
RADIOMICS ANALYSIS OF 3D COMPUTED

TOMOGRAPHY IMAGES FOR PREDICTING THE ISUP

GRADE OF CLEAR CELL RENAL CELL CARCINOMA

TUMORS

by

Ahmet Karagöz

B.S., in Biomedical Engineering, Yeditepe University, 2018

Submitted to the Institute of Biomedical Engineering

in partial ful�llment of the requirements

for the degree of

Master of Science

in

Biomedical Engineering

Bo§aziçi University

2022



iii

ACKNOWLEDGMENTS

I would like to thank Prof. Dr. Albert Güveni³ for his continued support and

guide throughout my thesis work.

Thank you to my mother for never leaving me alone.



iv

ACADEMIC ETHICS AND INTEGRITY STATEMENT

I, Ahmet Karagöz, hereby certify that I am aware of the Academic Ethics

and Integrity Policy issued by the Council of Higher Education (YÖK) and I fully

acknowledge all the consequences due to its violation by plagiarism or any other way.

Name : Signature:

Date:



v

ABSTRACT

RADIOMICS ANALYSIS OF 3D COMPUTED
TOMOGRAPHY IMAGES FOR PREDICTING THE ISUP
GRADE OF CLEAR CELL RENAL CELL CARCINOMA

TUMORS

Renal cell carcinoma (RCC) constitutes %85 to %90 of all kidney malignancies.

In 2020, 430,000 new cases were diagnosed and 179,000 of them lost their lives. Clear

cell renal cell carcinoma (ccRCC) is the most common sub-type of RCC with approxi-

mately %80 occurrence rate. Accurate, non-invasive and preoperative determination of

the International Society of Urological Pathology (ISUP) based tumor grade is impor-

tant for the e�ective management of patients with ccRCC. Recent studies showed that

CT radiomics can o�er the means to predict this grade but there are some problems

about data such as scarcity, unbalancing and standardization. In this study, we aimed

to improve discrimination power between grades via using 3D and 2D radiomics fea-

tures and ensemble machine learning methods. Radiomics features were extracted from

143 CT images obtained from the publicly available data set from The Cancer Imaging

Archive. Over sampling methods and series of feature selection methods were applied

to reduce the number of features. Besides the actual tumor volume, 5 additional VOIs

were created to consider peritumor regions and test the robustness of the model against

variations in segmentation for three ensemble machine learning algorithms. The best

result was found when SMOTE was used in combination with Light Gradient Boosting

Method (LightGBM) AUC of 0.89 ± 0.02. As a result, ccRCC tumor grade can be pre-

dicted from 3D CT images with a high reliability despite the inadequacy of a dataset.

The algorithm is moderately robust against deviations in segmentation by observers.

Keywords: Radiomics, WHO/ISUP Grade, Peritumor, ccRCC, Machine Learning.
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ÖZET

BERRAK HÜCREL� BÖBREK HÜCRE KARS�NOMA
TÜMÖRLER�N�N ISUP DERECES�N� ÖNGÖRMEK �Ç�N
3B B�LG�SAYARLI TOMOGRAF� GÖRÜNTÜLER�N�N

RADIOMICS ANAL�Z�

Böbrek hücresi kanseri (BHK) tüm böbrek kanserlerinin %85 ila %90'�n� olu³-

turur ve berrak hücreli böbrek kanseri (BHBK) en yayg�n alt tipidir. 2020 y�l�nda

430,000 yeni vaka te³his edilmi³ ve bunlar�n 179,000'i hayat�n� kaybetmi³tir. Tedavi

sürecinin daha verimli bir ³ekilde yürütülebilmesi için tümör derecesinin giri³imsel ol-

mayan ve yüksek do�gruluk oran�na sahip yöntemlerle belirlenmesi önemlidir. Son za-

manlarda yap�lan çal�³malar CT görüntülerinden elde edilen radiomics özelliklerinin

tümör derecelendirme i³lemlerinde kullan�labilecei�gi yönünde ama klinikte kullan�la-

bilmesinin önünde verilerin standart olmamas� ve kullan�ma uygun olmamas� gibi en-

geller var. Biz bu çal�³mada 3B ve 2B radiomics özellikleri kullanarak ensemble makine

ö�grenmesi modelleri olu³turmay�, mevcut engellerin üstesinden gelmeyi ve daha yük-

sek ba³ar�mla tümör derecelendirmeyi amaçlad�k. Çal�³maya görüntileri The Can-

cer Imaging Archive'dan al�nm�³ 143 hasta dahil edildi. Veri setindeki s�n��ar aras�

da�g�l�m e³itsizli `gini gidermek için veri art�rma yöntemlerine ba³vuruldu ve her hastadan

ç�kar�lan binlerce radiomics özelli�gi sadece en de�gerli olanlar kalacak ³ekilde elendi. As�l

tümör alan�na ek olarak 5 farkli alan daha segmente edildi ve segmentasyonda yap�lacak

yanl�³lar�n sonuçlar� ne derecede etkileyece�gi ara³t�r�ld�. En yüksek ba³ar�m olan 0.89

± 0.02 AUC, SMOTE ve Light Gradient Boosting Method (LightGBM) algoritmas�

kombinasyonunda elde edildi. Sonuç olarak, BHBK tümör derecesini, bir veri setinin

yetersizli�gine ra�gmen yüksek güvenilirlikle tahmin edebildik ayr�ca en iyi modelimizin

segmentasyondaki küçük hatalara ra�gmen performans kayb� olmadan çal�³abildi�gini

gözlemledik.

Keywords: Radiomics, WHO/ISUP Derecesi, Peritumor, ccRCC, Makine Ö�grenmesi.
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1. BACKGROUND

1.1 Cancer Statistics

Data supplied from World Health Organization (WHO) in 2019 showed that

pre-mature (0-69 years) death rates caused by cancer ranked �rst or second in most

of the countries (112 of 183), and it also ranked third and fourth in 23 countries [1].

Approximately 19.3 million new cases were detected, and 10 million people lost their

lives because of cancer in 2020 [2]. In Asia, where 59.5% of the world's population

live, 50% of new cases and 58.3% of deaths happened. Even though, in Europe, where

9.7% of the world's population live, 22.8% of new cases and 19.6% of deaths were

estimated to occur. America followed Europe with 20.9% of new cases and 14.2% of

the death rate. More than 60% of the new cases and more than 70% of the deaths were

constituted by the ten most common types of cancer. Breast, lung, collateral, prostate,

and stomach cancers were the most common types with percentages of 11.7%, 11.4%,

10%, 7.3%, and 5.6%, respectively. Lung cancers and breast cancers had the highest

occurrence rate and highest death rate in men and women. The distribution of cancer

rates in women and men di�ers, and the occurrence rate in men was 19% higher than

in women [1].

It is also possible to cluster countries by income; death rates caused by cancer

rank second in the countries with high-income (�rst is cardiovascular diseases), and

they rank third in countries with middle-income and low-income (�rst and second are

cardiovascular and infectious diseases). There are internal and external factors that can

cause cancer [1]. While smoking tobacco, an unhealthy diet, and radiation exposure

can be given as examples of external factors, genetic mutations and hormones can be

examples of internal factors [3].
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1.2 Kidney Cancer

Kidney tumor, like other tumors, consists of cells that grow and spread uncon-

trollably. These growth changes and spread cells are formed of a mass called a renal

tumor, which can be benign or malignant. Benign and malignant tumors di�er in

growth speed, invasion of surrounding tissues, and invasion of other body parts. While

benign tumors stay in distinct areas and grow slowly without invading other body parts

or surrounding tissues, malignant tumors can grow uncontrollably and spread locally

or to other organs [4]. Spread to other organs or distant areas is also called metastasis.

