ∙ 𝑥 + 𝑏 < 0

(2.6)

in which prediction of label 𝑦 uses the position of observation 𝑥 with respect to the
hyperplane. In other words, observation vector on one side of the hyperplane will be
labeled to one class, vector on the other side will be labeled to other class. Equation
2.6 can also be defined as
ℎ(𝑥𝑖 ) = 𝑠𝑖𝑔𝑛(𝑤 ∙ 𝑥 + 𝑏)

(2.7)

The hyperplane equation has linear combinations, so ℎ(𝑥𝑖 ) function is called as a linear
classifier.
To simplify 𝒉(𝒙𝒊 ) function equation, a trick can be done by removing the constant 𝒃.
Vectors 𝒙𝒊 = (𝒙𝟏 , 𝒙𝟐 , . . . , 𝒙𝒏 ) and 𝒘 = (𝒘𝟏 , 𝒘𝟐 , . . . , 𝒘𝒏 ) can be augmented by adding
the values of 𝒙𝟎 = 𝟏 and 𝒘𝟎 = 𝒃, so they become 𝒙𝒊 = (𝒙𝟎 , 𝒙𝟏 , 𝒙𝟐 , . . . , 𝒙𝒏 ) and 𝒘 =
(𝒘𝟎 , 𝒘𝟏 , 𝒘𝟐 , . . . , 𝒘𝒏 ), respectively. The only value that changes the structure of the
hyperplane is 𝒘 vector. For instance, it contains values of 𝒂 and 𝒃 in the twodimensional case. Different values of 𝒘 give different hyperplanes [65].
2.3.7 Optimal separating hyperplane
There are infinitely many hyperplanes which can separate linearly separable samples.
That’s because any certain separated hyperplane can be moved a little bit down or up,
or can be rotated without touching to any of the observation data [82]. Indeed, instead
of any separable hyperplane, the hyperplane which best separates the data must be
found. This one is named optimal hyperplane. Figure 2.16 compares some separating
hyperplanes with an optimal hyperplane. To construct such a hyperplane, some sort of
metrics are needed to compare which one is better [68]. The idea is maximizing the
distance between the two classes on observation data, so it will give better
generalization results on the test data.
To compute the length between a data point and hyperplane, the number 𝛽 = 𝑤 ∙ 𝑥 +
𝑏 must be calculated. For any point, minimum distance can be obtained with
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Figure 2.16 : Some of the hyperplanes that separates a data (left), an optimal
separating hyperplane for the same data (right) [83].
𝐵 = min 𝛽𝑖

(2.8)

𝑖=1...𝑚

Among the hyperplanes, the one has the largest 𝐵 must be selected for maximizing the
distance between classes. In the negative section, the minimum value does not work.
This problem can be fixed considering the absolute value of 𝛽. So, the equation 2.8
becomes
𝐵 = min |𝛽𝑖 |
𝑖=1...𝑚

(2.9)

The problem with this equation is; not only the observation points are wanted to be
some distance away, but they are also wanted to be on the right side of the hyperplane
for a better generalization [84]. So, the value of 𝛽 is multiplied by the label value 𝑦
and can be indicated as
ƒ=𝑦×𝛽

(2.10a)

ƒ = 𝑦(𝑤 ∙ 𝑥 + 𝑏)

(2.10b)

The sign of the ƒ will be positive if point is classified correctly or will be negative if
the point is classified incorrectly. So, the minimization problem becomes
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𝐹 = min ƒ𝑖

(2.11a)

𝐹 = min 𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏)

(2.11b)

𝑖=1...𝑚

𝑖=1...𝑚

The number of ƒ is called functional margin and the hyperplane with the largest margin
desired to be chosen. This should not be confused with the geometric margin or
Euclidean distance. For any given solution of 𝑤, it can be scaled and the result gives
the same hyperplane but each one has different functional margin to a given data point
[85]. There is a need of some sort of normalization on 𝑤. Functional margin can be
modified dividing 𝑤 by its norm ‖𝑤‖ and new value 𝛾 can be obtained
𝑤
𝑏
𝛾 = 𝑦(
∙𝑥+
)
‖𝑤‖
‖𝑤‖

(2.12)

and the minimization problem becomes
𝑀 = min 𝛾𝑖
𝑖=1...𝑚

𝑀 = min 𝑦𝑖 (
𝑖=1...𝑚

𝑤
𝑏
∙𝑥+
)
‖𝑤‖
‖𝑤‖

(2.13a)
(2.13b)

where 𝑀 is the geometric margin. No matter how large the vector 𝑤 is, 𝛾 gives the
same value.
To obtain the value of 𝒘 which builds the largest geometric margin, the problem
named optimization problem needs to be solved.
2.3.8 Optimization problem
The aim is maximizing or minimizing a function with respect to some variables.
Sometimes minimum of the function is not interested by itself, but rather its minimum
while some constraints are met. This problem is called a quadratic optimization
problem or a Quadratic Programming (QP) problem [86].
Margin of each point should be equal or greater than 𝑀, so the problem of SVM
optimization can be written as
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max 𝑀
𝑤,𝑏

(2.14)

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝛾𝑖 ≥ 𝑀,

𝑖 = 1, . . . , 𝑚

The problem is rewritten
max 𝑀
𝑤,𝑏

(2.15)

ƒ𝑖
𝐹
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜
≥
,
‖𝑤‖ ‖𝑤‖

𝑖 = 1, . . . , 𝑚

Recall that the scale of 𝑤 does not matter, so it can be arranged making 𝐹 = 1 and the
problem becomes
max 𝑀
𝑤,𝑏

(2.16)

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ƒ𝑖 ≥ 1,

𝑖 = 1, . . . , 𝑚

𝑀 can be replaced with
𝐹
‖𝑤‖
and remembering 𝐹 = 1
max
𝑤,𝑏

1
‖𝑤‖

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 ƒ𝑖 ≥ 1,

(2.17)
𝑖 = 1, . . . , 𝑚

this problem is equivalent to
min‖𝑤‖
𝑤,𝑏

(2.18)

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) ≥ 1 ,

𝑖 = 1, . . . , 𝑚

To make the solution simpler, instead of original optimization problem, convex
quadratic optimization problem is used and the problem is rewritten as
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1
min ‖𝑤‖2
𝑤,𝑏 2

(2.19)

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) − 1 ≥ 0 ,

𝑖 = 1, . . . , 𝑚

To solve it with ease, it should be expressed in a Lagrangian form
𝑚

ℒ(𝑤, 𝑏, 𝛼) = ƒ(𝑤) − ∑ 𝛼𝑖 𝑔𝑖 (𝑤, 𝑏)

(2.20a)

𝑖=1
𝑚

1
ℒ(𝑤, 𝑏, 𝛼) = ‖𝑤‖2 − ∑ 𝛼𝑖 [𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) − 1]
2

(2.20b)

𝑖=1

where 𝛼𝑖 is “Lagrange” multiplier. Minimization is needed with respect to 𝑏 and 𝑤,
and maximization is needed with respect to 𝛼 at the same time. Solving the
minimization problem, partial derivatives of ℒ have to be calculated with respect to 𝑤
and 𝑏 and the problem is now becoming the Wolfe dual problem
𝑚

𝑚

𝑚

1
max ∑ 𝛼𝑖 − ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝑥𝑖 ∙ 𝑥𝑗
𝛼
2
𝑖=1

𝑖=1 𝑗=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝛼𝑖 ≥ 0,

𝑖 = 1, . . . , 𝑚

(2.21)

𝑚

∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖=1

The main advantage of that over the Lagrangian problem is the Wolf dual problem
depends only on the Lagrange multipliers.
2.3.9 Karush-Kuhn-Tucker conditions
The KKT are the conditions which are need to be satisfied with optimal solution of
optimisation problem. Because primal is convex problem and the solution deals with
inequality constraints. These conditions are
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•

