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RESUME EN FRANÇAIS
Classification, extraction de données et prédiction de la toxicité rectale en
radiothérapie du cancer de la prostate
Le cancer de la prostate constitue un problème de santé publique de par son statut de cancer
masculin le plus fréquent et de troisième cause de mortalité par cancer après celui des poumons et
du colon. En 2011, en France, 71 000 nouveaux cas de cancer de la prostate ont été recensés, soit
33% des cancers masculins cette année-là.
De nombreuses options thérapeutiques existent pour traiter cette maladie. Parmi elles, la
radiothérapie est préconisée pour plus de deux tiers des patients atteints d’un cancer, en l’associant
ou non à une chirurgie et/ou à une chimiothérapie. Elle correspond à l’usage médical de rayons
ionisants afin de détruire les cellules malignes. Des faisceaux de photons, générés par un
accélérateur linéaire, ciblent pour cela la tumeur, tout en épargnant au maximum les organes à
risque avoisinants - la vessie et le rectum dans le cas du cancer prostatique – afin d’éviter de les
léser. L’objectif de la radiothérapie impose donc un compromis entre la délivrance d’une dose
maximale dans la tumeur afin d’augmenter le contrôle local et la curabilité, et d’une dose minimale
dans les organes sains afin de limiter la toxicité. La stratégie de traitement dépend du stade du
cancer. En cas de tumeurs de stade encore précoce, la dose totale et le volume d’irradiation sont
limités afin de diminuer la toxicité. En revanche, pour un stade de cancer avancé, on cherche à
accroître le contrôle local en augmentant la dose, en réduisant la durée du traitement ou en
combinant la radiothérapie avec un traitement médicamenteux. La radiothérapie est ainsi une
technique de traitement complexe nécessitant une grande précision à la fois dans la définition de la
cible tumorale et dans la délivrance de la distribution de dose. Les récentes améliorations
technologiques (systèmes de traitement, d’imagerie et de calcul) ont permis d’améliorer le rapport
bénéfices/risques lié à la thérapie. La planification préopératoire du traitement exploite désormais la
capacité à délimiter en trois dimensions les tumeurs et les tissus sains grâce aux imageries
tomodensitométrique et IRM ainsi que les performances des logiciels de calcul dosimétrique. La
radiothérapie conformationnelle en trois dimensions consiste à optimiser les faisceaux de
rayonnement pour les adapter au volume cible grâce à un collimateur multi-lames et un nombre
variable de faisceaux. La radiothérapie avec modulation d’intensité constitue une avancée
importante pour la délivrance d’une distribution de dose de haute précision. Elle permet notamment
d’améliorer la conformation de l’irradiation à des formes tumorales complexes et concaves. La
balistique de traitement est quant à elle calculée au moyen d’algorithmes permettant de simuler et
d’optimiser la distribution de dose via une approche de planification inverse. L’objectif est
d’optimiser le plan de traitement de façon à obtenir une dose de rayonnement élevée dans le
volume tumoral mais aussi limitée que possible dans les organes à risque voisins.
Malgré les améliorations récentes dans la planification et la délivrance du plan du traitement, il n’est
pas encore possible d’épargner totalement les organes à risque environnant la tumeur. Des effets
secondaires liés à la toxicité du traitement sont toujours observés, en particulier dans les contextes
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d’escalade de dose. On distingue les effets secondaires qui se produisent pendant le traitement et les
quelques semaines qui suivent, dits «aigus», et les effets secondaires qui peuvent apparaître
plusieurs mois/années après la fin du traitement, appelés effets « tardifs ». Cette différence
d’apparition dans le temps est liée à la vitesse variable de prolifération des tissus. Des tissus dont les
cellules se reproduisent rapidement sont atteints rapidement. Et les effets des rayons se manifestent
plus tardivement sur ceux qui se divisent plus tardivement. Les effets secondaires diffèrent
largement d’une personne à l’autre selon la localisation et le volume irradié, la dose délivrée, la
radiosensibilité individuelle du patient et son état général. Les effets secondaires tardifs de la
radiothérapie externe peuvent apparaître après la fin du traitement, au niveau urinaire, digestif ou
sexuel. Au niveau digestif, il est possible que des saignements apparaissent dans les selles (on parle
de rectorragies).
La compréhension de la survenue de tels événements est cruciale. Cette question conditionne
l’optimisation de la distribution de dose en fonction des radiosensibilités locales des tissus et la
décision quant à l’acceptation ou le rejet d’un plan de traitement par les cliniciens. La compréhension
de la toxicité s’est améliorée du fait du recul sur les techniques d’irradiations conformationnelles.
Elle a conduit à une description clinique des effets secondaires plus objective. A partir des données
cliniques et dosimétriques, des facteurs prédictifs de toxicité ont été recherchés, en particulier à
partir des histogrammes dose-volume (HDV) qui fournissent une représentation globale de la
distribution de dose en fonction de la dose délivrée par rapport au pourcentage du volume d'organe.
Depuis les années 70, des modèles mathématiques de prédiction de la toxicité basés sur les HDV ont
été proposés : les modèles «normal tissu complication probability» (NTCP). Ces modèles ont permis
d’identifier des contraintes dose/volume à respecter idéalement afin d’augmenter le rapport
bénéfices/risques et sont, pour certains d’entre eux comme le modèle NTCP de Lyman-KutcherBurman (LKB), intégrés dans des logiciels de planification. Les principales informations considérées
sont les HDV. Cependant, les modèles actuels présentent certaines limitations car ils ne sont pas
totalement optimisés; la plupart d'entre eux ne prennent pas en compte les informations non dosimétrique (les caractéristiques spécifiques aux patients, à la tumeur et au traitement). De plus,
une autre limitation des modèles prédictifs de toxicité basés sur les HDV est qu’ils ne prennent pas
en compte la complexité de la distribution tridimensionnelle de la dose et de la morphologie des
patients. Du fait que ces modèles considèrent un organe ou une structure dans sa globalité, ils ne
permettent pas d’étudier les relations locales dose/effets. Une analyse tridimensionnelle basée sur
l’anatomie et la distribution de dose pourrait permettre d’établir de telles relations locales.
Néanmoins, ce type d’analyse soulève de nombreuses questions liées notamment à l’expression dans
un même référentiel, i.e. à la mise en correspondance, des données anatomiques et dosimétriques
d’une population de patients afin de permettre une analyse au regard des données cliniques
(événements de toxicité).
Dans un contexte de prédiction d’apparition de rectorragies après un cancer de la prostate traités
par radiothérapie externe, les objectifs de cette thèse sont : i) d’extraire des informations
pertinentes à partir de l’HDV et des variables non-dosimétriques, afin d'améliorer les modèles NTCP
existants et ii) d’analyser les corrélations spatiales entre la dose locale et les effets secondaires
permettant une caractérisation de la distribution de dose 3D à l’échelle de l’organe. Ainsi, des
stratégies visant à exploiter les informations provenant de la planification (distributions de dose 3D
et HDV) ont été proposées.
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Dans un premier temps, cette thèse propose, en utilisant l’analyse en composantes indépendan tes
(ACI), un nouveau modèle prédictif de l’apparition de rectorragies, combinant d'une manière
originale l’information dosimétrique et non-dosimétrique. Ensuite, le second objectif fut de
comparer ce nouveau modèle avec les modèles prédictifs de la littérature utilisant ces mêmes
informations : le modèle «historique» LKB NTCP et les méthodes récentes d’apprentissage
automatique (méthodes de machine learning) telles que les forêts d'arbres décisionnels (random
forest), ou encore celles basées sur l'analyse en composantes principales (ACP) et l'ACP fonctionnelle
(ACPF). Un total de 543 patients traités par RCMI/IGRT pour cancer de la prostate, avec un suivi
minimum de 4 ans, ont été prospectivement analysés. Le risque de rectorragies de Grade≥2 à 4 ans
était de 9.8%. L’ACI a été utilisée pour estimer un nouveau paramètre (pACI) issu des HDV,
secondairement intégré dans un modèle de régression logistique (RL-pACI). Les capacités de
prédiction de rectorragies à 4 ans du modèle RL-pACI et des modèles prédictifs de la littérature ont
été comparées en calculant l'aire sous la courbe de la fonction d’efficacité du récepteur pour chaque
modèle, en divisant la cohorte en deux (apprentissage et validation) 100 fois. Une LR multivariée a
également été réalisée pour identifier les paramètres les plus prédictifs. En comparaison des
modèles prédictifs existants dans la littérature, la méthode basée sur l’ACI apparait la plus prédictive.
Dans un second temps, nous avons mis au point de nouvelles approches qui exploitent directement
toute l’information des distributions de dose de planification 3D. Ceci permet de mettre en évidence
la corrélation subtile entre la dose locale et les effets secondaires pour classer et/ou prédire les
patients qui risquent de souffrir d'une rectorragie. De plus, certaines de ces nouvelles méthodes
permettent d’identifier des régions qui peuvent être à l'origine de cet événement indésirable. Plus
précisément, nous avons proposé trois méthodes stochastiques basées sur l’ACP, l’ACI et la
factorisation discriminante par matrices non-négatives, et une méthode déterministe basée sur la
décomposition canonique polyadique de tableaux d’ordre 4 contenant les doses planifiées. Nous
avons cherché à identifier, à partir de la distribution de dose 3D, deux bases (caractérisant
respectivement les patients avec et sans rectorragies) en utilisant les outils mathématiques
précédemment énoncé. Nous avons réalisé la classification et/ou la prédiction en évaluant une
nouvelle variable prédictive calculée en mesurant la distance entre la distribution de dose d'un
nouvel individu et les deux sous-espaces représentés par les bases. Ces approches, appliquées à une
base de données de patients traités par radiothérapie externe, ont été comparées au NTCP
«historique» de Lyman-Kutcher-Burman ainsi qu’à des méthodes récentes d’apprentissage
automatique basées sur une ACP des pas de dose, sur une méthode de K-means, d’analyse linéaire
discriminante, etc. Les résultats obtenus montrent que nos nouvelles approches présentent, en
général, de meilleures performances que ces modèles prédictifs. Nos études permettent de mettre
en évidence la corrélation subtile entre la dose locale et l’apparition de rectorragies. Il faut
néanmoins souligner qu’une relation de corrélation entre d'une part une différence de dose et
d'autre part une toxicité ne signifie pas une relation de causalité.
Finalement, nous avons donc extrait des informations pertinentes à partir des HDV et des variables
non dosimétriques, afin d'améliorer les modèles NTCP existants de la littérature et analysé les
corrélations spatiales entre la dose locale et les effets secondaires permettant une caractérisation de
la distribution de dose 3D. Ainsi, des stratégies visant à exploiter les informations de la planification
de la radiothérapie (distributions de dose 3D et DVH) ont été proposées. Les résultats obtenus
montrent que nos nouvelles approches présentent, en général, de meilleures performances que les
modèles prédictifs classiquement exploités en clinique. Les expérimentations suggèrent une
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reproductibilité des méthodes, qui sont suffisamment générales pour pouvoir être appliquées à
d’autres localisations anatomiques et d’autres toxicités (incontinence, …). Néanmoins, nos approches
3D peuvent encore être améliorées et doivent être validées sur une base de données plus
importante. Cette thèse s’est focalisée sur l’analyse des relations pouvant exister entre la dose de
planification et l’apparition de rectorragies. Nos approches pourraient intégrer l’analyse d’autres
types d’imagerie tels que les images multimodales d’imagerie par résonance magnétique (IRM) ou
encore la tomographie par émission de positons (TEP). Nos recherches se projettent vers un
traitement spécifique à chaque patient. Pour cela, d'autres recherches visant à intégrer les
paramètres spécifiques à chaque patient à l'analyse de l'image 3D devrait être menée. En outre,
l'introduction d'autres caractéristiques personnelles relatives au patient, tels que l'expression des
gènes, pourrait aussi améliorer considérablement le pouvoir prédictif des approches proposées. De
plus, la caractérisation de sous-région rectale prédictive de l’apparition de rectorragies avec nos
approches pourrait être exploitée pour développer des algorithmes d'optimisation lors de la
planification du traitement. Les travaux futurs devraient inclure une analyse conjointe du modèle de
dose et les régions anatomiques impliqués dans la toxicité après radiothérapie du cancer de la
prostate, ainsi que leur utilisation dans un contexte clinique, comme par exemple dans la
planification inverse.
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INTRODUCTION
Prostate cancer (PCa) is the most frequent cancer among men and is the third cause of death by
cancer in developed countries. The estimated world population standardized incidence rate is 125.8
in 100,000 men, which is growing with the life expectation increasing. In France, PCa is the most
frequent type of cancer in men. The estimated number of cases for 2011 is around 71,000 with an
estimated number of deaths of 8,700 in 2011.
One of the standard treatments for localized PCa is external beam radiotherapy (EBRT), which
delivers ionizing radiation to the tumoral target, the prostate and seminal vesicles. The goal of
radiotherapy is to achieve a maximal local control, while sparing neighboring organs at risk (mainly
the rectum and the bladder) to avoid normal tissue complications. The plans of the 3D conformal
radiotherapy (3D-CRT) have been recently strongly optimized thanks to the intensity modulated
radiotherapy (IMRT) techniques. In addition, the image guided radiotherapy (IGRT) technique aims to
correct for the right position of the prostate at the fraction time.
Due to the photon beam propriety, even highly CRT will irradiate a certain amount of normal tissu es
that can produce complications and affect the patient quality of life. Understanding the relationship
between the local dose and side effects is therefore particularly relevant for at least two reasons,
namely toxicity prediction and decreasing toxicity. Toxicity prediction is important for the patient to
be aware of the side effects, and for the physician in case of PCa treatment to guide the choice of
treatment within several options (external beam RT, brachytherapy and radical prostatectomy) of
equivalent efficacy but different side effects. The correlation between treatment outcomes and
planning parameters may be also particularly helpful to optimize the treatment at the inverse
planning step of IMRT, thereby decreasing the risk of presenting side effects. Rectal bleeding (RB) is
the predominant side effects after PCa radiotherapy. These complications may also result from the
interaction of the delivered dose to normal tissues, and other non dosimetric parameters such as
concomitant treatments (like androgen deprivation or anticoagulant treatments) and patient
characteristics (such as age, history of diabetes, previous surgeries, etc.). Different methodological
approaches can be therefore followed to study the relationships among the factors implied in normal
tissue complication following EBRT.
In a radiation laboratory, through controlled experiments in cells and animals, it has been possible to
develop models that describe how normal cells are affected by radiation depending on various
radiobiological parameters such as the intrinsic radiosensitivity, the microenvironment ... In the
clinic, patients are heterogeneous and carrying out controlled experiments that mimic the
complexity of EBRT treatment. Instead of that, prospective clinical trials report outcomes from
different treatments and can be used for toxicity prediction. Normal tissue complication probability
(NTCP) models emerged historically from an effort to integrate both radio-biological models and
observed patient outcomes.
This thesis aims at improving and enlarging the knowledge about NTCP models with a clinical
application perspective via population analysis. We propose to follow a path starting at classic
statistical modeling, going through the adaption of current state-of-the-art prediction models to
propose a new independent component analysis (ICA) parameter, aiming to improve RB prediction

P a g e | 22
after PCa RT. We are finishing in the proposition of original models exploiting the rich information
from the 3D planning dose distributions (3DpDD).
With this aim, 3DpDD may be exploited in several ways. Firstly, we used the dose-volume histograms
(DVH), which are a reduced 2D representation of the distribution of radiation within the patient's
volume of interest and in particular the rectum in case of prediction of RB. Indeed, most classic NTCP
models use only DVH to compute NTCP. These classic NTCP models associate a high complication
probability to a high dose delivered to the normal tissues. Our objective was to improve the existing
models based on DVH. Both patient, tumor and treatment characteristics were tested as potential
factors impacting on RB. In addition to these variables, we proposed to use ICA to extract features
from DVH, allowing the estimation of a new ICA parameter (pICA).
Secondly, taking into account the whole 3D data, we investigated the use of the entire 3DpDD. As
“classic” NTCP models use the DVH, which in itself is a reduction of the dose distribution and the
same DVH may correspond therefore to different dose distributions, these “classic” NTCP models
lack of spatial accuracy. In this thesis, we proposed also to analyze the spatial correlations between
the local dose and the side effects allowing a characterization of the 3D dose distribution at a suborgan level. We developed new approaches to classify and/or predict patients at risk of suffering
from RB, and identify regions which may be at the origin of this adverse event. More precisely, we
proposed three stochastic methods based on principal component analysis (PCA), ICA and
discriminant nonnegative matrix factorization (DNMF), and one deterministic method based on
canonical polyadic decomposition of fourth order array containing planned dose (CP-DMA).
One challenge of this thesis was the use of a large cohort of patients from different prospective
French trials and centers. The process of interpreting the physician's reports and scoring the toxicity
events was carried out by clinical doctors who largely contributed to the development of this thesis
and the interpretation of its findings.
The thesis is organized as follows:
 Chapter 1 introduces the clinical context and the state-of-the-art models. We first explain
PCa management and the different therapeutic possibilities (such as EBRT). As we focus our
work on the prediction of RB after PCa treated by RT, we will present more precisely: i) the
different techniques for RT, ii) their limitations and iii) the common side-effects. The second
goal of this chapter is devoted to the state-of-the-art in the field of the prediction of sideeffects after PCa treated by EBRT. Finally, the global and technical objectives of the thesis are
developed.
 Chapter 2 explains the general methodological aspects developed in the thesis. After a
general formulation of the problem we describe the two proposed approaches: one
considering the entire population and the other one investigating the creation of two
subspaces to discriminate the two groups (presenting or not RB).
 Chapter 3 presents the first methodological contribution of this thesis which is the
implementation of a new ICA parameter (pICA) for NTCP modeling. Both DVH and patient
parameters are used in the prediction of Grade≥2 RB.
 Chapter 4 presents the different studies based on the analysis of the whole 3D dose
distributions to unravel the likely correlations existing between toxicity and local dose. Thus
we show how the proposed methods may are able to reach the voxel level.
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 Chapter 5 investigates the ability of the extracted features, computed by the different
proposed approaches to highlight regions correlated with RB. This chapter provides a way
forward to tailored treatments to identify a sub organ region to be spared.
The main contribution of this thesis are therefore: i) the development of new predictive models of RB
following EBRT and the demonstration that these models are strong competitors of the classic NTCP
models and ii) the analysis of the spatial correlations between local dose and side effects allowing a
characterization of 3D dose distribution at a sub-organ level.
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1 MEDICAL

CONTEXT ,

STATE- OF- THE -ART

MODELS

AND

OBJECTIVES
The goal of this chapter is to introduce the medical context of our work. We first explain prostate
cancer (PCa) followed by a description of different therapeutic possibilities, with a special focus on
external beam radiotherapy (EBRT) whose toxicity events are treated in depth in this thesis. Thus,
considering the prediction of side effects after PCa radiotherapy, we will evoke more precisely: i) the
different radiotherapy techniques, ii) their limitations and iii) the different toxicity side-effects. A
state-of-the-art of the models for prediction of those side-effects is presented. Finally, the global and
technical objectives of the thesis are developed.
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Part I: Medical context and models to predict toxicity after
external beam radiotherapy
1.1 MEDICAL CONTEXT
1.1.1 PROSTATE GLAND AND PROSTATE CANCER
The prostate is a gland in the male reproductive system. It is located below the bladder and
anteriorly to the rectum (Figure 1). The seminal vesicles, two irregularly-shaped glands, are
connected to the base of the prostate. Between the prostate and the pubic symphysis there are fat,
venous vascular structures and fibular tissues, which form the puboprostatic ligament. Various
nerves located around the prostate are implicated in the erection mechanism. The urethra passes
through the prostate from the bladder to the urethral opening.

Figure 1: Illustration of the anatomy of the male reproductive tract

The prostate itself is composed of three glandular zones and a fibromuscularstroma. It is surround ed
by a 3-4 mm thick capsule. It secretes a liquid involved in sperm composition and contains several
enzymes such as the prostate specific antigen (PSA). The prostate can contract to stream out sperm
via the urethra, thus contributing to ejaculation. Prostate size changes throughout life, starting its
development during puberty to reach a weight of around 20 g. The average prostate dimensions for
an adult are 4 cm in width and 3 cm in height. Around 80% of men over 40 will undergo prostate
hyperplasia, possibly compressing the urethra, leading to urinary troubles. This hyperplasia is usually
benign and is part of the natural evolution of prostate.
Prostate cancer (PCa) is the most common cancer in elderly males in Europe and in France (INCa,
2012). It is a major health concern, especially in developed countries with their greater proportion of
elderly men in the general population. In 2011, the estimated number of cases in France was 53,913,
with an expected number of death 8,893 (INCa, 2012). Around 66% of the estimated cases were
elderly males (≥ 65 years). For a complete review on PCa screening, diagnosis and treatment see the
guidelines of the European Association of Urology (EAU) (Heidenreich et al., 2014).
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1.1.2 D IAGNOSTIC EVALUATION
PCa is usually suspected on the basis of digital rectal examination (DRE) and/or a blood test to
measure the prostate-specific antigen (PSA) levels. In France, an annual checkup is advised for men
aged between 50 and 75 years. Most PCa are located in the peripheral zone and may be detected by
DRE. In ~18% of cases, PCa is detected by suspect DRE alone, regardless of PSA level (Richie et al.,
1993). Abnormal DRE is associated with an increased risk of higher Gleason score and is an indication
for biopsy (Gosselaar et al., 2008; Okotie et al., 2007). The use of PSA as a serum marker has
revolutionized PCa diagnosis (Stamey et al., 1987). PSA is organ- but not cancer-specific. PSA is a
continuous parameter, with higher levels indicating greater likelihood of PCa.
Definitive diagnosis is only confirmed after histopathological verification of adenocarcinoma in
prostate biopsy cores or specimens. A prostate gland biopsy is a procedure in which small samples of
prostate tissue are removed to be examined under a microscope. For a prostate biopsy, a thin needle
is inserted through the rectum (transrectal biopsy), through the urethra, or through the area
between the anus and scrotum (perineum). A transrectal biopsy is the most common method used.
The tissue samples taken during the biopsy are examined for cancer cells. A biopsy may be done
when a blood test shows a high level of PSA (or after a digital rectal examination finds an abnormal
prostate or a lump). Between 6 and 12 samples are taken from different areas of the prostate. Some
limitations of prostate biopsies are the reproducibility, the amount of the samples and the
probability of missing cancer. If the prostate biopsy results show the presence of cancer cells, other
tests may be needed to determine the spread of the cancer. The Gleason score is used to help
evaluate the prognosis of men with PCa using samples from a prostate biopsy. It is incorporated into
a strategy of PCa staging which predicts prognosis and helps guiding the therapy. A Gleason score is
given to PCa based upon its microscopic appearance. Gleason grade tells how aggressive the cancer
is, in other words, how likely it is to grow and spread outside the prostate capsule. Cancers with a
higher Gleason score are more aggressive and have a worse prognosis (Figure 2).

Figure 2: Gleason grade
Lower grades are associated with small, closely packed glands. Cells spread out and lose glandular architecture
as grade increases. Gleason score is calculated from grade (prostate-cancer-radiotherapy.org.uk)

1.1.3 C LASSIFICATION AND STAGING SYSTEMS
The objective of a tumor classification system is to group patients with a similar clinical outcome.
This allows for the design of clinical trials on relatively homogeneous patient populations, the
comparison of clinical and pathological data across institutions and to make recommendations on
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their treatment. The 2009 tumor node metastasis (TNM) classification (Table 1)(Sobin and Fleming,
1997) and the EAU risk group essentially based on D'Amico's classification system (Table 2)(D’Amico
et al., 1998) are cancer staging systems for PCa.
Table 1: Tumor Node Metastasis (TNM) classification of prostate cancer (Sobin and Fleming, 1997)

T- Primary tumor
TX
Primary tumor cannot be assessed
T0
No evidence of primary tumor
T1
Clinically unapparent tumor not palpable or visible by imaging
T1a
Tumor incidental histological finding in 5% or less of tissue resected
T1b
Tumor incidental histological finding in more than 5% of tissue resected
T1c
Tumor identified by needle biopsy (e.g. because of elevated prostatespecific antigen (PSA) level)
T2
Tumor confined within the prostate 1
T2a
Tumor involves one half of one lobe or less
T2b
Tumor involves more than half of one lobe, but not both lobes
T2c
Tumor involves both lobes
T3
Tumor extends through the prostatic capsule2
T3a
Extra capsular extension (unilateral or bilateral) including microscopic
bladder neck involvement
T3b
Tumor invades seminal vesicle(s)
T4
Tumor is fixed or invades adjacent structures other than seminal vesicles (external
sphincter, rectum, levator muscles, and/or pelvic wall)
N- Regional lymph nodes 3
NX
Regional lymph nodes cannot be assessed
N0
No regional lymph node metastasis
N1
Regional lymph node metastasis 4
M- Distant metastasis5
MX
Distant metastasis cannot be assessed
M0
No distant metastasis
M1
Distant metastasis
M1a
Non-regional lymph node(s)
M1b
Bone(s)
M1c
Other site(s)
1

Tumor found in one or both lobes by needle biopsy, but not palpable or visible by imaging, is classified as T1c.
Invasion into the prostatic apex, or into (but not beyond) the prostate capsule, is not classified as pT3, but as
pT2.
3
The regional lumph nodes are the nodes of the true pelvis, which essentially are the pelvic nodes below the
bifurcation of the common iliac arteries.
4
Laterality does not affect the N-classification.
5
When more than one site of metastasis is present, the most advanced category should be used.
2

Table 2: EAU risk groups for biochemical recurrence of localized and locally advanced prostate cancer

Low-risk
PSA ≤ 10 ng/mL
and GS ≤ 7
and cT1-2a
Localised

Intermediate-risk
PSA10-20 ng/mL
or GS 7
or cT2b

High-risk
PSA ≥ 20 ng/mL
or GS ≥ 7
or cT2c

any PSA
any GS cT3-4
or cN+
Locally advanced
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1.1.4 C OMMON TREATMENTS FOR PROSTATE CANCER
Clinicians use D'Amico's classification to decide upon a particular treatment. Regardless of the
technique used, the choice of treatment is multidisciplinary. After the extent of the tumor has been
properly assessed, the following are taken into account:








2009 TNM classification;
Gleason score, defined using an adequate number of core biopsies (at least 10);
Baseline PSA;
Age of the patient;
Patient's comorbidity, life expectancy, and quality of life (QoL);
International Prostate Symptom Score (IPSS) and uroflowmetry recordings;
And the EAU prognostic factor classification.