1.2.1 Renal Cell Carcinoma

Renal cell carcinoma (RCC), Urothelial carcinoma, Sarcoma, Wilms tumor, and

Lymphoma are some types of kidney cancers. The most common type of renal cancer

is renal cell carcinoma which mainly grows out of the kidney's one of the essential parts

responsible for �ltration, also called the cortex of the kidney [5]. Kidney neoplasms

accounted for 2.2% of all new diagnoses, with approximately 430,000 cases in 2020. Two

hundred seventy thousand newly diagnosed kidney cancers were males, and remains

were females. 1.8% of all deaths were kidney cancer patients whose number was 179,00.

The number of males who lost their lives because of kidney cancer was 115,000, and

64,000 of them were females. The cumulative risk of appearance was 0.7% among males

(ages 0-74) and 0.36% among females. The cumulative risk of death was 0.28% among

males and 0.12% among females. Age-standardized rates of incidence were 6.1% and

3.2% in males and females, respectively. Age-standardized death rates were 2.5% and

1.2% in males and females, respectively [1].

There are innately classi�cations in biology, and they are among the most critical

points to understand the gradual development of knowledge from class to identi�ca-

tion and handling of diseases. With the help of the excessive amount of data published

around the world, biological diversity among the existing entities has been clari�ed,

but adding a new type or subtype has strict necessities like reproducibility and some
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distinctive attributes in terms of molecular, clinical, and histopathological. For ex-

ample, RCC consists of several di�erent subtypes according to a report published by

WHO in 2016 [6]. Clear cell renal cell carcinoma (ccRCC), papillary renal cell carci-

noma (RCC), and chromophobe renal cell carcinoma are the most prevalent subtypes

of RCC represented 70-90%, 10-15% and 3-5% of RCCs, respectively [5]. It is not easy

to classify RCCs pathologically because many parameters such as location and mor-

phological features of the tumor, genetics, and family history of patients are accounted

for during classi�cation processes. Usage of antibodies to examine if speci�c antigens

are there in the region of interest and shape features are primarily used to characterize

RCCs, although there are enormous quali�cation improvements at the molecular level

[7]. As mentioned in the classi�cation report [8], there is a strong correlation between

tumor type and prognosis. Tumor type is also signi�cant for the therapy that is given

by following the primary therapy to increase in�uence, which is also called adjuvant

care, besides it highlights the signi�cance of placing tumors correctly in a category on

pathological evaluation.

1.2.1.1 Clear Cell Renal Cell Carcinoma. Clear cell renal cell carcinoma is

the most common subtype of renal cell carcinoma. The majority of clear cell carcino-

mas (95%) occur without an inherited genetic variant, and the remaining are strongly

correlated with diseases such as von Hippel-Lindau (VHL) disease [5]. There are some

signi�cant discriminative features of ccRCC, such as the structure of tumors and ves-

sels. Clear cell carcinoma cells look morphologically apparent (thanks to the high

amount of glycogen and lipid) or like granular cytoplasm under the microscope. It is

a rigid form of a lesion with a yellow-like color, and it can also be an alteration in the

level of bleeding, internal necrosis, and corruption of cysts. Calci�cation might also be

encountered in the tumor.

Higher levels of tumors in terms of grade and stage, the existence of necrosis,

and highly aggressive behaviors as sarcomatoid do directly a�ect the clinical attitude

of the tumor. The occurrence rate of necrosis is higher in more giant lesions and high-

grade tumors [9]. It is not possible to say that ccRCC has an accurate indicator, but
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immunophenotyping is feasible, and there are some markers that cause stainings, such

as carbonic anhydrase IX (CA-IX) and CD10. ccRCC can be diagnosed with the help

of CA-IX as the best option among markers. However, restrictions should be noticed

[5]. Identifying the transparent cell carcinoma portion makes it easier to discriminate

between chromophobe and high-grade clear cell carcinoma. Tests should be done for

Birt-Hogg-Dubé syndrome and the folliculin (FLCN) gene germline mutation if there

is a combination of chromophobe and clear cell. VHL gene mutation and Chromosome

3 Monosomy 3p are genetic mutations that widely occur in ccRCCs. Testing for VHL

is not necessary for diagnosis, but germline VHL testing is suggested for patients who

are younger than 46 years [9].

1.2.2 Diagnosis of Renal Cell Carcinoma

A cancer diagnosis is a complex process, and there is no single method/test

that can be applied to suspected patients for precise diagnosis. For the accurate exam-

ination, the complete history of the patient in addition to diagnostic tests should be

considered. Sometimes, only one test is not enough to understand whether suspected

tissue is cancerous or it just imitates an indication of cancer. Besides the investigation

of the existence of cancer, diagnostic tests can be used in follow-up studies to assess

the in�uence of treatment. Therefore, tests can be repeated when patients' conditions

change. Diagnostic tests include laboratory tests, diagnostic imaging, genetic tests,

and biopsy.

The occurrence of RCC is often not understood with the aid of clinical signs be-

cause its clinical symptoms can take many forms, and this diversity can make diagnosis

di�cult and lead to misdiagnosis. Routine screening is not done for RCC diagnosis, as

has been done for breast cancer in recent years, but only for those who are genetically

suspected of having the disease [10]. Blood in urine, pain and a �ank mass are signi�-

cant symptoms for RCC diagnosis, but only a few patients have all of them. Moreover,

almost half of the patients do not have any symptoms [11]. Therefore, more than half of

RCC is uncovered by chance in unsuspected patients during an unrelated examination.
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Because of the asymptomaticity and incidental detection, diagnosis is usually late (in

advanced levels).

1.2.2.1 Genetic Tests. Genetic tests are crucial for early diagnosis of RCC be-

cause previous studies [12], [13], [14] have shown that people with a family history of

RCC are at greater risk of developing RCC. In the study conducted in Sweden [13],

data from all people born after 1931 was used, and it was concluded that if one sibling

has RCC, the probability that the other sibling also has is very high. It was also sug-

gested that a non-dominant gene increase the risk of RCC. Another study conducted in

Iceland on 1078 patients showed that nearly sixty percent of patients with RCC have

RCC in their close relatives [12]. In general, patients with sporadic RCC are diagnosed

after 50, while hereditary RCC patients are diagnosed at a younger age. The emergence

of RCC at a young age is another proof of hereditary transmission [15].

1.2.2.2 Laboratory Tests. Laboratory tests are standard methods used in RCC

diagnosis, and also in other diseases. Laboratory tests are used to evaluate patients'

situations by looking at the symptoms [11]. They do not give precise information about

RCC's appearance, but they are crucial and widely used to understand whether the

source of the symptoms is RCC or another malady. There are some common types of

laboratory tests applied in hospitals or other health institutions, such as blood tests

and urinalysis. For example, when a patient comes to the hospital with a hematuria

possibility, his/her sample should be examined under the microscope several times at

a few week intervals to understand the actual characteristics of symptoms. If needed,

some additional tests can be applied to assess renal disease [16].

1.2.2.3 Medical Imaging. Medical imaging plays a vital role in the detection,

localization, and characterization of the RCC. With the developments and explorations

in the medical imaging area in the last decades, image qualities and capabilities of

scanners have improved signi�cantly. For instance, di�usion-weighted imaging (DWI)
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and perfusion-weighted imaging were started to use renal mass examinations. On

the other hand, despite the common usage of Positron emission tomography (PET)

and Single-photon emission tomography (SPECT) in cancer detection, they are not

preferred in routine clinical use [17].

Magnetic resonance imaging (MRI) was �rstly used in clinics in 1980s, and

its use has become more and more widespread [18]. MRI can be used as a before

surgery tumor characterization tool by virtue of its ability to provide high-quality

information in terms of function and structure of the tissue [19]. RCC subtypes can

also be distinguished by examining the natural signal intensities of T1 and T2. DWI

makes use of the motion of the water, and it is evaluated numerically with the help of

apparent di�usion coe�cient (ADC) maps. Cancer cells look darker in ADC images;

in other words, ADC values are lower in cancerous areas because of the lower di�usion

rate. In some previous studies [20], it was shown that ADC values show a great deal

of variety in benign and malignant tumors. Dynamic contrast-enhanced MRI (DCE-

MRI) is also a potent modality with its high resolution, so it can be used to discriminate

between benign and malignant. It was also indicated that malignant tumor subtypes

show di�erent enhancements at various phases [21].

