





ISTANBUL TECHNICAL UNIVERSITY % GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

MACHINE LEARNING AIDED KIDNEY STONE CLASSIFICATION
WITH ELECTROMAGNETIC PROPERTIES

M.Sc. THESIS

Banu SACLI

Department of Electronics and Communication Engineering

Biomedical Engineering Programme

JUNE 2018






ISTANBUL TECHNICAL UNIVERSITY % GRADUATE SCHOOL OF SCIENCE
ENGINEERING AND TECHNOLOGY

MACHINE LEARNING AIDED KIDNEY STONE CLASSIFICATION
WITH ELECTROMAGNETIC PROPERTIES

M.Sc. THESIS

Banu SACLI
(504161411)

Department of Electronics and Communication Engineering

Biomedical Engineering Programme

Thesis Advisor: Assoc. Prof. Mehmet CAYOREN

JUNE 2018






ISTANBUL TEKNIK UNIVERSITESI % FEN BILIMLERI ENSTITUSU

MAKINE OGRENMESI YARDIMIYLA BOBREK TASLARININ
ELEKTROMANYETIK OZELLIKLERININ SINIFLANDIRILMASI

YUKSEK LISANS TEZI

Banu SACLI
(504161411)

Elektronik Haberlesme Miihendisligi Anabilim Dah

Biyomedikal Miihendisligi Programi

Tez Damismam: Assoc. Prof. Mehmet CAYOREN

HAZIRAN 2018






Banu SACLI, a M.Sc. student of ITU Graduate School of Science Engineering and
Technology 504161411 successfully defended the thesis entitled “MACHINE LEARN-
ING AIDED KIDNEY STONE CLASSIFICATION WITH ELECTROMAGNETIC
PROPERTIES”, which he/she prepared after fulfilling the requirements specified in
the associated legislations, before the jury whose signatures are below.

Thesis Advisor :  Assoc. Prof. Mehmet CAYOREN ...
Istanbul Technical University

Jury Members : Asst. Prof. Tuba YILMAZ ABDOLSAHEB ...
Istanbul Technical University

Asst. Prof. Evrim TETIK e,
Istanbul Aydin University

Date of Submission : 4 May 2018
Date of Defense : 7 June 2018






vii

To my parents,






FOREWORD

I specifically would like to thank my supervisor, Assoc. Prof. Mehmet CAYOREN for
their excellent guidance and support during my research. I would also like to thank
Asst. Prof. Tuba YILMAZ ABDOLSAHEB and Prof. ibrahim AKDUMAN for their
valuable advices throughout this study. I would also like to thank Prof. Biilent ONAL
for allowing us to get kidney stones.

I also wish to thank my friends Gokhan CANSIZ and Sulayman JOOF for their help
during dielectric measurements of kidney stones. I would not have been able to conduct
this study without their cooperation.

I am grateful to Melih BILMEZ for his constant love, support and patience. He did
not only motivate me whenever I lost my interest, but he also discuss ideas about my
research. I cannot express how lucky I am for having a companion like him.

Finally, despite it is hard to express my deepest gratitude to my parents and my sisters,
I would like to thank them for their love and sacrifices.

June 2018 Banu SACLI

ix






TABLE OF CONTENTS

Page
FOREWORD . IX
TABLE OF CONTENTS . XI
ABBREVIATIONS ... Xiii
SYMBOLS v XV
LIST OF TABLES . . . . <. XVii
LIST OF FIGURES . . .. XIX
SUMMARY we XXI
OZET Xxiii
1. INTRODUCTION ..... . . wo 1
1.1 PUIpOSE Of TRESIS .eeuuvieiiiiiiiiiiiiieeiieeeiee ettt ettt 2
1.2 Literature REVIEW ........ccoveiiiiiiiiiieiieiiceieettesiie ettt 3
2. KIDNEY STONE DISEASE e w 5
2.1 Diagnosis of Kidney StONES ........cccueeviieriiiiniiieeiieeniieeieeeeeesiee e 7
2.2 Types of Kidney STONES ......c..eevvieriuieiniieeiiieniie et et et e e e svee e 8
2.3 Treatment of Kidney STONES .......cccccoouiiiiiiiiiiiiiiiiiiceiiecneecie e 9
2.4 Prevention of Kidney StONES .......ccceeeviieriiiiiniiieiiiieriieerieeeeeesee e 11
2.5 Current Methods for Determination of Stone Types .......ccccecvveercieeeiveenneennne. 12
3. ELECTROMAGNETIC PROPERTIES OF BIOLOGICAL TISSUES....... 15
3.1 Dielectric Property of Biological Substances..........c.ccceevvveevriveenieesnieenieeenne 15
3.2 Dielectric Relaxation TheOTY ........ccccveiiiiiiiiiiiieeeiieeeieee e 17
3.3 Dielectric Property Measurement Techniques..........ccccoevvervieriiinicnicncieennens 19
3.3.1 Dielectric Property Measurement System via Open-ended Coaxial
PrODE. ... 20
4. MACHINE LEARNING ALGORITHMS FOR CLASSIFICATION .......... 25
4.1 Artificial Neural Network........ccccovieriiiiiiiiiiiiieeeeceeeeeeeeeeen 26
4.1.1 Training of Artificial Neural Network...........cocccooiiiiniiiiiinee, 28
4.2 K-Nearest Neighbourhod............cooveviiiiiiiiiniiniccccceeceeeens 30
5. MATERIALS AND METHODS .... . . . . 33
5.1 Kidney Stone SamPpIes........cceeeveriiiiiiiienieeieeeeneeeeeeesee e 33
5.2 EXperimental SELUP .....ccccoviuiiiiiieniiiiiie ettt 34
5.3 Measurement Procedure .............cooueeiiiiiiiiiiiiinieniceieeeee e 35
5.4 Data Processing and ClassifiCation..........c.c.eevueereerieeiiienieniieeieeneeneeereeeeens 37
6. RESULTS .. 43
6.1 Dielectric Measurement Results of Kidney Stones...........ccocceeveiiiicinninnne. 43
6.2 Results of Cole-Cole Fitting to Dielectric Measurements............cc.cceevvennee. 45
6.3 Results of kidney stone classification ..........c.cceeveveeeriieeriieeenieeniee e 45
6.3.1 ANN RESUILS....eoiiiiiiiiiiiiieeeeee e 47



6.3.2 KNN Results
7. CONCLUSIONS.....

REFERENCES.

oooooo

CURRICULUM VITAE . . . .

Xii



ABBREVIATIONS

ANN
KNN
CT
KUB
IvpP
US
MRI
ESWL
PCNL
SEM
IR
XRD
GNR
tp

fp

fn

tn

: Artificial Neural Network

: k-Nearest Neighborhood

: Computed Tomography

: Kidneys, Ureters and Bladder

: Intravenous Pyelogram

: Ultrasonography

: Magnetic Resonance Imaging

: Extracorporeal Shockwave Therapy
: Percutaneous Nephrolithotomy
: Scanning Electron Microscopy
: Infrared Radiation

: X-Ray Powder Diffraction

: Generalized Newton-Raphson
: True Positive

: False Positive

: False Negative

: True Negative

xiil






SYMBOLS

WO ™

*

mmhoh-
(o]

SogH<anrnqgoon

: Electric Field

: Magnetic Field

: Dielectric Displacement

: Magnetic Induction

: Current Density

: Charge Density

: Absolute Permittivity

: Relative Permittivity

: Permittivity of Free Space
: Dielectric Constant

: Dielectric Loss Factor

: Electrical Conductivity

: Angular Frequency

: Infinite Frequency Dielectric Constant
: Static Dielectric Constant

: Relaxation Time

: Admittance

: Reflection Coefficient

: Weight at Artificial Neuron
: Error Gradient

: Learning Rate of Neural Network

XV






LIST OF TABLES

Page
Table 5.1 : Relative permittivity and conductivity measurements of water and

PUre MEthanol..........coocuiiiiiiiriiieiieeee e 36
Table 6.1 : Medians dielectric property measurements of calcium oxalate,

cystine and StrUVILE STONES. .....ccccueeeruieerieeeriieeniiee et eiee e e eiee e 45
Table 6.2 : Cole—Cole parameters fitted to the median of each stone type. .......... 47
Table 6.3 : Classification results for all Stone types. .......ccccvveevieeerieencieeenieenieenne 47
Table 6.4 : Confusion matrix for calcium oxalate...........ccccevviiriiiiniiniieniiieceee 48
Table 6.5 : Confusion matriX fOor CYStINE. .........cccueervuiieriiiiiiieerieeeie e 48
Table 6.6 : Confusion matrix for StrUVIte. .........cceeveeriiriiiiiiiniiniieeeeeeeeeeeene 48
Table 6.7 : Performances of ANN for kidney stone classification. ....................... 48
Table 6.8 : Classification results for all StOne types. .......ccocceeevveeriieinieeniieenieenn. 49
Table 6.9 : Confusion matrix for calcium oxalate...........cccceevieriiinniiniiniinneneene 50
Table 6.10: Confusion matrix fOr CyStNe. ........ccceeveeiinieniiriienienieneeereee e 50
Table 6.11: Confusion matrix for SIrUVILE. ........c.eeeiirieriieenieniinieeeerecseeeeeeens 50
Table 6.12: Performances of KNN for kidney stone classification........................ 50

Xvil



Xviii



LIST OF FIGURES

Figure 2.1
Figure 2.2

Figure 3.1
Figure 3.2
Figure 3.3
Figure 4.1
Figure 4.2
Figure 5.1
Figure 5.2

Figure 5.3
Figure 6.1

Figure 6.2

Figure 6.3

Figure 6.4

Page
: Component of Urinary System in humans. ..........ccccoeeeevieerniennnneen. 5
: Randall’s Plaques and a stone arising from a Randall’s Plaque in

this View fTOm @ UTELErOSCOPE. ..ouvvrerurieeiieeeieeeiieeeieeeieeesreeeereesreeens 6
: Diagram of g -€" relation for Debye relaxation ..........cccceeeeereennnenne. 18
: Components of open-ended coaxial probe measurement set-up ....... 21
: Cross section of an open ended coaxial probe..........cccceeevveerveennennn. 22
: Diagram of a single Nneuron .........c..ccoceeceieiiinieniiineenienc e, 26
: Architecture of an artificial neural network...........ccccooceeviinnnnnne. 27
¢ Some of kidney stone Samples........cccuveeereieeeiriiiieeeniiieeeriieeeeriieee s 33
: Representation of the ports and scattering parameters in a 2-port

VN A e s ns i e s 34
: Measurement of a cystine stone with open ended coaxial probe ...... 36

: Median in dielectric property measurements of kidney stone

samples with variability bars: (a) Permittivity measurement
of calcium oxalate, (b) Conductivity measurement of calcium
oxalate, (c) Permittivity measurement of cystine, (d) Conductivity
measurement of cystine, (e) Permittivity measurement of struvite,
(f) Conductivity measurement Of StrUVIte. .......ccoceervveerieeinveenieenne 44

: Comparison of medians and Cole—Cole fittings: (a) Measured and

fitted permittivity comparisons for calcium oxalate, (b) Measured
and fitted conductivity comparisons for calcium oxalate, (c)
Measured and fitted permittivity comparisons for cystine, (d)
Measured and fitted conductivity comparisons for cystine, (e)
Measured and fitted permittivity comparisons for struvite, (f)
Measured and fitted conductivity comparisons for struvite. .............. 46

¢ Performance measures of ANN for classification of all kidney

stones. Error bars show the standard deviation of performance
measures between five folds used in testing. .......c..cccceeevveeceeneeneennne. 49

: Performance measures of KNN for classification of all kidney

stones. Error bars show the standard deviation of performance
measures between five folds used in teSting. ......cc.ccceevveeviieeinieenieenns 51

Xix






MACHINE LEARNING AIDED KIDNEY STONE CLASSIFICATION
WITH ELECTROMAGNETIC PROPERTIES

SUMMARY

Electromagnetic waves with microwave frequencies have been widely used in medical
field for diagnostic and therapeutic purposes. The reasons why microwaves have
been preferred are mainly its non-ionizing nature and its ability to penetrate matter.
Physiological effect on biological tissues also enables to use for treatment of diseases.
Moreover, the difference in electromagnetic properties of distinct biological material
enables diagnostic usage. In this study, the determination of kidney stone types was
aimed by making use of the dielectric discrepancy between stone types.