Stationary condition
𝑚

∇𝑤 ℒ = 𝑤 − ∑ 𝛼𝑖 𝑦𝑖 𝑥𝑖 = 0

(2.22a)

𝑖=1
𝑚

𝜕ℒ
= − ∑ 𝛼𝑖 𝑦𝑖 = 0
𝜕𝑏

(2.22b)

𝑖=1

It tells that the selected point should be a stationary point at which the function stops
decreasing or increasing. If there exist no constraint, it is the point in which objective
function’s gradient is zero, otherwise Lagrangian gradient is used.
•

Primal feasibility condition
𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) − 1 ≥ 0 ,

•

(2.23)

Dual feasibility condition
𝛼𝑖 ≥ 0,

•

𝑖 = 1, . . . , 𝑚

𝑖 = 1, . . . , 𝑚

(2.24)

Complementary slackness condition
𝛼𝑖 [𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) − 1] = 0,

𝑖 = 1, . . . , 𝑚

(2.25)

In order to satisfy this condition, either 𝛼𝑖 = 0 or 𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) − 1 = 0 must be true.
Examples which have positive Lagrange multiplier are on “margin” and they are
“Support vectors” [68].
SVM optimization solution is equal solving the KKT. Different approaches and
application packages exist for the solution of the optimization problem and resources
like [65], [87] for understanding the mathematics.
A solution of an optimal hyperplane for the same linearly separable dataset is shown
in figure 2.17. This hyperplane formulation for linearly separable data is named hard
margin SVM. When dataset is linearly nonseparable, that cannot work. To work on
this dataset, other formulation named soft margin SVM will be explained.
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Figure 2.17 : The hyperplane found with a convex optimization problem [65].
2.3.10 Soft margin SVM
One issue with the formulation above, when the data is not linearly separable, the
learning algorithm that was debated earlier does not work. In such that case, if two
classes are linearly non-separable, there exists no hyperplane separates these classes.
In real life situations, mostly the data can not be separated using optimal hyperplane.
A data can be separable at normal situations, but there may be noise such as mistyped
value or sensor error. So, there may be an outlier in two scenarios, it can be closer to
other class examples reducing the margin or it can be among the other class examples
breaking the linear separability. In figure 2.18 (a), because of an outlier, although the
data is linearly separable, the margin is very narrow and the hyperplane probably
generalizes poorly, in (b) the outlier breaks the linear separability, so there is no
separating hyperplane.
To solve this problem the SVM algorithm was modified into the soft margin SVM to
allow some mistakes. The aim is not to make zero mistakes but as few
misclassifications as possible. Another slack variable named penalization constant was
added to the constraints of the optimization problem, so they became more flexible
[68], and the equation
𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) ≥ 1
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(2.26a)

(a)

(b)

Figure 2.18 : (a) : The dataset linearly separable with the outlier, (b) : the outlier breaks
linear separability [65].
becomes
𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉

(2.26b)

Adding such this penalty constant is called regularization. By this modification,
harmful effects of outliers are managed to decrease in the dataset. However, it is
important to be careful adjusting of slack variables, because high values might cause
making useless solutions on classification. Thus, slack variables should have some
restrictions and it should be adjusted using a coefficient. There is a need to modify the
objective function to penalize the choice of a big 𝜉. The optimization problem can be
rewritten
𝑚

1
min ‖𝑤‖2 + 𝐶 ∑ 𝜉𝑖
𝑤,𝑏,𝜉 2
𝑖=1

(2.27)
𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝑦𝑖 (𝑤 ∙ 𝑥𝑖 + 𝑏) ≥ 1 − 𝜉𝑖 ,
𝜉𝑖 ≥ 0,

𝑖 = 1, . . . , 𝑚
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C is non-negative tuning parameter. In order to use the same technique as for separable
case, the Wolf dual problem should also be modified with a different constraint
𝑚

𝑚

𝑚

1
max ∑ 𝛼𝑖 − ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝑥𝑖 ∙ 𝑥𝑗
𝛼
2
𝑖=1

𝑖=1 𝑗=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 0 ≤ 𝛼𝑖 ≤ 𝐶,

𝑖 = 1, . . . , 𝑚

(2.28)

𝑚

∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖=1

This constraint is also called box constraint, because the 𝛼 vector constrained in the
box with length of C.
The problem seems complex but its behavior can be understood with some simple
observations. Firstly, the slack variable 𝜉 tells the position of the 𝑖th observation point,
relative to margin and relative to hyperplane. If 𝜉𝑖 is equal to zero, it is located on the
accurate side related margin. If 𝜉𝑖 is bigger than zero, it is not located at accurate side
related to margin or violated the margin. If 𝜉𝑖 is bigger than one, it is located at wrong
side of the hyperplane. Just observations that located on the margin or violates the
margin affects the hyperplane, nevertheless, points at the true side do not affect the
classifier and their position to the margin do not change. Observation points that on
the margin or incorrect side are Support Vectors [82]. Figure 2.19 shows the position
of observations with different 𝜉 values.

Figure 2.19 : Soft Margin (Circled observations are support vectors, dashed lines are
margins and straight line is the separating hyperplane) [88].
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𝑪 has the role of bounding the sum of the 𝝃𝒊 ’s and it specifies the severity and number
of the breakings that can be tolerated. If 𝑪 = +∞, there will be no violations of margin
and there will be 𝝃𝒊 = 𝟎 for all observation points and the hyperplane only exists when
the data is linearly separable. Small 𝑪 gives wider margin with cost of some
misclassification, big 𝑪 gives hard margin with less tolerance to violations. The
purpose is to find the 𝑪 that noisy data does not affect the solution very much. This is
called bias-variance tradeoff. A large 𝑪 provides high variance with low bias. Bias is
low since cost of misclassification was penalized highly. A small 𝑪 provides higher
bias and lower variance. There are many approaches finding the value of 𝑪 [89] and
formulation of soft margin regularization [90].
2.3.11 Kernels
Not because the data is not linearly separable, does not mean there is not any other
method to classify this data using SVM. It might be possible to classify this data using
circles or curves but finding an optimal curve to separate the data is difficult. Instead
there is way to preprocess the data and transform the classification problem. The
important thing here is that in two dimensions the dataset cannot be seperated linearly.
To do this, one method is transformation of the observation dataset to a more
dimesional another space. One example of that is polynomial mapping, written as
𝜙(𝑥1 𝑥2 ) = (𝑥12 √2𝑥1 𝑥2 𝑥22 )

(2.29)

After transforming the data into higher dimensions, separating hyperplane can be
found as shown in figure 2.20.
The main drawback of transforming the feature space is, every data point must be
transformed. Such a calculation will be computationally complex. This can be
overcomed with kernels. Looking to Wolfe dual Langrangian function
𝑚

𝑚

𝑚

1
max ∑ 𝛼𝑖 − ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝑥𝑖 ∙ 𝑥𝑗
𝛼
2
𝑖=1

𝑖=1 𝑗=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 𝛼𝑖 ≥ 0,

𝑖 = 1, . . . , 𝑚
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(2.30)

Figure 2.20 : Linearly non-separable data. After transforming to higher dimension, it
became linearly separable by a hyperplane [91].
only the value of 𝑥𝑖 ∙ 𝑥𝑗 must be calculated for observation data. Another way is needed
to compute this value without transforming the data directly. Here, kernel function
comes into play. The kernel function calculates the dot product as if they are mapped
to another space without transforming them. It can be defined as
𝐾(𝑥𝑖 , 𝑥𝑗 ) = 𝑥𝑖 ∙ 𝑥𝑗

(2.31)

