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Abstract (English version)

Cancer is among the leading causes of mortality worldwide. Despite cancer death
rate has been decreasing thanks to the introduction of novel target therapies,
improvements in tumour characterisation, staging, prognosis, as well as treatment
monitoring and planning are required. The need for more effective functional
biomarkers as well as the awareness of the complexity of the tumour biology,
which reflects the widely studied tumour heterogeneity, have prompted the use
of imaging modalities able to inquire into biological aspects of the intra-tumoural

heterogeneity at different levels, structural, functional and molecular.

Dynamic Contrast Enhanced - Computed Tomography , Magnetic
Resonance Imaging and Positron Emission Tomography have shown
promising results, also leading to improvements in tumour diagnosis, staging and
prognosis. However, there are still some open issues requiring proper reliability
analyses, development of more quantitative approaches as well as more complex

biomarkers involving the evaluation of the tumour heterogeneity.

Part I of the Thesis presents the topics and issues regarding the image-based
biomarkers used till now, the obstacles preventing the use of DCE-CT]in the clin-
ical practice, as well as the methodological contributions introduced to face these
issues; Part II of the Thesis is dedicated to the applications of the methodological
approaches devised in Part I and in most cases already published. In particular,
the reliability topic concerning the perfusion maps derived from [DCE-CT] image
series has been faced. Downstream of this analysis, it has been investigated the
ability of perfusion parameters, at diagnosis, to improve tumour characterisation
of predominant lung cancer subtypes. Then, an automatic methodological ap-
proach has been developed to classify the spatio-temporal heterogeneity of lung
tumour, as performed by expert radiologists through the visual interpretation of
[DCE-CT] series. Afterwards, a novel local-based method has been developed to

evaluate the intra-tumoural heterogeneity emerging from perfusion maps of lung
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tumours. The ability of the features extracted to act as a prognostic image-
based biomarker has been early assessed. To face the issue of the high variability
present in[PET| data, a robust approach was introduced to represent a high up-
take activity. To this purpose, a method to perform a 3D segmentation starting
from PET images has been developed and applied to segment the whole kidneys
in PET/CT $eries. Then, a multi-modal analysis of the intra-tumoural hetero-
geneity has been performed in the gastro-oesophageal junctioh (GQJ) cancer. In
particular, the heterogeneity of GOJ tumours acquired with both FDG-PET/CT

and FDG-PET/MRI has been analysed. The ability of the quantitative image-
based biomarker extracted to predict distant metastasis has been early assessed.
The results showed that more complex texture features have a better performance
in prognosis compared to the PET- and MRI-derived parameters commonly used
in clinical routine. Finally, an algorithm to detect sub-regions in tumour volumes
has been developed to combine multi-modal information. To this purpose, a 3D
registration algorithm was implemented in order to automatically transform and
align the multi-modal dataset related to each patient into one x-y-z coordinate
system.



Abstract (ltalian version)

Il cancroe tra le principali cause di morte al mondo. Nonostante il tasso di mor-
talit si sia abbassato negli ultimi decenni grazie all'introduzione di nuove ter-
apie target, miglioramenti nella caratterizzazione tumorale, stadiazione, prognosi,
noncte nel monitoraggio e nella piani cazione delle terapie sono comunque an-
cora necessari. Il bisogno dbiomarker funzionali che siano maggiormente e caci,
cos come la consapevolezza dell'estrema complessit biologica dei tumori, che si
ri ette in una eterogeneit del tessuto tumorale, hanno promosso I'utilizzo di tec-
niche diimaging in grado di rilevare gli aspetti biologici peculiari dell'eterogeneit

a di erenti livelli, strutturale, funzionale e molecolare.

La Tomogra a Computerizzata perfusionale (TCp), la Risonanza Magnetica
(RM) e la Tomogra a ad Emissione di Positroni (PET) hanno mostrato risultati
promettenti, che hanno anche condotto a miglioramenti nella diagnosi, nella sta-
diazione e nella prognosi. Tuttavia, questi successi sono ostacolati dalla quasi
assenza di approcci orientati ad un'analisi quantitativa dei biomarker, di op-
portune analisi dell'a dabilia dei dati, cos come dalla mancata valutazione
dell'eterogeneit nella pratica clinica.

La prima parte della Tesi presenta gli argomenti e le problematiche relativi
ai biomarker nora utilizzati, i limiti che ostacolano ['utilizzo della TCp nella
routine clinica, e i contributi metodologici introdotti; la seconda parte della Tesi
e dedicata alle applicazioni dei metodi sviluppati nella prima parte e nella mag-
gior parte dei casi ga pubblicati. In particolare, e stata e ettuata un'analisi
dell'a dabilin dei valori perfusionali. In seguito, e stata indagata I'abilia dei
parametri perfusionali, alla diagnosi, di migliorare la caratterizzazione di due is-
totipi predominanti del carcinoma polmonare. Successivamente, e stato messo
a punto un metodo automatico per classi care I'eterogeneii spazio-temporale,
COS come viene e ettuato dai radiologi attraverso l'analisi visiva. E stato, in-
oltre, sviluppato un metodo basato sull'analisi locale per misurare I'eterogeneit
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tumorale emergente dalle mappe perfusionali. 1l valore prognostico delléature
estrattee stato preliminarmente valutato. Per fronteggiare il problema dell'elevata
variabilib presente nei dati PET, e stato introdotto un metodo robusto in grado

di dare una misura dell'elevata captazione di una struttura. Per questo scopo, e
stato anche sviluppato un metodo per la segmentazione 3D a partire da immagini
PET, chee stato poi applicato per segmentare reni da immagini PET/TC. In
seguito, e stata eseguita un'analisi multi-modale dell'eterogeneitn su tumori della
giunzione gastro-esofagea. In particolare, I'eterogeneitt di questi tumorie stata
analizzata sulle immagini delle serie PET/TC e PET/RM, acquisite con un pro-
tocollo a singola iniezione.E stata quindi valutata I'abilit dei biomarker derivati
dalle immagini multi-modali di predire la presenza di metastasi. | risultati hanno
mostrato che letexture feature hanno una prestazione migliore nella valutazione
della prognosi, confrontata con quella dei parametri derivati da PET ed RM, co-
munemente usati nella pratica clinica. In ne,e stato messo a punto un algoritmo
per il rilevamento delle regioni interne ai volumi tumorali al ne di combinare
le informazioni multi-modali. Per questo scopo, e stato implementato un algo-
ritmo di registrazione 3D al ne di trasformare ed allineare i dataset multi-modali
relativi ad ogni paziente in un unico sistema di coordinate x-y-z.
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Chapter 1

Introduction

Cancer is the most common malignant disease and among the leading causes
of death worldwide [1]. Despite the continuous decline in cancer death rate,
globally decreased over the two last decades [2], a continuous research is required
to improve tumour characterisation and prognosis, as well as treatment monitoring
and planning.