It is known from statical information that the recurrence rate of kidney stone disease is
very high. For this reason, it is important to learn why the body forms kidney stones
in order to determine necessary precautions to prevent recurrence. The tools utilized
for determination of the reasons for stone formation are blood test, urine test and tools
used for urinary stone analysis. To this end, this study focused on development of an
innovative method for urinary stone analysis.

When dielectric property measurements of three common types of kidney stone were
carried out, it is realized that it is possible to distinguish kidney stones with machine
learning algorithms and the help of these features. Dielectric constant and dielectric
loss values of each stone were measured over the frequency range of 500 MHz — 6 GHz
with 100 MHz intervals. Then, Cole-Cole parameters of each stone were calculated
with generalized Newton-Raphson method from measured dielectric constant and
dielectric loss values instead of directly use of them. Thus, the input size of machine
learning algorithm was reduced with successful Cole-Cole fitting.

After dielectric property measurement and Cole-Cole fitting, classification of the
stones were completed with an artificial neural network and k-nearest neighborhood
algorithm. Obtained classification of two algorithm were evaluated with some
performance measures which are accuracy, sensitivity, specificity, precision, recall and
F1 score. It can obviously be seen from these measures that both of two classifier are
quite successful in determination of kidney stone types.
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MAKINE OGRENMESI YARDIMIYLA BOBREK TASLARININ
ELEKTROMANYETIK OZELLIKLERININ SINIFLANDIRILMASI

OZET

Mikrodalga frekansinda elektromanyetik dalgalar iyonlagsmaya sebep olmadan
maddeye niifus edebildiginden dolayimedikal alanda giivenle kullanilabilecegi
diisiiniilmektedir. Hastaliklarin teshis ve tedavisinde mikrodalga kullanimina yonelik
caligmalar hizlibir gsekilde yiiriitiilmektedir. Dokulara mikrodalga uygulandiginda
bolgede goriilen 1s1artisigibi fizyolojik etkiler, bu etkilerin pozitif yonde kullanilarak
bazihastaliklarin tedavisinde kullanilabilecegi diisiincesini ortaya ¢ikarmistir. Kanser
tedavisinde kullanilan mikrodalga hipertermi bu diisiincenin bir tirliniidiir. Ayrica, biy-
olojik doku ve malzemelerin dielektrik 6zelliklerinin farkliolmasive 6zellikle hastalik
s0z konusu oldugunda bu ozelliklerin degismesi teshis amaclikullaniminimiimkiin
kilmagtir.

Bugiine kadar yapilan mikrodalga ile teshis sistemleri gelistirmeye yonelik calig-
malaribasitce ele alacak olursak, ilgili bolgedeki dokulara mikrodalga gonderilmesi
ve bu bolgeden yansiyan dalganin algilanmasiprensibine dayandiginisdyleyebiliriz.
Gortlintiilenen bolgedeki dokularin farkliolmasi, bu dokulardan yansiyan dalganin,
dolayistyla hesaplanan dielektrik Ozelliklerinin farkliolmasina sebep olur. Calig-
malarin birgcogunda, bu farkliliktan faydalanilarak ilgili bolgenin dielektrik ve
iletkenlik haritalariolusturulmaktadir ve bu haritalar teshis amaclikullanilabilmektedir.
Ayrica, literatiirdeki bu calismalar incelendiginde 6zellikle kanser tiirlerinin teghisine
odaklanildigive basarilisonuglar elde edildigi goriilmektedir. Bu da kanser disindaki
hastaliklarin teshisine yonelik calismalara umut olmustur. Bu calismada da farklitiire
ait bobrek taglarmin dielektrik ozelliklerindeki farkliliktan faydalanilarak tiirlerinin
belirlenmesinin miimkiin olup olmadigisorusuna cevap aranmaistir.

Bosaltim sisteminin viicudun sivi, pH ve kan basincidengesini saglamasive zehirli
atiklariviicuttan uzaklastirmasigibi hayati onem tasiyan fonksiyonlarivardir. Bu
nedenle, bosaltim sistemi organlarindan birinde herhangi bir problem oldugunda
hastanin hayatiolduk¢a zorlagsmaktadir. Bobrek tasthastaligibu problemlerden birisidir
ve hastalarin yasam kalitesini oldukca diisiirmektedir. Hastaligin Tiirkiye’de goriilme
sikli§1%11 iken tekrar etme siklig1 %80’dir. Viicut icindeki bobrek taglaribilgisayarli-
tomografi, X-ray, ultrason, manyetik rezonans gibi araglarla teshis edilir. Ardindan
hekim tarafindan uygun goriilen yontemlerden biriyle viicuttan uzaklagtirilir. Viicudun
bobrek taginineden olusturdugunu anlamak tekrar olusmamasii¢in alinacak onlemleri
belirlemekte oldukca onemlidir. Bu amacla hastaya kan ve 24-saatlik idrar tahlilleri
yapilmaktadir. Ayrica, ¢ikarilan bobrek tasinin analizi yapilarak cesidinin belirlenmesi
de Onemli bir rol oynamaktadir. Bu calismayla bobrek tagitiiriiniin belirlenmesinde
mevcut metotlara mikrodalga frekansinda elektromanyetik dalgalardan faydalanan
yeni bir alternatif gelistirmek amag¢lanmugtir.

Ik olarak ii¢c smifa ait 105 adet bobrek tasmin acik uglu koaksiyel sonda ile
dielektrik oOlgtimlerinin yailabilmesi i¢in hazirlanmistir. Tag yilizeyleri miimk iin
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oldugunca piiriizsiiz hale getirilmis ve hava boslugu kalmayacak sekilde probla temasi
saglanmigtir. Daha sonra mevcut deney diizenegi ile bobrek taslarinin dielektrik
Olctimleri gerceklestirilmistir. Deney diizenegi istenilen frekansta sinyal iireten ve
yanstyan sinyali algilayan bir ag analizorii; bu sinyali maddeye, maddeden yansiyan
sinyali de ag analizdriine ileten bir prob, Olciilen S; parametresinden dielektrik sabiti
ve dielektrik kaybinihesaplayan bir yazilim ve bu yazilimin kullanildigibir harici
bilgisayardan olugsmaktadir. Ag analizorii, 500 MHz — 6 GHz araliginda 100 MHz
araliklarla sinyal iiretecek sekilde hazirlanmisg, ve hava, proba 6zel iletken bir malzeme
ve deiyonize su ile kalibrasyonu yapilmugtir.

Taslarin torpiilenme islemini ve kalibrasyon siirecini tamamladiktan sonra ayarlanan
frekansta bobrek Taglarinin dielektrik 6zellik 6l¢ciimii yapilmustir. Olgiimler her bir tag
icin bes kere tekrar edilerek alinan sonuglarin medyanlari, tasin dielektrik 6zellikleri
olarak kabul edilmistir. Boylece Olciim hatalar1 en aza indirilmeye calisilmistir.
Sonug olarak toplam 56 noktada, her bir tasin dielektrik sabiti ve dielektrik kaybi,
dolayisiyla kompleks permittivitisi elde edilmistir. Ardindan bu degerler Cole-Cole
denkleminde yerine koyularak, her bir tas icin 5 bilinmeyeni olan ve 56 adet esitlikten
olusan bir denklem sistemi elde edilmistir. Bu 5 bilinmeyen, Cole-Cole parametresi
olarak adlandirilan statik dielektrik, yiiksek frekanslarda dielektrik, rahatlama frekansi,
dagilim degiskeni ve statik elektriksel iletkenliktir.

Bu denklem sistemi genellestirilmis Newton-Raphson yonteminden faydalanilarak
¢Oziilmiistii. Bu yontem denklemin kismi tiirevlerinden faydalanarak ¢oziilmesine
dayanan iterativ bir niimerik metottur. Bu yodntemle ¢oziim yapabilmek icin 6nce
Cole-Cole parametrelerine baglangic degerleri atanmis ve daha sonra bu degerler
hesaplanan hataya gore iterativ olarak giincellenmistir.  Sonu¢ olarak her bir
tasin Cole-Cole parametresi bulunmustur. Ayrica, bulunan bu parametreler yine
aymidenklemde yerine koyularak dielektrik sabiti ve dielektrik kaybihesaplanmistir.
Hesaplanan bu degerler oOlciilen degerlerle aynieksende cizdirildiginde Oolgiilen
degerlere oldukga 1yi oturdugu goriilmektedir. Bu siirecin sonunda, 105 tas icin beser
adet Cole-Cole parametresi hesaplanmig olmustur.

Her bir tasin Cole-Cole parametreleri hesaplandiktan sonra makine 6grenmesi
algoritmalar ile siniflandirilmasi yapilmistir. Cole-Cole parametreleri algoritmalarin
giris degerlerini olustururken, bobrek tagi siniflarini iceren niimerik bir vektor de ¢ikis
degerlerini olusturmaktadir. Oncelikle bu giris ve cikis degerleri, egitim siiresini
kisaltmak amaciyla (-1, 1) araliginda normalize edilmistir. Normalizasyon sonrasinda,
bobrek taslar1 k-sayist kadar ¢apraz dogrulama yontemiyle egitim ve test kiimelerine
ayrilmistir. Bu ¢alismada k sayis1 5 olarak se¢ilmistir.

Makine 6grenmesi algoritmasi olarak ilk once bir gizli katmandan olusan iis katmanl
bir yapay sinir agi tasarlanmiStir. 5 adet giris ve 1 adet ¢ikis oldugundan dolay1
giris ve cikis katmanlarindaki ndéron sayisi sirasiyla be§ ve bir olarak ayarlanmiStir.
Gizli katmandaki ndron sayisi ise on bes olarak sec¢ilmistir. ~ Gizli katmanin
aktivasyon fonksiyonu sigmoid fonksiyon olarak belirlenirken, ¢ikis katmaninda lineer
fonksiyon tercih edilmistir. Ag yapisi olusturulduktan sonra, egitim kiimesindeki
verilerle dereceli azalan fonksiyon kullanilarak agin egitimi tamamlanmistir. Daha
sonra test kiimesindeki verilerin siniflar1 tahmin edilerek agin performans ol¢iitleri
hesaplanmugtir.

Kullanilan diger bir makine Ogrenmesi algoritmasit ise k-en yakin komsuluk
algoritmasidir. Bu non-parametrik algoritma, test kiimesindeki verilerin her birine
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en yakin k sayida egitim verisinin sonucuna bakilarak test verilerinin sonuglarinin
belirlenmesi mantigina dayanir. Bu calismada da test amagl kullanilan taglarin sinifi,
kendilerine en yakin 5 adet egitim amach kullanilan tasin sinifina gore belirlenmistir.
Uzaklik olgiitii olarak oklit bagintis1 kullanilmigtir. Test kiimesindeki tiim taglarin
simift tahmin edildikten sonra bu algoritma i¢in de performans oOlgiitleri ayrica
hesaplanmustir.

