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Resumen 

El presente trabajo se enmarca en el contexto de la investigación y el desarrollo de nuevas 
estrategias para el tratamiento y pronóstico del cáncer, en el caso específico del cáncer de 
cabeza y cuello. Este tipo de cáncer ocupa actualmente el sexto puesto en cuanto a 
incidencia en todo el mundo, con una estimación de entre 400.000 y 600.000 nuevos casos 
por año, y una tasa de mortalidad de entre 223.00 y 300.000 muertes por año, según datos 
de la Organización Mundial de la Salud. Asimismo, la probabilidad de sobrevivir a este 
tipo de cáncer más de cinco años se encuentra entre el 40% y el 50%. Como consecuencia 
de ello, nuevas técnicas y tecnologías están evolucionando hoy en día para encontrar 
nuevas formas de luchar contra esta enfermedad, mejorando los procesos de predicción, 
tratamiento y seguimiento de tumores mediante el análisis de bases de datos construidas 
a partir de imágenes médicas de distintas modalidades. El objetivo final es proporcionar 
a los clínicos e investigadores mayor información para mejorar el proceso de toma de 
decisiones. La radiómica es uno de los métodos surgidos en los últimos años con esta 
finalidad, a partir de la extracción de nuevos datos y características de imágenes médicas, 
dando apoyo al proceso de estratificación de los pacientes y apuntando hacia una nueva 
visión sobre la enfermedad del cáncer. En este contexto, el principal objetivo de este 
trabajo es definir y evaluar el uso de los datos radiómicos, y sus diferentes modalidades 
de visualización, en la investigación del cáncer de cabeza y cuello, así como definir y 
desarrollar una herramienta software que permita ejecutar y representar los diferentes 
tipos de análisis radiómicos existentes. Para alcanzar este objetivo, se han fijado las 
siguientes tareas: 

 Analizar el estado del arte acerca de los datos radiómicos, cubriendo los posibles 
usos y estrategias seguidas para su comprensión y visualización. 

 Definir una herramienta para la representación de los datos radiómicos de forma 
eficaz y sencilla. 

 Evaluar, implementar e integrar esta solución a través de una herramienta 
software, en el contexto de una herramienta de investigación centrada en el apoyo 
a investigadores y clínicos en el campo del cáncer de cabeza y cuello. Este trabajo 
se enmarca en el contexto del proyecto europeo BD2Decide 
(http://www.bd2decide.eu/).  

 Finalmente, validar el módulo creado e identificar posibles líneas de trabajo para 
su mejora en el futuro. 
 

Palabras clave: Cáncer de cabeza y cuello, radiómica, datos radiómicos, características 
radiómicas, representación de datos radiómicos, imágenes médicas, mapas de calor, 
curvas de Kaplan-Meier, gráfico de dispersión, curvas ROC, módulo de visualización de 
datos radiómicos. 

 

 

 

 

 

 

 

 



Summary 

The present work is centered in a context of research and development of new strategies 
for cancer prognosis and treatment, in the specific case of head and neck Cancer. This 
type of cancer is the sixth leading cancer by incidence worldwide, with between 400,000 
and 600,000 new cases per year, and a mortality rate between 223,000 and 300,000 deaths 
per year, according to the World Health Organization. Furthermore, five-year survival 
rate of Head and Neck cancer patients is estimated between 40% and 50%. To address all 
this, new techniques and technologies are evolving nowadays in order to find new ways 
to fight against this disease, by improving the processes of prediction, treatment and 
follow-up of tumors through the analysis of databases built from different modalities of 
medical images, and providing clinicians with more information to improve the process 
of decision making. Radiomics is one of these rising methods, based on the extraction of 
new images features, giving support on the process of patients’ stratification and 
providing a new insight over the cancer disease. In this context, the main goal of the 
present work is to define and evaluate the use of radiomic features in the head and neck 
cancer research, and to define and develop a software tool which allows the visual 
representation of the different kinds of radiomic analyses. To reach this objective the 
following tasks have been defined: 

 To analyze the radiomics state of art, covering its possible uses and the strategies 
followed for understanding and visualizing radiomic data. 

 To define and describe a solution for a profitable representation of radiomic data. 
 To evaluate, implement and integrate this solution as a software tool within the 

context of a research tool focused in providing support to clinicians in the field 
of head and neck cancer. This work arises within the framework of the 
BD2Decide European project (http://www.bd2decide.eu/).  

 Finally, to validate the module built and identify possible areas of improvement 
for future works. 

 

Keywords:   Head and neck cancer, radiomics, radiomic data, radiomic features, medical 
imaging, radiomic data representation, heatmaps, Kaplan-Meier curves, Scatterplots, 
ROC curves, Radiomic Visualization Module.
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1 INTRODUCTION 

During the last years, researchers have started to develop a new approach when dealing with 
data and information obtained from medical images, focusing on the management of tumors. 
This has been called Radiomics. However, the way in which the radiomic data is used and 
represented is yet far from being intuitive and well developed. Therefore, finding ways to 
represent radiomic data in a user friendly approach could ease the approach to this type of 
information and allow researchers to use it in an effective way. This is the initial motivation 
in which this work has been devised. 

1.1 PRESENTATION OF WORK AND GOALS 
 

The present work starts with the goal of providing, with the help of the emerging field of 
radiomics, new tools for improving the processes involved in cancer detection, prognosis 
and treatment, focusing in the visualization of radiomic data. Furthermore, this work has 
been designed in the context of the BD2 Decide, a project which involves different European 
centers with the common purpose of building a workspace that provides researchers a 
decision support system that incorporates all the tools they need to accomplish effectively 
their work, including large amounts of heterogeneous data, Big Data technologies and 
powerful visualization tools. Therefore, the main goals of this work are: 

 Describing the context of cancer and, more specifically, the head and neck cancer 
and the use given to medical images nowadays. 

 Introducing the concept of radiomics, its workflow and its relevance in the context 
of head and neck cancer. 

 To analyze the main visualization methods used to represent radiomic data and 
highlight those which could be of special interest in the context of this work. 

 To define and develop a Radiomics Visualization Module that allows researchers to 
represent radiomic data and work with it in an intuitive and effective way. 

 To validate this design with researchers and potential users of this module, by testing 
and proving its utility. 

After pointing out the main goals of this work, it will be now explained the structure followed 
in order to accomplish these objectives. 

1.2 STRUCTURE 
 

The present work has been structured in the following way: 

 Introduction: In this section, the work and its main goals are presented. Furthermore, 
a description of the context of head and neck cancer and radiomics is included, which 
will allow a better understanding of the following sections. 

 Materials and methods: This section includes the methodology followed and the set 
of tools used in each of the phases of the project. 

 Results: This section is divided into two main parts, which are: 
o Visualization and representation of radiomic data: Description of the 

different methods used in the literature for visualizing radiomic data, and the 
way they can be implemented in different kinds of radiomic analyses. 

o Building a software tool for visualizing radiomic data: Taking into account 
in the first section from ‘Results’, defining the software implementation done, 
which includes the different strategies for representing radiomic data. The 
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personas and goals, scenarios and key paths from the tool are first defined, to 
then explain the process of development and, finally, include a ‘User guide’ 
describing the functionalities of the module built. 

 Conclusions: Critical analysis of the results obtained. 
 Future work: Main tasks to perform in the future in order to follow and improve the 

work done. 
 Summary 
 Bibliography 

1.3 PROBLEM AND CONTEXT 
 

Head and neck cancer will focus the approach of this work to radiomics. Therefore, it is 
necessary to take a closer look to the current situation of cancer and, more generally, head 
and neck cancer, as well as the way in which the different medical imaging techniques are 
currently used to help and improve clinicians work. Understanding the current context of 
cancer will help to define the new approach introduced by radiomics in cancer management. 

1.3.1 Cancer 
 

The World Health Organization (WHO) defines cancer as a large group of diseases defined 
by a rapid creation of abnormal cells that grow beyond their usual boundaries, and that can 
affect any part of the body [1]. Cancer arises from the transformation of normal cells into 
tumor cells in a multistage progression from a pre-cancerous lesion to a malignant tumor. 
These transformations and processes are the result of the interaction between a person’s 
genetic factors and external agents, which are usually divided into three groups: physical 
carcinogens (ultraviolet or ionizing radiation), chemical carcinogens (asbestos, components 
of tobacco, arsenic, etc.) and biological carcinogens (viruses, bacteria or parasites). The 
leading risk factor for cancer is tobacco (including cigarettes and smokeless tobacco), being 
responsible for the 22% of cancer-related deaths globally. Other major cancer risk factors 
are alcohol use, an unhealthy diet or physical inactivity [1]. 

As it is well known, cancer is one of the leading causes of mortality. The World Health 
Organization counted in approximately 14 million the amount of people diagnosed with 
cancer in 2012, expecting it to rise by about 70% over the next two decades. Furthermore, 
in the year 2015 over 8.8 million people died because of cancer, so one of each six deaths 
during that year happened due to cancer [1]. And not least important is to point out that 70% 
of deaths from cancer occur in low and middle income countries. Less than the 30% of low-
income countries declare to have pathology and treatment services available on the public 
sector, compared to the 90% of high-income countries. This fact proves, once again, the risks 
and disgraces of wealth-inequality. 

All the data shown in the previous paragraphs show the importance of improving all the 
processes involved in cancer (prevention, detection, treatment and follow-up), in order to 
face the new realities, especially considering the increase of cancer cases expected for the 
following decades. Moreover, many efforts are also focused on prevention, taking into 
account that between 30% and 50% of cancers can currently be prevented by modifying and 
avoiding risk factors (such as tobacco use, urban air pollution, radiations, etc.), as well as 
applying other prevention strategies like, for example, vaccinations against Human 
papillomavirus (HPV) and Hepatitis B and C virus [1][2]. 

Once cancer is detected, there are many different strategies for fighting it, depending on the 
region where it is found, the phase in which it is detected, the patient age and his or her 
clinical history. However, as it has been said, early detection is a key element in order to 
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provide a better and more effective response to cancer. There are two main components in 
early detection: 

 Early diagnosis: An early diagnosis will help making treatments more effective and 
increasing the probabilities of survival. There are three steps considered in early 
diagnosis: awareness and accessing care; clinical evaluation, diagnosis and staging, 
and access to treatment.  

 Screening: The aim of screening is to identify individuals with suggestive 
abnormalities of cancer or pre-cancer who have not developed yet any symptoms, 
and to refer them for an early diagnosis and treat. Screening programs are, when 
carefully implemented, effective for selecting cancer types. Examples of screening 
methods are visual inspection with acetic acid (VIA) for cervical cancer, HPV testing 
for cervical cancer, or mammography screening for breast cancer. 

A correct diagnosis is also essential in order to design and achieve an effective treatment. 
The strategies used for cancer treatment will adapt to the diagnosis made, and they can 
include modalities such as surgery, radiotherapy and chemotherapy. The primary goal of 
cancer treatment is, obviously, to cure cancer or to prolong life as long as possible. However, 
improving patient’s quality of life is also a very important goal, and palliative care, which is 
the way used to define those treatments which work to relieve, more than cure, symptoms 
caused by cancer, is also a very important aspect to consider when dealing with cancer. In 
any case, it is a critical step to define clearly which goals are searched with treatment and 
palliative care. 

Head and neck cancer 

This work will focus on a concrete type of cancer: head and neck cancer. This type of cancer 
is usually defined as Head and neck squamous cell carcinomas (HNSCCs), and arises in the 
oral cavity, oropharynx, larynx and hypopharynx, all shown in Figure 1. Among the most 
important risk factors for HNSCC are, as in many other cancer types, tobacco and alcohol. 
However, another important risk factor are the infections with Human papillomavirus 
(HPV), which show up as the leading cause of HNSCCs located in the oropharynx. Although 
the incidence of HNSCC in the western world has shown a slight decrease over the last years 
(mainly due to a decrease in the prevalence of some risk factors like smoking), oral tongue 
and oropharyngeal cancers are becoming more prevalent, due to an increase in the incidence 
of oral and oropharyngeal HPV infections [2]. 
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Figure 1: Head and neck cancer regions (figure extracted from [3]). 

By the year 2010 it was estimated that 600,000 new cases of head and neck cancer arisen 
worldwide, being the sixth leading cancer by incidence. It is expected that between 40% and 
50% of patients will not reach a life expectance of more than five years [4], which makes 
this cancer particularly aggressive and difficult to treat. But, as in any other cancer, the 
prognosis of patients of HNSCC is highly dependent on the stage of presentation, being 
determined by the extent of the tumor and the presence of lymph-node and distant metastases 
[2] [3]. 

Survival to HNSCCs has not improved remarkably over the last decades, caused mainly by 
the limited information available on molecular carcinogenesis of HNSCC, and, most 
importantly, by the biological and genetic heterogeneity. DNA and RNA profiling studies 
have proven the particular molecular heterogeneity of this disease [2], which shows up as an 
obstacle for accurate prognosis, treatment planning and identification of cancer-causing 
genes. And when it comes to HNSCC, at least two important genetic subclasses can be 
distinguished: HPV-positive and HPV-negative tumors. Both subclasses show important 
differences, as shown on Table 1. This is an example of the importance of being able to 
classify HNSCCs into their genetic subgroups, providing new critical information which 
would improve cancer management, treatment selection and follow-up [2].  

Feature HPV-negative HNSCC HPV-positive HNSCC 

Incidence Decreasing Increasing 

Main causes Smoking, excessive alcohol use Oral sex 

Age Above 60 years Under 60 years 

Field cancerization Yes Unknown 

Predilection site None Oropharynx 

Prognosis Poor Favorable 

Table 1: Clinical and biological characteristics of HPV-negative and HPV-positive HNSCC [2]. 

HPV status is one of the determinants used to assess the possible heterogeneity of tumors. 
However, this is only one of the many different factors that can influence on tumors, and 
therefore new strategies for extracting more information is required. With this purpose, 
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considering the importance of imaging when dealing with cancers, analyzing how to extract 
more information from medical images can be seen as a promising way. 

TNM stage 

One of the most important parameters to take into account when treating any kind of cancer 
is the tumor stage, which can be divided into a pathological stage and a clinical stage. TNM 
staging is a cancer staging system developed by the Union for International Cancer Control 
(UICC), and also used by the American Joint Committee on Cancer (AJCC), that describes 
the extent of cancer in a patient’s body [21]. The three letters, TNM, are used to describe 
different features regarding the tumor: ‘T’ is used to describe the size of the tumor and if it 
has invaded nearby tissue; ‘N’ describes regional lymph nodes that are involved; and ‘M’ 
describes distant metastasis. TNM categories combine to create anatomic stage groups, from 
I to IV, that are related with survival outcome [21]. Also, a letter ‘p’ or ‘c’ is used to 
differentiate between the pathological and the clinical stage.  

TNM staging notation allows to differentiate between the different tumor stages, and to 
relate them to different mortality levels. Furthermore, some studies even relate the TNM 
stage of a tumor with the incidence of other factors, like the aforementioned HPV status [21], 
as it will be detailed in further sections.  

Imaging and cancer 

Imaging is currently one of the key techniques used during the whole process of cancer 
diagnosis and treatment. Biomedical imaging provides many advantages like real time 
monitoring, non-invasive accessibility to critical tissues, and it can function over wide ranges 
of time and size scales involved in biological processes [5]. Therefore, imaging plays a very 
important role in all stages of cancer management, as it is represented on Figure 2.  

 

Figure 2: Current role of imaging in cancer management (figure extracted from [5]) 

As presented in the Figure 2, the first stage on the cancer management is the screening, which 
has already been described before. It is important to point out that early detection through 
imaging screening is one of the major contributions of imaging to reduce mortality on certain 
tumors [5].  

During the next step, initial cancer symptoms appear, and therefore imaging helps on 
diagnosis and to determine the cancer stage, being biopsies the most popular imaging 
technologies for this purpose. However, biopsies are highly invasive, and should be used 
carefully and with certain restrictions. Imaging is also widely used during cancer treatment 
and monitoring, being a critical tool during surgery, as well as showing where radiation 
therapy beams need to be focused. There has been an increased use of imaging of biomarkers 
to evaluate metabolism, gene expression, cell proliferation and migration, or vascular 
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function. Measuring these parameters provides clinicians with early indicators of treatment 
response. And, finally, imaging can show the variations on the tumor size, intensity or shape, 
allowing to assess the effectiveness of a certain treatment [6]. Regarding the follow-up stage, 
Computer Aided Diagnostic Imaging (CAD) and CT screening are, for example, used in on 
initial and short-term follow-up digital mammograms, during the processes of detection and 
follow-up of breast cancer [5]. 

However, the role of imaging is currently changing, widening the areas in which imaging 
can improve cancer management, and evolving from a primarily diagnostic tool to a more 
central role in the context of individualized medicine. As an example of this, during the 
process of diagnosis, molecular imaging and quantitative and functional whole-body 
imaging is being developed in order to assess possible DNA mutations and other biological 
processes taking place in a molecular level [5], allowing us, as mentioned before, to classify 
tumors into more specific subgroups. 

Imaging modalities can therefore be classified according to properties such as sensitivity, 
temporal and spatial resolution, and other physical properties. Later sections will mention 
some of the technologies and modalities for imaging used in cancer management, focusing 
on the case of head and neck cancer. Once explained the role of imaging during the processes 
of cancer management, it is possible to define the field of radiomics and the way it uses 
medical images in an innovative way.  

