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Resumen

En esta tesis se abord6 una problemética de actualidad vinculada con aspectos cuan-
titativos de las imégenes médicas, en especial las iméagenes funcionales. Estas técnicas
constituyen una herramienta poderosa para el diagnostico y tratamiento médico. El po-
tencial de estas imagenes va mas alla de lo que se puede determinar a simple vista. Dicha
informacion, accesible mediante la cuantificacion de imagenes, es de mucha utilidad para
las predicciones a futuro de la evolucion de los pacientes y/o de la efectividad de los
tratamientos administrados.

En el presente trabajo se hizo uso de herramientas matematicas y analiticas para los fines
mencionados anteriormente. Los temas abordados se dividen en tres: estudio cuantitativo
de imagenes de medicina nuclear de ventilacion pulmonar, estudios cuantitativos de ima-
genes de tomografia por emision de positrones (PET) en pacientes con cancer de cabeza
y cuello, y estudios cuantitativos de PET de pacientes pediatricos con linfoma.

En el primer estudio hemos realizado una comparaciéon de distintos parametros cuanti-
tativos de caracteristicas texturales extraidos de tomografias por emision de foton tnico
(SPECT) y PET de pacientes con enfermedad pulmonar obstructiva cronica. También

se hizo un analisis de correlaciones entre los valores de estas caracteristicas y los valores
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clinicos relevantes para el diagnostico de esta enfermedad. En particular, se utiliz6 el valor
del volumen de expiracion forzada en un segundo, pardmetro que se usa corrientemente
para determinar la severidad de la enfermedad pulmonar obstructiva crénica. Se encon-
traron correlaciones significativas para 18 caracteristicas texturales de estas tomografias
y el volumen de expiracion forzado.

En el segundo estudio analizamos marcadores imagenologicos extraidos en base a carac-
teristicas texturales cuantificables de las imagenes PET de pacientes con cancer de cabeza
y cuello de células escamosas. Se busco, de esta manera, una correlaciéon entre estos mar-
cadores y el periodo de progreso libre de enfermedad. Se lograron identificar 22 posibles
marcadores de tiempos de evolucion libre de enfermedad para pacientes con esta patologia.
Finalmente, en el caso del estudio de pacientes pediatricos con linfoma de Hodgkin, se
hizo un estudio cuantitativo también basado en caracteristicas texturales de las imagenes
PET. En este caso, se buscaron marcadores tempranos de respuesta al tratamiento en
un intento para predecir anticipadamente la evolucién de la enfermedad y permitir asi
personalizar el tratamiento para cada paciente en especifico. Se construyeron modelos
de clasificacion para estos pacientes usando un ntimero de 8 componentes principales de
51 caracteristicas texturales. Estos modelos permitieron asignar a los pacientes un grupo
de riesgo usando el estudio PET al momento del diagnoéstico de la enfermedad. Esta

clasificacion es crucial ya que dicta el tratamiento a seguir en cada caso.



Abstract

In this thesis we approached a current thematic related to quantitative aspects of medical
imaging, especially for functional images. These techniques constitute a powerful tool for
medical diagnose and treatment. Potential information contained in these images goes
beyond what can be seen with the naked eye. Such information, accessible through image
quantification, is very useful to predict patient evolution and/or the treatment effective-
ness.

In the present work, we used mathematical and analytical tools in order to achieve the
goals mentioned above. Working projects were divided in three: quantitative study of
nuclear medicine images of lung ventilation, quantitative studies of positron emission to-
mography (PET) images from patients with head and neck cancer, and a study of PET
images from paediatric patients with lymphoma.

In the first study we did a comparison between quantitative textural features extracted
from single photon emission tomography (SPECT) and PET images from patients with
chronic obstructive pulmonary disease. An analysis of the correlation of these parameters
with the physiologically relevant variable for this disease is also presented. In particular,

we used the value of the forced expiratory volume in one second, as a currently used pa-
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rameter to evaluate the severity of this disease. We found significant correlations between
18 textural features from these images and the forced volume of expiration.

In the second study we analysed imaging markers extracted from quantifiable textural fea-
tures from PET images of head and neck squamous cell carcinoma patients. We looked
for a correlation between these markers and the disease progression-free survival period.
We identified 22 possible markers of progression-free survival for patients carrying this
pathology.

Finally, for the study conducted with paediatric patients with Hodgkin lymphoma, we
performed an analysis of quantitative parameters. These parameters were also measured
from textural features from PET images. In this case we looked for early treatment re-
sponse markers, in an attempt to predict disease evolution and therefore allow for patient
specific treatment tailoring. We constructed classification models for patients using 8
principal components from 51 different textural features. These models allowed for cat-
egorizing patients in risk groups using PET studies at the moment of disease diagnose.

This classification is key to select the treatment to be administered for each case.
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Chapter 1

Introduction

1.1 Image quantification in medical images

Imaging in medicine has a wide variety of modalities and applications. They contain a
variety of information, ranging from anatomical structures, flow of fluids and function
monitoring to name a few. Images constitute a great tool for diagnose by themselves,
however, they could also contain useful information for other purposes, information that
could be extracted through quantification, for example. In this work we take into account

nuclear medicine images, in particular, positron emission tomography (PET) images.

PET is an imaging technique that enables the visualization of functional processes inside
the human body. To obtain a PET image, a radiopharmaceutical is injected to the
patient, the most common one is 2-deoxy-2-(**F)fluoro-D-glucose, abbreviated *F-FDG.

This radiopharmaceutical is a glucose analogue marked with the BT-emitter *F. When



BF_FDG is injected, the molecules are absorbed in the metabolically active tissues in
the body. After distribution of the rediopharmaceutical in the body, the emission of
a positron from the '8F isotope leads to a nearby anihilation of this particle with a
surrounding electron from the environment. This anihilation produces two 512keV gamma
rays in opposite directions, which are detected in the array of detectors arranged in a ring
surrounding the patient's body. Detections of photons along a line connecting a couple of
detectors and the time of arrival of these photons allow to predict the site of anihilation.
Thus, this process allows for the reconstruction of a tomographic image for visualization
(of metabolism in the case of FDG). In particular, cancer cells have high avidity for
BF_-FDG [1]. Therefore, ¥*F-FDG PET allows for tumour and disease characterization
as well as treatment efficacy evaluation and quantification [2-4|. Functional imaging is
increasingly being taken into account for oncology treatments such as radiation therapy,
for which only anatomical images such as computed tomography (CT) were previously
used. PET is often complemented by anatomical imaging such as CT, used for anatomical

reference, and a fused image is obtained. An example can be seen in figure 1.1.

Fusion:
PET/CT

CT PET

Figure 1.1: Example of a 8F-PET/CT fusion image.



However, ®F is not the only radiopharmaceutical that can be used for PET. A variety
of molecules marked with other radioisotopes are used to image different processes as
well. Some examples are: 1°0O in H,O for oxygen metabolism, *N in NHj; for myocardial
perfusion, 'C in !'C-acetate for myocardial uptake, oxidative metabolism and studying
hepatocellular and prostate carcinomas [5]. All these different molecules are driven to
target tissues by the biochemical processed in the body.

As these images bear information about the physiologic processes in the body, quantifica-
tion of the uptake itself and some other properties of this images are believed to contain
much more information about the processes involved in disease manifestation and changes

in a patient. In this work we will specially treat PET images with 8F-FDG.

However, to tackle the problem of finding relevant quantitative information in these im-
ages, several complementary but important aspects have to be taken into account. These
aspects concern image registration, volumes segmentation and quantification itself. The

big picture of this process gives birth to a field known nowadays as "radiomics".

1.1.1 Deformable registration

Usually, when using multi-modality imaging, the process of matching two different image
acquisitions for the same patient is called "registration". For this purpose, images are
acquired consecutively with, ideally, no movement of the patient, in which case, rotations
and translations are enough to transform one image to match the other one. However,

given that the human body is not rigid, sometimes there is movement and deformation of



the tissues. In this case, registration has to deform one image to match the other one.

1.1.2 Image quantification and texture features

As mentioned before, image quantification is the process of extracting useful measurable
magnitudes from medical images, with the objective of extending and/or complementing
the visual evaluation done by physicians. In this work this is done by using the so called
"textural features". These features could be related to pixel values from an image, their
proximity and their spatial distribution. There is a large number of textural features
described in the literature [6-12|. These features have generally been devised as a mean
to quantify a pattern or a property of an image as seen by the naked eye. In practice, not

always the defined features can be related to a visual characteristic of an image.

1.1.3 Radiomics

The field that has been known for a while now as "radiomics" consists in extracting
large amounts of data from medical images, in order to be used to make decisions on
treatments, or predict outcomes. Basically, all types of quantitative information that can
be extracted from images, such as textural features, shape-based features, histogram and
intensity level features, etc., are prone to be taken into account in this definition. The
founding idea of radiomics is that this features are related to physiologic processess in
the body. Threfore, this field is based on the fact that medical images have more much
information than what meets the eye. In this thesis, we took into account textural features

as described in the following chapters. However, the process of feature extraction in the



case of medical imaging is more complex and involves several consecutive steps: imaging
data acquisition, image segmentation, feature extraction and finally data analysis. Each
one of these steps has its own inherent challenges, like standarization, reproducibility,
ground truths definition, automation and data storage, to name a few. A nice summary
of radiomics can be found in Kumar et al. [13]. A conceptual map summarizing the
process and challenges is shown in figure 1.2. Some of this challenges are addressed in the

chapters of the present work.

a;’a

Figure 1.2: Conceptual map summarizing radiomics workflow and challenges.

1.2 Treatment response assessment and early predic-
tion

The perfect scenario for treatment planning would be to know beforehand if the patient is

going to respond to a certain treatment. In order to do this, we search for useful indicators



that can be extracted from medical images. Once validated, these indicators would allow
for knowing which treatment or drug to administer and eventually, tailor patient specific
treatments. This is known as treatment personalization.

To achieve this goal, the methodology consists of evaluating changes in key markers
throughout treatment courses, and to correlate this changes to groups of different re-
sponses to treatments. Eventually, the best markers would allow for prediction as early
as at the moment of disease diagnose. All these goals are very general and in this work
we focus specifically on markers extracted from PET images using *F-FDG as the radio-

pharmaceutical.

1.3 Thesis layout

As an overview of the structure of this work, we have the following. Chapters 2 and 3
explain the mathematical analytical tools that were used throughout the three problems
that were studied in this thesis. Chapter 2 gives an overview of deformable registration,
definitions as well as the algorithms used and a brief explanation of how they work. Chap-

ter 3 lists mathematical definitions and methodology for textural features calculation.

All sub-projects presented in this thesis were done using patients data, provided by the
Uruguayan Center of Molecular Imaging (CUDIM) and in collaboration with the Tmage
Guide Therapy (IGT) group from the Medical Physics department of the University of

Wisconsin. These 3 main frameworks are presented as follows.



Chapter 4 presents a comparison of lung ventilation imaging between PET and single
photon emission computed tomography (SPECT). Textural features were used to com-
pare quantitatively both techniques. This constitutes a pilot study as not many patients
were involved in the cohort from CUDIM. The interest of this chapter is to present a
quantitative analysis that is not much documented between these imaging techniques.
We found that quantification of these techniques is in fact comparable, and that a proper
standard protocols used for imaging could lead to robust and information-rich texture

features quantification.

Chapter 5 presents a study done on head and neck squamous cell carcinoma patients. We
had access to this patient cohort from the Radiation Therapy Oncology Group (RTOG)
thanks to the collaboration with the University of Wisconsin. In this project, deformable
registration was used in order to quantify textural features in scans at disease diagnose
(baseline) and after treatment. Fifty textural features were calculated from baseline and
post-treatment scans, from which 900 different imaging markers were considered to be
predictors of progression-free survival (PFS). Twenty-two of these markers were found to

be prognostic when compared to tumour-size prognostics alone.

Finally, in chapter 6 we presents the results of a project carried out with paediatric
lymphoma patients from a cohort at CUDIM. Twenty one patients with ages between 6
and 17 diagnosed with Hodgkin lymphoma (HL) were enrolled in the study. Fifty one

textural features were calculated from baseline '*F-FDG PET/CT scans. These textural



features were used to train classifier models to separate patients into different groups
corresponding to standard clinically used scales to assess treatment response and risk
groups. High accuracy classification models were obtained using this method. If further
verified and standardized, these findings could have a great clinical impact regarding

patient treatment management.



Chapter 2

Deformable Registration

Registration is the process of taking one system of reference, image, structure, to the
same space as a similar structure. In the case of medical tomographic images, when two
different scans of the same patient are taken at different moments, it is inevitable to have
some movement in between. Therefore, in order to account for this movements when
comparing the images, registration must be performed.