Computed tomography (CT) is one of the diagnostic imaging modalities which

uses x-ray beams to create detailed images of the targeted area. Patients are placed

in the CT machine before the start of scanning. X-rays are created and pass through

the body (also called transmission imaging), and transmitted beams are detected by

detectors during the scan. Each tissue absorbs a di�erent number of x-rays; that is why

the number of beams falling on the detector is di�erent. Consequently, cross-sectional

images are created by evaluating these absorption rates.

CT is commonly used for RCC examinations such as diagnosis, localization, and

follow-up. Calci�cation and fat can be di�erentiated with the aid of CT. Thus, benign

angiomyolipoma (AML), which usually consists of fat, can be detected. A calci�ed

lesion in the kidney can be benign or malignant, and it can be di�erentiated via its

morphology. RCC can be di�erentiated from renal cysts even if their densities are
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high [22]. It is challenging to distinguish cancerous tissues from healthy or problematic

tissue in non-contrast CT images because of the lack of enhancement. However, non-

contrast images are also important in some cases because enhancements of papillary

carcinoma and hemorrhagic renal cyst are confusingly similar on contrast-enhanced

images [23].

In contrast-enhanced CT, the enhancement occurs in di�erent parts of the organ

or body depending on time because as time passes, the injected agent moves through

the body and changes its place. Enhancement is related to the location of the injected

agent and its half-life, so as time passes, the enhancement will decrease even if the

agent does not move through the body. For this reason, after the contrast agent is

injected into the body, it is necessary to scan within a speci�c time interval. The time

interval at which the scanning should be completed may vary depending on the nature

of the agent.

In the arterial phase, the enhancement is primarily seen in the cortical region

because the contrast agent is still in the cortical capillary of the kidney while the

medullary become lower enhanced. This phase is also crucial for nephron-sparing

surgeries because preoperative planning becomes more manageable with the increased

indistinguishability of arterial structures. Moreover, owing to a large number of the

blood vessel in papillary carcinoma, enhancement is lower than clear cell RCC. That is

why clear cell carcinomas can be distinguished from papillary carcinomas in the arterial

phase [24]. In the nephrographic phase, the contrast distribution is homogeneous, so

the enhancement is homogeneous; as a result, the contrast between the medullary and

cortex is very close to each other. A previous study showed that lesion detection and

characterization are easier for readers in the nephrographic phase [25]. PET/CT can

also be used to classify some subtypes of RCC. However, there is a known fact that

FDG uptake is very low in clear cell carcinomas, and this situation a�ects overall

classi�cation performance because of high incidents of clear cells in RCC.



8

1.2.2.4 Biopsy. Biopsy, one of the most commonly used diagnostic methods in

cancer diagnosis, is invasive or minimally invasive. It is the process of taking a piece

of a lesion or suspicious tissue and processing this sample pathologically. It is usually

performed after laboratory tests and diagnostic imaging tests because, as a result of

these tests, the suspicion of cancer increases, and the location of the lesion is deter-

mined precisely. In some biopsies, imaging techniques such as ultrasound can also be

used during the procedure [26]. Percutaneous biopsy, especially �ne needle aspiration,

is widely used for renal tumor diagnosis and histological analysis. According to the

current gold standards, the biopsy is inevitable in studies such as staging and grading

because the tissue must be examined pathologically. Besides this widespread use of

biopsy, it also has some problems or limitations such as accuracy, safety, pain, hemor-

rhage, infection, and allergic reaction. The biggest reason for some accuracy problems

in RCC subtyping, staging, or grading of tumor biopsy is the heterogeneity problem

in tumors. In addition, it is possible to encounter rare situations such as incorrect

sampling [27].

1.2.3 Grade and Stage of Renal Cell Carcinoma

Stage and grade are essential in terms of providing comprehensive information

about the size, spread, aggressiveness of the tumor. The Tumor Lymph Node Metasta-

sis (TNM) staging system de�ned by the American Joint Committee on Cancer (AJCC)

is one of the most widely used and has been updated over the years as �ndings on tu-

mors increase. It was shown that TNM staging is vital for the prognosis and treatment

plan of RCC patients. In addition, tumor grade is another critical factor in the progno-

sis of RCC patients and should be considered for treatment planning. Tumor grading

is more complicated than staging in RCC.

Over the years, many systems have been used for RCC nuclear grading. One of

the earliest was proposed in a study [28], and in this system, the grade of the tumor is

determined according to the highest nuclear grade in the tissue. The grading system

that emerged in the following years and has been widely used until today is the Fuhrman
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grading system [29]. Although the shortcomings and inadequacies of the system were

not well understood in the �rst years of its existence, the limitations of this system,

such as intra-observer and interobserver reproducibility, began to be better understood

as the studies in this �eld increased and the knowledge about RCC increased.For this

reason, it has been questioned how valuable it is prognostically.

The latest and most comprehensive grading system is the World Health Organi-

zation (WHO) / International Society of Urological Pathology (ISUP) grading system.

In this system, grading is done by considering the nuclear and nucleolar characteristics

of the tumor. The WHO/ISUP grading system is as follows if the nucleoli are not

visible or not evident in the 400 times magni�ed image, it is grade 1; if the nucleoli

are visible at 400 times magni�cation and not at 100 times magni�cation, it is grade

2; if the nucleoli are visible in the 100 times magni�ed image, it is grade 3; and if

there are extreme nuclear pleomorphism or sarcomatoid or rhabdoid di�erentiation or

giant tumor cells, it is grade 4 [30]. WHO / ISUP tumor grade is essential in providing

prognostic information and determining the possible behavior of ccRCC [5].

1.3 Radiomics

As mentioned in the previous sections, medical imaging techniques have devel-

oped signi�cantly in recent years, even new techniques have emerged, and high quality

and resolution images have begun to be obtained. However, despite all these im-

provements and developments, there are still situations where imaging techniques are

insu�cient or unreliable enough to be applied in the clinic. For example, tumor grading

cannot be done without the support of invasive methods such as biopsy because some

obstacles such as heterogeneity in the tumor prevent it to be done in routine clinics

with only medical images. Radiomics, an area that has increased in importance and

number of studies on it in recent years, can be seen as a way to overcome these ob-

stacles. In short, radiomics can be explained as high-dimensional quantitative feature

extraction from images [31]. In addition to the qualitative information, the quantita-

tive examination of the selected or segmented area dramatically increases the amount
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of information obtained from the medical image. Furthermore, thanks to these quanti-

tative data, it is possible to make a more subjective inference or comparison [32]. The

features extracted from images automatically or semi-automatically can be examined

with statistical methods or machine learning methods.

1.3.1 Radiomics Work�ow

The work�ow of a radiomics study includes several tasks that must be done

separately and sequentially; these are image acquisition, segmentation of the region of

interest, extraction of features, and statistical analysis.

A patient's medical image is obtained in image acquisition, which is the �rst

step of the Radiomics study. Various factors are a�ecting the image in clinical medical

imaging applications, such as reconstruction algorithms, resolution of machine, and

patient position [33]. Therefore, images obtained in di�erent institutes may di�er sig-

ni�cantly. In addition, even images obtained in the same institute and under the same

conditions may di�er due to di�erent reconstruction parameters. When conducting a

Radiomics work, such di�erences should be considered.

The second stage, the segmentation stage, is vital to radiomics studies and must

be accurate, reproducible, and reliable because all radiomics features are extracted from

the segmented area [34]. Segmentation can be done manually, semi-automatically, and

automatically, but each method has its strengths and weaknesses. Automated methods

are fast but have low reliability because tissue discrimination must be high for them

to work. However, this is not always possible in some tumor tissues. Manual methods

are generally considered ground truth [35], but these methods are very slow, and inter-

and intra-observer variabilities are high among physicians. On the other hand, semi-

automatic methods are faster than manual methods and are reliable as they allow

doctors to correct contours.