This calculation can be changed using a kernel function in the soft margin dual
problem and this technique is called kernel trick. The formulation is rewritten as
𝑚

𝑚

𝑚

1
max ∑ 𝛼𝑖 − ∑ ∑ 𝛼𝑖 𝛼𝑗 𝑦𝑖 𝑦𝑗 𝐾(𝑥𝑖 , 𝑥𝑗 )
𝛼
2
𝑖=1

𝑖=1 𝑗=1

𝑠𝑢𝑏𝑗𝑒𝑐𝑡 𝑡𝑜 0 ≤ 𝛼𝑖 ≤ 𝐶,

𝑖 = 1, . . . , 𝑚

(2.32)

𝑚

∑ 𝛼𝑖 𝑦𝑖 = 0
𝑖=1

2.3.12 Kernel types
•

Linear kernel

This kernel type is the simplest. Its formulation is
𝐾(𝑥, 𝑥′) = 𝑥 ∙ 𝑥′
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(2.33)

𝑥 and 𝑥′ are vectors of features.
•

Polynomial Kernel

General formulation for polynomial kernel is
𝐾(𝑥, 𝑥′) = (𝑥 ∙ 𝑥′ + 𝑐)𝑑

(2.34)

where 𝑐 is a constant term and 𝑑 is the degree of the kernel. Figure 2.21 shows a
classification example of polynomial kernel with degree of 2.

Figure 2.21 : SVM using 2-degree polynomial kernel separates the data [65].
Polynomial with degree 1 and without constant is the linear kernel. Increasing the
degree of the kernel function, the decision boundary becomes more complex and can
be easily influenced by each data point. High degree polynomial kernel gives better
results on training set but it might not be generalized to test set, this situation is called
overfitting. Examples of lower and higher degree polynomial kernel SVM results for
same dataset are shown in figure 2.22.
•

Radial Basis Function Kernel

This type is called Gaussian kernel. When polynomial kernels are not complex enough
to classify the dataset, another, more sophisticated kernel method is needed.
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Figure 2.23 shows the dataset that can not be classified with polynomial kernel.

Figure 2.22 : Polynomial kernel with degree 1 (left) and with degree 6 (right) [65].

Figure 2.23 : More complex data to work with (left), the data cannot be separated by
polynomial kernel (right) [65].
Value of the radial basis function depends on the distance from some point. It is

𝐾(𝑥, 𝑥′) = 𝑒𝑥𝑝(−𝛾‖𝑥 − 𝑥′‖2 )

(2.35)

Classification of the same data using RBF kernel is shown in Figure 2.24. There are
lots of other types of kernel methods available. Some of them are explained on [92].
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Figure 2.24 : The dataset is classified with RBF kernel correctly [65].
Cross Validation (CV)
The problem with classification models is that, how well it performs when testing its
performance on an independent data set. CV is very useful to assess performance of
model. It helps to find how well it can be generalized to new dataset. This technique
is utilized estimating accuracy of the predictions of the model that will be used in
practice [82].
When there is a classification problem, usually two types of data set will be given. One
of them is known data and named training data set, other one is unknown data and
named test dataset. When using CV, classification model would be tested to control
for overfitting, how the model will be generalized to independent test data. For one
cross validation round, the dataset will be divided into two parts. These are crossvalidation training and testing sets.
To reduce variance, several cross-validation rounds are performed using different
training and test sets. Overall accuracy results are calculated to measure the
performance.
2.4.1 K-fold
This is a common kind of cross validation in machine learning. Performing k-fold CV,
firstly, original training dataset is partitioned into k equal parts. Each is called fold.
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Then one of them is kept as test set, rest of dataset is used as training set, and trained
model is tested on testset. This step is iterated on each fold, accuracy of the model is
calculated. Generally, the k value is taken to be as 10, but it can take any value. Figure
2.25 shows the basic scheme of k-fold CV.

Figure 2.25 : K-fold Cross Validation [93].
2.4.2 Leave-one-out
This type is specific sort of k-fold CV, the number of folds is same as examples of the
dataset. Therefore, the classification algorithm is applied for each example using all
others as training set, using the chosen instance as testset. The advantage of this
method is that all points are made use of, hence there is a low bias. Disadvantages are,
it can be lead to higher variation in testing step if the instance is an outlier, it takes lots
of computational time as it repeats throught of all data points.
Performance Measures for Classification
In order to implement a classification and getting some results, the later work is finding
effectiveness of classificaiton model using some metrics. Different types of
performance metrics have been found to calculate different algorithms. Selection of
metrics affects the ways of measurements for capacity of an algorithm .
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2.5.1 Confusion matrix
It is assumed as easy and intuitive metric utilized computing accuracy and correctness
of the classification model. This can be used for outputs of two or more classes.
Suppose the model is trying to classify whether an individual has cancer or not. When
the individual has cancer, a label is given as positive, otherwise the label is negative.
The confusion matrix has got two dimensions which are actual and predicted, shown
in Table 2.1.
Table 2.1 : Confusion Matrix
Actual
Positive

Negative

Positive

True Positive

False Positive

Negative

False Negative

True Negative

Predicted

It is not a performance measure itself but many performance metrics are calculated
using the numbers inside it.
True Positives (TP) are the cases where the real class is true and predicted class is also
true, the case in which an individual has cancer and classified as cancer.
True Negatives (TN) are where the real class is false and predicted is false. The
situation of an individual is not cancer, and classified not cancer.
False Positives (FP) are real class is false and predicted class is true. It is false since it
is predicted wrong, positive because the predicted class is positive. The individual has
not cancer but the model classifies the case as cancer.
False Negatives (FN) are real class is true and predicted is false. It is false since it is
predicted wrong, negative because the predicted class is negative. The individual has
cancer but the model classifies the case as not having cancer.
2.5.2 Accuracy
It is the true prediction numbers of that found by classification models from all
predictions. It is be formulated as
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𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =

𝑇𝑃 + 𝑇𝑁
𝑇𝑃 + 𝐹𝑃 + 𝐹𝑁 + 𝑇𝑁

(2.35)

Correct predictions are in the numerator and all predictions made by the algorithm are
in the denominator. Accuracy value is very useful for balanced dataset.
2.5.3 Precision
Precision is the proportion of individuals that actually have cancer and model predicted
as cancer. Formulation of precision is
𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑃

(2.36)

2.5.4 Sensitivity or recall
Sensitivity represents proportion of individuals that actually have cancer that are
correctly predicted as cancer. Formulation of sensitivity is
𝑆𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =

𝑇𝑃
𝑇𝑃 + 𝐹𝑁

(2.37)

Sensitivity value is related to FNs or what number of cancers are missed, as precision
provides results with respect to FPs about what number of healthy individuals are
classified as cancer. So, to minimize FNs, sensitivity has to be maximized; whereas,
to minimize FPs, precision has to be maximized.
2.5.5 Specificity
Specificity represents the proportion of individuals who actually does not have cancer
are accurately predicted by the classification model as not having cancer. It can be
presumed as opposite of recall. Its formulation can be written as
𝑆𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =

𝑇𝑁
𝑇𝑁 + 𝐹𝑃

(2.38)

2.5.6 F1 score
F1 is a good choice when balance of precision and recall is needed, especially if an
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uneven class distribution. It is obtained by calculating their harmonic mean.
Formulation is
𝐹1 =

2 × 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 × 𝑟𝑒𝑐𝑎𝑙𝑙
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 + 𝑟𝑒𝑐𝑎𝑙𝑙

(2.39)