Registrations belong to two different families: rigid and deformable. The former takes
into account basically rotations, translations and isotropic transformations. The latter
takes into account deformations of bodies, as is the case in medical images, the body is
composed of tissues that not necessarily move rigidly. This is when deformable registration

comes into play.



2.1 Demons algorithm

Demons is the name given to a deformable registration algorithm inspired by Maxwell's
demon. Maxwell demon is an imaginary entity at the interface between two gases that
separates different molecules, allowing some in and taking some out, that would make
entropy to decrease. This idea inspired a model in which a moving image, M, is being
matched to a fixed image S. The idea is to consider the boundaries of image S as
a permeable membrane, where a Maxwell demon acts on every point of the membrane,
whereas M is a deformable fluid whose particles are either "attracted" inside the membrane
or "repelled" from it. To decide if these moving particles are taken inside or outside the
membrane, a definition of similarity between a point P of M and a point P’ of S has to
be defined, this similarity is noted K (P, P’). Knowing the similarity between P and P,
and the distance D(P, P’), a force fon a point P of M can be defined as:

> Z K(P, P)—=

The ensemble of all the forces f acting on M defines the motion vector field, and the

deformation depends on how rigid M is considered to be. This procedure is described by

Thirion [14].

2.2 Optical Flow algorithm

Optical flow method is based on the idea that images are moving frames, therefore each

pixel in he image will be at a certain point (z,y) at a certain time ¢. The deformed image
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is then understood as the original image after a certain set of displacement vectors is
applied to it. To state the mathematical relationship between the fixed image I(x,y,t)
and the moving image I(z + Az, y + Ay, t + At), the condition of constant brightness is
imposed:

I(z,y,t) = I(x 4+ Az,y + Ay, t + At) (2.1)

then, a Taylor development to the first order is calculated, and the condition stated in

equation 2.1 leads to the aperture problem for optical flow:

V[T“?:—It

where VI = (81/0x,01/dy), the vector V is the velocity vector V = (Az/At, Ay/At),
and I, = 01/0t. One frequently used method to find the solutions to this equation is the

Horn-Schunck method described by Horn et al. [15].

2.3 Similarity Measurements

Similarity indexes are a way to measure quantitatively the quality of deformable registra-
tion. Dice similarity coefficient (DSC) was developed by botanist Lee R. Dice to measure
the similarity between two samples [16]. We used this coefficient to judge upon the results
of our deformable registrations. To illustrate what DSC is, lets take two ensembles: A and
B. The degree of similarity between these two ensembles measured with DSC is defined

as:

2| ANB|

DSC = —————
| AT+ B]

11



In order to measure DSC from two images, equal gray level values at the same pixels are
taken as the elements in the intersection ANB. Gray levels of an image can be interpolated
to a convenient number of intensity levels (256 for example) before calculating DSC.

Lets take ginger-men as an example for fixed and moving images. The moving image is
the one that is going to be deformed to match the original image. We used both demons
and optical flow methods for testing. We used DIRART (Deformable Image Registration
for Adaptive Radio Therapy) toolbox [17, 18] running under MatLab for this purpose.
Deformable registrations performed using DIRART do not have a reference metric for
stopping iteration, but one can choose a fixed number of iterations and keep the most
suitable one, in this case we used up to 5 iterations. Results for deformations using

Demons and optical-flow methods can be seen in figures 2.1 and 2.2, respectively.

Fixed image Moving image

Figure 2.1: Deformable registrations calculated using demons algorithm. Top images
correspond to fixed and moving frames, bottom row figures from A) to E) correspond to
one to five iterations, respectively. Dice similarity coefficients between deformed image
and the original one are the following: A) 0.0059, B) 0.0067, C) 0.0104, D) 0.0126, E)
0.0187; similarity coefficients have been calculated for 256 gray levels.
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Fixed image Moving image

Figure 2.2: Deformable registrations calculated using optical-flow algorithm. Top images
correspond to fixed and moving frames, bottom row figures from A) to E) correspond to
one to five iterations, respectively. Dice similarity coefficients between deformed image
and the original one are the following: A) 0.0079, B) 0.0088, C) 0.0097, D) 0.0155, E)
0.0226; similarity coefficients have been calculated for 256 gray levels.

As can be seen in figures 2.1 and 2.2, both algorithms have strengths and weaknesses
depending on the differences between images. Another example of deformable registration
results using these both algorithms applied to computed tomography (CT) images can
be seen in figure 2.3. In the mentioned example, similarity can be visualized by means of
contour lines. These lines run along constant gray-level values borders in an image. In
figure 2.3, contour lines corresponding to the deformed image are superposed to the fixed
image.

As can be seen on figures 2.1 through 2.3, the measured DSC are small, this is due
to the fact that we are taking 256 gray-level values for comparison, which sets a highly
demanding threshold for similarity measurements. Therefore, DSC values shown in these

figures should be taken from lowest to highest for the sake of comparison only, as we can
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Figure 2.3: Examples of optical flow and demons deformable registration algorithms ap-
plied to CT images. A): Fixed image with its own contour lines to illustrate the ideal
result of deformable registration; B): Optical flow algorithm result, Dice index 0.0259; C)
Optical flow algorithm result, Dice index 0.0308. Dice indexes have been calculated with
256 gray levels.

visually see that deformations are doing well in general.

2.3.1 Examples of application of deformable registration methods

Deformable registration has been used in this work for quantification of response to treat-
ment from medical PET/CT imaging. Lets suppose we have two different "¥F-FDG
PET/CT scans for one patient, one scan is performed at the moment of disease diagnose
and the other one after treatment. There are two different approaches that have been
used for deformable registration in this work for response assessment, before applying

methods for image quantification.
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2.4 Method 1: Deformation of tomographic images

Once we segment the lesions using PET /CT scans, we first perform a local rigid registra-
tion around the lesion being considered. After this first registration process corresponding
regions should be closer together, then we apply deformable registration. For example,
we could take the post-treatment computed tomography as the moving image and the
baseline tomography as the fixed image. We use CT images for this purpose since they
have much more anatomical detail than PET images. When this process is completed,
we obtain a moving vector field (MVF). Finally, we apply the same rigid transformation
and MVF to PET images to obtain the corresponding voxel values for the same region
before and after treatment.

Using this method, we use the same regions of interest (ROI) as defined in the first scan.
Figure 2.4 shows an example of this method applied to a patient with head and neck
cancer. This methodology was used for response assessment quantification as described

in chapter 5.

O T W 9 g/ml Ol W 5g/ml =1 M 8 g/ml

Figure 2.4: Deformable registration applied to PET images. A) Baseline PET/CT with
ROI, B) Deformed post-treatment PET/CT with ROI, C) SUV differences inside ROI.
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One of the problems with this method is that registration is not always accurate, which
is the case with most deformable registration methods. It is also important to notice that
when we apply the MVF and interpolate voxel values, we are in fact changing the values
of the tomographic image. This is a problem, for example, in the case of PET when
comparing standardized uptake values (SUV), where an interpolation could change this

quantification. An example of inaccuracies of this method can be seen in figure 2.5.

Figure 2.5: Deformable registration applied to PET images. A) baseline PET/CT with
ROI as red contour, B) deformed post-treatment PET fused with baseline CT and ROL.
Hot glowing zones represent high radiopharmaceutical uptake regions.

An alternative method to deal with the inaccuracies mentioned above is deseribed in the

next section.

2.5 Method 2: Deformation of regions of interest

To address some of the cons of the method described in the preceding section, another
approach could be considered. Local rigid registration is still used, with the difference

that in this case we take post-treatment CT as the fixed image, and we use baseline CT
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Figure 2.6: Deformable registration (with optical flow algorithm) used to deform a ROIL.
This ROI is superposed to fused PET/CT images of a patient with Hodgkin lymphoma.
A): contoured lesion at baseline scan; B) deformed ROI at mid-treatment scan; C) de-
formed ROI at end of treatment scan.

scan as the moving image in order to get the MVF. Once the MVF is calculated, we apply
both the rigid registration and the MVF deformation to the ROI as defined in the baseline
scan. Figure 2.6 shows an example of the application of this method to a patient with
Hodgkin lymphoma. The contoured lymph node that can be seen in the baseline scan is
followed using this method through mid-treatment and end-treatment scans.

As can be seen in figure 2.6, this method yields visually accurate results. There are
two major pros compared to the method 1 in the previous section: when interpolating
the deformed ROI, a simple nearest-neighbours interpolation is enough, since a ROl is a
binary mask; if the ROI is not accurate enough, it can be modified easily with appropriate

software.
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Chapter 3

Imaging Texture Features

Information extracted from visual inspection of medical images is of most relevance when
used for diagnose purposes. It goes without saying that these images will continue to be
used in various medical fields as they are most of the time, non-invasive, and results can be
obtained almost immediately. Current advances have made it possible to see anatomical
and also functional features with medical imaging. Moreover, medical images contain
more information to what can be seen with the naked eye. Omne form to extract this
"hidden" information is through textural features analysis. These features allow us to
extract large amounts of information from a single image and use it to our advantage for
diagnosis and even prediction of disease/treatment outcomes. This is an emerging field
that has been called "Radiomics". There are some reported examples of the usefulness of

textural features to predict treatment outcomes, for example, in esophageal cancer [19].
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3.1 What are texture features?

Texture features are an attempt to quantify observed patterns, shapes, trends, etc. in
images as seen by the naked eye. In this chapter we describe the mathematical definition
of the features we use. Not all of these features are easily associated to a visual charac-
teristic of the images they are calculated from.

The motivation for applying texture features analysis to medical images is that differ-
ent radiotracer uptake patterns could help to recognize distinct pathologies in a tumor.
In this regard, possible applications of textural analysis are segmentation of anatomical
structures, diagnosis and tissue differentiation [20].

Texture features are image-derived quantitative parameters calculated mathematically
from voxel values distributions. Among these we have first, second and higher order fea-
tures. First order features are taken as statistical moments of the histograms of the voxel
values distributions of a given group of voxels. First order features do not depend on
the spatial distribution of voxel values, they only depend on the histogram of the image.
Second order features are mathematically calculated from the gray-level co-occurrence
matrix, which is calculated for any given arrangement of gray-level voxels. High order
features are calculated using the gray-level run-length matrix, the neighbouring gray-level
dependence matrix and the neighbouring gray-tone dependence matrix. Details for the
computation of these matrices will be given in the sections below. Second and higher
order features do depend on the spatial distribution of the gray level values of the voxels
inside the image. The basic hypothesis to use these features calculated from medical im-

ages is that histograms or spatial distribution of gray level values have information about
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physiological characteristics captured in a patient's tomographic scans.
Texture features are being increasingly introduced to analyze and quantify medical images,
hoping to provide additional information to visual analysis. Some comparisons between
visual and textural aspects of imaging have already been reported [21].
In the sections below the mathematical expression used to calculate each one of the before

mentioned features is presented.

3.2 First Order Features

First order features are calculated from the histograms of gray values of the images as
described in [6]. In our case, we are talking about 3D-images, therefore we will refer to
an image as a 3D matrix whose values refer to the gray-level values of the image, and
instead of talking about pixels we will refer to each element in the 3D matrix as a voxel.
Since first order features do not take into account the spatial distribution of the gray-tones
but only the number of voxels in a given range of grey-values, completely different images
with the same histograms could have the same first-order features values. Table 3.1 lists
definitions of these features in terms of voxel intensities. In this table, n is the length of

one side of the image, each voxel is located at coordinates (i, 7, k) and has a grey-level

p(i, j, k).
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Feature Equation

Mean fl = Z?:l Z?:l ZZ:l p—(ly’l]?)’k) =L
Median f2: value separating data in two halves
Variance =>", Zj DYy fﬁk)l w2 _ 52
Coefficient of variation f4 = \/707

Skewness =>" E] S 1 ’j; /i)gsu)
Kurtosis ZZ . ZJ ) Zk . 7;13 24#) _3
Energy fr = Zz H(i)?

Entropy fs ==V H(i) x log H(4)

Table 3.1: First-order features description. n is the length of one side of the patch,
p(i, j, k) is the voxel intensity value at coordinates (i, j, k) inside the patch, H (i) is the
probability histogram value for intensity ¢ and L is the maximum intensity value inside
the patch.

3.3 Second order texture features

Second order texture features take into account spatial distributions of voxels in an image.
To calculate these features we use run-length matrices, which are described in the following
sections.

Before describing these matrices, we show in figure 3.1 what we will consider from now

on the directional neighbouring pixels.

3.3.1 Gray-level co-occurence matrix: GLCM

For simplicity, we are going to explain how a GLCM is calculated over a 2D image. This
methodology is easily extrapolated to 3 dimensions by adding one more direction in space.