The third stage is feature extraction, in which the features de�ning the seg-
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mented texture are extracted. Doing this step is essential for the correct identi�cation

of the desired tissue and directly a�ects the performance of the study. Images need

to be preprocessed before starting feature extraction. In preprocessing, images are

resampled to a speci�c resolution, and intensity values are divided into nominal ranges

by gray level discretization. Then, features are started to be extracted from the pre-

processed and standardized images. Radiomics features can be grouped into shape

features, �rst-order statistics, second-order statistics, and higher-order statistics [36].

Shape features include properties such as volume and maximum diameter that de�ne

the shape of the segmented area. First-order statistics or histogram features express

the distribution of intensity values of VOI with statistics such as mean, median, en-

tropy, and kurtosis. Second-order statistics include inter-relationships between voxels.

Grey-level co-occurrence matrix (GLCM) and Gray-level run-length matrix (GLRLM)

features provide important numerical data, especially to overcome problems such as

tumor heterogeneity. Higher-order statistics include features extracted from �ltered im-

ages such as wavelet transform and Laplacian transforms of Gaussian �lter to highlight

speci�c structures in images.

The number of radiomics features extracted from the images reaches hundreds

or even thousands, but not all features are equally important and necessary [37]. In

addition, when the number of features obtained is much higher than the number of

patients in the study, which is also called the curse of dimensionality, the performance

of the study is negatively a�ected because of the probability of over�tting and false

positives increase. Many feature selection methods can deal with this problem; they can

also be classi�ed as �lter, wrapper, and embedded. Dimensionality reduction methods

such as principal component analysis (PCA) or linear discriminant analysis (LDA) can

also be used to reduce the number of features. These methods are di�erent from feature

selection methods which select some of the features because the number of features is

decreased by combining or transforming some features to acquire new features. Using

the selected or obtained features, classi�cation and prediction can be made with the

help of machine learning and statistical learning. K-nearest neighbor (KNN), Light

Gradient Boosted Machine (LightGBM), and Random Forest (RF) are some of the

powerful machine learning models.
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There are some di�culties or limitations before Radiomics features can be used

as a biomarker, so it does not yet fully comply with the de�nition of a biomarker that

should be objective, accurate and repeatable [33]. Most of the CT-based radiomics fea-

tures are very sensitive to change in image acquisition and reconstruction parameters.

Therefore, it is questioned whether radiomics features are reproducible enough to be

used in clinical studies [34]. Although some radiomics features remain stable despite

di�erences in segmentation caused by variations of observers and algorithms, many

of them are signi�cantly a�ected, and the reproducibility of the study becomes chal-

lenging [34]. The number of cases involved in the study is usually much less than the

number of extracted features, so feature selection or reduction methods must eliminate

most of the features. Many feature selection methods can be used to avoid the curse of

dimensionality problems, and selected features may vary according to the methods or

combination of methods used, but there are no state-of-the-art feature selection meth-

ods. Therefore, selected features in many studies are di�erent and this leads to a lack

of reproducibility.
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2. ROBUST WHOLE-TUMOR 3D VOLUMETRIC

CT-BASED RADIOMICS APPROACH FOR PREDICTING

THE WHO/ISUP GRADE OF A ccRCC TUMOR

2.1 Introduction

Approximately 140,000 people lose their lives due to kidney cancer each year,

and over 330,000 people are newly diagnosed. Renal cell carcinoma (RCC) is among

the ten most common cancer types, and RCC constitutes more than 90% of renal

malignancies [38], [39]. There exist some subtypes of RCC, and the most dominant

one is clear cell renal cell carcinoma (ccRCC), with an approximately 75% of occurrence

rate [9].

Tumour grading plays a vital role in clinical decision making, treatment plan,

and prognosis because a tumour grade indicates how abnormal the tumour cell is and

how fast it is expected to grow (also called the aggressiveness level of the tumour) [40],

[41]. There have been many tumour grading systems de�ned up to date, one of them

is the Fuhrman grading system which has been widely used [42]. However, the newest

and the most comprehensive grading system is the World Health Organization (WHO)

/ International Society of Urological Pathology (ISUP). This novel system was more

robust against intra-observer and inter-observer variability problems encountered in

the Fuhrman grading system [30]. In clinical practice, reducing grades to a 2-tiered

grading system is common as low and high grades to increase reproducibility. Invasive

methods like biopsy are widely used to obtain tumour grade. Still, there are some

problems such as haemorrhages, infection, tumour spreading, contamination, and lack

of information about the whole tumour tissue. The reliable tumour grade obtained by

imaging methods can eliminate the need for biopsy [43].

Radiomics is an emerging method that converts radiographic images to high-

dimensional minable data [44]. Radiomics produces objective and numerical features
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that help to decode visually indistinguishable tissue attributes. Quantitative informa-

tion extracted from images can potentially be a biomarker for tumour grade assessment

because gray level size zone matrix (GLSZM), gray level co-occurrence matrix (GLCM)

and gray level run length matrix (GLRLM) are known to be signi�cantly associated

with tumour heterogeneity [45], [46]. Previous studies have shown that CT-based ra-

diomics features have predictive value for tumour grade identi�cation [47], [48], [49]

and peritumoral radiomics features can potentially have predictive performance [50].

This work aims to evaluate the performance of pre-surgical CT-based radiomics

features, extracted from 6 VOIs, on discriminating low and high WHO/ISUP grades

of ccRCC. VOIs are actual tumoral volume (aTV), inner tumoral volume (iTV), two

expanded tumoral volumes (eTV) with di�erent sizes, and two surrounding tumoral

volumes (sTV) with varying thicknesses. Synthetic Minority Oversampling Technique

(SMOTE) [51], Support Vector Machine Based Synthetic Minority Oversampling Tech-

nique (SVMSMOTE) [52], and Adaptive Synthetic Sampling Method (ADASYN) [53]

were used to balance feature sets; in that way e�ects of up sampling methods on perfor-

mance were analysed. Classi�cations were done by using three di�erent ensemble ma-

chine learning (ML) models which are Light Gradient Boosting Machine (LightGBM)

[54], Random Forest (RF) [55] and random subspace K-nearest neighbour (random

subspace-KNN) [56]. The robustness of the classi�ers against deviations in segmenta-

tion was also studied.

2.2 Materials and Methods

2.2.1 Data sets

The publicly available dataset, acquired from The Cancer Imaging Archive in-

cluded presurgical 3D CT images, semantic segmentation, and clinical information of

210 patients [57], [58] was used. As per the inclusion and exclusion criteria of the study,

143 of them were found appropriate. Detailed information about the data elimination

process is shown in Figure 2.1. Images of the patients whose kidneys were surgically
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removed (radical nephrectomy (RN) or partial nephrectomy (PN)) were obtained dur-

ing routine care between 2010 and mid-2018 at the Medical Center of the University

of Minnesota. There was heterogeneity in terms of acquisition protocols and scanner

manufacturers because most of the computed tomography images were acquired using

di�erent machines in years at referring institution. Figure 2.2 displays the pipeline

of the radiomics based tumor grading study which includes image acquisition, pre-

processing and segmentation, feature extraction and data analysis.

2.2.2 Participants

A hundred and forty-three patients with clear cell RCC were appropriate for

this study. Forty-nine (34.3%) patients treated by radical nephrectomy and 94 (65.%)

treated by partial nephrectomy. The average age of patients was 59.1 (range,26-86;

median, 61). Ninety-three (65%) patients were male, and 50 (35%) patients were

female. Forty-two (29.4%) patients had open surgery, 82 (57.3) had robotic surgery,

19 (13.3) had laparoscopic surgery. Mean pathological tumor size of the maximum 3d

range was 63.6 mm (median, 48 mm; range,16.4 mm - 236.4 mm). All the cc-RCC

tumors were malignant. Eighteen (12.6%) patients had tumor with WHO/ISUP grade

1, 79 (55.2%) patients had grade 2, 36 (25.2%) patients had grade 3 and 10 (7%)

patients had grade 4. Grades were reduced to 2-tiered system as low (grade 1 and

grade 2) and high grade (grade 3 and grade 4). Detailed information about data is

shown in Table 2.1.
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Table 2.1
Clinical parameters of patients.

