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INTRODUCTION 

A recent report from the World Health Organization shows that despite enormous scien-
tific and technological advances in understanding and managing cancer, we cannot find 
our way out of the cancer problem yet. In 2012, there were 14.1 million new cancer cases, 
8.2 million cancer deaths and 32.6 million people living with cancer [1]. It is expected that 
annual cancer cases will rise to 22 million within the next two decades.  

Therefore, technological advances in fundamental research and clinical manage-
ment of cancer as well as health care policies towards cancer prevention and early diagno-
sis are constantly being pushed forward. Over the past decade, many new diagnostic and 
treatment modalities have become available, generating an ever increasing amount of 
patient specific information. Novel disease markers are being identified in large numbers 
nowadays, including genomics, proteomics and non-invasive imaging [2]. These markers 
hold the promise of improving patient’s prognostic information and moving personalized 
medicine a step closer (Figure 1). 
 

 
Figure 1 
Technological advances in basic research lead to an explosion of factors available for medical decision 
making. The increase of factors required for medical decision making is shown relative to the human 
cognitive capacity [3].  

 
However, an immediate consequence is that for each patient, the clinician needs to take 
into account a large number of factors while making a medical decision, for instance dif-
ferent treatment modalities, patient specific information coming from non-invasive imag-
ing, blood markers, genomic essays, to name a few. This implies a cognitive overload, be-
cause the human cognitive capacity is limited to approximately five factors per decision 
[3].  It also poses the challenge of converting a myriad of raw data into digested medical 
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knowledge: the process of integrating diverse information (clinical, imaging, biological) to 
provide patient specific clinical predictions that can accurately estimate patients outcome 
and facilitate clinical decision making.  

This highlights the growing need for validated clinical decision support systems 
(DSS’s). The process of developing DSSs has been named rapid-learning [3, 4], and involves 
the use of historical data from routine clinical care, to derive knowledge that can be ap-
plied while making decisions concerning new patients. It is also coupled to the concept of 
personalized medicine, which involves the use of patient specific characteristics to tailor 
treatment, in contrast to applying the standard treatment that would be offered to a 
group of patients with similar characteristics.  

It is expected that medical knowledge derived from the implementation of rapid-
learning approaches will enable the application and validation of decision-support sys-
tems, which, in turn, will enable advances in shared decision making, in this case, in radia-
tion oncology. 

OBJECTIVE OF THE THESIS 

The development of decision support systems to predict patients outcome in radiation 
oncology is needed to facilitate clinical shared decision making. Therefore, this thesis in-
vestigates the development of prognostic models for lung and head and neck cancer pa-
tients to identify patients at different risk levels before treatment. There were two specific 
research goals: 
 

I) the integration of patient clinical and treatment characteristics in lung and 
head and neck cancer to derive prognostic models of outcome. 

II)  the use of advanced quantitative imaging features, extracted from conven-
tional medical imaging, many of which are not currently used, to improve 
patients prognostic information in lung and head and neck cancer.  

OUTLINE OF THE THESIS 

The work of this thesis is presented in two parts, the first one on prognostic models using 
clinical patient characteristics and the second part on the use of Radiomic approaches for 
outcome prediction. To begin with, in this Chapter 1, a general introduction of the work 
presented in this thesis is given. We also introduce the concept of decision support sys-
tems in radiation oncology.     
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As a general introduction to Clinical Decision Support Systems in radiation oncology, Chap-
ter 2 provides an overview of the factors that have been associated with outcomes in ra-
diation oncology, and discusses the methodology needed for the development of predic-
tion models through the multiple stages involved. 
 
Part 1: Clinical predictors  
 
This part of the thesis describes the developed predictive models using patient clinical and 
treatment characteristics. For this purpose, relevant questions are investigated as to what 
clinical factors are associated with patient’s outcome? Can prognostic models be validated 
in external datasets? How do prognostic models compare with traditional decision making 
aids such as the TNM staging system?  
 
Chapter 3 presents a study in which we evaluated the most important patient, tumor and 
treatment factors associated with residual metabolic activity after treatment. Metabolic 
response assessment has been associated with survival and treatment failure. This study 
was performed in a MAASTRO dataset of 101 NSCLC patients.  
 
Chapter 4 describes the development of a prognostic nomogram for the prediction of 
overall survival and local control in laryngeal carcinoma patients. It also shows the valida-
tion of the same prognostic tool in four external datasets.  
 
Chapter 5 presents a study to develop a prognostic nomogram for oropharyngeal carci-
noma patients for prediction of overall survival and progression-free survival. It also shows 
a comparison of the developed nomogram with TNM and an important prognostic factor 
in these patients: HPV status.  
 
Part 2: Radiomics: Extracting more information from medical images using advanced 
feature analysis 
 
This second part of the thesis deals with the potential of extracting advanced quantitative 
features from medical images for outcome prediction. In this section we ask whether 
there is more information in medical imaging than what is currently used. Are descriptors 
of tumor shape or texture useful for outcome prediction?  
In specific, we proposed a methodology for high-throughput extraction of quantitative 
imaging parameters, evaluated methods for robust target definition and assessed the 
prognostic value of these imaging parameters in lung and head and neck cancer cohorts.  
 
Chapter 6, puts forward the concept of Radiomics: the high-throughput extraction of large 
amounts of image features from radiographic images. This review addresses the hypothe-
sis, methodological aspects, and challenges underlying the Radiomics approach.   



Chapter 1 14 

 
Towards the extraction of reproducible quantitative imaging features, Chapter 7, evalu-
ates the relevance of a semiautomatic CT-based segmentation method, by comparing it to 
manual delineations made by radiation oncologists and to pathological tumor measure-
ments considered as “gold standard” in NSCLC patients.  
 
Chapter 8, evaluates an open source, freely available method for lung tumors segmenta-
tion, and evaluates its usefulness by comparing it again, against the gold standard patho-
logical measurements and radiation oncologists delineations, and a step further, examin-
ing whether its use reduces variability during tumor segmentation.  
 
Following these results, Chapter 9 evaluates whether quantitative imaging features ex-
tracted from semi-automatically segmented tumors have lower variability and are more 
robust compared to features extracted from manual tumor delineations. This study ana-
lyzes the robustness of imaging features derived from semi-automatically and manually 
segmented primary NSCLC tumors in twenty patients. 
 
Chapter 10, presents an analysis of 440 quantitative imaging features quantifying pheno-
typic differences based on tumor appearance, i.e., shape, intensity and texture, in CT im-
ages of more than 1000 patients with lung or head and neck cancer. 

General discussion and future perspectives 

Chapter 11 provides a general discussion of the results presented in this thesis and its fu-
ture outlook and perspectives. 
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ABSTRACT 

With the emergence of individualized medicine and the increasing amount and complexity 
of available medical data, a growing need exists for the development of clinical decision-
support systems based on prediction models of treatment outcome. In radiation oncology, 
these models combine both predictive and prognostic data factors from clinical, imaging, 
molecular and other sources to achieve the highest accuracy to predict tumour response 
and follow-up event rates. In this Review, we provide an overview of the factors that are 
correlated with outcome including survival, recurrence patterns and toxicity—in radiation 
oncology and discuss the methodology behind the development of prediction models, 
which is a multistage process. Even after initial development and clinical introduction, a 
truly useful predictive model will be continuously re-evaluated on different patient da-
tasets from different regions to ensure its population-specific strength. In the future, vali-
dated decision-support systems will be fully integrated in the clinic, with data and 
knowledge being shared in a standardized, instant and global manner. 
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INTRODUCTION 

Over the past decade we have witnessed advances in cancer care, with many new diag-
nostic methods and treatment modalities1 becoming available, including advances in radi-
ation oncology.2 The abundance of new options and individualized medicine has, however, 
created new challenges. For example, achieving level I evidence is increasingly difficult 
given the numerous disease and patient parameters that have been discovered, resulting 
in an ever-diminishing number of ‘homogeneous’ patients.3 This reality contrasts to a cer-
tain extent with classic evidence-based medicine, whereby randomized trials are designed 
for large populations of patients. Thus, new strategies are needed to find evidence for 
subpopulations on the basis of patient and disease characteristics.4 

For each patient, the clinician needs to consider state-of-the-art imaging, blood 
tests, new drugs, improved modalities for radiotherapy planning and, in the near future, 
genomic data. Medical decisions must also consider quality of life, patient preferences 
and, in many health-care systems, cost efficiency. This combination of factors renders clin-
ical decision making a dauntingly complex, and perhaps inhuman, task because human 
cognitive capacity is limited to approximately five factors per decision.3  
 
Furthermore, dramatic genetic5, transcriptomic6, histological7 and micro-environmental8 
heterogeneity exists within individual tumors, and even greater heterogeneity between 
patients.9 Despite these complexities, individualized cancer treatment is inevitable. In-
deed, intratumoural and intertumoural variability might be leveraged advantageously to 
maximize the therapeutic index by increasing the effects of radiotherapy on the tumour 
and decreasing those effects on normal tissues.10-12  

The central challenge, however, is how to integrate diverse, multimodal infor-
mation (clinical, imaging and molecular data) in a quantitative manner to provide specific 
clinical predictions that accurately and robustly estimate patient outcomes as a function 
of the possible decisions. Currently, many prediction models are being published that con-
sider factors related to disease and treatment, but without standardized assessments of 
their robustness, reproducibility or clinical utility.13 Consequently, these prediction models 
might not be suitable for clinical decision-support systems for routine care.  
 
In this Review, we highlight prognostic and predictive models in radiation oncology, with a 
focus on the methodological aspects of prediction model development. Some characteris-
tic prognostic and predictive factors and their challenges are discussed in relation to clini-
cal, treatment, imaging and molecular factors. We also enumerate the steps that will be 
required to present these models to clinical professionals and to integrate them into clini-
cal decision-support systems (CDSSs). 
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METHODOLOGICAL ASPECTS 

Factors for prediction  

The overall aim of developing a prediction model for a CDSS is to find a combination of 
factors that accurately anticipate an individual patient’s outcome.14 These factors include, 
but are not limited to, patient demographics as well the results of imaging, pathology, pro-
teomic and genomic testing, the presence of key biomarkers and, crucially, the treatment 
undertaken. ‘Outcome’ can be defined as tumour response to radiotherapy, toxicity evolu-
tion during follow up, rates of local recurrence, evolution to metastatic disease, survival or 
a combination of these end points. Although predictive factors (that is, factors that influ-
ence the response to a specific treatment) are necessary for decision support, prognostic 
factors (that is, factors that influence response in the absence of treatment)15 are equally 
important in revealing the complex relationship with outcome. Herein, we refer to both of 
these terms generically as ‘features’ because, for a predictive model, correlation with out-
come must be demonstrable. 

Model development stages  

The procedure for finding a combination of features correlated with outcome is analogous 
to the development of biomarker assays.16 In that framework, we can distinguish qualifica-
tion and validation. Qualification demonstrates that the data are indicative or predictive of 
an end point, whereas validation is a formalized process used to demonstrate that a com-
bination of features is both reliable and suitable for the intended purpose. That is, we 
need to identify features, test whether they are predictive in independent datasets and 
then determine whether treatment decisions made using these features improve out-
come. The complete cycle of model development entails several stages (Figure 1).  

In the hypothesis-generation stage, one must consider the end point to predict, the 
timing of the treatment decision and the available data at these time points. In the data-
selection step, a review of potential features is first conducted, ideally by an expert panel. 
A practical inventory of the available data and sample-size calculations are recommended, 
especially for the validation phase.17,18 Data from both clinical trials (high quality, low 
quantity, controlled, biased selection) and clinical practice (low quality, high quantity, un-
biased selection) are useful, but selection biases must be identified in both cases and the 
inclusion criteria should be equivalent. For all features, including the characteristics of the 
treatment decision, data heterogeneity is a requirement to identify predictive features 
and to have the freedom to tailor treatment.  
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Figure 1 
Schematic overview of methodological processes in clinical decision-support system development, describ-
ing model development, assessment of clinical usefulness and what ideally to publish. The coloured, paral-
lel lines represent heterogeneous data, which have been split early for independent validation (but with-
out internal cross-validation). 
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Next, performance measures for models are determined, and these measures include the 
area under the receiver operating characteristic curve (AUC), accuracy, sensitivity, specific-
ity and c-index of censored data.19 AUC, which has values between 0 and 1 (with 1 denot-
ing the best model and 0.5 randomness), is the most commonly used performance meas-
ure. However, for time-to-event models, the c-index and hazard ratio are more appropri-
ate because both can handle censored data.  

The preprocessing stage deals with missing data (imputation strategies; that is, re-
placing missing values by calculated estimates),20 identifying incorrectly measured or en-
tered data 21, as well as discretizing (if applicable) and normalizing data to avoid sensitivity 
for different orders of data scales.22 If an external, independent dataset is not available for 
validation, the available data must be split (in a separate stage) into a model-training da-
taset and a validation set, the latter of which is used subsequently in the validation step. 
In the feature-selection stage, the ratio of the number of evaluated features to number of 
outcome events must be kept as low as possible to avoid overfitting. When a model is 
overfitted, it is specifically and exclusively trained for the training data (including its data 
noise) and, as a result, performs poorly on new data. Data-driven preselection of features 
is, therefore, recommended.23 Univariate analyses are commonly used to prioritize the 
features—that is, testing each feature individually and ranking them on their strength of 
correlation with outcome. 

Predicting outcomes  

In the next stage, the input data are fed into a model that can classify all possible patient 
outcomes. Traditional statistical24 and machine-learning models25 can be considered. For 
two or more classes (for example, response versus no response), one might consider lo-
gistic regression, support vector machines, decision trees, Bayesian networks or Naive 
Bayes algorithms.26,27 For time-to-event outcomes, whether censored or not, Cox propor-
tional hazards models28 or the Fine and Gray model28 of competing risks are most com-
mon. The choice of model depends on the type of outcome (for example, logistic regres-
sion for two or more outcomes, or Cox regression for survival-type data) and the type of 
input data (for example, Bayesian networks require categorized data, whereas support-
vector machines can deal with continuous data). In general, several models with similar 
properties can be tested to find the optimal model for the available data. A simple model 
is, however, preferred because it is expected to be robust to a wider range of data than a 
more complex model.  

Performance on the training dataset is upwards-biased because the features were 
selected. Thus, external validation data must be used, which can be derived from a sepa-
rate institute or independent trial. When data are limited, internal validation can be con-
sidered using random split, temporal split or k-fold cross-validation techniques.29 The de-
veloped model should have a benefit over standard decision making, and must be as-
sessed prospectively in the clinic in the penultimate stage of development. Models must 
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be compared against predictions by clinicians30,31 and to standard prognostic and predic-
tive factors.32 Critically, to demonstrate the improvement of patient outcome, quality of 
life and/or reduced toxicity,33 clinical trials must be conducted whereby the random as-
signment of patients is based on the prediction model output. Fulfilling this requirement 
will generate the final evidence that the model is improving health care by comparing, in a 
controlled way, the tailored treatments with standard treatments in the clinic. 

Finally, the prediction models and data can be published, enabling the wider onco-
logical community to evaluate them. Full transparency on the data and methodology is the 
key towards global implementation of the model into CDSSs. This suggestion is similar to 
clinical ‘omics’ publications for which the raw data, the code used to derive the results 
from the raw data, evidence for data provenance (the process that led to a piece of data) 
and a written description of nonscriptable analysis steps are routinely made available.34 
In practice, this cycle of development usually begins by identifying clinical parameters, 
because these are widely and instantly available in patient information systems and clini-
cal trials. These clinical variables also form the basis for extending prediction models with 
imaging or molecular data. 

CLINICAL FEATURES  

Decision making in radiotherapy is mainly based on clinical features, such as the patient 
performance status, organ function and grade and extent of the tumour (for example, as 
defined by the TNM system). In almost all studies, such features have been found to be 
prognostic for survival and development of toxicity.35-37 Consequently, these features 
should be evaluated in building robust and clinically acceptable radiotherapy prognostic 
and predictive models. Moreover, measurement of some clinical variables, such as per-
formance status, can be captured with minimal effort. Even the simplest questionnaire, 
however, should be validated as is the case for laboratory measurements of organ func-
tion or parameters measured from blood.38,39 

Furthermore, a standardized protocol should be available to ensure that compari-
sons are possible between centres and questionnaires over time.40 Moreover, why specific 
features were chosen for measurement should be clearly explained. For example, if hae-
moglobin measurements were only taken in patients with fatigue, the resulting bias would 
demand caution when including and interpreting the measurements. Only when clinical 
parameters are recorded prospectively with the same scrutiny as laboratory measure-
ments will observational studies become as reliable as randomized trials.41,42 
 
Toxicity measurements and scoring should also build on validated scoring systems, such as 
the Common Terminology Criteria for Adverse Events (CTCAE), which can be scored by the 
physician or patient.43,44 Indeed, a meta-analysis showed that high-quality toxicity assess-
ments from observational trials are similar to those of randomized trials.45,46 
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However, a prospective protocol must clarify which scoring system was used and how 
changes in toxicity score were dealt with over time with respect to treatment.  

Finally, to ensure a standardized interpretation, the reporting of clinical and toxicity 
data and their analyses should be performed in line with the STROBE (Strengthening the 
Reporting of Observational Studies in Epidemiology) statement for observational studies 
and genetic-association studies, which is represented as checklists of items that should be 
addressed in reports to facilitate the critical appraisal and interpretation of these type of 
studies.47,48 

TREATMENT FEATURES  

Currently, image-guided radiotherapy (IGRT) is a highly accurate cancer treatment modali-
ty in delivering its agent (radiation) to the tumour.49 Furthermore, very accurate 
knowledge of the effects of radiation on normal tissue has been obtained50. With modern 
radiotherapy techniques—such as intensity-modulated radiotherapy, volumetric arc ther-
apy or particle-beam therapy—the treatment dose can be sculpted around the target vol-
ume with dosimetric accuracy of a few percentage points. IGRT ensures millimetre preci-
sion to spare the organs at risk as much as possible.51  

For prediction modelling, recording features that are derived from planned spatial 
and temporal distribution of the radiotherapy dose is crucial. Additionally, features must 
be recorded that describe the efforts undertaken during treatment to ensure that the 
dose is delivered as planned (that is, in vivo dosimetry); a delicate balance exists between 
tumour control and treatment-related toxicity.52 Additional therapies, such as (concur-
rent) chemotherapy, targeted agents and surgery, and their features must also be record-
ed because these have various effects on outcome.32,53 An example is the difference be-
tween concurrent versus sequential chemoradiation, which has a major influence on the 
occurrence of acute oesophagitis that induces dysphagia.54 With respect to the spatial di-
mension of radiotherapy, how to combine information about the spatially variable dose 
distribution for every subvolume of the target tumour (or organ) with the global effect to 
the tumour or adjacent normal tissue remains indeterminate. Dose-response relationships 
for tumour tissues are often reported in terms of mean (biologically equivalent) dose, alt-
hough voxel-based measures have also been reported.55  

Mean doses or doses to a prescription point inside the tumour are easily deter-
mined and reported and can suffice for many applications. However, spatial characteris-
tics might be more relevant in personalized approaches to ensure radioresistant areas of 
the tumour receive higher doses.55 For normal tissue toxicity, dose features—including the 
mean and maximum dosage, as well as the volume of the normal tissue receiving a certain 
dose—are important. For example, V20 <35% is a common threshold to prevent lung tox-
icity.56 

Clinical dose–volume histogram analysis for pneumonitis after the 3D treatment for 
non-small-cell lung cancer was first described in 1991.57 In 2010, a series of detailed re-
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views of all frequently irradiated organs (the QUANTEC project) was described,50 showing 
that, as for the tumour, care must be taken when assessing dose at the organ level. For 
example, in some organs, the volume receiving a certain dose is important (such as the 
oesophagus or lung) because of their proximity to other vital structures, whereas the max-
imum dose to a small region of other organs might be most important (such as for the spi-
nal cord) because preserving its post-treatment function is crucial. Predicting complica-
tions to normal tissue is an active research area in ongoing, large, prospective multicentre 
projects, including ALLEGRO58 and others.59-61 

Although important, in general, one must be careful about relying completely on 
planned-radiotherapy dose-based predictions because patients display wide variability in 
toxicity development. The reasons for this variability include many known clinical and mo-
lecular-based features as well as the quality of the treatment execution. The focus on the 
planned radiotherapy dose distribution as the prime determinant of outcome is perhaps 
the most common pitfall in prediction models because deviations from the original plan 
during the time of treatment frequently occur.62 The accuracy of prediction models is ex-
pected to increase when measured dose is used, as this measure reflects the effect of ra-
diotherapy most accurately. Figure 2 shows an example of these variations in a patient 
with prostate cancer. Dose reconstructions (2D and 3D), Gamma-Index calculations and 
dose–volume histograms during treatment can help in identifying increasingly accurate 
dose-related features,63,64 such as radiation pneumonitis65 and oesophagitis.66  

The temporal aspect of fractionated radiotherapy is also an active area of research. 
The fact that higher radiation doses are required to control a tumour when treatment is 
prolonged is well-known, and increasing evidence suggests that accelerated regimens giv-
ing the same physical dose can improve outcome.67,68 A multicentre analysis of patients 
with head-and-neck cancer treated with radiotherapy alone showed that the potential 
doubling time of the tumour before treatment was not a predictor for local control.69 
Alongside the classic explanation of accelerated repopulation,70 changes in cell loss, hy-
poxia and selection of radioresistant stem cells have each been suggested as underlying 
causes of this observation, the possible implications of which include shorter overall 
treatment times with higher doses per fraction and the avoidance of breaks during treat-
ment.71,72 Overall, treatment time is an accessible feature that is correlated with local fail-
ure in several tumour sites.73,74 
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Figure 2 
The importance of considering measured dose for outcome prediction for a patient with prostate cancer. a 
| Original planning CT scan that includes contours of the prostate (red), bladder (yellow), exterior wall of 
the rectum (blue) and seminal vesicles (green). b | Contoured CT scan after 16 fractions of radiotherapy. c | 
Reconstructed 3D dose after 16 fractions of radiotherapy. d | Calculated dose differences (expressed as a 
3D Gamma Index) after 16 fractions of radiotherapy. e | Dose–volume histograms at fractions 1, 6, 11, 16, 
21 and 26 (dashed lines) as well as pretreatment histograms (solid lines). Clear deviations are visible from 
the planned dose–volume histogram for the rectum and bladder. 
 
Ideally, the spatial and temporal dimensions of radiotherapy would be exploited by show-
ing a fractional dose distribution in a tumour radioresistance (and normal-tissue radiosen-
sitivity) map that is continuously updated during treatment. However, such an image of 
radioresistance does not yet exist. If it did, CDSSs would guide the planning and modifica-
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tion of the spatial and temporal distribution of radiation in such a way as to maintain or 
improve the balance between tumour control and the probability of normal tissue compli-
cations continuously during treatment, instead of the current approach that delivers radi-
ation as planned with an identical dose to the tumour as a whole. 

IMAGING FEATURES  

Medical imaging has a fundamental role in radiation oncology, particularly for treatment 
planning and response monitoring.75,76 Technological advances in noninvasive imaging—
including improved temporal and spatial resolution, faster scanners and protocol stand-
ardization—have enabled the field to move towards the identification of quantitative non-
invasive imaging biomarkers.77–79 

Metrics based on tumour size and volume are the most commonly used image-
based predictors of tumour response to therapy and survival,80–87 and rely on CT and MRI 
technology for 3D measurement.88–90 Although used in clinical practice, tumour size and 
volume measurements are subject to inter-observer variability that can be attributed to 
differences in tumour delineations.85–87, 91,92 Moreover, the optimal measurement tech-
nique and definitions of appropriate response criteria, in terms of changes in tumour size, 
are unclear.93 Additionally, tumour motion and image artefacts are additional sources of 
variability.94,95 To overcome these issues, automated tumour delineation methods have 
been introduced96–99 on the basis of, for example, the selection of ranges of Hounsfield 
units (which represent the linear attenuation coefficient of the X-ray beam by the tissue) 
on CT that define a certain tissue type, or calculation of the gradient of an image (mathe-
matical filter) to reveal the borders between tissue types. Extensive evaluation, however, 
is needed before these methods can be used routinely in the clinic.100–102 

A commonly used probe for the metabolic uptake of the tumour is 
18F-fluorodeoxyglucose (FDG) for PET imaging.103,104 The pre-treatment maximum stand-
ardized uptake value (SUV, which is the normalized FDG uptake for an injected dose ac-
cording to the patient’s body weight) is strongly associated with overall survival and tu-
mour recurrence in a range of tumour sites, including the lung, head and neck, rectum, 
oesophagus and cervix.105–111 Furthermore, several studies have shown that changes in 
SUV during and after treatment are early predictors of tumour recurrence.112–115 FDG–PET 
measurements, however, are dependent on a number of factors, including injected dose, 
baseline glucose concentration, FDG clearance, image reconstruction methods used and 
partial-volume effects.116,117 Standardization of these factors across institutions is, there-
fore, fundamental to enable comparisons and validation of data from FDG–PET imag-
ing.118,119 

Multiple studies have shown that diffusion-weighted MRI parameters, such as the 
apparent diffusion coefficient (ADC), which is a measure of water mobility in tissues, can 
accurately predict response and survival in multiple tumour sites.120–124 However, lack of 
reproducibility of ADC measurements—due to lack of standardization of instruments be-



Chapter 2  26 

tween vendors and of internationally accepted calibration protocols—remains a bottle-
neck in these types of studies.125 Evaluations of different time points in dynamic contrast-
enhanced MRI have also been used to describe tumour perfusion.90,126–128 Indeed, hypoth-
esis-driven preclinical129 and xenograft studies130,131 support these clinical studies. For ex-
ample, assessment of the correlation of features from imaging (such as lactate level and 
the extent of reoxygenation) with tumour control is possible.130,131 
Increasingly advanced image-based features are currently being investigated. For exam-
ple, routine clinical imaging can capture both tumour heterogeneity and post-treatment 
changes, which can be analyzed to identify functional biomarkers (Figure 3).  
 

 
Figure 3 
Axial FDG–PET and CT images of two different patients with NSCLC. Tumour imaging biomarkers describing, 
for example, textural heterogeneity, FDG uptake and tumour size can be assessed noninvasively before, dur-
ing and after radiotherapy and associated with treatment outcome. Abbreviations: FDG, 18F-
fluorodeoxyglucose; NSCLC, non-small-cell lung cancer. 

 
Changes in Hounsfield units in contrast-enhanced CT are directly proportional to the quan-
tity of contrast agent present in the tissue and have been used as a surrogate for tumour 
perfusion.132,133 Indeed, reductions of Hounsfield units following treatment have been 
used to evaluate treatment response in rectal, hepatic and pulmonary cancers. 134,135 
Standardizing the extraction and quantification of a large number of traits derived from 
diagnostic imaging are now being considered in new imaging marker approaches.79 
Through advanced image-analysis methods, we can quantify descriptors of tumour heter-
ogeneity (such as variance or entropy of the voxel values) and the relationship of the tu-
mour with adjacent tissues.136–138 These analytical methods enable high-throughput evalu-
ation of imaging parameters that can be correlated with treatment outcome and, poten-
tially, with biological data. Indeed, qualitative imaging parameters on CT and MRI scans 
have been used to predict mRNA abundance variation in hepatocellular carcinomas and 
brain tumours.139–141 Furthermore, a combination of anatomical, functional and metabolic 
imaging techniques might be used to capture pathophysiological and morphological tu-
mour characteristics in a noninvasive manner, including apparent intratumoural hetero-
geneity.142 
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MOLECULAR FEATURES 

Biological markers are also valuable clinical decision-support features; these include prog-
nostic and predictive factors for outcomes, such as tumour response and normal-tissue 
tolerance. Despite these strengths, trials of molecular biomarkers are prone to experi-
mental variability; for this reason standardizing assay criteria, trial design and analysis are 
imperative if multiple molecular markers are to be used in predictive modelling.16 

Tumour response 

Next to tumour size, tumour control after radiotherapy is largely determined by three cri-
teria: intrinsic radiosensitivity, cell proliferation and the extent of hypoxia.143 In addition, 
large tumours intuitively require higher doses of radiation than small tumours because 
there are simply more cells to kill—this requirement is true even if intrinsic radiosensitivi-
ty, hypoxia and repopulation rates are equal. Several approaches have been developed to 
measure these additional three parameters to predict tumour response to radiotherapy. 

Intrinsic radiosensitivity  

Malignant tumours display wide variation in intrinsic radiosensitivity, even between tu-
mours of similar origin and histological type.144 Attempts to assess the radiosensitivity of 
human tumours have relied on determining the ex vivo tumour survival fraction.145 Those 
studies and others have shown that tumour cell radiosensitivity is a significant prognostic 
factor for radiotherapy outcome in both cervical146 and head-and-neck147 carcinomas. 
However, these colony assays suffer from technical disadvantages that include a low suc-
cess rate (<70%) for human tumours and the time needed to produce data, which can be 
up to several weeks. 