Recently, cancers have been described as \aberrant" organs characterised by
highly interactive cells [3], leading to a tissue biology even more complex than
that of the normal healthy tissue [4]. The awareness of the complexity underlying
the biological mechanisms has led to an increased interest for the analysis of the
tumour micro-environment, since the study of the intra-tumoral heterogeneity
could be the key to improve tumour characterisation and prognostication [5, 6, 7].
The last years have been characterised by the development of new target therapies,
usually designed to inhibit cell growth, angiogenesis and proliferation, whose early
e ects do not re ect a reduction of the tumour volume.

The use of invasive biopsy may be inadequate in the presence of high intra-
tumoral heterogeneity, due to the sampling errors caused by taking tissue speci-
mens from small tumour portions [8]. Therefore, imaging technologies have gained
more and more attention having the potentiality to capture the in vivo whole tu-
mour heterogeneity in a minimally invasive way or, even, non-invasively [9, 10].
Moreover, imaging may provide novel quantitative approaches to assess the tu-
mour response to the novel target therapy. Indeed, the traditional criteria, the
mainstay for tumour evaluation, are based on the analysis of the morphological
tumour changes through Computed Tomography (CT) and Magnetic Resonance
Imaging (MRI), thus, resulting inadequate for an early evaluation of the e cacy

23



24 Chapter 1. Introduction

of the target therapy [11].

The need for more e ective functional biomarkers have prompted the use of
Dynamic Contrast Enhanced (DCE) imaging, Di usion Weighted Imaging (DWI),
as well as Positron Emission Tomography (PET), particularly when combined
with CT (PET/CT) and MRI (PET/MRI). For instance, the e ects of anti-
angiogenic therapies, can be earlier detected on the tissue vascular supply, but
just later on morphology [8]. As a result, an increased interest for the develop-
ment of biomarkers, useful to monitor status and changes of the tumour vascular
network, has pushed for the use of the DCE-CT imaging technique [12]. Indeed,
DCE-CT is probably one of the most promising methodologies for the early as-
sessment of anti-angiogenic therapies e cacy, thanks to its wide availability, high
spatio-temporal resolution and promising preliminary ndings [11]. The perfusion
parameters, which can be derived from DCE-CT sequences, have shown a high
correlation with angiogenesis biomarkers, as the micro-vessel density (MVD) [13]
and the vascular endothelial growth (VEGF) [14]. As regards PET imaging, this
functional technique is mainly used to study tumour metabolism through 8F-
uorodeoxyglucose (8F-FDG), which permits a mapping of the tumour glucose
avidity. Usually, higher FDG uptake correlates with poor prognosis and tumour
aggressiveness [15, 16]. While, Apparent Di usion Coe cient (ADC) parame-
ters, which are MRI biomarkers used to evaluate changes in cellular proliferation,
might be suggestive of tumour progression [17]. These imaging modalities have
di erent strengths and weaknesses regarding derived parameters, availability, re-
producibility and biological signi cance of the data (structural, functional, or
molecular) [18].

Despite the high potentialities shown, which have already led to improvements
in tumour diagnosis [19], staging [20] and prognosis [21], there are still some open
issues requiring the development of more quantitative approaches and complex
biomarkers involving the evaluation of the tumour heterogeneity. Indeed, visual
analysis still represents the gold-standard approach in many procedures [22], and
the biomarkers used till now are usually derived from global measurements, which,
by the way, do not involve the evaluation of the intra-tumoral heterogeneity. As
regards DCE-CT imaging, the lack of standardisation and reliability has even
prevented the use of this technique in the routine clinical practice [23, 8].

In this Thesis, the reliability topic concerning the perfusion maps derived from
DCE-CT image series has been faced. Downstream of this analysis, it has been
investigated the ability of perfusion parameters, at diagnosis, to improve tumour
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characterisation of predominant lung cancer subtypes. Then, due to the need for
visual analysis to gain objectivity, an automatic methodological approach has been
developed to classify the spatio-temporal heterogeneity, present in lung lesions,
as performed by expert radiologists through visual analysis. Afterwards, a novel
method to evaluate the intra-tumoral heterogeneity emerging from perfusion maps
of lung tumours has been also developed, and the ability of the features extracted
to act as prognostic image-based biomarker has been early assessed. To face the
issue of the high variability present in PET data, a more quantitative approach
was introduced to represent the highest uptake activity through the use of a
simple index, more robust than that routinely used in clinical practice. To this
purpose, a method to perform a 3D segmentation starting from PET images has
been developed and applied to segment the whole kidneys f$Gallium prostate-
speci ¢ membrane antigen €8Ga-PSMA) PET/CT series. Then, a multi-modal
analysis of the intra-tumoural heterogeneity has been performed in the gastro-
oesophageal junction (GOJ) cancer. The aim was to analyse the heterogeneity of
GOJ tumours both acquired with a FDG-PET/CT and FDG-PET/MRI, with a
single injection protocol. The ability of the quantitative image-based biomarker
extracted to predict distant metastasis has been early assessed. The ndings
have shown that more complex features have a better performance in prognosis
compared to the parameters PET- and MRI-derived commonly used in clinical
routine. Moreover, an algorithm to detect sub-regions in tumour volume has been
developed, having the potentiality to combine multi-modal information, enabling
a comparison of the heterogeneity coming from the di erent modalities. To this
purpose, a 3D registration algorithm was implemented to automatically transform
the multi-modal dataset related to each patient into one x-y-z coordinate system.
The Thesis is divided into two parts:

" Part I, presenting the topics previously outlined as well as the methodolog

ical contributions introduced;

~

Part I1, reporting the applications of the methodological approaches previ-
ously introduced and, in most cases, already published.

As a result, besides the present introductory Chapter, the Thesis content is
organised as follows:

" Chapter 2 contains the background concerning the biological aspects of the
tumours. In particular, an introduction to the tumour heterogeneity and
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its speci ¢ functional aspects like the angiogenesis, the proliferation and the
metabolism, essential factors for the tumour growth and spread, is reported.
The imaging modalities able to detect these phenomena and, thus, improve
the characterisation of the tumour micro-environment are also preliminary
presented. Finally, an overview of the image-based biomarkers currently
used and investigated is reported.

Chapter 3 describes in a more detailed way the imaging modalities used
in oncology, which have been considered during this Thesis work. In par-
ticular, CT and DCE-CT are introduced along with the bene ts and most
relevant open issues. A mathematical approach to derive tumour vascu-
larity information is presented. Then, MRI principles of application along
with the most widely used MRI image series are reported, followed by the
most relevant open issues. Finally, PET principles and derived parameters
are presented, followed by a short presentation of the two combined hybrid
systems increasingly widespread in clinical practice, the PET/CT and the
PET/MRI. A summary of the most common tracers and isotopes is also
reported. Also in this case, the nal section is dedicated to the open issues.

Chapter 4 introduces the topic of the texture analysis, which could play
an essential role in medical image application, having the great advantage
of maximising the information, by exploiting available data without the
need for additional acquisitions. The main texture analysis approaches cur-
rently used in literature are briey discussed. Then, a deep analysis is
reported about the statistical-based method, ranging from the rst-order to
the higher-order features, which have been considered and developed within
this Thesis work.