1.3.2 Radiomics 
 

The many improvements and progresses made in the field of medical imaging have opened 
the window to new ways of obtaining valuable information from images. And that is the path 
in which radiomics emerge as a new way of extracting more information from medical 
images with new available techniques, particularly when dealing with solid tumors. In 
addition to this, solid cancers have shown to be spatially and temporally heterogeneous, 
limiting the possibilities of invasive biopsy based molecular assays, but empowering the 
field of non-invasive medical imaging.  

In this context, radiomic is defined as a high-throughput extraction of large amounts of image 
features from radiographic images and the subsequent treatment of mineable data with which 
providing new decision support information [7]. Therefore, radiomics addresses the 
development of new automated and reproducible analysis methodologies to extract more 
information from image-based features. Combining radiomic data with other patient 
information and features, the power of decision support systems could be increased, 
providing more tools for cancer detection, diagnosis, prognosis, prediction or for assessing 
the response to a certain treatment. It will be discussed, then, the power of radiomics and 
how radiomic data can be extracted, represented and visualized.  

Although many different imaging modalities can be used in medicine, there are commonly 
three basic imaging techniques considered [8]: 

 X-ray computed tomography (CT): CT imaging provides images of the any specific 
area of the body with high resolution, which is useful to asses structural features of 
tumors, and showing, for example, high contrast reflecting differences in tumor 
intensity, tumor shape or intratumor density [7]. Hence, CT imaging plays an 
essential role in all phases of cancer management (prediction, biopsy guidance for 
detection, treatment planning and follow-up). However, although changes in tumor 
size can be a sign of a response to therapy, it does not provide an overall prediction 
or assessment of it. It is possible to characterize the appearance of a tumor on CT 
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images, but only in a subjectively and qualitative way (monitoring features such as 
heterogeneity, size of necrotic core, etc.). 

 Magnetic resonance imaging (MRI): MR scanners use strong magnetic fields, radio 
waves and field gradients to generate images that have, ideally, the same field of 
view, field strength and slice thickness. The intensities obtained on a MR image are 
obtained from a complex interplay of inherent properties of the tissue like acquisition 
parameters and relaxation times [8]. However, it is not easy to derive information 
about the physical properties of the tissue from this modality alone. New techniques, 
like diffusion-weighed imaging (DWI MRI) and dynamic contrast-enhanced (DVE 
MRI) have been developed in order to allow a better assessment of physiological 
properties. 

 Positron emission tomography (PET): In this technique, gamma rays, emitted by a 
tracer introduced to the body by a biologically active molecule, are detected in order 
to build three dimensional images which reflect the tracer concentration [9]. The 
most typically used tracer is fluoro-2-deoxy-D-glucose (FDG), which allows to 
assess the regional glucose uptake, being used for exploring the possibility of cancer 
metastasis. 

Taking into account these modalities exposed, new approaches into medical imaging have 
been made during the past decades. Four different paths in which these progresses have been 
made can be identified [7]: 

 Innovations in medical devices: Imaging hardware has progressed significantly 
during last decades, including the development of combined modality machines. An 
example of this would be the evolution from single slice CT images to multiple slices 
CT and CT/PET, as well as dual-source and dual-energy CT. These new techniques 
increase temporal resolution and allow visualization of fine structures in tissues, as 
well as the characterization of tissue density and composition. 

 Innovations in imaging agents: Talking about imaging agents usually refers to 
molecular substances which, once injected to the patient body, are used as an 
indicator of a specific biological process. For example, they are often used for 
indicating pathological processes (e.g. hypoxia markers using PET imaging). 

 Standardized protocol allowing quantitative imaging: This point concerns the use 
of standardized protocols like MRI spin-echo sequences to allow a multicentric use 
of imaging, helping to transform radiology, which has historically been defined as a 
qualitative science, into a more quantitative and highly reproducible science. 

 Innovations in imaging analysis: Pattern recognition tools, new software available 
and an increase in data set sizes have had a great impact on the development of high-
throughput processes of extraction of quantitative features from medical images and 
standardization. An example of this is computer-assisted detection (CAD), which 
improves the performance in detection. 
 

Based on all these improvements, the concept of radiomics arose from quite a simple 
hypothesis: the progresses made on image analysis will allow to capture and extract 
additional information, which is not currently used, from medical images, especially 
regarding intra- and intertumoral heterogeneity. As genomic heterogeneity is considered as 
one of the major causes of treatment failure, radiomics can provide better tools for treatment 
monitoring. 
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Taking a more precise approach, the hypothesis of radiomics pose that proteomic and 
genomic patterns could be extracted from image-based features. However, it is important to 
emphasize that radiomic analysis try to identify correlations, and not causes directly. That is 
why radiomic data need to be used along with genomic or other medical information. 

It is also very important to point out that for realizing the potential of radiomics it is essential 
to apply a multi-centric approach, which means, in the case of radiomics, to share image data 
and metadata all across multiple centers. Although some steps have been made in this field, 
it is still necessary to improve the data sharing between different centers, as radiomics need 
to work with large size databases [12]. In the same way, standardization is also fundamental 
in radiomics, in order to provide, among other things, a better understanding between the 
different centers of work. 

Radiomics is considered a promising field for improving the processes of diagnosis, 
prognosis, treatment selection and treatment monitoring. Several authors suggest that 
radiomics could be used to guide the selection of therapy for individual tumors, as in many 
cases it could help to predict response to a certain treatment before its initiation [12]. And 
other authors focus on assessing the probability of certain patient cohorts of developing 
metastasis through radiomic analysis [13], which would mean a decisive help to the 
treatment decision process. That is why many consider proven the strong prognosis value of 
radiomics, especially in the cases of lung cancer and head and neck cancer [12] [13].  

However, the power of radiomics may not only be limited to this, as it could be also useful 
for biopsy guidance [12]. Images are currently used for biopsy guidance, with the goal of 
finding tumor areas with most important information. Therefore, radiomics could help 
providing information for deciding more accurately where to biopsy, in order to reduce the 
effects of such an invasive method. 

Some studies have also tried to find any correlation between radiomic data and HPV status, 
although finding, for the moment, no correlations at all [17] [18]. However, Aerts et al. 
proved the utility of building a set of radiomic features, known as radiomic signature, for 
HPV screening [18]. Therefore, it is expected that more work will be done in this direction. 
And regarding TNM staging, radiomic data is already being used to find patterns which 
could correlate radiomic clusters with the stage levels of the tumor, as it will be explained in 
further sections (see Figure 11). One should not forget that, as it has been explained in 
previous paragraphs, there is still a lacking of standardization when acquiring images and 
building databases [12]. However, it is not too optimistic to state that, with the improvement 
of data sharing between the research centres, and with the help of proper standards, HPV 
status, TNM staging and much more valuable information will be better screened and 
monitored in the future. 

It will be defined now the workflow in which radiomic data is obtained and processed, which 
will allow to acquire a better understanding of the processes involved in radiomics. 

1.3.3 Radiomic workflow 
 

There are commonly four stages defined when obtaining radiomic data [7] [8]: 

1. Identification of a patient cohort and acquisition of high-quality images. 
2. Segmentation of the region of interest (ROI). 
3. Extraction of image radiomic features. 
4. Statistical analysis and modeling of the radiomic features extracted. 

A scheme of this workflow is shown on Figure 3. The first step consists on obtaining high-
quality and standardized imaging from which next stages will work. From this images, the 
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macroscopic tumors are defined and segmented, defining a region of interest (ROI). Once 
defined this region of interest, radiomic features must be extracted and, finally, analyzed, in 
order to build a radiomic signature with prognostic value. 

 

Figure 3: Scheme of the radiomic workflow (figure extracted from [7]). 

1. Identification of patient cohort and acquisition of high-quality and standardized 
imaging: it has been previously mentioned some of the most common imaging 
modalities currently used: CT, MRI and PET imaging. These different methods allow 
for wide variations during acquisition and image reconstruction protocols. Therefore, 
there is a lacking in standardization of these reconstructing protocols. It is important 
to note this, as variations in acquisition of images may introduce distortions not 
caused by biologic effects. That is the reason why in quantitative imaging it may be 
useful to define limits of bias and variance in data. 

However, as a previous step, some features from the group of patients from which 
images are obtained must be taken into account. High heterogeneity in the patient 
cohort could introduce too much variability into the dataset. And also, including 
patients whose treatments vary significantly could dilute the impact of the findings 
achieved. 

2. Identification of the volumes or regions of interest (ROI) and segmentation of 
the images: In the case of tumors, these could be present at one or more separated 
regions. As a response to this, it has been proven the interest of identifying not only 
the general volumes of interest but also the subvolumes within tumors that could 
have prognostic value. Moreover, properties such as heterogeneity in tumors are 
increasingly been taken into account in this field. In the case of head and neck cancer, 
these tumors show important local setup variations, which makes planning a target 
volume margin sometimes inadequate to deal with these uncertainties [10].  
However, new methods like ‘Multiple ROI registration and correction’ are being 
developed in order to improve the process of definition of the ROI.  

 

Figure 4: Multi ROI registration method for Head and Neck cancer on bony structures (from [10]). 
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Figure 4 shows the regions identified with the method mentioned above for head and 
neck cancer. The patients with nasopharynx, hypopharynx, oropharynx, larynx and 
oral cavity carcinomas were verified with this registration method, although those 
with tumors on the parotid gland, nasal captivities and brain were considered apart 
from this model. As it can be seen on the picture, the spinal cord sparing is critical. 
For example, when dealing with an oropharyngeal cancer case, a high cervical (C1–
C3) vertebral body would be the most reasonable ROI choice [11]. 

After the identification of the ROI, segmentation must be performed. This can be 
considered as one of the most critical steps, as feature data will be generated from 
these segmented volumes. As tumors present usually indistinct borders, it is specially 
challenging to apply an accurate segmentation to the volumes of interest. As a 
consequence of this, an optimum approach to the problem of segmentation will 
require both automated segmentation methods and manual curation, typically by an 
experienced radiologist or oncologist. Finally, volumes and subvolumes of interest 
could be rendered in 3D in order to perform a better and more complete extraction of 
radiomic features [12]. 

3. Quantitative extraction of radiomic features from the segmented volumes of 
interest: These features are often classified into two types: semantic features and 
agnostic features [12]. The first group includes features which are used in the 
radiology lexicon to describe volumes of interest, with the purpose of their 
quantification with computer assistance. Semantic features are of prognostic value, 
and therefore some investigations in radiomics work into developing radiology 
lexicons. 

On the other side, agnostic features are defined as quantitative descriptors which are 
mathematically extracted from the images. Although agnostic features include 
different approaches, the most systematic one is to try to identify redundant features. 
For this purpose, agnostic features are usually divided into first, second and higher 
order statistical descriptors. First order descriptors refer to the distribution of values 
without spatial relationships, and generally extracted with histogram-based methods 
(e.g. mean, median, maximum, minimum, entropy, intensity, skewness or flatness). 
This means that first order statistics take into account only individual pixel values, 
without considering possible relationships with neighboring pixels. On the other 
hand, second order descriptors define texture features such as statistical 
interrelationships between voxels related by their contrast values, assessing the 
likelihood of spatially correlated pixels. Finally, higher order methods are used to 
find repetitive or non-repetitive patterns, generally by filtering in different ways the 
images. A deeper approach to the different radiomic features will be made during the 
next sections. 

Semantic features Agnostic features 

Size Histogram (skewness, kurtosis) 

Shape Haralick textures 

Location Laws textures 

Vascularity Wavelets 

Spiculation Laplacian transforms 

Necrosis Minkowski functionals 

Attachments or lepidics Fractal dimensions 
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Table 2: Examples of semantic and agnostic features [12]. 

4. Statistical analysis and modeling of the radiomic features extracted: The final 
step consists on analyzing the selected features and, if possible, finding relationships 
with treatment outcomes or with the gene expression. But before proceeding with 
statistical analysis and data mining, it is necessary to build large, reliable and high-
quality data sets. In the previous step of the workflow defined the features from the 
segmented regions are extracted, and now the goal is to analyze all the data, building 
models and finding patterns with several statistical approaches. It is in this step in 
which this work will focus, as a goal will be to extract and visualize the information 
obtained. Therefore, this process of statistical analysis of radiomic features will be 
explained during the next sections. 

1.3.3.1 Radiomic features 
 

Before focusing on the statistical analysis of the radiomic data, it is important to define which 
kind of features are being used, and how can one identify and classify these features. The 
previous sections introduced some of the classification processes applied to radiomic 
features. On the one hand, the semantic features were defined as those related with the 
radiology lexicon defined to describe the volumes of interest. On the other hand, agnostic 
features include all those quantitative descriptors extracted with mathematical methods from 
the images. However, it is often stated that radiomics can be performed with at least 100 
samples, but of course larger data sets will be more powerful and provide more reliable 
information [12]. This means that, as these analyses will be working with hundreds of 
different radiomic features, it is useful to apply different classifications depending on which 
specific field of analysis this features will rely on. 

As it has been mentioned before, agnostic features can be classified into different groups 
according to which statistic descriptors are usually taken into account: 

 First order statistics: This group of features describes the distribution of values 
without taking into account spatial relationships. However, it is common to divide 
first order statistics into two sub-groups: Intensity features and shape and size 
based features [13]. The first group includes those features describing voxel 
intensities within the image through commonly used metrics. These include metrics 
such as energy, entropy, kurtosis, maximum, mean, median, skewness, Root Mean 
Square (RMS), uniformity, standard deviation, etc. On the other hand, the second 
group includes all those three-dimensional descriptors that define shape and size of 
the tumor region. Examples of this are compactness, 3D diameter, sphericity, surface 
area, surface to volume ratio, etc. 

 Second order statistics, also defined as textural features: This second group of 
agnostic features show information regarding the relative positions between the 
elements of the images, describing the spatial distribution of voxel intensities. When 
dealing with CT-image based features, one can extract a gray level distribution 
representing the voxel intensities of the image. These grey levels are resampled, 
discretized and normalized, allowing it to the comparison of textural features 
between different patients. With the known grey levels of the image, three texture 
matrices are usually built, from which different textural features are  extracted: 

o Gray Level Co-occurrence Matrix (GLCM): This matrix is used in order to 
define second-order joint probability function of intensity levels 
(representing the number of times a combination of a certain intensity levels 
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occur in the image). From this matrix, features such as autocorrelation, cluster 
prominence, cluster shade, contrast, difference entropy, dissimilarity, 
homogeneity and many others are extracted and computed. 

o Gray Level Run-Length (GLRLM): The main goal of this matrix is to 
quantify the gray level runs (number of consecutive pixels with a same gray 
level) in an image. Examples of statistics obtained from these matrices are 
Short and Long Run Emphasis (SRE and LRE), Gray Level Non-Uniformity 
(GLN), Run Percentage (RP), etc.  

o Grey Level Size (GLSZM): Gray-level size metrics quantify the size of same 
gray level zones within an image. Some of the metrics extracted from this 
matrix are intensity variability (IV), size zone variability (SZV), zone 
percentage (ZP) or small and large area emphasis (SAE and LRE). 

 Higher order statistics: This last group includes metrics and methods which extract 
patterns from images by applying filter grids and other mathematical transformations 
to the images. Some of the most commonly used are: 

o Wavelet transform: The main goal of Wavelet transform is to decouple 
textural information from the image by applying a decomposition of the 
images into high and low frequencies [13]. An example of scheme of an 
undecimated three-dimensional wavelet transform is represented in          
Figure 5, where x, y and z represents each one of the dimensions, and the 
labels L and H refers to the type of filtering applied to the image. For instance, 
XLHL is the result of filtering the image X by a low-pass filter in the x-direction, 
by a high-pass filter in the y-direction, and by a low-pass filter in the z-
direction, like shown in the equation: 

, , = + , + , +  

being NL and NH the length of filters L (low-pass) and H (high-pass) 
respectively. Finally, for each of the decomposed images (XLLL, XLLH, etc.) one 
can then apply the first and second order statistics described above. 

        

         Figure 5: Scheme of a three-dimensional wavelet decomposition (figure extracted from [13]). 

o Laplacian of Gaussian transform (LoG): Laplacian functions are normally 
used for corner and edge detection within images. Before applying the 
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Laplacian function, images are often filtered (typically by a Gaussian 
filter) in order to reduce noise [13]. The formula of LoG of 2D Kernel 
with Gaussian filtering would result as follows: 

, = −
1

1 −
+
2

 

being σ the Gaussian radius parameter. 
o Minkowski functionals: Being commonly used in cosmology as precise 

morphological descriptors, Minkowski functionals allow the 
characterization of multidimensional objects depending on their shape, 
structure and connectivity. In the case of 2D Minkowski functionals, they 
allow the parametrization of the heterogeneity of contrast agent 
accumulation, increasing the sensitivity when detecting this contrast 
agent in drug-treated tumors [14]. 

Once defined the radiomic features that will take part in the analyses, it is time to classify 
them and asses their prognostic value. As it has been mentioned before, in radiomics it is 
needed to use large amounts of features. In order to reduce the redundancy of information, a 
process of feature selection and classification is usually performed. This and other matters 
will be explained in detail during the next section. 

1.3.3.2 Statistical analysis of radiomic features: building a radiomic signature 
 

As in many other fields, data mining is used in radiomics to discover patterns into the 
available data. Data mining can be performed by applying artificial intelligence, machine 
learning or other statistical approaches. However, machine learning approaches are agnostic 
(this means they don’t use any previous assumptions), while in the context of radiomics the 
models are used in a specific medical context, being defined by a specific endpoint. For this 
reason, it is desirable that patient features are included into the models. Information such as 
genomic profiles, histology, serum markers, patient histories or biomarkers are important 
covariates for each specific-use case. And although all these covariates are not always 
available, the models built should accommodate to sparse data. 