Consider a gray scale image as represented by a matrix whose values correspond to a gray
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135° 90 45°

Figure 3.1: Eight neighbouring pixels around a center pixel. There are two specific
neighbouring pixels for each given direction: 0, 45, 90 and 135 degrees.

tone. In this sense, let L, = {1,2,..., N,} and L, = {1,2,..., N,} be the horizontal and
vertical domains for the image respectively; and G = {1,2,..., Ny} be the possible gray
values. Therefore, the image I can be represented as a function I : L, x L, — G that
assigns a gray value to every pixel in the image.

We then define four spatially dependent gray-level frequency matrices as follows, where

# is the number of elements in the ensemble:

p(i,7,d,0%) = #{((k,1),(m,n)) € (Ly, Ly) X (Ly, Ly)/|k —m| =d,l =n,I(k,]) =

i,I(m,n) =7}

p(i,7,d,45°) = #{((k,1), (m,n)) € (Ls, Ly) X (Ly, Ly)/k—m =1—n=d or

E—m=1—n=-d),I(k])=1iI(m,n)=j}

p(i,j,d, 900) = #{((k7l)7 (m’n)) S (an Ly) X (an Ly)/k =m, |l - n| = d71(k7l) =

i,I(m,n) =7}
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p(i,5,d,135%) = #{((k,1), (m,n)) € (La, Ly) X (La, Ly)/(k —m =n —1 = d) or

(m—k=10l—n=4d),I(k1)=1i1(mn)=j}

and then we define the GLCM as the summation of the spatially dependent gray-level

frequency matrices:

P(i,j) =Y pli,j,d,0) (3.1)

0

where 6 = 0°, 45°, 90° and 135°.

For example, lets suppose we have the image [ defined as a 5 x 5 matrix with gray values
between 0 and 3, and we set d = 1. In this particular case, given the matrix I has 4
different values (gray-levels), each one of the p(i, j,1,0) will be 4 x 4 matrices, and the
sum P(i,7) = p(i,7,1,0°) + p(i, 4, 1,45°) + p(, j,1,90°) + p(i, 5, 1, 135°) is the GLCM for
the nearest neighbouring pixels (pixels at distance 1). An example of an image I and its
corresponding GLCM can be seen in table 3.2.

Using the GLCM we calculated several texture features as described in |7]. These features

are detailed in tables 3.3 and 3.4.

3.4 High-order texture features

High-order texture features are so called because they are more complex than second-order
features. The procedures for calculating these texture features are described in [8]. To
calculate these high-order features we make use of the gray-level run-length matrix, the

neighbouring gray-level dependence matrix and the neighbouring gray-tone dependence
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Name Matrix

3 00 0 2
31 3 10
Image I=(0 2 3 3 3
331 3 3
2 3 3 3 2
3 1 3 1
.. 5 0 2 5
GLCM P(i,j) = 01 0 8
9 10 3 21
15 1 1 0 0
o 12 0 0 0 0
GLRLM Qi) = 6 0 00 0
15 11 5 0 0
22000000
000 0O0OO0OO0O@d
NGLDM S(k,l) = 0000000 O
22341100

Table 3.2: Image and spatial dependence matrices examples. All spatial correlation
matrices are related to image 1.

matrix.

3.4.1 Gray-level run-length matrix: GLRLM

The GLRLM was first proposed by Galloway in 1974 [11]. This matrix takes into account
the number of times a particular gray-level is repeated in straight lines. Given a gray-level
i and a run-length j, the matrix ¢(7, j,#) has in each of its elements the number of times
this 7 gray-level is repeated in j consecutive pixels at an angle specified by 6. As in the

previous case the GLRLM is the sum of the ¢(i, j,#) matrices for four different angles:

QUi j) = qli,5,0) (32)

0
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Feature Equation

Angular moment Jo = %ZNg ZNg P(i, j)?

Contrast Jio=% ZNJ_I i*Pyy (i)

Correlation Ji1 = Tgwy Ziv" Zj Tij P (i, ) — paty
Sum of squares variance fi2 =% SN ZN‘](' — 1)*P(i, j)
Inverse difference moment Jis3=7% EN" EN" %

Sum average fuu=7 LS 2N i Py (i)

Sum variance Ji5 =7 LS 2% (i — f16)2 Posy (0)

Sum entropy Ji6=—7% Z?ivgg Pryy(i)log Ppyy(i)
Entropy frr = =320 355" P(i, ) log P(i, )
Difference variance fis = %O’z y

Difference entropy Jio=—7% LS Nt P (i) log P, (i)

Table 3.3: Second-order features description: first set. In this table P(i,j) is

the GLOM, T = X, P(7), Pali) = X, Pl )s PyG) = 34 PG, d), ther iy, 02 and
o, are the means and variances of P, and P, respectively, P,i,(k) = Z” P(i,j), with

k=23 2N, and i +j = k, Py = 3, P(i,j) with k = 0,1,--- ,N, — 1 and

li — j| = k, 04—, is the variance of P,_,.

where 6 = 0°, 45°, 90° and 135°.

As an example consider again a 5 x 5 image I in with 4 gray levels for its pixels. The
matrix components for the GLRLM following the four different directions will be 4 x 5
matrices, because there are 4 gray levels and 5 is the maximum run length there could be
in a 5 x 5 matrix. The sum Q(i,7) = q(7,4,0°) + q(4, j,45°) + q(i, 7,90°) + q(i, 7, 135°) is
the GLRLM for the nearest neighbouring pixels. An example of such an image [ and its
corresponding GLRLM can be seen in table 3.2.

Texture features calculated from the GLRLM are described in table 3.5.
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Feature Equation

1 HXY-HXY1

Info. measure of correlation 1 foq = 7= (XY

Info. measure of correlation 2 for = 71/1 — exp[—2(HXY2 — HXY )]

Max. correlation coefficient fa2 = 2nd largest eigenvalue Q(i,7) =), I;(Z(’j—m](:)
Maximal probability fo3 = 7 maxp(i, j)

Diagonal moment for=E 300 ng |7 — jl(i +J — e — y)p(3, 5)
Dissimilarity fos = 7222 li = 4lp(i, 5)

Difference energy fo6 = 7 i Pa—y(i)?

Inertia Jor = %Zz ZJ(Z — J)?p(i, j)

Inverse difference moment Jos =7 ZN" ZNq 1_1;(1] 7

Sum energy Jag = %Z@ Payy(1)?

Cluster shade fs0 = %Zf'vg_l Z;Vg_l(i + 7 = te — 1y)°p(i, J)
Cluster prominence f31 =% Zﬁv"_l Zj-vg_l(i + 7 =t — 1y)*p(i, J)

Table 3.4: Second-order features description: second set. In this table: P(i,j) is
the GLOM, T = X2, P(i, 1), Poli) = X2, P(is 1), Py(j) = 534 P(is ) thas iy, 00 and o,
are the means and variances of P, and P, respectively, Py, (k) = >, P(i, j), with k =
2,3, 2Ny andi+j =k, P,y = Y, = P(i,j) with k = 0,1,--- , Ny~ Land |i—j| = k,
HX and HY are the entropies of P, and P, respectively, HXY = — >, . P(i, j) log P(i, j),
HXY1 =~ 5, Pu(i)P,(j)log Pli, ), HXY2 = — 5, Po(i) P, (j) og PL(i) P, ).
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Feature Equation

Short run emphasis fa2 = nl Zﬁl Zjvzl Qg»iz’j)
Long run emphasis J33 = n% Zf\il Zjvzl Q(i, j)j?
Gray-level non-uniformity faa = n% Zf”il(Zjvzl Q(i,7))?
Run-length non-uniformity f35 = n—lr Zjvzl(zlj\il Q(i,7))?
Run-percentage f36 = Z—;

Low gray-level run emphasis Jar = 5> ZZ 1 ZN Q(sz
High gray-level run emphasis fos = - M Zj L Qi 5)i
Short run low gray-level emphasis f39 = ni Z Zj\] 1 ng;g
Short run high gray-level emphasis fao =+ ZZ L ZN Q(z,g
Long run low gray-level emphasis fu= PO ZN A ZJ
Long run high gray-level emphasis fa2 = n—lr ZZ 1 ijl Q(i,7)

Table 3.5: High-order texture features from GLRLM. Here, M represents the num-
ber of gray levels and N is the maximum run length, n, is the total number of runs and

n, is the number of pixels in the image.
3.4.2 Neighbouring gray-level dependance matrix: NGLDM)

The NGLDM was introduced by Sun et al. in 1983 [9] which for an image I is defined as
follows:

Sk, 1) = #{(4,j)|1(i,5) =k and  #[(q,7)|p((3,]),(g,;7)) < d
(3.3)

and  |1(i,5) — (g, 7)| < a] =1}
where p((7,7), (q,7)) is the distance between pixel at coordinates (i,7) and (q,7), d is a
given distance for neighbouring pixels (d = 1 for nearest neighbours), and «a is a positive

integer. For example, for a 5 x 5 image I, we set a = 0 (equal gray levels) and d = 1

(nearest neighbours of a pixel). In this case the element (k, 1) of the NGLDM is defined as
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the number of pixels with gray level k that exactly have | neighbouring pixels (at distance
d = 1). Therefore, the NGLDM will be a 4 x 8 matrix (4 gray levels, 8 possible nearest
neighbours for each pixel). An example of an image I and its corresponding NGLDM can
be seen in table 3.2.

Texture features calculated from the NGLDM are described in table 3.6.

Feature Equation

Small number emphasis fi3 =55 SN Z S(j”)

Large number emphasis fu =<5 S Z] * 5%S(i, )
Number nonuniformity f15 = <5 Zj\fﬁl(zgﬁ S(i,))?
Second moment ss Z Z 1 S, )?

Entropy Jar = S—IS Zi\f:gl Zj\g S(i, ) log S(, j)

Table 3.6: High-order texture features from NGLDM. 55 = S Z] 1 S(4,7), N,
is the number of gray level values in the image and Ny is the number of different Values
in the NGLDM of the image

3.4.3 Neighbouring gray-tone dependence matrix: NGTDM

The NGTDM was first proposed by Amadasun and King in 1989 [10]. This is a column
matrix that takes into account the variability of the surroundings of pixels.

Lets take an image I, with gray-tone value I(k,[l) = i for the pixel located at coordinates
(k,1). Let d be a measure of the neighbourhood size, the average gray tone value in the

neighbourhood centred at coordinates (k,1) is given by:

d d

A(k,l):ﬁ SS S Ikt ml+n), (mn) £ (0,0)

m=—dn=—d
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where w = (2d 4+ 1), The ith element of the NGTDM is defined as:

> |i— A(k,l) |, forie N; if N;#©
T() = (k) /I (k,1)=i

0, it N;=0

where N; is the ensemble of pixels with gray tone i (peripheral regions of size d are
excluded from the calculation). For example, lets take the same 5 x 5 image I from table
3.2. Excluding the peripheral region, there are no pixels of intensity ¢ = 0, therefore we
will have T'(0) = 0. For the gray tone ¢ = 1 there are three pixels to be taken into account,
the calculation for the element 7'(1) of the matrix will look like this:

' 14 ’ 14 ‘ 23 27

1—— l——|=—=3375
i 8 * 8 8

Similarly we obtain 7'(2) = 0.125 and T'(3) = 4.75. These four values constitute the
NGTDM.

Texture features calculated from the NGTDM are given in table 3.7.

Feature Equation

Coarseness — fus = [e+ X7 p()T()|

Contrast fio = mz&o jiop(i)p(j)(i—j)Q] [# Zg‘oT(i)}
Busvnes  fu= | 5070 [SEE0 i)~ inti)] o0 20) £0

Table 3.7: High-order features from the NGTDM. In this table, T'(i) is the ith
value of the NGTDM, N, is the number of gray level values in I, G}, is the highest gray
level, p(i) is the probability of appearance of gray level ¢, € is a small number and n is the

number of pixels in I.
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3.5 Heterogeneity

We used a way to quantify heterogeneity that has been proven to correspond fairly well to
the appreciation of trained radiologists [12]. This quantification uses a three-step method
before quantification of heterogeneity itself.

Lets take two voxels inside a 3D matrix, m and n, with corresponding intensities I,,
and I,. The Bresenham algorithm [22| is used to select the voxels that correspond to
a discrete approximation to a straight line between voxels m and n. We will refer to
this approximation as the Bresenham line. Let's take r,,; as a voxel at a distance [ from
m. Then, for a linear interpolation of gray-level intensities between voxels m and n the

intensity of voxel r,, would be:

]n_]m

T'mi

I(rm) = I + Pl (3.4)

As the second step, let £ be the Bresenham line between m and n, and L be the number

of elements of .Z. Then, the deviation from this linear interpolation is calculated:

— 1
BT =73 1)~ 1 (35)
le?

where [; is the actual gray-value of voxel 7,,;.
The third step is the calculation of the average deviation, defined as the average value of
all the AT values between all pair of voxels separated by the same Bresenham length.

