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Chapter 10 

Summary and future perspectives 
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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 

Chapter 10 – Summary and Future Perspectives 



197  

 

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 

Chapter 10 – Summary and Future Perspectives 



201  

 

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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