As it has been mentioned in previous sections, the process of radiomics requires databases 
built with images and data from hundreds of patients. Hence, radiomic analysis always 
generate high-dimensional feature spaces. For this reason, reducing the dimensionality of 
this radiomic feature space and enhancing the performance of radiomic models appears as 
an important goal when working with these databases. Therefore, feature selection and 
classification are often applied in order to reduce the redundancy and size of the databases 
analyzed, and to build, finally, the radiomic signature. Different metrics are calculated and 
taken into account when applying this step, focusing mainly in two important aspects: the 
feature stability and the prognostic and predictive performance of features. 

One of the first questions that arises from this process is: how can one decide the prognostic 
or predictive value of the radiomic features? It might seem obvious to compare the features 
with clinical parameters, depending on the specific aspects one wants to assess (tumor stage, 
metastasis development, probability of survival, etc.), as well as an association with 
histological information. However, there are different approaches when defining the 
prognostic and predictive performance of radiomic features. Among the most popular 
metrics used arises the concordance index (CI). The CI represents the probability that among 
two randomly drawn samples, the sample with the higher risk value has also the highest 
chance of presenting an event such as death, development of metastasis, or any other case of 
study on the goals of each radiomic analysis) [13]. In other words, the CI could be seen as 
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the probability of concordance between the predicted value and the observation [15]. 
However, the concordance index is sometimes referred as a generalization of the area under 
the region of interest curve (AUC), a metric that is also performed to assess the predictive 
performance of feature selection and classification methods [16]. 

An example of CI performance is shown in Figure 6. The study made in [13] applied the 
radiomic analysis to the possible prediction of distant metastasis in lung adenocarcinoma. 
The features extracted were divided into 5 different groups. Finally, the CI index of 
metastasis development was calculated to each of the features studied, and represented along 
with the CI index of survival of each of the features. After building the lineal regression 
model, it was found that these features show a strong prognostic power in this particular case 
of study. 

 

Figure 6: Univariate performances of prognostic features for distant metastasis and survival (figure 
extracted from [13]). 

Once assigned a prognostic power to the radiomic features, it is now necessary to proceed 
to the selection and classification processes. And this steps must be performed very carefully, 
as some studies have proven that the classification and selection methods are likely to 
introduce a high variation to the prediction performance of the radiomic signature, whereas, 
surprisingly, the size of the feature subset shows a low contribution into this variance [16]. 

A wide range of feature selection methods is currently available, depending on the metrics 
taken into account, the type of tumor, the target variables, etc. Therefore, feature selection 
methods are divided into three categories: wrapper methods, embedded methods and filter 
methods. Wrapper methods are those which search through the feature space and find a 
relevant and non-redundant feature subset. However, these methods require training and 
validation of the classifier or model in order to validate the utility of the different subsets 
considered. As a result of this, wrapper methods show up as non-efficient selection methods. 
On the other hand, embedded methods incorporate feature selection as a part of the training 
process, reducing the computational cost, but lacking in the generalizability [16].  

Filter methods arise as the most computationally efficient and present high generalizability 
and scalability. These methods rank the features according to a scoring criterion, often 
known as ‘relevance index’. Hence, these methods can be divided into univariate methods 
and multivariate methods (Table 3). Univariate methods take into account only the relevancy 
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of the features assessed without considering the redundancy, whereas multivariate methods 
take feature relevancy and feature redundancy into account. Note that feature relevancy 
refers to the association of the outcome variable and the scoring criterion, while feature 
redundancy refers to the amount of redundancy present in the assessed feature compared to 
the complete set of features selected. 

Filter methods 

Univariate methods 

Fisher score (FSCR) 

Relief (RELF) 

T-Test (TSCR) 

Gini index (GINI) 

Wilcoxon (WLCX) 

Mutual information maximization (MIM) 

Multivariate methods 

Mutual information feature selection (MIFS) 

Mutual redundancy maximum relevance (MRMR) 

Conditional infomax feature extraction (CIFE) 

Joint mutual information (JMI) 

Double input symmetric relevance (DISR) 

Interaction capping (ICAP) 

Table 3: Examples of filter methods for feature selection [16]. 

Once feature selection has been performed, it is possible to apply feature classification. In 
machine learning, classification is defined as a supervised learning task of inferring a 
function from labeled training data [16]. Several classification algorithms exist for this task, 
and once again depending on which kind of analysis and variables taken into account, one 
must decide which ones are more suitable. Examples of classifier families are Decision 
Trees, Boosting, Neural networks, Nearest neighbors or Generalized linear models. 

Feature selection and classification are therefore used to deal with the high-dimensional 
feature space obtained in radiomic analysis. However, sometimes feature clustering is 
performed with this same exact goal, and hence it is important to note the difference between 
feature classification and feature clustering: classification is a supervised learning task, while 
clustering is an unsupervised task. Both analysis pursuit an efficient and manageable analysis 
of the feature space, but from different perspectives of the machine learning techniques. 
Furthermore, the technique known as consensus clustering, a resampling based methodology 
which quantifies the consensus between several clustering iterations and estimates the 
number of clusters that best fits the data, has proven to provide robust radiomic feature 
clusters and to significantly reduce the feature redundancy with Lung and Head and Neck 
cancer databases [17]. 

As it has been mentioned before, assessing the stability of the resulting feature space (once 
applied selection, classification or clustering) is crucial to measure the robustness of the 
methods. Although there are different ways of assessing stability, it is often calculated by 
applying test-retest analysis into the available datasets. For instance, Chintan Parmar et al. 
[16] define stability of a feature selection method as the similarity between the results 
obtained by the same feature selection method, when applied on the two non-overlapping 
partitions of the training cohort. In the same study, stability of a classifier is quantified using 
the relative standard deviation (RSD %), defined as 
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∗ 100 

being  and  the standard deviation and the mean of AUC (area under ROC curve, 
relevance index used in that study for measuring the predictive performance) values 
calculated for a validation cohort, once applied a specific classification method. Hence, 
higher stability of the classifier method will correspond to lower RSD values. 

 

Figure 7: Scatterplot between stability and predictive performance (AUC) of feature selection 
methods in [16]. 

Figure 7 shows a typical stability/predictive performance analysis, in which the different 
selection methods applied over the feature space (which are labeled in Table 3) are assessed. 
In that case, Wilcoxon selection method (WLCX) shows up as the one with highest 
predictive performance, while Mutual information maximization (MIM) arises as the most 
stable one. A threshold for both variables (predictive performance and stability) is defined, 
and therefore Wilcoxon arises as the method with better performance in both metrics[16]. 

Finally, once taken into account the processes of selection and classification of the radiomic 
features, it is possible to build a radiomic signature with those features which show to be 
more relevant and less redundant for the concrete study cases. And, as in every machine 
learning study, a process of training and validation must be performed. Therefore, the size 
and quality of the databases being studied will also be crucial in order to determine the 
quality and reliability of the study. It is expected a more efficient acquisition of images and 
data due to standardization and the appearance of new techniques, with the purpose of 
building large, high-quality and appropriately curated (with proper identification and 
validation of cases) data sets. 

An example of use of different databases for radiomic analysis is shown in Figure 8, which 
refers to the study made in [18]. This study assesses the power of radiomics for decoding the 
tumor phenotype, particularly when dealing with lung and head and neck cancer. Therefore, 
two datasets (in orange) are used to calculate feature stability ranks. A third dataset (in blue), 
containing data of 422 lung cancer patients, is used as a training data set, from which features 
are selected (according to the ranks defined before and the prognostic relevance) and 
classified into four groups. A radiomic signature is then built and validated with new 
different data sets: first with a different lung cancer dataset, then with head and neck cancer 
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datasets, and finally with a new lung cancer dataset, with the purpose of finding an 
association between the radiomic signature and the underlying biology and the gene-
expressions. 

 

Figure 8: Example of radiomic modeling with seven different databases (figure extracted from [18]). 

The study shows, finally, a strong prognostic power of the radiomic signature, validating its 
performance by using the concordance index (CI). The study also shows the strong potential 
of combining the radiomic signature with other type of data (such as volume information). 
Another interesting result is the multiple associations found between the radiomic signature 
and gene-expression patterns, as the features related with intratumor heterogeneity were 
strongly correlated with cell cycling pathways, showing a higher proliferation of more 
heterogeneous tumors. These results open the window to new treatment outcomes and 
approaches, showing the promising horizon of radiomic analysis. 

 

1.4 MAIN GOALS OF THE WORK 
 

The present work has been conceived around two main goals:  

 To identify and define the methods used to represent radiomic data and the 
correlations between this data and clinical information. 

 To define and build a software solution applying different kinds of radiomic analyses, 
using databases from the project BD2Decide, and using the representation methods 
defined before. 

Furthermore, other secondary goals have also been defined for this work: 

 To provide a visual interface adapted to the main user needs from the researchers and 
users within the BD2Decide project. 

 To incorporate a wide range of variables to include into the radiomic analyses 
performed by the software tool, like different feature classification and selection 
algorithms, or the possibility of selecting the inclusion/exclusion criteria (the 
radiomic and clinical data to take part in the analyses) according to the user requests. 

 To validate the solution given by the members from BD2Decide and potential users. 
 To identify the potential uses of the solution given and the future steps in order to 

adapt the tool to new scenarios, like the inclusion of new types of data or 
visualization methods.  
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2 MATERIALS AND METHODS 

The purpose of this section is to describe the materials (bibliography, software tools, 
browsers and others) and methods followed during the preparation and realization of the 
present work. 

2.1 LITERATURE ANALYSIS OF CURRENT VISUALIZATION AND 
REPRESENTATION APPROACHES IN RADIOMICS 

 

The first step when preparing the present work was to search the available literature on the 
different topics include, with the purpose of defining a context about head and neck cancer, 
radiomics and the visualization methods used in radiomics. Two main tools have been used 
to search the bibliography used in this work: Google scholar and Mendeley; however, the 
first one has been used more often, as a consequence of being more experienced on it. The 
research on the different topics covered on this work has been done by analysing first the 
context of head and neck cancer, then the different imaging techniques during cancer 
management and finally focusing on radiomics. Consequently, the bibliography used for 
each of the sections has been search and found using different criterions: 

 Context of head and neck cancer and cancer imaging: The first approach was to 
search for the current context of cancer, before focusing on head and neck cancer. 
Research was made using a combination of keywords such as ‘cancer current status’ 
or ‘cancer overview’. The work from World Health Organization (WHO) when 
describing the general context of cancer was very useful as a first approach to the 
topic of this work. Then, in order to describe the head and neck cancer context, a 
combination of keywords ‘head and neck cancer overview’ or ‘head and neck cancer 
context’ was used. The American institution ‘National Cancer Institute’ provided a 
wide description of the status of Head and neck cancer, which was completed with 
other articles from ‘Nature’ magazine. Besides, two parameters showed special 
relevance when studying head and neck cancer: the TNM staging and the HPV status. 
A brief explanation on these topics was included in the first section, using keywords 
in the research such as ‘TNM stage explanation’ or ‘HPV status’. Finally, the context 
of imaging and cancer was also needed as a necessary step before obtaining radiomic 
data. Keywords used on this matter were ‘cancer images’, ‘imaging and cancer’, 
‘context cancer imaging’ or ‘cancer imaging techniques’. 

 Radiomics: This topic constitutes the ‘heart’ of the research. Therefore, a wide 
research has been made on this topic. As a first step, an introduction of radiomics 
was needed, for which a search was made using the keyword ‘radiomics’ or 
‘radiomics context’. As a good understanding of the whole process was very 
important, it was necessary to describe the workflow followed in every radiomic 
study. Although many of the works on radiomics include a description of this 
workflow, new research was made by using, simply, the keywords ‘radiomics 
workflow’. 

 Visualization of radiomic data: This point has determined the way the visualization 
module has been designed. Thus, a special focus has been made on this topic. 
Throughout the research made on the topic ‘radiomics’ the different types of 
visualizations were already used. However, a more detailed approach was made by 
searching on Google Scholar with the keywords ‘radiomics visualization’ or 
‘radiomics visual representation’. It must be said that no specific works or papers on 
this topic were found and, therefore, the state of art was written taking into account 
the whole collection of radiomic studies used during this work. Furthermore, 
additional research was needed in order to understand some of the concepts used in 
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the radiomic studies, such as the meaning of ROC curves or how to build and 
interpret heatmaps, Kaplan-Meier curves (using keywords like ‘ROC curve 
definition’, ‘heatmaps radiomics’, ‘Kaplan-Meier curves’). 

 Building a radiomic visualization module: This last part was designed taking into 
account what is described in the previous paragraph (visualization of radiomic data). 
Therefore, the bibliography used there applies also to this part. A graphical summary 
of the whole literature research process is shown in Figure 9.  
 

 
 

Figure 9: Schematic representation of the steps followed in the literature research. 

2.2 BD2DECIDE AS FRAMEWORK FOR DESIGNING AN APPLICATION TOOL 
 

As it has been mentioned in the introduction of this paper, the present work has been 
designed and developed in the context of the BD2Decide project. The knowledge obtained 
from experts and researchers collaborating inside the project has defined, in a way, the 
approach taken when designing the software tool, as well as the data given, images provided 
and other resources. Thus, the works published and shared by this consortium have also been 
of great help during this project. Therefore, the works of the consortium have mainly 
contributed to this project in different ways: 

 Literature and bibliography: some of the documents on radiomic data developed by 
members of the consortium have been used during the process of building a state of 
art on radiomic data and how to visualize it. Radiomics is yet not a very well-known 
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concept and literature available about it is still scarce, although growing. The works 
of some of the members of the BD2Decide Consortium have been very helpful in 
this matter. 

 Databases: One of the key points of the present work is the design of a Radiomics 
Visualization Module for representing radiomic data. During the process of 
designing such module it was necessary to know what radiomic features were being 
extracted and used inside the BD2Decide Consortium, as a reference to build the 
graphs and visualization tools. With this purpose, radiomic features extracted from 
databases from MAASTRO Clinic (Maastrich, Netherlands) and POLIMI 
(Politecnico di Milano, Italy) have been taken as a reference when analyzing the 
possibilities available for representing radiomic data. However, it must be said that 
not all radiomic studies that have been used during this work, and which have been 
important for defining the visualization tool, use only databases included inside the 
BD2Decide Consortium. 

 User needs: Some of the goals of this shared are shared with the BD2Decide 
Consortium project, as well as the final users of the tool built. Therefore, the 
information and description papers from BD2Decide (available in 
http://www.bd2decide.eu/) have inspired the methodology and content from the 
section 3.2.1, in which the module goals, use cases, personas and scenarios are 
defined. 

It can be said that this work tries to continue the methodology and structure followed in the 
BD2Decide Consortium works, while maintaining its independence. 

2.2.1 Introduction to Visual Analytics Tool 
 

The Visual Analytics Tool, often referred simply as VAT, has been developed inside the 
BD2Decide Project with the purpose of giving support to the work of researchers and 
clinicians, by providing them with a tool for analysing, representing, interpreting and sharing 
data involving HNSCC 77. The VAT focus is centred on the exploitation, representation and 
visualization of information retrieved from large-scale and heterogeneous sources, and to 
present all the data collected and ordered in a user-friendly way. 

The VAT has been designed taking into account a list of activities to be provided to the 
researchers. These activities include: 

 Conduction of a literature analysis: To carry out a state of art and to keep the 
researcher up-to-date. 

 Selection of patient clusters as basis for further analysis: To select data and, 
specifically, patient features that are used as filter conditions for the rest of the 
analysis. 

 Performance of statistical analyses: To give direct access to the statistical models 
developed by the BD2Decide project. 

 Big Data Analytics requests: To give access to clinical and research request that 
would require a deeper analysis. 

 Research queries on demand: To perform raw queries based on specific parameters 
defined by the users. 

 Analysis of similar cases: To perform automatic clustering correlations taking into 
account the inclusion/exclusion criteria selected. 

This list of activities to perform are implemented through different modules inside the VAT. 
The researcher is able to choose the different steps to work through after starting the project. 
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When selecting the ‘patient cluster’, a so-called ‘virtual patient’ is defined by choosing the 
criteria corresponding with the indicators from clinical data obtained in the hospitals taking 
part in the project. The user is able to define for every option in each one of the indicators 
whether it is of interest or not. For example, one can select the item ‘smoker at the time of 
diagnosis’ with the value ‘current’ as an inclusion criterion, and then the data will be adjusted 
in the tool according to that. After each activity performed, the user will be able to each data 
type as relevant and to specify if the outcomes obtained should be taken into account as new 
knowledge or not. 

 

2.3 BUILDING A SOFTWARE TOOL FOR VISUALIZING RADIOMIC DATA 
 

The process of building the Radiomic Visualization Module involved the use different 
software tools, each one with a different goal: 

 The module has been constructed using Django, a free and open source web 
application framework written in Python. To achieve a faster knowledge of Django, 
a tutorial, called Django Girls Tutorial, was followed. This tutorial is included in the 
webpage from the Django Girls organization (https://djangogirls.org/). 
 