1

(Al)ens, (3.6)
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where ens is the ensemble of all voxels inside the region being considered.
Finally, let L be the longest Bresenham line between two voxels inside this region, then,

the heterogeneity is calculated as:

h= / A(L/D)d(L/T) (3.7)

As an example, figure 3.2 shows the heterogeneity quantification for four sample images
that have all the same pixel mean value. Values for heterogeneity depend on the gray-level
values from the image; the values shown in image 3.2 are only indicative and are meant

to show how this measure of heterogeneity grows with different image types.

“m W B

h=0.4813 h =0.6201 h =0.6636 h = 0.6956

Figure 3.2: Example of quantification of heterogeneity.

3.6 Method for computation of texture features from

medical images

In order to calculate texture features from an image, we first define the concept of patch.
A patch is defined as a certain number of voxels in a cubic arrangement. For example, a

5-patch is a cubic arrangement of 5 X 5 x 5 voxels. Once a patch is defined, we calculated
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the corresponding gray-level histogram, GLCM, GLRLM, NGLDM and NGTDM matrices
and, finally, the texture features.

The procedure described above allows for the calculation of a certain texture feature inside
a patch (of any given size). These calculations are used to obtain what we call parametric
maps. A parametric map is a matrix with the same size as the tomographic image (PET
image for example), in which the value of each voxel is replaced by the texture feature
value calculated inside the patch surrounding that voxel. Figure 3.3 depicts a schematic

for this procedure using an example of PET scan data.

PET scan

Lesion Segmentation 5-patch
” /4» —
L Lk

Figure 3.3: Schematic for texture feature extraction from a 5-patch.

-

!

Feature
extraction

Therefore, a parametric map can be obtained for every single texture feature. Finally, we
define a ROT in the parametric map, for which the value for the corresponding texture

feature is taken as the average of all the voxels inside this region.
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3.7 Interpretation of texture features

As mentioned before, texture features are defined in an attempt to assign a value to
a certain visual aspect from images. However, it is difficult to associate a certain visual
characteristic to every feature described in this chapter. We will explain the interpretation
for some of these in the paragraphs below.

First order features take into account grey values from voxels as a whole, it does not matter
where they are locate in the image. Therefore, these give an idea about the variation of
grey values throughout the image, they do not refer to a texture pattern.

Features taking into account spatial variation s of gray values in the image are second
and higher order features. For example, the angular moment (fy in table 3.3) could be
understood as a measure of homogeneity of the image. This is justified by the number
of transitions of gray values of small and large magnitude that are taken into account in
the GLCM. As another example, the correlation feature (f;; in table 3.3) is a measure of
gray tone linear dependencies in the image.

All features from the GLRLM as described in table 3.5 are made to quantify run-length
distributions in images, taking into account short and long run-lengths associated to high
and low gray values and taking into account all directions of neighbouring voxels in a
cube (3D image).

Regarding at features calculated from the NGLDM (see table 3.6), and taking into account
how this matrix is constructed using the gray values of voxels, we have the following
interpretations. The small number emphasis (fy3) is a measure of the fineness, whereas

large number emphasis (f44) measures the coarseness of the image. The second moment
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(f16) measures the homogeneity of the NGLDM matrix and therefore, of the image itself.
Notice at this point that there are several different ways to define the homogeneity of
an image. The number nonuniformity (fs5) and entropy (fs7) are a way to measure
homogeneity of the number distribution in the NGLDM. It is difficult to associate the
two latter features to a visual texture characteristic of the image, however, they are related
to coarseness.

Finally, for textural features calculated from the NGTDM (see table 3.7), coarseness
(f1s) and contrast (fy9) are different ways of measuring these textural characteristics
from images. Busyness (fs0) is conceived to measure rapid intensity changes between

neighbouring voxels.
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Chapter 4

PET and SPECT Imaging for lung

ventilation

4.1 Introduction

The severity of chronic obstructive pulmonary disease (COPD) is clinically diagnosed
with spirometry by measuring forced expiratory volume in 1 s (FEV1). However, this
measurement does not give any information about the obstructed regions in the lung. A
better assessment of small airway diseases can be obtained with lung scintigraphy [23].
Ventilation /perfusion (V/Q) SPECT has also been incorporated for airway function di-
agnose [24].

For regional lung obstruction imaging, tomographic 3D images obtained in SPECT have
a clear advantage over 2D projection images obtained in scintigraphy. Technegas (Cy-

clomedica Ltd.) is a technology used in SPECT to assess lung ventilation function [25].
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Technegas is a pseudo-gas, consisting of carbon nanoparticles suspended in argon and
labeled with ?°™Tc. The size of carbon nanoparticles is about 100 - 300 nm. This allows
for pulmonary ventilation imaging in nearly physiological conditions, since nanoparticles
can reach alveolar space [24].

As an alternative to SPECT, studies have reported the feasibility and implementation
of Gallgas-PET scans for lung ventilation [26-29]. Gallgas is a radiotracer made with
the same carbon nanoparticles as Technegas, but labeled with 68Ga. Gallium-68 is an
attractive PET radionuclide due to its short half-life (~ 68 min), ease of production,
availability and compatibility with medical applications [30,31]. Qualitative compari-
son studies between Technegas-SPECT and Gallgas-PET have been reported [32], where
Gallgas PET shows a better distribution inside the lungs providing a better visualiza-
tion of ventilation heterogeneities. Other comparative studies showed that diagnoses with
Technegas-SPECT and Gallgas-PET are compatible most of the time, however, PET of-
fers more confidence to suspect a different diagnose in some cases [28|.

It is well known that PET offers better spatial resolution than SPECT [33|. However,
SPECT has the potential to become a more sophisticated technology for image analysis
techniques [24]. On the other hand, PET is gaining relevance in diagnose of pulmonary
imaging [34], and will most likely continue to be used for this purpose in the future.
For these reasons, we considered a quantitative comparison between Gallgas-PET and
Technegas-SPECT to be of interest.

Previous authors investigated the feasibility of selecting obstructed lung regions in the

lungs using textural features calculated from CT images [35]. They found that there is a
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very good agreement with the segmentation obtained through texture features quantifi-
cation and visual assessment done by experienced physicians.

Moreover, advanced quantitative parameters like texture features, measured from venti-
lation PET and SPECT scans, are likely to show correlations to FEV1 as the physiologic

variable used to assess COPD severity.

4.2 Methods

4.2.1 Patients

This study has been approved by the institutional review board and all subjects signed
an informed consent form. For this retrospective study, 5 patients with appropriate
non-attenuation-corrected Gallgas-PET scans and available Technegas non-attenuation-
corrected SPECT scans were selected. Non-attenuation correction scans were used in
order to compare PET to SPECT acquisition mode. All these patients had moderate to
severe COPD and underwent Gallgas-PET scans at our center between September 2011
and July 2012. PET and SPECT scans were performed within 4 days of each other. Table

4.1 shows the details for the patients.

Patient  Diagnose Age (years)  Sex
1 bullous emphysema 48 F
2 panlobular emphysema 95 M
3 chronic bronchitis 74 M
4 emphysema 61 M
5) diffuse panlobular emphysema 37 M

Table 4.1: Details for the patient cohort. Images from five patients were retrospec-
tively retrieved for this study.
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4.2.2 Radiopharmaceutical production

Technetium 99m was obtained from a %Mo/?"™Tec generator. For Gallium-68, an eluate
from a %®Ge/%®Ga generator was purified and concentrated by a QMA cartridge before
production of Gallgas nanoparticles. In both cases, carbon nanoparticles were produced
with a commercial device from Cyclomedica Ltd. Both radioisotopes were bind to carbon
particles in a pure argon atmosphere and a temperature of 2500 °C. For Gallgas, car-
bon nanoparticles were labelled with ®®*Ga as GaCls. For Technegas, nanoparticles were

labelled with ?°™Tc as *™TcO,..

4.2.3 Imaging

An estimated mean inhaled activity of 70 MBq for Technegas and 27 MBq for Gallgas
was administered to the patients, instants prior to scanning. Ventilation SPECT was
performed acquiring 120 images around a 360° angle, with 15 seconds per step. (Gallgas
PET/CT was performed using 2 or 3 bed positions, 3 min each, with a 64-slice multi-
detector CT component. Each bed position comprises 46 slices. A bed overlap of 11 slices
was used (approximately 24%). Both images were reconstructed using an iterative OSEM

algorithm. PET images were corrected using time of flight (TOF).

4.2.4 Region of interest definition

The analyzed voxels from PET and SPECT scans were limited to the pulmonary region.
This ROI was segmented using the inspiration CT images and extrapolated to PET and

SPECT scans. All ROIs underwent visual inspection for further verification. Trachea and
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main bronchus regions were removed manually from the ROI.

4.2.5 Image analysis

SPECT data was not corrected for attenuation, since it was acquired using a dedi-
cated SPECT camera. In order to compare both imaging techniques, we used the non
attenuation-corrected PET data. SPECT scans were rigidly registered to PET using
normalized mutual information maximization criteria. After rigid registration, SPECT
scans data grid sizes were resampled to PET scans data grids using nearest-neighbor

interpolation method.

4.2.6 Volume segmentation

Threshold based segmentation was performed by taking into account voxels with values
within a fixed range from SPECT and PET scans data. Pearson correlation coefficients
between segmented volumes and FEV1 were calculated to find optimal segmentation
thresholds. Voxel histograms were calculated considering voxels inside the segmented
pulmonary region. For these voxels, an estimated value for background activity was
calculated using the mean value of voxels from the surrounding area outside the lungs.

Voxels with values lower than background were not considered for the histograms.

4.3 Texture features

Texture features were measured from PET and SPECT scans. To quantify these values we

calculated parametric maps from scans using 5-patches and parametric maps as described

41



in section 3.6.

To assign a feature a value from a given ROI, the mean value of the corresponding para-
metric map voxels inside this ROI is calculated. Voxels having neighbouring patches that
fell outside the pulmonary region were not taken into account. Details and enumeration

for each of these features is given in chapter 3.

4.3.1 Correlations between texture feature segmentation and

FEV1

Using the previously described parametric maps, we used threshold based segmentation
to divide voxels inside the lung region. We measured Pearson correlation coefficients
between the total volume of the segmented regions and FEV1 volumes, for all 50 texture
features, after proper standardization of features quantitative values. The highest Pearson
correlation coefficient was used as criteria to find optimal segmentation threshold using

texture features.

4.3.2 Statistical comparison between texture features

Using the optimal segmentation thresholds measured from PET and SPECT, we selected
the voxels inside the obstruction regions common to both techniques. Thus, we took into
consideration voxels corresponding to obstructed regions for both PET and SPECT scans.
We compared the mean and variance values for each texture feature from all these voxels

taken from all 5 patients to compare SPECT and PET features.
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4.4 Results

Correlation coefficients between FEV1 and segmented volumes for several thresholds are
shown in figure 4.1. Maximum correlation coefficient values are obtained for a threshold
of 27% of maximum uptake for PET and 31% of maximum uptake for SPECT scans, with

Pearson correlation coefficients of 0.90 (p = 0.039) and 0.98 (p = 0.002) respectively.
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Figure 4.1: Correlation coefficients between threshold-segmented volumes and FEV1.

The histograms measured for each patient, from PET and SPECT scans, and the
intensity volume histograms (IVH) are shown in figure 4.2. TVH show the volume in liters
taking into account all the voxels with values above a given threshold as percentage of
maximum uptake. Figure 4.3 shows maximum intensity projections of PET and SPECT

scans limited to the lung regions for all 5 patients in the study.
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Figure 4.2: Comparison between histograms of PET and SPECT scans (first column) and
intensity-volume histograms (second column), for each patient.
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Figure 4.3: Normalized voxel values PET (top row) and SPECT (bottom row) maximum
intensity projection scans. Each column corresponds to scans for the same patient.

Segmentation volumes using some of the 50 different texture features were found to
show high Pearson correlation coefficients (> 0.9) when compared to FEV1 as the phys-
iologic variable. These features, their corresponding threshold values for segmentation,
together with correlation coefficients and their p-values are shown in tables 4.2 and 4.3

for Gallgas-PET and Technegas-SPECT respectively.

