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INTRODUCTION 

Cancer is a leading cause of death worldwide. According to global cancer statistics, 
approximately 14.1 million new cancer cases and 8.2 million cancer deaths occurred 
worldwide in the year 20121. The global burden of cancer is expected to increase due to 
the growth and aging of world population as well as with the adoption of lifestyle be-
haviors like smoking, poor diet, physical inactivity and reproductive changes, which are 
known to increase cancer risks1.  It is expected that annual cancer cases could rise up to 
22 million within the next two decades. A substantial proportion of the worldwide bur-
den of cancer can be prevented through the widespread application of existing cancer 
control knowledge, early detection, appropriate treatments and palliative care. There-
fore, significant efforts and policies are being pushed forward worldwide to facilitate 
technological advances in fundamental research and clinical care for cancer prognosis 
and prevention. Due to these efforts, in recent years, many new diagnostic and treat-
ment modalities have become available in clinical oncology2, which can generate high 
dimensional patient specific data. This increase of patient specific information has led 
the emergence of precision oncology.  

Precision Oncology and Radiomics 

‘Precision oncology’ refers to the customization of cancer care, where practices and/or 
therapies are being tailored to individual patients3. Such customization process can 
maximize the success of preventive and therapeutic interventions with minimum side 
effects. Most of the precision oncology related research has centered on the molecular 
characterization of tumors using genomics based approaches, which require tissue 
extraction by tumor biopsies. Discovery and translation research carried out over the 
last 30 years has led to the identification and validation of a number of “cancer drivers”-
genes that, when mutated or otherwise dysregulated, can drive malignancy in model 
system4. Despite all these successful examples, the clinical realization of precision on-
cology is still limited due to several factors. Tumors exhibit spatial and temporal hetero-
geneity, both between and within tumors5. Recently, myriad sub-clones having distinct 
genetic profiles within each tumor, were observed in a series of renal cell carcinomas6. 
It is this intra-tumor heterogeneity and sub-clone diversity that likely causes the pheno-
typic variation and hence the differences in treatment/drug response and resistance. 
Furthermore, heterogeneity exists over the lifetime of a cancer, with differing patterns 
of genetic changes from initiation through to metastasis and relapse after surgery or 
therapy7. In order to assess the spatial and longitudinal intra-tumor heterogeneity, 
multiple and repeated tumor biopsies would be needed, which is a bottleneck due to 
the invasiveness of the procedures. Therefore, non-invasive approaches are necessary 
to profile tumor phenotype.  

Medical imaging, a routinely used diagnostic tool in clinical oncology, has unprece-
dented potential for tumor characterization. Unlike biopsies, medical imaging is non-
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invasive and can provide information regarding the entire tumor. Furthermore, due to 
the advances of high-resolution image acquisition machines, differentiation of tumor 
phenotypic characteristics on medical images has become feasible [see Figure-1]8. 
 

 
Figure 1. (A) Two representative 3-D representations of a round tumour (top) and spiky tumour (bottom) 
measured by computed tomography (CT) imaging. (B) Texture differences between non-small cell lung cancer 
(NSCLC) tumours measured using CT imaging, more heterogeneous (top) and more homogeneous (bottom). 

(C) Differences of FDG-PET uptake, showing heterogeneous uptake
8
. 

 
However, until recently, medical imaging was still only considered for the detection and 
qualitative assessment of tumors in clinical oncology. Radiomics, a high throughput, 
medical image mining approach hypothesizes that with the enriched knowledgebase of 
image processing and computer vision, different phenotypic characteristics of tumors, 
including intra/inter tumor heterogeneity, can be quantified in terms of various imaging 
features8. It is expected that these imaging features provide complementary and inter-
changeable information compared to other sources e.g. demographics, pathology, ge-
nomics and that combining these sources of information can enhance precision oncolo-
gy8. 

The workflow of radiomics 

Figure-28 depicts the processes involved and workflow of the Radiomics. It begins with 
the image acquisition and standardization. From images, the macroscopic tumor is 
defined, either with automated/semi-automated segmentation software tools or man-
ually by experienced radiologists or radiation oncologists. Three-dimensional quantita-
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tive imaging features are subsequently extracted from the defined tumor volume. These 
imaging features involve different shape and size descriptors of tumor and surrounding 
tissues as well as descriptors of intensity distribution, spatial relationships between 
various intensity levels, texture heterogeneity patterns in spatial and various trans-
formed domains etc8. These extracted image traits are then subjected to a feature se-
lection procedure. After the identification of the most informative and non-redundant 
features, the selected features are then analyzed for their relationship with treatment 
outcomes or gene expression. The ultimate goal is to provide accurate risk stratification 
by incorporating the imaging features into predictive models for treatment outcome 
and to evaluate their added value to commonly used predictors. 
 

 
Figure 2. The Radiomics workflow. On the medical images, segmentation is performed to define the tumour 
region. From this region the features are extracted, e.g. features based on tumour intensity, texture and 
shape. Finally, these features are used for analysis, e.g. the features are assessed for their prognostic power, 

or linked with stage, or gene expression
8
. 

Applications of Radiomics 

Radiomics based applications and research work has significantly increased in recent 
time, which has been highlighted in several well-written review articles9,10,11,12. In order 
to cover the wide range of applicability, in subsequent section, we briefly mention some 
selected radiomic applications in clinical oncology. 

Diagnosis: Several studies have successfully applied radiomics for enabling the can-
cer diagnosis. In a study of 147 men with biopsy-proven prostate cancer, Wimber et al13 
observed that gray level co-occurrence based texture features differentiate malignant 
and benign prostate tumors on both T2-weighted MR and diffusion-weighted MR imag-
es. Moreover, radiomic features extracted from low dose CT images have shown strong 
discrimination power in stratifying cancerous and malignant NSCLC nodules in national 
lung screening cohorts 14. 

Tumor prognosis, treatment response and outcomes: Strong prognostic power of ra-
diomic features have been demonstrated using CT15,16,17,18,19, MR13,20,21,22 , PET12,23,24 and 
also multi-parametric imaging25,26. Kuo et al27 identified association between hepatocel-
lular carcinoma imaging phenotypes and doxorubicin drug response. Also, in a breast 
cancer study of 58 women, it was found that texture analysis of dynamic contrast-
enhanced MR images could help in predicting the response to neoadjuvant chemother-
apy before its initiation28. As far as clinical outcomes are concerned, several studies 
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have shown the discriminating capabilities of radiomic features for the stratification of 
tumor histology29, tumor grades or stages30, distant metastasis16, overall survival and 
other clinical outcomes31,21,17. 

Radiomic-Genomic associations: In one of the first radiogenomics study, strong as-
sociation between contrast enhanced CT based imaging phenotypes and gene expres-
sions was observed in the patients of hepatocellular carcinoma17. It was reported that a 
combination of 28 imaging traits could reconstruct 78% of the global gene expression 
profiles, which in turn were linked to cell proliferation, liver synthetic function and pa-
tient prognosis17. Several other studies have demonstrated the association of radiomic 
features and gene expression using different cancer types and imaging modalities 
20,27,22. 

Challenges 

There are few discrete challenges associated with radiomics. Few recent reviews pro-
vide detailed overview of these challenges and recommend potential solutions9,10,32,11. 
Following is the brief description of these challenges in lined with the radiomics work-
flow. 

Image acquisition and reconstruction: Most of the published research in literature 
has been carried out on retrospective imaging data and historically there is lack of har-
mony in protocols of image acquisitions and reconstructions between different medical 
institutions. Image acquisition is the primary module of radiomics workflow and there-
fore lack of standardization could cause unknown effect that could significantly influ-
ence radiomic analyses. Hence, standardization of image acquisition and reconstruction 
protocol without affecting the traditional diagnostic applications of medical imaging is 
required.  

Segmentation: Inter reader variability in tumor delineation is a well-known phenom-
ena in clinical oncology33. As majority of radiomic features quantify tumor phenotypes, 
precise and robust tumor delineation would be needed. Furthermore, manual tumor 
delineation is relatively time consuming process and that could be a bottleneck for the 
high-throughput data mining research like radiomics where large patient cohorts are 
analysed. Therefor, efficient, accurate, robust and automatic (or semiautomatic with 
minimal manual interaction) segmentation tools are needed. Moreover, the reproduci-
bility of these tools needs to be assessed for radiomics. 

Feature extraction and quantification: Once tumors are delineated, different types 
of imaging features can be extracted e.g. first order intensity histogram based features, 
second order textural features, shape and size descriptors etc. Moreover, images can be 
transformed using several image transformation and features can be extracted from the 
transformed images. Several technical settings need to be implemented before feature 
extraction. For example, in order to quantify grey level co-occurrence based textural 
features, parameters like directions, intensity quantization etc. need to be chosen. As 
there are many categories of features, there are many such inherent parameters. How 
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to choose optimal parameter for each feature category? How sensitive these features 
are with respect to these parameters? All these questions need to be addressed. 

Statistical analysis: Statistical analysis, the final component of radiomics workflow, 
employs various statistical and heuristic approaches. These approaches should be able 
to identify reproducible findings that could be potentially translated to clinic. Radiomics 
involves a large number of features. Moreover, for the statistical validity of an analysis, 
it is recommended to have fewer features than the number of samples involved. Fur-
thermore, not all radiomic features could be important for each and every application. 
Therefore, dimensionality reduction and selection of application-specific features are 
necessary for achieving high performance. Similarly, the choice of the prediction model-
ling method could also be vital in achieving higher performance. Therefore, state of the 
art machine learning methods for feature selection and prediction/prognostic modelling 
should be evaluated for radiomic analyses.  

Objectives and outline of the thesis 

In order to enhance the applications of radiomics, in this thesis, we tried to address the 
above mentioned challenges by conducting different radiomic analyses on large patient 
cohorts of non small cell lung cancer and head and neck cancer. The whole work of this 
thesis is represented in two parts. First part focuses on challenges related to image 
acquisitions and standardisation protocols as well as related to segmentations. The 
second part contains the studies investigating different machine-learning based statisti-
cal approaches for radiomic analyses. To begin with, Chapter 1 provides the general 
introduction of radiomics including the workflow, applications, and associated challeng-
es. Also, it briefly outlines the organization of the thesis. 

Part-1 Assessing variability in radiomics: 

The first part focuses on assessing publicly available semi-automatic segmentation 
tools. These tools were evaluated in terms of their efficiency and reproducibility and 
were compared to the manual segmentations. Moreover, reproducibility of radiomic 
features with respect to different segmentation methods were also assessed.  

Chapter-2 presents the study where we assessed the clinical relevance of a semiau-
tomatic (CT)-based segmentation method using the competitive region-growing based 
algorithm, implemented in the fre and publicly available 3D-Slicer software platform. 
3D-Slicer based segmentations were also compared with the manual segmentations and 
it was observed that 3D-Slicer provides a faster and more robust alternative for seg-
menting NSCLC tumors. 

Chapter-3 describes the applications of single seed segmentation algorithm imple-
mented in publicly available Chest Imaging Platform (CIP). In a low dose CT images of 
354 nodules, single seed based semiautomatic segmentations were compared to the 
manual segmentations of four radiologists. It was observed that CIP segmentations 
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displayed superior computational efficiency and robustness for majority of nodules as 
compared to manual delineation. 

In Chapter-4, a 3D-Slicer based semiautomatic volumetric segmentation algorithm, 
was investigated in terms of its robustness for quantitative imaging feature extraction. 
It was observed that radiomic features extracted from 3D-Slicer segmentations had 
significantly higher reproducibility compared to the features extracted from the manual 
segmentations. The results show that 3D-Slicer segmented tumor volumes provide a 
better alternative to the manual delineation for feature quantification, as they yield 
more reproducible imaging descriptors.  

Part-2 Machine learning methods for radiomics 

In this part, different unsupervised and supervised machine learning methods were 
investigated for radiomics based prognostic/predictive analyses. These different meth-
ods of feature selection/reduction and prediction modeling were compared in terms of 
their performance and robustness. 

Chapter-5 presents a radiomic analysis of 1,019 patients with lung or head-and-neck 
cancer. Radiomic features were selected based on their reproducibility against test-
retest imaging and multiple tumor delineation and subsequently were used for prog-
nostic analysis. It was found that radiomic signature have prognostic power in inde-
pendent data sets of lung and head-and-neck cancer patients. Moreover, the radioge-
nomic analysis of this study reveals that a prognostic radiomic signature, capturing 
intratumour heterogeneity, is also associated with underlying gene-expression patterns.  

As observed in Chapter-5, radiomics provides a comprehensive quantification of tu-
mor phenotypes by extracting and mining large number of quantitative image features. 
To reduce the redundancy and compare the prognostic characteristics of radiomic fea-
tures across cancer types, cancer-specific radiomic feature clusters in four independent 
Lung and Head & Neck (H&N) cancer cohorts (in total 878 patients) were investigated in 
Chapter-6. Consensus clustering resulted in eleven and thirteen stable radiomic feature 
clusters for Lung and H&N cancer, respectively. These clusters were validated in inde-
pendent external validation cohorts. This analysis indicated both common as well as 
cancer-specific clustering and clinical associations of radiomic features. 

In an exploratory study presented in Chapter-7, the association between radiomic 
features and the tumor histologic subtypes (adenocarcinoma and squamous cell carci-
noma) were investigated in the cohorts of non-small cell lung cancer patients. Further-
more, in order to predict histologic subtypes, we explored machine-learning methods 
and independently evaluated their prediction performance. Histological subtypes can 
influence the choice of a treatment/therapy for lung cancer patients. We observed that 
radiomic features show significant association with the lung tumor histology. Moreover, 
radiomics-based multivariate classifiers were independently validated for the prediction 
of histological subtypes. 
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Highly accurate and reliable machine-learning approaches can drive the success of 
radiomic applications in clinical care. In Chapter-8, fourteen feature selection methods 
and twelve classification methods were examined in terms of their performance and 
stability for predicting overall survival in two independent lung cancer cohorts. To en-
sure the unbiased evaluation of different machine-learning methods, publicly available 
implementations along with reported parameter configurations were used. The variabil-
ity analysis indicated that the choice of classification method is the most dominant 
source of performance variation. Identification of optimal machine-learning methods 
for radiomic applications is a crucial step towards stable and clinically relevant radiomic 
biomarkers, providing a non-invasive way of quantifying and monitoring tumor-
phenotypic characteristics in clinical practice. 

Chapter-9 presents the radiomic study of head & neck cancer cohorts where differ-
ent machine-learning methods were evaluated in terms of their performance and stabil-
ity for predicting overall survival in two independent cohorts. Feature selection and 
classification methods were compared using a previously reported unbiased evaluation 
framework of chapter-8. Investigations related to performance variability echoed the 
similar conclusion as Chapter-8 that the choice of classification method is the major 
factor driving the performance variation. This study identified prognostic and reliable 
machine-learning methods for the prediction of overall survival of head and neck cancer 
patients. 

GENERAL DISCUSSION AND FUTURE PERSPECTIVES 

Chapter 10 provides a general discussion of the results presented in this thesis and 
related future perspectives. 
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ABSTRACT 

Accurate volumetric assessment in non-small cell lung cancer (NSCLC) is critical for ade-
quately informing treatments. In this study we assessed the clinical relevance of a semi-
automatic computed tomography (CT)-based segmentation method using the competi-
tive region-growing based algorithm, implemented in the free and public available 3D-
Slicer software platform. We compared the 3D-Slicer segmented volumes by three 
independent observers, who segmented the primary tumour of 20 NSCLC patients 
twice, to manual slice-by-slice delineations of five physicians. Furthermore, we com-
pared all tumour contours to the macroscopic diameter of the tumour in pathology, 
considered as the ‘‘gold standard’’. The 3D-Slicer segmented volumes demonstrated 
high agreement (overlap fractions>0.90), lower volume variability (p = 0.0003) and 
smaller uncertainty areas (p = 0.0002), compared to manual slice-by-slice delineations. 

Furthermore, 3D-Slicer segmentations showed a strong correlation to pathology (r = 
0.89, 95%CI, 0.81– 0.94). Our results show that semiautomatic 3D-Slicer segmentations 
can be used for accurate contouring and are more stable than manual delineations. 
Therefore, 3D-Slicer can be employed as a starting point for treatment decisions or for 
high-throughput data mining research, such as Radiomics, where manual delineating 
often represent a time-consuming bottleneck.  
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INTRODUCTION 

Lung cancer is a disease that affects about 1.6 million individuals worldwide every year1. 
Non-small cell lung cancer (NSCLC) accounts for 85% of all lung cancer cases and it is 
characterized by poor prognosis and low survival rates, due to high incidence of loco-
regional and distant recurrences2. In lung cancer, tumour delineation is critical for accu-
rate volumetric assessment to evaluate response to therapy, which can inform treat-
ment decisions. However, tumour delineation can be a source of uncertainty, since 
typically, the tumour delineation process involves an experienced physician, interpret-
ing and manually contouring computed tomography (CT) alone or combined with 
Fluorodeoxyglucose (FDG) - positron emission tomography (PET) imaging, on a slice-by-
slice basis3–6. Despite efforts in standardization of CT or FDG-PET-CT image acquisition 
and standardized guidelines for tumour delineation, definition of lung tumours remains 
prone to inter-observer variability and is time consuming6–9. 

To reduce these problems, a number of CT or FDG-PET based semi-automatic meth-
ods have been investigated, that aim to provide equivalent segmentations to those 
delineated manually by physicians, or to provide a starting point for the manual delinea-
tion process, thereby reducing the overall required time. The various segmentation 
methods, that range from simple threshold based methods to complex level set, water-
shed, or region growing-context based methods, have been compared to manual delin-
eations provided by physicians and compared to the pathological measurements of 
tumour size, with varying success rates10–16. However, the application of these methods 
is limited, often due to accessibility of the method within the clinical delineation pro-
cess. 

In this study we evaluated the utility of the GrowCut algorithm to segment lung tu-
mours, implemented in 3DSlicer – a free open source software platform for biomedical 
research17. This cellular automaton-based algorithm performs automatic tumour seg-
mentation after drawing boundaries within the image volume. It provides an alternative 
to the manual slice-by-slice segmentation process and is found to be significantly faster 
and less user intensive17.  

Our hypothesis is that 3D-Slicer contours are more stable for inter-observer varia-
tion compared to manual contouring. To evaluate the accuracy of the 3D-Slicer segmen-
tations, three independent observers segmented 20 NSCLC patients twice using 3D-
Slicer.We compared these six 3D-Slicer segmentations to manual delineations provided 
by five physicians. Furthermore, the segmented volumes were compared with the max-
imum diameter measured from the tumour after resection, considered as the gold 
standard. Because 3D-Slicer is publicly available and easily accessible by download, its 
application in NSCLC could be useful for the clinical investigations where tumour con-
tours are necessary for assessing therapy response, therapy planning, or in high-
throughput data mining research of medical imaging in clinical oncology (Radiomics)18–

21. 
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RESULTS 

Clinical reliability of the 3D slicer’s semi-automatic segmentations was measured in 
terms of its agreement with the CT/PET manual tumour delineations of five independ-
ent observers and with pathological measurements after surgery. To quantify the 
agreement between the manual and 3D-Slicer segmentations, we performed an uncer-
tainty analysis. The uncertainty region was defined as the region that varied between 
the segmentations of the different observers. In figure 1, the uncertainty region of five 
manual and six 3D-Slicer segmentations (three observers segmented twice with differ-
ent seed point initialization) is illustrated. This example shows that the uncertainty re-
gion is larger for manual delineations compared to 3D-Slicer. 
 

Figure 1. Segmentation uncertainty. Left: representative example showing differences in CT/PET manual
delineations (top) and 3D-Slicer segmentations (bottom). Right: This variability is quantified with the uncer-
tainty region, defined as the difference between the observers’ agreement and observers’ union (highlighted
in green). The smaller the uncertainty region is, the lower the variability among multiple contours. 

 
In the Supplementary Figure S1, a heat map depicting the overlap fractions for each 
patient between the GrowCut segmentations and manual delineations’ union and inter-
section are shown. 
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The results demonstrate a high spatial agreement of the manual and 3D-Slicer seg-
mentations. 

Overlap fractions  

To examine the spatial agreement of the manual and 3D-Slicer contours, Overlap Frac-
tions (OF) were calculated. OFs were computed between each of the six 3D-Slicer seg-
mentations with the uncertainty region of the manual delineations. The intersection is 
defined as the inner boundary of the uncertainty region (i.e. the region that all manual 
observers delineated), and the union as the outer boundary of the uncertainty region 
(i.e. the region at least one of the manual observers delineated). High OFs were ob-
served with the observers’ intersection (mean±SD: 94.3±4.4%, range: 76.8– 99.8) and 
union (mean±SD: 97.2±5.1%; range: 72.6–100) [See figure 2].  
 

 

Figure 2. Overlap fractions between the 3D-Slicer segmented volumes and the observers’ intersection and 
union volumes. High overlap fraction indicates high agreement (spatial overlap) between volumes. 

Uncertainty regions  

To investigate the robustness of 3D-Slicer segmentations we compared its uncertainty 
region against the manual uncertainty region [Figure 1]. The analysis showed that the 
uncertainty region, defined as the difference between uncertainty region inner and 
outer boundaries, was smaller for the 3D-Slicer segmentations [See Figure 3A]. Manual 
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delineations had significantly larger uncertainty areas compared to 3D-Slicer segmenta-
tions (Wilcoxon test p = 0.0002). 

Segmented volumes  

We then investigated the volumes of the segmentations. There was a high agreement 
between the volumes of the manual and 3D-Slicer contours, as we found no statistically 
significant difference between the volumes of the five manual delineations  and six 3D-
Slicer segmentations, using Kruskal–Wallis one-way analysis of variance (p = 0.98). Fig-
ure 3B, displays the tumour volume variability, for both manual and 3D-Slicer for all 
patients. In 17 cases (85%), the volume variability was significantly lower for 3DSlicer 
segmentations (p = 0.0003). 

3D-Slicer segmentation process   

To investigate the stability of 3DSlicer algorithm against user seed-points initialization, 
we compared the intra-observer variability for each of the 3D-Slicer users. High overlap 
fractions were observed for the 3D-Slicer users: 95.01% ± 5.33%, 94.11% ± 3.95 and 
97.08% ± 2.54% [mean ± SD], respectively. 

To assess the duration of the 3D-Slicer segmentation process, we recorded the dura-
tion of all segmentation phases. The total segmentation times were in average 10.6 min 
(range: 4.85–18.25 min), 9.97 (range 6.39–13.83 min) and 9.94 min (range: 4.38–20.25 
min), for the three 3D-Slicer users respectively. In average, the times measured for each 
3D-Slicer segmentation phase were: loading (28 seconds), algorithm initialization (2.79 
min), running the 3D-Slicer algorithm (32 seconds) and editing final phase (6.52 min). 

Pathology   

Further validation was provided by comparing the maximum diameter of the 3D slicer 
segmentations with that of the surgical specimen. Strong correlations were observed 
between the maximum diameter of 3D-Slicer volumes and the macroscopic diameter of 
the surgical tumours (spearman r, mean ± SD 0.89 ± 0.05, range: 0.81–0.94).  

Similarly, the maximum diameters of the manual CT/PET delineations were highly 
correlated with the macroscopic diameter (spearman r, mean ± SD = 0.92 ± 0.02, range: 
0.91–0.95). 

Figure 4 displays the scatter plot between macroscopic diameter and the diameters 
of CT segmentations (manual and 3D slicer). The diameters of surgery had a range of 
1.8–9 and average of 4.5 ± 2.03 (mean ± SD). The manual delineations had a range of 
1.42–12.53 and average of 6.09 ± 2.71 (mean ± SD). The semi-automatic delineations 
were: range 1.41– 12.20 and average of 6.17 6 2.89. These twelve different diameter 
vectors were also compared using the Kruskal-Wallis test and no statistically significant 
difference was observed (p = 0.97). 
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Figure 3.(A): Comparison of volume uncertainty (as defined as the region that varied between the contours of 
multiple observers) of manual delineations and 3D-Slicer segmentations. See figure 2 for an illustrative exam-
ple of the uncertainty region. (B): Comparison of volume variability (cm3) of observers’ manual delineations 
and 3D-Slicer segmentations. 
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Figure 4. Scatter plot between maximal diameter of surgical specimen and the maximal diameter of 
computed tomography (CT) segmented volumes for both manual and semiautomatic 3D-Slicer diame-
ters. Spearman’s correlation coefficient was 0.89 (95%CI, 0.81–0.94). 

DISCUSSION 

Despite the efforts in CT-PET imaging standardization and tumour delineation protocols, 
target definition remains subjected to observer variation. With respect to manual deline-
ations, the addition of PET information to CT imaging in standardized delineation proto-
cols has reduced the observer variability, however, human interaction and interpretation 
of medical images is still a considerable source of variation3,22,23. Furthermore, slice-by-
slice manual contouring of two-dimensional images is a time consuming process. Here, 
we evaluated the utility of a freely accessible 3D-Slicer algorithm, a cellular automaton-
based algorithm, by performing a volumetric comparison with tumour delineations made 
by five independent oncologists following standardized protocols24, as well as by compar-
ing it with the maximal diameter obtained from pathological measurements.  

The volumetric comparison showed that the 3D-Slicer algorithm provides tumour 
segmentations, statistically equivalent to physicians CT/PET manual contours. To evalu-
ate the accuracy of the 3D-Slicer segmentations, the overlap fraction (%) was calculated 
and resulted in high values between the semi-automatically segmented volumes and 
the intersection (mean±SD: 94.3±4.4%, range: 76.8–99.8) and union (mean ± SD: 97.2 ± 
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5.1%; range: 72.6–100) of the manual delineations. Importantly, semi-automatic seg-
mentations showed overall lower volume variability (p=0.0003) and smaller uncertainty 
areas (p = 0.0002) compared to manual delineations. 3D-Slicer segmentations showed 
robustness towards user initialization, the OF’s between the first Slicer segmentation 
and the second slicer segmentation were for each user in average: 95.01% ± 5.33%, 
94.11% ± 3.95 and 97.08% ± 2.54%, respectively. 

Additionally, we observed a strong correlation between the 3DSlicer segmentations 
and the maximal diameter as measured on pathological examination (r=0.89; 95% CI, 
0.81–0.94).  

The average time to perform a complete segmentation was 9.8 minutes using Slicer. 
Loading the images and running the algorithm takes in average half a minute respec-
tively. Due to the retrospective nature of our analysis we were not able to compare the 
3D-Slicer segmentation times with the manual delineation times, since those were not 
available. However 3D slicer’s volume segmentation has been shown to be substantially 
faster and less user intensive compared to manual delineation in other tumour sites17. 
Furthermore, manual delineation is well known to be a very time consuming task. 

To minimize observer variability and reduce user interactions, several CT and PET 
semi-automatic segmentation methods have been introduced. Simple methods such as 
threshold-based segmentations are widely available but often fail to accurately define 
the tumour borders10,11,16. Various more complex methods have been investigated, 
including signal-to-background ratio individualized thresholding, watershed-based 
methods or complex fuzzy locally adaptive thresholding methods11,14,15,25–27. These 
methods have showed generally better correlations with pathology and manual delinea-
tions than the simple fixed threshold methods; however they often require significant 
tuning of algorithm parameters and are not widely available. PET-based methods are 
intrinsically better choices to segment the highly active metabolic areas of the tumour. 
In contrast, CT-based methods provide an anatomical segmentation with higher spatial 
resolution. 

In radiation therapy, CT is the reference imaging modality for treatment planning, 
and an accurate gross tumour volume definition is fundamental to assure adequate 
target coverage. Therefore, we believe that CT-based semi-automatic segmentations 
have clinical utility, if they provide segmentations as accurate as those generated man-
ually by the medical experts, despite the intrinsic CT limitations to distinguish areas of 
the tumour that are metabolically more active. 

Cheebsumon et al, compared several commonly used PET-based segmentation meth-
ods with pathology and with a CT manually delineated volume11. They reported PET-based 
methods to have a better agreement with pathology compared to CT delineation. In their 
study, CT manual delineation significantly overestimated the tumour size compared to 
pathology. CT manual delineation is known to be prone to inter-observer variation and 
usually overestimates tumour dimensions. In their exhaustive methods comparison, they 
lacked a comparison with semi-automatic CT-based segmentation methods, which have 
shown better correlations with pathology than manual delineations28.  
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We previously evaluated a CT-based click-and-grow ensemble segmentation (SCES) 
algorithm, which showed good overlap with medical expert’s tumour delineations and 
with pathological measurements28. The SCES also showed robustness towards user 
initialization, as it involved an iterative segmentation process, with a bootstrapping 
routine with multiple initializations, which resulted in highly reproducible final segmen-
tations29. Unfortunately, this algorithm is only available in commercial packages and 
therefore not available for the broader community. 

A comparison of CT-based and PET-based methods with pathological measurements 
and manual delineations is still lacking though. We anticipate that methods combining 
CT and PET information will be the winner in the lung tumour segmentation race, 
though not all centers are equipped with integrated PET-CT scanners. However, intrinsic 
differences between CT and PET information should be taken into account. The present 
3D-Slicer algorithm, provided accurate tumour segmentations for 85% of the cases. In 
three cases the 3D-Slicer failed to define accurately the border, these cases showed 
larger volume variability with 3D-Slicer compared to manual delineations; two of these 
cases were large masses with pleural attachment, however only one had a central loca-
tion. The third case was a very small isolated tumour, adjacent to a main blood vessel, in 
this case due to the volume size, small variations in border definition due to the adja-
cent vessel, resulted in significant volume variations. Nevertheless, a medical expert 
should supervise auto-segmentation algorithms in all cases.  

The current correlation between the 3D-Slicer delineation and pathology could pos-
sibly be improved if the CT and PET-CT would have been performed in 4D-mode. It is 
well recognized that a free breathing CT and even more PET scan will result in blurred 
edges of the tumour and erroneous CT densities or SUV values. In further research, 4D 
scans should be used. A general drawback when comparing segmentation algorithms 
with pathological dimensions is that often only tumour sizes in one dimension are avail-
able (maximal diameter). Furthermore, pathological measurements can be affected by 
tumour shrinkage and deformation after surgery. In this study only the maximal diame-
ter on pathology was compared, which is less prone to error than volumetric compari-
sons with pathology. The timing-span between the image acquisition and surgery may 
impact the comparison of the segmentation methods with pathology due to tumour 
growth. Given the correlation observed with pathological tumour diameter, this time 
difference may not have a strong impact in the evaluated cases. 

In conclusion, the open source 3D-Slicer algorithm, provided tumour segmentations 
comparable to those manually delineated by physicians and with lower variability. Since 
the semi-automatic segmentations are statistically comparable to manual delineations 
and correlated well with pathology, they could be used as a starting point for treatment 
planning delineations and in high-throughput data mining research, such as Radi-
omics18–21, where manual tumour delineations are often not available, or represent a 
considerable time consuming bottleneck. 
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METHODS 

CT-PET scans  

CT-PET scans. The imaging data was acquired at MAASTRO Clinic in The Netherlands, as 
reported previously by Baardwijk et al7. In short, twenty consecutive patients with histo-
logically verified non-small cell lung cancer, stage IB-IIIB, were included in this study. All 
patients received a diagnostic whole body positron emission tomography (PET)-
computed tomography (CT) scanning (Biograph, SOMATOM Sensation 16 with an ECAT 
ACCEL PET scanner; Siemens, Erlangen, Germany). Patients were instructed to fast at 
least six hours before the intravenous administration of 18F-fluoro-2-deoxy-glucose 
(FDG) (MDS Nordion, Liege, Belgium), followed by physiologic saline (10 mL). The total 
injected activity of FDG was dependent on the patient weight expressed in kg: (weight * 
4) + 20 Mbq. Free breathing PET and CT images were acquired after a period of 45 
minutes, during which the patient was encouraged to rest. The whole thorax spiral CT 
scan was acquired with intravenous contrast. The PET images were obtained in 5-min 
bed positions. The CT data set was used for attenuation correction of PET images. The 
complete data set was then reconstructed iteratively with a reconstruction increment 
of 5 mm. Imaging data are available on www.cancerdata.org. This study was conducted 
according to national laws and guidelines and approved by the appropriate local trial 
committee at Maastricht University Medical Center (MUMC1), Maastricht, The Nether-
lands. For more details see Baardwijk et al7. 