 To build a project in Django required not only using the latest versions from Python 
(in this case, it has been used the 3.6.3 version), but also to install Django. The 
version installed is the 1.8. The webpage https://www.djangoproject.com/ includes 
all the documentation needed for developing a project with Django, such as 
definitions of models, functions and many other elements included in a project from 
Django. Furthermore, some other tools for developers were used, such as the HTML 
and css tutorials from W3schools (https://www.w3schools.com/), the forum from 
https://stackoverflow.com/, and many other webpages found in Google which could 
lead to the resolution of the problems that have been showing up during the building 
of the tool. 
 

 Regarding the visual structure and definition of the module, Cascading Style Sheets 
(CSS) language was used. This language allows defining the format and style of the 
web application. Furthermore, a framework called Bootstrap was used with the same 
purpose.  
 

 Jupyter Notebook: Before building the whole module structure, all the operations 
regarding database management, radiomic feature selection and classification or 
testing of different types of visualization libraries were performed inside a Jupyter 
Notebook, which allows executing Python (or many other languages) files in a 
simple but well organized manner. It can be said that it has provided me with a 
valuable ‘proving ground’, and therefore it has been an important tool for developing 
the functionalities of the module. 
 

 Sublime Text 3: This popular code-editor has been the base in which the module has 
been built. Its installation is free and simple, as well as the way to use it. 

The Radiomic Visualization Module needed some specific libraries and packages to perform 
the machine learning methods needed to apply radiomic analyses, including: 
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 Scikit Learn library: Python library which provides simple and efficient tools for data 
mining and data analysis, such as classification methods, clustering algorithms or 
regression models. This library is included in the latest Python version used (3.6.3), 
so no installation process was needed. 
 

 NumPy, SciPy and matplotlib: scikit-learn library has been built usind these three 
popular python libraries, which are fundamentally used for scientific computing and 
database managing in Python. Matplotlib provides efficient 2D plotting methods for 
building quality figures, however, different figure visualization approaches have 
been used during the development, as it will be explained. 

Finally, after being able to perform some of the radiomic analyses that were necessary to 
build the module, the final step was to build the graphs and visualizing the results in a user-
oriented way, allowing the final users to select and edit the data with different functionalities. 
For this purpose, different Python libraries were selected: 

 Seaborn: Python visualization library based on matplotlib, useful for building 
different types of statistical graphics. The use of this library required an easy 
installation within the system. This library was initially useful for representing some 
specific types of radiomic visualization graphs (especially heatmaps). However, the 
results obtained with this library were not completely satisfactory, as it would only 
allow to build a static image in .png or .jpg formats. The purpose of the visualization 
module is to provide an interactive tool, which should allow users to select and 
configure the data and results with certain freedom. For this reason, and having 
obtained some interesting results with Seaborn, it was finally decided to discard the 
use of this library. 
 

 D3.js: During the research of tools that could fullfill the requirements for the module, 
D3.js appeared as an interesting collection of libraries. In the case of heatmaps, one 
of the most common ways to represent radiomic data, D3.js showed some interesting 
possibilities. Although D3.js was not finally used directly, the heatmaps built with 
Plotly are D3.js-based. The additional features provided by Plotly, as well as the 
possibility of adapting to it graphical objects built with other libraries, made it more 
comfortable to create the graphs on that library, as it will be explained later. 
 

 Clustergrammer: As well as with D3.js and Seaborn, this web-based tool showed 
interesting features for representing heatmaps, a specific type of radiomic 
visualization method. However, this tool could not be integrated into the software 
tool developed, as its use is restricted to the own ‘web-page’ from ‘Clustergrammer’ 
and some additional widgets for other platforms. 
 

 Lifelines: This Python library is mainly intended for developing different types of 
survival analyses with Python. It is not included in the latest versions of Python and, 
therefore, an installation process was also required. This library was mainly used for 
building Kaplan-Meier curves, a survival analysis method which is common in some 
radiomic analyses, and which will be explained in later sections. The problem of the 
visualization tools of this library were similar to the ones that showed up with 
Seaborn; this is, the generation of external plots of static images which allow no 
further examinations or formatting of data. However, a special functionality of Plotly 
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library, which will be explained after this, allowed me to import the Kaplan-Meier 
figures created with Lifelines to a Plotly format. Therefore, the Lifelines library was 
finally used in the module. 
 

 Plotly: One of the key tools used during the development has been Plotly, which 
provides a data analytics and visualization tool with many possibilities for editing 
and changing dinamically the graphs created (https://plot.ly/). This tool matched 
exactly the requirements defined for the Radiomic Visualization Module, as it will 
be seen later, thanks to a user friendly design and a workspace with many possibilites. 
Furthermore, although it is originally meant to work in an ‘online’ mode (by storing 
the figures created in a web directory), it allows working also in an offline mode. 
However, Plotly requires a ‘Sign up’ process, which was made to hace access to the 
installation of the tool and its use. Furthermore, as it has been mentioned before, 
some Plotly functions allow exporting some (unfortunately, not all) Matplotlib 
formatted figures into a Plotly format, which provided me more flexibility to work 
with different libraries. 
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3 RESULTS 

3.1 VISUALIZATION AND REPRESENTATION OF RADIOMIC DATA 
 

As it has been pointed out in previous sections, the main goal of radiomics is to provide new 
information and data for improving decision-making when dealing with tumors. Therefore, 
in this context it is important not only to find the correlations between the radiomic data and 
clinical parameters, but also to provide an intuitive way for clinicians to incorporate this new 
field into the decision-making chain in an understandable and fluid way. Hence, the goal in 
this and the next sections will be to define how radiomic information is currently treated and 
represented. 

The radiomic workflow mentioned on section 1.3.3 explains the processes in which radiomic 
data are achieved, analyzed and curated in order to determine the prognostic value of this 
data and to build, finally, a radiomic signature. For this purpose, it is important to define 
which specific information researchers aim to acquire and correlate with the radiomic data. 
Some of the most common parameters assessed in radiomic studies are tumor stage [18], 
HPV status [21], survival rate and life expectancy [18], likelihood of developing distant 
metastasis [13], or relations between the radiomic data and the different groups of 
patients, according to their age, gender or habits. This will of course vary according to 
factors as the type of tumor treated or the own clinician’s criteria. Some of the metrics often 
used to study the correlation of radiomic data with clinical parameters have already been 
mentioned, referring mainly to the ROC curve resulting from using the radiomic data for 
classification. Derived from this, the area under the ROC curve (AUC) and the Concordance 
Index (CI), which is a generalization of the AUC, will be used when classifying or clustering 
the different radiomic features into different groups. 

Taking a look to the different radiomic studies made during the last years, there are some 
representation methods which are commonly used to show the results. The most common 
ones are heatmaps and Kaplan-Meier curves. However, as radiomics explore the possibility 
of using some radiomic features as classifiers on specific clinical parameters, ROC curves 
are also used to assess the success of these radiomic classifiers. Finally, scatterplots are also 
used in different papers to represent the performance of radiomic feature selection and 
classification methods. These four representation methods will be now explained in detail.  

Radiomic features and heatmaps 

Heatmaps can be defined as two-dimensional graphical representations of data where values 
of a variable are represented using colors [19]. This method allows visualizing radiomic data 
in an effective an easily interpretable way. One must select the data he/she wants to represent 
along both axes and in which order this data will be presented, depending on the type of 
analysis wanted. And when it comes to radiomic studies, there are different types of analysis 
that can be made, as it will be explained later. However, heatmaps are used in radiomics 
for three main purposes: to find correlations between radiomic features and clinical 
outcomes, to seek for possible correlations between radiomic features, in order to discard 
redundancies [13][18][19][20][24], and to represent the performance of different 
radiomic feature selection and classification methods [12][13][16][17]. Figure 10 shows 
an example of how clusters of radiomic features can be assessed according to their 
association with clinical parameters: 
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Figure 10: Heatmap showing the prognostic performance, assessed by the Concordance Index, of 
radiomic features in lung tumor cohorts and HNCCS cohorts (from [17]). 

During the study made in 76[17] feature clustering is performed using the technique of 
consensus clustering, which has been described in section 1.3.3, obtaining a number of 
feature clusters that are correlated with clinical data. The study used the concordance index 
to quantify the association between radiomic feature clusters and patient survival, while for 
quantifying the association between feature clusters and clinical parameters (in this case, 
Lung cancer histology, HPV status or lung or HNSCC tumor stage) AUC was computed.  
The authors of the study define a CI or AUC under 0.6 as a poor performance, between 0.6 
and 0.75 as a moderate performance and a value greater than 0.75 as a strong prognostic 
performance. The purpose of the heatmap shown in Figure 10 is to determine the prognostic 
value (capability of determining patient survival) for several radiomic features extracted 
from two different patient cohorts: one of them corresponding to head and neck cancer 
patients and the other taken from a group of lung cancer patients.  The CI values are assigned 
to different grades of blue, so that the superposition of both lung and head and neck cancer 
cohorts can show visually a similar or different performance of the radiomic features for 
both groups. As it can be seen, many of the features (concretely 143) show prognostic 
relevance in both groups, whereas some others seem to be valuable in only one of the tumor 
types, or just without any kind of prognostic value. 

This first example belongs to the first group of uses of heatmaps in radiomics that has been 
defined before, as the purpose is to relate radiomic features with clinical outcomes, trying to 
assess which radiomic features have prognostic value (measured with the CI) simultaneously 
in cases of lung cancer and head and neck cancer. It must be said that this kind of study is 
not the most typical one can find in the available literature. However, its simplicity helps to 
understand how heatmaps use when dealing with radiomic data. A perhaps more complex 
example of this is shown on Figure 11: 
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Figure 11: Heatmap representing the clustered radiomic features in relation with histology and stage 
of the tumors (from [18]). 

The graph shown in Figure 11 corresponds to the study made in [18]. In this study, 
unsupervised clustering is performed with the purpose of finding patients with similar 
radiomic expression patterns. Then, Z-scores are calculated in order to examine if the 
clusters built have indeed similar patterns. Z-score calculations work by normalizing the data 
available, based on the AUC or CI calculation made over all the radiomic features, by 
measuring how many standard deviations below or above the population raw score there are 
for each feature. Furthermore, additional axes have been built in order to find possible 
relations between the radiomic feature clusters and specific clinical parameters. In this case, 
histology, tumor stage (taking into account the TNM staging notation, which has been 
defined in previous sections) and overall stage. Other classifications are also taken into 
account, as in the vertical axis the different types of radiomic features defined in the study 
(intensity, shape, textural and wavelet-based) are represented. Comparing the three clusters 
built before, which contain the three groups of patients with similar radiomic patterns, with 
the clinical parameters, it is possible to extract some conclusions. First of all, a significant 
association was found with the primary tumor stage (T stage) and the overall stage, wherein 
the cluster I shows high correspondence with lower stages [18]. However, N-stage and M-
stage showed no relation with the radiomic expression patterns. At the same time, a high 
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association was also found with histology, where the squamous cell carcinoma shows a high 
presence in the cluster II. On the other hand, no associations were found between the feature 
group (vertical axis) and the radiomic expression patterns.  

It has been shown how heatmaps arise as a very common way of evaluating the radiomic 
features and finding possible relations between groups of features and other variables. 
Similar studies can be found in [8] [13] [16] [17] and [23], with slight differences (typically, 
using different scoring criterions like CI or AUC instead of the Z-score. Another important 
use of heatmaps in the field of radiomics is related with the selection of the radiomic features 
used for building the radiomic signature, according to their potential clinical value and the 
redundancy between them. And heatmaps can also help to show possible correlations 
between the radiomic features extracted, helping the researcher to select and discard the 
features, as it is shown on Figure 12: 

 

Figure 12: Heatmap showing the correlation between a set of radiomic features (taken from [12]). 
Both axes show the complete set of radiomic features. 

Along both axes from the heatmap represented in Figure 12, a total of 219 radiomic features 
extracted from non-small cell lung cancer tumors in 235 are represented [12]. All radiomic 
features are displayed through the axes in the same order. Then, using regression analysis, 
each feature was compared individually with the complete list of features, obtaining 
correlation coefficients that are proportional to the degree of red shown on the heatmap. This 
means a dark value represents a low correlation between the radiomic features, while a 
stronger red value represents a high correlation. Consequently, the heatmap shows a red 
diagonal, corresponding to the correlation coefficients obtained from comparing each feature 
with itself, obtaining the maximum value possible. The features are then clustered and shown 
as one can observe on the figure. Each red square along the diagonal contains a group of 
features that are highly correlated with one another, which means they are redundant. As a 
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result of this, only one feature was chosen to be representative for each of these group of 
features, allowing researchers to perform the process of feature selection [12]. 

The last type of use defined for heatmaps in radiomics has the purpose of assessing the 
clinical relevance (using, again, the AUC or CI criterions) of different radiomic feature 
classification and selection methods, with the goal of providing researchers with those which 
show better performance over the datasets. The quality of the classification and selection 
methods used may have a big influence over the final results of radiomic studies, as it is 
explained in [16]. The process to build these heatmaps is simple: one should first perform 
the feature selection or classification method he/she wants to assess. This method will 
provide a list of radiomic features. The AUC, CI or Z-score values of these features can then 
be calculated in order to set the prognostic value of the resulting set of radiomic features. On 
the other hand, to calculate the stability of each classification or selection methods one can 
use different methods, although a commonly used score in radiomic studies is the relative 
standard deviation [16], which has already been explained in section 1.3.3.2. An example of 
heatmaps representing the prognostic values and stability of radiomic feature classification 
and selection methods can be seen in Figure 13: 

 
Figure 13: Heatmap showing the AUC values over a set of radiomic features selected and 
classified by different methods (taken from [16]). 

In the figure above, taken from [16], AUC is calculated for each of the combinations applied, 
and represented through a color key (dark blue shows high AUC values, light blue represents 
lower values). PLSR (Partial least squares and principal component regression) and GLM 
(Generalized linear models) appear as the feature selection methods with best performance 
for most case, while MRMR (Minimum redundancy maximum relevance) and MIFS 
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(Mutual information feature selection) show the best performance between the classification 
methods. As a consequence of these, it is clear researchers should use any of these algorithms 
to build the radiomic signature. 

Taking into account what has already been explained throughout this section, the utility of 
heatmaps when representing the radiomic data has been proven. It is important to highlight 
the importance of this graphical modality, as the goal during this project will be, precisely, 
to represent visually the radiomic data, and to find ways to make these representations useful 
and intuitive to clinicians and other people involved in the process of cancer treating and 
monitoring. However, heatmaps are not the only way in which radiomic features are 
assessed, as it shall be seen below. 

Kaplan-Meier curves 

When it comes to finding the prognostic value of clinical data, including radiomic data, a 
commonly used method is the Kaplan-Meier analysis. This method was developed during 
the late 1950’s in order to deal with incomplete observations, especially related with survival 
times, taking into account that not all the subjects from a study continue in the study. 
Therefore, the so called ‘times-to-events’ may be important end-point variables, such as 
survival time, time to develop metastasis, or others not necessarily related with clinical 
events [21]. The final goal was, hence, to build a graphical analysis in which the Y-axis 
represents the cumulative probability of the event to happen (typically, the probability of 
survival computed between all the patients of a specific group), depending on the amount of 
time since the observation has begun [21]. 

In the concrete case of radiomic data, these curves can be used to highlight a possible 
correlation between specific radiomic features and life expectancy of the patient cohorts 
analyzed. A fist example is shown on Figure 14.  

 

Figure 14: Kaplan-Meier curves for a radiomic signature on two different Head and neck cancer 
patient cohorts (taken from [18]). Y-axis represents survival probability, while X-axis shows survival 
time in days. 

The aforementioned figure was built as a part of the study made in [18], which assesses the 
performance of a radiomic signature built on a lung tumor patient cohort, but tested on two 
different head and neck cancer patient cohorts: the red one taken from the MAASTRO 
Clinic, and the blue one corresponding to the VU University Medical Center from 
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Amsterdam. The median value of a specific feature is computed, in order to use it as a 
threshold. Then, two group of features are built with this threshold: one group whose values 
are below the median, and another group with values above the median. 

In the case of Figure 14, the shape compactness of the tumor is assessed. Therefore, those 
patients with values for a certain radiomic feature lower than the median (continuous line) 
show lower life expectancy than those whose values are higher than the median (dashed 
line). Reading directly from the figure, it is possible to determine, for example, that the 
patients from the VU Amsterdam that show lower shape compactness than the median 
(continuous blue line) have a probability of approximately 0.5 of surviving 1500 days or 
more. Hence, the study found that patients with more compact or spherical tumors had 
better survival probabilities, and that features describing heterogeneity in the primary 
tumor were associated with worse survival [18]. 

However, Kaplan-Meier curves are not only used to assess the survival probability, as it is 
shown in the example from Figure 15. In this case, the goal of the study made in [13] is to 
assess the probability of developing distant metastasis (DM) in lung adenocarcinoma since 
the beginning of the treatment. The study analyzes two datasets, one with 98 patients and 
another one with 84 patients. Taking a look to the information available on survival, it was 
found that patients with distant metastasis had much lower survival probability than patients 
without it. That is why researchers wanted to look for those radiomic features which best 
predict the likelihood of developing distant metastasis. 

 

Figure 15: Kaplan-Meier curves showing metastasis-free probability since the beginning of the 
treatment (taken from [13]). 

