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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 

Chapter 1 - Introduction 
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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 
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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. 

Chapter 1 - Introduction 
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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 

Chapter 1 - Introduction 
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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.  



18 

  

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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Abstract 

Purpose: The field “Radiomics” gained increasing interest in the last years. Several studies 
demonstrated the promising value of radiomic features for cancer diagnosis, prognosis, or 

treatment assessment. To derive widely generalizable radiomic models, the use of 

repeatable and reproducible features is of foremost importance. In this systematic review, 

we analyzed 27 peer-reviewed articles reporting on the repeatability and reproducibility 

of radiomic features. 

 

Methods and Materials: As search strategy the key terms - cancer, radiomics, 

reproducibility, and repeatability – were used through PubMed and Web of Science 

electronic databases as in our previous review. Each abstract including the keywords was 

independently screened by four observers. 27 full-text articles not previously collected 

were selected. Information about patient population, feature groups, software, 

preprocessing, and  repeatability/reproducibility results were extracted from each article. 

A radiomic reporting checklist was proposed evaluating the feasibility to fully reproduce 

each study, emphasizing of the quality of reporting of pre-extraction processing 

information.  

 

Results: The number of MR studies has raised from the previous review. Unfortunately, 

still many studies continue to under-report essential reproducibility information such as 

preprocessing applied before radiomic analysis. Repeatability/reproducibility of radiomic 

features is sensitive to processing details such as image reconstruction and image 

preprocessing. Shape features are confirmed to be the most robust to acquisition settings 

compared to texture features. However, many of the studies agreed that contouring inter-

observer variability strongly affects shape features’ stability.  
Conclusions: Feature repeatability and reproducibility and reporting quality still needs to 

be improved regarding details of feature extraction software, digital image manipulation 

(preprocessing), feature extraction parameters, and the cutoff value used to distinguish 

stable features. We propose a radiomic reporting checklist to encourage transparency of 

extraction procedures. We recommend to append to radiomics studies the checklist as 

fundamental metadata in order to guarantee the possibility to fully replicate and validate 

their studies.  
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Introduction 

“Radiomics”, the automated extraction of imaging biomarkers from patients’ scans has 
gained an increasing interest in the last decade. Several radiomic studies have reported 

promising results for cancer diagnosis, prognosis, or evaluation of treatment response [1–
3].  Radiomic studies span common volumetric imaging modalities such as Computed 

Tomography (CT), Positron Emission Tomography (PET), and Magnetic Resonance Imaging 

(MRI). The numbers of studies investigating applications of radiomics have increased 

dramatically in the last years. In 2019 alone, 728 studies were indexed in PubMed relating 

to radiomic studies.  However, there remains a translational gap between academic study 

and clinical utilization [4]. One challenge that makes a clinical implementation of radiomics 

difficult is the problem of  replicating published results. These difficulties is due to the 

unavailability of input images and software used for computations, poor reporting of 

study design, and metadata associated with radiomic studies [5]. External validation of 

radiomic models has been hampered by training models only on small institutional cohort, 

risks of overfitting and false discovery rates [6], misalignment between the study design 

methodology and guidelines from the TRIPOD (transparent reporting of a multivariable 

prediction model for individual prognosis or diagnosis) statement [7], which strongly 

recommends the validation of prediction models on independent datasets and 

transparency of reporting.  

In our previous review in 2018, we brought to light the importance of evaluating which 

radiomic features are likely to give similar values when extracted from the same subject 

imaged more than once on the same scanner (repeatable features)  and which radiomic 

features yielded similar values when extracted in different contexts, e.g. imaging settings, 

software and pre-processing (reproducible features) [5].   

The previous effort to identify a subset of features likely to be generally reproducible and 

repeatable, via a quantitative meta-analysis, was encumbered by two issues identified in 

the literature: (i) incomplete reporting of radiomic analysis procedure and (ii) 

heterogeneity in metrics used to report feature repeatability and/or reproducibility. Due 

to these issues it was not possible at that time to perform a conclusive quantitative meta-

analysis. 

Considering the increase in radiomic studies since our previous review was published 

(January 2018), this work is an updated review, as promised, with multiple aims. The first 

aim was to compare the findings from recently published papers with respect to the major 

results found in our previous review. In particular, we wanted to verify if there has been a 

boost of consensus regarding a list of major factors impacting reproducibility and 

repeatability as well as trying to isolate a set of repeatable and reproducible features 

across different modalities in both human and phantom data. The second aim was to 
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verify if one of the largest issues identified in our previous work, being the poor quality of 

reporting, has been addressed in new studies. Finally, to move towards a detailed strategy 

for the high-quality reporting of radiomic studies, we proposed solutions that integrate 

previously published efforts. For this purpose, we tried to reproduce each step of a study. 

Hereby, we checked every part of the radiomics  workflow described by the Image 

Biomarker Standardization Initiative (IBSI), but also other aspects which are relevant for 

the replication of a study (i.e. patient inclusion, statistical analysis).  If a step was not 

reported and could therefore not be replicated, this step was noted, and we attempted to 

continue to the next step. This was performed until all steps of the radiomics workflow 

was completed.  Using this information, a checklist is provided which completes the points 

listed in [8] and  includes all necessary steps to fully reproduce a radiomic study. This 

checklist has been inspired by the QUADAS-2, a tool for the quality assessment of 

diagnostic accuracy studies. In the QUADAS-2, the risk of bias associated with a study is 

associated by assessing “signaling” questions, which cover specific domains of the 
methodology of a study. Inspired by this work, we identified major domains of a radiomic 

study going from the study design to statistical analysis. In this review, we propose this 

radiomic check list as built upon previous efforts, but also trying to tackle the limitations 

of using only “quality scores” to evaluate such a complex  question as methodological 
quality.  

Even though, in the literature, there have already been attempts to provide the 

community with scores evaluating the quality of radiomic studies, these scores are aiming 

more on radiomic studies developing a radiomic signature and not on methodological 

aspects performed during a radiomic analysis [9]. Moreover, a review analyzing the 

advantages in using quality scores in systematic reviews of diagnostic accuracy studies 

[10],  discouraged from using quality scores but suggested the reviewers to focus on the 

presence or absence of details of the methodology used in the paper (checklist). The 

possibility to fully replicate a radiomic study relies on the fact that all the data and 

metadata associated to a radiomic study must be reported. This checklist was conceived 

to support the effort presented in recent work defining steps towards a responsible use of 

radiomics [8]. The investigators claim that one of the fundamental keys to achieve the 

above-mentioned goal is to improve the quality of published study by reducing biases 

related to poor or not standardized reporting. In this view, our radiomic checklist proposes 

itself as tool to support this key factor.  

Methods and Materials 

Eligibility criteria 

We included all full-text articles matching the inclusion criteria described in the following 

sections from 01-01-2017 to July 2019.  
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Report design 

Only peer-reviewed full-text articles containing one of the search keywords listed below in 

their title or their abstract were identified as possible candidates for inclusion. Only 

studies reporting on the repeatability and/or reproducibility of radiomic features including 

a statistical analysis assessing the degree of robustness were included in this review.  

Population 

Only studies investigating radiomic features extracted A) from one of the imaging 

modalities CT, PET, or MRI and B) from radiologic phantoms or from human persons 

suffering from at least one primary tumour were included in the review.  

Outcomes 

All included articles had to report on the repeatability/reproducibility of radiomic features 

to at least one of the following aspects: image acquisition or reconstruction parameters, 

imaging modalities, effect of image pre-processing such as image smoothing, or effect of 

segmentation results.  

Language 

Only articles written in English were considered for the review.  

Information sources 

A comprehensive literature research in PubMed National Center for Biotechnology 

Information, (NCBI) and the Web of Science repository identified all studies possibly 

relevant for this review. This included only articles that were published between 01-01-

2017 and 01-07-2019. The abstracts of all articles identified by the literature research 

were extracted and independently analyzed by four readers with extensive experience in 

radiomics. 

Search strategy 

As per our previous work, the PubMed and Web of Science electronic databases was 

searched using combinations of the broad Haynes and Ingui filters along with a set of text 

words specific to cancer, radiomics (including texture analyses), reproducibility, and 

repeatability. 

Study records 

Data management  

All full-text articles matching the inclusion criteria were downloaded using university 

library subscriptions. A DropBox folder was set up to share the full-text articles, the 

reviewer evaluation forms, as well as all versions of the manuscript.  
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Selection process  

After the literature search, titles, and abstracts were checked for matching the described 

criteria by four independent observers. Each reviewer voted if an article was suitable for 

the review. In case of disagreement amongst reviewers, a consensus was obtained. All 

articles found to be eligible were divided into clinical and phantom studies: EP and IZ 

reviewed the group including phantom studies, while AT and LIW reviewed the second 

group including patient studies.  

Data extraction 

Data extraction was performed as per our previous work. This included general details 

about the manuscripts; information about datasets used for analysis; details about 

radiomic extraction, statistical analysis and summary of results. Examples of reviewer 

forms for clinical and phantom studies are given in the Supplementary Material.  

 From QUADAS-2 to radiomic reporting checklist 

We introduced the radiomic reporting checklist on the lines of the QUADAS-2 tool. Similar 

to the above-mentioned tool, the checklist comprises a list of “signaling” questions, 
divided into five domains: A) study design; B) imaging, C) radiomic pipeline, D) statistical 

analysis, and E) data and metadata availability. The development of signaling questions 

have been carried on by the authors of this paper, who have at least 5 years of expertise 

in the radiomic domain and are members of tasks forces for radiomic standardization such 

as the IBSI. The design of the signaling questions has been carried out by reproducing each 

step of the radiomic studies by looking at reported steps in the manuscripts. Each of the 

authors defined a list of signaling questions, which were fundamental to reproduce a 

study. After a round of discussion, the final list of signaling questions was obtained (see 

Figure 1 and 2).  

Signaling questions are meant to support reviewers to verify if in the manuscript or 

supplementary material a specific information is stated. If true, the reviewer will mark a 

“yes”, if not a “no”. Many “no’s are associated with high risk. We define the risk 
probability as the number of “no’s divided by the number of “signaling” questions, 
expressed in percentages. Tables 1a-1b show the risk assessment sheets for human and 

phantom studies, respectively. The only differences between human and phantom studies 

can be found in section A.  From how we defined the “signaling” questions, it emerges 
that, for example, in the study design some items are adapted from the RQS or from the 

IBSI manual.  
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Item Domain Yes No Unclear 

A1. Were the selection criteria of the clinical cohort(s) clearly 

described? 
Study Design () () () 

A1. Was the number of patients enrolled in this study clearly stated? Study Design () () () 

A3. Were the institution(s) involved in the study clearly mentioned in 

the manuscript? Study Design () () () 

A4. Were clinical and population variables available in the study? Study Design () () () 

 

B1. Were the imaging modalities used to acquire scans of the 

patients clearly described?  
Imaging () () () 

B2. Were the image acquisition settings for the images used in the 

analysis clearly described? 
Imaging () () () 

B3. Were the ROI(s) used to extract radiomic features clearly 

described and how they were segmented?  
Imaging () () () 

B4. Was the algorithm / mathematical function used to transform 

contours to masks provided? 
Imaging () () () 

     

C1. Were the image pre-processing steps, prior to feature extraction, 

clearly described? 

Radiomic 

Pipeline 
() () () 

C2. Was the software used for radiomic computations described 

(version, developers, programming language)?  

Radiomic 

Pipeline 
() () () 

C3.  Were the radiomic feature classes and single features described 

together with their formulas? 

Radiomic 

Pipeline 
() () () 

C4. Was the total number of features extracted clearly mentioned? Radiomic 

Pipeline 
() () () 

C5. Was the feature aggregation algorithm specified? Radiomic 

Pipeline 
() () () 

C6. Was the feature quantization algorithm specified? Radiomic 

Pipeline 
() () () 

     

D1. Were the statistical tests and metrics used to evaluate features’ 
reproducibility / repeatability clearly stated?   

Statistical 

Analysis 
() () () 

D2. Were the reference standards to define levels of reproducibility 

specified? 

Statistical 

Analysis 
() () () 

     

E1. Were the images and segmentation shared as public data? Data and 

metadata 

Availability 

() () () 

E2. Was the software shared as open-source code? Data and 

metadata 

Availability 

() () () 

E3. Were the results of the statistical analysis shared as public data? Data and 

metadata 

Availability 

() () () 

 

Figure 1: Overview of the checklist and signalling questions for the clinical studies 
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Item Domain Yes No Unclear 

A1. Were the details about the phantom used in the study clearly 

specifi  ed? 
Study Design () () () 

A1. Was the number of acquired scans clearly stated? Study Design () () () 

A3. Were the institution(s) involved in the study clearly mentioned in 

the manuscript? 
Study Design () () () 

 

B1. Were the imaging modalities used to acquire scans of the 

phantom(s) clearly described?  
Imaging () () () 

B2. Were the image acquisition settings for the images used in the 

analysis clearly described? 
Imaging () () () 

B3. Were the ROI(s) used to extract radiomic features clearly 

described and how they were segmented?  
Imaging () () () 

B4. Was the algorithm / mathematical function used to transform 

contours to masks provided? 
Imaging () () () 

     

C1. Were the image pre-processing steps, prior to feature extraction, 

clearly described? 

Radiomic 

Pipeline 
() () () 

C2. Was the software used for radiomic computations described 

(version, developers, programming language)?  

Radiomic 

Pipeline 
() () () 

C3.  Were the radiomic feature classes and single features described 

together with their formulas? 

Radiomic  

Pipeline 
() () () 

C4. Was the total number of features extracted clearly mentioned? Radiomic 

Pipeline 
() () () 

C5. Was the feature aggregation algorithm specified? Radiomic 

Pipeline 
() () () 

C6. Was the feature quantization algorithm specified? Radiomic 

Pipeline 
() () () 

     

D1. Were the statistical tests and metrics used to evaluate features’ 
reproducibility / repeatability clearly stated?   

Statistical 

Analysis 
() () () 

D2. Were the reference standards to define levels of reproducibility  Statistical 

Analysis 
() () () 

     

E1. Were the images and segmentation shared as public data? Data and 

metadata 

Availability 

() () () 

E2. Was the software shared as open-source code? Data and 

metadata 

Availability 

() () () 

E3. Were the results of the statistical analysis shared as public data? Data and 

metadata 

Availability 

() () () 

Figure 2: Overview of the checklist and signalling questions for the phantom studies 

 

 

 

 

 

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 



31   

 

Outcomes and prioritization 

Primary outcome  

The primary outcome of this review was the degree of repeatability/reproducibility of a 

radiomic feature. 

Secondary outcome  

The secondary outcomes were the impact of image acquisition and reconstruction 

settings, pre-processing steps, and tumour segmentation on the reliability/reproducibility 

of radiomic features.  

Additional outcomes  

Additional outcomes were the metrics used for reporting on reliability/reproducibility. 

Finally, the radiomic reporting checklist was used to evaluate the quality of reporting of 

analyzed studies.  

Risk of bias in individual studies  

To assess the risk of bias in each study, two reviewers independently reviewed the studies.  

Results 

Literature search results 

168 abstracts distinct from the previous review were found when searching PubMed with 

the described search string. After reviewing the abstracts, 19 studies fulfilled the inclusion 

criteria and seven additional studies were included as prior knowledge. The PRISMA 

flowchart is shown in the Figure 3. 
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Figure 3:  Prisma flowchart displaying the selection process of the studies included in this review 

 

Clinical study characteristics 

The general characteristics are summarized in Table 1  a for the 19 new clinical studies. 

Eight of these studies reported on PET, five on MR, and six on CT images, with only one 

study prospective [11]. The number of patients included in the studies ranged from a 

minimum of 14 to a maximum of 263. There were two studies using publicly available data 

[12, 13]. Three were multi-institutional studies. Most of the studies were focused on 

reproducibility, with one investigating both reproducibility and repeatability [14]. The 

number of features being extracted ranged from 2 to 1761.  
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(Altazi et al., 

2017a) 
Retrospective No No 

Cervix 

(88) 

 

PET 

Manual 

Semi-

auto 

In-house 

NA 

79 

(FO,SM,TA) 

 

FBN 
MPD 

ICC 

(Fiset et al., 

2019) 
Retrospective No No 

Cervix 

(62) 
MR Manual 

Pyradiomics/ 

Python3.7 

(Yes) 

1761 (FO,SM, 

TA,LOG,WF) 
FBW ICC 

(Lv et al., 2018) Retrospective No No 
HN 

(106) 
PET 

Semi-

auto 

In-house/ 

Matlab (Yes) 

53 

(TA) 
FBW ICC 

(Belli et al., 

2018) 
Retrospective No No 

HN/ 

Pancreatic(50) 
PET 

Semi-

auto 

CGITA 

Matlab (Yes) 

73 

(FO,TA) 
FBW ICC 

(Xia et al., 

2018a) 
Retrospective Yes No Liver (38) CT 

Semi-

auto 
NA 37 (FO,SM) NA ICC 

(Carles et al., 

2018) 
Retrospective No No Lung (31) PET 

Semi-

auto 
In-house NA 36 (FO,SM,TA) 

FBN 

FBW 
ICC 

(Hatt et al., 

2018a) 
Retrospective No Yes Lung (263) PET Auto NA 2 (SM)  

PPV 

Spearman 

(Johnson et al., 

2017) 
Retrospective No No Lung (26) PET 

Semi-

auto 
NA 10 (FO,SM) 

 

 
Pearson 

(Zhuang et al., 

2019) 
Prospective No No 

Lung 

(61) 
PET 

Semi-

auto 

Pyradiomics/ 

Python 3.7 

(Yes) 

In-house/ NA 

(No) 

10 

(FO,TA) 
NA TRR 

(Lafata et al.,  

2018) 
Retrospective No No 

Lung 

(97) 
CT 

Semi-

auto 

In-house 

NA 

43 

(FO,TA) 
NA CCC 

(Haga et al., 

2018b) 
Retrospective No No 

Lung 

(40) 
CT 

Manual 

Semi-

auto 

In-house 

Matlab (Yes) 

476 

(FO,SM,TA) 

 

FBW 
ROC-

AUC 

(Takeda et al., 

2017) 
Retrospective No No 

Lung 

(26) 
PET Manual 

CGITA 

Matlab (Yes) 

7 

(FO,TA) 

 

FBN 

 
ICC 

(Schwier et al., 

2018) 
Retrospective Yes No 

Prostate 

(14) 
MR 

Semi-

auto 

Pyradiomics  

Python 3.7 

(Yes) 

(FO,SM,TA,LOG, 

SR,SQ,EXP,WF) 
FBN ICC 

 

(Traverso et al., 

2019) 

Retrospective No Yes 
Rectum 

(56) 
MR Manual 

Pyradiomics 

Python 3.7 

(Yes) 

70 

(FO,SM,TA) 
FBW 

CCC 

ICC 

(Bektas et al., 

2019) 
Retrospective No No 

Renal 

(53) 
CT Manual 

MaZda 

C++ (No) 

279 

(FO,TA,GRAD,WF) 
FBN ICC 

(Feng et al., 

2018b) 
Restropective No No 

Renal 

(58) 
CT Manual 

CT Kinetics 

NA (No) 

42 

(FO,TA) 
NA ICC 

(Kocak et al., 

2018) 
Retrospective No Yes 

Renal 

(94) 
CT Manual 

MaZda 

NA (No) 

275 

(FO,TA,WF,AR) 
NA ICC 

(Zhang et al., 

2018) 
Retrospective No No 

Brain 

(87) 
MR Manual 

IBEX 

Matlab (Yes) 

1140 

(FO,SM,GRAD,TA) 
NA CCC 

(Qu et al., 

2019) 
Retrospective No No 

Esophageal 

(181) 
MR Manual 

In-house 

Matlab (No) 

1578 

(FO,SM,TA,FD) 
NA ICC 

Table 1a: summary table of the 19 clinical studies included in the analysis. Abbreviations: NA 

refers to information that could not be retrieved from the manuscript; FO: First order features; 

SM: Shape Metric features; TA: Texture Analysis features; LOG: Logarithmic filtered features; WF: 

Wavelet Filtered features; SR: Square Root filtered features; SQ: Square filtered features; EXP: 

Exponential filtered features; GRAD: Gradient filtered features; FBN: Fixed-bin Number 

quantization; FBW: Fixed-Bin Width quantization; CCC: Concordance Correlation Coefficient; ICC: 

Intra-class Correlation Coefficient; PPV: Positive Predictive Value;  TRR: Test-Retest Ratio; MPD: 

Mean Percentage Difference. 
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Phantom study characteristics 

The general characteristics are summarized in Table 1b for the eight phantom studies. 

Two studies reported on MR, three on PET and three on CT images. All studies were 

retrospective, with one study that provided a publicly available dataset [15]. Four 

phantom articles reported on feature reproducibility and four on repeatability. The 

number of features being extracted ranged from 25 to 248.  

Table 1b: summary table of the 8 phantom studies included in the analysis. Abbreviations: NA 

refers to information that could not be retrieved from the manuscript; FO: First order; SM: Shape 

Metric ; TA: Texture Analysis; LBP: Local Binary Pattern; FD: Fractal Dimension; ACM: Angle Co-

Occurrence Matrix ; LI: Local Intensity; TS: Texture Spectrum ; FBN: Fixed-Bin Number 

quantization; FBW: Fixed-Bin Width quantization; CCC: Concordance Correlation Coefficient; ICC: 

Intra-class Correlation Coefficient; DR: Dynamic Range; COV: Coefficient Of Variation; PAD: 

Percentage Absolute Difference. 

Results according to imaging modality 

PET 

Most of the papers evaluated the reproducibility of radiomic features with respect to 

reconstruction protocols and segmentation methods. Results from the phantom studies 

agreed that image reconstruction protocols (in particular matrix size) had strong impact 

on the reproducibility of features, but with different level of sensitivity per feature 

categories. In [16] and [17] only few texture features (GLCM-Homogeneity, Correlation 
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(Baeßler et al., 2018) Retrospective No No 

NA 

(In-house) 

 

MR 
Semi-

auto 

LIFEx/ 

Java (Yes) 

45 

(FO,TA) 

 

FBN 

CCC 

ICC 

DR 

(Midya et al., 2018a) Retrospective No No 
ATOM 

(CIRS) 
CT Manual 

In-house/ 

Matlab (No) 

248 (FO,TA, 

LBP,FD,ACM) 
NA CCC 

(Papp et al., 2019) Retrospective No Yes NEMA PET 
Semi-

auto 

In-house/ 

NA (No) 

37 

(SM,TA) 
FBW COV 

(Pfaehler et al., 2019) Retrospective No No NEMA PET 

Manual 

Semi-

auto 

In-house/ 

Matlab (No) 

246 (FO,LI, 

SM,TA) 

FBN 

FBW 
ICC 

(Shiri et al., 2017a) Retrospective No Yes 
NEMA 

(In-house) 
PET 

Semi-

auto 

In-house/ 

Matlab (No) 

100 (FO,SM, 

TA,TS) 
NA COV 

(Varghese et al., 2019a) Retrospective No Yes 
CTTA 

(In-house) 
CT Manual NA 

NA 

(FO,TA,FFT) 
FBN PAD 

(Yang et al., 2018b) Retrospective No Yes 
Digital 

(In-house) 
MR Manual NA 

23 

(TA) 
FBN COV 

(Zhovannik et al., 

2019a) 
Retrospective Yes No 

Gammex 

(Sun 

Nuclear) 

CT Manual 

Pyradiomics/ 

Python3.7 

(Yes) 

92 

(FO,TA) 

FBW 

 
ICC 
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and GLRLM-Long/Short Run Emphasis)  were found to be the most robust, compared to 

SUV and intensity derived features. In [17], the authors found similar results for 

repeatability in pha  ntom data, but they pointed out that size and uptake values of the 

spherical inserts influence the results. The results found in the above-mentioned studies 

(impact of acquisition protocols) were confirmed by a clinical study on lung patients [11]. 

Most of the other clinical studies focused on the impact of voxel discretization and feature 

extraction parameters [18–20]. All studies agree that texture feature reproducibility is 

strongly affected by image quantization and feature aggregation methods what has an 

impact on their prognostic power. Hereby feature aggregation refers to the way features 

are calculated: features can be calculated slice by slice and merged in different ways (e.g. 

by averaging the features over slices) or by calculating the features using the whole 3D 

volume [21]. According to one study, among texture metrics GLSZM were the least 

reproducible [18]. Two studies focused on the effect of contouring variability. One study  

investigated the impact of delineations of ten independent observers on the variability of 

shape and NGLDM features [22]. They found a strong correlation between contouring 

variability and radiomic features. However, Takeda et al. found that SUVMAX, metabolic 

active tumour volume, total lesion glycolysis, entropy (GLCM), dissimilarity (GLCM), and 

high intensity large area emphasis (GLSZM) were robust against differences in the manual 

segmentation of two independent observers [23]. Zone percentage (GLSZM) was found to 

be sensitive to delineation differences.  

CT 

Most of the papers evaluated the reproducibility of radiomic features with respect to 

changes in CT acquisition protocols (tube current, slice thickness, different scanner 

manufacturers) and with respect to inter-observer variability in contouring. All phantom 

studies focused on differences in acquisition settings and agreed that difference in 

acquisition protocols strongly impact feature reproducibility. In [15, 24] the authors 

agreed that tube current was the major source of feature instability compared to e.g. 

different reconstruction kernels. The second paper also proposed a method to calibrate 

radiomic features as a function of different exposure levels. [25] showed that these results 

apply also to the repeatability of radiomic features, especially when considering different 

scanner manufacturers. Most of the clinical studies focused on investigating 

reproducibility with respect to contouring. Only the study by [12]  investigated 

repeatability and showed that contouring did not affect the repeatability of radiomic 

features. Most studies agreed that inter-observer variability in contouring is strongly 

affecting features’ reproducibility. Among different feature categories, two [26, 27] out of 

three studies agreed that less than 40% of computed texture features were reproducible. 

One study  [28] focused on the impact of motion, showing how in 4DCT different 

breathing phases strongly impacted features’ reproducibility.  
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MR 

Overall, the number of studies using investigating MR modality has increased compared to 

the previous review (2 vs 0 phantom studies and 5 vs 1 clinical studies). One phantom 

study [29]  investigated both reproducibility and repeatability of radiomic features using a 

physical phantom scanned using different sequences. The investigators showed that 

radiomic features extracted from FLAIR (Fluid Attenuated Inversion Recovery) images 

were more repeatable than features from T1- and T2-weighted images. These results were 

confirmed were considering reproducibility with respect to inter-observer variability. 

Shape features were found to be most robust. Reproducibility results are dependent on 

the sequence considered. The investigators also showed that image reconstruction 

strongly affect the reproducibility, with the iFFT (Fast Fourier Transform) algorithm found 

to be major source of poor reproducibility. Among the clinical studies, three studies 

investigated the repeatability of radiomic features, one in ADC maps of prostate cancer 

patients [13], one in T2-weigthed images of cervix patients [14], and one in T1/T2/FLAIR 

images of brain cancer patients [30]. The first study concluded that it was not possible to 

extract a universal list of most repeatable features as well as a specific combination of 

image preprocessing that could improve repeatability. The second study found more than 

half of the features were repeatable, with shape features being the most repeatable 

category. The last study pointed out that repeatability strongly depended on the region of 

interest considered. Among the clinical studies, two studies investigated the 

reproducibility of radiomic features with respect to contouring variability [14, 30]. Both 

found that most features were reproducible in T2-weighted sequences. However, in the 

same study  [14] the investigators showed how reproducibility dramatically drops when 

comparing images acquired with different acquisition protocols. Finally, one study  

showed  that the use of image pre-processing including quantization methods and 

resampling strongly affected reproducibility in ADC maps, consistent with results of a 

phantom study [31].  

Results according to disease site 

Lung 

Most of the papers evaluated the reproducibility of radiomic features with respect to 

variability in contouring comparing manual and semi-automated algorithms. In one PET 

study [32], the shape metric sphericity was found to change its prognostic value when 

considering differences in delineations. Similar results were found in CT studies, where 

contours delineated by different clinicians impacted the prognostic values of radiomic 

features. Other PET studies found SUVmax and metabolic active tumour volume as the 

most robust features with respect to inter-observer variability.  

Cervical cancers 
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The PET study [18] showed that GLCM Inverse Difference Moment was the most 

reproducible feature, but overall tumour heterogeneity patterns were profoundly affected 

by grey-level discretization method. GLSZM features were less reproducible than GLRLM 

features. In the MR study [14], comparison of features extracted from diagnostic vs 

simulated scans led to very poor reproducibility independently from the chosen category 

of features, while opposite to  the results from PET and CT, around 90% of the featur  es 

were stable with respect to contouring on T2 sequences.  

Head and neck cancers 

In the PET study [19], large differences were found when considering reproducibility with 

respect to manual, semi-automated and automated delineation methods. Overall, semi-

automated and automated algorithms produced more stable results. The PET study 

showed strong dependencies of radiomic features with respect to digital image pre-

processing parameters, but these differences were not important enough to affect the 

prognostic power of radiomic features. Same conclusion holds in the study about 

nasopharyngeal carcinoma [20].  

Pelvic region malignancies 

 In the ADC maps study from rectal cancer patients, first order features were found to be 

more reproducible than texture metrics regarding digital image pre-processing and 

resampling techniques. Among texture metrics, GLSZM features were the least and GLCM 

features the most robust [31]. 

In the ADC maps from prostate cancer patients, introducing anatomical-based 

normalization prior to feature extraction led to more repeatable features, but this result 

was not confirmed for T2 weighted sequences [13]. 

For the RCC studies, CT images from corticomedullary phase were found to produce a 

large percentage of reproducible features with respect to variability in contouring. 

Opposite results were found for enhanced images.   

Other malignancies 

In MR images from EC patients most of the features were found to be stable with respect 

to variability in contouring. Same results were found in T1 sequences of breast cancer 

patients for both fat and non-fat saturated images.  

Results on phantom studies 

All studies reporting on the reproducibility of CT features reported that noise has a high 

impact on their reproducibility. One study reported that post-reconstruction techniques 

reducing image noise increase the reproducibility of features and found features extracted 
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from FFT-transformed images to be more reliable [25]. Two studies reported that tube 

current had a high impact on radiomic features [15, 24].  

All three PET articles reported that the matrix/voxel size has an impact on 

reproducibility/repeatability of radiomic features. In [33] and [17] the authors reported 

that a smaller voxel size leads to a better repeatability/reproducibility while another study 

reported a high variation of radiomic feature values across different voxel sizes [16]. Two 

studies also comment on the impact of tumour volume on feature repeatability. Smaller 

volumes seem to result in lower repeatability of feature values. The impact of the 

reconstruction setting is highly feature and discretization method dependent. Moreover, 

the repeatability of radiomic features depends on image noise. GLCM information 

correlation, Sum-entropy, difference entropy (all GLCM) were found to be 

repeatable/reproducible by all studies.  

Regarding MR, Baessler et al. reported that FLAIR images resulted in the largest number of 

repeatable features when compared with T1 and T2 weighted images. All tested features 

yielded a high intra-observer reproducibility. Yang et al. reported that quantitative metrics 

are dependent on the reconstruction algorithm as well as on the SNR.  

Radiomic reporting checklist 

Tables 2a-2b summarizes the radiomic reporting checklist risk assessment for clinical and 

phantom studies. None of the studies scored a zero-risk bias probability.  

For the clinical studies, the lowest median risk was achieved in the “study design” domain. 
Information about the creation of the binary mask (question B4-imaging domain) was the 

least reported item with only one study providing detailed information. Another poorly 

reported category regarded feature specific parameters (questions C5-C6- radiomic 

pipeline domain) such as feature aggregation and discretization.  

For phantom studies, there were no risks of biases in the “study design” and “statistical 
analysis” domains. Compared to clinical studies a) all but one phantom study included a 
table reporting all statistical results (signaling question E3- data and metadata availability 

domain), and b) all but two studies failed to report on how the binary mask was created 

from the segmentation (question B4-imaging domain).  

 

Study Risk of bias 

 Study  

Design 

Imaging Radiomic  

Pipeline 

Statistical  

Analysis 

Data and  

metadata availability 

(Altazi et al., 2017a) 20% 25% 50% 50% 
 

(Belli et al., 2018) 20% 25% 33% 
 

33% 

(Carles et al., 2018) 20% 25% 33% 
  

(Fiset et al., 2019) 
 

25% 17% 
 

33% 

(Hatt et al., 2018a) 
 

50% 33% 
 

100% 
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Study Risk of bias 

 Study  

Design 

Imaging Radiomic  

Pipeline 

Statistical  

Analysis 

Data and  

metadata availability 

(Johnson et al., 2017) 20% 25% 50% 50% 66% 

(Lafata et al., 2018a) 
 

25% 33% 
  

(Lv et al., 2018) 
 

25%   50% 33% 

(Schwier et al., 2018) 
 

25%   
 

33% 

(Traverso et al., 

2019a)  

    

 
33% 

(Xia et al., 2018a) 
 

25% 67% 50% 33% 

(Zhuang et al., 2019a) 
 

25% 33% 
  

(Bektas et al., 2019) 
 

75% 17% 
  

(Feng et al., 2018a) 
 

25% 50% 
 

33% 

 (Haga et al., 2018a) 
 

25% 33% 100% 33% 

(Takeda et al., 2017) 
 

50% 17%  
  

(Zhang et al., 2018) 20% 25% 17% 
 

33% 

(Kocak et al., 2018)   25% 33% 
 

33% 

(Qu et al., 2019)   25% 50% 
 

33% 

Table 2a: Risk bias assessment of the clinical studies using the radiomic checklist. 

 

Study Risk of bias 

 Study  

Design 

Imaging Radiomic  

Pipeline 

Statistical  

Analysis 

Data and  

metadata availability 

(Baeßler et al., 2018)  
 

33% 
  

(Midya et al., 2018)  
 

33% 
  

(Papp et al., 2019)  25% 66% 
  

(Pfaehler et al., 2019)  25%  
  

(Shiri et al., 2017a)  50% 33%   

(Varghese et al., 2019a)  25% 33%  66% 

(Yang et al., 2018a)  25% 50% 
 

33% 

(Zhovannik et al., 2019a) 
 

25%  
  

Table 2b: Risk bias assessment of the phantom studies using the radiomic checklist. 

Synthesis 

Methodologic issues 

Accessibility of software and data 

The previous review pointed out that one methodologic issue was the lack of reporting 

details of the software. Only two patient studies included in the current review failed to 

provide any detail of the software [12, 32] which is an improvement to the previous 

review where it was twenty studies. A wide range of studies used publicly available 

software which is an increase when compared to the previous review where it was only 

one study. Pyradiomics  was used by three patient studies and was the most frequently 

used software [34]. Two studies used the open-source software CGITA [35], one MaZda 
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[36], one LifeX [37], and one IBEX [38]. Furthermore, two studies used in-house developed 

code in Matlab, and two studies failed to mention the programming language [18]. 

Compared with the previous review, where fourteen studies used Matlab, one Python and 

one ImageJ for feature calculation, the number of studies using in-house developed 

software decreased.  One study used open-source code in Matlab [39], while one study 

used non open-source software which was part of a commercial package [40]. The trend is 

opposite for phantom studies. Two phantom studies used publicly available software 

(pyradiomics and LIFEx), while all other phantom studies used in-house developed 

software (three in Matlab, two without mentioning the programming language). One 

phantom study did not provide any software detail.  In the previous review, only two 

phantom studies reported on the used software. Differences in the results could be 

contaminated by differences in software implementations. Considering that none of the 

software was explicitly described as protected by any commercial license, we again invite 

the users to provide not only their software but also the metadata associated with it such 

as information about the programming language.  

As per our previous review, the problem of data availability remains a major issue.  Only 

two patient [12, 13] and one phantom study [15] made their image dataset publicly 

available or used a publicly available dataset. A second phantom study used a digital 

phantom that is publicly available [24].  

Heterogeneity in statistical metrics and cut-off values 

The last review also reported on the heterogeneity of used metrics for the assessment of 

feature robustness. Across the clinical studies included in the present and previous review, 

the most frequently used metric was the Intraclass-Correlation Coefficient (ICC). Twelve 

out of eighteen studies included in this and 14 out of 35 studies included in the previous 

review reported on the ICC. While four and seven studies used the Concordance 

Correlation Coefficient (CCC) and four and nine studies used other metrics in the present 

and previous work, respectively. Some studies used more than one metric to assess 

feature stability. In general, the cut-off value to determine stable features varied across 

studies. One study in the present and five studies in the previous work failed to mention 

the cut-off value for the ICC, while the value for excellent features differed from 0.5 to 

0.85. One study used the half-width of the ICC confidence interval as threshold for 

repeatable features. CCC values above 0.8, above 0.7 or equal or higher than 0.85 were 

considered as robust.  