Table 3 shows the distribution of PCa treatments among 2,182 patients in France in 2001 (Jegu et al.,

2010).
Table 3: Prostate cancer treatments distribution in France in 2001

Treatment

Effective

Radical prostatectomy
Radiotherapy

595
513
429
78
6
646
399
14

Proportion
(%)
27.7
23.8
83.6
15.2
1.2
30.0
18.5
3.5

28

-

External
Curie therapy
Unknown
Hormonal therapy
Others

Watchful waiting
High intensity
ultrasound

Unknown
1.1.4.1

focused

Radical prostatectomy (RP)

Radical prostatectomy (RP) is a surgical treatment for PCa which consist of the prostate gland
removal. The goal of RP is the eradication of disease, while preserving continence and potency
(Bianco et al., 2005).
1.1.4.2

Radiotherapy

One of the standard treatments for PCa is external radiotherapy, which involves delivering ionizing
radiation to a clinical target, in this instance the prostate and seminal vesicles. Indeed, about 4 out of
10 people with cancer (40%) have radiotherapy as part of their treatment. It can be given in various
ways, including:


From outside the body as external radiotherapy, using X-rays from linear accelerator
machines, electrons, and more rarely other particles such as protons;



From within the body as brachytherapy, by placing a sealed radiation source inside or close
to the tumor;
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Radiotherapy destroys the cancer cells in the treated area by damaging the DNA. Although normal
cells are also affected by radiation, they are better at repairing themselves than the cancer cells.
1.1.4.3

Hormonal therapy

Hormonal therapy is also called androgen deprivation therapy (ADT). The goal of this treatment is to
reduce levels of male hormones (androgens) which stimulate PCa cells to grow. The main androgens
are testosterone and dihydrotestosterone. Lowering androgen levels or stopping them from getting
into PCa cells often makes prostate cancers shrink or grow more slowly for a time. But hormone
therapy alone does not cure prostate cancer.
Hormonal therapy may be used:




1.1.4.4

If the cancer has spread too far to be cured by surgery or radiation;
If the cancer relapses after treatment;
Along with radiation therapy as initial treatment if you are at higher risk of the cancer coming
back after treatment (based on a high Gleason score, high PSA level, and/or growth of the
cancer outside the prostate)

Deferred treatment (active surveillance/watchful waiting)

Many men with localized PCa will not benefit from definitive treatment and ~45% of men with PSA detected PCa are candidates for deferred management (Godtman et al., 2013). In some case,
treatment of localized PCa may be deferred to avoid toxicity due to other treatment. There are two
distinct strategies for conservative management that aim to reduce overtreatment: active
surveillance and watchful waiting. The aim of active surveillance is to reduce overtreatment in
patients with clinically confined, very-low-risk PCa, without relinquishing curative treatment, as
happens with watchful waiting (Welty et al., 2014). Active surveillance is only proposed for highly
selected low-risk patients. The surveillance of PCa evolution is asserted by frequent digital rectal
examination, blood test to measure the PSA levels, biopsies and MRI. Watchful waiting is
recommended when PCa progresses slowly, or for older men with a high incidence of comorbidity
and other causes of mortality (Adolfsson, 2008).
1.1.4.5

High-intensity focused ultrasound of the prostate (HIFU)

High-intensity focused ultrasound of the prostate (HIFU) consists of focused ultrasound waves,
emitted from a transducer, that cause tissue damage by mechanical and thermal effects as well as by
cavitation (Madersbacher and Marberger, 2003). The goal of HIFU is to heat malignant tissues above
65°C so that they are destroyed by coagulative necrosis, under general or spinal anesthesia. The
procedure is time-consuming, with about 10 g prostate tissue treated per hour. Potential candidates
are patients with low to moderate risk.
In this thesis, we mainly focused on external beam radiotherapy (EBRT). This treatment is detailed
more precisely in the next section.
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1.1.5 E XTERNAL BEAM RADIATION THERAPY (EBRT)
The radiotherapy team plans each patient's radiotherapy individually. The goal of EBRT is to achieve a
maximal local control while sparing neighboring organs (mainly the rectum and the bladder) to avoid
normal tissue complications. Radiation doses for cancer treatment are measured in grays (Gy), which
indicates the amount of radiation energy absorbed by 1 kilogram of human tissue. Additional
information on the various aspects of radiotherapy in the treatment of PCa is available in an
extensive overview (Dearnaley et al., 2014). Anatomical data are acquired by scanning the patient in
a treatment position. They are transferred to the three-dimensional treatment planning system
(TPS), which allows visualization of the clinical target volume and surrounding margins previously
done by the physicians. Real-time verification of the irradiation field using portal imaging allows also
comparison of the treated and simulated fields and correction of deviations where displacement is
more than 5 mm.
1.1.5.1

Three-dimensional conformal radiotherapy (3D-CRT)

In 3D-CRT, the beams of radiation used in treatment are shaped to roughly match the tumor.
Previously, radiation treatment matched the height and width of the tumor, meaning that healthy
tissue was exposed to the beams. Advances in imaging technology have made it possible to loca te
and treat the tumor more precisely. CRT uses a planning computed tomography (CT) to focus
precisely on the tumor region, while trying avoiding the healthy surrounding tissue. This exact
targeting makes it possible to use higher levels of radiation in treatment, which are more effective in
shrinking and killing tumors.
1.1.5.2

Intensity modulated external-beam radiotherapy (IMRT) and image
guided radiation therapy (IGRT)

Figure 3: Radiotherapy treatment machines at the Centre Eugène Marquis for intensity modulated externalbeam radiotherapy (IMRT)

Intensity-modulated radiotherapy (IMRT) uses a computer-driven machine that actually moves
around the patient as it delivers radiation (Figure 3). Along with shaping the beams and arriving at
the prostate from several angles, the intensity (strength) of the beams can be adjusted to limit the
dose reaching the most sensitive normal tissues while allowing the delivery of higher doses to the
cancer. It is possible to use IMRT with linear accelerators, equipped with multileaf collimators and
specific software with inverse planning algorithms. At the time of irradiation, a multileaf collimator
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automatically (and in the case of IMRT continuously) adapts the beam to the contours of the target
volume. This allows for a more conformational dose distributions to be delivered within the
treatment field which may fit complex structures. This technique is particularly useful to spare
neighboring organs at risk. Compared to three-dimensional conformal radiotherapy (3D-CRT), IMRT
improves local control through dose escalation, fitting to the shape of complex organs without
significantly increasing the risk of morbidity (Figure 3). A comparison of planning treatments using
3D-CRT and IMRT is illustrated in Figure 4.

Figure 4: Treatment plan for prostate cancer: 3D-CRT (left side) and IMRT (right side)
On the top is illustrated examples of the computed tomography (CT) and the surrounding target volume for a
patient in the pelvic area (oftankonyv.reak.bme.hu) and figures on the bottom design the radiation beams
resulting from a computer program to planned the 3D dose distributions (http://www.mistir.info)

The IMRT has become the standard irradiation technique in 30% of French treatment center (INCa,
2012), including at the Centre Eugène Marquis (from 2003 onwards) which provided the medical
support and background to this thesis. Treatment ballistics can be optimized using different
algorithms. Figure 5 shows the workflow of the direct machine parameter optimization with
RayMachine using the Pinnacle® TPS manufactured by Phillips. The preferences of physician are
represented as a mathematical cost function (𝑓) to be optimized. The input parameters of this
function include leaf positions, some weights (𝑤), and the fluence matrix (also called dose matrix and
represented by 𝑑). Figure 6 shows a planned dose distribution to treat PCa with IMRT. In a routine
radiotherapy practice, the evaluation and the selection of the best treatment plan by the radiation
oncologist are commonly based on both a qualitative and a quantitative analysis. The qualitative
analysis consists of considering/visualizing the 3D dose distribution (isodose lines) relatively to the
organs of interest, which are on one hand the tumor target (checking they are not underdosed ) and
on the other hand the OAR (checking they are not overdosed). The quantitative analysis is based on
the GETUG dose volume constraint recommendations, for each organ of interest (Table 4). With dose
escalation using IMRT, organ movement becomes a critical issue, in terms of both tumor control and
treatment toxicity. The portal image was developed using linear accelerators. Images are produced
using high-energy X-rays delivered by the accelerator. These images allow for bone structures to be
visualized, as depicted in Figure 7.
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Figure 5: Direct machine parameter optimization with RayMachine using Pinnacle
(from (Haardemark et al., 2003))

Figure 6: CT and planned dose distribution to treat prostate cancer with IMRT
Above: Main structures (prostate, bladder and rectum) in three different views of a CT scan.
Below: IMRT optimal dose distribution. Note the concave shape of the posterior part of the prostate

A digitally-reconstructed radiograph (DRR) (based on the planning CT) is generated by simulating
irradiation in a process that mimics the geometry of the treatment. This image allows for bone
structure alignment and for patient repositioning, which is intended to decrease the amount and
frequency of setup errors. As this image modality implies delivering some ionized radiation to the
patient, this control is usually performed at the beginning of treatment and weekly thereafter.
Steadily increasing techniques will therefore combine IMRT with imaging combined system (CBCT)
such as image-guided radiotherapy (IGRT), in which organ movement can be visualized and corrected
for in real time. Indeed, some newer radiation machines have imaging scanners built into them. This
advance lets the doctor takes pictures of the prostate and makes minor adjustments in aiming just
before giving the radiation. This may help deliver the radiation even more precisely, which might
result in fewer side effects, although more research is needed to prove this. IMRT combined with
IGRT is nowadays considered as the gold standard for EBRT. Another approach is to place implants
into the prostate that send out radio waves to tell the radiation therapy machines where to aim. This
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(a) Low risk

(b) Intermediate risk

(c)

High risk

Figure 8: Dose-effect relationship of the risk of biochemical control by risk group in prostate cancer
radiotherapy
Low risk (a) and intermediate risk (b) were taken from (Cheung et al., 2005) and from (Cheung et al., 2003)
for high risk (c)

lets the machine adjust for movement (like during breathing) and may allow less radiation to go to
normal tissues, this could lower side effects. The challenge that doctors face in treating prostate
tumors with radiation therapy is that the prostate moves unpredictably as air passes through the
rectum and as the bladder empties and fills. Minimizing any large movements of the prostate can
help reduce unnecessary irradiation of surrounding healthy tissue.

Figure 7: DDR and portal image
Above: DRR reference images. Below: portal image. In red: manual delineations of the irradiation field. In
green: manual delineations of bone structures used to align both type of images. In blue: delineation of three
gold grains implanted within the prostate

Also, volumetric modulated arc therapy (VMAT) is a novel radiation technique, which can achieve
highly conformal dose distributions with improved target volume coverage and sparing of normal
tissues compared with conventional radiotherapy techniques. VMAT also has the potential to offer
additional advantages, such as reduced treatment delivery time compared with conventional static
field IMRT. More recently, the CyberKnife Robotic Radiosurgery System (Figure 9) allowed increased
performances by continuously identifying the exact location of the prostate and making active
corrections for any movement of the prostate throughout the course of the treatment by tracking
fiducial markers into the prostate. During treatment, a patient lays still and breathes normally while
the CyberKnife may work on a moving target - the prostate - while irradiating it without harming
surrounding areas. As a result, the procedure may be more comfortable for patients and radiation is
delivered may be more accurate.

P a g e | 35
1.1.5.3

Dose-effect relationships in local control

Almost all localized PCa can be treated with radiotherapy. Usually, the target volume includes the
prostate and seminal vesicles (sometimes the pelvic lymph nodes). In practice, once the main organs
are manually delineated, security margins are added to the prostate and seminal vesicles to define a
new target volume, known as the planning target volume (PTV). Other than treating the affected
area, an important objective is to safeguard the preservation of the bladder, rectum, femoral head
and other neighboring normal tissues (OAR). Figure 6 gives a representation of the main anatomical
structures considered during radiotherapy treatment for PCa. The dose-effect relationship is based
on the principle that the higher the dose, the higher the tumor-control probability (TCP)(Cheung et
al., 2005, 2003). Tumor control can be expressed in terms of two main types of recurrence, namely
biochemical and clinical recurrence. Recurrence is defined in terms of PSA increase. However, a
limiting factor for dose escalation is normal tissue complications. In order to achieve local control and
spare organs at risk, various recommendations have been proposed by different cooperative groups
(Fiorino et al., 2009b).

Figure 9: The CyberKnife Robotic Radiosurgery System
The picture shows a robotic arm which allows the energy to be directed at any part of the body from any
direction
Table 4: GETUG dose-volume constraint recommendations for target volume and organs at risk in prostate
cancer radiotherapy

Volume

Notation
𝐷𝑚𝑖𝑛 > 90%

Target volume (PTV)
𝑉95 > 95%
𝐷𝑚𝑎𝑥 < 80 𝐺𝑦
Bladder wall (7 mm)
𝑉70 < 50%
𝐷𝑚𝑎𝑥 < 76 𝐺𝑦
Rectal wall (7 mm)
𝑉72 < 25%
Femoral heads

𝑉55 < 5%

Definition
Minimum dose to PTV must be higher than 90% of
the prescribed dose
The volume receiving at least 95% of the
prescribed dose must be higher than 90% of the
total volume
The average dose to 1.8 cm3must be always lower
than 80 Gy
The volume receiving at least 70 Gy must be lower
than 50%
The average dose to 1.8 cm3 must always be lower
than 76 Gy
The volume receiving at least 72 Gy must be lower
than 25%
For each femoral head, the volume receiving at
least 55 Gy must be lower than 5%
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1.1.6 POST-TREATMENT TOXICITY
Regardless of the techniques and their degree of sophistication, quality assurance plays a major role
in the management of radiotherapy, requiring the involvement of physicians, physicists, dosimetrists,
radiographers, radiologists and computer scientists. Increased life expectancy in PCa makes posttreatment toxicity a key issue. QoL refers to the impact of disease and treatment on well-being and
physical, emotional and social functioning, including daily functioning (Leplége and Hunt, 1998).
Toxicity is rated by patients, and is important because physicians often underestimate the impact of
disease and treatment on patients (Litwin et al., 1998). PCa-specific toxicity refers to the diseasespecific outcome of PCa, including urinary, bowel and sexual functioning. General QoL refers to wellbeing, vitality, fatigue, pain, general health status, global QoL, and life satisfaction (Eton and Lepore,
2002). Those side-effects are measured using standardized questionnaires, which provide an
objective assessment of general and disease-specific domains (Talcott et al., 2003). Toxicity events
could be collected and scored according to the Common Terminology Criteria for Adverse Events
(CTCAE) version 3.0. The Late Effects Normal Tissue/Subjective Objective Management Analytic
(LENT/SOMA) system for grading of side effects after radiotherapy was also proposed. Studies
suggest that LENT/SOMA score made it possible to detect significant differences between patients
presenting or not side effects whereas EORTC/RTOG toxicity score did not (Lund et al., 2013). Grade
refers to the severity of the adverse event. The systems display Grades 1 through 5 with unique
clinical descriptions of severity for each adverse event based on this general guideline:
-

-

Grade 1: Mild; asymptomaticor mild symptoms; clinical or diagnostic observations only;
intervention not indicated;
Grade 2: Moderate; minimal, local or noninvasive intervention indicated; limiting ageappropriate instrumental activities of daily living (*);
Grade 3: Severe or medically significant but not immediately life-threatening; hospitalization
or prolongation of hospitalization indicated; disabling; limiting self care activities of daily
living (**);
Grade 4: Life-threatening consequences; urgent intervention indicated;
Grade 5: Death related to adverse event.

(*) refer to preparing meals, shopping for groceries or clothes, using the telephone, managing money, etc.
(**) refer to bathing, dressing and undressing, feeding self, using the toilet, taking medications, and not
bedridden.

EBRT may cause urinary, sexual- and bowel dysfunction. Radiotherapy could also affect erectile
function. Symptom onset occurred during or early after treatment, and sometimes persisted into
follow-up. Rectal urgency, frequency, pain, faecal incontinence, or haematochezia-caused distress
related to bowel function was reported in 9% of patients at 1 year after EBRT (Sanda et al., 2008). At
2 years after dose-escalated EBRT, < 11% of patients had problems with toxicity. Fatigue is commonly
reported following EBRT, with the highest level seen at the end of treatment. 4% of patients reported
severe fatigue 5-years post-treatment, adversely affecting QoL (Fransson and others, 2010). Late
rectal complaints were classified according to different symptoms, such as rectal bleeding, proctitis
(urgency, tenesmus), diarrhea and fecal incontinence, in compliance with a modified LENT/SOMA
morbidity scoring system (Table 5)(Cox et al., 1995). However, the potential secondary effects due to
the delivered dose to the OAR are far from being completely explained (Fiorino et al., 2009a).
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Therefore, unraveling the underlying local dose-volume effect toxicity relationships and identifying
patients at higher risk, appears as a cornerstone in further definitions of constraints for personalized
RT planning.
Table 5: Gastro-intestinal toxicity grading scale (modified LENT-SOMA)

Symptoms
Rectal hemorrhage

Diarrhea

Grade 1
Mild,
intervention
(than
iron
supplements) not
indicated
2-4 per day

Grade 2
Two or fewer
coagulations for
bleeding

Grade 3
Grade 4
Three or more Life threatening
coagulations or bleeding
any transfusion

5-8 per day

> 8 per day

Refractory
diarrhea
Proctitis
Occasional
Intermittent
Persistent
Refractory and
(urgency/tenesmus) urgency and/or urgency and/or urgency and/or intolerable
occasional mild intermittent
persistent
and
tenesmus
tolerable
intense tenesmus
tenesmus
Fecal incontinence
Occasional use of Intermittent use Persistent use of Surgical
incontinence
of incontinence incontinence
intervention
pads
pads
pads
Permanent
colostomy
In this thesis, we focused on the apparition of rectal bleeding (RB) after PCa treated by EBRT.
Understanding the dose/toxicity relationships is a central question for improving treatment reliability
at the inverse planning step. Toxicity prediction models have been developed in order to predict
toxicity events using dosimetric data which is the subject of the next part.

1.2 MODELS TO PREDICT TOXICITY AFTER EXTERNAL BEAM RADIOTHERAPY
Understanding the dose/toxicity relationships is a crucial issue to inform the patient of the side
effects of the treatment, to guide de physician to choose between treatment of equal efficiency and
different side effects (EBRT, brachytherapy or RP), and for improving treatment reliability at the
inverse planning step of IMRT. Determination of the relationship between the apparition of side
effects and the dose distribution has been the subject of many research papers over the past few
years. Normal tissue complication probability (NTCP) toxicity prediction models have been developed
in order to predict toxicity events using dosimetric data. Many factors can affect test performance.
Table 6 lists some specific example in the context of the prediction of side effects after PCa treated
by EBRT. There are three kinds of categories: patient (medical history and intrinsic radiosensitivity),
treatment and tumor characteristics. The influence of these characteristics should be investigated in
a predictive model.
Table 6: Some factors that can affect test performance

Characteristics
Patient
Treatment
Tumor

Examples
Age, history of abdominal surgery, diabetes, ... /intrinsic radiosensitivity
Hormonal therapy, IMRT, IGRT, dosimetric information (total of dose,
maximal dose, DVH), ...
T stage, D'Amico stage, ...
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In this section, we presented a state-of-the-art of the different existing models to predict radioinduced toxicity. We consider them in function of the way in which the 3D dose distributions are
considered. An overview of the state-of-the-art predictive models is illustrated in Figure 11. The
study of the relationship between the apparition of side effects and the planned dose distribution
has been the subject of many research papers over the past few years by analyzing the dose in
different forms: either by looking at the dose-volume histogram (DVH), the dose surface maps or by
considering the whole 3D dose through non-rigid registered (NRR) dose maps. Thus, according to this
pre-processed dose and/or by adding a feature extraction step (principal component analysis, PCA;
functional PCA, FPCA; ...) to highlight relevant information, different models have been historically
proposed: NTCP models, logistic regression or supervised/unsupervised approaches. More recent
approaches aim at investigating the local relationships between dose and the apparition of sideeffect by analyzing segmental DVH or by identifying generic subregions at risks from 3D NRR dose
maps (Dréan et al., 2016b; Stenmark et al., 2014a). The main considered information in state-of-theart predictive models is the cumulative DVH. Based on the 3D dose distributions received by a
specific organ, the DVH is created by computing a histogram of the relating radiation dose (bin dose
along the horizontal axis in Gy) to a tissue volume expressed either in percentage (more often) or in
absolute volume (cc) on the vertical axis. It is represented by a set of points (𝐷𝑖 , 𝑉𝑖 ), with 𝑉𝑖 the
organ volume fraction that receives at least 𝐷𝑖 Gy (1 Gy=1 Joule/Kg) of dose. For a structure receiving
a very homogenous dose - as for example the prostate which should receive a high homogeneous
dose - the DVH will appear as a horizontal line at the top of the graph and as a vertical drop at a high
dose on the horizontal axis. For the rectum, which is very close to the prostate (5 mm), the delivered
dose will be a lot more heterogeneous since it should be dramatically reduced to limit the side
effects. Figure 10-(a) shows two 2D views of two 3D-CRT dose distributions to the rectum for two
different patients, while Figure 10-(b) shows the corresponding cumulative rectal DVH.