Infinite Feature Selection
2.6.1 Overview
In many modern machine learning and classification scenarios, a very large number of
adopted feature space is encountered; and it is continuously expanding due to
technological and methodological advancements. Some of that advancements include
big data, increasing internet speed and deep learning methodologies. Thus, working
on such a high dimensional data necessitate an effective feature selection strategy to
individuate irrelevant or redundant features. Existence of such numerous features
causes high computational burden, inefficient generalization of classification
performance and reduced learning accuracy [94,95]. The aim of the FS is to assign a
subset for the best discriminating features. Several algorithms for FS were presented
[95,96,97,98]. FS can be divided into three methods that are embedded, wrappers and
filters [99]. Embedded ones implement the feature selection step within the structure
of the classification algorithm itself. In other words, they apply the feature selection
step during the model training, that is why they are named embedded methods.
Wrapper methods evaluates a feature subset using a machine learning algorithm which
has strategy to look through the possible subset of features, evaluating each feature
subset assessing performance of given algorithm. It tries to determine the best feature
combination that results in the model that has best performance and that will be
computationally complex. Filter methods work with analyzing the internal properties
of data while ignoring the classifier.
Among the three classes, filter methods have gained much more interest, since these
are fast, basic and are not biased. Therefore, each subset of candidate is calculated
independently from eventual learner. There are some approaches based on consistency
[100], mutual information [101,102], significance of features [103] or etc. Lately, a
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very effective filter method approach named infinite feature selection (inf-FS) method
was introduced [104] that selects the best features based on their significance. In
addition, the most attractive characteristics of this method are; firstly, it calculates the
rank of a feature taking into account all possible feature subsets, and secondly, it solves
the feature ranking problem basicly by evaluating the geometric power series of an
adjacency matrix. This method resembles to the subtraction of the centrality
measurements on the graphs in [105,106], where each feature accounts for a node, the
path reperesents a choice from them. In addition to [105,106], graphs in inf-FS are
weighted. The aim is to give a score for each node on the graph based on the number
of repeats the node is visited on any length of the path. The higher centrality score, the
more significant the feature.
2.6.2 Mathematical review of inf-FS
In this section, general idea behind the Inf-FS algorithm is reviewed as proposed in
[104]. A dataset of feature distribution is given as 𝐹 = 𝑓(1), … , 𝑓(𝑛) with n features.
An indirected fully linked graph can be created, where each vertex standing for a
feature and the edges modeling pairwise relations between features. The graph is
formulated 𝐺 = (𝑉, 𝐸); 𝑉: vertices for each individual distribution, 𝐸 represents
weighted edges, models pairwise relations among feature distributions. Suppose an
adjacency matrix 𝐴 representing 𝐺, the edges are determined such that each element
of 𝑎𝑖𝑗 of 𝐴, 1 ≤ 𝑖, 𝑗 ≤ 𝑛, stands for a pairwise energy term. Energies can be defined
as weighted linear combination of two pairwise measurements that links 𝑓 (𝑖) and 𝑓 (𝑗)
written as
𝑎𝑖𝑗 = 𝛼𝑚𝑎𝑥(𝜎 𝑖 , 𝜎 𝑗 ) + (1 − 𝛼)(1 − |𝑆𝑝𝑒𝑎𝑟𝑚𝑎𝑛(𝑓 (𝑖) , 𝑓 (𝑗) )|)

(2.40)

α symbolizes loading coefficient, ∈ [0,1], 𝜎 (𝑖) symbolizes the standard deviation 𝑥 ∈
𝑓 (𝑖) and “Spearman” represents “Spearman’s rank correlation coefficient”. The idea
is, a large pairwise energy indicates at least one feature between 𝑓 (𝑖) and 𝑓 (𝑗) is
discriminating and a low correlation degree exist amongst them [107].
In order to individuate the energy scores related to sets larger than two feature
distributions, suppose path between 𝑖 and 𝑗 being described 𝛾 = {𝜐0 = 𝑖, 𝜐1 , … , 𝜐ℓ−1 =
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𝑗}, that is simply pair of features subset through the path. Suppose the path length ℓ is
lower than number of features and not any cycles on the path, therefore, a feature is
not visited more than once. Then, the energy of 𝛾 can be defined as
ℓ−1

𝜀𝛾 = ∏ 𝑎𝜐𝑘,𝜐𝑘+1

(2.41)

𝑘=0

where 𝜀𝛾 is pairwise energies of all feature pairs that compose the path. Then, the paths
are allowed to contain cycles. ℙℓ𝑖,𝑗 can be defined as a set of all paths of length ℓ
through 𝑖 to 𝑗 and sum of their energies
𝑅ℓ (𝑖, 𝑗) = ∑ 𝜀𝛾
𝛾𝜖ℙℓ𝑖.𝑗

(2.42)

and the matrix form
𝑅ℓ (𝑖, 𝑗) = 𝐴ℓ (𝑖, 𝑗)

(2.43)

When the path length is expanded to infinity, all the features will have uniform
probability of being part of a cycle. That provides some sort of normalization.
Energy score of a single feature at a path length ℓ
𝑠ℓ (𝑖) = ∑ 𝑅ℓ (𝑖, 𝑗) = ∑ 𝐴ℓ (𝑖, 𝑗)
𝑗𝜖𝑉

(2.44)

𝑗𝜖𝑉

The higher value the 𝑠ℓ (𝑖) has, the more energy is associated to i-th feature. This
strategy allows sorting features with descending order related to their 𝑠ℓ values.
However, the thought has two main disadvantages; first, cycles may have high impact
when calculating the energy scores, second, the computation of 𝑠ℓ is of order 𝒪(𝑛4 ),
that is computationally expensive and non-practical on large quantity of features.
Besides, the major part by [104] is handling this issue extending path length to infinity,
summing the whole lengths. In addition, using algebra notions simplifies the infinite
case calculations.
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In the infinite case, single feature energy score is;
∞

∞

𝑠(𝑖) = ∑ 𝑠ℓ (𝑖) = ∑(∑ 𝑅ℓ (𝑖, 𝑗))
ℓ=1

(2.45)

ℓ=1 𝑗∈𝑉

and the geometric series of 𝐴;
∞

𝑆 = ∑ 𝐴ℓ

(2.46)

ℓ=1

𝑆 can be used to calculate 𝑠(𝑖)
∞

∞

𝑠(𝑖) = ∑ 𝑠ℓ (𝑖) = [(∑ 𝐴ℓ )𝒆]𝑖 = [𝑆𝒆]𝑖
ℓ=1

(2.47)

ℓ=1

𝒆 is vector of ones. Nevertheless, the summation of the infinite 𝐴ℓ may go to
divergence. To make sure to this convergence, a factor for regularization is required
[108], written as
∞

š(𝑖) = ∑ ∑ 𝑟 ℓ 𝐴ℓ (𝑖, 𝑗)

(2.48)

ℓ=1 𝑗∈𝑉

where 𝑟 ℓ is regularization and weighting factor for paths of length ℓ.
After using the convergence property
Š = (𝐈 − 𝐫𝐀)−𝟏 − 𝐈

(2.49)

where Š matrix have all the information about feature energies. Finally, energy score
is
š(𝑖) = [Š𝐞]𝑖

(2.50)