In Chapter 5, a novel approach based on the local analysis is introduced
to overcome the limitations of the rst-order statistical features, previously
introduced. Two spatio-temporal indices conceived to exploit DCE-CT in-
formation and a third one summarising their joint behaviour are reported.
These indices describe the evolution over time of the tumour spatial hetero-
geneity. As regards the reliability analysis of perfusion maps, an error index
to establish which perfusion values are unreliable and a local-based index to
evaluate the local spatial coherence of the perfusion maps are presented.

In Chapter 6, the image segmentation is brie y described and formalised.
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This is followed by an introduction to the registration methods currently
used, along with the algorithmic choices required. Then, the method de-
veloped to perform a 3D PET segmentation of the kidneys on PET/CT
images is reported. Then, the method used to perform the multi-modal 3D
registration of GOJ tumours on FDG-PET/CT and FDG-PET/MRI series

is presented. Afterwards, the algorithm developed to detect sub-regions in
tumour volume having the potentiality to compare multi-modal information

is shown.

Chapter 7 reports the rst application of one of the methodological ap-
proaches previously described, the spatio-temporal analysis of DCE-CT
sequences. As previously mentioned, visual analysis represents the gold-
standard for image interpretation. The need for more objective measures
pushes towards an intensive use of software to automatically provide quan-
titative information useful in clinical routine. The ability of spatio-temporal
features, devised in the Part | of the Thesis, to quantify and classify the lung
tumour heterogeneities, as performed through visual analysis by experts, is
discussed.

Chapter 8 reports the use of the local-based index devised for the reliability
estimation, which is able to discriminate between the tumour heterogene-
ity, featured by locally structured patterns, and the noise, characterised by
sparse and unstructured values. As previously mentioned, currently, the
assessment strategies rely on global measurements, which are inadequate to
discriminate between noise and heterogeneity. This index enables a proper
comparison between perfusion maps, thus improving the overall reliability
of DCE-CT studies and favouring its translation into clinical routine.

Chapter 9 reports the perfusion characterisation of two lung cancer sub-
types, at diagnosis. This topic is widely debated in literature, which reports
di erent and sometimes not statistically signi cant results. In this Thesis,
the analysis of perfusion di erences have been carried out after removing the
unreliable perfusion values, through the methods presented in the Part | of
the Thesis. Therefore, the signi cance of the results has been achieved by
automatically detecting and excluding artefactual perfusion values as well
as through a punctual analysis of the borderline cases, i.e. the most atypical
lesions, whose perfusion values negatively a ect the statistical signi cance
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of the study.

Chapter 10 reports the approach to extract meaningful features from perfu-
sion maps based on the local analysis presented in the Part | of the Thesis.
The use of the local-based features, able to gather and exploit informa-
tion owned by the hemodynamic heterogeneity patterns at local level, is
reported. Features ability to act as a prognostic image-based biomarker
for lung cancers has been assessed. In particular, the correlation between
the feature-pair computed on perfusion maps and the survival of patients
a ected by lung tumours was explored and analysed in comparison with
the staging, commonly used as prognostic indicator. The features devised
proved a strong correlation with the survival, this suggesting a promising
prognostic clinical application of the DCE-CT. Also in this case, a reliabil-
ity analysis of the maps was performed to automatically detect and remove
those pixels and regions undergoing high computing errors.

Chapter 11 reports the approach used to analyse the potential of mannitol
to reduce renal uptake of%8Ga-PSMA, thus, the nephrotoxicity. To this
purpose, a PET-derived index has been devised, able to represent a high
uptake activity in a more robust manner than the clinical accepted PET
parameters. Indeed, these parameters widely used in clinical practice are
characterised by a large degree of variability due to physical and biological
sources of errors. In order to identify a more representative parameter for
the kidneys volume distribution of values, the segmentation method devel-
oped and presented in the Part | of the Thesis was used to segment the
whole kidneys. The analysis of the index devised showed that the rapid
administration of mannitol, carried out prior to the injection of the radio-
tracer, reduces the absorption of*8Ga-PSMA by renal tubules, limiting the
dose of the kidneys.

Chapter 12 presents a multi-modal analysis of the tumour heterogeneity in
patients a ected by GOJ cancer. The features derived from FDG PET/MRI
were analysed in order to establish if they could be able to predict for con-
temporaneous metastases. In particular, rst- and second-order statistical
features were computed on the available image series. The results showed
that combined texture features can discriminate better than the parameters
currently used in clinical routine. As a result, this analysis may complement
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current staging practice.

In Chapter 13, the conclusions concerning the topics faced in this Thesis are
drawn. A brief summary of the main methodological contributions achieved
and the results obtained during this research work is also reported.

The work developed in this Thesis has been carried out in collaboration with:

" Computer Vision Group (CVG), Advanced Research Center on Electronic
Systems (ARCES), University of Bologna, Italy. Head: Prof. Alessandro
Bevilacqua

Diagnostic Imaging Unit, Istituto Romagnolo per lo Studio e la cura dei
Tumori (IRCCS-IRST), Meldola (Forl-Cesena), Italy. Head: Dr. Domenico
Barone

Department of Cancer Imaging, School of Biomedical Engineering & Imag-
ing Sciences, within the Faculty of Life Sciences & Medicine at King's Col-
lege London, St Thomas Hospital, United Kingdom. Head: Prof. Dr. Vicky
Goh.

The activities discussed in this Thesis pertain to the project PERFECT (Au-
tomatic analysis of hepatic and lung PERFusion through the usk of CT-4D image
reconstruction), to the study aiming at investigating whether mannitol can reduce
PSMA renal uptake, and to the prospective study regarding the multi-modality
imaging characterisation of the gastro-oesophageal tumours heterogeneity.

The methods developed and the results achieved in this Thesis work have been
partly published in four scienti ¢ papers on one national and three peer-reviewed
international journals, one international conference paper, twenty-nine abstracts
or extended posters, whose twenty-three on international and six on national con-
ferences. In addition, they have been also presented in six oral communications.
Finally, two papers have been submitted to international journals.
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Contents
21 Tumour . ... 31
2.1.1 Heterogeneity . . .. ... ... ... ... ....... 33
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2.2 Imaging modalities . . . .. ... ... 36
2.3 Image-based biomarkers . . . . ... ... oL 37

This Chapter introduces the complexity of the tumours and, in particular,

of the tumour heterogeneity which makes the clinical oncological practice very
challenging. Indeed, the intra-tumoural heterogeneity involves speci ¢ functional
aspects like angiogenesis, proliferation and metabolism, which are essential for the
tumour growth and spread (Section 2.1). These processes require to be deeply
analysed. The imaging modalities able to detect these phenomena and, thus, to
improve the characterisation of the tumour micro-environment are also presented
(Section 2.2). Finally, an overview of the image-based biomarkers proposed so far
is reported (Section 2.3).