Clinical parameter

Full cohort

(n=143)

Low grade

(n=97)

High grade

(n=46)

p value

Age (year) 59.1 ± 12 58.2 ± 12 64.5 ± 12 0.246

Gender, n (%) 0.292

Male 93 (65%) 59 (60.8%) 34 (73.9%)

Female 50 (35%) 38 (39.2%) 12 (26.1%)

Smoking history, n (%) 0.81

never smoked 63 (44%) 43 (44.3%) 20 (43.5%)

previous smoker 53 (37%) 35 (36%) 18 (39.1%)

current smoker 27 (19%) 19 (19.7%) 8 (17.4%)

Body mass index (kg/m2) 30.71 ± 6.32 32.16 ± 6.19 28 ± 6.53 0.312

Pathologic size (cm) 4.58 ± 3.17 3.47 ± 1.81 6.73 ± 4.15 <0.001*

Surgical procedure, n (%) <0.001*

partial nephrectomy 94 (65.7%) 61 (62.8%) 12 (26%)

radical nephrectomy 49 (34.3%) 36 (37.2%) 34 (74%)

Surgery type, n (%) 0.18

open 42 (29.3%) 27 (27.8%) 15 (32.6%)

robotic 82 (57.3%) 60 (61.8%) 22 (47.8%)

laparoscopic 19 (13.4%) 10 (10.4%) 9 (19.6%)

2.2.3 Image pre-processing

The distribution of the slice thickness and the pixel dimensions were between

0.5 mm and 5 mm, histograms are demonstrated in Figure 2.3. Before peritumoral and

intra-tumoral region segmentation, all images were resampled to 1 mm × 1 mm × 1

mm, normalized, and discretized.

Since some texture features are very sensitive to voxel size and intensities [59],

CT images and segmentations were resampled to the identical resolution. Resampling

processes were performed by using the SimpleITK toolkit [60] and the B-spline inter-

polation technique [61] was implemented to calculate new voxel intensities. Because
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Figure 2.1 The �ow diagram shows data inclusion details.

Figure 2.2 The work�ow of the study.

of collecting images from various scanners, the range of intensities could be di�erent.

Therefore, the Z-score normalization [51] technique was used to eradicate inter-scanner

in�uence.
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Figure 2.3 Histograms of slice thicknesses and pixel sizes before resampling.

2.2.4 Peritumoral and intra-tumoral region segmentation

In our dataset, CT images and tumour segmentations are included. We named

these tumour segmentations as actual tumoral volumes (aTV). Morphological methods

(also called erosion and dilation) were used to create additional regions. In addition

to aTV, we created �ve more VOIs. Firstly, inner tumoral volume (iTV) was obtained

by deleting 2mm of the aTV using the erosion method. Secondly, expanded tumoral

volume with 2mm size (2mm eTV) was obtained by expanding aTV using the dilation

method. Thirdly, expanded tumoral volume with 4mm size (4mm eTV) was obtained

by expanding aTV using the dilation method. Morphological methods were applied in

three dimensions uniformly as conducted in [50]. After getting iTV, 2mm eTV, and

4mm eTV, surrounding tumoral volumes were obtained. Surrounding tumoral volume

with 2mm thickness (2mm sTV) was obtained by subtracting aTV from 2mm eTV

(by taking di�erences of aTV and 2mm eTV). Similarly, surrounding tumoral volume

with 4mm thickness (4mm sTV) was obtained by subtracting aTV from 4mm eTV (by

taking di�erences of aTV and 4mm eTV). VOIs are represented by a sketch map in

Figure 2.4.
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Therefore, two evaluations have been performed:

� The e�ect of the peritumor region features on the classi�cation performance

� The e�ect of segmentation errors in the test dataset on the total performance

Figure 2.4 Representation of the aTVs, iTV and 2mm sTV, 4mm sTV, 2mm eTV and 4mm eTV.

2.2.5 Feature extraction

PyRadiomics [62] which is an open-source package was used to extract quantita-

tive features from each VOI of iTV, aTV, sTV 2mm, sTV 4mm, 2mm eTV, 4mm eTV.

Bin width of the gray level discretisation was adjusted to 0.01 to decrease impact of

heterogeneity caused by scanning di�erences of scanning procedures [63]. In addition to

original images, Laplacian of Gaussian (LOG) �ltered, and wavelet transformed images

were used to extract features. The purpose of using �ltered images is to manipulate

the intensity values in the image and highlight the features that are not visible or are

less visible in the original images. LOG �ltered images were created with values of 2,

4, and 6 to elucidate narrow, medium, and thick patterns. 3 LOG �ltered images were

created using values of 2, 4, and 6 to elucidate narrow, medium, and thick patterns. 8

Wavelet �ltered/transformed images were created with the combination of high and low

pass �lters in each direction (HHL, HLH, LHH, etc.). Radiomics features are divided
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into eight which are histogram or �rst order features (n=19), 2D and 3D shape-based

features (n=26), gray-level co-occurrence matrix (GLCM) features (n=24), gray-level

run length matrix (GLRLM) features (n=16), gray-level size zone matrix (GLSZM)

features (n=16), neighbouring gray tone di�erence matrix (n=5) and gray-level depen-

dence matrix (GLDM) features (n=14). These radiomics features were extracted from

a total of 12 images (1 original, 3 LOG �ltered and 8 Wavelet �ltered) for each VOI,

and in whole, 1133 features were obtained for each VOI.

2.2.6 Feature selection

As a pre-processing steps of feature selection, data was split into two as training

(80%) and testing feature set (20%). After strati�ed data splitting, imbalanced training

feature set contained 77 low and 37 high grade patients and testing feature set con-

tained 20 low and 9 high grade patients. Imbalance training feature set was balanced

using three di�erent over-sampling algorithms which were SMOTE, SVMSMOTE and

ADASYN. All oversampling methods were applied to the imbalanced training dataset,

six times separately for all types of VOIs to compare e�ects of methods on predictive

model training. After oversampling, imbalance training feature set were balanced to 77

instances in each class. Feature sets were standardized by using the Z-score normaliza-

tion method [51] to a zero mean and unit variance in order to prevent the domination

of features with wider ranges over features with smaller ranges. The training feature

set was used for feature selection and model training, but the testing feature set was

used only for model evaluation. To eliminate redundant features and select most dis-

criminative features, three feature selection algorithms, namely, correlation coe�cient

analysis (CCA), feature importance analysis and sequential feature selection method

were applied consecutively. This algorithm combination is also called the hybrid fea-

ture selection method. Firstly, CCA [64] was applied as a �lter-based approach to

�nd highly correlated features. Pearson's correlation coe�cients were calculated and

features with absolute correlation coe�cient higher than 0.9 were eliminated. Linear

support vector machine (linear-SVM) algorithm [65] with least absolute deviations loss

function (also called L1 loss or LAD) was then used to calculate importance of features
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and to eliminate redundant and less predictive features. Sequential feature selection

(SFS) [66] with backward elimination method was �nally used to choose the 15 most

valuable features. Logistic regression which was the estimator of the SFS algorithm

was trained using 5-fold cross validation on the training data. The hybrid feature selec-

tion process was repeated 100 times and 15 most chosen features were used for model

training. After the 100 times repetition, feature selection stabilities were quanti�ed by

Jaccard index also called intersection over union [67].

2.2.7 Model training and evaluation

In order to investigate the applicability of 3D CT-based radiomics features in

determining the low and high grade of ccRCC tumors, features extracted from six dif-

ferent VOIs were fed as input to 3 di�erent ML models. Each imbalance radiomics

feature set extracted from iTV, aTV, 2mm sTV, 4mm sTV, 2mm eTV and 4mm eTV

was upsampled with SMOTE, SVMSMOTE and ADASYN and a total of 18 balanced

feature sets were obtained. In addition to balanced feature sets, there were also 6

imbalance feature sets (one feature set for each VOI), therefore there were 24 training

feature sets in total. 15 top ranked features were selected from 24 feature sets, and

they were given as input to 3 di�erent classi�ers which were a LightGBM, Random

Forest RF and random subspace-KNN. In total 72 classi�ers were trained on training

datasets. Testing feature sets were used to evaluate model performances by using the

area under the curve (AUC) of the receiver operating characteristic (ROC) curves. Fea-

ture selection, upsampling, model training and testing processes were repeated 5 times

for di�erent training and testing partitions (5 fold nested cross validation). DeLong

test [68] was used to compare ROC curves, Youden's J Statistic [69] was used to �nd

the optimal threshold values for accuracy, precision and recall calculation.