If a feature has higher final energy score than others, it is more discriminative. Ranking
of features are acquired sorting the energy scores š(𝑖) in declining order. Convergence
analysis was further explained and correctness of this method was justified in [104].
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MATERIALS AND METHODS
Overview
In this study, datasets were gathered by measuring in vivo rat breast tissues and breast
tumors in order to classify them using SVM machine learning algorithm. For this
purpose, healthy control and tumor provoked experimental animal groups were
utilized. The dielectric measurements were performed using open-ended coaxial probe
technique. Measurements were made 0.5 GHz to 6 GHz with 0.55 GHz intervals. Sparameters were collected and converted to dielectric property data using a software.
After collecting the measurement data, animals were euthanized and the tissue parts
were sent to pathological analysis. Protocols of these experiments were organized in
accordance with regulations of Boğaziçi University Institutional Ethics Committee for
the Local Use of Animals in Experiments (BÜHADYEK).
Animals
In total, 30 adult albino Sprague Dawley strain female rats were obtained from the
Boğaziçi University Center for Life Sciences and Technologies (Lifesci), Vivarium
unit. These animals were randomly seperated to two categories, that are control,
experiment. Control group consisted of six animals and the experiment group consisted
of the rest twenty-four. The animals were kept in standard 15x25cm cages in the
controlled environmental circumstances. The environment had a 12-hour light and
dark cycle. In addition, the animals were fed with a regular laboratory pellet nutrition.
They had free ad-libitum access to regular pellet nutrient and tap water throughout the
whole experiment period.
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Animal Experiments
In order to initiate mammary carcinoma on the experiment group, single 20mg/kg dose
of 7,12-Dimethylbenz(a)anthracene (DMBA) chemical agent was administrated via
oral gavage. The DMBA was in powder form. It was obtained from Sigma Chemical
Co. Preparation of the gavage consists of depositing the powder into colored vial,
mixing with 1 ml olive oil and dissolving in closed ultrasonic bath system. However,
animals of the control group were given single dose of pure extra virgin olive oil. The
liquid was administrated to control group animals in same volume via oral gavage as
well. Animals in both experiment and control groups were given the solutions when
they were 47 days old. Also, during the oral gavage, animal body weights were
between 100 and 168 grams. Two weeks of rest time were given to animals for
recovering after the oral gavage. After the two weeks rest period, animal body weights
were measured and the animals were checked for tumors via hand examination by the
veterinary weekly.
Measurement Set-up
Measurements were performed with open-ended coaxial probe technique. In this
experiment, the coaxial probe had 2.2mm aperture and it was connected to the Agilent
Fieldfox N9923A Network Analyzer via keysight flexible cable. This type of
connection made feasible to move the prob by hand freely. The Network Analyzer was
also connected to a laptop computer via local area network (LAN) cable. The computer
had Agilent 85070E software, that is commercially available. The software allowed
real-time converting of the measured S-parameters to dielectric properties. A picture
of measurement set-up in the laboratory enviroment is shown in figure 3.1.
Measurements were made between 0.5 GHz and 6 GHz with 101 frequency points, so
with 0.55 GHz intervals. This allowed sufficient data for the classification algorithm.
In order to calibrate the probe before the measurements; procedure of standard open,
short and distilled water calibration was implemented.

In the calibration step,

measurement was conducted for open by holding the probe in the air, then, for short
by placing the tip of the probe to conductive textile, then probe was held in distilled
water while checking for air bubbles. In order to make a validation for the calibration
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step, measurements from a known liquid should be taken. In this study, methanol and
saline was used as a known liquid.

Figure 3.1 : Dielectric measurement set-up in the laboratory environment [28].
In vivo Dielectric Measurement Procedure
Before starting dielectric measurements procedure, the probe was sterilized using
ethylene glycole solution. After that, the standard open, short and distilled water
calibration step was performed as mentioned in the previous subsection. Then the
calibration was verified using methanol. The probe aperture was washed using distilled
water and wiped dry with a cotton pad. The animal was anesthetized using 80ml/kg
ketamine and 10mg/kg xylazine mixture by intraperitoneal injection. The tissue was
exposed through midline skin incision. Measurements were collected by touching the
probe tip to the desired tissue part. Five measurements were performed one after
another without moving the probe. An example picture of in vivo dielectric
measurement is shown in figure 3.2, including cancerous breast tissue and probe tip.
In order to minimize the errors that arise from the measurements, median value of the
mentioned five samples would be taken as a one single measurement later on. Between
different tissue part measurements, the probe tip was washed again using distilled
water, then wiped dry using a cotton pad. Right after collecting the data, the animal
was euthanized. After that, tissue parts were extracted and placed into tissue cassettes.
The cassettes were embedded in 10% formalin solution to keep them for pathological
analysis.
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Figure 3.2 : In vivo dielectric property measurements of animal tissue with openended coaxial probe technique.
Pathological Analysis and Tumor Grading
In order to confirm the malignancy and to determine histological grading according to
published criteria [109], tissue samples are examined for pathological analysis as
follows; samples were dehydrated and processed for paraffin embedding, tissue slides
were stained using hematoxylin and eosin (HE) for light microscopy studies. The
microscope slides were examined and scored based on tubule formation, mitotic
activity and nuclear pleomorphism. Tubule formation was scored as 1 when >75% of
tumor shows tubular differentiation, scored as 2 when tubule formation is between 10
– 75% and scored as 3 when the tumor tubule formation is well under 10%. Mitotic
activity was scored counting the quantity of mitotic figures per 10 hpf (high power
fields). Mitoses <=7, 8-14 and > 15 per 10 hpf was scored as 1,2 or 3, respectively.
Note that, the mitotic count scoring criteria varies depending on the field diameters of
the microscopes which are used by the pathologist. In the evaluation of nuclear
pleomorphism, size and shape variation of the tumor nuclei was taken into account.
Uniform cells with small nuclei was scored as 1, bigger cells and vesicular nuclei,
appearing nucleolus was scored as 2, marked variation in cells and vesicular nucleus,
explicit nucleoli was scored as 3. The overall grade was calculated using total score as
3-5, 6-7 or 8-9 equivalent to grade 1, 2 or 3 respectively. Histological grading criteria
were sum up in Table 3.1.
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Table 3.1 : Histological grading criteria of breast cancer
Formation of tubules

Point

Tubule more than 75%

1

Tubule 10% to 75%

2

Tubule less than 10%

3

Polimorphism of nuclei

Point

Tiny, organized, uniform nuclei, uniform chromatins

1

Mild variability in extent and form, papillary, with
observable nucleolus

2

Prominent changes, papillary, with various nucleoli

3

Counting mitotic figures each 10hpf 40x field
(changes with field size)

Point

Smaller or equal to 7

1

Between 8 and 14

2

Bigger than 15

3

Summing the three criteria

Overall grading

3 to 5 points

Grade 1 (quitely
differentiate)

6 to 7 points

Grade 2 (mildly
differentiate)

8 to 9 points

Grade 3 (less
differentiate)

Data Processing
In order to produce a dataset for classification purposes, measurements were gathered
on a feature matrix. Between 0.5 GHz and 6 GHz, all frequency points were taken as
101 individual complex numbers, but real and imaginary parts were considered as
seperate features. So, there are 202 features in total. To generate balanced number of
samples on animals as well as on classes, five healthy and five diseased animals were
selected; thus, resulted in 325 breast and 325 tumor samples. Figure 3.3 shows sample
sizes for each animal. One should bear in mind that; permittivity, conductivity and Sparameter data were stored in feature matrices independently. Besides that, in a
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supervised classification manner, a label vector was created which had value of -1 and
1 for healthy and tumor measurements respectively.
Animals with Tumors

Healthy Animals
65
samples

60
samples

65
samples

65
samples

70
samples

80
samples

325 Breast
Measurements

50
samples

50
samples

95
samples

50
samples

325 Tumor
Measurements

Total
650
Samples

Figure 3.3 : Animal sample sizes.
Data Classification
In this study, SVM algorithm was utilized classification of healthy and tumor samples.
SVM is picked since it is one of the most prefered and high performance classification
method especially for medical data in the literature. The aim of the SVM is to calculate
a hyperplane on a n-dimensional space which classifies data points distinctly. Note
that, n represents the number of features. To differantiate the points into two classes,
many possible hyperplane combinations could be chosen. Thus, data points located on
each side of that hyperplane can be assigned into different classes. The location and
orientation of the hyperplane is influenced by points that are closer to it, named
Support Vectors. The aim is determining a hyperplane which has maximal margin
using these Support Vectors. On the other hand, when there are no linearly separable
training dataset, the Kernel trick comes into help. In other words, the concept is
mapping the nonlinear separable dataset to higher dimension space and finding a
hyperplane which can separate the data samples. Linear and radial basis kernel
functions were used in this work.