Makine Ogrenmesi algoritmalarinin bagarisini  hesaplamakta kullanilan baglica
performans Olciitleri dogruluk, duyarlilik, belirleyicilik, kesinlik ve F-ol¢iitiidiir. Bu
oOlciitleri belirlemek i¢in karigiklik matrisinden faydalanilir. Bu matrisin elemanlari
sirastyla gercek pozitif, sahte pozitif, sahte negatif ve gercek negatiftir.  Her
iki algoritmanin smiflandirma sonuglarina gore karigiklik matrisleri olusturulmusg
ve performans oOlgiitleri hesaplanmistir. Sonug¢ olarak yapay sinir agi1 algoritmasi
icin tiim performans Olciitlerinin %97’nin iizerinde oldugu goriilmiistiir. ~ Aym
performansoélgiitleri, k en yakin komsuluk algoritmasi icin %99’ un iizerindedir.
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1. INTRODUCTION

The interaction of electromagnetic fields and human body has been studied for a
long time in order to make use of electromagnetism technology in diagnosis and
therapeutic systems. The nature of electromagnetic fields, that is non-ionizing and
has an ability to penetrate matter, enables the use in medical field. The difference in
electromagnetic properties of different biological tissues in dependence of their health
conditions also makes it possible to use for diagnosis of diseases. Physiological effect
of electromagnetic fields at microwave frequencies on tissues provokes the use for
treatment of diseases. All these features of electromagnetic interaction give impetus to
use electromagnetism in development of new diagnostic and treatment methodologies
that do not hurt the patient, save time and minimize the risk of infection. It can also

cooperate with current systems to improve their quality and efficiency.

The use of electromagnetic technology in the diagnostic field can be for imaging
of interested region. In this frame, measured data is processed and converted into
dielectric and conductivity maps of the region. An example of such electromagnetic
diagnostic systems can be microwave tomography for early detection of breast cancer
[1]. In this system, tumor can be identified, and location and size of the tumor can
be got from contrast, dielectric and conductivity maps. Thanks to use of non-ionizing
radiation and higher sensitivity in younger women, this microwave tomography system

can be an alternative to mammography.

Measured data from the region of interest after applied electromagnetic waves at
microwave frequencies can be used for diagnosis without conversion to image. A
decision about the pathological status and type of tissues or biological materials can
be made with classification methods such as machine learning algorithms [2]. Similar
studies for certain diseases have been carried out at different research centers in order to
obtain diagnostic information based on the use of electromagnetic fields at microwave
frequencies. It is aimed in all these studies to provide more accurate, less painful and

early diagnosis of some diseases.



An example for therapeutic application is microwave hyperthermia [3]. In this
methodology, interested region is heated with microwave energy and apoptosis of
diseased cells is supported. The propagation of the electromagnetic signal and its
interaction with biological structures are vital for the efficient treatment. Furthermore,
it is important to determine the diseased region in order to avoid side effects on the
surrounding tissues. For these reasons, suitable planning for therapeutic treatments of

some diseases has been investigated.

In medical engineering, it is crucial to provide a biomedical system that is less
damaging to the patient, faster in giving results and easier to use. As a result of
these encouraging studies, scientists and engineers pursue the possibility of benefit
from electromagnetism technology in innovative diagnostic and therapeutic strategies
providing these conditions. They are also deeply interested in incorporating this
technology into current systems. As can be seen from the studies so far, highly
successful systems can be developed by using electromagnetic fields at microwave

frequencies.

1.1 Purpose of Thesis

Even though diagnosis with electromagnetic technology would be applied to many
diseases, it was seen that current studies mostly focused on cancer diagnosis. Using
microwaves for diagnosis of diseases other than cancer is drawing attention of the
researchers in these days. In this thesis, the possibility of diagnosis of urolithiasis (the
formation of kidney stone) with the help of electromagnetic properties is evaluated. A
machine learning aided classification tool for kidney stone, the third most common
disorder of urinary tract, is considered. For this purpose, firstly, the dielectric
properties of each kidney stone were measured at microwave frequencies. Using
generalized Newton-Raphson method, Cole-Cole parameters for kidney stones were

calculated from these measurement results.

After measurement part, classification of the stones was carried out with machine
learning algorithms which were Artificial Neural Network (ANN) and k-nearest
neighborhood (KNN). Calculated Cole-Cole parameters were used as inputs of these
algorithms. In this part, firstly, normalization was performed to prepare the input

values for the network. Then, the stone samples were categorized as training and test

2



samples with 10-fold cross validation. After the networks were trained with training
samples, output was obtained for each test sample. These output values gave the stone
type of the samples. In this thesis, the success of the algorithms for our kidney stone

samples shows that dielectric property can be used for determine the stone types.

In conclusion, classification of kidney stones with electromagnetic properties is
possible and machine learning algorithms can be used successfully in this aspect. The
study can be advanced to make it possible to tell the type of kidney stone when it is in
body. Thus, new treatment modality for urolithiasis can be developed and precautions

for avoiding repetition can be decided without extracting it.

1.2 Literature Review

Although the dielectric properties of biomedical tissues and biomaterials have been
widely reported in the past decades [4], there are only a few studies on dielectric
properties of kidney stones. These studies have been performed for various aims and
with various dielectric measurement methods. The method used in [5] is parallel
plate and in this technique, it is generally required kidney stones to be smashed into
fine powder and then, to be made into pellets. Dielectric constant, dielectric loss,
conductivity and resistivity values of growth struvite stones were measured at 30°C
- 80°C temperature range and 1 kHz - 1 MHz frequency range by using impedance
analyzer. It is aimed to develop new treatment modality determining the temperature

and frequency required for stone fragmentation.

Similar technique was utilized in another study, [6], to analyze electret behavior and
conductivity of natural kidney stones which were thought as imperative to stop the
stone growth. They were investigated only depending on temperature. Other similar
studies, [7] and [8], were carried out at close temperature and frequency range in
hopes of finding new treatments. In these studies, the stone samples were coated silver
and then, dielectric property parameters were measured with an impedance analyzer.
As distinct from the others, the study, [8], was also aimed to compare the dielectric

properties of powdered and solid kidney stones and their differences were reported.

In the study [9], dielectric properties of kidney stones at 1 Hz — 1 MHz frequency range

were also measured on the phantoms prepared to understand their growth mechanism.



Another identical study [10] is performed with same measurement method in close
frequency range in order to analyze the stiffness of urinary stones and to understand
their fragmentation mechanism during lithotripsy. Since it is known from previous
studies that calcium oxalate is the hardest stone having low fragility, its fragmentation

process was also investigated separately in [11].

While all of these studies were completed at relatively small frequencies and only
with parallel plate technique, there is another study, [12], performed with cavity
perturbation technique. It was also different than previous works in terms of
measurement frequency range which was 2 GHz — 3 GHz. The study aimed to show
the dielectric property differences between stone types thinking that it could help the
determination of the type. In terms of both measurement frequency and purpose of
study, this study is the most similar to ours among the studies on dielectric properties

of kidney stones.

In other respects, if the studies on analysis of kidney stones with artificial intelligence
systems are considered, it will be seen that they only took advantage of their images. In
[13], a special device was developed to lighten and take photos of stones. Then, these
photos were classified a machine learning algorithm, random forest classifier, and the
type of stone was determined. Another study aimed to diagnose kidney stone disease
with the help of ultrasound imaging [14]. In this study, it was provided an artificial
neural network to diagnose the disease by considering the differences between the

images of healthy kidney and kidney with stone.

As can be seen, studies in the literature usually purposed to determine the dielectric
properties of kidney stones and to use this information in determination of the stone
type. Moreover, only parallel plate and cavity perturbation techniques have been
employed to measure dielectric properties. On the other hand, works on classification
of kidney stones where the intelligent systems are used have only made use of the
images of the stones. When considering all of these properties that previous studies
had, it can easily be said that this is an innovative study that will contribute to the

literature.



2. KIDNEY STONE DISEASE

Urinary system is a body system which is responsible for removing urine, consisting
of wastes and extra fluid, from the body. The system mainly provides keeping the
pH level and body liquids in normal range. It also has an important role on pulling
out pharmaceutical products that can be toxic, and regulating blood pressure and
concentrations of electrolyte and water. In order to fulfill these functions, all parts
of urinary tract need to work in correct order. Urinary tract is composed of kidneys,
ureters, urinary bladder and urethra as illustrated in Figure 2.1 [15]. In humans, there
are two kidneys that filter the substances in the blood. Urethra, a pair of tube-like
structures, transports the urine from kidneys to urinary bladder. Urinary bladder is the
part collecting urine and serving as a reservoir. Urine is finally released from the body

by the mean of urethra.
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Figure 2.1 : Component of Urinary System in humans.

As it seen, the functions of urinary system are vital for human body and when there is
a problem about them, it makes the patient’s life difficult. Many people suffer from
urinary tract diseases during his life. These diseases like urinary tract infections,
kidney stones (urolithiasis), and prostate problems, reduce the quality of life. Some
of these urologic conditions last only a short time, while the others are long-lasting
[16]. The correct diagnosis and treatment of these diseases affect this recovery period.

Moreover, recurrence can also be prevented with correct diagnosis. For this reason,
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developing new diagnostic methods and improving the current ones are the aims
of many researchers. This study was started to develop a machine learning aided

diagnostic tool for kidney stone disease.

Urolithiasis, the formation of kidney stones, have been seen in around 10% of the world
population [17]. In Turkey, the prevalence of the disease is 11.2% in 2008 [18]. The
recurrence rate can reach 40% in 5 years in some European countries [19]. Moreover,
people whose first order relatives have had kidney stones are more likely to suffer from
this disease. The nature of the geographical region which they live in also affects the
incidence of the disease. All these factors taken into account, it can be said that the
development of new methods for diagnosis, treatment and prevention of the disease is

very important for world population.

Kidney stones are generally manufactured in kidneys, and can pass through all urinary
tract. Small calcifications (Randall’s Plaques) in the papilla of the kidney form the
stones as seen in Figure 2.2 [20]. These formations are too small to be treated. When

these calcifications grow and form the larger stones, they can be treated.

Randall’s
Plaques

A small
stone

Figure 2.2 : Randall’s Plaques and a stone arising from a Randall’s Plaque in this
view from a ureteroscope.

Urinary calcifications can be of different sizes, from a grain of sand to a few golf balls.
Whether it is smaller or larger, same symptoms have been shown, but their severity
may be different. The larger the stone, the more notable are the symptoms. More
marked symptom is severe pain on either side of the lower back. When the stone
causes irritation or blockage, extreme pain is felt. Additionally, continuous stomach

ache, nausea or vomiting are seen in the presence of a kidney stone. Fever and chills



in the body also appear. The form of the urine also changes; it smells bad and looks
cloudy. Blood in the urine can also present. When patients have one of these problems,

they consult to a physician and the disease is tried to diagnose.

2.1 Diagnosis of Kidney Stones

When a physician sees the patient with these complaints, he/she wants to know the
medical history. After examining physically, exact shape and size of the stone is needed
and obtained with imaging modalities. These modalities contain the use of X-rays such
as Non-contrast Computed Tomography (CT) scan, an X-Ray of the Kidneys, Ureters
and Bladder (KUB) and Intravenous Pyelogram (IVP); and the use of sound waves
such as ultrasonography (US). Magnetic resonance imaging (MRI) is also utilized in

this aspect [21].