GrowCut semi-automatic segmentation method in 3D-Slicer  

GrowCut semi-automatic segmentation method in 3D-Slicer. GrowCut is an interactive 
region growing segmentation method. Given an initial small set of label points the algo-
rithm automatically segments the remaining image by using cellular automation. The 
algorithm uses a competitive region growing approach and is considered as having good 
accuracy and speed for the 2D and 3D image segmentation. For N-class segmentation 
the algorithm needs N initial sets of pixels (one set corresponding to each class) from 
user. Using these pixel sets, the algorithm automatically generates the region of interest 
(ROI), which is the convex hull of the user-labelled pixels with an additional margin. In 
the next step, it iteratively labels all the pixels in the ROI using the user-given pixel la-
bels. The algorithm converges when all the pixels in the ROI have unchanged labels 
across several iterations. Pixel labelling is done using a weighted similarity score, which 
is a function of the neighbouring pixel weights. An unlabelled pixel is labelled corre-
sponding to the neighbouring pixels that have the highest weights. 
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Figure 5. Initialization step of 3D-Slicer segmentation. Marked foreground (green) and background (yellow) 
are shown. Axial (a), sagittal (b) and coronal (c) views are shown. 

NSCLC tumor GrowCut segmentation in 3D-Slicer  

3D-Slicer gives a user friendly GUI as the frontend and an efficient algorithm as the back 
end for the GrowCut segmentation. After loading the patient data, the process began 
with the initialization of the foreground and background by marking the area inside and 
outside the tumour region with few initial seed pixels [Figure 5]. The next step was 
automatic competing region-growing, which segmented the region of interest into 
foreground and background. Background and surrounding isolated foreground pixels 
were removed after visual inspection.  
 

 

Figure 6. Semi-automatically segmented tumour (green) using 3D-Slicer. Axial (a), three dimensional (b), sagittal (c) 
and coronal (d) views are shown. 

 
Figure 6 displays the final segmented tumour region. In Supplementary Figure S2 four 
representative tumour segmentations generated using the 3D-Slicer algorithm are 
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compared with the manual delineations of five independent observers. Visual compari-
son shows a high agreement of the manual delineations with the semiautomatic one. 
We performed Slicer GrowCut segmentations by three independent users, which re-
peated the process two times, with a three day interval between each time. Segmenta-
tion times using GrowCut were recorded for every step of the analysis. 

Manual tumor delineations  

To validate the semiautomatic segmentation method, five radiation oncologist have 
manually delineated the gross tumour volume (GTV) of the primary tumour, based on 
fused PET-CT images using standard delineation protocol, which includes fixed window-
level settings of both CT (lung W 1,700; L 2300, mediastinum W600; L 40) and PET scan 
(W 30,000; L 15,000)2,7,24. Radiation oncologists were mutually blind of each other’s 
delineations. The primary GTV was defined for each patient based on combined CT and 
PET information in the axial plane. The radiation oncologists were given transversal, 
coronal, sagittal and 3D views simultaneously. A treatment planning system (XiO; Com-
puter Medical System, Inc., St. Louis, MO), was used for performing delineations. 

Pathology  

The examination of surgical specimen was carried out according to national guidelines7. 
Surgical resections were performed on all the patients. Before slicing, the maximal diame-
ter of the primary tumour was measured by macroscopic examination. The interval time 
between the CT scan and the surgery or biopsy was in average 39 days (range: 7–112). 

Statistical analysis  

Overlap Fraction (OF) was used to evaluate the 3D slicer’s segmentations in terms of its 
spatial overlap with manual delineations. Intersection and union volumes were defined 
for manual delineations (Figure 1). OFs were calculated between the semiautomatic 
segmentations and these intersection and union delineations. OF was defined as the as 
the volume of overlap divided by the smallest volume30: 
 = ∩ { , } ∗ 100 and = ∩ { , } ∗ 100 

 
SV, OBi and OBu are the semiautomatic, observers’ intersection and union volumes 
respectively. OF value of 100 suggests a perfect match while OF value 0 points to two 
disjoint volumes and thus no match. OFinter indicates whether the semiautomatic-
segmentation method covers the common agreement (intersection volume) of the 
manual delineations while OFunion indicates whether the algorithm falls within the inter-
observer variability (union volume). Furthermore, using the above described concept of 
union and intersection volumes, we calculated and compared the uncertainty of the 
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GrowCut segmentations and the manual delineations. The uncertainty was defined as 
the difference between the union and intersection volumes, which is the area that be-
longs to the union but not to the intersection volumes. This region can be seen in Figure 
1, highlighted in green. The lower the difference between union and intersection vol-
umes the lower the uncertainty. If all contours were equal, with no variation, the union 
and intersection volumes would be identical with no uncertainty areas. Overlap frac-
tions were used to compare the first 3D-Slicer segmentation against the second 3D-
Slicer segmentation for the same observer.  

A volume (cm3) comparison was also carried out. Volumes calculated from different 
segmentation methods were compared using the Kruskal-Wallis test. Two methods 
were considered to be significantly different when the p-value was lower than 0.05. 

We compared the volume variability of the 3D-Slicer segmentations against manual 
delineations using the standard deviation of the 3D-Slicer and manual volumes. The 
Wilcoxon test was used to compare the volume variability and uncertainty differences 
between the two types of segmentations. 

Spearman correlation coefficient was used to compare the maximal diameter of pa-
thology with the maximal diameter of 3D-Slicer and the manual segmentations. 

Further we also compared all these twelve maximal diameter groups: 3D-Slicer 
(three observers twice), pathology, and five manual using the Kruskal-Wallis one-way 
analysis of variance. Again groups were considered significantly different when the p 
value was lower than 0.05. All data are expressed as mean6SD. All the analyses were 
performed in Matlab (The MathWorks Inc., Natick, MA, USA) and R (R Foundation for 
Statistical Computing, Vienna, Austria). 
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ABSTRACT 

Accurate segmentation of lung nodules is crucial in the development of imaging bi-
omarkers for predicting nodule malignancy. Manual segmentation is time consuming 
and affected by inter-observer variability. We evaluated the robustness and accuracy of 
a publically available semiautomatic segmentation algorithm that is implemented in the 
3D-Slicer Chest Imaging Platform (CIP) and compared it with the performance of manual 
segmentation. CT images of 354 manually segmented nodules were downloaded from 
the LIDC database. Four radiologists performed the manual segmentation and assessed 
various nodule characteristics. The CIP segmentation was initialized using the center of 
gravity of the manual segmentations, thereby generating four contours for each nodule. 
The robustness of both segmentation methods was assessed using the region of uncer-
tainty (δ) and the Dice similarity index (dsi). The median computational time of the CIP 
segmentation on a personal computer was only 10s. CIP segmentations were signifi-
cantly (pWilcoxon~10-16) more robust than manual segmentations (median δCIP=14ml, 
median (dsiCIP)=99% vs. median δmanual=222ml, median dsimanual=82%, respective-
ly). The agreement between CIP and manual segmentations had a median value of 60%. 
CIP segmentation can potentially reduce the physician workload and inter-observer 
variability owing to its computational efficiency and superior stability compared to 
manual segmentation.  
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INTRODUCTION 

Quantitative imaging has become an important area of research for the development of 
non-invasive imaging biomarkers for numerous applications, such as the prediction of 
clinical outcomes, and assessment of treatment response and gene expression1,2. In 
particular, quantitative imaging has the potential to have an immense impact on lung 
cancer patients. Lung cancer is a leading cause of cancer-related death among men and 
women, affecting over 1.8 million patients worldwide 3. At the time of diagnosis, the 
majority of patients are in advanced stages of disease, resulting in poor prognoses with 
a 5-year overall survival rate of < 20%4. However, patients who are treated for early 
stage disease have a substantially greater overall survival rate of > 50%4. Therefore, 
identification of patients with early stage disease is crucial for improving prognosis of 
lung cancer patients 5.  

Computed tomography (CT) is routinely used to diagnose and monitor disease pro-
gression in lung cancer patients, where early stage disease is often manifested as pul-
monary nodules 6,7. One of the challenges of identifying patients with early stage lung 
cancer is that these pulmonary nodules may also be an indicator of other benign condi-
tions, such as inflammation and/or infection, rather than malignancy 8. Studies have 
hypothesized that malignant nodules possess distinctive CT imaging features from be-
nign nodules, such as greater lesion volume, longer diameter and faster growth rate 9-14. 
Classifiers that are built using imaging features have shown promise in assisting physi-
cians to effectively identify different nodule types 15-20. The development and accuracy 
of these classifiers relies on accurate delineation of the region of interest that conforms 
only to the nodule boundaries. Quantitative imaging features are then extracted and 
evaluated from this region of interest to generate the classifier. Therefore, inaccurate 
segmentation of tumors can lead to the development of inaccurate classifiers or bi-
omarkers. Manual segmentation by experienced radiologists is commonly used for 
defining the nodule volume (or region of interest) using a slice-by-slice approach. How-
ever, manual segmentation is not only labor intensive, but is also impacted by inter- and 
intra-observer variability 21-24. A number of automatic and semiautomatic segmentation 
methods have been proposed, ranging from simple approaches, such as thresholding 25 
and region growing 26, to more complex methods based on the probability map of nod-
ule textures and convexity 17,27,28. Despite having great potential to reduce human er-
rors and expedite the nodule contouring workflow, these methods are currently not 
publically accessible, which limits their widespread use in clinical and biomedical re-
search.  

Alternatively, 3D Slicer is an open-source software platform for biomedical research 
29 that supports versatile visualization and provides advanced analysis tools, such as 
image segmentation and registration. An algorithm implemented in 3D Slicer, known as 
GrowCut, can delineate large lung tumor volumes more robustly than manual segmen-
tation 30, and reliably extract imaging features for the development of imaging bi-
omarkers 31. However, segmentation of pulmonary nodules presents a unique challenge 
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since the nodules are often smaller and in close proximity with surrounding tissues. 
Therefore, additional pruning steps are required in the nodule segmentation process to 
remove pleural and/or vessel attachments 32,33. To address these challenges with nod-
ule segmentation, a level set-based algorithm has been implemented within the Chest 
Imaging Platform (CIP) in 3D Slicer 33,34. This algorithm is based on a front propagation 
approach from a “seed point” placed within the nodule. The propagation of the front 
(or segmentation) is constrained to prevent leakage into the chest wall, airway walls or 
regions with appearance of tubular or vessel-like structures. 

In this study, we evaluated the robustness of the CIP segmentation algorithm in de-
lineating lung nodules and compared its performance with the manual segmentations. 
The accuracy of the CIP segmentation algorithm and nodule characteristics that could 
affect the segmentation quality was also investigated. 

METHODS AND MATERIALS 

Patient dataset 

A publicly available thoracic CT dataset, known as the Lung Image Database Consortium 
(LIDC), was downloaded from The Cancer Imaging Archive (TCIA)23. The LIDC dataset 
consisted of 1007 patients with low dose helical thoracic CT images containing annotat-
ed lung nodules that were acquired from seven academic institutions with slice thick-
nesses ranging from 1 mm to 5 mm. Each nodule had 1 to 4 manual segmentations that 
were performed on a slice-by-slice basis by experienced thoracic radiologists. The radi-
ologists assigned scores (ranging from 1 to 5) to each nodule for nine categories that 
described the nodule characteristics, including its subtlety, internal structure, round-
ness, margin sharpness, lobulation, spiculation, texture, and likelihood of being malig-
nant. Table 1 contains an annotation of the scoring system. Images were excluded from 
the current study if they were segmented by less than 4 radiologists (n = 596), nodule 
numbers were mislabeled (n= 60) or had imaging artifacts (n =77, Figure S1). In total, 
images from 274 patients with 354 nodules (1–4 nodules/patients) were analyzed.  

Nodule segmentation algorithm in 3D Slicer 

The CIP in 3D Slicer 4.529 employs a Lesion Sizing Toolkit-based segmentation algorithm 
for semi-automatic nodule segmentation (Krishnan et al 2010). A seed point is placed 
within the nodule region to initialize the segmentation. In this current study, the seed 
point was chosen as the center of gravity of each manual contour. Therefore, four CIP-
segmentations were generated automatically for each nodule.  

Using the level set method35, nodule segmentation was propagated outward from 
the seed point until the propagation was retarded by encountering boundaries, such as 
the airway, chest wall, vasculature, or other enhanced edges that were not nodules. 
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The segmentation algorithm automatically generated boundaries. For example, the 
segmentation algorithm penalized regions that had the appearance of tubular or ves-
sel-like structures using Hessian characteristics 36. Furthermore, the maximum radius of 
the nodule from the seed point was set to 30 mm.  

Analysis 

Robustness of the segmentation methods 
The region of uncertainty (δ) and dice similarity index (DSI), were used to assess the 
robustness of the manual and CIP segmentations. The region of uncertainty was defined 
as the negation of the intersect regions of all the segmentations (Figure 1). In particular, 
the region of uncertainty (δ) was defined as follow: =  

Where method could either be manual or CIP segmentation. For manual segmentation, 
the superscript indicates the nodule volume delineated by the four different radiolo-
gists, whereas for CIP segmentation, it indicates the segmentations initialized by the 
center of gravity computed from the four radiologist-defined volumes. δ equaled to 
zero indicated that the segmentation method was perfectly robust across the four seg-
mentations. The stability of the segmentation method decreases with increasing in the 
δmethod.  
 
The DSI for segmentation stability was defined as follow:  = 16 ⋂⋃ ∙ 200% 

Where method could either be manual or CIP segmentation. i and j ranged from 1 to 4 
indicating nodule volumes segmented by radiologist i and j, or initialized by the center 
of gravity computed from radiologist i and j, for manual and CIP segmentations, respec-
tively. There were four contours for each segmentation method and, thus, six possible 
combinations of i and j. The stability of the segmentation method increases with in-
creasing dsimethod, where dsimethod = 100% indicates a perfectly robust method.  

The robustness of the CIP segmentation method (δCIP or dsiCIP) was compared with 
the manual segmentation method (δmanual or dsimanual) using the Wilcoxon signed-rank 
test, where pWilcoxon < 0.05 indicated statistical significance. Moreover, the average nod-
ule volume segmented by the manual and CIP contouring methods were also compared 
and tested for significant differences. The average nodule volume was defined as = ; where i indicates radiologist i. Since the ground truth of the 

nodule segmentation is unknown, the average nodule volume ( ) computed from 
the manual contours was used to estimate the true nodule volume. Unless otherwise 
specified,  is referred to as nodule volume.  
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Accuracy of the CIP segmentation method 

The accuracy of CIP segmentations was evaluated to ensure that non-nodular tissues 
were excluded and the entire nodule volume was contoured. Even if the CIP segmenta-
tion was perfectly robust, it may include nearby non-nodule tissues or fail to capture 
the entire nodule region. For example, despite being almost perfectly robust, nodules 
contoured by the CIP segmentation method were observed to include substantial nor-
mal lung regions as shown in Figure 3a and 3b. The agreement between the manual and 
CIP segmentations was used to estimate how well the nodule volume could be deline-
ated by the CIP segmentation. DSIAgree was used to assess for the segmentation agree-
ment and was defined as follow: 

= 14 ⋂⋃ ∙ 200% 

Where  indicates the nodule volume segmented by radiologist i while  is the 
CIP segmentation nodule volume initialized by the center of gravity of .  

To avoid confusion, lower case dsi was used to indicate the robustness of the seg-
mentation method while upper case DSI was used to indicate the accuracy of the CIP 
segmentation in this paper.  

Relationship between nodule characteristics and CIP segmentation accuracy 

To identify nodule characteristics that may affect the accuracy of the CIP segmentation, 
the Spearman’s correlation coefficient was computed between the radiologists scored 
nodule characteristics and DSIAgree. For nodule characteristics that had a continuous 
scoring scale (e.g. margin ranges from 1 to 5, where 1 indicates a poorly defined margin 
and 5 indicates a sharp margin) (Table 1), a t-test was used to assess if the correlation 
coefficient was significantly different from 0 (pt-test<0.05). For characteristic categories 
where the scoring scale was categorical rather than continuous (i.e. nodule calcification 
where each score indicates a different appearance) (Table 1), the Kruskal-Wallis test 
(pKruskal-Wallis<0.05) was used.  

The correlations between , DSIAgree and all nodule characteristics were also 
calculated. Four radiologists scored each category, and thus, there was some variability 
in the characteristic scoring. When there was a heterogeneous rating, the score that 
was assigned by the majority of radiologists was chosen for the analysis. In the case of a 
tie rating, the score that were most frequently assigned to the patient population was 
chosen. The distributions of the scores for each nodule characteristic are shown in sup-
plementary Figure S1. 
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RESULTS 

In this study, a semiautomatic segmentation method implemented in the CIP of 3D 
Slicer was used to contour 354 nodules. The computation time of the CIP segmentations 
was 5–79 s (median: 10s) on a personal computer with 16GB RAM and 3.40GHz Core i7-
4770 CPU.  
 

 
Figure 1. Comparison of manual (left) and CIP (right) segmentation. Yellow shaded region indicated the disa-
greement (or region of uncertainty) between contours performed by four radiologists (bottom left) or differ-
ent CIP seed locations (bottom right). In this example, the region of uncertainty for manual segmentation was 
3222 ml while the region was only 46 ml for the CIP segmentation. dsiCIP was ≈ 100%, while dsimanual was 88%. 

Robustness of the segmentation methods  

For the CIP segmentation method, the median dsiCIP was 99% (Interquartile (IQR) range: 
97–100%) and the median δCIP was 14 ml (IQR range: 7–37 ml), while for the manual 
segmentation method, dsimanual was 82% (IQR range: 77–85%) and the median δmanual -

was 222 ml (IQR range: 124–461 ml). Although both segmentation methods were gen-
erally robust (median dsi>80%), CIP segmentations were significantly more stable than 
the manual segmentations with pWilcoxon~10-16 for both robustness measures. Figure 3a 
shows a visual example of a patient with more stable nodule contours by the CIP seg-
mentation method than by the manual segmentation method. 
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Figure 2. Robustness (or Stability) of the manual and CIP segmentation assessed with the region of uncertainty 
(δ) and Dice similarity index (dsi).   

Accuracy of the CIP segmentation  

The median value of  was 309ml (IQR range: 162–796ml) and  was 477ml 
(IQR range: 153–1290ml). Nodules segmented by the CIP method were significantly 
greater in volume than those by manual method (pWilcoxon~10-12).  Figure 3b shows an 
example where CIP segmentation overestimated the nodule region, including parts of 
the normal lung. 

The agreement between CIP and manual segmentations that was assessed by the 
median DSI was 60% (IQR range: 46–71%). The relationship between various nodules 
characteristics and the accuracy of the CIP segmentation (i.e. DSIAgree) is shown in Figure 
4. Nodule subtlety, margin, texture, lobulation, malignancy, and nodule volume 
(  ) were positively and significantly correlated to the DSIAgree (pt-test range: 
1.5x10-9 - 6x10-3) (Figure 4). As the nodule volume increased from 162ml to 796ml, the 
median DSIAgree increased from 55% to 78%. The median agreement between CIP and 
manual segmentations increased from 56% to 70% as the likelihood of the nodule ma-
lignancy increased.   
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Figure 3. Examples of nodules that were segmented by radiologists manually and CIP segmentations. a) The 
robustness of the CIP segmentation was excellent, while substantial interobserver variability was observed in 
manual segmentation. CIP segmentation was also in excellent agreement with manual contours. However, CIP 
segmentation was observed to include part of the chest wall (indicated by an arrow) b) Despite being perfect-
ly robust CIP segmentation, it included the region of the normal lung in proximity of the small nodule. c) 
Cavitation in the center of the nodule. Poor CIP segmentation performance was found. d) Non-solid (ground 
glass opacity) nodule with poorly defined boundary and subtle appearance is indicated by the red arrow. Poor 
CIP segmentation performance was found.  

 
An example of a non-solid subtle nodule with poorly defined boundaries is shown in 
Figure 3d. The accuracy of the CIP segmentation was poor for non-solid or semi-solid 
nodules, or nodules with poorly defined boundaries and subtle appearances with a 
median DSIAgree ranging from 15%–41%. The performance of CIP segmentations for solid 
nodules with sharp margins and obvious appearances increased to 61%. Nodules that 
were not marked to be lobulated or spiculated by the radiologists had a median DSIAgree 
of 59%. Substantial agreement (median DSIAgree > 70%) between CIP and manual seg-
mentations were found in nodules with marked lobulation and spiculation. Nodule 
sphericity (pt-test=0.94) and calcification (pKruskal-Wallis=0.49) were not significantly corre-
lated with .  Median DSIAgree was ~60% for all nodules regardless of the nodule 
sphercitiy and calcification conditions (Figure 4). 
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Figure 4. Depicting the relationships between nodule characteristics, nodule volume, and DSIAgree. Calcification: 
Solid=solid calcification, Central=central calcification, None=no calcification. Lobulation: None=not lobulated. 
Spiculated: None=not spiculated. Texture: Mixed=Semi-solid nodules. Malignancy: Unlikely= unlikely for 
cancer, Suspicious=suspicious for cancer. Nodule Volume: Q1=162ml, Q1–Q3=162ml to 796ml, and 
Q3=796ml; Q= quantile. 

 
While the interior structure of all the other 343 nodules was scored as soft tissue, one 
nodule was rated to be air (Figure 3c). For this nodule, the CIP segmentation failed to 
identify the boundary of the nodule resulting in a DSIAgree. of 1% and was unstable 
(dsiCIP=42%) (Figure 3c). Nodule malignancy, subtlety, calcification, lobulation, and 
spiculation were positively and significantly correlated to  (pt-test range =6.87x10-

27–1.12x10-4).  
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DISCUSSION 

Pulmonary nodules can indicate early stage lung cancer or a number of benign condi-
tions. CT-based imaging features have been used to generate imaging biomarkers that 
predict the malignancy of lung nodules and have demonstrated promising results19,20. 
Careful delineation of the lung nodule volumes is required for accurate feature extrac-
tion to build these imaging biomarkers15-18. Most commonly, manual segmentation is 
the method of choice; however, manual segmentation is not only time consuming, but 
is also affected by inter-observer variability21,22,24. Although many automatic and semi-
automatic segmentation algorithms for nodule segmentation have been proposed, the 
widespread use of these algorithms, in the scientific and clinical communities, are ham-
pered by their limited accessibility. In this study, we compared the robustness of manu-
al segmentation and a publically accessible nodule segmentation algorithm, known as 
CIP segmentation.  

CIP segmentation may provide a reliable way to assist physicians in the nodule de-
lineation process by reducing inter-observer variability and the physician workload. The 
CIP segmentations computed from different seed points from the four radiologists were 
in excellent agreement, indicating that the CIP method is robust to different segmenta-
tion seed points. In comparison, manual segmentation was significantly less stable than 
CIP segmentation. Comparatively, Velazquez et al (2013) assessed the robustness of 
manual delineations and a 3D Slicer semi-automatic algorithm, known as GrowCut, in 
defining the volume of twenty non-small cell lung (NSCLC) tumors30. They found that 
the GrowCut algorithm resulted in significantly smaller regions of uncertainty than 
manual delineations and concluded that it could be used as a starting point for tumor 
target delineation in radiotherapy and high-throughput data mining research when 
manual delineations are not available. The results of our study are consistent with their 
findings that semiautomatic algorithms (in our case, CIP segmentations) are more stable 
than manual segmentations in defining lung nodule volumes.  

An emerging field that converts medical images into high dimensional mineable data 
is called radiomics37.  In addition to differentiating between benign and malignant nod-
ules, radiomic features of lung lesions could also be used to predict clinical out-
comes1,2,38. Several lung screening trials using CT images have been launched in Asia39-

41, Europe42-44, and the United States5,45,46 to identify patients with early lung cancer. 
Due to the easy accessibility of the CIP segmentation algorithm, this method may be 
useful for nodule delineation in these lung trial datasets that consist of a large number 
of patients. This could subsequently expedite the high-throughput extraction of imaging 
features for radiomic analysis for nodule classification and patient outcomes.    

Despite the potential applications of the CIP segmentation algorithm, manual ad-
justment of the segmentations may be needed, especially for small nodules and nodules 
with poorly defined boundaries, subtle appearance, and non-solid or part-solid textures. 
Nodule calcification and sphericity have no impact on the performance of CIP segmen-
tations. The accuracy of CIP segmentations tended to be better when the nodule was 
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solid, more obvious, and with a sharp boundary. Non- and part-solid nodules with a 
hazy appearance failed to completely obscure parenchymal structures, and have been 
therefore difficult detect and segment by many segmentation algorithms27,28,47,48. Simi-
larly, CIP segmentations also suffer from this limitation, where nodules with subtle ap-
pearances may have similar image intensity as its background that makes the full extent 
of nodules difficult to define. Therefore, in these cases, the knowledge of experienced 
radiologists is needed to estimate the extent (or boundary) of the nodules and manually 
edited the CIP segmentation. Several segmentation algorithms have been proposed to 
improve the contours of structures with hazy appearances, such as non- and part-solid 
nodules, such as the Markov random field theory-based algorithm49,50 and a hybrid 
algorithm that combines threshold-based region growing, connected component anal-
yses and convex hull calculations27,28,47,48,51. However, these more sophisticated algo-
rithms are not easily accessible and should be implemented into open source platform 
for widespread use. In particular, incorporating algorithms for defining non- and sub-
solid nodules into the 3D Slicer CIP can further improve the performance of the CIP 
segmentations.  

CIP segmentations may overestimate nodule region of interest for small nodules. CIP 
segmentations performed better for nodules with larger volumes ( ) and a high-
er likelihood of being malignant. Nodules that are larger in size (e.g. >4mm nodule di-
ameter in the National Lung Screening Trail in the United Stated5) are generally consid-
ered to be more likely to be malignant. Moreover, the appearance of a large nodule is 
less subtle and more obvious. As expected, in our study, nodule malignancy and subtle-
ty were positively correlated with nodule volumes.  Excellent agreement between CIP 
and manual segmentations were found for nodule volumes >796ml. Moreover, larger 
nodule volumes may be more likely to be lobulated and spiculated due to the significant 
correlation between these characteristics and the nodule volume. This may explain why 
the CIP segmentation method performed better for nodules with marked lobulation and 
spiculation. We observed that nodule volumes computed from CIP segmentations were 
significantly greater than those computed from manual segmentation. For nodules with 
smaller size, CIP segmentations often include adjacent tissues, such as normal lung and 
blood vessels. Furthermore, small nodules were not only more likely to have subtle 
appearances and thus, were difficult to detect, but could also be easily overestimated 
by CIP segmentations. Therefore, manual adjustments may be needed to correct for the 
overestimation of the small nodules in the CIP segmentations.  

CONCLUSION  

A semi-automatic segmentation algorithm implemented under the 3D Slicer Chest Im-
aging Platform (CIP) may be useful for assisting physicians in nodule volume delineation. 
CIP segmentations can potentially reduce the physician workload and inter-observer 
variability due to its computational efficiency and superior stability compared to manual 
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segmentation. Due to the public accessibility of the CIP segmentation algorithm, it can 
be employed to initiate nodule segmentation for large datasets, such as lung screening 
trials, thereby facilitating efficient nodule classification and high-throughput data min-
ing research. However, CIP segmentations should be used with care and manual ad-
justment of the segmentations may be needed for small nodules, and nodules with 
subtle appearances, poorly defined boundaries and non- and part-solid texture.      

TABLES 

Table 1. Annotation of nodule characteristic scoring. The intermediate values for Roundness, Margin, Lobula-
tion, Spiculation, and Texture are allowed to use by the radiologists.  

Nodule 
Characteristics Level-1 Level-2 Level-3 Level-4 Level-5 Level-6 

Subtlety Extremely 
Subtle 

Moderately 
Subtle 

Fairly Subtle Moderately 
Obvious 

Obvious N/A 

Internal 
Structure 

Soft Tissue 
(default) 

Fluid Fat Air N/A N/A 

Calcification Popcorn Laminated Solid Non-Central Central Absent 

Sphericity 
(Roundness) 

Linear  Ovoid  Round  

Margin Poorly    Sharp N/A 

Lobulation None    Marked N/A 

Spiculation None    Marked N/A 

Texture Non-
Solid/Ground 
Glass Opacity 

 Part Solid/Mixed  Solid N/A 

Malignancy Highly unlikely Moderately 
unlikely 

Indeterminate Moderately 
suspicious 

Highly 
suspicious 

N/A 
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ABSTRACT 

Purpose 
Due to advances in the acquisition and analysis of medical imaging, it is currently possi-
ble to quantify the tumor phenotype. The emerging field of Radiomics addresses this 
issue by converting medical images into minable data by extracting a large number of 
quantitative imaging features. One of the main challenges of Radiomics is tumor seg-
mentation. Where manual delineation is time consuming and prone to inter-observer 
variability, it has been shown that semi-automated approaches are fast and reduce 
inter-observer variability. In this study, a semiautomatic region growing volumetric 
segmentation algorithm, implemented in the free and publicly available 3D-Slicer plat-
form, was investigated in terms of its robustness for quantitative imaging feature ex-
traction.  
Materials and methods  
Fifty-six 3D-Radiomics features, quantifying phenotypic differences based on the tumor 
intensity, shape and texture, were extracted from the computed tomography images of 
twenty lung cancer patients. These Radiomics features were derived from the 3D-tumor 
volumes defined by three independent observers twice using 3D-Slicer, and compared 
to manual slice-by-slice delineations of five independent physicians in terms of intra-
class correlation coefficient (ICC) and feature range. 
Results 
Radiomics features extracted from 3D-Slicer segmentations had significantly higher 
reproducibility (ICC= 0.85 ± 0.15, p= 0.0009) compared to the features extracted from 
the manual segmentations (ICC= 0.77 ± 0.17). Furthermore, we found that features 
extracted from 3D-Slicer segmentations were more robust, as the range was significant-
ly smaller across observers (p= 3.819e-07), and overlapping with the feature ranges ex-
tracted from manual contouring (boundary lower: p= 0.007, higher: p= 5.863e-06). 
Conclusions 
Our results show that 3D-Slicer segmented tumor volumes provide a better alternative 
to the manual delineation process, as they are more robust for quantitative image fea-
ture extraction. Therefore, 3D-Slicer can be employed for quantitative image feature 
extraction and image data mining research in large patient cohorts. 
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INTRODUCTION 

Lung cancer affects approximately 1.6 million people worldwide every year [1]. The 
majority of lung cancer cases are non-small cell lung cancer (NSCLC), which has substan-
tially poor prognosis and low survival rates [2]. 

Medical imaging is one of the major disciplines involved in oncologic science and 
treatment. By assessing human tissues non-invasively, imaging is extensively used for 
the detection, diagnosis, staging, and management of lung cancer. Due to the emer-
gence of personalized medicine and targeted treatment, the requirement of quantita-
tive image analysis has risen along with the increasing availability of medical data. Radi-
omics addresses this issue, and refers to the high throughput extraction of a large num-
ber of quantitative and mineable imaging features, assuming that these features convey 
prognostic and predictive information [3,4]. It focuses on optimizing quantitative imag-
ing feature extraction through computational approaches and developing decision sup-
port systems, to accurately estimate patient risk and improve individualized treatment 
selection and monitoring. 