Other studies have included assessments of chromosome damage, DNA damage, 
glutathione levels and apoptosis.148 Indeed, some clinical studies using such assays have 
shown correlations with radiotherapy outcome, whereas others have not.149 However, 
these cell-based functional assays only have limited clinical utility as predictive assays, 
despite being useful in confirming a mechanism that underlies differences in the response 
of tumours to radiotherapy. For example, some studies have provided encouraging data 
showing that immunohistochemical staining for γ-histone H2AX, a marker of DNA damage, 
might be a useful way to assess intrinsic radiosensitivity very early after the start of treat-
ment.150, 151 Double-stranded breaks are generated when cells are exposed to ionizing ra-
diation or DNA-damaging chemotherapeutic agents, which rapidly results in the phos-
phorylation of γ-histone H2AX. γ-Histone H2AX is the most sensitive marker that can be 
used to examine the DNA damage and its subsequent repair, and it can be detected by 
immunoblotting and immunostaining using microscopic or flow cytometric detection. Clin-
ically, two biopsies (one before and one after treatment) are needed to assess the 
γ-histone H2AX status, which is not always easy to implement in practice. 



Chapter 2  28 

Hypoxia  

Tumour hypoxia is the key factor involved in determining resistance to treatment and ma-
lignant progression; it is a negative prognostic factor after treatment with radiotherapy, 
chemotherapy and surgery.152, 153 Indeed, some data show that hypoxia promotes both 
angiogenesis and metastasis and, therefore, has a key role in tumour progression.154 Alt-
hough a good correlation has been demonstrated between pimonidazole (a chemical 
probe of hypoxia) staining and outcome after radiotherapy in head-and-neck cancer,155 
the same relationship has not been found in cervical cancer.156 In light of these contrasting 
results, one of the hypotheses put forward to explain this is that hypoxia tolerance is more 
important than hypoxia itself.157  

The use of fluorinated derivatives of such chemical probes also enables their detec-
tion by noninvasive PET.158–160 Although this approach requires administration of a drug, it 
does benefit from sampling the whole tumour and not just a small part of it. Another pos-
sible surrogate marker of hypoxia is tumour vasculature; the prognostic significance of 
tumour vascularity has been measured as both intercapillary distance (thought to reflect 
tumour oxygenation) and microvessel density (the ‘hotspot’ method that provides a histo-
logical assessment of tumour angiogenesis). Some studies have found positive correlations 
with outcome—mainly using microvessel density in cervical cancer—whereas others have 
shown negative correlations.161 Some concerns have been raised about the extent to 
which biopsies taken randomly truly represent the usually large, heterogeneous tumours. 

Proliferation 

If the overall radiotherapy treatment time is prolonged, for example, for technical reasons 
(breakdown of a linear particle accelerator) or because of poor tolerance by the patient to 
the treatment, higher doses of radiation are required for tumour control—clearly indicat-
ing that the influence of tumour proliferation is important.162 Although proliferation dur-
ing fractionated radiotherapy is clearly an important factor in determining outcome, relia-
ble measurement methods are not yet available. To understand why radiation leads to an 
accelerated repopulation response in some tumours and not in others, a greater under-
standing of the response at both the cellular and molecular level is required. 

Normal-tissue tolerance  

Inherent differences in cellular radiosensitivity among patients dominate normal-tissue 
reactions more than other contributing factors.164 That is, the radiation doses given to 
most patients might in actuality be too low for an optimal cure because 5% of patients are 
very sensitive; these 5% of patients are so sensitive that they skew what is ‘optimal’ radio-
therapy to the lower end of the spectrum, to the detriment of the majority of patients 
who are not as sensitive. Future CDSSs should be able to distinguish such overly sensitive 
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patients and classify them separately so they receive different treatments to the less-
sensitive patients.  

Several small165 and large166 in vitro studies found a correlation between radiosen-
sitivity and severity of late effects, namely radiation-induced fibrosis of the breast, but 
these findings were not consistent because no standardized quality assurance exists for 
radiotherapy in vivo.167, 168 Similar discrepancies were later found using rapid assays that 
measure chromosomal damage,169 DNA damage170 and clonogenic cell survival.171 For ex-
ample, the lymphocyte apoptosis assay has been used in a prospective trial as a stratifica-
tion factor to assess late toxicity using letrozole as radiosensitizer in patients with breast 
cancer.172 Cytokines such as TGF-β, which influences fibroblast proliferation and differen-
tiation, are known to have a central role in fibrosis and senescence.173,174 Currently, the 
relationships between the lymphocyte predictive assay, TGF-β and late complications are 
purely correlative and a clear molecular explanation is lacking. Genome-wide association 
studies (GWAS) and the analysis of single nucleotide polymorphisms (SNPs) in candidate 
genes have also shown promise in identifying normal-tissue tolerance,175,176 although 
these do not often validate results from independent studies.177 In general, the problem 
with all these studies has been the wide experimental variability rather than interindividu-
al differences in radiosensitivity. Normal-tissue tolerance is the dose-limiting factor for the 
administration of radiotherapy, therefore, any CDSS should be based on predictors of tu-
mour control and the probability of complications. 
 

REPRESENTATION OF PREDICTIONS 

Although the decisions made in the process of developing predictive models will deter-
mine the characteristics of a multivariate model (for example, which features are selected 
and the overall prediction accuracy), the success of the model depends on other factors, 
such as its availability and interactivity, which increases the acceptability. Even models 
based on large patient populations, with proper external validation, can fail to be accept-
ed within the health-care community if the model and its output are not easily interpreta-
ble, if there is a lack of opportunity to apply the model or if the clinical usefulness is not 
proven or reported.178 

Although some models, such as decision trees, implicitly have a visual representa-
tion that is somewhat interpretable, most models do not. One highly interpretable repre-
sentation of a set of features is the nomogram.179 The nomogram was originally used in 
the early 20th century to make approximate graphical computations of mathematical 
equations. In medicine, nomograms have experienced a revival, reflected by the increas-
ing number of studies reporting them.180–184 Figure 4 shows an example of a published 
clinical nomogram of local control in larynx cancer in which values for the selected fea-
tures directly relate to a prediction score. The sum of these scores corresponds to a prob-
ability of local control within 2 or 5 years.181 
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Another idea for increasing acceptability of computer-assisted personalized medicine is to 
make prediction models available on the internet. If interactive, peer-reviewed models are 
provided with sufficient background information, clinicians can test them using their own 
patient data. Such a system would provide retrospective validation of the multiple fea-
tures by the wider community, as well as provide an indication on the clinical usefulness of 
the methodology. The best-known website with interactive clinical prediction tools is Ad-
juvant! Online.185 This website provides decision support for adjuvant therapy (for exam-
ple, chemotherapy and hormone therapy) after surgery for patients with early-stage can-
cer. Many researchers have evaluated the models available on this prediction website, 
thereby refining them with additional predictors and updated external validations.186,187 A 
prediction website that focuses on decision support for radiotherapy was recently estab-
lished.188 The aim of this website is to let users work with and validate the interactive 
models developed for patients with cancer treated with radiotherapy, which contributes 
to CDSS development in general by demonstrating the potential of these predictions and 
raising the awareness of their existence and limitations. 

FUTURE PROSPECTS 

The major focus of this Review, thus far, has been model development, validation and 
presentation (including the features from different domains that might be considered as 
predictive and prognostic). Although an accurate outcome prediction model forms the 
basis of a CDSS, additional considerations must be made before a new CDSS can be used in 
daily radiation oncology practice. 

First, any decision a patient or physician makes is based on a balance between its 
benefits (survival, local control and quality of life) and harms (toxic effects, complications, 
quality of life and financial cost). For example, an increased radiation dose usually results 
in both a higher probability of tumour control, but a concomitant higher probability of 
normal-tissue complications. Identifying the right balance between harm and benefit is a 
deeply personal choice that can vary substantially among patients. 
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Figure 4 
A published nomogram for local control in patients with cancer of the larynx treated with radiothera-
py. Clinical and treatment variables are associated with local control status at follow-up durations of 2 
and 5 years. The predictors are age of the patient (in years), haemoglobin level (in mmol/l), clinical 
tumour stage (T-stage), clinical nodal stage (N-stage), patient’s sex and equivalent dose (in Gy). A 
probability for local control can be calculated by drawing a vertical line from each predictor value to 
the score scale at the top—‘points’. After manually summing up the scores, the ‘total points’ corre-
spond to the probability of local control, which are estimated by drawing a vertical line from this value 
to the bottom scales to estimate local control.181 
 
Thus, a CDSS should simultaneously predict local control, survival, treatment toxicity, qual-
ity of life and cost. The system should represent these predictions and the balance be-
tween them in a way that is not only clear to the physician, but also to the patient, to 
achieve shared decision making. 

Additionally, any prediction using a CDSS should be accompanied by a confidence 
interval. Accurately evaluating the confidence interval is an active and challenging area of 
research because uncertainties in the input features, missing features, size and quality of 
the training set and the intrinsic uncertainty of cancer must be incorporated to specify the 
uncertainty in the prediction for an individual patient. Without knowing if two possible 
decisions have a statistically significant and clinically meaningful difference in outcome, 
clinical decision support is difficult. Always sharing the data on which the model was based 
is a crucial prerequisite for this effort. 
Current prediction models for decision support can only assist in distinguishing very high-
level decisions—such as palliative versus curative treatment, sequential versus concurrent 
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chemoradiation, surgery versus a watch-and-wait approach. The radiation oncology com-
munity, however, is probably more interested in decisions such as intensity-modulated 
radiotherapy versus 3D-conformal radiotherapy or accelerated versus nonaccelerated 
treatment. The current prediction models are simply not trained on datasets with these 
detailed subgroups and are not, therefore, accurate enough to support these decisions. 
Whether learning from increasingly diverse patient groups and adding other features will 
sufficiently improve the current models is unclear. As a result, tightly controlled studies 
using evidence-based medicine approaches are still crucial to guide clinical practice. 

Finally, CDSSs should be seen as medical devices that require stringent acceptance, 
commissioning and quality assurance by the local institute. The key part of the commis-
sioning and subsequent quality assurance is to validate the accuracy of the prediction 
model in the local patient population. Indeed, local patient data should be collected and 
the predicted outcomes compared with actual outcomes to convince local physicians that 
the support system works in their local setting. This ‘local validation’ should be done at 
the commissioning stage, but should be repeated to ensure the decision support remains 
valid, despite changes in local practice. Validation studies need to indicate what will be the 
required commission frequency. 
This required quality assurance also enables the improvement of the system as more pa-
tient data becomes available. Using routine patient data to extract knowledge and apply 
that knowledge immediately is called ‘rapid learning’.3, 189 Rapid learning via continuously 
updated CDSSs offers a way to quickly learn from retrospective data and include new data 
sets (such as randomized controlled trial results) to adapt treatment protocols and deliver 
personalized decision support. 

As a data-driven discipline with well-established standards, such as DICOM–RT (dig-
ital imaging and communications in medicine in radiotherapy), radiotherapy offers an ex-
cellent starting point for adopting these rapid-learning principles (Figure 5). Aside from the 
importance of local data capture, which is still often lacking for (patient-reported) out-
come and toxicity in particular, the quantity and heterogeneity of data that is necessary 
for rapid learning requires the pooling of data in a multi-institutional, international fash-
ion.190,191 One method of pooling data is to replicate routine clinical data sources in a dis-
tributed de-identified data warehouse, such as what is done in an international Computer-
Aided Theragnostics network.192 Examples of initiatives that create large centralized data 
and tissue infrastructures for routine radiation oncology patients are GENEPI,193 the Radi-
ogenomics Consortium,194 ALLEGRO58 and ULICE.195 These initiatives also facilitate studies 
for external validation, reproducibility and hypothesis generation.190 
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Figure 5 
Knowledge-driven health-care principles using a clinical decision-support system in conjunction with 
standard evidence and regulations to choose the optimal treatment. In learning from follow-up data, 
knowledge is fed back to improve the clinical decision-support system and adapt regulations. 

 
As datasets become larger (both in number of patients and in number of features per pa-
tient) high-throughput methods, both molecular196–201 and imaging-based,79 can produce 
large numbers of features that correlate with outcome.68,70,202–204 A limited application of 
these techniques has already transformed our understanding of radiotherapy response. 
For example, GWAS have associated SNPs with radiation toxicity.205,206 Similarly, mRNA-
abundance microarrays have been used to predict tumour response and normal-tissue 
toxicity in both patient and in-vitro studies,207–211 as well as to create markers that reflect 
biological phenotypes that are important for radiation response, such as hypoxia212,213 and 
proliferation.214 Both the data analysis and validation are important but challenging as-
pects of model development.196,215 For example, the studies described above207–214 suffer 
from the substantial multiple-testing problem (that is, a large number of measured fea-
tures compared with the sample number), which renders their results preliminary. Human 
input and large, robust validation studies are, therefore, needed before features from 
high-throughput techniques can be included in CDSSs.216–218 

Although studies on a single feature can be informative, only its combination into 
multimodal, multivariate models can be expected to provide a more holistic view of the 
response to radiation. By combining events at different levels using systems-biology-like 
approaches, creating tumour-specific and patient-specific models of the effects and impli-
cations of radiation therapy should become possible (Figure 6). Indeed, future studies will 
not only need to identify the individual components related to radiation response, but will 
also need to establish the interactions and relations amongst them.219 Although this ap-
proach has not yet been applied to model radiotherapy responses, at least one study has 
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demonstrated that combining multiple high-throughput data types can be used to map 
molecular cancer characteristics.220 Combining models at different levels (societal, patient, 
whole tumour or organ, local tumour or organ, and cellular) is expected to lead to an in-
creasingly holistic and accurate CDSS for the individual patient. Evidence that longitudinal 
data have added value to predicting outcome in, for example, repeated PET-imaging221 
and tumour-perfusion222 studies is growing, implying that this data need to be taken into 
account as candidates for future CDSSs. 

Despite the challenges that remain, the vision of predictive models leading to 
CDSSs that are continuously updated via rapid learning on large datasets is clear, and nu-
merous steps have already been taken. These include universal data-quality assurance 
programmes and semantic interoperability issues.223 However, we believe that this truly 
innovative journey will lead to necessary improvement of healthcare effectiveness and 
efficiency. Indeed, investments are being made in research and innovation for health-
informatics systems, with an emphasis on interoperability and standards for secured data 
transfer, which shows that ‘eHealth’ will be among the largest health-care innovations of 
the coming decade.223,22  

CONCLUSIONS 

Accurate, externally validated prediction models are being rapidly developed, whereby 
multiple features related to the patient’s disease are combined into an integrated predic-
tion. The key, however, is standardization—mainly in data acquisition across all areas, in-
cluding molecular-based and imaging-based assays, patient preferences and possible 
treatments. Standardization requires harmonized clinical guidelines, regulated image ac-
quisition and analysis parameters, validated biomarker assay criteria and data-sharing 
methods that use identical ontologies.  
Assessing the clinical usefulness of any CDSS is just as important as standardizing the de-
velopment of externally validated accurate prediction models with high-quality data, pref-
erably by standardizing the design of clinical trials. These crucial steps are the basis of val-
idating a CDSS, which, in turn, will stimulate developments in rapid-learning healthcare 
and will enable the next major advances in shared decision making. 
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Figure 6 
A simplified schematic representation of systems biology applied to radiotherapy. a | On the 
basis of in-vitro, in-vivo and patient data, modules representing the three biological categories 
(gene expression, immunohistochemical data and mutation data) important for radiotherapy 
response can be created. b | For an individual patient, appropriate molecular data will be accu-
mulated. c | Combining the individual patient data with the modules will provide knowledge on 
specific module alterations (such as a deletion [X], upregulation [red] or downregulation [blue]), 
which can be translated to information on relative radioresistance and the molecular ‘weak’ 
spots of the tumour. This information will subsequently indicate whether dose escalation is nec-
essary and which targeted drug is most effective for the patient. Part b used with permission 
from the National Academy of Sciences © Duboisa, L. J. Proc. Natl Acad. Sci. USA 108, 14620–
14625 (2011). 
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ABSTRACT 

Purpose 
Metabolic response assessment is often used as a surrogate of local failure and survival. 
Early identification of patients with residual metabolic activity is essential as this enables 
selection of patients who could potentially benefit from additional therapy. We report on 
the development of a pre-treatment prediction model for metabolic response using pa-
tient, tumor and treatment factors. 
 
Methods  
One-hundred and one patients with inoperable NSCLC (stage I-IV), treated with 3-D con-
formal radical (chemo)-radiotherapy were retrospectively included in this study. All pa-
tients received a pre and post-radiotherapy fluorodeoxyglucose positron emission tomog-
raphy-computed tomography FDG-PET-CT scan. The electronic medical record system and 
the medical patient charts were reviewed to obtain demographic, clinical, tumour and 
treatment data. Primary outcome measure was examined using a metabolic response as-
sessment on a post-radiotherapy FDG-PET-CT scan. Radiotherapy was delivered in frac-
tions of 1.8 Gy, twice a day, with a median prescribed dose of 60 Gy. 
 
Results 
Overall survival was worse in patients with residual metabolic active areas compared with 
the patients with a complete metabolic response (p = 0.0001). In univariate analysis, three 
variables were significantly associated with residual disease: larger primary gross tumor 
volume (GTVprimary, p = 0.002), higher pre-treatment maximum standardized uptake value 
(SUVmax, p = 0.0005) in the primary tumor and shorter overall treatment time (OTT, p = 
0.046). A multivariate model including GTVprimary, SUVmax, equivalent radiation dose at 2 Gy 
corrected for time (EQD2, T) and OTT yielded an area under the curve assessed by the 
leave-one-out cross validation of 0.71 (95 % CI, 0.65-0.76). 
 
Conclusions 
Our results confirmed the validity of metabolic response assessment as a surrogate of sur-
vival. We developed a multivariate model that is able to identify patients at risk of residual 
disease. These patients may benefit from an individualized and more adequate therapeu-
tic approach, thereby improving local control and survival. 
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INTRODUCTION 

Lung cancer is an important cause of cancer-related deaths worldwide [1]. In 2008, lung 
cancer was the most common cause of death from cancer with an estimate of 342, 000 
deaths in Europe [1]. Non-small cell lung cancer (NSCLC) accounts for at least 80 % of all 
lung cancer cases [2]. The majority of these NSCLC patients present advanced-stage dis-
ease (stage III and IV), which are considered inoperable [3].  

For these patients, the combination of radiotherapy and chemotherapy shows im-
proved treatment outcome [4, 5], however local tumor failure is still observed in approxi-
mately 70 % of patients [6]. Therefore early identification of patients with a high risk of 
local treatment failure is important, as these patients may potentially benefit from addi-
tional therapy.   One method of investigating local treatment failure, is assessing metabol-
ic response within the primary tumor after treatment with 18Fluorodeoxyglucose (FDG) 
positron emission tomography (PET) imaging [7].  
 
Several studies indicated that patients with metabolically active residual masses after 
treatment have a poorer prognosis compared to patients without residual metabolic activ-
ity [8, 9]. Although, other studies have shown that FDG uptake before treatment is prog-
nostic for residual metabolic activity within the tumor [9-11], other pre-treatment clinical 
factors were not investigated for their prognostic capability.   
 
Therefore, we hypothesize that also other pre-treatment factors, including demographic, 
tumor and treatment characteristics, can have prognostic value for predicting metabolic 
response after treatment. In the present study we examined the association between 
commonly used prognostic factors in NSCLC patients and metabolic response after treat-
ment in a univariate and multivariate analysis. 

MATERIAL AND METHODS 

Patient characteristics  

The electronic medical record system and the medical patient charts were retrospectively 
reviewed to obtain demographic, clinical, tumour and treatment data. One-hundred and 
one patients (40 women and 61 men) with inoperable non-small cell lung cancer (NSCLC), 
stage I-IV, were included in this study. Their age ranged from 43 to 86 years (mean: 65.6 
years). All patients were treated with curative intent at MAASTRO Clinic with sequential 
chemo-radiotherapy (82 patients) or with radical radiotherapy alone (19 patients) be-
tween December 2004 and September 2007. All patients received a pre and post-
treatment FDG-PET-CT scan. For patients receiving sequential chemo-radiotherapy the 
pre-treatment scan was performed after chemotherapy. The average time interval be-
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tween the last radiotherapy and the second FDG-PET-CT scan was 99 days (range: 49-184 
days). No treatment was given between the end of radiotherapy and the post-treatment 
scan. 

FDG-PET-CT Imaging  

Pre and post-treatment FDG-PET-CT scans were performed using a Siemens Biograph 
(Siemens, Knoxville, TN). All patients were instructed to fast at least six hours before the 
intravenous administration of FDG (Tyco Health Care, Amsterdam, The Netherlands), fol-
lowed by physiologic saline (10 mL). The total injected activity of FDG was dependent on 
the patient weight: (weight*4) + 20 Mbq. After a period of 45 minutes, during which the 
patient was encouraged to rest, PET and CT imaging were performed [12]. 

Treatment characteristics  

The radiotherapy treatment was delivered in fractions of 1.8 Gy, twice a day, with a mean 
lung dose (MLD) restricted to 19 Gy and a maximal allowed total tumor dose (TTD) of 79.2 
Gy [12]. Patients with stage III disease, who where physically fit enough received sequen-
tial chemo-radiotherapy, consisting of three courses of gemcitabine in combination with 
cisplatin or carboplatin, followed by radiotherapy as described for stage I/II. No concur-
rent chemo-radiotherapy was given. The biologic equivalent dose was used as indication 
of the intensity of chest RT delivered to the tumor and was calculated using the quadratic 
model [13] and corrected for overall treatment time.  

Metabolic response  

Metabolic response was assessed for all patients with a FGD-PET-CT scan after treatment. 
Residual disease was defined as residual metabolic activity within the primary tumor, i.e., 
areas with FDG uptake higher than in the aortic arch (SUV > SUVAORTA) [7, 8]. If there was 
no activity within the tumor, patients were defined as with a complete metabolic response 
[10]. Survival data were obtained by reviewing the Dutch Communal Data register. Surviv-
al time was defined as the date from the start of radiotherapy until the date of death or 
last follow-up. Survival status could not be retrieved for one patient. 

Statistical Analysis  

All data are expressed as means ± SD. Because the distribution of the continuous variables 
was rather skewed, the Mann-Whitney U test was used to determine statistical differ-
ences between the patients with and without residual disease. For categorical variables 
the Chi-square test was used. Differences were considered to be significant when the p-
value was lower than 0.05. The area under the curve (AUC) of the receiver operating char-
acteristic (ROC), a plot of the true positive rate (correctly classified positive samples) and 
false positive rate (incorrectly classified negative samples) was used to analyze the associ-
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ation between the variables and residual disease in univariate analysis using a proximal-
support vector machine (p-SVM) [14]. A p-SVM was also used to build a multivariate pre-
diction model, using metabolic residual disease as outcome measure. Combinatorial fea-
ture selection was performed to obtain an optimal subset of features. The set of variables 
with the highest AUC of the ROC curve was included in the multivariate predictive model. 
The Kaplan-Meier method was used to estimate survival probabilities and statistical dif-
ferences were assessed using the log-rank test. Data were considered right-censored if 
patients were alive at the time of last follow-up. All the analyses were performed in 
Matlab 2008b (The MathWorks Inc, Natick, MA, USA) and SPSS (Version 15.0 for Windows, 
Chicago, IL). 

RESULTS 

Patient characteristics 

To assess the power of clinical parameters for the prediction of metabolic response, com-
monly known prognostic factors were collected before treatment and correlated with 
metabolic response after treatment. A total of 101 NSCLC patients were included in this 
analysis, of which 56 (55 %) patients showed persistent residual FDG uptake on the post-
radiotherapy CT-PET scan and 45 (45 %) patients had a complete metabolic response 
(CMR) indicating no residual FDG uptake within the tumor post-radiotherapy. Patient, tu-
mor and treatment characteristics for both groups are listed in Table 1. 

The median follow-up duration was 23.9 months (range: 3.8 – 55.5 months). The 
patients with residual active areas post-treatment had a significantly worse survival (me-
dian survival: 13.4 months) compared to patients with a complete metabolic response 
(median survival not reached) (Figure 1; 95 % CI, 38.9 – 49.8 months, p = 0.0001). The haz-
ard ratio for death for patients with residual areas compared to individuals without was 
3.701 (95% confidence interval: 1.92 to 7.13; p = 0.0001 by the log-rank test, two-sided). 

Univariate analysis  

To assess the association between patient, tumour and treatment characteristics with 
post-radiotherapy outcome, a univariate analysis was performed. The area under the ROC 
curve of a univariate model for each parameter was estimated. These results are summa-
rized in Table 1.  

The volume of the primary tumor (GTVprimary), maximum FDG uptake and OTT had 
the highest predictive power, while other commonly used predictors such as FEV1, WHO-
performance status or clinical stage showed a low predictive ability. GTVprimary was signifi-
cantly higher for patients with residual areas than for patients with a complete metabolic 
response (103 cm3 ± 126.13 cm3 vs. 48.3 cm3 ± 55.5 cm3, p = 0.008). 
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Table 1: Patient characteristics and their association with post-RT outcome in univariate analysis. Comparison of 

groups with residual disease and with complete metabolic response. 
Variable Residual disease

(n = 56) 
Complete metabolic

response (n = 45) 
p* AUC 

Age, years
Mean 

SD 
65 

10.6 
65 
7.5 

0.907 
 

0.54 

Gender
Female 
Male 

21 (38) 
35 (62) 

19 (42) 
26 (58) 

 
0.480 

 
0.54 

Stage 
I 
II 

IIIA 
IIIB 
IV 

8 (14) 
1 (2) 

13 (23) 
33 (59) 

1 (2) 

7 (16) 
1 (2) 

9 (20) 
28 (62) 

 
0.882 

 
0.54 

Histology
SCC 

Adenocarcinoma 
Large cell 

NSCLC, NOS 

17 (30) 
9 (16) 

20 (36) 
10 (18) 

7 (16) 
11 (24) 
17 (38) 
10 (22) 

 
0.327 

 
0.54 
0.56 
0.54 
0.47 

FEV 1 
Mean 

SD 
75.3 
16.8 

72.2 
22.5 

 
0.454 

 
0.52 

WHO-PS
0 
1 
≥ 2 

15 (27) 
32 (57) 
9  (16) 

14 (31) 
24 (53) 
7 (16) 

 
0.468 

 
 

 
0.54 

GTVprimary (cm3) 
Mean 

SD 
103.0 

126.13 
48.3 
55.5 

 
0.008 

 
0.62 

GTVnodal (cm3) 
Mean 

SD 
24.9 
37.3 

34.4 
66.5 

 
0.368 

 
0.54 

Tumor load (cm3) 
Mean 

SD 
127.8 
124.6 

82.2 
97.5 

 
0.047 

 
0.60 

Abbreviations: TTD = Total tumor dose; OTT = Overall Treatment Time; SUVmax = Standardized Uptake Value; EQD2, 

T = Equivalent radiation dose at 2 Gy corrected for time; FEV1 = Forced expiratory volume in 1 s; SCC = Squamous 
cell carcinoma; NOS = Not specified otherwise; WHO-PS = World Health Organization-performance status; PLNS = 
Positive lymph node stations. 
* Comparison between residual disease group vs. complete metabolic response group for variables. The Mann-
Whitney U test was used for continuous variables and the Chi-square test for categorical variables. 
 
Similarly, the maximum FDG uptake on the pre-RT scan was significantly higher for pa-
tients with residual disease compared to patients with a complete metabolic response 
(10.5 ± 5 vs. 7.7 ± 5.2, p = 0.007). The overall treatment time (OTT) was longer for patients 
with a complete metabolic response in comparison with patients with residual disease (27 
± 6 days vs. 24 ± 5 days, p = 0.013). 
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Figure 1 
Kaplan-Meier estimates of overall survival of patients with residual metabolically active areas 
and with complete metabolic response on the post-radiotherapy PET-CT scan. Patients with re-
sidual metabolically active areas had significantly worse survival (p = 0.0001). 

 
Kaplan-Meier survival curves for subgroups determined by the median for selected varia-
bles are shown in Figure 2.  

Survival was significantly higher for patients with a tumor volume smaller than the 
median (GTVprimary= 46.6 cm3) (p = 0.001). In patients with a SUVmax higher than the median 
(SUVmax = 8.4) in the pre-treatment scan, survival was significantly shorter, compared to 
patients with a SUVmax lower than the median (p = 0.040). Significant differences in surviv-
al were also observed for OTT, with a more prolonged survival for patients with a treat-
ment time longer than the median of 25 days (p = 0.042). Survival differences in patients 
stratified according to TNM stage, were statistically not significant (p = 0.266). The same 
result was obtained for age. Older patients did not have different survival compared to 
younger patients (p = 0.998). Higher equivalent radiation dose was associated with better 
survival, however the difference was not statistically significant (p = 0.056). 
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Figure 2 
Survival among patients with advanced NSCLC for selected variables. For continuous variables, the cut-off 
value to stratify the patients was defined at the variable median. Shown are Kaplan-Meier curves for 
GTVprimary, SUVmax, OTT, EQD2, T, TNM stage and age. In panel E, patients with stage I and II were grouped 
together due to the small number of cases. Stage IV (1 patient) was grouped with Stage IIIB. 