The metrics used to report reproducibility in phantom studies were also diverse. Three 

studies reported on the ICC, one study on CCC, one study on ICC and CC, two studies on 

COV, one study compared the COV with the effect size found in patient dataset, and one 

study reported the absolute percentage difference. The reported cut-off values varied 
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across studies.  All present phantom studies reported the cutoff value for repeatability 

measures, while it was only one study in the previous review. 

Reporting of preprocessing steps 

We already reported on the missing information of preprocessing steps of a large number 

of research papers in the previous review. Also a large number of actual studies fail to 

mention essential pre-processing steps: Eleven clinical and five phantom studies failed to 

provide details about feature specific parameters prior to feature calculation e,g, image 

discretization or feature aggregation. Radiomic features are sensitive to the discretization 

method as well as the used bin width/number [41, 42]. Therefore, it is important that the 

discretization method is reported in detail. As radiomic feature values are also sensitive to 

the feature aggregation step, it is important to specify it. Finally, there is a major issue 

related to the reporting of the creation of the binary mask used for segmentation. It is 

important to clarify that raw delineations do not represent a binary mask, since they are 

just points in the image space. Several methods can be used to create the binary mask. 

We must underline the absence of studies that compared this phenomenon, but 

nevertheless we strongly suggest the users to p  rovide metadata related to the 

mathematical function used for the creation of the binary mask. 

Predictive/prognostic power of reproducible/repeatable features  

There are five studies addressing the prognostic/predictive value of radiomic features in 

human studies. Sphericity was found to have similar/lower prognostic value than volume 

for NSCLC patients dependent on the segmentation method. Another study showed that 

texture features from GLCM, GLRLM, GLSZM matrices present different degrees of 

reproducibility with respect to various acquisition settings. However, these features can 

still lead to good diagnostic performance for differentiating nasopharyngeal carcinoma 

(NPC) from chronic nasopharyngitis (CN) in FDG PET/CT images. For a MRI analysis that 

focused on discrimination between metastatic and non-metastatic lymph nodes, nine 

radiomic features, including two shape features, six texture features and one wavelet filter 

feature were selected to create the radiomic signature associated with LN metastasis. One 

study on sensitivity of CT radiomic features to motion blurring and SNR showed that end-

of-exhalation features achieved the best classification for non-small cell lung cancer 

(NSCLC) histology. In general, some features remained robust, and showed 

prognostic/predictive power for specific disease types. Overall, it is hard to compare the 

studies, because of the lack of consensus in features’ robustness. A more consistent and 
comprehensive analysis of reproducibility/repeatability is needed in order to have a more 

reliable predictive/prognostic radiomic signature.  
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Discussion 

The studies included in this as well as in the previous review make it difficult to draw a 

general conclusion about which radiomic features are repeatable and reproducible. This is 

due to the large variability of settings and tumour types which were analyzed. Moreover, 

the variability in metrics used for assessing repeatability/reproducibility makes it almost 

impossible to compare studies between each other. However, most studies reported on 

the robustness of first order and local textural features such as GLCM and GLRLM features, 

while global textural features (such as GLSZM features) were found to be less robust. This 

is in line with the previous review where most studies reported on the stability of first-

order features in CT and PET studies.  

Reconstruction settings and image noise have a high impact on radiomic feature values for 

all imaging modalities. This implies that multi-center radiomic studies require harmonized 

images in terms of image reconstruction setting and SNR. Further harmonization can be 

achieved with correction methods applied before feature extraction such as e.g. 

resampling the images to cubic voxels or by standardizing images via post-processing such 

as by histogram equalization of MR images or post-reconstruction smoothing [43, 44]. 

Moreover, recently also Deep learning techniques such as Generative Adversarial 

Networks (GANs) are used for the standardization of CT images. However, it still has to be 

validated if these methods can be used for radiomic analysis as it might be that by 

standardizing the images important textural information gets lost. Additionally to the 

standardization of images, there are methods aligning radiomic features. One of the most 

popular methods is the so-called ComBat, which has been applied to CT  [45] and PET 

features [44], but still requires a large-scale validation. 

There was a consensus in the recent and previous review that the segmentation method 

has an impact on radiomic feature values. Now, segmentations are mostly performed 

manually which necessarily comes with a low reproducibility. In radiomic analysis, a (semi-

) automatic segmentation method might be preferred, as automatic approaches reduce 

inter-observer variability and yield a higher reproducibility than manual segmentations 

[46]. The most suitable segmentation method for radiomic analysis has to be identified 

what has to be done for each imaging modality and cancer type separately. Likely, several 

segmentation methods will be a good candidate as they yield similar accuracy and 

repeatability.  

Only a detailed report of each step of the radiomic analysis makes a study reproducible 

and opens the opportunity to compare different studies. In order to give guidance on 

which points are important to report on, we introduced a reporting quality score in this 

review. While most important aspects were reported by each study, we found that some 

studies failed to report important steps such as image processing.  
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Recommendations 

As most radiomic features are sensitive to image reconstruction, using images from 

different centers without harmonizing the images itself can lead to wrong conclusions. 

Even though, algorithms to correct for multi-center effects are being developed, it is still 

important to keep this correction as small as possible. Therefore, when using multi-centric 

data, it is essential that the images are as comparable as possible in terms of image 

acquisition. Moreover, patient cohorts across institutions/scanners should be comparable, 

i.e. the number of patients with a positive/negative outcome should be comparable across 

the datasets of each institution/scanner type. Otherwise the findings using a radiomic 

model can be due to inter-scanner differences of radiomic features and not to differences 

caused by variability in tumour characteristics.    

In case of PET studies, it should be carefully checked if reported tracer dose and uptake 

time are correct and the conversion from image data in Bq/ml to SUV units is accurate. 

This can be checked by drawing a 3 cm2 in the liver and verifying that the mean SUV inside 

the ‘liver’ sphere is in the range between 1.5 and 2.5. Higher/lower values are an 
indication for calibration or other errors and these images should be verified, corrected or 

excluded from the analysis. 

Pre-processing steps should be standardized for each imaging modality. One of them is 

the discretization method as well as the bin number/bin width that should be used. Since 

radiomic features can be sensitive to differences in voxel size, it is recommended to 

interpolate the images before feature extraction to an isotropic voxel size. This step 

should be reported if applied and the radiomic community should agree on which kind of 

resampling is the preferred one. Furthermore, the interpolation algorithm should be 

stated.  

Almost all studies did not report any information related to  the generation of the binary 

mask from the original data. Conversely, the majority of the studies reported information 

on the segmentation procedures. However, the two information should be provided 

together since different algorithms and mathematical functions are available to go from a 

cloud of points to the final binary mask.  

In general, we recommend that each software used for feature calculation should be 

tested if it complies with the benchmarks provided by IBSI. In this way, feature values 

extracted by different software packages become comparable which is one important step 

in the standardization of radiomic feature values.  

Finally, one of the major drawbacks in performing quantitative meta-analyses within 

radiomic reviews is the absence of detailed information about the metrics and cut-offs 
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used to categorize the features into good/poor reproducibility/repeatability. While there 

is no evidence that a specific metric should be used for the analysis, CCC (Concordance 

Correlation Coefficient) and ICC (Intra-class Correlation Coefficient) were the most popular 

metrics. Nevertheless, a description about the metrics, as well as statistical hypothesis 

underlying the data analysis and specific cut-offs applied should be reported to guarantee 

the transparency and the reproducibility of the study. We also strongly recommend the 

users to append as supplementary material the raw results of the analysis to facilitate 

meta-analyses.  

In conclusion, we proposed a new radiomic reporting checklist with the aim to facilitate 

the radiomic community in providing sufficient reporting information for their studies. 

 

References 

1.  Aerts HJWL, Velazquez ER, Leijenaar RTH, et al (2014) Decoding tumour phenotype by 

noninvasive imaging using a quantitative radiomics approach. Nat Commun 5:4006. 

https://doi.org/10. 1038/ncomms5006 

2.  Grossmann P, Stringfield O, El-Hachem N, et al (2017) Defining the biological basis of radiomic 

phenotypes in lung cancer. Elife 6:. https://doi.org/10.7554/eLife.23421 

3.  Tixier F, Hatt M, Valla C, et al (2014) Visual Versus Quantitative Assessment of Intratumour 

18F-FDG PET Uptake Heterogeneity: Prognostic Value in Non-Small Cell Lung Cancer. J Nucl 

Med 55:1235–1241. https://doi.org/10.2967/jnumed.113.133389 

4.  Buvat I, Orlhac F (2019) The Dark Side of Radiomics: On the Paramount Importance of 

Publishing Negative Results. J Nucl Med 60:1543–1544. 

https://doi.org/10.2967/jnumed.119.235325 

5.  Traverso A, Wee L, Dekker A, Gillies R (2018) Repeatability and Reproducibility of Radiomic 

Features: A Systematic Review. Int J Radiat Oncol 102:1143–1158. 

https://doi.org/10.1016/j.ijrobp.2018.05.053 

6.  Chalkidou A, O’Doherty MJ, Marsden PK (2015) False Discovery Rates in PET and CT Studies 
with Texture Features: A Systematic Review. PLoS One 10:e0124165. 

https://doi.org/10.1371/journal.pone.0124165 

7.  Collins GS, Reitsma JB, Altman DG, Moons K (2015) Transparent reporting of a multivariable 

prediction model for individual prognosis or diagnosis (TRIPOD): the TRIPOD Statement. BMC 

Med 13:1. https://doi.org/10.1186/s12916-014-0241-z 

8.  Vallières M, Zwanenburg A, Badic B, et al (2018) Responsible Radiomics Research for Faster 

Clinical Translation. J Nucl Med 59:189–193. https://doi.org/10.2967/jnumed.117.200501 

9.  Lambin P, Leijenaar RTH, Deist TM, et al (2017) Radiomics: the bridge between medical 

imaging and personalized medicine. Nat Rev Clin Oncol 14:749–762. 

https://doi.org/10.1038/nrclinonc.2017.141 

10. Whiting P, Harbord R, Kleijnen J (2005) No role for quality scores in systematic reviews of 

diagnostic accuracy studies. BMC Med Res Methodol 5:19. https://doi.org/10.1186/1471-2288-5-

19 

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 



45   

 

11. Zhuang M, García DV, Kramer GM, et al (2019) Variability and repeatability of quantitative 

uptake metrics in 18F-FDG PET/CT of non–small cell lung cancer: Impact of segmentation 

method, uptake interval, and reconstruction protocol. J Nucl Med 60:600–607. 

https://doi.org/10.2967/jnumed.118.216028 

12. Xia W, Chen Y, Zhang R, et al (2018) Radiogenomics of hepatocellular carcinoma: multiregion 

analysis-based identification of prognostic imaging biomarkers by integrating gene data—a 

preliminary study. Phys Med Biol 63:035044. https://doi.org/10.1088/1361-6560/aaa609 

13. Schwier M, van Griethuysen J, Vangel MG, et al (2019) Repeatability of Multiparametric Prostate 

MRI Radiomics Features.Sci Rep 9:1–16. https://doi.org/10.1038/s41598-019-45766-z 

14. Fiset S, Welch ML, Weiss J, et al (2019) Repeatability and reproducibility of MRI-based radiomic 

features in cervical cancer. Radiother Oncol 135:107–114. 

https://doi.org/10.1016/j.radonc.2019.03.001 

15. Zhovannik I, Bussink J, Traverso A, et al (2019) Learning from scanners: Bias reduction and 

feature correction in radiomics. Clin Transl Radiat Oncol 19:33–38. 

https://doi.org/10.1016/j.ctro.2019.07.003 

16. Shiri I, Rahmim A, Ghaffarian P, et al (2017) The impact of image reconstruction settings on 18F-

FDG PET radiomic features: multi-scanner phantom and patient studies. Eur Radiol 27:4498–
4509. https://doi.org/10.1007/s00330-017-4859-z 

17. Pfaehler E, Beukinga RJ, de Jong JR, et al (2018) Repeatability of 18 F-FDG PET radiomic 

features: A phantom study to explore sensitivity to image reconstruction settings, noise, and 

delineation method. Med Phys. https://doi.org/10.1002/mp.13322 

18. Altazi BA, Zhang GG, Fernandez DC, et al (2017) Reproducibility of F18-FDG PET radiomic 

features for different cervical tumour segmentation methods, gray-level discretization, and 

reconstruction algorithms. J Appl Clin Med Phys 18:32–48. https://doi.org/10.1002/acm2.12170 

19. Belli ML, Mori M, Broggi S, et al (2018) Quantifying the robustness of [ 18 F]FDG-PET/CT 

radiomic features with respect to tumour delineation in head and neck and pancreatic cancer 

patients. Phys Medica 49:105–111. https://doi.org/10.1016/j.ejmp.2018.05.013 

20. Lv W, Yuan Q, Wang Q, et al (2018) Robustness versus disease differentiation when varying 

parameter settings in radiomics features: application to nasopharyngeal PET/CT. Eur Radiol 

28:3245–3254. https://doi.org/10.1007/s00330-018-5343-0 

21. Zwanenburg A, Leger S, Vallières M, et al (2016) Image biomarker standardisation initiative. 

https://doi.org/10.17195/candat.2016.08.1 

22. Johnson PB, Young LA, Lamichhane N, et al (2017) Quantitative imaging: Correlating image 

features with the segmentation accuracy of PET based tumour contours in the lung. Radiother 

Oncol 123:257–262. https://doi.org/10.1016/j.radonc.2017.03.008 

23. Takeda K, Takanami K, Shirata Y, et al (2017) Clinical utility of texture analysis of 18F-FDG 

PET/CT in patients with Stage I lung cancer treated with stereotactic body radiotherapy. J Radiat 

Res 58:862–869. https://doi.org/10.1093/jrr/rrx050 

24. Midya A, Chakraborty J, Gönen M, et al (2018) Influence of CT acquisition and reconstruction 

parameters on radiomic feature reproducibility. J Med Imaging 5:1. 

https://doi.org/10.1117/1.jmi.5.1.011020  

25. Varghese BA, Hwang D, Cen SY, et al (2019) Reliability of CT‐based texture features: Phantom 

study. J Appl Clin Med Phys 20:155–163. https://doi.org/10.1002/acm2.12666 

26. Bektas CT, Kocak B, Yardimci AH, et al (2019) Clear Cell Renal Cell Carcinoma: Machine 



46 

  

Learning-Based Quantitative Computed Tomography Texture Analysis for Prediction of Fuhrman 

Nuclear Grade.EurjRadiol 29:1153–1163. https://doi.org/10.1007/s00330-018-5698-2 

27. Kocak B, Yardimci AH, Bektas CT, et al (2018) Textural differences between renal cell 

carcinoma subtypes: Machine learning-based quantitative computed tomography texture analysis 

with independent external validation. Eur J Radiol 107:149–157. 

https://doi.org/10.1016/j.ejrad.2018.08.014 

28. Lafata K, Cai J, Wang C, et al (2018) Spatial-temporal variability of radiomic features and its 

effect on the classification of lung cancer histology. Phys Med Biol 63:225003. 

https://doi.org/10.1088/1361-6560/aae56a 

29. Baeßler B, Weiss K, Santos DP Dos (2019) Robustness and Reproducibility of Radiomics in 

Magnetic Resonance Imaging: A Phantom Study. Invest Radiol 54:221–228. 

https://doi.org/10.1097/RLI.0000000000000530 

30. Qu J, Shen C, Qin J, et al (2019) The MR radiomic signature can predict preoperative lymph node 

metastasis in patients with esophageal cancer. Eur Radiol 29:906–914. 

https://doi.org/10.1007/s00330-018-5583-z 

31. Traverso A, Kazmierski M, Shi Z, et al (2019) Stability of radiomic features of apparent diffusion 

coefficient (ADC) maps for locally advanced rectal cancer in response to image pre-processing. 

Phys Medica 61:44–51. https://doi.org/10.1016/j.ejmp.2019.04.009 

32. Hatt M, Laurent B, Fayad H, et al (2018) Tumour functional sphericity from PET images: 

prognostic value in NSCLC and impact of delineation method. Eur J Nucl Med Mol Imaging 

45:630–641. https://doi.org/10.1007/s00259-017-3865-3 

33. Papp L, Rausch I, Grahovac M, et al (2018) Optimized feature extraction for radiomics analysis of 

18 F-FDG-PET imaging. J Nucl Med jnumed.118.217612. 

https://doi.org/10.2967/jnumed.118.217612 

34. Griethuysen JJM Van, Fedorov A, Parmar C, et al (2017) Computational Radiomics System to 

Decode the Radiographic Phenotype. 77:104–108. https://doi.org/10.1158/0008-5472.CAN-17-

0339 

35. Fang Y-HD, Lin C-Y, Shih M-J, et al (2014) Development and Evaluation of an Open-Source 

Software Package “CGITA” for Quantifying Tumour Heterogeneity with Molecular Images. 

Biomed Res Int 2014:1–9. https://doi.org/10.1155/2014/248505 

36. Strzelecki M, Szczypinski P, Materka A, Klepaczko A (2013) A software tool for automatic 

classification and segmentation of 2D/3D medical images. Nucl Instruments Methods Phys Res 

Sect A Accel Spectrometers, Detect Assoc Equip 702:137–140. 

https://doi.org/10.1016/j.nima.2012.09.006 

37. Nioche C, Orlhac F, Boughdad S, et al (2018) LIFEx: A Freeware for Radiomic Feature 

Calculation in Multimodality Imaging to Accelerate Advances in the Characterization of Tumour 

Heterogeneity. Cancer Res 78:4786–4789. https://doi.org/10.1158/0008-5472.CAN-18-0125 

38. Zhang L, Fried D V, Fave XJ, et al (2015) IBEX: an open infrastructure software platform to 

facilitate collaborative work in radiomics. Med Phys 42:1341–53. 

https://doi.org/10.1118/1.4908210 

39. Haga A, Takahashi W, Aoki S, et al (2018) Classification of early stage non-small cell lung 

cancers on computed tomographic images into histological types using radiomic features: 

interobserver delineation variability analysis. Radiol Phys Technol 11:27–35. 

https://doi.org/10.1007/s12194-017-0433-2 

40. Feng Z, Rong P, Cao P, et al (2018) Machine learning-based quantitative texture analysis of CT 

Chapter 2 – Review Repeatability and Reproducibility of Radiomic Features 



47   

 

images of small renal masses: Differentiation of angiomyolipoma without visible fat from renal 

cell carcinoma. Eur Radiol 28:1625–1633. https://doi.org/10.1007/s00330-017-5118-z 

41. Duron L, Balvay D, Vande Perre S, et al (2019) Gray-level discretization impacts reproducible 

MRI radiomics texture features. PLoS One 14:e0213459. 

https://doi.org/10.1371/journal.pone.0213459 

42. Leijenaar RTH, Nalbantov G, Carvalho S, et al (2015) The effect of SUV discretization in 

quantitative FDG-PET Radiomics: the need for standardized methodology in tumour texture 

analysis. Sci Rep 5:11075. https://doi.org/10.1038/srep11075 

43. Mackin D, Fave X, Zhang L, et al (2017) Harmonizing the pixel size in retrospective computed 

tomography radiomics studies. PLoS One 12:e0178524. 

https://doi.org/10.1371/journal.pone.0178524 

44. Orlhac F, Boughdad S, Philippe C, et al (2018) A Postreconstruction Harmonization Method for 

Multicenter Radiomic Studies in PET. J Nucl Med 59:1321–1328. 

https://doi.org/10.2967/jnumed.117.199935 

45. Orlhac F, Frouin F, Nioche C, et al (2019) Validation of A Method to Compensate Multicenter 

Effects Affecting CT Radiomics. Radiology 291:53–59. 

https://doi.org/10.1148/radiol.2019182023 

46. Kolinger GD, Vállez García D, Kramer GM, et al (2019) Repeatability of [18F]FDG PET/CT 

total metabolic active tumour volume and total tumour burden in NSCLC patients. EJNMMI Res 

9:14. https://doi.org/10.1186/s13550-019-0481-1 

47. Bashir U, Azad G, Siddique MM, et al (2017) The effects of segmentation algorithms on the 

measurement of 18F-FDG PET texture parameters in non-small cell lung cancer. EJNMMI Res 

7:1–9. https://doi.org/10.1186/s13550-017-0310-3 

 

  



48 

  

  



49   

 

 

Chapter 3  
RaCaT: An open source and easy to use Radiomics Calculator Tool 

Elisabeth Pfaehler
1
, Alex Zwanenburg

2,3,4
, Johan de Jong

1
, and Ronald Boellaard

1,5 

 

Departments of 
1
Nuclear Medicine and Molecular Imaging, University of Groningen, University 

Medical Center Groningen, Groningen, The Netherlands; 
2
OncoRay – National Center for Radiation 

Research in Oncology, Faculty of Medicine and University Hospital Carl Gustav Carus, Technische 

Universität Dresden, Helmholtz-Zentrum Dresden - Rossendorf, Dresden, Germany; 
3
National Center 

for Tumour Diseases (NCT), Partner Site Dresden, Germany: German Cancer Research Center (DKFZ), 

Heidelberg, Germany; 
4
Faculty of Medicine and University Hospital Carl Gustav Carus, Technische 

Universität Dresden, Dresden, Germany and Helmholtz Association / Helmholtz-Zentrum Dresden - 

Rossendorf (HZDR), Dresden, Germany; German Cancer Consortium (DKTK), Partner Site Dresden, 

and German Cancer Research Center (DKFZ), Heidelberg, Germany; 
5
Department of Radiology & 

Nuclear Medicine, Amsterdam University Medical Centers, Location VUMC, Amsterdam, The 

Netherlands; 

 

 

 

 

 

 

 

 

 

 

 

 

 

Published in PLoS ONE  

(14 (2), e0212223) 

 

 



50 

  

Abstract  
Purpose: The widely known field ‘Radiomics’ aims to provide an extensive image based 
phenotyping of e.g. tumours using a wide variety of feature values extracted from medical 

images. Therefore, it is of outermost importance that feature values calculated by 

different institutes follow the same feature definitions. For this purpose, the imaging 

biomarker standardization initiative (IBSI) provides detailed mathematical feature 

descriptions, as well as (mathematical) test phantoms and corresponding reference 

feature values. We present here an easy to use radiomic feature calculator, RaCaT, which 

provides the calculation of a large number of radiomic features for all kind of medical 

images which are in compliance with the standard.  

 

Methods: The calculator is implemented in C++ and comes as a standalone executable. 

Therefore, it can be easily integrated in any programming language, but can also be called 

from the command line. No programming skills are required to use the calculator. The 

software architecture is highly modularized so that it is easily extendible. The user can also 

download the source code, adapt it if needed and build the calculator from source. The 

calculated feature values are compliant with the ones provided by the IBSI standard. 

Source code, example files for the software configuration, and documentation can be 

found online on GitHub (https://github.com/ellipfaehlerUMCG/RaCat).  

Results: The comparison with the standard values shows that all calculated features as 

well as image preprocessing steps, comply with the IBSI standard. The performance is also 

demonstrated on clinical examples. 

Conclusions: The authors successfully implemented an easy to use Radiomics calculator 

that can be called from any programming language or from the command line. Image 

preprocessing and feature settings and calculations can be adjusted by the user.   
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Introduction 

Features describing image texture contain valuable information about important image 

characteristics and are applied in multiple disciplines. They can be used for object 

identification or the definition of region of interests (ROI) in e.g. radar or satellite images 

[1,2]. In medical images, textural information extracted from tumour regions has shown to 

provide valuable information about prognosis, tumour staging, and treatment response 

[3–5].  

For this purpose, a large amount of imaging biomarkers is extracted from the tumour 

region and used for classification purposes. These feature values, also named radiomic 

features, include besides second-order textural features, shape, first-order statistical, and 

intensity-histogram based features. Radiomic features are used to build machine learning 

models which are e.g. used for prediction or classification [6,7]. However, until now, 

radiomic features are not used for clinical decision making as there is a lack of 

standardization in the majority of the steps in the radiomics pipeline.  

One of these challenges is the lack of a standardized feature definition and calculation. 

Feature values reported by different institutions do not necessarily follow the same 

feature definition nor necessarily lead to identical results when used on the same images. 

This problem is aimed to be solved by the image biomarker standardization initiative (IBSI) 

by providing mathematical feature definitions and phantom data sets with corresponding 

feature values in order to standardize feature definitions and calculations [8,9]. However, 

although this initiative is widely known, only few radiomic feature calculators are taking 

part in this initiative.  

In order to provide a feature calculator that comes with the correct feature 

implementation of all features defined by the IBSI standard, we developed a Radiomics 

calculator tool, RaCaT, that is easy to use and does not require any programming skills. We 

compare the feature values obtained by RaCaT with the feature values reported by IBSI. 

Moreover, some known feature values were extracted from phantom images and 

compared with the expected values.  
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Materials and Methods  

Description of the Radiomics Calculator 

 

Figure 1: Workflow of RaCaT. All tasks marked with a * are optional and can be selected by the 

user. 

Radiomics Calculator, RaCaT, calculates and returns a wide range of radiomic features for 

all kind of medical images. It is a standalone executable written in C++ that can be called 

from the command line but also from any programming language. It loads and 

preprocesses an input image and the corresponding mask, it calculates radiomic feature 

values and stores them in a user-defined output file. Furthermore, it stores the used 

preprocessing and feature calculation information in a separate file so that the user can 

easily track which settings were used for feature calculation. The workflow of RaCaT is 

illustrated in Figure 1.    

Installation/Compiling the Calculator 

In order to use RaCaT, visual C++ x86 has to be installed. The calculator is available in two 

ways: First, it can be downloaded as an executable that does not require any other library. 

The executable is available for Windows 32 and 64 bit and all Linux systems. Second, the 

source code of RaCaT is available and can be downloaded, modified if required, and be 

built from source. A precise description of the building process and which requirements 

have to be met can be found on GitHub (https://github.com/ellipfaehlerUMCG/RaCat). 
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Implementation of the Calculator  

The implementation of RaCaT is highly modularized and therefore easily extendable. It 

consists of two basic classes and several feature group classes. The basic classes are used 

for reading and storing the information which is later passed to the feature group classes: 

One basic class reads and stores the parameters given in configuration files, necessary for 

image preprocessing, while the second class reads and preprocesses  image and mask and 

stores the important image characteristics. All image preprocessing steps are 

implemented using the library Insight Toolkit (ITK) [13]. The following steps are 

implemented:  

1. Image interpolation:  

The user can choose if the image should be interpolated using 3D or a slice-by-slice 2D 

interpolation. For both options, the image can be up or down sampled or it can be 

interpolated to isotropic voxels with 2 mm voxel size. The required interpolation 

algorithm can be set by the user (possibilities: trilinear, cubic spline or nearest 

neighbor interpolation). 

2. Image discretization:  

Before the calculation of textural features, the image is usually discretized. Two 

discretization methods are implemented: a discretization with a fixed number of bins 

and a discretization with a fixed bin width. The number of bins as well as the bin 

width can be set by the user. Furthermore, the option to discretize the feature group 

intensity volume histogram separately is implemented.  

3. Re-segmentation:  

In order to only include intensity values of a certain range in the volume-of-interest 

(VOI), the user can set a maximum and minimum intensity value that should be 

included in the VOI. Furthermore, RaCaT also supports the option to exclude outlier 

intensities of the VOI. 

Every feature group is realized with a separate class. If classes share feature calculations, 

the classes inherit from each other, but every feature group is independent and can be 

calculated separately. Every feature is calculated with a separate function. Therefore, 

additional feature calculations can be added easily. RaCaT is published under the BSD 3-

Clause “New” or “Revised” License, what means that users do not have to submit their 
changes to the RaCaT repository, but that they have to mention the copyright of RaCaT 

when redistributing the code. Figure 2 displays as an example the implementation of the 

NGTDM feature class. The attributes of the class are the NGTDM features. For each of 

these features, a separate function is implemented assigning the feature value to the 

attribute. Furthermore, the class contains one separate method for the calculation of the 
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NGTD matrix, as well as functions to fill and store the output files. All NGTDM feature 

groups inherit attributes and feature calculation functions from this class. While every 

NGTDM feature group calculates a different NGTD matrix and has separate functions to fill 

and write the output files. All other textural feature classes are implemented in the same 

way. A more detailed documentation of the code is available on GitHub.  

 

  

Figure 2: Organization of the class NGTDM features. The class has as attributes some basic values 

needed for the calculation of NGTDM features, as well as every NGTDM feature. The functions 

include the function to create the NGTD matrix, functions that fill and create the output file, and 

for every feature a function that calculates the feature. 

Documentation  

The documentation is split in two parts: One part is written for users who are only 

interested in the use of the calculator. The second part explains more detailed the 

programming steps, lists classes and functions, and explains the heritages of the feature 

classes. Additionally, the code contains more comments which are not visible in the 

documentation. 

Usage of the calculator 

In order to run RaCaT, some essential files have to be provided to the software which are 

described in more detail below. The locations of these files have to be given as parameter 

to the executable, accompanied by specific abbreviations. All required files including the 

abbreviations are listed in Table 1.    

 

Abbreviation Parameter  

- -ini C:/RadiomicsToo

l/config.ini 

Path to configuration file, where preprocessing steps and 

settings can be set 

--img  

 

C:/RadiomicsToo

l/image.nii 

Path to image file. Image can be any filename If the image is 

in DICOM format, every image series should be stored in a 

separate folder. The path of this folder has to be given as 

parameter. 
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Abbrev. Parameter  

--voi if voi is 

not RT struct 

C:/RadiomicsToo

l/voi.nii 

Path to VOI. VOI can be any file name. If VOI is in DICOM 

format, path to folder containing the dicom series has to be 

given 

--rts if voi is 

RT struct 

C:/RadiomicsToo

l/RS_image.dcm 

Path to VOI, if VOI is RT struct. RS_image can be any filename. 

 

--out  

C:/RadiomicsToo

l/output 

Path to desired output. The output file is generated 

automatically and ‘.csv’ is automatically added to the name. If 
the file already exists, date and time of the calculations are 

added to the original name and the feature values are saved 

under this new name. 

--pat  

 

C:/RadiomicsToo

l/patientInfo.ini 

Only for PET images: path to patient info file, containing 

necessary patient demographics and scan information 

required for SUV scaling. The user should generate and 

populate this file. 

--fod  

 

C:/RadiomicsToo

l/featuredefiniti

on.ini 

Optional: path to featuredefinition.ini, where the user can 

specify which feature groups should be calculated 

Table 1: Files required by RaCaT including their abbreviations that have to be given to the 

executable 

Figure 3 illustrates the steps which have to be performed before the feature calculation 

starts: 

- First, a configuration file has to be modified: here the desired preprocessing steps can 

be specified. If the same preprocessing steps are used for several images, the 

configuration file can be reused and has to be changed only once in the beginning.  

- Second, if the input image is a PET image, also a patient information file has to be 

provided. This patient information file contains all important parameters regarding 

patient demographics and PET study information required to apply scaling of image 

intensities (activity concentration in Bq/mL) to SUV.  

- Third, the user can optionally select only certain features for calculation. He can do 

this by adapting a feature output definition file.  
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Figure 3: Necessary steps for running the executable 

Examples of frequently used configuration and feature output definition files as well as a 

patient information file can be found on GitHub. Furthermore, example commands how to 

call the executable with different image types can be found in the supplemental (S Fig 1). 

Feature calculation 

RaCaT contains ten feature groups: morphological features providing information about 

tumour shape, a group of first-order statistical features, statistical intensity histogram 

features, intensity volume features and local intensity features. Furthermore, the 

following textural feature groups are implemented: grey-level co-occurrence matrices 

(GLCM) [14], grey-level run-length matrices (GLRLM) [15], grey-level size zone matrices 

(GLSZM) [16], grey-level distance zone matrices (GLDZM) [17], neighborhood-grey-tone 

difference matrices (NGTDM) [2] and neighborhood-grey-level dependence matrices 

(NGLDM) [18] (see Table 2).  First-order, morphological and local intensity features are 

calculated before discretization. All other feature groups are calculated after image 

discretization. All textural features can be calculated slice by slice (2D) and by including 

the whole volume (3D). For both dimensions, different ways to m  erge texture matrices 

and features are implemented. This includes the following options: 

- For each 2D directional matrix, features are calculated and then averaged over the 2D 

directions and slices 

- 2D directional matrices are first merged per slice, then features are extracted from 

this matrix 

- The 2D directional matrices are merged per direction and then the average of each 

direction matrix is calculated. From this matrix, features are extracted. 

- Before feature calculation, all 2D directional matrices are merged. 
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- Features are extracted from each 3D directional matrix. These features are averaged 

over directions.  

- Before feature calculation, all 3D directional matrices are merged. 

Feature class Feature group  Abbreviation 

 Morphological features  

 Statistical features  

 

Intensity histogram 

features 

Intensity histogram features IH 

Intensity volume histogram features IVH 

 

 

 

Textural features 

Grey-level-co-occurrence matrix GLCM 

Grey-level-run-length matrix  GLRLM 

Grey-level-size-zone matrix GLSZM 

Grey-level-distance-zone matrix GLDZM 

Neighborhood-grey-tone-difference matrix NGTDM 

Neighborhood-grey-level-dependence matrix NGLDM 

Table 1: Implemented feature groups and corresponding abbreviations 

Required input files 

Image and VOI 

An image and a corresponding image mask (or VOI) are required as input for the 

calculator. Mask and image should be aligned and have the same dimensions. The mask 

can either be provided as binary mask with any constant value marking the VOI (usually 1) 

or the VOI can be marked by intensity values of a certain range. In this case, the user can 

set the threshold value up to which percentage of the maximum value the voxels should 

be included in the mask. This can be done by changing the parameter ThresholdForVOI in 

the configuration file. Mask and image can be given in one of the following formats: nrrd, 

nifti, DICOM, analyze, as well as raw data. The mask can also be given as a radiotherapy 

(RT)-struct. If the mask is given as RT-struct, the command to call the executable is slightly 

different from the call used for the other formats (see Table 1). If image or mask are in 

DICOM format, it is important that every DICOM image series is stored in a separate 

folder.  The name of this folder has then given to the executable (compare also with the 

example commands provided in the supplemental S Fig 1). In one run, RaCaT calculates 

the radiomic features for one image and mask. It is not possible to calculate radiomic 

features for several images at once. However, an example of a Python script, calling RaCaT 

for several images and masks is available in GitHub  material.   
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Configuration file 

 

Figure 4: Example of configuration file. The user can set the required preprocessing steps, like e.g. 

re-segmentation by setting the ReSegmentImage parameter from 0 to 1. Other parameters like 

the number of bind (NrBins) can also be set to any required value. 

In a config.ini file, the user can select the preprocessing ste  ps that are performed before 

the feature calculation starts. An example for a config.ini file is displayed in Figure 4. More 

examples of the config.ini file including the most common used preprocessing steps, can 
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be found in GitHub. If the user wants to calculate radiomic features for several bin width 

or number of bins, a separate configuration file has to be created for every configuration. 

As this can be time consuming, a python script how to create several configuration files 

with different number of bins as well as a script calling the RaCaT executable several times 

with different configuration files is available.   

Additional file for PET images 

If the image is a PET image, the program converts the intensity values from Bq/ml to SUV 

(Standardized Uptake Value) or SUL (Standardized Uptake value normalized to lean body 

mass). Here fore, some patient characteristics (weight, height, gender) as well as the net 

injected activity and injection time  are required. Furthermore, the user has the possibility 

to set a scaling parameter.  If this scaling parameter is set, all other values are ignored and 

every image intensity value is simply multiplied with this scaling parameter. 

Feature output definition file 

 

Figure 5: Example of feature output definition file. If a feature group should not be included in the 

calculations, the value for the corresponding group has to be set to 0. 
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Furthermore, the user has the option to select only certain feature groups he wants to 

include in the calculation. This can be done in a separate file called 

featureOutputDefinition.ini. This is optional. The location of the feature output definition 

file has to be given as parameter to the calculator. If no feature output definition file is 

given, all available features are calculated. An example of a feature output definition file is 

displayed in Figure 5.  

Output files  

The calculated feature values are stored with floating point precision in one or more 

comma-separated-value (csv) files. The feature names which are listed in the output files 

are the names proposed by the IBSI standard. To ease a further documentation, two 

additional output files are created: The first output is a copy of the used configuration file 

so that the user can easily access which preprocessing steps were included in the feature 

calculation. The second output file contains information about the input images and 

calculated feature groups. The filenames of all output files are aligned so that the user can 

easily track which output files are belonging to one calculation step.  