Quantitative imaging features, extracted from medical images, are being extensively 
examined in clinical research. Several studies have shown the importance of imaging 
features for treatment monitoring and outcome prediction in lung and other cancer 
types [5-7]. For example, Ganeshan et al. assessed tumor heterogeneity in terms of 
imaging features extracted from routine computed tomography (CT) imaging in NSCLC, 
and reported their association with tumor stage, metabolism [8], hypoxia, angiogenesis 
[9] and patient survival [10]. Furthermore, several studies have uncovered the underly-
ing correlation between gene expression profiles and radiographic imaging phenotype 
[11,12]. This kind of radiogenomic analysis has raised the utility of medical image de-
scriptors in clinical oncology by projecting them as potential predictive biomarkers 
[13,14]. 

To ensure the reliability of quantitative imaging features, accurate and robust tumor 
delineation is essential. Tumor segmentation is one of the main challenges of Radi-
omics, as manual delineation is prone to high inter-observer variability and represents a 
time-consuming task [3,4]. This makes the requirement of (semi)automatic and efficient 
segmentation methods evident. It has been shown that semiautomatic tumor delinea-
tion methods are better alternatives to manual delineations [15,16]. Recently, we have 
shown that for NSCLC, semiautomatic segmentation using 3D-Slicer (a free open source 
software platform for biomedical imaging research) reduces inter-observer variability 
and delineation uncertainty, compared to manual segmentation [17]. During the evalu-
ation of quantitative imaging features as prognostic or predictive factors, it is essential 
to determine their variability with respect to the tumor delineation process. We hy-
pothesize that quantitative imaging features extracted from semi-automatically seg-
mented tumors have lower variability and are more robust compared to features ex-
tracted from manual tumor delineations. 
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In this study we analyzed the robustness of imaging features derived from semi-
automatically and manually segmented primary NSCLC tumors in twenty patients. We 
extracted fifty-six CT 3D-Radiomics features from 3D-Slicer segmentations made by 
three independent observers, twice, and compared them to the features extracted 
from manual delineations provided by five independent physicians. As 3D-Slicer is pub-
licly available and easily accessible by download, it can have a large application in Radi-
omics to extract robust quantitative image features, and be employed for high-
throughput data mining research of medical imaging in clinical oncology. 

MATERIAL AND METHODS 

CT-PET scans of NSCLC patients  

The imaging data was acquired at MAASTRO Clinic in The Netherlands, as reported 
previously by Baardwijk et al [25]. In short, twenty patients with histologically verified 
non-small cell lung cancer, stage IB-IIIB, were included in this study. All patients re-
ceived a diagnostic whole body positron emission tomography (PET)-computed tomog-
raphy (CT) scan (Biograph, SOMATOM Sensation 16 with an ECAT ACCEL PET scanner; 
Siemens, Erlangen, Germany). Patients were instructed to fast at least six hours before 
administration of 18F-fluoro-2-deoxy-glucose (FDG) (MDS Nordion, Liège, Belgium), 
followed by physiologic saline (10 mL). After the injection of FDG, the patients were 
encouraged to rest for a period of 45 minutes. Next, free-breathing PET and CT images 
were acquired. The whole thorax spiral CT scan was acquired with intravenous contrast. 
The PET images were obtained in 5-min bed positions. The complete data set was then 
reconstructed iteratively with a reconstruction increment of 5 mm. This study was ap-
proved by the local Medical Ethics Committee (Maastricht University Medical Center) 
and according to the Dutch law. As it was a retrospective study the requirement for 
informed consent was waived. 

Semiautomatic segmentation in 3D Slicer  

For the semiautomatic segmentation, the GrowCut algorithm implemented in 3D-Slicer 
was used (www.slicer.org). GrowCut is an interactive region growing segmentation 
strategy. Given an initial set of label points the algorithm automatically segments the 
remaining image by using cellular automation. The algorithm uses a competitive region 
growing approach and is considered to provide good accuracy and speed for both the 
2D and 3D image segmentation. For N-class segmentation the algorithm needs N initial 
sets of labeled pixels (one set corresponding to each class) from the user. Based on 
these, the algorithm automatically generates the region of interest (ROI), which is the 
convex hull of the user-labeled pixels with an additional margin. Next, it iteratively la-
bels all the remaining pixels in the ROI using the user-given pixel labels. Pixel labeling is 
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done using a weighted similarity score, which is a function of the neighboring pixel 
weights. An unlabeled pixel is labeled corresponding to the neighboring pixels that have 
the highest weights. The algorithm converges when all the pixels in the ROI have un-
changed labels across several iterations. 

3D-Slicer provides a graphical user interface (GUI) as the frontend and an efficient 
algorithm as the backend for the GrowCut segmentation. After loading the patient data, 
the process begins with the initialization of the foreground and background by marking 
the area inside and outside the tumor region. Next, the Growcut automatic competing 
region-growing algorithm gets activated, and segments the ROI into foreground and 
background regions. Thereafter, background and the surrounding isolated foreground 
pixels are removed following visual inspection. 

Manual tumor delineations  

Five physicians manually delineated the gross tumor volume (GTV) of the primary tumor 
based on fused PET-CT images using standard delineation protocol [which includes fixed 
window-level settings of both CT (lung W 1,700; L –300, mediastinum W 600; L 40) and 
PET scan (W 30,000; L 15,000) 2,7,22]. Radiation oncologists were mutually blind of 
each other’s delineations. The primary GTV was defined for each patient based on com-
bined CT and PET information along the axial plane. The physicians were given transver-
sal, coronal, sagittal and 3D views simultaneously. A treatment planning system (XiO; 
Computer Medical System, Inc., St. Louis, MO) was used for performing delineations.  

Image processing and feature extraction  

All image data were loaded and analyzed in Matlab R2012b (The Mathworks, Natick, 
MA) using an adapted version of CERR (Computational Environment for Radiotherapy 
Research)[26], extended with in-house developed Radiomics image analysis software to 
extract imaging features.  

From the five manual and the six 3D-Slicer segmentations, we extracted fifty-six 3D-
Radiomics features for the computed tomography scans. See figure 1 for an illustration 
of the employed methodology. A mathematical description of all features is shown in 
Supplement I. The radiomics features were divided in three groups: (I) tumor intensity, 
(II) shape, and (III) texture. The tumor intensity features consisted of features describing 
histogram of voxel intensity values contained within the volume of interest (VOI). Geo-
metric features were calculated, describing the three-dimensional shape and size of the 
lesions. Textural features describing patterns or spatial distribution of voxel intensities, 
were calculated from gray level co-occurrence (GLCM) [27] and gray level run-length 
(GLRLM) matrices respectively [28]. Determining texture matrix representations re-
quires the voxel intensity values within the VOI to be discretized. This step not only 
reduces image noise, but also normalizes intensities across all patients, allowing for a 
direct comparison of all calculated textural features between patients. Texture matrices 
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were determined considering 26-connected voxels (i.e. voxels were considered to be 
neighbors in all 13 directions in three dimensions), and a distance of one voxel between 
consecutive voxels was set for computing co-occurrence and gray level run-length ma-
trices. Features derived from co-occurrence and gray level run-length matrices were 
calculated by averaging their value over all 13 considered directions in three dimen-
sions. Overall, the extracted imaging features comprised 15 features describing tumor 
intensity, 8 shape features and 33 textural features. 

Statistical analysis  

Intra-class correlation coefficient (ICC) was calculated in order to quantify the feature 
reproducibility. The ICC is a statistical measure, ranging between 0 and 1, indicating null 
and perfect reproducibility, respectively. In order to determine the ICC for inter-
observer segmentations, variance estimates were obtained from two-way mixed effect 
model of analysis of variance (ANOVA). McGraw and Wong [29] defined ICC in case 3A 
to measure the absolute agreement  as, = −+ ( − 1) + ( − ) 

ICC values for intra-observer segmentations were obtained from one-way analysis of 
variance (ANOVA). It is defined using case 1 of McGraw and Wong [29] as, 
 = −+ ( − 1)  

Where  = mean square for rows,  = mean square for residual sources of vari-
ance,  = mean square error,  = mean square for columns,  = number of ob-
servers involved and  = number of subjects. R package IRR (inter rater reliability) was 
used for ICC computation  [30]. 

Wilcoxon rank-sum test was used to compare the reproducibility of image features 
derived from manual and 3D-Slicer segmentations methods. Two methods were con-
sidered to be significantly different when the p-value was lower than 0.05. All data are 
expressed as mean ± SD. All the analyses were performed in Matlab (The MathWorks 
Inc., Natick, MA, USA) and R (R Foundation for Statistical Computing, Vienna, Austria). 

RESULTS 

In order to assess the robustness of 3D-Slicer segmentation on CT imaging for quantita-
tive image feature extraction, we assessed fifty-six 3D-radiomics features quantifying I) 
tumor intensity, II) tumor shape, and III) tumor texture (Fig. 1, Supplement I online). 
From twenty lung cancer patients we extracted the radiomics features from 3D-
volumes defined by three independent observers twice using 3D-Slicer, and compared 
them to manual delineations by five independent radiation oncologists. 
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Since two 3D-Slicer segmentations from each of the three observers were consid-
ered for the analysis, the six 3D-Slicer segmentations were divided in to two sets, each 
having three segmentations (one from each observer). We calculated the intra-class 
correlation coefficient (ICC) for the radiomics features extracted from these two sets of 
three 3D-Slicer segmentations and five manual delineations. We observed that the 
radiomics features extracted from 3D-Slicer segmentations, had significantly higher 
reproducibility (avg. of two 3D-Slicer segmentation sets ICC = 0.85 ± 0.15) as compared 
to the features extracted from the manual segmentations (ICC = 0.77 ± 0.17) (p = 
0.0009, Fig. 2). 

Overall 38 out of the 56 features (68%) showed higher ICC values for 3D-Slicer seg-
mentations as compared to the manual ones. ICC values for all the assessed features 
are reported in Supplement II (online). To evaluate the robustness against multiple 
algorithmic initializations of the same observer, we computed ICC for the three intra-
observer 3D-Slicer segmentation sets, each having two 3D-Slicer segmentations from 
the same observer. High ICC values (avg. of three intra-observer 3D-Slicer segmentation 
sets ICC = 0.90 ± 0.17) were observed for intra-observer segmentation groups. Fig. 3 
depicts the ICC values corresponding to the inter-observer manual delineations and 
intra- & inter-observer 3D-Slicer segmentations. 

Intensity statistics and textural features showed significantly higher reproducibility 
(two sided Wilcoxon test p = 0.0006, p = 0.009, respectively) for 3D-Slicer based seg-
mentations (avg. inter-observer ICC = 0.82 ± 0.13, ICC= 0.88 ± 0.09, respectively) as 
compared to manual delineations (ICC = 0.63 ± 0.16, ICC= 0.82 ± 0.12, respectively). No 
statistically significant difference (two sided Wilcoxon test p = 0.31) was observed in ICC 
values for shape based features between the manual (ICC = 0.80 ± 0.22) and semiauto-
matic (avg. inter-observer ICC= 0.75 ± 0.31) groups. Fourteen out of 15 statistical fea-
tures (93%), and 20 out of 33 textural features (67%), showed higher reproducibility 
(higher ICC) for 3D-Slicer segmentations as compared to manual delineations. For shape 
based descriptors there was no clear winner between the two segmentation strategies 
as 4 out of 8 (50%) features turned out having higher ICC for 3D-Slicer segmentations.  
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Figure 1. Schematic diagram depicting the overview of the analysis. A: First, we performed five manual 
delineations and six 3D-Slicer segmentations (three observers twice) on twenty lung tumors. B: Second, fifty-
six radiomics features quantifying tumor intensity, texture and shape were extracted from these segmenta-
tions. C: Third, the resulting feature matrices were compared for robustness of the feature values.  

 
We next classified the 56 features into three groups according to their ICC, as (I) having 
a high (ICC≥0.8), (II) medium (0.8>ICC≥0.5), or (III) low (ICC<0.5) reproducibility (Sup-
plement II online). For manual delineations, 52% of all the assessed features had high, 
45% had medium, and 3% had low reproducibility on the other hand for 3D-Slicer based 
semiautomatic segmentations, 70% features had high, 25% had medium, and 5% had 
low reproducibility. Therefore, reproducibility of the features was, in general, higher for 
3D-Slicer segmentations.  
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Figure 2 Feature wise comparison of Intra-class correlation coefficients (ICC) between manual and 3D-Slicer 
segmentations. A: First order statistics features. B: Shape based features. C Textural features. 

 
Furthermore, it becomes important to determine whether the features extracted from 
semiautomatic segmentations capture the same tumor image properties as with manu-
al delineations. Therefore, we compared the normalized range for all features between 
these two segmentation groups (Fig. 4). We normalized every feature value with re-
spect to all 11 (5 manual + 6 3D-Slicer) segmentations, using Z-score normalization. We 
observed that the features extracted from 3D-Slicer based segmentations, spread over 
significantly smaller range across observers as compared to those of the manual deline-
ations (two sided Wilcoxon test p = 3.819e-07). Moreover, the features derived from 
3D-Slicer segmentations overlapped in range with those of the  manual delineations, as 
the lower(higher) limit(s)  being significantly higher(lower)  for the 3D-Slicer features 
(two sided Wilcoxon test p = 0.007, p = 5.863e-06 ). This corroborates that the feature 
set, extracted from both the semiautomatic and manual strategies, correspond to simi-
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lar tumor image characteristics, with the features from 3D-Slicer having less variability 
across observers. 
 

 

Figure 3 Box-plot comparing intra- and inter-observer reproducibility (ICC) of radiomics features. High inter- 
and intra- observer reproducibility (ICC) was observed for 3D-Slicer segmentations compared to the inter-
observer reproducibility (ICC) of manual delineations. From left the first box refers to the manual inter-
observer reproducibility (ICC), second and third boxes refer to the inter-observer reproducibility (ICC) of two 
different 3D-Slicer segmentation runs. Remaining three boxes refer to the intra-observer reproducibility (ICC) 
of 3D-Slicer segmentations. 

DISCUSSION 

Medical imaging is considered as one of the fundamental building blocks of clinical 
oncology. It is routinely used for cancer staging, treatment planning, and treatment 
response monitoring. Furthermore, recent developments in computational imaging, 
data mining and predictive analysis have broadened the scope of the imaging in clinical 
oncology. For example, quantitative imaging features extracted from CT images have 
been shown to predict 78% of the gene expression variability in hepatocellular carcino-
ma [11]. In a similar study, image descriptors, extracted from contrast enhanced MRI 
images of glioblastoma patients, predicted immunohistochemical identified protein 
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expression patterns [12,18]. Recent computational approaches for image quantification, 
such as Radiomics, hypothesize that image descriptors extracted from tumor regions 
are associated with the  risk of adverse events after treatment and could provide im-
proved prognostic information for patient management [3,4]. 

 

Figure 4 Comparison of normalized feature range between manual and 3D-Slicer segmentation groups. Radiomics features de-
rived from 3D-Slicer segmentations had significantly smaller and overlapping range compared to that from manual delineations. 

 
Accurate and efficient tumor segmentation is one the main challenges for the extraction 
of robust quantitative imaging features [4]. Manual segmentation suffers from high 
inter-observer variability and is time consuming [19]. It has been reported that semiau-
tomatic segmentation strategies, as compared to manual delineation can improve tu-
mor segmentation by reducing uncertainty as well as time [15,17,19]. These studies 
focused on tumor volumes while comparing semiautomatic and manual segmentation 
methods. However, tumor segmentation should also be evaluated in terms of the relia-
bility of radiomics features derived from the volume of interest (VOI).  

In this study, we investigated the robustness of quantitative imaging features, ex-
tracted from 3D-Slicer tumor segmentations, as compared to those, extracted from 
manual tumor delineations. Overall 3D-Slicer based semiautomatic segmentation 
method produced more reproducible radiomics features (p = 0.0009). We also analyzed 
different feature groups for their reproducibility, and observed that the difference in 
ICC, for intensity statistics and textural features, was statistically significant (p= 0.0006, 
p= 0.0094, respectively) between the two segmentation strategies. The shape features, 
however did not significantly differ in reproducibility between the two strategies (p = 
0.31). We also analyzed intra– and inter–observer reproducibility for 3D Slicer based 
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semiautomatic segmentations. Three independent observers segmented each tumor 
twice, with different algorithmic initialization. Image descriptors demonstrated high 
intra-observer reproducibility for 3D-Slicer segmentations, which indicates their robust-
ness over different seed point initializations. We also observed high inter-observer re-
producibility in image descriptors for semiautomatic segmentations.  Further reduction 
of inter-observer variability could be achieved by improving the semiautomatic segmen-
tation strategy, i.e., by reducing observer interaction. Fully automatic methods requiring 
minimum user interaction, that may solve the complex problem of accurately defining 
the tumor boundaries, particularly in the case of large tumors with pleural attachment, 
are still a matter of investigation [20]. Although, current investigation shows that 3D-
Slicer segmentation provides a more robust alternative to manual contouring. Further-
more, as 3D-Slicer is publicly available and easily accessible by download, we expect its 
large utility in the field of quantitative imaging. 

Recently the reproducibility of quantitative image features has been evaluated 
against repetitive test-retest CT image scans, acquired within fifteen minutes time in-
terval, and was used to select the most informative radiomics features [4]. This work 
was expanded by Hunter et al, to evaluate the robustness of CT image features over 
three different imaging machines for identifying high quality multi-machine robust radi-
omics features [21]. In both these studies, since the NSCLC tumors were segmented by 
a single observer (by using a semiautomatic segmentation), the inter-observer repro-
ducibility of the imaging features could not be evaluated. Leijenaar et al, have analyzed 
the stability to FDG-PET image features with respect to test-retest scans and inter-
observer delineations independently and reported a strong correlation between them 
[22]. Although they quantified the radiomics PET-based features for manual delineation 
stability, they did not compare it with that of semiautomatic tumor segmentations. No 
previous study, in our knowledge, has evaluated the reproducibility of quantitative CT-
based imaging features in NSCLC, with respect to tumor segmentation methods.  

One of the limitations of our study is not being able to associate these image de-
scriptors with patient outcome due to cohort size and unavailability of clinical data. It 
would be interesting to investigate the effects of manual and semiautomatic segmenta-
tions on the image descriptor based prognostic performance. We hypothesize that 
more robust features having a stronger association with patient outcome   are the most 
important biomarkers and play a vital role in high throughput data-mining research like 
Radiomics. Besides segmentation methods, other sources of variation should also be 
considered while evaluating quantitative image features. For instance, Galavis et al. 
investigated the variability in quantitative image descriptors due to different image 
acquisition modes and reconstruction parameters [23]. It has also been shown that 
different ways of image discretization influence the variability of textural features [24]. 
Although image acquisition, reconstruction and delineation protocols are typically 
standardized in the clinical practice, there still exists significant variation between imag-
ing studies. Standardized protocols using semiautomatic segmentation tools are also 
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warranted. Therefore, imaging features should be selected based on their robustness 
towards these sources of variation as well as their prognostic performance. 

In conclusion, 3D-Slicer based semiautomatic segmentation significantly improves 
the robustness of radiomics feature quantification and thus could serve as a potential 
alternative to the time consuming manual segmentation process. 3D-Slicer can have a 
large application in radiomics research to extract robust quantitative image features, 
and be employed for high-throughput data mining research of medical imaging in clini-
cal oncology. 

SUPPLEMENTARY INFORMATION 

http://journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/j
ournal.pone.0102107.s001 
http://journals.plos.org/plosone/article/file?type=supplementary&id=info:doi/10.1371/j
ournal.pone.0102107.s002 
  



 66 | Chapter 4 

REFERENCES 

1.  Jemal A, Bray F, Center MM, Ferlay J, Ward E, et al. (2011) Global cancer statistics. CA: A Cancer Journal 
for Clinicians 61: 69-90. 

2.  van Baardwijk A, Wanders S, Boersma L, Borger J, Öllers M, et al. (2010) Mature results of an individual-
ized radiation dose prescription study based on normal tissue constraints in stages I to III non–small-cell 
lung cancer. Journal of Clinical Oncology 28: 1380-1386. 

3.  Lambin P, Rios-Velazquez E, Leijenaar R, Carvalho S, van Stiphout RG, et al. (2012) Radiomics: Extracting 
more information from medical images using advanced feature analysis. European Journal of Cancer 48: 
441-446. 

4.  Kumar V, Gu Y, Basu S, Berglund A, Eschrich SA, et al. (2012) Radiomics: the process and the challenges. 
Magnetic Resonance Imaging 30: 1234-1248. 

5.  Vaidya M, Creach KM, Frye J, Dehdashti F, Bradley JD, et al. (2012) Combined PET/CT image characteris-
tics for radiotherapy tumor response in lung cancer. Radiotherapy and Oncology 102: 239-245. 

6.  El Naqa I, Grigsby P, Apte A, Kidd E, Donnelly E, et al. (2009) Exploring feature-based approaches in PET 
images for predicting cancer treatment outcomes. Pattern Recognition 42: 1162-1171. 

7.  Tixier F, Le Rest CC, Hatt M, Albarghach N, Pradier O, et al. (2011) Intra-tumor heterogeneity on baseline 
18 F-FDG PET images characterized by textural features predicts response to concomitant radio-
chemotherapy in esophageal cancer. Journal of Nuclear Medicine (JNM) 52: 369-378. 

8.  Ganeshan B, Abaleke S, Young RC, Chatwin CR, Miles KA (2010) Texture analysis of non-small cell lung 
cancer on unenhanced computed tomography: initial evidence for a relationship with tumour glucose 
metabolism and stage. Cancer Imaging 10: 137-143. 

9.  Ganeshan B, Goh V, Mandeville HC, Ng QS, Hoskin PJ, et al. (2013) Non–small cell lung cancer: histo-
pathologic correlates for texture parameters at CT. Radiology 266: 326-336. 

10.  Ganeshan B, Panayiotou E, Burnand K, Dizdarevic S, Miles K (2012) Tumour heterogeneity in non-small 
cell lung carcinoma assessed by CT texture analysis: a potential marker of survival. European Radiology 
22: 796-802. 

11.  Segal E, Sirlin CB, Ooi C, Adler AS, Gollub J, et al. (2007) Decoding global gene expression programs in 
liver cancer by noninvasive imaging. Nature Biotechnology 25: 675-680. 

12.  Zinn PO, Majadan B, Sathyan P, Singh SK, Majumder S, et al. (2011) Radiogenomic mapping of ede-
ma/cellular invasion MRI-phenotypes in glioblastoma multiforme. PLoS One 6: e25451. 

13.  Buckler AJ, Bresolin L, Dunnick NR, Sullivan DC (2011) Quantitative imaging test approval and biomarker 
qualification: interrelated but distinct activities. Radiology 259: 875-884. 

14.  Buckler AJ, Bresolin L, Dunnick NR, Sullivan DC (2011) A collaborative enterprise for multi-stakeholder 
participation in the advancement of quantitative imaging. Radiology 258: 906-914. 

15.  Rios Velazquez E, Aerts HJ, Gu Y, Goldgof DB, De Ruysscher D, et al. (2012) A semiautomatic CT-based 
ensemble segmentation of lung tumors: Comparison with oncologists’ delineations and with the surgical 
specimen. Radiotherapy and Oncology 105: 167-173. 

16.  Heye T, Merkle EM, Reiner CS, Davenport MS, Horvath JJ, et al. (2013) Reproducibility of Dynamic Con-
trast-enhanced MR Imaging. Part II. Comparison of Intra-and Interobserver Variability with Manual Re-
gion of Interest Placement versus Semiautomatic Lesion Segmentation and Histogram Analysis. Radiolo-
gy 266: 812-821. 

17.  Rios Velazquez E, Parmar C, Jermoumi M, Mak RH, van Baardwijk A, et al. (2013) Volumetric CT-based 
segmentation of NSCLC using 3D-Slicer. Scientific Reports 3: DOI: 10.1038/srep03529. 

18.  Zinn PO, Sathyan P, Mahajan B, Bruyere J, Hegi M, et al. (2012) A novel volume-age-KPS (VAK) glioblas-
toma classification identifies a prognostic cognate microRNA-gene signature. PLoS One 7: e41522. 

19.  Egger J, Kapur T, Fedorov A, Pieper S, Miller JV, et al. (2013) GBM Volumetry using the 3D Slicer Medical 
Image Computing Platform. Scientific Reports 3. 

20.  Gu Y, Kumar V, Hall LO, Goldgof DB, Li C-Y, et al. (2012) Automated delineation of lung tumors from CT 
images using a single click ensemble segmentation approach. Pattern Recognition 46: 692-702. 



 Robust radiomics feature quantification using 3D-Slicer | 67 

21.  Hunter LA, Krafft S, Stingo F, Choi H, Martel MK, et al. (2013) High quality machine-robust image fea-
tures: Identification in nonsmall cell lung cancer computed tomography images. Medical Physics 40: 
DOI:10.1118/1111.4829514. 

22.  Leijenaar RT, Carvalho S, Velazquez ER, Van Elmpt WJ, Parmar C, et al. (2013) Stability of FDG-PET Radi-
omics features: An integrated analysis of test-retest and inter-observer variability. Acta Oncologica 52: 
1391-1397. 

23.  Galavis PE, Hollensen C, Jallow N, Paliwal B, Jeraj R (2010) Variability of textural features in FDG PET 
images due to different acquisition modes and reconstruction parameters. Acta Oncologica 49: 1012-
1016. 

24.  Tixier F, Hatt M, Le Rest CC, Le Pogam A, Corcos L, et al. (2012) Reproducibility of tumor uptake hetero-
geneity characterization through textural feature analysis in 18F-FDG PET. Journal of Nuclear Medicine 
53: 693-700. 

25.  Van Baardwijk A, Bosmans G, Boersma L, Buijsen J, Wanders S, et al. (2007) Pet-ct–based auto-
contouring in non–small-cell lung cancer correlates with pathology and reduces interobserver variability 
in the delineation of the primary tumor and involved nodal volumes. International Journal of Radiation 
Oncology* Biology* Physics 68: 771-778. 

26.  Deasy JO, Blanco AI, Clark VH (2003) CERR: a computational environment for radiotherapy research. 
Medical Physics 30: 979-985. 

27.  Haralick RM, Shanmugam K, Dinstein IH (1973) Textural features for image classification. IEEE Transac-
tions on Systems, Man and Cybernetics SMC-3: 610-621. 

28.  Galloway MM (1975) Texture analysis using gray level run lengths. Computer Graphics and Image Pro-
cessing 4: 172-179. 

29.  McGraw KO, Wong S (1996) Forming inferences about some intraclass correlation coefficients. Psycho-
logical methods 1: 30-46. 

30.  Gamer M, Lemon J, Fellows I, Singh P (2013) IRR: Various coefficients of interrater reliability and agree-
ment. R package version 0.84. CRAN: http://www.r-project.org.13.  Chen AY, Halpern M (2007) Fac-
tors predictive of survival in advanced laryngeal cancer. Arch Otolaryngol Head Neck Surg 133:1270–
1276 

 
  



  



  | 69 

 
 
 

PART  

Machine learning methods for Radiomics 

 
 
  



  



  | 71 

 

Chapter  

Decoding tumour phenotype by noninvasive 
imaging using a quantitative radiomics 

approach  

 
 
 
 
 
 
 
 
Published in: Nature Communications. 5:4006; 2014.  
Decoding tumour phenotype by noninvasive imaging using a quantitative radiomics 
approach 
Hugo J.W.L. Aerts*, Emmanuel Rios Velazquez*, Ralph T.H. Leijenaar, Chintan Parmar, 
Patrick Grossmann, Sara Cavalho, Johan Bussink, René Monshouwer, Benjamin Haibe-
Kains, Derek Rietveld, Frank Hoebers, Michelle M. Rietbergen, C. René Leemans, Joseph 
O. Deasy, Andre Dekker, John Quackenbush, Robert J. Gillies, Philippe Lambin 
*These authors contributed equally to this work  
  



 72 | Chapter 5 

ABSTRACT  

Human cancers exhibit strong phenotypic differences that can be visualized noninva-
sively by medical imaging. Radiomics refers to the comprehensive quantification of 
tumour phenotypes by applying a large number of quantitative image features. Here we 
present a radiomic analysis of 440 features quantifying tumour image intensity, shape 
and texture, which are extracted from computed tomography data of 1,019 patients 
with lung or head-and-neck cancer. We find that a large number of radiomic features 
have prognostic power in independent data sets of lung and head-and-neck cancer 
patients, many of which were not identified as significant before. Radiogenomics analy-
sis reveals that a prognostic radiomic signature, capturing intratumour heterogeneity, is 
associated with underlying gene-expression patterns. These data suggest that radiomics 
identifies a general prognostic phenotype existing in both lung and head-and-neck can-
cer. This may have a clinical impact as imaging is routinely used in clinical practice, 
providing an unprecedented opportunity to improve decision-support in cancer treat-
ment at low cost. 
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INTRODUCTION  

Medical imaging is one of the major factors that have informed medical science and 
treatment. By assessing the characteristics of human tissue non-invasively, imaging is 
often used in clinical practice for oncologic diagnosis and treatment guidance1-3. A key 
goal of imaging is ‘personalized medicine’, were treatment is increasingly tailored based 
on specific characteristics of the patient and their disease4. 

Much of the discussion of personalized medicine has focused on molecular charac-
terization using genomic and proteomic technologies. However, as tumors are spatially 
and temporally heterogeneous, these techniques are limited. They require biopsies or 
invasive surgeries to extract and analyze what are generally small portions of tumor 
tissue, which do not allow for a complete characterization of the tumor. Imaging has 
great potential to guide therapy because it can provide a more comprehensive view of 
the entire tumor and it can be used on an on-going basis to monitor the development 
and progression of the disease or its response to therapy. Further, imaging is non-
invasive and is already often repeated during treatment in routine practice, on the con-
trary of genomics or proteomics, which are still challenging to implement into clinical 
routine. 

The most widely used imaging modality in oncology is x-ray computed tomography 
(CT), which assesses tissue density. Indeed, CT images of lung cancer tumors exhibit 
strong contrast reflecting differences in the intensity of a tumor on the image, intra 
tumor texture, and tumor shape (Fig.1a). However, in clinical practice, tumor response 
to therapy is only measured using 1 or 2 dimensional descriptors of tumor size (RECIST 
and WHO, respectively)5. While a change in tumor size can indicate response to thera-
py, it often does not predict overall or progression free survival6,7. Although some inves-
tigations have characterized the appearance of a tumor on CT images, these character-
istics are typically described subjectively and qualitative (“moderate heterogeneity”, 
“highly spiculated”, “large necrotic core”). However, recent advances in image acquisi-
tion, standardization, and image analysis, allow for objective and precise quantitative 
imaging descriptors that could potentially be used as non-invasive prognostic or predic-
tive biomarkers. 

Radiomics is an emerging field that converts imaging data into a high dimensional 
mineable feature space using a large number of automatically extracted data-
characterization algorithms8, 9. We hypothesize that these imaging features capture 
distinct phenotypic differences of tumours and may have prognostic power and thus 
clinical significance across different diseases. Here we assess the clinical relevance of 
440 radiomic features, many of which currently have no known clinical significance, in 
seven independent cohorts consisting of 1,019 lung cancer and head-and-neck cancer 
patients. Two data sets are used to assess the stability of the features, four data sets to 
assess the prognostic value of radiomic features on lung cancer patients and head-and-
neck cancer patients, and one data set for association with gene-expression profiles of 
lung cancer patients (Fig. 2). Our results reveal that radiomics data contain strong prog-
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nostic information in both lung and head-and-neck cancer patients, and are associated 
with the underlying gene-expression patterns. These results suggest that radiomics 
decodes a general prognostic phenotype existing in multiple cancer types. Radiomics 
can have a large clinical impact, as imaging is used in routine practice worldwide, 
providing a method that can quantify and monitor phenotypic changes during treat-
ment. 
 

 

Figure 1Extracting Radiomics data from images. (a) Tumors are different. Example computed tomography (CT) 
images of lung cancer patients. (b) Strategy for extracting Radiomics data from images. 