54

With the intention of separating the testing samples from the training samples, cross
validation techniques were used. K-fold and leave-one-out were applied and their
performances were compared to each other. Briefly, in k-fold CV, the dataset was
splitted into k smaller datasets and the classification model was trained using k-1 folds
as training set. After that, the classification model was validated using the remained
subset. Predicted labels were compared with actual test labels and the classifier
performance was calculated. All data processing and classification step was performed
in MATLAB language.
Feature Selection
In this work, feature selection step was performed utilizing from the Inf-FS method.
The Inf-FS is graph-based method that utilizes convergence properties of the matrix
power series in order to calculate the importance of a feature regarding to all the other
features taken together. Formulation of the Inf-FS based on mapping each feature on
an affinity graph, in which nodes and weighted edges represent features and their
relationships respectively. Any path that have certain length ℓ on the graph can be
taken as selection of features. Thus, importance of each possible feature subsets can
be evaluated by changing these paths and letting them to go an infinite number. The
algorithm sets a final scores for these features. The score of a feature is effected from
all the other features in the dataset and it depends on how good candidate the feature
for the classification task. Therefore, the outcome is ranking of features in descending
order and the inf-FS allows us to decide the number of features to be selected. Besides,
an 𝛼 loading coefficient is determined as a tuning parameter related to pairwise
relationships between features.
The Inf-FS algorithm was applied to each CV fold and ranking vectors were stored.
Then the features were scored based on their rankings and a total score was calculated
for each feature in order to sort them. Therefore, desired number of top features could
be selected and used on the SVM algorithm.
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Nested Cross Validation
To tune parameters of inf-FS, a well-known technique, Nested Cross Validation (CV)
was applied. The nested CV algorithm has an inner loop CV nested in the outer loop.
The inner nested loop is responsible for model selection and parameter tuning, as the
outer loop is responsible for estimating the error, in other words performance
evaluation on the validation set. Model selection without using the nested CV applies
the same data tuning parameters and to calculate model performance. This
information may lead to leakage into the model and it can cause overfit. When it is
later applied to real-world datasets, the classification model will possibly have a
bigger error than on its test set. Nested CV technique eliminates the bias introduced
by the flat cross validation procedures as the validation data in each iteration of outer
CV has not been used to parameter optimization in any way; and may therefore provide
a more reliable criterion for determining the performance of models, selecting the best
model using the CV results.
In this study, 𝛼 parameter was tuned using the Nested CV algorithm for a desired
number of top features. 𝛼 coefficient is a weighting factor for the maximum variance
of the features and their correlation. Outer and inner CV loops were applied as 10-fold
and 5-fold respectively. Figure 3.4 shows a flowchart of the nested CV algorithm used
in this work.
The nested CV technique application steps are as follows: First, the dataset was splitted
into 10 folds. At each outer CV loop, one of them was reserved as validation set and
the remained ones constituted the outer CV loop training set which later would be used
for tuning the parameter 𝛼 and applying the inf-FS with optimal 𝛼 on this set. 𝛼 varied
between [0,1] with 0.05 intervals. To calculate accuracy value for each 𝛼, the training
fold was splitted further into 5 internal folds, that refers the term “nested”. At each
inner CV loop, one of them was used for validation set, others constituted inner
training set on which inf-FS was applied, top K features was selected, SVM was
trained. Accuracy was calculated using validation set. 𝛼 related with maximum
accuracy was determined as optimal for each outer loop and inf-FS was applied using
that 𝛼 on outer loop training set.
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Figure 3.4 : Nested cross validation scheme.
Ranked top K features were stored for each outer loop, features scored as uppermost
ones were given the maximum score and reducing downwards. Features were sorted
based on sum of their scores on each loop.
Top K were selected and used for training SVM on outer folds. Testing was
implemented with reserved validation set mentioned before resulting accuracy value
for specific number of features.
The algorithm was indicated as a pseudocode as well in the figure 3.5.
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Figure 3.5 : Algorithm of nested cross validation.
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RESULTS AND DISCUSSION
Dielectric Property Results
4.1.1 Overview
Support Vector Machines algorithm was tested on dielectric data set to classify
mammary carcinoma and healthy breast tissue using permittivity and conductivity
discrepancy between them. After testing permittivity and conductivity data
independently on the Support Vector Machines algorithm, also both of them combined
and used as another single dataset.
4.1.2 Raw data
Mean values of relative dielectric constant and standard deviation errorbars are shown
in figure 4.1 for healthy and tumor tissues in some frequencies. It can be easily
interpreted that, tumor samples have higher permittivity values on each frequency
point compared to healthy ones. The difference between mean values are 8.98 and
10.43 on 0.5 GHz and 6 GHz respectively. As can be seen on the error bars, some
samples somewhat overlapped. In addition, permittivity value decreases as frequency
increases.
Conductivity comparison between healthy and tumor tissues are shown in figure 4.2.
Separation between means increases, as the frequency goes higher. However, as can
be seen on error bars, at higher frequencies, some samples are overlapping. Difference
between means of malignant and healthy tissues are 0.343 and 1.136 for the
frequencies of 0.5 GHz and 6 GHz, respectively. In very low frequencies, even though
means are close together, samples dissociate completely. However, as frequency goes
higher, overlapping becomes prominent. Besides, conductivity increases with
heightening frequency.

59

Figure 4.1 : Relative permittivity mean values along with standart deviation.

Figure 4.2 : Conductivity mean values along with standart deviation.
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4.1.3 Statistical analysis
Two-way ANOVA method was implemented on dielectric data for malignant and
healthy tissues. P value was taken as 0.05 and statistically meaningful results were
observed between malignant and healthy samples with very low p value (p << 0.05).
ANOVA results are shown in Table 4.1.
Table 4.1 : Dielectric data ANOVA results
Source

SS

df

MS

F

Prob>F

Features

42536318

201

211623.5

9651.46

0

Pathology

973189.2

1

973189.2

44384.01

0

Interaction

787882.4

201

3919.813

178.77

0

Error

2870101

130896

21.92658

Total

47167491

131299

4.1.4 Classification with SVM
At this step, the raw dielectric dataset was tested without feature selection protocol.
To understand performance comparison on permittivity and conductivity data, they
were tested separately, then they were combined and treated as one single dataset. Goal
of this step is to find optimum kernel and cross validation (CV) scheme.
The raw data, normalization of the data and logarithm of the data were tested
independently using Linear and RBF kernels. Performance was evaluated practicing
alternative cross-validations. Comparison of accuracy results is shown in the figure
4.3. It can be clearly seen that Linear SVM outperformed to RBF. So, linear SVM
method were used for further processing. No significant difference was observed
between CV schemes. 10-fold and LOO have slightly better performance compared to
5-fold CV. Therefore, for feature selection, 10-fold CV was used on raw data for
optimal performance and computational cost.
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Figure 4.3 : Comparison of accuracy results for permittivity, conductivity and
combined data.
Due to the fact that raw data gives nearly 100% accuracy results, accuracy results in
every fold were calculated for 5-fold and 10-fold CV schemes. The results for
permittivity and combined data are in the Table 4.2.
Table 4.2 : Distribution of accuracy results for permittivity and conductivity data.
permittivity
linear 5 fold