Testing 

To ensure that the toolbox calculates values compliant with the standard, the calculated 

feature values were compared with the IBSI standard. The initiative provides two 

phantoms that can be used for comparison: one small, artificial mathematical phantom 

and a CT-image with a corresponding RT-struct of the VOI. For the CT-image, several 

configurations with variations in discretization, resegmentation, and interpolation method 

are available for comparison. In order to validate RaCaT, both phantoms have been used 

for comparison. The calculated feature values, as well as the corresponding IBSI values are 

listed in supplemental S Table 1, 2, and 3. For every feature value, IBSI provides tolerance 

levels depending on the used configuration. As can be seen, almost all feature values are 

in the provided tolerance levels. Only for morphological features, small deviations were 

found. Here, the volume differed from 0.2% - 1% from the volume given by the IBSI 

standard, while the surface had a deviation from 2%-10%. Therefore, all morphological 

features which are dependent of surface and volume also show slight deviations.  

Therefore, morphological feature values were further compared with values obtained 

from a phantom scan. For this purpose, a positron emission tomography combined with 

computed tomography (PET/CT) scan of the NEMA image quality phantom was acquired 

on a Siemens Biograph mCT64 (Siemens Healthcare, Knoxville, USA) (see Figure 6).  
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Figure 6: PET Scan of the NEMA image quality phantom. The image quality phantom contains six 

spheres with different diameters. For comparison, the spheres were segmented in the image and 

morphological features were calculated. 

 

The NEMA image quality phantom consists of six spheres with diameters 37, 28, 21, 17, 

13, and 10 mm which are placed in a large background compartment. Spheres were filled 

with a fluorodeoxyglucose (FDG) activity solution of 19.76 kBq/ml, while the background 

was filled with 1.94 kBq/ml, so that a sphere-to-background ratio of around 10:1 was 

obtained. The image was reconstructed to a voxel size of 3.1819 x 3.1819 x 2 mm using 

the vendor provided  PSF+TOF reconstruction method with three iterations and 21 subsets 

(PSFTOF 3i21s). The spheres were manually delineated in the images by placing a sphere 

with the exact diameter on the right position in the images. Consequently, the correct 

shape feature values are known and can be used for comparison with the feature values 

calculated by RaCaT. The expected and calculated feature values are listed in Table 3. The 

comparison showed that for the bigger spheres (diameter 37 – 17 mm) the percentage 

deviation between calculated and expected shape feature values differs from 1-10%, with 

93.75% of the features showing a deviation less than 5% (see Table 3). For the smaller 

spheres (13 mm and 10 mm), the deviation increased to 1-19%. 

  
Tool Expected val. Percentage difference(%) 

Sphere1 Volume 25898.4 26521 2.35 

 
Surface 4194.92 4300 2.44 

 
maximum 3D diameter 36.7149 37 0.77 

 
Sphericity 1.00912 1 0.91 

Sphere2 Volume 11035.7 11494 3.99 

 
Surface 2413.78 2463 2.00 

 
maximum 3D diameter 0.993085 1 0.69 

 
Sphericity 27.6493 28 1.25 

Sphere3 Volume 5811.46 5575 4.24 

 
Surface 1542.14 1521 1.39 

 maximum 3D diameter 1.01364 1 1.36 

 Sphericity 21.6559 22 1.56 
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 Tool Expected val. Percentage difference(%) 

 

Sphere4 

 

Volume 

 

2855.11 

 

2572 

 

11.01 

 Surface 952.166 907 4.98 

 maximum 3D diameter 1.02216 1 2.22 

 Sphericity 17.4926 18 2.82 

  Tool Expected value Percentage difference (%) 

Sphere5 Volume 951.702 1150 17.24 

 Surface 452.697 530 14.59 

 maximum 3D diameter 12.0414 12 0.34 

 Sphericity 1.03358 1 3.36 

Sphere6 Volume 425 523 18.74 

 Surface 259 314 17.52 

 maximum 3D diameter 9 10 10.00 

 Sphericity 1.05 1 5.00 

Table 2: Morphological features calculated by RaCaT, the expected value, and the percentage 

differences between these two values for the spheres of the NEMA image quality phantom 

 

Application to clinical data     

Moreover, radiomic features were extracted from two PET-images of cancer 

patients. Both patients were scanned on a Siemens Biograph mCT64, and the images were 

iteratively reconstructed using the PSF+TOF reconstruction method (PSF+TOF 3i21s) 

implemented in the scanner and a post-reconstruction smoothing with a 6.5 mm full-

width-at-half-maximum Gaussian kernel. Images were reconstructed to a voxel size of 

3.1819 mm x 3.1819 mm x 2 mm. Patient 1 was injected with 245 MBq 85 minutes before 

scan start, while patient 2 was injected with 229 MBq 60 minutes before scan start. 

Maximum intensity projection images of both patients are displayed in Fig 7. Tumours 

were manually delineated by an experienced radiologist.  All implemented features were 

calculated by RaCaT and are listed in Table 4. As can be seen, feature values are changing 

as a function of the tumours.        
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Figure 7: Maximum intensity projection of Patient 1 (left) and patient 2 (right). The tumours used 

for feature calculation are marked in the images. Tumours were manually segmented and used for 

computation of radiomic features 

       

 

Discussion 

We developed a radiomics calculator that is easy to use and can be called from any 

programming language. It includes the most frequently used preprocessing steps and 

complies with the IBSI standards. It can handle several input imag  e formats as well as 

different VOI types. The created output files are organized in a way that eases further 

processing of the feature values. In this way, the calculator can be included easily in any 

radiomics pipeline and the results can be used for further analysis. Furthermore, all 

preprocessing steps are reported, so that a valid documentation of the performed 

preprocessing steps can easily be extracted from the output files.   

To make radiomic studies comparable across studies and institutions, it is essential that 

the different radiomic software packages calculate the same feature values for every 

defined feature. Therefore, the standardization of feature definitions and calculations is 

essential [19,20]. IBSI provides benchmark feature definitions and feature values extracted 

from phantom scans. As RaCaT follows these definitions and calculates feature values in 

compliance with these standard, it could be used to standardize other software packages.  

Some small deviations were found in the calculation of the morphological features when 

compared with the IBSI standard. These deviations include the calculated volume  and 

surface  of the object and therefore all features depending on these two values. These 

deviations are due to a different implementation of the 3D presentation of the image 

mask. Also when comparing the morphological features extracted from the spheres of the 

NEMA image quality phantom, the deviations between ideal and calculated volume were 

in the majority of the cases small. Only for the smaller spheres, the deviation increased. 

This increase in deviation is likely more due to the partial volume effect than to mistakes 
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in the implementation. The partial volume effect has especially an impact on smaller 

objects. 

One limitation of RaCaT is that it does not provide any Graphical User Interface or 

automatic algorithm to perform segmentation tasks. It calculates radiomic features from 

previous performed segmentations. Moreover, after feature calculation, it provides also 

no further processing of the calculated features. I.e. no machine or deep learning 

algorithm are implemented and RaCaT can therefore not directly be used to build 

predictive models. However, as it can be called by any programming language, it can easily 

be included in any machine or deep learning script.    

Further development 

The following additional features will be implemented in further releases: 

Additional discretization methods 

Many other ways for image discretization have been proposed. Among them intensity 

histogram equalization and the Lloyd-max algorithm [21]. The next release will include 

both discretization methods.   

Read several DICOM series stored in one folder 

When images are extracted from the scanner, different image series are often stored in 

one folder. For a future release, it will be possible to read a folder containing several 

DICOM  image series and the program will calculate for every DICOM image series the 

features separately. 

Several tumours in one mask 

Up to now, the calculator can only handle masks that come with one marked VOI. For 

future releases, it will be possible that more than one VOI can be marked in one mask and 

the feature values of the different VOIs will be calculated separately. 

Additional distances for the calculation of textural matrices 

In the current version of RaCaT only distance 1 is used for the calculation of textural 

matrices as this is the common distance for calculations. In future releases, also other 

distances can be set by the user. 

Additional output formats 

Up to now, the output is only available as .csv file. It is planned that an output in ontology 

format [22] is also available. 
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Summary 

We implemented and tested successfully RaCaT, an easy to use Radiomics calculator that 

can be included in any programming language or used from the command line. The 

calculated features are meeting the IBSI standards. The calculator is ready to use without 

requiring any programming skills, but can also be downloaded, built from source and 

extended if needed. As the implementation of the calculator is highly modularized, it is 

easily extendable. A documentation including the description of how to use the calculator 

as well as a more extensive description of the programming concepts, can be found on 

GitHub.   
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Feature Group Feature name Melanoma 2 Melanoma 3 

Morphology Volume 132550 30353.2 

Morphology approximate volume 132550 30353.2 

Morphology Surface 18076.9 7522.4 

Morphology Surface to volume ratio 0.136378 0.247829 

Morphology Compactness1 0.0307693 0.026248 

Morphology Compactness2 0.336386 0.244789 

Morphology Spherical disproportion 1.43787 1.59858 

Morphology sphericity 0.695472 0.625553 

Morphology asphericity 0.437869 0.598578 

Morphology center of mass shift 46.4677 57.5868 

Morphology maximum 3D diameter 115.629 79.2605 

Morphology major axis length 89.949 77.541 

Morphology minor axis length 73.687 36.5853 

Morphology least axis length 35.6244 21.6824 

Morphology elongation 0.905101 0.686891 

Morphology flatness 0.629326 0.528796 

Morphology vol density AABB 0.223048 0.196102 

Morphology area density AABB 0.424074 0.421014 

Morphology vol density AEE 1.07213 0.942456 

Morphology integrated intensity 2.15E+06 412930 

Morphology Morans I 0.13243 0.086137 

Morphology Gearys C 1.03999 0.943915 

Local intensity local intensity peak 63966.5 30248 

Local intensity global intensity peak 64101 32327.2 

Statistics mean 16.2486 13.6041 

Statistics variance 49.4711 11.0447 

Statistics skewness 0.470834 0.420448 

Statistics kurtosis -0.760356 -0.94058 

Statistics median 15.1567 13.1035 

Statistics minimum 6.12322 8.83092 

Statistics 10th percentile 7.65485 9.54748 

Statistics 90th percentile 25.898 18.4434 

Statistics maximum 35.8524 21.5399 

Statistics Interquartile range 11.4069 5.48123 

Statistics range 29.7292 12.709 

Statistics Mean absolut deviation 5.95899 2.8419 

Statistics Robust mean absolute deviation 4.73687 2.33481 

Statistics Median absolute deviation 5.90466 2.81521 

Statistics Coefficient of variation 0.432873 0.24429 

Statistics Quartile coefficient 0.359105 0.204447 

Statistics Energy 2.05E+06 293981 

Statistics Root mean 17.7056 14.0042 

intensity volume volume at int fraction 10 0.758326 0.712475 

intensity volume volume at int fraction 90 0.00824931 0.003336 

intensity volume int at vol fraction 10 27.1232 19.8309 
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intensity volume int at vol fraction 90 8.12322 10.8309 

intensity volume difference vol at int fraction 0.750076 0.709139 

intensity volume difference int at volume fraction 19 9 

Intensity histogram mean 40.9937 19.6191 

Intensity histogram variance 791.594 176.755 

Intensity histogram skewness 0.470703 0.421877 

Intensity histogram kurtosis -0.761046 -0.94283 

Intensity histogram median 37 18 

Intensity histogram minimum 1 1 

Intensity histogram 10th percentile 7 3 

Intensity histogram 90th percentile 80 39 

Intensity histogram maximum 119 51 

Intensity histogram mode 2 1 

Intensity histogram Interquartile range 45 22 

Intensity histogram range 118 50 

Intensity histogram Mean absolut deviation 23.8357 11.3695 

Intensity histogram Robust mean absolute deviation 18.6017 9.22622 

Intensity histogram Median absolut deviation 23.6195 11.2628 

Intensity histogram Coefficient of variation 0.686331 0.677653 

Intensity histogram Quartile coefficient 0.56962 0.578947 

Intensity histogram Entropy 6.61231 5.49251 

Intensity histogram Uniformity 0.0111764 0.024041 

Intensity histogram Energy 1.62E+07 841933 

Intensity histogram Maximum histogram gradient 14 8.5 

Intensity histogram Maximum histogram gradient grey level 56 15 

Intensity histogram Minimum histogram gradient -12 -19 

Intensity histogram Minimum histogram gradient grey level 32 1 

glcmFeatures2Davg joint maximum 0.0202253 0.061685 

glcmFeatures2Davg joint average 40.4281 18.3173 

glcmFeatures2Davg joint variance 551.638 104.981 

glcmFeatures2Davg joint entropy 7.47154 5.15897 

glcmFeatures2Davg difference average 13.6741 9.01583 

glcmFeatures2Davg difference variance 112.914 39.6169 

glcmFeatures2Davg difference entropy 4.61465 3.37 

glcmFeatures2Davg sum average 80.8563 36.6345 

glcmFeatures2Davg sum variance 1889.54 286.275 

glcmFeatures2Davg sum entropy 5.9103 3.9222 

glcmFeatures2Davg angular second moment 0.0114301 0.048791 

glcmFeatures2Davg contrast 317.009 133.648 

glcmFeatures2Davg dissimilarity 13.6741 9.01583 

glcmFeatures2Davg inverse difference 0.156578 0.173049 

glcmFeatures2Davg inverse difference normalised 0.903083 0.822705 

glcmFeatures2Davg inverse difference moment 0.0856765 0.092541 

glcmFeatures2Davg inverse difference moment normalised 0.979129 0.91682 

glcmFeatures2Davg inverse variance 0.0922006 0.100673 

glcmFeatures2Davg correlation 0.630216 0.239559 
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glcmFeatures2Davg autocorrelation 2215.83 442.887 

glcmFeatures2Davg cluster tendency 1889.54 286.275 

glcmFeatures2Davg cluster shade 14816.1 160.837 

glcmFeatures2Davg cluster prominence 9.05E+06 244779 

glcmFeatures2Davg first measure of information correlation -0.664322 -0.72547 

glcmFeatures2Davg second measure of information correlation 0.998302 0.955912 

glcmFeatures2DDmrg joint maximum 0.0011916 0.00301 

glcmFeatures2DDmrg joint average 45.5856 22.8963 

glcmFeatures2DDmrg joint variance 749.941 175.007 

glcmFeatures2DDmrg joint entropy 12.0046 10.1074 

glcmFeatures2DDmrg difference average 13.8464 10.4439 

glcmFeatures2DDmrg difference variance 128.924 54.4645 

glcmFeatures2DDmrg difference entropy 5.16868 4.67357 

glcmFeatures2DDmrg sum average 91.1712 45.7926 

glcmFeatures2DDmrg sum variance 2671.56 532.294 

glcmFeatures2DDmrg sum entropy 7.5715 6.40143 

glcmFeatures2DDmrg angular second moment 0.000292373 0.001045 

glcmFeatures2DDmrg contrast 328.216 167.736 

glcmFeatures2DDmrg dissimilarity  13.8464 10.4439 

glcmFeatures2DDmrg inverse difference 0.154703 0.166918 

glcmFeatures2DDmrg inverse difference normalised 0.902181 0.842111 

glcmFeatures2DDmrg inverse difference moment 0.0829486 0.086833 

glcmFeatures2DDmrg inverse difference moment normalised 0.978452 0.944593 

glcmFeatures2DDmrg inverse variance 0.087643 0.091594 

glcmFeatures2DDmrg correlation 0.781185 0.526972 

glcmFeatures2DDmrg autocorrelation 2664.74 615.467 

glcmFeatures2DDmrg cluster tendency 2671.55 532.294 

glcmFeatures2DDmrg cluster shade 60986.8 2780.95 

glcmFeatures2DDmrg cluster prominence 1.64E+07 588513 

glcmFeatures2DDmrg first measure of information correlation -0.199431 -0.18583 

glcmFeatures2DDmrg second measure of information correlation 0.962546 0.934605 

glcmFeatures2Dmrg joint maximum 0.010219 0.028869 

glcmFeatures2Dmrg joint average 40.3951 18.3675 

glcmFeatures2Dmrg joint variance 552.561 105.171 

glcmFeatures2Dmrg joint entropy 9.12932 6.81417 

glcmFeatures2Dmrg difference average 13.5621 8.9456 

glcmFeatures2Dmrg difference variance 119.146 42.6295 

glcmFeatures2Dmrg difference entropy 4.97349 4.02724 

glcmFeatures2Dmrg sum average 80.7901 36.7351 

glcmFeatures2Dmrg sum variance 1897.84 290.538 

glcmFeatures2Dmrg sum entropy 6.7243 5.02938 

glcmFeatures2Dmrg angular second moment 0.00424268 0.018702 

glcmFeatures2Dmrg contrast 312.403 130.146 

glcmFeatures2Dmrg dissimilarity 13.5621 8.9456 

glcmFeatures2Dmrg inverse difference 0.157532 0.17777 

glcmFeatures2Dmrg inverse difference normalised 0.90378 0.836062 
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glcmFeatures2Dmrg inverse difference moment 0.0863837 0.095707 

glcmFeatures2Dmrg inverse difference moment normalised 0.979421 0.930654 

glcmFeatures2Dmrg inverse variance 0.0929435 0.105291 

glcmFeatures2Dmrg correlation 0.636783 0.266349 

glcmFeatures2Dmrg autocorrelation 2215.28 444.145 

glcmFeatures2Dmrg cluster tendency 1897.84 290.538 

glcmFeatures2Dmrg cluster shade 14138.1 112.888 

glcmFeatures2Dmrg cluster prominence 9.13E+06 249776 

glcmFeatures2Dmrg first measure of information correlation -0.361666 -0.31522 

glcmFeatures2Dmrg second measure of information correlation 0.978974 0.92285 

glcmFeatures2Dvmrg joint maximum 0.0010181 0.002227 

glcmFeatures2Dvmrg joint average 45.551 22.8755 

glcmFeatures2Dvmrg joint variance 750.815 174.593 

glcmFeatures2Dvmrg joint entropy 12.4418 10.7059 

glcmFeatures2Dvmrg difference average 13.7442 10.2998 

glcmFeatures2Dvmrg difference variance 135.013 56.9565 

glcmFeatures2Dvmrg difference entropy 5.22235 4.74088 

glcmFeatures2Dvmrg sum average 91.1019 45.751 

glcmFeatures2Dvmrg sum variance 2679.36 535.329 

glcmFeatures2Dvmrg sum entropy 7.59971 6.45314 

glcmFeatures2Dvmrg angular second moment 0.000219332 0.00069 

glcmFeatures2Dvmrg contrast 323.917 163.041 

glcmFeatures2Dvmrg dissimilarity 13.744 10.2998 

glcmFeatures2Dvmrg inverse difference 0.155523 0.168325 

glcmFeatures2Dvmrg inverse difference normalised 0.902821 0.843792 

glcmFeatures2Dvmrg inverse difference moment 0.0835302 0.087826 

glcmFeatures2Dvmrg inverse difference moment normalised 0.978729 0.945953 

glcmFeatures2Dvmrg inverse variance 0.0882732 0.092581 

glcmFeatures2Dvmrg correlation 0.784291 0.533079 

glcmFeatures2Dvmrg autocorrelation 2663.74 616.36 

glcmFeatures2Dvmrg cluster tendency 2679.35 535.329 

glcmFeatures2Dvmrg cluster shade 60503.1 2787.42 

glcmFeatures2Dvmrg cluster prominence 1.65E+07 592233 

glcmFeatures2Dvmrg first measure of information correlation -0.134096 -0.07906 

glcmFeatures2Dvmrg second measure of information correlation 0.912545 0.765345 

glcmFeatures3Davg joint maximun 0.00127655 0.003497 

glcmFeatures3Davg joint average 45.5488 22.8304 

glcmFeatures3Davg joint variance 752.246 175.424 

glcmFeatures3Davg joint entropy 11.9768 10.0788 

glcmFeatures3Davg difference average 13.7407 10.2897 

glcmFeatures3Davg difference variance 133.057 55.5321 

glcmFeatures3Davg difference entropy 5.14368 4.65039 

glcmFeatures3Davg sum average 91.0975 45.6608 

glcmFeatures3Davg sum variance 2675.58 533.909 

glcmFeatures3Davg sum entropy 7.57145 6.40178 

glcmFeatures3Davg angular second moment 0.000302383 0.001075 
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glcmFeatures3Davg contrast 333.4 167.789 

glcmFeatures3Davg dissimilarity 13.7407 10.2897 

glcmFeatures3Davg inverse difference 0.159499 0.175979 

glcmFeatures3Davg inverse difference normalised 0.903224 0.844849 

glcmFeatures3Davg inverse difference moment 0.0870708 0.096589 

glcmFeatures3Davg inverse difference moment normalised 0.978248 0.944981 

glcmFeatures3Davg inverse variance 0.0900469 0.101335 

glcmFeatures3Davg correlation 0.778516 0.528182 

glcmFeatures3Davg autocorrelation 2661.41 613.059 

glcmFeatures3Davg cluster tendency 2675.58 533.909 

glcmFeatures3Davg cluster shade 60809.1 2814.04 

glcmFeatures3Davg cluster prominence 1.65E+07 594057 

glcmFeatures3Davg first measure of information correlation -0.203614 -0.1904 

glcmFeatures3Davg second measure of information correlation 0.963043 0.936539 

glcmFeatures3DWmrg joint maximun 0.00102245 0.001574 

glcmFeatures3DWmrg joint average 45.5004 22.7831 

glcmFeatures3DWmrg joint variance 753.414 175.218 

glcmFeatures3DWmrg joint entropy 12.5416 10.8285 

glcmFeatures3DWmrg difference average 13.5902 10.0637 

glcmFeatures3DWmrg difference variance 142.512 59.9825 

glcmFeatures3DWmrg difference entropy 5.22012 4.74307 

glcmFeatures3DWmrg sum average 91.0008 45.5663 

glcmFeatures3DWmrg sum variance 2686.45 539.612 

glcmFeatures3DWmrg sum entropy 7.6062 6.46966 

glcmFeatures3DWmrg angular second moment 0.000208636 0.000632 

glcmFeatures3DWmrg contrast 327.204 161.26 

glcmFeatures3DWmrg dissimilarity 13.5902 10.0637 

glcmFeatures3DWmrg inverse difference 0.160884 0.179246 

glcmFeatures3DWmrg inverse difference normalised 0.90416 0.847648 

glcmFeatures3DWmrg inverse difference moment 0.0881152 0.099262 

glcmFeatures3DWmrg inverse difference moment normalised 0.978639 0.94692 

glcmFeatures3DWmrg inverse variance 0.0911324 0.103955 

glcmFeatures3DWmrg correlation 0.782853 0.53983 

glcmFeatures3DWmrg autocorrelation 2660.1 613.66 

glcmFeatures3DWmrg cluster tendency 2686.45 539.612 

glcmFeatures3DWmrg cluster shade 60150 2769.21 

glcmFeatures3DWmrg cluster prominence  1.66E+07 601776 

glcmFeatures3DWmrg first measure of information correlation -0.119212 -0.05671 

glcmFeatures3DWmrg second measure of information correlation 0.892214 0.684467 

GLRLMFeatures2Davg short run emphasis 0.982296 0.984213 

GLRLMFeatures2Davg long runs emphasis 1.07575 1.06635 

GLRLMFeatures2Davg Low grey level run emphasis 0.0324134 0.094494 

GLRLMFeatures2Davg High grey level run emphasis 2054.96 419.531 

GLRLMFeatures2Davg Short run low grey level emphasis 0.0317711 0.093822 

GLRLMFeatures2Davg Short run high grey level emphasis 2004.49 410.815 

GLRLMFeatures2Davg Long run low grey level emphasis 0.0351005 0.097206 
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GLRLMFeatures2Davg Long run high grey level emphasis 2272.94 456.173 

GLRLMFeatures2Davg Grey level non uniformity 2.76352 1.91514 

GLRLMFeatures2Davg Grey level non uniformity normalized 0.0311729 0.103436 

GLRLMFeatures2Davg Run length non uniformity 138.548 36.1029 

GLRLMFeatures2Davg Run length non uniformity normalized 0.955012 0.961134 

GLRLMFeatures2Davg Run percentage 0.976466 0.979813 

GLRLMFeatures2Davg Grey level variance 591.391 110.68 

GLRLMFeatures2Davg Run length variance 0.0257278 0.021467 

GLRLMFeatures2Davg Run entropy 5.65022 4.09108 

GLRLMFeatures2DDmrg short run emphasis 0.982153 0.983986 

GLRLMFeatures2DDmrg long runs emphasis 1.07741 1.06786 

GLRLMFeatures2DDmrg Low grey level run emphasis 0.0255311 0.059194 

GLRLMFeatures2DDmrg High grey level run emphasis 2446.26 557.77 

GLRLMFeatures2DDmrg Short run low grey level emphasis 0.0250214 0.058634 

GLRLMFeatures2DDmrg Short run high grey level emphasis 2383.49 545.847 

GLRLMFeatures2DDmrg Long run low grey level emphasis 0.0277585 0.061457 

GLRLMFeatures2DDmrg Long run high grey level emphasis 2717.29 607.536 

GLRLMFeatures2DDmrg Grey level non uniformity 71.7374 35.4012 

GLRLMFeatures2DDmrg Grey level non uniformity normalized 0.0112313 0.024136 

GLRLMFeatures2DDmrg Run length non uniformity 6093.79 1406.16 

GLRLMFeatures2DDmrg Run length non uniformity normalized 0.953998 0.958583 

GLRLMFeatures2DDmrg Run percentage 0.975749 0.978486 

GLRLMFeatures2DDmrg Grey level variance 785.802 175.835 

GLRLMFeatures2DDmrg Run length variance 0.0269803 0.023212 

GLRLMFeatures2DDmrg Run entropy 6.75124 5.6079 

GLRLMFeatures2DWmrg short run emphasis 0.98251 0.984799 

GLRLMFeatures2DWmrg long runs emphasis 1.07485 1.06385 

GLRLMFeatures2DWmrg Low grey level run emphasis 0.0324121 0.094445 

GLRLMFeatures2DWmrg High grey level run emphasis 2055.04 419.533 

GLRLMFeatures2DWmrg Short run low grey level emphasis 0.0317799 0.093787 

GLRLMFeatures2DWmrg Short run high grey level emphasis 2004.9 410.987 

GLRLMFeatures2DWmrg Long run low grey level emphasis 0.0350563 0.097095 

GLRLMFeatures2DWmrg Long run high grey level emphasis 2271.6 455.445 

GLRLMFeatures2DWmrg Grey level non uniformity 10.9891 7.60756 

GLRLMFeatures2DWmrg Grey level non uniformity normalized 0.0309069 0.102976 

GLRLMFeatures2DWmrg Run length non uniformity 554.013 144.253 

GLRLMFeatures2DWmrg Run length non uniformity normalized 0.954963 0.960947 

GLRLMFeatures2DWmrg Run percentage 0.976466 0.979813 

GLRLMFeatures2DWmrg Grey level variance 591.52 110.713 

GLRLMFeatures2DWmrg Run length variance 0.0257427 0.021532 

GLRLMFeatures2DWmrg Run entropy 5.71411 4.15618 

GLRLMFeatures2Dvmrg short run emphasis 0.982176 0.98403 

GLRLMFeatures2Dvmrg long runs emphasis 1.0773 1.06767 

GLRLMFeatures2Dvmrg Low grey level run emphasis 0.0255327 0.059191 

GLRLMFeatures2Dvmrg High grey level run emphasis 2446.26 557.776 

GLRLMFeatures2Dvmrg Short run low grey level emphasis 0.0250246 0.058631 
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GLRLMFeatures2Dvmrg Short run high grey level emphasis 2383.55 545.883 

GLRLMFeatures2Dvmrg Long run low grey level emphasis 0.0277521 0.061453 

GLRLMFeatures2Dvmrg Long run high grey level emphasis 2717.04 607.414 

GLRLMFeatures2Dvmrg Grey level non uniformity 286.882 141.544 

GLRLMFeatures2Dvmrg Grey level non uniformity normalized 0.0112287 0.024126 

GLRLMFeatures2Dvmrg Run length non uniformity 24373.8 5624.04 

GLRLMFeatures2Dvmrg Run length non uniformity normalized 0.954002 0.958588 

GLRLMFeatures2Dvmrg Run percentage 0.975749 0.978486 

GLRLMFeatures2Dvmrg Grey level variance 2.01E+07 1.03E+06 

GLRLMFeatures2Dvmrg Run length variance 689.218 136.164 

GLRLMFeatures2Dvmrg Run entropy -201228 -40420 

GLRLMFeatures3Davg short run emphasis 0.980412 0.981167 

GLRLMFeatures3Davg long runs emphasis 1.08557 1.08249 

GLRLMFeatures3Davg Low grey level run emphasis 0.0257903 0.05891 

GLRLMFeatures3Davg High grey level run emphasis 2444.81 558.033 

GLRLMFeatures3Davg Short run low grey level emphasis 0.0254143 0.057993 

GLRLMFeatures3Davg Short run high grey level emphasis 2377.03 544.775 

GLRLMFeatures3Davg Long run low grey level emphasis 0.0273925 0.062963 

GLRLMFeatures3Davg Long run high grey level emphasis 2741.96 615.531 

GLRLMFeatures3Davg Grey level non uniformity 71.5843 35.2249 

GLRLMFeatures3Davg Grey level non uniformity normalized 0.0112336 0.024114 

GLRLMFeatures3Davg Run length non uniformity 6053.15 1390.71 

GLRLMFeatures3Davg Run length non uniformity normalized 0.949712 0.951732 

GLRLMFeatures3Davg Run percentage 0.973478 0.974496 

GLRLMFeatures3Davg Grey level variance 786.11 175.765 

GLRLMFeatures3Davg Run length variance 0.0299645 0.028894 

GLRLMFeatures3Davg Run entropy 6.76268 5.62812 

GLRLMFeatures3Dmrg short run emphasis 0.980491 0.981291 

GLRLMFeatures3Dmrg long runs emphasis 1.08516 1.08189 

GLRLMFeatures3Dmrg Low grey level run emphasis 0.0257892 0.058913 

GLRLMFeatures3Dmrg High grey level run emphasis 2444.9 558.061 

GLRLMFeatures3Dmrg Short run low grey level emphasis 0.0254144 0.058007 

GLRLMFeatures3Dmrg Short run high grey level emphasis 2377.37 544.889 

GLRLMFeatures3Dmrg Long run low grey level emphasis 0.0273848 0.062922 

GLRLMFeatures3Dmrg Long run high grey level emphasis 2740.75 615.11 

GLRLMFeatures3Dmrg Grey level non uniformity 930.273 457.594 

GLRLMFeatures3Dmrg Grey level non uniformity normalized 0.0112296 0.024097 

GLRLMFeatures3Dmrg Run length non uniformity 78677.6 18074 

GLRLMFeatures3Dmrg Run length non uniformity normalized 0.949743 0.951766 

GLRLMFeatures3Dmrg Run percentage 0.973478 0.974496 

GLRLMFeatures3Dmrg Grey level variance 786.146 175.777 

GLRLMFeatures3Dmrg Run length variance 0.0299309 0.028857 

GLRLMFeatures3Dmrg Run entropy 6.78179 5.66008 

GLSZMFeatures2Davg small zone emphasis 0.933076 0.939815 

GLSZMFeatures2Davg Large zone emphasis 1.34218 1.29124 

GLSZMFeatures2Davg Low grey level zone emphasis 0.0320386 0.096903 
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GLSZMFeatures2Davg High grey level zone emphasis 1995.37 410.732 

GLSZMFeatures2Davg Small zone low grey level emphasis 0.0294297 0.094436 

GLSZMFeatures2Davg Small zone high grey level emphasis 1818.57 376.276 

GLSZMFeatures2Davg Large zone low grey level emphasis 0.0438078 0.108737 

GLSZMFeatures2Davg Large zone high grey level emphasis 2997.25 574.297 

GLSZMFeatures2Davg Grey level non uniformity GLSZM 2.52354 1.7533 

GLSZMFeatures2Davg Grey level non uniformity normalized GLSZM 0.0302619 0.102261 

GLSZMFeatures2Davg Zone size non uniformity 114.018 30.1663 

GLSZMFeatures2Davg Zone size non unif  ormity normalized 0.842786 0.860976 

GLSZMFeatures2Davg Zone percentage GLSZM 0.909545 0.921198 

GLSZMFeatures2Davg Grey level variance GLSZM 577.607 110.069 

GLSZMFeatures2Davg Zone size variance 0.127283 0.100304 

GLSZMFeatures2Davg Zone size entropy 5.76471 4.16039 

GLSZMFeatures2Dvmrg small zone emphasis 0.934618 0.938805 

GLSZMFeatures2Dvmrg Large zone emphasis 1.35072 1.30153 

GLSZMFeatures2Dvmrg Low grey level zone emphasis 0.0251546 0.061019 

GLSZMFeatures2Dvmrg High grey level zone emphasis 2371.63 544.046 

GLSZMFeatures2Dvmrg Small zone low grey level emphasis 0.0230808 0.059012 

GLSZMFeatures2Dvmrg Small zone high grey level emphasis 2153.7 496.801 

GLSZMFeatures2Dvmrg Large zone low grey level emphasis 0.0350439 0.07091 

GLSZMFeatures2Dvmrg Large zone high grey level emphasis 3616.15 766.913 

GLSZMFeatures2Dvmrg Grey level non uniformity GLSZM 67.7991 33.6278 

GLSZMFeatures2Dvmrg Grey level non uniformity normalized GLSZM 0.0114101 0.024492 