Feature (number)  Threshold  Pearson coefficient P value

3 32 0,96 0,011
5 52 0,91 0,031
10 86 0,94 0,018
23 76 0,93 0,020
27 86 0,94 0,012
31 91 0,97 0,005
35 81 0,98 0,004

Table 4.2: PET texture features used for segmentation. Features for which resulting

volumes show high correlation with FEV1.

Mean and standard deviation values of voxels inside obstructed lung regions were
calculated from parametric maps corresponding to these features, for both Technegas-

SPECT and Gallgas-PET scans. Comparison bar graphs for mean and standard deviation
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Feature (number)  Threshold  Pearson coefficient P value
1 43 0,97 0,006
2 39 >0,99 <0,0001
3 18 0,97 0,006
4 71 0,97 0,005
8 92 0,9 0,036
12 51 >0,99 0,0003
14 65 0,98 0,004
16 100 0,95 0,014
17 98 0,95 0,014
19 99 0,96 0,011
29 49 0,97 0,006
33 53 >0,99 0,0001
34 96 0,97 0,008
36 99 0,96 0,01
38 85 0,97 0,006
41 53 >0,99 0,0003
43 96 0,95 0,012
50 49 0,98 0,003

Table 4.3: SPECT texture features used for segmentation. Features for which

resulting volumes show high correlation with FEV1.

can be seen in figures 4.4 and 4.5 respectively.

4.5 Discussion

FEV1 is the clinical quantitative variable generally used to assess COPD severity, this is
why we used these values in order to find a correlation with lung ventilation volumes and
thus obtain significant threshold for segmentation in PET and SPECT scans. Optimal
thresholds (as percentages of maximum voxel value) used to segment ventilation volumes
were similar for PET and SPECT scans (27% and 31% respectively). Previous studies
analyzed the relationship between ventilation/perfusion ratio and FEV1 [36,37|. In this

case we analyzed correlations between ventilation scans and FEV1. A correlation with a
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Figure 4.4: Mean values for the features with which segmentation volumes exhibit high
correlation with FEV1, inside obstructed lung regions.
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Figure 4.5: Standard deviations for the features with which segmentation volumes exhibit
high correlation with FEV1, inside obstructed lung regions.

larger patient cohort between ventilation segmented volumes and FEV1 could reveal a link
between tracer distribution and this physiological uptake. Visually, we can see that the
uptake regions above this thresholds correspond to what would be visually assigned to the
ventilated regions of the lungs. Figure 4.6 shows the ventilated regions calculated using
these thresholds in the same slice of the same patient using PET and SPECT (images
have been fused with CT for clarity).

In an attempt to characterize tracer distribution, we plotted histograms and TVH from
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Figure 4.6: Technegas-SPECT segmentation of ventilated region with a threshold of 31%
over the SPECT scan fused with the CT (A). Gallgas-PET segmentation of ventilated
region with a threshold of 27% over the PET scan fused with the CT (B).

PET and SPECT scans and compared them for each one of our five patients. Compar-
isons between histograms from PET and SPECT show similarities in some regions, but
most of them show differences for a given range of voxel values. These histograms are
complemented by the IVHs. Regions where histograms show more voxel counts in PET,
together with the higher level of the IVH curves agree with the fact that there is a better
peripheral distribution of Gallgas when compared to Technegas. This can also be seen by
looking at non attenuation-correction PET and SPECT scans, which allows for a better
visual comparison of peripheral distribution. Interestingly, even if three of the cases in
this study showed the same tendency, the other two showed an opposite, yet less marked,
behaviour. This suggests the radiopharmaceutical distribution could strongly depend on
the cause of pulmonary disease.

Texture features are useful when they can be related and used to assess certain aspects
of patient clinical data. In this case, we used textural features for threshold-based seg-
mentations using both SPECT and PET data in the lung tissues. Textural features in

the lungs have been studied as measured from CT scans [35]. To our knowledge there
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are no studies where textural features have been quantified using SPECT or PET scans
for lung ventilation. We chose a patch size of 5 x 5 x 5 voxels (5-patch), which by the
voxel size accounts for 2.5 cm, as we considered this to be large enough for the features
not to be greatly affected by respiratory motion. Nevertheless, it would be interesting to
conduct sensitivity studies with a larger patient sample and perform gated acquisitions.
The segmented volumes we obtained showed a good correlation to FEV1 volumes for 18
features in SPECT and 7 features in PET. This suggests that there are intrinsic differ-
ences between the features measured in the obstructed and ventilated uptake regions of
the lungs, in both SPECT and PET, and that textural features could play an important
role in lung parenchyma segmentation using these imaging modalities. Also, as we can
see in figures 4.4 and 4.5, some features exhibit similar statistical distributions in SPECT
and PET scans. We think that a standardized protocol could provide more robust texture
features quantification in both techniques, as they seem to be consistent between these
two scanning modalities. Although these measurements should be taken with caution as

we have only a few patients, these results are encouraging to continue with similar trials.

4.6 Conclusion

To our knowledge, this is the first study analyzing the differences between PET and
SPECT using quantitative metrics other than SUV and ventilation/perfusion. Taking
this small cohort of patients into consideration, results suggest that tracer distributions
could strongly depend on the cause of the disease. Segmentation using some texture

features quantified from SPECT and PET were found to have a better correlation to
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physiological variable FEV1, motivating to continue the research in this field. Studies
including a larger cohort of patients are necessary in order to have statistically significant

results.
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Chapter 5

Quantitative imaging of head and neck

cancer

5.1 Introduction

Head and neck cancer accounts for more than 630,000 new cases and 350,000 deaths per
year worldwide. From these, 90% are head and neck squamous cell carcinomas (HNSCC)
[38]. PET or PET/CT functional imaging with *F-FDG is an accurate imaging technique
for tumor staging for cervical node metastases in HNSCC [39], solid tumors [40] and
various types of cancer [41,42]. ¥ F-FDG PET has also been shown to be a useful technique
for tumor target delineation in head and neck cancer patients [43]. Recent published works
report metabolic tumor volume (MTV) as a potentially prognostic biomarker for HNSCC
[44]. There have also been reports on the usefulness of standardized uptake values (SUV)

as prognostic markers. Maximal SUV value (SUV . ) from primary tumor has been found
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to be predictor of overall survival, and SUV values for lymph nodes have been proven useful
as predictors of extra capsular extension and distant recurrence in patients with head and
neck cancer [45]. Textural features have also been found to be useful for segmentation and
differentiation between normal and diseased tissues in head and neck cancers using CT
and PET imaging [46,47]. Moreover, imaging features derived from PET scans such as
SUV measurements, intensity-volume histograms, texture and shape based features, have
been previously studied as prediction markers for treatment outcomes [48|. Therefore, we
think that ®*F-FDG PET/CT images could be used to extract quantitative information,
which would improve the prediction of treatment outcomes and/or personalize treatment
to patients. In this context, Wong et al. [49] pointed out the need of a fully automatic
processing and analysis scheme, together with a summary of relevant studies in the field
of radiomics applied to head and neck cancer. In this work, we develop a framework to
get closer to that goal.

We could access images from a clinical trial identified by the number 0522 from the
Radiation Therapy Oncology Group (RTOG), which is part of the NRG oncology, a non-
profit organization formed to conduct oncology clinical research. (RTOG) protocol 0522 is
a randomized clinical trial that was carried out to investigate the benefits of the addition
of cetuximab (a drug used to treat colon cancer and other types of squamous cell cancers of
the head and neck) to concurrent radiochemotherapy (radiotherapy and chemotherapy at
the same time). A particular group from the RTOG 0522 patients had the opportunity to
voluntarily participate in a PET sub-study to evaluate treatment outcomes using baseline

and post-treatment '*F-FDG PET/CT scans. This is a valuable database to investigate
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prediction power of ¥F-FDG PET/CT in HNSCC. Access to clinical patient data was
granted by our collaboration with the Image Guided Therapy group lead by Prof. Robert

Jeraj from the medical physics department of the University of Wisconsin-Madison.

5.2 Methods

5.2.1 Patients

RTOG 0522 is a completed phase III clinical trial investigating the addition of cetuximab
to chemoradiation in patients with HNSCC, where patients were randomized to chemora-
diation with or without cetuximab. No benefit to progression free survival (PFS) was
observed with the addition of cetuximab to this treatment. PFS is defined as time be-
tween randomization and local, regional, or distant progression, or death. This database

was used retrospectively for this study.

5.2.2 Imaging

Patient database came from different centers, as RTOG 0522 was conceived as a multi-
center trial. Patients underwent PET/CT scans on hybrid scanners with CT components
of at least 4 slices and full rings for PET imaging. PET scan data was acquired on 2D
high-sensitivity mode or 3D mode in scanners without this option.

Patients were asked to fast for 4 to 6 hours before *®*F-FDG injection. They were injected
a dose ranging from 370 to 740 MBq of ¥F-FDG intravenously, and PET images were

taken 50-70 min after injection. Patients were imaged with a 120 keV /300 mA, 0.5-seconds

23



detector rotation time CT scan with intravenous contrast; followed by a 120 keV /80 mA,
0.8-second detector rotation time CT scan for PET attenuation correction, before PET
scans. PET scans were reconstructed with the scanner-specific recommended reconstruc-
tion algorithm. Post-treatment scans were taken 8-9 weeks after treatment completion
(treatments correspond to groups 1 or 2 from the RTOG 0522 protocol) and before any
nodal dissection. All post-treatment scans were performed on the same scanner as baseline

scans.

5.2.3 Image processing

Only complete datasets (baseline and post-treatment 18F-FDG PET/CT scans) from
patients database were taken into account for this study. We drew manually the ROIs
enclosing the primary tumor and lymph nodes under the supervision of one experienced
nuclear medicine physician at CUDIM. These regions were grown isotropically and used as
inputs for a custon semiautomatic segmentation algorithm [50] in order to reduce region
definition variability. This algorithm makes use of imaging features and gradients, to
define a resulting non-connected ROI, after a starting volume is established as an input.
After processing, we visually verified each ROI to avoid undesired regions to be included in
the analysis. Three main groups were considered for the ROIs: primary tumor (PT), right
metastatic nodes (RN) and left metastatic nodes (LN). We registered post-treatment scans
to baseline scans using deformable registration algorithms. As a first step, we performed
a local rigid registration between associated CT scans and used as starting configuration

to perform deformable registration using DEMONS algorithms from Deformable Image
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Registration and Adaptive Radiotherapy (DIRART) toolbox [17] running under MatLab
R2017a. We chose the Demons algorithm because it outperformed the Optical Flow.
Thus, the obtained motion fields from CT scans were applied to PET data, in order to
use the same ROIs as for the pre-treatment scans. To maintain SUV values as close
as possible to original scans, all interpolations applying motion vector fields where done
using nearest neighbours method. Figure 5.1 depicts the workflow for processing each

patient's scans.

Baseline PET/CT Baseline PET/CT + ROI

() N () ”

Baseline CT + ROI
+ post-treatment PET

10 g/mL

Figure 5.1: Workflow for processing HNSCC patients *F-FDG PET/CT scans.

A similar method was reported in the literature using rigid registration only, based on
expectation maximization algorithms. Authors found this method, used to compare PET
scans at different time-points, outperformed threshold based methods when performing
voxel-to-voxel comparisons |51]. Baseline, post-treatment and changes in **F-FDG uptake
parameters were evaluated. Figure 5.2 shows an example of SUV changes observed in a
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single patient after image processing.

Baseline Post-treatment

0 N 15 g/mL

Figure 5.2: SUV changes in a single patient between baseline and post-treatment *F-FDG
PET scans.

5.2.4 Texture features

We computed texture features through parametric maps, using 5-patches as described
in chapter 3.6. We decided to use 5-patches for feature computation because this was
considered to bee a reasonable size to distinguish feature variations in the lesions. A total
of 50 texture features were calculated for each group of lesions, as described and numbered

in chapter 3.

5.2.5 Imaging markers

Imaging texture features from metastatic nodes were separated into 2 groups: maximal
values among all left and right nodes (MN) and summed values from left and right nodes
(SN). Features were treated in 2 ways: continuous and dichotomized by median for PT,
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MN and SN. Therefore, a total of 900 variables were assigned to each patient: 50 features,
dichotomized or continuous (x2), from T, MN or SN (x3),for baseline, post-treatment or

change between baseline and post-treatment (x3).

5.3 Statistical analysis

Markers were correlated to PFS using Cox models. Cox models are also known as "pro-
portional hazards" models, and are used to predict the time of survival using markers
as the variables. Using this type of models, hazard ratios (HR) were calculated. HR
represent the rate of increased risk of an individual to another when assigned value of a
marker (as described in the previous section) above or below he median. In the case of
continuous variables, increases in 10% in the total range of values were used to calculate
HR. High values of a marker are considered to be protective for HR < 1, otherwise, they
signal an increased risk.