Multivariate analysis  

For the multivariate analysis, all the available variables were subjected to a combinatorial 
feature selection procedure. The combination with the highest AUC assessed by the leave-
one-out cross validation approach was selected for the multivariate model. The variables 
included in the final multivariate p-SVM model were GTVprimary, maximum standardized 
FDG uptake, OTT and equivalent dose corrected for treatment time (EQD2, T). Addition of 
other parameters to this model did not improve its performance. The area under the 
curve of the final predictive model was 0.71 (95% CI, 0.65-0.76; Fig 3). The variables in-
cluded in the multivariate model showed also a significant association with the post-
radiotherapy outcome in univariate analysis. 
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Figure 3 
Area under the ROC curve assessed by the leave-one-out method for the multivariate model consisting on 
GTVprimary, SUVmax, OTT and EQD2, T. A classifier with sensitivity of 1 and (1-specificity) of 0, point (0, 1) in 
graph, is ideal. 

DISCUSSION 

In this study we investigated the relationship of clinical parameters, including demograph-
ic, tumor and treatment characteristics, with metabolic response post-treatment. Our 
primary endpoint was defined as residual metabolic disease on a post-treatment PET-CT 
scan. Previous studies have shown that patients with residual metabolically active areas 
after treatment have a poorer prognosis compared with patients without [10, 15, 16]. In 
agreement with these studies, also our results showed that patients with residual disease 
had a significantly worse survival (p = 0.0001), compared to patients with a complete met-
abolic response, thus supporting the importance of our primary endpoint as surrogate for 
survival.  

Previous studies examined the value of pre-treatment FDG-PET alone to determine 
treatment response after radiotherapy [17] and chemotherapy [18]. In our study, we ex-
plored not only the prognostic capability of FDG-PET but also the additional value of other 
clinico-pathological prognostic factors. Some of them, i.e., age, gender, tumor size, WHO 
performance status have been included in predictive models for survival in NSCLC patients 
[19-21]. In a retrospective study with a large patient population of NSCLC patients (stage I 
and II) which received resection with curative intent, Agarwal et al., reported that age and 
gender, tumor volume and type of surgery were important for the prediction of survival 
[22]. However, we did not find a significant association between age and metabolic re-
sponse. Similarly, other studies have shown a relation between female gender and a fa-
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vorable outcome [23]. We did not find a significant difference based on gender between 
responders and non-responders.  

WHO performance status and FEV1, have been cited as predictors of survival [19, 
21], in which worse performance status and impaired lung function measurements are 
associated with shorter survival. We could not identify an association between these pa-
rameters and the post-treatment outcome. Although the tumor-node-metastasis (TNM) 
staging system is an important tool to estimate prognosis and choose the best treatment 
modality, several studies have reported that TNM has a poor predictive capability for sur-
vival in NSCLC patients [24]. In our cohort, the majority of patients were diagnosed with 
stage IIIA (22 %) and IIIB (61 %) disease. Therefore, stage was not a good predictor for re-
sidual disease, as differences in stage between the responding and the non-responding 
groups were not observed. Great interest has been given to the use of FDG-PET as a tool 
for tumor detection, staging and particularly for response assessment after radical radio-
therapy or chemo-radiation [25, 26]. The maximum FDG uptake in the primary tumor 
measured on a pre-treatment scan has consistently been shown as an important prognos-
tic factor for survival in NSCLC [15, 18, 25]. Our results showed that patients with residual 
metabolically active areas had a significantly higher FDG uptake on the pre-treatment 
scan, compared to patients with a complete metabolic response.  

A high pre-treatment FDG uptake within the primary tumor was also significantly 
associated with worse survival (p = 0.040). Furthermore, the SUVmax showed a good pre-
dictive capability in univariate analysis.  

Tumor volume also emerged as one of the most important predictors of residual 
disease. Our results are consistent with recently published studies, which have identified 
tumor size as an important prognostic factor of survival [27]. Here we confirmed the pre-
dictive capability of tumor size in assessment of metabolic response. This might indicate 
that specially for larger tumors, an effective dose could not be reached due to the dose 
constraints of the current protocol. The total tumor load (GTVprimary + GTVnodal) showed a 
strong association with the post-treatment outcome (Table 1). This association is due to 
the primary tumor volume, and perhaps enhanced by the addition of secondary volumes, 
however GTVnodal alone did not show a predictive capability. A similar result was obtained 
for the number of positive lymph node stations on a pre-treatment PET-CT scan. Although 
the number of PLNSs is an important risk and staging factor for non-surgical patients [28], 
and has been included in multivariate models for survival in NSCLC, we did not find an 
added prognostic value for residual disease, perhaps because the outcome was defined in 
the primary tumor.  

Despite an overall difference of two days, overall treatment time was significantly 
higher for patients with complete metabolic response in comparison with patients with 
residual disease. OTT was also significantly associated with the outcome in univariate 
analysis. It is generally accepted that a short treatment time should be chosen, to mini-
mize the effect of accelerated repopulation [29]. The fact that we observe a longer treat-
ment time in patients with a positive outcome is because those patients received a higher 
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dose. Higher total treatment dose has been associated with improved local tumor control 
and better survival [27, 30]. In the present study, the prescribed total dose was not differ-
ent for patients with a complete response compared to patients with residual disease (p = 
0.809).   

Several predictive models of survival have been published for NSCLC patients, re-
porting different values of the area under the ROC as performance measurement, ranging 
from 0.65 to 0.86. These models were developed on populations that underwent different 
treatment modalities such as surgery [31], chemotherapy [28], radiotherapy or a combina-
tion [32] and consisted of patients with different tumor and patient characteristics. Thus, 
application of those models to different scenarios is still subject of research. Here we pre-
sented a multivariate model for prediction of residual disease. The final model consisted 
on tumor volume, overall treatment time, SUVmax and equivalent dose corrected for 
treatment time. This model yielded an AUC of 0.71 (95% CI, 0.65-0.76). This may have clin-
ical relevance for patients identified at risk of treatment failure that may benefit from ad-
ditional therapy. We were not able to analyze potential prognostic variables such as mo-
lecular markers or imaging surrogates [33-35] that may improve the ability of the present-
ed model to predict the post- treatment failure. The lack of an external cohort to validate 
the presented model and confirm our results is an important limitation to our study. Our 
results may require validation according to the treatment modality to avoid possible con-
founding effects associated with multiple treatment modalities.  

In conclusion, our results demonstrated that patients who do not respond to radio-
therapy can be identified early in the course of their treatment. To our knowledge, this is 
the first study that examines different clinico-pathological predictors of residual disease. 
We identified important prognostic factors of residual disease and developed a multivari-
ate model that identified patients at risk of treatment failure. Furthermore, we confirmed 
the validity of residual disease as a surrogate of survival. Our results could assist clinicians 
in the treatment decision-making process and in stratification of patients for clinical trials. 
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ABSTRACT 

Background 
To advise laryngeal carcinoma patients on the most appropriate form of treatment, a tool 
to predict survival and local control is needed. 
  
Materials and methods 
We performed a population-based cohort study on 994 laryngeal carcinoma patients, 
treated with RT from 1977 until 2008. Two nomograms were developed and validated. 
Performance of the models is expressed as the Area Under the Curve (AUC). 
 
Results 
Unfavorable prognostic factors for overall survival were low hemoglobin level, male sex, 
high T-status, nodal involvement, older age, lower EQD (total radiation dose corrected for 
fraction dose and overall treatment time), and non-glottic tumor. All factors except tumor 
location were prognostic for local control. The AUCs were 0.73 for overall survival and 
0.67 for local control. External validation of the survival model yielded AUCs of 0.68, 0.74, 
0.76 and 0.71 for the Leuven (n = 109), the VU Amsterdam (n = 178), the Manchester (n = 
403) and the NKI cohort (n = 205), respectively, while the validation procedure for the lo-
cal control model resulted in AUCs of 0.70, 0.71, 0.72 and 0.62. The resulting nomograms 
were made available on the website www.predictcancer.org.  
 
Conclusions 
For patients with a laryngeal carcinoma treated with RT alone, we have developed visual, 
easy-to-use nomograms for the prediction of overall survival and primary local control. 
These models have been successfully validated in four external centers. 
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INTRODUCTION 

In laryngeal carcinoma patients, treatment decisions are usually made by a multidiscipli-
nary team based on guidelines. Patient- and tumor-related factors that are taken into con-
sideration in this decision-making process are the TNM-stage, the functionality of the lar-
ynx, and the general condition of the patient (WHO performance status or Karnofski 
score) [1]. Though new developments are appearing in therapy, the primary treatment for 
early stage laryngeal carcinomas is radiotherapy (RT), laser surgery, or limited surgery. RT, 
open surgery (with or without postoperative radiotherapy), or a combination with system-
ic therapy are the current treatment options for more advanced cancers. Guidelines are 
used in the treatment decision process, and assessment of prognosis and preserved func-
tion are also taken into consideration.  

Doctors often predict the prognosis fairly poorly [2–4], and so it is questionable 
whether this has an additional value. Besides the widely used predictors TNM-stage and 
general condition, other clinical factors are investigated for their prognostic and predictive 
value. An example of this is the pretreatment haemoglobin level. It is well established that 
patients with lower pretreatment hemoglobin levels have worse overall survival and local 
control than patients with normal hemoglobin levels [5–8]. 
Other prognostic factors that are investigated are sex and age [9– 12], with indications 
that women and younger patients have a better prognosis than men and elderly people. 
Thus, to assist the doctor in deciding on the most appropriate treatment form, a tool to 
predict survival and local control is needed [13]. We, therefore, aimed to investigate which 
clinical and imaging factors are prognostic for the laryngeal carcinoma patients we have 
treated since 1977 with radiotherapy alone. We hypothesized that it is possible to develop 
nomograms for the prediction of survival and local control of laryngeal carcinoma patients 
treated with radiotherapy alone performing better than a nomogram based on TNM 
classification alone.  

We tried to validate these models with four external datasets from the University 
Hospital of Leuven (Belgium), the VU University Medical Center of Amsterdam (The Neth-
erlands), the Christie Hospital, Manchester (UK) and the Netherlands Cancer Institute-
Antoni van Leeuwenhoek Hospital, Amsterdam (The Netherlands). These models will allow 
for improvement of the information given to patients about their prognosis. In the long 
term the models will allow for tailoring of the treatment to individual patients (e.g., for 
the choice surgeryradiotherapy), when combined with models predicting outcome after 
other therapies.  
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MATERIAL AND METHODS 

Patient population 

The patient and treatment characteristics of 1051 consecutively treated patients with a 
squamous cell laryngeal carcinoma were recorded in a database from January 1977 to De-
cember 2008. All patients were treated with radiotherapy alone at the MAASTRO 

Clinic. Patients with a carcinoma in situ or distant metastasis at presentation (seven 
patients) were excluded from the study. Other exclusion criteria were treatment with Co-
balt radiation (nine patients) and the use of chemotherapy (41 patients, three of whom 
had concurrent chemoradiation; 24 neoadjuvant chemotherapy; and 14 of whom were 
treated according to the ARCON-trial with carbogen and nicotinamide). A total of 994 pa-
tients were included in our cohort study. 528 (53.1%) of these patients had a T1 tumor, 
264 (26.6%) a T2, 131 (13.2%) a T3, and 71 patients (7.1%) had a T4 tumor. Most of the 
patients (894, 89.9%) did not have positive lymph nodes. 45 patients (4.5%) had a N1 sta-
tus, 42 (4.2%) a N2, and eleven (1.1%) patients had a N3 status.  

The trial is registered on ClinicalTrials.gov with registration number 2263. 
Diagnosis and staging were always undertaken according to the Dutch guidelines, 

including endoscopia under anesthesia and biopsy of the tumor. Also recommended in the 
latest Dutch guidelines are a computed tomography (CT) scan of the head and neck, a 
chest X-ray, ultrasonography of the neck (if necessary with punction), and blood tests. 

Radiotherapy treatment  

All patients were treated at the MAASTRO Clinic with a continuous course of radiotherapy 
delivered by a 4–6 MV linear accelerator after either a traditional simulation (patients be-
fore 1996) or a CT simulation (patients treated from 1996 onwards). During simulation and 
treatment, all patients were immobilized by a thermoplastic mask. Sixteen patients re-
ceived a palliative radiation dose of less than 60 Gy. Patients were treated in line with the 
state-ofthe- art practices. T1–2 glottic tumors and T1 supraglottic tumors were treated 
with 60–66 Gy in fractions of 2–2.40 Gy, and other tumors were treated with 70 Gy over 
seven weeks in daily fractions of 2 Gy, and after 2000 with 68 Gy, the first 23 fractions 2 
Gy daily, and the last 11 fractions twice daily in fractions of 2 Gy. 

To correct for differences in radiation scheme, the biological equivalent dose in 
fractions of 2 Gy and corrected for overall treatment time was calculated, using the fol-
lowing formula: 

EQD2T  =  D  x  ( ( d  +  α/β ) / ( 2  +  α/β ) )  -  γ  ( T  -  Tk ) 
 

D is the total radiation dose, d is the fraction dose, α/β is 10 Gy, T is the overall treatment 
time, accelerated repopulation kick-off time (Tk) is 28 days, and loss in dose due to repop-
ulation (γ) is 0.6 Gy/d [14]. As EQD2T is not easily calculated in daily clinical practice, EQD2T 
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values for the most common radiation schemes are given in Table 1. If the overall treat-
ment time for a patient differs from the anticipated value, it is possible to recalculate 
EQD2T after completing the treatment and thus to obtain an adjusted prediction. 
The follow-up for all patients consisted of regular visits to the head and neck oncology 
department over five years after the curative radiotherapy treatment. These visits took 
place every second month for the first six months, then every third month for two years, 
every fourth month during the third year, then twice yearly until the end of follow-up (five 
years). At every visit, the medical history was taken and physical examination carried out. 
Thereafter, information was gathered from the general practitioner and the Dutch Regis-
try of Births, Deaths, and Marriages (‘‘Gemeentelijke Basis Administratie’’, or ‘‘GBA’’). 
 
   Table 1: EQD2T of the most common radiotherapy schemes  

Radiotherapy scheme EQD2T 
60 Gy in fractions of 2 Gy in 6 weeks 60 x ((2+10) / (2+10)) - 0.6 (40-28) = 52.8 Gy 
66 Gy in fraction of 2 Gy in in 6.5 weeks 66 x ((2+10) / (2+10)) - 0.6 (45-28) = 55.8 Gy 
68 Gy, 23 fractions of 2 Gy once daily, and 11 fractions of 
2 Gy twice daily, in 6 weeks 

68x ((2+10) / (2+10)) - 0.6 (39-28) = 61.4 Gy 

70 Gy in fractions of 2 Gy in 7 weeks 70 x ((2+10) / (2+10)) - 0.6 (47-28) = 58.6 Gy 
55 Gy in fractions of 2.2 Gy in 5 weeks 55 x ((2.2+10)/ (2+10)) - 0.6 (33-28) = 53.9 Gy 

PET-CT analysis  

Features of the PET–CT scans were analyzed for a subgroup of patients. 18FFDG-PET-scans 
were available since 2004, and 115 of these scans were available and assessable. Con-
toured tumor volumes were available for 124 patients, mostly patients with a T3 or T4 
tumor. The gross tumor volume (GTV) was measured as contoured in our radiotherapy 
treatment planning system by a radiation oncologist (Computerized Medical Systems, INC, 
St. Louis, MO). Several features were extracted from the pretreatment PETscans. A circle 
was drawn around the region of interest c.q. the larynx. 
Within this region of interest the maximal Standard Uptake Value (SUVmax) is given. Dedi-
cated software (TrueD; Siemens Medical, Erlangen, Germany) was used to calculate SU-
Vmax per patient. Furthermore, the SUV of the deltoid muscle was calculated. The 
SUVmax of the tumor and the SUV of the background was used to calculate a source-to-
background ratio according to the following formula: 
 

78.13 x (SUVtumor / SUVbackground) (-0.2988) 
 
The output of the formula is expressed as a percentage, which was used as the contouring 
percentage to determine the metabolic volume, i.e., the volume of the tumor that has 
higher FDG uptake than the contouring percentage of the SUVmax. 
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Statistical analysis 

The prognostic factors tested were age at start of radiotherapy, sex, tumor location (glot-
tic or non-glottic), pretreatment hemoglobin level, EQD2T, T-stage, and N-stage (N0 or N+). 
Age, hemoglobin level, and EQD2T were analyzed as continuous values. The endpoints of 
the study were overall survival and local control, both calculated from the start of radio-
therapy. Patients were followed for at least 1 month up to a maximum of 72 months. Fail-
ure of local control was defined as persistent or recurrent local disease after the start of 
radiotherapy (i.e., the first relapse after therapy). 

The Kaplan–Meier method was used for univariate survival analysis. For overall 
survival, data were considered right-censored if patients were still alive at the time of 
evaluation. For local control, data were considered right-censored if patients did not have 
recurrent local disease at the time of evaluation. Groups were compared using the log 
rank test. The Cox proportional hazards model was applied to perform a multivariate anal-
ysis. The proportional hazards assumption was tested by adding time-dependent covari-
ates to the model. In addition, linearity of the variables was assessed. Missing values were 
imputed using predictive mean matching. A stepwise backward method was used to select 
a relevant set of variables (p < 0.2). Hazard ratios and 95% confidence intervals were re-
ported. Performance of the models was expressed as the C-statistic (Harrell’s C), which is 
comparable to the Area Under the Curve (AUC). The maximum value of the C-statistic is 
1.0; indicating a perfect prediction model. A value of 0.5 indicates that 50% of the patients 
are correctly classified (i.e., as good as chance). Bootstrapping techniques were used to 
validate the models; that is, to adjust the estimated model performance for overoptimism 
or overfitting. The results of the multivariate analysis were used to develop a nomogram. 
These nomograms will be, after publication, publicly available on the website 
www.predictcancer.org.  

The MAASTRO cohort was split into four subgroups according to quartiles of the 
risk score. To assess for differences in survival of the subgroups, Kaplan–Meier curves 
were made. In addition, the performance of the multivariate model was assessed using 
four external validation sets [15]. Analyses were performed using SPPS for Windows (ver-
sion 17.0; SPSS Inc., Chicago) and Matlab 7.11.0 (The MathWorks Inc., Natick, MA, USA). 

Validation datasets 

Patient characteristics of the validation cohorts are shown in Table 2.  
The validation cohort of Leuven consisted of 109 laryngeal carcinoma patients, treated 
with radiotherapy alone between March 2000 and January 2006. 45 of these patients 
(40.9%) had a T1 tumor, and 83 patients (75.5%) did not have nodal involvement. 
None of the patients received chemotherapy. Two thirds of the patients received 2 Gy 
fraction until a total dose of 66–72 Gy. Most other patients were treated with 25 fraction 
of 2.2 Gy, to reach a total dose of 55 Gy.  
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  Table 2: Patient characteristics  

 MAASTRO  
Cohort 
 
Number (%) 

LEUVEN  
Cohort 
 
Number (%) 

VU AMSTERDAM  
Cohort 
 
Number (%) 

NKI /AVL 
AMSTERDAM  
Cohort 
Number (%) 

MANCHESTER  
Cohort 
 
Number (%) 

Age      
     18-60 years 360 (36.2) 40 (36.7) 62 (34.8) 75 (36.5) 154 (38.2) 
      >60 years 634 (63.8) 69 (63.3) 116(65.2) 130 (63.5) 249 (61.8) 
Gender      
      Male 883 (88.8) 99 (90.8) 154 (86.5) 162 (79.1) 357 (88.6) 
      Female  111 (11.2) 10 (9.2) 24 (13.5) 43 (20.9) 46 (11.4) 
T-classification      
      T1  528 (53.1) 45 (41.3) 67 (37.6) 86 (41.9) 252 (62.5) 
      T2 264 (26.6) 30 (27.5) 91 (51.1) 119 (58.1) 124 (30.8) 
      T3 131 (13.2) 24 (22.0) 16 (9.0) 0 (0.0) 27(6.7) 
      T4 71 (7.1) 10 (9.2) 4 (2.2) 0 (0.0) 0 (0.0) 
N-classification      
      N0 894 (89.9) 82 (75.2) 165 (92.7) 184 (89.8) 398 (98.8) 
      N1 45 (4.5) 6 (5.5) 5 (2.8) 6  (2.9) 1 (0.2) 
      N2 42 (4.2) 18 (16.5) 6 (3.4) 11 (5.4) 3 (0.7) 
      N3 11 (1.1) 3 (2.8) 0 (0) 4 (1.9) 1 (0.2) 
      Missing 2 (0.2) 0 (0) 2 (1.1) 0 (0.0) 0 (0.0) 
Location tumor      
      Glottic 729 (73.3) 64 (58.7) 127 (71.3) 149 (72.7) 403 (100.0) 
      Supraglottic 245 (24.6) 39 (35.8) 43 (24.2) 56 (27.3) 0 (0.0) 
      Subglottic 13 (1.3)  2 (1.1)   
      Transglottic 7 (0.7)  6 (3.4)   
      Other    6 (5.5)   0 (0.0) 
Hemoglobin 
level 

     

      Low a 168 (16.9) 20 (18.3) 44 (24.7) 35 (17.1) 90 (22.3) 
      Normal-High 667 (67.1) 46 (42.2) 123 (69.1) 145 (70.8) 255 (63.3) 
      Missing 159 (16.0) 43 (39.4) 11 (6.2) 25 (12.1) 58 (14.4) 
Total radiation 
dose 

     

      < 60 Gy 16 (1.6) 45 (41.3) 1 (0.6) 2 (0.9) 402 (99.8) 
      60-66 Gy 437 (44.0) 12 (11.0) 69 (38.8) 94 (45.9) 1 (0.2) 
      > 66 Gy 541 (54.4) 52 (47.7) 108 (60.7) 109 (53.2) 0 (0.0) 
Fraction dose      
      1.6 -2.0 677 (68.1) 65 (59.6) 116 (65.2) 0 (0.0) 1 (0.2) 
      > 2.0 317 (31.9) 44 (40.4) 62 (34.8) 205 (100) 402 (99.8) 
Overall treat-
ment time 

     

      < 40 days 321 (32.3) 43 (39.4) 164 (92.1) 162 (79.1) 401 (99.5) 
      40 - 50 days 595 (59.9) 41 (37.6) 11 (6.2) 38 (18.5) 2 (0.5) 
      > 50 days 78 (7.8) 25 (22.9) 3 (1.7) 5 (2.4) 0 (0.0) 

a male <8.5 mmol/L, female <7.5 mmol/L 
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The VU Amsterdam cohort consists of 178 patients, which were treated between Decem-
ber 2001 and January 2007. 67 (37.6%) had a T1 tumor and 165 patients (92.7%) were N0. 
97 patients were treated with two lateral fields and 19 patients with an IMRT technique. 
All patients were treated with radiotherapy alone, with most patients treated with 2 Gy 
fraction, until 68–70 Gy or 60 Gy in 2.5 Gy fractions. 

The NKI/AVL Amsterdam cohort consisted of 205 patients with early larynx cancer 
(T1 tumors in 42% of cases, T2 tumors in 58% of cases) treated with primary radiation 
treatment between March of 2000 and July 2008. 184 patients (89.8%) were N0 at presen-
tation. Patients with T1N0 glottic cancer were treated with 2 lateral opposing beams to 
the larynx only. The standard fractionation scheme for these patients was 25 fractions of 
2.4 Gy to a total dose of 60 Gy in 5 weeks. Patients with T2 glottic cancers or with supra-
glottic cancer received radiation treatment to the larynx including prophylactic neck irra-
diation. The fractionation schedule for this latter group was 35 fractions of 2 Gy to a total 
dose of 70 Gy in 6 weeks, according to the DAHANCA schedule [16]. None of the patients 
received chemotherapy. 

The Manchester cohort consists of 403 patients, which were treated between Jan-
uary 1998 and January 2005. All these patients had a 68lottis tumor and most of these 
tumors were small (252 (62.05%) T1 tumors and 124 (30.8%) T2 tumors). All but four pa-
tients 
(1.2%) were N0. 189 patients received radiation through two lateral opposing fields and 
240 patients were treated with an anterior oblique technique. The majority of patients 
with treated with 50–55 Gy, in 16 fractions (3.1–3.4 Gy per fraction). 

RESULTS 

MAASTRO cohort 

Analyses were carried out for 994 patients of the MAASTRO cohort. The majority of the 
patients were male (88.8%) and the median age at the start of radiotherapy was 65.0 
years (range 31– 91 years). Pretreatment hemoglobin level was available for 835 patients; 
this value was missing in 16.0% of cases. For more patient information, see Table 2. At the 
time of analysis, 476 patients were alive (47.9%). Median follow-up for surviving patients 
was 72 months (range 2– 72 months). Two-year overall survival was 82.8%, and five-year 
overall survival was 67.7%. Primary local control was 71.0% at two years and 54.0% at five 
years after the start of treatment. A total of 220 local failures were observed. Most of 
these (179/220, 81.4%) occurred within the first two years after treatment, and no local 
failures were recorded after five years as they are assumed to be second primary tumors. 
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Prognostic factors  

Univariate Cox regression was carried out on the following factors: age at the start of radi-
otherapy, sex, tumor location, pretreatment hemoglobin level, EQD2T, T-stage, and N-
stage (N0 or N+). All factors were statistically significant for overall survival (p < 0.05). In 
the multivariate analysis, independent unfavourable prognostic factors for overall survival 
were low hemoglobin level, male sex, high T-status, presence of nodal involvement, older 
age, lower EQD2T, and non-glottic tumor. See Table 3 for the hazard ratios, confidence in-
tervals and p-values.  
 

Table 3: Multivariate Cox proportional hazards analysis of potential prognostic factors 
 

 Overall survival Local control  
  

HR 95% CI p HR 95% CI 
 

p 
Age 1.04 1.03-1.05 <0.0001 1.02 1.01-1.03 0.0012 
Gender  0.0002 <0.0001 
       Female 1.00 1.00  

       Male 2.30 1.49-3.55 2.47 1.69-3.60  
T-stage        <0.0001 <0.0001 
      T1  1.00 1.00  
      T2 1.22 0.91-1.63 1.52 1.20-1.92  
      T3 2.22 1.56-3.14 2.48 1.87-3.28  
      T4 4.29 2.85-6.47 4.28 3.05-6.02  
N-stage  0.034 0.0059 
    N0 1.00 1.00  
    N-positive 1.46 1.03-2.06 1.51 1.13-2.03  
Location tumor  0.0725  
   Glottic 1.00 1.00  
   Non-glottic 1.31 0.98-1.75 - 0.93 
Hemoglobin level  0.67 <0.0001 0.75 0.67-0.85

 
<0.0001 

EQD2T 0.97 0.94-0.99 0.0037 0.97 0.95-0.99 0.0011 
aLLN Lower limit of normal. HR Hazard ratio. CI Confidence intervals 

 
The year of therapy had no prognostic significance for either survival (p = 0.28) or local 
control (p = 0.48). In order to test the hypothesis that modern radiotherapy (3D, in vivo 
dosimetry) would perform better than 2D radiotherapy, the cohort was split before (n = 
532) and after January 1996 (n = 462). In the univariate analysis there was no difference 
between the two groups (p = 0.14), but in the Cox regression analysis there was a trend (p 
= 0.077) with a hazard ratio of 1.3 in favor of modern radiotherapy. 

The clinical factors investigated for local control were the same as for overall sur-
vival. Tumor location (i.e., glottic vs non-glottic) was significant in the univariate analysis 
(p < 0.001), but not in the multivariate analysis (p = 0.93). All other factors were significant 
both in the univariate and in the multivariate analysis. Unfavorable prognostic factors for 
local control were low haemoglobin level, male sex, high T-status, nodal involvement, old-
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er age, and lower EQD2T. See Table 3 for the hazard ratios, confidence intervals and p-
values. 

PET – CT scans  

Tumor volume was measured in only 124 patients. The GTV ranged between 0.0 and 128.2 
cc with a median of 4.7 cc. In a subgroup analysis with these patients, the volume was a 
statistically significant predictor for overall survival (p < 0.001) and local control (p < 
0.001). In the Cox regression analysis, we tested the prognostic value of tumor volume, 
sex, and N-status. None of these factors was statistically significant for either overall sur-
vival, or for local control. This subgroup is possibly too small to detect influences on over-
all survival or local control. 

One-hundred and fifteen PET-scans were assessable and evaluable. SUVmax ranged 
between 1.9 and 23.8, with a median of 6.1. The metabolic volume ranged between 1.1 
and 73.3 cc, with a median of 7.9 cc. The SUVmax and metabolic volume were not statisti-
cally significant for survival (p = 0.093 and p = 0.93, respectively), but SUVmax was a statisti-
cally significant predictor for local control (p = 0.019, metabolic volume: p = 0.70). In the 
Cox Regression analyses, the SUVmax lost significance, when corrected for T-status, N-
status and GTV. GTV, T-status and the SUVmax are highly correlated. 