After evaluating results of each model, performance of the model with the high-

est AUC value was also examined on the other feature sets extracted from iTV and

2mm eTV to interpret robustness and generalizability of the best models. Image pre-

processing, feature extraction, feature selection, model training, model performance
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evaluation and metric calculation processes were performed with using Python soft-

ware (version 3.6).

2.2.8 Statistical Analysis

Counts (n) and percentages (%) are used to phrase categorical variables and

average ± standard deviations were used to phrase continuous variables. Student's

t-test and Chi-square test were used to compare continuous and categorical data. A

two-tailed p-value below 0.05 was deemed statistically signi�cant.

2.3 Results

2.3.1 Patients

In Table 2.1, distributions of patients included in this study were shown.

2.3.2 Feature selection and classi�cation

Image resolutions were �xed to 1 mm x 1 mm x 1 mm and features were extracted

from 6 di�erent VOIs demonstrated in Figure 2.4. 1133 features were extracted from

each VOI. Each feature set was split into two as imbalance train feature sets and test

sets. Imbalance training feature sets were upsampled with ADASYN, SMOTE, and

SVMSMOTE methods. They were used for feature selection and model training, but

test sets were used only for model evaluation. Four feature sets were acquired for each

VOI (1 imbalance and 3 balanced), so a total of 24 feature sets (non-up sampled feature

sets included) were obtained for 6 VOIs. Feature selection steps were repeated 100 times

in each feature selection process and selection stabilities were calculated, so a total

of 2400 feature selection processes were performed. In each feature selection process,

Pearson's correlation coe�cients were calculated to �nd highly correlated features, and
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features with a correlation bigger than 0.9 were eliminated, after elimination remaining

feature numbers were between 223-258. Subsequently, a linear-SVM algorithm with L1

loss was used to �nd important and discriminative features. The selected number

of features was between 60-82. Lastly, the most important 15 features were selected

among the remaining features sequentially with the SFS method.

LightGBM, RF, and subspace KNN models were trained on training feature

sets (balanced and imbalance). More than 3000 hyperparameter combinations were

tried on each ML model by using the grid search method on training data to �nd the

best hyperparameters that maximize model performance. Performance of ML models

trained on 24 di�erent training feature sets was evaluated corresponding test feature

set. These processes were repeated 5 times for di�erent training and testing partitions

(5-fold nested cross validation) AUCs of each cross validated model of aTV, iTV, 2mm

sTV, 4mm sTV, 2mm eTV, and 4mm eTV are shown in Table 2.2, Table 2.3, Table

2.4, Table 2.5, Table 2.6, and Table 2.7, respectively. Highest AUC values of aTV,

iTV, 2mm sTV, 4mm sTV, 2mm eTV and 4mm eTV were 0.89 ± 0.02, 0.87 ± 0.03,

0.78 ± 0.09, 0.78 ± 0.07, 0.77 ± 0.06, and 0.67 ± 0.03 respectively. Highest AUC

score was obtained in aTV with combination of SMOTE and LightGBM algorithm

and ROC curves of each fold and mean curve are shown in Figure 2.5. ROC curves of

cross validated each evaluated model are supplied in Appendix A.

The performance of the best models was also evaluated on the datasets extracted

from other regions and AUCs are 0.86 ± 0.04 (p = 0.46) and 0.83 ± 0.05 (p = 0.34)

for iTV and 2mm eTV, respectively.
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Figure 2.5 Best ROC curve of the study.

Table 2.2
Classi�cation results of features extracted from aTV.

AUC

Up sampling LightGBM Subs. KNN RF Stab.1

a
T
V

- 0.78 ± 0.06 0.74 ± 0.09 0.74 ± 0.08 0.89

ADASYN 0.84 ± 0.04 0.86 ± 0.04 0.82 ± 0.07 0.94

SMOTE 0.89 ± 0.02 0.85 ± 0.06 0.80 ± 0.08 1

SVMSMOTE 0.80 ± 0.10 0.83 ± 0.10 0.80 ± 0.10 1

1 Stability is Jaccard's index between 0 and 1; ± 1 standard deviation.
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Table 2.3
Classi�cation results of features extracted from iTV.

AUC

Up sampling LightGBM Subs. KNN RF Stab.1
iT
V

- 0.85 ± 0.04 0.80 ± 0.09 0.81 ± 0.09 0.82

ADASYN 0.87 ± 0.03 0.85 ± 0.07 0.81 ± 0.09 0.76

SMOTE 0.82 ± 0.06 0.80 ± 0.07 0.80 ± 0.08 0.93

SVMSMOTE 0.87 ± 0.03 0.82 ± 0.10 0.82 ± 0.10 0.97

1 Stability is Jaccard's index between 0 and 1; ± 1 standard deviation.

Table 2.4
Classi�cation results of features extracted from 2mm sTV.

AUC

Up sampling LightGBM Subs. KNN RF Stab.

2
m
m

sT
V

- 0.62 ± 0.12 0.64 ± 0.11 0.66 ± 0.11 0.90

ADASYN 0.71 ± 0.07 0.71 ± 0.07 0.69 ± 0.06 0.85

SMOTE 0.73 ± 0.10 0.69 ± 0.09 0.67 ± 0.11 0.90

SVMSMOTE 0.78 ± 0.09 0.74 ± 0.10 0.73 ± 0.09 1

1 Stability is Jaccard's index between 0 and 1; ± 1 standard deviation.

Table 2.5
Classi�cation results of features extracted from 4mm sTV.

AUC

Up sampling LightGBM Subs. KNN RF Stab.

4
m
m

sT
V

- 0.69 ± 0.06 0.68 ± 0.05 0.67 ± 0.06 0.76

ADASYN 0.72 ± 0.04 0.70 ± 0.11 0.70 ± 0.11 0.99

SMOTE 0.76 ± 0.04 0.71 ± 0.09 0.71 ± 0.08 0.80

SVMSMOTE 0.78 ± 0.07 0.74 ± 0.08 0.72 ± 0.09 0.90

1 Stability is Jaccard's index between 0 and 1; ± 1 standard deviation.
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Table 2.6
Classi�cation results of features extracted from 2mm eTV.

AUC

Up sampling LightGBM Subs. KNN RF Stab.

2
m
m

e
T
V

- 0.74 ± 0.09 0.72 ± 0.09 0.72 ± 0.08 0.80

ADASYN 0.77 ± 0.06 0.77 ± 0.08 0.75 ± 0.08 0.86

SMOTE 0.69 ± 0.04 0.70 ± 0.04 0.71 ± 0.06 1

SVMSMOTE 0.70 ± 0.08 0.71 ± 0.06 0.73 ± 0.08 0.80

1 Stability is Jaccard's index between 0 and 1; ± 1 standard deviation.

Table 2.7
Classi�cation results of features extracted from 4mm eTV.

AUC

Up sampling LightGBM Subs. KNN RF Stab.

