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Background 

Over the last decades, positron emission tomography (PET) has established its role in 

oncology. By visualizing underlying biological processes, PET provides additional value to 

structural imaging techniques such as computed tomography (CT) or magnetic resonance 

imaging (MRI) [1, 2].  

Prior to PET image acquisition, a tracer, labelled with a positron emitting isotope, is 

administered to the patient. This so-called radiotracer distributes over the body and 

accumulates in e.g. cancer cells or inflammatory tissue. An emitted positron combines 

with an electron in tissue after which the two particle annihilate, thereby forming two 511 

keV photons that are emitted in opposite directions. A PET system consists of multiple 

detector rings that can detect these pairs of simultaneously emitted photons. The origin of 

an annihilation event is located on the line connecting the two detectors that 

simultaneously (in coincidence) detect the two annihilated photons. This detection line is 

called a line of response. A large number of lines of responses build up the projection data 

that are measured by the PET scanner and subsequently these projection data can be 

reconstructed into an image displaying the distribution of the radiotracer in the body [3]. 

A large variety of tracers is available, which enable imaging of  many different tissue 

characteristics. In oncology, the most widely used tracer is [
18

F]-2-fluoro-2-deoxy-D-

glucose
 
(FDG), a glucose analogue. As cancer cells have increased glucose consumption 

compared with healthy tissue, most tumours show increased FDG uptake [4]. FDG PET is 

therefore an established tool for diagnosis, staging, and treatment monitoring in oncology 

[5–7].  

Although FDG PET can be used to localize a large variety of tumours, it does not provide 

specific information regarding therapy decisions. For this purpose, other tracers that more 

specifically bind to targets or receptors may be more useful. For example, 16a-18F-fluoro-

17b-estradiol ([18F]FES) PET can be used in breast or ovarian cancer to assess the 

presence of oestrogen receptors on tumour cells and, as such, it can indicate whether 

antihormonal therapy would be advantageous for the patient [8, 9]. Moreover, 

monoclonal antibodies (Mab) can be used for cancer treatment [10]. These drugs can be 

labelled with Zirconium-89 (
89

Zr), which has a physical half-life of 78 hours, comparable 

with the biological half-life of antibodies. A 
89

Zr PET scan may provide predictive 

information on the possible effectiveness of immunotherapy by displaying presence (i.e. 

accumulation) antibody targets in the tumour [11].  

As to date 90% of PET examinations, performed in clinical practice, use the tracer FDG, the 

focus of this thesis is on FDG PET. At present, cancer diagnosis and staging are mainly 

based on visual inspection of FDG images [12, 13]. While visual assessment is suitable for 

diagnostic purposes, visual assessment of treatment efficacy is more challenging. In 
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contrast, quantitative values extracted from PET images can provide more accurate and 

reliable assessments of treatment response [14]. As visual assessment can be subjective 

and susceptible to observer variability, the use of these quantitative metrics could also 

improve both reproducibility and accuracy of diagnosis and staging. In oncology, the most 

established semi-quantitative metric is the standardized uptake value (SUV) [15]. SUV is 

the intensity value observed in the PET image normalized by injected activity dose 

(present at start of scan) over body weight:                

where cimg is the intensity value or activity concentration observed in the image (kBq/mL), 

ID the amount of tracer at start of scan (MBq), and BW patient body weight (kg). In clinical 

practice, the injected activity is also normalized by lean body mass index or body surface 

area. SUV is used to detect tumours and metastasis, for tumour staging, and treatment 

response assessment. However, SUV is highly sensitive to differences in reconstruction 

algorithm, physiological conditions, as well as differences in uptake time. Therefore, a 

standardization of PET image acquisition is needed to make scans acquired at different 

institutions comparable.   

Basic SUV metrics such as the maximum SUV (SUVMAX) or the mean SUV (SUVMEAN) 

calculated from a segmented tumour give information about the tracer uptake in that 

tumour and can be used for tumour staging or treatment response assessment [16, 17]. 

Another frequently used metric is the metabolically active tumour volume (MATV) which 

is defined as the volume of hypermetabolic tissue yielding a SUV equal to and above a 

certain threshold. 

Radiomics 

Basic SUV metrics describe overall tracer uptake in a tumour, but do not contain 

information about its distribution within the tumour. It is possible to define image 

biomarkers that do not only describe tumour shape and basic statistics, but can also 

capture uptake heterogeneity within the tumour. These textural features might yield 

additional clinical value on top of basic SUV metrics. Moreover, these features can 

quantitatively describe tumour characteristics that are impossible to detect visually [18–
20]. For the calculation of textural features, a matrix is created containing information 

about the intensity distribution of the tumour. E.g. the grey level co-occurrence matrix 

(GLCM) captures how frequently the combination of discretized intensity values of two 

neighbouring voxels is occurring in the image.   