GLSZMFeatures2Dvmrg Zone size non uniformity 5011.05 1170.12 

GLSZMFeatures2Dvmrg Zone size non uniformity normalized 0.843327 0.852234 

GLSZMFeatures2Dvmrg Zone percentage GLSZM 0.90773 0.915944 

GLSZMFeatures2Dvmrg Grey level variance GLSZM 767.831 172.677 

GLSZMFeatures2Dvmrg Zone size variance 0.137093 0.109568 

GLSZMFeatures2Dvmrg Zone size entropy 7.02124 5.86214 

GLSZMFeatures3D small zone emphasis 0.813499 0.79262 

GLSZMFeatures3D Large zone emphasis 3.12934 2.81191 

GLSZMFeatures3D Low grey level zone emphasis 0.0273345 0.061632 

GLSZMFeatures3D High grey level zone emphasis 2152.63 519.802 

GLSZMFeatures3D Small zone low grey level emphasis 0.022273 0.050623 

GLSZMFeatures3D Small zone high grey level emphasis 1620.14 389.07 

GLSZMFeatures3D Large zone low grey level emphasis 0.05964 0.154209 

GLSZMFeatures3D Large zone high grey level emphasis 9643.6 1750.46 

GLSZMFeatures3D Grey level non uniformity GLSZM 56.1058 26.4197 

GLSZMFeatures3D Grey level non uniformity normalized GLSZM 0.0120141 0.024971 

GLSZMFeatures3D Zone size non uniformity 2880.98 617.66 

GLSZMFeatures3D Zone size non uniformity normalized 0.616912 0.583799 

GLSZMFeatures3D Zone percentage GLSZM 0.713413 0.705804 

GLSZMFeatures3D Grey level variance GLSZM 715.552 165.878 

GLSZMFeatures3D Zone size variance 1.16454 0.804518 

GLSZMFeatures3D Zone size entropy 7.54889 6.50013 

ngtdmFeatures2avg coarseness 0.0471159 0.100679 
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ngtdmFeatures2avg contrast 3.69375 3.76385 

ngtdmFeatures2avg busyness 0.0330006 0.090373 

ngtdmFeatures2avg complexity 19785.2 2763.6 

ngtdmFeatures2avg strength 140.446 40.8436 

ngtdmFeatures2Dmrg coarseness 0.00157834 0.003713 

ngtdmFeatures2Dmrg contrast 0.876573 0.967 

ngtdmFeatures2Dmrg busyness 0.218762 0.523067 

ngtdmFeatures2Dmrg complexity 55714.2 8060.35 

ngtdmFeatures2Dmrg strength 10.9094 4.23507 

ngtdmFeatures3D coarseness 0.00167336 0.004049 

ngtdmFeatures3D contrast 0.834316 0.892503 

ngtdmFeatures3D busyness 0.206339 0.47965 

ngtdmFeatures3D complexity 52577 7434.46 

ngtdmFeatures3D strength 11.4619 4.58857 

gldzmFeatures2Davg small distance emphasis GLDZM 0.485879 0.700448 

gldzmFeatures2Davg Large distance emphasis GLDZM 6.1895 2.67393 

gldzmFeatures2Davg Low grey level zone emphasis GLDZM 0.0320386 0.096903 

gldzmFeatures2Davg High grey level zone emphasis GLDZM 1995.37 410.732 

gldzmFeatures2Davg Small distance low grey level emphasis GLDZM 0.0315578 0.096197 

gldzmFeatures2Davg Small distance high grey level emphasis GLDZM 297.816 130.51 

gldzmFeatures2Davg Large distance low grey level emphasis GLDZM 0.0353462 0.100135 

gldzmFeatures2Davg Large distance high grey level emphasis GLDZM 24386.8 2261.63 

gldzmFeatures2Davg Grey level non uniformity GLDZM 2.52354 1.7533 

gldzmFeatures2Davg Grey level non uniformity normalized GLDZM 0.0302619 0.102261 

gldzmFeatures2Davg Zone distance non uniformity GLDZM 33.9535 15.1022 

gldzmFeatures2Davg Zone distance non uniformity normalized GLDZM 0.305874 0.51943 

gldzmFeatures2Davg Zone percentage GLDZM 0.909545 0.921198 

gldzmFeatures2Davg Grey level variance GLDZM 31.3469 0 

gldzmFeatures2Davg Zone distance variance GLDZM 1.29699 0.401122 

gldzmFeatures2Davg Zone distance entropy GLDZM 6.06286 4.23159 

gldzmFeatures2Dmrg small distance emphasis GLDZM 0.425335 0.629694 

gldzmFeatures2Dmrg Large distance emphasis GLDZM 7.27129 3.19519 

gldzmFeatures2Dmrg Low grey level zone emphasis GLDZM 0.0251546 0.061019 

gldzmFeatures2Dmrg High grey level zone emphasis GLDZM 2371.63 544.046 

gldzmFeatures2Dmrg Small distance low grey level emphasis GLDZM 0.0246857 0.060325 

gldzmFeatures2Dmrg Small distance high grey level emphasis GLDZM 324.83 158.264 

gldzmFeatures2Dmrg Large distance low grey level emphasis GLDZM 0.0287398 0.064406 

gldzmFeatures2Dmrg Large distance high grey level emphasis GLDZM 30951.9 3192.03 

gldzmFeatures2Dmrg Grey level non uniformity GLDZM 67.7991 33.6278 

gldzmFeatures2Dmrg Grey level non uniformity normalized GLDZM 0.0114101 0.024492 

gldzmFeatures2Dmrg Zone distance non uniformity GLDZM 1425.64 558.978 

gldzmFeatures2Dmrg Zone distance non uniformity normalized GLDZM 0.239925 0.407122 

gldzmFeatures2Dmrg Zone percentage GLDZM 0.226932 0.228986 

gldzmFeatures2Dmrg Grey level variance GLDZM 767.831 172.677 

gldzmFeatures2Dmrg Zone distance variance GLDZM 1.65642 0.569046 

gldzmFeatures2Dmrg Zone distance entropy GLDZM 7.91749 6.14384 
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gldzmFeatures3D small distance emphasis GLDZM 0.469261 0.662652 

gldzmFeatures3D Large distance emphasis GLDZM 6.01905 2.9195 

gldzmFeatures3D Low grey level zone emphasis GLDZM 0.0271717 0.061783 

gldzmFeatures3D High grey level zone emphasis GLDZM 2170.54 524.408 

gldzmFeatures3D Small distance low grey level emphasis GLDZM 0.0268065 0.061231 

gldzmFeatures3D Small distance high grey level emphasis GLDZM 342.609 166.064 

gldzmFeatures3D Large distance low grey level emphasis GLDZM 0.0297729 0.064514 

gldzmFeatures3D Large distance high grey level emphasis GLDZM 24688 2833.94 

gldzmFeatures3D Grey level non uniformity GLDZM 52.7628 25.5975 

gldzmFeatures3D Grey level non uniformity normalized GLDZM 0.0119671 0.024828 

gldzmFeatures3D Zone distance non uniformity GLDZM 1199.29 449.805 

gldzmFeatures3D Zone distance non uniformity normalized GLDZM 0.27201 0.43628 

gldzmFeatures3D Zone percentage GLDZM 0.673541 0.687792 

gldzmFeatures3D Grey level variance GLDZM 723.5 167.231 

gldzmFeatures3D Zone distance variance GLDZM 1.35486 0.511129 

gldzmFeatures3D Zone distance entropy GLDZM 7.66533 6.0446 

ngldmFeatures2Davg Low dependence emphasis 0.871333 0.887265 

ngldmFeatures2Davg High dependence emphasis 1.61322 1.51255 

ngldmFeatures2Davg Low grey level count emphasis 0.0325137 0.093737 

ngldmFeatures2Davg High grey level count emphasis 2075.48 422.07 

ngldmFeatures2Davg Low dependence low grey level emphasis 0.0276252 0.089119 

ngldmFeatures2Davg Low dependence high grey level emphasis 1719.51 356.977 

ngldmFeatures2Davg High dependence low grey level emphasis 0.0533236 0.115751 

ngldmFeatures2Davg High dependence high grey level emphasis 3894.25 707.096 

ngldmFeatures2Davg Grey level non uniformity 2.85545 1.97342 

ngldmFeatures2Davg Grey level non uniformity normalized 0.0314145 0.103863 

ngldmFeatures2Davg Dependence count non uniformity 106.547 28.6239 

ngldmFeatures2Davg Dependence count non uniformity normalized 0.723421 0.764331 

ngldmFeatures2Davg Dependence count percentage 1 1 

ngldmFeatures2Davg Grey level variance 595.774 110.807 

ngldmFeatures2Davg Dependence count variance 0.194989 0.150106 

ngldmFeatures2Davg Dependence count entropy 5.8177 4.18319 

ngldmFeatures2Davg dependence Count Energy 0.0266979 0.098093 

ngldmFeatures2Dmrg Low dependence emphasis 0.870168 0.880351 

ngldmFeatures2Dmrg High dependence emphasis 1.64253 1.54837 

ngldmFeatures2Dmrg Low grey level count emphasis 0.025608 0.058652 

ngldmFeatures2Dmrg High grey level count emphasis 2472.08 561.663 

ngldmFeatures2Dmrg Low dependence low grey level emphasis 0.0216438 0.054694 

ngldmFeatures2Dmrg Low dependence high grey level emphasis 2028.56 470.824 

ngldmFeatures2Dmrg High dependence low grey level emphasis 0.0429454 0.077768 

ngldmFeatures2Dmrg High dependence high grey level emphasis 4760.04 957.841 

ngldmFeatures2Dmrg Grey level non uniformity 73.1607 36.038 

ngldmFeatures2Dmrg Grey level non uniformity normalized 0.0111764 0.024041 

ngldmFeatures2Dmrg Dependence count non uniformity 4665.79 1096.4 

ngldmFeatures2Dmrg Dependence count non uniformity normalized 0.712769 0.731422 

ngldmFeatures2Dmrg Dependence count percentage 1 1 
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ngldmFeatures2Dmrg Grey level variance 791.594 176.755 

ngldmFeatures2Dmrg Dependence count variance 0.216866 0.174513 

ngldmFeatures2Dmrg Dependence count entropy 7.28585 6.09145 

ngldmFeatures2Dmrg dependence Count Energy 0.00834373 0.018491 

ngldmFeatures3D Low dependence emphasis 0.636942 0.621879 

ngldmFeatures3D High dependence emphasis 3.82004 3.48699 

ngldmFeatures3D Low grey level count emphasis 0.025608 0.058652 

ngldmFeatures3D High grey level count emphasis 2472.08 561.663 

ngldmFeatures3D Low dependence low grey level emphasis 0.017273 0.039185 

ngldmFeatures3D Low dependence high grey level emphasis 1326.35 313.408 

ngldmFeatures3D High dependence low grey level emphasis 0.0703404 0.176361 

ngldmFeatures3D High dependence high grey level emphasis 12867.8 2371.72 

ngldmFeatures3D Grey level non uniformity 73.1607 36.038 

ngldmFeatures3D Grey level non uniformity normalized 0.0111764 0.024041 

ngldmFeatures3D Dependence count non uniformity 2626.57 598.625 

ngldmFeatures3D Dependence count non uniformity normalized 0.401248 0.39935 

ngldmFeatures3D Dependence count percentage 1 1 

ngldmFeatures3D Grey level variance 791.594 176.755 

ngldmFeatures3D Dependence count variance 0.965357 0.721061 

ngldmFeatures3D Dependence count entropy 8.06942 6.88305 

ngldmFeatures3D dependence Count Energy 0.00500475 0.010548 

Table 3: Radiomic features extracted from cancer patients 
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Abstract 

 

Background: 
18

F-fluoro-2-deoxy-D-Glucose positron emission tomography (
18

F-FDG PET) 

radiomics has the potential to guide the clinical decision making in cancer patients, but 

validation is required before radiomics can be implemented in the clinical setting. The aim 

of this study was to explore how feature space reduction and repeatability of 
18

F-FDG PET 

radiomic features are affected by various sources of variation such as underlying data (e.g. 

object size and uptake), image reconstruction methods and settings, noise, discretization 

method, and delineation method. 

Methods: The NEMA image quality phantom was scanned with various sphere-to-

background ratios (SBR), simulating different activity uptakes, including spheres with low 

uptake, i.e. SBR smaller than 1. Furthermore, images of a phantom containing 3D printed 

inserts reflecting realistic heterogeneity uptake patterns were acquired. Data were 

reconstructed using various matrix sizes, reconstruction algorithms, and scan durations 

(noise). For every specific reconstruction and noise level, ten statistically equal replicates 

were generated. The phantom inserts were delineated using CT and PET-based 

segmentation methods. A total of 246 radiomic features was extracted from each image 

dataset. Images were discretized with a fixed number of 64 bins (FBN) and a fixed bin 

width (FBW) of 0.25 for the high and a FBW of 0.05 for the low uptake data. In terms of 

feature reduction, we determined the impact of these factors on the composition of 

feature clusters, which were defined on the basis of Spearman’s correlation matrices. To 
assess feature repeatability, the intraclass correlation coefficient (ICC) was calculated over 

the ten replicates.  

Results: In general, larger spheres with high uptake resulted in better repeatability 

compared to smaller low uptake spheres. In terms of repeatability, features extracted 

from heterogeneous phantom inserts were comparable to features extracted from bigger 

high uptake spheres. E.g. for an EARL-compliant reconstruction, larger and smaller high 

uptake spheres yielded good repeatability for 32% and 30% of the features, while the 

heterogeneous inserts resulted in 34% repeatable features. For the low-uptake spheres 

this was the case for 22% and 20% of the features for bigger and smaller spheres, 

respectively. Images reconstructed with point-spread-function (PSF) resulted in the 

highest repeatability when compared with OSEM or time-of-flight, e.g. 53%, 30%, and 32% 

of repeatable features, respectively (for unsmoothed data, discretized with FBN, 300s scan 

duration). Reducing image noise (increasing scan duration and smoothing) and using CT-

based segmentation for the low uptake spheres yielded improved repeatability. FBW 

discretization resulted in higher repeatability than FBN discretization, e.g. 89% and 35% of 

the features, respectively (for the EARL-compliant reconstruction and larger high uptake 

spheres). 
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Conclusion: Feature space reduction and repeatability of 18F-FDG PET radiomic features 

depended on all studied factors. The high sensitivity of PET radiomic features to image 

quality suggests that a high level of image acquisition and preprocessing standardization is 

required to be used as clinical imaging biomarker. 

Introduction 

18
F-fluoro-2-deoxy-D-Glucose (

18
F-FDG) positron emission tomography (PET) has become 

part of the routine oncological diagnostic workup and has been applied for treatment 

response monitoring and prognosis due to its ability to non-invasively visualize organs and 

lesions. Although qualitative visual image assessment remains important for these 

purposes, it has a limited capability to objectively quantify tracer uptake. The most widely 

used semi-quantitative measures are the maximum, mean, and peak standardized uptake 

value (SUVmax, SUVmean, and SUVpeak) and morphologically-based imaging features, such as 

the metabolic tumor volume (MTV) or total lesion glycolysis (TLG)[1–3]. However, these 

features ignore the intratumoral 
18

F-FDG spatial distribution[4]. The rapidly emerging field 

of ‘radiomics’ computes a large number of quantitative image features to characterize this 

intratumoral distribution or other tumor phenotypes such as shape[5–7]. 

Even though radiomics has the potential to add valuable information to the visual image 

evaluation in various cancer types[8], several challenges need to be addressed before 

radiomics can safely be implemented in the clinic. One of the key problems with 

generating a multitude of features is the risk of false positive findings due to multiple 

testing. Moreover, numerous features may represent similar tracer uptake characteristics, 

and may therefore be correlated and redundant[9]. As models composed of redundant 

features may become unstable and difficult to interpret, it is required to reduce the 

feature space to a degree that is manageable for clinical use without losing important 

information. However, the identification of non-redundant features is challenging. 

Possible solutions to reduce the feature space would be the use of principal component 

analysis or (hierarchical) clustering, based on correlation analysis or distance metrics[10]. 

Another challenge facing radiomic features is the establishment of their measurement 

error (i.e. reproducibility, repeatability, and reliability). Several studies have shown that 

the majority of the 
18

F-FDG PET radiomic features are sensitive to numerous sources such 

as image acquisition, reconstruction protocols, or delineation method[9, 11–19]. Our 

study investigates the relationship of multiple confounding factors, including different 

activity uptake levels, thereby simulating tracers showing differences in uptake. For this 

purpose, two phantoms (the NEMA image quality (IQ) phantom and a phantom containing 

in-house designed 3D printed inserts simulating realistic heterogeneity uptake) were 

scanned. Multiple factors were varied in order to investigate the relationships between 

scanner and underlying data dependent factors. In contrast to the most other studies, this 
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study focusses on the impact of underlying data characteristics (contrast), image 

reconstruction methods and settings, noise, discretization method, and delineation 

method on specifically the dimensionality reduction as well as repeatability of 
18

F-FDG PET 

radiomic features. 

Materials and Methods 

Phantom Experiments 

NEMA image quality phantom 

The NEMA NU 2-2012 IQ phantom was used in this study consisting of a background 

volume of 9400 mL and six fillable spheres with inner diameters of 10, 13, 17, 22, 28, and 

37 mm. The phantom was filled with different 
18

F-FDG concentrations. Two scans with 

sphere-to-background ratios (SBRs) higher than one (about 10:1, 5:1),  and two scans with 

a SBR lower than one (about 0.5:1, and 0.25:1) were acquired. The spheres were filled 

with 22.6, 10.87, 1.08, and 0.65 kBq/mL measured with a dosiscalibrator (Veenstra 

instruments, VDC 2.0.2), while the background was filled with 2.4, 2.26, 2.12, and 2.68 

kBq/mL, respectively. All phantom scans were acquired as 70 minutes list-mode data on a 

PET/CT system (Biograph mCT-40 PET/CT, Siemens, Knoxville, TN, USA). The data were 

reconstructed to obtain a frame of 30, 60, 120, and 300s. For every scan duration, nine 

additional frames were reconstructed such that they contained the same amount of 

counts, taking into account the decay of the tracer. Each data set was reconstructed using 

iterative ordered subset expectation maximization (OSEM) algorithm (3 iterations, 24 

subsets) and the vendor provided time-of-flight (TOF) iterative reconstruction method (3 

iterations, 21 subsets). Furthermore, all scans were reconstructed with and without 

resolution modeling (or point spread function [PSF]). The data were reconstructed with an 

image matrix size of 256 × 256 × 111 and a voxel size of 3.01 × 3.01 × 2 mm. The TOF 

reconstructions with and without PSF were also obtained with a matrix size of 400 × 400 × 

111 leading to a cubic voxel size of 2 mm, as a cubic voxel size is recommended for feature 

extraction [8]. A low dose CT scan (80 kV, 30 mAs, and 2 mm slice thickness) of the 

phantom was generated in order to calculate the attenuation map of the PET image. To 

obtain quantitative PET data, images were corrected for attenuation, scatter, random 

coincidences, and normalization. Images were smoothed with Gaussian filters of 0, 2, 4, 6, 

and 8 mm full width at half maximum (FWHM) and were converted to SUV so that the 

mean phantom background SUV was equal to 1 [20].  

 

 

 

–
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3D printed phantom inserts 

 

Figure 1: PET images showing results with 3D printed inserts: tumour 1 with homogeneous uptake, 

tumour 2 with heterogeneity over 2 compartments and tumour 3 containing a necrotic core (from 

left to right) 

Additionally, a second phantom scan was performed. The spheres of the IQ phantom were 

replaced by three 3D printed inserts simulating heterogeneous uptake and realistic tumor 

shapes. The inserts were designed according to Non-Small-Cell-Lung-Cancer (NSCLC) 

tumors extracted from patient studies. The tumors were segmented from the images and 

scaled in order to make the printing possible. PET images of the 3D printed inserts are 

displayed in Figure 1. To achieve heterogeneous uptake, the inserts consist of two 

separate compartments that can be filled with different activity solutions.  All three inserts 

reflect a unique uptake pattern, including homogeneous uptake (tumor 1), heterogeneity 

uptake across 2 compartments (tumor 2), and a tumor containing a necrotic core (tumor 

3). Tumor 1 yields a size of 40.3 mm x 44 mm x 54.5 mm (volume 46.05 ml), the upper and 

lower part of tumor 2 yield sizes of 33.9 mm x 37 mm x 30 mm (volume 10.75 ml) and 24.3 

mm x 40.5 mm x 36.6 mm (volume 13.12 ml), respectively. While the outer part of tumor 

3 and the necrotic core yield sizes of 56 mm x 54 mm x 65.1 mm (volume 65.35 ml) and 25 

mm x 24 mm x 31 mm (volume 7.8 ml). Tumor 1, the lower part of tumor 2, and the outer 

part of tumor 3 were filled with an activity solution of  19.49 kBq/ml, the upper part of 

tumor 2 with  10.94 kBq/ml, and the large background compartment of the NEMA IQ 

phantom  with 1.94 kBq/ml.  The necrotic core of tumor 3 contained nonradioactive 

water. The phantom was also scanned on a Siemens Biograph mCT40. Images were 

reconstructed using the same parameters as the IQ phantom described above (see also 

Table 1). 

Segmentation 

Spheres and 3D printed inserts were segmented using low dose CT- and PET-based 

delineation methods. The CT-based volume of interest (VOI) of the spheres was generated 

by the manual placement of a sphere-shaped VOI with corresponding sphere diameter, 

while the 3D printed inserts were manually segmented using an in-house software 

developed for the analysis of PET images. The PET-based segmentations were generated 

with a region growing method using a connectivity of 26 voxels implemented in Matlab 
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2014b (Mathworks, Natick, MA, USA). For the high uptake spheres and the tumor-shaped 

inserts, the segmented region grew from the center voxel of the highest SUVpeak seed 

point till voxel intensities became less than 41% of this SUVpeak [20]. Conversely, for the 

low uptake spheres the segmentation algorithm was inverted: the segmented region grew 

from the center voxel of the lowest SUVpeak seed point till the voxel intensities became 

larger than a SUV of 0.59. To prevent excessive overestimation of the actual sphere 

volume, the PET-based segmentation was limited to a sphere volume of 300% of the CT-

segmented sphere volume. As texture analysis in 3 dimensions requires the VOI to be 

specified in all 3 spatial dimensions, only those segmentations that eventually resulted in 

an actual 3D VOI were considered for feature extraction (i.e. segmentations of 1 or 2 

voxels or those located in a single image plane were discarded). 

Radiomic Feature Extraction 

Image processing and feature extraction was performed using Matlab 2014b. For each 

VOI, 246 radiomic features were calculated, including 19 morphological features, 3 local 

intensity features, 18 statistical features, and 206 textural features (100 gray level co-

occurrence based features, 64 gray level run length based features, 32 gray level size zone 

based features, and 10 neighborhood gray tone difference based features).(18) All 

calculated features are listed in the supplemental materials (Table S-1). Textural features 

were extracted from discretized image stacks that reduced the continuous-scaled SUV to a 

countable number of intensity values. Image stacks were discretized using a fixed number 

of 64 bins (FBN) and a fixed bin width (FBW) of 0.25 for the high uptake spheres and the 

3D prints. For the low uptake spheres (SBR < 1) a bin width of 0.05 was applied.  Images 

were analyzed in both 2 and 3 dimensions with a connectivity of 8 and 26 voxels, 

respectively (using a Chebyshev norm of 1). Single feature values derived from the gray 

level co-occurrence and gray level run length matrices were calculated by both averaging 

the obtained feature values over all directions and by extracting the features directly from 

a single merged matrix in which the gray level co-occurrence or gray level run length 

matrices over all directions were summed. We ensured that image processing and feature 

calculation matched publicly available benchmark values of digital phantom and patient 

test data [21].  

Feature Clustering 

The number of radiomic features is usually high in comparison to the number of subjects 

included in a PET study. In order to avoid overfitting, the feature space has to be reduced 

before features can be used for classification or other purposes. In this study, clusters of 

features with the same properties were identified using a Spearman correlation matrix of 

the CT-segmented features, evaluating the monotonic relationship between features. The 
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correlation matrix was ordered by minimizing the mean correlation difference between 

neighboring features. A cluster was defined by features that resulted in a high correlation, 

i.e. that had mutual Spearman's correlation coefficients of > 0.7[22].  

We have determined whether the composition of feature clusters was affected by 

discretization, reconstruction algorithm, sphere size, and activity uptake. For defining the 

correlation matrices we used the default settings: all activity uptakes and sphere sizes, a 

European Association of Nuclear Medicine Research Ltd (EARL) compliant reconstruction 

(OSEM, 4 mm FWHM, 120s scan duration)[23], matrix size 256 × 256 × 111, CT-based 

segmentation, and FBW discretization. The clusters of this default correlation matrix were 

compared with the clusters of other correlation matrices which were composed on the 

basis of different settings for discretization (FBW and FBN) and reconstruction (OSEM and 

PSF). Subsequently, the data of the default setting was divided into four sub-categories: 

larger (diameters of 37, 28 and 22 mm) – high uptake spheres (SBR >1), larger – low 

uptake spheres (SBR < 1), smaller (diameters of 17, 13 and 10 mm) – high uptake spheres, 

and smaller – low uptake spheres. In this case, all clusters were compared against the 

clusters of the default correlation matrix of the larger high uptake spheres. Moreover, we 

have compared the clusters of all statistically equal replicates using the default settings to 

ensure that all found differences in the composition of feature clusters could be ascribed 

to the sources of variation.  

Repeatability Analysis 

Repeatability was evaluated using the intraclass correlation coefficient (ICC), calculated 

with the irr package (version 0.84), available from the Comprehensive R Archive Network 

(http://www.r-project.org). A two-way single measure model was used to evaluate the 

consistency of the replicates of each setting. The ICC is the ratio of the inter-cluster 

variance and the total variance, i.e. the sum of the intra-cluster and inter-cluster 

variability. ICC values lie between 0 to 1 representing perfect repeatability. Furthermore, a 

high ICC indicates a high inter-cluster variance in comparison with the intra-cluster 

variance. Therefore, features yielding a high ICC are also sensitive to insert-specific 

differences.  

Before extracting the ICCs, the data were split into the same four different underlying data 

sub-categories that were used for the redundancy analysis. The 3D inserts are forming an 

additional sub-category. The ICC was calculated for every combination of sub-category, 

matrix size, reconstruction algorithm, scan duration, Gaussian filter, discretization 

method, and segmentation method. Each sphere with a different size or SBR, as well as 

each 3D insert, was considered a different subject. The equivalent replicates were 

regarded as the different raters. Features exhibiting an ICC > 0.8 were considered to 

http://www.r-project.org/
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represent good repeatability[24]. For each setting, the percentage of repeatable features 

was obtained to identify trends in the data. Smaller subsets of features were analyzed in 

order to avoid that large groups of features with similar properties overrepresented and 

biased the analysis. For this purpose, we used a predefined set of uncorrelated radiomic 

features, as identified previously (Table 2, Supplemental figures S1-S4)[9].  

To investigate the potential relationship between the repeatability of radiomic features 

and image noise, a variance image of the statistically equal replicates was calculated for 

every studied setting. The image noise was measured by calculating the coefficient of 

variation over four different spherical VOIs defined in the phantom background of the 

variance image. 

Results 

Feature Clustering 

Figure 2 and Figure 3 demonstrate how the Spearman’s correlation matrix was affected by 
reconstruction algorithm and discretization method (Fig. 2), as well as by sphere size and 

activity uptake (Fig. 3). In order to illustrate the differences in correlation, the feature 

order and cluster composition of the default setting were used to display the correlation 

matrices of the other settings. The correlation matrix of this setting is displayed in the 

upper left corner of each figure. Changing the reconstruction algorithm to PSF had a minor 

impact on the correlation matrix. However, the increased number of clusters being 

composed of features with mutual Spearman's correlation coefficients of < 0.7 

demonstrates that the impact of the discretization method was much larger. Similarly, Fig. 

2 shows that sphere size and activity uptake both had a major impact on the correlation 

matrix. The correlation matrices of the statistically equal replicates showed to be similar, 

and therefore all found differences in the composition of feature clusters could be 

ascribed to the sources of variation.  
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Figure 2: Impact of discretization and reconstruction setting on the composition of feature 

clusters: feature clusters (red rectangles) were defined based on Spearman’s correlation matrices. 

The default setting in the upper-left corner consists of all activity uptakes and sphere sizes, matrix 

size 256 × 256 × 111, OSEM reconstruction, 120s scan duration, FBW discretization, 4 mm FWHM, 

and CT-based segmentation. The feature order of this setting was also used to display the 

correlation matrices of the other settings. 

 

Figure 3: Impact of sphere size and activity uptake on the composition of feature clusters: feature 

clusters (red rectangles) were defined based on Spearman’s correlation matrices. The default 

setting in the upper-left corner consists of the data of larger high uptake spheres, EARL 

reconstruction, matrix size 256 × 256 × 111, 120s scan duration, FBW discretization, and CT-based 

segmentation. The feature order of this setting was also used to display the correlation matrices 

of the other settings. 
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Repeatability Analysis 

Repeatability analysis was not performed for 15 geometry features derived from the CT-

based segmentation, as they are a function of sphere size and hence exhibit an ICC of 1 by 

definition. The ICC values of every calculated feature for discretization with FBW and FBN 

are listed in the supplemental material (Table S-1 and S-2). Figure 4 and Figure 5 display 

how the repeatability of radiomic features is affected by heterogeneity, activity uptake, 

sphere size, discretization method, image noise, reconstruction algorithm, and 

matrix/voxel size for CT-based segmentations. The impact of the same sources of variation 

for PET-based segmentations are displayed in Figure 6 and Figure 7. 

 

 

Figure 4: Percentage of repeatable features discretized with FBW: Percentage of all features 

discretized with FBW and segmented based on CT exhibiting an ICC > 0.8 for all studied settings 

and underlying data categories (from left to right: heterogeneous 3D prints, bigger spheres with 

high uptake, smaller spheres with high uptake, bigger spheres with low uptake, and smaller 

spheres with low uptake).                                                                              

TOFM400/P+TM400: TOF/PSF+TOF reconstruction with matrix size 400 x 400. 
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Figure 5: Percentage of all features discretized with FBN: Percentage of all features discretized 

with FBN and segmented based on CT exhibiting an ICC > 0.8 for all studied settings and 

underlying data categories (from left to right: heterogeneous 3D prints, bigger spheres with high 

uptake, smaller spheres with high uptake, bigger spheres with low uptake, and smaller spheres 

with low uptake).                                                                           

 TOFM400/P+TM400: TOF/PSF+TOF reconstruction with matrix size 400 x 400. 
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Figure 6: Percentage of repeatable features discretized with FBW: Percentage of all features 

discretized with FBW and segmented based on PET exhibiting an ICC > 0.8 for all studied settings 

and underlying data categories (from left to right: heterogeneous 3D prints, bigger spheres with 

high uptake, smaller spheres with high uptake, bigger spheres with low uptake, and smaller 

spheres with low uptake).                                                 

TOFM400/P+TM400: TOF/PSF+TOF reconstruction with matrix size 400 x 400. 
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Figure 7: Percentage of repeatable features discretized with FBN: Percentage of all features 

discretized with FBW and segmented based on PET exhibiting an ICC > 0.8 for all studied settings 

and underlying data categories (from left to right: heterogeneous 3D prints, bigger spheres with 

high uptake, smaller spheres with high uptake, bigger spheres with low uptake, and smaller 

spheres with low uptake ).                                                    

TOFM400/P+TM400: TOF/PSF+TOF reconstruction with matrix size 400 x 400. 

In general, underlying data, image noise, and discretization method had a high impact on 

feature repeatability. The reconstruction setting had also a big influence, when FBN 

discretization was applied. Regarding the underlying data, bigger spheres yielded more 

repeatable features than smaller spheres and spheres with high activity uptake yielded 

more repeatable features than spheres with low activity uptake. In terms of repeatability, 

3D printed inserts showed comparable results with those of larger high uptake spheres. 

Image noise reduction in terms of longer scan durations and applying smoothing to the 

images resulted in better repeatability, although the effects of smoothing depended on 

the segmentation and discretization method. The inverse proportional relationship 

between number of repeatable features and noise is illustrated in Figure 8. This figure 

shows the number of repeatable features discretized with FBN for the NEMA IQ phantom 
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scan with SBR 1:10 for all reconstruc tion methods, scan durations, smoothing factors, and 

matrix sizes as function of noise. The impact of image noise depended on the used 

discretization method: For FBN discretization (Figure 5 and 7), the number of repeatable 

features increased with applied smoothing. For FBW discretization of high uptake spheres 

and 3D prints, the effect of smoothing was marginal (Figure 4 and 6), while for low uptake 

spheres, an increase in smoothing even led to less repeatable features. In particular when 

FBN and PET-based segmentations are used in combination, mitigation of noise by 

smoothing seems to be beneficial in terms of more repeatable features, while for FBW 

and CT-based segmentation smoothing as means of noise reduction seems less effective. 

Both discretization methods yielded in general different repeatability pattern: FBW 

discretization led to better repeatability and to less variation across reconstruction 

algorithms. While for FBN discretization, differences across reconstruction algorithm were 

mainly observed for longer (120 s and 300 s) scan durations. For those scan durations, the 

repeatability was the lowest for images reconstructed with OSEM or TOF and increased by 

adding PSF.  

 

Figure 8: Influence of noise on number of repeatable features extracted from NEMA IQ phantom 

scan with SBR 1:10 for all reconstructions, scan durations, smoothing factors, and matrix sizes: 

Number of repeatable features in the different sub-categories as function of image noise 

On the other hand, the used matrix size as well as the segmentation method had only 

minor impact on repeatability: Changes in matrix size led mainly to differences for the 

–
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heterogeneous inserts and the low uptake spheres, where a bigger matrix size (i.e. a 

smaller voxel size) resulted in more repeatable features. Also differences between 

segmentation methods were mainly observed for the low uptake data. For the smaller low 

uptake spheres and PET-based segmentations, the number of repeatable features was 

lower than for CT-based segmentations and decreased even more with increasing 

smoothing. An overview of the parameters leading to the best repeatability behavior for 

the different activity uptake groups is listed in Table 3.  

Repeatable features 

Repeatable features for all subcategories and the EARL-compliant reconstruction are listed 

in Table 4 for both discretization methods. Even though every subcategory resulted in 

more repeatable features for FBW discretization, the number of features found to be 

repeatable for all subcategories is comparable for both discretization methods with a big 

overlap: Five features were found to be repeatable only for FBW discretization, two only 

for FBN discretization, sixteen features for both methods, and two features do not require 

the discretization step.  

Discussion 

This study demonstrated that both dimensionality reduction and repeatability of 
18

F-FDG 

PET radiomic features are sensitive to most sources of variation. In the subsequent 

sections, the underlying trends are described in more detail. 

Feature clustering 

As described in several other studies[9, 25], we found that many features were highly 

correlated. Discretization, sphere size, and activity uptake had a major impact on this 

correlation, while reconstruction method had less influence. To reduce the feature space, 

representative features should be chosen from each cluster. We showed that the 

composition of the correlation matrices was repeatable, but dependent on various factors 

such as image discretization, activity uptake, and sphere size. As a consequence, these 

correlation matrices yield different clusters of correlated features. Therefore, the 

representative features extracted from these clusters will differ across these matrices. 

Hence, the outcome of redundancy analyses are only generalizable among studies when 

these studies applied similar settings.  

Feature repeatability 

In this study, radiomic features extracted from larger high uptake spheres (SBR>1) 

generally showed higher repeatability than those extracted from smaller low uptake 

spheres (SBR<1). In a clinical setting, the tracer uptake activity is affected by tumor type 

and uptake mechanism. Furthermore, the signal depends on the used PET isotope. This 

can result in images with a poor signal-to-noise ratio (e.g. 
89
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studies) or even in very low uptake areas (lower than surrounding background). Therefore, 

it is not recommended to generalize results of radiomic studies in different tumor types 

and PET tracers, as most studies so far explored the performance of radiomic features on 

FDG PET/CT studies. 

In radiomic studies both discretization methods (FBW as well as FBN) are widely used. 

However, several studies suggest the use of FBW discretization as better clinical 

applicability and repeatability has been shown[21, 26, 27]. Furthermore, Orlhac et al. 

demonstrated that features discretized with FBW led to more significant differences in 

feature values across tumor types and hence to more meaningful results[19]. Our findings 

also support the use of FBW discretization, as it led in general to a larger number of 

repeatable features (yielding a high ICC) for both phantoms and hence also to more 

features sensitive to heterogeneity information. 

Previous studies reported high variability of feature values across reconstruction 

algorithm[14, 28] for images discretized with FBN. Our results confirm that FBN 

discretization led also to higher variation in repeatability performance across 

reconstruction algorithm. A reason for this effect might be that for this setting, the bin 

width is sensitive to image noise and therefore every image is discretized with a different 

bin width. This hypothesis is in line with the finding that decreasing image noise by image 

smoothing resulted in increased number of repeatable features mostly for FBN 

discretization. Another point that supports this hypothesis is that also the combination of 

FBN discretization and PET-based segmentation resulted in an increase in number of 

repeatable features, when compared with CT-segmentation. This is likely due to the fact 

that the 41%SUVpeak method  eliminates outliers from the region of interest. Therefore, 

the intensity ranges across regions of interests (and also the bin width) becomes 

comparable across images and leads therefore to an increase in repeatability.     

Our results suggest that a large number of features is sensitive to image noise. In the 

majority of the cases, increased smoothing resulted in a higher number of repeatable 

features (Fig 4 and 5), and these effects are most pronounced when using PET based 

segmentation in combination with FBN discretization (Figure 7). This may seem counter-

intuitive as for smoothing there is a trade-off between noise and spatial resolution; i.e. 

increased smoothing leads to less noise but lower spatial resolution and possibly less 

observable uptake heterogeneity. PET textural features, capturing intensity differences 

between neighboring voxels, can be highly sensitive to stochastic image variation [12]. As 

the reduction of noise leads to more homogeneous image texture, this may lead to more 

comparable textural matrices across the statistically equal replicates and hence to higher 

repeatability. A drawback of decreasing image noise by image smoothing might be that 

important textural information describing tumor uptake heterogeneity might get lost. In 

our study, however, for high uptake data and 3D printed heterogeneous inserts, actually 
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more features showed good repeatability with increasing smoothing and/or for longer 

scan duration. This indicates that for the heterogeneous phantom insert data, increasing 

smoothing did not necessarily eliminate important heterogeneity information. Therefore, 

noise mitigation by increasing scan statistics and/or by image smoothing could be a valid 

option and should be further explored. As the 3D printed inserts contain only coarse 

heterogeneity information, these findings can only be applied to tumors showing similar 

heterogeneity pattern as the 3D printed inserts. For tumors showing subtle heterogeneity 

uptake, smoothing might affect the heterogeneity information and therefore also 

influence the repeatability behavior of radiomic features. Furthermore, in this study, it 

was impossible to assess the impact of smoothing on the sensitivity of feature values to 

underlying biological factors.      

On the other hand, low uptake spheres (SBR<1) discretized with FBW resulted in lower 

repeatability for higher levels of smoothing. In this case, smoothing decreased the 

intensity range in the spheres and therefore the chosen bin width can become 

inappropriate. Therefore, for low activity uptake, the bin width should be chosen carefully 

and/or the use of smoothing should be applied with care and/or avoided all together.  