RESULTS  

First, we defined 440 quantitative image features describing tumor phenotype charac-
teristics by: I) tumor image intensity, II) shape, III) texture and IV) multi-scale Wavelet 
(Fig.1b, Supplement I online). 

To investigate radiomic expression patterns we extracted radiomic features from 
the Lung1 dataset, consisting of 422 NSCLC cancer patients (Fig.2). Unsupervised clus-
tering revealed clusters of patients with similar radiomic expression patterns (Fig.3). We 
compared the three main clusters of patients with clinical parameters (Fig.3b), and 
found significant association with primary tumor stage (T-stage; p <1x10-24) and overall 
stage (p<1x10-6), wherein cluster I was associated with lower stages. N-stage (lymph 
node) and M-stage (metastasis), however, showed no correspondence with the radio-
mic expression patterns (p=0.27, and p=0.73 respectively).  
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Figure 2 Analysis workflow. The defined radiomic features algorithms (more information Supplement I) were 
applied to seven different datasets (more information Supplement II). Two datasets were used to calculate the 
feature stability ranks, RIDER test/retest and Multiple Delineation respectively (both orange). The Lung1 
dataset was used as training dataset. Lung2, H&N1, and H&N2 were used as validation datasets. The Lung3 
dataset was used for association of the radiomic signature with gene expression profiles. 

 
Furthermore, a significant association with histology (p=0.31x10-3) was observed, 
wherein squamous cell carcinoma showed a higher presence in cluster II. Looking at the 
representation of the feature groups (Fig.3c), there was no correspondence between 
the feature group and radiomic expression patterns. 

The analysis was divided in training and validation phases (Fig.2). For the training 
phase, we first explored feature stability determined in both test-retest and inter-
observer setting. Using the publicly available RIDER10 dataset, consisting of 31 sets of 
test-retest CT-scans that were acquired approximately 15 minutes apart, we tested how 
consistent the radiomic features were between the test and retest scan. The multiple 
delineation dataset, where five oncologists delineated lesions on CT scans from 21 pa-
tients11, was used to test the stability of the radiomic features to variation in manual 
delineations. 

For each feature we compared the stability ranks for test-retest and multiple deline-
ation with prognosis in the Lung1 training dataset. Although the stability ranks did not 
use any information about prognosis, in general, features with higher stability for test 
retest and delineation inaccuracies showed higher prognostic performance (Extended 
Data Figure 1). This is possibly due to reduced amount of noise in the stable features 
and supports the use of stability ranks for feature selection. 

The possible association of radiomic features with survival was then explored by 
Kaplan-Meier survival analysis. For training we used the Lung1 dataset, and for valida-
tion the Lung2, H&N1, H&N2 datasets (Fig.2). The radiomic features were not normal-
ized on any dataset, and only the raw values were used that were directly computed 
from the DICOM images. 
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Figure 3 Radiomics heat map. (a) Unsupervised clustering of lung cancer patients (Lung1 set, n=422) on the y-
axis and radiomic feature expression (n=440) on the x-axis, revealed clusters of patients with similar radiomic 
expression patterns. (b) Clinical patient parameters for showing significant association of the radiomic ex-
pression patterns with primary tumor stage (T-stage; p<1x10-24), overall stage (p<1x10-6), and histology 
(p=0.31x10-3). (c) Correspondence of radiomic feature groups with the clustered expression patterns. 

 
To ensure a completely independent validation, the median value of each feature was 
computed on the training Lung1 dataset, and locked for use as a threshold in the valida-
tion datasets in order to assess the survival differences without retraining (Fig.2). In 
Extended Data Figure 2 we show Kaplan-Meier survival curves for four representative 
features. Features describing heterogeneity in the primary tumor were associated with 
worse survival in all four datasets. Also, patients with more compact/spherical tumors 
had better survival probability. 

Overall, the median threshold derived from Lung1 yielded a significant survival dif-
ference for 238 features (54% of in total 440, FDR 10%) in the Lung2 validation dataset. 
Furthermore, there was a significant survival difference for 135 features (31%) in H&N1 
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and for 186 features in H&N2 (42%). Sixty-six (15%) of the features derived from Lung1 
were significant for survival in all three-validation datasets (Lung2, H&N1, and H&N2). 

To test the multivariate performance of a radiomic signature, we used the workflow 
depicted in Extended Data Figure 3. We focused our analysis on the 100 most stable 
features, which were determined by averaging the stability ranks of RIDER dataset and 
Multiple Delineation dataset. To remove redundancy within the radiomic information, 
we select the single best performing radiomic feature from each of the four feature 
groups, and combined these top four features into a multivariate Cox proportional haz-
ards regression model for prediction survival. 

The resulting radiomic signature consisted of I) “Statistics Energy” (Supplement I 
Feature 1.1) describing the overall density of the tumor volume, II) “Shape Compact-
ness” (Feature 2.2) quantifying how compact the tumor shape is, III) “Gray Level Nonu-
niformity” (Feature 3.25) a measure for intra-tumor heterogeneity, and IV) Wavelet 
“Gray Level Nonuniformity HLH” (Feature Group4), also describing intra-tumor hetero-
geneity after decomposing the image in mid-frequencies. The weights of each of the 
features in the signature were fitted on the training dataset Lung1. The performance of 
the four feature radiomic signature was validated in the datasets Lung2, H&N1, and 
H&N2 (Fig.4a) using the concordance index (CI), which is a generalization of the area 
under the ROC-curve12. 

The radiomic signature had good performance on the Lung2 data (CI=0.65, p= 
2.91x10-09), and a high performance in H&N1 (CI=0.69, p=7.99x10-07) and H&N2 
(CI=0.69, p=3.53x10-06). Although volume had a good performance in all datasets, the 
radiomic signature performed significantly better, suggesting that radiomic features 
contain relevant, complementary information for prognosis (Extended Data Table 1). 
Furthermore, combining the radiomic signature with volume was significantly better 
than volume alone in all datasets. 

Comparing the radiomic signature to the TNM staging13, we see that the signature 
performance was better in both Lung2 and H&N2 and comparable in H&N1. Important-
ly, combining the radiomic signature with TNM staging showed a significant improve-
ment in all datasets, compared with TNM staging alone. Furthermore, we assessed if 
the radiomics signature preserved the significant prognostic performance compared to 
the treatment patients received. We found that the signature preserved its prognostic 
performance for all treatment groups (radiation, or concurrent chemo-radiation), for 
both Lung and H&N cancer patients (see Extended Data Table 2), demonstrating the 
complementary value of radiomics for each treatment type. 
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Figure 4 (a) Radiomic signature performance. Performance of the radiomic signature on the lung cancer 
datasets (left) and the head and neck cancer datasets (right). The signature was built on the Lung1 data 
(n=422). The signature had good performance in the Lung2 (CI=0.65, p= 2.91x10-09, n=225), and a high per-
formance in H&N1 (CI=0.69, p=7.99x10-07, n=136) and H&N2 (CI=0.69, p=3.53x10-06, n=95) validation datasets. 
(b) Association of radiomic signature features and gene expression using Gene Set Enrichment Analysis 
(GSEA). Gene sets that have been significantly enriched for at least one of the four-radiomic features are 
indicated with an asterisk. The corresponding normalized enrichment scores (NES), GSEA's primary statistic, 
for all radiomic signature features is displayed in a heat-map, where light blue means low, and dark blue 
means high NES. 

 
Human papillomavirus (HPV) is an important determinant in head and neck cancer pa-
tients, especially those with oropharyngeal carcinoma for prognosis and may guide 
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future treatment selection. We did not find a significant association between radiomic 
signature prediction and HPV status in a combined analysis in the H&N1 and H&N2 
dataset (p=0.17, Extended Data Table 2). However, we found that the signature pre-
served its prognostic performance in the HPV negative group (CI=0.66), consisting of the 
majority of patients (76%, n=130), demonstrating the complementary value of Radi-
omics to HPV screening. 

To assess the association between the radiomic signature and the underlying biolo-
gy, we compared the radiomic signature with gene-expression profiles (Lung3 dataset, 
Fig.2) using gene-set enrichments analysis (GSEA)1,14. We found significant associations 
between the signature features and gene-expression patterns (Fig.4b). Further, the 
radiomic features are significantly associated with different biologic gene-sets, demon-
strating that radiomic features probe different biologic mechanisms. It is noteworthy 
that both intra-tumor heterogeneity features in the signature (Feature III and IV) were 
strongly correlated with cell cycling pathways, indicating an increased proliferation for 
more heterogeneous tumors. 

DISCUSSION  

Medical imaging is one of the major factors informing medical science and treatment. 
Its potential resides in its ability to assess the characteristics of human tissue non-
invasively, and therefore is routinely used in clinical practice for oncologic diagnosis and 
treatment guidance and monitoring.  

However, traditionally, medical imaging has been a subjective or qualitative science. 
Recent advances in medical imaging acquisition and analysis, allow the high-throughput 
extraction of informative imaging features to quantify the differences that oncologic 
tissues exhibit in medical imaging.    

Radiomics applies advanced computational methodologies to medical imaging data, 
to convert medical images into quantitative descriptors of oncologic tissues8. 

In this study, we analyzed 440 radiomic features quantifying tumor phenotypic dif-
ferences based on its image intensity, shape and texture. In a large dataset of 1019 lung 
and head and neck cancer patients, of which we extracted radiomic features on com-
puted tomography images, we found that a large number of radiomic features have 
prognostic power, many of which its prognostic implication have not been described 
before. Furthermore, our integrated analysis showed that features selected based on 
their stability and reproducibility were also the most informative features, which indi-
cates the power of integrating independent datasets for radiomic feature selection and 
model building.  

We showed as well that a radiomic signature, capturing intra-tumor heterogeneity, 
was strongly prognostic and validated in three independent datasets of lung and head 
and neck cancer patients, and was associated with gene-expression profiles. To avoid 
any form of over-fitting or bias, we performed a robust statistical validation: only one 
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radiomics signature (containing 4 radiomic features) was validated in data of 545 pa-
tients in independent validation datasets (Figure 2 and Extended Data Figure 3). The four 
features were selected based on feature stability and prognostic performance in the 
discovery dataset only.  

The top performing feature “Gray Level Nonuniformity” (Group3, number 3.25) and 
the most dominant features in the radiomic signature (feature III and IV), quantified 
intra-tumor heterogeneity. Indeed, it is often hypothesized that intra-tumor heteroge-
neity is exhibited on different spatial scales, for example at the radiological, macroscop-
ic, cellular, and the molecular (genetics) level. Radiological tumor phenotype character-
istics may thus be useful to investigate the underlying evolving biology. It is known that 
multiple subclonal populations co-exist within tumors, reflecting extensive intra-tumoral 
“somatic evolution”15,16. This heterogeneity is a clear barrier to the goal of personalized 
therapy based on molecular biopsy-based assays, as the identified mutations and gene-
expression does not always represent the entire population of tumor cells17,18. Radi-
omics circumvents this by assessing the comprehensive 3D tumor bulk. The study pre-
sented here probes heterogeneity and demonstrates corresponding clinical importance 
in two cancer types. Furthermore, we demonstrated association of intra-tumor hetero-
geneity with proliferation, a general hallmark of cancer. 

Overall, the lung-derived radiomic signature had better performance in head and 
neck compared to lung cancer. One reason could be that head and neck images were 
acquired with head immobilization, whereas lung images were acquired with free-
breathing and are affected by patient movement or respiration, resulting in relatively 
more image noise. Nonetheless, our results show that the radiomic signature could be 
transferred from lung to head and neck cancer, which suggests that the signature iden-
tifies a general prognostic tumor phenotype.  

Our method provides a non-invasive (and therefore with no risk of infection or com-
plications that accompany tissue biopsies), fast, low cost, and repeatable way of investi-
gating phenotypic information, potentially speeding up the development of personal-
ized medicine. Furthermore, we show that the radiomic signature is significantly associ-
ated with the underlying gene-expression patterns, suggesting that inter-patient differ-
ences of gene-expression are large than intra-patient differences. 

The clinical impact of our results are illustrated by the fact that it advances 
knowledge in the analysis and characterization of tumors in medical images, previously 
not done, and provides knowledge currently not used in the clinic. We showed the 
complementary performance of Radiomic features with TNM staging for prediction of 
outcome, which illustrates the clinical importance of our findings as TNM is routinely 
used in the clinic. Currently, the TNM staging system is used for risk stratification and 
treatment decision-making. However, the TNM staging system is primarily based on 
resectability of the tumor, while a larger number of NSCLC patients will receive primary 
treatment with radiotherapy either alone or combined with chemotherapy. Therefore, 
the TNM staging system is insufficient for risk stratification of this group of patients, in 
particular to make the decision between curative treatment (concomitant radio-
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chemotherapy) or palliative treatment especially in elderly patients, a growing issue in 
western countries. Our results show that the radiomics signature is performing better in 
independent cohorts than the TNM classification. In future clinical trials this inexpensive 
method can be used as well for pretreatment risk stratification (e.g. high, low risk). 

Furthermore, we have shown for the first time the translational capability of radi-
omics in two cancer types (lung and head and neck cancer). These results indicate that 
radiomics quantifies a general prognostic cancer phenotype that likely can broadly be 
applied to other cancer types. Similar observations have been made in gene-expression 
studies where signatures are prognostic across different diseases19.  

Analysis of image features applied to medical imaging has been a largely studied 
field and extensive literature exists. However, the majority of previous work describes 
the use of imaging features focused in the detection of small nodules in for example 
mammograms or chest CT/PET scans, or in the differential diagnosis of malignant versus 
benign nodules (Computed Aided Diagnostics). However, applications and methodolo-
gies are distinct from our study. Quantitative imaging for personalized medicine is a 
recent field, with a limited number of publications 12,20-27. The main clinical question of 
this research is not the diagnosis, but how to extract more useful information from the 
tumor phenotype that can be used for personalized medicine.  

Therefore, we assessed the association of radiomics with clinical factors, prognosis, 
and gene-expression levels, using large amounts of features and with external and in-
dependent validation cohorts of patients. The most important message in our manu-
script is that there is prognostic and biologic information enclosed in routinely acquired 
CT imaging and was evident in two cancer types.  

It is known that variability in image acquisition exists across hospitals and that this is 
a reality in clinical practice. However, in our analysis we used data directly generated 
from the scanner and the features were calculated from the RAW imaging data, without 
any pre-processing or normalization. As there was no correction by cohort or scanner 
type, this illustrates the translational potential of our results and it is a strong argument 
in favor of a multi-centric application of radiomics. The radiomics signature had strong 
prognostic power in these independent datasets generated in daily clinical practice. 
Furthermore, we expect that with better standardization and imaging protocols, the 
power of radiomics will even further improve. Among others, the Quantitative Imaging 
Network (QIN) of the National Institute of Health (NIH), as well as the quantitative imag-
ing biomarker alliance (QIBA), investigates future directions, by performing phantom 
studies and discussing with vendor’s open and standardized protocols for image acquisi-
tion 2,3. 

Due to the large availability of non-invasive imaging performed routinely in a large 
number of cancer patients, and the automated feature algorithms, the results of this 
work could stimulate further research of image-based quantitative features. Also, we 
presented evidence that the defined radiomic feature-metrics are platform independ-
ent, though this should be studied further, and can potentially be applied to other im-
age modalities, such as magnetic resonance imaging (MRI), or positron emission tomog-
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raphy (PET). This approach can have a large impact as imaging is routinely used in clini-
cal practice, worldwide, in all stages of diagnoses and treatment, providing an unprece-
dented opportunity to improve medical decision support. 

METHODS  

Radiomics Features: In Supplement I the algorithms of radiomic features are described 
in detail. In short, we defined 440 radiomic image features that describe tumor charac-
teristics and can be extracted in an automated way. In total 440 distinct features 

were defined, divided in four groups: I) tumor intensity, II) shape, III) texture, and IV) 
wavelet features. The first group quantified tumor intensity characteristics using first-
order statistics, calculated from the histogram of all tumor voxel intensity values. Group 
2 consists of features based on the shape of the tumor (e.g. sphericity or compactness 
of the tumor). Group 3 consists of textual features that are able to quantify intra-tumor 
heterogeneity differences in the texture that is observable within the tumor volume. 
These features are calculated in all 3-dimensional directions within the tumor volume, 
thereby taking the spatial location of each voxel compared to the surrounding voxels 
into account. 

Group 4 calculates intensity and textural features from wavelet decompositions of 
the original image, thereby focusing the features on different frequency ranges within 
the tumor volume. All feature algorithms were implemented in Matlab. 
 
Datasets: In Supplementary II the datasets are described in detail. In short, we applied a 
radiomic analysis to six image datasets (see overview in Fig. 2). 

• RIDER: This dataset consists of 31 non-small cell lung cancer (NSCLC) patients with 
two CT-scans acquired approximately 15 min apart10. We used this dataset to assess 
stability of the features for test retest. 

• Multiple Delineation: This dataset consists of 21 NSCLC patients were the tumor 
volume was delineated manually on CT/PET scans by five independent oncologists11. 
We used this dataset to assess stability of the features for delineation inaccuracies. 

•  Lung1: This datasets consist of 422 NSCLC patients that were treated at MAASTRO 
Clinic, The Netherlands. For these patients CT scans, manual delineations, clinical 
and survival data was available. We used this dataset to assess the prognostic value 
of the radiomic features and to build a radiomic signature. 

• Lung 2: This datasets consists of 225 NSCLC patients that were treated at Radboud 
University Nijmegen Medical Centre, The Netherlands. For these patients CT-scans, 
manual delineations, clinical, and survival data was available. We used this dataset 
to validate the prognostic value of the radiomic features and signature in an inde-
pendent NSCLC cohort. 
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• H&N1: This dataset consists of 136 head and neck squamous cell carcinoma (HNSCC) 
patients treated at MAASTRO Clinic, The Netherlands. For these patients CT-scans, 
manual delineations, clinical, and survival data was available. We used this dataset 
to validate the prognostic value of the radiomic features and signature in HNSCC pa-
tients. 

• H&N2: This dataset consists of 95 HNSCC patients treated at the VU Univeristy Med-
ical Center Amsterdam, The Netherlands. For these patients CT-scans, manual delin-
eations, clinical, and survival data was available. We used this dataset to validate the 
prognostic value of the radiomic features and signature in a second cohort of HNSCC 
patients. 

• Lung 3: This dataset consists of 89 NSCLC patients that were treated at MAASTRO 
Clinic, The Netherlands. For these patients pre-treatment CT-scans, tumor delinea-
tions and gene expression profiles were available. We used this dataset to associate 
imaging features with gene-expression profiles. 

The discovery Lung1 dataset, consisting of CT images for 422 NSCLC patients, and the 
Lung3 dataset consisting of CT images and gene-expression profiling for 89 NSCLC pa-
tients, are publicly available at www.cancerdata.org. 
 
Data Analysis: An overview of the analysis is shown in Figure 2. The analysis was divided 
in training and validation phases. For the training phase, we first explored feature stabil-
ity determined in both test-retest and inter-observer setting. The RIDER and Multiple 
Delineation datasets were used to assess stability of the features to select the most 
informative features for further investigation. Using the RIDER test retest dataset, we 
tested the stability of the radiomic features between test and retest10. For each patient, 
we extracted the radiomic features from both scans. A stability rank was calculated for 
each feature, using the intra-class correlation coefficient (ICC), where a lower ICC rank 
corresponds to a more stable feature.  

We assessed the feature stability for delineation inaccuracies using a Multiple Delin-
eation dataset11. All radiomic features were computed for five delineations per patient, 
and a stability rank per feature was calculated using the Friedman test. The Friedman 
test is a non-parametric repeated measurement test for a non-Gaussian population. A 
rank of 1 indicated the most stable feature for delineation inaccuracies and 440 the 
least stable feature. 

All 440 radiomic features were extracted for the Lung1, Lung2, H&N1, and H&N2 da-
tasets. The radiomic features were not normalized on any dataset, and only the raw 
values were used that were directly computed from the DICOM image. 

To explore the association of the radiomics features with survival we used Kaplan-
Meier analysis in a training and validation phase. To ensure a completely independent 
validation, the median threshold of each feature on the Lung1 dataset was computed, 
and then this threshold was used in the validation datasets (Lung2, H&N1, and H&N2) 
to split the survival curves. We used the G-rho rank test for censored survival data to 
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test for significant difference between the two survival curves. P-values were corrected 
for multiple testing using by controlling the false discovery rate (FDR) of 10%, the ex-
pected proportion of false discoveries amongst the rejected hypotheses.  

To assess the multivariate performance of radiomic features we build a signature. 
We selected the 100 most stable features, determined by averaging the stability ranks 
of RIDER dataset and Multiple Delineation dataset. Next, we computed the perfor-
mance in the Lung 1 dataset of each of the selected 100 features using the concordance 
index (CI)12. This measure is comparable to the Area Under the Curve (AUC) but can also 
be used for Cox regression analysis. From each of the four feature groups, we selected 
the single best performing feature for prognosis in the Lung1 dataset, and combined 
these top four features into a multivariate Cox proportional hazards regression model 
for prediction survival. The weights of the model were fitted on the Lung1 dataset. We 
applied the radiomic signature to the validation datasets Lung2, H&N1, and H&N2, and 
performance was assessed with the CI. To calculate significance between two models 
we used a bootstrap approach, for 100 times we calculated the CI of both models from 
100 random selected samples. The Wilcoxon test was used to assess significance.  

A similar approach was used to assess if the signature had significant power, com-
pared with random (CI=0.5). We used a bootstrap approach, for 100 times we calculat-
ed the CI of the radiomics signature based on 100 random selected samples with cor-
rect outcome data, as well as on 100 random chosen samples with random outcome 
data. This process was repeated 100 times. The Wilcoxon test was used to assess signif-
icance, between the two distributions. 

To assess the complementary effect of the signature with clinical parameters, we 
build a new model with the prediction of the signature as one input and the clinical 
parameter as the other input. The weight of the clinical parameter was fitted on the 
training dataset Lung1.   

To assess the association of the radiomic signature with gene expression we used 
the Lung3 dataset. Gene expression of 89 patients was measured on Affymetrix chips 
with the custom chipset HuRSTA_2a520709 for 21766 genes. Expression values were 
normalized with the RMA algorithm5 in the Affy package in Bioconductor. For each of 
the four features in the radiomic signature, we calculated the Spearman rank correla-
tion to gene expression and used the corresponding p-values to obtain a rank of genes 
representing high to low agreement. Each of these gene ranks were used to perform a 
pre-ranked version of Gene Set Enrichment Analysis (GSEA)14 on the C5 collection of 
MSigDB28, which contains gene sets associated with specific GO terms. We only regard-
ed gene sets of size 15 to 500. Local false-discovery-rates were calculated on the nor-
malized enrichment scores (NES), GSEA's primary statistic, and only gene sets enriched 
with an FDR of <= 20% were retained. Fig. 4B displays gene sets that have been signifi-
cantly enriched (FDR <= 20%) for at least one of four radiomic features (indicated by an 
asterisk). The corresponding absolute NES in all of the four features are given color-
coded, where light blue means low and dark blue means high NES. 
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ABSTRACT  

Radiomics provides a comprehensive quantification of tumor phenotypes by extracting 
and mining large number of quantitative image features. To reduce the redundancy and 
compare the prognostic characteristics of radiomic features across cancer types, we 
investigated cancer-specific radiomic feature clusters in four independent Lung and 
Head & Neck (H&N) cancer cohorts (in total 878 patients). Radiomic features were ex-
tracted from the pre-treatment computed tomography (CT) images. Consensus cluster-
ing resulted in eleven and thirteen stable radiomic feature clusters for Lung and H&N 
cancer, respectively. These clusters were validated in independent external validation 
cohorts using rand statistic (Lung RS = 0.92, p < 0.001, H&N RS = 0.92, p < 0.001). Our 
analysis indicated both common as well as cancer-specific clustering and clinical associ-
ations of radiomic features. Strongest associations with clinical parameters: Prognosis 
Lung CI = 0.60 ± 0.01, Prognosis H&N CI = 0.68 ± 0.01; Lung histology AUC = 0.56 ± 0.03, 
Lung stage AUC = 0.61 ± 0.01, H&N HPV AUC = 0.58 ± 0.03, H&N stage AUC = 0.77 ± 
0.02. Full utilization of these cancer-specific characteristics of image features may fur-
ther improve radiomic biomarkers, providing a non-invasive way of quantifying and 
monitoring tumor phenotypic characteristics in clinical practice. 
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INTRODUCTION 

Recent advances of medical and computational science have led to the emergence of 
‘precision medicine’, which has revolutionized the cancer care and medical science in 
general. A major proportion of precision medicine research has centered on unveiling 
different molecular characteristics of the disease tissues by using genomic and proteo-
mic technologies. In spite of their enormous potential, these techniques have found 
limited implementations in routine clinical practice1. A major challenge being the inva-
sive nature, as biopsies, having high associated risk and cost, are often required. 

Imaging on the other hand provides promising means of non-invasive tissue charac-
terization and is furthermore routinely used for disease detection, diagnosis, and 
treatment purposes in clinical practice2-4. X-ray computed tomography (CT) is a fre-
quently used imaging modality for oncology because it assesses tissue density in high 
resolution and exhibits strong contrasts among different tissue types. In routine clinical 
practice, tumor response to therapy is measured by the RECIST and/or WHO criteria, 
based on CT imaging. These descriptors measure the change in size of tumors, and 
often do not succeed in predicting overall survival5,6.  

“Radiomics” is an emerging field of research that aims to utilize the full potential of 
medical imaging. Radiomics focuses on extracting a large number of quantitative fea-
tures from medical images, providing a more detailed quantification of tumor pheno-
typic characteristics–effectively converting medical images into a high dimensional 
minable feature space7-9. Several studies have defined and quantified various image 
descriptors and stated their significance for treatment monitoring and outcome predic-
tion in different cancer types10-14. Moreover, some studies have also reported an asso-
ciation between radiographic imaging phenotypes and tumor stage, metabolism15, hy-
poxia, angiogenesis16 and the underlying gene and/or protein expression profiles17-19.  

A main challenge in radiomics is to deal with feature redundancy in order to obtain a 
non-redundant set of imaging biomarkers. Consensus clustering20 could address this 
issue by reducing the feature space into several non-redundant feature clusters. In this 
study we identified and validated radiomic feature clusters in cohorts of Lung cancer 
and Head & Neck (H&N) cancer patients. We also evaluated the clinical importance of 
these clusters by quantifying their association with important clinical parameters and 
patient survival. Moreover, we used the identified radiomic clusters to build cancer-
specific multivariable radiomic signatures and tested their prognostic performance. 
Identification of cancer-specific radiomic clusters provides a crucial step towards stable 
and clinically relevant radiomic biomarkers, providing a non-invasive way of quantifying 
and monitoring tumor phenotypic characteristics in clinical practice. 
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METHODS  

Radiomic features 

We defined 440 radiomic image features that quantify tumor characteristics. These 
features were divided in four groups: I) tumor intensity, II) shape, III) texture and IV) 
wavelet features. Tumor intensity based features, which are defined using first order 
statistics of the intensity histogram, quantified the density of the tumor region on CT 
image. Shape features described the 3D geometric properties of the tumor, whereas 
textural features quantified intra-tumor heterogeneity. Textural features were comput-
ed by analyzing the spatial distribution of voxel intensities in thirteen directions. These 
features are derived from gray level co-occurrence (GLCM)21 and run length matrices 
(GLRLM)22 and were computed by averaging their values over all thirteen directions. 
Wavelet features are the transformed domain representations of the intensity and 
textural features. These features were computed on different wavelet decompositions 
of the original image using a coiflet wavelet transformation. All image analysis was per-
formed in Matlab R2012b (The Mathworks, Natick, MA) using an adapted version of 
CERR (Computational Environment for Radiotherapy Research)23 and features were 
automatically extracted with in-house developed radiomics image analysis software. 
Mathematical definitions of all radiomic features as well as the extraction methods 
were previously described18.  

Datasets 

Briefly, we considered four image datasets (see overview in Figure 1) for this study, 
from different institutes in the Netherlands: (1) Lung1: 422 NSCLC patients treated at 
MAASTRO Clinic in Maastricht. (2) Lung2: 225 NSCLC patients treated at Radboud Uni-
versity Medical Centre in Nijmegen. (3) HN1: 136 head and neck squamous cell carci-
noma (HNSCC) patients treated at MAASTRO Clinic in Maastricht and (4) HN2: 95 HNSCC 
patients treated at the VU University Medical Centre in Amsterdam. CT-scans, manual 
delineations and clinical data were available for all included patients. More details on 
the included datasets have been described earlier18. 

Data analysis  

Comparison of the prognostic performance of radiomic features in Lung and H&N cancer  
In order to compare the prognostic utility of radiomic features across Lung and H&N 
cancer, for each feature, we computed and compared the concordance index (CI)24, 
which is the generalization of area under ROC curve. R package survcomp was used for 
the analysis25. P-values are corrected for multiple testing (FDR 5%). 



 Cancer specific radiomic feature clusters and prognostic signatures | 93 

Consensus clustering 

We used consensus clustering to cluster the radiomic features extracted from the train-
ing cohorts Lung1 and HN1. Consensus clustering is a resampling based clustering 
methodology, which quantifies the consensus between several clustering iterations and 
provides means to estimate the number of clusters that best fit the data20.  We esti-
mated the range for the appropriate number of clusters from the delta area plots (sup-
plementary figure S1). From this range, we chose the number of clusters, which gave 
the highest median cluster consensus over all clusters. Cluster consensus was defined as 
the average consensus between all pairs of features belonging to the same cluster. 
Cluster consensus (range [0-1]) indicates the robustness (stability) of a cluster over 
resampling. We also computed the mean pairwise correlation (range [0-1]) between 
features of a cluster, which is a measure of the cluster compactness (similarity of fea-
tures within the cluster). Qualitative categorization of cluster stability was defined as; 
consensus < 0.5, poor stability; 0.5 ≤ consensus < 0.75, moderate stability; and consen-
sus ≥ 0.75, high stability. Cluster compactness was also assessed using the same qualita-
tive categorization. We applied hierarchical clustering with agglomerative ward linkage, 
a Pearson correlation based dissimilarity measure (1− ) and 10,000 resampling itera-
tions. Consensus clustering was performed using the R package ConsensusClusterPlus26. 

Radiomic cluster validation 

Radiomic feature clusters obtained on the training cohorts, Lung1 and HN1, were consid-
ered as the reference Lung and H&N clusters. For cluster validation, we clustered the Lung 
and H&N validation cohorts, Lung2 and HN2, using the same hierarchical clustering algo-
rithm and the same number of clusters as for the corresponding training cohort. Rand 
Statistic (RS)27 was used to assess the agreement between each reference clustering (P) 
and the clustering obtained for its respective validation cohort (C) and was defined as: 

 
 
where |SS| is the number of feature pairs that cluster together in both C and P, |SD| is 
the number of feature pairs that cluster together in C but not in P, |DS| is the number 
of feature pairs that cluster together in P, but not in C and |DD| is the number of fea-
ture pairs that do not cluster together in both C and P. Significance of RS was deter-
mined by a random permutation test using 1000 iterations. 

Similarity between Lung and H&N clusters 

Cluster overlap between the individual feature clusters of Lung and H&N radiomic co-
horts were assessed using the Jaccard index27, which is defined as:   
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where L and H are any feature clusters of Lung and H&N cohorts. Qualitative categoriza-
tion of cluster overlap was defined as; Jaccard < 0.5, poor overlap; 0.5 ≤ Jaccard < 0.75, 
moderate overlap; and Jaccard ≥ 0.75 high overlap. 