Nomograms 

Table 4: Nomograms performance in external datasets. 
 Survival Local control 
 Model based on 

multiple variables 
Model based on 

TNM 
Model based on multi-

ple variables 
Model based on

TNM 
MAASTRO (n=994)  0.73

(0.70- 0.77) 
0.62

(0.58-0.63) 
0.67

(0.64-0.71) 
0.62 

(0.55-0.63) 
LEUVEN (n=109)  0.68

(0.50-0.82) 
0.70*

(0.45- 0.81) 
0.70

(0.50-0.78) 
0.62 

(0.49-0.72) 
VU AMSTERDAM (n=178)  0.74

(0.69-0.87) 
0.65

(0.57- 0.75) 
0.71

(0.66-0.81) 
0.64 

(0.57-0.74) 
NKI/AVL  AMSTERDAM 

(n=205) 
 

0.71
(0.60-0.82) 

0.57
(0.52- 0.69) 

0.62
(0.55-0.75) 

0.56 
(0.49-0.63) 

MANCHESTER (n=403) 
 

0.76
(0.72-0.81) 

0.63
(0.58- 0.69) 

0.72
(0.67-0.78) 

0.63 
(0.58-0.69) 

Pooled External Datasets 0.71
(0.70-0.76) 

0.60
(0.57-0.62) 

0.65
(0.62-0.68) 

0.60 
(0.58-0.61) 

*95% Confidence intervals (shown between brackets) were obtained in a bootstrap procedure (n = 1000). The obtained 
AUCs were significantly different for the multivariate model compared with the TNM based model for every cohort 
(p=0.001), except for survival prediction in the Leuven cohort where no significant differences were found. 
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For the purpose of comparison, we analyzed the predictive value of the TNM-stage alone. 
The AUC of the model for overall survival was 0.62, which means that the model predicted 
overall survival correctly in only 62% of patients. The AUC of the model for local control 
was 0.62 too.  
 

 
Figure 1 
Nomogram for the prediction of 2-year and 5-year local control. 

 
The MAASTRO cohort can be split into four subgroups, according to the quartiles of the 
risk score. The prognoses of the highand low-risk groups are distinctive, but the other two 
groups have overlapping 95% confidence intervals. They are, therefore, merged into one 
patient group with a medium risk score.  

The two- and five-year survival rates were 82.1% (95% CI, 76.8–87.4%) and 76.3 
(95% CI, 70.4–82.2%) for the low-risk group, 72.1% (95% CI, 67.8–76.4%) and 53.3% (95% 
CI, 48.6–58.4%) for the medium-risk group, and 47.3% (95% CI, 40.4–54.2%) and 28.3% 
(95% CI, 21.8–34.8%) for the high-risk group, respectively (p < 0.001). See Fig. 3 for the 
Kaplan–Meier curve. We validated these models with the datasets of Leuven, VU and NKI 
Amsterdam and Manchester. Validation of the survival model yielded AUCs of 0.68, 0.74, 
0.71 and 0.76, while the validation procedure for the local control model resulted in AUCs 
of 0.70, 0.71, 0.62 and 0.72, respectively. 
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Figure 2  
Nomogram for the prediction of 2-year and 5-year overall survival. 

 
We validated the TNM model on the other datasets. The AUCs of the survival TNM model 
were 0.70 for the Leuven database, 0.65 for the VU Amsterdam database, 0.57 for the NKI 
database and 0.63 for the Manchester database. 
The local control TNM model yielded AUCs of 0.62, 0.64, 0.56 and 0.63, respectively. Con-
fidence intervals are shown in Table 4.  

DISCUSSION 

We have developed visual, ready-to-use nomograms for overall survival and primary local 
control in laryngeal carcinoma patients to predict outcome following radiotherapy alone. 
We did so after a multivariate analysis of several easily assessable clinical factors in a large 
group of unselected laryngeal cancer patients. The survival rates in this study are compa-
rable with other studies and with those in the Dutch Cancer Registration (Nederlandse 
Kankerregistratie) [17], which observed a two- and five-year overall survival of 81% and 
69%, respectively. The models we developed for both survival and local control yielded 
similar results in three other patient populations in hospitals in Leuven (Belgium), Amster-
dam (The Netherlands), and Manchester (UK). 
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Figure 3 
Kaplan Meier curve for overall survival according to the different prognosis groups. 

 
The models perform better than models based on TNM staging alone. Johansen et al. [18] 
performed a multivariate analysis on 1127 patients with a laryngeal carcinoma treated 
with curative radiotherapy alone. This group of patients is comparable to ours with re-
spect to age, sex, TNM-stage and tumor location. As in our patient population, they found 
sex, T-stage, N-stage, and hemoglobin level to be statistically significant for overall surviv-
al. They also found differentiation grade to be significant for survival, but this value was 
not available for our patients. And unlike our data, the haemoglobin level was not prog-
nostic for local control. 

In 2001 a study was published about a prediction model for head and neck cancer 
patients [19]. This model was based on 1662 head and neck cancer patients, using age, 
sex, cTNM-status, tumor (sub)site, and history of tumor as predictors for survival. 

However, because the performance of the model is not indicated, its accuracy is 
unknown. Other studies with smaller groups of patients found correlations between out-
come and T-site [20], low pretreatment hemoglobin level [5–7], and tumor volume [20 – 
22]. Along with clinical factors, imaging features [23–25], serum markers [26,27] and other 
biomarkers [28–30] also have a predictive value for laryngeal carcinoma. 

Several studies have been published with different findings about the predictive 
value of the PET–CT scan in head and neck cancer [31,32]. In contrast to earlier studies, 
our population consists exclusively of patients with a laryngeal carcinoma. Even though 
there are similarities between the different tumors in the head and neck region, there are 
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also a number of differences. Therefore, it is not possible to perform prognostic and pre-
dictive studies without adequate stratification for location of the tumor. 
In the group of patients in this study, GTV was a significant prognostic factor for survival in 
the univariate analysis. The prognostic factors for local control in the univariate analysis 
were SUVmax and GTV. 

This study is an observational – ‘‘population-based’’ cohort study, which included 
all laryngeal carcinoma patients treated with radiotherapy alone at our hospital. There is a 
potential selection bias, because treatment choice was made before inclusion in the study. 
During the inclusion period there were changes in diagnostics, staging methods, and 
treatment choice, which imply that there might be stage migration. Although treatment 
quality and control have improved in recent decades, we observed no significant im-
provement of overall survival over the course of this study. 
A possible explanation for this is that co-morbidity in laryngeal carcinoma patients is high 
and influences overall survival more than the cancer itself. Data on WHO performance 
status or Karnofski score were missing in our population, thus we were not able to incor-
porate the effect of co-morbidity on the predictive nomogram which may limit its predic-
tive performance. Although co-morbidity would certainly influence the estimation of 
overall survival, our estimation based on the predictive nomogram yielded similar AUCs on 
the external datasets and was significantly superior to TNM for overall survival prediction. 
Co-morbidity might be an important predictor and should be investigated in future stud-
ies. Patients treated with chemotherapy were excluded from this analysis, as they consti-
tuted only a small group of patients. Most of them received chemotherapy as a palliative 
treatment or within a study protocol. A recent meta-analysis demonstrates the benefit of 
concurrent chemotherapy [33–36], with an absolute benefit of 6.5% at five years for head 
and neck cancer patients. In subgroup analyses this effect seems stronger for younger pa-
tients (<60 years old) and patients with good performance status and locally advanced 
disease. 

To allow for adequate decision making regarding treatment for laryngeal cancer pa-
tients, we are currently analyzing our data on patients with a laryngeal carcinoma treated 
with laser surgery or surgery, and patients treated with surgery and postoperative radio-
therapy. By making nomograms for these patients too, we can create a useful tool for the 
treatment decision-making process. 
A model consisting of solely clinical features is still too limited to allow clinical decision 
making. There is a need for adding biological and imaging data [29]. There is a need for a 
prospective multicentric randomized trial, preferably with banking of tissues, to validate 
and extend the results. A prognostic study of that kind would make it possible to collect 
data on biomarkers and imaging features, along with clinical data. Normal tissue reactions 
should then also be taken into account [37–39]. The availability of several validated nom-
ograms for the different therapeutic options for laryngeal carcinoma consisting of clinical, 
biological, and imaging features will make a potent decision support model. The risk 
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groups illustrated in Fig. 3 can also be used for stratification in clinical trials or to custom-
ize more aggressive strategies to the risk of relapse. 

CONCLUSIONS  

We have built visual, ready-to-use nomograms for the prediction of survival and primary 
local control with several easy assessable clinical factors, for use on patients with laryngeal 
carcinoma treated with radiotherapy alone. The performance of these nomograms is sig-
nificantly better than the predictive value of the TNMclassification alone, but still need 
additional data before being used in clinical practice. 
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ABSTRACT 

Background 
Due to the established role of the human papillomavirus (HPV), the optimal treatment 
approach for oropharyngeal carcinoma is currently under debate. The purpose of this 
study was to evaluate the most important determinants of treatment outcome and to de-
velop a multifactorial predictive model that could provide individualized predictions of 
treatment outcome in oropharyngeal carcinoma patients. 
  
Materials and methods 
We analyzed the association between clinico-pathological factors and overall and progres-
sion-free survival in 168 OPSCC patients treated with curative radiotherapy or concurrent 
chemo-radiation. A multivariate model was validated in an external dataset of 189 pa-
tients and compared to the TNM staging system. This nomogram will be made publicly 
available at www.predictcancer.org.  
 
Results 
Predictors of unfavorable outcomes were negative HPV-status, moderate to severe 
comorbidity, T3-T4 classification, N2b – N3 stage, male gender, lower hemoglobin levels 
and smoking history of more than 30 pack years. Prediction of overall survival using the 
multi-parameter model yielded a C-index of 0.82 (95% CI, 0.76 – 0.88). Validation in an 
independent dataset yielded a C-index of 0.73 (95% CI, 0.66 – 0.79. For progression-free 
survival, the model’s C-index was 0.80 (95% CI, 0.76 – 0.88), with a validation C-index of 
0.67, (95% CI, 0.59 – 0.74). Stratification of model estimated probabilities showed statisti-
cally different prognosis groups in both datasets (p < 0.001).  
 
Conclusion 
This nomogram was superior to TNM classification or HPV status alone in an independent 
validation dataset for prediction of overall and progression-free survival in OPSCC pa-
tients, assigning patients to distinct prognosis groups. These individualized predictions 
could be used to stratify patients for treatment de-escalation trials. 
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INTRODUCTION 

An increasing body of evidence has shown the relationship between the human papilloma 
virus (HPV) and squamous cell carcinoma of the oropharynx (OPSCC)1-3.  

Several studies have demonstrated that HPV- associated oropharyngeal cancer has 
a distinctly better survival after treatment, compared to HPV-negative tumors. However, 
the prognosis of HPV-positive oropharyngeal cancer seems to be significantly worse if 
there is a history of smoking4,5. This accumulated evidence suggests that tailored OPSCC 
cancer therapies, in which specific information about HPV status, and other patient char-
acteristics are taken into account, need to be designed as a step forward from current 
population based therapies.  

A tool that combines these factors to accurately anticipate patient´s outcome is 
needed. An analysis of the RTOG 0129 study proposed a stratification algorithm, combin-
ing HPV, T-stage, N-stage and smoking history, to assign patients into different prognostic 
groups2. This single-cohort based algorithm, although able to discriminate patients accord-
ing to their risk of failure, was based on patients treated within a randomized trial with 
strict inclusion criteria, including mainly patients with T3-T4 tumors and with limited 
comorbidity.  

A recent approach called rapid learning, which aims to drive the process of 
knowledge discovery by routinely and iteratively learning from data generated through 
patient care, proposes an alternative for knowledge extraction to evidence based clinical 
trials6,7. Clinical and outcomes information of unselected patients treated with different 
treatment modalities and with a larger heterogeneity in terms of stages, demographics 
and comorbidities can be analyzed to generate evidence representative of the consecutive 
patient in daily clinical practice, particularly for the advance elderly or with high comorbid-
ities, frequently excluded from clinical trials.   
This approach has been explored recently, successfully stratifying consecutive patients 
into distinct risk groups8. Unfortunately, an external validation of this model is not yet 
available.   

In this study we evaluated the most important prognostic factors in OPSCC pa-
tients, treated with (chemo) radiation, such as HPV and smoking history, in combination 
with other patient and tumor characteristics to develop a robust nomogram that could 
provide individualized predictions of treatment outcome. The proposed predictive nomo-
gram was externally validated in an independent cohort of consecutive OPSCC patients. As 
this knowledge was extracted from patients in routine clinical care, it can subsequently be 
implemented in clinical practice: it will improve the information given to patients regard-
ing their prognosis, and could allow eligibility for treatment de-escalation trials.  
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MATERIAL AND METHODS 

Patient population 

All consecutive patients with OPSCC, stages (I-IVb) treated at Maastro Clinic between Jan-
uary 2000 and October 2011. 168 patients were included, treated with curative intent (in-
cluding definitive radiotherapy or concurrent chemo-radiation). This analysis was ap-
proved by the Institutional Review Board (No. 11-29-14/09-intern-6430; NCT01985984). 

Treatment details 

Treatment options were either definitive radiotherapy alone or concurrent chemo-
radiation with high dose cisplatin every 3 weeks. Patients treated with definitive radio-
therapy received a continuous course of radiotherapy delivered by 4–6 MV linear acceler-
ator. Patients were treated with fractionation schedules: patients with early oropharynge-
al cancers (stage I-II) were treated with Accelerated Fractionated RadioTherapy (AFRT) to 
68 Gy in 34 fractions over 37-38 days, the first 23 fractions 2 Gy daily, and the last 11 frac-
tions twice daily in fractions of 2 Gy. Patients in moderate general condition, who were 
deemed unfit for AFRT received standard fractionated radiotherapy to 70 Gy in 35 frac-
tions over 7 weeks. 

HPV testing  

To determine HPV status formalin-fixed, paraffin-embedded (FFPE) biopsy material of his-
topathologically confirmed OPSCC were retrieved from the archives of the Department of 
Pathology, University Hospital Maastricht, The Netherlands. FFPE material had been classi-
fied by histopathology and analyzed by means of p16INK4A immunostaining and for the 
presence of oncogenic HPV16 DNA by PCR in 168 available specimens9. A tumor was con-
sidered HPV positive if the HPV16 DNA by PCR results were positive. 

Statistical analysis 

The factors evaluated for their prognostic potential were HPV status, smoking and alcohol 
history, patient comorbidity, pre-treatment hemoglobin levels, gender, age, tumor loca-
tion and TNM classification. All patient and treatment characteristics were collected from 
medical records. Patient comorbidity was scored using the Adult Comorbidity Evaluation 
2710.  

N – stage was subdivided into two categories comparing N0 – N2a stage against 
N2b – N3 stage since patients in these categories have different clinical implications8,11. 
Missing values were imputed using the predictive mean matching algorithm. 

Study endpoints were progression-free survival and overall survival, calculated 
from the start of radiotherapy. An event for progression-free survival was defined as 
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death or the first documented recurrence either recurrent local-regional disease or distant 
metastases after treatment. For overall survival, data were considered right-censored if 
patients were still alive at the time of last follow-up. For progression-free survival analysis, 
data were considered right-censored if patients did not develop a local-regional recur-
rence or distant metastases and were alive at the time of last follow-up.  

The X2-test was used for comparisons of categorical variables. For univariate sur-
vival analysis, the Kaplan Meier method was used. Groups were compared using the log 
rank test.  

A multivariate Cox Proportional Hazard Regression analysis was performed to es-
tablish factors independently contributing to treatment-outcome. Two-sided p-values of 
<0.05 were considered statistically significant. A multivariate model combining the most 
important predictors was converted into a visual nomogram12, and validated in an exter-
nal cohort of patients from the VU University Medical Center, Amsterdam, The Nether-
lands. Model performance was evaluated using the C-index. The maximum value of the C-
index is 1.0; indicating a perfect prediction model. A value of 0.5 indicates that 50% of the 
patients are correctly classified. Bootstrapping was used to obtain model prediction confi-
dence intervals. The Maastro and external validation cohorts were split, using this model, 
into three subgroups according to the 33 and 66 percentiles of the risk score. The nomo-
gram will be publicly available on the website www.predictcancer.org, after publication. 
Raw data of the training dataset will be available on www.cancerdata.org. Analyses were 
performed using SPPS 19.0 (SPSS Inc., Chicago) and Matlab 7.11.0 (The MathWorks Inc., 
Natick, MA). 

Validation cohort 

Patient characteristics of the validation cohort are shown in Supplementary Table 
1. It consisted of a consecutive series of 189 OPSCC patients curatively treated at the VU 
University Medical Center, Amsterdam, The Netherlands, between January 2000 and De-
cember 2006. Treatment options included definitive radiotherapy alone and chemo-
radiation. The definitive radiotherapy regime consisted of standard fractionated radio-
therapy to 70 Gy in fractions of 2 Gy over 7 weeks. The concomitant chemo-radiation 
scheme included daily fractionation of 2 Gy up to 70 Gy with a concomitant intra-venous 
administration of cisplatin with a dose of 100 mg/m2 at three weeks intervals. 

RESULTS 

The patient, tumor and treatment characteristics are shown in Table 1. The majority of the 
patients were male (74.4 %) and the median age at the start of therapy was 59 years 
(range: 43 – 83 years). The median follow-up of all patients was 26 months (range 2.5 – 
127.2) and it was 37.5 months (range 6.4 – 127.2) for patients alive at last follow-up.   
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  Table 1: Patient and tumor characteristics and univariate analysis results; Maastro cohort (n = 168). 

 Frequency (%) 
Log Rank test p
Overall survival  

Log Rank test p 
PF survival 

Age (years) 59,5 (43 – 83) 0,498 0,282 

Gender  0,004 
 

0,006 
Male 74,4  
Female 25,6  

Primary tumor sub-location   0,052 
 

0,140 
Tonsillar fossa 36,9  
Base of tongue 29,8  
Oropharynx overlap  25,6  
Soft palate  7,7  
Differentiation grade 0,486 0,379 
Good 6,5  
Moderate 51,8  
Poor 27,4  
SCC nos 10,7  
Undifferentiated  3,6  
Smoking pack years
Split by median (>30) 
Split by percentiles 

30 (0 – 100)
0,025 
0,078 

 
0,026 
0,083 

Alcohol unit years
Split by median (>134) 
Split by percentiles 

134 (0 – 660)
0,042 
0,047 

 
0,004 
0,005 

Comorbidity score (ACE-27) 0,000 0,000 
None 33,3  
Mild  41,1  
Moderate  19,0  
Severe  6,5  
T-stage 0,001 0,004 
T1 14,9  
T2 27,4  
T3 22,6  
T4 35,1  
N-stage 0,048 0,065 
N0 34,5  
N1 17,3  
N2 44,1  
N3 3,6  
Nx 0,6  
N0 – N2a vs N2b – N3  0,021 0,053 
P16 immunostaining 
Positive  34,5 0,000 0,000 
Negative 64,3  
Unknown 1,2  
HPV status  
Positive  30,4 0,000 0,000 
Negative  69,6  
Treatment   0,065          0,060 
Radiation only 67,9  
Chemo-radiation  32,1  
RT Dose (Gy)  68 (60 – 70) 0,888 0,865 
Pre-RT Haemoglobin levels (mmol/L) 8,5 (5,1 – 11,3) 0,006 0,004 
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At the time of last follow-up 60.1% of patients were alive and 39.9 % had deceased. Pro-
gression free survival was 47% at 5 years. A total of 29 (17.3%) local-regional recurrences 
were observed. 

Patient characteristics and HPV status  

Immunostaining for p16 was positive in 58 cases (34.5 %) and missing in 1.2% of the cases. 
After HPV DNA testing, a total of 51 (30.4 %) was considered as HPV positive. Due to its 
importance in OPSCC patients, we evaluated the association between HPV status and oth-
er patient and tumor characteristics. Overall survival was significantly better for patients 
with an HPV-positive OPSCC (CI, 83.66 – 120.21 months), compared to patients with an 
HPV-negative OPSCC (CI, 48.6 – 68.2 months; p<0.0001). The 5-year overall survival rates 
were 82% in the HPV-positive group and 39% in the HPV-negative group. For progression-
free survival, the surviving rates were 83% and 35% for the HPV-positive and HPV-negative 
groups respectively (p < 0.001). 

HPV status was positive in 32.5% and 29.6% of female and male patients respec-
tively. Patients with HPV-positive status were more likely to have none to moderate 
comorbidity (72.5% of HPV positive cases, p = NS; ACE-27 score 0 – 1); these patients also 
showed a clear tendency towards moderate smoking and alcohol consumption compared 
to HPV-negative patients (p < 0.001). No significant differences were observed when com-
paring HPV status and nodal status, tumor stage and age. There was a higher incidence of 
HPV-positive tumors in the tonsils and base of tongue, compared to the other oropharyn-
geal sub-locations (p = 0.001). Poorly differentiated tumors had significant higher inci-
dence of HPV-positivity compared to well differentiated tumors (p < 0.006).  

Prognostic factors for overall survival and progression-free survival  

Univariate analysis was performed to evaluate the prognostic significance of the tumor 
and patient characteristics shown in Table 1. The variables that were associated with 
shorter overall survival were male gender (p = 0.004), pack years of smoking higher than 
the median value (median = 30 pack years; p = 0.025), unit years of alcohol consumption 
higher than the median value (median = 134 unit years; p = 0.042), higher ACE-27 comor-
bidity index (p < 0.0001), higher T-stage (p < 0.0001), N2b-N3 stage (p = 0.021), negative 
HPV status (p < 0.0001) and lower pre-radiotherapy hemoglobin levels than the median 
value (median = 8.5 mmol/L; p < 0.006). Differentiation grade did not show significant dif-
ferences in overall survival (p = 0.654). Tumors located in the posterior oropharynx wall 
had a trend towards worse survival, compared to other tumor sub-locations (p = 0.052).  

Treatment parameters such as radiotherapy delivered dose and overall treatment 
time did not show a correlation with overall survival (p > 0.05).  Likewise, no significant 
differences in overall survival were observed based on treatment type (radiation only vs. 
chemoradiation, p = 0.065).  
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Gender, pack years of smoking, unit years of alcohol consumption, comorbidity, T-stage, 
HPV status and pre-radiotherapy hemoglobin levels were individually associated with pro-
gression-free survival (Table1).  
 

Table 2: Multivariate Cox proportional hazards analysis of potential prognostic factors
 

 Overall survival Local control 

 
 

HR 
 

95% CI 
 

p 
 

HR 
 

95% CI 
 

p 
Age 1,003 973 - 1,034 ,856 1,015 ,986 -1,044 ,320 

Gender 
Female 
Male 

 
 

2,511 

 
 

1,199 - 5,258 

 
 

,015 

 
 

2,101 

 
 

1,094 -4,037 

 
 

,026 
Pre-RT Hemoglobin 
levels 

,693 ,531 - ,903 ,007 ,802 ,633 – 1,016 ,067 

Pack years of smok-
ing 

 
1,006 ,992 - 1,021 ,792 1,006 ,993 -1,020 ,368 

Unit years of alco-
hol comsumption  1,001 ,999 - 1,002 ,554 1,002 1,000 - 1,003 ,057 
T-Stage 

T1 
T2 
T3 
T4 

 
 

,945 
3,284 
2,281 

 
,337 - 2,759 

1,287 - 8,437 
,875 - 5,942 

 
,945 
,014 
,092 

 
1,157 
2,941 
2,216 

 
,457 - 2,931 

1,225 - 7,063 
,914 - 5,374 

 
 

,759 
,016 
,078 

N-Stage 
N0 - N2a 
N2b - N3 

 
2,588 

 
1,413 - 4,738 

 
,002 

 
2,332 

 
1,362 - 3,995 

 
,002 

Comorbidity 
Score (0 -1) 

       Score (2 -3) 2,347 1,307 - 4,216 ,004 1,728 1,004 - 2,972 ,048 
HPV status 

Positive 
Negative 

 
 

6,027 
 

2,487 - 14,607 
 

,001 
 

4,746 
 

2,183 - 10,322 

 
 

,001 
 

Some prognostic factors in the univariate analysis (Table 1) were no longer signifi-
cant in the multivariate cox-regression analysis. For overall survival, the factors that re-
mained as independent contributors of unfavorable treatment outcome were male gen-
der, low pre-treatment hemoglobin levels (<median), higher T-stage, N2b – N3 stage, neg-
ative HPV status and high comorbidity (moderate to severe). Multivariate hazard ratios, 
confidence intervals and significance levels are shown in Table 2.  

For progression-free survival male gender, high comorbidity, higher T-stage, N2b – 
N3 stage and negative HPV status remained as significant independent prognostic factors. 
All other parameters did not show a significant correlation with progression-free survival 
(Table 2).  Prediction of overall survival yielded a C-index of 0.82 (95% CI, 0.76 – 0.88) 
based on the Maastro Clinic dataset. In the independent external validation dataset, the C-
index was 0.73 (95% CI, 0.66 – 0.79). 
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The resulting nomogram, shown in Figure 1, estimates outcome probabilities by assigning 
a score to each predictor value. The sum of these scores corresponds to an outcome event 
probability. 
 
Table 3: Multivariate model performance (c-index) and comparison with TNM and HPV.

 Maastro cohort VUMC cohort 
 OS PFS OS PFS 

Multivariate model 0.82
(CI, 0.76 – 0.88) 

0.80
(CI, 0.75 – 0.87) 

0.73
(CI, 0.66 – 0.79) 

0.67 
(CI, 0.59 – 0.74) 

TNM 0.66*
(CI, 0.61 – 0.75) 

0.65*
(CI, 0.60 – 0.72) 

0.64*
(CI, 0.59 – 0.73) 

0.60* 
(CI, 0.53 – 0.68) 

HPV 0.68*
(CI, 0.61 – 0.72) 

0.68*
(CI, 0.60 – 0.74) 

0.68*
(CI, 0.63 – 0.73) 

0.54* 
(CI, 0.49 – 0.59) 

Ang’s Model2  0.76*
(CI, 0.65 – 0.80) 

0.74
(CI, 0.70 – 0.82)* 

0.72
(CI, 0.64 – 0.78) 

0.66 
(CI, 0.60 – 0.73) 

  
C-index confidence intervals were obtained in a bootstrap procedure (n = 100).  *Indicates whether the multivariate 
model performance was significantly higher than TNM or HPV (p <0.0001). 
 
 

 
Figure 1 
Multivariate model converted to a graphic nomogram for prediction of overall survival. Each variable in the 
model, corresponding to the characteristics of an individual patient, is assigned to an individual score. A proba-
bility for overall survival can be calculated by drawing a vertical line from each predictor value to the score 
scale at the top—‘points’. After manually summing up the scores, the ‘total points’ correspond to the probabil-
ity of overall survival (or progression free survival respectively, Supplementary Figure 1), which are estimated 
by drawing a vertical line from this value to the bottom scales to estimate overall survival. Smoking was cate-
gorized as none, moderate (1-30 pack years of smoking) and heavy (> 30 pack years of smoking). 
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The most important factor in the nomogram to estimate overall survival is HPV status. 
Kaplan-Meier curves of the model estimates for the development and validation cohorts 
are shown in Figure 2a. This stratification showed significant differences in outcomes for 
the three proposed risk groups, in both datasets (p < 0.001). For progression-free survival, 
the model’s C-index was 0.80 (95% CI, 0.76 – 0.88), with a validation C-index in the exter-
nal dataset of 0.67 (95% CI, 0.59 – 0.74). 
 
Table 4: Median survival times for the stratification risk groups as estimated with the multivariate model. 

95% Confidence Interval
 Lower Bound Upper bound 
Overall survival (Maastro) 
High (n = 55) 21,63 35,25 
Intermediate (n = 56) 57,04 86,70 
Low (n = 57) 100,09 123,24 
Overall survival (VUMC) 
High (n = 62) 20,81 32,14 
Intermediate (n = 63) 35,81 46,76 
Low (n = 64) 45,00 54,36 
Progression-free survival (Maastro) 
High (n = 55) 16,80 31,03 
Intermediate (n= 56) 43,39 68,07 
Low (n = 57) 94,74 120,13 
Progression-free survival (VUMC) 
High (n = 62) 20,47 32,88 
Intermediate (n = 63) 34,39 45,98 
Low (n = 64) 39,38 50,85 

Differences in survival among the risk groups were statistically significant in all cases (log rank test, p < 0,0001). 
 
Again, the predictive nomogram was able to estimate individual progression-free survival 
rates and assign patients to clearly distinct risk groups in the validation cohort (p < 0.001; 
Figure 2b). A comparison of the multivariate model performance with TNM staging, HPV 
alone and Ang’s model2 is shown in Table 3.  Median survival rates for the distinct risk 
groups are summarized in Table 4. 