Several studies showed that a large number of features exhibit high variability across 

various reconstruction settings[15, 29, 30]. Our study showed that especially for FBN 

discretization the number of repeatable features also depended on the used 

reconstruction algorithm. E.g. images reconstructed with PSF or PSF+TOF yielded higher 

repeatability than OSEM or TOF reconstructions. The higher repeatability found by using 

PSF is consistent with the fact that PSF decreases image noise[31] and with the previously 

reported finding that image noise and repeatability have an inverse proportional 

relationship. Moreover, the additional use of TOF improves image quality and reduces 

image noise[32] and is therefore expected to increase feature repeatability. However, our 

results showed the same repeatability for images reconstructed with OSEM and images 

reconstructed with TOF. A comparison of image noise between these images showed that 

the TOF-effect on our scanner and for this phantom was small and had therefore also only 

a small effect on the repeatability of features.  

Many studies reported on differences in feature values across different voxel sizes[33, 34]. 

In our study, differences in repeatability were mainly observed for the tumor-like inserts. 

Here, a smaller voxel size resulted in more repeatable features. A possible explanation 

might be that the smaller voxel size can capture heterogeneity information more precisely 

and it is therefore preferable to follow the recent recommendation by Hatt et al. to apply 

a standardized voxel size of 2x2x2 mm[8]. The latter is also recommended because the 

value of some features depend on the number of voxels within a given VOI. 
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Previous studies reported a high variability of feature values across different segmentation 

results[27, 30, 35, 36]. However, as demonstrated by Hatt et al.[35] even though different 

segmentations lead to a variability in feature values, their predictive value might not 

change. Our results indicate that the 41% SUVpeak segmentation algorithm leads to good 

repeatability for a large number of features in line with[36], although it does not lead to 

reliable segmentations in all cases[37]. In our study, differences in repeatability were 

mainly observed in the low uptake data. As explained before, for PET-segmentations, 

image noise influences not only the repeatability of radiomic features but also the quality 

of the segmentation. Therefore, the lower number of repeatable features in the low 

uptake data might be caused by poor segmentation results due to image noise.  

Repeatable features 

Only a small number of features were identified to be repeatable for all subcategories. 

The majority of these features was repeatable for both discretization methods. Some of 

these features (grey-level-non-uniformity run length, run length non uniformity) were 

identified before to be insensitive to the discretization step[9]. The high ICC also indicates 

that these features are informative regarding differences in tracer uptake heterogeneity. 

This is in line with previous studies showing that e.g coarseness contains valuable 

information about survival for NSCLC patients or response to therapy for esophageal 

cancer patients[38, 39]. While sum and difference entropy (GLCM) showed to have  

prognostic value for NSCLC tumors[40–42].  

A drawback of our study is that only phantom data was included, although we attempted 

to make the study as clinically relevant as possible by using 3D printed phantom inserts 

reflecting heterogeneous tumor uptake pattern. It should be noted that our study was 

designed to explore the technical performance of radiomic features under controlled 

experimental conditions, thereby avoiding biological uncertainties or variations in imaging 

procedures. Yet, it is of interest to perform e.g. repeatability studies which includes these 

factors to further test radiomic performance under clinical conditions. Our results show 

that it may be warranted to collect these repeatability studies for various diseases and 

tracers as the tracer bio distribution and tumor uptake can be very different among 

patient groups and tracers. We showed that differences in size, level and intra-tumoral 

distribution of tracer uptake have a large effect on radiomic feature repeatability and thus 

on the optimal settings to be used in a radiomics analysis pipeline. 

Conclusion  

This study reports on the impact of underlying data, image reconstruction methods and 

settings, noise, discretization method, and delineation method on the dimensionality 

reduction and repeatability of 
18

F-FDG PET radiomic features, which is an important 

measurement of error. Our data show that feature reduction is sensitive to discretization, 
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sphere size, and activity uptake, and is therefore only generalizable among studies using 

the same settings. This study demonstrates that clinical PET studies and examinations 

need to be standardized in order to use 
18

F-FDG PET radiomics as quantitative imaging 

biomarkers. Although this conclusion is not new for standard quantitative PET biomarkers, 

our study suggests that, in particular for radiomics features, efforts should focus on noise 

reduction sometimes even at the cost of spatial resolution and optimizing the choice for 

image reconstruction method, discretization method, and segmentation method. For 

every clinical application, radiotracer and disease type, a validation of radiomic feature 

performance/repeatability needs to be performed as its performance depends on the 

nature of the underlying data i.e. as function of tumour size, shape, tracer uptake level, 

contrast and intratumoural uptake distribution. 
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Abstract 

Background: The sensitivity of radiomic features to several confounding factors, such as 

reconstruction settings, makes clinical use challenging. In order to investigate the impact 

of harmonized image reconstructions on feature consistency, a multicenter phantom 

study was performed using 3D printed phantom inserts reflecting realistic tumour shapes 

and heterogeneity uptakes.  

Methods: Tumours extracted from real PET/CT scans of patients with Non-Small Cell Lung 

Cancer served as model for three 3D printed inserts. Different heterogeneity pattern were 

realized by printing separate compartments that can be filled with different activity 

solutions. The inserts were placed in the NEMA image quality phantom and scanned 

various times.  First, a list-mode scan was acquired and five statistical equal replicates 

were reconstructed. Secondly, the phantom was scanned four times on the same scanner. 

Thirdly, the phantom was scanned on six PET/CT systems. All images were reconstructed 

using EARL-compliant and locally clinically-preferred reconstructions. EARL-compliant 

reconstructions were performed without (EARL1) or with (EARL2) point-spread function 

(PSF).  Images were analyzed with and without resampling to 2 mm cubic voxels. Images 

were discretized with a fixed bin width (FBW) of 0.25 and a fixed bin number (FBN) of 64 

bins. The intraclass correlation coefficient (ICC) of each scan setup was calculated and 

compared across reconstruction settings. An ICC above 0.75 was regarded as high.  

Results: The percentage of features yielding a high ICC was the largest for the statistical 

equal replicates (70%- 91% for FBN, 90%-96% for FBW discretization). For scans acquired 

on the same system, the percentage decreased, but the majority of features still resulted 

in a high ICC (FBN: 52%-63%, FBW: 75%-85%). The percentage of features yielding a high 

ICC decreased more in the multicenter setting. In this case, the percentage of features 

yielding a high ICC was larger for images reconstructed with EARL-compliant 

reconstructions: e.g. 40% for EARL1, 60% for EARL2 vs. 21% for the clinically-preferred 

setting for FBW discretization. When discretized with FBW and resampled to isotropic 

voxels, this benefit was more pronounced.  

Conclusion: EARL-compliant reconstructions harmonize a wide range of radiomic features. 

FBW discretization and a sampling to isotropic voxels, pronounces the benefits of EARL-

compliant reconstructions. 
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Introduction 

Personalized cancer treatment is one of the main promises of modern medicine. Analyzing 

the combinations of patient genetics and tumour phenotype in medical images can 

provide additional information on treatment response and diagnosis and has therefore 

the potential to help in clinical decision making (1). One part of this approach is the rapidly 

growing field “radiomics” that aims to extract a large number of feature values from 
medical images describing tumour phenotype as well as tumour inter- and intra-

heterogeneity (2–4). In Positron Emission Tomography combined with Computed 

Tomography (PET/CT) images, radiomics has shown promising results in the assessment of 

treatment response and patient survival for several cancer types, such as head-and-neck 

or lung cancer (5,6).  

Besides these positive results, many studies reported on the limitations and challenges of 

radiomics, including the sensitivity of feature values to differences in reconstruction 

algorithm, voxel size, smoothing, and discretization method (7–9). In order to make 

radiomic studies comparable over patients, institutions, and scanners, it is essential that 

radiomic features are harmonized across centers. The European Association of Nuclear 

Medicine (EANM) attempts to reduce this variability of measurements in multicenter 

clinical trials in its EANM Research Ltd (EARL) accreditation program (10). For this purpose, 

it harmonizes basic standard uptake value (SUV) features based on the SUVmax, SUVmean 

and SUVpeak by comparing phantom scans of the NEMA NU2-2012 image quality (IQ) 

phantom. For this purpose, centers choose one reconstruction setting that is in line with 

the standards provided by EARL and uses an iterative reconstruction algorithm (EARL1). It 

has been shown that also reconstructions including resolution modeling (based on the 

Point-Spread-Function (PSF)) can be used to harmonize PET/CT systems  (EARL2) (11).  

Additional to the EARL-compliant reconstructions, every center applies usually also one 

reconstruction with settings leading to optimal lesion detection that is used for clinical 

reads. As illustrated in Figure 1, the quality of a PET/CT image differs across these three 

reconstruction settings which have therefore a high impact on the extracted radiomic 

features (see Table 1). 
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Figure 1: Different reconstructions of the same patient scan of a patient with Non-Small-Cell-Lung-

Cancer (NSCLC) acquired at the Siemens Vision: From left to right: Reconstruction with EARL1, 

EARL2, and the clinical preferred reconstruction 

 

 EARL1 EARL2 Clinical preferred 

High grey level run 

emphasis3DAVG 

142.24 175.07 130.10 

Busyness3D 0.34 0.30 0.50 

Contrast2DAVG 11.21 14.07 7.64 

Table 1: Radiomic features of patient displayed in Figure 1 found to give valuable information 

about survival in lung cancer patients (31) for different reconstruction settings 

The EARL harmonization is based on basic SUV features. To the best of our knowledge, 

there is no multicenter experimental study yet that investigated the effect of EARL 

harmonization on the variability of complex radiomics features. For this purpose, one 

object that reflects realistic heterogeneity uptake has to be scanned at multiple centers 

and the feature values across centers have to be compared. Commercial available 

phantoms such as e.g. the NEMA image quality phantom are not optimal, as they contain 

only spherical and homogeneous uptake objects. Therefore, in this study, 3D printed 

phantom inserts were designed and built according to tumours extracted from typical PET-

scans and reflecting more realistic uptake distributions than seen with spheres. These 

inserts were scanned at three institutions on six different PET/CT systems. Feature values 

were extracted from EARL-compliant (EARL1 and EARL2) and local clinically preferred 

reconstructions. The reliability, repeatability, and reproducibility of radiomic features was 

reported.  

 

 

 

Chapter 5 – Multi-center evaluation of PET Radiomic Features 



107   

 

Materials and Methods 

Phantom Design and 3D Printing 

 

Figure 2: Upper row: Original tumour in PET/CT image (left) and PET/CT scan of phantom insert 

(from left to right tumour 1, tumour 2, tumour 3);  Lower row: Corresponding STL-images with 

tumour-to-background ratios 

 

Three 3D printed phantom inserts were used in this study. PET scans of patients with Non-

Small-Cell-Lung-Cancer (NSCLC) served as models for the inserts. For this purpose, several 

NSCLC tumours showing various heterogeneity uptake pattern were visually checked. 

Three tumours with different shapes and uptake characteristics were selected as models 

for the 3D print. These tumours were segmented, slightly smoothed, scaled, and 

converted to a stereolithography (STL) file in order to make the printing possible. 

Differences in heterogeneity uptake were realized by printing two separate compartments 

that can be filled with different activity solutions. The heterogeneity uptake patterns 

include a homogeneous tumour (tumour 1), a tumour with heterogeneity uptake in the 

sagittal view (tumour 2) and a tumour with a necrotic core (tumour 3). The size of the 

inserts are displayed in Table 2.  The printing was performed by a FormLabs Form 2 

printer, which relies on a stereolithography (SLA) technique to cure its photopolymeric 

Formlabs Clear FLGPCL02 resin (Formlabs Inc., Somerville, Ma, USA). A picture of the 3D 

inserts as well as the corresponding tumours are displayed in Figure 2. The inserts were 

placed at equal distances in the NEMA NU-2 IQ phantom. The feature values of the 

phantom inserts were verified to be within the range of radiomic feature values extracted 

from 10 FDG PET/CT studies of NSCLC patients (12). More than 82% of the features are 
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well within the clinically expected range, while only 1.6% show a large variation from the 

clinical data. Therefore, the inserts generate feature values that are representative for 

clinical data. 

 Size Volume 

Tumour 1 40.3 mm x 44 mm x 54.5 mm 46.05 ml 

Tumour 2 – upper part 33.9 mm x 37 mm x 30 mm 10.75 ml 

Tumour 2 – lower part 24.3 mm x 40.5 mm x 36.6 mm 13.12 ml 

Tumour 3 – outer part 56 mm x 54 mm x 65.1 mm 65.35 ml 

Tumour 3 – necrotic core 25 mm x 24 mm x 31 mm 7.8 ml 

Table 2: Size of 3D printed inserts 

Phantom scans   

In order to obtain features comparable across institutions and PET/CT-systems, only 

features that are reliable, repeatable, and reproducible should be used. Whereby reliable 

features are defined as features yielding only marginal differences when extracted from 

images obtained under exactly the same conditions. While repeatable features are 

features that result in small differences when extracted from various scans of the same 

subject. Reproducibility refers to features that remain almost the same when acquired 

using different PET/CT systems, image acquisition and reconstruction settings.  

To measure reliability, the NEMA IQ phantom containing the inserts was scanned once on 

a Biograph mCT64 (Siemens Healthcare, Knoxville, TN, USA). The scan was acquired in list-

mode and five statistically replicates of 60 s were reconstructed. Three different 

reconstruction settings were applied: An EARL-compliant reconstruction (EARL1, time-of-

flight (TOF) with 5 mm full-width-at-half-maximum (FWHM) Gaussian smoothing), an 

EARL-compliant reconstruction including PSF (EARL2, PSF+TOF with 5 mm FWHM), and the 

clinical preferred setting of this institution (PSF+TOF with 7mm FWHM). The 

homogeneous insert, the outer part of the necrotic core as well as the lower part of the 

third insert were filled with an activity solution so that a tumour-to-background ratio (TBR) 

of around 10:1 was achieved. The upper part of the third tumour was filled with an activity 

solution leading to a TBR of 5:1, while the necrotic core of tumour and spheres were filled 

with water (see Figure 2). The five statistical equal replicates represent an ideal situation 

as the five images only differ in noise pattern.  

To measure repeatability, the phantom was scanned four times on the same system 

(Siemens Biograph mCT64) independently. I.e. for every scan the phantom was filled with 

an activity solution and placed on a slightly different position in the scanner. For 

differences in phantom filling, the scan duration was adjusted so that statistically equal 

replicates were obtained. The exact amount of activity in tumours and background is 

listed in Table 3 for each scan. Images were reconstructed using the same reconstruction 
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settings as described above. For every scan the inserts were delineated separately what 

could lead to slightly different delineations. Therefore, this scenario reflects a more 

realistic clinical setup.  

 

 Background filling in kBq/ml 
Tumour filling in kBq/ml 

(parts 10:1/5:1) 

Biograph mCT64 Scan 1 2.2 21.8/15.8 

Biograph mCT64 Scan 2 2.3 22.6/15.5 

Biograph mCT64 Scan 4 1.9 2.1/14.5 

Biograph mCT64 Scan 4 

(included in multicenter 

study) 

1.4 14.3/9.0 

Horizon 2.2 20.0/10.0 

Vereos 1.2 12.1/4.6 

Biograph mCT40 1.9 19.4/10.0 

Vision 2.6 23.1/11.9 

Discovery MI 1.5 14.6/6.9 

Table 3: Amount of activity in phantom background and tumour inserts for the four 

scans acquired on same scanner and the multi-center setting 

Furthermore, a multicenter study was performed in order to measure reproducibility. The 

inserts were scanned at three institutions on six PET/CT systems including four Siemens 

Healthcare (Biograph mCT40, Biograph mCT64, Horizon with extra ring of detectors (TrueV 

option), and Biograph Vision), one Philips Healthcare (Vereos) and one GE Healthcare 

(Discovery MI 4 ring) system. The data were reconstructed with a clinically relevant scan 

duration of 60 s. The scan duration was adjusted for differences in phantom fillings across 

centers. Table 3 lists the phantom fillings for each scan. Also here, images were 

reconstructed using the scanner defined reconstruction settings complying with the EANM 

standards (EARL1 and EARL2), as well as the locally clinically preferred settings of each 

institution. Applied reconstruction algorithm, matrix size, and smoothing kernel of the 

reconstructed images are listed in Table 4. The inserts were segmented separately for 

each scan. 
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 EARL1 EARL2 Clinical 

Horizon 
'TOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'5mm' 

Vereos 
'TOF', 'M144', 

'6mm' 

'PSFTOF', 'M144', 

'5mm' 
'TOF', 'M144', '4mm' 

Biograph mCT40 
'TOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'7mm' 

Biograph mCT64 
'TOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'7mm' 

Vision 
'TOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', 

'5mm' 

'PSFTOF', 'M256', '0 

mm' 

Discovery MI 
'TOF', 'M192', 

'7mm' 
‘VPFXS, 'M192', '7 mm' 'VPHD', 'M192', '0mm', 

Table 4: Applied reconstruction algorithm, matrix size, and smoothing factor for each 

scanner. The reconstruction settings of the Discovery MI scanner are comparable to: 

VPFXS is equivalent to a PSF+TOF reconstruction, while VPHD is equivalent to a PSF 

reconstruction 

PET analysis 

Segmentations were performed with an in-house software developed for the analysis and 

segmentation of PET images.. Segmentations were done manually on the low-dose CT for 

each scan.  

An in-house developed software for the calculation of radiomic features programmed in 

C++ was used for feature calculation (13). All calculated feature values follow the 

definitions of the Image Biomarker Standardization Initiative (IBSI) and are tested to be in 

compliance with the available benchmarks (14). In total, 436 radiomic features were 

extracted. Before feature calculation, the images were converted to SUV values so that 

the phantom background had a mean SUV value of 1. Features were calculated for images 

consisting of the original voxel size, as well as for images resampled to 2 mm cubic voxels 

as recommended (15). Image and binary segmentation mask were resampled using 

trilinear interpolation. Before the extraction of textural features, images were discretized 

using a fixed number of 64 bins (FBN), as well as a fixed bin width (FBW) of 0.25.  

Statistical analysis 

Data analysis was performed with Python 3.6.3 using the packages numPy, sciPy, and 

matplotlib (16) for figure plotting. Statistical analysis was performed using R within the 

python environment with the Python-R interface rPy2. 
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Feature reliability, repeatability, and reproducibility 

In order to measure feature consistency (i.e. reliability, repeatability, and reproducibility) 

for the three different scan setups, the intraclass correlation coefficient (ICC) was 

calculated using the irr package (version 0.84), available from the Comprehensive R 

Archive Network (http://www.r-project.org). A two-way single measure model was used 

to evaluate the consistency of features for all scans. Every 3D printed insert was regarded 

as a tumour in a patient, while each scan was regarded as one observer. The ICC is defined 

as ratio of inter-cluster variability and sum of inter-cluster and intra-cluster variability. 

Therefore, ICC values vary from zero to one, with one representing perfect agreement. 

Furthermore, a high ICC implies that the intra-cluster variability is low when compared 

with the inter-cluster variability indicating that a feature with a high ICC can distinguish 

well between inserts. An ICC higher than 0.9 is regarded as excellent, values between 0.75 

and 0.9, between 0.6 and 0.75, and below 0.6 are regarded as good, moderate, and poor, 

respectively (17).  

ICC values were compared between reconstruction settings, discretization methods, and 

original vs. resampled data using a non-parametric permutation test. A permutation test 

compares two groups by checking differences in test statistics for the groups. The test 

swaps randomly the elements of both groups for all possible combinations. If the statistics 

do not change after swapping, the null hypothesis cannot be rejected. All p-values below 

0.01 were considered as statistically significant. A Benjamini-Hochberg procedure with a 

false discovery rate of 0.25 was performed to diminish the chance of a Type I error for 

multiple comparisons. The permutation test was performed using the R package perm 

(version 1.0-0.0) for each feature group separately. 

Results 

All calculated radiomic features are listed in supplemental files 1, 2, and 3 (for EARL1, 

EARL2, and clinical reconstructions, respectively) including their ICCs for each 

reconstruction setting and discretization method. 

http://www.r-project.org/
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Figure 3: Percentage of features extracted from the five statistical equal replicates yielding an 

excellent, good, moderate, or bad ICC for Fixed bin number (FBN) (first row) and Fixed bin width 

(FBW) discretization (second row) for the different feature groups (GLCM: Grey-Level-Co-

occurrence-Matrix, GLRLM: Grey-Level-Run-Length-Matrix, NGLDM: Neighboring-Grey-Level-

Dependence-Matrix GLSZM: Grey-Level-Size-Zone-Matrix, GLDZM: Grey-Level-Distance-Zone-

Matrix, NGTDM: Neighboring-Grey-Tone-Difference-Matrix). 

Figure 3 displays the percentage of features resulting in an excellent, good, moderate, or 

bad ICC sorted by feature groups for the statistical equal replicates and both discretization 

methods. The total percentage of excellent, good, and moderate ICC values was 

comparable across all reconstruction settings with the highest values for FBW 

discretization (96.7% for EARL1, 97.4% for EARL2, and 97.9% for the clinically preferred 

setting vs. 83.2%, 94.2%, and 94.7% for FBN discretization, respectively) (see also 

supplemental Table 1). The EARL1 setting yielded the lowest percentage of features with 

an excellent ICC. When comparing the feature groups, the differences in ICC values were 

only significant for GLRLM features (p-value<0.01). A discretization with FBW resulted in 

more reliable features than FBN discretization, but the ICC values resulted only in 

significant differences for GLCM features. Resampling to cubic voxels had almost no 

influence on reliability, although it led to a slight increase in number of reliable features 

(see supplemental Figure 1) with no significant differences in ICC values.  
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Figure 4: Percentage of features extracted from the four scans acquired on the same PET/CT 

system yielding an excellent, good, moderate, or bad ICC for FBN (first row) and FBW 

discretization (second row) 

In comparison, the percentages of features yielding excellent, good, moderate, or bad ICCs 

for the four scans acquired on the same system are displayed in Figure 4.  The number of 

features yielding an excellent ICC decreased when compared with the five statistical equal 

replicates. However, the majority of features still resulted in a good or moderate ICC. Also 

here, a discretization with FBW led to the highest percentage of features with a moderate 

or better ICC (87.8% for EARL1,  90.3% for EARL2, and 91.8% for the clinically preferred 

reconstruction vs. 78.2%, 82.1%, and 77.1% for FBN discretization) with a slight increase 

after resampling (see supplemental Table 2) with significant differences for GLCM features 

(p-value<0.01). The differences between clinically preferred and EARL-compliant 

reconstructions were also not significant, but the clinical preferred reconstruction yielded 

the highest and the EARL1 setting the lowest percentage of repeatable features. The only 

feature group that resulted in less repeatable features after resampling were the 

morphological features (see supplemental Figure 2).  
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Figure 5: Percentage of features extracted from the multicenter setting yielding an excellent, 

good, moderate, or bad ICC for FBN (first row) and FBW discretization (second row)  

 In the multicenter setting, the percentage of features yielding a moderate or better ICC is 

low when compared with the other scan settings (see Figure 5). Also here, a discretization 

with FBW led to the largest percentage of features with an ICC higher than 0.6 (71.7% for 

EARL1, 84.9% for EARL2, 32.3% for the clinically preferred setting vs. 49.3%, 49.5%, and 

38% for FBN discretization). Significant differences in ICC values between the two 

discretization methods were found only for the EARL-compliant reconstructions and some 

textural feature groups (GLCM and GLRLM features for both EARL-compliant 

reconstructions, NGLDM and GLSZM for EARL2). When discretized with FBN, only small 

and non-significant discrepancies can be observed between the reconstruction settings. 

While for FBW discretization, the difference between EARL-compliant reconstructions and 

clinical preferred reconstructions led for the majority of textural feature groups to 

significant differences. It should be noted that in the multicenter setting, the local 

clinically preferred reconstructions differed substantially between sites and scanners, 

while this was not the case in the single scanner experiments desribed. Significant 

differences in ICC values between EARL1 and EARL2 were only observed for GLCM and 

GLRLM features when discretized with FBW. A resampling to cubic voxels was beneficial, 

especially for textural feature groups, although the differences were not significant (see 

–
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supplemental Figure 3). Also here, the only feature group resulting in less reproducible 

features after resampling was the group of morphological features, where a significant 

difference was observed (see supplemental Table 3).   

Discussion 

To the best of our knowledge, this is the first multicenter and multivendor experimental 

study that investigates the impact of EARL-compliant reconstructions on the repeatability 

and reproducibility of radiomic features. Our results suggest that in a multicenter setting, 

the use of EARL-compliant reconstructions leads to a larger number of reproducible 

features. A reason for this might be that the clinical preferred reconstructions varied to a 

large extend in terms of spatial resolution/contrast recovery across PET/CT systems. As 

radiomic features are sensitive to resolution and image noise, these  variations could be 

the reason for a higher variation of radiomic features (18). This is in line with the fact that 

differences in feature consistency between reconstruction settings were not visible in the 

five statistical equal replicates and the four scans acquired on the same scanner where the 

same local clinically preferred reconstruction was applied.  

 In the multi-center setting, EARL-compliant images yield comparable image quality. This 

might be the reason for the low differences in reliability, repeatability and reproducibility 

of these two reconstruction settings. This result is in line with the findings of Kaalep et al. 

who reported that a harmonization of PET/CT systems using PSF reconstructions is 

feasible (11). Furthermore, our results support the findings of Lasnon et al. who showed 

that images reconstructed with PSF and in line with the EARL-standard can be used for the 

harmonization of radiomic features (19).  

While EARL-compliant reconstructions yield similar contrast recoveries, the amount of 

smoothing for clinically preferred settings differed across PET/CT systems.  The lower 

spatial resolution with EARL-compliant reconstructions seems to be beneficial in terms of 

repeatability and reproducibility, but might also eliminate important heterogeneity 

information which is visible in some of the clinically preferred reconstructions. . This effect 

is lower in the updated EARL standards (EARL2), which yields higher contrast recoveries 

and spatial resolution, and is therefore preferred for future multicenter studies. One 

limitation of this study is that we do not report the accuracy of feature values. As it was 

demonstrated before that radiomics features are biased as function of  acquisition 

parameters, image reconstruction settings, and noise (18,20,21), there is an urgent need 

for standardization of feature values in order to reduce the variability (in bias) of radiomic 

features across centers. Therefore, we focused on feature consistency and the feasibility 

of using existing harmonization procedures on the reproducibility of radiomic features. 

Nonetheless, as an high ICC also indicates that features can differentiate well between 

inserts, our results suggest that EARL-compliant reconstructions also result in more 
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meaningful features, especially when using the EARL2 settings. This is in line with the 

findings of Aide et al. who showed that images reconstructed with higher resolution 

reconstructions improved the characterization of breast tumours when compared with 

EARL1 (22). 

Use of physical phantoms also have limitations, as the 3D printed inserts reflect only three 

coarse heterogeneity patterns. However, they provide a more realistic scenario than 

publicly available phantoms containing only spheres. Furthermore, phantoms have the 

advantage to provide a more reproducible setting than patient scans as the activity 

solution filled in spheres and background can be matched closely across experiments 

performed in different institutions. 

Moreover, our study confirms previous findings (on clinical datasets) such as the impact of 

image discretization on the reliability and repeatability of radiomic features. Previous 

studies reported a better repeatability as well as less sensitivity to differences in 

delineations for FBW discretization (7,10,23). Furthermore, Orlhac et al. demonstrated 

that a discretization with FBW led to more meaningful features i.e. features that can 

distinguish well between tumour types (23). Our results also confirm the benefit of a 

discretization with FBW as it resulted in more consistent features especially for EARL-

compliant reconstructions.  

The impact of voxel size on radiomic feature values has also been studied before (24,25). 

Hatt et al. recommended the use of isotropic voxels with voxel size of 2 mm (15). Our 

study supports this recommendation. Especially in the multicenter setting, a resampling to 

cubic voxels led to a better reproducibility of radiomic features. A possible explanation 

might be that a common voxel size might lead to more comparable features as a large 

amount of features is sensitive to differences in slice thickness and voxel size (26,27). The 

only feature group not benefiting from resampling were the morphological features. This 

effect was only observed in the scan setups where each scan was segmented separately. A 

possible reason might be that the resampling of the tumour segmentation might lead to 

different results depending on the initial position of the delineation in the image.  

The impact of tumour delineation on the sensitivity of radiomic features was also reported 

previously (7,28,29). Our results confirm this finding, as the number of features yielding an 

excellent ICC decreased from the five statistical equal replicates to the four scans acquired 

on the same system (with repositioning and thus redefinition of tumour delineation). 

However, differences in number of features resulting in a moderate or better ICC might 

also be caused by differences in phantom filling and phantom positioning. Mansor et al. 

demonstrated that basic SUV features (SUVmax, SUVpeak, SUVmean) are affected by phantom 

repositioning (30), so it is likely that repositioning also affects more complex textural 

features. However, as a patient repositioning and differences in tumour delineation across 

–
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institutions are part of the general clinical workflow, it is questionable if features highly 

sensitive to these changes are feasible to be used for radiomic analysis in the clinic.    

In summary, this study shows that PET/CT system performance harmonization by the use 

of EARL-compliant reconstructions increases the repeatability and reproducibility of a 

large number of radiomic features. A discretization with FBW and a sampling to 2 mm 

isotropic voxels have beneficial impact on feature repeatability and reproducibility. 

 

Conclusion 

This study reports on the impact of EARL-compliant reconstructions on the reliability, 

repeatability, and reproducibility of radiomic features in comparison with clinical 

preferred reconstructions. Our results show that the use of EARL-compliant 

reconstructions is beneficial and leads to a larger number of reliable, repeatable, and 

reproducible features. A discretization with FBW and a resampling to cubic 2mm voxels 

increases the percentage of consistent features. The study suggests that EARL-compliant 

reconstructions should be used for radiomic analysis, especially in a multicenter setting. 

Use of the updated EARL2 standards is preferred because of its higher contrast recovery 

and spatial resolution while providing similar radiomics performance compared to EARL1 

standards (11). 
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Abstract 

Background: Radiomics refers to the extraction of a large number of image biomarker 

describing the tumour phenotype displayed in a medical image. Extracted from Positron 

Emission Tomography (PET) images, radiomics showed diagnostic and prognostic value for 

several cancer types. However, a large number of radiomic features are non-reproducible 

or highly correlated with conventional PET metrics. Moreover, radiomic features used in 

the clinic should yield relevant information about tumour texture. In this study, we 

propose a framework to identify technical and clinical meaningful features and exemplify 

our results using a PET Non-Small-Cell Lung Cancer (NSCLC) dataset.  

Materials and Methods: The proposed selection procedure consists of several steps. A 

priori, we only include features that were found to be reproducible in a multicenter 

setting. Next, we apply a voxel randomization step to identify features that reflect 

relevant textural information, i.e. that yield in 90% of the patient scans a value 

significantly different from random texture. Finally, the remaining features were 

correlated with standard PET metrics to further remove redundancy with common PET 

metrics.  The selection procedure was performed for different volume ranges, i.e. 

excluding lesions with smaller volumes in order to assess the effect of tumour size on the 

results. To exemplify our procedure, the selected features were used to predict 1-year 

survival in a dataset of 150 NSCLC patients. Moreover, a predictive model was built using 

volume as predictive factor for smaller, and one of the selected features as predictive 

factor for bigger lesions. The prediction accuracy of the both models were compared with 

the prediction. 

Results: The number of selected features depended on the lesion size included in the 

analysis. When including the whole dataset, from 19 features reflecting relevant 

heterogeneity only two were found to be not strongly correlated with conventional PET 

metrics. When excluding lesions smaller than 11.49 mL and 33.10 mL (25 and 50 

percentile of the dataset), 4 out of 27 features and 13 out of 29 features remained after 

eliminating features highly correlated with standard PET metrics. When excluding lesions 

smaller than 103.9 mL (75 percentile) 33 out of 53 features remained. For larger lesions, 

some of these features outperformed volume in terms of classification accuracy (increase 

of 4-10%). The combination of using volume as predictor for smaller lesions and one of the 

selected features for larger lesions also improved the accuracy when compared with 

volume only (increase from 72% to 76%). 

Conclusion: When performing radiomics analysis for smaller lesions, it should be first 

carefully investigated if a textural feature reflects relevant heterogeneity information. 

Next, verification of absence of correlation with all conventional PET metrics is essential in 

order to assess the additional value of radiomic features. Radiomic analysis with lesions 

larger than 11.4 mL might give additional information to conventional metrics while at the 

same time reflecting relevant tumour texture. Using a combination of volume and one of 

the selected features for prediction yields promise to increase accuracy and reliability of a 

radiomic model. 
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Introduction 

Quantitative interpretation of Positron Emission Tomography (PET) may be used for 

diagnosis, prognosis, and treatment response assessment for cancer patients[1, 2]. To date, 

the maximum intensity value in the tumour (SUVMAX), the metabolic active tumour volume 

(MATV) or the total lesion glycolysis (TLG) are often used for this purpose[3, 4]. Recently, 

other metrics describing the textural properties of the tumour (i.e. tumour heterogeneity) 

have gained increasing interest [5, 6]. These so called radiomic features might yield 

additional value to conventional metrics and might help to determine prognosis and 

treatment efficacy more accurately and reliably than conventional metrics. Several studies 

commented on the promising value of radiomic features for different tumour types [6–8].  

While a large number of studies reported on the additional value of radiomics, more and 

more studies address its challenges and pitfalls [9, 10]. The sensitivity of radiomic features to 

all steps in the radiomics workflow (i.e. image acquisition and reconstruction, tumour 

delineation, image discretization, and image processing) has been discussed in several 

reports [8, 11, 12]. In a clinical workflow, only features that result in comparable values when 

extracted from a patient scanned several times under the same conditions (repeatable 

features) and that are yielding only small differences when extracted from scans of the same 

patient acquired under different conditions (e.g. different scanners) (reproducible features) 

should be used in a radiomics workflow [13]. Both characteristics are essential in order to 

guarantee a reliable treatment assessment and an accurate diagnosis independent of e.g. on 

which PET scanner the patient was examined. Moreover, many radiomic features are highly 

correlated with conventional metrics such as MATV what makes their additional value 

questionable [14]. Additionally, a radiomic feature used in the clinic should be relevant and 

explainable, i.e. should reflect the tumour heterogeneity observed in the medical image 

accurately [15].  

It is of utmost importance that all these requirements are fulfilled as it might happen that a 

feature is found by chance to be predictive for the required task without yielding any 

meaningful information about tumour heterogeneity. Regarding the large number of 

radiomic features and the relatively small number of patients included in the majority of 

studies, this can happen as illustrated in [16] where the authors used randomly generated 

feature values for the prediction of overall survival and achieved a maximum cross-validation 

accuracy under the curve (AUC) of 0.79. Therefore, each radiomic feature should be carefully 

checked if it really reflects the tumour heterogeneity observed in the image.  

In this study, we propose a procedure to identify and select only those features that may 

yield technical and clinical meaningful information before using them in a prognostic model 

in an example dataset. We only include radiomic features which were found to be repeatable 

and reproducible in a previous multi-center study. Out of these robust features, we identify 

meaningful features using a method inspired by Welch et al. who randomly shuffled tumour 

intensity values of CT images in order to destroy the underlying tumour texture. By 

comparing the features extracted from the original tumour with the features extracted from 
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the disturbed lesions, we identify the features describing relevant tumour heterogeneity 

beyond voxel randomness. Hereby, we consider a feature as describing relevant information 

when the feature value extracted from the original VOI is significantly different from the 

feature value of the disturbed VOIs. If this is not the case, the feature does not seem to 

describe relevant texture information. Moreover, we eliminate those features which are 

strongly correlated and yield therefore no additional value to conventional PET metrics. 

Previous studies demonstrated that the correlation to conventional PET metrics depends on 

the lesion size [17]. To cover this aspect, we apply the feature selection procedure on 

different volume ranges. The proposed feature selection procedure does not only avoid false 

positive findings and overfitting, but can also be used for feature space reduction allowing to 

study radiomics performance in more realistically large sample size (typically for PET up to a 

few hundred at most). We perform a detailed investigation which radiomic features are 

meeting all described requirements, as exemplified with an FDG PET dataset in NSCLC 

patients. As an example of the proposed selection procedure, the selected features are used 

for classifying 1-year survival using a logistic regression model.  Hereby, we do not aim to 

build an optimal prediction model by including e.g. additional clinical parameter. The aim of 

this study is to illustrate which radiomic features describe relevant tumour texture and to 

investigate if these features also have a clinical value in the example dataset. 