A model which combines a clinical signature and a radiomic signature was analyzed. Three 
radiomic features were selected to build the radiomic signature: Wavelet HHL on skewness, 
GLCM on cluster shade and the Laplacian of Gaussian on skewness. These three features 
showed themselves as significant for prediction of DM on the first dataset (the one with 98 
patients), and showed also significant predictive performance on the second dataset, 
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achieving a CI value of 0.61. Finally, patients from both datasets were analyzed with the 
radiomic signature, splitting the final cohort in two groups based on the mean of the 
prediction score (high or low probability of developing DM according to the radiomic 
signature). Then, a log-rank test was computed in order to assess if the curve split is 
significant (if value of Logrank P is below 0.05). This model yielded a significant difference 
between the new two groups, proving the prognostic value of the radiomic signature built 
when determining the probability of developing metastasis. 

Kaplan-Meier curves can be also used to assess other important parameters involved in 
HNSCC, like HPV status and TNM staging. In the case of oropharynx cancer, one of the 
types included in the group of Head and Neck cancers, it has been proven that the Kaplan-
Meier curves vary significantly when it is HPV-related and when it is not, as it is shown in 
Figure 16: 

 

Figure 16: Overall survival for TNM stage in HPV-related (left) and HPV-unrelated (right) 
oropharyngeal carcinomas (figure taken from [21]). 

Both graphs show the different survival probabilities for the different stages determined by 
the TNM staging system. For HPV-related cancer patients, all four groups of tumors show 
little variance compared to HPV-unrelated tumors. At the same time, tumors in stage I show 
better survival probability until the sixth year than other groups. It must be also noted that 
overall survival probability decreases significantly for those patients with HPV-unrelated 
oropharyngeal carcinomas compared with HPV-related carcinomas. However, it is proven 
the important role of Kaplan-Meier analysis when finding relations between specific clinical 
information and the survival probability of the patients. 

ROC curves 

During this work, the concept ‘Area under the ROC’ curve, or AUC, has been mentioned as 
a way for validating the predictive power of radiomic features. However, the graphic 
representation of ROC curves can be also helpful when determining the predictive power of 
radiomic features. 

To build the ROC curve it must be taken into account the sensitivity and the specificity. 
Sensitivity is defined as the probability that positive samples in a test are classified as such, 
whereas specificity measures the proportion of negative samples that are classified as such 
[25]. A big area under the ROC curve will correspond to a good performance of the classifier 
(in this case of study, the performance of a classifier that uses the data from some specific 
radiomic feature as input), while lower area values will determine a poor performance. The 
AUC can be easily computed with specific packages in R, Python, Matlab or other 
programming languages from the data extracted from radiomic databases. 

In Figure 17 ROC curve shows the performance of a radiomic based model combined with 
the clinical model, compared to the clinical model alone. The area under the ROC curve is 
higher for the first model, which proves the improvement to the original model that the 
radiomic data has added. ROC curves alone can be also used to represent and compare the 
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performances of different radiomic signatures, allowing researchers to differentiate between 
them and to choose the one with better behaviour (the one with higher area under it). For 
this reason, ROC curves must be kept in mind as a useful way of visualizing radiomic 
information. 

 

Figure 17: Roc curves of the model built with the clinical model variables alone versus the clinical 
model with radiomics (taken from [13]). 

Scatterplots 

This graphical method, also called scatter diagram, is defined as “a diagram having two 
variates plotted along its two axes and in which points are placed to show the values of these 
variates for each of a number of subjects, so that the form of the association between the 
variates can be seen”, according to the definition given in [28]. Scatterplots are a very 
ubiquitous way for displaying quantitative data nowadays. Therefore, it shows up like a 
useful way of representation in the context of radiomics. During the research made, 
scatterplots have been found in order to perform and represent different types of analyses 
related with radiomic data. A first example is shown on Figure 18: 
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Figure 18: Scatterplot representing the prognostic performance of a set of radiomic features (vertical 
axis) compared to the stability rank of each feature (horizontal axis). Figure taken from [18].  

The figure above corresponds to one of the analyses made in [18], which uses a public dataset 
called RIDER, consisting on 31 test-retest CT scans, from which sets of radiomic features 
are extracted. The prognostic performance from these features are extracted, computing it 
by using the CI. Furthermore, a stability rank from each radiomic feature is calculating using 
a method called Intra-Class correlation coefficient (ICC). Once calculated both parameters 
for each feature, they are represented in the scatterplot, using the vertical axis to assess the 
prognostic value (CI) and the horizontal axis to represent the stability (ICC). The 
representation shows that a lineal model fits with the data, showing that, in general, features 
with higher stability show higher prognostic performance, which supports the use of stability 
ranks during the feature selection process. According to this, the lines specify the linear 
model, alongside with a confidence interval represented in grey. 

However, scatterplots are not only used to find patterns (such as linearity, in the previous 
example). In the next example, scatterplots are used to represent the performance of different 
radiomic classification methods, according to two parameters: once again, prognostic 
performance and stability: 
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Figure 19: Scatterplot of stability and prognostic performance for feature classification methods. 
Stability is assessed in horizontal axis, and performance is assessed in the vertical axis (taken from 
[22]). 

The scatterplot in Figure 19 show the performance of the different radiomic feature 
classification methods used in the study made in [22] taking into account, as it has already 
been said, the stability, by calculating the RSD (see section 1.3.3.2) for each method, and 
the prognostic performance, by calculating the AUC. A threshold is set for both parameters, 
so that those methods which surpass both methods are the most effective ones. Results have 
been calculated through two datasets: one from head and neck cancer (HNSCC) and another 
one from non-small cell lung cancer (NSCLC). The results from which the scatterplot is built 
can be seen in Figure 20, and in Table 4 one can find the correspondence between acronyms 
and the classification methods.  

It is clear that scatterplots should be then taken into account when designing a radiomic 
visualization tool. A summary of all the visualization methods exposed during this section 
is presented in Table 5. 
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Figure 20: Results of prognostic performance (AUC) and stability (RSD) for all classification 
methods tested in both datasets (HNSCC and NSCLC). Taken from [22]. 
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Nnet Neural network 

DT Decision Tree 

BST Boosting 

BY Bayesian 

BAG Bagging 

RF Random Forest 

MARS Multi Adaptive regression splines 

SVM Support Vector Machines 

NN Nearest Neighbour 

GLM Generalized linear models 

PLSR Partial least squares and principal component 
regression 

Table 4: List of acronyms for the classification methods tested in [22]. 
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Representation Type Data involved Information Description Purposes Bibliography 

Heatmaps 

Radiomic features (sorted by 
clusters or types of features, or just 

presented freely). 
Scoring criterion (CI-AUC)  

Color key is used to assess a 
normalized scoring criterion 

(CI-AUC, correlation, Jaccard 
index) with respect to the data 

displayed along the axes. 

Used to determine and represent 
clinical relevance of radiomic 

features/clusters. 

[8] [13] [16] 
[17] [18] [23] 

Radiomic classification methods / 
Radiomic selection methods. 

Scoring criterion (CI-AUC) 
Used to select the best 

classification and selection 
methods for the analysis. 

[16] [21] [23] 

Radiomic features (sorted by 
clusters or types of features, or just 

presented freely). 

Correlation between radiomic features. 
One could also use the ‘Jaccard Index’ to 

assess similarity between radiomic features 
or between data extracted from different 

patient cohorts. 

Used to perform feature 
selection and reduce size of 

feature space. 

[12] [13] [17] 
[24] 

Kaplan-Meier 
Curves 

 

Survival probability (sometimes, 
although not frequently, metastasis 
free probability is also assessed) / 

Time (days, months, years). 

 

Median value over a score is typically 
computed in order to separate data and 

compare prognostic power of a radiomic 
signature or single feature between 

different patient cohorts. Other criteria can 
also be used for splitting the data into 

groups (e.g. tumor stage)  

Performance (survival, 
development of metastasis) for 
each group is represented with 
different curves. Curves that 
descend with less steepness 
show better prognostic for a 

specific group. 

The final goal is to build 
different Survival – Metastasis 

likelihood / Time groups to 
compare the usefulness of the 

splits made. 

[13] [18] [19] 
[20] 

Scatterplots 

Multiple types of data can be 
assessed: e.g. likelihood of 

development of metastasis, survival 
or stability of feature clusters. 

Performance (typically, CI-AUC) of 
radiomic features, feature cluster 

algorithms, or any other variable is 
represented. 

Lineal regression or any other 
type of regression models can 

be calculated. 

Assessing prognostic value of 
radiomic features, comparing 
them with clinical outcomes, 

stablishing the convenience of 
certain selection, classification 

or clustering algorithms. 

[13] [16] [18] 
[21] [23] 

ROC curves 
Sensitivity / Specificity of a 

radiomic signature 

ROC curves for different radiomic 
signatures combined with clinical models / 

clinical model alone. 

The higher the area under the 
ROC curve, the better the 

performance of each classifier. 

Used to assess the performance 
of a radiomic signature 

combined with the clinical 
model, compared with the 
performance of the clinical 

model alone.  

[12] [13] [22] 

Table 5: Summary of the main types of visualization methods used for representing radiomic data. 
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3.2 BUILDING A SOFTWARE TOOL FOR VISUALIZING RADIOMIC DATA 
 

The main goal of this section is to introduce and define the software tool developed, 
identifying the main user needs and case scenarios, and incorporating the radiomic 
visualization methods from the section 3.1 to the final solution developed. 

3.2.1 Definition 

3.2.1.1 Use case 

3.2.1.1.1 Personas and goals 
 

At this point of the work, it will be very useful to identify the users from the visualization 
module that is going to be defined. Taking into account the purpose of the module, this is, 
the visualization of radiomic analyses, it is clear that the tool is oriented to researchers whose 
field of study is related with cancer, and more specifically, with head and neck cancers. 
However, even inside a main group of ‘researchers’, it is possible to identify two subgroups 
regarding their professional training and background: 

 Researchers with medical background: Doctors and specialists involved in all the 
phases of cancer management (prevention, treatment, follow-up) and research. 

 Researchers with technical background professionals (for example, biomedical 
engineers) involved in the processes of finding new patterns that could lead to a better 
prevention and management of head and neck tumors. 

After defining these two main groups of users, it can be assumed that both groups will have, 
in general, some common goals and some different ones when approaching the Radiomic 
Visualization Module: 

 Main goals for researchers with medical background: According to the potential of 
radiomics, two main outcomes can result of interest for researchers involved with a 
more direct relation with patients and with specific tumor cases, which can be 
effectively assessed with a radiomic visualization tool: the likelihood of survival 
for patients with respect to time and the likelihood of developing metastasis 
according to the tumor features. However, other type of analyses are also of deep 
interest for this group of researchers, as they will necessarily collaborate with other 
types of researchers when stablishing correlations between radiomic features and 
clinical results, or when assessing the usefulness of the discoveries made. 

 Main goals for researchers with technical background: The main goals in which this 
group of researchers is interested to achieve through the visualization module is to 
find patterns that show correlations between specific radiomic features and certain 
clinical outcomes. This can be achieved, for example, by comparing the likelihood 
of survival from different patient cohorts, identifying which radiomic features have 
highest prognostic value. Other clinical outcomes to be assessed and to be 
compared with specific radiomic features or radiomic signatures are tumor stage 
and grade. Furthermore, the visualization tool can also help them to compare the 
prognostic power of different radiomic signatures with respect to specific tumors, 
in order to choose the most suitable one. Finally, their results must be shared and 
compared with clinicians and researchers with medical background, so information 
sharing and collaboration between these groups is strongly required. 
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Once defined the two main groups of users for which the module is designed, two examples 
of Personas that will help to describe possible use cases and scenarios are identified: 

 

 

 

Main goals:
- Obtain specific correlations between radiomic features and and clinical outcomes.

- Building visual representations which could help interpreting radiomic data.

- Being able to edit these representations, by adding comments, and to share and
export them with other colleagues.

Motivations and frustrations:

- She spends too much time analyzing radiomic feature databases
and building graphs to correlate them with specific clinical
outcomes.

- She finds a many different approach to radiomic data among her
colleagues, having difficulties to compare results.

- She has trouble organizing the data from different databases.

Mary
Biomedical engineer

Biography
Mary is a biomedical
engineering newly graduate
working as a researcher in a
big hospital, focusing her
research in the study of head
and neck cancer.

Technology 
expertise:

Use of internet:

Data query tools:

Research networks:

Analysis tools (e.g. Excel):

Main goals:
- Finding those radiomic features with prognostic and predictive information.

- Representing the radiomic data visually in order to find patterns in a more intuitive
way.

- Being able to apply his findings to patients inside his hospital, in order to improve
treatment and management of the cancer.

Motivations and frustrations:

- He has trouble interpreting the big amounts of radiomic data,
and finding correlations with specific clinical outcomes.

- He has trouble applying his results and knowledge on radiomics
with specific cases treated in his hospital.

- He finds difficult to compare his results with other colleagues
from his field of study, as they follow different representation
methods.

Juan
Doctor working in 

research department.

Biography
Juan is an experienced
researcher in the field of head
and neck cancer, working in
the researche department in a
hospital.

Technology 
expertise:

Use of internet:

Data query tools:

Research networks:

Analysis tools (e.g. Excel):
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3.2.1.1.2 Scenarios 
 

Mary context scenario 

When Mary gets access into the Radiomic Visualization Module, by entering her user 
account and her password, she will be able to create a new ‘Radiomic analysis project’ or to 
go on editing another project she has been working on before. When she creates a new 
project, she will then have to choose between the different databases the tool has access to. 
She will be able to find a brief description of the databases when she selects each of them. 
The next step is to determine what kind of radiomic analysis she wants to implement. The 
tool will provide her with five different options. Her goal as a researcher is to find possible 
correlations between radiomic data and clinical outcomes, so she selects the first of the 
options provided by the system (Search of correlations between radiomic features and 
clinical information). The visualization mode that the system allows for this kind of analysis 
is a heatmap. She then selects what radiomic features from a list she wants to include in the 
analysis, a specific clustering method in order to display them with a certain order along the 
axes, the clinical outcomes she wants to assess (in this case, the TNM stage), the CI as a 
scoring criterion and the color key chosen to represent it (blue for high values, yellow for 
low values, and an intermediate between both for intermediate ones). When she finishes the 
configuration phase, the tool will show her the heatmap. Whenever she wants to make any 
modification over it, she can do it by selecting the option ‘Edit graph’. She decides that she 
wants to try other clustering method for the radiomic features, and so she changes it for a 
new one available in the list of methods the tool has available). After applying these changes, 
the heatmap is again displayed. 

Once she has analyzed the heatmap, she has found some interesting information, and she 
decides to highlight it by selecting the ‘Pencil’ option, which will allow her to draw over the 
graph. She then writes some comments about the results she has found, and saves the project. 
She decides that these results may interest other colleagues, so she decides to export the 
graph and the comments to her local computer, and to send them to some of her collaborators. 
After saving the last changes, she closes the visualization module. 

 

Juan context scenario 

Juan enters the Radiomic Visualization Module with the purpose of comparing some specific 
radiomic features with life expectancy. After logging in the tool, he opens one of the projects 
he had been working on before, in which he analyzed the life expectancy of patients 
according to their results on some specific set of radiomic features (also known as ‘radiomic 
signature’). He wants to try new sets of radiomic features, and see if they can provide him 
with more information. He then clicks the option Create Radiomic Signature. He selects the 
database in which he will apply the analyses and selects a new set of radiomic features in 
order to configure a new Radiomic Signature. He saves this signature with a specific name 
and returns to the main window panel. He wants to perform new radiomic analyses based on 
the new radiomic signature created. Therefore, he starts a new radiomic analysis and selects 
the option analyzing the performance of one or more radiomic signatures. He had already 
saved two radiomic signatures in the system, so he will be now able to compare them by 
assessing their ROC curves. After selecting the proper database on which they will be tested, 
as well as the color configuration of the curves, the module provides him with the graphical 
analysis desired. He observes that the new radiomic signature has better performance than 
the older one, as it shows bigger area under the curve. The module also provides him with 
the ‘Area under the ROC curve’ calculations, which are consistent with the graph. He 
decides to write it on a comment in the text box available: ‘Radiomic signature #2 shows 



   Design of a solution for the integration of radiomics information in 
 Computerized Decision Support System for research on Head and Neck Cancer 

41 

better classification performance than #1’. He saves the results and goes back to the main 
window. 

He decides now to start a new project. He wants to assess now the prognostic power of a 
specific radiomic feature: the wavelet statistics for kurtosis. He starts a new radiomic 
analysis and clicks the option Survival or life expectancy likelihood analysis. He selects the 
database he wants to use for the analysis and then the radiomic feature used as a criterion to 
split the group of patients into two (wavelet statistics on kurtosis). The next step will be to 
configure the graph, by selecting the color of the Kaplan-Meier curves, the time scale used 
in the x-axis (days, weeks or months), and the results will be ready to be displayed. The 
graphs show no relevant differences between the two curves, so Juan writes it down in the 
text box and saves the project. He has no more tasks for today, so finally he closes the 
Radiomic Analysis Module. 

3.2.1.1.3 Key paths 
 

Now, the ‘Key paths’ to be followed by the personas defined during the processes detailed 
above will be presented.  