(a) Sagittal view of 3D dose distributions

(b) Corresponding cumulative DVH

Figure 10: An example of the DVH for rectum in two different patients
Example of (a) Sagittal view of 3D dose distributions and (b) corresponding DVH for two different patients (red
and blue line)
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Figure 11: Overview of the state-of-the-art predictive models of toxicity based on different population data.
Three different categories may be considered depending on how the 3D dose and patients’ characteristics
are used as inputs: i) DVH, ii) dose surface maps or iii) 3D non-rigidly registered dose maps
Patients treated for PCa with radiotherapy undergo a CT scan where the main anatomical structures are
manually delineated (in this case the prostate, the bladder and the rectum) in order to compute the dose to be
delivered to the target. The relationship between side effects and the planned dose distribution has been the
subject of many research papers over the past few years. Those approaches can be classified with respect to the
way in which the dose is transformed and exploited: either using DVH, dose surface maps or directly considering
the 3D dose distributions in the native or common space after non-rigid registration (NRR). Thus, different
models were proposed such as normal tissue complication probability (NTCP) prediction models, logistic
regression (LR) or supervised/unsupervised approaches (artificial neural networks, ANN; support vector
machine, SVM; random forest, RF).A features extraction step (principal component analysis, PCA; functional
PCA, FPCA) has also been proposed allowing the extraction of relevant information in a reduced space. There is
a recent trend aiming at investigating the local relationships between dose and the apparition of side-effect by
analyzing segmental DVH or by identifying generic subregion at risks from 3D NRR dose maps
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1.2.1 DVH-BASED MODELS
1.2.1.1

Normal tissue complication probability (NTCP) model

The key idea of the first seminal works on NTCP studies was to derive models relating treatment
parameters (e.g., dose distribution) to the outcome (toxicity events) by linking clinical experience,
collected data or based on some biological assumptions. The first NTCP model was historically
proposed by Lyman (Lyman, 1985). The two NTCP models most frequently found in the literature are,
are:


The Lyman-Burman-Kutcher (LKB) model (Kutcher et al., 1991; Lyman, 1985) as described in
equation (1).
𝑁𝑇𝐶𝑃 = Φ−1 (

𝐷𝑚𝑎𝑥 − 𝑇𝐷(50, 𝑣)
),
𝑚 × 𝑇𝐷(50, 𝑣)
1⁄

with𝑇𝐷(50, 𝑣) = 𝑇𝐷50 × EUD; EUD = (∑𝑖 𝑣𝑖 𝐷𝑖 𝑛 )
z

Φ(z) = ∫

1

−∞ √2π



−𝑛

(1)

t2

e− 2 dt

The control parameters of the model are:
o 𝑇𝐷50 is the dose resulting 50% of complications in case of total irradiation of the
organ
o 𝑛 characterizes the dose effect on toxicity, varying between 0 and 1. A low value
corresponds to a small influence of the volume whereas there is a high value if the
irradiated volume has a high influence on the apparition of side effects
o 𝑚 is the steepness of the dose response at 𝑇𝐷50
The logit equivalent uniform dose (EUD) model (Schultheiss et al., 1983) is a logistic
regression model with an EUD reduction method as presented in equation (2) with
parameters 𝑇𝐷50 , 𝑘 and 𝑛.
−1

𝑇𝐷50 𝑘
𝑁𝑇𝐶𝑃 = [1 + (
) ]
𝐸𝑈𝐷

(2)

Identifying parameters for NTCP models can be performed thanks to maximum likelihood as in (Cox
and Snell, 1989). Although many studies have shown a correlation between dose, volume and rectal
toxicity, justifying also the dose-volume constraint recommendations (Table 4) (Benk et al., 1993;
Fiorino et al., 2002; Marzi et al., 2007; Rancati et al., 2004; Söhn et al., 2007a). These models have
however limitations in their prediction capability. One of the limitations of DVH representation is the
lack of spatial information which does not allow considering correlations between local dose or
spatially distributed patterns and side effects indeed DVH is a two-dimensional reduction of the 3D
dimensional dose with respect to the organ volume. Subparts of the rectum, likely particularly highly
radiosensitive, may not be identified by the 2D DVH analysis. Some attempts have been made to
introduce the notion of local dose (Kupchak et al., 2008). Another issue with these NTCP models is
that most they are based on the information obtained from the planning dose, which have been
shown to differ from actual delivered treatments due to the inter- and intra-fraction anatomical
variations occurring during the course of treatment (Hatton et al., 2011). This may be particularly
important in the case of bladder, but in the rectum case is less relevant (Nassef et al., 2016). In this
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thesis we will not tackle this issue since implying the use of pretreatment imaging and we are only
considering the rectum case. A frequently raised issue with these models is that they are not able to
explicitly integrate patient data characteristics (such as age, medical history, etc.), which may be
informative and can potentially bring insights into the comprehension of toxicity. One strategy for
including patient characteristics in classic NTCP models is stratifying the population and estimating
model parameters at each stratum (Defraene et al., 2012; Rancati et al., 2011). However, one
disadvantage of this approach is the loss of power to estimate the parameters. We are coping with
this issue by devising strategies integrating multimodal data. Finally, most of the NTCP models
consider toxicity events occurring within a fixed frame time following treatment (e.g. 3-year rectal
bleeding or 5-year overall bladder toxicity). This validation approach was also used in this thesis in
order to compare our results with the current LKB NTCP model (as referred in chapter 3 and 4). It has
to be noted, however, that other approaches taking into account individual patient follow-up and
censoring in the LKB model, have been reported in the literature (Tucker et al., 2010). In total, even if
the NTCP-based models may be used in a common practice to evaluate the best plan, the values of
the parameters used by the model are often put to question.
1.2.1.2

Regression modelling

Regression modeling has been largely used in the prediction outcome problems. Regression analysis
can be used to study the relation between 𝑦 (the variable explained, also called the response) and
{𝑥1 , 𝑥2 , … 𝑥𝑝 } (predictors’ variables). Univariate regression is a regression which considers only one
predictor {𝑥1 } whereas multivariate regression considered more than one entry {𝑥1 , 𝑥2 , … 𝑥𝑝 }. For
linear regression, the relation between those variables is considered as a linear transformation. The
hypothesis is then formulated as follow:
y = 𝛽0 + 𝛽1 𝑥1 + … + 𝛽𝑝 𝑥𝑝 + 𝜖

(3)

where 𝜖 is a random variable measuring the difference between the observed and predicted
variables, βk is the 𝑘-th coefficient and β0 the constant term of the model. Hence the coefficients
{𝛽0 , 𝛽1 , … 𝛽𝑝 } of the regression are determined, different tests (as for instance Student test) can
assess the influence of each predictor {𝑥1 , 𝑥2 , … 𝑥𝑝 } as they influence the performance of the
regression. Besides linearity, regression analysis can also be adapted to other relationships (as for
instance logistic regression). This model can be used for classification (binary output response
representing success and failure, or more generally the presence or absence of an attribute of
interest) or for prediction (probability for each response) (Coughlin et al., 1992; Smith and Hadgu,
1992; Sternberg and Hadgu, 2001). Logistic regression (LR), developed by David Cox in 1958 (Cox,
1958), estimates probabilities using a logistic function, which is the cumulative logistic distribution. In
the field of PCa, logistic models has been widely used to predict pathological stage in men (Partin et
al., 1993), to detect cancer (Langer et al., 2009), or to predict recurrence or outcomes (Leventis et al.,
2001; Potosky et al., 2004). In our context, binary output response was considered. The value 1
represents patient who suffered from side effects after the treatment and 0 for those who did not.
The probability of observing a 0 or 1 in any one case is treated as depending on one or more
explanatory variables (patient, treatment and tumour characteristics).
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Considering 𝒀 a matrix containing the response for each observation (in our case, the patients) and 𝑿
the associated matrix of predictors’ variables, the logistic model with 𝑝 predictor variables and 𝑖 the
observations has the following general format:
ln(𝑃𝑟 (𝒀|𝑿)) = 𝛽0 + 𝛽1 𝑿𝑖1 + … + 𝛽𝑝 𝑿𝑖𝑝 + 𝝐𝑖

(4)

The resulting equation is:
𝑃𝑟 (𝒀|𝑿) =

𝑒 𝛽0 +𝛽1 𝑿𝑖1+ …+𝛽𝑝 𝑿𝑖𝑝

(5)

𝛽0 +𝛽1 𝑿𝑖1+ …+𝛽𝑝 𝑿𝑖𝑝

1+ 𝑒
Finally, the model is a generalized linear model with binomial response and link logit. The regression
coefficients 𝛽 can be interpreted as in linear models. Compared to linear regression, interpretation of
logistic regression is not straightforward. Hence, graphical tools such as nomograms can be readily
employed to evaluate logistic models. In our laboratory, we proposed a method to analyze late
urinary toxicity after PCa radiotherapy using nomograms (Mathieu et al., 2014). An example of
nomograms, which includes two pre-treatment factors (anticoagulant treatment and total dose) to
predict 5-year risk of global late urinary toxicity is presented in Figure 12. As it can be seen, to
compute the probability scale for a given patient, we compute the total point obtained according to
his pre-treatment factors. For instance, if this patient had an anticoagulant treatment 57.5 points are
added to the total and if 70 Gy is the total dose planned for this patient 32.5 points are added to the
total. For this particular example, the total point is 90 and the two last lines give us the
correspondence between the obtained total points and the probability risk. Thus, in this example the
patient presents 30% of risk of global late urinary toxicity Grade ≥ 2 five years after the treatment.

Figure 12: Obtained nomogram (Mathieu et al., 2014) for 5-year risk of global late urinary toxicity Grade≥ 2

For toxicity prediction, approaches based on supervised/unsupervised strategies have recently
emerged. This is the subject of next part of the manuscript. For example, other approaches include
the use of principal component analysis (PCA) (Dawson et al., 2005; Söhn et al., 2007a) to extract the
most relevant information from DVH in the prediction task.
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1.2.1.3

Unsupervised/supervised approaches
1.2.1.3.1 Principal component analysis based pattern analysis on DVH

DVH shape variability can be assessed using dimensionality reduction strategies, such as PCA. PCA is
a methodology that identifies the underlying structure of data across a population by computing the
significant modes of variation as a set of orthogonal directions, and the amount of variation, encoded
in the eigenvalues, computed from the covariance matrix of the data (see more explanation in
chapter 3). For example, following the approach of (Dawson et al., 2005), Söhn et al. (Söhn et al.,
2007a) investigated the correlation of features extracted from PCA with late bleeding. In that work,
principal components (PC) were identified using PCA on DVH to describe the variance of DVH shapes.
The prediction capabilities of the extracted features (PC) were assessed by using a LR whereby the LR
model of equation (5) can be rewritten as follow:
𝑃𝑟 (𝒀|𝑿) =

𝑒 𝛽0 +𝛽1 𝑃𝐶1 + …+ 𝛽𝑛 𝑃𝐶𝑛
1 + 𝑒 𝛽0 +𝛽1 𝑃𝐶1 + …+ 𝛽𝑛 𝑃𝐶𝑛

(6)

where 𝑛 represents the number of variables considered in the model (for univariate case and for
multivariate LR), 𝑃𝐶𝑖 denotes the 𝑖-th PC (such as 𝑃𝐶1 or 𝑃𝐶2 ), and are the parameters to be fitted
to the data.

1.2.1.3.2 Functional PCA in NTCP modeling
Analyzing the DVH data as individual bins from a histogram may be an issue when there is a high
correlation between neighboring bins. One way to overcome this issue was proposed in (Benadjaoud
et al., 2014), where information contained in differential DVH was encoded using functional data.
Using the volume values of the dose bins as variables, functional principal components analysis
(FPCA) was applied to a set of DVH, allowing the improvement of rectal bleeding prediction
compared to LKB NTCP model, LR on DVH bins and a more recent PCA analysis (Söhn et al., 2007b).
This analysis however was performed on a population data of 141 patients treated only by 3D-CRT.
Moreover, the studied database was retrospectively collected.

1.2.1.3.3 Random forest
New machine learning methods based on bootstrap and binary trees recently emerged. Among
them, random forest (RF) method has been proven to improve prediction of rectal complications
(Ospina et al., 2014). RF, firstly proposed by Breiman (Breiman, 2001), uses classification and
regression trees (CART)(Breiman et al., 1984). One of the advantages is that RF does not require a
priori information concerning the relationship between input and output variables and provides a
framework to assess the importance of input variables at predicting the outcome without
parameters estimation. RF, compared to other predictive methods, does not overfit data and can
deal with data sets containing more variables than observations. It enables the implementation of
variable-selection procedures based on their impact on the prediction of the outcome. In our
context, the RF NTCP method proposed in (Ospina et al., 2014) exhibited a good performance in
identifying a large amount of predictive variables, including non-quantifiable variables such as
patient, treatment and tumor parameters. This proposed RF NTCP framework appears a promising
tool in predicting late rectal toxicity following PCa radiotherapy. These results should be confirmed
with prospective collected data as performed in this thesis.
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1.2.1.3.4 Others approaches
Other worth mentioning learning supervised techniques that been tested for prediction includes
Support vector machines (SVM) in (Pella et al., 2011) or artificial neural networks (ANN) (Gulliford et
al., 2004; Tomatis et al., 2012).

1.2.1.4

Summary and Conclusions

We have seen that most of the existing methods in the literature for predicting toxicity exploit dose
distributions trough the DVH. The main disadvantage of DVH-based NTCP models is the lack of spatial
information. Several works have proposed strategies to take the spatial information into account. For
example, a vectorized DVH (called VDVH) was proposed (Mayo et al., 2012). For a set of dose ranges,
the mean value of the 𝑥, 𝑦 and 𝑧 coordinates of the voxel in each range as well as the boxplot of the
distance from each voxel in each range to some structure of interest (the planning target volume for
example) are represented in the same plot that the DVH. The information provided for this VDVH has
not been used yet to predict toxicity following PCa radiotherapy.
Moreover, DVH-based NTCP models are not fully optimized as they do not include in an efficient way
additional data available from the patients. Further, DVH presents several drawbacks. It is difficult to
acquire good clinical data representative of all the population that may be used for the calculation of
the different parameters needed for NTCP models. Some authors have performed comparisons
pointing out limitations of DVH-Based NTCP models (Troeller et al., 2015). Indeed, it is important to
note some crucial drawbacks:



A same DVH may correspond to different dose distributions;
These methods require the estimation of population specific parameters optimized over a
larger database.



Correlation may exist between neighboring bins

As depicted in Figure 11, emerging methods have raised the question of local relationships between
3D dose distributions and toxicity. Thus, it would be expect that the exploitation of the 3D dose from
the treatment planning will allow the development of more reliable predictive models. In an attempt
to respond to the issue of spatial location, an existing strategy is to compare dose distribution
through the use of dose-surface maps (Buettner et al., 2011, 2009a; Lee et al., 2012; Tucker et al.,
2006) which is the subject of the next part.

1.2.2 D OSE SURFACE MAPS -BASED MODELS
According to the 3D dose distribution, the dose surface map was built using some geometrical and
anatomical criteria. By simulating clusters of damaged units (Tucker et al., 2006), by thresholding this
dose maps (Buettner et al., 2009a) or by computing a distance-based metric (Lee et al., 2012), sets of
vector features are generated and then correlated to some toxicity endpoint. Using the dose-surface
maps, authors (Buettner et al., 2011, 2009a) have shown that late complications in the rectum are
not only related to volumetric aspects of the dose, but particularly to the shape of the dose
distribution (Buettner et al., 2009a). More recently, spatial considerations were incorporated by
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parameterizing the 3D dose patterns (Buettner et al., 2011). In this way, by selecting a limited set of
predictive features, their method outperforms classical models based on DVH. This approach still lies
in the reduction of feature dimensionality by fitting analytic functions to each dose shape.
Nevertheless, subtle underlying correlations may exist between toxicity and dose distribution at
voxel level.

1.2.3 3D NON -RIGID REGISTRATION DOSE MAPS -BASED MODELS
Following the trend towards local specificities as depicted in Figure 11, this section explains previous
works coping with the issue of studying the entire 3D dose at a voxel level. The challenge here
resides in the high interindividual variability thus, making it comparisons across patients very
difficult. One solution, coming from the image-processing field, is the image registration process
which has allowed the development of methods using the 3D NRR dose maps (Dréan et al., 2016a).
Producing voxel-wise statistical models of toxicity have paved the way to unravel the local
relationships between dose and toxicity and have shed some light on the comprehension of the likely
heterogeneous intra-organ sensitivity. Analogous works have been reported by Heemsbergen et al.
(Heemsbergen et al., 2010) and Witte et al. (Witte et al., 2010), focusing on urinary tract toxicity and
prostate tumor control, respectively. Nevertheless, their dose mapping was performed by using only
a parametric anatomical matching. This mapping technique may yield significant mismatching due to
large inter-individual shape variations, thereby introducing dose mapping errors, which may in turn
bias further statistical analysis. New voxel-wise techniques aimed to analyze the local dose-effect
relationship across a population are emerging with the objective of identifying sub anatomical
regions that may be responsible for toxicity. They require however several steps: i) the mapping of a
population of individuals in terms of their anatomy by NRR to an anatomical template; ii)
propagation of dose distributions based on the transformation obtained; iii) a local statistical analysis
of dose-effect relationship. The challenge resides in the fact that each patient has a different
morphology, making comparisons among patients very difficult. As mentioned before, one solution is
the image registration process. It consists of transforming one image (by applying several types of
deformation) to make it consistent or comparable with a reference image. This process is particularly
complex because it requires each patient's image to be mapped on the coordinate space of a
reference image. One alternative consists of mapping the CT scan images and then propagating the
same transformation to the dose distribution images. It is important to note that CT scan images
come from physical devices, whereas dose distribution images are generated from a treatment
planning system. This thesis will assume that images have already been spatially registered following
the method proposed in (Dréan et al., 2016a). Acosta et al. (Acosta et al., 2013) proposed a new
voxel-based framework based on inter-individual NRR and dose mapping to an anatomical template,
enabling the study of relationships between local dose and toxicity.
A rectal subregion at risk (SRR) of RB was identified but not evaluated in prediction. Stenmark et al.
(Stenmark et al., 2014b) revealed associations between bowel quality of life and inferior rectal dose
by analyzing DVH parameters for the whole and segmented rectum (superior, middle, and inferior) in
a regression model. More recently, in our laboratory, Dréan et al. (Dréan et al., 2016b) identified
rectal subregions at risk of RB and improve RB prediction. The authors identified a generic subregion
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at risks of RB, from voxel-wise statistical analysis, for each patient representing less than 4% of the
absolute rectal volume. These were primarily located in the subprostatic anterior hemi-rectum and
upper part of the anal canal.
The next part of this document presents the objectives of the thesis, considering the state-of-the-art
and the position of the problem. We improved on the one hand the existing DVH based models and
introduced ways to exploit simultaneously clinical data; on the other hand we also exploited the 3D
NRR dose distributions to unravel the local relationships between dose and toxicity.

P a g e | 47

Part II: Motivation and objectives of the thesis
1.3 OBJECTIVES OF THE THESIS
As already explained, although the dose is planned and delivered to the target following
recommendations aimed at maximizing control and diminishing toxicity, the surrounding healthy
organs (rectum, bladder ...) may suffer from irradiation and present adverse events. Understanding
the relationship between the local dose and side effects is then crucial. It may be helpful to correlate
treatment outcomes with the planning parameters to optimize the treatment. Rectal bleeding (RB) is
one of the predominant side effects after PCa radiotherapy and impacts the patient’s quality of life
(Jackson, 2001). In this thesis, we follow a data modeling pathway that can be characterized in terms
of data type, either DVH or 3D NRR dose maps.
Thus, in the context of EBRT for PCa and the prediction of RB, the objectives of this thesis are to:
 Improve existing DVH-based models, by devising ways to extract relevant information from
clinical data and DVH and compare with the existing models,
 Develop new approaches based on the non-rigidly registered (NRR) 3D planned dose
(3DpDD) at a voxel level that enable: i) the classification and/or prediction of patients at risk
of suffering from RB, and ii) identify sub-regions which may be more correlated with RB.
All the contributions of this thesis appear highlighted in red in Figure 13. Hence, considering the DVH
representation of the dose, we proposed to use ICA allowing the estimation of a new parameter
(pICA). This new and original parameter was a substantial contribution which has not been proposed
in the literature (in any field). Patient, treatment and tumor characteristics in addition to our novel
parameter were tested as potential factors impacting on rectal toxicity in a well-known LR process.
This new parameter included in a LR model was then compared with the state-of-the-art predictive
models namely LKB NTCP, RF and LR applied only to DVH variables, and to features extracted from
PCA and FPCA (part I - chapter 1).
Secondly, we investigate the use of the entire NRR 3DpDD. Indeed, evidence of the impact of dose
spatial distribution and local analysis has recently been published (Drean et al, 2016, Acosta et al.,
2013; Buettner et al., 2011; Skwarchuk et al., 2000). As already mentioned, this thesis will assume
that images have already been spatially registered following the preprocessing method developed in
our laboratory and explained in (Dréan et al., 2016a). In this thesis, after the 3D NRR step, all the
individuals’ doses were represented either as matrices or tensors. As depicted in Figure 13, we apply
two different natures of methods for exploiting the extracted features:



Stochastic: PCA, ICA and discriminant nonnegative matrix factorization (DNMF),
Deterministic: multiway deterministic analysis (DMA) technique from canonical polyadic (CP)
decomposition (CP-DMA in the following).

On the one hand, we propose to use PCA to analyze NRR dose distributions by identifying one basis
of orthogonal vectors from 3DpDD of the whole database (patients presenting or not RB) allowing for
classification. Based on an in-house method using a sequential approach proposed in (Chen et al.,
2011), we compared this existing sequential approach with a novel proposed combinatory approach
to select relevant features. On the other hand, we propose an original model in which two subspaces
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from 3DpDD of patients presenting or not RB allowing for classification. From this subspace
identification step, we investigated different methods. For each of these methods, a different
constraint provides a degree of certainty for classification decision: orthogonality for PCA, rank-1
basis vectors for CP-DMA, statistical independence for ICA, and discriminant no negativity for DNMF.
Even if PCA was already used on DVH (Söhn et al., 2007b), all these methods have never been
investigated by taking into account the three-dimensional information of the dose. More particularly,
ICA and CP-DMA have never been used in the field of prediction of rectal bleeding after EBRT. In
contrast, DNMF is a thorough new contributive method developed in this thesis. Those methods
enable to highlight anatomical regions correlated to rectal toxicity towards an understanding of the
local relationships between dose and RB at a voxel level.

Figure 13: Main contributions of this thesis following the data pathway modeling
Red blocks present the main contributions brought in this thesis, namely i) exploitation of DVH using a new
parameter computed using ICA and ii) full exploitation of 3D NRR dose distributions
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Next chapters of the thesis are structured as follows:
 Chapter 2 explains the general methodological aspects developed in the thesis. After a
general formulation of the problem we describe the two proposed approaches: one
considering the entire population and the other one investigating the creation of two
subspaces to discriminate the two groups (presenting or not RB).
 Chapter 3 presents the first methodological contribution of this thesis which is the
implementation of a new ICA parameter (pICA) for NTCP modeling. Both DVH and patient
parameters are used in the prediction of Grade≥2 RB.
 Chapter 4 presents the different studies based on the analysis of the whole 3D dose
distributions to unravel the likely correlations existing between toxicity and local dose. Thus
we show how the implemented methods may are able to reach the voxel level.
 Chapter 5 investigates the ability of the extracted features, computed by the different
proposed approaches to highlight regions correlated with RB. This chapter provides a way
forward to tailored treatments to identify a sub organ region to be spared.

1.4 PUBLICATIONS
Parts of the work presented in this thesis have been already published or submitted in the following
journals and communications:
International journal papers
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 Fargeas, A., Albera, L., Kachenoura, A., Dréan, G., Ospina, J. D., Coloigner, J., Lafond, C.,
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 Liu, LH., Kachenoura, A., Fargeas, A., Dréan, G., Lafond, C., De Crevoisier, R., Acosta, O. and
Albera, L., "Discriminant nonnegative matrix factorization for classification of rectal bleeding
in prostate cancer radiotherapy." IRBM, 36(6), 355-360, (2015)
 Fargeas, A., Acosta, O., Ospina, J.D., Ferhat, A., Dréan, G., Costet, N., Albera, L., Lagrange, J.L.,
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Crevoisier, R., "A new parameter computed with independent component analysis to predict
rectal toxicity following prostate cancer radiotherapy." In Engineering in Medicine and
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1.5 NOTATIONS
To facilitate the reading, the following notations are used throughout this thesis: vectors, matrices,
and three-way arrays are denoted with bold italic lowercase (a, b …), bold italic uppercase (A, B…),
and bold italic calligraphic letters (, …), respectively.
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2 NOVEL METHODS FOR THE CLASSIFICATION AND/ OR THE
PREDICTION OF RECTAL BLEEDING AFTER PROSTATE CANCER
RADIOTHERAPY
In this chapter, the protocol and the classification/prediction scheme that we followed are described.
First, we detailed the clinical pathway for patients treated by EBRT for PCa. As depicted in Figure 13,
we investigated in this thesis the 3D planned dose studied in two different ways: using the DVH or
considering the entire volume at a voxel level. After a general formulation of the problem, we detail
the two proposed approaches from population data. The first one aims at identifying one basis of
vectors from the whole analyzed database of RB and non-RB patients, allowing good discriminative
model. The second approach aims at determining two bases from the analyzed observations: the first
basis characterizes the RB patients and the second one corresponds to the non-RB patients. For each
procedure, we followed a training-learning / test strategy. The training consists in learning from the
data vector(s) basis(es) spanning vector subspace(s) characteristic of patients presenting or not RB,
respectively. A new patient is then classified according to the more informative features extracted
from this(ese) subspace(s). The subspace(s) identification is performed using three stochastic
methods: i) PCA, ii) ICA and iii) DNMF, and one deterministic method CP-DMA. All these methods are
detailed in this chapter and Figure 14 displays the different steps needed for each proposed
procedure.
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Figure 14: Training/Test Strategies followed in this thesis.
Several methodological contributions are brought in the context of PCRT

2.1 ACQUISITION PROTOCOL
Patients treated for localized PCa were considered in this thesis. For each patient a CT is acquired
before the treatment called the planning CT (Figure 15-a). The grayscale images have been manually
segmented by an expert. The size of the planning CT images in the axial plane was 512x512 pixels ,
with 1-mm image resolution, and 2-mm slice thickness. Pinnacle V7.4 (Philips Medical System,
Madison, WI) was the used treatment planning system. Patient positioning, CT acquisition, volume
delineations and dose constraints were realized according to GETUG 06 recommendations
(Beckendorf et al. 2011). For each patient, the bladder, rectum, prostate and seminal vesicles were
manually contoured following the same protocol by an expert (Figure 15-b). The prescribed dose
(Figure 15-c) was computed in a standard TPS step and resample into the CT native space. The total
prescribed dose was 80 Gy to the prostate delivered in 8 weeks and 46 Gy to the seminal vesicles
delivered in 4.6 weeks. For the rectum, the wall was delineated up to 2-cm3 below the prostate. The
maximal dose to the rectal wall had to be lower than 76 Gy and the V72 Gy (volume receiving at least
72 Gy) lower than 25%. According to the CTCAE version 3.0, rectal toxicity events were collected and
scored. The events were defined as late RB, corresponding to episode(s) occurring 6 months after RT.
Patients with a history of hemorrhoids were not allowed to be scored as Grade 1 bleeding.
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We recall that in this thesis we only focused on RB and the dose received by the rectal wall. The
proposed procedures are detailed in general case, regardless of the representation of the
investigated dose.