CT is a cross-sectional imaging technique in which a series of X-ray projections of
bones and soft tissues inside the body are obtained at different angles and processed.
Thus, the images of the body part can be viewed in all anatomical planes. In CT scan,
contrast agent, which absorbs more X-rays and provides better imaging, can be used
for scanning of some parts of the body. For a patient with clinical suspicion of urinary
stones, non-contrast CT is firstly used since it is the most accurate and rapid method
for evaluating urinary calcifications. These characteristics of CT provide time savings

and reduce the cost of treatment.

Intravenous pyelogram (IVP) uses an intravenous contrast agent that moving into the
urinary tract and absorbs more X-rays. Difference between the absorption of X-rays
by the stone and its surroundings that contains contrast agent is used in the formation
of image and provides visualization of the stones. A disadvantage of this procedure
is that preparing contrast agent takes time and delays the care. Furthermore, there are
potential adverse effects of dye such as allergy. Since the non-contrast CT is adequate

for stone imaging and has less disadvantages, this is a rarely used technique.

X-Ray for the Kidneys, Ureters and Bladder (KUB) is a planar radiography of
abdominal area includes kidneys, ureters and bladder. In this method, radiation dose
is much lower than CT. Rather than utilizing in first examination, it is preferred in the

follow-up process of stone that do not need a surgical intervention. Since the modality



is used for only radiopaque stones (detected by X-ray), some stones cannot be imaged

with KUB. Moreover, airgap in the urinary tract also prevents the visualization.

Ultrasonography is imaging modality using the sound pressure waves produced by a
probe. The probe is also collects the reflected waves and by processing these reflected
signals, ultrasonographic image is obtained. Since non-ionizing radiation is used in
this modality, it is preferred for children and pregnant women. US imaging also gives
information about urine flow and the presence of obstruction caused by kidney stones.
The sensitivity and specificity of the system for kidney stone is not higher than CT

imaging. US cannot detect stones that is far away from the kidney or urinary bladder.

Magnetic resonance is simply a big magnet used for measurement of the water density
in tissues and producing an image. MRI does not use ionizing radiation and it is
especially used for pregnant patients when US imaging does not detect the stone. It
also provides information about general health condition of urinary system if the pain
is not caused by kidney stone. However, because of poor sensitivity for kidney stones

and the higher cost of scanning, it is not usually chosen.

In summary, after the evaluation of doctor based on the medical history and physical
examination, proper imaging technique is chosen. By taking all findings into
consideration, treatment method is also determined and applied. The treatment process
needed to apply depends on not only size and location of the stone, it also depends
on the type of the stone. For this reason, types of kidney stones are investigated in
the following section before possible treatment methods for urinary tract disease are

explained.

2.2 Types of Kidney Stones

The human body can form a variety of different stone types. Calcium oxalate, struvite,
cystine and uric acid are the most common stone types [21]. Other stone types are rare

and do not covered in this thesis.

Most common type of urinary stones is calcium containing ones. These stones mainly
consist of calcium oxalate. In some of patients, the calcium oxalate stone disease
is secondary seen with hyperparathyroidism, hereditary hyperoxaluria, renal tubular

acidosis, sarcoidosis, Cushing syndrome, steroid treatment, Vitamin D intoxication,



immobilization and medullary sponge kidney disease. On the other hand, the stone

disease is primary in majority of the patients.

Struvite stones also take place in the literature as infection or Magnesium Ammonium
Phosphate stones. The incidence of struvite stones is 10-15% of all kidney stones.
Since women are more prone to have urinary tract infections, the probability of these
stones to occur in women is twice that in men. The infection associated with struvite

stones is caused by urease-splitting bacteria.

Cystine in the urine is a genetic error of metabolism which causes the reabsorption of
four amino acids, cystine, ornithine, lysine and arginine from renal tubular. Among
these amino acids, only cystine contributes the stone formation due to its poor
solubility. 1-2% of all renal stones belongs to this class. However, since it is an inborn

disorder, 6-8% of stone cases seen in children.

Uric acid stones represent 5-10% of urinary calculi and they are more common in men
than women. 25% of patients with uric acid calculi also have gout which affects uric
acid metabolism in the body. The formation of the stones is also related with obesity

and diabetes. Moreover, the most common cause of the formation is low urine pH.

2.3 Treatment of Kidney Stones

When the presence of the urinary stones is reported, proper treatment should be applied
to the patient. The treatment is selected according to type, size and location of
the stone, in addition to medical history of the patient. The stone can be tackled
with using medicine, Extracorporeal Shockwave Therapy (ESWL), Percutaneous

Nephrolithotomy (PCNL), ureteroscopy and open surgery [21].

It is known that patient’s history and anatomical condition affect determination of
treatment method. For example, an older man with enlarged prostates can pass his
stone with the help of medication. In such cases, medication therapy is preferred
instead of invasive or minimally invasive treatments. A type of medicine that dilate the
ureter and ease the passage of the stone has recently been preferred since it eliminates

the need for surgical treatments.

Extracorporeal Shockwave Therapy (ESWL) is a non-invasive technique applied for

kidney stones. Shock waves, which are ultrasound waves produced outside the body,
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are transmitted to the kidney stones and these stones are broken into small pieces by
the waves focusing on them. Small pieces of stones are removed from the body with
urine in several days. In order to target the stones, ultrasound or fluoroscopy imaging
is utilized. It is a less time-consuming and do not cause any incisions. A disadvantage
of this technique is that it cannot be used for hard stones such as cystine and calcium
oxalate. This treatment method has still been investigated and some reports claim that

ESWL increases the risks for diabetes and hypertension.

Percutaneous Nephrolithotomy (PCNL) is a treatment method in which a tube is placed
on back of the patient and the stones are extracted with a telescope through this tube.
Before the stone is removed, it is broken into small fragments since extraction of these
fragments are easier. Thus, very large stones and multiple small stones can be removed
with PCNL easily. After this operation, it can be needed that the tube remains on the

back of the patient for several day and it can be uncomfortable.

Ureteroscopy is a treatment method in which an ureteroscope is advanced through the
urinary tract and reaches the kidneys. Through the scope, a powerful laser is applied
and the stone is shattered into smaller pieces that are extracted with micro-baskets
deployed through the scope. Since the procedure is minimally invasive, there is no

incisions and need for hospitalization. However, it is not useful for large stones.

Open surgery for kidney stone was commonly preferred procedure in the past. Since
other techniques have been developed, it started to be rarely chosen. If the stone is
larger than 2 cm and other techniques did not work, the urologist need to perform an
open surgery especially for the cases in which the stone blocks all the kidney. The stone
is removed from the incision in the renal pelvis. In some cases, the kidney is divided
longitudinally into two in order to extract the stone. In this procedure, the kidney
is completely purified from the stones. However, since it is an invasive procedure,
there are risks for infection, blood-loss and losing kidney functions. Moreover, it is
uncomfortable for patient because a scar is left after operation and hospital stay must

be required.

The kidney stone disease can treated with one of these methods according to size,
shape, location and type of it. It is important to choose the treatment method that is the

least risky and affects the daily life of the patient least. Since the recurrence risk is 80%
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over the patient’s lifetime, precautions should be taken to avoid after the disease has
been treated. Prevention methods which are also differentiate with type of the stone

are explained in the following section.

2.4 Prevention of Kidney Stones

It is crucial to determine the reasons for stone formation in order to take necessary
precautions to avoid kidney stone formation. Especially for the people who have a
case history about kidney stones, these measures can be life-saving. 24-hour urine test,

blood test and stone analysis are the diagnostic methods applied in this respect [21].

A 24-hour urine test is performed for identifying the possible causes of the stone
formation. The presence of blood, bacteria and leukocytes and in the urine is checked.
Since a single specimen is inadequate for checking these parameters, urine collecting
in 24-hour. The result of the analysis give necessary information to the urologist
whether the cause of the stone is metabolic factors, diet or any other conditions. For
instance, this test gives an idea about how the body use the fluid and whether the body
is dehydrated. In this regard, this is important since dehydration increases the risk for

stone formation.

A blood test, in which the levels of calcium, sodium, potassium, creatinine, uric acid
and nitrogen are investigated, is also applied to decide appropriate precautions to
keep away from reoccurrence of kidney stone. These tests inform physicians about
metabolic condition of the kidneys and help them to correct the abnormalities. When
this information is combined with the stone type, necessary protections can be advised

to the patients.

Classifying the stone in order to choose the correct treatment and prevention method
is most significant part of kidney stone story. The stones leave from the body by itself
or by a physician. If the stone is small and do not show any symptoms, it can pass
with urine after a conservative care. If shock wave lithotripsy is need to remove the
stone, the stone fragments also pass with the urine. In such cases, the urine should be
collected in a cup in order to carry out the stone analysis. The extracted stone is sent
to pathology for evaluation and determination of the type of it. Knowing the type of

the stone, future stone formation can be prevented with correct procedures.
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Applying all these tests, metabolic factors that cause the stone formation can
understand with stone analysis. If all the findings tell us the stone is calcium oxalate,
a specific dietary is advised to the patient. Moreover, medical treatment is applied
for metabolic abnormality if there is. Provided that the stone is struvite, it means
there is infection in the urinary tract. In this case, antibiotic suppression is applied
after stone extraction. Antimicrobial therapy and urinary acidification help to inhibit
stone recurrence. For the patients who have struvite stone stories, increasing fluid
intake and close follow-up have been suggested. The precautions to prevent uric acid
stone formation are increasing the urinary pH and the urine volume. Medical therapy
and dietary can also be needed. Since the cystine stones are caused by the presence
of cystine in the urine, medical therapy is based on decreasing its concentration,

increasing its solubility and decreasing its excretion.

In conclusion, urinary stone analysis is required together with blood and urine tests
in order to take necessary measures. For this reason, scientists have been trying to
improve current urinary stone analysis methods and to develop new ones. Current

stone analysis tools and their properties are handled in the Section 2.5.

2.5 Current Methods for Determination of Stone Types

Determination of kidney stone types is needed to choose the appropriate treatment
and prevention ways. For this purpose, several methods that utilize different
characteristics of the stones have been developed and used. Chemical Analysis,
Thermogravimetry, Optic Polarizing Microscopy, Scanning Electron Microscopy
(SEM), Infrared Radiation (IR) Spectroscopy and X-Ray Powder Diffraction (XRD)

are the currently available methods for stone analysis [22].

Chemical Analysis is one of widely used techniques for stone analysis. Commercial
kits for performing chemical analysis of kidney stones have been developed and used in
the laboratories. Individual ions and radicals in the stone can be identified with these
kits. Uric acid, ammonium urate, cystine, calcium carbonate, calcium oxalate and
calcium phosphate are the ions which are checked. The type of stone is determined
from this ionic content. While this method is cost-effective, it takes a long time and it

cannot distinguish compounds.
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In thermogravimetry analysis, temperature of the stone is increased and weight change
is recorded. Each stone has different transformation temperatures since its content
is also different. Thus, the amount of change in weight will also be differ. In
thermogravimetry analysis, this difference gives us the content, hence the type of stone.
Unfortunately, this method is not very sensitive, and the stone is not recovered since it

undergoes transformation.

Analysis with optic polarizing microscopy based on the interaction of polarized light
with the stones. The stones are broken down and refractive index liquid is dropped
onto fragments. Then, it is investigated under the polarizing microscope and some
features like color, refraction of light and double refraction of light are determined.
These parameters identify the type of stone, but discrimination of the components of

the stones might be difficult.

In analysis with Scanning Electron Microscopy (SEM), the beam of high energy
electrons is sent to the surface of the stone and an image is obtained from different
signals derived from interaction between sample and electrons. Once images of
each stone texture are distinct, the stone type can be detected. Disadvantage of this

technique is the cost of it.