Goal: To assess possible differences in the radiomic features between the patients having 
different results of the item ‘follow_Status_of_Patient’, using heatmaps: 

 

 

 

 

Create project / 
continue a saved 

project

Start new 
Radiomic Analysis

Analysis of 
correlations between 
radiomic features and 

clinical information

Create clusters 
from patient 

groups

Choose a 
predefined group 

of radiomic featues

Edit 
Inclusion/exclusion 

criteria

Go to analysis
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Goal: To assess the predictive power (AUC) of a certain group of radiomic features over a 
chosen set of clinical items, using heatmaps: 

 

Goal: Analyzing the life expectancy of patients according to a certain risk factor or clinical 
item, using Kaplan-Meier curves: 

 

Create project / 
continue a saved 

project

Start new 
Radiomic Analysis

Analysis of correlations 
between radiomic features 

and clinical information

Assess predictive 
power of radiomic 

featuures

Edit 
Inclusion/excl
usion criteria

Go to analysis

Create project / 
continue a saved 

project

Start new 
Radiomic Analysis

Life expectancy 
analysis

Assess risk factors 
or pathological 

data

Edit 
Inclusion/exclusion 

criteria

Go to analysis



   Design of a solution for the integration of radiomics information in 
 Computerized Decision Support System for research on Head and Neck Cancer 

43 

Goal: Analyzing the survival of patients taking into account their values on one or more 
radiomic features, using Kaplan-Meier curves: 

 
Goal: Analyzing the predictive performance and stability of radiomic features using scatterplots: 

 

 

 

 

Create project / 
continue a saved 

project

Start new 
Radiomic Analysis

Life expectancy 
analysis

Assess radiomic 
features

Edit 
Inclusion/exclusion 

criteria

Go to analysis

Create project / 
continue a saved 

project

Start new 
Radiomic Analysis

Analysis of radiomic 
features performance 

and stability using 
scatterplots

Edit 
Inclusion/exclusion 

criteria

Go to analysis
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Goal: To create a radiomic signature selecting a set of radiomic features from a list: 

 

3.2.1.2 Building a Radiomic Visualization Module 
 

When it comes to visualizing radiomic data, there are different aspects that must be covered 
in order to achieve each one of the methods presented in previous sections. The first step is, 
obviously, to find the goals of the visualization. And, according to the bibliography 
available, there are some common purposes for which radiomic data is visually represented: 

 To compare the performance of a model which incorporates a radiomic signature in 
comparison to the clinical model alone. 

 To compare the performance of different radiomic signatures in order to find the 
most valuable one. 

 To select the most relevant radiomic features or radiomic feature clusters. 
 To select the most appropriate feature classification and selection models. 
 To represent visually the normalized values of the different radiomic features 

extracted (intensity, textural, wavelet, LoG) before applying any machine learning 
or pattern recognition algorithms. 

In previous sections some ways in which the predictive and prognostic power of radiomic 
features can be assessed are presented. AUC and CI arise as the most used across the studies 
made on radiomic data and, therefore, it sounds reasonable to use these measures with the 
data available. Besides, some differences are shown when using these two measures. AUC 
is often used to assess the predictive power of radiomic features, while CI is used mostly to 
determine the prognostic power of radiomic features, assessing their ability to determine 
survival. However, in the context of a machine learning analysis, both are used to judge the 
discrimination ability of statistical methods that combine test results and various clues for 
predictive purposes. 

After introducing the general points to cover in every radiomic analysis, the steps explaining 
how to build the different methods used for visualizing radiomic data are now explained. 

Representing predictive and prognostic power of radiomic features using heatmaps 

 

After computing the AUC or CI for radiomic features, it is possible to represent them 
visually according to the purpose of the representation. Taking into account the information 
exposed in section 3.1., it can be said that heatmaps are the most common way to represent 

Create project / 
continue a 

saved project

Edit Radiomic 
Signature

Build a new 
radiomic 
signature

Selection of 
radiomic 
features
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the relevance of the different radiomic features according to their AUC or CI value, by using 
a proper color key. Figures Figure 10 and Figure 11 show precisely how these representations 
look like. The first thing one should notice is that features can be sorted along the axes 
following different criterions. A common criterion that can allow researchers to make an 
easy classification of the features is the type of feature, according to the classification 
described in section 1.3.3.1, i.e. intensity features, textural features and higher order 
statistics. However, the order in which features are sorted can follow other criterions. For 
instance, some heatmaps show the features ordered taking into account the clusters built 
during the training process, in case researchers want to build feature clusters. In any case, 
one must be aware that the order in which the radiomic features are sorted along the axes 
will have a deep impact in the visualization he/she gets as a result. 

A first proposal of visualization from radiomic data with heatmaps can be defined as follows: 

1. Calculate AUC or CI score for all radiomic features. 

2. Assign a gradual color key representing the AUC/CI value (many times this value 
is normalized). For example, high values can be represented using strong yellow 
colors, while low values are represented using strong blue colors. Those values in 
between would then be represented by intermediate values between blue and yellow. 

3. Sort radiomic features along axes according to some criterion: clusters built by 
some defined algorithm, type of radiomic feature (first, second or higher other), or 
any other type of order. 

4. Set one or more labels along the axes in order to find possible visual patterns (e.g. 
tumor stage, grade, development of metastasis). 

It has already been discussed the way heatmaps work in previous sections. However, a new 
example, shown in Figure 21, can help to illustrate this proposal of visualization. 

 

Figure 21: Heatmap displaying the z-scores over a set of radiomic features, compared with 
information of grade, stage and metastasis (from [13]). 
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The heatmap showed above displayes the Z-scores of the features values for the 637 
radiomics features for the full dataset (n=182) Figure 15. The color key chosen for the Z-
scores calculated is shown in Figure 22. 

 
Figure 22: Color key chosen to representing the Z-score over the heatmap showed in [13]. 

Let’s focus now on the horizontal axes. One can see along the vertical axes different colors 
representing the type of radiomic features represented: intensity features by red color, texture 
features by orange color, shape features by purple, wavelet by pink and logarithmic of 
Gaussian by green color. Over the horizontal axis one can observe three different types of 
representations: the distant metastasis status (black means positive, white means negative), 
the tumor grade (Well and moderately differentiated: "orange", Poorly differentiated: 
"pink"),  and the overall stage (IIA & IIB: "blue", IIIA: "red", IIIB: "green"). 
 
Finding the best feature classification and selection methods using heatmaps 
 
As it has already exposed in previous sections, a simplification of the feature space is often 
wanted, in order to achieve an efficient model and to dismiss those radiomic features without 
clinical relevance. For this purpose, feature selection is applied. There are several algorithms 
that can execute this step, taking into account the needs of the study. Thereby, one would 
like to select those selection algorithms that provide the most relevant features, as a previous 
step for building a radiomic signature. Some example of selection methods are T-Score, 
Fisher Score, Gini Index or Tree-Based Selection. 

Feature classification has also been discussed, as they will allow researchers to ‘make 
groups’ of radiomic features, with similar purposes than feature clustering. Some examples 
of feature classification are decision trees, boosting, bagging or nearest neighbours. 

Feature selection and feature classification processes, as well as feature clustering, will be 
crucial for building the final radiomic signature. In order to compare the behaviour and 
performance of the different selection and classification methods, heatmaps can be built by 
following the next steps:  

1. Apply different feature selection and classification algorithms combined. With 
each group built, calculate the AUC/CI. 

2. Calculate the AUC/CI value for each of the combinations performed, and 
annotate the feature classification methods and feature selection methods through 
both axes. 

3. Use a color key, similarly as in the previous proposal, to visualize the actual 
AUC/CI values calculated as a heatmap. 

 
This proposal was inspired by [16], and it should look very similarly to the heatmap shown 
in Figure 13. 
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Representing survival probability using Kaplan-Meier curves 
 

According to what has been explained in section 3.1, Kaplan-Meier curves can show the 
probabilities of survival for different patient cohors splitted according to any reason that one 
would like to study. For example, patients with higher tumor compactness can form one 
group, and those with lower compactness can be used to build the other group. Calculating 
the probabilities of survival for each of the groups, according to a period of time, one could 
determine whether tumor compactness is a feature with prognostic value or not. 

Following the previous reasoning, the process of building Kaplan-Meier curves for 
visualizing the performance of radiomic features is now presented : 

1. Divide patient cohorts into different groups according to any item to be studied. 
This could be a risk factor, pathological information or the values obtained for a 
specific radiomic feature or the set of radiomic features. Splitting the groups from 
the median value is the most common method used in the literature. 

2. Calculate the probabilities of surviving a certain amount of time (days, months 
or years) for the different groups of patients built in step 1, with the data available. 

3. Represent the Kaplan-Meier curves for the different patient groups. 

The result of these proposal should look very similar to the very simple example shown in 
Figure 23, in which patients from ‘Group 1’ show better life expectancy than patients from 
‘Group2’. 

 

Figure 23: Graphical representation of two hypothetical Kaplan-Meier curves (from [20]). 

In the context of radiomics, Kaplan-Meier curves can be used, for example, to determine 
which groups of patients have more risk of developing metastasis during the next months 
than others, as it is shown on Figure 14. 

Representing predictive power and stability using Scatterplots 

Scatterplots representation are often used in the context of radiomic analyses for assessing 
two parameters: the predictive/prognostic power of a specific feature or group of features 
and its own stability. The first parameter is often assessed using the AUC or the CI, while 
the second one is usually measured by calculating the RSD (relative standard deviation) of 
the feature or the group of features taken into account. 

Following these principles, these are the steps identified for building a Scatterplots analysis: 
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1. Identifying the variables to be assessed. In the context of radiomic analyses, these 
variables will be the radiomic features, assessed individually or as a whole set 
(radiomic signature). 

2. Calculating the predictive/prognostic power of the variables assessed. Again, AUC, 
CI or any other measure could be used to achieve this. 

3. Calculating the stability ranks. In the context of this work, RSD has been referenced 
as the stability rank used. 

4. Building the graph according to both parameters. Generally, the stability is assessed 
in the horizontal axis and the predictive or prognostic power is assessed in the 
vertical axis.  

Taking this into account this last point, the elements showing better performance will be 
those with higher predictive/prognostic scores and with lower RSD values. This means that 
those elements placed in the top left side of the graph would present the best behavior. 
However, this depends strictly on the scores used to assess both predictive power and 
stability. 

Assessing predictive power using ROC curves 

Finally, ROC curves are used in this context to represent only the predictive power of a 
radiomic feature or a radiomic signature (set of radiomic features). As it has already been 
explained, when the area under the ROC curve is higher, the performance of the variable (in 
this case, the radiomic feature or signature) as a classifier is better. However, this 
representation method has a constraint: it is only possible to use it in the case in which the 
‘targets’ of the classification are only two. This means that ROC curves are only useful in 
the case of binary classification problems. 

Therefore, the steps to be followed in the case of building ROC curves are: 

1. Identifying the targets of the classification problem. As it has been said, this method 
will only be available in binary classification problems. Therefore, one must select 
those items that have only two possible values as a result. 

2. Selecting the radiomic features to be assessed. 
3. Calculating the true positive rate and the false negative rate. The first one will be 

displayed in the vertical axis, while the second one will be represented along the 
horizontal axis. 

4. Building the curve assessing the prediction scores obtained for the radiomic features 
assessed. The area under the curve will determine the predictive power of the feature 
or features. 

In the context of radiomic studies, the area under curve is often taken into account. Usually, 
those values above 0.6 would show a good performance. Accordingly, the greater their area 
under the ROC curve is, the better the performance achieved by the radiomic feature/s 
assessed. An example of a ROC curve built assessing the prognostic power of 50 selected 
radiomic features is shown in Figure 24. 
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Figure 24: ROC curve representing the prognostic power of 50 selected radiomic features. 

3.2.1.3   Design of the Radiomics Visualization Module 
 

Analyzing the elements needed to build a radiomic analysis and each of the visual 
representations explained, the process of building a software tool which integrates them will 
necessarily have to allow users to configure easily the type of data used in each of the 
analyses. Furthermore, each of the representation methods use different types of data, so the 
only way of building a software tool integrating all of them will be to make users select from 
a list of radiomic analyses to perform, to then automatically select the visualization method 
suited for that type of analysis. 

Besides, a tool designed for researchers must accomplish a list of items that could make it 
really useful for them. When designing a module integrating radiomic analyses and the 
different methods used to represent them, these are the main functionalities identified to be 
expected from the tool: 

 It should allow for an easily interpretable representation of the radiomic analyses 
performed by researchers. 

 Users should be able to find different alternatives to represent their results, in order 
to find those which suit better their results and original purposes. 

 It should allow users to export these representations and to share them with other 
colleagues. 

 It should be able to represent visually radiomic analysis made by other researchers, 
as long as the data from their studies is accessible. 

 Users should be able to visualize easily possible correlations between clinical items 
(e.g. TNM stage or tumor grade) and specific radiomic features. 

Taking into account all of this, the tool was organized in ‘Projects’. Therefore, once the user 
enters the tool, the main page will show the all projects he/she has been working on 
previously, allowing him/her to create a new project. But, what does a “Project” consist of? 
It consists on the different radiomic analysis created and designed by the researchers, as well 
as the radiomic signatures they have saved and tested during their analyses, along possible 
comments he/she has written. The user will have to give each Project a name, a description 
and the files containing the datasets used in the analyses. After saving the main options of 
the Project, the user will be able to choose between two options: ‘Edit a Radiomic Signature’ 
and ‘Create a Radiomic Analysis’. 
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A first focus will be made on the creation of ‘Radiomic signatures’. As it has been defined 
along this work, a radiomic signature consists simply on a set of radiomic features that show 
strong prognostic and/or predictive information. By working with just a set of features, 
instead of the whole database, it is possible to save computation time and avoid redundancy, 
as many radiomic features show very similar information. A radiomic signature can be 
created in two ways: by selecting the radiomic features one wants to assess from a list, or by 
using feature selection algorithms. This second option implies the possibility of selecting 
from a list of feature selection and classification algorithms that will operate on a specific 
database, which will make the process much faster and automatic. 

Focusing now on the radiomic analyses the system has available, users will be able to create 
a new radiomic analysis by clicking the option ‘Create new radiomic analysis’. Based on the 
different types of visual representations found for radiomic data, which have been described 
in section 3.1, the module must allow users to make use of the four types of representations: 
Heatmaps, Kaplan-Meier curves, ROC curves and scatterplots. As it has also been explained, 
each of these representation types are used with different purposes and will thereby use 
different types of data. Choosing the type of radiomic analysis that the user wants will be a 
step that will define which of the methods for visualizing radiomic data he or she will be 
able to use. The options given are: 

 Search of correlations between radiomic features and clinical information. 
 Life expectancy analysis. 
 Analysis of performance of groups of radiomic features using ROC curves. 
 Analysis of radiomic features performance and stability using scatterplots. 

Thereby, when a user chooses ‘Search of correlations between radiomic features and clinical 
information’, the only representation method available will be the heatmaps. However, 
heatmaps will have to adapt to users requirements. Besides, heatmaps differ according to 
what kind of pattern it is chosen to sort the axes (in this case, the radiomic features assessed), 
the color key, or which scoring criterion is used (CI/AUC or other). In the solution 
developed, users will be able to select between two options: ‘Assessing predictive power of 
radiomic features’ and ‘Create clusters from patient groups’. The first one will show the 
AUC values calculated for a set of radiomic features selected by the user predicting over one 
or more clinical items to select, while the second one represents the z-scores of a group of 
radiomic features after splitting the patient cohort according to a clinical item. 

Regarding the second possible radiomic analysis, Kaplan-Meier curves are the method 
followed to represent a life expectancy analysis over radiomic data. Once users click on this 
option, the following window will ask users to complete the definition of the Kaplan-Meier 
curves that will be displayed, by selecting the criteria used to split the patient cohort. If the 
user selects ‘Assess risk factors or pathological data’, the patient cohort will be splitted 
according to the values obtained by patients on a clinical item to be defined. On the other 
hand, if the user selects ‘Assess radiomic features’, the patients will be splitted into two 
equal-sized groups built after assessing their radiomic feature normalized values. The 
radiomic features to be assessed will be chosen in a configuration panel set before the 
visualization. 

The two last visualization options are the scatterplots and the ROC curves. The first one is 
available after selecting the option ‘Analysis of radiomic features performance and stability 
with scatterplots’. The user will need to select, in a configuration panel, which clinical item 
will be used to calculate the predictive performance ranks by the radiomic features. 
Furthermore, the different types of classification algorithms implemented are also presented, 
so the user can assess which one provides a better predictive performance for each of clinical 
items. Regarding the ROC curves, these are available after choosing the option ‘Analysis of 
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performance of groups of radiomic features using ROC curves’. Similarly than the cases 
already explained, the user will have access to a configuration panel where he/she will have 
to select the radiomic features to be assessed (with which the ROC curves will be calculated) 
and the clinical item set as target of the classification problem. 

Figure 25 summarizes the visualization options the tool provides researchers according to 
the specific radiomic analysis they choose. 

 

Figure 25: Summary of the visualization options from the different radiomic analyses available. 

Finally, users will be able to edit the graphs created by the tool, like selecting the zoom, 
scaling, the colors used and many more options, thanks to the functionalities of the library 
Plotly, as it will be explained later. Furthermore, all the graphs created will be exportable in 
different image formats and shareable.  

3.2.2 Development 

3.2.2.1 Working with Django framework and project structure 
 

As it has been already mentioned, the Radiomic Visualization Module has been built with 
Django, a web application framework using Python. It is not the main purpose of this work 
to explain the way Django works; however, it is important to point out some of the main 
questions regarding the structure of the Module: 

 Django models: It refers to the objects of the program. This means, the main entities 
taking part in the software built, and whose attributes will be changed and consulted. 
Two models have been defined in the Module: ‘Project’ and ‘RadiomicSignature’. 
The first one contains the main attributes used when defining a new Project, the basic 
entity in which the module is organized. These attributes include the author, his/her 
email, title of the project, a description, the dates of creation and publishing and, 
most importantly, the paths in which the clinical data and radiomic feature data 
documents are stored. These paths will be constantly read during the use of the 
module. The caption in Figure 26 shows the options one need to fill when defining a 
new project. 
 