 Materials and Methods 

Dataset 

The study was registered at clinical trials.gov (NCT02024113). All patients gave informed 

consent for study participation and use of their data for scientific research. The dataset 

consists of 150 patients with Stage I – IV NSCLC. Details about the patient cohort can be 

found in table 1. All patients fasted at least six hours before image acquisition. Time between 

PET scan and tracer injection was around 60 minutes. All images were corrected for 

attenuation, scatter, random coincidences, and normalization. Images were acquired on a 

Gemini TF Big Bore (Philips Healthcare, Cleveland, OH, USA) and reconstructed using the 

BLOB-OS-TOF reconstruction method provided by the vendor. The reconstructed images 

yielded a cubic voxel size of 4 mm and are in compliance with the benchmarks of the 

European Association of Nuclear Medicine Research Ltd. (EARL).  
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Cancer stage IA 28 patients 

 
IB 13 patients 

 
IIA 10 patients 

 
IIB 8 patients 

 
IIIA 29 patients 

 
IIIB 15 patients 

 
IV 47 patients 

Age mean 67 years 

 std 9.3 years 

Sex men 93 

 women 57 

Table 4: Patient characteristics 

Radiomic feature calculation 

Radiomic features were calculated using the open-source software RaCaT which complies 

with the benchmarks provided by the Image Biomarker Standardization Initiative (IBSI) [18, 

19]. Prior to feature calculation, images and corresponding masks were resampled to a cubic 

voxel size of 2 mm using tri-linear interpolation as recommended by Hatt et al. [10]. A 

resampling to a cubic voxel size leads to a larger number of reproducible radiomic features as 

some features depend on the number of voxels included in the VOI [18]. After interpolation, 

all voxels yielding a value above 0.5 in the resampled segmentation mask were included in 

the VOI. Before textural feature calculation, all images were first converted to standardized 

uptake values (SUV) and then discretized using a fixed bin size of 0.25 SUV as recommended 

by various studies [11, 20–22]. Moreover, these settings were chosen as it has been 

demonstrated that they lead to the largest number of reproducible features [23]. Exact 

feature definitions as well as details about the feature calculations are described elsewhere 

[18].  

Tumour segmentation 

Image analysis was performed using an in-house developed tool designed for the analysis of 

PET images [21] used in previous works [22, 23]. For the segmentation of the volume of 

interest (VOI), a semi-automatic segmentation was performed including all voxels yielding a 

SUV above 2.5. For lesions close to the heart or other high-uptake regions, a bounding box 

was manually drawn around the tumour to avoid inclusion of physiologically high uptake 

normal tissues. Every segmentation was manually checked and corrected if necessary. Only 

the primary tumour was included in the current analysis, which was defined as the lung 

lesion with the largest volume.  

Data Analysis 

All data analysis was performed in Python 3.4 using the packages numpy, scipy, and scikit-

learn.  
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Feature selection procedure 

Only features that were identified to be robust and reproducible in previous work were 

included in the analysis [23]. In this work, a phantom containing 3D printed phantom inserts 

reflecting realistic tumour heterogeneity was scanned on various PET systems. The inserts 

were segmented on each scan separately and radiomic features were extracted. The features 

that only yielded small differences between the different PET systems and delineations were 

identified to be reproducible and are included in the present study. Morphological and 

statistical features were not considered in the feature selection as they remain constant 

when performing step 1 (randomly shuffling the intensity values of the VOI). This lead in total 

to 92 radiomic features. A list containing the names of all features included in this study is 

provided in the supplemental material (supplemental Table S1). 

The proposed feature selection procedure consists of three steps: 

1.) Randomized voxel assignment: Use a voxel randomization method to identify features 

that are reflecting the tumour heterogeneity observed in the PET image precisely 

2.) Correlation with conventional metrics: Identify the features yielding additional value to 

conventional PET metrics 

3.) Mutual correlation: From the remaining features, select only the features yielding 

complementary information to each other 

As it has been reported previously that the tumour volume has an impact on the accuracy 

and the correlation of a feature with conventional metrics [17], all steps were performed for 

the listed volume ranges separately and the results were compared.   

The dataset was divided into five tumour ranges:  

• tumours yielding more than 50 voxels in the original image (>3.2 mL) 

• tumours larger than the 25% percentile of the dataset (>11.48 mL)  

• tumours larger than the median of the dataset (>33.04 mL) 

• tumours larger than 45 mL as indicated by Brooks et al. [27] 

• tumours larger than the 75% percentile (>103.94 mL).  

The described steps  will be detailed in the next paragraphs. 

Step 1: Randomized voxel assignment 

In order to use a radiomic feature in the clinic, it is important that the feature reflects the 

heterogeneity displayed in the PET image precisely. This means that a lesion with the same 
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shape but with a different texture should also result in a different feature value. To check if a 

feature is fulfilling this assumption, the intensity values in a VOI were randomly shuffled 

similar to a method proposed in a previous study by Welch et al [14]. In this way, the original 

texture of a lesion was destroyed. However, instead of shuffling the intensity values of the 

whole 3D dataset as proposed by Welch et al., we only shuffled the intensity values inside 

the VOI and preserved in this way the first order statistics of the VOI.  Radiomic features from 

these randomly generated VOIs were calculated. The procedure was repeated 50 times per 

image. An example illustrating the original and two randomly generated VOIs are displayed in 

Figure 1. Features extracted from the randomly generated VOIs will be called random 

features hereafter.     

 

Figure 1: Original tumour (left), two examples (middle and right) of the same tumour after randomly 

shuffling the intensity values in the VOI 

To identify the features reflecting the observed texture accurately, all features calculated 

from the original VOI were compared with the random features. Features yielding different 

values for the original VOI, were regarded as reflecting the texture displayed in the image 

accurately. For this purpose, the mean and standard deviation of the 50 random features 

were calculated for each image separately. A feature calculated from the original VOI was 

considered to describe random texture when its feature value was lying inside the 95% 

confidence interval: [                                            ] 
With meanrand being the mean value and stdrand being the standard deviation calculated from 

all 50 random features of one image. Every image and tumour was evaluated separately. 

Features considered for further analysis needed to yield a value outside the proposed 

confidence interval for 90% of the patients.  

Step 2: Correlation with conventional metrics 

A radiomic feature should yield additional value to conventional PET metrics. Therefore, all 

features were checked for their correlation with MATV, SUVPEAK, and SUVMEAN using the 

Spearman’s Rank Correlation Coefficient. The Spearman’s Correlation Coefficient is a non-

parametric metric describing the relationship between two variables. By comparing the 

statistical dependence of the rank of the variables, it also captures non-linear relationships. A 

correlation above 0.9 was regarded as very strong [28]. Features with a very strong 
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relationship to one conventional metric were regarded as redundant and were therefore 

discarded from the analysis.  

Step 3: Mutual correlation between features 

Finally, it is also important that the remaining features are reflecting different tumour 

characteristics and are therefore not highly correlated between each other. Therefore, all 

remaining features were checked for a very strong correlation between each other. If two 

features yielded a very strong correlation, the feature that yielded the lowest correlation 

with the conventional metrics was kept and tested for its clinical value.  

Summary of the feature selection procedure 

In summary, from the repeatable and reproducible features selected a priori the features 

that were considered for further analysis were the features that:  

- described the texture observed in the image precisely: yielded different feature values 

for the original VOI than for randomly generated VOIs  

- yielded additional value to conventional PET metrics: yielded a correlation coefficient 

below 0.9 with tumour volume, SUVPEAK, and SUVMEAN 

- yielded complementary information between each other:. if features were strongly 

correlated between each other, the feature resulting in the lowest correlation with 

conventional PET metrics was kept  

Features found in previous studies 

Features found to have clinical value in previous studies were analyzed if they fit the 

described criteria. This included zone percentage (GLSZM) and entropy (GLCM) [6, 25], as 

well as high intensity large area emphasis (GLSZM) [25]. Moreover, coarseness, contrast, and 

busyness (NGTDM) were analyzed [26, 27].  

Clinical value of selected features 

In order to evaluate the clinical value of features matching the described criteria, three 

different models were considered: 

Model 1: Each feature was used separately for the prediction of 1-year survival using 

stratified cross-validation and a logistic regression classifier (a detailed description of the 

classification process is given below). The mean accuracy under the curve (AUC) of all cross-

validation folds using a selected feature for classification was compared with the mean AUC 

using volume for classification.  

Model 2: In order to assess their additional value, features found to yield a clinical value in 

Model 1 were, in a second step, used in combination with MATV in the cross-validation and 
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the logistic regression model. Also here, the mean AUC of the combined classification was 

compared with the mean AUC of volume alone.   

Model 3: For features yielding a clinical value in Model 1 receiver operating characteristic 

curves (ROC) were drawn for the whole dataset. For lesions with volumes below the different 

thresholds, volume was used as prognostic factor, while for lesions above the thresholds, the 

selected feature was used. This was done for each selected feature separately.  The AUC of 

the combined prognosis (volume + feature) was compared with the AUC of volume only.  

For all models, the clinical value of each feature was determined using the whole dataset and 

each volume range separately. Even if a feature was only found to match all criteria for larger 

lesions, classification was performed for all volume ranges in order to compare the predictive 

value of the feature for datasets with smaller and larger volume ranges. The distribution of 

positive/negative outcomes for each volume range is displayed in supplemental Figure 1. 

Description of classification process 

As the range of radiomic features differs widely from feature to feature, all features were z-

transformed in order to normalize feature ranges before the start of the classification 

process. To guarantee that in the training data the number of positives and negatives 

outcomes (alive/dead after one year) are equally distributed,  the under-represented class 

was up sampled using the Synthetic Minority Oversampling Technique (SMOTE) [35]. The 

testing was performed on the original data. In order to assess the clinical value of the 

classifier on independent test datasets, stratified cross validation with 5 folds and 10 

repetitions was performed. Hereby, 80% of the patients were used as training and 20% were 

used as testing dataset. This procedure was repeated until each data part served once as 

testing set.  

As the number of patients decreases with the exclusion of smaller lesions, classification was 

also performed with a subsampled number of patients for the different volume ranges. This 

procedure was performed to identify if the number of training samples had an impact on 

classification accuracy.  

Results  

Features remaining after feature selection process 

Step 1: Randomized voxel assignment 

The number of features describing relevant texture (i.e. that were outside the random range) 

depended on the range of volumes included in the analysis: While 19 features were found to 

be outside the random range when including the whole dataset, the number of features 

increased to 27 when excluding lesions smaller than 3.2 mL. Eliminating lesions smaller than 

11.48 mL, 33.10 mL, 45 mL, and 103.9 mL, led to 29, 45, 45, and 53 features describing 

relevant textural information. All features outside the random range and their correlation 



130 

  

coefficients with conventional metrics are listed in supplemental Table S2-S7 for the different 

volume ranges. 

Step 2: Correlation with conventional metrics 

The tumour volume had also an effect on the correlation with conventional metrics: When 

excluding smaller volumes, less features were found to be highly correlated with standard 

PET metrics. From the 19 features remaining after Step 2, only two features were found to be 

not highly correlated with conventional metrics when analyzing the whole dataset. When 

excluding lesions smaller than 3.2 mL, four of the 27 features remained after eliminating 

features highly correlated with MATV, SUVMEAN, and SUVPEAK. The number of remaining 

features increased to 13 out of 29, 25 out of 45, 26 out of 45, and 33 out of 53 features. 

The behavior of two features as a function of tumour volume and SUVMEAN are displayed in 

Figure 2 a and b. As illustrated, for smaller lesions the original features are inside the random 

range, but the difference between random and original feature increases with increasing 

volume. The correlation with MATV is very strong for smaller lesions but decreases for larger 

lesions. While yielding a low correlation with MATV, some features result in a very strong 

correlation with SUVMEAN as illustrated in Figure 2 b.  

 

 

Figure 2: Illustration of the correlation between features and MATV or SUVMEAN: Left: the feature 

Grey level non uniformity GLSZM2D yielding a correlation coefficient with MATV of 0.97 (upper row) 

and a correlation with SUVMEAN of 0.34 (lower row). Right: The feature joint average GLCM 3D avg 

yielding a correlation of 0.45 with MATV (upper row) and a correlation of 0.99 with SUVMEAN.  
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Step 3: Mutual correlation between features 

When identifying those features yielding complementary information, i.e. when eliminating 

features highly correlated between each other, one feature remained when including the 

whole dataset as well as lesions larger than 3.2 mL. 2, 9, 11, and 15 features remained when 

excluding volumes less than 11.48, 33.1, 45, and 103.9 mL, respectively.  

The described increase in number of selected features for each step of the feature selection 

procedure is illustrated in Figure 3. All features remaining after Step 3 as well as their 

correlation coefficients with the conventional metrics are displayed in Table 2. 

Feature name Selected by which volume range 

Grey_level_non_uniformity (GLCM, 2Davg) all volume ranges 

Grey_level_non_uniformity (GLCM, 2Dmrg) all volume ranges >=3.2 mL 

long_runs_emphasis (GLRLM, 2Davg) all volume ranges >=11.4 mL 

Run_percentage (GLRLM 2DWmrg) all volume ranges >=33.4 mL 

Run_length_variance (GLRLM 2Dvmrg) all volume ranges >=33.4 mL 

Grey_level_non_uniformity (GLRLM, 3Davg) all volume ranges >=33.4 mL 

Grey_level_non_uniformity (GLDZM 2Davg) all volume ranges >=33.4 mL 

Zone_percentage (GLDZM 2Davg)  all volume ranges >=33.4 mL 

Grey_level_non_uniformity (GLDZM 3D) all volume ranges >=33.4 mL 

Zone_distance_non_uniformity (GLDZM 2Davg) all volume ranges >=45 mL 

Zone_distance_non_uniformity (GLDZM 2Dmrg) all volume ranges >=45 mL 

coarseness (NGLDM 2Dmrg) all volume ranges >=103.9 mL 

small_distance_emphasis (GLDZM 2Davg) all volume ranges >=103.9 mL 

Dependence_count_non_uniformity (NGTDM 2Dmrg) all volume ranges >=103.9 mL 

Dependence_count_entropy (NGTDM 2Davg) all volume ranges >=103.9 mL 

Table 5: Selected features for different volume ranges 

 

Figure 3: Number of features outside the random range (criteria 1) and not correlated with 

conventional metrics (criteria 1+2), and number of features after eliminating features highly 

correlated between each other (after mutual correlation) for the different volume ranges (left: all 

volumes are included, from left to right: more and more smaller lesions are excluded from the 

analysis until on the very right only tumours with a MATV > 103944 are left) 
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Features found in previous studies 

When analyzing features identified to have clinical value in previous studies, the feature 

busyness (NGTDM) was found to be non-reproducible and was therefore a priori excluded 

from the analysis. None of the remaining features was passing Step 1 of the feature selection 

procedure when analyzing the whole dataset. When excluding patients with lesions smaller 

than 33.4 mL, coarseness (NGTDM) and zone percentage (GLSZM) were fulfilling the 

requirements of Step 1, i.e. yielded relevant textural information.Coarseness resulted with a 

correlation coefficient of 0.96 also for bigger lesions in a very strong correlation with MATV. 

Zone percentage yielded for larger volumes (MATV > 33.4 mL) a lower correlation to the 

conventional metrics and was the only feature that passed all steps. Therefore, it was 

checked for its clinical value in the present dataset.  

Clinical value of selected features 

Model 1: When included in Model 1 (uni-variate logistic regression), some selected features 

did not yield any clinical value for the volume ranges for which they have been selected. 

However, when including smaller lesions, their clinical value was comparable to the value of 

MATV. Nevertheless, in this cases, these features were also highly correlated to MATV 

(Figure 4). None of these features outperformed MATV in terms of accuracy. When excluding 

smaller lesions (< 33.4 mL), the accuracy dropped and did not reach a mean AUC above 0.55. 

Features that were found for some volume ranges to be highly correlated to SUVMEAN or 

SUVPEAK did not yield clinical value (mean AUC around 0.5) when used in Model 1. The same 

effect can be observed when using SUVMEAN and SUVPEAK for classification. 

 

 

Figure 4: Model 1: Mean cross-validation AUC of : (a) the feature run percentage which shows an 

increasing AUC with larger volumes included in the analysis; (b) the feature run length non uniformity 

results in a reasonable accuracy when including the whole dataset, while the accuracy is decreasing 

with decreasing volume range and decreasing correlation to volume.  

A
U
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Volume threshold Volume threshold 
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For the rest of the features, the prediction accuracy depended on the feature: The features 

contrast (NGTDM 2Dmrg) and Zone size entropy (GLSZM 2Davg) were fulfilling all described 

characteristics but were not yielding a clinical value for 1-year survival in Model 1, i.e. 

resulted in a mean cross-validation AUC of around 0.5. The low accuracy was observed for all 

volume ranges.  

The features run length variance (GLRLM 2Dvmrg), run percentage (GLRLM 2Dmrg), 

difference entropy (GLCM 2Dmrg), Grey level non uniformity (GLRLM 2Davg), long runs 

emphasis (GLRLM 2Davg), and zone percentage (GLDZM 2Davg) yielded an accuracy around 

0.5 when also smaller lesions were included in the classification process. The accuracy 

increased when only including larger volumes (>33.4 mL) for which they were also found to 

match all described criteria (Figure 4). For these volumes, they outperformed MATV in terms 

of accuracy (mean AUC 0.6 vs. 0.48).  Model 2: For larger lesions, the features leading to an 

accuracy improvement in Model 1 let also to an improvement when used together with 

MATV in the logistic regression model (Figure5).  

 

Figure 5: Model 2: Mean cross-validation AUC of : (a) the feature run percentage, (b) the 

feature run length non uniformity used together with MATV in the logistic regression 

model 

Model 3: For the features outperforming volume for larger lesions, also the combined ROC 

curves yielded higher AUCs than volume. The combined prediction led to an increase in AUC 

from 72.5% for volume only to up to 76% for the combined prognosis (Figure 6). For the 

feature Grey level non uniformity (GLRLM 2Davg) an increase in AUC was already observed 

when using the feature for lesion yielding volumes above 11.4 mL for which the feature also 

reflected relevant heterogeneity. All  AUCs of Model 1, 2, and 3 are listed in supplemental 

Table S8. 
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Figure 6: Model 3: Combined AUCs: for lesions above threshold, the feature run percentage is used 

for prediction, while for features below the threshold, volume is used for prediction.  

The accuracy when using all patients or a subsample of patients was for all volume ranges 

comparable, indicating that the difference in accuracy for the different data subsets (by 

excluding more and more patients) is not due to the different size of training sets.  

Discussion 

In this study, we proposed a feature selection procedure to identify which reproducible 

radiomic features are at the same time describing the tumour texture precisely and are 

yielding additional value to conventional PET metrics. The impact of lesion size on fulfilling 

these requirements was assessed.  

Our results suggest that the number of plausible radiomic features depends on the lesion 

size: For smaller lesions, the majority of textural features did not describe relevant tumour 

texture (did not yield feature values significant different from randomness). This result 

indicates that textural features extracted from small lesions should be handled with care. As 

small lesions consist only of a few voxels, randomly shuffled and original image are similar 

and result therefore in similar radiomic features. Hence, it is questionable how accurate a 

textural feature extracted from a small lesion can reflect underlying lesion heterogeneity. For 

each textural feature family, a matrix is composed describing e.g. how often a discretized 

intensity value is appearing consecutively in the VOI or how many connected voxels yield the 

same intensity value [36]. These textural features might result in a certain value due to the 

small expansion of the lesion but not due to tumour heterogeneity. The low number of 

relevant radiomic features might be related to the low spatial resolution of PET images and 

the partial volume effect which has a high impact on smaller lesions. Both characteristics are 

a general drawback of PET images. Using modern scanners yielding a better spatial resolution 

might lead to more radiomic features reflecting relevant texture. Therefore, if a radiomic 
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model including small lesions is used, it should be carefully checked if a textural feature is 

describing the underlying tumour characteristics precisely. However, conventional PET 

metrics such as MATV could be used for the analysis of smaller lesions, while for larger 

lesions textural features might be more feasible. Features extracted from smaller volumes 

showed also a higher correlation with conventional metrics and might not yield additional 

value what is in line with the results of Hatt et al. and Brooks et al. [27, 37].  

As larger lesions yield more complex anatomical properties, it is natural that for larger lesions 

more features were  selected. However, also for larger lesions, around one third of the 

features included in the study failed to describe texture different from randomness and 

contain therefore no relevant information about tumour heterogeneity. Especially for small 

datasets, it can happen that one of these features results by chance in a high correlation with 

the outcome and results therefore in a good AUC. Thus, a careful check if there is a 

relationship between a predictive feature and the heterogeneity observed in the medical 

image is necessary. Moreover, the use of cross-validation and an external testing set is 

essential in order to assess the value of a feature in independent test scenarios and lowers 

the risk of identifying a feature that does not describe relevant information [13, 15, 31].  

The clinical value of the radiomic features selected by our procedure was in our dataset 

relatively low. Some features resulted in a reasonable mean cross-validation accuracy when 

analyzing the whole dataset (i.e. including also smaller volumes), but were in this case also 

highly correlated to conventional PET metrics. In addition, in this case, no feature yielded 

additional value to MATV. This fact indicates that the accuracy of these features when 

applied to the whole dataset is due to the high correlation with volume. With a decrease of 

correlation with volume (by excluding smaller lesions), the accuracy also decreases what is in 

line with previous studies reporting a low accuracy when eliminating features that were 

highly correlated to MATV [14, 32].  When excluding lesions smaller than 11.4 mL or higher, 

some features yielded a complementary value to MATV, improving the accuracy of around 4 

- 10%. Moreover, using the combination of tumour volume as prognostic factor for smaller 

lesions and one of the selected features as prognostic factor for larger lesions led to an 

increase in AUC up to 76% when compared with using only volume as prognostic factor for 

the whole dataset (AUC 72.7%). This indicates, that the selected features had additional 

value only for the larger lesions for which they also match the described criteria. Therefore, it 

is worthwhile to explore the use of different prognostic imaging biomarkers (eg MATV versus 

a radiomic feature) for different lesion size ranges in future studies. 

Brooks et al. indicated that the correlation with MATV decreases with lesions yielding a 

MATV above 45 mL and radiomic analysis including smaller lesions might be 

questionable[17]. However, our findings demonstrate that the most adequate threshold is 

feature dependent what is in line with the findings of Hatt et al. [33]. Additionally, Hatt et al. 

indicated that a more appropriate volume threshold might be 10 mL as this threshold already 
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led to a lower correlation with MATV for some radiomic features. Our results support this 

finding. Some radiomic features yielded relevant information and were at the same time not 

highly correlated to conventional metrics when excluding lesions with a volume below 11.4 

mL.  

While previous studies concentrated on the correlation of radiomic features with volume, we 

also investigated the correlation with SUVMEAN and SUVPEAK and found that a large number of 

radiomic features yields a high correlation to these two parameters. Hence, even though 

some features might yield additional value to MATV, they yield no additional value to other 

conventional PET metrics. Therefore, the additional value of a feature to all conventional PET 

metrics (MATV, SUVMEAN, SUVPEAK) should be investigated and features resulting in a very 

strong correlation with conventional metrics should be discarded from the analysis.  

The selected features as well as the volume thresholds used in this study should be validated 

in a larger, independent patient cohort and are limited to the NSCLC dataset included in this 

study. Moreover, the used thresholds (i.e. including only features reflecting relevant texture 

for more than 90% of the patients) were chosen as example thresholds. In other datasets, 

these thresholds need to be iteratively adapted until the optimal threshold is chosen.  

Moreover, the retrospective nature of our study is a clear limitation and our findings should 

be validated in a larger, prospective cohort. However, the aim of our study was to 

demonstrate that especially for smaller lesions a large number of radiomic features might 

not yield meaningful information about tumour texture.  Our study demonstrates the need 

for a more thoughtful performed radiomic analysis and feature selection procedure. The 

combination of using conventional PET metrics for smaller and textural features for larger 

lesions might be a solution that should be explored in other datasets. Only with good 

statistical methods (i.e. using cross-validation), the use of external testing datasets, as well as 

a careful check which textural features are repeatable, reproducible, and contain relevant 

textural information, a radiomic study becomes transferable to other datasets and opens the 

way for a clinical implementation of radiomics.  

Conclusion 

In this study, we proposed a feature selection procedure which identifies reproducible 

textural that are (a) describing relevant texture and (b) are not highly correlated with 

conventional PET metrics. Our results show that the larger the lesions the more features are 

selected. Our results illustrate that when performing textural analysis for small lesions (<11.4 

mL), it should be carefully investigated if a textural feature reflects relevant tumour 

characteristics and yields additional value to conventional metrics. Using tumour volume as 

prognostic value for smaller lesions and the identified textural features as prognostic value 

for larger lesions, yields promising value for a more accurate and reliable radiomic analysis. 
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Chapter 7 

PET segmentation of bulky tumours: strategies to improve inter-observer 
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Abstract 

Background: PET-based tumour delineation is an error prone and labor intensive part of 

image analysis. Especially for patients with advanced disease showing bulky tumour FDG 

load, segmentations are challenging. Reducing the amount of user-interaction in the 

segmentation might help to facilitate segmentation tasks in particular when labeling a large 

amount of images as needed for e.g. training of a convolutional neuronal network or a 

machine learning algorithm. Therefore, this study reports on the inter-observer variability of 

four segmentation methods for large tumours with complex shapes with different levels of 

user-interaction. 

Methods: Twenty PET images of bulky tumours were delineated independently by six 

observers using four approaches: (I) manual,  (II) interactive threshold-based,  (III) interactive 

threshold-based segmentation with the additional presentation of the PET-gradient image 

and (IV) the selection of the most reasonable result out of four established semi-automatic 

segmentation algorithms (select-the-best approach). The segmentations were compared 

using Jaccard coefficients (JC) and percentage volume differences. To obtain a reference 

standard, a majority vote (MV) segmentation was calculated including all segmentations of 

experienced observers. Performed and MV segmentations were compared regarding positive 

predictive value (PPV), sensitivity (SE), and percentage volume differences.  

Results: The results show that with decreasing user-interaction the inter-observer variability 

decreases. JC values and percentage volume differences of select-the-best and gradient 

approach were significantly better than the measurements of the other approaches (p-

value<0.01). Threshold-based and manual segmentations also result in significant lower and 

more variable PPV/SE values when compared with the MV segmentation.  

Conclusions: FDG PET segmentations of bulky tumours with lower user-interaction showed 

less inter-observer variability. None of the methods led to good results in all cases, but use of 

either the gradient or the select-the-best method did outperform the other approaches 

tested and may be a good candidate for fast and reliable labeling of a large training set for 

machine learning purposes.  

  

Chapter 7 – Segmentation of Bulky tumors 



143  

 

Introduction 

In oncology, Positron Emission Tomography combined with Computed Tomography 

(PET/CT) using the tracer fluorodeoxyglucose (FDG) is important for cancer diagnosis [1–3]. In 

order to assess tumour staging and response to therapy, the most commonly used 

measurements are the maximum Standardized Uptake Value (SUVMAX) of the segmented 

tumour, the mean SUV of the segmented region (SUVMEAN),  and total lesion glycolysis (TLG) 

which is defined as tumour volume times SUVMEAN, which are extracted from the segmented 

tumour. Recently, features containing more detailed information about tumour phenotype 

and intra-tumour heterogeneity, have been reported. Previous studies demonstrated the 

clinical relevance of these feature values [4–6]. Especially for patients with advanced stage 

cancer with bulky tumours, analysis and evaluation of these feature values can add valuable 

information and help to direct treatment.  

Since these features are highly sensitive to tumour delineation [5,7], it is essential to 

be able to perform reliable and reproducible segmentations. In order to obtain reproducible 

segmentations, a segmentation approach with low inter-observer variability is essential. Due 

to partial volume effects, patient motion, image noise, and varying intrinsic contrast, the 

tumour borders are not clearly defined in a PET image, what makes a segmentation 

challenging [8]. Up to now, tumours are still mainly segmented manually what is time-

consuming, subjective, and leads to a high inter-observer variability [9–11]. Especially for 

large tumours (metabolic active tumour volume (MATV) > 300mL) with irregular and complex 

shapes, a manual segmentation is very time consuming and prone to segmentation errors. In 

order to facilitate the segmentation task, several automatic segmentation algorithms have 

been developed. Some methods use simple thresholding, defining all values above a 

percentage value of SUVMAX or a fixed SUV (usually 4 or 2.5) as tumour [12]. Other adaptive 

thresholding techniques take into account the tumour-to-background ratio or the object size 

[13,14]. Furthermore, segmentation approaches using advanced stochastic techniques or 

machine learning algorithms have been proposed and evaluated, showing good results for 

both phantom and patient studies [15]. However, the majority of these approaches are not 

publicly available and have only been tested on specific datasets. Moreover, none of these 

methods is used in clinical practice, as all of them have limitations.  

Especially for bulky tumours, a user-interaction step will remain necessary in order 

to get a valid and plausible segmentation as one (semi-) automatic segmentation method is 

unlikely to provide good results in all cases [16]. In order to reduce the inter-observer 

variability and to overcome the limitations of automatic segmentation algorithms, it might be 

advantageous to reduce the user-interaction in the segmentation process without making 

the segmentation fully automatic. 

Moreover, in the recent years, machine learning algorithm and convolutional neural 

networks (CNN) are used more frequently for segmentation tasks [17–19]. CNNs are first 
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trained with images and corresponding segmentation masks of the object [20,21]. For this 

purpose, a large number of training data is necessary. Here, it is essential that the training 

segmentations are reliable, as the segmentation performance of a CNN depends on the 

segmentation quality of the training data. In order to obtain a large number of reliable 

training segmentations, it is of interest to use a fast and reliable segmentation approach. 

For this purpose, two new strategies were implemented in this study aiming to 

reduce user-interaction and thereby potentially improving inter-observer variability. One of 

the strategies is inspired by the automatic gradient-based segmentation approaches: the 

observer was presented with both the PET-intensity as well as the PET-gradient image, 

highlighting tumour boundaries. In the second approach, the user needed to select the 

preferred result from four predefined segmentations based on four widely known 

delineation algorithms. These strategies are especially suited for the segmentation of bulky 

tumours as well as to produce fast and reliable reference segmentations for CNNs. The aim 

of this study was to investigate the potential improvements in the inter-observer variability 

of tumour segmentation results using these new strategies compared with more standard 

segmentation approaches, while allowing for the generation of plausible and reliable 

segmentations. 

Materials and Methods 

Twenty datasets of patients with stage III or IV cancer were included in this study. The 

patients suffered from four cancer types (five patients each): Non-Small-Cell-Lung-Cancer 

(NSCLC), High-grade lymphoma, melanoma and locally advanced extremity soft tissue 

sarcoma. Sarcoma and NSCLC patients were included in previous studies [22–24]. These 

studies were chosen to assure that we would have a wide range of tumour sizes, shapes, 

locations and uptake distributions allowing us to determine a segmentation strategy that 

would work best in a large ranges of bulky tumours. The scans were performed at two 

institutes. Melanoma and sarcoma patients were scanned on a Siemens Biograph mCT64 and 

the images were iteratively reconstructed using the vendor provided PSF+TOF reconstruction 

method with three iterations and 21 subsets (PSF+TOF 3i21s) and a post-reconstruction 

smoothing with a 6.5 mm full-width-at-half-maximum Gaussian kernel. Images were 

reconstructed to a voxel size of 3.1819 mm x 3.1819 mm x 2 mm. NSCLC and lymphoma 

images were acquired on a Philips Gemini TF/TOF scanner and reconstructed using the BLOB-

OS-TF reconstruction with 6.5 mm full-width-at-half-maximum pre-reconstruction 

smoothing. All these images yielded a voxel-size of 4 x 4 x 4 mm. All images were converted 

from Becquerel/ml to SUV as it is commonly done in PET image analysis. SUV is calculated as 

the ratio of the activity concentration displayed in the image and the injected activity divided 

by the patient weight. A conversion of the image to SUV is beneficial as it removes variability 

coming with differences in patient size and injected FDG activity across images. All twenty 

PET images contain comparable image statistics and quality as they are EARL compliant. The 
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maximum intensity projection of every patient is displayed in Figure 1. The corresponding 

patient information such as weight and injected dose can be found in the supplemental 

material (Table 1). 

All tumours were delineated independently by six observers with different levels of 

experience blinded by each other: Two experienced nuclear physicians (more than ten years 

of experience), one experienced medical physicist (more than twenty years of experience) 

and three observers with less than three years experience in tumour delineation. 

 

Figure 1: MIP of every patient included in the study ordered by tumour type: a) lung cancer, b) 

lymphoma, c) melanoma, d) sarcoma 

All segmentations were performed using an in-house software developed for the analysis of 

PET images, already used and described in previous studies [23,25,26]. The software allows 
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the user to delineate volume-of-interests (VOI) using various segmentation techniques. 

Before the start of the experiment, every tumour region was manually marked roughly with a 

mask. PET and corresponding low-dose CT images containing this mask were presented to 

the observers simultaneously (supplemental Fig 1). Subsequently, every observer delineated 

the images using four approaches:  

Manual segmentation 

The first segmentation was performed manually. Therefore, it was permitted to shrink the 

predefined mask to a smaller size using a percentage threshold of the SUVMAX. All voxels with 

an intensity value above this threshold were included in the segmented volume. The 

observers manually modified this segmentation by adding or deleting voxels.  

Threshold-based segmentation 

Secondly, an interactive threshold-based segmentation was evaluated which was restricted 

to the inside of the predefined mask. The user changed the percentage threshold value 

(range from 0–100%) of the SUVMAX interactively (as described above) until the 

segmentation was considered satisfactory on visual inspection This workflow is illustrated in 

Figure 2. 

 

Figure 2:  Illustrates the workflow for the interactive threshold approach. Initially, CT and PET image 

are presented to the user including a mask marking roughly the tumour. The user changes then 

interactively the threshold until the segmentation is considered as satisfactory. 

Threshold-based segmentation including a Gradient image 

Next, the same interactive threshold-based approach was used but this time, the presented 

CT-image was replaced by the PET-gradient image that emphasizes the boundaries of the 

high-uptake regions. The user was asked to set the percentage threshold so that the border 

of the VOI collided with the borders pronounced in the gradient image. In the gradient 

image, the tumour boundaries are displayed independent of the intensity window set by the 

observer (see Figure 3). Therefore, this workflow was chosen in order to mitigate the 

possible effects of using different intensity windows by the observers on the segmentation 

results. 

Chapter 7 – Segmentation of Bulky tumors 



147  

 

 

Figure 3: Illustrates the workflow of the gradient based segmentation approach: Gradient and PET 

image are presented to the user. Also here, the user changes interactively the threshold until the 

segmentation is satisfactory on both PET and gradient image. 

Selection of the best result from four automatic segmentation algorithm  

Finally, low-dose CT and PET  image containing the results of four automatic threshold-based 

segmentation algorithms were presented to the user. All four algorithms are commonly used 

and established in the literature [25,27,28]. From these segmentations, the user selected the 

result that resembled the tumour the closest in his/her opinion. An example is displayed in 

Figure 4. The results of the following algorithms were presented:  

- 41% SUVMAX: Voxels yielding a SUV higher than 41% of the SUVMAX  

- SUV4: Voxels with a SUV higher than 4  

- SUV2.5: Voxels with a SUV higher than 2.5  

- AUTO: All voxels with a SUV value higher than 50% of the SUVPEAK with local background 

correction are included in the segmentation (i.e. a contrast oriented/adapted method). 

The approaches were performed in the order listed above. By following this order, every new 

applied segmentation technique required less user-interaction than the previous one.  

 

Figure 4: Displays an example for the Select-the-best method. The user chooses the best result out of 

four segmentations that were acquired automatically. 
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Data analysis 

Data analysis and figure visualization were performed in Python 3.6.3 using the packages 

numPy, sciPy [29], and matplotlib [30].  

Inter-observer variability 

The Jaccard Coefficient (JC) is a measurement for the agreement of two sets A and B and is 

defined as:                    

A JC of 1 represents perfect agreement. For every segmentation approach, the JC was 

calculated for all possible combinations of segmentations performed by the observers.  

Furthermore, in order to assess size similarity, the percentage MATV differences were 

calculated. The approach with the lowest inter-observer variability was determined by 

evaluating the JC and MATV difference values with the Kruskal-Wallis test. The Kruskal-Wallis 

test ranks JC and MATV values of all approaches together. These ranks are then compared 

across approaches. In this way, the approach with the lowest inter-observer variability is 

determined not only based on the lowest mean or median value as the ranking of all 

JC/MATV values is taken into account. The Benjamini-Hochberg procedure with a false 

discovery rate of 10% is applied in order to correct for multiple comparisons. 

Majority vote comparison 

A big problem in the evaluation of segmentation algorithm is that in the majority of the cases 

no ground truth exists. Therefore, in order to obtain a reference segmentation, a majority 

vote segmentation (MV) was calculated for every image as it has been shown that a MV 

segmentation represents a reliable segmentation [31]. A MV compares segmentations of the 

same object and regards the voxels marked by more than half of the segmentations as part 

of the VOI [32]. All other voxels are considered as segmentation error. All segmentations 

performed by the three experienced observers were included in the calculation of the MV 

segmentation. Moreover, for comparison, a MV segmentation including the segmentations 

of all observers was calculated. All MV segmentations were visually checked for plausibility. 