2.1 Tumour

Neoplasm is an abnormal new jeo) creation (plasma) of tissue. When the tissue
growth forms a mass, it is commonly referred to as tumour. Basically, there are
three types of tumours: benign, potentially malignant (pre-cancer), and malig-
nant (cancer). Usually, benign tumours can be easily removed. They are localised

31



32 Chapter 2. Background

and they can not metastasise, that is, spread around the body. Pre-cancer tu-
mours are hardly distinguished from the other ones, since in their earlier phase
they share common features with benign tumours, in the later with malignant
ones. Given enough time, when not treated, they will transform into malignant
tumours, cancers. During this process, as a result of genetic alterations, tumour
acquires the so called "hallmarks of cancer" [24, 4]. Now, the concept of cancer
as a closed, isolated and self-su cient system of cells has been overcome. Re-
cently, cancers have been recognised as aberrant \organs", being composed by
highly organised and interactive cells with the well known ability to metastasise
and destroy the surrounding tissue [3]. There are more than hundreds di erent
tumours and several subtypes for speci ¢ body districts. However, even though
the catalog of cancer cell genotypes is so really wide, in 2000, Hanahan and Wein-
berg suggested that it is the re ection of essentially six hallmarks: self-su ciency

in proliferative signalling, insensitivity to anti-growth safeguards, resistance to
apoptosis, achievement of replicative immortality, induction of angiogenesis and
activation of tissue invasion and metastasis, which depends on the acquisition of
the other ve capabilities [24]. In the last decade, as a result of extensive re-
search in tumour biology, Hanahan and Weinberg added two emerging hallmarks
involved in the pathogenesis of some or even all cancers. One is the capability to
reprogram cellular metabolism in order to most e ectively support neoplastic pro-
liferation. The other concerns the capability to avoid immunological destruction
[4]. In this perspective, tumour biology appears even more complex than that of
the normal healthy tissue. Understanding the mechanism implies the study of the
so called \tumour microenvironment". Indeed, even if at rst the tumour should
appear composed by reasonably homogeneous cell populations, in the course of its
progression, hyperproliferation combined with increased genetic instability and re-
versible changes in cell properties bring to distinct clonal subpopulations. For this
reason, many tumours are \heterogeneous". Being histopathologically di erent,
they re ect regions with a di erent degree of proliferation, vascularity, in am-
mation and invasiveness. In addition, in recent years evidence has accumulated
regarding the existence of a subclass of neoplastic cells within tumours, known as
cancer stem cells (CSCs), which provide an explanation for the phenotypic and
functional heterogeneity of cancer cells in some tumours [25].
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2.1.1 Heterogeneity

Tumour heterogeneity is a phenomenon re ecting the highly complex tumour
micro-environment. Tumour can be composed by cells showing di erent genetic,
epigenetic and phenotypic pro les [26]. This phenomenon translates into varia-
tions of the tumour tissue in morphology, angiogenesis, metabolism, cellular pro-
liferation and metastatic potential. Heterogeneity occurs both between tumours of
the same organ, in this case it is referred as inter-tumour heterogeneity, and within
the same tumour, namely intra-tumour heterogeneity. Inter-tumour heterogene-
ity leads to the de nition of tumour subtypes, while intra-tumour heterogeneity
means that tumour cells have di erent properties and can express di erent mark-
ers [27, 28, 29], as mentioned before. Therefore, the presence of tumour hetero-
geneity makes the clinical oncological practice very challenging, since introduces a
great variability in tumours' response to available therapies as well as di culty in
the identi cation of patients who will bene t most from speci ¢ treatments [29].
Indeed, the phenotypic heterogeneity in tumour cell populations as well as the
changes in cellular phenotypes resulting from adaptation to abnormal microenvi-
ronments need to be considered to improve the therapeutic outcome [30].

For this reason, in the last decade, an extensive research on tumour hetero-
geneity was conducted. As results, it has been found that its major clinical e ects
are the association with drug resistance and the di culty in performing histolog-
ical diagnoses. Indeed, in presence of tumour heterogeneity biopsy assay results
to be limited if not even inappropriate [6]. In addition, the complexity of tumour
pattern is increased by its degree of vascularization [31, 32]. Indeed, for tumours,
in ammatory disease and also other chronic conditions, blood vessels proliferate
in a really chaotic way through a process known as angiogenesis.

2.1.2 Angiogenesis

In 1969, a clinical cue studying a child retinoblastoma found evidence that tu-
mour growth depends on angiogenesis. Some years later in 1971 Judah Folkman
published this discovery, hypothesising that solid tumours are not able to grow
more than 1-2 millimetres without recruiting new blood vessels [33]. As already
mentioned, this process is known as angiogenesis and consists in the sprouting of
blood vessels from pre-existing vessels [34, 35]. Also the physiologic growth of the
body is based on angiogenesis. Indeed, with the enlarging of the vascularization,
tissue is able to receive nutrients, also creating paths for cells to leave or enter the
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Figure 2.1: Normal (a) and tumoral (abnormal) micro-circulation (b).

blood circulation. Vascularization of normal tissue is organised in a hierarchical
way consisting in arterioles, capillaries, venules, each having distinct functions.
Normal blood vessels result lined by the endothelial cells, which create a thin
monolayer constituting a barrier to control water, solutes and cells.

Tumour blood vessels have weird features: endothelial cells and vascular base-
ment membrane are all abnormal and locally incomplete and \deteriorated" [36].
Besides the presence of interruptions, even extra layers of basement membrane are
also reported [34]. In addition, tumour blood vessels present increased endothe-
lial fenestrations, this leading to an increase of blood ow (BF), plasma leakage
and permeability to large molecules present in the blood [37]. Endothelial cells
proliferate in a disorganized way and, for survival, become dependent on vascular
endothelial growth factor (VEGF) or other factors as well. Tumour enlargement
results associated with an increased interstitial pressure, due to the structural ves-
sels defects, leading to a locally decreased BF and, consequently, to an inadequate
oxygen delivery for cells viability.

Numerous studies have been conducted to better understand the biology un-
derlying the angiogenesis process and its role in metastases formation. In 2004,
these studies led to the Food and Drug Administration (FDA) approval of the
rst antiangiogenic drug (bevacizumab, a humanised antibody targeting VEGF)
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as a rst-line treatment for patients with metastatic colorectal cancer [38]. The
approval of the rst antiangiogenic agent gave rise to high expectations for the
use of these treatments for malignant diseases, also raising several issues as the
assessment of tumour response to antiangiogenic therapies [39]. Other studies en-
courage the idea of therapies targeting cells proliferation mechanism, even though
these kinds of treatments should be considered carefully, since e ects on tissue
and tumour are at present di cult to predict [40].

2.1.3 Cellular proliferation and metabolism

Cellular proliferation is an essential biological activity for both physiological and
pathological processes [41]. As already discussed, tumours are biologically hetero-
geneous. However, it is interesting to note that all tumours share the ability to
proliferate in an aberrant way di erently from normal tissue, where the growth is
limited [40].

Normally, uncontrolled proliferation is prevented because cells absorb nutrients
from surrounding environment only if stimulated by growth factors. Cancer cells
acquiring genetic mutations overcome this growth factor dependence, altering
the receptor-initiated signaling pathways, probably activating the metabolism of
nutrients that both promote cell survival and fuel cell growth [42]. Therefore,
proliferation and tumour growth result unavoidably linked and supported by the
tumour metabolic reprogramming, considered as a hallmark of cancer.