Infrared Radiation (IR) is used in order to vibrate the atoms of stone sample. Since
the energy absorbed by each atom varies, the absorbance energy spectrum of each
stone is also different, hence the stone is identified. The problem in this method is
that the absorbance range of some components may overlap and so, the stone type
cannot be distinguished. Similar analysis is carried out with X-Ray Powder Diffraction
(XRD). In this method, monochromatic X-rays transmitted to the stone sample and the
unique diffraction patterns are used to categorize the stones. This technique is the most

common, but expensive one.

All methods explained in this section are currently performed for classify the stones.
However, some problems about cost, usability, efficiency and sensitivity have been
experienced. In addition to them, stones is damaged in most of techniques and this
does not allow future analysis when necessary. Due to these reasons, new modalities

have been searched in order to categorize the urinary calcifications.
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3. ELECTROMAGNETIC PROPERTIES OF BIOLOGICAL TISSUES

The interaction of electromagnetic fields with biological materials at microwave or
radio frequencies have been investigated with an increasing interest. It is crucial to
know electromagnetic features of materials in order to understand how electromagnetic
energy is coupled into biological systems and thus, diagnosis and treatment modalities
benefiting from the interactions between biological materials and electromagnetic field
can be developed. These interactions are currently used for some purpose such as tissue

imaging [23] and tissue classification [2].

Electromagnetic properties, which affect the propagation of electromagnetic waves
through tissues or biological materials, can be classified as magnetic and electrical
properties. While permeability is a magnetic property of the material, permittivity and
conductivity are the electrical ones. Permeability is the ability of the material to form
magnetization within itself when magnetic field is applied whereas permittivity is the
measure of resistance in responce to applied electric field. Another electrical property
is conductivity which characterize how the electric current moves into a material. In
this work, permittivity (dielectric property) of kidney stones is used for classification

and therefore, only this property is discussed in detail.

3.1 Dielectric Property of Biological Substances

The interaction between electromagnetic fields and materials are described by

Maxwell’s equations (Equations 3.1-3.4) [24]:

0B
VxE = —= (3.1)
. dD
VxH = j+ N (3.2)
V.D=p, (3.3)
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V.B=0 (3.4)

where E is electric field strengths, H is magnetic field, D is dielectric displacement
(electric flux density), B is magnetic induction, j is the current density and p, is the
density of charges. When a material undergoes a time dependent process, there is
a difference between time dependencies of electric field and dielectric displacement
because of the molecular content of the material. As a result of this manner, it can be

said that electric field, E, and dielectric displacement, D, depend on time or frequency.

Considering small electric fields, some deductions are made from the equations 3.1-3.4

and dielectric displacement, D, can be expressed as

D=¢E 3.5

where € is absolute permittivity of the material formulated as

e=¢g"¢g (3.6)

where €* is relative permittivity and &y is permittivity of free space which equals to

8.85x10~12,

Relative permittivity of a material, €*, or dielectric constant are the permittivity of
material relative to free space. It is the measure of the ability to carry the electric field
and to polarize in response to an electric source. In other words, it means how easiliy
the material becomes polarized by applied electric field. The relative permittivity of

the material is a complex quantity and expressed as

!

£ (w) =€ (w) — je (w) 3.7)

where the real part, 8/, is the measure of how much energy is stored from electric
field and the imaginary part, €', is the loss factor which means how much energy is
lost because of dissipative forces when an external electric field is applied. All the

parameters are the function of angular frequency, w.

Another deduction that can be made from equations 3.1-3.4 is for current density, j,
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j=o0E (3.8)

where o is electrical conductivity, and E is electric field.

Electrical conductivity, o, is a measure of how the electric current moves into a
material. It is the ability to transmit electricity. It also depends on the atomic
and molecular structures of the material [24]. According to the equations 3.2 and
3.5, current density is equal to time derivative of dielectric displacement and the

conductivity can also be expressed in terms of dielectric loss

!

c = iwe (3.9)

where w is angular frequency.

3.2 Dielectric Relaxation Theory

The polarization of a material to which an electromagnetic field is applied occurs with
limited rates. When the frequency of applied electric field increases, the molecules
cannot no longer rotate fast enough and become relaxation. This process is related
with reduction of permittivity and referred as relaxation process. The expression for

the dielectric constant in relaxation process was derived by Debye as

& — Eo
=g+ ——2=
1+iwt

(3.10)
where €. and & are dielectric constants measured at higher and lower frequencies,
respectively, w is angular frequency and 7 is relaxation time. From this equation, real

and imaginary parts of dielectric constant can be written as follows [25]:

!/ SS _goo

£ :£°°+—1+W21_2 (3.11)
" (Ss—goo)WT

R pav G12)

If it is aimed to eliminate the term, w7, from equations 3.11 and 3.12, a circle equation

ing-¢ plane is obtained as follows:
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Since €' cannot be negative, only the semicircle of equation 3.13 over which g is

positive is considered and plotted as shown in Figure 3.1.

1]
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Figure 3.1 : Diagram of € -¢ relation for Debye relaxation

In Debye equation, it is assumed that all dipoles have same relaxation time, 7, for
simplicity. However, it is not sufficient to describe relaxation process of dielectric
materials since there is a distribution of relaxation times. For this reason, Cole and
Cole took the distribution of relaxation times into account and expressed the €-¢"

relation as follows:

& — €

(1+iwt)(1-) 3.14)

where « represents the distribution of relaxation time. The plot of this equation in
g plane is also semicircular, but the centre of the semicircle would be below £'=0

axis at an angle, %F.

In the literature, dielectric properties of biological tissues and related samples are

widely described with a Cole-Cole model that also contains a conductivity term [4]:

E — Ex 4 O;
(1+iwt)(1-2)  jwey

£ (W) = £+ (3.15)

where 0; is 1onic conductivity of the sample.
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3.3 Dielectric Property Measurement Techniques

As dielectric property can be a distinguishing property, its determination for biological
materials have great importance for diagnosis of diseases as well as providing
knowledge about the interaction between material and electromagnetic waves that
can be used for therapeutic purposes. In order to measure dielectric parameters at
microwave frequencies, many techniques have been developed based on the structure
of measured material and the frequency range to be measured. These techniques are
mainly resonant cavity perturbation, parallel plate, free space, transmission line and

coaxial probe [26].

Resonant cavity perturbation technique utilizes from resonant cavities in which
electromagnetic waves are oscillated and the waves would be stronger at resonance
frequencies. of the cavity. When a material is placed into the cavity, the resonance
frequency and quality factor, Q, is affected. From the change in these parameters,
complex permittivity and permeability are determined at a single frequency. The
system consists of a cavity and a network analyzer. The main disadvantage of the

system is that the measurement is only carried out at a single frequency.

Secondly, the permittivity value can be determined by using parallel plate. Since the
capacitance value is directly proportional with permittivity, a thin sheet of material
placed between metal electrodes and the capacitance value is measured. Then,
permittivity value of the material can be calculated. Measurement system is composed
of a LCR meter, metal electrodes and an electrode fixture. This method is best for thin

specimens and measurements at small frequencies.

The third is free space in which at least two antennas are used. One of the antennas
sends the microwave or radio-frequency waves and the other receives the reflected
waves. Antenna configuration can be straight or circular. In this method, S-parameters
are measured and permittivity parameters are calculated from them. This conversion
carried out with a software that can be set up into a network analyzer or an external

computer.

The other method is transmission line in which the material is placed. The shape of
line can be a section of rectangular waveguide or coaxial airline. The line is connected

to the network analyzer and microwaves of radio-frequency waves are transmitted to
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the material. Then, S-parameters are measured and thus, the dielectric property values

can be calculated. The measurement can be done at frequencies in a broad range.

The last one is coaxial probe that is an open ended section of transmission line. The
measurement done by immersing the probe into liquid specimen or direct contacting
with solid material. In this method, the wave is transmitted and reflected wave is

measured via the probe. This system is covered in detail in the following section.

3.3.1 Dielectric Property Measurement System via Open-ended Coaxial Probe

Open-ended coaxial probe has been widely preferred to measure dielectric properties
of biomaterials since it is a non-destructive method. The system is rough and
measurements can be performed at any physical conditions like broad range of
temperatures. Measurement with this technique requires the material to be in contact
with probe and no-air gaps between them. For this reason, contacting face of the solid
materials must be flat. Getting contact with the material, electromagnetic field at the
probe is sent to the material and the reflected signal which is related to the permittivity
of the material is measured. Measurements can be carried out at a wide range of
frequency. The measurement system is composed of a network analyzer, a probe, a

probe stands, a software and an external computer as seen in Figure 3.2.

A vector network analyzer is frequently used device in microwave measurements like
dielectric measurements. It consists of a signal source, a receiver and a display. The
source produce and send the signal at a single frequency and the receiver measures the
signal reflected from the material. The magnitude and phase of scattering parameters
(S-parameters) at that frequency are calculated. Then, the frequency is tuned to the
next values and measurements are repeated for each value. The results are displayed
as a function of frequency. The network analyzer launches the signal to the material
by means of open-ended coaxial probe. This probe is a waveguide composed of two

coaxial cylindrical conductors as shown in Figure 3.3.

The permittivity value of the material can be calculated with the help of this geometry
and measured S-parameters by the software. The software calculates the permittivity
and the permeability values and displays the results in a convenient way via the external
computer. How the software carries out these calculations are explained with the

following equations.
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Figure 3.2 : Components of open-ended coaxial probe measurement set-up

Firstly, the normalized input admittance of the probe is needed to be written:

Y ik? b b =ik
o= T /a /a /0 — cos¢'d¢'dp'dp (3.16)
¢y

where

r= \/p2+p’2—2pp’cos(¢) G.17)

a and b are radius of inner and outer conductors, respectively, and k. and k are
wavenumbers inside the coaxial line and material, respectively. k. and k are expressed

as follows

ke = wa/E:EUo (3.18)
k=wy/€*gUo (3.19)

where U is permeability of free space, €. is the permittivity of the dielectric material

inside the probe and €* is the complex permittivity of unknown material.
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Figure 3.3 : Cross section of an open ended coaxial probe
When it is assumed that the coaxial opening of the probe is electrically very
small, Equation 3.16 can be approximated by first few term of series expansion for

exponential term and written as follows [27]:

Y ik? b rb (7 cosp’ , K , & Mgl gt
%_m/a /a /0 [ ;. —ikcos ¢ —TCOS(]) —I-ZTCOS(P]d(]) dp'dp
(3.20)

By using the relation between input admittance, Y, and characteristic admittance, Yy,

input admittance of the probe can be expressed as follows:

2
Yo:% (3.21)
NG
and
2we* KL, Krwe* b*—a*,
Y =i L) 3.22
mep T2 T ey 622
where
b rb rm /
L= / / / SO 1o dp'dp (3.23)
a Ja JO r
and
b rb rm
I = / / / cos ¢'rd¢'dp’dp (3.24)
a Ja JO
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The second term of equation 3.22 goes zero on the integration over ¢’ and equation

3.22 becomes

2we* K21
Y =i [ -2
[In(3)]? 2

As seen in 3.23 and 3.24, I; and /5 are independent from the material and only depend

] (3.25)

on the physical dimensions of the probe.

Secondly, it is known that the admittance, Y, can also be calculated with the following

formula:

Y 14T
- =— 3.26
Yo 1-T (3.26)
where I is the reflection coefficient of the probe calculated with the equation
-S
il (3.27)

PS4 S12521 — S1152
in which the S-parameters are measured with a network analyzer.

As aresult, /] and I3 are calculated numerically and the the admittance of the probe are
also calculated from the measured S-parameters. By placing them into equation 3.25,

the permittivity value, €*, can be calculated.