99.23

100

100

100

100

permittivity
linear 10 fold

100

100

100

100

100

permittivity
rbf 5 fold

68.46

78.46

56.92

68.46

71.53

permittivity
rbf 10 fold

66.15

78.46

52.30

63.07

73.84

combined
linear 5 fold

99.23

100

100

100

100

combined
linear 10 fold

100

100

100

100

100

combined
rbf 5 fold

68.46

77.69

56.15

66.15

71.53

combined
rbf 10 fold

66.15

78.46

52.30

63.07

73.84
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98.46

100

100

100

100

73.84

75.38

67.69

72.30

70.76

98.46

100

100

100

100

73.84

75.38

67.69

69.23

70.76

4.1.5 SVM with feature selection
In this step, SVM was applied with infinite feature selection method on the raw data.
Permittivity, conductivity and combined dielectric data were used with 10-fold CV.
Feature selection was implemented and features were ranked for each fold
independently creating a ranking matrix. Then features were scored based on their
overall rankings. After that, selected top 50 and top 100 features were applied to SVM.
Accuracy was evaluated for every raw dataset. Figure 4.4 shows the accuracy results
for the feature selection step. Permittivity data for top 100 features has the best
performance. However, for top 50 features, combined data shows better performance.
Besides that, conductivity data gives the worst performance for both top 100 and top
50 features.

Figure 4.4 : Accuracy results comparison using top 50 and 100 features.
4.1.6 Nested CV results
This step was performed by using the dielectric data sets, that are permittivity,
conductivity and combined data. The purposes of the nested cross validation technique
are, tuning the parameters of feature selection step and separating the test samples from
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the training samples during this tuning process. Nested CV is one of the CV methods
which has an inner 5-fold CV in the every individual outer 10-fold CV loop. Feature
selection parameters are being tuned for each 10-fold CV related to their SVM
performance results at the inner 5-fold CV loop. In this study, 𝛼 parameter for infiniteFS were tuned. Detailed explanation of the nested CV method exists on section 3.10.
To compare the performance of the dielectric data sets along with both linear and RBF
kernel methods, nested CV algorithm was applied to all dielectric data combinations.
Features were selected as top 1 to top 10 one by one and it was continued with top 10
to top 100 features with 10 intervals.
Figure 4.5 shows the nested CV results of permittivity data. It can be seen that, raw
permittivity data with linear-SVM outperforms the rest. The case which more than
sixty features selected gives accuracy results bigger than 99%. Even selecting top four
features, the algorithm gives 91.69% accuracy. Selecting only one feature gives the
result of 83.69%. Normalization or logarithm of the raw data gives worse performance,
however they have still above 90% accuracy on some points. Using one frequency
point gives results close to, even slightly better compared to the raw data.
It can be generalized that, nested CV accuracy results with the raw permittivity data
using RBF kernel is giving better performance with one to three features compared to
linear kernel. It somehow outperforms the normalized and logarithm of the data using
fewer than twenty features. In addition, one frequency point gives the result of 84.77%.
Conductivity data results of nested CV are shown in the Figure 4.6. Comparing to
permittivity raw data, conductivity raw data gives slightly worse results using more
than three features. On the other hand, raw and logarithm of the conductivity data gives
better performance on top one to top three features compared to permittivity data.
Linear SVM gives better results on higher feature numbers compared to RBF kernel.
However, using less than nine features, RFB kernel gives better performance on
accuracy. Best result of conductivity data is 98% with applying conductivity raw data
on top 70 features. Selecting only one frequency point gives the results of accuracy on
raw data as 89.23% and 89.08% with linear and RBF kernel respectively. It is
considerable that, logarithm of the conductivity data gives better performance when
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Figure 4.5 : Permittivity data accuracy results of nested CV.

Figure 4.6 : Conductivity data accuracy results of nested CV.
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compared to logarithm of the permittivity data. Besides, logarithm of the conductivity
data gives 90.31% and 90% accuracy results with linear and RBF kernel respectively.
Combined data set results can be seen in figure 4.7. Raw data with linear-SVM gives
best accuracy result with high number of features. The nested CV algorithm generally
selects features which were obtained from permittivity measurements. Whereas, when
selecting one to three features, the algorithm prefers features from conductivity
measurements. So that, combined dielectric data results for one to three features are
identical to conductivity data results.

Figure 4.7 : Combined data accuracy results of nested CV.
During the nested CV process, features were identified and tracked. So, it became
possible to determine the best features. As a result of this, performing narrow band
measurements is also probable. To give a better intuition, best frequencies are shown
in figure 4.8 with different number of top features for permittivity data. Due to their
better accuracy results, linear-SVM was applied to permittivity and combined
dielectric data for this purpose.
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For permittivity data, using only one feature resulted at frequency of 5.505 GHz.
However, if much more frequencies are used, relatively lower frequencies getting
more dominant up to a point. Between ten to thirty features, nearly half of the whole
frequency band is selected by the algorithm. Setting the algorithm to fifty or more
features, it resulted in selection of whole frequency band.

Figure 4.8 : Best frequencies for different number of features on permittivity data.
Features were also tracked for combined dielectric data and the results are shown in
figure 4.9. Using one to three features, the algorithm selects top features from
conductivity measurements, that is coherent with the accuracy results and also with
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classification performance of low frequency samples on the conductivity raw data. In
the case of four or more features, permittivity data comes into prominence.

Figure 4.9 : Best frequencies for different number of features on combined dielectric
data.
S-Parameter Results
4.2.1 Overview
In this section of the thesis, mammary carcinoma was classified using collected in vivo
S11 measurements. S11 response refers the reflected power at the tip of the
measurement probe and it is highly dependent with the dielectric parameters of the
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surrounding environment that stands for healthy and malignant tissues for
measurements in the experiments of this study.
There are some advantages of using S11 response for classification purposes. Firstly,
it allows someone to avoid calculating dielectric properties such as permittivity,
conductivity or cole-cole parameters, therefore reduces the inherent calculation errors,
computational and time cost. Secondly, it allows single frequency measurement,
whereas designing narrow band devices is possible which provides cheaper and faster
detections.
4.2.2 Raw data
S11 response is a complex number, therefore it has two separate components that are
real and imaginary numbers. These two distinct components are regarded as different
features.
Mean values are shown for real and imaginary parts of S-parameter absolute values
for some frequencies in figure 4.10 and figure 4.11. Standard deviations are shown
using errorbars. One can easily say that in figure 4.10, in lower frequencies, mean
values for real component in S11 response of malign samples are very close to healthy
ones, but fortunately, they have small standard deviation, so samples can be separated
easily. On the contrary, going up to higher frequencies, differentiation of mean values
for real part increases between malign and healthy samples, as the errorbars of standard
deviation, also some samples, overlapped. The difference between mean S11 values
of the malignant and healthy tissues are 0.05 and 0.24 for real part at 0.5 GHz and 6
GHz respectively. Please note that real S11 response is correlated with the raw
permittivity data.
Figure 4.11 indicates the imaginer component of S11 response. One can see that,
distinction of mean values as well as distinction of errorbars are lower in relatively
high or low frequencies, compared to mid ones. The difference between mean S11
values of the malignant and healthy tissues are 0.03 and 0.07 for imaginer part at 0.5
GHz and 6 GHz respectively. Also note that imaginer S11 response has ascending
trend like conductivity data.
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Figure 4.10 : Mean values with standart deviations for real part of S-parameter data.