DISCUSSION 

We evaluated the prognostic significance of HPV and other factors of clinical interest, in a 
large cohort of consecutive OPSCC patients, to develop a multifactorial predictive model 
that can provide individual estimations of treatment outcome in this patient population.  

Combining the most important prognostic factors in a multivariate model, including 
HPV status, comorbidity score, T-stage, N-stage, pack years of smoking, gender and pre-
treatment hemoglobin levels yielded high predictive performances, as shown by the C-
index for overall survival of 0.82 (95% CI, 0.76 – 0.88) and of 0.80 (95% CI, 0.76 – 0.88) for 
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progression-free survival. This model was validated in an external unselected cohort of 
OPSCC patients (n = 189), showing reliable validation model performances for overall sur-
vival (0.73; 95% CI, 0.66 – 0.79) and progression-free survival (0.67; 95% CI, 0.59 – 0.74). 
Model predictions were significantly better than using TNM or HPV alone. 
 

 
Figure 2  
Kaplan-Meier curves of risk group stratification for (a) overall survival and (b) progression-free survival. 
Nomogram risk group stratifications are shown for the development cohort (left), and for the validation 
cohort (right). All survival curves are statistically different (log rank test, p < 0.0001)     
 
Also, this multivariate model showed higher C-indexes when compared with the published 
model based on the RTOG 0129 study including HPV, T-classification, N-classification and 
smoking history2.  

This prognostic model for OPSCC patients has been validated in an independent da-
taset by directly applying the model weights to the validation raw data. Previously pub-
lished models have been evaluated in a single development cohort2,8, although Ang’s 
model has been recently evaluated by two groups8,13. Our model was able to stratify pa-
tients according to their estimated risk of failure into distinct risk groups, in both cohorts, 
for overall and progression-free survival. However, the performance was lower for predic-
tion progression-free survival in the validation cohort.  

We followed the so-called rapid-learning approach in which knowledge is derived 
from unselected patient databases, as compared to medical evidence derived from clinical 
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trials6,14. This approach has an obvious advantage of including a more heterogeneous 
group of patients, in terms of clinical stage, comorbidity and treatments. In this way, the 
knowledge derived can be used for decisions concerning new patients, including the elder-
ly patient or the patient with severe comorbidity, which would not be included in a clinical 
trial. The clinical and patient characteristics included in this study were selected based on 
medical expertise, known prognostic importance from literature and availability1,2,15.  

In our study, overall survival rates and progression-free survival rates were compa-
rable with other studies8,16. The frequency of HPV-associated OPSCC in our cohort is com-
parable to other recent European series8,9,16. Similarly, we found HPV-positive status to be 
associated with low smoking and alcohol consumption, and less likely to have severe 
comorbidity (p<0.0001). Furthermore, the presence of HPV correlated positively with poor 
differentiation grade (p < 0.006) and was more often present in tumors of the tonsils and 
the base of the tongue (p = 0.001). These findings are in line with previously observed cor-
relations between HPV incidence and patient demographics and tumor characteris-
tics9,15,17. HPV-positive cancers have been associated with smaller primary tumors and 
with greater regional disease1, in our study, no significant differences in HPV-prevalence 
were observed among different T-stages or N-stages.  

Tobacco smoking has been established as a major independent-prognostic factor 
for patients with OPSCC4,9,17, these studies showed that cancer progression and risk of 
death increases with tobacco exposure, independently of tumor HPV status and treat-
ment. In our study, pack years of smoking was a significant prognostic factor for overall 
and progression-free survival, however, in the multivariate analysis, it did not remain as 
independent prognostic factor.  

A limitation in our study, inherent to its retrospective nature is the lack of stand-
ardization in which data has been collected over the years. Furthermore, smoking behav-
ior during therapy, which has been recently reported as important prognostic factor4,5,18, 
was not available in our study.  

This further highlights the increasing need for systematic routine patient care data 
collection, warehouse and semantic inter-operable data retrieval systems, to assure im-
proved and standardized data retrieval and allow external applicability14,19,20.  

Moderate to severe comorbidity, higher T-stage and advanced N-stage were inde-
pendent unfavorable prognostic factors for overall survival and progression-free survival. 
We used the ACE-27 comorbidity score, a validated comorbidity scoring system, which has 
been previously associated with patient prognosis in head and neck cancers8,21,22. Ad-
vanced clinical T-classification has been reported as a significant risk factor for progressive 
disease and death in oropharyngeal carcinoma patients17. Indeed, T3-T4 tumors showed 
poorer survival, compared to T1-T2 tumors. Similarly, we observed that higher N-stage 
was associated with worse survival; however this association was less significant with pro-
gression-free survival. Comparing N0-N2a nodal stages against N2b-N3 stages showed 
marked differences in survival, with the latter being an unfavorable prognostic factor. This 
re-grouping of N-stage has shown prognostic value previously8,11. Male gender was a 
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strong negative prognostic factor for overall survival and progression-free survival, how-
ever this effect remained significant in the multivariate setting only for overall survival. 
Other studies have shown male gender to be an unfavorable prognostic factor, as well as 
in other head and neck cancer sites, however in OPSCC this association can be confounded 
by the fact that men have a higher incidence of HPV-positive OPSCC than women4,17,18,23.  

We showed that combining tumor HPV status with other important prognostic fac-
tors, increased the accuracy in the predictions, compared to the traditional TNM staging 
system or individually. 95% CI of the model predictions were significantly better than 
those obtained with TNM alone or HPV status alone, which underlines the importance of 
multifactorial prediction models.  

This model performance is acceptable for clinical support, particularly due to the 
clear distinction in risk groups, in both cohorts; however it is still far from optimal. Com-
bining clinical parameters with HPV, is a first step into developing validated decision sup-
port systems in head and neck cancer; however we anticipate that adding other features, 
such as diagnostic and molecular imaging, and other important biomarkers such as EGFR 
or CA-IX will increase model accuracy14,19,24,25. Standardization and systematic collection of 
routine patient care data will likewise increase model reliability and allow further valida-
tion.  

In conclusion, we showed that combining HPV status with a set of important clinical 
parameters allows the development of multifactorial models to predict overall and pro-
gression-free survival. Applying this model to individual patients can support their stratifi-
cation according to their estimated risk and their eligibility for different treatment ap-
proaches11,26, for instance, ongoing trials are evaluating treatment de-intensification for 
OPSCC with estimated good prognosis (NCT01663259). Thus, population-based learning 
can improve the information given to patients regarding their prognosis as well as in the 
long term allow stratification in prospective clinical trials and treatment individualization. 
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ABSTRACT 

Solid cancers are spatially and temporally heterogeneous. This limits the use of invasive 
biopsy based molecular assays but gives huge potential for medical imaging, which has the 
ability to capture intra-tumoural heterogeneity in a non-invasive way. During the past 
decades, medical imaging innovations with new hardware, new imaging agents and stand-
ardized protocols, allows the field to move towards quantitative imaging. Therefore, also 
the development of automated and reproducible analysis methodologies to extract more 
information from image-based features is a requirement. Radiomics – the high-throughput 
extraction of large amounts of image features from radiographic images – addresses this 
problem and is one of the approaches that hold great promises but need further valida-
tion in multi-centric settings and in the laboratory. 
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INTRODUCTION 

The use and role of medical imaging technologies in clinical oncology has greatly expanded 
from primarily a diagnostic tool to include a more central role in the context of individual-
ised medicine over the past decade (Fig. 1). It is expected that imaging contains comple-
mentary and interchangeable information compared to other sources, e.g. demographics, 
pathology, blood biomarkers, genomics and that combining these sources of information 
will improve individualised treatment selection and monitoring.1  
 

 
Figure 1  
Different sources of information, e.g. demographics, imaging, pathology, toxicity, biomarkers, genomics 
and proteomics, can be used for selecting the optimal treatment. 
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Cancer can be probed in many ways depending on the non-invasive imaging device used 
or the mode by which it operates (Fig. 2). Classically, anatomical computed tomography 
(CT) imaging is a often used modality, acquiring images of the ‘anatome’ in high resolution 
(e.g. 1 mm3). CT imaging is now routinely used and is playing an essential role in all phases 
of cancer management, including prediction, screening, biopsy guidance for detection, 
treatment planning, treatment guidance and treatment response evaluation.2,3 
 

 
Figure 2 
Multilevel imaging: anatomical, functional, and molecular imaging. 
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CT is used in the assessment of structural features of cancer but it is not perceived to por-
tray functional or molecular details of solid tumours. Functional imaging concerns physio-
logical processes and functions such as diffusion, perfusion and glucose uptake. Here, 
commonly used methodologies are dynamic contract enhanced-magnetic resonance imag-
ing (DCE-MRI), assessing tumour perfusion and fluoro-2-deoxy-D-glucose (FDG) positron 
emission tomography (PET) imaging, assessing tumour metabolism, which both often are 
found to have prognostic value.4–6 Finally, another modality is molecular imaging, visualis-
ing at the level of specific pathways or macro-molecule in vivo. For example, there are 
molecular markers assessing tumour hypoxia or labelled antibodies, assessing receptor 
expression levels of a tumour.1,7 

Over the past decades, medical imaging has progressed in four distinct ways: 
 

 Innovations in medical devices (hardware): This concerns improvements in imag-
ing hardware and the development of combined modality machines. For exam-
ple, in the last decade we moved from single slice CT to multiple slices CT and 
CT/PET. More recent developments are dual-source and dualenergy CT. These 
techniques significantly increase the temporal resolution for 4-D CT reconstruc-
tions allowing visualisation of fine structures in tissues, also in several stages in 
the cardiac or respiration phase. Moreover, dual-energy CT can be used to im-
prove identification of tissue composition and density. 
 

 Innovations in imaging agents: Innovations in imaging agents (or imaging bi-
omarker, imaging probe, radiotracer), i.e. molecular substances injected in the 
body and used as an indicator of a specific biological process occurring in the 
body. This is achieved by contrast agents, i.e. an imaging agent using positive 
emission tomography (radiotracer). A common use is to find indications of patho-
logical processes, e.g. hypoxia markers using PET imaging. 

 
 Standardised protocol allowing quantitative imaging: Historically radiology has 

been a qualitative science, perhaps with the exception of the quantitative use of 
CT based electron densities in radiotherapy treatment planning. The use of 
standardised protocols like common MRI spin-echo sequences helps to allow 
multicentric use of imaging as well as transforming radiology to a more quantita-
tive, highly reproducible science. 

 
 Innovations in imaging analysis: The analysis of medical images has a large impact 

on the conclusions of the derived images. More and more software is becoming 
available, allowing for more quantification and standardisation. This has been il-
lustrated by the development of the computer-assisted detection (CAD systems) 
that improves the performance of detecting cancer in mammography or in lung 
diseases.8  
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Figure 3 
(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. 
 
Radiomics focuses on improvements of image analysis, using an automated high-
throughput extraction of large amounts (200+) of quantitative features of medical images 
and belongs to the last category of innovations in medical imaging analysis.  

 

 
Figure 4 
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. 
 
The hypothesis is that quantitative analysis of medical image data through automatic or 
semi-automatic software of a given imaging modality can provide more and better infor-
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mation than that of a physician. This is supported by the fact that patients exhibit differ-
ences in tumour shape and texture measurable by different imaging modalities (Fig. 3). 

THE WORKFLOW OF RADIOMICS: A (SEMI) HIGH-THROUGHPUT 
APPROACH  

Fig. 4 depicts the processes involved in the Radiomics workflow. The first step involves the 
acquisition of high quality and standardised imaging, for diagnostic or planning purposes. 
From this image, the macroscopic tumour is defined, either with an automated segmenta-
tion method or alternatively by an experienced radiologist or radiation oncologist. Quanti-
tative imaging features are subsequently extracted from the previously defined tumour 
region. These features involve descriptors of intensity distribution, spatial relationships 
between the various intensity levels, texture heterogeneity patterns, descriptors of shape 
and of the relations ofthe tumour with the surrounding tissues (i.e. attachment to the 
pleural wall in lung, differentiation).  

The extracted image traits are then subjected to a feature selection procedure. The 
most informative features are identified based on their independence from other traits, 
reproducibility and prominence on the data. The selected features are then analysed for 
their relationship with treatment outcomes or gene expression. The ultimate goal is to 
provide accurate risk stratification by incorporating the imaging traits into predictive 
models for treatment outcome and to evaluate their added value to commonly used pre-
dictors. 

THE RADIOMICS HYPOTHESIS: INFERRING PROTEO-GENOMIC AND 
PHENOTYPIC INFORMATION FROM RADIOLOGICAL IMAGES  

The underlying hypothesis of Radiomics is that advanced image analysis on conventional 
and novel medical imaging could capture additional information not currently used, and 
more specifically, that genomic and proteomics patterns can be expressed in terms of 
macroscopic image-based features. If proven, we can infer phenotypes or gene–protein 
signatures, possibly containing prognostic information, from the quantitative analysis of 
medical image data. 

This hypothesis is supported by image-guided biopsies, which demonstrated that 
tumours show spatial differences in protein expressions.9 More specifically, it has been 
demonstrated that major differences in protein expression patterns within a tumour can 
be correlated to radiographic findings (or radiophenotypes) such as contrast-enhanced 
and non-enhanced regions based on CT data.10 The authors suggest that image-guided 
proteomics holds promise for characterising tissues prior to treatment decisions and with-
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out imaging there is indeed a risk that the optimum treatment decision could be neglected 
(i.e. the use or not of a targeted agent). 
Also, Kuo et al. reported the association of CT-derived imaging traits with histo-pathologic 
markers, and several pre-defined gene expression modules on liver cancer. 11,12 In ovarian 
carcinoma, an imaging feature describing the enhancement fraction as proportion of en-
hancing tumour tissue on a pre-treatment CT scan, was found predictive for outcome after 
first line chemotherapy.13 In lung cancer, CT derived information has been limited to pre-
treatment assessment of tumour volume and as response evaluation defined as tumour 
size reduction.14  

For PET imaging, the maximum and median FDG uptake has often been investigat-
ed, indicating strong prognostic power.6,19 However, more complex descriptions of FDG 
uptake are only investigated on a limited scale. There was a study of El Naqa et al.15, inves-
tigating the predictive power of intensity–volume histogram (IVH) metrics, shape and tex-
ture features to assess response to treatment of a limited set of patients with head and 
neck and cervix cancers. Tixier et al. also explored the potential of SUV based, shape and 
texture features extracted from baseline FDG-PET, images, to assess response to therapy 
and prognosis in order to predict response to combined chemo-radiation treatment in 
oesophageal cancer.16 Also, textural features in FDG PET images exhibited small variations 
due to different acquisition modes and reconstruction parameters.17 
These examples open the question of whether quantitative extraction of additional imag-
ing features on conventional imaging improves the ability of currently used parameters to 
predict or monitor response to treatment. Furthermore, Radiomics can be linked with the 
concept of radio-genomics, which assumes that imaging features are related to gene sig-
natures. An interesting finding in recent literature is that tumours with more genomic het-
erogeneity are more likely to develop a resistance to treatment and to metastasise.18 This 
links to the concept that more heterogeneous tumours have a worse prognosis.  

According to the Radiomics hypothesis, the genomic heterogeneity could translate 
to an expression in an intra-tumoural heterogeneity that could be assessed through imag-
ing and that would ultimately exhibit worse prognosis. This hypothesis has been sustained 
by Jackson et al.19 and as well as by Diehn et al.20 who quite convincingly showed that pro-
liferation and hypoxia gene expression patterns can be predicted by mass effect and tu-
mour contrast enhancement, respectively. They also showed that a specific imaging pat-
tern could predict overexpression of epidermal growth factor receptor (EGFR), a known 
therapeutic target. Moreover, in their analysis the presence of certain image features was 
highly predictive of outcome. The authors concluded that imaging in this case MR provid-
ed an ‘in vivo portrait’ of genome-wide gene expression in glioblastoma multiform. Similar 
findings have been found in hepatocellular carcinomas by Segal et al.21, showing that the 
combination of only 28 imaging traits was sufficient to reconstruct the variation of 116 
gene expression modules. 

These types of studies will need to be extended, by including more patients with 
external validation datasets, more tumour types that exhibit phenotypes such as invasive-
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ness. This will be the focus of the QuIC-ConCePT consortium, to confirm experimentally 
the Radiomics hypothesis, namely to establish a causal relationship between gene expres-
sion patterns and image features.  

CONCLUSIONS 

Solid cancers have extraordinarily spatial and temporal heterogeneity at different levels: 
genes, proteins, cells, microenvironment, tissues and organs. This limits the use of biopsy 
based molecular assays but in contrast gives a huge potential for non-invasive imaging, 
which has the ability to capture intra-tumoural heterogeneity in a non-invasive way. Med-
ical imaging innovations with new hardware, new imaging agents and standardized proto-
col now allow for quantitative imaging but require the development of ‘smart’ automated 
software to extract more information from image-based features. 
Radiomics – the high-throughput extraction of image features from radiographic images – 
is one approach that holds great promises but needs further validation in a multi-centric 
setting and in the laboratory. 
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ABSTRACT 

Purpose 
To assess the clinical relevance of a semiautomatic CT-based ensemble segmentation 
method, by comparing it to pathology and to CT/PET manual delineations by five inde-
pendent radiation oncologists in non-small cell lung cancer (NSCLC). 
 
Methods 
For 20 NSCLC patients (stages Ib–IIIb) the primary tumor was delineated manually on 
CT/PET scans by five independent radiation oncologists and segmented using a CT based 
semi-automatic tool. Tumor volume and overlap fractions between manual and semiau-
tomatic-segmented volumes were compared. All measurements were correlated with the 
maximal diameter on macroscopic examination of the surgical specimen. Imaging data are 
available on www.cancerdata.org.  
 
Results 
High overlap fractions were observed between the semi-automatically segmented vol-
umes and the intersection (92.5 ± 9.0, mean ± SD) and union (94.2 ± 6.8) of the manual 
delineations. No statistically significant differences in tumor volume were observed be-
tween the semiautomatic segmentation (71.4 ± 83.2 cm3, mean ± SD) and manual delinea-
tions (81.9 ± 94.1 cm3; p = 0.57). The maximal tumor diameter of the semiautomatic-
segmented tumor correlated strongly with the macroscopic diameter of the primary tu-
mor (r = 0.96). 
 
Conclusions 
Semiautomatic segmentation of the primary tumor on CT demonstrated high agreement 
with CT/PET manual delineations and strongly correlated with the macroscopic diameter 
considered as the ‘‘gold standard’’. This method may be used routinely in clinical practice 
and could be employed as a starting point for treatment planning, target definition in mul-
ti-center clinical trials or for high throughput data mining research. This method is particu-
larly suitable for peripherally located tumors.  
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INTRODUCTION 

Lung cancer is the deadliest type of cancer worldwide [1]. About 80% of the lung cancer 
patients present advanced-stage disease (stages III and IV) and are considered inoperable 
due to loco-regional tumor extension, extra thoracic spread or poor physical condition at 
the time of diagnosis [2]. For these patients, external beam radiotherapy (RT) often com-
bined with chemotherapy is the primary treatment modality [3]. 

The success of radiotherapy depends upon a good target definition and dose cov-
erage of the target volume while limiting the radiation dose to highly radiosensitive sur-
rounding organs. A consistent and accurate target definition is of utmost importance for 
accurate radiotherapy treatment planning and for treatment response evaluation. Multi-
ple studies have reported the uncertainties and high – intra and inter – observer variability 
associated with target delineation in lung cancers [4–10]. Efforts have been made to re-
duce the observer variation for target definition, including standardized delineation proto-
cols on CT scans and the addition of fused FDG-PET-CT information on the delineation 
process [11–14]. The latter has diminished the inter-observer variability [15], however 
differences among observers are still observed for visual delineations [16]. Various PET-
based methods have been developed for semiautomatic tumor delineations, ranging from 
simple fixed (absolute and relative) threshold based segmentations, to the more complex 
signal-to-background ratio and watershed clustering methods [17,18]. A few studies have 
compared FDG PET based automatic segmentation tools with pathological examinations 
[19,20] and demonstrated their utility in reducing inter-observer variability [16,21]. To our 
knowledge, no CT-based semiautomatic delineation method has been compared with 
both oncologists’ manual delineations and with pathological examination. In practice, tar-
get volume and organs at risk are generally defined on a planning CT scan [22], which re-
mains as the reference imaging modality in the treatment planning of non-small cell lung 
cancer (NSCLC). 

Given the observed variability, complexity and time required for target definition, a 
semi-automated method to accurately segment lung tumors on a CT scan would be of clin-
ical value by providing a consistent initial target definition and would optimize the daily 
workflow. In this study we present a CT-based region growing method to semi-
automatically segment lung tumors, that incorporates expert knowledge and is based on 
the cognition network technology [23].  

Our aim is to evaluate the potential clinical usefulness of a CT-based semiautomat-
ic-segmentation method, by comparing it with CT-PET manual delineations of five inde-
pendent radiation oncologists and with the pathological examination of the surgical spec-
imen. 
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MATERIAL AND METHODS 

CT-PET scans 

This study was approved by the local Medical Ethics Committee according to the Dutch 
law, and all patients provided written informed consent. Twenty consecutive patients with 
histologically proven non-small cell lung cancer, stages Ib–IIIb, were included in this retro-
spective study. All patients had undergone a diagnostic whole body PET-CT scan (Biograph, 
SOMATOM Sensation 16 with an ECAT ACCEL PET scanner; Siemens, Erlangen, Germany). 
Patients were instructed to fast at least 6 h before the intravenous administration of 18F-
fluoro-2-deoxy-glucose (FDG) (MDS Nordion, Liège, Belgium), followed by physiologic sa-
line (10 mL). The total injected activity of FDG was dependent on the patient weight ex-
pressed in kg: (weight ⁄ 4) + 20 Mbq. After a period of 45 min, during which the patient 
was encouraged to rest, free-breathing PET and CT images were acquired. The CT scan was 
a spiral CT scan of the whole thorax with intravenous contrast. The PET images were ac-
quired 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. 

Click and grow auto-segmentation algorithm  

Pre-processing  

The algorithm was developed using the Cognition Network Language (CNL) running on 
Definiens Developer XD with the LuTA extension [24]. CNL is, an object-based procedural 
computer language designed to allow automated implementation of complex, context-
dependant image analysis tasks. This algorithm was designed to enable an accurate and 
efficient analysis of lung lesions guided by an operator. The implementation here used the 
original algorithm previously described [23], and was extended with a multi- seed point 
segmentation routine. In a first step the LuTA preprocessing was used to classify context 
objects like body, background, lungs and bones. They were segmented based on intensity 
and object size without user interaction. In a second optional step, LuTA allows an option-
al three-dimensional semi-automated correction of the lung boundary. The algorithm 
workflow is summarized in the Fig. 1S. 

Click and grow  

The third step involved the identification and segmentation of the lung lesion. The user 
identified the tumor, within the segmented lung and placed a seed-point at the perceived 
center of the lesion. From this starting seed-point an initial seed object was automatically 
segmented using the LuTA region growing [23]. 
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To improve the lesion segmentation and to reduce sensitivity towards the location of the 
initial seed-point, the original click-and-grow algorithm was further extended with a single 
click ensemble segmentation algorithm (SCES) [25]. SCES used the previously defined re-
gion, within which multiple seed points were automatically generated. Briefly, the initially 
segmented tumor was divided into eight regions using three perpendicular planes (xy, yz 
and zx), within each sub-region a seed-point was placed. 

Two additional seed-points were placed, one at the center of mass of the segment-
ed tumor and one more randomly. Each seed-point was grown into a new candidate tu-
mor region using the same LuTA region growing algorithm (multiple runs using same seg-
mentation technique but different initial seed-point). Finally the candidate regions were 
merged into one consensus tumor region using a voting strategy: a voxel is classified as 
tumor voxel if more than half of the voxels in its 3 x 3 x 3 neighborhood window were la-
beled as tumor voxels in at least half of the segmented candidate tumor regions. This ap-
proach reduced inter-observer variability and operator interactions compared to the orig-
inal algorithm [25]. 

GTV manual delineations 

For comparison with the CT-based semiautomatic-segmentation, five observers inde-
pendently carried out manual GTV delineations based on fused PET-CT images using a 
standard clinical delineation protocol. Briefly, the protocol included 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) to be used for delineation [16,26,27]. All observers were blinded to each 
others delineations. 
The primary gross tumor volume (GTV) was defined for each patient based on combined 
CT and PET information. Observers were given transversal, coronal, sagittal and 3D views 
simultaneously. Delineations were performed on a treatment planning system (XiO; Com-
puter Medical System, Inc., St. Louis, MO). 

Pathology  

The surgical specimen was examined according to national guidelines [28]. All patients 
underwent a surgical resection of their lung tumor and a standardized routine pathology 
examination was performed directly on the fresh specimen maintained on ice within 30 
min after resection. Before slicing, the maximal diameter of the primary tumor was meas-
ured 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  

In a similarity analysis, an intersection volume (agreement between all observers) and a 
union volume (merging of all regions delineated by all observers) were defined and used 
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for comparison with the semi automatically-segmented volume (Fig. 1). The overlap frac-
tion was used to estimate the agreement between the various volumes and was d fined as 
the volume of overlap divided by the smallest volume [29,30]: 
 

	
∩
	 	

∗ 100 

 
where A is the semi automatically-segmented tumor and B is either the observers inter-
section volume or the observers union volume depending on the comparison. An overlap 
fraction equal to 100 indicates two perfectly matched volumes while an overlap fraction 
equal to zero indicating two disjoined volumes. The first overlap fraction value indicates 
whether the semiautomatic-segmentation method covers the common agreement (inter-
section volume) of the manual delineations while the second overlap fraction value indi-
cates whether the algorithm falls within the inter-observer variability (union volume). 
 

 
Figure 1 
The image in the left side shows the variability observed for CT/PET manual delineations. To summarize 
inter-observer variability the observers intersection (common agreement) and observers union (sum of all 
delineated areas) were defined and compared with the CT semi auto segmentation method (yellow color 
wash) in the right panel. These images correspond to patient 12. 
 
A volume comparison was conducted with the raw volumes expressed in cm3. Results are 
summarized as the mean and standard deviations. Groups were compared with a paired 
Student t-test. Differences were considered to be significant when the p-value was lower 
than 0.05. Pearson’s correlation coefficient was used to compare the maximal diameter 
estimates from pathology with the maximal diameter of the semi automatically-
segmented volumes. Additionally, we used the Bland–Altman analysis to evaluate the 
agreement between the various measurements. The Bland–Altman plot is a scatter plot 
that shows in the vertical axis the difference between two measures (Y–X), against their 
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average on the horizontal axis . Horizontal lines are superimposed in the scatter plot 
indicating the mean difference between the measurements and the 95% limits of agree-
ment. If the tumor size measurements are comparable with the ‘‘gold standard’’, the dif-
ferences in the Bland–Altman plot should be small and close to zero. A negative value 
means that the semi-automatic segmentation overestimates the macroscopic tumor di-
ameter, while a positive value indicates that the semiautomatic segmentation underesti-
mates the gold standard. All data are expressed as mean ± SD. All the analyses were per-
formed in Matlab 2010b (The MathWorks Inc., Natick, MA, USA). 

RESULTS 

To evaluate clinical validity, semiautomatic-segmentation of the primary tumor on CT was 
compared with CT/PET manual delineations of five independent observers. A similarity 
analysis was performed and the overlap fraction was calculated to estimate the agree-
ment between the manually contoured and SCES volumes.  
 

 
Figure 2  
Overlap fractions between the semi auto-segmented volumes and observers’ intersection (agreement be-
tween all observers) and union (merging of all regions delineated by all observers) volumes. An overlap frac-
tion equal to 100 indicates two perfectly matched volumes while an overlap fraction equal to zero indicates 
two disjoined volumes. 
 
The overlap fractions between the semi automatically-segmented volumes and the ob-
servers union and intersection are shown in Fig. 2.  
High overlap fractions were obtained with the observers’ intersection (92.5 ± 9.0) and the 
observers union (94.2 ± 6.8).  
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The raw semi automatically-segmented and manual volumes are reported in Table 1, 
mean and standard deviation of the manual volumes are shown as well. No statistical dif-
ferences were observed in tumor volume between the SCES volumes (71.4 ± 83.2 cm3) and 
manual delineations (81.9 ± 94.1 cm3; p = 0.57). In the majority of the cases the semi au-
tomatically-segmented volumes fell within the observers’ variability, i.e. 75% of the cases 
were included in the mean ± 1SD range of the manually delineated volumes. 
 

Figure 3 
Representative CT images of NSCLC patients. Lung tumors were segmented using a click and grow ensemble seg-
mentation algorithm (yellow solid color wash) and manually delineated by five independent observers (color dotted 
lines).  
 