Reference and performed segmentations were compared regarding their sensitivity (SE) and 

positive predictive value (PPV). PPV and SE also measure the agreement of two sets, 

considering one set as reference standard [33]. Hence, SE and PPV include knowledge about 

voxels which are incorrectly not included (false negatives (FN)) or incorrectly included (false 

positives (FP))  in the comparable segmentation [33]. SE of set A and reference standard B is 

defined as ratio between number of voxels correctly included in the segmentation (true 

positives (TP)) and number of voxels of set A:  
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While PPV is defined as ratio of numbers of TP and sum of number of voxels of TP and FP:                                 

PPV and SE values are often combined in one value as a weighted sum. The sum weights 

depend on the purpose of the segmentation. In our case, in order to combine both 

measurements in a single value, the mean of both values was calculated: 

               

PPV/SE values were calculated per tumour. Moreover, percentage MATV differences were 

calculated between MV and every performed segmentation. For every image, inter-observer 

differences and range of both metrics were compared across approaches using the Kruskal-

Wallis test as explained above. In order to assess the influence of user experience, 

percentage MATV differences were compared between observers using the Wilcoxon signed 

rank test.  

Feature value comparison 

To measure the variability of feature values across segmentations, percentage feature 

differences of performed and MV segmentation were calculated. In this study, the focus lies 

on the most frequently reported and most established features: SUVMAX, SUVMEAN, and TLG. 

Also here, variability and range of percentage differences were compared across approaches.  

Select-the-best evaluation 

Threshold-based segmentation methods are not used as standard approach in clinical 

practice, because all of them fail for specific cases. In order to determine the most 

appropriate method, it was reported on how often the result of one automatic method was 

regarded as best segmentation in the select-the-best-approach.  

Results 

Inter-observer variability  

The variability of JC values and percentage MATV differences are demonstrated in Figure 5. 

With increasing user-interaction the variability of both metrics increases. Median and third 

quartile JC values are the highest, while median and IQR of percentage MATV differences are 

the lowest for select-the-best, followed by gradient, pure threshold and manual approach. All 

median, quartile values and IQR are listed in supplemental Table 2.  
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Figure 5 illustrates the variability of the JC values (left) and percentage MATV differences (right) for 

all images. The amount of user-interaction increases from left to right (for both plots: left: Select-the-

best (S), middle-left: Gradient (G); middle-right: Threshold-based (T), right: Manual (M)) 

A comparison between the approaches using the Kruskal-Wallis test showed that JC and 

percentage MATV differences of select-the-best and gradient approaches are significantly 

different  than the values of the other two approaches (p-value<0.01). While select-the-best 

and gradient, as well as pure threshold-based and manual approaches show no significant 

differences when compared with each other (see Table 1).  

 All images JC All images percentage MATV 

Select-the-best vs. Gradient n.s. n.s. 

Select-the-best vs. Threshold <0.01 <0.01 

Select-the-best vs. Manual <0.01 <0.01 

Gradient vs. Threshold <0.01 n.s. 

Gradient vs. Manual <0.01 <0.01 

Threshold vs. Manual n.s. <0.01 

Table 1: p-values obtained with the Kruskal-Wallis test. (‘n.s.‘: Non-significant. 

Majority vote comparison 

Figure 6 illustrates the variability of PPV/SE values of performed and MV reference 

segmentation. Select-the-best and gradient approach result in similar values with slightly 

higher values for select-the-best approach (Select-the-best: IQR: 0.91 - 0.99; Gradient: IQR: 

0.90 - 0.97). The differences between these and the other two approaches are more 

pronounced (Threshold-based: IQR: 0.88 - 0.97; Manual: IQR: 0.86 - 0.92). The higher values 

of Select-the-best and Gradient approach support the hypothesis that these two approaches 

lead to more reliable segmentations. 
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Figure 6  illustrates the variability of PPV/SE values for the  approaches with increasing user-

interaction from left to right 

Figure 7 illustrates the percentage MATV differences as well as the PPV/SE values of 

performed and reference segmentations for every observer separately. Observers are 

ordered according to their experience level, with observer 1 being the most experienced. All 

approaches show significantly lower percentage MATV differences than the manual 

segmentation. Also Select-the-best and threshold-based segmentation result in significant 

differences (p-value<0.01).  

 

Figure 7: Percentage MATV differences and PPV/SE values between segmentations performed by 

observers and MV segmentation displayed for every observer separately. The observers are ordered 

by their level of experience with observer 1 being the most experienced. Observer 4a and 4b are 

having the same experience level. 

Comparing percentage MATV differences and PPV/SE values between observers showed no 

significant differences with exception of the manual segmentation. For this method, two less 

experienced observers (observer 4a and 4b) showed a significant worse performance than 

the other observers (p-value<0.01).  
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Performing the same comparisons with the MV segmentation including the segmentations of 

experienced and less experienced observers had almost no influence on the results. Some 

values changed slightly but the overall findings were the same. 

Feature value comparison 

The variability of percentage differences of MATV, SUVMAX, SUVMEAN, and TLG is plotted in 

Figure 8. Regarding percentage MATV differences, the gradient approach leads to the lowest 

IQR and median, followed by select-the-best segmentations. Threshold-based and manual 

segmentations result in higher IQR and lower median values (supplemental Table 4). 

Significant differences in percentage MATV differences were observed between select-the-

best and threshold approach, as well as between all approaches and manual approach (p-

value<0.01).  

 

Figure 8 demonstrates the feature value variability for the approaches (increasing user-interaction 

from left to right) 
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In the majority of the cases, the SUVMAX yielded percentage differences of 0. However, the 

boxplot is missing four outliers of manual segmentations of one Lymphoma patient 

(Lympho3) which had percentage differences of more than -100% (-292.5%, -212.5%, -

270.6%, -292.5%). Small discrepancies were furthermore observed for manual and select-

the-best method in one Melanoma patient (Mela4) and for all approaches in another 

Melanoma image (Mela1). The differences between the different approaches were not 

significant. 

SUVMEAN and TLG values resulted in the lowest IQR for gradient followed by select-the-best, 

threshold and manual approach, respectively (supplemental Table 4). Significant differences 

in TLG values were observed for select-the-best and all other approaches, as well as for 

gradient and manual approach (p-value<0.01). Regarding the SUVMEAN, all approaches 

showed significant different values from the manual segmentation (p-value<0.01).  

Select-the-best-comparison 

The SUV4 segmentation algorithm was most often considered as the best segmentation with 

43 cases (35.8%). The second most chosen algorithm was the 41MAX method which was 

chosen in 30 cases (25%) as best performing segmentation. The SUV2.5 and AUTO 

approaches were considered in 24 cases (20%) and 23 cases (19.2%) as best.  

Discussion 

In this study, we report on the inter-observer variability of four segmentation approaches 

especially chosen for the segmentation of bulky tumours, each of them requiring a different 

level of user-interaction. Our results show that the inter-observer variability improves with 

less user-interaction in the segmentation process. Moreover, the two proposed strategies, 

i.e. using gradient information and/or predefined segmentations, seem to improve inter-

observer variability compared to more conventional approaches in most cases while still 

generating plausible segmentations (as assessed by the observers).  

However, this does not hold for all images. Since every image comes with a different tumour-

to-background-ratio, as well as a specific tumour size and shape, the delineation task 

contains unique challenges for each image. Especially for the included complex tumours, a 

manual segmentation might lead to better results than other approaches in some cases since 

it allows the inclusion of voxels separately. In addition, the gradient approach might lead to 

better results than the select-the-best as tumour borders can be identified more easily using 

the gradient method. By including images of four cancer types, a wide variety of tumour 

shapes and tumour-to-background ratios is included in this study. For this variable data, both 

the select-the-best and gradient approach resulted in significantly better inter-observer 

performance than the other approaches in the majority of the cases and might therefore be 

the preferable strategies in general.  
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Shepherd et al. compared previously thirty segmentation algorithm with different levels of 

user-interaction and reported the best segmentation results for the algorithm with the 

highest amount of user-interaction [34]. However, the dataset used in their study had some 

limitations as they only included seven volumes extracted from phantom images and two 

patient datasets. However, for the dataset of our study, including only tumours with large 

and complex shapes, manual delineations were extremely labor intensive and suffered from 

a high observer variability. This may be explained by the profound different tumours used in 

our study.  

Manual segmentations showed the poorest performance in the majority of the cases and led 

to a high inter-observer variability as described in previous studies [11]. However, the 

differences between manual and threshold-based approach were not significant even if the 

pure threshold-based approach requires less user-interaction. This could be due to the fact 

that in the manual segmentations the user was first allowed to shrink the tumour mask to a 

desired size and added or deleted then voxels manually. As was shown by Van Baardwijk et 

al. a manual segmentation, acquired by adding or deleting voxels to the result of an 

automatic segmentation algorithm, results in lower inter-observer variability than a purely 

manual segmentation [35]. 

Segmentations were performed by users with different levels of experience. Significant 

differences between experienced and less experienced observers were only observed for 

manual segmentations. In this case, two less experienced observers showed significantly 

higher percentage MATV differences and lower PPV/SE values when compared with 

experienced observers. This is in line with Giraud et al. who compared delineations of 

observers with different levels of experience and demonstrated that users with less 

experience tend to draw smaller VOIs [36].  

The comparison of the percentage differences of SUVMAX, SUVMEAN and TLG showed that the 

SUVMAX was the most stable feature that resulted only in a few cases in a difference larger 

than 0. However, some of the discrepancies were very high and deserve special attention. 

For the segmentations of one lymphoma patient discrepancies of around 200% were 

observed using the manual approach. The tumour of this patient had a very large volume 

(MATV > 5000 mL) and was situated in the lower body close to the kidneys, three observers 

(two experienced and one less experienced observer) included voxels belonging to the 

kidney in the manual segmentation. This voxels were close but not part of the original 

tumour mask and were therefore not included in any other segmentation approach. 

Furthermore, in one melanoma patient more than 40% SUVMAX differences were observed. 

This tumour also resulted in the lowest PPV/SE range for manual segmentations (when 

compared with the other segmentation methods). Since in this case the tumour was located 

very close to the heart, the predefined mask also included parts of the heart. In the manual 
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segmentations, the user could exclude the heart manually, while for the other approaches 

small parts of the heart were still included in the VOI.  

The most voted algorithm in the select-the-best approach was the SUV4 algorithm. However, 

it was not selected in the majority of the cases. There was also no algorithm which was 

rejected in the majority of the cases. This underlines the fact that none of the mentioned 

approaches results in satisfying results for the complex tumours included in this study what is 

in line with previous studies which reported the limitations of these algorithm [12,37,38].  

In summary, our results suggest that the two proposed strategies, namely the use of the 

gradient or select-the-best approach, led to less inter-observer variability than those seen 

with more conventional approaches. Therefore, the use of one of these strategies is 

recommended for the segmentation of large bulky tumours for which no fully automated 

method exists which generate satisfactorily segmentations. In some individual cases, e.g. 

when the tumour is placed close to another high uptake region, a manual correction might 

still be required and/or could be applied in combination with the proposed new delineation 

strategies. Moreover, the two strategies allow a fast and reliable generation of a dataset of 

labeled images for the training of a CNN or a machine learning algorithm.  

A possible limitation of this study might be the predefined order in which the approaches 

were performed. The increase in experience with the delineation software but also with the 

patient data might have an influence on segmentation quality. Since the segmentation 

approaches were ordered according to the level of user-interaction, this effect should be 

small. Furthermore, the images were also segmented in a specific order disease wise. Thus, 

the differences in segmentation quality could also be due to a loss of observer patience and 

care when performing segmentation tasks sequentially over an extended period. However, 

most observers split the work of one approach over several days, which should minimize this 

effect.  

Conclusion 

In this study, we report on the inter-observer variability of four segmentation approaches for 

bulky tumours in PET images. Each of these approaches has a different level of user-

interaction and, in particular, this study included two strategies, providing the observer with 

either gradient image information or several predefined segmentations. Our results suggest 

that for every tumour type a separate validation on which segmentation method leads to the 

most stable results should be done as none of the methods led to good results in all cases. 

However, the use of either gradient or select-the-best approach outperformed the other 

approaches. Hence, one of these two approaches seems preferable for bulky tumours for 

which segmentations always require user supervision/interaction.  
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Abstract  

Background: Positron Emission Tomography (PET) is routinely used for cancer staging and 

treatment follow up. Metabolic active tumour volume (MATV) as well as total MATV 

(TMATV - including primary tumour, lymph nodes and metastasis) and/or total lesion 

glycolysis (TLG) derived from PET images have been identified as prognostic factor or for 

the evaluation of treatment efficacy in cancer patients. To this end, a segmentation 

approach with high precision and repeatability is important. However, the implementation 

of a repeatable and accurate segmentation algorithm remains an ongoing challenge.  

Methods: In this study, we compare two semi-automatic artificial intelligence (AI) based 

segmentation methods with conventional semi-automatic segmentation approaches in 

terms of repeatability. One segmentation approach is based on a textural feature (TF) 

segmentation approach designed for accurate and repeatable segmentation of primary 

tumours and metastasis. Moreover, a Convolutional Neural Network (CNN) is trained. The 

algorithms are trained, validated and tested using a lung cancer PET dataset. The 

segmentation accuracy of both segmentation approaches is compared using the Jaccard 

Coefficient (JC). Additionally, the approaches are externally tested on a fully independent 

test-retest dataset. The repeatability of the methods is compared with those of two 

majority vote (MV2, MV3) approaches, 41%SUVMAX, and a SUV>4 segmentation (SUV4). 

Repeatability is assessed with test-retest coefficients (TRT%) and intraclass correlation 

coefficient (ICC). An ICC>0.9 was regarded as representing excellent repeatability. 

Results: The accuracy of the segmentations with the reference segmentation was good (JC 

median TF:  0.7, CNN: 0.73)  Both segmentation approaches outperformed most other 

conventional segmentation methods in terms of test-retest coefficient (TRT% mean: TF: 

13.0%, CNN: 13.9%, MV2: 14.1%, MV3: 28.1%, 41%SUVMAX: 28.1%, SUV4: 18.1% ) and ICC 

(TF: 0.98, MV2: 0.97, CNN: 0.99,  MV3: 0.73, SUV4: 0.81, and 41%SUVMAX: 0.68). 

Conclusion: The semi-automatic AI based segmentation approaches used in this study 

provided better repeatability than conventional segmentation approaches. Moreover, 

both algorithms lead to accurate segmentations for both primary tumours as well as 

metastasis and are therefore good candidates for PET tumour segmentation. 
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Introduction 

Positron Emission Tomography in combination with Computed Tomography (PET/CT) 

using the tracer fluorodeoxyglucose (FDG) is an important imaging modality for cancer 

diagnosis, tumour staging, prognosis or treatment follow-up [1, 2]. The volume of the 

segmented tumour in the PET image, also known as metabolic active tumour volume 

(MATV) as well as the total MATV (TMATV – including metastasis and lymph nodes), is one 

important metric for the evaluation of therapy response [3]. Observed differences in 

MATV/TMATV should reflect actual tumour volume differences and not segmentation 

errors. Therefore, a repeatable segmentation is of utmost importance. Hereby, a 

repeatable segmentation refers to a segmentation algorithm leading to comparable 

results when applied on two consecutive PET/CT images of the same patient under the 

same physiological conditions. The implementation of a repeatable segmentation 

algorithm is not trivial due to the challenges associated with PET images. Among them are 

factors regarding the image quality, e.g. the low signal-to-noise ratio, low spatial 

resolution, and partial volume effects. Especially for smaller lesions, the partial volume 

effect can reduce the apparent tumour uptake making the lesion  difficult to detect and 

segment.  

Up to now, a manual segmentation by an expert or (if available) a consensus 

segmentation of several experts are considered as gold standard. However, manual 

segmentations have several drawbacks, e.g. they are time-consuming, non-reproducible 

and come with a high inter-observer variability [4–6]. A recent study also demonstrated 

that even the consensus of several observers results in a low repeatability compared to 

automated segmentations [7].  

To overcome the limitations of manual segmentations and to increase repeatability, a 

large number of (semi-) automatic segmentation methods have been developed. The most 

basic and frequently used ones are thresholding algorithms defining voxels with an 

intensity value above a certain threshold as part of the tumour [8]. Also adaptive and 

iterative algorithms are available which adapt the threshold according to the actual image 

characteristics [9]. However, the performance of all these thresholding approaches 

depend on the scanner type, reconstruction algorithm, as well as image noise and have 

therefore limitations [10].  

Therefore, more robust segmentation algorithms have been developed aiming to improve 

segmentation accuracy and repeatability. These include methods using the statistical 

properties of the image as well as learning-based methods [11, 12]. Nevertheless, most of 

these approaches have only been tested on limited datasets and are not widely available. 
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Therefore, (semi-) automated segmentation methods used in the clinic are still mainly 

simple threshold based approaches.    

Due to the mentioned limitations of available segmentation algorithms, there is the need 

for new, more robust segmentation approaches. Artificial intelligence (AI) based 

segmentations such as Convolutional Neural Networks (CNN) have shown very promising 

results for various segmentation tasks [13] and yield great promise for the segmentation 

of tumours in PET images. However, only a few studies use AI based segmentation 

approaches for metabolic active tumour segmentation in PET images. Moreover, most 

studies combine the information of PET and CT images in order to get reliable 

segmentation results [14] or use some post-processing for an improvement of CNN 

segmentations [15]. Algorithms classifying each voxel as tumour or non-tumour using 

textural features of voxel neighborhoods have been used for the segmentation of e.g. lung 

carcinoma or head-and-neck cancer [16–18]. All of these studies combine the information 

of PET and CT images. In many cases the PET/CT is performed with a low-dose CT, the 

latter does not have an optimal image quality for segmentation purposes. Therefore, it is 

of interest to develop AI based PET segmentations that rely on PET information only. 

Additionally, in previous papers segmentation approaches were applied on primary 

tumours only, while for the calculation of TMATV, an accurate and repeatable 

segmentation of metastasis and lymph nodes is important. This task is especially 

challenging due to the small size of metastasis, different tumour-to background ratios and 

different locations of the metastasis in the body. 

While several studies already reported the segmentation accuracy of AI based 

segmentation algorithm, to the best of our knowledge, no study reported yet the 

repeatability of those algorithms. In this study, we investigate the repeatability of two AI 

approaches especially built to segment both primary tumours and metastasis accurately 

and repeatably. We focus on the segmentation task and do not consider lesion detection. 

This study includes a textural feature based segmentation approach as well as a 3D CNN.  

All algorithms are trained, validated, and tested on a dataset of Non-Small-Cell-Lung-

Cancer (NSCLC) patients. Moreover, the algorithms are applied to a fully independent test-

retest dataset of ten NSCLC patients scanned on two consecutive days. The repeatabilities 

of the AI segmentation approaches are compared with those of conventional 

segmentation algorithms used in the clinic. 

Materials and Methods 

Datasets 

The study was registered at clinical trials.gov (NCT02024113) and was approved by the 

Medical Ethics Review Committee of the Amsterdam UMC and registered in the Dutch 
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trial register (trialregister.nl, NTR3508). All patients gave informed consent for study 

participation and use of their data for (retrospective) scientific research. Two datasets 

acquired at two institutions were included in this study with both datasets following the 

recommendations of the EARL accreditation program [19, 20]. All images were converted 

to Standardized Uptake Value (SUV) units before the segmentation process started in 

order to normalize the images for differences in injected tracer dose and patient weight. 

The focus of this paper lies on the segmentation process and not on lesion detection. 

Therefore, before the start of the segmentation process, a large bounding box was drawn 

around every lesion including also a large number of non-tumour voxels as illustrated in 

Figure 1. The bounding box was drawn randomly such that the tumour was not always 

appearing in the middle but on different locations in the box. This step was performed in 

order to avoid that the CNN remembers the location of the object instead of other, more 

important characteristics. 

              

Figure1: Two examples of a bounding box: A large bounding box is drawn around each lesion so 

that it also includes a large amount of background. For each lesion, the lesion is placed in a 

different position in the bounding box such that the CNN is not learning mainly the position of the 

lesion in the bounding box 

Training and testing dataset 

For training, validating, and testing the segmentation approaches, 96 images of patients 

with NSCLC Stage III - IV were included. Patients fasted at least six hours before scan start 

and were scanned 60 minutes after tracer injection. All images were acquired on a Gemini 

TF Big Bore (Philips Healthcare, Cleveland, OH, USA). For attenuation correction, a low 

dose CT was performed. All images were reconstructed to a voxel size of 4 x 4 x 4 mm 

using the vendor provided BLOB-OS-TOF algorithm. More details about the patient cohort 

can be found in previous studies [21]. The images were split randomly in training, 

validating, and testing sets, where 56 images (286 lesion) were used for training, 14  

images (98 lesions) for validation, and 26 images (171 lesions) for independent testing.  

 

 

a) b) 
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Test-Retest dataset 

For a fully independent test-retest evaluation, ten PET/CT scans of patients with Stage III 

and IV NSCLC were analyzed. These ten patients underwent two whole-body PET/CT scans 

on two consecutive days. Images were acquired on a Gemini TF PET/CT scanner (Philips 

Healthcare, Cleveland, OH, USA) at a different institution (Amsterdam University Medical 

Center). Patient fasting time, time between tracer injection and scan start, as well as 

reconstruction algorithm and voxel size were the same as in the previous described 

dataset. A total of 28 lesions were included in the analysis. 

Reference segmentations 

The reference segmentations used for training, validating, and testing the algorithm, were 

obtained by applying an automatic segmentation which identified all voxels with a SUV 

above 2.5 as tumour (here after SUV2.5). The segmentations were manually adjusted by 

an expert medical physicist (RB) with more than twenty years of experience in PET tumour 

segmentation. This approach was chosen as it has been demonstrated that the manual 

adaption of a (semi-) automatic algorithm is more robust than a pure manual 

segmentation [22]. 

Segmentation Algorithm 

All segmentation algorithm were implemented in Python 3.6 using the libraries keras and 

scikit-learn.  

Convolutional Neural Network (CNN) 

A 3D CNN following the U-Net architecture proposed by Ronneberger et al. [23] was 

implemented with the keras library. U-net is one of the most famous and most frequently 

used CNN architectures for biomedical image segmentation and it was especially designed 

for scenarios where only a small number of training examples are available. An illustration 

of the used architecture is displayed in Figure 2. An U-Net consists of an encoding and 

decoding part. In the encoding part, the images are subsequently downsampled while the 

number of features increases. In the decoding part, the images are upsampled while the 

number of features decreases. In both parts, three layers consisting of one convolutional 

block (= two convolutional layers followed by a Rectified Linear Unit (ReLu) layer), a max-

pooling layer to down-sample the input image, a batch normalization layer to increase 

network convergence and a drop-out layer to avoid over-fitting. Due to the relatively small 

dataset, the CNN used in this paper was trained with 8 initial features in the first layer. The 

number of layers and initial features was  determined iteratively until the validation 

accuracy set was optimal and at the same time comparable to the accuracy in the training 

set. The latter is important as a large difference in training and validation accuracy is a hint 
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for over-fitting. Details about training and validation accuracy can be found in 

supplemental table 1. The CNN was trained for 1000 epochs with a batch size of 25. The 

learning rate was set to 0.001 and an Adam-optimizer was used for weight adaptation.  

Figure 2: U-Net architecture: Left: The image is subsequently downsampled while the number of 

features increases. Right: The image is upsampled until it reaches its original size.  

In order to increase the amount of training data and to avoid over-fitting, data 

augmentation was performed. This included rotations within -20 to 20 degrees, shifting in 

width and height direction within 20% of the side length, a rescaling of the images within 

25%, intensity stretching, as well as adding Gaussian noise to the image.  

For training, testing, and applying the CNN, the dataset was divided into smaller (<= 12.8 

ml) and bigger tumours. The threshold was chosen empirically and it was found that this 

threshold led to the best performance. For each tumour size category, one separate CNN 

was trained. Splitting the dataset by lesion size was performed as this led to more 

accurate and repeatable segmentations (illustrated in supplemental material section 3). In 

order to train the two separate networks, lesions were selected using the volume of the 

ground truth mask. Depending on this tumour size, the lesion was used for training of the 

corresponding CNN. After training and testing the CNNs,  the appropriate CNN for a 

specific lesion was selected based on  an initial guess of the tumour size. The latter is 

obtained using a majority vote (MV) segmentation. This MV segmentation uses four 

standard threshold approaches as input (see explanation below and supplemental 

material, section 4). The MV segmentation was chosen for this task because it provided 

the most accurate segmentations when compared with manual segmentations in previous 
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work [7] and it is easy to implement. This initial tumour MV segmentation was only 

performed to select the corresponding CNN, i.e. to distinguish between smaller and bigger 

lesions. 

Textural feature segmentation (TF) 

In the TF segmentation approach, textural features of voxel neighborhoods were used for 

the voxel-wise segmentation of the tumour. For every view (axial, sagittal, coronal), a 

separate segmentation was performed and the summed probability was used to generate 

the final segmentation. The workflow of the TF segmentation for one image view is 

illustrated in Figure 2. As illustrated, every voxel was regarded as center of a scanning 

window. For each scanning window, statistical and textural features were calculated using 

the open-source software pyradiomics [24]. The feature space was then reduced by 

selecting the most important features for the segmentation task, which were identified by 

a random forest.  

 

Figure 3: Workflow of the Textural feature based segmentation for the axial view 

Next, a random forest classifier was trained to classify each voxel as tumour or non-

tumour. The trained random forest was then applied to the testing dataset. The 

probability images of the three orientations are summed in order to obtain the final 

classification. A probability image contains information on the certainty of the classifier 

making the right decision. All voxels with a summed probability of more than 1.8 were 

included in the final tumour segmentation. A more detailed description of the algorithm 

can be found in the supplemental and in Pfaehler et al. [25]. 

To evaluate how well the AI based segmentations were matching the reference 

segmentation, the overlap between the AI based segmentations and those of the 

reference segmentation were analyzed using Jaccard Coefficients, as explained later.  
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Conventional segmentation algorithm 

The repeatability of the AI based segmentations were compared with two established 

segmentation algorithm:  

- 41%SUVMAX : all voxels with intensity values higher than 41% of the maximal 

SUV value (SUVMAX) are regarded as tumour 
- SUV4: all voxels with a SUV higher than 4 are included in the segmentation 

Moreover, two majority vote (MV) approaches combining four frequently used 

thresholding approaches were included in the comparison. Both MV approaches were 

previously found to be more repeatable than conventional approaches [7]. The underlying 

segmentation algorithms were the above described SUV4 and 41%SUVMAX method as 

well as a segmentation including all voxels with a SUV above 2.5 and a 50% of SUVmax 

threshold-based segmentation with background correction.  The two MV segmentation 

methods include: 

- MV2: the consensus of at least two of the 4 standard approaches 

- MV3: the consensus of at least three of the 4 standard approaches  
Evaluation of Segmentation Algorithm 

For the evaluation of the segmentation algorithms, several metrics will be reported. Data 

analysis was performed in Python 3.6.2 using the packages numpy and scipy.  

Accordance of AI segmentation and reference segmentation                  

In order to determine the accordance of the AI and reference segmentations, the Jaccard 

Coefficient (JC) was calculated. The JC is defined as the ratio between the intersection and 

the union of two labels and gives an indication about the overlap of the two labels:            

A JC of 1 indicates perfect overlap, while a JC of 0 indicates that there is no overlap at all.  

Furthermore, as the JC does not contain information about volume differences, the ratio 

between  the volume of AI and reference segmentations were calculated: 
               . A 

volume ratio above 1 indicates an over- and a volume ratio below 1 an under-estimation 

of the volume. A ratio of 1 represents perfect alignment. Finally, the distance of mass 

(barycenter distance) of the segmentations was calculated. Hereby, a barycenter distance 

close to 0 indicates perfect agreement.  

Repeatability evaluation 
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The repeatability of the segmentation approaches was evaluated by comparing the 

differences of segmented volumes across days. For this purpose, the percentage Test-

Retest difference (%TRT) was calculated:                                               

The %TRT measures the proportional differences in segmented volume between the two 

consecutive scans. Moreover, the repeatability coefficient (RC) which is defined as 1.96 × 

standard deviation(TRT%) was calculated. Additionally, intraclass correlation coefficients 

(ICC) were calculated using a two-way mixed model with single measures checking for 

agreement. An ICC between 0.9 and 1 indicates excellent and an ICC between 0.75 and 0.9 

indicates good repeatability [26]. If a lesion was completely missed by one segmentation 

approach, it was discarded from the analysis to analyze the same dataset for all 

segmentation approaches.  

The accuracy metrics of the AI based segmentations as well as the TRT% of all approaches 

were compared using the Friedman test. The Friedman test is a non-parametric test, 

which does not assume a normal distribution of the data or independency of observations. 

It compares the rank of each data point instead of only comparing mean or median values. 

This means that if a segmentation algorithm provides consistently more accurate results, 

it will be ranked higher even if its mean or median are lower. As the Friedman test only 

contains information to show a significant difference in the data, a Nemenyi test was 

performed in order to assess which methods resulted in significant differences. P-values 

below 0.01 were considered as statistically significant. A Benjamini-Hochberg correction 

was applied in order to correct for multiple comparisons.  

Results 

Accordance reference – AI based segmentation 

Figure 3 displays the JC values between AI based and reference segmentations for the 

testing and test-retest datasets. In both datasets, both approaches resulted in similar 

accuracies, which were not significantly different (p>0.01). In the testing dataset, both 

approaches yielded good JC values (TF: median: 0.7, 25
th

 percentile: 0.59, 75
th

 percentile: 

0.79, CNN: median: 0.73, 25
th

 percentile: 0.47, 75
th

 percentile: 0.82) indicating a good 

accordance with the reference segmentations. Volume ratios and barycenter distances are 

listed in Table 1. The CNN yields less underestimations and more overestimations of 

tumour volume (higher volume ratios (25
th

 /75
th

 percentile: 0.83/1.34)). While the TF 

approach resulted in more underestimations of tumour volume (25
th

 /75
th

 percentile: 

0.59/0.83). The barycentric distances of the TF approach were lower than the barycentric 

distances of the CNN. The corresponding values for the test-retest dataset can be found in 

Supplemental Table S1. 

Chapter 8 –Repeatability of AI based segmentation methods 



171  

 

 

Figure 4: Jaccard Coefficient (JC) values for both datasets: JC values for the testing set (left figure) 

and the test-retest dataset (right figure) for the AI based segmentation algorithm included in the 

study  

 
Percentage volume difference 

median (25
th

/75
 th

 quartile) 

Barycentric distance 

median (25
 th

 /75
 th

 quartile) 

TF 0.70 (0.59/0.79) 0.37 (0.24, 0.66) 

CNN 0.99 (0.83/1.34) 0.50 (0.21, 1.23) 

Table 1: Percentage volume differences and barycentric distances for TF and CNN 

In general, the accuracy of the segmentations depended on the lesion size as illustrated in 

Figure 5. Segmentations of bigger tumours resulted in better accuracy than segmentations 

of smaller lesions. For larger lesions, the CNN resulted in a median JC value of 0.79 , while 

the TF approach yielded a median JC of 0.86. For both approaches, the volume ratios were 

close to 1. Here, the TF approach resulted in lower volume ratios than the CNN, i.e. 

showing more underestimations.  

 

Figure 5: Jaccard Coefficient (JC) values dependent on lesion size: JC values for bigger (left figure) 

and smaller (right figure) lesions for both AI  based segmentation approaches  

For smaller lesions, the CNN resulted in a median value of 0.69 which was higher than the 

median of the TF approach (0.66). The median volume ratios of the CNN was 1.02 
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(25
th

/75
th

 percentile: 0.81/1.40) indicating that the CNN resulted more often in 

overestimations for smaller than for larger lesions. While the TF approach yielded in the 

majority of the cases volume ratios below 0.7 and therefore also for smaller lesions more 

underestimations. Quartile values as well as corresponding volume ratios and barycentric 

distances for smaller and bigger lesions are listed in Table 2.  

 JC bigger 

 

Perc vol. diff 

bigger 

Barycentric 

distance 

JC Perc vol. diff 

smaller 

Barycentric 

distance 

TF 0.86(0.77/0.89) 0.86(0.77/0.89) 0.37 

(0.24/0.92) 

0.66(0.55/0.75) 0.67 

(0.55/0.76) 

0.38 

(0.23/0.63) 

CNN 0.79(0.72/0.87) 0.97 (0.87/1.1) 0.58 

(0.24/1.32) 

0.69(0.43/0.81) 1.02 

(0.81/1.40) 

0.48 

(0.19/1.14) 

Table 2: Accuracy metrics for smaller and bigger lesions: median (25
th

/75
th

 quartile) 

As displayed in Figure 5, TF and CNN resulted in three cases with JC values around or 

below 0.4 for bigger lesions. In these cases, the tumours were located close to the heart, 

which was incorrectly included in the segmentation. Therefore, the tumour volume was 

highly overestimated. A similar effect was observed for smaller lesions: The CNN did not 

segment some of the smaller lesions while this was not the case for the TF based 

approach. All lesions that were completely missed were located close to the kidneys, 

which was wrongly identified as tumour. The TF approach segmented the kidney regions 

but still included the tumours in the final segmentation.  

Repeatability 

Figure 6 displays the TRT% for all segmentation algorithms. Two lesions were completely 

missed by the CNN and therefore discarded from the analysis.  

 

Figure 6: Test-Retest Coefficient (TRT%) for all segmentation approaches: If the TRT% is close to 0, 

the repeatability of the segmentations is excellent. Abbreviations of the segmentation algorithm: 

SUV4: Standardized Uptake Value 4, 41%SUVMAX, MV2: Majority Vote 2, MV3: Majority Vote 3, TF: 

Textural Feature based approach, CNN: Convolutional Neural Network 
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CNN-based segmentations outperformed the other approaches regarding TRT% with an 

absolute mean value of 13.9% and a standard deviation of 16%. TF and MV2 segmentation 

yielded absolute mean values of 13.0% and 14.1% and standard deviations of 17% and 

21%, MV3, 41%SUVMAX, and SUV4 segmentations yielded mean values of 28.1%, 28.1%, 

and 18.1%, and standard deviations of 50%, 51%, and 26%. The corresponding 

repeatability coefficients can be found in supplemental table S2. After applying the 

Benjamini-Hochberg correction, the differences in TRT% were not significantly different.  

The CNN resulted in a TRT% of more than 10% in 3 out of 28 cases, while the conventional 

methods resulted in in a TRT% higher than 10% in 12 (MV2, SUV4, 41%SUVMAX) or 13 

cases(MV3). The TF segmentation resulted in a TRT% of more than 10% in only 8 cases. 

TF, CNN, and MV2 yielded similar ICCs  (TF: 0.98, MV2: 0.97, CNN: 0.99) indicating a very 

good repeatability. MV3, SUV4, and 41%SUVMAX resulted in ICC of 0.73, 0.81, and 0.68, 

respectively. The lesion size did not influence the repeatability of the segmentations. 

Summary of the results 

In summary, CNN and TF segmentation resulted in a better repeatability when compared 

with conventional approaches. Furthermore, both approaches resulted in a good accuracy 

when compared with the reference segmentations. The observed differences between the 

two AI based methods were not significant for accuracy nor for repeatability. Therefore, 

our results suggest that both AI methods are good candidates for the segmentation of 

NSCLC tumours in PET images and are more powerful than conventional approaches in 

terms of repeatability.  However, use of these AI methods for other tumour types requires 

further validation and most likely additional (transfer or re-) training. 

Discussion 

In this paper, we evaluated two AI based segmentation approaches in terms of 

repeatability and analyzed their accordance with a reference segmentation. Both 

approaches resulted in a good accuracy when compared  with the reference segmentation 

used. The differences in performance between both AI approaches were small and 

statistically non-significant.  

The segmentation of smaller lesions remains also for these two AI approaches a 

challenging task. One reason might be that with decreasing tumour size small 

misclassifications have a higher impact on accuracy metrics as illustrated in supplemental 

table S3. Smaller lesions also typically show a lower tumour-to-background ratio and are 

therefore more difficult to  segment. This might be the reason that the CNN was not able 

to delineate some smaller lesions completely. Moreover, some metastasis are located 

close to other high-uptake regions (such as the kidney) and distinguishing tumour from 

normal uptake is in this case challenging for any segmentation algorithm and often 
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requires manual correction. Especially for the CNN, the different locations of the 

metastasis and therefore the differences in surrounding tissue yield a more challenging 

learning task than the segmentation of primary lung tumours alone. In terms of accuracy 

and precision, the CNN trained and tested in this study was comparable with previous 

CNNs designed for the segmentation of primary tumours in PET images. An important 

difference between our methods and  other published algorithm is that our approaches  

rely on the PET image information only and can therefore also be used when only a low-

dose CT is acquired aside of the PET image [14, 16]. Previous studies reported low 

segmentation performance when using the PET image for segmentation only [16, 18].  