Clinical relevance of radiomic clusters 

In order to quantify the association between radiomic feature clusters and patient sur-
vival, we used the concordance index (CI), whereas the association between a feature 
cluster and a categorical clinical parameter (i.e. Lung cancer histology, H&N HPV status 
or Lung/H&N tumor stage) was quantified using the area under the ROC curve (AUC). 
For clinical parameters having more than two categorical levels, a multi-class AUC was 
computed using a pairwise approach. Univariable CI and AUC were computed for each 
feature. A cluster’s association with patient survival and clinical parameters was then 
quantified as the mean CI and mean AUC over all contained features. Significance was 
estimated using a random permutation test with 1000 iterations. R package survcomp25 
and pROC28 was used for this analysis. Qualitative categorization of the prognostic or 
predictive performance was defined as poor (CI or AUC < 0.6), moderate (0.6 ≤ CI or 
AUC < 0.75) and high (CI or AUC ≥ 0.75). 

Multivariable clinical relevance 

In order to select non-redundant imaging biomarkers, cancer-specific radiomic signa-
tures were built using the medoids of the obtained clusters of Lung1 and HN1 cohorts. 
The medoid is a single representative feature, which has the highest average pairwise 
correlation within a cluster. To investigate the multivariable prognostic utility of these 
selected radiomic features, a multivariable Cox proportional hazards model was fitted 
on each training cohort (i.e. Lung1 and HN1) and their prognostic performance was 
tested on validation cohorts (i.e. Lung2 and HN2) using the CI. R package survcomp25 
was used for this analysis. For the prediction of categorical clinical parameters, we built 
multivariable classifiers on each training cohort (i.e. Lung1 or HN1) using logistic regres-
sion, with the medoids as independent variables. The predictive performance of a classi-
fier was evaluated on the corresponding validation cohort (Lung2 or HN2) using AUC. 
For clinical parameters having more than two categorical levels, logistic regression was 
fitted using a pairwise approach and performance was evaluated using multiclass AUC29. 
R package VGAM30 was used for this analysis. 

| |( , )
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RESULTS 

In order to investigate radiomic features in Lung and H&N cancer cohorts, a total of 440 
radiomic features were extracted from the segmented tumor regions of the pre-
treatment CT images of Lung and Head and Neck cancer cohorts. In our analysis, we 
used datasets Lung1 (n=422) and HN1 (n=136) as training datasets, and Lung2 (n=225) 
and HN2 (n=95) as validation datasets (Figure 1). 
 

 
Figure 1. (a) Radiomic analysis overview: For both Lung and H&N cancer datasets, we extracted radiomic 
features from pre-treatment CT images. Cluster analysis was performed on the feature data. (b) Datasets 
overview: Four independent radiomic cohorts of Lung and Head & Neck cancer were included in the analysis. 
Lung1 and HN1 were used for training; Lung2 and HN2 were used for validation. 

Comparison of the prognostic performance of radiomic features in Lung and 
H&N cancer 

The prognostic utility of the radiomic features was assessed using the concordance 
index (CI). Figure 2 depicts a CI heatmap of radiomic features in the validation cohorts 
(Lung2 and HN2). We observed that 143 features had significant prognostic perfor-
mance (CI > 0.5, p< 0.05 FDR corrected) in both the cancer types whereas 212 features 
(190 features in Lung and 22 features in H&N) showed significant prognosis only in one 
of the two cancer types. Eighty-five features turned out not to be significantly prognos-
tic in either of the two cancer types. 
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Figure 2. Heatmap showing the prognostic performance of radiomic features in Lung2 and HN2 cohorts. 
Prognostic performance was evaluated using the concordance index (CI). Note that a large number of features 
are prognostic in both cancer types. However, also a large number of features are cancer-type specific, e.g. 
prognostic only in Lung or only in H&N cancer. 

Identification and validation of radiomic feature clusters in Lung cancer 

In order to identify stable clusters of radiomic features, consensus clustering procedure 
was applied on Lung1 training cohort. We obtained eleven distinct clusters (size: 16 to 
65 features per cluster). Heatmaps in Figure 3 depict the consensus maps (Figure 3a) 
and normalized expression levels (Figure 3c) of the obtained Lung radiomic feature 
clusters in Lung1 training cohort. These clusters were validated in the Lung2 validation 
cohort (RS = 0.92, permutation test p-value < 0.001). We observed that four clusters 
(LCL-4, LCL-6, LCL-7, LCL-11) had a high cluster consensus (consensus ≥ 0.75) and within 
cluster correlation (correlation ≥ 0.75), whereas six clusters (LCL-1, LCL-2, LCL-3, LCL-5, 
LCL-8, LCL-10) showed high cluster consensus (consensus ≥ 0.75) but moderate within 
cluster correlation (0.5 ≤ correlation < 0.75). For cluster LCL-9, both the cluster consen-
sus and within cluster correlation were poor (consensus = 0.41, correlation = 0.14). 
Details regarding the cluster size, associated feature categories, cluster consensus and 
within cluster correlation can be obtained from Table 1.  

Identification and validation of radiomic feature clusters in HN cancer 

Consensus clustering in HN1 training cohort resulted in thirteen distinct radiomic fea-
ture clusters (size: 8 to 93 features per cluster), which were validated in independent 
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HN2 validation cohort (RS = 0.92, permutation test p-value < 0.001). Heatmaps in Figure 
3b and 3d show the consensus maps and normalized expression levels of the obtained 
radiomic feature clusters in HN1 training cohort. Six clusters (HNCL-1, HNCL-2, HNCL-6, 
HNCL-7, HNCL-12, HNCL-13) had high cluster consensus (consensus ≥ 0.75) and within 
cluster correlation (correlation ≥ 0.75), whereas five other clusters (HNCL-4, HNCL-5, 
HNCL-8, HNCL-9, HNCL-11) showed high cluster consensus (consensus ≥ 0.75) but mod-
erate within cluster correlation (0.5 ≤ correlation < 0.75). Cluster HNCL-10 had moder-
ate cluster consensus (consensus = 0.65) and poor cluster correlation (correlation = 
0.04), whereas clusters HNCL-3 showed poor cluster consensus (consensus = 0.41) and 
correlation (correlation = 0.12) (see Table 2).  

Similarity between Lung and H&N clusters 

In order to assess the overlap between individual Lung and H&N radiomic clusters, we 
compared the Lung and H&N clusters, pairwise, using the Jaccard index. We observed 
that Lung cluster LCL-6 and H&N cluster HNCL-7 had high overlap (Jaccard = 0.98). Clus-
ter pairs LCL-7 & HNCL-2 (Jaccard = 0.65), LCL-8 & HNCL-4 (Jaccard = 0.66) and LCL-5 & 
HNCL-11 (Jaccard = 0.66) and LCL-3 & HNCL-8 (Jaccard = 0.66) showed moderate over-
lap, whereas the remaining pairs had poor overlap (Jaccard < 0.5) (see Figure 4). 

Clinical relevance of radiomic clusters 

Mean CI and mean AUC values for the obtained Lung and H&N clusters are depicted in 
Table 1 & Table 2. All eleven Lung clusters had a significant prognostic association with 
patient survival. However, only four Lung clusters (LCL-1, LCL-4, LCL-5 and LCL-6) had a 
mean CI higher or equal to 0.58. Two Lung clusters (LCL-9 and LCL-10) were significantly 
associated with tumor histology. All Lung clusters had significant association with tumor 
stage (see Table 1). For H&N cancer, six clusters (HNCL-1, HNCL-2, HNCL-6, HNCL-7, 
HNCL-8 and HNCL-12) were significantly associated with patient survival. We did not 
observe any association between the H&N clusters and HPV status. However, except for 
the three H&N clusters (HNCL-4, HNCL-10, HNCL-13), all the other H&N clusters were 
significantly associated with tumor stage (see Table 2). Univariable CI and AUC values of 
radiomic features in Lung1 and HN1 cohorts are represented by heatmaps in Figure 3e 
and Figure 3f, respectively. 

Multivariable clinical relevance 

We built two radiomic signatures, one each for Lung and H&N cohort, using the me-
doids of the obtained Lung and H&N radiomic feature clusters, respectively. To evaluate 
the multivariate prognostic performance, we trained a multivariable Cox proportional 
hazards model on both training cohorts (Lung1 and HN1). Prognostic performance of 
each model was externally tested on validation cohorts (Lung2 and HN2). We observed 
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that the prognostic performance of Lung based multivariable model (CI = 0.61) was 
higher than the H&N model (CI = 0.56) in Lung2 validation cohort, whereas for HN2 
validation cohort, H&N based multivariable model (CI = 0.63) performed better than the 
Lung model (CI = 0.57). We also used the cluster medoids, for the prediction of clinical 
parameters. We trained classifiers on training cohort (i.e. Lung1 or HN1) using logistic 
regression and evaluated the predictive performance in the corresponding validation 
cohort (Lung2 or HN2). The Lung signature had a moderate performance for the predic-
tion of tumor histology (AUC = 0.64) and tumor stage (AUC = 0.64). The H&N signature 
was highly predictive for tumor stage (AUC = 0.80) and had a moderate predictive per-
formance for HPV status (AUC = 0.60).   

DISCUSSION 

Medical imaging plays an important role in medical care and science due to its ability to 
assess tissue characteristics and organ anatomy non-invasively. It is therefore widely 
used in disease diagnosis, progression assessment and treatment monitoring in clinical 
oncology. Radiomics, a high throughput approach, can quantify the differences between 
oncologic tissues and hence provide prognostic or predictive imaging biomarkers7,8 

In this study we investigated clustering as a means to deal with the high dimensional 
feature space generated with radiomics, as well as to investigate common and cancer-
type specific radiomic patterns. We applied consensus clustering on 440 radiomic fea-
tures extracted from Lung cancer and Head & Neck cancer patient cohorts. Further-
more these clusters were externally validated on independent validation cohorts. For 
both cancer types, many clusters showed high cluster consensus and high within cluster 
correlation, which indicates the high robustness (stability) and compactness of these 
clusters. These results indicate that consensus clustering could provide robust radiomic 
feature clusters and hence reduce the feature redundancy. The majority of the ob-
tained Lung and H&N radiomic clusters were significantly associated with patient sur-
vival and tumor stage. Two Lung clusters also showed significant association with tumor 
histology. Our multivariable analysis showed that cancer-specific multivariable radiomic 
signatures displayed moderate or high prognostic (predictive) performance.   

Comparing the individual Lung and H&N feature clusters, we observed that five clus-
ter pairs had substantial overlap (Jaccard ≥ 0.6) between the Lung and H&N cancer, 
whereas the overlap for other cluster pairs was poor. These results demonstrate both 
common as well as cancer-specific clustering characteristics of radiomic features.   

It can be observed from our analysis that radiomic features also have cancer-specific 
prognostic ability. We compared the univariable CI values of radiomic features across 
the two cancer types and observed that several radiomic features have significant prog-
nostic utility in only one of the two cancer types. Furthermore the multivariable radio-
mic signatures performed better in validation cohorts of the same cancer type in our 
multivariable analysis.  
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Figure 3. Heatmaps for radiomic features of Lung and H&N training cohorts ordered with respect to the 
obtained Lung and H&N clusters. (a-b) Cluster consensus maps of Lung cancer (11 clusters) and H&N cancer 
(13 clusters) cohorts. (c-d) Radiomic feature expressions of Lung and H&N radiomic clusters. (e-f) Clinical 
relevance (CI & AUC) of radiomic clusters of Lung and H&N cancer. 
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Figure 4. Heatmap depicting cluster overlap and clinical relevance (CI & AUC). Center matrix in green & white 
color represents the overlap (Jaccard index) between the clusters of Lung (rows) and H&N (columns) radiomic 
cohorts. Top and left side panels in blue & white color depicts the average CI & AUC of the corresponding 
Lung and H&N radiomic clusters. 

 
Recently, Aerts et al18, built a radiomic signature of four features, which were selected 
based on their stability across test-retest image scans and multiple tumor delineations, 
as well as their prognostic performance in a training dataset. However, the feature 
selection was only applied to one cancer type (i.e. lung cancer patients). The primary 
objective of our study was to separately investigate and compare radiomic feature sub-
groups in Lung and H&N cancer. Our analysis reveals a cancer-specific grouping and 
prognostic trends of radiomic features, which could be exploited to potentially improve 
the performance of prognostic models. In another radiomic study of Lung cancer co-
horts, Balagurunathan et al31, used a three step procedure to select the most reproduc-
ible, informative and non-redundant features. In this method, it was required to empiri-
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cally choose three threshold values corresponding to the concordance correlation coef-
ficient, dynamic range and pairwise correlation. On the contrary, our method of feature 
selection only depends on the number of clusters. In general, the estimation of number 
of clusters is done by a visual inspection of consensus matrices and the delta area plot20. 
However, we used a more deterministic method for the estimation of number of clus-
ters. Overall, the parameters of consensus clustering procedure were carefully chosen, 
keeping in mind the larger applicability of the obtained results in radiomics. However, 
these parameters are still just design choices and there may be other relevant parame-
ter configurations, which could be tried and the resultant clustering outputs could be 
analyzed and compared. These interesting research issues do not fall within the scope 
of this study, which is primarily focused on the cancer specific comparison of radiomic 
features. 

We expect that the obtained feature clusters of our study combined with feature 
stability information could further enhance the feature selection process, providing 
more reliable and prognostic radiomic signatures. However, due to the unavailability of 
test-retest and multiple delineation H&N cancer cohorts, we could not compute the 
stability of H&N based radiomic features and hence could not include a cancer-specific 
stability analysis in our study. Machine learning based advanced feature selection 
methods could also enhance the radiomic biomarker selection process. Although identi-
fying the optimal feature selection method is very important for radiomics research, it 
does not fit well within the clustering framework of this study and hence should be 
addressed in future studies, investigating machine learning methods for radiomic data. 

We focused only on CT derived radiomic features in this study. However, imaging is 
routinely performed in clinical practice using different modalities (e.g. CT, PET, MRI, 
etc.). An integrated radiomic analysis of different cancer types using multiple modalities 
could therefore provide even more information to facilitate medical decision support 
with imaging biomarkers.  

This study identified different Lung and H&N radiomic feature subgroups and quan-
tified their clinical significance. Our investigation revealed that clustering and prognostic 
characteristics of radiomic features are cancer-specific. Cancer-specific prognostic char-
acteristics of radiomic features should be considered for building prognostic models, 
which could improve the prognosis in cancer care. In general, high throughput medical 
image data mining research like “Radiomics” can influence the cancer research greatly, 
as it provides a promising non-invasive way of quantifying and monitoring tumor pheno-
typic characteristics across different cancer types in clinical oncology.  
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ABSTRACT 

Background: Radiomics can quantify tumor phenotypic characteristics non-invasively by 
applying feature algorithms to medical imaging data. In this study of lung cancer pa-
tients, we investigated the association between radiomic features and the tumor histo-
logic subtypes (adenocarcinoma and squamous cell carcinoma). Furthermore, in order 
to predict histologic subtypes, we employed machine-learning methods and inde-
pendently evaluated their prediction performance. 
Methods: Two independent radiomic cohorts with a combined size of 350 patients were 
included in our analysis. A total of 440 radiomic features were extracted from the seg-
mented tumor volumes of pretreatment CT images. These radiomic features quantify 
tumor phenotypic characteristics on medical images using tumor shape and size, inten-
sity statistics and texture. Univariate analysis was performed to assess each feature’s 
association with the histological subtypes. In our multivariate analysis, we investigated 
24 feature selection methods and three classification methods for histology prediction. 
Multivariate models were trained on the training cohort and their performance was 
evaluated on the independent validation cohort using the area under ROC curve (AUC). 
Histology was determined from surgical specimen.  
Results: In our univariate analysis, we observed that fifty-three radiomic features were 
significantly associated with tumor histology. In multivariate analysis, feature selection 
methods ReliefF and its variants showed higher prediction accuracy as compared to 
other methods. We found that Naive Bayes classifier outperforms other classifiers and 
achieved the highest AUC (0.72; p-value = 2.3 × 10 ) with five features: Stats_min,  
Wavelet_HLL_rlgl_lowGrayLevelRunEmphasis, Wavelet_HHL_stats_median, Wave-
let_HLL_stats_skewness, Wavelet_HLH_glcm_clusShade.  
Conclusions: Histological subtypes can influence the choice of a treatment/therapy for 
lung cancer patients. We observed that radiomic features show significant association 
with the lung tumor histology. Moreover, radiomics based multivariate classifiers were 
independently validated for the prediction of histological subtypes. Despite achieving 
lower than optimal prediction accuracy (AUC 0.72), our analysis highlights the impres-
sive potential of non-invasive and cost-effective radiomics for precision medicine. Fur-
ther research in this direction could lead us to optimal performance and therefore to 
clinical applicability, which could enhance the efficiency and efficacy of cancer care.  
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INTRODUCTION 

Lung cancer is the leading cause of cancer related deaths worldwide with 150,000 
deaths per year in United States(1). Lung cancer is clinically divided into two groups: 
small cell lung cancer (SCLC, ~25%) and non-small cell lung cancer (NSCLC, ~75%)(2). 
The most common histological subtypes of NSCLC are adenocarcinoma (~38%) and 
squamous cell carcinoma (~20%)(3). These two subtypes have distinct histologic fea-
tures i.e. squamous cell carcinoma are associated with intercellular bridging and indi-
vidual cell keratinization, whereas glandular architecture is prominent for adenocarci-
noma(3,4). Histological classification of lung cancer provides important information 
about tissue characteristics and anatomical location. Adenocarcinoma often develops at 
the periphery of the lungs, while squamous carcinoma is generally located more cen-
trally (5). Differences have also been found in expression of glycolysis and hypoxia relat-
ed markers between histological subtypes, which suggests histology-specific glucose 
metabolism in NSCLC(5,6). In addition, histological tumor classification could determine 
the optimal treatment and/or therapy strategies(7). Recent advancement in the therapy 
for lung cancer is characterized by discovery of targetable mutations and histology 
based therapeutic regimen selection(7,8). For example, Pemetrexed is the preferred 
treatment for stage IV lung adenocarcinoma, whereas bevacizumab is not recommend-
ed for squamous carcinoma due to the risk of pulmonary hemorrhage observed in 
phase II trials (8-10). It has also been shown that treatment for stage III lung cancer, 
patients with squamous carcinoma has significant improvement in survival with cispla-
tin/gemcitabine versus cisplatin/pemetrexed, but for adenocarcinoma patients, the 
latter treatment provides superior survival rate(11,12). More importantly, histology 
classification increases the likelihood of identifying patients with targetable mutations 
like EGFR mutations which occurs primarily in adenocarcinoma(4).  

In routine clinical practice, the most common way of classifying tumor histology is 
through the histopathological analysis of tumor tissues via biopsy. This is clinically lim-
ited by the inherent risk of invasive procedures as well as poor time and cost efficiency 
(8). Therefore, automatic, non-invasive, and cost-effective alternatives are desired. 
Medical imaging provides promising opportunities in this regard. It assesses the tumor 
tissue characteristics non-invasively. Furthermore, it is relatively cost-effective and is 
already a routinely used clinical practice for oncologic diagnosis, staging, and treatment 
guidance(13-15).  

Radiomics, a high throughput data mining approach, can exploit the non-invasive 
medical image data (14). It focuses on extracting a large number of quantitative imaging 
features, which can provide a detailed and comprehensive characterization of the tu-
mor phenotype (8). Several studies have shown the prognostic/predictive power of 
radiomic features in different cancer types by using different medical imaging modali-
ties like CT (16,17), MRI(18), PET (15,19,20) US (21). It has been shown that radiomic 
features are associated with several clinically relevant factors, such as tumor stage (22), 
tumor metabolism(23), overall patient survival(17,24), metastasis (13), treatment re-
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sponse(25), and the underlying gene expression profiles(26,27). These associations can 
be leveraged to build efficient and effective prediction/prognostic models. Therefore, 
radiomics is a promising field providing a non-invasive and cost effective way for per-
sonalized medicine.   

A limited number of studies have investigated the association of radiomic features 
and NSCLC tumor histology (22,28). Most of them used a clustering based unsupervised 
approach for associating radiomic features with tumor histological subtypes. However, 
in order to achieve higher prediction accuracies, supervised methods are generally 
preferred over unsupervised approaches if labeled data is available. Furthermore, like 
any other high-throughput data mining approach, radiomics also falls prey to the curse 
of dimensionality which means we would need to get an enormous amount samples 
due to high dimensional radiomic features (29). Feature/variable selection is one of the 
solutions to this problem(30). Many feature selection methods have been proposed in 
machine learning literature, which should be applied for radiomics based predictive 
analyses (31).  

In this study, we investigated twenty-four commonly used feature selection meth-
ods and three supervised machine-learning classification methods for the prediction of 
lung cancer histologic subtypes, using independent training and validation cohorts from 
two different institutions. We first reduced the radiomic feature space into a non-
redundant subspace by using correlation based feature elimination. Second, we applied 
twenty-four (Information Gain, Gain Ratio Gini Index, MDL, DKM, ReliefF, and their 
variants) univariate filter based feature selection methods to the resultant non-
redundant feature subset. We chose these filter-based methods because of their popu-
larity in the literature and their high computational efficiency.  

The main objective of this study was to investigate the association between radiomic 
features and lung tumor histology. We employed machine-learning methods to build 
radiomics based multivariate classifiers for the prediction of tumor histology. Non-
invasive and cost-effective radiomic data could improve the histological classification 
and hence the treatment/therapy, which in general could have a large impact in cancer 
care. With improving image feature extraction techniques, a higher accuracy in classifi-
cation is expected to achieve. This work will serve as a promising prognostic tool for 
informing treatment choice and fostering personalized therapy for lung cancer patients. 

METHODS 

Datasets 

We used two NSCLC cohorts collected at different institutions in the Netherlands. The 
training dataset (Lung1) contains 198 patients (mean age 69.5, range 34-88 years) with 
pathologically confirmed adenocarcinoma (n=152) or squamous carcinoma (n=51), UICC 
stages I-IIIb, treated with radical radiotherapy or with chemo-radiation at MAASTRO 
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Clinic in Maastricht in the Netherlands. Classification of the tumors as either adenocar-
cinoma or squamous cell carcinoma was based on H&E (Haemotoxylin and Eosin) stain-
ing according to the World Health Organization (WHO) classification of malignant lung 
tumors. Experienced radiation oncologists using a standard clinical delineation protocol 
performed delineation based on fused PET-CT imaging. 

The test dataset (Lung2) has 152 patients (mean age 65.6, range 41-86 years) with 
pathologically confirmed adenocarcinoma (n=62) or squamous carcinoma (n=90), stag-
es (I-IVa), treated at Radboud University Medical Center in Nijmegen, the Netherlands, 
between February 2004 and October 2011. Histological classification was based on H&E 
staining according to the WHO classification of malignant lung tumors. Manual delinea-
tions of the CT-scans were available for all included patients in the two datasets. Fur-
ther details regarding the two data sets can be found in a previous paper (32). The Insti-
tutional Review Board of the Maastricht University Medical Center (MUMC+) and the 
Institutional Review Board of the Radboud University Medical Center (RUMC) waved 
review due to the retrospective nature of this study (32). 

Radiomic features 

Tumor phenotypic characteristics were quantified by extracting 440 3D radiomic fea-
tures from the segmented tumor regions of pretreatment CT images(32). All radiomic 
features can be divided into three groups: (1) Intensity: These features quantify the 
density of the tumor region on the CT image from the first order histogram of voxel 
intensities. (2) Shape: These features quantify the 3D geometric properties of the tu-
mors. (3) Texture: Textural features quantify the intra-tumor heterogeneity by using the 
gray level co-occurrence (GLCM) and gray level run length matrices (GLRLM). Intensity 
and textural features were also computed after applying 3D wavelet transformations 
(coiflet filters) to the original image. Matlab R2012b was used for the image analysis, 
and radiomic features were automatically extracted using Matlab R2012b. Details about 
the image analysis as well as the mathematical definition of the radiomic features can 
be found in previous literature(32). All radiomic data was centered and scaled before 
performing the analysis. 

Univariate analysis 

The association between the radiomic features and histological subtypes was assessed 
using the area under the receiver operating characteristic curve (ROC curve) (33). We 
computed AUC for all the features in a univariate manner.  Significance was estimated 
using a random permutation test with iteration of 1000. The analysis was performed 
using R package survcomp(34).  
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Feature selection 

Like any other high throughput approach, radiomics also has highly redundant feature 
space. So if we just rank features based on feature relevance, it is likely that highly cor-
related features have similar rank and they end up together in the selected feature 
subset(35). Several studies have discussed this issue with respect to filter based feature 
selection methods (36,37). Besides, correlated features can cause the classifiers to be 
sensitive to small changes in the datasets. This could cause a severe problem in cohorts 
with a different structure of collinearity(38).  

To address this problem we used a simple two-stage feature selection method by 
combing correlation based feature elimination and univariate feature selection. In the 
first stage, we eliminated highly correlated features using a correlation matrix. We cal-

culated column-wise average absolute correlation = ∑  for each feature. A 

threshold M is set for elimination, that is, for each pair-wise correlation  that exceed 
M, we removed the feature with higher column-wise average absolute correlation C. By 
eliminating those highly correlated features, we are left with “non-redundant” set of 
features. This process was implemented by R package ‘corrplot’ with ‘findCorrelation’ 
function (39).  

In the second stage, we applied univariate feature selection methods to the non-
redundant feature set generated in the first stage, and chose top ranked features. Fea-
ture ranking methods that we have used in this study are Gini index, Information Gain, 
Gain ratio, MDL, DKM and RelifF and their variants(40,41). Detailed description of these 
methods can be found in documentation of R package “CORElearn”(42).  

Most of the used feature selection methods rank features based on their discrimi-
nating abilities between classes. Assume we have a set of m dimensional feature vec-
tors A = (A , A , … A ) and c number of labeled classes = ( , , . . ). They evalu-
ate each feature by the purity gained by adding the split on = , . Split is the parti-
tioning of samples according the values of feature at evaluation. ( ) is the probability 
of class , and ,  is the probability of class  conditioned on the feature  has 
value ,  (43). These information theory based feature selection approaches and their 
corresponding scoring functions are described in Table 1. The derivatives and equations 
are cited and summarized from (40,43).  

ReliefF 
ReliefF (44) evaluates partitioning power of features based on how well their values 
distinguish between very similar instances. Given a randomly selected instance , it 
searches k nearest neighbors from the same class, and calls them “nearest hits” H, and 
also k nearest neighbors from the different class, and called them “nearest miss” M. It 
then updates the weight  for all attributes depending on   (40). The process is re-
peated for m times and result is averaged over m iterations, the function for iteration v 
is:  
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= − 1 ( , , ) + 1 ( ) , , ( )1 − ( , ),  

Where ( , , ) and ( , , ) are the contribution functions of nearest 
neighbors (hits and misses). For example, a simple contribution function can be averag-
ing differences of feature’s value for k neighbors: ( , , ) = ∑ ( , , ). ReliefF can efficiently evaluate features when 

there are strong dependencies among them (40), but like other feature filtering meth-
ods, it could not discriminate between redundant features. 

For each feature ranking method, we varied the selection size from five to 45 
(5,10,15,…45) and fit three classifier on the selected feature subset using training da-
taset. We then evaluate those classifiers by evaluating their prediction performance on 
validation cohort. Performance of each classifier is measured by AUC. All feature rank-
ing part is performed with R package “CORElearn” in R 3.2.0 (42). 

Classifier models 

Three classifiers: Random Forests, Naive Bayesian, and K-Nearest Neighbors were eval-
uated in this study.  

Random Forest is an ensemble learning method for classification, which consists of a 
collection of decision trees (45). It uses weighted average of those trees for the final 
decision.  This classifier is robust to noises and outliers, and can handle high dimension-
al spaces fast, but it has been observed to have overfitting problem (45). In this experi-
ment, we set the number of decision trees to 100, and the number of nearest instances 
for weighted classification to 30. 

Naïve Bayes is another efficient learning algorithms for machine learning. It is a 
probabilistic classifier based on Bayes's rule and strong conditional independence as-
sumption among features. The probability of an example = ( , … ) belonging 

to class c is defined as ( | ) = ( | ) ( )( ) . E is classified to a positive class if and only if ( ) = ( | )( | ) ≥ 1. Assume all features are independent and given the class ( | ) = ( , , … | ) = ∏ ( | )( | ), the Bayes classifier is: ( ) =( )( ) ∏ ( | )( | ).  
Naïve Bayes has advantage of requiring small amount of training data to estimate 

each parameter. Although Naive Bayes has strong independency assumptions which is 
hardly to meet in practice, it has been shown to be effective even in cases of completely 
deterministic dependency among features(46). 

K-Nearest Neighbors is another non-parametric method used for classification. It is 
one of the simplest learning methods. The advantage of K-Nearest Neighbors is that it 
makes no assumption about the characteristic of the features. One major problem is 
that it is easily misled by irrelevant features to the classification (noise) and highly sus-
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ceptible to curse of dimensionality. Therefore feature selection is important before 
fitting this model(47). Moreover, it is computationally intensive classification method.. 
We used k=9 for the implementation of this method. 

RESULTS 

A total of 440 radiomic features were investigated in terms of their association with and 
power to predict tumor histology. Feature selection and classification training was done 
using the training cohort Lung1 (n=198) and the performance was evaluated in the 
independent validation cohort Lung2 (n=152). 
 

 
Figure 1. Plot of univariate AUC for fifty-three significant radiomic features 
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Univariate analysis of the training dataset shows fifty-three features have significant 
predictive power (5% FDR corrected), nearly all of which are wavelet transformed fea-
tures. Wavelet_HLH_glcm_correl1 had the highest AUC of 0.66 (CI:0.57-0.74, P value: 
0.003) (Figure 1). The adenocarcinoma subgroup has a higher value than the squamous 
carcinoma subgroup for nine Gray-Level Co-Occurrence Matrix (GLCM) based texture 
features (HLH and LLH wavelet transformed Energy, Homogeneity1, Homogeneity2, 
Inverse Variance, LLH wavelet transformed Maximum Probability) and two Gray-Level 
Run-Length texture features (LLH wavelet transformed Long-Run-Emphasis and Long 
Run High Gray Level Emphasis). On the other hand, the squamous carcinoma subgroup 
has a higher value for four RLGL features (HLH and LLH wavelet transformed Run Per-
centage and Short Run Emphasis) and one statistic feature (LLH wavelet transformed 
Kurtosis). 

In multivariate analysis, we observed that about 75% of the features had absolute 
pairwise Pearson correlations higher than 0.8, and 67% were over 0.9 (Table 2). To 
reduce redundancy, we removed features having high absolute pair-wise correlation (C 
= 0.8). The feature number was reduced from 440 to 67 after eliminating redundant 
features (Figure 2). The mean of the absolute pair-wise correlations was reduced from 
0.36 to 0.18 and the interquartile range (IQR) for the correlations was reduced from 
0.39 to 0.20.  

To select the most relevant features, we applied 24 filtering methods to the reduced 
feature sets. For each filtering method, we incrementally selected 5 to 45 features with 
an increment of 5 features (5, 10, 15, … 45). Three classifiers were then developed on 
selected features in the training dataset and the classification accuracy of each classifier 
was tested on the validation dataset (Fig 3, Fig 4, Fig 5). The model with the best per-
formance (AUC = 0.72, P value = 2.3 × 10 ) was Naive Bayes, with five predictors se-
lected by ReliefFDistance. We obtained the optimal cutoff on the ROC curve of training 
cohort and used that cutoff of probability score on validation cohort to measure other 
prediction measures (Table 2).  

As far as feature selection method is concerned, ReliefFDistance showed the highest 
predictive performance with all three classifiers: Random Forest (AUC = 0.69), Naïve 
Bayes (AUC = 0.72), and K-Nearest Neighbors (AUC = 0.64). Feature selection method 
ImpurityHellinger for Random forest (AUC = 0.61), Gain Ratio for K Nearest Neighbor 
(AUC = 0.55), and EqualHellinger (AUC = 0.62) for Naïve Bayes showed lowest predictive 
performance. It can be observed that features evaluated using ReliefF variants had the 
most favorable performances for all three classifiers (see Fig3-5).  