Statistical Cox models were calculated taking into account markers alone (univariate) or
adding markers to either primary tumour or nodal staging (bivariate). Akaike information
coefficients (AIC) were calculated for PFS prediction models. AIC is a coefficient used
to assess the quality of a statistical model, it takes into account a compromise between
fitting and simplicity of the model. The criterion for considering a marker potentially
prognostic was reduction in AIC by any amount relative to both primary tumour stage
and nodal stage alone.

Finally, Pearson correlation coefficients were calculated between all features meeting this

condition.
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All statistical analysis were made at the University of Wisconsin-Madison, since clinical

data is not available outside the institution.

5.4 Results

One-hundred sixteen patients agreed to participate in the PET sub-study, from which 50

are included in this analysis. Characteristics of the patients are shown in tables 5.1.

Age (years)

Mean 56.8

Std. Dev. 6.99

Median 56

Min - Max 43 - 71

Q1 -Q3 53 - 61
Gender

Male 44 (88.0%)

Female 6 (12.0%)
Race

Asian 1 (2.0%)

Black or African-American 3 (6.0%)

White 46 (92.0%)
Smoking history: pack-years  (n=39)

Mean 26.0

Std. Dev. 31.02

Median 14

Min - Max 0-135

Q1 - Q3 0 - 40

Table 5.1: Patient cohort characteristics (50 patients). Std. Dev., standard devi-
ation; Q1, first quartile; Q3, third quartile. A pack-year is defined as the equivalent of
smoking one pack of cigarettes a day for 1 year.

Tumour and nodes segmentation, as well as deformable registration results were vali-

dated by measuring intraclass correlation coefficients (ICC), based on values of SUV and
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MTYV between our measurements, done under the supervision of an experienced nuclear
medicine physician at the Uruguayan center of molecular imaging (CUDIM), and 2 other
different groups of nuclear medicine physicians from the University of Wisconsin-Madison.

Results for these coefficients can be seen in table 5.2.

Primary Right nodes Left nodes
SUV MTV SUV MTV SUV MTV
max peak max peak max peak

Baseline 0,98 0,97 093 {098 0,98 0,83 [0,99 0,99 0,95
Post-treatment | 0,92 0,83 N/A | 0,78 0,77 N/A [0,74 0,79 N/A

Table 5.2: Intraclass correlation coeflicients between observers for MTV and

SUV wvalues. N/A: not applicable due to lack of values for some observers.

Twenty-five PFS events have been reported; median follow-up for the remaining 25 pa-
tients is 5.0 years (min-max 4.0 — 6.2). Models taking into account texture features
provided lower AIC values than both primary tumour stage and nodal stage alone for 22
out of 900 features. Descriptive statistics for these 22 features are shown in table 5.3.
These values are given only as a reference.

Analysis of these 22 markers for univariate, bivariate adjusted for primary tumour stage
and bivariate adjusted for nodal stage is shown in tables 5.4 through 5.6. For reference,
a model with only primary tumour stage has an AIC of 176.08 and with only nodal stage

an AIC of 179.78.
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Marker Min Q1 | Median | Q3 Max | Mean | Std. dev.

P:#£5 (pre-tx) -0,3 0,3 0,6 0,9 1,6 0,6 0,5
P:45 (change) 1,6 | <04 | 00 | 02 | 1,2 | 00 0,6
P:#12 (pre-tx) 0 15000 | 18000 | 21000 | 31000 | 18000 6000
P:#12 (post-tx) 0 12000 | 15000 | 17000 | 22000 | 14000 4000
P:#14 (pre-tx) 0 200 230 250 330 220 60
P:#33 (pre-tx) 0 14000 | 17000 | 20000 | 30000 | 17000 6000
P:#33 (post-tx) 0 12000 | 14000 | 17000 | 21000 | 14000 4000
P:#33 (change) -17000 | -6000 | -2000 | 1000 | 8000 | -3000 5000
P:#41 (pre-tx) 0 14000 | 17000 | 20000 | 30000 | 16000 6000
P:#41 (post-tx) 0 11000 | 14000 | 16000 | 21000 | 14000 4000
P:#42 (pre-tx) 0 14000 | 18000 | 21000 | 31000 | 17000 6000
NM:#6 (post-tx) | 0 0 0 0 7 1 1

NM:#6 (change) -8 -1 0 0 5 -1 2

NM:#14 (post-tx) 0 210 240 260 320 240 50

NM:#23 (pre-tx) | 0,000 | 0,022 | 0,023 | 0,024 | 0,030 | 0,023 | 0,004
NM:#32 (post-tx) | 0,000 | 0,004 | 0,006 | 0,008 | 0,015 | 0,006 | 0,003
NM:#39 (post-tx) | 0,000 | 0,004 | 0,006 | 0,007 | 0,015 | 0,006 | 0,003
NM:#41 (post-tx) | 0 | 14000 | 17000 | 19000 | 26000 | 17000 | 5000
NS:#4 (change) 12 | 06 | 04 | -03 | 00 | -04 0,3

NS:#12 (pre-tx) 0 | 20000 | 20000 | 30000 | 40000 | 20000 | 10000
NS:#20 (change) | -0,00 | 0,03 | 0,06 | 0,09 | 0,17 | 0,06 0,04
NS:#24 (change) | -4000 | -1000 | -1000 0 | 1000 | -1000 | 1000

Table 5.3: Statistical variables for markers found potentially prognostic for
HNSCC.Min, minimum; Q1, first quartile; Q3, third quartile; Max, maximum; Std.
Dev., standard deviation; pre-tx, pre-treatment; post-tx, post-treatment; change, change
from pre-treatment to post-treatment; P, Values for primary tumour; NM, Nodes(max)
indicates the the maximum of the values for the right and left side nodes; NS, Nodes(sum)
indicates the the sum of the values for the right and left side nodes; # designates the

corresponding textural feature number.

For univariate analysis, the lowest AIC corresponded to dichotomized skewness in the
primary tumour at pre-treatment *F-FDG PET/CT scan with a corresponding HR. of
0.37 (higher values of skewness are prognostic of a longer PFS time). The p-value, p = 0.02
shows there is a significant difference in PFS for values of skewness above the median

(within a 95% confidence interval), taking only this variable into the survival model.
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Marker Comparison ~ AIC HR (95%CI) p-value

P:#5 (pre-tx) by M 173.89  0.37 (0.16-0.84) 0.02
P:#/12 (pre-tx) by M 174.37  2.61 (1.14-5.97) 0.02
P:#£33 (pre-tx) by M 174.37  2.61 (1.14-5.97) 0.02
P:#41 (pre-tx) by M 174.37  2.61 (1.14-5.97) 0.02
P:#42 (pre-tx) by M 174.37  2.61 (1.14-5.97) 0.02
P:#14 (pre-tx) by M 174.53  2.57 (1.12-5.87) 0.03
P:#33 (change) by M 175.36  0.42 (0.18-0.96) 0.04
NS:#12 (pre-tx) by M 175.53  2.32 (1.02-5.28) 0.04
P:#+5 (change) by M 175.76  2.26 (1.01-5.08) 0.05
P:#12 (post-tx) by M 17618 2.17 (0.96-4.92)  0.06
P:#33 (post-tx) by M 176.18  2.17 (0.96-4.92) 0.06
P: 441 (post-tx) by M 176.18  2.17 (0.96-4.92)  0.06
NS:#20 (change) by M 176.77  0.49 (0.22-1.11) 0.09
NM:#23 (pre-tx) by M 177.03  1.97 (0.87-4.46)  0.11
NM:#24 (change) by M 177.34  0.53 (0.23-1.19)  0.12
NM:#6 (post-tx) continuous  177.38  0.80 (0.56-1.12) 0.19
NM:#41 (post-tx)  continuous  177.52  1.20 (0.94-1.53) 0.14
NM:#39 (post-tx)  continuous  177.57 1.17 (0.95-1.45) 0.13
NM:#14 (post-tx)  continuous  177.58  1.26 (0.91-1.75) 0.17
NM:#32 (post-tx)  continuous  177.80 1.16 (0.95-1.42) 0.15
NM:#6 (change) continuous  177.81  0.86 (0.70-1.05) 0.13
NS:#4 (change) by M 178.32  0.61 (0.27-1.37) 0.23

Table 5.4: Progression-Free Survival Cox Models for markers with Possible
Prognostic Value (n=>50; 25 events) Univariate Analysis, sorted by AIC (Low-
est to Highest). AIC, Akaike Information Criterion; HR, hazard ratio; CI, confidence in-
terval; pre-tx, pre-treatment; post-tx, post-treatment; change, change from pre-treatment
to post-treatment; P: Values for primary tumour; NM, Nodes(max) indicates the the
maximum of the values for the right and left side nodes; NS, Nodes(sum) indicates the
the sum of the values for the right and left side nodes; by M, > median vs. < median; #

designates the corresponding textural feature number.

Concerning bivariate analysis adjusted for primary tumour stage, the lowest AIC cor-
responded to continuous kurtosis for maximum values of nodes in post-treatment *F-FDG
PET/CT scan with a HR of 0.75, higher values of kurtosis are indicative of a longer PFS.

The obtained p-value for differences between survival curves according to increasing values
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of kurtosis is not significant (p = 0.10) within a 95% confidence interval.

Marker Comparison  AIC HR (95%CI) p-value
NM:#6 (post-tx) continuous  173.86  0.75 (0.54-1.06) 0.10
NM:#6 (change) continuous  174.39  0.80 (0.65-0.99) 0.04
P:#12 (post-tx) by M 17442 2.18 (0.96-4.95)  0.06
P45 (pre-tx) by M 17443 0.43 (0.18-1.04)  0.06
NS:#24 (change) by M 174.77  0.47 (0.21-1.07) 0.07
NM:#41 (post-tx)  continuous  174.79  1.26 (0.98-1.63) 0.08
NM:#14 (post-tx)  continuous  175.03  1.34 (0.94-1.92) 0.11
NS:#12 (pre-tx) by M 175.10  2.06 (0.89-4.77) 0.09
NM:#39 (post-tx)  continuous  175.17  1.20 (0.98-1.46) 0.08
NM:#23 (pre-tx) by M 17524 1.99 (0.88-4.51)  0.10
NM:#32 (post-tx)  continuous  175.29  1.19 (0.98-1.45) 0.08
NS:#4 (change) by M 175.35  0.50 (0.22-1.15) 0.10
P:#33 (post-tx) by M 175.35  1.98 (0.86-4.52) 0.10
P:#41 (post-tx) by M 175.35  1.98 (0.86-4.52)  0.10
P:#12 (pre-tx) by M 175.39  2.17 (0.86-5.46)  0.10
P:#£33 (pre-tx) by M 175.39  2.17 (0.86-5.46) 0.10
P:#£41 (pre-tx) by M 175.39  2.17 (0.86-5.46) 0.10
P:#42 (pre-tx) by M 175.39  2.17 (0.86-5.46) 0.10
P:#14 (pre-tx) by M 175.51  2.13 (0.84-5.35) 0.11
P:#33 (change) by M 175.68  0.50 (0.21-1.21) 0.12
NS:#20 (change) by M 175.76  0.53 (0.24-1.21) 0.13
P:#5 (change) by M 175.97  1.89 (0.80-4.48)  0.15

Table 5.5: Progression-free survival Cox models for markers with possible prog-
nostic value (n=>50; 25 events). Bivariate analysis, adjusted for primary tu-
mour stage, sorted by AIC (lowest to highest). AIC, Akaike Information Criterion;
HR, hazard ratio; CI, confidence interval; pre-tx, pre-treatment; post-tx, post-treatment;
change, change from pre-treatment to post-treatment; P, values for primary tumour; NM,
nodes(max), indicates the the maximum of the values for the right and left side nodes;
NS, nodes(sum) indicates the the sum of the values for the right and left side nodes; by

M, > median vs. < median; # designates the corresponding textural feature number.

However, change of maximum kurtosis of the nodes between pre and post-treatment
scans is also considered a prognostic marker with a HR of 0.80 (longer PFS for higher

values of this marker). Differences between survival times for patients with increasing

62



values of this marker are significant (p=0.04) within a 95% confidence interval.