In conclusion, electrical and magnetic properties of biological substances are needed
to be known in order to determine whether electromagnetic waves can be used into
these substances for diagnostic or therapeutic purposes. These properties can be
determined many different methods and measurement with open-ended coaxial probe
is the newest and prevalent one. With the use of a network analyzer and a specific
software, permittivity and permeability values of materials can be determined and used

for further purposes.
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4. MACHINE LEARNING ALGORITHMS FOR CLASSIFICATION

Many problems have been solved on a computer by using algorithms which contain
the instructions that must be followed to transform the inputs to outputs. For some
tasks like finding mean of inputs as output, necessary algorithm can be devised, but
the exact relation between inputs and outputs is unknown for some applications, so the
algorithm cannot be created easily. In such problems, patterns or regulations between
them can be detected to make predictions about outputs. This process is provided by

machine learning.

Machine learning is a part of artificial intelligence and it has the ability to learn
[28]. It learns from example data or past experience and programs computers to
optimize performance measure. Simply, machine learning teaches computers to make
decisions. For this purpose, a mathematical model with some parameters are designed
by using the theory of statistics and these parameters are optimized by using training
data or experience. This model can be predictive or descriptive. It helps finding
solutions for many problems such as data mining, natural language processing, image
recognition, and expert systems. Machine learning models are classified in two
categories according to the learning system. In supervised learning, training data
containing the inputs and their corresponding outputs is used. The aim of computer
is to detect the relation between input and output in training dataset, and determine the
outputs of test inputs. Another category is unsupervised learning in which only inputs
are present. In this learning model, the hidden pattern between inputs are revealed. It

usually used for clustering or foreseeing how the process will continue.

Machine learning tasks can also be categorized depending on desired outputs. First of
all, it is applicable for classification of inputs. An unknown input can be assigned to
a class using the model designed by means of data with known results. Spam filtering
is the best known example of classification. Support vector machines, decision trees,
artificial neural networks and k-nearest neighborhood are the best known models for

classification. Machine learning models are also suitable for clustering. The inputs can
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be clustered in accordance with their similarities by means of models such as k-means
and self-organizing map. The other purpose of using machine learning is regression.
It is used for prediction and outputs are continuous rather than discrete. An example
for this is the estimating the number of vehicles that is sold in this year by looking the

vehicle sales over the past few years and GDP for each year.

The features of the machine learning model to be used vary depending on the
application. The input types, the presence of outputs, and the desired outputs determine
which model will be more efficient to use. In this study, the purpose is classification
of kidney stones. Inputs of the system are Cole-Cole parameters of the stones and the
outputs are the types of them. Since the types of the stones are known, supervised
learning model can easily be used. Considering these characteristics of the problem,
it is understood that artificial neural network and k-nearest neighborhood (KNN) are

suitable for this problem.

4.1 Artificial Neural Network

A neural network can be defined as a model of reasoning based on the human brain.
The neural network consists of simple processors called as neurons which are similar
to the biological neurons in the brain. The human brain consists of nearly 10 billion
neurons and these neurons are connected to each other with synapses. A biological
neuron consists of a cell body named as soma, a number of fibers named as dendrites,
and a single long fiber named as axon. An artificial neuron also has similar structure

shown in Figure 4.1 [29].

X1
Xz
f » Output
Linear Activation
Combiner Function
Xn

Figure 4.1 : Diagram of a single neuron

In Figure 4.1., inputs to the neuron represented by X, and connection weights

represented by W,. The input signals of a neuron can be the features of the system
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or the signals came from another neuron. Each of these inputs is multiplied by
corresponding weight and reaches the linear combiner which can be summation,
minimum or maximum functions. In many cases, the linear combiner computes the

weighted sum of inputs with following formula.

Sum =Y X;W; 4.1)
i=1

where 1 is the index starting from 1 to total number of inputs,n.

The output of linear combiner is passed from an activation function. This process
corresponds to the work done by biological neurons. As the potential of input signals
received by dendrites needs to be higher than the threshold potential to create an action,
the result of the activation function determines the output of the process. The activation
function can be various functions such as sign function, step function, sigmoid function
or linear function based on the network design. Finally, the result of the activation
function gives the output of the processing element. This output may be the output
of the network or input of the other neurons. The output can split into a number of

branches that transmits the same signal.

All artificial neural networks are constructed from these neurons, but they have
different architectures based on the application. Simply, an artificial neural network
is composed of one input layer, at least one hidden layer and one output layer as shown

in Figure 4.2.

Figure 4.2 : Architecture of an artificial neural network
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There is not any rule to determine the number of layers and the number of neurons
in each layer of the neural network. In each layer, there may be different number
of neurons which are connected by weights passing signals from one to another.
Every neuron in input layer sends its output to each neuron in first hidden layer after
performing its function. Similarly, the neurons in the hidden layer pass their outputs to
all the neurons in next layer that can be another hidden layer or output layer. Finally,
the neurons in output layer complete their process and get into competition with each
other. This means a neuron inhibits the other neurons in the same layer to give output
of the network. For example, in classification of iris flower, if the probability of being
iris setosa is 0.87 and the probability of being iris virginica is 0.67, the network wants
to prefer the highest probability and inhibit all the others. Apart from competition,
there is another type of connection which is feedback. The output of one neuron routes
back to the neurons in previous layer with feedback connection. This is an important

part of training of the network which is covered in following section.

4.1.1 Training of Artificial Neural Network

The neural network can be trained with unsupervised or supervised procedures. In
the unsupervised learning, the system groups the input data without knowing desired
outputs and learns adaptively. On the contrary, both the inputs and the outputs are
provided to the system in supervised learning. Since the supervised learning is used in

this study, the procedure is discussed in detail.
After the network topology is determined, the input and output data is divided into two
group as training and test. Then, the below steps are followed [28], [29]:

=24 24

1. The connection weights are chosen randomly from a small range of (==, %

where F; is the total number of inputs of neuron i. If the weights are chosen
large, the weighted sum also becomes large and the output of the transfer function
becomes small. Since this output is used in weight training, the weight correction
also becomes small. As a result, the training period lasts longer. To avoid this

problem, the weights are initialized from small values on a neuron-by-neuron basis.

2. The inputs and outputs in the training dataset are given to the network and the

neurons in input, hidden and output layers complete their processes.
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e The outputs of the neurons in the hidden layer are calculated with the

following formula:

Activation [ &
Yi= Function (;Xiwij> *2)

where n is the number of inputs of neuron j in hidden layer.

e The outputs of the neurons in the output layer are calculated with the following

formula:

Activation [ &
Yi = Function <§i Yjok) *3)

where m is the number of inputs of neuron k in output layer.

3. After having first outputs of the network, the weights are updated with with gradient
descent backpropagation. In this step, the errors associated with the desired outputs,

which are the outputs in the training dataset, are used.

e The outputs of the neurons in the hidden layer are calculated with the

following formula:

(ij>new = Wik + AVij 4.4)

where weight correction, AW}y, is calculated with

Aij = T[Yj5k 4.5)

where 7 is learning rate and 9y is error gradient with the formula

& = Yi[1 —Yilex (4.6)

where ¢y, is the error,

ekZYd—Yk (47)

e The weights at neurons in the hidden layer are updated with the following
formulas:
(Wij)new = Wij + AW, (4.8)
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where weight correction, AW, is calculated with

AW;; = T]Xi(Sj 4.9)

where 7 is learning rate from the range (0, 1) and §; is error gradient with the

formula

!
8 =Yi[1-Y]| Y &Wjy (4.10)
k=1
where 1 is number of outputs of neuron k in output layer.

4. Since this is an iterative process, it is repeated from step 2 until the selected error

criterion is satisfied.

After the training is completed with the data in training dataset, the inputs in test dataset
is given to the network and their outputs can be obtained. Both inputs and outputs are
needed to be numerical, suitable transformation can be necessary in some applications.
Moreover, the number of neurons in the layers, the number of hidden layer and the
learning rate is adjusted with trial and error. Despite this makes the design of network
difficult, the network can learn to be adapted to the changes in the problem by this
means. Considering all the advantages and disadvantages, artificial neural networks

are widely used in many classification, clustering and recognition problems.

4.2 K-Nearest Neighbourhod

k-nearest neighborhood is a non-parametric method in which the same model is
valid for all inputs. There is an important advantage of this method, having a small
number of parameters needed to estimate to develop the model [28]. For example,
only the k parameter, the number of neighbors taken into account, is determined for
classification with KNN. Moreover, in this kind of model, it is assumed that similar
outputs correspond similar inputs. For this reason, when the algorithm encounters an

unknown data, it starts to investigate similar instances from testing set.

KNN algorithm uses the distance between the data to determine their similarities. As a
distance measure, Euclidean relation, Manhattan relation or Minkowski relation can be

used. In training phase, it places the data in training set into an appropriate coordinate
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system according to the data dimension. When the algorithm needs to find the class of
an unknown input, it is also placed into the coordinate system and then, the classes of
k neighbors, which are closest to it, are controlled. As a result, class of the unknown

input is estimated from majority classes of neighbors.

Taking its similarity and usability into account, it can be said that KNN give highly
competitive results. It can be easily applied for both classification and regression
problems. Its applications range from political estimations to gene expression analysis.
Working well in all kind of problems makes it highly preferred machine learning

algorithm.
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5. MATERIALS AND METHODS

Cole-Cole parameters of kidney stones are given an artificial neural network as inputs
in order to classify them. To that end, electrical property measurements of the stones
are performed with open-ended coaxial probe and Cole-Cole parameters are extracted
from them by using generalized Newton-Raphson method. Then, these parameters are
used in training and test phases of the network. Moreover, the stones are needed to be
labeled since these labels are also essential in training. The properties of kidney stones
and experimental setup used in this study, and applied measurement and classification

procedures are detailed in the following sections.

5.1 Kidney Stone Samples

A total of 105 stones, the types of which are calcium oxalate, cystine and struvite, are
measured in this study. There are 35 stones from each type ranging in radius from 0.25
to 1 cm. Some of them are showed in Figure 5.1. The removal of stones was done with
one of various extraction methods which are ESWL, PCNL, ureteroscopy and open

surgery.

Figure 5.1 : Some of kidney stone samples.

Before the measurement utilizing from open-ended coaxial probe, the stones are

needed to prepare. Since the probe is necessary to be a direct contact without leaving
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any air gap in order to measure the electrical properties of the stones more accurately,

they were sanded to make their faces much smoother.

5.2 Experimental Setup

The dielectric property measurement system used in this experimental study is
composed of Agilent N5242A PNA-X Microwave Network Analyzer, Agilent N1501A
Dielectric Slim Form Probe, Agilent 85070E software and an external computer.
Agilent N5242A PNA-X Microwave Network Analyzer is used to evaluate the
magnitude and phase of scattering waves instead of directly measurement of electric
field. The device has two ports with one source: the ports send the signal generated
by the source and receive the reflected signals. The ports and corresponded scattering

parameters are represented in Figure 5.2.

Forward
Measurement
»a—— | -
""\ Reverse
o - Measurement
by —— ——————b>
Port 1 Port 2

Figure 5.2 : Representation of the ports and scattering parameters in a 2-port VNA

As shown in Figure 5.1., 2-port VNA can measure four scattering parameters which

are:

S11 parameter corresponds to forward reflection. Signal is sent from port 1 and

reflected back to port 1.

e > parameter corresponds to forward transmission. Signal is sent from port 1 and

transmitted to port 2.

e S|» parameter corresponds to reverse transmission. Signal is sent from port 2 and

transmitted to port 1.

e Sy, parameter corresponds to reverse reflection. Signal is sent from port 2 and

reflected back to port 2.
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Although the device can produce and send signals at any frequency in the range of 10
MHz to 26.5 GHz, measurements are performed over the frequency range of 500 MHz

— 6 GHz with 100 MHz intervals.