In order to compare overall performance the classifiers, we used the median AUC 
across all twenty-four feature selection method as a representative AUC of each classi-
fier. Naïve Bayes had the highest performance while K-Nearest Neighbor showed the 
lowest performance. Random Forest is the least sensitive to feature selection methods 
as it showed very little standard deviation in AUC (Table 3). 
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Figure 2. Plot of absolute value of pair-wise Pearson correlations of radiomic features in the training dataset 
before and after correlation filtering. 

 

 
Figure 3. Heatmap describing the predicative performance (AUC) of Random Forest in NSCLC histology classifi-
cation across feature selection methods (in columns) and range of selection sizes (in rows). 
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Figure 4. Heatmap describing the predicative performance (AUC) of Naïve Bayes in NSCLC histology classifica-
tion across feature selection methods (in columns) and range of selection sizes (in rows). 

DISCUSSION 

Medical imaging has the capacity to assess tissues characteristics non-invasively and 
therefore it is routinely used for diagnostic and treatment purposes in cancer care. An 
emerging field radiomics, quantifies phenotypic characteristic of tumor tissues on medi-
cal images. In this study, we investigated the association of radiomic features and the 
NSCLC histological subtypes. In our univariate analysis we observed fifty-three features 
having significant association with histological subtypes. Despite the difference in the 
class distributions between training and validation dataset, the multivariate machine 
learning models achieved high prediction accuracy, which suggests the effectiveness of 
these advanced machine-learning approaches as well as the strong association of radi-
omic features and NSCLC histology.  
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Figure 5. Heatmap describing the predicative performance (AUC) of K-Nearest Neighbors in NSCLC histology 
classification across feature selection methods (in columns) and range of selection sizes (in rows). 

 
Our study showed that ReliefF and its variants were optimal among the twenty-four 
feature selection methods assessed. Particularly, RelifFbestK, ReliefFmerit, ReliefFdis-
tance and ReliefFsqrDistance were consistently effective for all three classifiers. One 
reason for this is that the ReliefF-family does not assume the independence of features, 
unlike many other feature selection methods. The ReliefF algorithms are able to detect 
context information among features and thus more accurately deals with situations 
where dependencies are present (48). However, like other feature selection methods, 
ReliefF is also unable to detect redundant features which tend to have similar scores for 
evaluation(49). We took care of this problem by performing correlation based feature 
elimination before feature selection stage. 

For the performance of three classifiers, Naïve Bayes performs better than Random 
Forest and K-Nearest Neighbors. Although the median performance across feature 
selection methods was about the same for Naïve Bayes and Random Forest, the best 
model achieved by Naïve Bayes (AUC: 0.72; P value=2.3 × 10 ) was higher than Ran-
dom Forest (AUC: 0.68; P value = 1.38 × 10 ). K-Nearest Neighbors has the lowest 
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performance among the three classifiers, and ReliefF could only slightly improve its 
accuracy. This may because K-Nearest Neighbors is very sensitive to noise (47).  

A shortcoming of our study is that the cut-off M= 0.8 is arbitrarily chosen in the cor-
relation elimination part. One could set a more stringent or relaxed threshold based on 
the degree of redundancy in the dataset. A better approach would use a range of 
thresholds, combine them with second stage feature selection, and choose one with 
the most favorable result. Additionally, this two-stage feature selection is expected to 
fail when the interaction of two non-informative features has strong predictive power. 
In this case, a multivariate feature selection method like mRMR is more suitable(35). 

Recently, Parmar et al. (22) identified and validated cancer specific radiomic feature 
clusters using consensus clustering, which provided an important tool to enhance the 
feature selection process. Their study found radiomic features’ association with histolo-
gy using an unsupervised method and achieved AUC=0.64 for prediction. In our study by 
using supervised feature selection methods, we achieved higher AUCs. In another study, 
Basu et al. used decision trees and support vector machines for tumor classification, 
and results showed that ReliefF outperformed wrapper methods for 2D radiomic fea-
tures(28). However, unlike our study, their results were based on a smaller cohort 
(n=74) and lacked independent validation due to the unavailability of an independent 
validation cohort. Lastly Yi Zhang et al presented a two-stage feature selection method 
by combining ReliefF and mRMR (31). They showed that such a hybrid feature selection 
approach could improve the effectiveness of gene selection, and this could provide 
better discrimination for biological subtypes. This new algorithm’s ability in selecting 
radiomic features for histology classification should be evaluated in further studies.  

It should also be noted that retrospective cohorts based radiomic studies like this, 
face many challenges. Radiomic features are sensitive to the variability of imaging scan-
ners and scanning parameters (50,51), tumor delineation methods (52,53), image re-
construction (54) and discretization techniques (55)etc. These different factors are not 
controlled for retrospective cohorts, which maybe one of the reason for not so impres-
sive performance. Prospective cohorts created by controlling these factors could pro-
vide higher performance. In future studies, the performance of classifiers can be en-
hanced if we incorporate genetic signatures and clinical features like tumor grade, loca-
tion, smoking history, and obesity (56,57). For example, a recent study showed that 
body mass index was inversely associated with squamous carcinoma, yet for adenocar-
cinoma the association was positive(57). It is also important to take genetic heterogene-
ity into account. Recent studies examining gene expression profiles have identified 
several genes distinguishing adenocarcinoma and squamous carcinoma (58-60). Hence, 
future study incorporating clinic characteristics and genomic data will improve classifi-
cation accuracy.  

In conclusion, radiomic features have strong predictive power for classification of 
NSCLC histology. With expanding cohorts and improving image feature extraction tech-
niques, we expect higher accuracy in classification using radiomics. This work will serve 
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as a promising diagnostic tool for identifying lung cancer histology in a non-invasive way 
and thus informing treatment choices and personalized therapy for lung cancer patients. 

TABLES 

Table 1. Feature filtering methods and corresponding scoring schemes.  

Feature 
Filtering 
Methods 

Scoring Function 

Information 
Gain(44) 

( ) = ( ) log ( ) − , ,  

Gain Ratio(61) ( ) = ∑ ( ) log ( ) − ∑ ∑ , ,∑ log  

 

Gini Index(62) ( ) = ( ) − ,  

MDL(63) ( ) = 1 (log ., … , . − ., … + log ( + + 1− 1 ) − ( . + − 1− 1 ) 

Where is number of samples from class i with jth value of features. 

DKM(40) ( ) = 2 ( )(1 − ( ) − | (1 − |   where ( ) = max  ( ) represent most probable class value. 

 
Table 2. Classification Accuracy of the optimal classifier 

Optimal Cut-off Sensitivity Specificity PPV NPV Accuracy 
0.271 0.55 0.8 0.72 0.65 0.70 

 
Table 3. Table describing the median value of AUC, the optimal number of features, and AUC for best/worst 
features selection methods. 

Classifier AUC 
(median± sd) 

Optimal feature 
number 

Best/worst feature selection method(AUC) 

Naïve Bayes 0.64±0.028 5 ReliefFdistance(0.72)/ EqualHellinger (0.62) 

Random Forest 0.63±0.012 15 ReliefFdistance(0.69)/ 
ImpurityHellinger(0.61) 

K-Nearest Neighbor 0.60±0.23 20 ReliefFdstance(0.64)/Gain Ratio(0.55) 
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ABSTRACT 

Radiomics extracts and mines large number of medical imaging features quantifying 
tumor phenotypic characteristics. Highly accurate and reliable machine-learning ap-
proaches can drive the success of radiomic applications in clinical care. In this radiomic 
study, fourteen feature selection methods and twelve classification methods were ex-
amined in terms of their performance and stability for predicting overall survival. A total 
of 440 radiomic features were extracted from pre-treatment computed tomography 
(CT) images of 464 lung cancer patients. To ensure the unbiased evaluation of different 
machine-learning methods, publicly available implementations along with reported 
parameter configurations were used. Furthermore, we used two independent radiomic 
cohorts for training (n=310 patients) and validation (n=154 patients). We identified that 
Wilcoxon test based feature selection method WLCX (stability=0.84±0.05, 
AUC=0.65±0.02) and a classification method random forest RF (RSD=3.52%, 
AUC=0.66±0.03) had highest prognostic performance with high stability against data 
perturbation. Our variability analysis indicated that the choice of classification method is 
the most dominant source of performance variation (34.21% of total variance). Identifi-
cation of optimal machine-learning methods for radiomic applications is a crucial step 
towards stable and clinically relevant radiomic biomarkers, providing a non-invasive way 
of quantifying and monitoring tumor-phenotypic characteristics in clinical practice. 
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INTRODUCTION 

‘Precision oncology’ refers to the customization of cancer care, where practices and/or 
therapies are being tailored to individual patients. Such customization process can max-
imize the success of preventive and therapeutic interventions with minimum side ef-
fects. Most of the precision oncology related research has centered on the molecular 
characterization of tumors using genomics based approaches, which require tissue 
extraction by tumor biopsies. Although several genomics based approaches have suc-
cessfully been applied in clinical oncology1, there are inherent limitations to biopsy 
based assays. Tumors are spatially and temporally heterogeneous, and repeated tumor 
biopsies, which increase the risk for a patient, are often required to capture the molecu-
lar heterogeneity of tumors. These ethical and clinical challenges related to biopsy-
based assays, can be addressed by medical imaging, which is a routine practice for can-
cer diagnosis and staging in clinical oncology. Unlike biopsies, medical imaging is non-
invasive and can provide information regarding the entire tumor phenotype, including 
the intra-tumor heterogeneity. Furthermore, recent advances in high-resolution image 
acquisition machines and computational hardware allow the detailed and efficient 
quantification of tumor phenotypic characteristics. Therefore, medical imaging provides 
unprecedented opportunities for precision oncology. 
“Radiomics”, an emerging and promising field, hypothesizes that medical imaging pro-
vides crucial information regarding tumor physiology, which could be exploited to en-
hance cancer diagnostics2. It provides a comprehensive quantification of tumor pheno-
types by extracting and mining large number of quantitative imaging features3. Several 
studies have investigated various radiomic features in terms of their prognostic or pre-
dictive abilities and reliability across different clinical settings4-10. Different studies have 
shown the discriminating capabilities of radiomic features for the stratification of tumor 
histology6, tumor grades or stages11, and clinical outcomes8,12,13. Moreover, some stud-
ies have reported the association between radiomic features and the underlying gene 
expression patterns8,14,15.  
“Machine-learning” can be broadly defined as computational methods/models using 
experience (data) to improve performance or make accurate predictions16. These pro-
grammable computational methods are capable of “learning” from data and hence can 
automate and improve the prediction process. Predictive and prognostic models with 
high accuracy, reliability, and efficiency are vital factors driving the success of radiomics. 
Therefore, it is essential to compare different machine-learning models for radiomics 
based clinical biomarkers. Like any high-throughput data-mining field, radiomics also 
underlies the curse of dimensionality17, which should be addressed by appropriate fea-
ture selection strategies. Moreover, feature selection also helps in reducing overfitting 
of models (increasing the generalizability). Thus, in order to reduce the dimensionality 
of radiomic feature space and enhance the performance of radiomics based predictive 
models, different feature selection methods18 should be thoroughly investigated. How-
ever, as radiomics is an emerging research field, most of the published studies have only 
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assessed the predictive capabilities of radiomic features without putting much emphasis 
on the comparison of different feature selection and predictive modeling methods. Only 
few recent studies have investigated the effect of different feature selection and ma-
chine learning classification methods on radiomics based clinical predictions19,20, but 
with limited sample sizes. Furthermore, these studies lacked independent validation of 
the results, which may restrict the generalizability of their conclusions. 
In this study, we investigated a large panel of machine-learning approaches for radi-
omics based survival prediction. We evaluated 14 feature selection methods and 12 
classification methods in terms of their predictive performance and stability against 
data perturbation. These methods were chosen because of their popularity in literature. 
Furthermore, publicly available implementations along with reported parameter config-
urations were used in the analysis, which ensured an unbiased evaluation of these 
methods. Two independent lung cancer cohorts were used for training and validation, 
with in total image and clinical outcome data of 464 patients. Feature selection and 
predictive modeling are considered as the important building blocks for high through-
put data driven radiomics. Therefore, our investigation could help in the identification 
of optimal machine-learning approaches for radiomics based predictive studies, which 
could enhance the applications of non-invasive and cost-effective radiomics in clinical 
oncology. 

METHODS 

Radiomic Features  

A total of 440 radiomic features were used in the analysis. These radiomic features 
quantified tumor phenotypic characteristics on CT images and are divided into four 
feature groups: I) tumor intensity, II) shape, III) texture and IV) wavelet features. Tumor 
intensity based features estimated the first order statistics of the intensity histogram, 
whereas shape features described the 3D geometric properties of the tumor. Textural 
features, derived from the gray level co-occurrence (GLCM)21 and run length matrices 
(GLRLM)22, quantified the intra-tumor heterogeneity. These textural features were 
computed by averaging their values over all thirteen directions. Wavelet features are 
the transformed domain representations of the intensity and textural features. These 
features were computed on different wavelet decompositions of the original image 
using a coiflet wavelet transformation. Matlab R2012b (The Mathworks, Natick, MA) 
was used for the image analysis. Radiomic features were automatically extracted by our 
in-house developed radiomics image analysis software, which uses an adapted version 
of CERR (Computational Environment for Radiotherapy Research)23 and Matlab for the 
preprocessing of medical images. Mathematical definitions of all radiomic features, as 
well as the extraction methods, were previously described8.  
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Datasets  

In this study, we employed two NSCLC cohorts from the two different institutes of 
Netherlands: (1) Lung1: 422 NSCLC patients treated at MAASTRO Clinic in Maastricht. 
(2) Lung2: 225 NSCLC patients treated at Radboud University Medical Center in Nijme-
gen. CT-scans, manual delineations and clinical data were available for all included pa-
tients. More details on the included datasets are described in Supplementary-A. We 
dichotomized the censored continuous survival data using a cutoff time of 2 years. The 
patients who lived beyond the cutoff time were labeled as 1, whereas the deceased 
ones were labeled as 0. The objective of the study was to stratify patients into these 
two labeled survival classes. Two-years is considered as a relevant survival time for 
NSCLC patients and several other studies have designed their prediction models using a 
survival cutoff of 2 years24-26. We excluded the patients, which were followed for less 
than 2 years. It resulted in 310 patients in training cohort (Lung1) and 154 patients in 
validation cohort (Lung2). All the features were normalized using Z-score normalization. 

Feature Selection Methods 

Fourteen feature selection methods based on filter approaches were used in the analy-
sis (Fisher score (FSCR), Relief (RELF), T-score (TSCR), Chi-square (CHSQ), Wilcoxon 
(WLCX), Gini index (GINI), Mutual information maximization (MIM), Mutual information 
feature selection (MIFS), Minimum redundancy maximum relevance (MRMR), Condi-
tional infomax feature extraction (CIFE), Joint mutual information (JMI), Conditional 
mutual information maximization (CMIM), Interaction capping (ICAP), Double input 
symmetric relevance (DISR)). In order to improve the readability of this manuscript, we 
have defined all the acronyms related to feature selection methods in Table-1. We 
chose these methods mainly because of their popularity in literature, simplicity and 
computational efficiency. Furthermore, publicly available implementations were readily 
available for these methods27,28, which increases their reusability. Filter methods are 
feature-ranking methods, which rank the features using a scoring criterion. All filter 
based feature selection methods can be divided into two categories: univariate meth-
ods and multivariate methods. In case of univariate methods, the scoring criterion only 
depends on the feature relevancy ignoring the feature redundancy, whereas multivari-
ate methods investigate the multivariate interaction within the features and the scoring 
criterion is a weighted sum of feature relevancy and redundancy. Feature relevancy is a 
measure of feature’s association with the target/outcome variable, whereas feature 
redundancy is the amount of redundancy present in a particular feature with respect to 
the set of already selected features. Further description regarding the theoretical for-
mulation of feature selection problem and each of the used feature selection methods 
can be obtained from Supplementary-B online.  
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Classifiers 

In machine-learning, the classification is considered as a supervised learning task of 
inferring a function from labeled training data16. The training data consists of a set of 
examples, where each example is represented as a pair of an input vector (features) and 
a desired output value (target or category label). The classification algorithm (classifier) 
analyzes the training data and infers a hypothesis (function), which can be used for 
predicting the labels of unseen observations. Many classifiers belonging to different 
areas of computer science and statistics have been proposed in machine-learning litera-
ture29. In our study, we used 12 machine-learning classifiers arising from 12 classifier 
families (Bagging (BAG), Bayesian (BY), Boosting (BST), Decision trees (DT), Discriminant 
analysis (DA), Generalized linear models (GLM), Multiple adaptive regression splines 
(MARS), Nearest neighbors (NN), Neural networks (Nnet), Partial least square and prin-
ciple component regression (PLSR), Random forests (RF), and Support vector machines 
(SVM)). The acronyms related to classifiers are defined in Table-1. Except of BY, all the 
classifiers were implemented using R package caret30, which provides a nice interface to 
access many machine-learning algorithms in R. Furthermore, it also provides a user-
friendly framework for training different machine-learning models. Classifiers were 
trained using the repeated (3 repeat iterations) 10 fold cross validation of training co-
hort (Lung1) and their predictive performance was evaluated in the validation cohort 
(Lung2) using area under ROC curve (AUC). We used parameter configurations that 
were previously defined by Fernandez-Delgado et. al31 in a comprehensive comparative 
study of 179 classifiers and 121 different datasets.  We have listed the classification 
methods along with their parameters and corresponding R packages in Supplementary-
C online.  

Analysis 

Predictive Performance of Feature Selection and Classification Methods 
In order to investigate and compare different feature selection and classification meth-
ods, we created a three-dimensional parameter grid for the analysis. For each of the 14 
feature selection methods, we incrementally selected features ranging from 5 up to 50, 
with an increment of 5 features (n= 5, 10, 15, 20, … , 50). These subsets of selected 
features were then evaluated by using each of the 12 machine-learning classifiers and 
area under ROC curves (AUC).  

Stability of Feature Selection and Classification Methods  
In order to assess the stability of feature selection methods, we used a stability measure 
proposed by Yu et al32 under the hard data perturbation settings33. We quantified the 
stability of a method as the similarity between the results obtained by the same feature 
selection method, when applied on the two non-overlapping partitions (of size N/2) of 
the training cohort (Lung1). To compute similarity between the two resultant feature 
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sets, a weighted complete bipartite graph was constructed, where the two node sets 
corresponded to the two sets of selected features. The edge weights were assigned as 
the absolute Spearman correlation coefficient between the features at the nodes. We 
then applied the Hungarian algorithm34 to identify the maximum weighted matching 
between the two node sets, and then similarity was quantified as the final matching 
cost. For each feature selection method, we computed the stability 100 times using a 
bootstrap approach and reported the median ± std values in the results.  

The empirical stability of a classifier was quantified using the relative standard devia-
tion (RSD %) and a bootstrap approach. We first selected 30 representative features 
using the Wilcoxon based feature selection method WLCX and used them to compute 
the classifier stability. For each classification method, we trained the model on the sub-
sampled training cohort (size N/2) and validated the performance on the validation 
cohort using AUC. Subsampling of the training cohort was done 100 times using a boot-
strap approach. RSD is the absolute value of the coefficient of variation and is often 
expressed in percentage. Here, it was defined as 

   

where  and  were the standard deviation and mean of the 100 AUC values 
respectively. It should be noted that higher stability in the case of classifiers corre-
sponds to lower RSD values. 

Stability and Predictive Performance  
In order to identify the highly reliable and accurate methods, we used the median val-
ues of AUC and stability as thresholds. We created two rank lists based on AUC & stabil-
ity and cited the methods as highly accurate and reliable, which ranked in the top half (≥ 
median value) of both the ranked lists. Feature selection methods having stability ≥ 
0.735 (median stability of all feature selection methods) and AUC ≥ 0.615 (median AUC 
of all feature selection methods) are considered as highly reliable and accurate meth-
ods. Similarly, classification methods having RSD ≤ 5.97 (median RSD of all classifiers) 
and AUC ≥ 0.61 (median AUC of all classifiers) are considered as highly reliable and 
accurate ones.  

Experimental Factors Affecting the Radiomics Based Survival Prediction  
There are three main experimental factors, which can potentially affect the prediction 
of radiomics based survival prediction: feature selection method, classification method 
and the number of selected features. Multifactor ANOVA was used to quantify the vari-
ability in AUC scores contributed by these factors and their interactions. In order to 
compare the variability contributed by each factor, the estimated variance components 
were divided by the total variance.     

All the analysis was done using R software (R Core Team, Vienna, Austria) version 
3.1.2 and Matlab R2012b (The Mathworks, Natick, MA) with Windows 7. 
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RESULTS 

To investigate the machine-learning approaches for prognostic radiomic biomarkers, a 
total of 440 radiomic features were extracted from the segmented tumor regions of the 
pre-treatment CT images of two independent NSCLC cohorts. Feature selection and 
classification training was done using the training cohort Lung1 (n = 310 patients), 
whereas the validation cohort Lung2 (n = 154 patients) was used to assess the predic-
tive performance [see Figure 1]. 
 

 
Figure 1. A total of 440 radiomic features were extracted from the segmented tumor regions of the pre-
treatment CT images of 464 NSCLC patients. Feature selection and classification training was done using the 
training cohort Lung1 (n=310), whereas Lung2 (n=154) cohort was used as a validation cohort.  
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Predictive Performance of the Feature Selection and Classification Methods 

Predictive performance of different feature selection and classification methods was 
assessed using the area under receiver operator characteristic curve (AUC). Figure 2 
depicts the performance of feature selection (in rows) and classification methods (in 
columns) using 30 selected features, which are the 30 top ranked features, resulted in 
feature selection. For each classification method, there are 14 AUC values correspond-
ing to the 14 different feature selection methods. We used a median of all 14 AUC val-
ues as a representative AUC of a classifier. Similarly, for each feature selection method, 
a median of 12 AUCs (corresponding to 12 classification methods) is used as a repre-
sentative AUC. These representative AUC values for the classification and feature selec-
tion methods are given in Table 2. For classification methods, random forest (RF) dis-
played highest predictive performance (AUC:  0.66 ± 0.03) (median ± std), whereas 
decision tree (DT) (AUC: 0.54 ± 0.04) showed the lowest predictive performance. As far 
as feature selection methods are concerned, the Wilcoxon test based method WLCX 
showed highest predictive performance (AUC: 0.65 ± 0.02), whereas method CHSQ 
(AUC: 0.60 ± 0.03) and CIFE (AUC: 0.60 ± 0.04) had the lowest median AUCs. We re-
peated the above experiment by varying the number of selected features (range 5-50). 
Results corresponding to 10, 20, 40 and 50 representative (top ranked) features are 
reported in Supplementary Figures S1, S2, S3 and S4 online. Furthermore, median AUC 
values over each of the experimental factors (feature selection methods, classification 
methods and number of selected features) are depicted by the heatmaps in Supple-
mentary Figures S5, S6 and S7 online. Here as well, random forest (RF) (classifier) and 
Wilcoxon test based method WLCX (feature selection) showed highest median AUCs in 
majority of cases.  

Stability of the Feature Selection and Classification Methods 

We assessed the feature selection methods in terms of their stability against data 
resampling using the hard data perturbation settings33. We observed that MIM was the 
most stable method (stability = 0.94 ± 0.02) (median ± std) followed by RELIEF (stability 
= 0.91 ± 0.05) and WLCX (stability = 0.84 ± 0.05), whereas GINI (stability = 0.68 ± 0.10), 
JMI (stability = 0.68 ± 0.05), CHSQ (stability = 0.69 ± 0.09), DISR (stability = 0.69 ± 0.05) 
and CIFE (stability = 0.69 ± 0.05) showed comparatively low stability [Table 2].  

Empirical stability of classification methods was quantified using the relative stand-
ard deviation (RSD) and a bootstrap approach. We observed that BY was the most sta-
ble classification method (RSD = 0.86%) followed by GLM (RSD = 2.19%), PLSR (RSD = 
2.24%) and RF (RSD = 3.52%). BST had the highest relative standard deviation in AUC 
scores (RSD = 8.23 %) and hence the lowest stability among the classification methods. 
RSD (%) values corresponding to all 12 classifiers are reported in Table 2.  
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Figure 2. Heatmap depicting the predictive performance (AUC) of feature selection (in rows) and classification 
(in columns) methods. It can be observed that RF, BAG and BY classification methods and feature selection 
methods WLCX, MRMR and MIFS shows relatively high predictive performance in many cases. 

Stability and Predictive Performance  

Scatterplots in Figure 3 assesses the stability and prediction performance. It can be 
observed that feature selection methods WLCX (stability = 0.84 ± 0.05, AUC = 0.65 ± 
0.02), MIFS (stability = 0.8 ± 0.03, AUC = 0.63 ± 0.03), MRMR (stability = 0.74 ± 0.03, 
AUC = 0.63 ± 0.03) and FSCR (stability = 0.78 ± 0.08, AUC = 0.62 ± 0.04) should be pre-
ferred as their stability and predictive performance was higher than the corresponding 
median values across all feature selection methods (stability = 0.735, AUC= 0.615). 
Similarly for classification methods, RF (RSD = 3.52%, AUC = 0.66 ± 0.03), BY (RSD = 
0.86%, AUC = 0.64 ± 0.05), BAG (RSD = 5.56%, AUC = 0.64 ± 0.03), GLM (RSD = 2.19%, 
AUC = 0.63 ± 0.02), and PLSR (RSD = 2.24%, AUC = 0.63 ± 0.02), the stability and predic-
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tive performance was higher than the corresponding median values (RSD = 5.93%, AUC 
= 0.61).  
 

 
Figure 3. Scatterplots between the stability and predictive performance (AUC) of feature selection (FS) (Left) 
and classification methods (CF) (right). Feature selection methods having stability ≥ 0.735 (median stability of 
FS) and AUC ≥ 0.615 (median AUC of FS) are considered as highly reliable and predictive methods. Similarly, 
classification methods having RSD ≤ 5.97 (median RSD of CF) and AUC ≥ 0.61 (median AUC of CF) are consid-
ered as highly reliable and accurate ones. Highly reliable and predictive methods are displayed in a gray 
square region. 

Experimental Factors Affecting the Radiomics Based Survival Prediction  

To quantify the effects of the three experimental factors (feature selection methods, 
classification methods and the number of selected features), we performed multifactor 
analysis of variance (ANOVA) on AUC scores. We observed that all three experimental 
parameters and their interactions are the significant factors affecting the prediction 
performance [Figure 4]. Classification method was the most dominant source of varia-
bility as it explained 34.21% of the total variance in AUC scores. Feature selection ac-
counted for the 6.25%, whereas interaction of classifier & feature selection explained 
23.03% of the total variation. Size of the selected (representative) feature subset only 
shared 1.65% of the total variance [Figure 4].  
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Figure 4. Variation of AUC explained by the experimental factors and their interactions. It can be observed 
that classification method was the most dominant source of variability. Size of the selected (representative) 
feature subset shared the least of the total variance. 

DISCUSSION 

Medical imaging is a routinely used and easily accessible source of information in clinical 
oncology. It serves as a non-invasive and cost-effective cancer diagnostic tool. Radi-
omics employs the medical imaging data for the customization of cancer care and 
hence adds a new and promising dimension to precision oncology2,3,8.  Moreover, it can 
also capture the intra-tumor heterogeneity, which is often considered as an important 
biomarker in oncology12,35-37. A number of studies have built radiomics based predictive 
models for various clinical factors (tumor grades, survival outcomes, treatment re-
sponse, etc.)12. For the successful realization of radiomics based predictive analyses, it is 
required to evaluate and compare different feature selection and predictive modeling 
methods, which was the primary objective of this study.  

Various feature selection methods have been employed for high-throughput data 
mining problems38. In general, feature selection methods are categorized into three 
main categories: (1) filter methods (2) wrapper methods and (3) embedded methods. In 
this study, we investigated 14 different filter based approaches for radiomics based 
survival prediction. We only used filter-based approaches because they are computa-
tionally more efficient and less prone to overfitting than the wrapper and embedded 
methods18,27. Furthermore, unlike wrapper and embedded methods, filter methods are 
classifier independent. Thus, they allow separation of the modeling and feature selec-
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tion component of the predictive analysis, which increases the generalizability of each 
component and hence the overall analysis.  

We also investigated 12 machine-learning classification methods belonging to 12 dif-
ferent classifier families. Many classifiers have been proposed in the machine-learning 
literature. Theoretically speaking, these classifiers belong to different fields (classifier 
families) of computer science and statistics. Therefore, it could really be difficult to 
understand the underlying assumptions of each and every classifier and tune the pa-
rameters in an unbiased manner. The parameter tuning could be biased by user’s more 
(or lack of) expertise with some classifiers over the others. Usually, the studies, which 
propose a new classifier, only compare it to the reference classifiers of same family 
excluding the other classifier families. Even if classifiers belonging to different families 
are considered for comparison, these reference classifiers are usually implemented 
using simple tools and with limited parameter configurations while carefully tuning the 
proposed classifier. These could consequently bias the results in favor of the proposed 
classifiers31. In our study, we are not proposing any new classifier and we have used the 
same implementation tool (R package caret) for all the classifiers. Furthermore, to en-
sure unbiased usage of classifiers, we used parameter configurations that were previ-
ously defined by Fernandez-Delgado et.al31, in an exhaustive study of comparing 179 
classifiers over 121 different datasets. These parameter configurations were selected 
from the literature and have been previously validated on a large number (121) of da-
tasets belonging to different fields. Furthermore, in our study, the parameters were 
tuned using the repeated cross validation of training data only. Hence, our experimental 
design allowed us to evaluate different classification methods in an unbiased manner. 

Our results show that the Wilcoxon test based feature selection method WLCX 
yields the highest predictive performance with the majority of classifiers. Interestingly, 
WLCX is a simple univariate method based on ranks, which does not take into account 
the redundancy of selected features during feature ranking. The majority of feature 
selection methods gave highest predictive performance when used with the random 
forest (RF) classifier. One could argue that with different parameter configurations, the 
performance of classification methods may improve further. An exhaustive parameter 
tuning could be investigated for evaluating the improvement of prediction perfor-
mance. However, the required computational resources and high time complexity can 
hinder the exhaustive search. We expect that future radiomic studies focusing on dif-
ferent clinical outcomes and similar analysis framework could provide better under-
standing in this regard. A limited number of methods, which are consistently high per-
forming across different radiomic studies, could be further assessed with an exhaustive 
parameter tuning. Nevertheless, It should be noted that random forests (RF) have dis-
played high predictive performance in several other biomedical and other domain ap-
plications as well31. These results indicate that choosing the WLCX feature selection 
method and/or RF classification method increases predictive performance in radiomics.  

Results related to our stability analysis provide another dimension for choosing the 
feature selection and classification methods. Depending upon the applications, one may 
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give importance to the predictive performance or stability and accordingly opt for the 
required method. Results related to multifactor ANOVA indicated that the classification 
method is the most dominant source of variation in the prediction performance (AUC) 
and hence should be chosen carefully. Size of the selected feature subset contributed 
the least in the total variation of AUC. 

Only few studies have investigated and compared different feature selection and 
machine-learning modeling methods for radiomics based clinical predictions19,20. Re-
cently, Hawkins et.al19 have compared four different feature selection and classification 
methods for CT based survival prediction of NSCLC patients. This study, however, was 
limited by the small cohort size as the final results were obtained on only 40 patients. 
Furthermore, it also lacked an independent validation of the results. On the contrary, 
two independent radiomic cohorts of sizes 310 and 154 patients were used in our anal-
ysis and an independent validation of the results was reported.  