Figure 4.11 : Mean values with standart deviations for imaginer part of S-parameter
data.
4.2.3 Statistical analysis
Two-way ANOVA method was implemented on collected S11 response for malignant
and healthy tissues. P value was taken as 0.05 and statistically meaningful result were
observed between malignant and healthy samples with very low p value (p << 0.05).
ANOVA results are shown in Table 4.3
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Table 4.3 : S-parameter data ANOVA results
Source

SS

df

MS

F

Prob>F

Features

4103.108

201

20.41347

2952.424

0

Pathology

19.69087

1

19.69087

2847.913

0

Interaction

490.3544

201

2.439574

352.8384

0

Error

905.0332

130896

0.006914

Total

5518.186

131299

4.2.4 Classification with SVM
In the very first step of SVM application, the raw data was tested without feature
selection, aiming to find an optimal kernel and cross validation combination. Real and
imaginary values of S11 responses was used in the same dataset. Therefore, the dataset
had 202 features in total.
The raw data and the logarithm of the data were tested with Linear and RBF kernels.
Different cross validation techniques were used for each kernel scheme. Accuracy
results are shown in figure 4.12, it can be clearly deduced that logarithm of the data
has better performance compared to raw data. Hence, logarithm of the data was used
for feature selection. No significant difference was noticed between the three CV
schemes. 10-fold CV is slightly better compared to 5-fold CV, therefore, 10-fold CV
technique was used for further processing.

Figure 4.12 : Accuracy results comparison of S-parameter data for different CV and
Kernel combinations.
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4.2.5 SVM with feature selection
In this step, infinite feature selection method was implemented to both raw and
logarithm of the data. 10-fold CV scheme was preferred for this step. To do so, firstly,
FS was implemented and the features were ranked for each fold, after that, features
scored according to their rankings. Top 100 and 50 features selected and the accuracy
of SVM evaluated for all data groups using linear and RBF kernels separately.
Accuracy results are shown in figure 4.13.

Figure 4.13 : Accuracy results comparison using top 50 and 100 features.
The logarithm of the data outperformed for all 202 features and top 100 features. After
selecting top 50 features, raw data and linear kernel combination has slightly higher
accuracy (0.62%) compared to other combinations. Therefore, logarithm of the raw
data was used through the follow-up steps of data analysis.
4.2.6 Nested cross validation results
For the purpose of separating the training dataset from the test set, as well as tuning
the 𝛼 parameter, nested cross-validation scheme was used. The Nested CV is one of
the CV methods which has an inner 5-fold CV in the every individual outer 10-fold
CV loop. Feature selection parameters are being tuned for each 10-fold CV related to
their SVM performance results at the inner 5-fold CV loop. Here, 𝛼 parameter for
infinite-FS was tuned. Detailed explanation of the nested CV method exists on section
3.10.
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Only logarithm of the raw data was used for nested CV step. The algorithm was
repeated for selecting different number of top features. Firstly, features were ranked
and selected as top 10 to top 100 by 10 intervals. As shown in figure 4.14, with
decreasing number of features, the accuracy dropped from 91.69% to 87.23% for RBF
kernel, 91.38% to 87.08% for linear kernel.

Figure 4.14 : Nested CV results of S-parameters for 10 to 100 features.
After that, the algorithm was applied for top 1 to top 10 features. Results are shown in
figure 4.15. Accuracy value dropped from 87.23% to 86.92% for RBF kernel, 87.08%
to 83.08% for linear kernel. It can be explicitly seen that the algorithm resulted in
86.92% accuracy even using only one single feature. Note that, during the feature
ranking and scoring process, features are identified and tracked. One-frequency
selection resulted in a feature which is corresponding to the real part of S11 response
at 610 MHz.

Figure 4.15 : Nested CV results of S-parameters for 1 to 10 features.
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CONCLUSIONS AND RECOMMENDATIONS
Tissue dielectric properties have been investigated for decades by many researchers.
It is estimated that biological tissue dielectric properties will be extensively utilized
for diagnosis and treatment. These properties provide development of several medical
technologies, for instance, microwave imaging, radiofrequency or microwave ablation.
Various studies have been conducted researching the dielectric properties of biological
tissues. Nevertheless, more dielectric data are still needed.
Besides, medical data are rapidly increasing due to digital revolution on data collection
devices and data storage capacities. Such extensive data require fast and reliable
classification techniques. Fortunately, development of numerous machine learning
algorithms allows to classify the medical data.
Cancer classification using dielectric properties of tissues have aroused interest for
many years. Among them, breast cancer has great importance because it has highest
incidence and mortality rate on women worldwide. Thus, early diagnosis of breast
cancer is important and current diagnostic methods suffers from low sensitivity and
specificity rates.
For aforementioned reasons, dielectrical properties of female rat tissues were
investigated. To do so, measurements were performed from normal and malignant
breasts of rats with open-ended coaxial probe technique and classified using Support
Vector Machines algorithm. This technique was preferred due to its broadband
measurement capability, suitability for biological tissues and measurement accuracy.
Being one of the well-known supervised learning algorithms, Support Vector
Machines was preferred due to its performance on medical data in the literature.
Significant difference between healthy breast tissues and malignant tumors was
observed, and results had quite resemblance with former studies.
The breast dielectric properties were collected at 0.5 GHz to 6 GHz with 101 frequency
points. Relative permittivity and conductivity data were tested independently and
combined together. Even without feature selection, permittivity data gives 100%
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accuracy, separately as well as combined to conductivity data. This can be interpreted
that dielectric data, especially relative permittivity, is highly discriminative on breast
cancer. Designing faster and cheaper measurement devices requires narrow band
analysis. Therefore, raw dielectric data were analyzed with inf-FS feature selection
algorithm, and selection of top 100 and 50 features resulted in 100% and 99.23%
accuracy. Even using one-fourth of the frequency band, this method still has great
performance. After testing the data with nested cross validation algorithm, even using
top four features, 91.69% accuracy was observed. Even selecting one feature, accuracy
was 83.69%. These results show that even one frequency measurement can be useful.
It is also observed that, conductivity data gave better performance when one to three
features were selected, it was resulted using one feature 90.31% accuracy on logarithm
of the data. The algorithm selected the most discriminative frequency as 0.505 GHz.
It can be attributed to discrimination of the standard deviation between normal and
malign samples, even samples are close together in low frequencies on the conductivity
data.
S-parameters were also investigated to avoid dielectric property calculations and to
provide narrow band measurements. Without feature selection, best accuracy was
obtained as 93.85% with logarithm of data using linear kernel SVM. Logarithm of the
data had slightly higher performance compared to raw data. When feature selection
algorithm was implemented with 100 features, logarithm of data gave the best result
as 91.85% accuracy. Selecting top 50 features, the algorithm gave slightly better
performance than others with linear kernel SVM and raw data combination as 85.85%
accuracy. When the nested cross-validation algorithm was applied with top 100 to 10
features, the accuracy dropped from 91.69% to 87.23% for RBF kernel and 91.38% to
87.08% for linear kernel. Even using one feature, accuracy results were 86.92% and
83.08% for RBF and linear kernel respectively. Best feature corresponded the real part
of S-parameters at 610 MHz. These results show that S-parameters can be used to
differentiate malignant tissues from healthy ones. Even using one frequency point,
results were acceptable for cancer classification purposes.
From these classification results, it can be interpreted, dielectric properties of
biological tissues can be used diagnosing breast cancer, or probably even other cancer
types. The results are mainly in accordant with previous works. Dielectric
measurements and calculations are quite reliable and faster. Thus, this study also
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makes contributions to development of medical technologies such that microwave
imaging, ablation and surgical margin detection.
However, there are some limitations of tissue dielectric measurements. Some of them
are, obtaining biological tissues are limited, dielectric measurements are error prone
due to sample heterogeneity or tissue probe interaction.
Development of electromagnetic medical technologies based on dielectric properties
will follow the expanding dielectric data. Nevertheless, tissue dielectric data is still not
enough and there is a need for more studies examining the tissue dielectric properties.
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