4
m
m

e
T
V

- 0.63 ± 0.06 0.65 ± 0.08 0.66 ± 0.08 0.70

ADASYN 0.67 ± 0.03 0.66 ± 0.05 0.66 ± 0.05 0.90

SMOTE 0.67 ± 0.13 0.64 ± 0.11 0.65 ± 0.11 0.70

SVMSMOTE 0.66 ± 0.07 0.66 ± 0.08 0.65 ± 0.09 0.65

1 Stability is Jaccard's index between 0 and 1; ± 1 standard deviation.



27

2.4 Discussion

In this study, we investigated the predictive value of radiomics features ex-

tracted from 3D CT images for ccRCC tumour grade classi�cation. The statistical

results shown in previous section have indicated that ML algorithms can produce an

encouraging performance in predicting tumour grade despite the use of small and im-

balanced datasets. This can explain the high performance obtained despite the use of

a small training dataset. SMOTE was also used to remedy the problem of an imbal-

anced dataset. Therefore, we can suggest that small and imbalanced datasets can also

be used to create ML models to classify tumour grades of ccRCC. Di�erent regions,

namely, aTV, iTV, 2mm sTV, 4mm sTV, 2mm eTV and 4mm eTV were examined

for WHO/ISUP based 2-tier tumour grade determination. iTV and aTV had better

performance classi�cation than sTV and eTV. Inner and outer regions of the tumorous

tissue had also a predictive value, but not as much as the actual tumour volume.

Some previous studies have also shown that CT-based radiomics features had

an ability to discriminate low and high grade of ccRCC. One of these studies was

conducted by Feng et al. [47] on 131 patients and the feature extraction was done

from 3D images, and the highest AUC value obtained in the evaluation results was

0.83. Another study was conducted by Bektas et al. [48] and 53 patients were included

in the study. In this study, which was carried out by extracting features from 2D

images, performance evaluation was made with the cross-validation method and the

AUC value was 0.86. In the study conducted by Ding et al. [49], there were a total

of 206 patients, 92 of them were in the test set, and the highest AUC they could

achieve was 0.84. In addition, to the best of our knowledge, there is only one study has

evaluated surrounding tissues for the ccRCC tumour grade classi�cation. A total of 203

patients were used in the study conducted by Zhou et al. [50], and 81 of them were used

as an independent test set. The features were extracted from the 3D images and the

features were extracted from the peritumour area and their performance was checked.

The highest AUC values are 0.848 and 0.773 for peritumoral region and tumoral mass

volume, respectively. Although there was a more or less imbalance in the data sets

in all these studies, an upsampling method was not used in any of them. Our �rst
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di�erence from these studies is that we used 3 di�erent up sampling methods and tried

to increase model performances (the highest AUC value we obtained was obtained with

one of the upsampling methods). In addition, as in several previous studies, we tried

to learn about tumour characteristics by extracting features from 3D images. Another

di�erence is that we evaluated the features extracted from a total of 6 di�erent areas,

and measured the e�ect of these areas on tumour grade classi�cation. All studies are

summarized in Table 2.8.

Table 2.8
Summary of previous studies and our study.

Author
# of

patients

ML

Algorithm
Image Grading

Peritumoral

Assessment
AUC

[47] 131 MMLR
3D / Whole

slices

2-tiered /

Fuhrman
NO 0.83

[48] 53 SVM*
2D / Multiple

slices

2-tiered /

Fuhrman
NO 0.86

[49] 206 LR
2D / Multiple

slices

2-tiered /

Fuhrman
NO 0.84 ± 0.08

[50] 203 LASSO
3D / Whole

slices

2-tiered /

Fuhrman
YES 0.85 ± 0.09

Our

model
143 LightGBM*

3D / Whole

slices

2-tiered /

WHO/ISUP
YES 0.89 ± 0.02

In order to prevent to create biased and low performance model, up sampling

methods which are SMOTE, SVMSMOTE and ADASYN algorithms were applied to

training sets and model performances were evaluated on the test sets. The problem

of overoptimism arises when the characteristics of the data in the training set and the

test set are very similar [70]. One of the main reasons for this is the application of

up sampling algorithms to the entire data set that is why only training sets were up

sampled here. We applied all up sampling algorithms to improve performance, but as

seen in the results, performance improvement was not always observed. All the methods

used in this study make the amount of data by generating synthetic data. Synthetic

data are produced similarly to the distribution of minority classes in the dataset, but

in addition they create a broader and less sharp class boundary. Most of the time, this
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increases the generalizability of the model and thus improves its performance. However,

if synthetic data is produced very close to the class boundaries or in the overlapping

areas, it can also cause performance loss [70]. The performance losses by up sampling

observed in this study may be due to this reason.

As shown in Table 2.2, Table 2.3, Table 2.4, Table 2.5, Table 2.6 and Table

2.7, it is possible to conclude that up sampling methods increase the models' ability to

distinguish grades. For instance, while analyzing aTV radiomics features, LightGBM's

AUC score was increased from 0.78 to 0.89 with SMOTE. Combination of SMOTE and,

LightGBM performed best on the aTV, but performance of combination of ADASYN

and subspace KNN is also very close to best. However, it is not possible to compare

performance of only up sampling methods or only ML algorithms, because combination

matters. For example, while looking at the performance of LightGBM on aTV feature

assessment (see Table 2.2), SMOTE is better than ADASYN, but ADASYN performs

better with subspace KNN than SMOTE. Similarly, comparing performance of Light-

GBM and subspace KNN is not possible because subspace KNN has higher AUC score

with ADASYN, but LightGBM has higher AUC value with SMOTE. Therefore, it is

possible to make inferences that combinations of up sampling methods with LightGBM

and subspace KNN performs better than other cases and there is no best up sampling

method, but balanced training dataset give better results than original unbalanced

dataset. Feature selection stability of the datasets up sampled with SVMSMOTE is

higher than the other most of the time, not like SMOTE algorithm uses KNN to create

synthetic data to up sample minority class, SVMSMOTE uses support vectors to �nd

borders between classes and create new synthetic data in class region, so new dataset's

data distribution in features are more discrete than dataset created with SMOTE [52]

and this results with higher in feature selection stability.

When looking at the best results of each VOI (see Table 2.9), aTV performed

best for ccRCC tumor grade classi�cation. Best performed models of each VOI are

listed in Table 2.9 and p values were calculated to compare whether they are signi�-

cantly di�erent from best model of the aTV. According to p values, there is a signi�cant

di�erence only between aTV and 4mm eTV with p=0.008 (signi�cance level is 0.05).
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aTV and iTV gave almost same results (p=0.77) with AUC 0.89 ± 0.02 and 0.87 ±

0.03, respectively, so incomplete segmentation of the tumor area, in other words seg-

menting not the entire tumor but a big portion of it, is su�cient to understand tissue

properties and classify tumor grade with near full performance. Therefore, while per-

forming tumor segmentation, it should be paid attention to whether the selected areas

are outside the tumor area, because the properties of the tissues outside the tumor

are very di�erent from the tumor and this error in segmentation can unfavourably af-

fect radiomics and their prediction performance. It should also be noted that because

peritumour segmentation is performed automatically, peritumour areas may contain

di�erent non-tumor tissues, and therefore, features extracted from peritumour areas

may not represent the tissue properties of the tumor with perfect accuracy. Further-

more, the heterogeneity of data acquisition and scanner conditions may also play a

role.

However, the performance of the best model which was trained on the features

extracted from aTV using the features extracted from iTV and 2mm sTV shows us

that AUC values are not signi�cantly a�ected, in other words, the best model is robust

and generalizable enough to compensate 2mm errors in segmentation.

Table 2.9
Best performed model of each VOI

VOI Upsampling ML AUC ACC RECALL PREC p value

aTV SMOTE LightGBM 0.89 ± 0.02 0.84 0.83 0.86 -

iTV SVMSMOTE LightGBM 0.87 ± 0.03 0.81 0.80 0.82 0.77

2mm sTV SVMSMOTE LightGBM 0.78 ± 0.09 0.72 0.71 0.76 0.16

4mm sTV SVMSMOTE LightGBM 0.78 ± 0.07 0.71 0.70 0.75 0.18

2mm eTV ADASYN LightGBM 0.77 ± 0.06 0.70 0.69 0.73 0.09

4mm eTV ADASYN LightGBM 0.67 ± 0.03 0.65 0.64 0.68 0.008*

The tumour grade of ccRCC is signi�cant in determining a patient's prognosis

and a treatment plan, so this study may have clinical and practical impacts as these

grade estimates are obtained pre-operatively and non-invasively. Invasive methods
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like biopsy can be time consuming, biased and non-reproducible because of tumor

heterogeneity, but radiomics assessments can be a good method for ccRCC tumor

grading rapidly and accurately before surgery.