Our radiomic analysis is focused on the prediction of two-year patient survival in 
NSCLC patients. It provides an unbiased evaluation of different machine-learning meth-
ods of feature selection and classification. It could be considered as a reference for the 
future radiomics based predictive studies. Our results indicated that choosing Wilcoxon 
test based feature selection method WLCX and/or random forest (RF) classification 
method gives highest performance for radiomics based survival prediction. Further-
more, these methods also turned out reasonably stable against data perturbation and 
hence they could be preferred for radiomics based predictive studies. These results 
should be further tested in other radiomics based predictive studies, with different 
imaging modalities and in different cancer types.  

It has been previously shown that for NSCLC patients, statistical models based on 
patient’s tumor and treatment characteristics provide significantly better predictions 
than the human expert24. Moreover, several other studies have highlighted the limita-
tion of doctors’ prognostic capability for terminally ill cancer patients39-41. The predic-
tions of human experts can suffer from inter-observer variability. On the contrary, sta-
tistical models could make the prediction system more deterministic if the parameter 
configurations and the training framework are fixed.  

The potential clinical utility of radiomics based prognostic models has been stated in 
previous study8. With expanding radiomics cohorts and feature dimensions, we expect 
higher prediction performance in future radiomic studies. Furthermore, the integrative 
studies like radiomics-genomics in combination with standard clinical covariates could 
also improvise the prediction performance and further validate the utility of these 
methods in clinical practice. Overall, our analysis is a step forward towards the en-
hancements of radiomics based clinical predictions. 
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TABLES 

Table-1. Table defining the acronyms related to the used feature selection and classification methods. 

Classification 
method acronym 

Classification method name  Feature Selection 
method acronym 

Feature selection method 
name 

Nnet Neural network  RELF Relief 

DT Decision Tree  FSCR Fisher score 

BST Boosting  GINI Gini index 

BY Bayesian  CHSQ Chi-square score 

BAG Bagging  JMI Joint mutual information 

RF Random Forset  CIFE Conditional infomax 
feature extraction 

MARS Multi adaptive regression splines  DISR Double input symmetric 
relevance 

SVM Support vector machines  MIM Mutual information 
maximization 

DA Discriminant analysis  CMIM Conditional mutual 
information maximization 

NN Neirest neighbour  ICAP Interaction capping 

GLM Generalized linear models  TSCR T-test score 

PLSR Partial least squares and prinicipal 
componenet regression 

 MRMR Minimum redundancy 
maximum relevance 

- -  MIFS Mutual information 
feature selection 

- -  WLCX Wilcoxon 

 
Table 2. Table describing the median values of AUC and stability for different Classification and Feature Selec-
tion methods. 

Classification 
method 

AUC RSD %  Feature Selection 
method 

AUC Stability 

Nnet 0.57±0.04 6.41  RELF 0.61±0.04 0.91±0.05 

DT 0.54±0.04 7.89  FSCR 0.62±0.04 0.78±0.08 

BST 0.58±0.04 8.23  GINI 0.62±0.04 0.68±0.10 

BY 0.64±0.05 0.86  CHSQ 0.60±0.04 0.69±0.09 

BAG 0.64±0.03 5.56  JMI 0.61±0.04 0.68±0.05 

RF 0.66±0.03 3.52  CIFE 0.60±0.03 0.69±0.05 

MARS 0.61±0.03 6.98  DISR 0.62±0.05 0.69±0.05 

SVM 0.61±0.03 6.39  MIM 0.61±0.04 0.94±0.02 

DA 0.61±0.02 6.37  CMIM 0.62±0.04 0.73±0.04 

NN 0.61±0.02 4.08  ICAP 0.61±0.03 0.72±0.04 

GLM 0.63±0.02 2.19  TSCR 0.61±0.02 0.78±0.12 

PLSR 0.63±0.02 2.24  MRMR 0.63±0.06 0.74±0.03 

- - -  MIFS 0.63±0.06 0.8±0.03 

- - -  WLCX 0.65±0.02 0.84±0.05 
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ABSTRACT 

Introduction: “Radiomics” extracts and mines large number of medical imaging features 
in a non-invasive and cost-effective way. The underlying assumption of radiomics is that 
these imaging features quantify phenotypic characteristics of entire tumor. In order to 
enhance applicability of radiomics in clinical oncology, highly accurate and reliable ma-
chine learning approaches are required. In this radiomic study, thirteen feature selec-
tion methods and eleven machine learning classification methods were evaluated in 
terms of their performance and stability for predicting overall survival in head and neck 
cancer patients.  
Methods: Two independent head and neck cancer cohorts were investigated. Training 
cohort HN1 consisted 101 HNSCC patients. Cohort HN2 (n=95) was used for validation. 
A total of 440 radiomic features were extracted from the segmented tumor regions in 
CT images. Feature selection and classification methods were compared using an unbi-
ased evaluation framework.  
Results: We observed that the three feature selection methods MRMR (AUC = 0.69, 
Stability = 0.66), MIFS (AUC = 0.66, Stability = 0.69), and CIFE (AUC = 0.68, Stability = 
0.7) had high prognostic performance and stability. The three classifiers BY (AUC = 0.67, 
RSD = 11.28), RF (AUC = 0.61, RSD = 7.36), and NN (AUC = 0.62, RSD = 10.52) also 
showed high prognostic performance and stability. Analysis investigating performance 
variability indicated that the choice of classification method is the major factor driving 
the performance variation (29.02% of total variance).  
Conclusions: Our study identified prognostic and reliable machine learning methods for 
the prediction of overall survival of head and neck cancer patients. Identification of 
optimal machine-learning methods for radiomics based prognostic analyses could 
broaden the scope of radiomics in precision oncology and cancer care. 
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INTRODUCTION 

The emergence of “Radiomics” (1) has expanded the scope of medical imaging in clinical 
oncology. Radiomics focuses on extracting and mining a large number of medical imaging 
features. It is hypothesized that these imaging features are enriched with crucial infor-
mation regarding tumor phenotype (1, 2). These features provide a comprehensive char-
acterization of entire tumors and hence are likely to capture the intra-tumor heterogene-
ity. It has been stated that intra-tumor heterogeneity could have profound implications 
in clinical predictions (e.g., treatment response, survival outcomes, disease progression, 
etc.) and therefore it is considered as a crucial factor for precision oncology and related 
research (3-6).  Several studies have assessed various radiomic features in different can-
cer types and with respect to different imaging modalities (2, 7-11). Some studies have 
investigated the reproducibility/variability of radiomic features across different clinical 
settings (2, 12-14). Moreover, several other studies have reported significant predic-
tive/prognostic power of radiomic features. It has been shown that radiomic features are 
associated with tumor histology (15-17), tumor grades or stages (16), patient survival (2, 
7, 18-20), metabolism (21), and various other clinical outcomes (7, 16, 22, 23). Further-
more, some radio-genomic studies have reported associations between radiomic fea-
tures and underlying gene expression patterns (2, 9, 11, 24, 25). These reports indicate 
that radiomics could improve individualized treatment selection and monitoring. Fur-
thermore, unlike most of the genomic-based approaches, radiomics is non-invasive and 
relatively cost effective (2, 26). Therefore, radiomics is a novel and promising step for-
ward towards the realization of precision oncology.  

Predictive and prognostic models are important part of radiomics (27). Highly accu-
rate and reliable models are desired to improve decision support in clinical oncology. 
Machine learning could help in this regard. Machine learning can be broadly defined as 
computational methods/models using data to improve performance or make accurate 
predictions (28). These programmable methods can “learn” from the data and hence 
automate and improve the prediction process. Therefore, it is essential to compare 
different machine learning models for precision oncology and hence also for radiomics 
based clinical biomarkers. Recent advances in medical image acquisition technologies 
allow higher resolution tumor imaging and facilitate detailed quantification of tumor 
phenotype. The feature dimensions of radiomics are increasing rapidly. One of the is-
sues with high dimensional feature space is the “curse of dimensionality” (29). Large 
number of features with limited sample size could hinder the predictive/prognostic 
power of a model. Feature/variable selection is one of the ways to tackle the curse of 
dimensionality. Therefore, different feature selection methods (29) should be thorough-
ly investigated for radiomics based prognostic analyses. However, as radiomics is an 
emerging field of research, not sufficient effort could be made towards assessing the 
impact of different machine learning methods. The majority of the radiomics based 
studies have only assessed the discriminating power of radiomic features without eval-
uating alternative prediction/prognostic models.  
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Only few recent studies have compared different feature selection and classification 
methods on radiomics based clinical predictions (15, 20), but with limited sample sizes 
and also without independent validation. In a recently published radiomic study (30), a 
large panel of feature selection and machine learning classification methods was evalu-
ated in two independent cohorts of patients with non-small cell lung cancer (NSCLC). 
They proposed an unbiased framework for comparing different feature selection and 
classification methods using publicly available implementations (31, 32) and reported 
parameter configurations (33).  

In this study, we assessed a large panel of machine learning methods for overall sur-
vival prediction of head and neck cancer (HNSCC) patients. Two independent HNSCC 
cohorts totaling 196 patients were used in the analysis. Feature selection and classifica-
tion training was done using training cohort HN1 and the prediction performance was 
evaluated in the validation cohort HN2. All the feature selection and classification 
methods were evaluated in terms of their prognostic ability and stability against data 
perturbation. Machine learning methods having high prognostic/predictive power and 
stability are desired for radiomics based analyses. Such methods could enhance the 
applications of non-invasive and cost-effective radiomics in cancer care. 

MATERIALS AND METHODS 

Radiomic Features  

A total of 440 radiomic features that quantified tumor phenotypic characteristics on CT 
were used in this analysis. These radiomic features are divided into four feature groups: 
I) tumor intensity, II) shape, III) texture and IV) wavelet features. Intensity features are 
computed using the first-order statistics of voxel intensity histogram. 3D geometric 
properties of tumors are captured using the shape based features. Textural features are 
quantified using the gray level co-occurrence (GLCM) (34) and run length matrices 
(GLRLM) (35). These textural features were computed by averaging their values over all 
thirteen directions. Intensity statistics and textural features were also recomputed after 
decomposing the original image into different wavelet decompositions. Image analysis 
and automatic feature extraction was carried out using our in-house developed radi-
omics image analysis software, which uses an adapted version of CERR (Computational 
Environment for Radiotherapy Research) (36) and Matlab R2012b (The Mathworks, 
Natick, MA) for the preprocessing of medical images. Mathematical definitions of all 
radiomic features, as well as the extraction methods, were previously described (2).  

Datasets  

In this study, we analyzed two HNSCC cohorts from the two different institutes of Neth-
erlands: (1) HN1: 136 HNSCC patients treated at MAASTRO Clinic, Maastricht. (2) HN2: 
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95 HNSCC patients treated at VU University Medical Center (VUMC), Amsterdam. CT-
scans, manual delineations and clinical data were available for all included patients. This 
analysis was carried out in accordance with Dutch law. The Institutional Review Boards 
of both the participating centers approved the studies: H&N1 MAASTRO Clinic Maas-
tricht, The Netherlands) and H&N2 (VU University Medical Center (VUMC), Amsterdam, 
The Netherlands). More details on the included datasets can be obtained from a previ-
ous study (2). We dichotomized the censored continuous survival data using a cutoff 
time of 3 years. Patients who survived beyond the cutoff time were labeled as 1, 
whereas the deceased ones were labeled as 0. The objective of the study was to stratify 
patients into these two labeled survival classes using different machine learning classifi-
ers. We used 3 years survival cut-off because it resulted in reasonable event ratios (37% 
for HN1, 34% for HN2) in the cohorts. We excluded patients that were followed up for 
less than 3 years. This resulted in 101 patients in the training cohort (HN1) and 95 pa-
tients in the validation cohort (HN2). All features were standardized using Z-score 
standardization.  

Feature Selection Methods 

As described in a previously published study (30), fourteen feature selection methods 
based on filter approaches were used in the analysis: Fisher score (FSCR), Relief (RELF), 
T-score (TSCR), Chi-square (CHSQ), Wilcoxon (WLCX), Gini index (GINI), Mutual infor-
mation maximization (MIM), Mutual information feature selection (MIFS), Minimum 
redundancy maximum relevance (MRMR), Conditional infomax feature extraction 
(CIFE), Joint mutual information (JMI), Conditional mutual information maximization 
(CMIM), Interaction capping (ICAP), and Double input symmetric relevance (DISR). 
However, the method CHSQ did not run according to our experimental design. CHSQ 
was not able to select the required number of features due to the smaller size of train-
ing cohort. We thus removed it from further analysis. The acronyms related to the fea-
ture selection methods are defined in Table-1. Publicly available implementations were 
used for these methods (31, 32). Detailed description regarding these methods can be 
obtained from (30). 

Classifiers 

As described earlier (30), we investigated twelve machine learning classifiers belonging 
to the twelve classifier families Bagging (BAG), Bayesian (BY), Boosting (BST), Decision 
trees (DT), Discriminant analysis (DA), Generalized linear models (GLM), Multiple adap-
tive regression splines (MARS), Nearest neighbors (NN), Neural networks (Nnet), Partial 
least square and principle component regression (PLSR), Random forests (RF), and Sup-
port vector machines (SVM). In our experimental settings, classifier DA generated com-
putation error in the majority of cases. This could be due to the smaller training cohort. 
Therefore, we removed DA from further analysis and used the remaining eleven classi-
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fiers. The acronyms related to the classifiers are defined in Table-1. All classifiers were 
implemented using the R package caret (version 6.0-47) (37) , which provides a nice 
interface to access many machine-learning algorithms in R. Classifiers were trained 
using the repeated (3 repeat iterations) 10-fold cross validation in the training cohort 
(HN1), and their prognostic performance was evaluated in the validation cohort (HN2) 
using the area under receiver operator characteristic (ROC) curve (AUC). We used the 
classifier parameters as defined by earlier studies (30, 33). All the classifiers, the corre-
sponding parameters and R packages are listed in (30). 

Analysis 

Prognostic Performance  
To investigate and compare different feature selection and classification methods, we 
used a similar experimental design as defined earlier for a study in NSCLC study (30). 
We created a three-dimensional parameter grid for the analysis. For each of the thir-
teen feature selection methods, we incrementally selected features ranging from 5 up 
to 50, with an increment of 5 features (n= 5, 10, 15, 20, …, 50). These subsets of select-
ed features were then evaluated by using each of the eleven machine learning classifi-
ers and areas under ROC curves (AUCs).  

Stability  
Stability of a feature selection method was assessed using a stability measure defined 
by Yu et al. (38) under the hard data perturbation settings (39). The stability of a meth-
od is quantified as the similarity between the results obtained by the same feature 
selection method, when applied on the two non-overlapping partitions (of size N/2) of 
the training cohort (HN1). Similarity between the two resultant feature sets was com-
puted using a weighted bipartite graph and Hungarian algorithm (40) as describe in 
(30). For each feature selection method, we computed the stability 100 times using a 
bootstrap approach and reported the median ± standard deviation (STD) values.  

Classifier stability was quantified using the relative standard deviation (RSD %) and a 
bootstrap approach. We first selected 30 representative features using the MRMR 
based feature selection method and used them to compute the classifier stability. We 
used MRMR because it had highest prognostic performance in all the feature selection 
methods. For each classification method, we trained the model on the subsampled 
training cohort (size N/2) and validated the performance on the validation cohort using 
AUC. Subsampling of the training cohort was done 100 times using a bootstrap ap-
proach. RSD is the absolute value of the coefficient of variation and is often expressed in 
percentage. Here, it was defined as 

, 

RSD =
σ AUC

μAUC

∗100
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where σ  and μ  were the STD and mean of the 100 AUC values, respectively. It 
should be noted that higher stability in the case of classifiers corresponds to lower RSD 
values. 

Prognostic Performance and Stability 
In order to identify the reliable and accurate methods, we used the median values of 
AUC and stability as thresholds. We created two rank lists based on AUC & stability and 
cited the methods as highly accurate and reliable, which ranked in the top half (≥ medi-
an value) in both ranked lists. Feature selection methods with stability ≥ 0.66 (median 
stability of all feature selection methods) and AUC ≥ 0.61 (median AUC of all feature 
selection methods) are considered as highly reliable and accurate methods. Similarly, 
classification methods with RSD ≤ 11.4 (median RSD of all classifiers) and AUC ≥ 0.61 
(median AUC of all classifiers) are considered as highly reliable and accurate ones.  

Experimental Factors Affecting Radiomics Based Survival Prediction  
There are three main experimental factors, which can potentially affect the prediction 
of radiomics based survival prediction: feature selection method, classification method 
and the number of selected features. Multifactor ANOVA was used to quantify the vari-
ability in AUC scores contributed by these factors and their interactions. In order to 
compare the variability contributed by each factor, the estimated variance components 
were divided by the total variance.     

Comparison with the NSCLC cohort study 

The results of this study were relatively compared with the previously published study 
of NSCLC radiomic cohorts (30). For both NSCLC and HNSCC studies, all methods were 
categorized into two groups: low (< threshold) or high (> threshold). This grouping was 
carried out using the corresponding threshold values (median AUC and median stabil-
ity). A method was considered consistent, if it belonged to the same group (high or low) 
in both studies. It should be noted that that as one feature selection method and one 
classification method was removed from the analysis for the HNSCC study, they were 
also not considered while deciding thresholds for NSCLC study. All values of AUC and 
stability and thresholds along with the group information are reported in Table-2 (fea-
ture selection methods) and Table-3 (classification methods). 

All analysis was done using R software (R Core Team, Vienna, Austria) version 3.1.2 
and Matlab R2012b (The Mathworks, Natick, MA) with Windows 7. 

RESULTS 

To assess different machine learning methods for radiomic survival models of head and 
neck cancer patients, we extracted 440 radiomic features from the segmented tumor 
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regions of two independent HNSCC cohorts. Cohort HN1 (n = 101 patients) was used for 
feature selection and classification training, whereas the prediction performance was 
assessed using the validation cohort HN2 (n = 95 patients) [see Figure 1].  
 

       
Figure 1. In total 196 HNSCC patients were considered. 440 radiomic features were extracted from the seg-
mented tumor regions of the CT images. Feature selection and classification training was done using the 
training cohort HN1 (n=101), whereas HN2 (n=95) cohort was used as a validation cohort.  

Prognostic Performance  

We used area under receiver operating characteristics curve (AUC) to quantify the 
prognostic performance of different feature selection and classification methods. Figure 
2 depicts the performance of feature selection (in rows) and classification methods (in 
columns) using the 30 top ranked features after applying feature selection. A median 
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AUC of all thirteen feature selection AUC values was used as the representative AUC of 
a classifier. Similarly, for each feature selection method, a median of eleven classifica-
tion AUCs was used as the representative AUC. These representative AUC values for the 
feature selection and classification methods are given in Table 2 and Table 3, respec-
tively.  

For feature selection methods, minimum redundancy maximum relevance (MRMR) 
(AUC: 0.69 ± 0.07) and mutual information feature selection (MIFS) (AUC: 0.66 ± 0.07) 
showed high prognostic performance, whereas the methods WLCX (AUC: 0.55 ± 0.06) 
and DISR (AUC: 0.56 ± 0.06) had lowest median AUCs. 

In the case of classification methods, generalized linear models (GLM) (AUC:  0.72 ± 
0.08) (median ± std) and partial least squares and principle component regression 
(PLSR) (AUC: 0.73 ± 0.07) had highest prognostic performance, whereas bagging (BAG) 
(AUC: 0.55 ± 0.06), decision tree (DT) (AUC: 0.56 ± 0.05) and boosting (BST) (AUC: 0.56 ± 
0.07) showed lower AUC values. We repeated the above experiment by varying the 
number of selected features (range 5-50). Results with respect to 10, 20, 40 and 50 
representative (top ranked) features are reported in supplement Figures S1, S2, S3 and 
S4. In addition, median AUC values over each of the experimental factors (feature selec-
tion methods, classification methods and number of selected features) are depicted by 
the heatmaps in supplement Figures S5, S6 and S7. Here as well, GLM and PLSR (classi-
fiers) and MRMR and MIFS (feature selection methods) showed highest median AUCs in 
majority of cases.  

Stability  

To assess the stability of feature selection methods against data perturbation, we used 
the hard data perturbation setting (39). We observed that WLCX (stability = 0.71 ± 0.06) 
(median ± STD), ICAP (stability = 0.71 ± 0.03), and CMIM (stability = 0.71 ± 0.04) showed 
high stability against data perturbation, whereas FSCR (stability = 0.51 ± 0.13) and TSCR 
(stability = 0.54 ± 0.10) had lower stability [Table 2].  

In order to assess the stability of a classifier, we used the relative standard deviation 
(RSD) and a bootstrap approach. We observed that RF (RSD = 7.36%) and BAG (9.27%) 
were relatively more stable classification methods. PLSR (RSD = 12.75 %) and SVM (RSD 
= 12.69 %) showed higher RSD, which indicated lower stability of these methods. RSD 
(%) values corresponding to all eleven classifiers are reported in Table 3.  
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Figure 2. Heatmap depicting the prognostic performance (AUC) of feature selection (in rows) and classification 
(in columns) methods. It can be observed that PLSR and GLM classification methods and feature selection 
methods MRMR and MIFS shows relatively high prognostic performance in many cases. 

Prognostic Performance and Stability 

Scatterplots in Figure 3 display the stability and prognostic performance of different 
feature selection and classification methods. It can be observed that the feature selec-
tion methods MRMR (AUC = 0.69 ± 0.07, stability = 0.66 ± 0.03,), MIFS (AUC = 0.66 ± 
0.07, stability = 0.69 ± 0.04,), and CIFE (AUC = 0.68 ± 0.08, stability = 0.7 ± 0.04) showed 
higher prognostic performance and stability than the corresponding median values 
across all feature selection methods (AUC= 0.61, stability = 0.66). Similarly for classifica-
tion methods, the stability and prognostic performance RF (AUC = 0.61 ± 0.06, RSD = 
7.36%,), NN (AUC = 0.62 ± 0.05, RSD = 10.52%), and BY (AUC = 0.67 ± 0.06, RSD = 
11.28%) were better than the corresponding median values (RSD = 11.4%, AUC = 0.61).  
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Figure 3. Scatterplots of stability and prognostic performance (AUC) for feature selection (FS) (Left) and classi-
fication methods (CF) (right). Feature selection methods having stability ≥ 0.66 (median stability of FS) and 
AUC ≥ 0.61 (median AUC of FS) are considered as highly reliable and prognostic methods. Similarly, classifica-
tion methods having RSD ≤ 11.4 (median RSD of CF) and AUC ≥ 0.61 (median AUC of CF) are considered as 
highly reliable and accurate ones. Highly reliable and prognostic methods are displayed in a gray square 
region.   

 

 
Figure 4. Variation of AUC explained by the experimental factors and their interactions. It can be observed 
that classification method was the most dominant source of variation in prediction score. Size of the selected 
(representative) feature subset shared the least of the total variance.  

Experimental Factors Affecting Radiomics Based Survival Prediction  

To quantify the effects of the three experimental factors (feature selection methods, 
classification methods and the number of selected features), we performed multifactor 
analysis of variance (ANOVA) on AUC scores. We observed that all three experimental 
parameters are the significant factors affecting the prognostic performance [Figure 4]. 
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Classification method was the most dominant source of variability as it explained 
29.02% of the total variance in AUC scores. Feature selection accounted for the 14.02%, 
whereas interaction of classifier & feature selection explained 16.59% of the total vari-
ance. Size of the selected (representative) feature subset only shared 1.22% of the total 
variance [Figure 4].  

Comparison with the NSCLC cohorts 

We compared the obtained results related to feature selection and classification meth-
ods to the previously published study of NSCLC cohorts (30) [see Table 2,3].  

Two feature selection methods MRMR and MIFS displayed high prognostic perfor-
mance and stability across both the cancer types. Methods RELF and MIM showed high 
prognostic power in both the cancer types. However, they had marginally low stability 
for HNSCC cohorts. Interestingly, WLCX had highest prognostic performance for NSCLC 
cohorts, whereas it showed lowest prognostic performance for HNSCC cohorts. Howev-
er, in both the cancer types WLCX displayed high stability against data perturbation [see 
Table 2]. 

Three classification methods BY, RF, and NN showed high prognostic performance 
and stability across both cancer types. PLSR and GLM had high prognostic performance 
in both cancer types, but these two methods showed low stability for HNSCC cohorts. 
Classifier displayed lowest prognostic power in HNSCC radiomic cohorts, whereas it had 
showed the second highest performance in NSCLC cohorts. It should be noted that the 
stability of BAG was high in both cancer types [see Table 3]. 

DISCUSSION 

The applications of medical imaging in cancer diagnostics and treatment planning have 
expanded greatly over the time. Moreover, developments in imaging technologies and 
computational approaches have led the emergence of “Radiomics”, which is a high-
throughput medical image data mining field (1). Radiomics is a non-invasive and cost-
effective medical informatics approach, which provides unprecedented opportunities 
for improvising clinical decision support (2). Hence, in the context of radiomics, medical 
imaging is expected to have a more central role in cancer care (1, 2, 26). With increasing 
cohort sizes and expanding feature dimensions, radiomics targets a large pool of medi-
cal imaging data (“Big data”). Automated, reliable, and efficient methods are desired to 
extract and mine the most relevant information from these large radiomic cohorts. A 
recently published study (30) has articulated the scope and applicability of different 
machine learning methods in two independent radiomic cohorts of patients with NSCLC. 
They proposed an unbiased framework to compare the prognostic performance and 
stability of different machine-learning methods. It was recommended that these differ-
ent machine learning methods should be further evaluated in different cancer types 
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and with respect to different radiomic cohorts (30). Furthermore, it has been previously 
shown that the grouping and prognostic characteristics of radiomic features are cancer 
specific (16). Therefore, the primary objective of our study was to assess the state of 
the art machine learning methods in two independent HNSCC cohorts. 

Our analysis quantifies the prognostic power and stability of different machine 
learning methods for the survival prediction of head and neck cancer patients. Depend-
ing on the requirement, one may prefer higher prognostic power or stability and choose 
the methods accordingly. Considering the stability and prognostic performance togeth-
er, three feature selection methods MRMR, MIFS and CIFE and three classification 
methods BY, RF and NN should be preferred for head and neck radiomic analyses as 
they displayed relatively higher prognostic power and stability than other methods.  

Assessing the variability in prediction performance by multifactor ANOVA, we found 
that the classification method is the most dominant source of variation in prediction 
performance and hence it should be chosen carefully. Size of the selected feature sub-
set contributed the least in the AUC variation. 

Comparing the results of this study with the previously published study of NSCLC, we 
observed that except BAG and MARS, all classifiers showed consistency in their prog-
nostic performance across the two cancer types. However, it should be noted that the 
AUC values for MARS were quite close to the threshold (median AUC). In the case of 
feature selection methods, WLCX showed no prediction consistency across the two 
cancer types. Besides that, methods CIFE, DISR, GINI, CMIM, and ICAP also showed no 
consistency in the grouping based on prognostic performance. However, it should be 
noted that for methods CMIM and ICAP, the AUC values did not differ much from the 
threshold (median AUC). As far as stability is concerned, except for classifiers PLSR, 
GLM, DT and BST, all classifiers showed consistency in their stability-based grouping. For 
feature selection methods, only MRMR, MIFS, WLCX and DISR showed consistent stabil-
ity based grouping across both the studies. It should be noted that for HNSCC cohorts, 
stability values for all the methods (classification and feature selection) were lower than 
the ones obtained in NSCLC cohorts. The intuitive explanation for this could be the 
smaller cohort size. The training cohort in NSCLC study (30) had almost three times 
more samples than the training cohort of our HNSCC study.  

Considering the stability and prognostic performance together and comparing the 
results between the two cancer types (HNSCC and NSCLC), we observed that the three 
classifiers BY, RF and NN had high stability and high prognostic performance in both 
HNSCC and NSCLC studies. Similarly, two feature selection methods MRMR and MIFS 
showed consistently high values of AUC and stability in both cancer types. These results 
indicate that such methods should be first preferences for radiomics based prognostic 
analyses due to their consistency. A note of caution: Different methods are categorized 
into high/low (prediction performance and stability) group based on simple thresholds 
(median AUC and median stability). These thresholds are no gold standard and they are 
only used for comparing the performances of different machine learning methods in a 
relative manner. It can be observed from the results (Figure-3 and Figure-3 (30)) that 
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some of the so-called “not consistent” methods are quite close to the thresholds and 
they should not be neglected completely. Further validation of these methods with 
different clinical outcomes, different imaging modalities and also different radiomic 
cohorts could provide better insights about their applicability. 

Results related to the variability of AUC scores were comparable in both the cancer 
types as in both studies classification method contributed highest and size contributed 
the least in the performance variance. Interestingly, for HNSCC cohorts, feature selec-
tion method contributed almost two times more in the AUC variation than in the case of 
NSCLC study (30).  

As mentioned previously (30), the machine learning methods used in this analysis 
were chosen because of their simplicity, efficiency and popularity in literature. Fur-
thermore, an interesting discussion about the publicly available implementation tools 
and the used parameter configurations was presented before (30). It has also been 
shown that statistical models based on patient’s tumor and treatment characteristics 
provide significantly better predictions/prognosis than the human expert (41). Also, the 
potential clinical utility of radiomics based prognostic models have been highlighted 
before (2). Hence, with the expanding radiomic cohorts and feature dimensions, as well 
as by integrating different biological and clinical information together with radiomics, 
higher prognostic performance could be achieved. In this regard, our studies could be 
an important reference as we compared a large panel of machine learning methods 
across two different cancer types. The prognostic power and stability of different ma-
chine learning methods were compared using four independent radiomic cohorts. Such 
a comparative investigation could help in identifying the optimal and reliable machine 
learning methods for radiomics based prognostic analyses, which overall could broaden 
the scope of radiomics in cancer care. 
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TABLES 

Table 1. Table defining the acronyms related to the used feature selection and classification methods. 