Computed tomography
Organs delineations
Planned dose distribution
(CT)
Figure 15: Materials considered in this work; for a single individual, the CT, organs delineations and 3D
planned dose distribution are available from the planning step
From left to right is illustrated an example of the computed tomography (CT), the surrounding target volume for
a patient in the pelvic area (in red the bladder, in orange the prostate and in black the rectum) and the resulting
3D planned dose distribution in Grays (Gy)

2.2 CLASSIFICATION/PREDICTION SCHEME
In this section, we detail the two developed procedure to extract relevant information from clinical
data for improving existing models and developing new approaches that enable the classification
and/or prediction of patients at risk of suffering from RB: i) the one basis feature identification (1BFI) and ii) the two-bases feature identification (2-BFI).

2.2.1 PROBLEM FORMULATION
Depending on the methods (see section 2.3) used to identify the vectors basis, 𝑬, the data can be
arranged in tensors or matrices. Without loss in generality and for clarity, we detailed the two
proposed approaches in the case where the data are arranged in matrices. Let's consider a (𝑁 ×
𝑃) matrix, namely 𝑿, representing the input information, with 𝑁 the variable depending on the
following data types (dose bins, voxel ...) and 𝑃 the number of patients. Thus, assume that an
individual 𝑝 ∈ {1, … , 𝑃}, 𝒙(𝑝) = [𝑥1 (𝑝), … , 𝑥𝑁 (𝑝)]𝑇 , is one realization of a 𝑁-dimensional random
process {𝒙(𝑝)}. This realization is modeled as a combination of a basis vectors 𝑬 = [𝒆1 , … , 𝒆𝑅 ] and
its coordinates, 𝒔(𝑝) = [𝑠1 (𝑝), … , 𝑠𝑅 (𝑝)]𝑇 , in the subspace , with 𝑅 the significant number of
components of  also called the rank (the dimension 𝑅 is lower or equal to 𝑃). Thus, the problem we
tackle, in this thesis, can be formulated as a blind source separation one. Given one realization of a
real random vector process {𝒙(𝑝)}, find a (𝑁 × 𝑅) matrix 𝑬 and one realization of a 𝑅-dimensional
random process {𝒔(𝑝)}, such that for each index 𝑝, the following linear model holds:
𝒙(p) = 𝑬𝒔(p)

(7)

Two strategies are investigated in this thesis to discriminate between RB and non-RB patients. The 1BFI approach aims at identifying one basis vector 𝑬 spanning the subspace  from the whole
database (patients presenting or not RB). The 2-BFI approach aims at determining two vectors bases

E (1) and E (2), spanning two vectors subspaces  (1) and  (2) characterizing patients presenting or
not RB, respectively.
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2.2.2 FIRST PROPOSED APPROACH: THE ONE BASIS FEATURE IDENTIFICATION (1-BFI)
This procedure is divided in two steps, namely the training and the testing step.
2.2.2.1

Training step: subspace identification

In this step, we aim at finding the more discriminant features in the subspace . That is to say, we
aim at finding the ones that better classify the population into rectal and non-rectal bleeding groups.
We use the receiver operating characteristic (ROC) curve. The ROC curve is the graph that displays
the full picture of trade-off between the true positive rate (Sensitivity, Se) and false positive rate (1Specificity, 1- Sp) across a series of cut-off points as shown in Figure 16 (Fargeas et al. 2013). We
obtain, for each feature (column vectors of 𝑬), the optimal cut-off point (named optimal threshold)
that best discriminates the two groups. To do so, we maximize the vertical distance from line of
equality (random guess line, RGL, Figure 16) to each point of the curve. After computing the optimal
threshold associated to each feature, we perform the top ranked axis from the axis associated with
the maximal optimal threshold to the minimal one. If the result obtained when using the one feature
is not significant, another solution is to exploit more than one feature (combinations of features) to
discriminate between patients presenting or not RB. We use two different approaches (sequential
and combinatory) to choose the 𝑛-optimum features set. For sake of clarity, we explain the two
approaches in the case where 𝑛 = 2 (using two features as depicted in Figure 17).

Figure 16: Example of ROC curve and corresponding optimal threshold for one feature

2.2.2.1.1 Sequential approach
The first feature is chosen as the most discriminant axis (the one with the highest vertical distance to
the RGL). Then the sequential forward selection (SFS)(Muni, Pal, and Das 2015) strategy is used to
select the second feature that provides the 2-optimum features set. In other words, the threshold of
the second feature is equal to the optimal threshold obtained from its ROC curve (Figure 17). This
strategy was proposed in (Chen et al. 2011).

2.2.2.1.2 Combinatory approach
In this case, the first feature is chosen as for sequential approach. However, to set the threshold of
the second feature, we test all the values of its cut-off points (red dotted line in Figure 17) (Fargeas
et al. 2013). Then, the second optimal threshold is equal to the cut-off point that gives the best
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statistical performance. It is interesting to note that, contrary to the sequential approach, when we
use a combination of features (𝑛 ≥ 1) the performance never decreases. Indeed, if the second
feature does not improve the performance in terms of sensitivity (Se) and specificity (Sp), we just
take into account the results previously obtained using the (𝑛 − 1) best features. The Se represents
the percentage of patients with RB who are correctly identified as having RB effects. The Sp defines
the percentage of patients not presenting RB who are correctly identified.

Figure 17: Example of projection of patients when using the first two more relevant features
Patients presenting or not rectal bleeding are illustrated in red and blue, respectively. In this example, 3 nonrectal bleeders were classified as presenting side effects (blue triangles) and 4 rectal bleeders were classified as
not presenting side effects (red rings)
2.2.2.2

Testing step: classification of a new patient

In order to classify a new patient denoted 𝒙𝑛𝑒𝑤 , we project it on the subspace ' spanned by the 𝑛
vectors base representing the 𝑛-optimum features set. Eventually, the patient is classified as having
RB if its projection (𝑛-dimensional vector) is included in the toxic area (red area, Figure 17). The
performance of the proposed method is evaluated by computing the Se and the Sp. Then, the
performance of the classifier as a function of the number (𝑛) of exploited features when using the
two approaches can be investigated.

2.2.3 SECOND PROPOSED APPROACH: THE TWO BASES FEATURE IDENTIFICATION (2-BFI)
Let 𝑿(𝑖) be the matrix representing the database for the 𝑖 st group (𝑖 = 1 for rectal bleeders and 𝑖 = 2
for non-rectal bleeders). Then, the linear model of equation (7) is rewritten, for each group, as
follows:
𝒙(𝑖) (𝑝) = 𝑬(𝑖)𝒔(𝑖) (𝑝)

(8)

where 𝑬(𝑖) is a (𝑁 × 𝑅 (𝑖))matrix and 𝒔(𝑖)(𝑝) is a 𝑅 (𝑖)–dimensional vector. As for the first procedure,
the 2-BFI approach involves also two steps: the training and the testing step. The training consists in
learning two vectors bases 𝑬(𝑖), spanning two vector subspaces  (i), characteristic of patients
presenting or not RB, respectively. A new patient is then classified by evaluating its distance (Figure
18) to both subspaces  (i), ∀𝑖 ∈ {1,2}.
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2.2.3.1

Training step: subspaces identification

In this section, we learn, from the data matrices 𝑿(1) and 𝑿(2) , two vector bases 𝑬(1) =
(𝒆1(1) , … , 𝒆(1)
) and 𝑬(2) = (𝒆1(2) , … , 𝒆(2)
), spanning two vector subspaces -  (1) and  (2) - that
𝑅 (1)
𝑅 (2)
characterize patients presenting or not RB, respectively. Secondly, we constructed from 


(2)

two optimal subspaces, called ' (1) =

(1)
{𝜺′1(1) , … , 𝜺′ 𝐿(1) } and

' (2) =

(2)
{𝜺′1(2) , … , 𝜺′ 𝐿 (2) }

(1)

and

containing

the more informative features that better divide patients presenting or not RB. More precisely, we
from 𝑬(1)

built
submatrices 𝑬′(1)

=

(1)
(1)
{𝒆′1 , … , 𝒆′𝐿(1) }

and 𝑬(2) two
and 𝑬′(2)

=

(2)
(2)
{𝒆′1 , … , 𝒆′𝐿(2) }

optimal

(where

𝑬′ (𝑖)

is of rank 𝐿(𝑖) ,

with 𝐿(𝑖) ≤ 𝑅 (𝑖)). A key question, that will be discussed in details, arises: how to choose the optimal
sub-bases ' (1) and ' (2), containing the more informative features of  (1) and  (2), that better
divide the patients presenting or not RB?

Figure 18: Graphical description of the 2-BFI approach
2.2.3.2

Testing step: classification of a new patient

In order to classify a new patient, 𝒙𝑛𝑒𝑤 , we orthogonally projected it onto both subspaces
 (𝑖)spanned by the two vector bases 𝑬(𝑖), ∀𝑖 ∈ {1,2}, characterizing patients presenting or not RB.
The orthogonal matrix projector 𝚫⊥ (𝑖) on subspace  (𝑖) can then be computed as follows:
∀ 𝑖 ∈ {1,2},

𝑇

𝚫⊥ (𝑖) = 𝑬(𝑖) (𝑬(𝑖) 𝑬(𝑖) )

−1

𝑬(𝑖)

𝑇

(9)

(𝑖)

Afterward, the Euclidean distances, denoted 𝑑𝒙𝑛𝑒𝑤 ( (𝑖)), between 𝒙𝑛𝑒𝑤 and its orthogonal
projections are given by:
(𝑖)
∀ 𝑖 ∈ {1,2}, 𝑑𝒙𝑛𝑒𝑤 ( (𝑖)) = ‖𝒙𝑛𝑒𝑤 − 𝚫⊥ (𝑖) 𝒙𝑛𝑒𝑤 ‖
(1)

(10)
(2)

where ‖. ‖ is the Euclidean norm operator. Finally, if 𝑑𝒙𝑛𝑒𝑤 ( (1) ) is lower than 𝑑𝒙𝑛𝑒𝑤 ( (2) ), we will
decide to allocate 𝒙𝑛𝑒𝑤 to  (1) and we will deduce that the patient - represented it’s 3DpDD
(1)

(2)

belongs to the RB group. Otherwise, i.e. if 𝑑𝒙𝑛𝑒𝑤 ((1) ) is strictly greater than 𝑑𝒙𝑛𝑒𝑤 ((2) ), the
patient is classified as not presenting RB.
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(𝑖)

With the aim of improving toxicity prediction, the Euclidean distances 𝑑𝒙𝑛𝑒𝑤 ( (𝑖) ) can also be used
to define a new distance-based parameter 𝑝(𝒙𝑛𝑒𝑤 ) as follows:
(1)

𝑝(𝒙𝑛𝑒𝑤 ) =

𝑑𝒙𝑛𝑒𝑤 ( (1) )
(1)

𝑑𝒙𝑛𝑒𝑤 (

(1)

(2)

) + 𝑑𝒙𝑛𝑒𝑤 ( (2) )

, ∀𝑖 ∈ {1,2}

(11)

This parameter was a single predictor for each patient, with a value between 0 and 1: more this new
parameter is closed to 0 more the patient is at risk of suffering from RB. Indeed, if:
(1)

(2)

𝑑𝒙𝑛𝑒𝑤 ( (1) ) ≤ 𝑑𝒙𝑛𝑒𝑤 ( (2) )
(1)

(2)

(1)

⟺ 2 𝑑𝒙𝑛𝑒𝑤 ( (1) ) ≤ 𝑑𝒙𝑛𝑒𝑤 ( (2) ) + 𝑑𝒙𝑛𝑒𝑤 ( (1) )
(1)

⟺2

(1)

𝑑𝒙𝑛𝑒𝑤 ( (1) )
(2)
(1)
𝑑𝒙𝑛𝑒𝑤 ( (2) ) + 𝑑𝒙𝑛𝑒𝑤 ( (1) )

⟺ 𝑝(𝒙𝑛𝑒𝑤 ) ≤

≤ 1⟺

𝑑𝒙𝑛𝑒𝑤 ( (1) )
(2)
(1)
𝑑𝒙𝑛𝑒𝑤 ( (2) ) + 𝑑𝒙𝑛𝑒𝑤 ( (1) )

≤

1
2

(12)

1
2

(1)

(2)

Otherwise, i.e. if 𝑑𝒙𝑛𝑒𝑤 ( (1) ) is strictly greater than 𝑑𝒙𝑛𝑒𝑤 ( (2) ), the same conclusion concerning
(1)

1

(2)

our parameter could be done: 𝑑𝒙𝑛𝑒𝑤 ( (1) ) > 𝑑𝒙𝑛𝑒𝑤 ( (2)) ⟺ 𝑝(𝒙𝑛𝑒𝑤 ) > 2 .
As mentioned in section 2.2.3.1, the selection of the optimal pair of feature subsets (𝑬′

(1)

, 𝑬′

(2)

),

containing the more informative features, could better discriminate the two groups of patients. To
this end, we proposed to investigate three different criteria: the maximizing distance (MD) , the
uncorrelated maximizing distance (UMD) and the correlation ratio (CR) criterion.


Maximizing distance (MD): For this criterion, we first measure the difference between the
(1)

distances, 𝑑𝒙𝑛𝑒𝑤 (

projected

(1)

) and

(2)

𝑑𝒙𝑛𝑒𝑤 (

(2)

),

of

the

new

patient.

The

(𝑖)

optimal 𝑬′ , ∀𝑖 ∈ {1,2}, is identified using the following solution:

argmax
( '

(1)

(2)
(𝑑(1)
𝒙𝑛𝑒𝑤 − 𝑑𝒙𝑛𝑒𝑤 )

( )
( ) ( )
, ' 2 )⊂( 1 , 2 )

(13)

It is noteworthy that the used data, 𝒙𝑛𝑒𝑤 , is acquired before the beginning of the treatment.
In other words, although the choice of the optimal couple (' (1), ' (2) ) depends on the
patient to be classified, no a posteriori information about the occurrence of RB events of this
patient is used to identify (' (1), ' (2) ).


Uncorrelated maximizing distance (UMD): The difference between the MD and the UMD
criterion is that we don’t test all the column vectors of the two matrices 𝑬(1) and 𝑬(2) , but
we only take into account the non-redundant vectors between the bases. More precisely, the
matrix of cross-correlation between the vectors of 𝑬(1) and those of 𝑬(2) is first calculated
and we derived two new subbases 𝑬′(1) and 𝑬′(2) that contain the vectors presenting a value
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of cross-correlation under a fixed threshold value of 0.7 in this thesis. Thus, the MD criterion


is used on the two new bases 𝑬′(1) and 𝑬′(2).
Correlation ratio (CR): For this criterion, the optimal features are selected by minimizing the
ratio between the correlation within each group and the correlation between the two
groups.

The pair of optimal features (𝑬′(1) , 𝑬′(2) ), selected by each of the above criteria, was used for
classification/prediction and their results were also compared to those obtained using all the
features.

2.3 STATISTICAL AND DETERMINISTIC METHODS INVESTIGATED IN THE THESIS
In addition to choose the optimal subspaces, the identification of the vector basis 𝑬 (for the 1-BFI
procedure), and the two vector bases 𝑬(1) and 𝑬(2), (for the 2-BFI procedure) is also crucial. To do so,
depending to the analyzed dataset (see chapters 4 and 5), we proposed three stochastic methods
based on PCA, ICA and DNMF, and one deterministic method CP-DMA. For each of these methods, a
different constraint provides a degree of certainty for prognostic decision: orthogonality for PCA, the
mutual independence of the signal of interest for ICA, discriminant non-negativity for DNMF and
rank-1 basis vector for CP-DMA. Some of these methods estimate the bases from compressed
observations and need a rank estimation preprocessing step.

2.3.1 D ATA COMPRESSION AND RANK ESTIMATION
The choice of an appropriate rank 𝑅 is crucial, because it determines the number of retained
features, which can directly influence the classification outcome. Without any compression, the
parameter 𝑅 is set to be the rank of the data matrix 𝑿. However, there is no clear guideline for
defining the rank of a data matrix, especially for classification purpose. A low rank (under extraction
features) leads to the loss of relevant information and a substantial distortion in the solution. A high
rank (over extraction features) although less grave, can lead to features with few substantial loading,
which can be difficult to interpret and/or replicate (for instance, it can extract features which are
related to the noise). More precisely, in this thesis, as far as the PCA is used, the number of features
(rank 𝑅) is equal to the lowest dimension of the input matrix (the number of patients in our studies).
Regarding the DNMF, no rank estimation is needed, since we implement an exhaustive feature
extraction by applying DNMF on both data sets for different rank values 𝑅 (𝑖). The bases matrices
extracted at each rank were then concatenated into a large basis, which is used in the classification
(see Chapter 5 for details). For ICA and CP-DMA approaches, the number of features is estimated
using two methods: the cumulative percentage of variation of the components method and the
scree-graph technique (Jolliffe 2005).
2.3.1.1

Cumulative percentage of variation explained

Retain components that cumulatively explain a certain percentage of variation is a consistent
approach for determining a suitable number of components for interpretation. The low-rank
𝑅𝑙𝑜𝑤 was calculated by looking for the cumulative variance of the components estimated by
calculating singular value decomposition (SVD) of the data matrix 𝑿, leading to: 𝑿 = 𝑼𝑫𝑽𝑇 with 𝑼
and 𝑽 representing unitary matrices, and 𝑫 = Diag{𝝀} a positive diagonal matrix. Assuming that the
singular values 𝝀 = [𝜆1 , … , 𝜆𝑅 ] are sorted in decreasing order, the retained components were those
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which combined account for 𝐹% of the cumulative variance from the total variance (i.e., sum of all
the singular values). Then the way to calculate 𝑅𝑙𝑜𝑤 is given by:
argmin |100
𝑅 𝑙𝑜𝑤

2.3.1.2

𝑙𝑜𝑤
∑𝑅𝑗=1
𝑠(𝑗)

∑𝑅𝑗=1 𝑠(𝑗)

− 𝐹%|

(14)

Scree test

The Scree test visually explores the graphical representation of the singular values 𝝀 = [𝜆1 , … , 𝜆𝑅 ]. In
this method, the singular values are, also, presented in descending order. More precisely, the graph
is examined to determine the point at which the last significant drop or break takes place. T he key
idea here is that this point divides the important factors from the minor factors. More particularly, it
is estimated by looking for a straight line in the curve representing the ordered singular values of:
𝑿 for ICA analysis, and the unfolding matrix of  used in the DIAG algorithm (Luciani and Albera
2014; Luciani and Albera 2011) for CP-DMA technique (see Chapter 4). The appropriate low-rank
𝑅𝑙𝑜𝑤 is automatically chosen as the number of singular values which cannot be fitted to an observed
straight line.

2.3.2 S TOCHASTIC METHODS
2.3.2.1

Principal component analysis (PCA)

PCA is a well-known technique in multivariate analysis, which was first exploited by Pearson in a
biological context and later developed by Hotelling in psychometry (Hotelling 1933). Basically, PCA
looks at deriving a small number of decorrelated linear combinations (principal components) of a set
of random variables while retaining as much of the information from the original variables as
possible. Typically, the PCA for the random vector 𝒙(𝑝) = [𝑥1 (𝑝), ⋯ , 𝑥𝑁 (𝑝)]T consists in looking for
an over determined (𝑁 × 𝑃) (i.e. 𝑃 ≤ 𝑁) orthonormal linear transform 𝑬 such that the P
components of the vector 𝒔(𝑝) = [𝑠1 (𝑝), ⋯ , 𝑠𝑃 (𝑝)]𝑇 = 𝑬𝑻 𝑥(𝑝) are mutually uncorrelated. In
other words, we look for an orthonormal linear transform 𝑬 that captures most of the variance of
the data matrix 𝑿 . PCA can be converted to the eigenvalue problem of the covariance matrix 𝑹𝑥 ,
of 𝑿. Thus, if we denote 𝑬 = [𝒆1 , ⋯ , 𝒆𝑃 ]𝑇 as the eigenvectors of 𝑹𝑥 (the covariance matrix of 𝒙(𝑝)),
corresponding to the eigenvalues (𝜆1 , ⋯ , 𝜆𝑃 ) where 𝜆1 ≥ ⋯ ≥ 𝜆𝑃 , the first principal component of
𝒙(𝑝) is 𝑠1 (𝑝) = 𝒆1𝑇 𝒙(𝑝). Likewise, the 𝑃-th principal component is obtained as 𝑠𝑃 (𝑝) = 𝒆𝑇𝑃 𝒙(𝑝). In
many real data situations, the number of lines N is huge regarding to the number of column P. For
instance, in our case, where the 3D planned dose is studied at a voxel level, the data matrix 𝑿 is of
dimension(𝑁 × 𝑃), where 𝑃 represents the number of patients and 𝑁 the number of voxels. Thus
the covariance matrix 𝑹𝑥 = 𝑿𝑿𝑇 is of huge size and its diagonalization is computationally expensive.
A usual procedure is to perform the eigen-decomposition of a (𝑃 × 𝑃) covariance matrix 𝑪𝑥 =
𝑿𝑇 𝑿, yielding to new 𝑃 eigenvectors 𝒀 = [𝒚1 , ⋯ , 𝒚𝑃 ]. This leads to an indirect way of computing
the original eigenmatrix 𝑬 as 𝑬 = 𝑿𝒀. It has to be noticed that because the rank of 𝑹𝑥 cannot
exceed 𝑃, the maximum number 𝑅 of meaningful eigenvectors is less or equal to 𝑃.
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2.3.2.2

Independent component analysis (ICA)

The concept of ICA was introduced by Herault and Jutten (Herault and Jutten 1986), especially in
order to solve the blind source separation problem. In the mid-90s, Comon presented a
mathematical formulation of ICA (Comon 1994). During the past 25 years a wealth of algorithms have
been proposed and ICA-based methods have now been extensively and successfully applied to solve
many practical real-life problems (Albera et al. 2010; Albera et al. 2012; Safieddine et al. 2012). The
assumption of ICA is that the unknown sources are statistically independent (Comon 1994): this
means that the joint probability density function (pdf) are equal to the product of the marginal pdf’s.
Thus, ICA of a random vector consists of searching for a linear transformation that minimizes the
statistical dependence between its components. Assuming the linear observation model of equation
(7), ICA looks for an over determined (𝑁 × 𝑅) mixing matrix 𝑬 (i.e. 𝑅 is smaller than or equal to 𝑃)
and a 𝑅-dimensional sources 𝒔(𝑝) which components are the most statistically independent as
possible. In other words, the goal of ICA is to find a (𝑅 × 𝑁), full rank, separator matrix, 𝑾, such that
the output signal 𝒚(𝑝) = 𝑾 × 𝒙(𝑝) is an estimate of the source vector 𝒔(𝑝). In fact, in that case,
Comon demonstrates (Comon 1994) that the mutual independence of the components of 𝒚(𝑝) leads
to a matrix 𝑾 that satisfies 𝑾𝑬 = 𝑷𝑫, where 𝑷 is a permutation matrix and 𝑫 is a diagonal matrix.
In other words, estimated outputs are equal to the sources, up to a permutation and a scale. The use
of pdf is not always appropriate since it requires their perfect knowledge. Therefore, other
independence measures based on the second order statistics and/or the higher order statistics of the
data are proposed to construct new criteria and contrasts. Previous works made in our laboratory
(Albera et al. 2012; Comon and Jutten 2010) showed that the ICA algorithm, named CoM2 (Comon
1994), offers good performance/complexity compromise in different biomedical applications. This
justifies the use of this method in the thesis. CoM2 is the first reliable algebraic algorithm for ICA.it
uses both second and fourth order cumulants of the data. After a prewhitening step, CoM2 explicitly
maximizes a contrast function based on the fourth order cumulants of the data by rooting successive
polynomials. CoM2 method exploits the fact that it is sufficient to impose pairwise independence to
solve the blind sources separation problem (equation (7)) described in section 2.2.1. In order to
achieve statistical independence of a pair of signals (𝑠𝑖 (𝑝), 𝑠𝑗 (𝑝)) the following contrast is
maximized:
2 + 𝐶2
𝝍(𝑠𝑖 , 𝑠𝑗 ) = 𝐶4,𝑠
(15)
4,𝑠𝑗
𝑖
where 𝐶4,𝑦 denotes the fourth order cumulants of the random variable 𝑦.
2.3.2.3

Discriminant nonnegative matrix factorization (DNMF)