• HeatmapsAnalysis of correlations between radiomic 
features and clinical information

• Kaplan-Meier curvesSurvival or life expectancy likelihood 
analysis

• ROC curvesAnalysis of performance of groups of 
radiomic features

• ScatterplotsAnalysis of performance and stability of 
radiomic features
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Figure 26: Configuration panel for creating a new ‘Project’. 

Regarding the Radiomic Signature, the main attributes are a title and a list of features, 
which includes all the radiomic features selected and saved for later use during the 
radiomic analyses. 

 Django forms: In order to build the different kinds of radiomic analyses and 
configuration panels, it is necessary to build ‘form’ objects in the file ‘forms.py’, 
which allow to create editable fields which will be then the basis for the configuration 
panels built. Django form objects allow the program to read the fields written or 
selected by the users and to work internally with those variables. Multiple ‘form’ 
have been built inside the Module, according to the several configuration pages 
needed. 

 Managing urls: The file ‘urls.py’, stored inside the directory ‘mysite’, is the one in 
charge of assigining a url to the different webpages defined in the Module. These 
webpages are defined in HTML documents. At the same time, a method inside the 
file ‘views.py’ will do the tasks referring to each of the views assigned. This complex 
structure allows to perform the data stream that keeps the Module working. 

 HTML templates, CSS and Bootstrap: The way the Module looks is completely 
defined in the HTML documents assigned for each of the urls. At the same time, 
Cascading Style Sheets (CSS) language has been used to describe the look and format 
of the website, as well as the framework Bootstrap. File ‘module.css’ stores the visual 
definitions of all the elements included in the HTML templates. 

Once defined the most important elements that have been used to define the Module, it is 
necessary to begin taking a look into the way the available datasets have been managed for 
creating the radiomic analyses provided.  

3.2.2.2 Managing radiomic databases 
 

The first step when developing the Radiomic Visualization Module was to analyze the 
databases available and to obtain a way to obtain al the information needed directly from 
them. Obviously, it was required that this process of extracting the information from the 
databases should be perfomed automatically by the software built. 
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The databases from which the radiomic information has been obtained belong, as it has been 
repeatedly explained, to the BD2Decide project. The complete information was provided 
initially through four .xlsx documents. The clinical parameters have been extracted from a 
document where all the clinical items from the patients included in the database have been 
saved, including demographic information, the exposure to risk factors, details on T and N 
characteristics (related with TNM staging), pathological information, details on 
chemotherapy/radiotherapy treatments, surgery and genomic data. To extract the radiomic 
data, three .xlsx documments were available: two of them including radiomic features 
extracted from MRI images and one containing radiomic features from CT images. During 
the development of the Radiomic Visualization Module only the last documment was used 
to extract the radiomic features, as it is the most complete and, therefore, it would allow me 
to construct better radiomic analyses and representations, using it to build a ‘model’ for the 
tool. However, the module would require small changes to adapt to data stored in the 
documents selected, in case this is required. 

Finally, as a result of what has been explained on the previous paragraph, all the data to be 
shown in the Radiomic Visualization Module have been taken from two .xlsx documents: 
the one containing the clinical data and the one containing the radiomic data (in this case, 
taken from CT images). The module has been designed in a way that, when a user creates a 
project, it is needed to provide to the module the exact location of the documents inside the 
local host server, so it can read both documents correctly. Once saved the paths of both 
documents, the user will not need to introduce them later when working inside the same 
project. 

Both documents selected need further processing in order to extract and interpretate properly 
its information. First of all, both documents are read using Pandas, a library providing high-
performance and easy-to-use data structures and data analysis tools included in the latest 
versions of Python. Once read both documents, and converted its data into a ‘dataframe’ 
object, it is necessary to relate the radiomic feature information of patients with their clinical 
parameters. All patients are identified with a code saved in the field ‘Patient_ID’ from all 
documents. This code is used to select the patients present in both documents, as the 
document with clinical data contains 661 patients and the one with radiomic data contains 
90. The result of this is a list of 84 patient ID’s with which it is possible to perform radiomic 
analyses. However, a way to relate the radiomic information and the clinical information of 
patients is still needed. Following this purpose, two new lists were created: one storing the 
radiomic data of the selected patients and another one storing their clinical information. 
Finally, both lists of patient data are sorted with the same order according to the column 
‘Patient_ID’. This final step is important, so patients in both lists will share the same row 
number, which will allow to relate the data from one list to the other. 

One last comment must be made regarding the use of the databases. As with most datasets, 
it is necessary to deal with missing values. When values are numeric, as the ones present in 
the radiomic information document, one can interpolate the missing values by adding, for 
example, a median value, which will not affect much to the analysis if the amount of missing 
values is small. And this has been the approach taken in this software, using, again, the 
functionalities of the library Pandas. However, in the case of missing clinical values, 
interpolation is not a option, as the data cointained is mostly based on labels. For this reason, 
the way I chose to handle this was simply to delete the patients with missing values in the 
clinical information dataset from the radiomic analysis. After following all these processes, 
it is now possible to build any radiomic analysis with the information given. 
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3.2.2.3 Using feature selection and classification methods 
 

Any software performing radiomic analysis tools needs to execute feature selection and 
classification methods, as it has been explained in section 1.3.3.2. Feature selection will 
allow to reduce the feature space, which is very helpful taking into account that the databases 
available show more than one thousand radiomic features. Three different feature selection 
algorithms have been implemented in the Radiomic Visualization Module. The three of them 
are provided by the Scikit-Learn library: 

 Recursive feature elimination: Given the whole feature space, this method select a 
specified number of features by recursively considering smaller and smaller sets of 
features, by assigning an importance coefficient to each feature [29]. The main 
advantage of this feature selection algorithm in comparison to the other available 
ones is that users can select the exact number of features they want to select, while 
in the others, the resultan feature space does not necessary accomplish the degree of 
dimension reduction wanted by the user. 

 Tree based feature selection: This selection method is used to compute feature 
importances, which is then used to discard irrelevant features [30]. 

 L-1 based feature selection: In the context of the Scikit-Learn library, this method 
refers to linear model feature selection penalized with the L1 norm. Again, relevance 
coefficients are computed, finally selecting those features with non-zero coefficients 
[30]. 

At the same time, feature classification is a necessary step to perform any machine learning 
analysis. The main goal of radiomic analysis is to find radiomic features with possible 
predictive and prognostic power, so one of the main jobs of the Radiomic Visualization tool 
is to perform classification according to one or more radiomic features. After this, and 
analyzing the results from this classification, it will be possible to determine which radiomic 
features have predictive power on certain clinical items, and which have not that power. 

Before applying classification, it is important to split the feature space in order to allow the 
classifier to be trained and, after performing the training process, test the classifier on the 
non-trained samples. By this way, it will be possible to determine the accuracy of the 
classifier. The method ‘train_test_split’ from Scikit-Learn library has been used to perform 
this task. It is important to point out one of the parameters that it is necessary to introduce to 
the method: ‘test_size’. This variable represents the proportion of the dataset to be included 
in the test split. In the software tool it has been defined to ‘0.33’, this is, a third from the total 
data, which seems a sensible approach, after taking a look to the radiomic studies performed 
in the referenced literature. However, the size of the ‘test split’ has a considerable influence 
on the results. In future approaches to the software tool, this matter should be taken into 
account and, perhaps, re-defined. 

Classification is the next step to follow in the analysis. Feature classification methods vary 
wether they are built for two classes (two possible targets) or more. Taking a look into the 
clinical items present in the datasets, it is necessary to apply both types of classifications 
(binary and multiclass). For this purpose, different options are provided in the Radiomic 
Visualization Module for feature classification:: 

 Gaussian Naïve Bayes Classification: The simplest available, only available for the 
case of binary classification. It assumes that the likelihood of the features has a 
Gaussian behavior. At the same time, the standard deviation and the mean are 
estimated using maximum likelihood. Other Naïve Bayes classification options were 
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available, like Multinomial Naïve Bayes classification or Bernouilli Naïve Bayes 
classification, but they are not suited for the type of data managed in this project [31].  

 Linear Support Vector Classification: Learning method included in the family of 
‘Support Vector Machines’ algorithms, which are proven to be very effective in high 
dimensional spaces. This method assumes a linear kernel, and it has a great flexibility 
when working with high amounts of features. Parallel to the classification method, 
Linear Support Vector Regression is also implemented in the module, although only 
in the case in which the clinical variable takes continuous (numerical) values, so it is 
the default method for this kind of items. Both methods is available for binary 
classification and for multiclass classification [32]. 

 One vs Rest Classification: This method is meant for multiclass problems, and it 
consists in fitting one classifier per class. For each one of the classifiers, the class if 
fitted against other classes. Some of the advantages of this method are its 
computational efficiency and its interpretability [33]. 

 Random Forest Classification: This type of classifier fits a number of decision tree 
classifiers on various sub-samples of the dataset, using averaging to improve the 
accuracy. It is available for both binary and multiclass cases [34]. 

Finally, a score was needed for any of the classification methods defined, as the goal is to 
determine the predictive power of radiomic features. Two types of scores have been chosen: 
to represent the predictive power in binary classification cases, the AUC (area under the 
ROC curve) has been used, by using the method ‘roc_auc_score’ from Scikit-Learn; and to 
represent the performance in problems with more than two classes, the function 
‘accuracy_score’ from Scikit-Learn has been used, which related with the Jaccard similarity 
index [35]. 

Figure 27 shows the different classification options presented by the Radiomic Visualization 
Module in the case of selecting a Scatter Plot representation. 

 

Figure 27: Configuration panel for 'Scatterplots'. 
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3.2.2.4 Visualizations with Plotly 
 

The different visualization methods for radiomic analyses have been widely discussed 
through section 3. When it comes to realizing those methods according to the available data, 
Python provides different approaches and libraries to represent them, some of which have 
been named in section 2. Plotly has been finally selected as the most suitable way of building 
the graphs, as it has proved to be a flexible and user friendly library for data representation. 

One of the main advantages of working with Plotly is that it allows working in an ‘offline 
mode’, which is useful in terms of portability. Furthermore, using the ‘online mode’ can add 
very interesting features to the visualization tool, such as having access to tables, filtering 
the data or changing the visualization configuration. Most importantly, Plotly allows users 
to upgrade, export and print the graphs built, easing the sharing with other researchers. All 
that explains why this library stands as a very useful and important complement to the 
Radiomic Visualization Module functionalities. 

Following the explanation from previous sections, four representation methods are used: 
heatmaps, Kaplan-Meier curves, ROC curves and Scatterplots. To represent heatmaps, 
scatterplots and ROC curves, Plotly show different options. For example, Plotly provides a 
simple way of deploying Heatmaps by calling the method ‘graph_objs.Heatmap’, in which 
one only needs to provide a list of data and optional features like labels, legend and colors. 
The caption in Figure 28 shows one of the heatmaps built using Plotly. 

 

Figure 28: Caption of the Radiomic Visualization Module representing the Z-scores of a set of 
radiomic features through a heatmap, using Plotly. 

However, representing Kaplan-Meier figures has been more difficult, as Plotly does not 
show specific options for this. This has been solved using the library ‘Lifelines’, which 
allows transforming Kaplan-Meier objects build on Matplotlib (a library for plotting figures 
in Python) to Plotly objects. Figure 29 shows an example of a Kaplan-Meier curve built 
using this method. 
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Figure 29: Kaplan-Meier curves shown in the Radiomic Visualization Module for two different 
groups of patients (graph built with Plotly). 

Therefore, the four types of radiomic data representations proposed could be successfully 
deployed in the Module, which covers the main purpose for which this tool was designed 
for. 

3.2.3 Workflow 
 

After explaining the structure of the tool, as well as the algorithms and libraries used, an 
example of use will be now explained, giving details on how to achieve the different types 
of analyses and representations exposed. 

Creating a new project 

The first step when one enters the Radiomic Visualization Module is to create a new project, 
by clicking the ‘+’ symbol placed in the top right corner of the window. After clicking on it, 
a new window like shown in Figure 30 will show up, in which the user needs to detail the 
parameters of the new project started. Exactly as it was indicated in section 3.2.2.1, the 
project should be given a title, a description and the paths where the files containing the 
databases are stored. 
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Figure 30: Configuration panel for creating a new project. 

After saving the options for the new project, a window showing the title and the description 
saved, like the one in Figure 31, will pop up. Clicking on the title of the new project will 
give access to the realization of the radiomic analyses. 

  

Figure 31: Window showing the title, description and date of creation of the new project. 

When clicking the title in the window from Figure 31, users will have to choose between 
two options: editing a radiomic signature or starting a new radiomic analysis (see Figure 32). 

 

Figure 32: Window showing the two options available when starting a new project. 
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Editing a Radiomic Signature 

The goal of this option of the module is to create a radiomic signature which will be later 
used and assessed in the radiomic analyses. A radiomic signature consists on a set of 
radiomic features which is used to reduce the radiomic feature space in radiomic analyses, 
in order to remove redundancies and assess only a set of features in which the researcher is 
interested in. When clicking the option ‘Edit Radiomic signature’, the module gives the user 
two options: ‘Build a radiomic signature’ and ‘List of radiomic signatures’, as it is shown in 
Figure 33: 

 

Figure 33: Options shown after clicking in 'Edit Radiomic Signature'. 

The first option will allow the user to create a new signature, by selecting the radiomic 
features he/she wants to include from all the radiomic feature space. Furthermore, the user 
must give the new signature a name, in order to identify after it is saved. The window shown 
will look like the following: 

 

Figure 34: Window shown when creating a new signature. 

The option ‘List of radiomic signatures’ will allow the user to take a look to all the features 
he/she has created, and to edit them in case he/she wants to change the radiomic features 
present in a certaing signature created. 

In spite of all what has been explained here, creating a radiomic signature is not strictly 
necessary to build any of the radiomic analyses provided. However, some of the analyses 
will allow users to assess only the features included in any previously configured radiomic 
signature, which explains why this functionality has been included into the tool.  

Starting a new radiomic analysis 

After clicking the option ‘Start Radiomic Analysis’, the user needs to choose between four 
big groups of analyses, as shown in Figure 35. The first group, ‘Analysis of correlations 
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between radiomic data and clinical information’, will allow the user to configure heatmaps 
in which representing the z-scores or the AUC values of radiomic features, according to 
further configurations; the second group, ‘Life expectancy analysis’, will show the Kaplan-
Meier curves according to the survival of patients, assessing radiomic feature values or 
clinical items; ‘Analysis of performance of groups of radiomic features using ROC curves’ 
will allow users to visualize the ROC curves of several groups of radiomic features according 
to a clinical item to be chosen; and finally, ‘Analysis of radiomic features performance and 
stability with scatterplots’ will allow to represent the performance of radiomic features 
(AUC in case of binary classification cases, ‘Accuracy’ in case of multi-class classification) 
along with their stability (calculated with the Relative Standard Deviation) using 
scatterplots. 

 

Figure 35: Window showing the four big groups of analyses provided by the tool 

All four types of analysis will require to configure further parameters that will define the 
representation achieved. Now it is time to examine these configuration options for each 
group. 

Configuring ‘Analysis of correlations between radiomic data and clinical information’ 

The first of the options given refers to the analysis of possible correlations between radiomic 
information and clinical items using heatmaps. Once selected this item, two options will be 
given to the user, as it is shown in Figure 36: Option panel once clicked on ‘Analysis of 
correlations between radiomic data and clinical information’. The first option consists on 
representing the predictive power of a selected group of radiomic features (a predefined 
group provided by the module or a list features included in a saved radiomic signature) over 
one or more binary clinical items, using a classification method to be chosen (configuration 
panel shown in Figure 37).  

 

Figure 36: Option panel once clicked on ‘Analysis of correlations between radiomic data and 
clinical information’ 
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Figure 37: Configuration panel after clicking 'Assess predictive power of radiomic features', using 
groups of features provided by the module. 

After selecting the clinical items to be assessed, the group of radiomic features that will take 
part in the analysis and the classification method that will be used to build the model, the 
heatmap will show the AUC values calculated for each group of features. As a consequence 
of using the AUC to represent the accuracy of the classifications, only binary clinical items 
can be assessed in this type of analysis. The higher the AUC, the better predictive power 
from the specific group of features. An example of this type of representation is shown in 
Figure 38. After constructing the graph, the user will be able to select new inclusion criteria 
in order to obtain new graphs. 

 

Figure 38: Heatmap deploying AUC values for a group of radiomic features, having chosen various 
clinical items as targets of the analysis and a certain classification method. 
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The other option for this first type of radiomic analyses consist on representing the z-scores 
of a set of radiomic features. Once again, users will be able of choosing between the radiomic 
signatures created and a predefined set of features defined by the module. Besides, users are 
able to select from a group of clinical items, as it is represented in Figure 39. These will be 
used to split the full patient cohort into two or more groups, according to their values on that 
specific item. For example, if the user selects the clinical item ‘Depth of invasion’, the 
patients will be split into two groups: one containing those patients with a value lower than 
10mm, and another one containing patients with values higher than 10mm. An example of 
what the user will get after selecting the options in the configuration panel is shown in Figure 
40. The heatmap at the left hand side contains the z-scores from the patients with DOI (depth 
of invasion)>10mm, while the one at the right hand side contains the data from patients with 
DOI<10mm. By this way, users will be able to examine whether there are differences in the 
radiomic feature values or not in the different groups built. 