Radiomic features are defined as the combination of statistical features including basic 

SUV metrics, shape characteristics, and a large number of textural features.  An example 



14 

  

of two non-small cell lung cancer (NSCLC) tumours with similar SUVMAX and SUVMEAN 

values, but different radiomic feature values is given in Figure 1.  

 

 

Figure 1: Two tumours with similar basic SUV metrics (left: SUVMAX 9.02, SUVMEAN 4.3; right: 

SUVMAX: 9.05, SUVMEAN: 4.2), but with different radiomic feature values (e.g. the textural feature 

joint variance GLCM2DAVG left: 19.7, right: 13.9) 

 

Radiomics workflow 

Prior to the calculation of radiomic features, several steps need to be performed as 

illustrated in Figure 2. After image acquisition and reconstruction, a tumour is delineated 

within an image (segmentation). Next, both PET image and volume of interest (VOI) can be 

interpolated to a cubic voxel size, if desired. An interpolation to cubic voxels guarantees 

the rotational invariance of textural features and makes features extracted from images 

with different voxel sizes comparable. From the (interpolated) segmented tumour, basic 

statistical as well as shape features can be extracted. The PET intensity values within the 

VOI are discretized such that the image contains only a limited number of discrete 

intensity values, necessary to calculate textural features. From the discretized VOI, 

textural features are calculated. These features can be used to develop a prognostic or 

predictive model, for example for predicting survival of patients.  

 

 

Figure 2: Radiomics workflow: Optional steps are displayed in grey. 
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Challenges of radiomics 

Even though many studies reported on the additional value of radiomic analysis [21, 22], 

presently radiomics is only used for scientific purposes and is not yet implemented in the 

clinic. This is due to several challenges associated with radiomics [23, 24]. One important 

aspect is the sensitivity of radiomic features to differences in reconstruction settings [25]. 

This lack of robustness leads to only a small number of repeatable and reproducible 

features. Here, repeatable features are features that are stable when extracted from 

images obtained from multiple acquisitions under the same conditions, i.e. on the same 

system and with the same image processing settings. While reproducible features are 

features resulting in stable values when the corresponding images were acquired under 

different conditions, i.e. on different scanners. To be sure that observed changes in 

feature values during treatment monitoring are due to underlying biological changes of 

tumour tissue and not to low feature repeatability, the identification of repeatable 

features is essential. The exclusive use of reproducible features for diagnostic or 

prognostic purposes assures that results are independent of the actual scanner being 

used. However, there is no consensus yet which radiomic features are repeatable and 

reproducible. 

Another important drawback is the sensitivity of radiomic features to differences in 

tumour segmentation [26]. To date, segmentations are primarily performed manually, 

leading to high inter-observer variability and low reproducibility [27, 28]. Therefore, 

radiomic features extracted from consecutive scans of the same patient might differ due 

to (observer) variability in segmentations [25, 26]. It is essential that a segmentation 

method, used in the radiomics workflow, is accurate, reproducible and repeatable. An 

example of the sensitivity of radiomic features to reconstruction setting and tumour 

segmentation is illustrated in Figure 3.  
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Figure 3: Illustration of the sensitivity of radiomic features to differences in image reconstruction 

settings (upper images) and tumour segmentation (bottom images). Two textural features were 

calculated for different reconstruction settings with fixed segmentation (top) and two 

segmentation approaches for fixed reconstruction settings (bottom). (HGLRE: High Grey Level Run 

Emphasis: The more high intensity values are appearing continuously in the image, the larger the 

value. I.e. if the tumour is very homogeneous with a high uptake, the value is high. Busyness 

measures if there are  big changes in intensity values between neighboring voxels. If the tumour is 

very heterogeneous, busyness has a higher value than when the tumour is homogeneous. ) 

Moreover, for textural feature calculation, discretization of image intensities within the 

volume of interest is necessary. Image discretization is converting the continuous intensity 

values of the original lesion to a discrete number of intensity values. Two discretization 

methods are widely used in radiomics research, i.e. a fixed number of bins (e.g. 64) or a 

fixed bin width e.g. 0.25 SUV. Both intensity discretization methods are illustrated in 

Figure 4. Radiomic feature values differ highly between both discretization methods [29]. 