We introduce, in this section, a new method, called DNMF, based on nonnegative matrix
factorization (NMF) (Kim and Park 2008; Sun and Fevotte 2014) and fisher's linear discriminant
criterion. DNMF is available only for the 2-BFI proposed approach performing two subspaces,  (1)
and  (2), spanning either patient presenting or not RB, respectively. Let assume that the matrix of
each class 𝑿(𝑖), can be factorized into a product of a (𝑁 × 𝑅 (𝑖) ) matrix 𝑬(𝑖) of basis vectors, and a
(𝑅 (𝑖) × 𝑃 (𝑖) ) matrix 𝑺(𝑖) of coordinates, with 𝑅 (𝑖) ≤ 𝑃 (𝑖) and 𝑖 ∈ {1,2}, 𝑃 (1) and 𝑃 (2) representing
the number of patients in each class. Furthermore, we assume that the components of 𝑬(𝑖) and 𝑺(𝑖)
are nonnegative. Thus the NMF problem addressed can be formulated as follows:
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argmin‖𝑿(𝑖) − 𝑬(𝑖) 𝑺(𝑖) ‖ ,

𝑖 ∈ {1,2}

(16)

𝑬 (𝑖) ,𝑺(𝑖)

Subject to 𝑬(𝑖) ≥ 0 and 𝑺(𝑖) ≥ 0
The key idea of the proposed DNMF method is to estimate the basis matrices 𝑬(𝑖) and the coordinate
matrices 𝑺(𝑖), such that the distance between the means of the two classes’ data (presenting or not
RB) is maximized, and the variance within each class is minimized. This can be written as a
constrained optimization problem expressed as follows:
2

‖𝑿(1) − 𝑬(1) 𝑺(1) ‖ + ‖𝑿(2) − 𝑬(2) 𝑺(2) ‖

argmin

2

𝑬 (1) ,𝑺(1) ,𝑬 (2) ,𝑺(2)

+ 𝛼𝑡𝑟[𝑹𝑤 ] − 𝛽‖𝑴𝑏 ‖2

(17)

Subject to 𝑬(1) ≥ 0, 𝑺(1) ≥ 0, 𝑬(2) ≥ 0, 𝑺(2) ≥ 0, 𝛼 ≥ 0, 𝛽 ≥ 0
where 𝑹𝑤 and 𝑴𝑏 are the within-class scatter matrix and the between-class scatter vector of the
concatenated loading matrix of 𝑺(1) and 𝑺(2) , 𝛼 and 𝛽 are two positive parameters defining the
weight of Fisher's criterion on the optimization. Let us define 𝑹𝑤 and 𝑴𝑏 as follows:
(1)

{
(𝑖)

where 𝑴𝑠

is the

(2)

𝑹𝑤 = 𝑹𝑠 + 𝑹𝑠
(1)

(18)

(2)

𝑴𝑏 = 𝑴𝑠 − 𝑴𝑠

(𝑖)

(𝑅 (𝑖) × 1) vector of means of 𝑺(𝑖) and can be expressed as 𝑴𝑠 =

𝑺(𝑖) 𝟙
,
𝑃(𝑖)

𝑃 (𝑖) denotes the number of the vectors or individuals in the 𝑖-th class, while 𝟙 is a vector of one’s of
(𝑖)

size of (𝑃 (𝑖) × 1). 𝑹𝑠 =

𝑺(𝑖) 𝑺(𝑖)
𝑃(𝑖)

𝑇

(𝑖)

(𝑖)𝑇

− 𝑴𝑠 𝑴𝑠

is the estimated covariance matrix from 𝑺(𝑖). To solve
+

+

the problem of equation (16), let us introduce new variables 𝑬(𝑖) and 𝑺(𝑖) (𝑖 ∈ {1,2}) which
represent the projection of 𝑬(𝑖) and 𝑺(𝑖)on nonnegative orthant, respectively. Thus the problem
(equation (16)) can be rewritten as:

argmin
𝑬 (1) ,𝑺(1) ,𝑬 (2) ,𝑺(2)

2

‖𝑿(1) − 𝑬(1) 𝑺(1) ‖ + ‖𝑿(2) − 𝑬(2) 𝑺(2) ‖
+ 𝛼𝑡𝑟[𝑹𝑤 ] − 𝛽‖𝑴𝑏 ‖2
+

+

+

2

Subject to 𝑬(1) = 𝑬(1) , 𝑺(1) = 𝑺(1) , 𝑬(2) = 𝑬(2) , 𝑺(2) = 𝑺(2)
+
+
+
+
𝑬(1) ≥ 0, 𝑺(1) ≥ 0, 𝑬(2) ≥ 0, 𝑺(2) ≥ 0, 𝛼 ≥ 0, 𝛽 ≥ 0

+

(19)

Following the same strategy used in (Sun and Fevotte 2014) to solve the classical NMF problem, we
also consider the alternative direction method of multipliers (ADMM) (Boyd et al. 2011) to derive the
proposed DNMF method. Then, the constrained optimization problem can be recast as an
unconstrained optimization of an augmented Lagrangian function 𝐿𝑝 as follows:
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2

2

𝐿𝑝 = ‖𝑿(1) − 𝑬(1) 𝑺(1) ‖ + ‖𝑿(2) − 𝑬(2) 𝑺(2) ‖ + 𝛼𝑡𝑟[𝑹𝑤 ]
+

+ 𝛽‖𝑴𝑏 ‖2 + 𝑡𝑟 [𝑾𝑇𝑬(1) (𝑬(1) − 𝑬(1) )]
𝜌
+ 2
+
+ ‖𝑬(1) − 𝑬(1) ‖ + 𝑡𝑟 [𝑾𝑇𝑬(2) (𝑬(2) − 𝑬(2) )]
2
𝜌
+ 2
+
+ ‖𝑬(2) − 𝑬(2) ‖ + 𝑡𝑟 [𝑾𝑇𝑺(1) (𝑺(1) − 𝑺(1) )]
2
𝜌
+ 2
+
+ ‖𝑺(1) − 𝑺(1) ‖ + 𝑡𝑟 [𝑾𝑇𝑺(2) (𝑺(2) − 𝑺(2) )]
2
𝜌
+ 2
+ ‖𝑺(2) − 𝑺(2) ‖
2

(20)

𝜌 represents a penalty parameter which should be refined dynamically with the methods described
in (Boyd et al. 2011). 𝑾𝑬(1) , 𝑾𝑬(2) , 𝑾𝑺(1) , 𝑾𝑺(2) are the Lagrangian multipliers related to the four
primal variables 𝑬(1) , 𝑬(2) , 𝑺(1) , 𝑺(2), respectively. By alternatively optimizing 𝐿𝑝 w.r.t. each variable
until convergence, we can find the optimal solution of 𝑬(𝑖) and 𝑺(𝑖) to the problem (equation
(16)), 𝑖 ∈ {1,2}. The output matrices 𝑬(𝑖)
nonnegative and discriminant properties.

+

are the extracted basis matrices with the desired

2.3.3 D ETERMINISTIC METHOD : CANONICAL POLYADIC DETERMINISTIC MULTI -WAY
ANALYSIS (CP-DMA)
Multi-dimensional arrays are those with more than two entries. As for DNMF methods, the CP-DMA
is also used by considering the 2-BFI approach performing two subspaces,  (1) and  (2), spanning
either patients presenting or not RB, respectively. The proposed technique aims at finding two bases
of vectors from NRR 3DpDD of patients presenting or not RB, respectively, from a CP decomposition
(Comon, Luciani, and De Almeida 2009; Karfoul, Albera, and De Lathauwer 2011; Smilde, Bro, and
Geladi 2005) of two appropriate fourth order arrays. The CP-DMA method uses two particular fourth
order arrays in order to identify both vector subspaces  (1) and  (2). The first (𝑁1 × 𝑁2 × 𝑁3 ×
(1)

𝑃 (1)) array, denoted by  , is built by concatenating, in the fourth dimension, the 3D dose
distributions of the patients presenting rectal bleeding. Similarly, the second (𝑁1 × 𝑁2 × 𝑁3 ×
𝑃 (2)) array, denoted by 

(2)

not presenting RB. Let 

, is obtained by concatenating the 3D dose distributions of the patients

(i)

be the 𝑅 (𝑖)-dimensional subspace spanned by the 𝑃 (𝑖) 3D dose

(𝑖)

distributions :,:,:,𝑝 concatenated in the fourth order arrays 
necessarily lower than 𝑃 (𝑖). We obviously assume that the
included in (and not necessarily equal to) 

(i)

(𝑖)

. The dimension 𝑅 (𝑖) of 

(𝑖)
𝑅𝑙𝑜𝑤 -dimensional subspace
(i)

. Consequently, a vector basis of 
(𝑖)

(𝑖)

by completing the vector basis 𝑬′(𝑖) of  (i): let 𝑬(𝑖) = (𝒆1 , … , 𝒆

(𝑖)

𝑅 𝑙𝑜𝑤

(𝑖)

,𝒆

(𝑖)

𝑅 𝑙𝑜𝑤 +1

(𝑖)

(i)

is

(𝑖)

is

'

can be obtained
(𝑖)

, … , 𝒆𝑅(𝑖) ) be this
(𝑖)

completed vector basis. Then there is a weight real matrix 𝑫(𝑖) = (𝐷𝑝,𝑟 ) of size (𝑃 (𝑖) × 𝑅𝑙𝑜𝑤 ) such
that:
()

𝑖
𝑅𝑙𝑜𝑤

∀𝑖 ∈ {1,2}, ∀𝑝 ∈ {1, … , 𝑃(𝑖) },

(𝑖)

()

(𝑖)

𝑖
:,:,:,𝑝
= ∑ 𝐷𝑝,𝑟 𝒆𝑟
𝑟=1

(21)
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(𝑖)

(𝑖)

Now, we can compute the vector basis 𝑬′(𝑖) = (𝒆1 , … , 𝒆
(𝑖)

(𝑖)

) from the 𝑃 (𝑖) 3D dose distributions

𝑅 𝑙𝑜𝑤
(𝑖)
looking for 𝑅𝑙𝑜𝑤
(𝑖)

(𝑖)

:,:,:,𝑝 (i.e. from the fourth order array  ) by

under this rank-1 assumption, the CP decomposition of 

(𝑖)

rank-1 third order arrays 𝒆𝑟 . Indeed,

:

()

𝑖
𝑅𝑙𝑜𝑤

∀𝑖 ∈ {1,2},



(𝑖)

(𝑖)

(𝑖)

(𝑖)

(22)

𝑖)
= ∑ 𝐴𝑛(1) ,𝑟 𝐵𝑛(2),𝑟 𝐶𝑛(3),𝑟 𝐷(𝑝,𝑟
𝑟=1

allows us to identify the associated vector basis 𝑬′(𝑖). The CP decomposition of the fourth order
array 

(𝑖)

yields 

consists in computing the minimal linear combination of fourth order rank-1 arrays that

(𝑖)

(𝑖)

exactly and more particularly the four loading matrices 𝑨(𝑖) = (𝐴𝑛(1),𝑟 ) , 𝑩(𝑖) =

(𝑖) = (𝐶 (𝑖) ) , 𝑫 (𝑖) = (𝐷 (𝑖)). This minimal number of fourth order rank-1 arrays,
(𝐵𝑛(𝑖)
(2) ,𝑟 ) , 𝑪
𝑝,𝑟
𝑛(3) ,𝑟

denoted by 𝑅 (𝑖) in equation (21), is generally called the rank of the decomposed array. It is
noteworthy that Kruskal's lemma (Kruskal 1977; Sidiropoulos and Bro 2000) provides non necessary
but sufficient conditions for a CP decomposition to be unique. But in our practical context the
uniqueness of the CP decomposition is not absolutely required: we just want to find one vector basis
(𝑖)

of subspaces  (1) and  (2). Thus, the 𝑅 (𝑖) basis vectors 𝒆𝑟
decomposition of 
follows:

(𝑖)

can be derived from the CP

and more particularly from the loading matrices 𝑨(𝑖) , 𝑩(𝑖) , 𝑪(𝑖) , 𝑫(𝑖) as

(𝑖)

𝒆𝑟 = 𝑨(:,𝑟𝑖) ∘ 𝑩(:,𝑟𝑖) ∘ 𝑪(:,𝑟𝑖)

∀𝑖 ∈ {1,2},

(23)

where ∘ denotes the outer product operator and 𝑼:,𝑟 is the 𝑟-th column vector of any matrix 𝑼. In
(𝑖)

other words, the (𝑛1 , 𝑛2 , 𝑛3 )-th component of the third order array 𝒆𝑟
(𝑖)
(𝑖) (𝑖)
as 𝐴𝑛1 ,𝑟 𝐵𝑛2 ,𝑟 𝐶𝑛3 ,𝑟 .

vectors '

(i)

Once the vector basis 

spanning the subspace 

(i)

(i)

is computed

is computed, we have to extract from it the basis

, as explained previously.

Regarding the numerical computation of the CP decomposition, several algorithms were proposed
(Comon, Luciani, and De Almeida 2009; Karfoul, Albera, and De Lathauwer 2011). We use the DIAG
(direct algorithm for canonical polyadic decomposition) approach (Luciani and Albera 2014; Luciani
and Albera 2011). By contrast with the classical alternating least square (ALS) technique, the DIAG
algorithm belongs to the class of direct methods. Indeed, it algebraically formulates the CP problem
as the combination of classical matrix decomposition problems for which efficient numerical
solutions exist. For instance, DIAG resorts to one joint eigenvalue decomposition and several singular
value decompositions. In practice, direct CP decomposition methods appear more robust than fully
iterative techniques, especially with respect to an overestimation of the rank (Luciani and Albera
2014). As opposed to the matrix case, all the tensor decomposition methods require the rank to be
known, and some of these methods such as the ALS technique can be very affected by misestimating
this parameter.
Note that the estimation of the rank 𝑅 (𝑖) of the fourth order array 
rank is estimated, we compute the
(𝑖)

𝑅 (𝑖)

basis vectors

(𝑖)
𝒆𝑟

of 

 as previously explained. Then, both vector subspaces '
different criteria: the MD, UMD and CR criterion.

(i)

(i)

(i)

is a crucial step. Once this

by canonically decomposing each

are jointly identified using the three
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2.4 GENERAL CONCLUSION
In this chapter, approaches aimed at exploiting the information from the radiotherapy planning (DVH
and 3D NRR dose maps) were proposed. The general formulation of the problem was described.
Thus, the two proposed approaches were explained: one considering the entire population (1-BFI)
and the other one investigating the creation of two subspaces (2-BFI) to discriminate the two groups
(presenting or not RB). For each of them, the vector subspace(s) identification and extraction were
detailed by splitting the database into two complementary subsets the training and the testing
groups. For the subspace(s) identification, we proposed and detailed three stochastic methods based
on PCA, ICA and DNMF, and one deterministic method (CP-DMA).
Next chapter related results obtained with a new ICA-based model in order to improve existing NTCP
models to extract relevant information from DVH and non-dosimetric variables.
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3 D OSE-VOLUME HISTOGRAM BASED MODELS
In this chapter, we present the obtained results when the second proposed approaches, namely the
two bases blind source separation identification (2-BFI), is applied on DVH database and where the
two bases are estimated using ICA. Using DVH, a new predictive parameter pICA was proposed,
aiming to improve Grade≥2 RB prediction following PCa radiotherapy in a series of 543 patients with
at least 4 years of follow-up. Then, the prediction capability of this new model was compared with
the state-of-the-art models: LKB NTCP, RF and LR applied to patient, treatment and tumor
characteristics and to features extracted from PCA and functional PCA. Applications of the proposed
model have been shown in an international conference. An extended version of this work has been
submitted for publication in the International Journal of Radiation Oncology • Biology • Physics.
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Predicting rectal bleeding after prostate cancer radiotherapy: independent component
analysis compared to state-of-the-art models
[Under review for International Journal of Radiation Oncology • Biology • Physics]

3.1 ABSTRACT
With the aim of improving toxicity prediction following PCa radiotherapy, we proposed, in this work,
a new ICA based model, named LR-pICA, using all available information: DVH and non-DVH variables
(patient, tumor and treatment characteristics). More precisely, we first computed a new predictive
parameter (pICA) by applying ICA on DVH. This new parameter is then jointly exploited with the
available clinical parameters to predict late rectal toxicity following PCa radiotherapy. Eventually, the
ICA based model is compared with the state-of-the-art predictive models: LKB NTCP, RF and LR
applied to DVH and non-DVH variables, and features extracted from PCA and FPCA. The averaged
AUC for the proposed LR-pICA model was 0.75. When clinical variables were also considered, this
increased to 0.76. The proposed model performance was significantly higher than that of the five
other models (AUC ranging from 0.58 to 0.63 using solely DVH; 0.62-0.64 using both DVH and clinical
variables). Among the DVH and non-DVH variables (patient, tumor and treatment characteristics;
pICA and extracted features using PCA and FPCA), the retained significant predictors of RB in
multivariate LR and Cox proportional hazards regression were IGRT (relative risk, RR=0.34) and pICA
(RR=0.01).

3.2 PATIENTS, TREATMENT, FOLLOW-UP AND TOXICITY GRADING
The records of 543 patients irradiated for localized PCa from January 2007 to May 2011 in three
French academic institutions (Rennes, Montpellier and Dijon) as part of a randomized study (STICIGRT, clinical trial NCT00433706) (De Crevoisier et al. 2009) were prospectively included. All were
selected with a minimal follow-up of 4 years. Ethics committee approval was obtained, and all
patients provided informed consent, according to the current revision of the Helsinki Declaration.
The mean age was 68 years (range: 40-89 years). Prior abdominal surgery was reported in 5.9% of
the patients, anticoagulant treatment in 17.3%, and diabetes in 8.1%. The T stages, based on the
1992 American Joint Committee on Cancer Staging System (Edge and Compton 2010), were T1 in
37.5%, T2 in 50.9% and T3 in 11.6%. The prognostic risk groups, as defined by D’Amico (D’Amico et al.
1998), were intermediate in 56.3% and high in 43.7%.The target volume was defined as the prostate
and seminal vesicles. Pelvic lymph nodes were not treated. The mean dose delivered to the prostate
was 76.6 Gy (range: 70-80 Gy) at 2 Gy per fraction, with a dose of 46 Gy delivered to the seminal
vesicles. IMRT and IGRT were used in 81.8% and 25.1% of patients, respectively. Prostate IGRT was
performed using either CBCT or implanted fiducial markers within the prostate, with either daily or
weekly monitoring. Patients underwent simulations and treatment in the supine position. The target
volume and organs-at-risk (bladder, rectum, and femoral heads) were delineated on CT slices
according to French GETUG group recommendations (Lyman 1985). The PTV was calculated from a
10-mm margin all around the prostate and seminal vesicles, except for 5-mm in the posterior
direction. Rectal length was defined as up to 1-cm below the PTV. The rectal wall was generated with
a 5-mm thickness from the manually-delineated external rectal contour. The rectal DVH complied
with GETUG recommendations (Lyman 1985), namely the volume receiving 72 Gy (V72) <25% and
maximum dose (within 1.8-cc) <76 Gy. The median rectal V72 was 8.9% (range: 0-44.4%), and the
mean maximum dose was 79.4 Gy (range: 76-80 Gy). Androgen-deprivation therapy was
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administered to 56% of the patients. The mean follow-up was 68 months (range: 48-152 months). All
patients were prospectively evaluated 2 months after radiotherapy, then every 6 months thereafter.
Late rectal toxicity was defined as events occurring more than 6 months after the beginning of
radiotherapy. Rectal toxicity was scored according to the CTCAE, Version 3.0. The study endpoint was
4-year Grade≥2 RB. Patients with a history of hemorrhoids were not included in the analysis. At least
Grade 2 late RB was observed in 52 patients (9.6%). The four and six year Grade≥2 RB rates were
9.8% (95% CI: 7.3-12.3%) and 12.7% (95% CI: 9.5-15.9%), respectively.

3.3 ICA BASED MODEL COMPARED TO STATE-OF-THE-ART MODELS
The overall study workflow is depicted in Figure 19. The whole cohort (N=543) was split 100 times
into a training group (65% of patients) for features extraction, and a testing group (35% of patients)
for predictive capabilities evaluation (results in Figure 21). Concerning the proposed ICA-based
model, the training group was split once into a subspace identification cohort (65% of the training
group) and a validation cohort (35%) for tuning the model (Figure 20), repeated for each of the 100
training groups. Both DVH and non-DVH variables were tested as potential factors impacting on
rectal toxicity within the three predictive models of toxicity (LKB NTCP, RF and LR).

3.3.1 INPUT DATA FOR TOXICITY PREDICTION: DVH AND NON-DVH VARIABLES
Both DVH and non-DVH variables were tested as potential factors impacting on rectal toxicity. The
considered non-DVH variables were patient characteristics (age, history of abdominal surgery,
diabetes, and anticoagulant treatment), tumor characteristics (T stage, Gleason score, PSA, and
D’Amico risk group), and treatment characteristics (hormonal therapy, IMRT, IGRT, and total dose).
The full rectal DVH was bin-wise analyzed with a step size of 1 Gy. In addition to these variables, the
following features were extracted from DVH: our proposed parameter using ICA (pICA), PC from PCA
and FPC from FPCA (Figure 19).

3.3.2 ICA PARAMETER (P ICA) EXTRACTION
The 2-BFI scheme is used to estimate the new ICA parameter (pICA). The workflow followed to
identify pICA is depicted in Figure 20. In brief, let 𝑿 (1) be the concatened rectal DVH of the patients
presenting RB and 𝑿(2) the concatened rectal DVH of patients which do not present RB. Thus, we
obtained two (𝑁 × 𝑃 (i)) matrices 𝑿(i), where 𝑃 (i) represents the number of individuals (the
variables) in each group and 𝑁 the number of DVH bins (the number of observations carried out).
Exploiting the training set, the ICA (CoM2 algorithm) was used to estimate the bases vector 𝑬(1) and
𝑬(2) that characterize patients presenting or not RB, respectively. The choice of the ranks 𝑅 (i) of the
mixing matrices 𝑬(i) was achieved using the broken-stick model. Using the validation set, the three
criteria, namely MD, UMD and CR, were explored to select the optimal pair of feature
subsets (𝑬′(1) , 𝑬′(2) ), and the CR criterion was retained. Following this subspace construction, the
parameter pICA (𝑝𝐼𝐶𝐴 (𝒙𝑛𝑒𝑤 )) was calculated using equation (11) (defined in chapter 2) for each
remaining individual from the testing cohort (35% of the whole cohort) by comparing their Euclidean
distance to each of the subspaces.
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3.3.3 PC EXTRACTION FROM PCA AND FPC EXTRACTION FROM FPCA
The first three PC computed using PCA were used in a LR process (LR-PCA), as previously published
for RB prediction by Söhn et al. (Söhn, Alber, and Yan 2007). Moreover, the first three FPC derived
using FPCA were tested as variables impacting on RB, using LR adapted to functional covariates (LRFPCA), as also previously published for RB prediction by Benadjaoud et al. (Benadjaoud et al. 2014).
Concerning the LR-PCA and LR-FPCA NTCP models, the correlations between the first three PC (PC1,
PC2, and PC3 for LR-PCA; FPC1, FPC2, and FPC3 for LR-FPCA) and RB were investigated. All
combinations were then tested and only the best predictive results were reported.

3.3.4 LKB NTCP, RF AND LR PREDICTIVE MODELS AND CORRESPONDING ESTIMATED
PARAMETERS

The parameters of the LKB NTCP model (n, m and TD50) were identified with the maximum likelihood
method considering each of the 100 training cohorts. The profile log-likelihood method was used to
compute the confidence intervals associated with each parameter. A “modified” LKB NTCP model has
also been used to integrated both DVH and non-DVH variables, as published by Ospina et al. (Ospina
et al. 2014). Regarding the RF-NTCP model, it was based on classification trees: considering DVH and
non-DVH variables, from the training cohort (100 times) and aggregating the different predictions
from independent trees (Breiman 2001; Ospina et al. 2014). The RF method allows quantifying the
relevance of each extracted feature (Gini index and mean decrease accuracy score). Considering
multivariate LR model, various parameters have been estimated testing: DVH, non-DVH variables,
PCs, FPCs and our proposed pICA. Moreover, in order to evaluate the interrelatedness between
extracted features within the LR model and Cox proportional hazards regression, uni and multivariate
analysis has been performed in the whole cohort. The p-value and RR of the significant features were
reported.