Marker Comparison  AIC HR (95%CI) p-value
NS:#12 (pre-tx) by M 175.54  3.29 (1.28-8.51) 0.01
P:#5 (pre-tx) by M 175.73  0.36 (0.16-0.83) 0.02
P:#12 (pre-tx) by M 176.08  2.71 (1.17-6.31) 0.02
P:433 (pre-tx) by M 176.08  2.71 (1.17-6.31)  0.02
P41 (pre-tx) by M 176.08  2.71 (1.17-6.31)  0.02
P:442 (pre-tx) by M 176.08  2.71 (1.17-6.31)  0.02
P:#14 (pre-tx) by M 176.27  2.66 (1.15-6.17) 0.02
P:#33 (change) by M 177.35  0.42 (0.18-0.96) 0.04
P:#5 (change) by M 17774 2.27 (1.01-5.10) 0.05
P:#£33 (post-tx) by M 178.10  2.19 (0.96-4.98) 0.06
P:#£41 (post-tx) by M 178.10  2.19 (0.96-4.98) 0.06
P:#12 (post-tx) by M 17817 2.17 (0.96-4.92)  0.06
NS:#20 (change) by M 178.46  0.46 (0.20-1.07) 0.07
NM:#23 (pre-tx) by M 178.68  2.11 (0.90-4.91) 0.08
NM:#39 (post-tx)  continuous  179.19  1.20 (0.96-1.51) 0.11
NS:#24 (change) by M 179.22  0.52 (0.23-1.18) 0.12
NM:#6 (post-tx) continuous  179.38  0.80 (0.56-1.12) 0.19
NM:#32 (post-tx)  continuous  179.47  1.18 (0.95-1.47) 0.13
NM:#41 (post-tx)  continuous  179.51  1.20 (0.94-1.54) 0.14
NM:#6 (change) continuous ~ 179.56  0.84 (0.67-1.05) 0.12
NM:#14 (post-tx)  continuous  179.57  1.26 (0.90-1.78) 0.18
NS:#4 (change) by M 179.74  0.52 (0.21-1.29) 0.16

Table 5.6: Progression-free survival Cox models for markers with possible
prognostic value (n=50; 25 events). Bivariate analysis, adjusted for nodal
stage, sorted by AIC (lowest to highest). AIC, Akaike Information Criterion;
HR, hazard ratio; CI, confidence interval; pre-tx, pre-treatment; post-tx, post-treatment;
change, change from pre-treatment to post-treatment; P, values for primary tumour; NM,
nodes(max), indicates the the maximum of the values for the right and left side nodes;
NS, nodes(sum) indicates the the sum of the values for the right and left side nodes; by

M, > median vs. < median; # designates the corresponding textural feature number.

Finally, for the case of bivariate analysis adjusted for nodal stage, the lowest AIC
corresponded to dichotomized sum of square variance for sum of nodes values in pre-

treatment '*F-FDG PET/CT scan, with a HR of 3.29, pointing towards a shorter PFS
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for high values of this marker. The obtained p-value for differences between survival curves
according to values of this marker above and below the median is significant p = 0.01
within a 95% confidence interval.

From all these 22 markers, we found 15 pairs of highly correlated variables with Pearson

correlation coefficients > 0.96.

5.5 Discussion

As can be seen in table 5.2, we found an excellent agreement between the measurements
for SUV and MTV we performed and the measurements of the other two groups of physi-
cians at the University of Wisconsin-Madison. At baseline it is expected to have a very
good concordance given that we are looking for the same lesions that were initially di-
agnosed for the patients. However, for post-treatment values, we relied on the results of
our deformable registration procedure. For this case, it is also expected to get a lower
agreement, nevertheless, the agreement we obtained for SUV values is remarkable, for
values of ICC above 0.75. ICC are higher for primary tumour compared to left/right
nodes, this is attributed to the fact that primary tumours are bigger in general, therefore,
there is a better chance to obtain a better deformable registration in this case. Based
on these results, we decided this processing offered a good degree of confidence in order
to measure texture features and perform the analysis of potentially prognostic markers.
Unfortunately, the used registration method does not allow for visual inspection of the
corresponding regions after application of deformable registration to PET data.

This methodology allowed us to identify potentially prognostic markers from texture fea-
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tures for PFS in patients with HNSCC. In contrast to texture features, previous studies
found shape-based features as possible predictors for treatment outcomes in head and neck
cancer [48]. A similar study conducted with CT images from HNSCC revealed skewness
and entropy of lesions were associated with overall survival [52]. In our case, results also
point out to skewness as a possible prognostic marker for PF'S.

An option worth considering in the future would be to deform ROIs instead of PET data,
which would have the advantage of visual confirmation and not modifying PET scans
data.

The size of the patient cohort and the small number of events allowed for univariate and
bivariate analysis only. Among the markers found as potentially prognostic, some are
highly correlated. Therefore, to further test the findings in this work, a larger patient
cohort would be necessary to rule out redundant variables, randomness and false posi-
tive discoveries. The high correlations between variables allow to reduce the number of
meaningful predictors and choose the features that are simpler for computation purposes
and /or interpretation, which is often the problem when trying to explain a single feature
with a visual characteristic of the images. Thus, prioritizing pre-treatment features in our
case, we could further reduce redundant variables to 14. Some candidates worth consid-
ering as good predictors measured from pre-treatment scans would be: primary tumour
histogram skewness (first order feature), sum of nodes sum of square variance and max
maximum probability from nodes (the last two are second order features from GLCM).
For future studies, this type of trials could greatly benefit from a standardized protocol

specific for head and neck tumors, such as the one described by Cistaro et al. [53].
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5.6 Conclusion

Twenty two texture markers alone and combined with primary tumour and nodal staging,
using univariate and bivariate analysis, were found to be possible good predictors of
progression-free survival in patients with advanced HNSCC, yielding better model fit
when compared to survival models without these markers. The potentially prognostic
markers found in this work are very promising, and could be useful for early treatment
response assessment and treatment personalization. This motivates to continue in this
direction and conduct trials with larger patient cohorts to further verify and standardize

these procedures to be included in clinical practice.
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Chapter 6

Quantitative imaging of paediatric

lymphoma

6.1 Introduction

Since Thomas Hodgkin described the histopathology features of the disease that has his
name in 1832, several treatment options have been used. Success rates of treatment for
patients with Hodgkin Lymphoma (HL) based in chemotherapy (QT) alone or combined
with radiotherapy (RT) have progressively risen. Thanks to these developments, adult
and pediatric patients with HL now benefit from PFS survival rates at five years of above
90% [54].

Despite the therapeutic success, associated long term secondary mortality and morbidity
has not been reduced sufficiently. Secondary tumors, cardiopulmonary toxicity and en-

docrine disorders may affect HL survival and quality of life [55-58].
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Therefore, there is a need for treatment optimization. The best strategy to achieve this
goal is to identify valid, reproducible clinical and imaging prognostic factors that allow
more precise patient risk classification. Moccia et al. reported that the international prog-
nostic score (IPS) continues to be useful for stratification in adult patients with advanced
HL [59]. However, IPS provides insufficient data to prescribe different therapies [60]. In
addition, there is no evidence that supports the use of this score in paediatric patients. As
an exemple of the ongoing efforts towards finding early indicators of treatment response,
Schwartz et al. identified four clinical poor prognostic factors in a sample of paediatric
patients with intermediate risk HL [61]. These factors are, however, not image-derived,
they are clinical.

For all ages in HL, F-FDG PET/CT is the recommended imaging technique for stratifi-
cation and treatment response assessment, due to high *F-FDG uptake in all pathologic
subtypes of HL [62]. Moreover, this studies offer also the possibility to distinguish residual
metabolically active tissues from post-therapy fibrosis. In addition, "*F-FDG PET/CT
offers a better sensitivity, specificity and accuracy compared with anatomical images such
as CT alone and bone marrow biopsy [63-65].

In both pediatric and adult patients, "*F-FDG PET/CT at end of two cycles of chemother-
apy (called intermediate or iPET) is an excellent prognostic test. A stable or progressive
disease found in an iPET scan points towards patients having an increased risk of re-
lapse [66]. Response evaluation criteria from iPET has been simplified to the a visual
5-point scale called the Deauville scale [67-70]. The Deauville scale is used to assign

patients to risk groups and therefore, decide upon the therapy they will be prescribed.
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Although this scale is currently used in the clinic, it is a purely visual scale, subject to
subjective evaluations.

In order to increase the precision of a visual response evaluation scale, such as Deauville,
the development of quantitative markers to complement this classification would be of
great utility. Hence, this is another case to which radiomics can be applied to. Previous
authors have explored the feasibility of response classification in non-Hodgkin lymphoma
by exploring texture features changes measured from anatomical magnetic resonance im-
ages [71], and texture classification of tissues using texture features measured from stained
tissues [72|. In the latter study, authors achieve a high classification accuracy, nonetheless,
collecting tissues for staining implies the use of invasive methods.

In this study, we calculate several quantifiable metabolic variables and texture features
from baseline and/or interim F-FDG PET images from paediatric Hodgkin lymphoma

lesions, searching for potentially prognostic imaging markers of disease evolution.

6.2 Methodology

6.2.1 Patient cohort

In this prospective study, twenty-one newly diagnosed patients with confirmed HL were
enrolled at the Uruguayan Center of Molecular Imaging (CUDIM) between 2013 and
2017. This trial was approved by the institutional review board and ethics committee. All
patients had an informed consent signed by their legal tutors. Patient enrollment criteria

were, ages between (0 and 18 years old and confirmed histopathology diagnosis of HL.

69



Exclusion criteria were previous oncologic disease, previous chemotherpy or radiotherapy,
pregnancy and lactation. Patients underwent '8F-FDG PET/CT scans for disease staging
(baseline, bPET), at end of two cycles of QT (iPET) and after first line of therapy (end,
ePET). For PET/CT staging, we used the Ann Arbor classification system [73|. This
staging system takes into account the location of malignant tissues and symptoms related
to the disease. Bulky disease was identified when lesions had any diameter larger than 5
cm, this is a clinically relevant factor. Any non-physiologic increase in metabolic activity
found in ¥ F-FDG PET/CT at a lymph-node or extra lymph-node site that could not
be explained by another pathologic entity found in clinic or CT was judged as related
to lymphoma. Pathological findings in bone marrow were classified as diffuse or focal.

Details for patient cohort are summarized in table 6.1.

6.2.2 Patient management

After ¥F-FDG PET/CT staging, patients were treated according to the following QT
protocol: ABVE (Adriamycin, Bleomycin, Vinblastine, and Etoposide) for patients in the
low risk and intermediate risk groups, (14 patients) and BEACOP (Bleomycin, Etoposide,
Adriamycin, Cyclophosphamide, Oncovin, and Procarbazine) for patients in the high
risk group, (7 patients). This is a standard protocol used in Uruguay. After iPET,
patients were classified as responders and non-responders according to the Deauville visual
score [68]. If complete response was observed in iPET for low risk and intermediate risk
patients, treatment was reduced to only chemotherapy or decreasing radiotherapy doses

according to Deauville scale classification. For high risk patients, treatment was not
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Characteristics No. of patients (n=21)

Sex

Male 8
Female 13
Age

Mean (years) 11
Range (years) 6-17
Stage

I 2

II 7
I11 10
v 2
Bulky disease 52%
B-symptoms 24%
Extra-nodal disease d
Histology

Lymphocyte rich 3
Mixed cellularity 10
Nodular sclerosis 8
Median follow-up (days) 270
Range (days) 92 - 414
Non-complete responders 4
Complete responders 17

Table 6.1: Paediatric HL patients. Details for the cohort from CUDIM.

changed after iPET evaluation. Patients were classified by a nuclear medicine specialist
at CUDIM as responders or non-responders at end of treatment using ePET. After the
prescribed treatment was administered, a clinical and imaging follow up was performed

for all patients, in order to find potential relapses.

6.2.3 Image acquisition and processing

For PET, patients were asked to fast for 6 hours before F-FDG injection. Injected
doses were calculated using the European Association of Nuclear Medicine (EANM) 2008

dosage card. Scans were acquired in 3D mode, 60 minutes after radiopharmaceutical
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injection. Reconstruction was done using an ordered subset expectation maximization
(OSEM) algorithm with 2 iterations and 28 subsets. PET slices had a resolution of
1282128 voxels. Overlap between bed positions was set to 50%. For baseline imaging,
whole body scans were mandatory, for iPET, scanning regions were decided based on the
findings of the baseline scans. If no compromise was detected below femoral diaphysis,
scans were taken from skull base to this point. PET/CT scans were acquired on a hybrid
PET/CT scanner equipped with a 64 slice CT detector. CT was taken using a kV of
80-120, 22 index noise, automatic tube current modulation (70 - 180 mA), helical scan
with 1 second rotation time, slice thickness of 3.75 mm and a pitch of 0.984. CT images

were reconstructed using a filtered back projection (FBP) algorithm.