However, there is no consensus yet which discretization method is most appropriate.  

 

Figure 4: Slice of one tumour with original SUV values (left), discretized with a fixed bin number 0f 

64 (middle), and discretized with a fixed bin width of 0.25 SUV (right). 

In addition, for a reproducible radiomic study, it is essential that all institutions are using 

the same feature definitions and calculations. Clear definitions for the calculation of 
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radiomic features are given by the Image Biomarker Standardization Initiative (IBSI) 

providing feature definitions as well as feature benchmark values for several phantom and 

clinical images [30, 31].  

Another important point is the correlation of a large number of radiomic features with 

conventional PET metrics (such as volume). It needs to be guaranteed that a radiomic 

feature, representative for a certain task, indeed provides additional Information over 

conventional metrics and that it is not achieving good results due to its high correlation 

with e.g. tumour volume. Moreover, it has to be verified that a radiomic feature describes 

relevant underlying biological texture [32].  

In summary, radiomic features are sensitive to all steps involved in the feature calculation 

and the feature definitions/calculations themselves. To draw general conclusion about the 

additional clinical value of radiomic features, rigorous harmonization of these steps is 

necessary, as only with harmonized pre-processing steps, clinical studies of different 

institutions will generate comparable radiomics results. In addition, each radiomic feature 

has to be checked carefully with respect to its additional and predictive value when 

compared with conventional SUV metrics. 

Aim of this thesis 

The aims of this thesis are to identify reconstruction settings and discretization methods 

leading to the highest number of repeatable and reproducible radiomic features, as well 

as to determine a (semi-) automatic segmentation method leading to accurate and 

repeatable segmentations that can be used in the radiomics pipeline.  

Thesis outline 

The identification of repeatable and reproducible radiomic features is essential for clinical 

implementation of radiomics. Moreover, as radiomic features depend on each step in the 

radiomics pipeline, it is of the utmost importance that all steps are reported adequately. 

Therefore, Chapter 2 presents a review on repeatability and reproducibility of radiomic 

features as well as a quality score for radiomic analysis reporting.  

Standardized feature definitions and calculations are one important step towards a 

standardized radiomics workflow. To provide a tool calculating radiomic features in 

compliance with the benchmarks provided by IBSI, Chapter 3 presents a radiomics 

calculator implemented in C++ following the feature definitions and calculations provided 

by IBSI.  

In Chapter 4, the impact of image reconstruction settings, tumour delineation, image 

discretization, and voxel size on repeatability of PET radiomic features was investigated in 

phantom scans.  
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In Chapter 5 an additional multi-centre study was performed using 3D printed phantom 

inserts simulating more realistic tumour shapes and tracer uptake heterogeneity. By 

scanning this phantom on several PET scanners, the reconstruction settings and 

discretization method leading to the largest number of reproducible radiomic features 

was identified.   

In addition to the repeatability and reproducibility of a radiomic feature, it is equally 

important that the feature has additional value to conventional PET metrics. Moreover, 

features need to describe relevant tumour textures. Therefore, in Chapter 6, the 

correlation of radiomic features with conventional PET metrics was investigate as well as 

their ability to describe non-random textures in a datasets of patients with NSCLC.  

Especially patients with advanced disease, showing large and bulky tumours, might benefit 

from radiomics analysis. However, a reproducible and accurate segmentation is 

challenging as manual segmentations usually suffer from low reproducibility, while 

automatic segmentations frequently fail for large and bulky tumours. Therefore, in 

Chapter 7 four new workflows for the segmentation of large and bulky tumours are 

proposed.  

Artificial intelligence (AI) based segmentation algorithms have gained increasing interest 

in recent years. Many studies reported on the advantages of Convolutional Neural 

Networks (CNN) or other machine learning based segmentation approaches in terms of 

segmentation accuracy. However, for reliable treatment assessment, a repeatable 

segmentation is equally important. In Chapter 8, the repeatability of conventional tumour 

segmentation algorithms are compared with those of two AI based segmentation 

methods.  

Machine learning for voxel-wise tumour segmentation has great promise. By learning the 

most important features of a tumour or background voxel, a machine learning based 

segmentation algorithm might yield better accuracy and repeatability than conventional 

segmentation approaches. Therefore, in Chapter 9, a machine learning based 

segmentation algorithm for PET tumour segmentation is proposed and compared with 

other textural feature based segmentation methods and conventional segmentation 

approaches. 
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