Classification 
method acronym 

Classification method name  Feature Selection 
method acronym 

Feature selection method 
name 

Nnet Neural network  RELF Relief 

DT Decision Tree  FSCR Fisher score 

BST Boosting  GINI Gini index 

BY Bayesian  JMI Joint mutual information 

BAG Bagging  CIFE Conditional infomax feature 
extraction 

RF Random Forset  DISR Double input symmetric 
relevance 

MARS Multi adaptive regression 
splines 

 MIM Mutual information 
maximization 

SVM Support vector machines  CMIM Conditional mutual information 
maximization 

NN Neirest neighbour  ICAP Interaction capping 

GLM Generalized linear models  TSCR T-test score 

PLSR Partial least squares and 
prinicipal componenet 
regression 

 MRMR Minimum redundancy 
maximum relevance 

- -  MIFS Mutual information feature 
selection 

- -  WLCX Wilcoxon 

 
Table 2.  Table describing the representative AUC and stability of feature selection methods. (HNSCC thresh-
olds: AUC =0.61, Stability = 0.66) (NSCLC thresholds: AUC=0.61, Stability = 0.74) 

Feature Selection 
method 

AUC (HNSCC) AUC (NSCLC) Stability (HNSCC) Stability (NSCLC) 

RELF 0.62 ±0.09 (High) 0.61±0.04 (High) 0.63±0.12 (Low) 0.91±0.05 (High) 

FSCR 0.63±0.08 (High) 0.62±0.04 (High) 0.51±0.13 (Low) 0.78±0.08 (High) 

GINI 0.58±0.07 (Low) 0.62±0.04 (High) 0.66±0.11 (High) 0.68±0.10 (Low) 

JMI 0.59±0.07 (Low) 0.61±0.04 (High) 0.67±0.05 (High) 0.68±0.05 (Low) 

CIFE 0.68±0.08 (High) 0.60±0.03 (Low) 0.7±0.04 (High) 0.69±0.05 (Low) 

DISR 0.56±0.06 (Low) 0.62±0.05 (High) 0.65±0.08 (Low) 0.69±0.05 (Low) 

MIM 0.61±0.08 (High) 0.61±0.04 (High) 0.64±0.1 (Low) 0.94±0.02 (High) 

CMIM 0.6±0.07 (Low) 0.62±0.04 (High) 0.71±0.04 (High) 0.73±0.04 (Low) 

ICAP 0.59±0.07 (Low) 0.61±0.03 (High) 0.71±0.03 (High) 0.72±0.04 (Low) 

TSCR 0.62±0.07 (High) 0.61±0.02 (High) 0.54±0.01 (Low) 0.78±0.12 (High) 

MRMR 0.69±0.07 (High) 0.63±0.06 (High) 0.66±0.03 (High) 0.74±0.03 (High) 

MIFS 0.66±0.07 (High) 0.63±0.06 (High) 0.69±0.04 (High) 0.8±0.03 (High) 

WLCX 0.55±0.06 (Low) 0.65±0.02 (High) 0.71±0.06 (High) 0.84±0.05 (High) 
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Table 3.  Table describing the representative AUC and stability of classification methods.  
(HNSCC thresholds: AUC =0.61, RSD % = 11.4) (NSCLC thresholds: AUC=0.61, RSD % = 5.56) 

Classification method AUC (HNSCC) AUC(NSCLC) RSD % (HNSCC) RSD % (NSCLC) 
Nnet 0.59±0.07 (Low) 0.57±0.04 (Low) 11.54 (Low) 6.41 (Low) 
DT 0.56±0.05 (Low) 0.54±0.04 (Low) 11.4 (High) 7.89 (Low) 
BST 0.56±0.07 (Low) 0.58±0.04 (Low) 11.28 (High) 8.23 (Low) 
BY 0.67±0.06 (High) 0.64±0.05 (High) 11.28 (High) 0.86 (High) 
BAG 0.55±0.06 (Low) 0.64±0.03 (High) 9.27 (High) 5.56 (High) 
RF 0.61±0.06 (High) 0.66±0.03 (High) 7.36 (High) 3.52 (High) 
MARS 0.58±0.05 (Low) 0.61±0.03 (High) 12.47 (Low) 6.98 (Low) 
SVM 0.64±0.09 (High) 0.61±0.03 (High) 12.69 (Low) 6.39 (Low) 
NN 0.62±0.05 (High) 0.61±0.02 (High) 10.52 (High) 4.08 (High) 
GLM 0.72±0.08 (High) 0.63±0.02 (High) 11.78 (Low) 2.19 (High) 
PLSR 0.73±0.07 (High) 0.63±0.02 (High) 12.75 (Low) 2.24 (High) 
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DISCUSSION 

In the past decade, increasing evidences have been observed suggesting the genetic1, 
epigenetic2, transcriptomic3, histological4 and micro-environmental5 heterogeneity of 
individual tumors6. Often, these intra- and inter-tumor heterogeneities cause the differ-
ences in treatment response of the patients with same diagnosis. Several new diagnos-
tic techniques and treatment modalities have helped the major advances in cancer care. 
Developments related to the information and communication technologies and compu-
tational sciences have increased our ability to collect, store, share, analyze and interpret 
biomedical data, which has led the emergence of precision oncology-practice of tailor-
ing treatment strategies to individual patients/tumors. There are several different ways 
to characterize tumors, for example, with non-invasive imaging, or invasively with blood 
samples and tissue biopsies from which a number of molecular quantities can be meas-
ured. The focus of this thesis is on “radiomics”, which is a non-invasive medical imaging 
based quantitative approach towards precision oncology. Chapter-1 introduced radi-
omics from the precision oncology perspective along with the overall workflow of the 
process and the thesis outline. It also articulated some of the successful applications 
and associated challenges. 

ASSESSING VARIABILITY IN RADIOMICS 

The first part of the thesis focused on evaluating different publicly available semi-
automatic segmentation methods keeping in mind their applicability for raidomics. Two 
different semi-automatic segmentation approaches available in a free and publicly 
available 3D-Slicer software tool, were compared to the manual segmentations in terms 
of their efficiency and accuracy. Moreover, reproducibility of radiomic features against 
different segmentation approaches was evaluated. These investigations could help in 
achieving higher efficiency and robustness for radiomic analyses. 

Semiautomatic segmentations for quantitative imaging 

Despite the efforts in standardizing protocols of medical imaging and tumor delineation, 
target definition remains subjected to observer variation. With respect to manual delin-
eations, the addition of PET information to CT imaging in standardized delineation pro-
tocols has reduced the observer variability, however, human interaction and interpreta-
tion of medical images is still a considerable source of variation7,8,9. In Chapter-2, we 
evaluated the utility of a freely accessible algorithm, a cellular automaton-based region 
growing algorithm implemented in 3D-Slicer, by performing a volumetric comparison 
with tumor delineations made by five independent oncologists following standardized 
protocols10, as well as by comparing it with the maximal diameter obtained from patho-
logical measurements. The volumetric comparison showed that the 3D-Slicer algorithm 
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provides tumour segmentations, statistically equivalent to physicians CT/PET manual 
contours and it takes significantly lower time. Importantly, semi-automatic segmenta-
tions showed overall lower volume variability (p=0.0003) and smaller uncertainty areas 
(p = 0.0002) compared to manual delineations. 3D-Slicer segmentations showed ro-
bustness towards user initialization. Additionally, we observed a strong correlation 
between the 3D-Slicer segmentations and the maximal diameter as measured on patho-
logical examination (r=0.89; 95% CI, 0.81–0.94). Since the semi-automatic segmenta-
tions are statistically comparable to manual delineations and correlated well with pa-
thology, they could be used as a starting point for treatment planning delineations and 
in high-throughput data mining research, such as Radiomics, where manual tumour 
delineations are often not available, or represent a time consuming bottleneck. In order 
to assess the effect of tumor delineations on radiomic features, in Chapter-4, we inves-
tigated the robustness of quantitative imaging features, extracted from 3D-Slicer tumor 
segmentations, as compared to those, extracted from manual tumor delineations. 
Overall 3D-Slicer based semiautomatic segmentation method produced more reproduc-
ible radiomic features (p = 0.0009). We also analyzed different feature groups for their 
reproducibility, and observed that the difference in reproducibility, for intensity statis-
tics and textural features, was statistically significant (p= 0.0006, p= 0.0094, respective-
ly) between the two segmentation strategies. The shape features however did not sig-
nificantly differ in reproducibility between the two strategies (p = 0.31). We also ana-
lyzed intra– and inter–observer reproducibility for 3D-Slicer based semiautomatic seg-
mentations. Three independent observers segmented each tumor twice, with different 
algorithmic initialization. Image descriptors demonstrated high intra-observer reproduc-
ibility for 3D-Slicer segmentations, which indicates their robustness over different seed 
point initializations. We also observed high inter-observer reproducibility in image de-
scriptors for semiautomatic segmentations. 

Next, We evaluated a level-set based semi-automatic segmentation algorithm from 
the chest-imaging platform of 3D-Slicer in Chapter-3. The results were consistent to 
Chapter-2 although applied on a cohort of large number (n=354) of nodules. Moreover, 
this study focused on lung screening patient population and low-dose CT images. Semi-
automatic segmentations were significantly more stable than the manual delineations. 
Moreover, level-set based segmentation method was performed using just a single seed 
point and hence it required minimal manual interaction and was very efficient. Efficient 
segmentation tool with minimal manual interaction could be a perfect application for 
screening trials. Often, screening trials include large patient cohorts and many small 
nodules (abnormalities) are detected during screening. Therefore, an efficient segmen-
tation tool could reduce the overall turnaround time for the nodule delineation and 
characterization process. 

Despite achieving better time efficiency and robustness in many cases, there is still a 
provision for manual supervision in semi-automatic delineation process. In some excep-
tional cases, the algorithmic approach underperforms. For example, both semi-
automatic approaches failed in delineating extremely large or small masses with pleural 
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attachments. Moreover, it is well known that semi-automatic approaches does not work 
well with the non- and part-solid nodules having hazy appearance and fuzzy bounda-
ries11,12,13,14. Therefore, in these cases, the knowledge of experienced radiologists is 
needed. Several segmentation algorithms have been proposed to improve the contours 
of structures with hazy appearances, such as the Markov random field theory-based 
algorithms1115 and a hybrid algorithms that combines threshold-based, region growing, 
connected component analyses and convex hull calculations16,11,12,13,14. However, these 
more sophisticated algorithms are not easily accessible and freely available in open 
source software tools. Furthermore, this cascaded integrator of different algorithms 
could significantly hamper the time efficiency. Therefore, for quantitative imaging, 
semi-automatic segmentations followed by manual editing could be a better alternative 
providing more accurate delineations in an efficient manner. However, these choices 
obviously could vary depending upon the applications. 

MACHINE LEARNING METHODS FOR RADIOMICS 

The second part of the thesis covered the radiomics based predictive/prognostic anal-
yses, where different machine learning approaches of feature selection and modeling 
were investigated for the radiomic cohorts of lung and/or head & neck cancer patients. 

Radiomics decodes tumor phenotype and demonstrates transferable prognostic 
power 

In Chapter-5, we explored 440 radiomic features in 1019 cancer patients demonstrating 
that quantitative imaging biomarkers have strong prognostic performance in large in-
dependent cohorts of lung and head and neck cancer, and are associated with the un-
derlying gene expression patterns. Moreover, in this study we selected radiomic fea-
tures using their reproducibility against manual delineations and test-retest image 
scans. We also observed that features having high reproducibility have strong prognos-
tic power. Furthermore, we showed the complementary and improved performance of 
radiomic features compared to TNM staging for prediction of outcome, which illustrates 
the clinical importance of our findings as TNM is routinely used in the clinic. It is ex-
pected that radiomics will have an impact in personalized medicine, as it provides com-
plementary phenotypic information compared to genomics. The results presented in 
Chapter-5, indicate that radiomic features decode a prognostic phenotype that could be 
translated from lung to head and neck cancer, which may also generalize to other can-
cer types. These results indicate that radiomics quantifies a general prognostic cancer 
phenotype that likely can broadly be applied to other cancer types. Finally, due to the 
large application of non-invasive imaging in cancer patients in almost all hospitals 
worldwide, the results of this work would stimulate the development of image-based 
biomarkers and their evaluation in retrospective and prospective studies17,18,19. 
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Cancer-specific grouping and prognostic patters of radiomic predictors 

Although Chapter-5 demonstrated the transferable prognostic abilities of radiomic 
predictors between cancer types, we carried out the cancer specific radiomic investiga-
tions in Chapter-6 and compared radiomic patterns of lung and head & neck cancer 
patients. In this study we reduced the high dimensional radiomic feature space in an 
unsupervised manner and investigated common and cancer-type specific radiomic pat-
terns. We applied consensus clustering on 440 radiomic features extracted from lung 
cancer and head & neck cancer patient cohorts. Furthermore, these clusters were ex-
ternally validated on independent validation cohorts and were investigated in terms of 
their association with clinical variables like survival, histology, stage etc. For both cancer 
types, many clusters showed high cluster consensus and high within cluster correlation, 
which indicated the high robustness (stability) and compactness of these clusters. Com-
paring the individual lung and head & neck feature clusters, we observed that five clus-
ter pairs had substantial overlap (Jaccard ≥ 0.6) between the lung and head & neck 
cancer, whereas the overlap for other cluster pairs was poor. These results demonstrate 
both common as well as cancer-specific clustering characteristics of radiomic features.  
It can be observed from our analysis that radiomic features also have cancer-specific 
prognostic ability. We compared the univariable prognostic power of radiomic features 
across the two cancer types and observed that several radiomic features have signifi-
cant prognostic utility in only one of the two cancer types. Furthermore the multivaria-
ble radiomic signatures performed better in validation cohorts of the same cancer type 
in our multivariable analysis. The primary objective of our study was to separately inves-
tigate and compare radiomic feature subgroups in lung and head & neck cancer. Our 
analysis revealed a cancer-specific grouping and prognostic trends of radiomic features, 
which could be exploited to improve the performance of prognostic models. 

Machine learning approaches of feature selection and classification for 
radiomics 

“Machine-learning” can be broadly defined as computational methods/models which 
can use experience (data) to make accurate predictions20. These programmable compu-
tational methods are capable of “learning” from data and hence can automate and 
improve the prediction process. Predictive and prognostic models with high accuracy, 
reliability, and efficiency are vital factors driving the success of radiomics. Therefore, it 
is essential to compare different machine learning models for radiomics based clinical 
biomarkers. Like any high-throughput data-mining field, radiomics also underlies the 
curse of dimensionality21, which should be addressed by appropriate feature selection 
strategies. Moreover, feature selection also helps in reducing overfitting of models 
(increasing the generalizability). Thus, in order to reduce the dimensionality of radiomic 
feature space and enhance the performance of radiomics based predictive models, 
different feature selection methods22 should be thoroughly investigated. However, as 
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radiomics is an emerging research field, most of the published studies have only as-
sessed the predictive capabilities of radiomic features without putting much emphasis 
on the comparison of different feature selection and predictive modeling methods.  

We investigated different machine learning approaches of feature selection and 
classification for radiomic analyses in Chapters-7, 8, and 9. In an exploratory analysis of 
chapter-7, we built prediction models for predicting lung cancer histological subtypes. It 
is estimated that the error rate of cancer histopathology can be as high as 23%23,24,25,26 . 
These errors could be due to both sampling errors and observer variability; thus, there 
is a great need for additional quantitative diagnostic information. In more elaborate and 
systematic analyses investigating a large panel of machine learning approaches for radi-
omics based survival prediction in independent cohorts of Lung cancer (Chapter-8) and 
Head & Neck cancer (Chapter-9). We evaluated fourteen feature selection methods and 
twelve classification methods in terms of their predictive performance and stability 
against data perturbation.  

Various feature selection methods have been employed for high-throughput data 
mining problems27. In general, feature selection methods are categorized into three 
main categories: (1) filter methods (2) wrapper methods and (3) embedded methods. In 
these studies, we investigated fourteen different filter based approaches for radiomics 
based survival prediction. We only used filter-based approaches because they are com-
putationally more efficient and less prone to overfitting than the wrapper and embed-
ded methods22,28. Furthermore, unlike wrapper and embedded methods, filter methods 
are classifier independent. Thus, they allow separation of the modeling and feature 
selection component of the predictive analysis, which increases the generalizability of 
each component and hence the overall analysis. We also investigated twelve machine-
learning classification methods belonging to twelve different classifier families. Many 
classifiers have been proposed in the machine-learning literature. Theoretically speak-
ing, these classifiers belong to different fields (classifier families) of computer science 
and statistics. Therefore, it could really be difficult to understand the underlying as-
sumptions of each and every classifier and tune the parameters in an unbiased manner. 
The parameter tuning could be biased by user’s more (or lack of) expertise with some 
classifiers over the others. Usually, the studies, which propose a new classifier, only 
compare it to the reference classifiers of same family excluding the other classifier fami-
lies. Even if classifiers belonging to different families are considered for comparison, 
these reference classifiers are usually implemented using simple tools and with limited 
parameter configurations while carefully tuning the proposed classifier. These could 
consequently bias the results in favor of the proposed classifiers29. In our studies, we 
did not propose any new classifier and we have used the same implementation tool (R 
package caret) for all the classifiers. Furthermore, to ensure unbiased usage of classifi-
ers, we used parameter configurations that were previously reported29, in an study of 
comparing many classifiers over a large number of different datasets exhaustively. 
These parameter configurations were selected from the literature and have been previ-
ously validated on a large number of datasets belonging to different fields. Further-
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more, in our studies, the parameters were tuned using the repeated cross validation of 
training data only. Hence, our experimental design allowed us to evaluate different 
classification methods in an unbiased manner.  

Considering the stability and prognostic performance together and comparing the 
results between the two cancer types (HNSCC and NSCLC), we observed that the three 
classifiers naïve bayes (BY), random forest (RF) and nearest neighbor (NN) had high 
stability and high prognostic performance in both HNSCC and NSCLC studies. Similarly, 
two feature selection methods minimum redundancy maximum relevance (MRMR) and 
mutual information feature selection (MIFS) showed consistently high values of AUC 
and stability in both cancer types. These results indicate that such methods should be 
the first preferences for radiomics based prognostic/predictive analyses due to their 
consistency. However, further validation of these methods with different clinical out-
comes, different imaging modalities and also different radiomic cohorts could provide 
better insights about their applicability. 

Results related to the variability of AUC scores were comparable in both the cancer 
types as in both studies classification method contributed highest and size contributed 
the least in the performance variance. Interestingly, for HNSCC cohorts (Chapter-9), 
feature selection method contributed almost two times more in the AUC variation than 
in the case of NSCLC study of Chapter-8.  

It has also been shown that statistical models based on patient’s tumor and treat-
ment characteristics provide significantly better predictions/prognosis than the human 
expert30. Also, the potential clinical utility of radiomics based prognostic models has 
been highlighted before6. Hence, with the expanding radiomic cohorts and feature 
dimensions, as well as by integrating different biological and clinical information to-
gether with radiomics, higher prognostic performance could be achieved. In this regard, 
our studies could be an important reference as we compared a large panel of machine 
learning methods across two different cancer types. The prognostic power and stability 
of different machine learning methods were compared using four independent radio-
mic cohorts. Such comparative investigations could help in identifying the optimal and 
reliable machine learning methods for radiomics based prognostic analyses, which 
overall could broaden the scope of radiomics in cancer care. 

FUTURE PERSPECTIVES  

Standardization is a vital factor for the pragmatic realization of precision oncology. With 
respect to quantitative imaging and radiomics, majority of the published analyses have 
employed retrospective imaging data. In routine clinical image acquisition, there is a 
wide variation in imaging parameters such as image resolution, slice thickness, recon-
struction parameters, imaging scanners etc. In addition to that, as radiomic features are 
extracted from the tumor regions on images, inter-observer delineation variation could 
influence the reproducibility of radiomic features. Sensitivity of radiomic predictors with 
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respect to these different imaging and clinical settings should be investigated. In this 
thesis, we investigated the reproducibility of radiomic features against different seg-
mentation methods as well as test-retest image scans. Further such investigations as-
sessing the sensitivity of radiomic predictors with respect to the variation in different 
imaging settings are required in order to decide standardization protocols. Moreover, 
standardization of data (imaging and clinical) through the application of protocols and 
semantic-interoperability across different medical centres and the creation of a frame-
work for reproducible data sharing and research is needed. Locally this can be started 
with centralizing and making transparent all data and methodologies involved in radio-
mic analyses. This also will allow the re-use of data for validation purposes or for the 
analysis of new hypothesis31. Several initiatives like TCIA (The Cancer Imaging Archive)32 
and QIN (Quantitative imaging network)33 are already a step further in this regard. 
These efforts will allow external validation of predictive algorithms and facilitate the 
reproducibility and the evaluation of new research questions. Infrastructures like eu-
roCAT, could be a crucial step for quality assurance of data collection and standardiza-
tion, which is the semantic interoperability through different centers and the automat-
ed storage of patient, tumor and treatment characteristics. In future, this could address 
the drawbacks inherent to retrospective data collection and analysis.  

Many different types of radiomic features have been defined in the literature34 
based on tumor intensity histograms, shape and size, texture patterns, descriptors of 
tumor location and surrounding tissues, as well as the properties of tumor regions in 
different image transformed domains. These different types of features are extracted 
using different extraction settings. For example, in order to quantify grey level co-
occurrence based textural features, parameters like directions, intensity quantization 
etc. need to be chosen35. Similarly, as far as image transformations are concerned, 
there are several choices available in the image processing literature36, 37. Currently, 
there is a lack of standardization in the feature extraction process. Different research 
groups use different settings to extract these radiomic features based on their experi-
ence and familiarity with these features. Investigations assessing the sensitivity of these 
different extraction settings are therefore needed in order to standardize the feature 
extraction tools. Moreover, how these extraction settings could affect the predic-
tive/prognostic performance, is also yet to be investigated. An exhaustive investigation, 
assessing these extraction settings in different retrospective radiomic cohorts and with 
respect to different clinical outcomes, could help in standardizing feature extraction in 
quantitative imaging. Once the extraction method is standardized, open source feature 
extraction tools could be shared publicly for academic research and that could improve 
the reproducibility and validity of radiomic research. 

Also, there is a need to understand the biological interpretations of these features. 
In order to widen the scope of radiomics based decision support systems, it is essential 
to have a deep understanding of these features and their relation with the underlying 
biology. These kind of semantic investigations could result in enhancing acceptability 
and validity of these data driven approaches.   
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The radiomic feature definitions are mainly taken from the rich knowledgebase of 
image processing and computer vision, where these features are often referred as 
handcrafted or hand-designed features. In the recent times, with increasing data and 
computation power, there has been an emergence of deep learning or unsupervised 
feature learning. Deep learning is considered as state of the art machine-learning sub-
field, which has demonstrated excellent performance for several image recognition and 
computer vision challenges38. In medical image analysis as well, several recently pub-
lished articles demonstrate the unprecedented opportunities of deep learning based 
applications39, 40, 41. In deep learning, raw data (images for the scope of this thesis) is 
supplied as input to the deep neural network instead of any handcrafted features. It is 
expected that with sufficient amount of data, the network itself will learn the required 
features, which could provide higher predictive/prognostic performance. These kinds of 
approaches could address all the drawbacks related to feature extraction setting stand-
ardization as well as feature selection/reduction. However, there are some inherent 
challenges. These approaches require a large amount of data and high computation 
power. Often, in disease specific biomedical research, relatively limited amount of data 
is available. Therefore, sharing of data and computational resources between different 
medical centers could help in making such applications feasible for cancer care. Moreo-
ver, a large number of hyper parameters need to be chosen in order to train these deep 
networks and the output could be sensitive to these hyper parameters. Despite these 
challenges, the demonstrated success of deep learning in computer vision and image 
recognition as well as their ability to learn the required feature automatically and there-
fore reducing the manual interaction in decision support, make them worth investigat-
ing for radiomics. 

The second part of the thesis investigated the performance and robustness of dif-
ferent machine learning approaches for radiomics. In order to avoid overfitting, these 
investigations were carried out using independent radiomic cohorts. Furthermore, the 
evaluation framework was unbiased as it used publicly available implementation tools 
and reported parameter settings. The results of these investigations should be further 
validated with different radiomic cohorts focusing on different cancer types, different 
clinical endpoints and different imaging modalities. Moreover, in order to achieve high-
er predictive/prognostic power, other state of the art machine learning methods should 
also be incorporated in future investigations. Bias-variance tradeoff is a well-known 
challenge for machine learning applications20. Radiomics based machine learning mod-
els should be extensively validated in many different external cohorts. Although, the 
work done in this thesis used couple of external validation cohorts, a meta analysis, 
consisting several multicentre radiomic cohorts and different clinical outcomes could 
provide more insights regarding the actual prediction/prognostic power and generaliza-
bility of a models as well as their stability and consistency. However, ethical and privacy 
concerns, could hinder sharing of medical data between different centers. Therefore, 
shared data repositories like TCIA and QIN should be appreciated and more centers 
should participate in such academic and scientific collaborations. Also, other emerging 
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alternatives like distributed learning42 could also help in external validation of models. 
However, more research in these areas is required in order to realize their applications 
for radiomics and precision oncology. 

In conclusion, the work done in this thesis indicate non-invasive medical imaging 
based radiomic predictors could be vital for precision oncology by improving the hospi-
tal costs, productivity and quality of cancer care.  
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Summary 

In order to enhance the applications of radiomics, in this thesis, we conducted different 
radiomic analyses on large patient cohorts of non-small cell lung cancer and head and 
neck cancer.  

Part-1 Assessing variability in radiomics: 

In the first part, the focus was on assessing publicly available semi-automatic segmenta-
tion tools. These tools were evaluated in terms of their efficiency and reproducibility 
and were compared to the manual segmentations. Also, reproducibility of radiomic 
features with respect to different segmentation methods were also assessed. Chapter-2 
& 3 presented the studies where publicly available semiautomatic segmentation meth-
ods were assessed for their clinical relevance. Overall, it was observed that semiauto-
matic segmentation methods are tend to provide faster and more reproducible seg-
mentations as compared to manual delineations. Moreover, in Chapter-4, It was ob-
served that radiomic features extracted from the volumes, which are delineated by 
semiautomatic segmentation methods, had significantly higher reproducibility as com-
pared to the features extracted from the manually segmented volumes. These results 
indicated that semiautomatic segmentation methods could provide a better alternative 
to the manual delineation for radiomic analyses. 

Part-2 Machine learning methods for radiomics 

In this part, different unsupervised and supervised machine learning methods were 
investigated for radiomics based prognostic/predictive analyses. These different meth-
ods of feature selection/reduction and prediction modeling were compared in terms of 
their performance and robustness. Chapter-5 presented a radiomic analysis of 1,019 
patients with lung or head-and-neck cancer. It was found that radiomic signature have 
prognostic power in independent data sets of lung and head-and-neck cancer patients. 
Moreover, the radiogenomic analysis of this study revealed that a prognostic radiomic 
signature, capturing intratumor heterogeneity, was also associated with underlying 
gene-expression patterns. These independent cohorts were further investigated in 
Chapter-6 for their cancer specific grouping and prognostic characteristics. This analysis 
indicated both common as well as cancer-specific clustering and clinical associations of 
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radiomic features. In an exploratory study presented in Chapter-7, the association be-
tween radiomic features and the tumor histologic subtypes (adenocarcinoma and 
squamous cell carcinoma) were investigated in the cohorts of non-small cell lung cancer 
patients. Histological subtypes can influence the choice of a treatment/therapy for lung 
cancer patients. We observed that radiomic features show significant association with 
the lung tumor histology.  

Highly accurate and reliable machine-learning approaches can drive the success of 
radiomic applications in clinical care. In Chapter-8 & 9, different machine-learning 
methods were examined in terms of their performance and stability for predicting over-
all survival in independent lung and head & neck cancer cohorts. To ensure the unbi-
ased evaluation of different machine-learning methods, publicly available implementa-
tions along with reported parameter configurations were used. The variability analysis 
indicated that the choice of classification method was the most dominant source of 
performance variation. Identification of optimal machine-learning methods for radiomic 
applications is a crucial step towards stable and clinically relevant radiomic biomarkers, 
providing a non-invasive way of quantifying and monitoring tumor-phenotypic charac-
teristics in clinical practice.  

At the end, Chapter 10 provided a general discussion of the results presented in this 
thesis and related future perspectives. 
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Societal impact and valorizations 

In this thesis, state of the art computational approaches of mining non-invasive medical 
imaging data to derive predictive and prognostic inferences in clinical oncology are 
thoroughly described. Although the cohorts employed in this thesis were focused on 
specific oncological diseases – lung cancer and head and neck cancer, the described 
computational approaches harbor broad general applicability. In this section, we discuss 
the foreseeable societal impact of the presented research along with the policies that 
could be followed for the enhancement of personalized medicine.  

We observe an exponential increase in data and information in this recent “big data” 
era. Healthcare is no different to this trend. The healthcare institutions of the devel-
oped countries archive immense amount of patient data and these practices are being 
adopted by the highly populated developing countries as well. This increasing amount 
of patient specific data could transform the routine patient care by tailoring and cus-
tomizing treatments to individuals. More powerful predictive/prognostic tools are be-
coming available, enhancing the routine clinical care. This is aligned with the aimed 
personalized care – bringing the right treatment to the right patient. The use of predic-
tive/prognostic models is increasing, with many online tools already available: 

- http://www.predict.nhs.uk/ is an online tool used to help deciding the ideal course 
of treatment following breast cancer surgery, based on one’s cancer histopathology; 

- http://www.cancer.gov/bcrisktool/ allows estimating woman’s risk of developing 
invasive breast cancer; 

- https://www.mskcc.org/nomograms a long list of nomograms developed for a great 
variety of solid tumors, and based on hundreds or even thousands of patients, can 
be used to predict cancer outcomes or assess disease risk; 

- http://www.predictcancer.org/ a platform making available published models de-
veloped at Maastro for lung, rectum, head and neck, and endometrium cancer 

 
Furthermore, several collaborative consortiums for sharing data have been initiated: 

- http://www.cancerimagingarchive.net/ is an online repository consisting imaging 
and clinical data related to different cancer types. It provides a platform to different 
healthcare institutions of the world to share data and collaborate research. 
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- https://www.cancerdata.org/ is an initiative by Maastro clinic for sharing cancer 
data for research. 

 
We believe that great knowledge gain could be obtained by data sharing. It allows hav-
ing an access of external cohorts for validation, which is essential for the validity of 
research methodologies and proposed hypotheses of data driven research like Radi-
omics. Moreover, data sharing helps in reproducing the successful predictive/prognostic 
models, which latter could also be improved with additional data or by using better 
computational approaches. 

As far as the research presented in this thesis is concerned, majority of the chapters 
employed one or more publicly available data. Furthermore, majority of the applied 
computational approaches and analysis tools are open source.  

The first part of the thesis focused on evaluating different publicly available semi-
automatic segmentation methods keeping in mind their applicability for raidomics. Two 
different semi-automatic segmentation approaches available in a free and publicly 
available 3D-Slicer software tool, were compared to the manual segmentations in terms 
of their efficiency and accuracy. 3D-Slicer is an open source software platform for medi-
cal image informatics, image processing, and three-dimensional visualization. Built over 
two decades through support from the National Institutes of Health and a worldwide 
developer community, Slicer brings free, powerful cross-platform processing tools to 
physicians, researchers, and the general public (https://www.slicer.org). Moreover, all 
the cohorts used in the first part of the thesis are available at TCIA 
(http://www.cancerimagingarchive.net) or at cancerdata.org.  

The second part of the thesis covered the radiomics based predictive/prognostic 
analyses, where different machine learning approaches of feature selection and model-
ling were investigated for the radiomic cohorts of lung and/or head & neck cancer pa-
tients. The work presented in chapter 5, was one of the very first investigations investi-
gating more than 400 quantitative imaging features in over a 1000 patients with lung 
and head and neck cancer, with independent validation datasets. We have shown for 
the first time the true independent validated impact of radiomics in both lung and head 
and neck cancer, showing the translational capability of our findings. Additionally, with 
the publication of the study presented in Chapter 5, we shared imaging datasets to the 
cancer imaging archive (TCIA) of 511 NSCLC patients of which 89 with gene-expression 
data. This again, will facilitate reproducibility of research and allow the investigation of 
other methodologies and hypotheses in the same data. This chapter received attention 
from the media, including a press release from the Maastricht University Medical Cen-
tre1 and an internal press release in the Dana-Farber Cancer Institute in Boston, USA. 
This study was also featured in the outlook issue of the prestigious scientific magazine 
Nature, in a special issue on the outlook of lung cancer2.   

The studies reported in chapters 6-9, were also one of those very first investigations 
investigating the impact of the advanced machine-learning approaches for radiomic 
analyses with large independent validation cohorts and two different cancer types. 
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Predictive and prognostic models with high accuracy, reliability, and efficiency are vital 
factors driving the success of radiomics. Therefore, it is essential to compare different 
machine learning models for radiomics based clinical biomarkers. Moreover, we used 
open source analysis libraries and published parameter settings for the implementation 
of different machine learning methods enabling the unbiased evaluation of these meth-
ods. These articles have received good acceptance from the scientific community result-
ing in a decent number of citations within a short timespan.  

Overall, in order to achieve significantly higher and positive societal impact, collabo-
rative steps in terms of sharing data and knowledge are required. We are actively in-
volved in these initiatives by participating in different data and tools sharing consortium 
and collaborating with different institutions across the glob. Our work has contributed 
towards the release of publicly available radiomics toolboxes3. By involving more institu-
tions in sharing data and knowledge, we can evaluate the validity of radiomics based 
predictive/prognostic models, which could enhance the personalized medicine and 
hence the public health. 
 
(1) http://maastrichtumchoofdsite.createsend1.com/t/ViewEmail/t/CADC497D2FEB9C5D 
(2) http://www.nature.com/nature/journal/v513/n7517_supp/full/513S4a.html 
(3) https://www.radiomics.io/code.html 
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