 

Figure 39: Configuration panel for representing z-scores from a selected group of radiomic features. 
Clinical items will be used to split patient cohort into sub-groups. 
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Figure 40: Heatmap showing the z-scores of the group of radiomic features selected. Patient cohort 
is splitted between the ones having Depth of Invasion >10mm and those having <10mm. 

Configuring ‘Life expectancy analysis’ 

Three options are given when choosing a ‘Life expectancy analysis’ (see Figure 41). In all 
cases Kaplan-Meier curves will be the representation method obtained. However, different 
criteria will be followed for splitting patient groups. On the one hand, one can select a clinical 
item to split the patient cohort into different groups; on the other hand, the user can select 
one or more radiomic features to split the patient cohort into two groups: the one from 
patients above the median value and the one from patients below the median. For this last 
case, the radiomic features can be selected by the user from a list of features or from a 
radiomic signature created before. 

 

Figure 41: Configuration panel after clicking on 'Life survival analysis'. 

When the user selects ‘Assess risk factors or pathological data’, a configuration panel like 
shown in Figure 42 will show up. On this panel, the user will have to select one of the clinical 
items available. After this, the tool will automatically split the patient cohort into groups 
according to the clinical item chosen. For example, if the clinical item chosen is ‘Alcohol at 
time of diagnosis’, three groups of patients will be built: one containing those patients with 
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the tag ‘Current’, another one containing patients with the tag ‘Former’ and a final one with 
patients assigned with the tag ‘Never’. Survival will be computed for each one of the groups 
and, finally, the Kaplan-Meier curves will be built for each of them. 

 

Figure 42: Configuration panel for a life-survival analysis using clinical data to split groups of 
patients. 

The result of this analysis for the item ‘Alcohol at time of diagnosis’ is shown in Figure 43. 
The figure is generated with the library Plotly, which allows modifying the graph 
configuration using a panel included in the top right position of the graph. Furthermore, 
clicking on ‘Export to plot.ly’ will allow the user to access to all the data used in the graph, 
as well as configuring multiple additional options. 

 

Figure 43: Kaplan-Meier curves obtained for the case of splitting patient cohort according to the 
item 'Alcohol at time of diagnosis'. 
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If the user selects ‘Assess radiomic features’, the patient cohort will be splitted according to 
the values obtained by the patients on one or more radiomic features, as explained before. 
The configuration panel that will pop up after clicking this option will look like the one in 
Figure 44. Users will be able to select from the whole list of radiomic features (a total of 
1416) those that they want to consider for the analysis. For example, if a user selects only 
one radiomic feature, the median of the values from all patients will be calculated and the 
two groups will be formed between those patients below the median and those patients above 
the median. If the user selects more than one radiomic feature, the z-score of these radiomic 
features will be computed, in order to obtain their values over the same range for all of them. 
After this, the values from these radiomic features will be combined for each patient 
(computing the mean between them) and, finally, a median over these last values will be 
calculated. Again, the next step will be to build two groups of patients according to their 
values with respect to the median. 

  

Figure 44: Configuration panel showing the radiomic features that will be taken into account to 
build the Kaplan-Meier curves. 

The results obtained after selecting the features ‘GLCM_homogeneity1’ and 
‘GLCM_homogeneity2’ are the ones shown in Figure 45: 
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Figure 45: Kaplan-Meier curves obtained after selecting the features 'GLCM_homogeneity1' and 
'GLCM_homogeneity2' for splitting the patient cohort. 

As a result of the radiomic analysis configured in this example, two groups of similar size 
are built. According to the graph, it can be observed that the patients with values below the 
median show slightly higher survival than the ones above the median. 

In the final case of ‘Life expectancy analysis’, defined with the label ‘Assess radiomic 
signatures’, the patient cohort will be splitted in the same way than the previous case, but 
the radiomic features used will be extracted from a radiomic signature saved by the user. In 
the example shown in Figure 46, two radiomic signatures have been saved in the system. 
The signature saved with the name ‘Kurtosis features’, containing all those features which 
show information regarding ‘kurtosis’, is chosen for the analysis, and then the Kaplan-Meier 
curves are built.  

 

Figure 46: Configuration window in case the user has chosen the option 'Assess radiomic signature'. 
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Configuring a ‘ROC curves’ analysis 

If the user chooses the option ‘Analysis of performance of groups of radiomic features using 
ROC curves’, the configuration panel will look like the one in Figure 47: 

 

 

 

 

 

 

 

 

 

 

 

Similarly than the rest of radiomic analyses given by the Radiomic Visualization Module, 
the user will have to select a group of radiomic features to take part in the analysis. Besides, 
he/she will have to select a clinical item to be assessed. Having chosen these two variables, 
the result will look like the graph shown in Figure 48: 

 

Figure 48: ROC curve built over the clinical item 'Status of Patient'. The area under the curve 
obtained is 0.61. 

As it has been explained all along this work, the area under the ROC curve will determine 
whether the feature group chosen has a good performance predicting a certain clinical item 
or not. An area higher than 0.6 is often accepted as a sign of high predictive performance. 

 

 

 

 

 

 

 

Figure 47: Configuration panel for a 'ROC curve analysis'. 
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Configuring a ‘Scatterplots’ analysis 

When the user selects the option ‘Analysis of radiomic features performance and stability 
with scatterplots’, the configuration panel shown looks looks like the one in Figure 49: 

 

Figure 49: Configuration panel for a radiomic analysis showing 'Scatterplots' representation. 

The goal of this type of representation is to show the predictive performance of all the 
radiomic features taking into account the clinical item selected and the classification method 
chosen, as it has been explained in section 3.2.2.3. Furthermore, the stability of the radiomic 
features is calculated using the RSD (see section 1.3.3.2). The final result is a graph showing 
the predictive power score on the vertical axis and the stability score on the horizontal axis. 

Depending on the number of targets that the clinical item chosen presents, the classification 
options will differ. In the case of two targets, the classification options provided are Gaussian 
Naïve Bayes classification, linear Support Vector classification and Random Forest 
classification; and in the case of more than two targets for the clinical item, One vs Rest 
classification is added, and Gaussian Naïve Bayes is no longer available. 

Besides, the difference between a binary problem and a multi-class problem will also affect 
to the results. When one represents the results from a binary classification problems in the 
tool, it will show the Area Under the ROC Curve (AUC) as a score; but when the problem 
is not binary, it is then not possible to represent the AUC, and an accuracy score from the 
Scikit Library related with the Jaccard index is represented [35]. Two different examples of 
this are represented in figures Figure 50 andFigure 51. 
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Figure 50: Scatterplot representation for the clinical item 'Lympho Vascular Invasion' with the 
Random Forest Classification algorithm. As this item has only two target values, the AUC is used as 
predictive score in the vertical axis. 

  

Figure 51: Scatterplot representation for the clinical item 'Stage at diagnosis’. As this item has more 
than two target values, the score used in the vertical axis is the ‘Accuracy’ score. 

One last comment must be made regarding the Scatterplots representation. The desirable 
criteria for a specific radiomic feature is that its predictive power is high (high 
AUC/accuracy values) and that its RSD (Relative Standard Deviation) is low. According to 
this, the features represented in the top left side of the graphs will be the ones with better 
combined predictive power and stability rank. 
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3.2.4 Validation 
 

During the whole process of developing the Radiomic Visualization Module, the 
requirements made by clinicians and researchers taking part in the BD2Decide project were 
taken into account and, in many times, followed in order to adapt the final solution to their 
requirements. Regarding the incorporation of visualization tools, different options were 
initially assessed, as mentioned in sections 2.2.1 and 3.2.2.4. Some of the options, like the 
use of the library ‘Seaborn’ to build and show heatmaps and Kaplan-Meier curves or the 
possibility of using Matplotlib generated figures, were discarded, due to the lack of 
flexibility and interactive features. The proposal of using Plotly was well received, and it 
was then followed and implemented through the whole project. 

Regarding the radiomic analyses configured within the software tool, the items and options 
included have been also adapted to the researchers’ requirements. A document including the 
main clinicians and researchers’ requests was followed. This document included the main 
clinical items for which they have special interest in correlating with radiomic data. The goal 
of this was to include these items (TNM staging, tumor region, depth of invasion and many 
others) in the Radiomic Visualization Module. The same applies to the risk factors which 
are assessed with the radiomic data. For example, when testing the Kaplan-Meier functions 
implemented, it was found that the item ‘Smoker status’, used to assess whether the patient 
was a current smoker, a former smoker or whether he/she never smoked, was less relevant 
than the item ‘Number of packs per day’, assessing the approximate number of packs the 
patient smoked per day. 

Besides all what has been explained before, the visualization methods included in this project 
(heatmaps, Kaplan-Meier curves, scatterplots and ROC curves) were validated for 
representing radiomic data and its correlations, which was the main purpose of this project. 
However, it was proposed to perform a more complete validation from the clinical 
researchers in BD2Decide, creating a survey (with the format of Google Forms or similar) 
to be filled by them. This point could not be done, and, therefore, it will remain as a part of 
the future work to be done. 
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4 CONCLUSIONS 

Once analyzed the possibilities of radiomics, and defined the software tool applying 
visualization strategies for representation of radiomic data, it is now time for extracting some 
conclusions regarding this work and its context: 

 Radiomic data has proven to show relevant prognostic and predictive power. Several 
studies analyze its value when it comes to predicting specific clinical items and 
adding information in terms of prognostic of patients. Therefore, introducing 
radiomic information to the process of cancer management seems desirable. 

 After studying the literature regarding radiomics, four visualization methods have 
been identified as the most widely used to represent the radiomic data: heatmaps, 
Kaplan-Meier curves, Scatterplots and ROC curves. The use of each method will 
depend on the type of analysis one aims to perform.  

 Based on the last point, a software tool for visualizing radiomic data has been built 
on the basis of making users select from a list of possible types of analyses, to then 
propose a suitable representation method for each of them. 

 Performing radiomic analyses requires the use of complex machine learning and data 
mining algorithms, which implies using suitable programming tools and a 
considerable computational cost for the machines when performing them. The 
language chosen, Python, along with some additional libraries, allowed me to 
perform most of what was initially pretended to include in the software. 

 Using Django to build the visual interface has added, as it was expected, additional 
computational cost to the software developed. This has added some difficulties when 
integrating the machine learning and data mining methods to the whole interface, 
causing problems when performing some types of methods. This must be taken into 
account when developing a project of these characteristics, as hardware limitations 
could interfere with the results. 

 In the phase of visualizing and representing the data, the possibility of providing 
editable and interactive representations is desired, as researchers would need to 
explore the data in the most detailed way possible. Additional features, such as the 
possibility of upgrading and sharing figures and tables, are also to be taken into 
account. The library Plotly allows editing and manipulating the data while 
visualizing it, which made it suitable for representing all radiomic analyses. 

Finally, the visual interface must be improved taking into account user experience and 
usability metrics, having in mind that this tool will be integrated within a tool for the support 
in research and data analysis. 

 

 

 

 

 

 

 



   Design of a solution for the integration of radiomics information in 
 Computerized Decision Support System for research on Head and Neck Cancer 

72 

5 FUTURE WORK 

The present work provides a context in which developing different types of analyses 
combining radiomic and clinical data. It provides also, as it is known, a visual interface 
where selecting the conditions of the analyses and configuring the graphs. However, many 
additional functionalities would add value to the software tool and improve its usefulness. 
Along with this, additional information could be considered during this project, and thus 
improve the analyses performed. Some of the main future tasks in order to continue this 
work are: 

 Introducing new functionalities regarding the representation of the results. One 
of the desired functionalities was adding a control panel at one side of the graphs 
obtained, so that users could change the conditions of the analysis and then obtain 
new results. This would improve the way of comparing the results obtained from 
different radiomic analyses. Adding multiple charts in the same page was also 
considered, and should also been taken into account when improving the tool. 

 Improving the configuration panels and the general visual appearance. The 
main goal of the present work was to build a visualization tool for different types of 
radiomic analyses. Although I have tried to organize the module in the most 
comfortable and user-friendly way possible, the visual aspect of the module could be 
possibly improved, especially regarding some of the configuration menus. 

 Introducing different clustering algorithms in order to create clusters from 
radiomic features and the patients’ cohort. This would allow to perform new types 
of analyses and representations, such as building heatmaps from different patient 
clusters built according to their radiomic features values, and assessing if these 
clusters show higher incidence of a specific clinical item, similarly to what is done 
in Figure 11. Building clusters from radiomic features would also be useful in the 
case of Kaplan-Meier curves, allowing to represent the survival of different clusters 
of patients. In any case, the possibilities of introducing clustering algorithms to the 
radiomic analyses are wide, so they should definitely be taken into account for the 
future. 

 Related with the previous point, assessing the possibility of introducing heatmaps 
created with ‘Clustergrammer’ to the Radiomic Visualization Module. 
Clustergrammer is a web-based tool for visualizing and analyzing high-dimensional 
data as interactive and shareable hierarchically clustered heatmaps [36]. This tool 
allows the representation of datasets along with different classification items, which 
in the case of radiomic analysis would allow a representation of the normalized 
radiomic feature values along with several axes representing the values of the clinical 
items selected. Besides, the tool incorporates clustering algorithms and a panel for 
its configuration (selection of clusters’ size and the order in which they are 
presented). However, this program could not be integrated into the software tool, as 
it is web-based (it redirects the user to a web-page where the heatmap is represented). 
Some ‘widgets’ expanding the use of this tool to other workspaces, like the Jupyter 
notebook, have already been developed, so one could expect that, in the future, it will 
be possible to integrate Clustergrammer to the Radiomic Visualization Module. 
 
To show the possibilities of this tool, an example was built with Jupyter, representing 
the z-scores of the radiomic features along with the clinical item 
‘follow_Status_of_Patient’. The result of it is shown in Figure 52. The z-scores from 
all radiomic features are deployed. The main horizontal axis represents the whole 
patient cohort. Furthermore, the axes labelled as ‘Category 1’ shows the results of 
the patients on the clinical item ‘follow_Status_of_Patient’. The colors from this axis 
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represent whether the item has the value ‘Dead’ or ‘Alive’. Besides, clustering 
algorithms are applied in both vertical and horizontal axes. The size of the clusters 
built can be configured in the ‘bars’ at both sides. 

 

Figure 52: Heatmap obtained with ‘Clustergrammer’, representing the radiomic features 
along with the clinical item ‘follow_Status_of_Patient’ [36]. 

 Adding new machine learning and data mining algorithms, such as new types of 
classifiers and feature selection algorithms. By this way, users would be able of 
assessing which methods are better than others. Furthermore, new types of analyses 
could be performed, like the ones in figuresFigure 13Figure 19. 

 Expand the usability of the tool to new datasets. The Radiomic Visualization 
Module has been designed taking into account two predefined .xlsx documents, 
which have been generated and provided by BD2Decide. These documents contain 
the radiomic data and the clinical data. The module reads the data directly from them, 
for which it was necessary to define the format of these documents and to read the 
useful data from them. Right now, 84 patients have data in both documents. 
However, the future goal is to expand these datasets, making possible to obtain more 
precise results. Furthermore, making the tool adaptable to new dataset types, with 
different data formats, would allow to introduce new cases and to expand the use of 
the current tool. 

 Adding genomic data to the analyses. Defining the ways in which the genomic data 
could be assessed along with the radiomic data, and which kinds of graphs and 
visualization methods would allow to represent them together. There already exist 
studies combining radiomic data with genomic data, so the goal would be to adapt 
the types of analyses made to a visualization tool, in a similar way than what has 
been made throughout this work. 
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 A more complete validation of the Radiomic Visualization Module: As it is 
explained in 3.2.4, a more complete validation of the concrete functionalities from 
the software tool would be desirable. Building an application form to be filled out by 
potential users and collecting these results would be very useful to improve the tool 
in the future.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



   Design of a solution for the integration of radiomics information in 
 Computerized Decision Support System for research on Head and Neck Cancer 

75 

6 SUMMARY 

This master thesis focuses on the identification and definition of different methods of 
visualization and representation of radiomic data, and the way of correlating this data with 
clinical information. Furthermore, this master thesis includes a software tool solution, 
defined as ‘Radiomic Visualization Module’, which aims to apply all the representation 
methods identified and defined into a user-oriented interface. This work has been developed 
within the BD2Decide project, which has the purpose of helping clinicians and researchers 
to develop better treatments and to achieve a better understanding of head and neck cancer. 
The software tool built uses radiomic and clinical datasets provided by BD2Decide, in order 
to perform the different kinds of radiomic analyses.  

To cover the goals of this project, a first approach to the context of head and neck cancer 
and the different imaging techniques used in cancer management was made. After this, the 
concept of radiomics was exposed, as well as the workflow needed to obtain radiomic data. 
A definition of the different visualization techniques was then done, before defining a 
software solution applying these methods. Finally, the different steps followed in the process 
of development software tool have been detailed, as well as a ‘User guide’ explaining all the 
functionalities finally included in it. Moreover, during the phase of definition and 
development of the software tool, the main requests by the members and researchers of 
BD2Decide project were taken into account, in order to build a tool which could match their 
main needs. 
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