The metabolic reprogramming consists in a tumour cells metabolic adapta-
tion, based on oncogenic signalling pathways that increase acquisition of nutri-
ents if they are abundant, also facilitating the assimilation of carbon into macro-
molecules such as proteins, lipids and nucleic acids [43]. Actually, recent works
highlight also the capability of cancers with particular mutations, like the KRAS
mutation in colon cancers, to be able to optimise metabolism when nutrients are
scarce [44].

At present, it is well known that there are thousands of mutations, translo-
cations, ampli cations and deletions that may contribute to cancer progression.
Likewise, there are several key oncogenic signalling pathways leading to tumour
metabolism adaptation allowing cancer cells to survive and grow [45].

The relationship between tumour metabolism and tumour environment is not
very clear, and it seems not following the cause - e ect principle. Certainly,
besides the genetic alterations, tumour cell micro-environment has an essential
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role in determining the tumour metabolic phenotype [46]. As already discussed,
tumour vascularization is structurally and functionally abnormal, leading to a
spatial heterogeneity [30], re ecting di erent oxygenation, pH, as well as glucose
and other metabolites concentrations. Also this harsh environment induces several
cellular stress responses that contribute to the alteration of the tumour metabolic
phenotype [45].

The metabolic features of cancer cells can be exploited for cancer treatment.
Indeed, being the majority of human cancer dependent on aberrant signaling path-
way, these altered pathways represent attractive therapeutic targets [47]. How-
ever, even if nding a therapeutic window between proliferating cancer cells and
normal cells remains challenging, the development of treatments targeting the
tumour metabolic pathways has been receiving renewed attention [48].

2.2 Imaging modalities

All these tumour processes are of essential clinical interest and require to be
analysed. At present, di erent imaging modalities are able to detect these phe-
nomena, ranging from the heterogeneity re ecting the tumour micro-environment,
to the speci ¢ functional aspects, like the angiogenesis, the proliferation and the
metabolism necessary for the tumour growth and spread.

Tumour heterogeneity is probably one of the most complex process to be
investigated and there is not one dedicated modality to detect this cancer feature.
Consisting of subpopulations of cells with di erent genotypes and phenotypes [30],
its spatial and temporal variability is increased by the presence of blood vessels,
dead cells and di erent proliferative and metabolic activities. For this reason, the
use of biopsy-based molecular assays could be inadequate because of the scarce
representativeness of samples [6, 8].

The advantage of imaging techniques is their non-invasive or minimally inva-
sive nature and the possibility to analysein vivo the whole tumour heterogeneity
[9]. Many techniques have been proposed for the quanti cation of tumour het-
erogeneity and the choice of a speci ¢ technique depends on which heterogeneity
aspects we are interesting in. The imaging techniques mostly used for hetero-
geneity assessment include the MRI, CT, PET, single-photon emission computed
tomography (SPECT), ultrasonography (US).

Angiogenesis can be detected through DCE-imaging techniques, like the DCE-
CT and the DCE-MRI, through the analysis of the contrast agent passage after a
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bolus intravenous injection. DCE-based imaging permits to studyin vivo the BF
of tumour vascularization and the exchanges between the intra-vascular and the
extra-vascular space [49].

Tumour perfusion and vascular volume can be also quantitatively measured
by $°O-labelled water (['°0]H20) PET, being this marker free to di use and pass
into the intra-vascular and extra-vascular spaces. Even though this technique has
shown its clinical feasibility, the need for an on-site cyclotron due to the short
half-life of isotopes has thwarted its clinical application [17].

Tumour cells proliferation can be detected, for instance, through ADC para-
metric maps, clinically computed using MRI with DWI [50]. ADC maps re ect the
degree of di usion of water molecules through di erent tissues. Therefore, lower
ADC values seem to re ect hyper-cellular areas where proliferation is higher [51].
Tumour proliferation, cell death and apoptosis can also be detected through the
3-deoxy-3-(8F]Fluoro)- uorothymidine, FLT-PET. Indeed, the accumulation of
FLT in tissues has been shown to be associated with the cellular proliferation rate
[52].

Tumour metabolism consisting in an enhanced glucose uptake inspired tumour
imaging by FDG-PET, where FDG is an analogue of glucose, metabolised by
tumour cells similarly to glucose. FDG-PET is widely used in clinical practice for
tumours with high glucose metabolism, and has been shown to have a fundamental
role in diagnosis and monitoring of treatment response [53].

2.3 Image-based biomarkers

During the last years there have been substantial improvements in cancer therapies
with the advent of target therapies. However, survival remains poor for many
common tumours.

Generally, new targeted treatment strategies have been designed to induce
cytostasis, the inhibition of cell growth and proliferation, rather than the reduction
of the tumour volume. Therefore, traditional response assessment criteria based
on the measurement of tumour size through CT and MRI may be inadequate to
assess tumour response to these speci c therapies. For this reason, during the
past decade the research has been focused on the possible use of speci ¢ imaging
biomarkers, deriving tumour functional aspects. This led to an increase interest in
the use of DCE-imaging, mostly DCE-CT and DCE-MRI, DWI, as well as PET,
particularly when combined with CT (PET/CT) and MRI (PET/MRI).
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The derived functional biomarkers have shown to be promising, but to date
they have not been clinically validated, while the change in number of lesions and
tumour size remains the gold standard for assessing tumour response to therapy
[54]. More speci cally, Response Evaluation Criteria in Solid Tumors (RECIST)
are based on the measurement of the maximum tumour diameter (one-dimension
measure) [55, 56, 57], while the World Health Organization (WHO) criteria are
based on the two-dimensional long-axis measurements [58, 59]. Therefore, to
evaluate the e ects of molecularly targeted therapy, inducing cytostatic response,
new and more e ective biomarkers are needed [60, 8].

A very simple biomarker of tumour vascular supply is given by measuring the
change in Houns eld Unit (HU) of pre-contrast and post-contrast CT data. This
gives a simple indication of the tumour ability to accumulate contrast medium.
Much more re ned biomarkers on tissue angiogenesis degree can be derived from
DCE-CT and DCE-MRI, whose principal ones are similar to one another despite
inherent di erences in signal generation. Tracer kinetic modelling of dynamic
imaging data allows deriving perfusion parameters like BF, blood volume (BV)
and the capillary permeability. Several studies have shown that statistical param-
eters computed on these perfusion indices signi cantly change after treatment
[61, 62]. In patients receiving anti-angiogenic therapies like bevacizumab, promis-
ing evidences have been reported of early e ects in tumour perfusion (e.g., reduced
BF and BV), occurring long before tumour reduction becomes visible [63, 64].