3.4 RESULTS
Once a model had been trained, it was applied to the testing cohort in order to assess and compare
the prediction capabilities of the model based on the area under the receiving operating curve (AUC)
value (Figure 21). The AUC was calculated for each model by only considering the testing (35%)
groups (repeated 100 times). Finally, averaged AUC and corresponding standard deviation were
reported and compared using the Wilcoxon signed-ranked test. Figure 21 presents the predictive
features and prediction capability of the four-year Grade ≥ 2 RB of the different models (testing
cohort only).
Predictive capability of the ICA parameter (LR-pICA NTCP)
Considering the LR-pICA model, the decomposition rank was preponderantly equal to 10, with the
pICA ranging from 0.2 to 0.7. The AUC mean and standard deviation values were 0.75±0.06 only
using DVH and 0.76±0.06 by adding non-DVH variables. The most predictive variables were IMRT,
IGRT and pICA (2nd line of the tables, Figure 21). Significantly predictive capabilities (p<0.05) were
found in 86% of the 100 iterations.
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Figure 19: Study workflow
The three following models were used: Lyman-Kutcher-Burman (LKB) NTCP, random forest (RF) and logistic
regression models (LR). Concerning the logistic regression (LR) model, various extracted features have been
tested: “standard” extracted features (bins of dose, patient, tumor and treatment characteristics), the principal
components (PC) using principal component analysis (PCA), the functional PC using functional PCA (FPCA) and
our proposed independent component analysis (ICA) parameter (𝑝𝐼𝐶𝐴) detailed in Figure 20. Concerning the
LKB NTCP and the random forest (RF), the “standard” extracted features have been tested. The training step
enabled to estimate the parameters for each model. Toxicity prediction capability was then evaluate using area
under the receiving operating curve (AUC) values for each model using either DVH alone or with clinical
variables. The whole database was divided into training and validation groups 100 times, for the prediction
calculation
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Figure 20: Workflow for identifying the predictive parameter pICA using 2-BFI based ICA approach
Using the rectal DVH bins, ICA was used to extract the more informative subspaces (𝑬′(1) , 𝑬′(2) ) from the
DVH of both groups (presenting or not rectal bleeding). Then, pICA was computed by comparing the
( )

( )

distance (𝑑𝒙1𝑛𝑒𝑤 , 𝑑𝒙2𝑛𝑒𝑤) of a new individual’s DVH (patient 𝒙𝑛𝑒𝑤) to both subspaces
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DVH bins
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DVH bins
(n=80)
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(n=80)

TD50=80 ± 3.5
n=0.08 ± 0.02
m= 0.16 ± 0.03

V70+V7+V55+V
3+V27+V39+V1
7+V75+V79

0.62 ± 0.06

0.63 ± 0.05

Predictive
features or
parameters of
the models
(multivariate
analysis)
AUC

LR-PCA
1st, 2nd and 3rd
PC
(n=3)

LR-FPCA
1st, 2nd and
3rd FPC
(n=3)

LR-pICA

V71

PC1+PC2+PC3

FPC1

pICA

0.63 ± 0.06

0.56 ± 0.06

0.58 ± 0.06

0.75 ± 0.06 **

LR-PCA
1st, 2nd and 3rd
PC + non-DVH
variables
(n=3+12)

LR-FPCA
1st, 2nd and
3rd FPC + nonDVH variables
(n=3+12)

pICA
(n=1)

(B)

Model

LKB NTCP

RF

LR

Extracted
tested features

DVH bins + nonDVH variables
(n=80+12)

DVH bins + nonDVH variables
(n=80+12)

DVH bins + nonDVH variables
(n=80+12)

TD50=80 ± 3.5
n=0.08 ± 0.02
m= 0.16 ± 0.03

V70+V7+V55+V3+
V27+V39+V17+V7
5+IGRT+
V79+IMRT

V71+IGRT+
IMRT

PC2+IGRT+
IMRT

FPC3+IGRT+
IMRT

pICA+IGRT+
IMRT

0.62 ± 0.06

0.62 ± 0.06

0.63 ± 0.06

0.64 ± 0.07

0.64 ± 0.07

0.76 ± 0.06 **

Predictive
features or
parameters of
the models
(multivariate
analysis)
AUC

LR-pICA
pICA+ nonDVH variables
(n=1+12)

** The AUCs from the LR-pICA NTCP model were significantly higher (p <0.05, Wilcoxon signed-ranked tests)
than those of the other five models when only using DVH or combining with non-DVH variables.
Figure 21: Predictive features and prediction capability of the Four-year Grade>2 rectal bleeding of the
different models using: (a) rectal DVH only and (b) both dosimetric and non-DVH variables
st

The extracted tested and predictive features/parameters are presented in the two 1 lines of tables. For each
model, the number of extracted tested features (n) and the predictive features retained (multivariate analysis)
are presented in the 1st and 2nd line of tables, respectively. Considering testing cohorts only (100 iterations),
boxplots present the obtained AUC values (the central mark indicates the median; the bottom and top edges of
the box indicate the 25th and 75th percentiles, respectively; the whiskers extend to the most extreme data points
not considered outliers), in the table are given the mean and standard deviation values.

Estimated parameters and predictive capability of the state-of-the-art models
The estimated parameters for the LKB NTCP, RF, LR, LR-PCA and LR-FPCA models are presented in the
2nd line of the tables of the Figure 21. The AUC values reached by each model ranged from 0.58 to
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0.63 using DVH, and 0.62 to 0.64 by also including the non-DVH variables. The LR, LR-PCA and LRFPCA models exhibited significant predictive capabilities in 100%, 6% and 4% of the 100 iterations,
respectively.
Table 7: Significant predictors of rectal bleeding using logistic regression model in uni and multivariate analysis in
the whole series (543 patients)

Extracted
features
Non-DVH variables

Rectal DVH bin
pICA

IMRT
IGRT
V68
V69
V70
V71
pICA

Univariate logistic regression
P value
RR
95% CI
0.01
0.44 0.23 – 0.83
0.02
0.36 0.15 – 0.87
0.05
1.04 1 – 1.08
0.04
1.04 1 – 1.08
0.04
1.04 1 – 1.08
0.04
1.04 1 – 1.09
0.004
0.02 0.001 – 0.27

Multivariate logistic regression
P value
RR
95% CI
NS
0.02
0.34 0.14 – 0.83
NS
NS
NS
NS
0.003
0.01 0.0009 – 0.23

AUC: area under the receiving operating curve; RR: relative risk; CI: confidence interval; NS: Non significant; 𝑝𝐼𝐶𝐴:
independent component analysis parameter
Table 8: Significant predictors of rectal bleeding using Cox proportional hazards model in uni and multivariate
analysis in the whole series (543 patients)

Extracted
features
Non-DVH variables
Rectal DVH bin
pICA

IMRT
IGRT
V69
V70
V71
pICA

Univariate logistic regression
P value
HR
95% CI
0.012
0.47 0.26 – 0.85
0.024
0.38 0.16 – 0.88
0.040
1.04 1 – 1.07
0.040
1.04 1 – 1.07
0.040
1.04 1 – 1.08
0.04
0.02 0.001 – 0.29

Multivariate logistic regression
P value
HR
95% CI
NS
0.02
0.36 0.16 – 0.85
NS
NS
NS
0.003
0.02 0.002 – 0.26

HR: hazard ratio; CI: confidence interval; NS: Non significant; 𝑝𝐼𝐶𝐴: independent component analysis parameter

Comparison of the prediction capability of all the models
Considering all the models, the resulting AUC from the LR-pICA NTCP model were significantly higher
(p<0.05, Wilcoxon signed-ranked test) than those of the state-of-the-art models when using DVH and
by adding non-DVH variables. Amongst the remaining models, the LR-PCA and LR-FPCA exhibited the
poorest results.
Uni and multivariate logistic regression and Cox proportional hazards model
Table 7 shows significant predictors of four-year Grade≥2 RB using uni and multivariate LR in the
whole cohort (543 patients). The retained significant predictors in multivariate LR and Cox regression
were: IGRT and pICA. The five year risks of RB were 13.1% (95% CI: 9.7 – 16.5%) without IGRT and
4.4% (95% CI: 0.8 – 8%) in case of IGRT. Considering the pICA parameter, the five year risks of RB
were 20.5% (95% CI: 11.9 – 29.1%) for pICA≤0.4 and 9.1% (95% CI: 6.3 – 11.9%) for pICA>0.4.
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3.5 DISCUSSIONS AND CONCLUSIONS
A new ICA parameter was proposed with the aim of improving toxicity prediction following PCa
radiotherapy compared to state-of-the-art models: the LKB NTCP, RF and LR applied to both DVH and
extracted features from PCA (LR-PCA) and FPCA (LR-FPCA). Our ICA parameter (pICA) provides the
highest prediction capability of Grade≥2 RB either included in LR model or in Cox regression. The
method is based on the computation of a single parameter, the pICA which optimally separates
patients presenting or not RB. Thanks to its characteristic of minimizing the statistical dependence
between its components, ICA is a very ﬂexible tool for data ﬁtting (Albera et al. 2012). The method
does not require any parameterization and exploits the entire DVH without any pre-processing step
needed to select the most significant features, as with “standard” LR approaches. To the best of our
knowledge, ICA has never before been used for toxicity prediction. The pICA included in the LR model
provides the highest prediction capability of four year Grade≥2 RB, considering AUC (100
independent testing cohorts) and multivariate analysis. The other methods have been previously
investigated, reporting independent predictive performances, but barely within a comprehensive
study. The DVH-based LR method and LKB NTCP models have historically exhibited good RB
prediction capabilities, with AUC ranging from 0.59 to 0.71 (Fiorino et al. 2009; Bentzen et al. 2010;
Liu et al. 2010), whereas machine-learning methods are more recent. PCA has been used for
quantifying the DVH shapes of 262 irradiated PCa patients, achieving strong prediction capabilities
(akaike information criterion from 253.7 to 255.3) (Söhn, Alber, and Yan 2007). FPCA was
investigated to predict RB in a series of 141 patients, with AUC ranging from 0.62 to 0.73 for Grade
≥2 RB (Benadjaoud et al. 2014). RF model and two other methods (LR and LKB NTCP) were recently
tested in a smaller cohort of 261 patients for 5-year Grade≥2 RB prediction, with relatively similar
AUC ranging from 0.62 to 0.68 (Ospina et al. 2014). The predictive power of our model was not
compared to other machine-learning methods based on artificial neural networks (ANN) or support
vector machines (SVM), with reported AUC ranging from 0.64 to 0.70 (Pella et al. 2011; Buettner et
al. 2009; Tomatis et al. 2012; Gulliford et al. 2004). Nevertheless, ANNs suffer from local minima and
are dependent on the classification threshold. Kernel selection for SVM is also crucial and population dependent (Pella et al. 2011). The pICA prediction capability was also confirmed in actuarial analysis
using a Cox proportional hazard regression. Overall, considering previously reported results as well as
yielded results of the tested methods in our study, LR-pICA model appears to be therefore a strong
competitor. This may help to devise more tailored treatments as it can be easily implemented,
shared amongst institutions, and used in everyday clinical routine.
Amongst the retained multivariate LR parameters (Table 7), high dose (V68 to V72) shows up as the
most important RB risk factor in our study, in line with several previous studies. This supports the
historical choice of selecting V70 or V72 as rectal DVH planning constraints in the RTOG or GETUG
recommendations (Hartford et al. 1996; Storey et al. 2000). The results are also consistent with the
very low n parameter value of the LKB NTCP model in our study (n=0.08), also in line with the
literature (Kupchak, Battista, and Van Dyk 2008; Tucker et al. 2007). Amongst the non-DVH variables,
multivariate LR and Cox analysis enabled us to prove that IMRT and IGRT are very relevant
techniques, dramatically reducing the risk of RB (Kok et al. 2013; Wortel et al. 2015; Zelefsky et al.
2012). The impact of age and androgen deprivation on RB is a controversial issue (Schultheiss et al.
1997; Michalski et al. 2000; Jackson et al. 2001), and in our study, these factors did not emerge as
being discriminant. In conclusion, the new predictive parameter computed with ICA on DVH appears
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to be a strong competitor for toxicity prediction, compared to other published models. This sheds
some light on a new potential for novel tailored treatments.
We only focused on DVH. Also, the model does not provide any understanding of local relationships
between dose and effect (dose-space/effect relationship) as they do not exploit the rich information
from the 3DpDD. The objective of the next chapter is to analyze the spatial correlations between
local dose and side effects allowing a characterization of 3D dose distribution at a sub-organ level.

3.6 BIBLIOGRAPHY
Albera, Laurent, Amar Kachenoura, Pierre Comon, Ahmad Karfoul, Fabrice Wendling, Lotfi Senhadji,
and Isabelle Merlet. 2012. “ICA-Based EEG Denoising: A Comparative Analysis of Fifteen
Methods.” Bulletin of the Polish Academy of Sciences: Technical Sciences 60 (3): 407–418.
Benadjaoud, Mohamed Amine, Pierre Blanchard, Boris Schwartz, Jérôme Champoudry, Ryan Bouaita,
Dimitri Lefkopoulos, Eric Deutsch, Ibrahima Diallo, Hervé Cardot, and Florent de Vathaire.
2014. “Functional Data Analysis in NTCP Modeling: A New Method to Explore the Radiation
Dose-Volume Effects.” International Journal of Radiation Oncology* Biology* Physics 90 (3):
654–663.
Bentzen, Soren M., Louis S. Constine, Joseph O. Deasy, Avi Eisbruch, Andrew Jackson, Lawrence B.
Marks, Randall K. Ten Haken, and Ellen D. Yorke. 2010. “Quantitative Analyses of Normal
Tissue Effects in the Clinic (QUANTEC): An Introduction to the Scientific Issues.” International
Journal of Radiation Oncology*Biology*Physics 76 (3, Supplement): S3–9.
doi:http://dx.doi.org/10.1016/j.ijrobp.2009.09.040.
Breiman, Leo. 2001. “Random Forest.” Machine Learning 45 (1): 5–32.
Buettner, Florian, Sarah L Gulliford, Steve Webb, and Mike Partridge. 2009. “Using Dose-Surface
Maps to Predict Radiation-Induced Rectal Bleeding: A Neural Network Approach.” Physics in
Medicine and Biology 54 (17): 5139.
D’Amico, Anthony V., Richard Whittington, S. Bruce Malkowicz, Delray Schultz, Kenneth Blank,
Gregory A. Broderick, John E. Tomaszewski, et al. 1998. “Biochemical Outcome After Radical
Prostatectomy, External Beam Radiation Therapy, or Interstitial Radiation Therapy for
Clinically Localized Prostate Cancer.” JAMA: The Journal of the American Medical Association
280 (11): 969–74. doi:10.1001/jama.280.11.969.
De Crevoisier, Renaud, P Pommier, Jean-Marc Bachaud, G Crehange, C Boutry, B Chauvet, Theresa
Nguyen, Agnès Laplanche, Michaela Aubelle, and J Lagrange. 2009. “Image-Guided Radiation
Therapy (IGRT) in Prostate Cancer: Preliminary Results in Prostate Registration and Acute
Toxicity of a Randomized Study.” International Journal of Radiation Oncology* Biology*
Physics 75 (3): S99.
Edge, Stephen B, and Carolyn C Compton. 2010. “The American Joint Committee on Cancer: The 7th
Edition of the AJCC Cancer Staging Manual and the Future of TNM.” Annals of Surgical
Oncology 17 (6): 1471–1474.
Fiorino, Claudio, Riccardo Valdagni, Tiziana Rancati, and Giuseppe Sanguineti. 2009. “Dose–volume
Effects for Normal Tissues in External Radiotherapy: Pelvis.” Radiotherapy and Oncology 93
(2): 153–67. doi:http://dx.doi.org/10.1016/j.radonc.2009.08.004.
Gulliford, Sarah L., Steve Webb, Carl G. Rowbottom, David W. Corne, and David P. Dearnaley. 2004.
“Use of Artificial Neural Networks to Predict Biological Outcomes for Patients Receiving
Radical Radiotherapy of the Prostate.” Radiotherapy and Oncology 71 (1): 3–12.
doi:http://dx.doi.org/10.1016/j.radonc.2003.03.001.
Hartford, Alan C, Andrzej Niemierko, Judith A Adams, Marcia M Urie, and William U Shipley. 1996.
“Conformal Irradiation of the Prostate: Estimating Long-Term Rectal Bleeding Risk Using
Dose-Volume Histograms.” International Journal of Radiation Oncology* Biology* Physics 36
(3): 721–730.

P a g e | 85
Jackson, Andrew, Mark W Skwarchuk, Michael J Zelefsky, Didier M Cowen, Ennapadam S
Venkatraman, Sabine Levegrun, Chandra M Burman, et al. 2001. “Late Rectal Bleeding after
Conformal Radiotherapy of Prostate Cancer (II): Volume Effects and Dose–volume
Histograms.” International Journal of Radiation Oncology* Biology* Physics 49 (3): 685–698.
Kok, David, Suki Gill, Mathias Bressel, Keelan Byrne, Tomas Kron, Chris Fox, Gillian Duchesne, Keen
Hun Tai, and Farshad Foroudi. 2013. “Late Toxicity and Biochemical Control in 554 Prostate
Cancer Patients Treated with and without Dose Escalated Image Guided Radiotherapy.”
Radiotherapy and Oncology 107 (2): 140–146.
Kupchak, Connor, Jerry Battista, and Jake Van Dyk. 2008. “Experience-Driven Dose-Volume Histogram
Maps of NTCP Risk as an Aid for Radiation Treatment Plan Selection and Optimization.”
Medical Physics 35 (1): 333–43. doi:http://dx.doi.org/10.1118/1.2815943.
Liu, Mitchell, Vitali Moiseenko, Alexander Agranovich, Anand Karvat, Winkle Kwan, Ziad H Saleh,
Aditya A Apte, and Joseph O Deasy. 2010. “Normal Tissue Complication Probability (NTCP)
Modeling of Late Rectal Bleeding Following External Beam Radiotherapy for Prostate Cancer:
A Test of the QUANTEC-Recommended NTCP Model.” Acta Oncologica 49 (7): 1040–1044.
Lyman, John T. 1985. “Complication Probability as Assessed from Dose-Volume Histograms.”
Radiation Research 104 (2): S13–S19.
Michalski, Jeff M., James A. Purdy, Kathryn Winter, Mack Roach, Srinivasan Vijayakumar, Howard M.
Sandler, Arnold M. Markoe, et al. 2000. “Preliminary Report of Toxicity Following 3D
Radiation Therapy for Prostate Cancer on 3DOG/RTOG 9406.” International Journal of
Radiation Oncology*Biology*Physics 46 (2): 391–402. doi:DOI: 10.1016/S03603016(99)00443-5.
Ospina, Juan D, Jian Zhu, Ciprian Chira, Alberto Bossi, Jean B Delobel, Véronique Beckendorf, Bernard
Dubray, et al. 2014. “Random Forests to Predict Rectal Toxicity Following Prostate Cancer
Radiation Therapy.” International Journal of Radiation Oncology* Biology* Physics 89 (5):
1024–1031.
Pella, Andrea, Raffaella Cambria, Marco Riboldi, Barbara Alicja Jereczek-Fossa, Cristiana Fodor, Dario
Zerini, Ahmad Esmaili Torshabi, et al. 2011. “Use of Machine Learning Methods for Prediction
of Acute Toxicity in Organs at Risk Following Prostate Radiotherapy.” Medical Physics 38 (6):
2859–2867.
Schultheiss, Timothy E, W Robert Lee, Margie A Hunt, Alexandra L Hanlon, Ruth S Peter, and Gerald E
Hanks. 1997. “Late GI and GU Complications in the Treatment of Prostate Cancer.”
International Journal of Radiation Oncology* Biology* Physics 37 (1): 3–11.
Söhn, Matthias, Markus Alber, and Di Yan. 2007. “Principal Component Analysis-Based Pattern
Analysis of Dose–volume Histograms and Influence on Rectal Toxicity.” International Journal
of Radiation Oncology* Biology* Physics 69 (1): 230–239.
Storey, Mark R, Alan Pollack, Gunar Zagars, Lewis Smith, John Antolak, and Isaac Rosen. 2000.
“Complications from Radiotherapy Dose Escalation in Prostate Cancer: Preliminary Results of
a Randomized Trial.” International Journal of Radiation Oncology* Biology* Physics 48 (3):
635–642.
Tomatis, S., T Rancati, C. Fiorino, V. Vavassori, G. Fellin, E. Cagna, F.A. Mauro, et al. 2012. “Late Rectal
Bleeding after 3D-CRT for Prostate Cancer: Development of a Neural-Network-Based
Predictive Model.” Physics in Medicine and Biology 57 (5): 1399.
Tucker, S. L., L. Dong, W. R. Bosch, J. Michalski, K. Winter, A. K. Lee, M. R. Cheung, D. A. Kuban, J. D.
Cox, and R. Mohan. 2007. “Fit of a Generalized Lyman Normal-Tissue Complication
Probability (NTCP) Model to Grade ≥ 2 Late Rectal Toxicity Data From Patients Treated on
Protocol RTOG 94-06.” International Journal of Radiation Oncology • Biology • Physics 69 (3):
S8–9. doi:10.1016/j.ijrobp.2007.07.017.
Wortel, Ruud C, Luca Incrocci, Floris J Pos, Joos V Lebesque, Marnix G Witte, Uulke A van der Heide,
Marcel van Herk, and Wilma D Heemsbergen. 2015. “Acute Toxicity after Image-Guided
Intensity Modulated Radiation Therapy Compared to 3D Conformal Radiation Therapy in

P a g e | 86
Prostate Cancer Patients.” International Journal of Radiation Oncology* Biology* Physics 91
(4): 737–744.
Zelefsky, Michael J, Marisa Kollmeier, Brett Cox, Anthony Fidaleo, Dahlia Sperling, Xin Pei, Brett
Carver, Jonathan Coleman, Michael Lovelock, and Margie Hunt. 2012. “Improved Clin ical
Outcomes with High-Dose Image Guided Radiotherapy Compared with Non-IGRT for the
Treatment of Clinically Localized Prostate Cancer.” International Journal of Radiation
Oncology* Biology* Physics 84 (1): 125–129.

P a g e | 87

4 MODELS BASED ON THE 3D PLANNED DOSE DISTRIBUTIONS
As we may expect that a more common use of the information will allow us to develop reliable
models of normal tissue response to radiation, we consider, in this part, the 3D dose distributions to
underlie correlations between toxicity and dose distribution at voxel level. Evidence of the impact of
dose spatial distribution and local analysis has recently been published (Acosta et al., 2013; Buettner
et al., 2011; Skwarchuk et al., 2000). A strong correlation was found between late RB and certain
geometrical parameters, such as the inclusion of the rectum posterior wall in the three or more
oblique beams and the inclusion of the outer rectal contour within the 50% isodose (Skwarchuk et
al., 2000). The identification of 3D dose patterns, related to a specifically low risk of complication by a
set of 38 rules, showed that RB was mostly correlated with the lateral extent of the dose distribution
(Buettner et al., 2011, 2009b). A dose-image-based framework has revealed the relationships
between local dose and RB, with a significant dose excess (6 Gy, on average) in a region of the
anterior rectal wall, close to the prostate (1-cm) for the RB patients (Acosta et al., 2013). However,
these studies did not perform a classification scheme investigating the entire 3DpDD across a
population. We have developed new approaches aimed at jointly taking advantage of the 3DpDD
that may unravel the subtle correlation between local dose and side effects to classify and/or predict
patients at risk of suffering from RB. More precisely, we proposed three stochastic methods based on
PCA, ICA and DNMF, and one deterministic method CP-DMA.
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In this chapter, applications of each proposed model were reported. Firstly, the 1-BFI approach was
investigated using PCA. This work has been published in IRBM, 2013. Secondly, we investigated the 2BFI approach. A PCA based approach, presented in GRETSI 15 (Lyon) 2015, was performed to predict
late rectal toxicity by using a new distance-based parameter 𝑝𝑃𝐶𝐴 (𝒙𝑛𝑒𝑤 ). Then, 2-BFI approach,
used for classification, was investigated using ICA (submitted in TBME), DNMF (published in IRBM,
2015) and CP-DMA (published in MEP, 2015). Hence, the following is a summary of key results
obtained in associated publications based on the different analysis. Obviously, each approach was
compared with state-of-the-art models (LKB NTCP) and supervised approaches (LDA, SVM, K-means,
KNN). Nevertheless, one limitation to develop and apply statistical methodologies is the data
availability. The collected data increased during the thesis and the different proposed approaches
were tested on different size of cohort. Thus, even if obtained results are very promising in term of
performance we need to: i) confirm these results in a larger database, and ii) compare the efficiency
of all the proposed methods on the same cohort.

4.1 INTER-INDIVIDUAL REGISTRATION AND DOSE MAPPING
3D dose distributions-based models could be used to underlie correlations between toxicity and dose
distribution at voxel level. The challenge resides in the fact that each patient has a different
morphology, making comparisons among patients very difficult. The solution, coming from the
image-processing field, is the image registration process. Inter-individual registration is a crucial step
in order to perform a meaningful voxel-wise analysis across individuals. It consists of transforming
one image (by applying several types of deformation) to make it consistent or comparable with a
reference image. This process is particularly complex because it requires each patient's image to be
mapped on the coordinate space of a reference image. One alternative consists of mapping the CT
scan images and then propagating the same transformation to the dose distribution images. It is
important to note that CT scan images come from physical devices, whereas dose distribution images
are generated from a treatment planning system.
The CT of the whole population were non-rigidly registered and 3DpDD were mapped to a single
template following the method proposed in (Dréan et al. 2016). Firstly, we selected an anatomical
template of reference. This typical individual was designated by maximizing a similarity criterion
which is the sum of squared differences computed after rigid registration. Secondly, individual's CT
scans were non-rigidly registered by using a structural description of the rectum built from distance
maps and a Laplacian descriptor based on the rectum centerline as proposed in (Pudney 1998).
Finally, the deformation field, resulting from the previous step, was used to propagate the
individual's 3DpDD to the template common space.
To perform a dose study in a radiotherapy context to underlie correlations between toxicity and dose
distribution, we investigate the use of the entire 3D volume. Then, a preprocessing step is required
(data registration; data ordering and arrangement) to take advantage of the complete 3D volume at
a voxel level. In this section, the inter-individual registration and dose mapping step was explained.
Concerning the data ordering and arrangement, according to the considered approach (stochastic or
deterministic), 3DpDD on a population can be arranged in different way, using: i) the vectorization of
the planned dose or ii) the construction of fourth-order tensors.
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4.2 FIRST PROPOSED APPROACH: THE ONE BASIS FEATURES IDENTIFICATION (1-BFI)
For this work, the 1-BFI approach is investigated. We proposed to analyze non-rigidly registered dose
distributions by identifying one basis of orthogonal vectors 𝑬 from 3DpDD of the whole database
(patients presenting or not RB) allowing for classification. Figure 22 displays the different steps
needed for the proposed procedure.