When the tumour was located close to other high uptake regions such as the heart or the 

kidneys, both segmentation approaches delineated this normal tissue high-uptake region 

as tumour. The standard automatic segmentation methods included in this study are 

mainly intensity driven and they are therefore also not able to distinguish tumour from 

high-uptake regions when both are in close proximity. For these cases, it is likely that 

human interaction will always remain necessary, as  mentioned previously [27]. However, 

in future studies we will investigate if these segmentation approaches might also be used 

for lesion detection.  

Also when compared with previous studies, the CNN and TF approaches outperformed 

other (semi-) automatic segmentation methods.  Frings et al. reported a TRT% 

repeatability coefficient of 44.4–71.1 for all lesions included in their analysis when using 

different threshold-based segmentation approaches with background correction [28]. The 

AI based segmentation methods yielded  repeatability coefficients of 31.36 (CNN) and 

33.36 (TF), which are better than those reported by Frings et al.. For images acquired 

under the same conditions as in our study (i.e. 60 minutes time between tracer injection 

and scan start and EARL-compliant reconstructions), Kolinger et al. found repeatability 

coefficients of 43 to 56 *, which are also higher than the ones of our AI based 

segmentations [7]. However, Kolinger et al. reported lower repeatability coefficients for 

MV3 and 41%SUVMAX segmentation approaches. The reason for this might be that Kolinger 

et al. compared the repeatability for the summed MATV of all lesions (TMATV), while we 

compared the repeatability of MATV for each lesion separately. A discrepancy in the 

segmentation of one lesion, especially if the lesion is small, has less impact on the 

repeatability of TMATV.  

A disadvantage of AI based segmentation approaches is the need for reliable training data. 

The lack of reasonable training data is one drawback making the clinical implementation 

of AI based segmentation algorithms challenging. However, the MV2 approach used in this 

study was found to result in accurate and robust segmentations in a previous study [7]. 

Moreover, in our study it also outperformed the conventional segmentation approaches in 

terms of repeatability without depending on training data.  Especially for tasks where 

–
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segmentation accuracy is important, such as radiotherapy planning, the MV2 is a good 

candidate for clinical use. Yet, regardless the method used, the final segmentation should 

always be supervised. In terms of repeatability, the CNN segmentation outperformed the 

MV2 approach and is the method of choice when segmentation repeatability is important, 

such as for longitudinal studies and/or for the evaluation of treatment response.    

Another drawback of AI-based segmentation approaches is that they are trained for one 

specific task such as the segmentation of lung tumours or head and neck tumours. To 

apply the already trained algorithms to other (even similar tasks) requires a re-training of 

the algorithms. Therefore,  both segmentation algorithms trained and validated in this 

study are likely not directly applicable to other cancer types such as head and neck cancer. 

Before using them for another cancer types, the algorithms need to be re-trained or at 

least undergo rigorous validation. 

One limitation of this study is that the reference segmentations were delineated by one, 

yet experienced, observer while the consensus of three expert segmentations is 

considered as gold standard. To account for this, the segmentation was initiated with a 

semi-automated delineation method, an approach known to reduce observer variability. 

Of note, for the test-retest study the same lesions were delineated by 5 observers in a 

previous study (7) and it was shown that even the consensus contour of these observers 

was less repeatable than those seen with any of the automated approaches. Finally, in our 

repeatability study, we included the AI based approaches as well as several conventional 

methods and this repeatability study showed that our trained AI approaches provided very 

good results, even if the ground truth segmentations used during training of the AI 

methods would have been suboptimal. 

Another limitation is the small dataset used for repeatability analysis. However, the 

collection of test-retest scans is unfortunately limited due to the patient burden coming 

with consecutive scans of the same patients. Future studies, especially studies using data 

from different centers should confirm our findings.  

Conclusion 

In this paper, we compared the repeatability of AI based segmentation algorithm with 

conventional segmentation approaches. Our results illustrate the advantage of AI based 

segmentation approaches: Both approaches resulted in a good accuracy when compared 

with the reference segmentation and a high repeatability. Together with a majority vote 

approach (combining the results of four conventional segmentation approaches) the 

proposed segmentation methods were superior to the other segmentation algorithms 

included in this study in terms of repeatability. This study demonstrates that AI based 

segmentations have not only the potential to accurately segment lesions but also result in 

more repeatable segmentations.  
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Abstract  

In oncology, Positron Emission Tomography (PET) is frequently performed for 

cancer staging and treatment monitoring. Metabolic active tumour volume (MATV) 

as well as total MATV (TMATV - including primary tumour, lymph nodes and 

metastasis) derived from PET images have been identified as prognostic factor or 

for evaluating treatment efficacy in cancer patients. To this end a segmentation 

approach with high precision and repeatability is important. Moreover, to derive 

TMATV, a reliable segmentation of the primary tumour as well as all metastasis is 

essential. However, the implementation of a repeatable and accurate 

segmentation algorithm remains a challenge. In this work, we propose an artificial 

intelligence based segmentation method based on textural features (TF) extracted 

from the PET image. From a large number of textural features, the most important 

features for the segmentation task were selected. The selected features are used 

for training a random forest classifier to identify voxels as tumour or background. 

The algorithm is trained, validated and tested using a lung cancer PET/CT dataset 

and, additionally, applied on a fully independent test-retest dataset. The approach 

is especially designed for accurate and repeatable segmentation of primary 

tumours and metastasis in order to derive TMATV. The segmentation results are 

compared with conventional segmentation approaches in terms of repeatability. In 

summary, the TF segmentation proposed in this study provided better repeatability 

than conventional segmentation approaches. Moreover, segmentations were 

accurate for both primary tumours and metastasis and the proposed algorithm is 

therefore a good candidate for PET tumour segmentation. 
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Introduction 

Positron Emission Tomography is widely used in oncology for cancer diagnosis and 

treatment monitoring [1, 2]. The volume of the segmented tumour in the PET image, also 

known as metabolic active tumour volume (MATV) as well as the total MATV (TMATV – 

including metastasis and lymph nodes or, in case of malignant lymphoma: all involved 

sites) is one important metric for the evaluation of therapy response. For a correct 

diagnosis, segmentation accuracy is crucial. For treatment follow-up, it is essential that 

observed differences in MATV/TMATV are caused by biological changes in the underlying 

tumour tissue and not by segmentation errors. Therefore, it is important that a 

segmentation algorithm yields accurate as well as repeatable segmentation results. 

Moreover, it is of interest to use a segmentation approach relying on PET information only 

as MATV may not be equal to and is fundamentally different from anatomical tumour size 

which can be extracted from a CT image. However, the implementation of such an 

algorithm is not trivial due to the challenges coming with PET images among them factors 

regarding  the low signal-to-noise ratio, low spatial resolution, and partial volume effects 

[3]. Especially for smaller lesions, the partial volume effect can reduce the apparent 

tumour uptake making the lesion therefore difficult to detect and segment.  Additionally, 

the image quality of a PET image depends highly on the scanner type, as well as on image 

acquisition and reconstruction. A segmentation algorithm leading to good results for 

images of one institution might not work for images of another institution. However, the 

EARL accreditation program aims to address this problem by harmonizing images across 

institutions.  

In recent years, machine learning (ML) based segmentations such as Convolutional Neural 

Networks  or classifiers classifying each voxel as tumour or background have shown very 

promising results for various segmentation tasks [4]. However, in PET imaging, few studies 

use advanced ML based segmentation approaches for metabolic active tumour 

segmentation. Even more, most studies combine the information of PET and low-dose CT 

images in order to get reliable segmentation results [5–7] but the image quality of low-

dose CT is not optimal for segmentation purposes. Moreover, as stated above, MATV is 

not the same as anatomical tumour size and a segmentation based on PET information 

only may be more suitable to measure MATV, i.e. the metabolic active parts of the 

tumours. Therefore, it is of interest to develop segmentation approaches that rely on PET 

information only. Additionally, ML based segmentation approaches were so far only 

trained and applied on primary tumours, while for the calculation of TMATV, also an 

accurate and repeatable segmentation of metastasis and lymph nodes is important.  
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In this work, we present a textural feature (TF) based segmentation method designed 

especially for the accurate and repeatable segmentation of primary tumours and 

metastasis. Moreover, our aim was to develop an explainable algorithm that uses hand-

crafted features which can provide additional knowledge about tumour characteristics to 

physicians. The results of the TF segmentation approach is compared with conventional 

segmentation algorithms used in the clinic.  

Materials and Methods 

Datasets 

The study was registered at clinical trials.gov (NCT02024113) and was approved by the 

Medical Ethics Review Committee of the Amsterdam UMC and registered in the Dutch 

trial register (trialregister.nl, NTR3508). All patients gave informed consent for study 

participation and use of their data for scientific research.  

Two datasets acquired at two hospitals were included in this study with both datasets 

providing similar image quality as they were following the recommendations of the EARL 

accreditation program [8]. All images were converted to standardized uptake value (SUV) 

in order to normalize the images for differences in injected tracer dose and patient 

weight. Before the start of the segmentation process, a random bounding box was drawn 

around every tumour.  

Training and testing dataset 

For training, validating, and testing the algorithm, 96 images of patients with NSCLC Stage 

III and IV were included (Ziekenhuis Oost Limburg, Belgium). Patients fasted at least six 

hours before scan start and were scanned 60 minutes after tracer injection. All images 

were acquired on a Gemini TF Big Bore (Philips Healthcare, Cleveland, OH, USA). For 

attenuation correction, a low dose CT was performed. All images were reconstructed to a 

voxel size of 4 x 4 x 4 mm using the vendor provided BLOB-OS-TOF algorithm. More details 

about the patient cohort can be found in previous studies [9]. The images were split 

randomly in training, validating, and testing sets, where 56 images were used for training, 

14 images for validation, and 26 images for independent testing. All 451 lesions of the 

patients (primary tumours, lymph nodes, and metastasis) were included. 

Test-Retest dataset 

For test-retest evaluation, we analyzed ten fully independent PET/CT scans of patients 

with Stage III and IV NSCLC. Images were acquired on a Gemini TF PET/CT scanner (Philips 

Healthcare, Cleveland, OH, USA) at a different institution (Amsterdam University Medical 
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Center). These ten patients underwent two whole-body PET/CT scans on two consecutive 

days. Patient fasting time, time between tracer injection and scan start, as well as image 

reconstruction was the same as in the previous described dataset. More information 

about the patient cohort can be found in previous work [10].  A total of 28 lesions were 

included in the analysis. 

Ground truth segmentations 

 The ground truth segmentations were obtained by applying an automatic segmentation 

which identified all voxels with a SUV above 2.5 as tumour (here after SUV2.5). An expert 

medical physicist adjusted all segmentations manually. This approach was chosen as it has 

been demonstrated that the manual adaption of a (semi-) automatic algorithm is more 

robust than a pure manual segmentation [11]. 

Segmentation approaches 

 

Figure 1: Illustration of steps prior to feature selection. First, for each voxel a scanning window is 

defined. Directly from this scanning window, statistical features are calculated. For the calculation 

of textural features, the scanning window is discretized to contain only a limited number of 

discretized values. From the discretized scanning window, textural features are calculated. 

Textural feature segmentation (TF) 

In this segmentation approach, textural features were used for the voxel-wise 

segmentation of the tumour. As first step, every voxel was regarded as center of a 

scanning window. For each scanning window, textural features were calculated. Initially, 

scanning windows of size 3, 5, and 7 were used. For every view (axial, sagittal, coronal) a 

separate segmentation was performed. This means for e.g. the axial view textural features 

of scanning windows with size 3 x 3 x 1, 5 x 5 x 1 etc. were calculated. Calculated features 

included statistical (e.g. mean/kurtosis), intensity, as well as features describing the 
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heterogeneity of a region (textural features). Before the calculation of textural features, 

the intensity values in the bounding box were discretized using a fixed bin number of 64. 

In the discretization step, every voxel intensity value is transformed to an integer value 

between 1 and 64. This step is required in order to calculate a large number of textural 

features. In total, 264 features were calculated for each voxel (88 for each neighborhood 

size). All steps before feature calculation are illustrated in Fig. 1.  

 

 

Figure 2: Original PET image and example feature images of one tumour: Energy (left), Mean 

(middle), and Kurtosis (left). Energy and mean were selected as representative feature for the 

segmentation task, while kurtosis was not. All features are calculated from a 3 x 3 x 1 scanning 

window. 

In order to reduce the number of calculated features, the most useful features for the 

segmentation task were obtained using the feature importance obtained by a random 

forest. For each orientation, a separate feature selection was applied. This led to five 

representative features: energy, total energy, perc90, maximum, and mean for scanning 

window of size 3 and additionally maximum for size 5. The number of features resulting in 

the best accuracy was derived by experiments.  Examples of these feature images are 

displayed in Fig. 2. 

For classifying each voxel as tumour or background, a random forest was trained. The 

optimal hyper-parameter for the random forest were determined using a grid search with 

varying several parameters. This led to a random forest consisting of 1000 decision trees, 

a tree depth of 100, minimum samples split of 5 with using bootstrap samples for tree 

building. After classification, the probability prediction images of the three orientations 

were stored. The probability images contain information how certain the algorithm is with 

its decision. In our algorithm, we used the majority vote of the probability images as final 

segmentation. Hereby, all three probability images are added and all voxels with a 

summed probability of more than 1.8 (and not 1.5 as it would be in a classical majority 

vote setting) were included in the tumour mask. This more strict threshold was chosen in 

order to include only voxels with a confident prediction certainty and deal in this way with 

the fuzziness of the tumour border in PET images.  
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Different configurations of TF approach 

For the TF segmentation, we especially investigated the impact on using the combination 

of three 2D neighborhoods with the use of one 3D neighborhood as described in previous 

papers [4, 6]. For this purpose, we extracted textural features of cubic 3D neighborhoods 

of size 3, 5, and 7. Feature selection and classification were performed as described above. 

As for the 3D approach, there is only one classifier used (and not three for the different 

views), also no majority vote was necessary for the construction of the final segmentation.  

Moreover, we also compared the use of a ‘classical’ majority vote approach (with a 

threshold of 1.5) with the more strict MV approach described above in terms of accuracy 

and repeatability. 

Conventional segmentation algorithm  

The accuracy and reproducibility of the TF segmentation was compared with two 

threshold based and  established segmentation algorithm:  

- 41%SUVMAX : all voxels with intensity values higher than 41% of the maximal SUV 

value (SUVMAX) are regarded as tumour 

- SUV4: all voxels with a SUV higher than 4 are included in the segmentation 

Moreover, two majority vote (MV) approaches based on four frequently used 

thresholding approaches were included in the comparison. The underlying segmentation 

algorithm are described in previous work [12]. The two MV segmentation methods 

include: 

- MV2: the consensus of at least two of the approaches 

- MV3: the consensus of at least three of the approaches  

Evaluation of Segmentation Algorithm 

For the evaluation of the implemented segmentation algorithm, the approaches were 

compared in terms of accuracy and repeatability. The data analysis was performed in 

Python 3.6.2 using the packages numpy and scipy.  

Accuracy of segmentation approaches 

  In order to determine segmentation accuracy, the Jaccard Coefficient (JC) between 

ground truth and performed segmentation was calculated. The JC is a measure for the 

overlap of the two segmentations: It is the ratio between the intersection and the union of 

two labels:            

A JC of 1 indicates perfect overlap, while a JC of 0 indicates that there is no overlap at all.  
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Repeatability evaluation 

 The repeatability of the segmentation approaches was evaluated by comparing the 

differences of segmented volume across days. For this purpose, the percentage Test-

Retest difference (%TRT) was calculated:        
       |               |                        

The %TRT gives a measure for the proportional differences in segmented volume between 

the two consecutive scans.  

JC values and TRT% were compared across segmentations using the Friedman test. The 

Friedman test is a non-parametric test which does not assume a normal distribution of the 

data or independency of observations. It compares the rank of each data point instead of 

only comparing mean or median values. This means that if a segmentation algorithm 

results consistently in more accurate results, it will be ranked higher even though its mean 

or median might be lower. As the Friedman test only contains information if there was a 

significant difference in the data, a Nemenyi test was performed in order to assess which 

methods resulted in significant differences. P-values below 0.05 were considered as 

statistically significant. In order to correct for multiple comparisons, the p-values were 

corrected using the Benjamini-Hochberg correction.  

Results 

Comparison with different configurations of TF algorithm 

 

Figure 3: JC values for different configurations of the TF segmentation approach: On the left (TF) 

the approach proposed in this work, Middle (TF_MV): The approach using a ‘normal’ majority vote 
(MV) approach, Right (TF_3D): Combining three dimensional neighborhoods  
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As displayed in Fig. 3. the TF approach using the classical majority vote resulted in lower 

accuracy when compared with the approach proposed in this work. The classical MV 

resulted in an underestimation in the majority of lesions. Moreover, it missed more 

lesions than the more strict majority vote approach.  

 

Figure 4: Two segmentation results of random forest (one patient upper row, one patient lower 

row):  Original PET image (right), results with original majority vote approach (middle) and with 

combining the probability images of the random forest (left). Green: true positives, White: true 

negative, Blue: False positives, Black: False positives 

The main segmentation differences between the two majority vote thresholds were 

observed at the tumour border. Two examples where the more strict threshold resulted in 

more true positive classified voxels are illustrated in Fig. 4. The use of 3D neighborhoods 

led also to a drop in segmentation accuracy when compared with the approach proposed 

in this work. Hereby, overestimations were observed in all cases. The differences in JC 

values between the approach proposed in this study and the two comparable approaches 

were found to be significant (p-value<0.05).  

 

Figure 5: Test-retest coefficient %TRT for different configurations of the TF segmentation: On the 

left (TF) the approach proposed in this paper, Middle (TF_MV): The approach using a ‘normal’ 
majority vote (MV) approach, Right (TF_3D): Combining three dimensional neighborhoods 
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At the same time, the approach proposed in this work resulted in better repeatability than 

the other two configurations of the TF algorithm as displayed in Figure 5. The 3D approach 

resulted in the lowest repeatability. However, the differences in TRT% coefficient were not 

significant.  

Repeatability comparison with conventional segmentation approaches 

 

Figure 6: Jaccard Coefficient (JC) values for both datasets: JC values for the testing set (left figure) 

and the test-retest dataset (right figure) for the different segmentation algorithm included in the 

study (SUV4: Standardized Uptake Value 4, 41%SUVMAX, MV2: Majority Vote 2, MV3: Majority 

Vote 3, TF: Textural Feature based approach).  

The boxplots of JC values for the testing as well as the external TRT dataset are displayed 

in Figure 6. TF and MV2 segmentation resulted in general in the highest JC values. 

Significant differences in JC values were only observed between TF and SUV4, TF and 

41%SUVMAX, MV2 and SUV4, as well as MV2 and 41%SUVMAX segmentation for the testing 

data.  In the test-retest dataset, only TF and 41%SUVMAX, as well as MV2 and 41%SUVMAX 

segmentation resulted in significant differences. 

 

Figure 7: Jaccard Coefficient (JC) values dependent on lesion size: JC values for bigger (left figure) 

and smaller (right figure) lesions for all segmentation approaches included in the study (SUV4: 

Standardized Uptake Value 4, 41%SUVMAX, MV2: Majority Vote 2, MV3: Majority Vote 3, TF: 

Textural Feature based approach). 

As displayed in Figure 7, the accuracy of the segmentation was dependent on the lesion 

size. Bigger lesions resulted in higher JC values than smaller lesions. However, also for 
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smaller lesions the TF and MV2 approach resulted in a better accuracy than the 

conventional segmentation approaches.  

All approaches missed some small lesions completely. This was the case when the 

tumours were located close to another high uptake region such as the kidney. Hereby, the 

kidney was incorrectly identified as tumour and the tumours were completely missed. A 

similar scenario was observed for two bigger lesions, for which all approaches resulted in a 

JC value below 0.5. This was the case when the tumours were located close to the heart 

which was incorrectly included in the segmentation. 

 

Figure 8: Test-Retest Coefficient (TRT%) for all segmentation approaches: If the TRT% is close to 0, 

the repeatability of the segmentations is excellent. Abbreviations of the segmentation algorithm: 

MV3: Majority Vote 3, MV2: Majority Vote 2, TF: Textural Feature based approach, Max41: 

41%SUVMAX, SUV4: Standardized Uptake Value 4)  

Figure 8 displays the TRT-coefficients for all segmentation algorithm. TF and MV2 

segmentation yield lower mean, and standard deviation of TRT% values than the other 

segmentation approaches. After applying the Benjamini-Hochberg correction, the 

differences in TRT were not significantly different. In the majority of the cases, a high 

TRT% came in combination with low JC values and large percentage volume differences. 

The lesion size did not influence the repeatability of the segmentations.   

Discussion and conclusion 

The segmentation approach proposed in this work, outperformed conventional 

segmentation algorithm regarding segmentation accuracy and repeatability. Its 

performance was similar to a majority vote based approach. Therefore, the proposed 

segmentation approach is suitable for the segmentation of all lesions in PET images.   

The segmentation of smaller lesions remains also for this approach a challenging task. One 

reason for this effect might be that with decreasing tumour size, small misclassifications 

have a higher impact on accuracy metrics. Smaller lesions also come with a lower tumour-

to-background ratio and are therefore more difficult to detect. Moreover, some of the 
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metastasis are also located close to other high-uptake regions (such as the kidney) what 

opposes a special challenge to a segmentation algorithm. The TF based approach achieves 

in general a higher accuracy than similar approaches proposed in other studies [3, 4]. An 

important difference between our method and other published algorithm is that our 

approach relies on the PET image information only and can therefore also be used when 

only a low-dose CT is acquired aside of the PET image [5, 6]. 

The selected features are simple statistic measurements describing tumour uptake. This is 

due to the fact that they were determined for primary tumours, metastasis, and lymph 

nodes. More complex textural features are selected when only primary tumours are 

included in the feature selection step. This is likely due to the fact that for primary 

tumours texture and background are similar. However, it is a strength of our algorithm 

that it yields accurate and repeatable segmentation results for all lesions in a patient. 

Nonetheless, including the feature selection in the segmentation step might improve the 

selected features and performance of the segmentation algorithm.   

In future work, we plan to compare the results of the proposed segmentation algorithm 

with the results of a CNN. However, as CNNs require a large amount of training data and 

act more like a black-box, we wanted to focus in this work on an explainable machine 

learning based segmentation approach that can also be used with little amount of training 

data. We developed this approach for the segmentation of MATV in PET images, but this 

approach will likely also yield good results when applied on MR or contrast-enhanced CT 

images. In future studies, we also plan to use this approach in order to understand 

changes in tumour tissue e.g. before and after radiotherapy.  

In summary, we demonstrate in this work that our proposed ML based segmentation has 

not only the potential to accurately segment lesions but also to result in repeatable 

segmentations. Therefore, the proposed segmentation approach is suitable for the 

segmentation of tumours in PET images. 
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Summary 

Cancer is one of the main causes of death in the western world [1]. In order to improve 

survival of cancer patients, both the choice of the best therapy as well as identification of 

therapy failure early during treatment are of the utmost importance [2]. Providing 

prognostic information on the survival chances of a patient could help physicians in 

choosing the treatment leading to the best possible quality of life for that patient. To date, 

positron emission tomography (PET) using the tracer [
18

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

(FDG) is frequently used for cancer diagnosis, cancer staging, and treatment monitoring [3, 

4]. For these purposes, basic SUV metrics such as maximum intensity value in the tumour, 

tumour volume, as well as total lesion glycolysis (TLG) are often used [5, 6]. 

The rapidly expanding field radiomics could play an important role in future medicine by 

providing additional information on tumour aggressiveness or treatment resistance, which 

cannot always be detected by visual assessment or captured by the conventional PET 

metrics mentioned above [7, 8]. Radiomics refers to the extraction of a large number of 

quantitative image biomarkers describing tumour phenotype, such as tumour shape or 

intra-tumour heterogeneity [9, 10]. Radiomic features are extracted from an image 

derived segmented tumour. These imaging features can be used to assess treatment 

efficacy, predict survival, or distinguish between malignant and benign lesions [11, 12]. A 

large number of studies have already reported on the additional value of radiomic 

features [13, 14].  

Despite these promising results, the sensitivity of radiomic features to variability in image 

acquisition, image reconstruction, tumour segmentation and image discretization still 

hampers its clinical implementation [15, 16]. To identify features that lead to comparable 

results when scanned several times on the same system (repeatable features), as well as 

robust features when scanned on different systems (reproducible features) is one 

important step towards clinical use [17]. Therefore, the aim of this thesis was to identify 

the image reconstruction and discretization setting that lead to the highest number of 

comparable PET radiomic feature values across institutions as well as to identify a 

repeatable and robust tumour segmentation method. 

In Chapter 2 is a review on repeatability and reproducibility of radiomic features. In 

addition, a quality score evaluating the number of reported pre-processing steps in each 

study was included. Reporting each pre-processing step in the radiomics pipeline is 

essential to guarantee reproducibility of the study itself. Unfortunately, many studies 

failed to report on some essential information, such as image acquisition or image 

preprocessing. All studies that could be included showed that repeatability and 

reproducibility of radiomic features depends on image acquisition settings, image 
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reconstruction algorithm, image preprocessing, and software used for feature calculation. 

Moreover, both metric as well as threshold used to identify repeatable/reproducible 

features varied across studies. Due to this heterogeneity in stability metrics and the high 

diversity of tumour types, it was difficult to draw general conclusions. However, most 

studies reported on a better repeatability of basic statistical (first-order) features, local 

textural features capturing local heterogeneity (such as Grey-level-coocurrence matrix 

(GLCM) or Grey-level-run-length matrix (GLRLM) based features) when compared with 

global textural features such as Grey-level-size-zone matrix (GLSZM) based features.  

In order to use radiomic features in routine clinical studies, it is important that different 

institutes use the same feature definitions and calculations. For this purpose, the imaging 

biomarker standardization initiative (IBSI) provides detailed mathematical feature 

descriptions, as well as (mathematical) test phantoms, clinical test images and 

corresponding reference feature values [18, 19]. In Chapter 3, an easy to use radiomics 

feature calculator was implemented in C++ that enables the calculation of all radiomic 

features in compliance with the benchmark values of IBSI. The use of this calculator does 

not require any programming skills, as it comes as a standalone executable. Therefore, it 

can be easily integrated in any programming language, although it can also be used with 

the command line. The source code is publicly available and can be downloaded and 

adapted where needed. .  

To use radiomic features in a clinical setting, e.g. to assess treatment efficacy, only 

repeatable radiomic features should be included in the analysis [17]. However, various 

factors can have an impact on the repeatability of radiomic features. To explore which 

factors have an impact on feature repeatability, a phantom study was conducted in 

Chapter 4. In this study, the impact of object size and tracer uptake (simulating different 

radiotracers), image reconstruction methods, image noise, discretization method and 

object delineation on the reliability of radiomic features was assessed. The results showed 

that the repeatability of PET radiomic features depended on all factors. Therefore, 

validation of radiomic features and their repeatability needs to be performed for each 

radiotracer and disease type separately. Moreover, study results underlined that 

standardization of clinical PET studies is essential for clinical implementation of radiomic 

features.  

Not only repeatability, but also reproducibility of radiomic features is important. 

Reproducibility is especially important in a multi-centre setting in order to enable 

comparison of radiomic studies acquired at different institutions. Moreover, for further 

mathematical operations, such as an algorithm to align features from different centres 

(e.g. combat) [20], it is important to keep this correction as small as possible. Only 

features yielding small differences across systems should be aligned by these algorithm. 
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Therefore, the reconstruction setting leading to the highest number of reproducible 

features across institutions needs to be identified. In Chapter 5 reconstruction setting and 

image discretization method, leading to the highest number of reproducible features, was 

determined in a multi-centre setting. Moreover, it was investigated whether resampling 

into cubic voxels would be beneficial for the number of reproducible features. In order to 

simulate realistic heterogeneous uptake patterns, three phantom inserts, modelled 

according to the shape and uptake of real lung tumours, were 3D printed. These 3D 

printed inserts were scanned on six scanners at three institutions. Images were 

reconstructed using the locally preferred clinical reconstruction algorithms, as well as 

harmonized EARL1 and EARL2 (including PSF) reconstruction settings. It was shown that 

the use of harmonized EARL-compliant reconstructions using a discretization with fixed 

bin width and resampling to cubic voxels leads to the highest number of reproducible 

features.  

Apart from being repeatable and reproducible, a radiomic feature should also yield 

additional information on top of conventional PET metrics. In addition, each feature used 

in a radiomics analysis should reflect relevant texture information describing the tumour 

heterogeneity precisely. Features that met all three criteria can be considered as useful 

radiomic features. Therefore, in Chapter 6, it was investigated whether radiomic features 

extracted from one dataset of Non-Small-Cell-Lung Cancer patients fulfilled these criteria. 

Radiomic features selected in this way can then be used to predict short-term  survival. 

Especially patients with advanced disease, who present with large and bulky tumour loads, 

might benefit from radiomics analysis. However, segmentation of large and bulky tumours 

is challenging. Automatic segmentation methods often fail in these cases, while manual 

segmentation is very time consuming and suffers from high inter-observer variability and 

low reproducibility [21, 22]. In Chapter 7, inter-observer variability of four interactive 

segmentation workflows, designed specifically for robust segmentation of bulky tumours, 

were compared. The four workflows included:  

(1) manual segmentation 

(2) threshold-based segmentation where the user can choose the most appropriate 

threshold interactively 

(3) interactive threshold-based segmentation (same as 2) with additional presentation of 

the gradient image (gradient method) 

(4) selection of the best result from four automatic segmentation methods (Select-the-

best). The four segmentation method include (1) a method regarding all voxels with a 

SUV above 2.5 as tumour, (2) a method regarding all voxels with a SUV above 4 as 

tumour, (3) a method including all voxels with a SUV equal or above 41% of the 
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SUVMAX as tumour, (4) a threshold based segmentation method with background 

correction    

Each of the workflows involved a different level of user interaction. It was shown that 

manual segmentation resulted in the highest inter-observer variability and the lowest 

accuracy. Gradient and Select-the-best approaches resulted in the lowest inter-observer 

variability and the highest accuracy. Therefore, these two methods might be the methods 

of choice when segmenting large and bulky tumours.  

Recently, artificial intelligence (AI) based algorithms are increasingly being used for 

automatic tumour segmentation. Previous studies already have reported on the accuracy 

of AI based segmentation methods, but for reliable treatment response assessment, 

repeatability of a segmentation approach is equally important [23, 24]. In Chapter 8, the 

repeatability of two AI based segmentation approaches were compared with the 

repeatability of conventional, threshold-based segmentation algorithm. Moreover, the 

accordance of the AI based segmentation and the reference segmentation was analysed. 

Both AI based segmentation methods resulted in a good accordance with the reference 

segmentation and outperformed the conventional segmentation algorithm in terms of 

repeatability. Both approaches are therefore feasible candidates for segmenting tumours 

in PET images, as both are resulting in a good accuracy and are superior to conventional 

segmentation algorithms in terms of repeatability.  

A detailed explanation about the implementation of one of the AI based segmentation 

algorithm used in Chapter 8, is given in Chapter 9. The proposed segmentation approach 

is based on the voxel-wise classification using statistical and textural features of voxel 

neighborhoods. This approach is compared with previously published textural feature 

based segmentation approaches in terms of accuracy and repeatability. We show that the 

modifications we performed on the textural feature based segmentation leads to 

improvements when compared with previously implemented methods. 

Future perspectives 

Radiomics could help physicians to facilitate and improve reproducibility and accuracy of 

diagnosis, prognosis, and treatment assessment. In recent years, a large number of studies 

highlighted the additional value of radiomics when compared with conventional semi-

quantitative metrics [8, 25]. However, most studies have been performed with relatively 

small datasets, acquired at one or only a small number of institutions. Reported findings 

are therefore limited to those small datasets and radiomics based models might not yield 

satisfactorily performance for datasets acquired at other hospitals. One important step in 

assessing the general value of radiomics would be the generation of large image 
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repositories, including clinical outcome of the patients. These repositories should include 

datasets from different hospitals, but with comparable image quality. Moreover, the 

number of patients with different tumour stages should be balanced across datasets. A 

balanced number of patients with similar disease stages per scanner is highly preferable in 

order to avoid incorrect findings due to overrepresentation on a certain patient category 

by a single site/scanner. For example, when the majority of stage I patient studies are 

from a single institute, it is possible that not patient characteristics, but rather site and/or 

scanner performance affects clinical performance assessments. For each cancer type a 

separate repository will be necessary, as it cannot be assumed that results from one 

cancer type are also valid for another one. These repositories could then be used to build 

prognostic and/or predictive models that are valid for different institutions and scanner 

types.  

To build clinical radiomics models that are valid across institutions and PET systems, is 

another ongoing challenge. Images with harmonized image quality still yield some residual 

differences in image quality caused by differences in scanner characteristics which has an 

impact on radiomic feature values. Therefore, also radiomic features extracted from 

harmonized images suffer from some residual variability caused by differences in scanner 

characteristics. To mitigate these effects, additional processing steps will be necessary. 

One possibility could be to include additional alignment of images using e.g. deep learning 

or an alignment of radiomic feature values based on data distribution transformations as 

proposed by Orlhac et al. [20]. To date it is not clear which of both steps is more suitable 

for the construction of a valid radiomics model or whether even both steps will be 

necessary. The challenge in both approaches lies in the alignment of images or feature 

values without losing important information.  

Radiomic features are mathematically well defined and in general tumour characteristics 

represented by a feature can be explained [18]. As each patient has the right to receive an 

diagnosis that can be explained, this is a clear advantage over other advanced image 

analysis methods such as deep learning. However, deep learning might overcome some 

challenges of radiomics. such as the need for reliable tumour segmentation. As deep 

learning requires even larger datasets than radiomics, it has not yet been applied to 

diagnostic and prognostic PET imaging. The construction of a database including a large 

number of images acquired at different institutions may open the way to explore the 

potential of deep learning in clinical decision making. It has to be investigated yet whether 

deep learning suffers from differences in reconstruction settings and image quality or 

whether it allows for a lower degree of image quality harmonization than radiomics 

analysis. Moreover, future research should investigate what exactly a deep learning 
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algorithm detects and measures. This will improve understanding of underlying 

pathophysiology, which will be essential for clinical use. 

In order to use deep learning in clinical decision making, transfer learning may be useful. 

Transfer learning refers to re-utilization of knowledge acquired to solve one task for 

solving another (ideally similar) task. As one main drawback of PET imaging is the lack of 

sufficient annotated data, CT images which are more abundantly available could be used 

for the initial training of a convolutional neural network. This neural network could be 

(partially) retrained and fine-tuned using PET data. The use of transfer learning might 

improve the accuracy of a deep learning algorithm. Moreover, transfer learning might also 

be applied for the transfer of one network trained at one institution to another institution.   

It is likely that future clinical decision making will not only rely on the output of a 

radiomics model, as such a model still has some degree of uncertainty. The combination of 

radiomics and other measurements, such as e.g. clinical information/patient 

demographics, results from genomics or deep learning techniques, might result in more 

accurate and robust models. As the collection of combined gene expression and imaging 

data is rare, only a few studies have investigated the potential benefits of a combination 

of radiomics and genomics, where radiomics data were extracted primarily from CT 

images. However, PET imaging has some clear advantages over CT imaging as it is e.g. able 

to reflect early response to treatment more accurately. Therefore, it is likely that PET 

radiomic features have additional value to genomics and CT radiomic features that should 

be explored. Studies consisting of large multi-center datasets should be performed. In 

addition, deep learning techniques may detect tumour characteristics that are not 

detected by radiomic features or genomics and vice versa. Therefore, the combination of 

deep learning, radiomics, and genomics might result in robust models that could be used 

in a clinical workflow.   

Up to now, radiomic features are extracted from static PET images. However, dynamic PET 

scans yield in the majority of the cases more accurate and biologically more relevant 

information. Therefore, the use of radiomic features extracted from dynamic PET images 

might yield more useful information than radiomic features extracted from static PET 

images. Hereby, radiomic features could be calculated at different time points and their 

change over time could be reported. These feature differences over time could then be 

used to e.g. distinguish between malign and benign lesions.  
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