Probably the greatest use of PET is addressed to the study of tumour metabo-
lism through 8F-FDG, which permits a mapping of tumour glucose metabolism.
E ects from vascular antiangiogenic therapy can be evaluated as FDG uptake
reduction. While, higher FDG uptake proves the metabolic activity of tissues
and correlate with poor prognosis and tumour aggressiveness [15, 16, 65]. PET
measurements usually involve the use of the standardised uptake value (SUV). In
particular, the maximum SUV (SUV nax) has become a clinical accepted parame-
ter, representing the tracer uptake normalised to the injected dose and the patient
body-weight. Authors in [66] found that a low 18F-FDG SUV nay is also associ-
ated with the presence of epidermal growth factor receptor (EGFR) mutations in
patients with non-small cell lung cancer (NSCLC). This discovery highlights the
increasing interest in nding indices able to di erentiate tumour types, to be used
as surrogate biomarker for tumour diagnosis.

[*8F]FLT SUV can estimate cell proliferation, as mentioned in the previous
section. The authors in [67] found that [*8F]JFLT SUV has a predictive value for
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patients with malignant recurrent glioma treated with bevacizumab and irinote-
can. In particular, a reduction in SUV seems to be associated to an increased
overall survival OS. Tumour cellular proliferation can be also estimated through
the mean ADC value (ADCmean), Where a low value correlates with a high prolif-
eration activity [51]. Indeed, this MRI biomarker is linked to changes in cellular
packing and increased cell size or density might be suggestive of tumour progres-
sion [17].

Recently, with the emerging interest for the analysis of the intra-tumour het-
erogeneity, more complex biomarkers based on texture analysis methods were con-
sidered to represent it by quantitative information. Several evidences have been
reported on the correlation of tumour heterogeneity measurements with tumour
types, grading and response to therapy. For instance, authors in [5] have found
that using CT texture analysis features, it was possible to di erentiate high-risk
thymic epithelial tumour from low-risk ones with a high diagnostic performance.
While authors in [6], considering three independent data sets of lung and head-
and-neck cancer patients, showed that combined CT texture features re ecting
the intra-tumour heterogeneity had a strong prognostic value, also resulting asso-
ciated with gene-expression pro les. In addition, in a recent retrospective study,
including patients with esophageal cancer treated with chemoradiotherapy, the
heterogeneity emerging from*®F-FDG primary tumour, quanti ed through the
use of statistical parameters, resulted predictive of tumour response [7].
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In particular, an introduction to
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problems are presented. Finally, Section 3.3 presents the PET principles and the
derived parameters, followed by a short introduction to the two combined hybrid
systems, the PET/CT and the PET/MRI. As for the other modalities, the nal
subsection describes the main open issues.

3.1 CT

Since its introduction in the early '70s, CT has revolutionised the world of the
diagnostic imaging. CT is considered as the main diagnostic tool in tumour
evaluation, including tumour staging and monitoring the response to therapies.
Its increasing availability is due to the relatively low costs and the broad spectrum
of pathologies that can be examined [68].

Schematically, the CT operation principle is based on an X-ray generator ro-
tating around a patient and shooting narrow beams of X-rays through the body.
As the X-rays leave the patient, they are picked up by the X-ray detectors, posi-
tioned at the opposite side of the ring with respect to the X-ray source.

After acquisition, the signals registered by the detectors undergo a pre-pro-
cessing step and are transformed into X-ray attenuation values. An image recon-
struction method derived from numerical analysis (inverse Radon transform) is
used to calculate the local attenuation at each point within the CT section.

To reduce the dependence on the X-ray spectrum and to obtain numerical
values of convenient size, the values are not displayed in the image as local atten-
uation coe cients but as CT numbers (CTy). CTy is determined by the X-ray
attenuation  occurring in the corresponding voxel. It is de ned as follows:

CTn = 1000 Water (3.1)

water

where ater IS the water attenuation coe cient.

The CTy represents a quantitative measure of radiodensity and is expressed
in HU from the name of its inventor, the English engineer G.N. Houns eld. Ac-
cording to the Houns eld scale, -1000 HU representsCTy of air while 0 HU is
the CTy of water [69]. There is no an absolute upper limit for this scale, but
the range of CTy varies across scanners and according to available bits per pixel
(e.g., with 12 bits the upper bound is 3071 HU).

If tissues with di erent attenuation properties lie in the same voxel, the re-
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sulting CTy will represent with a good approximation the weighted sum of the
di erent attenuation values [70]. This phenomenon due to the inability of the
detector to di erentiate di erent tissues is known as \partial volume e ect". It is
de ned as follows:

CTn = viCTn1 + VoCTno + 3 (3.2)

X
vi=1 (33)

i
where v; are the partial volume elements. That means, for instance, that a big
amount of cartilage and a thin layer of compact bone can cause the same attenu-
ation in a voxel as hyperdense cartilage alone.

Over the years many changes and technological improvements have been made
to increase CT performance. Probably, one of the most signi cant was the intro-
duction of the multislice CT in 1998, where an increased scan speed was associated
with a better z-axis spatial resolution [71]. Then, also the volume coverage was
increased along with the temporal resolution. Even today the aim is to get thinner
and thinner slices with smaller acquisition times.

The human eye can distinguish only a limited number of grey-levels (from
about 40 to 100, depending on viewing conditions). Consequently, there is no
point in assigning the complete diagnostic range ofCTy (some 4000 HU) to
the available range of grey-levels (from white to black) because discrimination
between structures with small di erences in CTy would no longer be possible. It
is therefore better to display just a portion of the CT scale, as shown in 3.1. This
so-called window is de ned by its width, which a ects image contrast, and by its
level, which determines image brightness. Reducing the window width increases
image contrast; decreasing the window level has the e ect of brightening the
image while, on the contrary, raising the window/level (W/L) will result in a
darker image [72].

3.1.1 DCE-CT

In 1979, few years after G.N. Houns eld introduced CT, Leon Axel rst proposed
a method for assessing tissue perfusion from DCE-CT data [73]. At rst this
procedure remains con ned to research studies, being the CT scanners not able
to satisfy the high resolution and short acquisition time requirements. After
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Figure 3.1: Images viewed at di erent window settings to enhance (a) bone (window
1500, level 300), (b) soft tissue (window 350, level 50) and (c) lung tissue (window
1500, level -400).

the introduction of the multislice systems, a renewed interest for DCE-CT, the
functional imaging also known as CT perfusion (CTp), stimulated several clinical
applications essentially targeting acute stroke and oncology.

Focusing on oncology applications, as mentioned before, the introduction of
new therapies targeting tumour angiogenesis made CT and morphology-based cri-
teria inadequate to evaluate tumour response. Immunohistochemical biomarkers
of angiogenesis such as MVD, VEGF, and serum biomarkers such as circulat-
ing endothelial cells (CEC), have led to encouraging results, even if sometimes
inhomogeneous [74]. However, none of these methods is considered a de nitive
indicator of the angiogenic activity for a functional tumour characterisation. In-
deed, these potential biomarkers involve invasive, expensive and not widespread
techniques, poorly suitable for a daily routine in the clinical practice [75, 76].

For this reason, even if CT remains the gold-standard for anatomical imaging
in several tumours, there is a dire need to incorporate CTp into the existing CT
protocols, being relatively inexpensive, almost non-invasive and already widely
available. At present, CTp is widespread in both research and clinical trials, not
yet in the routine clinical practice since protocols and software are far from being
standardized. Its use permits thein vivo quanti cation of tissue perfusion through
the temporal analysis of the Time Concentration Curves (TCCs), obtained by
repeating scans over time after the administration of a contrast medium [77].