6.2.4 Image segmentation

Lesions were segmented visually using bPET scans, using a semi-automatic threshold-
based method under the supervision of two experienced nuclear medicine physicians. For
interim PET/CT, we used baseline CT scans and performed at first a local rigid regis-
tration to interim CT scans. After rigid registration, a motion vector field was calculated
with optical flow method. This motion vector field was applied to ROIs defined on base-
line PET/CT to track lesion in iPET scans. According to Deauville criteria, patients
were assigned, evaluating iPET, to five different scores (1 to 5). Mediastinum uptake was
quantified with a small ROI inside the aortic arc, which represents the lowest physiologic
activity uptake. Liver uptake was taken as the SUV ey from a 4 cm?® ROI in the right

lobe and non-vascular region.
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6.2.5 Metabolic markers

From bPET we measured several metabolic variables from ¥F-FDG PET scans. For SUV
we measured SUV . (maximum voxel SUV value) and SUV e, (mean of all SUV values
inside a ROI). We also calculated the MTV as the volume of all voxels (in mL) with a
SUV value equal or above a certain threshold of the SUV,,, inside a ROI. Using a fixed
threshold value of SUV = 2 we calculated a factor called MTV2, and using a variable
threshold of 41% of SUV .« we calculated MTV41. Lesion glycolysis (LG) was calculated
as the product of MTV and the SUV e inside a given ROI (in grams). As in the
previous case, using MTV2 we calculated L.G2 and using MTV41 we calculated LG41.
Four markers were used as possible predictors to treatment outcome. Total metabolic
tumour volume (TMTV) as the sum of MTV of all lesions in a patient, using the 2
different thresholds mentioned above we obtained TMTV2 and TMTV41. Using LG we
calculated total lesion glycolysis (TLG) as the sum of LG in all lesions. Similarly, using
2 different thresholds for MTV, we obtained TLG2 (using MTV2) and TLG41 (using
MTV41).

Receiver operating curves (ROC) were used to calculate optimal cutoff thresholds to use
these four markers as classifiers of responder and non-responder patients after treatment.
Quality of this classifiers, as well as sensitivity and specificity, was assessed by the area
under the ROC curve (AUC) and the optimal point in the curve respectively. An AUC of
1 is considered to be the best possible classifier, down to an AUC of 0.5 which is attributed
to a random classifier.

All quantifications were done using the software MatLab (version 2016b). Figure 6.1
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shows an example of these variables calculated in one of the patients of the cohort.

PET MTV2 = 1462ml  MTV40 = 240ml
TLG2 = 5342g TLG40 = 1507g

Figure 6.1: Calculation of TMTV and TLG in one of our patients. Middle and right
figures show the volumes taken into account for each calculation.

6.2.6 Texture features

To obtain quantitative values for textural features we used 5-patches and parametric maps
as described in section 3.6. We calculated 51 different texture features for each lesion,
including first, second and higher order features: 8 first order features 6], 23 features
from the co-occurrence matrix [7], 11 features from the gray-level-run-length matrix [8], 5
features from the neighboring gray-level matrix [9], 3 features from the neighborhood gray-
tone difference matrix [10], and one textural feature designed to quantify heterogeneity
as described in [12]. Details for these texture features and methodology for calculations

can be found in chapter 3.
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6.2.7 Classifier training

Lesions from all patients having an extent of 5 or more voxels in bPET were selected
for training supervised classification models. Textural features from lesions measured in
bPET were used as classifiers. All features values were standardized for classifier training.
Lesions were labelled following two different criteria: patients Deauville score (as obtained
from iPET scans) and histopathology. For a single patient, all lesions were assigned the
same Deauville score as the overall score of the patient. Accuracy of the trained classifiers
was evaluated using a 5-fold cross-validation scheme. This scheme separates data into 5
random groups, one of them is left for testing of the trained classifier, which is trained
using the other 4 groups. Accuracy of the classifier is the mean value in percentage, after
the before mentioned procedure is repeated five times (once leaving each one of the 5
groups out). ROC curves were used to evaluate discriminator quality using the AUC

value.

6.3 Results

For values of all thresholds mentioned below, values above the given thresholds predict a
complete responder, otherwise, a non-complete responder corresponds to values below the
threshold. For MTV2 we obtained an optimal threshold of 19.0 ml, with a specificity of
50%, sensitivity of 88% and AUC of 0.62. For MTV41 we obtained an optimal threshold
of 12.9 ml, with a specificity of 50%, sensitivity of 94% and AUC of 0.66. For TLG2 we
obtained an optimal threshold of 54.0 g, with a specificity of 50%, sensitivity of 94% and

AUC of 0.63. For TLG41 we obtained an optimal threshold of 44.8 g, with a specificity
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of 50%, sensitivity of 94% and AUC of 0.60. ROC curves for these results can be seen in

Figure 6.2.
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Figure 6.2: ROC curves for MTV41 and TLGA41.

At the end of the first-line treatment (QT alone or combined with radiotherapy), 95%
of the patients (20 out of 21) were classified as responders.
For histopathology type classification, we selected 120 lesions (57 of mixed cellularity
type, 60 of nodular sclerosis type and 3 of lymphocyte rich type) and obtained a 64.2%
accuracy using a fine k-nearest neighbours classifier and principal component analysis
keeping 8 principal components from the 51 texture features values. True positive rates
(TPR) for mixed cellularity, nodular sclerosis and lymphocyte rich are 63%, 68% and 0%
respectively. Positive predictive values (PPV) for mixed cellularity and nodular sclerosis

are 67% and 65% respectively. The easiest type to discriminate from the others is mixed
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cellularity with an AUC of 0.67 for our model. For Deauville scores 1 to 4 (D1-D4) we
selected 103 lesions (3 D1, 39 D2, 51 D3 and 10 D4). We obtained a 72.8% accuracy using
a linear support vector machine and 8 principal components from the 51 texture features
values. TPR. for D1-D4 are 0%, 77%, 88% and 0% respectively. PPV for D2 and D3 are
71% and 74% respectively. Using this model, the easiest Deauville score to discriminate
from the others was score 3, with an AUC of 0.85.

Results for the trained classifiers performances are shown as confusion matrices in figure

6.3. In our patient sample, after iPET treatment was reduced in 52% of the cases. In

MC| 36 | 20 | 1 D-1 3
(7] /)]
7)) /)]
© © D-2 30 | 9
O NS | 17 41 2 @)
o ]
S S D-3 6 | 45
"Rl 1| 2 =
D-4 3 | 7
MC NS LR D-1 D-2 D-3 D-4
Predicted class Predicted class

Figure 6.3: Trained classifiers confusions matrices. Left: histopathology classification
(MC, mixed cellularity, NS, nodular sclerosis, LR lymphocyte rich). Right: Deauville
score classification, 1 through 4.

33% of the cases radiotherapy dose was decreased or not carried out and in 19% of the

cases chemotherapy cycles were reduced.
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6.4 Discussion

In order to improve response assessment from baseline ¥F-FDG PET/CT scans, we mea-
sured MTV and TLG using a fixed and an adaptive threshold. Other authors used similar
quantitative values such as MTV and TLG with fixed SUV thresholds in pediatric Hodgkin
lymphoma [74], and found these do not outperform SUV . in iPET as prognostic factors,
from a cohort of 54 patients. Regarding MTV, Kanoun et al. found MTV is a robust PFS
prognostic factor in HL adult patients [75]. In our paediatric cohort of HL patients, we
found MTV41 and TLG41 to be regular predictors of treatment response. To our knowl-
edge, MTV41 and TLG41 have not been evaluated as predictors of treatment outcome
from baseline ®*F-FDG FDG-PET scans in paediatric patients with HL. We found that
an adaptive threshold of SUV of 41% to measure MTV has a better AUC value compared
to the quantification of this parameters using a fixed SUV threshold.

Hoping to further develop a standardized method to characterize paediatric lymphoma
lesions using texture features analysis, we tried to train an histopathology type classifiers
using 51 different quantifiable texture features. Not all 51 texture features were meaning-
ful for classification. Using principal component analysis (PCA) and keeping 8 principal
components was enough to achieve similar precision with classifiers that took all features
into account. For histopathology, trained classifiers did not provide optimal accuracy
(64,2%), however, we have a small number of lesion samples and a heterogeneous dis-
tribution of histopathology types. Moreover, we think PET/CT acquisition parameters

could be improved for feature quantifications.
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We used the same methodology to train classifiers for lesions which were assigned a
Deauville score as described before. In this case, a better accuracy was obtained (72.8%)
for all lesions belonging to 4 Deauville rankings. What is more interesting is that the
easiest Deauville score to recognize from others is Deauville 3, which is the cutoff point
between complete and partial response in the visual scale. We found a PPV of 74% for
lesions labeled as corresponding to Deauville 3 with an AUC of 0.85. This is of major
relevance because there is some controversy about inter-observer variability when using
Deauville score to assess early response in HL. Kluge et al. evaluated Deauville scale vari-
ability in a prospective multi-center clinical trial from 1000 pediatric patients iPET scans
after two cycles of chemotherapy. They found the biggest variability relies between scores
2 and 3 [76]. There have been previous attempts to quantify the visual Deauville scale to
make it less subjective, using a marker called qPET [77|. However, this classification still
needs to evaluate iPET, and application of this marker on our patient cohort did not prove
to be very accurate. Further validation of these findings, using a larger patient cohort,
could constitute a quantitative support for the established Deauville scoring with iPET.
Therefore, critical decisions regarding treatment management in paediatric HL patients

could benefit from this additional information.

6.5 Conclusion

Total metabolic tumour volume (TMTV) and total lesion glycolysis (TLG) measured in
baseline '®F-FDG PET/CT scans, and using a threshold of 41% of SUV .y, have been

shown to be rather good predictors to treatment outcome in this study. TMTYV calculated
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using an adaptive SUV .« threshold, has a better predictive value than the respective
parameter determined using a fixed threshold. Texture features analysis was found to be
a promising tool for lesion classification according to visual assessment of images which

is prone to inter-observer variabilities.
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Conclusions and future directions

Acquiring and analysing medical images for research purposes is a complex process itself.
Extracting information from these requires strict protocols for acquisition and standard-
ization of measurements in order to become common practice. What is more important is
to find appropriate imaging markers from tomographic molecular imaging that are useful
for treatment and prognosis. In the ideal case, we would have a quantity that can be
measured from imaging at an early disease stage that could tell us what kind of treat-
ment to give to the patient and/or what is the prognosis, progression free survival in each
particular case.

The field of radiomics is advancing in this direction, and textural features have been al-
ready proven useful in some particular oncology cases. In this work, we found potentially
prognostic markers in the case of head and neck squamous cell carcinoma and Hodgkin
lymphoma in paediatric patients. We also did a comparison between textural analysis
in two different molecular imaging modalities like PET and SPECT, for the case of lung
ventilation imaging.

Three different projects were undertaken during this thesis.

For the lung ventilation project involving patients with COPD, we did a quantitative
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comparison between texture features and uptakes in order to find correlations with physi-
ological variables. Several authors have published studies on lung ventilation using nuclear
medicine imaging techniques, however, there are no studies concerned with quantification
of this images. This image quantification allows to better understand the possibilities of
imaging techniques such as PET and SPECT, and allowed to compare the robustness of
textural feature quantification across these imaging modalities. Moreover, this quantifi-
cation tools can be of major relevance as complements of images themselves, therefore,
they constitute an aid for diagnosing COPD in this case.

Concerning the retrospective analysis of the HNSCC patient cohort from RTOG proto-
col 0522, we performed an extraction of imaging markers from *F-FDG PET images
and found several potential prognostic markers for PFS in this type of cancer. These
constitute important findings in the field of radiomics applied to head and neck cancer.
Imaging markers used as prognostic factors, once standardized, would have great impact
in assessing treatment effectiveness and predicting PFS for these patients.

With these same goals on mind, we undertook an analysis of early prognostic imaging
markers from ¥F-FDG PET images from a patient cohort of paediatric HL. This is a very
interesting cohort since there are not so many studies carried out with children. We found
out that it is possible to obtain classifier models to differentiate risk groups in this type of
paediatric cancer. Since the determination of risk groups is used to decide upon therapy
that is going to be administered, standardization of this methods would also have great
impact in patient management and healthcare. Also, using these tools, decisions can be

made early, as early as at the moment of disease diagnose.
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There are a lot of current efforts focusing on texture features analysis and radiomics, as
this is a very promising field applying to medical imaging in general. All this work is
based on the fact that there is much more information contained in images than what
visual inspection is capable of recognizing. This is a growing field, and we hope that on-
going research on radiomics will lead to standardized procedures implemented to clinical
practice to improve oncology treatments and diagnose.

In this regard, we think our results are encouraging, and we hope this serves as a moti-

vation to continue the research in the field.
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