Figure 22: Overview diagram of the 1-BFI approach
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Feature extraction and classification for rectal bleeding in prostate cancer radiotherapy: A
PCA based method
[Published in IRBM 2013]
4.2.1.1

Abstract

In this work, we studied the efficiency of PCA for feature extraction and classification of PCa patients
suffering from RB. We fully exploited the 3DpDD by considering the voxel as observations. We
compared different possibilities for selecting the most relevant features (sequential and
combinatory). The ROC curves were used as performance criterion. The obtained results, on a cohort
of 63 patients, demonstrate the ability of the method to classify two groups of patients, namely RB
and non-RB patients. They also suggest that local dose/toxicity relationships exist.
4.2.1.2

Material and method
4.2.1.2.1 Ordering and arrangement of the data

After a registration step, each individual’s 3DpDD is arranged in an array in order to match the linear
model of equation (7) (chapter 3). From the planned dose distributions of the entire population, we
build a (𝑁 × 𝑃) matrix, denoted by 𝑿, by concatenating the vectorized 3D dose distributions of the
patients, where 𝑃 represents the number of individuals (the variables) and 𝑁 the number of voxel
(the number of observations carried out). The vectorization of each 3DpDD was performed by using
the vectorization operator 𝒗𝒆𝒄(. ) transforming an (𝑁1 × 𝑁2 × 𝑁3 ) array into a (𝑁 × 1)dimensional vector 𝒙 (𝑁 = 𝑁1 × 𝑁2 × 𝑁3 ). This is obtained by vertically concatenating the rows of
all slices of each individual’s 3DpDD. An illustration of the process for the vectorization of 3DpDD for
a population of patients is given in Figure 23.

4.2.1.2.2 Classification procedure
As mentioned before, the 1-BFI approach (detailed in chapter 3 section 2.2.2) is applied to identify
the more discriminant features in the subspace . Briefly, using the training set, the PCA is applied on
the matrix 𝑿, representing the registered and the rearranged 3DpDD of patients presenting or not
RB, in order to identify the orthogonal basis vectors 𝑬. After that, two strategies - namely sequential
and combinatory approaches - are investigated in order to choose the 𝑛-optimum features subbases
′. A new patient, 𝒙𝑛𝑒𝑤 , belonging to the testing set, is then classified by projecting it on the
subspace ' spanned by the 𝑛 vectors base 𝑬′ representing the 𝑛-optimum features set.

4.2.1.2.3 Material and evaluation scheme
A total of 63 PCa patients who received a total dose of 80 Gy in the prostate by IMRT were included
in the study. Eleven of them present RB (≥ grade 1) at 2 years. Because of the reduced number of
patients (especially the number of patients suffering from RB, 11 patients), a leave-one out crossvalidation (LOOCV) is performed to evaluate the proposed classification method. A 3D individual
planned dose is extracted (testing data) and our method is applied to the 62 remaining 3DpDD
(training data). This is repeated such that each patient is used as a test sample. The performance of
the method is evaluated in terms of Se, Sp and the accuracy (Acc). The Acc measures the proportion
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of patients who are correctly identified. ROC curves can also be constructed from clinical prediction
rules.

Figure 23: Illustration of the 3DpDD population ordering process
4.2.1.3

Results and discussions

Figure 24 displays the performance of the classifier as a function of the number, 𝑛, of exploited
features when using (a) the sequential approach and (b) the combinatory approach. In the case
where we exploited more than one feature, Figure 24 (a) shows that the sequential approach is more
efficient when using only the best feature (34th). Indeed, the performance dramatically decreases in
terms of sensitivity when using more than one feature. Regarding the combinatory approach (Figure
24 (b)), the best results (Se=0.82 and Sp=1) were obtained when more than 15 features were
exploited. It means that only two patients were badly classified (and 61 patients were well classified).
We note that, with this approach, the statistical measures increase when more than one feature was
used. We also remarked that, in this case, the performance of our classifier is stable when more than
15 features were used. This may suggest that there are redundant or irrelevant information in the
remained features. The low number of patients (63 patients) did not allow estimating the population
specific parameters optimized over a larger database of well-established prediction methods such as
NTCP models.

Figure 24: Accuracy, sensitivity and specificity as function of the number of exploited features using: (a)
sequential approach, and (b) combinatory approach
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4.3 SECOND PROPOSED APPROACH: THE TWO BASIS FEATURES IDENTIFICATION (2-BFI)
The 2-BFI approach (detailed in chapter 3 section 2.2.3) aims at identifying from the data two vector
bases, E(𝟏) and E(𝟐) spanning two vector subspaces, (1) and (2) , that characterize patients with
and without RB, respectively, for classification and or prediction.

4.3.1 S TOCHASTIC APPROACHES
More precisely, we proposed three stochastic methods based on PCA, ICA and DNMF. The general
workflow of this second proposed approach using stochastic methods is detailed in Figure 25.
4.3.1.1

Ordering and arrangement of the data

Contrary to the 1-BFI approach, we built, here, two distinct matrices: a (𝑁 × 𝑃 (1) ) matrix 𝑿 (1) from
patients presenting RB and a (𝑁 × 𝑃 (2) ) matrix 𝑿(2) from patients not presenting RB, where 𝑃 (1)
and 𝑃 (2) are the numbers of individual presenting or not RB, respectively. This is done using the same
strategy that the one explained in section 4.2.1.2.1 (Figure 23).
4.3.1.2

Material

The same cohort is used by the three proposed stochastic versions of the 2-BFI approach. A total of
118 patients treated for localized PCa with IMRT were included in the study. Rectal toxicity events
were prospectively collected and scored according to the CTCAE version 3.0. The events were
defined as RB (≥ Grade 1), at least one episode occurring between 6 months and 2 years after RT.
Patients with a history of hemorrhoids were not allowed to be scored as Grade 1 bleeding. A total of
31 patients presented at least a Grade 1 late RB event.
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Figure 25: Overview diagram of the 2-BFI approach based on stochastic methods
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A new voxel PCA method for predicting and spatially characterizing rectal
toxicity following PCa radiotherapy
[Presented in GRETSI 15 (Lyon) 2015]

4.3.1.2.1 Abstract
In PCa radiotherapy, understanding the correlation between the dose distribution and the
occurrence of undesirable side-effects is crucial to correlate the treatment outcome with the
planning parameters. Most of the current methods addressing the prediction of the toxicity events
are based on DVH. However, these methods are not able to correlate the toxicity and the spatial
dose distribution at the voxel level. Using the whole 3DpDD, a PCA based approach was performed to
predict late rectal toxicity and to construct a dose pattern characterizing the difference between
patients with RB and those without RB. After a non-rigid registration, the method aimed at
identifying, from 3D dose distribution, two bases (characterizing patients presenting or not RB). The
prediction was performed by evaluating a new variable computed by measuring the distance of a
new individual 3D dose distribution to both subspaces spanned by the bases. The method, applied to
a total of 118 patients treated for PCa radiotherapy and compared with a recent PCA approach based
only on the DVH, showed good performance (AUC=0.87) and suggested that the method is able to
establish the correlation between dose and toxicity outcomes.

4.3.1.2.2 PCA parameter (pPCA) extraction
Following the 2-BFI procedure (Figure 25), we identify from the data two vector bases, E(𝟏) and E(𝟐)
spanning two vector subspaces, (1) and (2) , that characterize patients presenting or not RB,
respectively. The CR criterion was used to select the optimal pair of feature subsets (𝑬′(𝟏) , 𝑬′(𝟐) ).
Following this subspace construction, the parameter pPCA - 𝑝𝑃𝐶𝐴 (𝒙𝑛𝑒𝑤 ) - was calculated using
equation (11) (defined in chapter 3) for each remaining individual from the testing set by comparing
their Euclidean distance to each of the subspaces, ′ (1)and  ′(2), spanned by the optimal subbases
𝑬′(1) and 𝑬′(2), respectively.

4.3.1.2.3 Results and discussions
Figure 26 shows the ROC curves and the respective AUC of the different models used to predict 2years Grade≥ 1 RB, using LOOCV (as explained in Section 4.2.1.2.3). Our approach obtained an AUC
of 0.87 and a significant p-value (𝑝 = 4.141−5 ) when using univariate analysis on the pPCA distancebased parameter for each patient. These results are higher than the ones obtained using the PCA
approach based only on the DVH proposed by Söhn et al (Söhn, Alber, and Yan 2007). For this
method, the correlation with toxicity of the first three principal components (PC) computed using
DVH as single variables was investigated. According to this analysis, 1 st PC and 3rd PC were the only
variable significantly associated with RB (𝑝 =0.03 and 𝑝 =0.02, respectively). Although, the
predictive capabilities of multivariate LR using both 1 st and 3rd PC was not significantly correlated
with the toxicity events (𝑝 =0.72).
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Figure 26: ROC and AUC to predict 2-year grade>1 RB using the proposed PCA approach and PCA based on
DVH proposed by Söhn et al. (Söhn, Alber, and Yan 2007)
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Classification and spatial characterization of patients at risk of suffering from
rectal bleeding after prostate cancer radiotherapy using independent
component analysis
[Submitted in IEEE Transactions on Biomedical Engineering (TBME) 2016]

4.3.1.2.4 Abstract
In the context of PCa radiotherapy, new radiation techniques allow high doses to be delivered to the
target (prostate and seminal vesicles). The surrounding healthy organs (rectum and bladder) may
suffer from irradiation, which potentially produces side effects. Hence, the understanding of the
complex toxicity dose-volume effect relationships is crucial to adapt the treatment and decrease the
risk of toxicity. The objective of this study was to highlight link between the dose and side effects,
coinciding with previous clinical studies. Most of the existing methods to predict toxicity do not fully
exploit the rich spatial information conveyed by the 3DpDD. In this paper, we proposed to use a
novel selection and classification method using ICA for three-dimensional individuals' doses. In order
to achieve this aim, we focused on RB at 2 years using a real database of 118 patients treated for PCa
by EBRT. Thus, the proposed new approach was compared with classical classification methods as for
instance LDA, SVM, K-means or KNN. In this study, we also wondered if the proposed approach could
highlight regions where RB would be related to different dose patterns. The overall results ob tained,
on a cohort of 118 patients, seem to indicate that ICA outperforms the other classical approaches.
Indeed, the approach obtained a sensitivity of 0.94 and a specificity of 0.93 which means that 89% of
the patients were correctly identified as presenting or not RB. Moreover, the results suggested that
the method is able to establish the correlation between dose and toxicity outcomes.

4.3.1.2.5 Evaluation scheme and classification results obtained using ICA
Evaluation scheme
In order to assess the capabilities of the proposed approach, we have split the database into three
complementary subsets: the training, the validation and the testing sets. The training consists in
learning from the data, for different ranks, the vectors bases  (𝟏) and (𝟐) spanning the two vector
subspaces characteristic of patients presenting or not RB, respectively. Thus, according to the
(1)

(2)

validation set, the low rank couple (𝑅𝑙𝑜𝑤 , 𝑅𝑙𝑜𝑤 ) was estimated. From the testing set, we can then
compute the Se, Sp and Acc of the classification procedure. This is done, using the different criteria to
select the more informative features, namely MD, UMD and CR, but also by exploiting the whole
bases (all features). For this method, model optimization (i.e. selection of the appropriate couple)
and model quality assessment (performance of the whole procedure in terms of Se and Sp) are
independent. Subjects which are used in final procedure assessment are not used in the validation
step. To do so, we proposed to use a double cross-validation (DCV) scheme to evaluate the proposed
method. A DCV scheme consists of two nested loops CV1 and CV2 (Efron 1983): i) in the outer loop
(CV2) the whole database split into a test set and a calibration set, and ii) in the inner loop CV1, the
calibration set is again split into a validation set and training set. The CV1 procedure is repeated until
all samples from rest set have been in the validation set once and only once. Similarly, the CV2
procedure is repeated until each sample has been in test set once and only once. More precisely,
because of the small number of patients (especially those suffering from rectal bleeding), a leave-
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one-out double cross validation (LOODCV) was performed to evaluate the proposed method and also
the supervised comparative classification techniques.
Classification results
Considering 80% of the cumulative variance (for more detailed see section 2.3.1.1 in chapter 3), the
(1)

(2)

low rank couple (𝑅𝑙𝑜𝑤 , 𝑅𝑙𝑜𝑤 ) selected from one round to another was equal to (7,12). Results of the
ICA approaches are given in Table 9. Firstly, the Se and Sp values were obtained by using all the
vectors 𝑬(1) and 𝑬(2) estimated by ICA. The approach provided Se and Sp of 0.03 and 0.98,
respectively. Using the optimal subbases 𝑬′(1) and 𝑬′(2) selected by the three different proposed
criteria (MD, UMD and CR), the 2-BFI based ICA approach provided a sensitivity of 0.71, 0.73 and 0.94
and a specificity of 0.95, 0.95 and 0.93, respectively. The use of the optimal features, clearly provided
better accuracy results compared to the classification accuracy of the ICA approach using all the
available features. Indeed, the accuracy was 0.89, 0.89 and 0.93 using the MD, UMD and CR criteria
whereas an accuracy of 0.73 was obtained without features selection. The impact of the UMD
criterion was not pertinent in this analysis. The CR criteria provided the highest performance by
correctly classifying 110/118 patients.
Table 9: Classification accuracy of the 2-BFI based ICA approach using all the available features and by
selecting the more relevant features according to the three proposed criteria

Features selection
criterion
All features
MD
UMD
CR

Acc

Se

Sp

0.73
0.89
0.89
0.93

0.03
0.71
0.71
0.94

0.98
0.95
0.95
0.93

The proposed method was compared to several supervised classification techniques such as the LDA ,
SVM, K-means and KNN algorithms, which also take the advantage of the spatial information through
the use of the vectorized registered 3DpDD. All these comparative classification techniques were
performed in a LOODCV scheme with the same data structuring used for the proposed ICA approach.
The obtained results (Table 10) show that the proposed classification method outperforms all the
other methods. For a thorough evaluation, we also compared the proposed approaches to current
standard technique namely the LKB NTCP model. One of the issues for this comparison to be carried
out lies in the need of large cohorts to estimate the population specific parameters. That is why; we
computed the LKB NTCP parameters using the DVH of our 118 patients and those of 527 additional
patients treated by IMRT with the same protocol. It is noteworthy that the 3DpDD for these 527
additional patients were not available, so we could not use them to evaluate the numerical
performance of the proposed methods. The ROC and AUC of the LKB NTCP model using the
estimated parameters given in Table 11 were computed. By searching for the optimal cut-off point
on that more discriminates RB to non-RB patients, the ROC curve of the LKB NTCP model provided a
Se of 0.65 and a Sp of 0.59 which means that 71/118 patients were correctly classified by means of
the LKB NTCP model.

P a g e | 98
Table 10: Performance comparison of unsupervised classification techniques such as PCA with supervised
algorithms

Methods
ICA
LDA
SVM
K-means
KNN

K=1
K=2
K=3

Feature selection
criterion
CR
All features
All features
All features
All features
All features
All features

Acc

Se/Sp

0.93
0.64
0.59
0.36
0.60
0.63
0.69

0.94/0.93
0.29/0.74
0.23/0.71
0.77/0.14
0.29/0.68
0.13/0.80
0.03/0.92

Table 11: Parameters for LKB models

TD50 (Gy)
81.19

n
0.0074

m
0.076

AUC (%)
61.6

The use of ICA in order to extract statistically independent features of both subspaces of interest
mainly contributes to the good classification results. The simple classification scheme that uses
straightforwardly the population data 𝑿(1) and 𝑿(2) without any vector basis identification, provides
weak results (Se=0 and Sp=1). In the same way, we investigated results obtained when using others
constraints impose by others approaches such as the PCA leading to the identification of orthogonal
bases. The comparison was made using the same scheme for rank estimation and also using the CR
criterion. We obtained poor results when using all the vectors (Se=0 and Sp=1 for the PCA approach)
but even when using feature extraction (Se=0.74 and Sp=0.39) compared to those obtained with ICA.
Identification of basis vectors seems then to be necessary, and more particularly basis vectors with
the mutual independence. The good performance provided by ICA with respect to the raised
question, suggests that when the dose-toxicity relationship exists, an increased classification can be
achieved by exploiting the 3DpDD.
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Discriminant nonnegative matrix factorization for classification of rectal
bleeding in prostate cancer radiotherapy
[Published in IRBM 2015]

4.3.1.2.6 Abstract
EBRT is one of the standard treatments for PCa. Although advanced radiotherapy techniques
allowing for precise dose delivery on cancer target, the efficiency of the treatment is limited by the
risk of side effects due to the irradiation to the surrounding organs. Characterizing the local dosetoxicity relationships is crucial to provide new recommendations for treatment planning. Standing on
a voxel wise analysis, we proposed a new method, named DNMF, for classifying patients at risk of
presenting rectal bleeding. A comparative study with a classical NMF algorithm is also given. The
features extracted by the proposed method for different rank values are used to classify the 3DpDD
into toxic or non-toxic ones. The Sensitivity and Specificity obtained on 118 patients (Se=0.77 and
Sp=0.82) shows the DNMF as a promising method for predicting the toxicity related side effect in
rectum.

4.3.1.2.7 Evaluation scheme and classification results obtained using
DNMF
Evaluation scheme
The 2-BFI based DNMF method differs from all the proposed methods by choosing two bases 𝑬(1)
and 𝑬(2) that maximize the distance between the means of coordinate matrices for the two classes
while minimizing their intra-class variances (using Fisher’s linear discriminant criterion - see equation
(16), chapter 3, for details). In addition, contrary to the 2-BFI based ICA (for instance), the selection of
(1)

(2)

the low rank couple (𝑅𝑙𝑜𝑤 , 𝑅𝑙𝑜𝑤 ) is not necessary for the 2-BFI based DNMF. We implemented an
exhaustive feature extraction by applying DNMF on both data sets at the different rank values 𝑅 (𝑖) ∈
+

{1,2, … , 𝐽}. The basis matrices 𝑬(𝑖) extracted at each rank 𝑅 (𝑖) ∈ {1,2, … , 𝐽} were then concatenated
into large bases 𝑬(𝑖) which would be used in the classification procedure. The choice of 𝐽 was related
to the maximal number of rank we can test with the data. Here 𝐽 = 30, because the number of
patients suffering from RB was 31 patients and the number of patients used in the training step for
rectal bleeding group was equal to 30. It is noteworthy that both learning parameters (𝛼 and 𝛽),
which determine the weight put on the Fisher constraint in the optimization process, have a
fundamental effect on the discriminant capability and representation quality of the extracted
features. High values for these parameters can help extract high discriminant features, but with less
representative quality of the original signal. The aim here was to extract some features not only
having a highly discriminant property for accurate toxicity prediction, but also enough representative
quality allowing partial 3DpDD image reconstruction for locating the rectal zone responsible for
toxicity. In this context, 20 combinations of these parameters have been tested for finding the
compromise between features’ discriminant capability and representation quality. The optimal
values, which gave the best classification accuracy but with less mean squared error in signal
reconstruction among the tests, were found to be at 1,8 × 103 for both parameters (𝛼 and 𝛽), and
used in DNMF for feature extraction. Regarding the stopping criteria, the convergence rate was set to
be 10 −5 to terminate the learning process. This stopping criterion was tuned empirically on some
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test runs. In order to inspect the enhancement brought by the integrated Fisher’s constraint in the
feature extraction, the classification based on the features extracted by the proposed DNMF method
was compared with those obtained by using a classical NMF. Note that, the same evaluation schem e
as for the 2-BFI based PCA method, namely LOOCV, was performed to evaluate the proposed
method.
Classification results
As can be seen in Table 12, thanks to the Fisher criterion, the classification rate given the 2-BFI based
DNMF method is significantly better than that given by the 2-BFI based NMF method (using classical
NMF to estimate the two bases). Indeed, the model based on NMF-features is likely prone to classify
most of the non-rectal bleeders as rectal bleeders ones, which may be a problem by generating too
many false positive results.
Table 12: Classification accuracy obtained by using the whole bases extracted by classical NMF and the
proposed DNMF for ranks ranging from 1 to 30

Methods
NMF
DNMF

Sp
0.05
0.82

Se
0.94
0.77

Acc
0.50
0.80

In addition, the results obtained by the optimal features selected by different selection criteria are
also compared. As shown in Table 13, whatever the selection criterion is, the classification based on
the selected feature are less effective compared to those obtained with the whole concatenated
basis vectors. This suggests that the DMNF-trained features are discriminant when they are used
together. This is because the Fisher's criterion has been applied to the whole feature base, but not on
any individual features during the training process.
Table 13: Classification accuracy obtained by DNMF using different criteria to select the more informative
features

Feature selection criterion
All features
MD
UMD
CR

Sp
0.82
0.55
0.55
0.48

Se
0.77
0.48
0.48
0.42

Acc
0.80
0.52
0.52
0.45

A DNMF method is introduced for classifying patient at risk of suffering from RB after PCa
radiotherapy. The proposed approach is based on NMF and Fisher's linear discriminant criterion.
More precisely, the DNMF method aims at finding two bases of vectors from the 3D non -rigidly
registered dose distributions of patients presenting or not RB: i) by imposing the nonnegativity on
both the basis vectors and coordinate matrices and, ii) by choosing two bases that maximize the
distance between the means of coordinate matrices for the two classes while minimizing their intra class variances. The comparative study shows that the proposed DNMF outperforms the classical
NMF method and reveals the necessity of imposing the Fisher's constraints.
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4.3.2 D ETERMINISTIC APPROACH
We introduced a novel method to classify patients at risk of presenting RB based on a DMA of 3DpDD
across a population. Contrary to the 2-BFI based stochastic methods, the 2-BFI based deterministic
method exploits the data without any vectorization and takes advantage on the original multidimensional structure of the data. In addition, it is totally deterministic and does not exploit the data
statics. This avoids, for instance, the estimation errors related to the small number of samples. Figure
27 depicts the different steps of the method.

Figure 27: Overview diagram of the 2-BFI approach based on deterministic method
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On feature extraction and classification in prostate cancer radiotherapy using
tensor decompositions
[Published in Medical Engineering & Physics 2015]

4.3.2.1.1 Abstract
EBRT is commonly prescribed for PCa. Although new radiation techniques allow high doses to be
delivered to the target, the surrounding healthy organs (rectum and bladder) may suffer from
irradiation, which might produce undesirable side-effects. Hence, the understanding of the complex
toxicity dose-volume effect relationships is crucial to adapt the treatment, thereby decreasing the
risk of toxicity. We introduce a novel method to classify patients at risk of presenting RB based on a
DMA of 3DpDD across a population. After a non-rigid spatial alignment of the anatomies applied to
the dose distributions, the proposed method seeks for two bases of vectors representing bleeding
and non-bleeding patients by using the CP decomposition of two fourth order arrays of the planned
doses. A patient is then classified according to its distance to the subspaces spanned by both bases. A
total of 99 patients treated for prostate cancer were used to analyze and test the performance of the
proposed approach, named 2-BFI based CP-DMA, in a LOOCV scheme. Results were compared with
supervised (LDA, SVM, K-means, KNN). Moreover, 2-BFI based CP-DMA was also compared with the
LKB NTCP model.

4.3.2.1.2 Construction of fourth-order tensor
The fourth order tensors are, directly, built from the 3DpDD of the population: an (𝑁1 × 𝑁2 × 𝑁3 ×
𝑃) array, denoted by , is constructed by concatenating the 3DpDD of the patients, where 𝑃
represents the number of individuals and 𝑁1 , 𝑁2 , 𝑁3 the number of voxel (in the three spatial
directions) as illustrated in Figure 28.