In order to carry the signals to the sample, Agilent N1501A Dielectric Slim Form
Probe, which is an open-ended coaxial probe, is utilized. The probe has a slim design
that enables to be used with smaller sample size. Its outer diameter is 2.2 mm and
required to be used in samples that is at least two times bigger than its outer diameter
[30]. Since it is used for the measurements in the frequency range 500 Mhz to 50 Ghz,

it is quite suitable for use in this study.

The measured S parameters are needed to be converted into the permittivity of the
sample. For this purpose, Agilent 85070E software is used on an external computer
that takes scattering parameters from the vector analyzer. The algorithm that used in
the software are summarized in Chapter 3. The software is also required a calibration
process with air, a conductive textile and deionized water. Before the measurement,

calibration must be performed carefully to obtain more accurate results.

5.3 Measurement Procedure

Before starting the measurement process, the slim form dielectric probe was sterilized
with ethylene oxide and then calibration was carried out carefully according to the
software instruction. In calibration, first the probe was left in the open air and dielectric
property of the air was measured. Then, the measurement of short, a conductive
material given in the software kit, was performed. Finally, the probe was inserted
into a beaker of deionized water of which temperature was known. After making sure
that there was no bubble in the tip of the probe, the dielectric property of the water was
measured. This is a critical step because even a tiny bubble on the end of the probe can

cause wrong calibration, and so wrong measurements.

After performing calibration, relative permittivity and conductivity measurements of
water and pure methanol were performed at 23 °C and results were given in the Table
5.1. According to the table, it can be said that there was a good match between
these measurement results and the literature data [2], [31], [32]. Thus, the probe

performance was verified and the probe was ready for measurements of kidney stones.
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Table 5.1 : Relative permittivity and conductivity measurements of water and pure

methanol.
Frequency (GHz) Il)eionized Water / Methanol
€ o(Sm) € o(Sm)
1 79.78 0.22 30.12 0.50
2 78.85 0.95 23.63 1.53
3 77.63 2.11 18.11 243
4 76.01 3.67 14.10 3.11
5 73.97 5.57 11.49 3.59
6 71.68 7.73 9.91 3.98

As previously explained, it is necessary to sand the surfaces of the kidney stones to
flatten them, so that there is no air gap between the stone and the probe during the
measurement. After being sure that the probe was in direct contact with the stone as

shown in Figure 5.3, the measurement was done and the result was saved.

(]

Figure 5.3 : Measurement of a cystine stone with open ended coaxial probe

Totally five measurements were performed for each type of the stone, and their medians
were saved as € and € of the stone. Hence, the measurement part of the study was

completed and data processing could be started.
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5.4 Data Processing and Classification

After taking € and € values of all kidney stones between 500 MHz — 6 GHz frequency
range, these values were needed to be fitted to Cole-Cole model. In order to do this,

¢, € and their measured frequency value were placed into Cole-Cole equation.

SS _goo + G
(1+iwt)(1-2)  iweg

gw)=¢€"(w) =€x+ (5.1)

Since measurements were taken at fifty-six frequency points, fifty-six equations were
obtained. These equation set was solved for Cole-Cole parameters, which are €., &,
T, o, and ¢ making use of the generalized Newton-Raphson (GNR) method. Because
GNR is an iterative method making use of the partial derivatives of the equation to
solve it, first values of &, &, 7, &, and ¢ were assigned at the begining. Then, firstly
the partial derivatives of the equation with respect to €, &, T, &, and ¢ and a scale

matrix, ¢ was calculated for each parameter as follows:

— 1 -—
dg(w)
~ _ max( )
Ce. (W) J€co
1
ce,(w) max(“5)
1
c=|ce(w) | = max(a%(:’)) (5.2)
ca(w) 1
max(ag(o‘:))
_CG(W) | :
| max(%42)) |

After then, a matrix N composed of scaled partial derivatives was written:

dg(wr) ) ex( 38("’1))

0
Cax,(—agw ) C&( e, o1 —g(WI))

ca( da

de(w de(w 0
N=|ce(B522)  co (2)) o (B02)) o(%2)) (22 | (5.3)

gm(ag(wss)) CSs(ag(Wss)) Cr(ag(wsd) Ca(ag(wsﬁ)) Cc(ag(W56))

0o o0& a7 Jo Jo /J

In the following step, the difference between real value and calculated value of the

complex permittivity was calculated:

37



8*(W1) g<wl78s07£°°07707a0760)-
R=| & (m) | - | gw,&’ el 1 a’ 0% (5.4)
_8* (W56)_ _g(W567 8507 80007 TO, a07 GO)_

By using these matrices, error gradient vector was calculated with the formula,

5, =[5

8(€)

)

2 (&)

)

g(7)

Sg(a)Sg(G)] = [ﬁ[—l-N*N]ilN*R (5.5

where I is 5x5 identity matrix and 3= ﬁ (max | eig(N,N) ).

Then, new values of €., &, T, &, and ¢ could be calculated utilizing error gradient

vector as follows:

€' = e 8p(1) + €0 (5.6)
&' =ce,6,(2) +&° (5.7)

th = ¢r8,(3) +7° (5.8)
o' = ce8,(4) +a° (5.9)
6! =c58,(5)+c° (5.10)

These calculated values of the parameters were placed into the Cole-Cole equation and
fitted dielectric properties, € and €', were obtained. Finally, error of the process was
calculated by utilizing Euclidean distance between fitted and measured data given in

the formula:

/

1 N e —é, 2 8// —é” 2
error = —Z W) (5.11)
N = | \ median(e,,) median(g,, )
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where 8;%, and EV,‘,’i are the measured dielectric properties, f—:;vl, and é‘v,;i are fitted dielectric
properties and N is the number of points used within the frequency range of 0.5 GHz—6
GHz [2].

This process was pursued iteratively until finding the error below 0.02. After the
stopping criteria was provided, Cole-Cole parameters for each stone were obtained

and then, used for classification.

To classify kidney stones, machine learning algorithms, artificial neural network and
k-nearest neighborhood, were developed and calculated Cole-Cole parameters were
given as inputs to these algorithms. While &, &, 7, ¢, and o values for each stone
formed five input vectors, the corresponding output vector was composed of their
types. Since the outputs must be numerical, an output vector, in which 1, 2 and 3 were
used for representing calcium oxalate, cystine and struvite, respectively, was created.
Then, each vector was normalized in the range of (-1, 1) because normalization allows

convergence to occur faster during training and the transfer function to work better.

After normalization, it was required to separate the dataset into two groups as training
and test sets. This was performed utilizing k-fold cross validation, a well-known cross
validation technique. In this step, k was selected as five and the data was split into
five folds. The data in four folds was used for training the algorithms and then the
algorithm was tested with the data in remaining folds. This process was repeated until

each of the folds was used as testing fold.

Then, firstly, artificial neural network algorithm was developed in Matlab by
determining the network structure. Since there are five inputs, input layer neuron
number selected as five. As mentioned before, the number of hidden layers and the
number of neurons in hidden layer were decided by trial and error. For this study, it
was sufficient to contain one hidden layer with fifteen neurons. The activation function

of this layer was preferred as tangent sigmoid function:

1

Y=——— A2
l14+eS (>.12)

where S is input of the hidden layer neuron and Y is the output of the hidden layer

neurons in the range of (-1, 1). Similar to the input layer, the number of neurons in
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output layer was also adjusted according to the number of outputs which was one for

this problem. The activation function of output layer was selected as linear function.

After the architecture of network was specified as 5-15-1 network with tangent sigmoid
transfer function in the hidden layer and linear transfer function in the output layer, the
training of the network was completed with gradient descent algorithm as described in
Section 4.1.1. Then, the data in testing folds was classified, and the performance of the

algorithm was analyzed.

Secondly, KNN algorithm was also developed in Matlab environment in order to
classify kidney stones. k parameter was selected as 5 by the way of train and error.
The algorithm, then, was trained by using the data in training folds and outputs for
inputs in testing fold were found. Consequently, outputs were investigated to learn
whether the classification results were correct or not, and some performance measures
such as accuracy, sensitivity and specificity were calculated to analyze the success of

algorithm.

The performance of a machine learning algorithm is generally measured with the
help of a 2-by-2 matrix called as confusion matrix. This matrix is composed of true
positive (tp), false positive (fp), false negative (fn) and true negative (tn) counts in the
classification. The meaning of these terms can be explained with an example from
this study. A true positive means where a stone is classified as calcium oxalate when
it should be classified as calcium oxalate. Unlikely, it is called false positive when a
stone is not calcium oxalate and it is predicted as calcium oxalate. True negative test
result is received when a stone classified as non-calcium oxalate while it is actually not
calcium oxalate. False negative is another test result received when a calcium oxalate

stone is classified as non-calcium oxalate.

In this study, following measures were calculated from confusion matrices:

e Accuracy is the ratio of correct predictions to all predictions.

_ Yiptyin
Accuracy = s Y

e Sensitivity is the ratio of positives which are correctly classified to actual positives.

Sensitivity = %
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Specificity is the ratio of negatives which are correctly classified to actual negatives.

Specificity = Z—t%

Precision is the ratio of positives which are correctly classified to all

predicted positives. It depends on the reliability of positive results.
.. . Yitp
Precision = Ty

Recall is the ratio of negatives which are correctly classified to all

predicted negatives. It depends on the reliability of negative results.
_ _ Xt
Recall = Zng,fn

F1 Score 1is the weighted average of sensitivity and specificity.

It is more useful to evaluate the reliability of classification.

__ A Sensitivityxspecificity
F1 Score = 2sensitivity—&—specificity
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6. RESULTS

A dataset containing electromagnetic properties of 105 kidney stones extracted from
20 patients was used in order to evaluate the success rate of kidney stones classification
with electromagnetic properties. According to kidney stone analysis results performed
by several institutions like Directorate of Mineral Research and Exploration, these
stones belonged to three distinct classes. These classes were calcium oxalate, cystine

and struvite, and each class contained 35 stones.

6.1 Dielectric Measurement Results of Kidney Stones

Dielectric property measurement of each stone was carried out with open-ended
coaxial probe. Median permittivity and conductivity values of the stones depending
on frequency are shown through the graphs in Figure 6.1. Error bars on the graphs
demonstrate standard deviations of permittivity and conductivity of the stones. As
seen from the figure, standard deviations are high and some measurements of stone
types overlap. For this reason, more than one measurements are carried out from each

stone and their medians are used for classification to increase the accuracy.

To better illustrate the permittivity and conductivity differences between stone types,
medians of their dielectric properties are summarized in the Table 6.1. In the
measurement frequency range of 0.5-6 GHz, median permittivity of calcium oxalate is
between 2.28-2.35 whereas median permittivity of cystine is in the range of 2.17-2.63
and the permittivity of struvite is in the range of 3.16-3.38. On the other hand, the
conductivity of calcium oxalate is between 0.45x1072 Sm~! and 1.6x1072 Sm~!, while
that of cystine is between 0.19x10~! Sm~! and 1.5x10~!' Sm~! and that of struvite is
between 2.0x1072 Sm~! and 3.5x10~2 Sm—L. From the table, it can be concluded that
the permittivity differences are more pronounced at lower frequencies while a clear

distinction exists between the conductivity values at higher frequencies.