Three cases fell off the observers’ variability, two of which were centrally located tumors 
and one peripherally located. For visual comparison, representative examples of both the 
semi-automatically segmented volumes and manual delineations are shown in Fig. 3. To 
further evaluate its usability, the click and grow semiautomatic- segmentation algorithm 
was compared with macroscopic examination of the surgical specimen. A strong correla-
tion was found between the maximal diameter of the SCES volumes and the macroscopic 
diameter of the primary tumors (Pearson correlation coefficient, 0.96) (Fig 4). The correla-
tion of maximal diameters on manual CT/PET delineations with the pathology examination 
ranged from 0.88 to 0.96 (0.93 ± 0.02) for different observers.  
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Table 1: Raw volumes in cm3 as determined by CT/PET manual delineations and compared with the CT semi auto-segmentation method.

Patient No. 
Tumor 
stage Location Observer 1 Observer 2 Observer 3 Observer 4 Observer 5

Mean  
observers 

SD  
observers 

Semi auto-
segmentation

1 IIIa Central 69.8 79.4 103.9 80.3 69.5 80.6 14.0 83.9
2 IIIa Peripheral 8.0 17.6 13.1 11.9 8.5 11.8 3.9 9.0
3 IIIa Central 355.0 320.4 380.4 353.1 309.5 343.7 28.6 334.6
4 IIIa Peripheral  3.1 4.9 4.8 4.2 3.2 4.1 0.9 5.8
5 IIIa Peripheral  10.6 16.1 21.2 15.9 10.2 14.8 4.5 10.4
6 IIIa Central  188.1 219.0 275.2 206.8 150.7 208.0 45.6 163.9
7 Ib Peripheral  46.1 59.2 57.6 57.1 48.4 53.7 6.0 50.1
8 IIIa Peripheral  18.0 35.5 43.2 25.5 16.8 27.8 11.4 26.2
9 IIIa Central  29.8 31.8 37.9 34.5 28.5 32.5 3.8 31.6

10 IIIa Central 196.4 266.8 215.4 259.6 175.1 222.7 39.7 146.1
11 IIIa Central  151.2 184.2 184.6 164.0 144.3 165.7 18.5 150.7
12 IIIa Peripheral  199.1 193.5 193.4 194.9 205.1 197.2 5.0 158.2
13 IIIa Peripheral 55.9 77.9 65.6 68.5 56.8 65.0 9.1 58.0
14 IIIa Peripheral 6.7 9.4 12.2 9.3 9.1 9.3 1.9 7.9
15 IIIa Central  18.2 21.9 12.5 14.5 12.5 15.9 4.1 19.6
16 IIIa Peripheral  38.5 40.9 24.2 36.3 34.3 34.8 6.5 36.7
17 IIIa Central  31.0 37.1 39.9 36.6 31.7 35.3 3.8 29.5
18 Ib Peripheral 82.2 101.9 98.9 97.9 92.4 94.7 7.8 88.2
19 IIb Peripheral 5.7 5.1 1.7 4.8 4.0 4.3 1.6 2.6
20 IIIa Peripheral  12.2 14.0 30.3 19.1 9.8 17.1 8.1 14.5

 
Tumor diameters ranged from 1.8 to 9.0 cm on pathological examination (4.2 ± 1.9), from 
1.7 to 9.8 (5.1 ± 1.7) on manual CT/ PET delineations and from 2.0 to 9.1 (4.9 ± 2.2) on CT 
semi automatically-segmented tumors.  
 

Figure 4 
Maximal diameter of the primary tumor determined by the CT semi auto-segmentation algorithm com-
pared with the tumor maximal diameter on macroscopic examination of the surgical specimen. Pearson 
correlation coefficient was 0.96. 
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Comparative Bland–Altman plots are shown in Fig. 5, the CT semiautomatic-segmentation 
algorithm slightly overestimated the maximal tumor diameter found at macroscopic ex-
amination, indicated by a mean difference of -0.46 cm, (95% CI, -1.64 to 0.70 cm). Howev-
er, for manual CT/PET delineations, the differences were slightly larger (mean difference -
0.80 cm; 95% CI, -2.42 to 0.82 cm) compared to semi automatically-segmented volumes. 
For the majority of the patients, the difference between the macroscopic diameter and 
the diameters on the semi automatically-segmented volumes was within 1 cm. 
 

 
Figure 5 
Bland Altman plots showing the discrepancies of CT/PET manual delineations (A) and CT semi auto-
segmentations (B) with the ‘golden truth’ maximal diameter on pathology. The dotted lines represent the 
confidence intervals around the mean difference (solid line). 

DISCUSSION 

Target definition remains highly dependent on human interpretation of visual imaging 
information, making it error prone and subjective. Uncertainties associated with target 
definition have been largely reported, and especially for lung cancer, high intra and inter 
observer variability have been observed [4–10]. In practice, human interaction, regarding 
CT/PET visual interpretation of imaging information and tuning of parameters in complex 
auto segmentation algorithms still remains as the largest source of uncertainty for target 
definition [5,7]. 

To our knowledge, this is the first study that compares a semi-automated method 
to segment lung tumors on CT images, with multiple manual delineations used routinely in 
the clinic and furthermore compared to pathology. CT-Based semiautomatic ensemble 
segmentation of lung tumors showed high agreement with radiation oncologist’s manual 
CT/PET delineations and correlated with pathological tumor measurements (Pearson’s 
correlation, 0.96). 
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Multiple methods have been developed aiming to improve target definition [17–
20]. For example, in the case of PET imaging, the simplest method uses an absolute 
threshold of the standardized uptake value. Single threshold methods are subject to con-
siderable variation due to heterogeneities in tumor size and FDG-uptake and lack of 
standardization in PET acquisition settings [31]. More sophisticated segmentation algo-
rithms such as the individualized threshold based on the source-to-background ratio 
[16,32], the gradient based delineation or the watershed clustering have been proposed, 
and are generally preferred over single threshold methods [18,20,33]. These studies 
showed the large differences on the resulting volumes depending on the delineation 
method. Recently, Wanet et al. compared different automatic delineation methods, in-
cluding the gradient based method, the source-to-background based method and fixed 
thresholds at 40% and 50% of the SUVmax, with manually delineated contours on the mac-
roscopic specimen and on CT images [20]. Although this method was compared with a 
three-dimensional reconstruction of the macroscopic specimen, only 10 patients were 
evaluated in the study. Despite these efforts, a consensus over the most reliable method 
for automatic delineation of the GTV based on PET is lacking. 

CT remains as the reference imaging modality for the treatment planning in NSCLC 
[22], it is widely available and the image acquisition protocols are better standardized 
across institutions compared to PET. Thus, we believe a CT based semiautomatic method 
to segment lung tumors that limits user interaction has clinical value. 
In this regard, automatic methods to interpret chest CT images have largely focused on 
the early detection of lung nodules [34,35], on the differential diagnosis of malignant ver-
sus benign nodules [36] and in the measurement of nodule or tumor size as treatment 
response criteria [37,38]. This study however, concentrates on the definition of locally 
advanced stage primary tumors, with the exception of two stage Ib patients, which tend to 
be large, irregular masses often adjacent to other anatomical structures, with the minimal 
user guidance.  

Other studies have used supervised approaches using different machine learning 
techniques to classify lung tissues [39,40], however these techniques are trained with 
manually delineated regions of interest, rather than performing automatic detection and 
were not adequately validated. A general disadvantage of the supervised approach is that 
it requires beforehand labelled samples used for training of the algorithm. 
Kakar et al. proposed an automatic method to classify lung lesions and healthy tissue on 
CT images, being able to classify the tissue in twelve different categories, differing mainly 
based on location (i.e. left lung upper, left lung lower) rather than on tissue type 
[41]. Although fairly accurate classification values were reported they failed to validate 
their approach since the segmentations were not adequately compared with a ground 
truth estimation. Furthermore, they artificially generated 500 samples by under or over 
sampling the original data to develop and evaluate their method, which questions the va-
lidity of the testing data. 
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Our study allowed the possibility of comparing our results with examination of the 
surgical specimen, by including surgical patients. However, this can also bias the algorithm 
performance towards peripherally located tumors. In fact, in 75% of the cases, of which 
40% were centrally located, semiautomatic-segmentation of tumors on CT images proved 
to be adequate and could probably be further extended to late stage, inoperable patients 
treated with radiotherapy. However, in 25% of the cases, the algorithm showed reduced 
overlap with the observer’s delineation. Two of the cases were centrally located tumors, 
these cases had large central cavities that were covered by the observer’s delineation 
(shown in Fig. 4), but that the algorithm judges as not being part of the tumor. 

This largely explains the apparent mismatch between the observer’s delineations 
and the semi auto-segmented volumes. Furthermore, the centrally located tumors also 
displayed larger observer’s variability. In other tumors with central location, the algorithm 
showed overlap fractions of approx. 95%. An additional case with lower overlap fractions 
was a small isolated tumor in the upper lobe of the left lung. In this case the algorithm 
overestimated the tumor extension, presumably by extending the tumor voxels to an ad-
jacent bronchiole. In these situations, supervision is warranted. 

Our results showed a high correlation with the maximal diameter of the surgical 
specimen measured on macroscopic examination. However, there are limitations intrinsic 
to the method employed to determine the pathological tumor diameter that should be 
addressed. To date only a few studies have validated auto-delineation methods with the 
gold standard of pathology [16,20,42]. Daisne et al. and Stroom et al. have proposed tech-
niques to obtain a three-dimensional digital reconstruction of the pathological specimen, 
by fixating, slicing and photographing the surgical specimen under controlled conditions 
[42,43]. In our study, the maximal diameter on pathology was determined with a ruler in 
one dimension, a fairly simple measurement prone to tumor shrinkage and deformation. 
Measurements were performed before fixation which reduces the influence of tumor 
shrinkage. 

In future work, three-dimensional assessment of the pathological specimen is war-
ranted. Of importance is the time interval between the imaging study and the date of sur-
gery or biopsy, which was in average 39 days (range: 7–112 days). This time interval could 
impact the results in the case of tumor growth. This relatively large time span could not be 
avoided as those were the treatment schedules. 

However, if large changes in tumor growth occurred between the day of the imag-
ing study and the day of the surgical intervention, these would have been observed in the 
Bland–Altman analysis. 

This analysis showed that the difference between the macroscopic diameter and 
the diameters on the semi automatically-segmented volumes was within 1 cm in 85% of 
the cases. We believe this has clinical value in terms that the semi-auto segmented vol-
umes fairly compare to those delineated by the clinical experts and the proposed method 
agrees with the gold standard at least as good as the medical experts as demonstrated by 
the Bland– Altman plot. 
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Because of the retrospective nature of this study, we lacked thin-slice reconstruction CT 
images; slice thickness in our data was 5 mm. Thin-slice CT images could enhance the abil-
ity to accurately determine the tumor volume. 

Besides reducing inter-observer variability, semi-automated segmentation of tu-
mors has proven useful to reduce the target delineation time in other tumor sites [44–46]. 
The time needed to manually delineate the tumors was not recorded, however, in a multi-
centric study Steenbakkers reported a mean delineation time of 16 min (SD 10 min) on CT 
scans and of 12 min (SD 8 min) on CT/PET scans [15]. The time needed to segment the 
lung tumor with the semiautomatic software, including importing and loading the CT data, 
pre-processing, initial seed-point definition and ensemble segmentation was in average 
12.02 min (SD 0.4 min). 

Finally, this method could be relevant for adaptive radiotherapy, where treatment 
plans are modified under restricted time slots, and in the first instance could be used as a 
pre-delineated structure that the clinical expert could modify. Since this algorithm fairly 
compared with the standardized delineations that are the current clinical practice, we 
view this algorithm as an approximation of the target volume that could facilitate the tar-
get definition step in radiotherapy treatment planning, but not as a replacement of the 
medical experts. 

To conclude, this method could be employed for target definition routinely on clini-
cal practice, as an approximation that can be refined by the medical experts, and in high-
throughput data mining research, based on the overlap with manual delineations and its 
correlation with the pathological examination, in particular for peripherally located tu-
mors. Further validation will require a multi-center investigation. 
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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 semiau-
tomatic computed tomography (CT)-based segmentation method using the competitive 
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 compared all tumour con-
tours to the macroscopic diameter of the tumour in pathology, considered as the ‘‘gold 
standard’’. The 3D-Slicer segmented volumes demonstrated high agreement (overlap frac-
tions>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 rep-
resent 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 char-
acterized 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 accurate volu-
metric assessment to evaluate response to therapy, which can inform treatment deci-
sions. However, tumour delineation can be a source of uncertainty, since typically, the 
tumour delineation process involves an experienced physician, interpreting 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 
methods 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 meth-
ods, that range from simple threshold based methods to complex level set, watershed, or 
region growing-context based methods, have been compared to manual delineations pro-
vided 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 process. 
In this study we evaluated the utility of the GrowCut algorithm to segment lung tumours, 
implemented in 3DSlicer – a free open source software platform for biomedical re-
search17. This cellular automaton-based algorithm performs automatic tumour segmenta-
tion 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 segmenta-
tions, 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 maximum 
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 contours are necessary 
for assessing therapy response, therapy planning, or in high-throughput data mining re-
search 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 independent ob-
servers and with pathological measurements after surgery. To quantify the agreement 
between the manual and 3D-Slicer segmentations, we performed an uncertainty 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 different seed point initializa-
tion) is illustrated. This example shows that the uncertainty region 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 seg-
mentations (bottom). Right: This variability is quantified with the uncertainty region, defined as the differ-
ence between the observers’ agreement and observers’ union (highlighted in green). The smaller the un-
certainty region is, the lower the variability among multiple contours. 

In the Supplementary Figure S1, a heat map depicting the overlap fractions for each pa-
tient between the GrowCut segmentations and manual delineations’ union and intersec-
tion are shown. 
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The results demonstrate a high spatial agreement of the manual and 3D-Slicer segmenta-
tions. 

Overlap fractions  

To examine the spatial agreement of the manual and 3D-Slicer contours, Overlap Fractions 
(OF) were calculated. OFs were computed between each of the six 3D-Slicer segmenta-
tions 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 de-
lineated), 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 observed with the observ-
ers’ 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 un-
certainty region, defined as the difference between uncertainty region inner and outer 
boundaries, was smaller for the 3D-Slicer segmentations [See Figure 3A]. Manual delinea-
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tions had significantly larger uncertainty areas compared to 3D-Slicer segmentations (Wil-
coxon test p = 0.0002). 
 

 
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 illustra-
tive example of the uncertainty region. (B): Comparison of volume variability (cm3) of observers’ 
manual delineations and 3D-Slicer segmentations. 

Segmented volumes  

We then investigated the volumes of the segmentations. There was a high agreement be-
tween the volumes of the manual and 3D-Slicer contours, as we found no statistically sig-
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nificant difference between the volumes of the five manual delineations (82.03 ± 94.31 
cm3) and six 3D-Slicer (72.27 ± 86.62 cm3, mean ± SD) segmentations, using Kruskal–Wallis 
one way analysis of variance (p = 0.98). Figure 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 frac-
tions 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 du-
ration 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 be-
tween the maximum diameter of 3D-Slicer volumes and the macroscopic diameter of the 
surgical tumours (spearman r, mean ± SD 50.89 ± 0.05, range: 0.81–0.94).  
Similarly, the maximum diameters of the manual CT/PET delineations were highly corre-
lated 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 ob-
served (p = 0.97). 
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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 di-
ameters. 
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 delinea-
tions, the addition of PET information to CT imaging in standardized delineation protocols 
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 comparing 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 evaluate 
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 inter-
section (mean±SD: 94.3±4.4%, range: 76.8–99.8) and union (mean ± SD: 97.2 ± 5.1%; 
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range: 72.6–100) of the manual delineations. Importantly, semi-automatic segmentations 
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 Slic-
er. 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 delineations than the 
simple fixed threshold methods; however they often require significant tuning of algo-
rithm 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 clini-
cal utility, if they provide segmentations as accurate as those generated manually 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 
methods 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 initiali-
zation, as it involved an iterative segmentation process, with a bootstrapping routine with 
multiple initializations, which resulted in highly reproducible final segmentations29. Unfor-
tunately, this algorithm is only available in commercial packages and therefore not availa-
ble for the broader community. 

A comparison of CT-based and PET-based methods with pathological measure-
ments and manual delineations is still lacking though. We anticipate that methods com-
bining 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 location. 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 adjacent 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 
possibly 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 available 
(maximal diameter). Furthermore, pathological measurements can be affected by tumour 
shrinkage and deformation after surgery. In this study only the maximal diameter on pa-
thology was compared, which is less prone to error than volumetric comparisons with pa-
thology. 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 segmenta-
tions comparable to those manually delineated by physicians and with lower variability. 
Since the semi-automatic segmentations are statistically comparable to manual delinea-
tions and correlated well with pathology, they could be used as a starting point for treat-
ment 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 con-
siderable 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 breath-
ing PET and CT images were acquired after a period of 45 minutes, during which the pa-
tient was encouraged to rest. The whole thorax spiral CT scan was acquired with intrave-
nous 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 recon-
structed 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 guide-
lines and approved by the appropriate local trial committee at Maastricht University Med-
ical Center (MUMC1), Maastricht, The Netherlands. 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 algo-
rithm uses a competitive region growing approach and is considered as having good accu-
racy and speed for the 2D and 3D image segmentation. For N-class segmentation the algo-
rithm 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 labels. 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 neigh-
bouring pixel weights. An unlabelled pixel is labelled corresponding 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. 
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Figure 6 displays the final segmented tumour region. In Supplementary Figure S2 four rep-
resentative tumour segmentations generated using the 3D-Slicer algorithm are compared 
with the manual delineations of five independent observers. Visual comparison shows a 
high agreement of the manual delineations with the semiautomatic one. We performed 
Slicer GrowCut segmentations by three independent users, which repeated the process 
two times, with a three day interval between each time. Segmentation times using 
GrowCut were recorded for every step of the analysis. 

Manual tumor delineations  

To validate the semiautomatic segmentation method, five radiation oncologist have man-
ually 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 delinea-
tions. The primary GTV was defined for each patient based on combined CT and PET in-
formation in the axial plane. The radiation oncologists were given transversal, coronal, 
sagittal and 3D views simultaneously. A treatment planning system (XiO; Computer Medi-
cal 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 segmen-
tations and these intersection and union delineations. OF was defined as the as the vol-
ume of overlap divided by the smallest volume30: 
 

∩

	 ,
∗ 100 and ∩

	 ,
∗ 100 

 
SV, OBi and OBu are the semiautomatic, observers’ intersection and union volumes re-
spectively. OF value of 100 suggests a perfect match while OF value 0 points to two dis-
joint volumes and thus no match. OFinter indicates whether the semiautomatic-
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segmentation method covers the common agreement (intersection volume) of the manu-
al 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 GrowCut seg-
mentations and the manual delineations. The uncertainty was defined as the difference 
between the union and intersection volumes, which is the area that belongs 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 volumes the lower the 
uncertainty. If all contours were equal, with no variation, the union and intersection vol-
umes would be identical with no uncertainty areas. Overlap fractions were used to com-
pare 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 delin-
eations 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 
pathology with the maximal diameter of 3D-Slicer and the manual segmentations. 
Further we also compared all these twelve maximal diameter groups: 3D-Slicer (three ob-
servers 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, Vi-
enna, Austria). 
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ABSTRACT 

Purpose 
Due to advances in the acquisition and analysis of medical imaging, it is currently possible 
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 segmentation. 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, imple-
mented in the free and publicly available 3D-Slicer platform, was investigated in terms of 
its robustness for quantitative imaging feature extraction.  
 
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 repro-
ducibility (ICC= 0.85 ± 0.15, p= 0.0009) compared to the features extracted from the man-
ual segmentations (ICC= 0.77 ± 0.17). Furthermore, we found that features extracted from 
3D-Slicer segmentations were more robust, as the range was significantly smaller across 
observers (p= 3.819e-07), and overlapping with the feature ranges extracted 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 feature 
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 major-
ity of lung cancer cases are non-small cell lung cancer (NSCLC), which has substantially 
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 emergence of 
personalized medicine and targeted treatment, the requirement of quantitative image 
analysis has risen along with the increasing availability of medical data. Radiomics ad-
dresses this issue, and refers to the high throughput extraction of a large number of quan-
titative and mineable imaging features, assuming that these features convey prognostic 
and predictive information [3,4]. It focuses on optimizing quantitative imaging feature ex-
traction through computational approaches and developing decision support systems, to 
accurately estimate patient risk and improve individualized treatment selection and moni-
toring. 

Quantitative imaging features, extracted from medical images, are being extensive-
ly 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 fea-
tures 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 underlying correlation be-
tween gene expression profiles and radiographic imaging phenotype [11,12]. This kind of 
radiogenomic analysis has raised the utility of medical image descriptors in clinical oncolo-
gy by projecting them as potential predictive biomarkers [13,14]. 

To ensure the reliability of quantitative imaging features, accurate and robust tu-
mor 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 delineation 
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 delinea-
tion uncertainty, compared to manual segmentation [17]. During the evaluation of quanti-
tative imaging features as prognostic or predictive factors, it is essential to determine their 
variability with respect to the tumor delineation process. We hypothesize that quantita-
tive imaging features extracted from semi-automatically segmented tumors have lower 
variability and are more robust compared to features extracted from manual tumor delin-
eations. 
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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 ex-
tracted 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 publicly available and 
easily accessible by download, it can have a large application in Radiomics to extract ro-
bust quantitative image features, and be employed for high-throughput data mining re-
search 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 previ-
ously 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 received a di-
agnostic whole body positron emission tomography (PET)-computed tomography (CT) 
scan (Biograph, SOMATOM Sensation 16 with an ECAT ACCEL PET scanner; Siemens, Er-
langen, 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 physiolog-
ic 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 ob-
tained in 5-min bed positions. The complete data set was then reconstructed iteratively 
with a reconstruction increment of 5 mm. This study was approved 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 strate-
gy. 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 ap-
proach and is considered to provide good accuracy and speed for both the 2D and 3D im-
age 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 labels all the remaining pixels 
in the ROI using the user-given pixel labels. Pixel labeling is done using a weighted similari-
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ty 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 con-
verges when all the pixels in the ROI have unchanged 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 back-
ground 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 combined CT 
and PET information along the axial plane. The physicians were given transversal, coronal, 
sagittal and 3D views simultaneously. A treatment planning system (XiO; Computer Medi-
cal 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 Re-
search)[26], extended with in-house developed Radiomics image analysis software to ex-
tract 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 Sup-
plement 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 his-
togram of voxel intensity values contained within the volume of interest (VOI). Geometric 
features were calculated, describing the three-dimensional shape and size of the lesions. 
Textural features describing patterns or spatial distribution of voxel intensities, were cal-
culated from gray level co-occurrence (GLCM) [27] and gray level run-length (GLRLM) ma-
trices respectively [28]. Determining texture matrix representations requires 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 were determined consid-
ering 26-connected voxels (i.e. voxels were considered to be neighbors in all 13 directions 



Chapter 9  144 

in three dimensions), and a distance of one voxel between consecutive voxels was set for 
computing co-occurrence and gray level run-length matrices. Features derived from co-
occurrence and gray level run-length matrices were calculated by averaging their value 
over all 13 considered directions in three dimensions. Overall, the extracted imaging fea-
tures 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 re-
producibility. 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 seg-
mentations, variance estimates were obtained from two-way mixed effect model of analy-
sis 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 vari-
ance (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 variance, 

 = mean square error,  = mean square for columns,  = number of observers in-
volved 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 consid-
ered to be significantly different when the p-value was lower than 0.05. All data are ex-
pressed 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 quantitative 
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 
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three independent observers twice using 3D-Slicer, and compared them to manual deline-
ations by five independent radiation oncologists. 
 

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 radi-
omics features quantifying tumor intensity, texture and shape were extracted from these segmentations. C: 
Third, the resulting feature matrices were compared for robustness of the feature values.  

 
Since two 3D-Slicer segmentations from each of the three observers were considered 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 fea-
tures extracted from 3D-Slicer segmentations, had significantly higher reproducibility (avg. 
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of two 3D-Slicer segmentation sets ICC = 0.85 ± 0.15) as compared to the features extract-
ed from the manual segmentations (ICC = 0.77 ± 0.17) (p = 0.0009, Fig. 2).  
 

Figure 2 
Feature wise comparison of Intra-class correlation coefficients (ICC) between manual and 3D-Slicer segmenta-
tions. A: First order statistics features. B: Shape based features. C Textural features. 
 
Overall 38 out of the 56 features (68%) showed higher ICC values for 3D-Slicer segmenta-
tions as compared to the manual ones. ICC values for all the assessed features are report-
ed in Supplement II (online). To evaluate the robustness against multiple algorithmic ini-
tializations 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 corre-
sponding 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 segmen-
tations (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 semiautomatic (avg. 
inter-observer ICC= 0.75 ± 0.31) groups. Fourteen out of 15 statistical features (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 3 
Box-plot comparing intra- and inter-observer reproducibility (ICC) of radiomics features. High inter- and intra- ob-
server reproducibility (ICC) was observed for 3D-Slicer segmentations compared to the inter-observer reproducibil-
ity (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. 
 
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 (Supplement 
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 semiauto-
matic segmentations, 70% features had high, 25% had medium, and 5% had low reproduc-
ibility. Therefore, reproducibility of the features was, in general, higher for 3D-Slicer seg-
mentations.  

Furthermore, it becomes important to determine whether the features extracted 
from semiautomatic segmentations capture the same tumor image properties as with 
manual delineations. Therefore, we compared the normalized range for all features be-
tween these two segmentation groups (Fig. 4). We normalized every feature value with 
respect to all 11 (5 manual + 6 3D-Slicer) segmentations, using Z-score normalization. We 



Chapter 9  148 

observed that the features extracted from 3D-Slicer based segmentations, spread over 
significantly smaller range across observers as compared to those of the manual delinea-
tions (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 sid-
ed Wilcoxon test p = 0.007, p = 5.863e-06 ). This corroborates that the feature set, ex-
tracted from both the semiautomatic and manual strategies, correspond to similar tumor 
image characteristics, with the features from 3D-Slicer having less variability across ob-
servers. 

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

DISCUSSION 

Medical imaging is considered as one of the fundamental building blocks of clinical oncol-
ogy. 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 carcinoma [11]. In a similar 
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study, image descriptors, extracted from contrast enhanced MRI images of glioblastoma 
patients, predicted immunohistochemical identified protein expression patterns [12,18]. 
Recent computational approaches for image quantification, such as Radiomics, hypothe-
size that image descriptors extracted from tumor regions are associated with the  risk of 
adverse events after treatment and could provide improved prognostic information for 
patient management [3,4]. 
    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 semi-
automatic segmentation strategies, as compared to manual delineation can improve tu-
mor segmentation by reducing uncertainty as well as time [15,17,19]. These studies fo-
cused on tumor volumes while comparing semiautomatic and manual segmentation 
methods. However, tumor segmentation should also be evaluated in terms of the reliabil-
ity of radiomics features derived from the volume of interest (VOI).  
 In this study, we investigated 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 reproducible radiomics features (p = 0.0009). We also analyzed different 
feature groups for their reproducibility, and observed that the difference in ICC, for inten-
sity statistics and textural features, was statistically significant (p= 0.0006, p= 0.0094, re-
spectively) 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 semiautomatic 
segmentations. Three independent observers segmented each tumor twice, with different 
algorithmic initialization. Image descriptors demonstrated high intra-observer reproduci-
bility 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.  Further reduction of inter-observer variability 
could be achieved by improving the semiautomatic segmentation strategy, i.e., by reduc-
ing observer interaction. Fully automatic methods requiring minimum user interaction, 
that may solve the complex problem of accurately defining the tumor boundaries, particu-
larly 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. Furthermore, 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 inter-
val, 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 dif-
ferent imaging machines for identifying high quality multi-machine robust radiomics fea-
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tures [21]. In both these studies, since the NSCLC tumors were segmented by a single ob-
server (by using a semiautomatic segmentation), the inter-observer reproducibility 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 quan-
tified the radiomics PET-based features for manual delineation stability, they did not com-
pare 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 im-
portant biomarkers and play a vital role in high throughput data-mining research like Ra-
diomics. Besides segmentation methods, other sources of variation should also be consid-
ered 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 acquisi-
tion, reconstruction and delineation protocols are typically standardized in the clinical 
practice, there still exists significant variation between imaging studies. Standardized pro-
tocols using semiautomatic segmentation tools are also 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 al-
ternative 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 clinical oncolo-
gy. 
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ABSTRACT  

Human cancers exhibit strong phenotypic differences that can be visualized noninvasively 
by medical imaging. Radiomics refers to the comprehensive quantification of tumour phe-
notypes 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 analysis reveals that a prognostic radi-
omic 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 cancer. This may have a clinical impact 
as imaging is routinely used in clinical practice, providing an unprecedented opportunity 
to improve decision-support in cancer treatment at low cost. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 



Radiomics: Decoding the tumor phenotype by non-invasive imaging 

155 

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 of-
ten 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 in-
vasive 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 poten-
tial to guide therapy because it can provide a more comprehensive view of the entire tu-
mor 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 contrary of genomics or pro-
teomics, 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 tex-
ture, 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, re-
spectively)5. While a change in tumor size can indicate response to therapy, it often does 
not predict overall or progression free survival6,7. Although some investigations have char-
acterized the appearance of a tumor on CT images, these characteristics are typically de-
scribed subjectively and qualitative (“moderate heterogeneity”, “highly spiculated”, “large 
necrotic core”). However, recent advances in image acquisition, standardization, and im-
age analysis, allow for objective and precise quantitative imaging descriptors that could 
potentially be used as non-invasive prognostic or predictive 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 dis-
tinct phenotypic differences of tumours and may have prognostic power and thus clinical 
significance across different diseases. Here we assess the clinical relevance of 440 radio-
mic features, many of which currently have no known clinical significance, in seven inde-
pendent 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 prog-
nostic value of radiomic features on lung cancer patients and head-and-neck cancer pa-
tients, and one data set for association with gene-expression profiles of lung cancer pa-
tients (Fig. 2). Our results reveal that radiomics data contain strong prognostic information 
in both lung and head-and-neck cancer patients, and are associated with the underlying 
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gene-expression patterns. These results suggest that radiomics decodes a general prog-
nostic phenotype existing in multiple cancer types. Radiomics can have a large clinical im-
pact, as imaging is used in routine practice worldwide, providing a method that can quan-
tify and monitor phenotypic changes during treatment. 
 