Multiple CTp parameters can be derived studying TCC signals, representing
the temporal tissue density variations directly proportional to the quantity of con-
trast material trapped within the tissue. Several studies have shown correlations
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between CTp parameters and angiogenesis biomarkers (e.g., MVD and VEGF) in
a wide spectrum of cancers, originated in di erent body districts including lung
[13, 76], liver [14], prostate [78], stomach [79], kidney [80] and soft tissues [81].

The bene ts of using DCE-CT to derive tumour vascularity information need
to be balanced against the cancer risk associated to the radiation received dur-
ing DCE-CT acquisition [12]. Among the most e ective perfusion parameters
permitting angiogenesis evaluation BF arises [82]. BF showed a high correlation
with the tissue biomarker MVD [81] and can be measured by considering only
the rst passage of the contrast medium, this requiring a short-time examination
and permitting to minimize the radiation dose administered to the patient, ac-
cordingly. Moreover, short-time acquisition also reduces the probability of patient
movements, permitting to carry out perfusion studies with a single breath hold
[83].

3.1.2 BF mathematical model

BF is one of the most signi cant perfusion parameters [82], which allows detecting
the earliest functional changes on tumour vasculature even within the rst week of
anti-angiogenic therapy [84]. BF is de ned as the transport of blood, consequently
also of oxygen and nutrients, through a unit volume of tissue per unit of time
(expressed inml/min/100g orin ml/min/100ml ). This is a phenomenon occurring
at the capillary microvasculature level, not to be confused with the blood velocity,
a concept usually applied for large vessels [68].

BF can be calculated for each voxel by considering a single-compartment
model. This model represents both the intravascular and interstitial spaces with
a temporal concentration of the tracer corresponding to the TCC of the tissue,
Cr(t). The system is characterized by a single inlet, the arterial input, with an
arterial blood plasma concentration Ca (t), and a single outlet, the venous outlet,
with a venous blood plasma concentrationCy (t), as shown in Figure 3.4. The re-

Figure 3.2: Single-compartment model outlining the perfusion tissue.

lation between Cx(t), Cy (t) and Ct(t) is given by the Fick's principle expressing
the conservation of mass:
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dCr(t) _
dt

= 7[CA () Cv()] (3.4)

One immediate simpli cation is to assume that during the measurement period
there is no venous outow, Cy(t) ' 0 (i.e., no contrast medium has reached the
venous side of the circulation yet). This assumption is valid only for time periods
less than the minimum transit time, when the injected contrast medium will all
remain within the tissue. Under this assumption, Eqg. (3.4) can be simpli ed as
follows:

dCr(t) _ BF

at 7[CA(I) Cv(®)]" TCA(t) (3.5)

This implies that the slope of the tissue curve,dCy (t)=dt, reaches a maximum
(\steepest slope") when the input function, Ca(t), is at its maximum point [73].
Thus, the BF, expressed in mL/min/100 g, is given by

dCT ()

BF [

. ]max
Ve [CaOlnax (3.6)

This is known as the Mullani-Gould formulation or single-compartment for-
mulation. The approximation used in Eqg. (3.5) results in an overestimation of
the denominator of Eq. (3.6), and consequently in an underestimation of the BF
if the bolus is large, or for organs with a rapid vascular transit. Accordingly, for
organs such as spleen and kidney characterized by a complex microcirculation this
assumption might not hold [85], but for most clinical applications the achievable
accuracy and precision levels are appropriate [86] and the maximum slope method
to calculate BF has been validated [87].

Figure 3.3 shows an ideal input function measured within a large tissue-feeding
artery (red) and the concentration time curve measured in the tissue (blue). Usu-
ally, the proper input function is not detectable, this explaining why the steepest
slope does not coincide with the maximum concentration time point [86].

3.1.3 BF computation

To obtain the samples needed to buildC+ (t) and Ca(t), the target lesions and
the arterial input (aorta) need to be segmented for each time instant, thus the-
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Figure 3.3: Representation of the aortic TCC signal, Ca (t) (red), and the tissue TCC
signal, Cr (t) (blue). The red star points out the aortic peak, while the blue circle the
steepest slope of the tissue curve. The grey vertical line indicates the time at which
the aortic input is at its maximum, while the magenta line highlights tissue maximum
slope.

oretically sampling the same body section. Generally, TCCs are built for the
pixels belonging to the regions of interest (ROIs) by sampling the corresponding
HU values. They appear as mainly composed of three phases: the baseline, the
enhancement and the out ow. The rst phase represents the time period before
the arrival of the contrast medium in the tissue; the second phase is featured by
an enhancement of the tissue corresponding to the arrival of the contrast medium;
the last phase corresponds to the time period when the tracer leaves the tissue
and starts the recirculation.

In order to obtain the TCC signal for each voxel of the tissue, several ap-
proaches are available in the literature, some of them being also quite recent [88].
In this Thesis, the sigmoid-shape model given by theHill Equation has been
adopted [89]. This model, described with the equation 3.7, is able to t the main
trend of the concentration samples in a robust manner [91].

t

(ECs0+ 1) 37

y(t) = Eo+(Emax Eo)

where Eg is the baseline concentration of the tissue, that is before the arrival
of the tracer, Emax IS the saturation value of the concentration reached after its
arrival, ECsg is the time instant at the half-maximum value of the concentration,
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Figure 3.4: Representation of the sigmoidal model used for the tting procedure,
relative to the temporal sequence of a reference slice [90].

and is the parameter which mainly a ects the slope of the sigmoid curve.

The BF values of the reference slice are represented using functional colori-
metric maps (Figure 3.5)). Blue regions point out low perfusion values, while

Figure 3.5: CT image (a) and corresponding BF map (b) of a lung tumour (squamous-
cell carcinoma).

regions characterised by hottest colours highlight the presence of highest perfu-
sion areas. Pink colour points out the presence of unreliable pixels, that will be
better described further on Section 5.3. These maps provide a useful view of the
perfusion and the functional heterogeneity of the tumour, highlighting for instance
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the presence of hypodense regions, hemorrhages, blood vessels and bronchi.