The conductivity and permittivity values presented in this study are close to the data in

[12]. In this study, dielectric properties (¢, €") of calcium oxalate, cystine and struvite
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Figure 6.1 : Median in dielectric property measurements of kidney stone samples
with variability bars: (a) Permittivity measurement of calcium oxalate,
(b) Conductivity measurement of calcium oxalate, (c) Permittivity
measurement of cystine, (d) Conductivity measurement of cystine, (e)
Permittivity measurement of struvite, (f) Conductivity measurement of
struvite.
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at 2247 MHz are reported as (3.1, 0.37), (2.9, 1.09) and (4.2, 0.76), respectively. The
same parameters for same stone types are measured as (2.33, 0.06), (2.51, 0.47) and
(3.65, 0.25) at 2.3 GHz. The reason for small differences between reported data in

these two studies can result from the frequency difference or measurement technique.
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Table 6.1 : Medians dielectric property measurements of calcium oxalate, cystine and
struvite stones.

Calcium Oxalate Cystine Struvite

Frequency (GHz) ; ; ;
ey € oc(Sm) e cSm ¢ c(Smh

23525  0.0045  2.6335 0.0190 3.3131 0.0199
23067  0.0079 25113 0.0481 3.3779  0.0269
23271  0.0091 23991  0.0760  3.2421  0.0265
22392 0.0113 23241  0.1342  3.1628  0.0275
22771 0.0150 23675  0.1498  3.3729  0.0303
2.3226  0.0161 2.1708  0.1491 3.2165  0.0349

AN LN B~ WD~

6.2 Results of Cole-Cole Fitting to Dielectric Measurements

After the analysis of dielectric property measurements of kidney stones, Cole-Cole
fitting is performed to the median of each stone type and Cole-Cole parameters are
extracted with generalized Newton-Raphson numerical method described in Section
5.4. Median of measured relative dielectric constant and conductivity of each stone
and their fitted lines are shown in Figure 6.2. It can be seen from the figure that there

is a good matching between median and fitted data.

Fitted Cole-Cole parameters for each stone type are listed in Table 6.2 together with
error rows. Similar to the relation between median dielectric constants of the stone
types, struvite has the highest value for €. and calcium oxalate has the lowest one.
The same relation exists among o values of the groups. However, when & is the
question, the highest value belongs to cystine while the lowest belongs to calcium
oxalate. Moreover, it is easily seen from the table, T and o values for calcium oxalate
are the greatest and these values for struvite are the smallest. All these electromagnetic
property discrepancies show that these properties can be used for classification of

kidney stones.

6.3 Results of kidney stone classification

The dataset composed of Cole-Cole parameters of the stones as inputs and their
types as outputs has been used for classification. Each attribute in the dataset has

been normalized and used in ANN and KNN algorithms. As said before, 5-fold
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Figure 6.2 : Comparison of medians and Cole—Cole fittings: (a) Measured and fitted
permittivity comparisons for calcium oxalate, (b) Measured and fitted
conductivity comparisons for calcium oxalate, (c) Measured and fitted

permittivity comparisons for cystine, (d) Measured and fitted

conductivity comparisons for cystine, (¢) Measured and fitted

permittivity comparisons for struvite, (f) Measured and fitted
conductivity comparisons for struvite.

cross validation has also been utilized in order to split the data into training and test
groups. The classification results and analysis of these results are given in the following

sections.
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Table 6.2 : Cole—Cole parameters fitted to the median of each stone type.

Cole-Cole parameters € & T a o(SmY) error
CaOx 1.96 12.84 1.41e-06 0.73 8.11e-05 0.0151
Cystine 1.93 16.78 6.04e-07 0.62  0.0071  0.0111
Struvite 3.50 14.66 1.80e-07 039  0.0365  0.0099

6.3.1 ANN Results

ANN algorithm designed as stated in Section 5.4 is trained with the data in training
folds and used for classification of the data in testing fold. Same training and test
processes are repeated until whole folds are used for test, and classification results
of all folds are collectively presented in following tables and figure. As seen from
Table 6.3, all of the calcium oxalate stones are predicted as calcium oxalate, but one of

cystine stones and one of struvite stones are wrongly classified as calcium oxalate.

Table 6.3 : Classification results for all stone types.

Actual Class
Calcium Oxalate Cystine Struvite
) Calcium Oxalate 35 1 1
Predicted :
Class Cystine 0 33 0
Struvite 0 1 34

As stated before, the performance measures of a machine learning algorithm are
calculated from 2-by-2 confusion matrix that contains tp, fp, fn and tn counts. These
counts can be calculated for each stone by using the number of correct and wrong
classifications. As a result, confusion matrices for stone types can be formed as follows

to evaluate the performance of this algorithm.

The performance measures that can be calculated from these matrices are accuracy,
sensitivity, specificity, precision, recall and F1 score. These measures are calculated
and demonstrated with Table 6.7 and Figure 6.3. As seen from the table and the
figure, all performance measures for ANN algorithm are above 97%. These results

are quite promising and show that the algorithm can determine the type of stone from
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Table 6.4 : Confusion matrix for calcium oxalate.

Actual Class
Calcium Oxalate non-Calcium Oxalate
Predicted Calcium Oxalate 35 2
Class non-Calcium Oxalate 0 68

Table 6.5 : Confusion matrix for cystine.

Actual Class

Cystine non-Cystine
Predicted Cystine 33 0
Class non-Cystine 2 70

Table 6.6 : Confusion matrix for struvite.

Actual Class
Struvite non-Struvite
Predicted Struvite 34 1
Class non-Struvite 1 69

its dielectric properties. By further increasing the performance, a new kidney stone

analysis tool utilizing electromagnetic properties of the stone can be developed.

Table 6.7 : Performances of ANN for kidney stone classification.

Performance Measures Calcium Oxalate Cystine Struvite Whole

Accuracy 98.1% 98.1% 98.1% 98.1%
Sensitivity 100% 943% 97.1% 97.1%
Specificity 97.1% 100%  98.6%  98.6%
Precision 94.6% 100%  97.1% 97.2%

Recall 100% 972%  98.6% 98.6%
F1 Score 93.1% 97.1% 97.8% 96.0%

6.3.2 KNN Results

KNN algorithm is also designed as stated in Section 5.4 in order to use for kidney stone

classification. The algorithm is firstly trained with the data in training folds and then,
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Figure 6.3 : Performance measures of ANN for classification of all kidney stones.
Error bars show the standard deviation of performance measures
between five folds used in testing.
the data in testing fold is classified. In this classification process, the code also runs
until all the data in test folds are classified. When all the stones are classified, it is seen
that all of the calcium oxalate and struvite stones are correctly classified while one of

cystine stones is also predicted as calcium oxalate. This result is summarized in Table

6.8.

Table 6.8 : Classification results for all stone types.

Actual Class
Calcium Oxalate Cystine Struvite

) Calcium Oxalate 35 1 0

Predicted ]
Class Cystine 0 34 0
Struvite 0 0 35

2-by-2 confusion matrices are also formed from the information in Table 6.6 in order
to analyze performance of this algorithm. Some performance measures, which indicate
how successful the algorithm in kidney stone classification is, are calculated making

use of the elements of the matrices. The matrices are listed in Table 6.9, 6.10 and 6.11.
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Table 6.9 : Confusion matrix for calcium oxalate.

Actual Class
Calcium Oxalate non-Calcium Oxalate
Predicted Calcium Oxalate 35 1
Class non-Calcium Oxalate 0 69

Table 6.10 : Confusion matrix for cystine.

Actual Class

Cystine non-Cystine
Predicted Cystine 34 0
Class non-Cystine 1 70

Table 6.11 : Confusion matrix for struvite.

Actual Class

Struvite non-Struvite
Predicted Struvite 35 0
Class non-Struvite 0 70

The same performance measures, which are accuracy, sensitivity, specificity, precision,
recall and F1 score, are also calculated for this algorithm and shown in Table 6.12 and
Figure 6.4. As seen from the table and the figure, all performance measures for KNN
algorithm are above 99%. These results are excellent and show that the algorithm can

successfully categorize the kidney stones from their electromagnetic properties.

Table 6.12 : Performances of KNN for kidney stone classification.

Performance Measures Calcium Oxalate Cystine Struvite Whole

Accuracy 99.1% 99.1%  100%  99.4%
Sensitivity 100% 97.1%  100%  99.0%
Specificity 98.6% 100% 100%  99.5%
Precision 97.2% 100% 100%  99.1%
Recall 100% 98.6%  100%  99.5%
F1 Score 99.3% 98.1%  100%  99.1%
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Figure 6.4 : Performance measures of KNN for classification of all kidney stones.
Error bars show the standard deviation of performance measures
between five folds used in testing.

51






7. CONCLUSIONS

In this study, kidney stone classification with the help of electromagnetic properties
is investigated. Firstly, dielectric property measurements of kidney stones are needed
to perform. To this end, taking the measurement frequency range and shape of the
material into account, open-ended coaxial line method is preferred. It is assumed that
despite this probe is recommended for the use for liquid and semi-solid samples in
order to provide direct contact, it is possible to use for kidney stones by being sure
that there is no air-gap between the stone and the probe. For this reason, the stones are
needed to be sanded before the measurement in order to provide direct contact without
any air-gap. After the stones are prepared, the measurements are performed five times
for each stone. The measurement frequency is linearly increased from 500 MHz until

6 GHz with 100 MHz steps.

The dielectric constant and dielectric loss factor of each stone are obtained at fifty-six
frequency points and then, Cole-Cole fitting is performed to these measured properties.
For this purpose, Cole-Cole parameters are required to calculate and GNR method
is preferred to find out them. In this method, initial values for all parameters are
assigned and they are iteratively updated by using the error which is difference between
measured and calculated data. Firstly, it was requested to stop the iteration when
the error goes below 0.02. However, calculated parameters for some stones cannot
converge to the actual parameters and the error cannot be decreased. To get rid of
this problem, initial values are changed for these stone, but it still continues for some
of them. In this case, error value is needed to increase to 0.05 and thus, Cole-Cole

parameters well-fitting to measurement data can be found for all stones.

Obtained Cole-Cole parameters for 105 kidney stones are fed into two different
machine learning algorithms, ANN and KNN. The stones are firstly divided into two
groups: training and test. Five folds cross validation is applied in this step and thus,

80% of the data is used to train the algorithm while the remaining is used for test. It
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can be seen from classification results that this is a good choice for this problem. After

grouped the stones, it comes to design the algorithms in which these groups are used.

Firstly, ANN algorithm is designed by selecting layer number, neuron number in each
layer, activation functions and training function of the network. Since there is no
rule to decide these properties, they are selected with trial and error. The appropriate
network architecture for this dataset is determined with this way. As a result, all the
performance measures like accuracy, sensitivity and Fl-score are calculated above
97% when all stones are classified. Secondly, KNN algorithm is developed by
determining the number, k, as 5 and distance measure as Euclidean distance. These
properties are also selected with trial and error. In consequence of the classification
with this algorithm, the same performance measures are also calculated. They are

found above 99% in this time.

In conclusion, methods applied in all steps of this study give successful results and
clearly show that type of kidney stones can easily be determined with the help of
dielectric properties. More accurate dielectric properties may be obtained with another
dielectric property measurement method despite it is tried to be sure about that there is
no air-gap resulting in error during measurement. Moreover, in Cole-Cole fitting part,
it is seen that GNR highly depends on initial values and it is not a robust method
to determine Cole-Cole parameters of kidney stones. Better classification results
may also be reached with another numerical method or choosing initial values more
accurately. Lastly, since there are a lot of factor determined with trial and error in
design of machine learning algorithm, more correct choices that would be improve the

performance of algorithms may be made for these factors.
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