Although our ensemble models were trained and tested on a small dataset ob-

tained from a single center, they had ability to discriminate tumor grade. However,

there are some limitations to our study. Larger and multicentric datasets are needed

to assure more generalizable models.

In conclusion, this work presents a method to obtain robust and accurate WHO

/ ISUP grade prediction of ccRCC tumours preoperatively and noninvasively, even with

small and imbalanced datasets. To achieve this radiomic features were extracted from

3D whole tumour images, proper up sampling methods were applied, hyperparameters

were optimized and appropriate ensemble learning algorithms were used. With these

techniques, the change in performance may not be very signi�cant with operator in-

duced deviations in segmentation. Further research is needed to con�rm these results

and evaluate the performance with manually drawn peritumour as well as di�erent or

larger databases.
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3. List of publications produced from the thesis

1. Robust whole-tumor 3D volumetric CT-based radiomics approach for predicting

the WHO/ISUP grade of a ccRCC tumor, A. Karagöz, A. Güveni³, "Computer

Methods in Biomechanics and Biomedical Engineering: Imaging & Visualization"

(Under review)

2. Predicting the Grade of Clear Cell Renal Cell Carcinoma from CT Images Using

Random Subspace-KNN and Random Forest Classi�ers A. Karagöz, A. Güveni³,

2021 IEEE Ural Symposium on Biomedical Engineering, Radioelectronics and

Information Technology (USBEREIT), 13�14 May, 2021,.
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APPENDIX A. ROC CURVES AND SELECTED

FEATURES

A.1 ROC Curves and Selected Features of aTV

Performance of three ML models trained with imbalance feature sets extracted

from aTV are shown in Figure A.1. Performance of three ML models trained with

using balanced/upsampled (ADASYN) feature sets extracted from aTV are shown in

Figure A.2. Performance of three ML models trained with using balanced/upsampled

(SMOTE) feature sets extracted from aTV are shown in Figure A.3. Performance of

three ML models trained with using balanced/upsampled (SVMSMOTE) feature sets

extracted from aTV are shown in Figure A.4. Mean ROC curves and AUC values of 5

fold nested cross validation are shown on images.

Figure A.1 Performances of three models trained with original features obtained from aTV.
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Figure A.2 Performances of three models trained with up-sampled (ADASYN) features obtained
from aTV.

A.2 ROC Curves and Selected Features of iTV

Performance of three ML models trained with imbalance feature sets extracted

from iTV are shown in Figure A.5. Performance of three ML models trained with

using balanced/upsampled (ADASYN) feature sets extracted from iTV are shown in

Figure A.6. Performance of three ML models trained with using balanced/upsampled

(SMOTE) feature sets extracted from iTV are shown in Figure A.7. Performance of

three ML models trained with using balanced/upsampled (SVMSMOTE) feature sets

extracted from iTV are shown in Figure A.8. Mean ROC curves and AUC values of 5

fold nested cross validation are shown on images.



35

Figure A.3 Performances of three models trained with up-sampled (SMOTE) features obtained from
aTV.

Figure A.4 Performances of three models trained with up-sampled (SVMSMOTE) features obtained
from aTV.
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Figure A.5 Performances of three models trained with original features obtained from iTV.

Figure A.6 Performances of three models trained with up-sampled (ADASYN) features obtained
from iTV.
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Figure A.7 Performances of three models trained with up-sampled (SMOTE) features obtained from
iTV.

Figure A.8 Performances of three models trained with up-sampled (SVMSMOTE) features obtained
from iTV.



38

A.3 ROC Curves and Selected Features of 2mm sTV

Performance of three ML models trained with imbalance feature sets extracted

from 2mm sTV are shown in Figure A.9. Performance of three ML models trained

with using balanced/upsampled (ADASYN) feature sets extracted from 2mm sTV

are shown in Figure A.10. Performance of three ML models trained with using bal-

anced/upsampled (SMOTE) feature sets extracted from 2mm sTV are shown in Fig-

ure A.11. Performance of three ML models trained with using balanced/upsampled

(SVMSMOTE) feature sets extracted from 2mm sTV are shown in Figure A.12. Mean

ROC curves and AUC values of 5 fold nested cross validation are shown on images.

Figure A.9 Performances of three models trained with original features obtained from 2mm sTV.
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Figure A.10 Performances of three models trained with up-sampled (ADASYN) features obtained
from 2mm sTV.

Figure A.11 Performances of three models trained with up-sampled (SMOTE) features obtained
from 2mm sTV.
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Figure A.12 Performances of three models trained with up-sampled (SVMSMOTE) features ob-
tained from 2mm sTV.
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A.4 ROC Curves and Selected Features of 4mm sTV

Performance of three ML models trained with imbalance feature sets extracted

from 4mm sTV are shown in Figure A.13. Performance of three ML models trained

with using balanced/upsampled (ADASYN) feature sets extracted from 4mm sTV

are shown in Figure A.14. Performance of three ML models trained with using bal-

anced/upsampled (SMOTE) feature sets extracted from 4mm sTV are shown in Fig-

ure A.15. Performance of three ML models trained with using balanced/upsampled

(SVMSMOTE) feature sets extracted from 4mm sTV are shown in Figure A.16. Mean

ROC curves and AUC values of 5 fold nested cross validation are shown on images.

Figure A.13 Performances of three models trained with original features obtained from 4mm sTV.



42

Figure A.14 Performances of three models trained with up-sampled (ADASYN) features obtained
from 4mm sTV.

Figure A.15 Performances of three models trained with up-sampled (SMOTE) features obtained
from 4mm sTV.
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Figure A.16 Performances of three models trained with up-sampled (SVMSMOTE) features ob-
tained from 4mm sTV.
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A.5 ROC Curves and Selected Features of 2mm eTV

Performance of three ML models trained with imbalance feature sets extracted

from 2mm eTV are shown in Figure A.17. Performance of three ML models trained

with using balanced/upsampled (ADASYN) feature sets extracted from 2mm eTV

are shown in Figure A.18. Performance of three ML models trained with using bal-

anced/upsampled (SMOTE) feature sets extracted from 2mm eTV are shown in Fig-

ure A.19. Performance of three ML models trained with using balanced/upsampled

(SVMSMOTE) feature sets extracted from 2mm eTV are shown in Figure A.20. Mean

ROC curves and AUC values of 5 fold nested cross validation are shown on images.

Figure A.17 Performances of three models trained with original features obtained from 2mm eTV.
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Figure A.18 Performances of three models trained with up-sampled (ADASYN) features obtained
from 2mm eTV.

Figure A.19 Performances of three models trained with up-sampled (SMOTE) features obtained
from 2mm eTV.
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Figure A.20 Performances of three models trained with up-sampled (SVMSMOTE) features ob-
tained from 2mm eTV.
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A.6 ROC Curves and Selected Features of 4mm eTV

Performance of three ML models trained with imbalance feature sets extracted

from 4mm eTV are shown in Figure A.21. Performance of three ML models trained

with using balanced/upsampled (ADASYN) feature sets extracted from 4mm eTV

are shown in Figure A.22. Performance of three ML models trained with using bal-

anced/upsampled (SMOTE) feature sets extracted from 4mm eTV are shown in Fig-

ure A.23. Performance of three ML models trained with using balanced/upsampled

(SVMSMOTE) feature sets extracted from 4mm eTV are shown in Figure A.24. Mean

ROC curves and AUC values of 5 fold nested cross validation are shown on images.

Figure A.21 Performances of three models trained with original features obtained from 4mm eTV.
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Figure A.22 Performances of three models trained with up-sampled (ADASYN) features obtained
from 4mm eTV.

Figure A.23 Performances of three models trained with up-sampled (SMOTE) features obtained
from 4mm eTV.
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Figure A.24 Performances of three models trained with up-sampled (SVMSMOTE) features ob-
tained from 4mm eTV.
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