 
Figure 1 
Extracting 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 characteris-
tics 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 cluster-
ing 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 radiomic 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 fea-
ture 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 represen-
tation 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 da-
taset, where five oncologists delineated lesions on CT scans from 21 patients11, 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 delin-
eation 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 re-
test 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 sup-
ports 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 validation 
the Lung2, H&N1, H&N2 datasets (Fig.2). The radiomic features were not normalized on 
any dataset, and only the raw values were used that were directly computed from the DI-
COM 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 expres-
sion patterns. (b) Clinical patient parameters for showing significant association of the radiomic expression 
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 Ex-
tended Data Figure 2 we show Kaplan-Meier survival curves for four representative fea-
tures. 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. 
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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 
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 work-
flow 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 hazards regres-
sion 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 Compactness” 
(Feature 2.2) quantifying how compact the tumor shape is, III) “Gray Level Nonuniformity” 
(Feature 3.25) a measure for intra-tumor heterogeneity, and IV) Wavelet “Gray Level 
Nonuniformity HLH” (Feature Group4), also describing intra-tumor heterogeneity 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 sig-
nature performed significantly better, suggesting that radiomic features contain relevant, 
complementary information for prognosis (Extended Data Table 1). Furthermore, combin-
ing 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. Importantly, 
combining the radiomic signature with TNM staging showed a significant improvement 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 perfor-
mance 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 da-
tasets. (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 fea-
tures are indicated with an asterisk. The corresponding normalized enrichment scores (NES), GSEA's pri-
mary statistic, for all radiomic signature features is displayed in a heat-map, where light blue means low, 
and dark blue means high NES. 
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Human papillomavirus (HPV) is an important determinant in head and neck cancer 
patients, especially those with oropharyngeal carcinoma for prognosis and may guide fu-
ture treatment selection. We did not find a significant association between radiomic sig-
nature 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 preserved 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 Radiomics to HPV 
screening. 
To assess the association between the radiomic signature and the underlying biology, we 
compared the radiomic signature with gene-expression profiles (Lung3 dataset, Fig.2) us-
ing gene-set enrichments analysis (GSEA)1,14. We found significant associations between 
the signature features and gene-expression patterns (Fig.4b). Further, the radiomic fea-
tures are significantly associated with different biologic gene-sets, demonstrating that ra-
diomic 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. Re-
cent advances in medical imaging acquisition and analysis, allow the high-throughput ex-
traction of informative imaging features to quantify the differences that oncologic tissues 
exhibit in medical imaging.    

Radiomics applies advanced computational methodologies to medical imaging da-
ta, to convert medical images into quantitative descriptors of oncologic tissues8. 
In this study, we analyzed 440 radiomic features quantifying tumor phenotypic differences 
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 computed tomog-
raphy 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 repro-
ducibility were also the most informative features, which indicates the power of integrat-
ing independent datasets for radiomic feature selection and model building.  
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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 radiomics 
signature (containing 4 radiomic features) was validated in data of 545 patients in inde-
pendent validation datasets (Figure 2 and Extended Data Figure 3). The four features 
were selected based on feature stability and prognostic performance in the discovery da-
taset 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 heterogeneity is 
exhibited on different spatial scales, for example at the radiological, macroscopic, cellular, 
and the molecular (genetics) level. Radiological tumor phenotype characteristics may thus 
be useful to investigate the underlying evolving biology. It is known that multiple sub-
clonal populations co-exist within tumors, reflecting extensive intra-tumoral “somatic evo-
lution”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. Radiomics circumvents this 
by assessing the comprehensive 3D tumor bulk. The study presented here probes hetero-
geneity and demonstrates corresponding clinical importance in two cancer types. Fur-
thermore, we demonstrated association of intra-tumor heterogeneity 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 ac-
quired 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 identifies a general 
prognostic tumor phenotype.  

Our method provides a non-invasive (and therefore with no risk of infection or 
complications that accompany tissue biopsies), fast, low cost, and repeatable way of in-
vestigating phenotypic information, potentially speeding up the development of personal-
ized medicine. Furthermore, we show that the radiomic signature is significantly associat-
ed with the underlying gene-expression patterns, suggesting that inter-patient differences 
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 com-
plementary performance of Radiomic features with TNM staging for prediction of out-
come, 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 
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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-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 ap-
plied to other cancer types. Similar observations have been made in gene-expression stud-
ies 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 methodologies 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 diag-
nosis, 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 inde-
pendent validation cohorts of patients. The most important message in our manuscript is 
that there is prognostic and biologic information enclosed in routinely acquired CT imag-
ing 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 prog-
nostic power in these independent datasets generated in daily clinical practice. Further-
more, 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 imaging bi-
omarker alliance (QIBA), investigates future directions, by performing phantom studies 
and discussing with vendor’s open and standardized protocols for image acquisition 2,3. 
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Due to the large availability of non-invasive imaging performed routinely in a large num-
ber 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 independent, though this 
should be studied further, and can potentially be applied to other image modalities, such 
as magnetic resonance imaging (MRI), or positron emission tomography (PET). This ap-
proach can have a large impact as imaging is routinely used in clinical practice, worldwide, 
in all stages of diagnoses and treatment, providing an unprecedented opportunity to im-
prove 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 characteris-
tics 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 het-
erogeneity 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 tu-
mor 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 oncolo-
gists11. We used this dataset to assess stability of the features for delineation in-
accuracies. 

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

 Lung 2: This datasets consists of 225 NSCLC patients that were treated at Rad-
boud 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 signa-
ture in an independent NSCLC cohort. 

 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 signa-
ture in HNSCC patients. 

 H&N2: This dataset consists of 95 HNSCC patients treated at the VU Univeristy 
Medical Center Amsterdam, The Netherlands. For these patients CT-scans, man-
ual delineations, 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 deline-
ations and gene expression profiles were available. We used this dataset to asso-
ciate 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 stability 
determined in both test-retest and inter-observer setting. The RIDER and Multiple Deline-
ation 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 stabil-
ity 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 De-
lineation 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. 
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All 440 radiomic features were extracted for the Lung1, Lung2, H&N1, and H&N2 datasets. 
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 val-
idation, 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 test for sig-
nificant difference between the two survival curves. P-values were corrected for multiple 
testing using by controlling the false discovery rate (FDR) of 10%, the expected 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 performance 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 fea-
tures into a multivariate Cox proportional hazards regression model for prediction surviv-
al. 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 as-
sessed 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 calculated 
the CI of the radiomics signature based on 100 random selected samples with correct out-
come 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 significance, be-
tween 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 pa-
rameter 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 normal-
ized 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 correlation 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 ver-
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sion of Gene Set Enrichment Analysis (GSEA)14 on the C5 collection of MSigDB28, which 
contains gene sets associated with specific GO terms. We only regarded gene sets of size 
15 to 500. Local false-discovery-rates were calculated on the normalized 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 significantly enriched (FDR <= 
20%) for at least one of four radiomic features (indicated by an asterisk). The correspond-
ing 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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General discussion and future perspectives 
GENERAL DISCUSSION 

In the past decade, it has become increasingly clear that cancer is a very complex and het-
erogeneous genetic disease, where patients with the same diagnosis respond differently 
to a specific treatment. Large efforts have been oriented towards the development of tai-
lored treatments that can incorporate patient specific characteristics and therefore im-
prove the therapeutic ratio.  
Similarly, technological advances led to the development of an ever increasing number of 
ways to characterize cancer, for example, with non-invasive imaging, or invasively with 
blood samples and tissue biopsies from which a number of molecular quantities can be 
measured, individually (e.g. with quantitative polymerase chain reaction) or simultaneous-
ly in hundreds, thousands (i.e. microarrays, imaging) and more recently, in millions of mo-
lecular entities (DNA sequencing). As a result, the abundance of treatment options and 
patient specific characteristics, has brought the challenge of Big Data into health care.1 

It is becoming increasingly clear that cancer and biomedical research are being 
transformed into computational sciences, where the discovery of evidence largely de-
pends on our ability to collect, analyse and interpret large amounts of biomedical data. 
There is a growing consensus about the need for new quantitative methods to address the 
complexities associated with the explosion of medical data.  
In radiation oncology, the development of decision support systems, currently focuses on 
the use of machine learning and statistical methods to derive prognostic and predictive 
models of outcome.2-7 Indeed, a large body of literature describes a number of prognostic 
and predictive models of outcome, based on factors related to the disease and treatment, 
however, a clear methodology for the assessment of their robustness, accuracy and use-
fulness is still underway.4,8 

In the second chapter of this thesis, we discussed the existent prognostic and pre-
dictive models in radiation oncology, enumerating the main predictive factors and their 
challenges in relation to the different data sources, i.e., clinical, treatment (both investi-
gated in Part 1), imaging and molecular factors (investigated in Part 2). 
The work presented in this thesis showed that multivariate prognostic models can help 
medical professionals to determine patient’s prognosis more accurately. The use of multi-
variate models based on clinical patient characteristics and in advanced imaging traits 
yield better predictions than the traditional staging system TNM and can be validated in 
external patient cohorts. These models can also be presented in graphical easy-to-use in-
terfaces that facilitate their interpretation and use. However, although this thesis presents 
the basis of decision support systems in radiation oncology, particularly in lung and head 
and neck cancer, there are several challenges that must be addressed before these models 
can be used in radiation oncology practice in a daily basis. Nevertheless, we believe that 
the integration of validated decision support systems in radiation oncology is inevitable, 
and will stimulate advances in shared decision making.  
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Decision support systems in Radiation Oncology     

The focus of Chapter 2 was to define the methodological basis for the development of 
decision support systems, as well as to draw the steps required to facilitate their use and 
integration in the clinical settings.  

Shared decision making is crucial because any decision made with respect to the 
patient’s treatment, implies identifying the right balance between the benefits and harms. 
Thus, we proposed that a DSS should ideally simultaneously predict local control, survival, 
toxicity, quality of life and cost. Currently, most predictive models are able to predict only 
one of these aspects at the time. 

This is simply, because the models are not trained in large enough datasets that in-
clude all outcomes of interest and large sub-groups of patients with different treatments.  
Current prediction models also suffer from uncertainty due to missing data, uncertainty in 
the studied variables of interest, size and quality of the datasets and intrinsic patient het-
erogeneity. One should bear in mind that analyses in retrospective cohorts have the ad-
vantages of including larger unselected patient cohorts, but with the expense of lower 
data quality and likely more missing data, as opposed to high quality data from controlled 
clinical trials.  

These sources of uncertainty should be incorporated when providing an individual-
ized prediction for a specific patient. A confidence interval should be always provided 
when making individualized predictions. However, this is itself a matter of debate as one 
could ask whether makes sense to indicate an area of uncertainty in an already uncertain 
prediction. Still, a confidence interval should always accompany a model prediction, to 
facilitate its interpretation as well as to discern whether its predictions provide meaningful 
and statistically sound differences in clinical outcomes.9-11    

Furthermore, the current stage of decision support systems relies on the analysis of 
single features, or combinations of features from a single data source. It is expected that 
the combination of multimodal variables into multivariate models, will provide a more 
comprehensive view of the patient’s response to treatment and will increase its ability to 
accurately predict the patient’s response.12,13     

Altogether, this emphasizes the need for standardized, systematic, multimodal data 
collection and storage in the routine clinical practice, as has been recently proposed.14 
Systematic medical data collection and storage or the addition of new parameters to ex-
istent predictive models, will not per se increase prediction accuracy, but it will facilitate 
the continuous learning in larger and more diverse patient datasets, which in turn, could 
improve prediction accuracy.   

This is supported by rapid learning,1,15 a concept that allows knowledge extraction 
from retrospective data, its constant update with new datasets or data sources, that in-
corporate the up to date medical evidence and knowledge, to eventually adapt treatment 
protocols accordingly and provide personalized decision support.  
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Large multicentre efforts have been started in this direction, for instance, the Computer-
Aided Theragnostics network,16 GENEPI,17 the Radiogenomics Consortium,18 ALLEGRO,19 
ULICE20 and the Cancer Genome Atlas,21 are examples of international initiatives to sys-
tematically collect data and tissue of routine oncology patients. These initiatives will allow 
the external validation of predictive models and facilitate research reproducibility and the 
evaluation of new hypotheses.22 Furthermore, efforts on data quality assurance pro-
grammes, semantic standardization and secure data transfer have been initiated.23 In con-
clusion, despite the many current challenges on the development of validated decision 
support systems, numerous steps have been started to incorporate health information 
systems in the routine clinical care, which we believe, will improve the efficiency and effi-
cacy of cancer care.  

PROGNOSTIC MODELS BASED ON CLINICAL PREDICTORS  

Prediction of residual metabolic activity in NSCLC 

Residual metabolic activity within the primary tumor after treatment, has been proposed 
as a surrogate for survival in NSCLC patients. Indeed, several studies have shown that pa-
tients with residual metabolic active areas after treatment, have considerably poorer 
prognosis compared to patients without.24,25 In Chapter 3, we studied the relationship of 
clinical, demographic and tumor characteristics, with metabolic response in NSCLC pa-
tients.  

Our results showed that the assessment of tumor metabolic activity on a post-
treatment FDG-PET-CT scan is a useful tool to determine persistent disease and showed 
that residual disease is a validated surrogate for survival.  

The proposed multivariate model yielded a relatively high prediction accuracy (AUC 
of 0.71; 95% CI, 0.65-0.76), however the lack of validation in an external cohort is a clear 
limitation to this study. Additionally, we were not able to analyze potential prognostic var-
iables such as molecular markers or imaging surrogates [33-35] that may improve the abil-
ity of the presented model to predict the post- treatment failure. 

Other studies from our group have investigated if the location of metabolic-active 
areas after treatment are the most radio-resistant areas, and whether they can be identi-
fied before treatment starts using a PET-CT scan.26 They have shown that high uptake are-
as before treatment largely co-localize with the residual active areas after treatment. They 
also hypothesize that these recurrent areas are an indication of treatment resistance. The 
prognostic model proposed in Chapter 3, could be coupled with the pre-treatment identi-
fication of areas with high metabolic activity, and therefore, provide an assessment of a 
patient chances of residual disease as well as its location, which could provide a stronger 
indication for dose escalation by dose painting,27 in patients with high risk of residual dis-
ease.  
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In Chapter 3, we confirmed that by using an FDG-PET-CT scan, patients who do not re-
spond to radiotherapy can be identified early in the course of their treatment, and the 
proposed prognostic model could assist clinicians in deciding whether a patient with pre-
dicted residual disease is a candidate for dose escalation in a clinical trial. However further 
validation is warranted.  

Prognostic nomograms in head and neck cancer  

To elucidate the influence of clinical, patient and tumor characteristics on outcome of pa-
tients with laryngeal carcinoma, in Chapter 4, we investigated and developed a prognostic 
nomogram for survival and local control. This nomogram, developed in a large cohort of 
unselected laryngeal cancer patients, and validated in four external datasets, was able to 
provide individualized predictions of outcome and furthermore, was able to assign pa-
tients to clearly distinct risk groups.  

An important step to show the usefulness of prognostic nomograms such as the 
one presented in Chapter 4, is to show, as was the case here that the prognostic nomo-
grams perform better than models based on TNM.  

A limitation of this study, due to its retrospective nature, which again highlights the 
importance of systematic data collection for rapid learning, was the lack of co-morbidity 
data in these patients. It is known that co-morbidity in laryngeal carcinoma patients is high 
and influences overall survival more than the cancer itself. In future studies, co-morbidity 
should be investigated as prognostic factor.   
This limitation also goes along the lines that a prognostic model solely based on clinical 
features is too limited to allow predictions with high accuracy and to allow clinical decision 
making. A prospective multicentre trial with systematic collection of tissue, imaging stud-
ies, clinical data as well as normal tissue reactions, would allow the incorporation of bio-
logic and imaging prognostic factors into the baseline clinical nomograms, and would facil-
itate validation and extension of the current results.  
Nevertheless, the ability of the presented nomogram to stratify patients into clearly dis-
tinct risk groups, could already potentially be used to customize more aggressive strate-
gies for patients with high risk of relapse.  

Furthermore, ongoing international efforts have been made to validate the pre-
sented nomogram in RTOG dataset of laryngeal carcinoma patients that compared con-
current chemotherapy and radiotherapy for organ preservation in advanced larynx can-
cer.28 If the presented nomogram validates also in the RTOG-9111 dataset, we could have 
an argument in favour that learning on retrospective datasets, despite the inherent issues 
on data quality, is useful and the derived knowledge can be applied to datasets coming 
from controlled clinical trials.  
 
In Chapter 5, a similar study was carried out to identify the most important determinants 
of treatment outcome in patients with oropharyngeal carcinoma.  
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The combination of the most important prognostic factors in a multivariate model, includ-
ing HPV status, comorbidity and smoking, known important prognostic factors in this pa-
tient population, yielded high predictive performances, for overall survival and progres-
sion free survival.  

Once again, the combination of individual important predictors in multivariate 
models, generated significantly better predictions than using TNM or HPV alone. The 95% 
CI of the model predictions were significantly better than those obtained with TNM alone 
or, for example, HPV status alone, which underlines the importance of multifactorial pre-
diction models. 

Similar to other studies29 we observed that overall survival and progression-free 
survival were significantly better for patients with an HPV-positive OPSCC compared to 
patients with an HPV-negative OPSCC with the 5-year overall survival rates of 82 % in the 
HPV-positive group and 39% in the HPV-negative group. 

A limitation in our study, inherent to its retrospective nature is the lack of stand-
ardization in which data has been collected over the years. This naturally affects the quali-
ty of data with respect to patient reported smoking and alcohol consumption as well as 
completeness of data regarding comorbidity. Nevertheless, the model predictions were 
validated in an external patient cohort. 

This highlights the increasing need for systematic routine patient care data collec-
tion, warehouse and semantic inter-operable data retrieval systems, to assure improved 
and standardized data retrieval and allow external applicability.30,31  
This model performance is acceptable for clinical support, particularly due to the clear 
distinction in risk groups, in both cohorts; however it is still far from optimal. Combining 
clinical parameters with an important OPSCC biomarker such as HPV, is a first step into 
developing validated decision support systems in head and neck cancer; however we an-
ticipate that adding other features, such as diagnostic and molecular imaging, and other 
important biomarkers such as EGFR or CAIX will increase the model accuracy.32 
Finally, we consider that is important to disseminate and to facilitate the use of prediction 
models. Therefore, the published prognostic models, are made available on the 
www.predictcancer.org website, along with published prognostic models in other cancer 
sites.3,5,33 In this way, radiation oncologists, everywhere, can enter data of new patients 
and obtain an online calculation of probability of outcome and risk group stratification. 
Naturally, treatment decisions cannot be solely based on the predictions of these models, 
and therefore, they are intended as supportive information. Sufficient information on the 
model development, required input data and interpretation is provided in the 
www.predictcancer.org website, to enable the correct interpretation of the model’s pre-
dictions.  
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Radiomics: advanced feature extraction from medical images 

In Part 1 of this thesis, we anticipated that the combination of multimodal prognostic fac-
tors in multivariate models will improve the prognostic and predictive information as 
compared to factors from individual sources. In Part 2 of this thesis, we presented the Ra-
diomics concept. The central hypothesis of the Radiomics approach, is that more infor-
mation of what is currently used, can be quantified from conventional medical images 
through the application of advanced image analysis algorithms.  

We hypothesized that quantitative parameters extracted from routine medical im-
ages convey prognostic information and capture underlying genomic and proteomic pat-
terns at the imaging level.  

Although the analysis of medical images is not novel, since a large body of litera-
ture exists, for instance in computer-aided diagnosis; however CAD has focused mainly on 
the detection of small nodules in e.g. mammograms, or the differential diagnosis between 
malignant and benign nodules.34,35 Nevertheless, CAD literature already describes a large 
number of quantitative imaging features.  
The novel idea in the Radiomics approach is to define the methodological workflow that 
starts with the acquisition of a high quality scan, the robust definition of the target of in-
terest, the high-throughput quantification of imaging traits and finally the association of 
the most informative imaging traits with treatment outcomes or biologic data.  

Chapter 6, provides an overview of the existent work on CT, MR and PET images, 
quantifying imaging patterns and associating them with treatment outcome in ovarian, 
esophagus, cervix and head and neck cancer.36-38    
Pioneering work on radiogenomics, a field that associates imaging features with gene ex-
pression patterns, has demonstrated that major differences in gene expression patterns 
within a tumor are correlated with qualitative radiographic findings in hepatocellular car-
cinoma and glioblastoma multiforme.39   
The discussed literature in Chapter 6, opens the question whether moving radiological 
sciences to a computational science with the high-throughput extraction of quantitative 
imaging features on routine imaging improves the ability of currently used imaging pa-
rameters to predict or monitor response to treatment.  
Multicenter efforts have been initiated to address and mitigate the different sources of 
noise in the Radiomics workflow,40,41 as well as to confirm experimentally the Radiomics 
hypothesis, that is, to establish a causal relationship between gene expression patterns 
and imaging features.42 

The work presented in this dissertation, provides the initial basis of Radiomics ap-
plied to radiation oncology. In Chapters 7 and 8 we evaluated algorithms to robustly seg-
ment lung tumors in CT images.  
A step further, in Chapter 9, we compared quantitative imaging features extracted from 
CT images using semiautomatic segmentation with features extracted from manual tumor 
delineations. Our results show that semiautomatically segmented tumor volumes provide 
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a better alternative to the manual delineation process, as they are more robust for quanti-
tative image feature extraction. 

In Chapter 10, to our knowledge, the largest integrated Radiomics analysis is pre-
sented, quantifying phenotypic differences in CT images of more than 1000 patients with 
lung or head and neck cancer. 

Semi-automatic lung tumor segmentation  

In Chapter 7 and 8 of this work, we evaluated semi-automatic methods to segment lung 
tumors in NSCLC patients. Both methods were compared against manual delineations of 
multiple radiation oncologists, and against the largest diameter measured on the resected 
tumor, considered the ground truth.  

It has been widely documented that human interpretation of visual imaging infor-
mation remains as the largest source of variability for target definition. Especially for lung 
cancer, high intra and inter observer variability has been observed for target defini-
tion.43,44  

We believe that the algorithms evaluated here have clinical value since both pro-
vided segmentations statistically equivalent to those delineated by the clinical experts and 
also agreed largely with the pathological tumor dimensions. Furthermore, they also re-
duced drastically the delineation time as compared to manual delineations.  

The algorithm evaluated in Chapter 8 presents an additional advantage as it is open 
source, and freely available with download, and thus, accessible to a wider community.  
A step further in the analysis, in Chapter 8, we demonstrated that semi-automatic seg-
mentation showed significantly lower volume variability and smaller uncertainty areas, as 
compared to the CT/PET manual delineations. Both algorithms showed robustness to-
wards user initialization, however it became apparent that the human factor is not fully 
negligible and human interaction is still the largest source of variation, even with the aid 
of semi-automatic contouring tools. Future studies should be oriented towards minimizing 
human interaction in the delineation process. Nevertheless, a medical expert should su-
pervise auto-segmentation algorithms in all cases.  

It is important to acknowledge that in future studies, 4D CT scans should be em-
ployed to diminish the blurring effects produced by tumor motion. We also anticipate the 
continuing efforts in this field will be on the development of segmentation algorithms that 
combine CT and PET information, although not all centers are equipped with PET scan-
ners.   

The results presented in Chapters 7 and 8, provide sufficient evidence allow the 
use of these methods 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 considerable time consuming bottleneck.  



General discussion and future perspectives 

177 

Radiomics features and volumetric segmentation  

Accurate tumor delineation is also essential to ensure the reliability of quantitative imag-
ing features. If imaging features were to be used as prognostic or predictive factors, it is 
essential to determine their variability with respect to the tumor delineation process.   

In Chapter 9, we followed the results obtained in Chapter 7 and 8, and evaluated 
whether quantitative imaging features extracted from CT images using semiautomatic 
tumor segmentation are more robust than those extracted from manual tumor delinea-
tions. Radiomics features extracted from 3D-Slicer segmentations had significantly higher 
reproducibility compared to the features extracted from the manual segmentations. Fur-
thermore, we found that features extracted from 3D-Slicer segmentations were more ro-
bust, as the range was significantly smaller across observers, and overlapping with the 
feature ranges extracted from manual contouring.  

These results show that 3D-Slicer segmented tumor volumes provide a better al-
ternative to the manual delineation process, as they are more robust for quantitative im-
age feature extraction.  

A limitation in this study was not being able to associate these image descriptors 
with patient outcome due to cohort size and unavailability of clinical data, to investigate 
the hypothesis that more robust features have a stronger association with patient out-
come. This hypothesis is evaluated however in Chapter 10, the first radiomics analysis in 
over 1000 patients with several independent validation datasets.  

Radiomics: decoding the tumor phenotype by non-invasive imaging  

Medical imaging is one of the major disciplines that have informed medical science and 
treatment. However, although medical images of tumors exhibit strong phenotypic differ-
ences between patients, only simple one dimensional descriptors of size or uptake as in 
the case of PET imaging, are currently used.  
In Chapter 10, we explored 440 radiomic features in 1019 cancer patients demonstrating 
that quantitative imaging biomarkers have strong prognostic performance in large inde-
pendent cohorts of lung and head and neck cancer, and are associated with the underlying 
gene expression patterns. We also showed that the features with a highest reproducibility 
against manual delineation and test-retest, have the strongest prognostic value.  

Overall, the results presented in Chapter 10, indicate that Radiomic features de-
code a prognostic phenotype that could be translated from lung to head and neck cancer, 
which may also generalize to other tumor types. These results indicate that radiomics 
quantifies a general prognostic cancer phenotype that likely can broadly be applied to 
other cancer types. 

Furthermore, we showed the complementary and improved performance of Radi-
omic 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. 
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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 30% - 35% of NSCLC patients will receive primary treatment with radiotherapy either 
alone or combined with chemotherapy. Therefore, it is widely known that the TNM stag-
ing system is inadequate for risk stratification of this group of patients, in particular to 
make the decision between curative treatment (concomitant radio-chemotherapy) or pal-
liative treatment especially in elderly patients, a growing issue in western countries. Our 
results show that the radiomics signature is performing better in independent cohorts 
then the TNM classification. In future clinical trials this inexpensive method can be used as 
well for pretreatment risk stratification (e.g. high, low risk).  

It is expected that Radiomics will have an impact in personalized medicine, as it 
provides complementary phenotypic information compared to genomic information.  
In comparison to biopsy based genomic assays, non-invasive imaging and radiomics de-
scribe the phenotype of the entire tumor, and provide complementary information to bi-
opsy-based assays that probe only small portions of tumor tissue, and do not allow for a 
complete characterization of the tumor. Furthermore, acquiring a radiomics signature is 
non-invasive and adds no additional costs for the clinical application of our methods, as 
opposed to genomics or proteomics, which are still challenging to implement into clinical 
routine, due to the high costs and invasiveness, especially in lung cancer. 
Finally, due to the large application of non-invasive imaging in cancer patients in almost all 
hospitals worldwide, the results of this work will stimulate the development of image-
based biomarkers and their evaluation in retrospective and prospective studies.41,45,46 

FUTURE PERSPECTIVES  

The key factor in the future development of decision support systems is standardization. 
Standardization of data through the application of protocols and semantic-interoperability 
through different centers; and the creation of a framework for reproducible data sharing, 
research and predictions. Locally this can be started with centralizing and making trans-
parent all data and methodologies employed in the development of prognostic or predic-
tive models. This also will allow the re-use of data for validation purposes or for the analy-
sis of new hypothesis.30  

Across centers, several initiatives have been initiated for the systematic collection 
of patient information of various data types.16,20,21 These efforts will allow external valida-
tion of predictive algorithms and facilitate research reproducibility and the evaluation of 
new research questions.  
The Computer Aided Theragnostics Network, aims to create a regional infrastructure to 
enable standardized data sharing through the participant medical centers and to apply 
and develop decision support software by the continuous learning in shared databases.16 
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This initiative has rapidly expanded outside the region to centers in the USA, EU, China 
and Australia.  