3.1.4 Open issues in DCE-CT

Despite CTp promising results in the oncological eld, including early detection of
the tumour, improvement of prognosis, earl assessment of e ects following novel
targeted therapies as well as diagnosis of tumour recurrence [92, 21, 11], CTp
is not a clinical practice yet due to several challenges, mostly still open. These
issues involve di erent aspects of DCE-CT utilisation. The lack of standardisa-
tion is one of the most serious [23], even if this problem has been partly faced by
the Quantitative Imaging Biomarkers Alliance (QIBA), with the development of
standardised protocols for DCE-CT and DCE-MRI [8]. Another relevant issue is
the radiation dose, since the cancer risk associated to a CTp examination has to
be justi ed by the bene ts deriving from the knowledge of tumour perfusion [12].
In several studies, to decrease radiation dose tube voltage and/anAs have been
decreased [93]. This has been possible due to the new reconstruction techniques,
which have improved the trade o between the noise introduced by the low-tube-
voltage technique, which would lead to beam hardening artefacts, and the image
quality. Repeatability and reproducibility are essential prerequisites to validate
a new imaging technigue. Indeed, especially when considering therapeutic mon-
itoring, the assessment of measurement variability plays a primary role. Several
e orts in this regard have been made in both human and animal models. Goh
et al. analysed perfusion parameters (BF, BV, mean transit time or MTT, and
permeability) derived from baseline and repeated CTp scans performed within 48
hours in 10 patients with histologically proven colorectal cancer. Results showed
that perfusion parameters are reproducible with a within-subject coe cient of
variation lower for tumour than for skeletal muscle [94]. Authors in [95] found a
high correlation coe cient and a low variability of perfusion parameters between
two successive CTp scans performed within 30 hours in 4 patients with advanced
hepatocellular carcinoma (HCC). Another study [96] including 10 patients with
histologically proven NSCLC reported both permeability and blood volume mea-
surements were reproducible, with very low inter- and intra-observer variability.
Also in another study [97] with 20 patients a ected by NSCLC, examinations were
repeated after 24 h. Low within-subject coe cient of variation for BF, BV, MTT
and peak enhancement showed the repeatability of the rst-pass CTp technique.

Despite the above promising results, there is still need for more reproducibility
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studies for CTp measurements since most of the previous works were performed
on limited study populations coming from single centres. In addition, as shown
in [98], absolute CTp values are jointly a ected by motion correction and acqui-
sition protocols, since longer acquisitions do not allow breath-hold condition, this
leading to unavoidable movements and to increased variability [99]. Motion arte-
facts due to, for instance, respiratory and cardiac movements can jeopardise TCCs
computation, leading to unreliable perfusion parameters, particularly in abdomen
and thorax studies. Similarly, also the presence of physics-based artefacts, such as
for instance cupping artefacts and streaks [70], as well as partial volume artefacts
[84], may alter the calculation of perfusion parameters. Besides these factors, also
tumour heterogeneity, re ecting the presence of chaotic and tortuous blood ves-
sels, hypoxic regions, micro-calci cation and blood loss [100, 101}, is considered an
intrinsic factor causing measurement variability [94]. Recently, very few studies
have started focusing on the TCCs tting error to identify which perfusion values
are most likely unreliable at voxel level [102, 103], without considering the spatial
coherence of the perfusion maps. Actually, the reliability analysis is mainly per-
formed considering the inter- and intra-observer variability [98, 104, 96] through
the use of statistical global measures of perfusion parameters, include variability
caused by measure uncertainty and that intrinsic due to the intra-tumoral het-
erogeneity, this thwarting any assessment of perfusion reliability. This issue has
been partly faced in 5.3.1, where a deep analysis has been carried out.

3.2 MRI

As discussed in DCE-CT, non-invasive staging of cancer often involves CT as a
primary imaging investigation, because of its high accuracy reached through in-
novations in hardware and imaging tracers. CT plays an important role for the
assessment of the extension of the primary tumour invading the nearby tissues, as
well as for the detection of distant metastases [105]. It is well known that an accu-
rate tumour staging is of relevant importance for determining prognosis, planning
therapy and evaluating tumour response. Another aspect particularly crucial is
the determination of the resectability based on accurate evaluation of tumour in |-
tration depth and invasion into surrounding structures [106]. Despite the medical
imaging innovations, the assessment of local tumour extent and in Itration, for
some organs, remains challenging. For instance, for cancers of the oesophagus or
GOJ, the delineation of the tumour on CT images is hard, since tumour atten-
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uation is similar to that of the oesophageal wall. In addition, it is also di cult

to evaluate tumour in Itration through or beyond the oesophageal wall since the
single layers composing the oesophageal wall cannot be resolved due to the lack of
contrast characterising the soft tissue [107]. Currently, the endoscopic ultrasound
(EUS) is the most accurate for the staging for oesophageal cancer [108]. However,
there are lots of technical di culties associated with the technique, due to the
inability to pass the endoscope through stenotic tumours. Magnetic resonance
imaging (MRI) has become a promising modality for the non-invasive staging of
some cancers, as gastric, oesophageal and GOJ cancer.

The nuclear magnetic resonance (NMR) phenomenon in solids and liquids was
rst described in 1946 by Bloch and Purcell. In 1973 Paul Lauterbur proved that
it was possible to use NMR to create an image. Similarly to the CT technique,
MRI has rapidly evolved with the introduction of technological innovations as the
superconducting magnets, leading to the rst clinical applications in the early
1980s [109].

In order to produce detailed images, MRI exploits the body's natural mag-
netic properties. Indeed, in the body, mainly in water and fat, there is a great
abundance of hydrogen nuclei which are single protons [110].

Hydrogen atoms possess a property known as spin, which under normal condi-
tions, are randomly aligned. With the application of a strong static magnetic eld
(Bo) the protons axes aligned either in parallel (low-energy state) or antiparallel
way (high-energy state) to the external eld precessing (rotating) around the Bg
axis (3.6). Usually, in MRI Bg strengths range between (6T and 3T.

The frequency of the precession o, known as resonance or Larmor frequency,
is directly proportional to the magnetic eld strength, By, and is de ned as follow:

o= Bo (38)

where is the gyromagnetic ratio and is constant for each atom.

By applying a second radiofrequency (RF) magnetic eld B, perpendicular
to Bg, usually consisting of short pulses lasting microseconds, nuclei with a spin
can be excited [109]. The absorption of RF energy usually causes a transition of
the nucleus from lower to higher energy levels, as well as a spontaneous in-phase
spinning, that is simultaneous spinning. The energy absorbed and then emitted
by the nuclei can be detected, ampli ed and displayed as \free-induction decay"
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Figure 3.6: Under normal conditions, hydrogen protons spin in the body are randomly
arranged (a). In the presence of a strong magnetic eld By, as occurs in an MRI
scanner, protons align themselves parallel to the MRI magnetic eld (b).

(FID).

In order to spatially localise the MR signal, magnetic gradients changing the
Larmor frequencies of the spins are added to the static eld strength in the three
orthogonal directions [111]. Faster or slower frequency is detected as higher or
lower MR signal respectively, this permitting to distinguish MR signals sources in
the space and enabling image 3D reconstruction.

3.2.1 T1- and T2-weighted MRI

The application of multiple RF pulses in sequence allows to emphasise tissues
and abnormalities [110]. When the RF pulse is switched o tissues protons relax
(return to equilibrium) with di erent rates. The time taken for the protons to
relax can be measured in two ways, by considering separately what occurs to the
spins in the longitudinal and transverse plane.

The time taken for the protons to return to their original position, transferring
the energy absorbed from the RF pulse to their surroundings, is known as T1 relax-
ation or \spin-lattice" relaxation [112]. It is de ned as the time needed to achieve
63% of the original longitudinal magnetization. Simultaneously, the protons spin-
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