Figure 28: Illustration of the creation of fourth-order tensor using 3D planned dose distributions population

4.3.2.1.3 Material
A total of 99 patients treated for localized PCa with IMRT were included in the study. The events
were defined as RB (≥ Grade 1), at least one episode occurring between 6 months and 2 years after
RT. Patients with a history of hemorrhoids were not allowed to be scored as Grade 1 bleeding. A total
of 17 patients presented at least a Grade 1 late RB event. We propose to split the sample of data into
two complementary subsets: the training and testing sets.
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4.3.2.1.4 Evaluation scheme and classification results obtained using CPDMA
Evaluation scheme
For this method, we have split the database into two complementary subsets: the training and the
testing sets. The training consists in learning from the data, for different ranks, the vectors bases (𝟏)
and (𝟐) spanning the two vector subspaces characteristic of patients presenting or not RB,
(1)
(2)
respectively. Then, the low rank couple (𝑅𝑙𝑜𝑤 , 𝑅𝑙𝑜𝑤 ) was estimated using the Cattell’s Scree test

(described in section 2.3.1.2 in chapter 3). The MD criterion was used to select the optimal pair of
feature subsets (𝑬′(𝟏) , 𝑬′(𝟐) ). As for all methods exploiting the 3DpDD at voxel level, the Se and Sp
values were computed within a LOOCV scheme because of the size of the cohort and the low number
of positive events (i.e. 17 bleeding patients out of 99).
Classification results
(1)

(2)

(1)

The couple (𝑅𝑙𝑜𝑤 , 𝑅𝑙𝑜𝑤 ) = (5,5) was generally found from one round to another. Note that the 𝑅𝑙𝑜𝑤
(2)

and 𝑅𝑙𝑜𝑤 values were estimated by only considering the training set. The Se and Sp values obtained
(𝑖)

by using all the vectors (whole bases) extracted from the CP decomposition of  are Se=0.29 and
Sp=0.96. The Se and Sp values obtained by considering the optimal pair of feature subsets
(𝑬′(𝟏) , 𝑬′(𝟐) ) are Se=0.76 and Sp=0.89 (Table 15). The proposed CP-DMA method were also
compared to the several supervised classification techniques such as the LDA, SVM, K-means and
KNN algorithms, which also take the advantage of the spatial information through the use of the
registered 3DpDD. Concerning the structuring of the data, a vectorization of the 3DpDD was
performed. As we considered the data as a multi-way array, we also performed a comparison with
one of the approaches proposed by Phan et al.(Phan and Cichocki 2010) (orth. TUCKER-3). In this
approach, the data are arranged in 4-way tensors, and TUCKER-3 decomposition with orthogonality
constraints is computed to find the set of basis matrices and corresponding features for the train ing
data. Then, they performed a feature extraction for test samples using the basis factors found from
the training data. Finally, they performed classification by comparing the test features with the
training features using a SVM classifier. As for all the other comparative approaches, we performed it
in a LOOCV scheme. Results are given in Table 15. We also compared 2-BFI based CP-DMA (as for 2BFI based ICA method) to the LKB NTCP model. The ROC and AUC at the output of the 2-BFI based
CP-DMA algorithm and the NTCP model using the LKB NTCP parameters (given in Table 14) are
shown in Figure 29. By searching for the optimal cut-off point that more discriminates RB to non-RB
patients, the ROC curve of the LKB NTCP model provided Se=0.59 and Sp=0.40 which means that only
43/99 patients were correctly classified by means of the LKB NTCP model.
Table 14: Parameters for LKB NTCP models

TD50 (Gy)
100.38

n
0.00038

m
0.16

AUC
0.56
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Table 15: Performance comparison of unsupervised classification techniques such as CP-DMA and PCA with
supervised algorithms

Methods

Se

Sp

All features
CP-DMA (MD criterion)
LDA
SVM
K-means

0.29
0.76
0.35
0.18
0.35
0
0
0

0.96
0.89
0.72
0.79
0.77
0.79
0.93
0.99

Patients well
classified
84/99
86/99
65/99
68/99
69/99
65/99
76/99
81/99

0.18

0.82

70/99

kNN

k=1
K=2
K=3

Ort. Tucker-3
(Phan and Cichocki 2010)

Figure 29: ROC and AUC to predict 2-year grade>1 rectal bleeding for LKB-NTCP model and CP-DMA

The use of the CP decomposition in order to extract rank-1 basis vectors (features) of both subspaces
of interest mainly contributes to the good classification results. The simple classification scheme that
(𝑖)

uses straightforwardly the population data  without any vector basis identification, provides
weak results (Se = 0 and Sp = 1). In the same way, using others decompositions such as the SVD and
HOSVD (orth. TUCKER3) leading to the identification of orthogonal basis vectors, also gives poor
results (Se = 0 and Sp = 1 for the SVD approach and Se=0.18 and Sp=0.82 for the HOSVD technique).
Identification of basis vectors seems then to be necessary, with a specific structure such as the rank-1
structure. The originality of the proposed 2-BFI based CP-DMA approach is it jointly exploits the 3D
spatial patterns of dose from patients sharing characteristics by means of particular tensor
decomposition, namely the CP decomposition.
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4.4 GENERAL CONCLUSION
Models focused on the analysis of non-rigidly registered 3DpDD across a population. The goal was
here to classify patients or predict the risk of suffering from RB after PCa radiotherapy. We proposed
to use PCA to analyze non-rigidly registered dose distributions by identifying one basis of orthogonal
vectors from 3DpDD of the whole database (patients presenting or not RB) allowing for classification.
Thus, we proposed to use PCA, ICA, DNMF and CP-DMA to analyze non-rigidly registered dose
distributions. We identified two subspaces from 3DpDD of patients presenting or not RB allowing for
classification. The originality of the proposed approaches is it jointly exploits the 3D spatial patterns
of dose from patients. Representative features are extracted and used as inputs of a low
computational classifier, which compares two Euclidean distances. Although the proposed methods
extracts group characteristics from non-rigidly registered 3D dose distributions which better explains
links between patients presenting or not RB after treatment, it can also be directly applied to
different classification problems of non-rigidly aligned 3D voxel data.
In our context, the different proposed methods provide good results when using all the available
features for DNMF and when using an optimal combination of basis vectors to span each
subspace (𝒊) (investigating the three proposed criteria, namely MD, UMD and CR). The proposed
methods outperform seven other approaches, including LDA and the well-known LKB NTCP model.
For each of these methods, a different constraint provides a degree of certainty for classification
decision: orthogonality for PCA, statistical independence for ICA, discriminant nonnegativity for
DNMF and rank-1 basis vector for CP-DMA. These constraints mainly contribute to the good
classification results. Indeed, the simple classification scheme that uses straightforwardly the
population data without any vector basis identification, provides weak results (Se = 0 and Sp = 1).
Identification of basis vectors seems then to be necessary.
The observed misclassifications when using our proposed approaches may be due to the fact that for
some patients the relationship between dose and side effect is not directly established. Indeed, there
exist individual specificities related with the occurrence of toxicity such as individual radio-sensitivity,
the clinical history or other factors determined by genetic and/or epigenetic mechanisms (Defraene
et al. 2012; Rancati et al. 2011), that were not investigated in this paper. In addition, the proposed
methods also depend on the dose mapping, which aligns the whole population to a single coordinate
system (template) to be representative of a given population. Therefore, the investigation of the
alignment of all structures and the selection of the optimal template from the database to be
representative to a given population need to be performed. The good performance with respect to
the raised question, suggests however that when the dose-toxicity relationship exists an increased
classification can be achieved by exploiting the non-rigidly registered 3DpDD.
Table 16 summarizes the different classification/prediction results according to the investigated
method. Although the obtained results are promising in terms of performance, results shall be
confirmed with larger cohorts. Indeed, as reported in Table 16, the different proposed approaches
were tested on different size of cohort. Indeed, the collected data increased during the thesis. For a
throughout evaluation of the statistical power of each approach, we needed to compare them on the
same cohort. Especially, CP-DMA method even if the method exhibit prohibitive running time.
Concerning PCA method, It can be noticed that the classification scheme obtained poor results ( Se=0;
Sp=1) contrary to the prediction scheme (AUC=0.87). As explained in equation (11) (chapter 3), the
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threshold of 2 is more restrictive than when testing all possible threshold when performing the ROC
curve. The ROC curve allowed selecting this optimal threshold. In addition, the proposed methods
also depend on the dose mapping, which aligns the whole population to a single coordinate system
(template) to be representative of a given population.
Table 16: Performance comparison of each proposed approach

Proposed
approach
1-BFI

2-BFI

Objective
Classification
Prediction
Classification
Classification
Classification
Classification

Investigated
method
PCA
PCA
PCA
ICA
DNMF
CP-DMA

Feature selection
criterion
Combinatory
CR
All features
CR
All features
MD

Cohort
size
63
118
118
118
118
99

Results
Se=0.82 ; Sp=1
AUC=0.87
Se=0 ; Sp=1
Se=0.94 ; Sp=0.93
Se=0.82 ; Sp=0.77
Se=0.75 ; Sp=0.89

Notwithstanding, the proposed approaches shed some light on the difficult problem of
understanding dose-toxicity relationships and emerge as very promising approaches for feature
extraction and classification/prediction in toxicity studies after PCa radiotherapy and pave the way to
other image processing applications.
Concerning the feature extraction step, we can wonder if the basis vectors computed with the
proposed models could highlight regions where RB would be related to different dose patterns. After
the classification/prediction procedure, the next chapter is dedicated to the assessment of the
relationships between spatial features and the treatment outcome.
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5 S PATIAL CHARACTERIZATION OF PATIENTS AT RISK OF
SUFFERING FROM RECTAL BLEEDING AFTER PROSTATE CANCER
RADIOTHERAPY
In this chapter, we investigated whether the proposed models based on the 3DpDD could help
identifying regions more likely correlated with RB and if such subregions can be characterized as a 3D
dose pattern. Figure 30 depicts the averaged 3DpDD using all the information from the patients
presenting or not RB which allow to discriminate both groups. After the classification/prediction
procedures described in previous chapters we assessed the relationships between spatial features
and toxicity. To do so, we investigated the ability of the selected optimal pair of feature subsets,
computed by the different proposed approaches during the training step.
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Figure 30: Sagittal slices of the 3-dimensional mean 3DpDD using all the information of the planned dose
distribution of patients: (a) presenting RB and (b) not presenting RB overlaid on a rectum template
(common coordinate system)

5.1 GLOBAL PROCEDURE FOR FEATURE CHARACTERIZATION
(1)

(2)

Let 𝑿𝑐 and 𝑿𝑐 be the matrices representing the vectorized 3DpDD of the well-classified patients
presenting or not rectal bleeding, respectively. According to the problem formulation (equation (7),
(1)

(2)

chapter 3), we first estimate the coordinates 𝑺𝑐 and 𝑺𝑐 as follows:
(𝑖)

(𝑖)

𝑺𝑐 = 𝑬#(𝑖)𝑿𝑐 ,

(24)

∀𝑖 ∈ {1,2}

where (. )# stands for the Moore-Penrose pseudo-inverse. Then, we estimated the vectorized 3DpDD
(1)

(2)

of 𝑿𝑐 and 𝑿𝑐 using only the optimal submatrices 𝑬′(1) and 𝑬′(2), such that:
(𝑖)

(𝑖)

𝒁𝑐 = 𝑬′(𝑖)𝑺′𝑐 ,
(𝑖)

𝑺′𝑐

∀𝑖 ∈ {1,2}

(25)

(𝑖)

contain only the rows of 𝑺𝑐

corresponding to the features of the optimal bases vectors,
̅(1)
̅ (2)
𝑬′ , ∀𝑖 ∈ {1,2}. After that, we calculated two averaged (𝑁 × 1) vectors 𝒁
𝑐 and 𝒁𝑐 , and we
(𝑖)

(2)
reshaped them to obtain two averaged 3DpDD (1)
𝑐 and 𝑐 , representing the patients presenting or
not rectal bleeding, respectively. Finally, the difference between the two normalized average doses
was calculated as:
(1)

(2)

(1)

(2)

( 𝑐 , 𝑐 )=‖𝒏𝒐𝒓𝒎𝒂(𝑐 ) − 𝒏𝒐𝒓𝒎𝒂(𝑐 )‖

(26)

where 𝒏𝒐𝒓𝒎𝒂(. ) is the normalization operator yielding a value between 0 and 1. The spatial
pattern, representative of the rectal bleeding group, may then be identified by visualizing the 3D
differences.

5.2

THE 2-BFI APPROACH FOR THE IDENTIFICATION OF REGIONS WHERE RB WOULD
BE RELATED TO THE PLANNED DOSE

We highlighted the characteristics of the data which are represented by the selected basis vectors of
each group using PCA, ICA and CP-DMA for subspaces identification. Concerning the feature selection
step, the selected criterion (MD, UMD or CR) was the one associated to the higher predictive
performance. Indeed, the CR criterion was retained for the 2-BFI based PCA and ICA approach and
the MD criterion was investigated when focusing on the optimal pair of feature subsets identified
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using CP-DMA. Concerning the visualization and for sake of clarity, the overlaid prostate and rectum
of the template patient in the sagittal plane were added.

Figure 31: Using PCA for the identification of regions where RB would be related to the planned dose
(normalized mean differences between the two groups)

Figure 31 and Figure 32-c depict a sagittal slice of the 3-dimensional mean normalized differences
between the mean reconstructed 3DpDD of the two groups using PCA and ICA, respectively. These
(1)

(2)

reconstructed 3DpDD were build using the two selected subspaces of the CR, i.e. 𝑬′𝑐 and 𝑬′𝑐 .
Also, Figure 32 depicts sagittal slices of the normalized 3-dimensional mean reconstructed 3DpDD of
the well-classified patients presenting or not rectal bleeding respectively (Figure 32-(a) and Figure
32–(b) respectively). As it can be seen, a dominant pattern located in the anterior wall showed up
when focusing on the reconstruction obtained with PCA and ICA features extracted and compared to
the one obtained using all the complete information from the planning dose (Figure 30). The anterior
wall is closed to the prostate with a higher irradiated dose. Also, as the main difference lies in the
reconstructed 3DpDD of patients presenting RB using the entire planned dose in the rectum and the
selected subspaces with ICA ((Figure 32-(a))), it can suggested that this region would be related to
RB.
Considering the CP-DMA approach, for each group, we measured the similarity between the different
bases vectors derived from all the rounds of the LOOCV process through the Pearson correlation. We
then observed a median similarity score of 0.6 and 0.9 for the rectal and non-rectal bleeding groups,
respectively, versus 0.75 and 0.9, respectively, when basis vectors leading to a bad classification were
not considered to compute both scores. Secondly, for each group, we computed the median of the
basis vectors derived from all the rounds of the LOOCV process, and we reshaped it as a 3D image
(Figure 33).
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Figure 32: Using ICA for the identification of regions where RB would be related to the planned dose
Sagittal slices of the 3-dimensional mean reconstructed 3DpDD using the two selected subspaces using ICA and
the CR criterion, mean reconstructed 3DpDD of the well-classified patients (a) presenting RB, (b) not presenting
RB and (c) mean difference between the two groups

Figure 33: Using CP-DMA for the identification of regions where RB would be related to the planned dose
Sagittal view of the template, overlaid with the median 3D basis vectors characteristic of (a) RB and (b) non-RB
patients
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5.3 CONCLUSIONS AND DISCUSSIONS
The results presented in this chapter through 3D reconstructions suggest that spatial patterns
representative of the RB group may be identified. A dominant pattern located in the anterior wall
showed up as being discriminant through all the investigated approaches (PCA, ICA and CP-DMA).
The anterior wall is close to the PTV, which receives the higher dose. No reconstruction was made
using DNMF method. Indeed, the best accuracy results for this method were obtained when
considering all the features (see chapter 5 for more details).
The dominant pattern observed with the different approaches is in line with the results presented by
(Dréan et al. 2016; Stenmark et al. 2014) which revealed associations between bowel quality of life
and inferior rectal dose. Indeed, (Stenmark et al. 2014) analyzed the segmental dose volume
histogram of the rectum using a regression model. This work has revealed associations between
bowel quality of life and inferior rectal dose that could significantly influence radiation planning and
prognostic models. Dréan et al. identified rectal subregions at risk (SRR) highly predictive of 3-year RB
in PCa IMRT (Dréan et al. 2016). In this study, DVH were calculated in several rectal subregions
(especially, a generic subregion at risks performed using non-rigidly registered 3DpDD appears as
highly predictive).
Identifying such spatial patterns is crucial if we aim at selecting a therapy or orienting the planning of
dose distribution, mainly at the inverse planning systems of IMRT. Obviously, all these observations
should be confirmed with a deeper statistical analysis based on a larger cohort which will be the
object of forthcoming work.
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CONCLUSIONS
CONTRIBUTIONS OF THE THESIS
We presented different modeling strategies aiming at improving toxicity prediction following
prostate cancer radiotherapy. Using a new LR-pICA model, we integrated both clinical variables and
dosimetric parameters for toxicity prediction. Beyond the statistical significance, our LR-pICA model
modeling framework integrated a new distance-based parameter highly predictive of rectal bleeding.
The performance of this approach was demonstrated by the obtained results via the AUC values,
which were always higher than those obtained by the state-of-the-art models: the classic LKB-NTCP,
random forest and logistic regression applied to DVH and non-DVH variables and features extracted
from principal component analysis (PCA) and functional PCA. In the context of 3D dose analysis,
different models were developed. Those models focused on the analysis of non-rigidly registered
planned rectal 3D dose distributions across a population. The goal was here to classify patients at risk
of suffering from rectal bleeding after prostate radiotherapy. We proposed to use PCA to analyze
non-rigidly registered dose distributions by identifying one basis of orthogonal vectors from the
whole 3D planned dose distributions across the population (patients presenting or not side effects)
allowing for classification. Thus, we proposed to use a PCA, an independent component analysis
(ICA), a discriminant nonnegative matrix factorization (DNMF) and deterministic multi-way analysis
from canonical polyadic decomposition (CP-DMA), respectively. Thus, we identified two subspaces
from 3D planned dose distributions of patients presenting or not rectal bleeding allowing for
classification. For each of these methods, a different constraint provides a degree of certainty for
classification decision: orthogonality for the PCA, statistical independence for the ICA, discriminant
nonnegativity for the DNMF and rank-1 basis vector for the CP-DMA. The originality of the proposed
approaches lies in the jointly exploitation of the 3D spatial patterns of dose. Thus, representative
features were extracted and used as inputs of a low computational classifier, which compares only
two Euclidean distances. Another originality of this thesis is the spatial characterization of sub
regions of the rectum, which may present a higher risk of damage and likely be responsible for
toxicity. The good performance provided by the methods with respect to the raised question,
suggests that when the dose-toxicity relationship exists an increased classification can be achieved by
exploiting the 3D planned dose distributions.

LIMITATIONS OF THE WORK
One limitation of our work and in general of any statistical methodology is the data availability. The
collected data were steadily increasing during the thesis and the different proposed approaches were
tested on different cohorts. For a comprehensive evaluation of the statistical power of all the
approaches, they need to be compared on the same cohort. The data collection process was by itself
a challenge in this work, because information of rectal bleeding was recorded after 4 or 5 years, they
belong to clinical trials and were prospectively collected. The heterogeneity of the data may be
therefore a source of uncertainty. Another limitation of our work is the use of information from the
planning step and not the whole 8 weeks of treatment. Indeed, per-treatment interfraction organ
deformations were not taken into account, although a large proportion of the patients received IGRT,
limiting therefore the dosimetric uncertainty due to prostate motion. Although, recent studies show
that the dose difference between the planned dose and the estimated cumulated dose - by
deformable image registration - are smaller and close to the registration uncertainties. Interestingly,
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in the literature, rectum DVHs derived with a margin for motion (planning at risk volume) have been
shown to correlate better to late RB than conventional pre-treatment DVH.
Another issue is the joint modeling of the impact of the dose distribution shape, clinical factors and
patient characteristics. A recurrent criticism - to “classic” NTCP models - is that they lack of spatial
accuracy and the capacity to integrate both dosimetric and patient parameters, except when using
stratification. The use of models based on the entire 3D planned dose distributions goes in this
direction. However, the proposed 3D approaches lack of the capacity to integrate a significant
number of patient characteristics, and this must be matter of further research.
In the case of the proposed 3D approaches, the pattern of dose and the identified anatomical region
need also to be validated using a larger data set. The proposed methods also depend on the dose
mapping, which aligns the whole population to a single coordinate system (template) to be
representative of a given population. Thus, further work will be investigated to enhance the
alignment of all structures and the selection of the optimal template from the database to be
representative to a given population. Although the obtained results are promising in terms of
performance, results shall be confirmed with larger cohorts.
The observed misclassifications when using the different approaches may be due to the fact that for
some patients the relationship between dose and side effect is not directly established. Indeed, there
are individual specificities related with the occurrence of toxicity such as individual radio -sensitivity,
the clinical history or other factors determined by genetic and/or epigenetic mechanisms that were
not investigated in this thesis. Besides, future work will be focused on the inclusion of clinical factors
in our classification procedure in order to increase the efficiency of the methods.

Figure 34: Thesis perspectives; towards a personalized treatment by the joint used of relevant information
from big data (MRI, PET, gene expression profiles, Pro-PSA, …)
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PERSPECTIVES
The thesis perspectives is related to the joint use of relevant information (MRI, PET, patient-related
personal characteristics …) towards a personalized treatment for each patient as illustrated in Figure
34. From a methodological point of view, there is still room for improvement in the toxicity
prediction approaches proposed in this thesis. For instance, our models could be used for helping in
the prediction of other specific symptoms than rectal bleeding (such as proctitis, diarrhea ...),
requiring however bigger data bases. Furthermore, introducing an extended set of patient-related
personal characteristics, such as gene expression proﬁles, might also greatly improve the predictive
power of statistical classiﬁers, as it may bring huge independent information. No gene proﬁling was
available in our dataset to furtherly evaluate this aspect. Moreover, the spatial pattern identified
with our approaches could be exploited to develop optimization algorithms to avoid the patterns
correlated to side-effects during treatment planning. Future work should include a joint analysis of
the dose pattern and anatomical regions implied in toxicity following prostate cancer radiotherapy as
well as their use in the clinic, as for example at the inverse planning step of IMRT. From a clinical
point of view, the proposed methodologies may be finally applied to predict other radio-induced
toxicities in other tumor localizations, within the frame of radiotherapy prospective trials.

CONCLUSION
In the context of rectal bleeding prediction after prostate cancer external beam radiotherapy, we: i)
extracted relevant information from DVH and non-dosimetric variables, in order to improve toxicity
prediction compared to other existing NTCP models and ii) analyzed the spatial correlations between
local dose and side effects allowing a characterization of 3D dose distribution at a sub-organ level.
Thus, various strategies aimed at exploiting the information from the radiotherapy planning (DVH
and 3D planned dose distributions) were analyzed and developed. Firstly, based on independent
component analysis, a new model for rectal bleeding prediction by combining dosimetric and non dosimetric information in an original manner was proposed. Secondly, we have developed new
approaches aimed at jointly taking advantage of the 3D planning dose distributions that may unravel
the subtle correlation between local dose and side effects to classify and/or predict patients at risk of
suffering from rectal bleeding, and identify regions which may be at the origin of this adverse even t.
More precisely, we proposed three stochastic methods based on PCA, ICA and DNMF, and one
deterministic method based on CP decomposition of fourth order array containing planned dose CPDMA. The obtained results show that our new approaches exhibit in general better performances
than state-of-the-art predictive methods. Our 3D approaches can still be improved. Further research
aiming at integrating patient parameters to the 3D image analysis should be conducted. The
proposed approaches may be used in taoiloring personalized treatments.
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ABSTRACT
Prostate cancer is among the most common types of cancer worldwide. One of the standard
treatments is external radiotherapy, which involves delivering ionizing radiation to a clinical target, in
this instance the prostate and seminal vesicles. The goal of radiotherapy is to achieve a maximal local
control while sparing neighboring organs (mainly the rectum and the bladder) to avoid normal tissue
complications.
Understanding the dose/toxicity relationships is a central question for improving treatment reliability
at the inverse planning step. Normal tissue complication probability (NTCP) toxicity prediction
models have been developed in order to predict toxicity events using dosimetric data. The main
considered information are dose-volume histograms (DVH), which provide an overall representation
of dose distribution based on the dose delivered per percentage of organ volume. Nevertheless,
current dose-based models display limitations as they are not fully optimized; most of them do not
include additional non-dosimetric information (patient, tumor and treatment characteristics).
Furthermore, they do not provide any understanding of local relationships between dose and effect
(dose-space/effect relationship) as they do not exploit the rich information from the 3D planning
dose distributions.
In the context of rectal bleeding prediction after prostate cancer external beam radiotherapy, the
objectives of this thesis are: i) to extract relevant information from DVH and non-dosimetric
variables, in order to improve existing NTCP models and ii) to analyze the spatial correlations
between local dose and side effects allowing a characterization of 3D dose distribution at a sub-organ
level. Thus, strategies aimed at exploiting the information from the radiotherapy planning (DVH and
3D planned dose distributions) were proposed.
Firstly, based on independent component analysis, a new model for rectal bleeding prediction by
combining dosimetric and non-dosimetric information in an original manner was proposed. Secondly,
we have developed new approaches aimed at jointly taking advantage of the 3D planning dose
distributions that may unravel the subtle correlation between local dose and side effects to classify
and/or predict patients at risk of suffering from rectal bleeding, and identify regions which may be at
the origin of this adverse event. More precisely, we proposed three stochastic methods based on
principal component analysis, independent component analysis and discriminant nonnegative matrix
factorization, and one deterministic method based on canonical polyadic decomposition of fourth
order array containing planned dose.
The obtained results show that our new approaches exhibit in general better performances than
state-of-the-art predictive methods.