Infrastructures like euroCAT, will enable a crucial step for quality assurance of data 
collection and standardization, which is the semantic interoperability through different 
centers and the automated storage of patient, tumor and treatment characteristics. In the 
future, this will tackle all the drawbacks inherent to retrospective data collection and 
analysis. Furthermore, imaging data from centralized imaging repositories in each partici-
pant center, can be decentralized and shared through standardized de-identification, im-
age annotation and storage, which adds imaging as an extra dimension for the develop-
ment of prognostic algorithms. All these efforts can be coupled with the already estab-
lished mechanisms for the standardization of imaging studies.13,47,48  

The results of part 1, particularly the prognostic nomograms for patients with lar-
yngeal and oropharyngeal carcinomas showed that outcome prediction in these patients is 
improved with these prognostic nomograms.  
The outlook for these nomograms will be the addition of other features, such as diagnostic 
and molecular imaging features, or other important biomarkers such as EGFR or CAIX will 
increase the model accuracy. Furthermore, these models should also be validated in other 
external datasets. These models set the basis for incorporating decision support in the 
clinic, to eventually stratify patients according to their estimated risk using a nomogram, 
and their assigned eligibility for different treatment approaches.49 Ongoing trials are eval-
uating treatment de-intensification or escalation based on the patient estimated good or 
poor prognosis i.e. NCT01663259.50,51  

In summary, the outlook on the development of decision support systems relies in 
assessing their clinical usefulness, standardizing the methodologies employed in the mod-
el development, standardizing data collection and annotation and eventually supporting 
the design of clinical trials. These crucial steps are the basis of validated decision support 
systems, which, will stimulate developments in rapid learning and enable advances in 
shared decision making.  

In Part 2, we stated that Radiomics analyses can have a large impact in personal-
ized medicine. This is because it provides complementary information compared to clinical 
and genomic data, and the extensive use of non-invasive imaging in all stages of cancer 
management brings endless possibilities to the evaluation and development of imaging 
biomarkers.  

With Radiomics as well, a key issue is the standardization of imaging acquisition 
protocols and efforts to reduce human error in target definition. In radiation oncology, 
image acquisition has already been largely standardized, however this is not the case for 
diagnostic imaging. Future studies should elucidate the impact of voxel size, acquisition 
parameters, contrast agents and algorithm settings in the extraction of imaging features.   

We expect that with better standardization and protocols, the prognostic power of 
radiomics will even further improve. The Quantitative Imaging Network (QIN) of the NIH 
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investigates future directions, by looking at phantom studies and discussing with vendor’s 
open and standardized protocols for image acquisition.  

It is also crucial to assure transparency in the implementation of feature extraction 
algorithms. Therefore, we have developed a feature extraction pipeline implemented in 
the open source CERR package,52 to facilitate its dissemination and access to the scientific 
community.  

The results presented in Chapter 10, demonstrated that advanced imaging features 
are prognostic for survival in NSCLC and HNSCC and associated with gene expression in 
NSCLC. These results stimulate the evaluation of radiomic analysis in other cancer sites for 
example i.e. rectum, glioblastoma multiforme; the evaluation of other imaging modalities 
such as MR and PET, the investigation of changes in radiomic features during treatment 
and shortly after treatment and eventually the radiomics analysis of normal tissues. The 
possibilities are endless. A crucial step in the validation of imaging biomarkers will be to 
investigate their association with DNA mutation profiles, gene expression profiles and pa-
tient outcomes. These analysis are now possible due to the advances in DNA sequencing, 
however, also bring new methodological challenges to the analysis of these biomedical 
BigData.  

Multicenter efforts have been initiated for the development and evaluation of im-
aging biomarkers, including their pre-clinical and clinical evaluation, and their association 
with underlying biological aspects.41,45,53 

In conclusion, these studies show how the analysis of existent routine clinical and 
imaging data, will facilitate personalized medicine in radiation oncology. 

REFERENCES 

 
1. Abernethy, A.P., et al. Rapid-learning system for cancer care. J Clin Oncol 28, 4268-4274 (2010). 
2. Borst, G.R., et al. Standardised FDG uptake: A prognostic factor for inoperable non-small cell lung cancer. 

European Journal of Cancer 41, 1533-1541 (2005). 
3. Dehing-Oberije, C., et al. Development and external validation of prognostic model for 2-year survival of 

non-small-cell lung cancer patients treated with chemoradiotherapy. Int J Radiat Oncol Biol Phys 74, 355-
362 (2009). 

4. Steyerberg, E.W., et al. Assessing the performance of prediction models: a framework for traditional and 
novel measures. Epidemiology 21, 128-138 (2010). 

5. Valentini, V., et al. Nomograms for predicting local recurrence, distant metastases, and overall survival for 
patients with locally advanced rectal cancer on the basis of European randomized clinical trials. J Clin Oncol 
29, 3163-3172 (2011). 

6. van Stiphout, R.G., et al. Development and external validation of a predictive model for pathological com-
plete response of rectal cancer patients including sequential PET-CT imaging. Radiother Oncol 98, 126-133 
(2011). 

7. Dekker, A., Dehing-Oberije, C., De Ruysscher, D. & al., e. Survival Prediction in Lung Cancer Treated with 
Radiotherapy: Bayesian Networks vs. Support Vector Machines in Handling Missing Data. in IEEE Computer 
Society 494–497 (Los Alamitos, CA, USA, 2009). 



General discussion and future perspectives 

181 

8. Lambin, P., et al. Predicting outcomes in radiation oncology--multifactorial decision support systems. Nat 
Rev Clin Oncol 10, 27-40 (2013). 

9. Iasonos, A., Schrag, D., Raj, G.V. & Panageas, K.S. How to build and interpret a nomogram for cancer 
prognosis. J Clin Oncol 26, 1364-1370 (2008). 

10. Vickers, A.J. Prediction models: revolutionary in principle, but do they do more good than harm? J Clin On-
col 29, 2951-2952 (2011). 

11. Ludbrook, J. Outlying observations and missing values: how should they be handled? Clin Exp Pharmacol 
Physiol 35, 670-678 (2008). 

12. Hudson, T.J., et al. International network of cancer genome projects. Nature 464, 993-998 (2010). 
13. Gillies, R.J., Anderson, A.R., Gatenby, R.A. & Morse, D.L. The biology underlying molecular imaging in onco-

logy: from genome to anatome and back again. Clinical Radiology 65, 517-521 (2010). 
14. Friedman, C. & Rigby, M. Conceptualising and creating a global learning health system. International Jour-

nal of Medical Informatics 82, e63-e71 (2013). 
15.  Ginsburg, G.S., Staples, J. & Abernethy, A.P. Academic medical centers: ripe for rapid-learning personalized 

health care. Sci Transl Med 3, 101cm127 (2011). 
16. http://www.eurocat.info. 
17. De Ruysscher, D., et al. First report on the patient database for the identification of the genetic pathways 

involved in patients over-reacting to radiotherapy: GENEPI-II. Radiother Oncol 97, 36-39 (2010). 
18. West, C., et al. Establishment of a Radiogenomics Consortium. Int J Radiat Oncol Biol Phys 76, 1295-1296 

(2010). 
19. Ottolenghi, A., Smyth, V. & Trott, K.R. The risks to healthy tissues from the use of existing and emerging 

techniques for radiation therapy. Radiat Prot Dosimetry 143, 533-535 (2011). 
20. Kessel, K.A., et al. Connection of European particle therapy centers and generation of a common particle 

database system within the European ULICE-framework. Radiat Oncol 7, 115 (2012). 
21. http://cancergenome.nih.gov/. 
22. Deasy, J.O., et al. Improving normal tissue complication probability models: the need to adopt a "data-

pooling" culture. Int J Radiat Oncol Biol Phys 76, S151-154 (2010). 
23. Digital Agenda for Europe [cited 2012 May 1]. Available from: 

http://ec.europa.eu/information_society/digital-agenda/index_en.htm  
24. Mac Manus, M.P., et al. Metabolic (FDG-PET) response after radical radiotherapy/chemoradiotherapy for 

non-small cell lung cancer correlates with patterns of failure. Lung Cancer 49, 95-108 (2005). 
25. Decoster, L., et al. Complete metabolic tumour response, assessed by 18-fluorodeoxyglucose positron 

emission tomography (18FDG-PET), after induction chemotherapy predicts a favourable outcome in pa-
tients with locally advanced non-small cell lung cancer (NSCLC). Lung Cancer 62, 55-61 (2008). 

26. Aerts, H.J., et al. Identification of residual metabolic-active areas within individual NSCLC tumours using a 
pre-radiotherapy (18)Fluorodeoxyglucose-PET-CT scan. Radiother Oncol 91, 386-392 (2009). 

27. Bentzen, S.M. & Gregoire, V. Molecular Imaging–Based Dose Painting: A Novel Paradigm for Radiation The-
rapy Prescription. Seminars in Radiation Oncology 21, 101-110 (2011). 

28. Forastiere, A.A., et al. Concurrent chemotherapy and radiotherapy for organ preservation in advanced 
laryngeal cancer. The New England journal of medicine 349, 2091-2098 (2003). 

29. Petrelli, F., Sarti, E. & Barni, S. Predictive value of HPV in oropharyngeal carcinoma treated with radiothera-
py: An updated systematic review and meta-analysis of 30 trials. Head Neck (2013). 

30. Lambin, P., et al. 'Rapid Learning health care in oncology' - An approach towards decision support systems 
enabling customised radiotherapy'. Radiother Oncol 109, 159-164 (2013). 

31. Roelofs, E., et al. Benefits of a clinical data warehouse with data mining tools to collect data for a radiothe-
rapy trial. Radiother Oncol 108, 174-179 (2013). 

32. Lassen, P., Overgaard, J. & Eriksen, J.G. Expression of EGFR and HPV-associated p16 in oropharyngeal carci-
noma: Correlation and influence on prognosis after radiotherapy in the randomized DAHANCA 5 and 7 tri-
als. Radiother Oncol (2013). 

33. http://www.predictcancer.org. 



Chapter 11  182 

34. Dehmeshki, J., Amin, H., Valdivieso, M. & Ye, X. Segmentation of pulmonary nodules in thoracic CT scans: a 
region growing approach. IEEE Trans Med Imaging 27, 467-480 (2008). 

35. Armato, S.G., 3rd, Giger, M.L. & MacMahon, H. Automated detection of lung nodules in CT scans: prelimi-
nary results. Med Phys 28, 1552-1561 (2001). 

36. O'Connor, J.P., et al. Enhancing fraction predicts clinical outcome following first-line chemotherapy in pa-
tients with epithelial ovarian carcinoma. Clin Cancer Res 13, 6130-6135 (2007). 

37. Westerterp, M., et al. Esophageal cancer: CT, endoscopic US, and FDG PET for assessment of response to 
neoadjuvant therapy--systematic review. Radiology 236, 841-851 (2005). 

38. Tixier, F., et al. Intratumor heterogeneity characterized by textural features on baseline 18F-FDG PET ima-
ges predicts response to concomitant radiochemotherapy in esophageal cancer. J Nucl Med 52, 369-378 
(2011). 

39. Rutman, A.M. & Kuo, M.D. Radiogenomics: creating a link between molecular diagnostics and diagnostic 
imaging. Eur J Radiol 70, 232-241 (2009). 

40. Kumar, V., et al. Radiomics: the process and the challenges. Magn Reson Imaging 30, 1234-1248. 
41. Buckler, A.J., Bresolin, L., Dunnick, N.R. & Sullivan, D.C. A collaborative enterprise for multi-stakeholder 

participation in the advancement of quantitative imaging. Radiology 258, 906-914 (2011). 
42. Lambin, P., et al. Radiomics: Extracting more information from medical images using advanced feature 

analysis. European Journal of Cancer 48, 441-446 (2012). 
43. Steenbakkers, R.J., et al. Observer variation in target volume delineation of lung cancer related to radiation 

oncologist-computer interaction: a 'Big Brother' evaluation. Radiother Oncol 77, 182-190 (2005). 
44. Greco, C., Rosenzweig, K., Cascini, G.L. & Tamburrini, O. Current status of PET/CT for tumour volume defini-

tion in radiotherapy treatment planning for non-small cell lung cancer (NSCLC). Lung Cancer 57, 125-134 
(2007). 

45. Buckler, A.J., et al. Quantitative imaging test approval and biomarker qualification: interrelated but distinct 
activities. Radiology 259, 875-884 (2011). 

46. Gatenby, R.A., Grove, O. & Gillies, R.J. Quantitative imaging in cancer evolution and ecology. Radiology 269, 
8-15 (2013). 

47. Boellaard, R., et al. FDG PET and PET/CT: EANM procedure guidelines for tumour PET imaging: version 1.0. 
Eur J Nucl Med Mol Imaging 37, 181-200 (2010). 

48. Boellaard, R., et al. The Netherlands protocol for standardisation and quantification of FDG whole body PET 
studies in multi-centre trials. Eur J Nucl Med Mol Imaging 35, 2320-2333 (2008). 

49. O'Sullivan, B., et al. Deintensification candidate subgroups in human papillomavirus-related oropharyngeal 
cancer according to minimal risk of distant metastasis. J Clin Oncol 31, 543-550 (2013). 

50. http://clinicaltrials.gov/. 
51. Ang, K.K., et al. Human papillomavirus and survival of patients with oropharyngeal cancer. N Engl J Med 

363, 24-35 (2010). 
52. Deasy, J.O., Blanco, A.I. & Clark, V.H. CERR: a computational environment for radiotherapy research. Medi-

cal physics 30, 979-985 (2003). 
53. http://www.quic-concept.eu/. 
 

 



 

 

 
 
 
 
 
 
 
 
 
 
 

Summary 
 

Summary 
Summary 

  



Summary 184 

SUMMARY  

The development of decision support systems to predict patients outcome in radiation 
oncology is needed to facilitate clinical shared decision making. Therefore, this thesis in-
vestigates the development of prognostic models for lung and head and neck cancer pa-
tients to identify patients at different risk levels before treatment.  
The work of this thesis is divided in two sections; in the first section, this thesis investigat-
ed the integration of patient clinical and treatment characteristics in lung and head and 
neck cancer to derive prognostic models of outcome. In the second part, we investigated 
the use of advanced quantitative imaging features, extracted from conventional medical 
imaging, many of which are not currently used, to improve patient’s prognostic infor-
mation in lung and head and neck cancer. 
 
The concept of decision support systems in radiation oncology is introduced in Chapter 1, 
along with a general introduction of the work presented in this thesis.      
In Chapter 2, a comprehensive review of current factors that have been associated with 
outcomes in radiation oncology is presented, as well as a thorough discussion of the 
methodology needed for the development of prediction models. 
 
Part 1: Clinical predictors  
 
This section presents the development of predictive models using patient clinical and 
treatment characteristics. Here, we investigated what factors have a relevant association 
with patient’s outcome. Also, we evaluated whether these models can be validated in ex-
ternal datasets and how their prediction accuracy compares with currently used factors to 
assess patient’s prognosis.  

In lung cancer, early identification of patients with residual metabolic activity is es-
sential as this enables selection of patients who could potentially benefit from additional 
therapy. Chapter 3 presents a study in which we evaluated the most important patient, 
tumor and treatment factors associated with residual metabolic activity after treatment. 
Metabolic response assessment has been associated with survival and treatment failure. 
This study was performed in a MAASTRO dataset of 101 NSCLC patients.  

 
Chapters 4 and 5 are focused on the development of predictive nomograms in head and 
neck cancer. Chapter 4 describes the development of a prognostic nomogram for the pre-
diction of overall survival and local control in laryngeal carcinoma patients treated with 
radiotherapy. It also shows the validation of the same prognostic tool in four external da-
tasets. This model has been made publicly available on www.predictcancer.org. In Chapter 
5, a similar nomogram was developed for oropharyngeal carcinoma patients for prediction 
of overall survival and progression-free survival. This model combines important patient 
and tumor characteristics with the human papilloma virus status, an established important 
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prognostic factor in this patient population.  It also shows a comparison of the developed 
nomogram with TNM and HPV status alone, and its validation in an independent patient 
cohort.   
 
Part 2: Radiomics: Extracting more information from medical images using advanced 
feature analysis 
 
This second part of the thesis deals with the potential of extracting advanced quantitative 
features from medical images for outcome prediction. We investigated whether there is 
more information in medical imaging than what is currently used, and if quantitative imag-
ing traits are prognostic in lung and head and neck cancer.  
In Part 2 of this thesis we proposed a methodology for high-throughput extraction of 
quantitative imaging parameters, evaluated methods for robust target definition and as-
sessed the prognostic value of these imaging parameters in lung and head and neck can-
cer cohorts.  

Chapter 6, puts forward the concept of Radiomics: the high-throughput extraction 
of large amounts of image features from radiographic images. This review addresses the 
hypothesis, methodological aspects, and challenges underlying the Radiomics approach.   
Towards the extraction of reproducible quantitative imaging features, Chapter 7, evalu-
ates the relevance of a semiautomatic CT-based segmentation method, by comparing it to 
manual delineations made by radiation oncologists and to pathological tumor measure-
ments considered as “gold standard” in NSCLC patients.  

Chapter 8, evaluates an open source, freely available method for lung tumors seg-
mentation, and evaluates its usefulness by comparing it again, against the gold standard 
pathological measurements and radiation oncologists delineations, and a step further, 
examining whether its use reduces variability during tumor segmentation.  
Following these results, Chapter 9 evaluates whether quantitative imaging features ex-
tracted from semi-automatically segmented tumors have lower variability and are more 
robust compared to features extracted from manual tumor delineations. This study ana-
lyzes the robustness of imaging features derived from semi-automatically and manually 
segmented primary NSCLC tumors in twenty patients. 

Chapter 10, presents an analysis of 440 quantitative imaging features quantifying 
phenotypic differences based on tumor appearance, i.e., shape, intensity and texture, in 
CT images of more than 1000 patients with lung or head and neck cancer. In this study  
we found that a large number of radiomic features have prognostic power in independent 
data sets, many of which were not identified as significant before. Radiogenomics analysis 
revealed that a prognostic radiomic signature, capturing intratumour heterogeneity, is 
associated with underlying gene-expression patterns. These results can have a clinical im-
pact as imaging is routinely used in clinical practice, providing an unprecedented oppor-
tunity to improve decision-support in cancer treatment at low cost. 
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Finally, in Chapter 11, the results presented in this thesis are discussed along with its out-
look and future perspectives. These studies show how the analysis of existent routine clin-
ical and imaging data, will facilitate personalized medicine in radiation oncology. However, 
the key factor in the future development of decision support systems is standardization. 
Standardization of data through the application of protocols and semantic-interoperability 
through different centres; and the creation of a framework for reproducible data sharing, 
research and predictions. 
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VALORIZATION ADDENDUM  

The central idea of the work included in this thesis is to extract knowledge from medical 
data (of various sources), which in turn could be used to guide medical decisions in the 
complex process of identifying the most effective treatment for a cancer patient. Thus, 
valorization of the knowledge derived from this work is essential.  

The simplest and perhaps most effective way to share and make this knowledge 
available to a wider scientific and medical community is by making the entire knowledge 
discovery process publicly available, thus, additionally to publishing this research in inter-
national peer-reviewed journals, data, software and developed models are made publicly 
available. Below specific examples are mentioned.  

Part 1 

This part of the thesis focused on the development of prediction models for radiation on-
cology. These models are of interest to physicians and health professionals who want to 
have processed information about the risks and benefits of a cancer treatment, in terms of 
response and follow-up outcomes.  

The model presented in Chapter 4, which has been validated in independent pa-
tient cohorts has been made available in the website www.predictcancer.org. There, the 
patient population and statistical analysis on which the model is based are described.  
Any physician around the world can access the model web version and obtain a risk prob-
ability for an individual patient. These estimates are based on individual information en-
tered about patients and their tumors. The estimates are provided on printed sheets in 
simple graphical and text formats. The site, however, is not intended for patients, but for 
healthcare professionals that can discuss the model outcomes with a patient, oriented 
towards assisting shared decision-making in radiation oncology.  
Furthermore, the model presented in chapter 4, was published in a special 100 anniver-
sary issue of the Radiotherapy and Oncology journal and was featured in AuntMinnie, a 
radiology and radiation oncology news site: http://www.auntminnie.com/-
index.aspx?sec=sup_n&sub=roc&pag=dis&ItemID=96200&wf=1236.   

The model presented in Chapter 5 of this thesis, will be made available in the 
www.predictcancer.org website after publication. All of these models can also be imple-
mented as a smartphone app, that physicians can access offline as well.  
This prediction website facilitates knowledge dissemination, and we believe that our find-
ings are relevant for a broad scientific community because we anticipate that validated 
decision-support systems will be fully integrated in the clinic, with data and knowledge 
being shared in a standardized, instant and global manner. 

Following this, data in which the models are based is also publicly available in 
www.cancerdata.org. Thus, scientific publications, data and developed models are made 
publicly available, in an effort to widespread knowledge and to facilitate the use of deci-
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sion support systems in radiation oncology, often a bottle-neck, since many complex 
models are often not easily accessible nor easy to use or interpret. This also will further 
promote the concept of shared-decision making in radiation oncology and personalized 
medicine.  

Part 2  

This part of the focuses on the use of quantitative imaging characteristics extracted from 
standard clinical scans to predict patient’s outcome in lung and head and neck cancer. 

In the Radiomics methodology proposed in this thesis, three independent compo-
nents are targets for valorization. The first one is on the methods employed to segment 
tumors on CT images. The method employed in Chapter 7 is an already commercial prod-
uct and therefore its application is limited. The method evaluated in chapter 8 is part of an 
open-source, image analysis software, easily accessible by download, which facilitates its 
use and dissemination. 

The second component, is the software and know-how developed to extract quan-
titative imaging features from medical images. This can be requested already in the 
www.radiomics.org website. More interestingly, this second step of the analysis could be 
coupled with the open source 3D-Slicer software, which would allow image segmentation, 
visualization and quantification using a single open-source tool, with a wide range of im-
age analysis tools available additionally from 3D-Slicer.  

The third step would be integrating the modelling outcomes or model output steps 
as well into the same platform. This as a whole, would be an integrated radiomic analysis 
software that could be implemented in treatment planning workstations in the clinic.  
  
Furthermore, the work presented in chapter 10, allowed for the first time the evaluation 
of more than 400 quantitative imaging features in over a 1000 patients with lung and head 
and neck cancer, with both training and several independent validation datasets. Current 
publications investigating imaging features with survival and gene-expression have only 
limited sample sizes, often without decent sample sizes or lacking validation cohorts. 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.  

Radiomics allows the discovery of imaging biomarkers of low cost, easy to perform, 
non-invasive and that captures the 3D complexity of solid tumors. By applying the radi-
omics software it is now possible to reveal biological information from standard clinical 
scans. The radiomics impact on personalized medicine, relies on the ability to predict the 
behavior of the tumor before the treatment begins.   

This method can reveal more about tumor behavior than traditional clinical meth-
ods for tumor staging, just by processing the scans through radiomics software. Therefore, 
chapter 10 represents a novel high-throughput analysis of imaging features, applying 
computational methodologies to the analysis of radiographic images. Particularly in cancer 
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management, a large amount of the information that can be extracted from medical im-
ages is not currently used, and we propose here a methodology to take advantage of that 
information, applicable on routine cancer imaging data.  

This emphasizes is large potential impact in personalized medicine and in cancer 
treatment worldwide, since there are millions of imaging studies, stored in medical cen-
ters throughout the world, waiting to be analyzed and mined for relevant information on 
patient’s prognosis. Our radiomic software could also be coupled to automated data re-
trieval systems, such as the infrastructure proposed by EUROCAT (www.eurocat.info), allow-
ing feature quantification coupled with accession to standardized imaging studies.  

Additionally, with the publication of the study presented in Chapter 10, we shared 
the largest publicly available imaging dataset to the cancer imaging archive (TCIA) of 511 
NSCLC patients of which 89 with gene-expression data. This again, will facilitate reproduc-
ibility 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 Centre (http://maastrichtumchoofdsite.createsend1.-
com/t/ViewEmail/t/CADC497D2FEB9C5D) 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 cancer: 
http://www.nature.com/nature/journal/v513/n7517_supp/full/513S4a.html.  
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with respect and attention, even if they had no idea of what they were talking about, 
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colleagues. Unfortunately, our relationship at work did not have a personal connection, 
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Second, I would like to thank the person that welcomed me in Maastro Clinic and with 
whom I have had the longest collaboration since then, Hugo Aerts. Since I came to Maas-
tro clinic for a master graduation project you have shown confidence, interest and value in 
working with me. Although I saw you in those early days as a formal supervisor, that rela-
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and open communication at work.  
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and trust in working with me. Working with you taught me how to think big in science and 
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To my co-promotors, Frank Hoebers and Andre Dekker. Frank, I would like to thank you 
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gress of things, your open communication and the fact that you showed interest also per-
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sonally. It has been a pleasure working with you. Your previous experience in other insti-
tutes also opened and facilitated the doors for collaboration with our projects in head and 
neck cancer.  

I admire your constancy and love for running. I was surprised that you made a 
shorter time than me in the 10k Paralleloop in Brunssum, however I didn’t know at that 
time of your shape and skills as a runner. Until you showed up I had an unbeaten record at 
the Paralleloop (no, Patrick isn’t faster). My right knee recovered completely however, so 
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Andre, even though it was only a few times, I always found it very pleasant to work 
with you.  Perhaps because you express a relaxed way of working, with patience, and al-
ways mastering the subjects. Since my first times as audience in the refereer avond, I 
knew that when it was my turn, I had to be prepared for someone like you. Also I tried to 
absorb from you ideas for presenting research in an exciting way and for doing research 
not only in the correct way, but also in a neat way. I hope to continue collaborating with 
you in the future.  
 
To the assessment committee:  

Thank you Prof. Ramaekers, Dr. Kooi, Prof. Kaanders and Dr. Beets for taking part 
of my assessment committee and for your time and effort reviewing this thesis.  
 
To my colleagues and friends at Maastro Clinic:  
 
To the participants of the CAT meeting (also later re-named to Georgi’s meeting):  Cary, 
Dirk, Georgi, Lucas, Hugo, Ralph, Sara, Andre, Erik, Wouter, Ruud, Johan, Ragu, Frank, Ste-
ven, Karen, plus a few others. It was a pleasure to participate with you in the fresh and 
exciting Tuesday morning meetings at 09:45ish. This was basically the place where you 
grow as a scientist, because ideas are challenged, you are presented with questions, and 
you may even end up nervously making drawings in the board to “clarify” your ideas. 
Thank you all for the discussions (and follow up discussions after the meeting), for the 
quick and almost always empty rondvraag sessions and for your readiness to end up the 
meeting as soon as possible once your turn to speak had passed (with the exception of 
Georgi ;)).  

Wouter, goede middag. It was my pleasure working with you. I enjoyed how you 
often chaired the CAT meeting, with a to-the-point-ok-done practical Dutch approach!.. 
although always with full follow-up notes.  I considered you always as the senior scientist 
of Maastro and as someone that could be reached for objective and valuable advice. 
 
Thanks to the data management team for their support with collecting data. Also, many 
thanks to the kind receptionists downstairs who would always be happy to help retrieving 
follow-up data, even if it was in a very short notice and with high urgency, somehow it’s 
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always like that. And also for providing me with an extra pass the many times I forgot 
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and data retrieval related problems. I learned a lot from you and for the things I didn’t 
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for your sheer interest in the Radiomics part of the projects.  

Piet van den Ende, ik vond het altijd leuk om met je te praten in the koffie kamer 
over de red socks voetbal ploeg, waar ik voor wat tijd heb gespeeld en waar de vrienden 
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ken van een leuke werk plek. 

Lars, I enjoyed talking with you about instruments, in a beginner amateur drummer 
enthusiast to expert direction. I enjoyed a lot the couple of times I got to see your band 
playing in the Café Forum.  

 
To the Radiomics team: Ralph, Sara and Chintan. Thank you for joining the Radiomics 
team, which keeps on growing since. It has been a pleasure working with you. Ralph, 
thanks for greatly improving our slow and primitive code, and for the exciting but also 
sometimes going nowhere discussions that we had over a bunch of radiomics related is-
sues. These discussions were essential to make the code bullet-proof (almost) and to as-
sure that all algorithms were correctly implemented and that things made sense or at 
least that’s what we convinced each other of. Thanks for your support trouble-shooting 
radiomics code. It’s been great working with you. Too bad that by living far away you 
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tered in the philosophical discussions about many aspects of life (although 97% of the 
times it was the same subject), the mutual enjoyment of things and the fact that we found 
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