BNTNU

Norwegian University of
Science and Technology

Quantitative Analysis of Vascular
Function in Malignant Tumours

A thesis presented for the degree of
Master of Science in Physics

Vidar Hemmingsen

December 2018

Supervisor: Kathrine Rge Redalen

Department of Physics
Norwegian University of Science and Technology



Preface

This thesis was written as a part of the two year master’s degree programme in physics at the
Norwegian University of Science and Technology (NTNU). The work was carried out at the
Institute of Physics at NTNU. The work was carried out during the year of 2018. This thesis
is has been a part of the bigger OxyTarget stud. Results from this thesis has also been shared
with other projects to help further the scientific work in the field of cancer research.

I would like to thank Lars Tore Gyland Mikaelsen for supplying me with the main framework
for the Matlab program used in the analysis of the immunhistochemcial images and for an-
swering my many questions about it and the field of biophysics. I would also like to thank
Ingrig Framas Syversen for providing me with her code and sharing the experience she had in
studying the MRI parameters we both worked with. Next i would like to thank Tengzhi Liu
for his help in making the tumour masks for the histological images. Finally i would like to
express my sincerest gratitude to Kathrine Rge Redalen for suggesting this wonderful thesis to
me and for guiding me through the process. It has been a great experience

NTNU, Trondheim, December 2018

Vidar Hemmingsen



Abstract

The purpose of this thesis was to investigate the vascular function of malignant tumours using
histological and immunohistochemical (IHC) sections and look for associations with magnetic
resonance imaging (MRI) and clinicopathological parameters. The vascular function of malig-
nant tumours is known to have a strong influence on the tumours response to chemoradiotherapy
(CRT) and much of this is attributed to tumour hypoxia and its reduction of radiation effective-
ness through the oxygen effect. There is currently no methods applicable in the clinical setting
to assess tumour hypoxia. MRI has been proposed as a potential non-invasive imaging modality
that could assess tumour hypoxia and MRI machines are already in widespread clinical use.
To study the validity of the data from an MRI the study of IHC images could be used. Images
from histological and THC sections have been used to study tumour vasculature for some time,
but the varying methods used by different research groups make the results hard to compare.
As a result of these problems automated computer programs have been developed.

103 patients with rectal cancer underwent static 75 -weighted MRI and dynamic susceptibility
contrast (DSC) MRI before CRT and surgery. The static R} (the reciprocal of T5) was calcu-
lated from the T35 -weighted images. Dynamic R} time curves were derived from the DSC data,
before the peak value (Rj-peake,,) and the area under the curve (R3-AUC) were calculated.
The MRI data was then correlated with clinicopathological parameters. The study for the
[HC parameters focused on digitized images of histological and IHC samples. The investigated
parameters are obtained through an automated computer program developed in Matlab. The
[HC analysis was performed on a substudy of 39 of the patients in the total cohort, the images
were analysed and parameters were generated. The results from the IHC images were correlated
with the MRI data and clinicopathological parameters.

In the analysis of the MRI data, significant results were found for Rj-peak.,, and R3-AUC.
Four significant results were found for the parameter R3-AUC (p = 0.008 — 0.047). High time
intervals had higher amounts of significant results than the lower ones. Rj-peak.,, was found
to correlate with nodal metastasis (p = 0.024). From the correlation between IHC data and
MRI data, the parameters microvessel density (MVD) (p = 0.037), inter capillary distance
(ICD)(p = 0.004) and vessel size (p = 0.008) were found to be significantly correlated with Rj.
Vessel size was also correlated with R3-peake,, (p = 0.034) and several strong trends for other
parameters were also found. Many of the parameters that have been suggested as prognostic fac-
tors in the literature showed good trends towards significance in the analysis or were significant.

In conclusion this thesis found a handful of significant results and most seem to be in line with
what is indicated in the literature. However the small number of patients makes it difficult to
draw any clear conclusions based on the results. Studies with larger patient groups should be
done to verify that the results are indeed correct and a larger quantity of significant results, is
then likely to be found. Finally, this thesis has demonstrated the use of an automated com-
puter program in the analysis of IHC images. This should be the main method for studying
IHC images for the future to ensure that similar methods were used when researchers want
to compare results. Additionally the automated system removes any subjective bias from the
process and enables larger amounts of data to be analysed.



Sammendrag

Formalet med denne avhandlingen var a undersgke den vaskulsere funksjonen i ondartede svul-
ster ved hjelp av histologiske og immunohistokjemiske (IHC) snitt og se etter assosiasjoner med
magnetresonanstomografi (MR) og klinisk-patologiske parametere. Den vaskulaere funksjonen
av ondartede svulster er kjent for a ha en sterk innflytelse over kreft sin respons pa kjemora-
dioterapi (CRT), og mye av dette tilskrives tumorhypoksi og reduksjon av stralingseffektivitet
gjennom oksygeneffekten. Det finnes for gyeblikket ingen metoder som er anvendelige i klinisk
praksis for a vurdere tumorhypoksi. MR har blitt foreslatt som en potensiell ikke-invasiv av-
bildningsmodalitet som kan vurdere tumorhypoksi og MR-maskiner er allerede i omfattende
klinisk bruk. For a studere validiteten av dataene fra en MR kan man bruke IHC-bilder. Bilder
fra histologiske- og IHC-snitt har veert brukt til a studere svulster i en hvis tid, men de ulike
metodene som brukes av ulike forskningsgrupper gjgr at resultatene er vanskelige a sammen-
ligne. Som et resultat av disse problemene har det blitt utviklet automatiserte dataprogrammer.

103 pasienter med endetarmskreft gjennomgikk statisk 75-vektede MR og dynamisk sensi-
tivitetskontrast (DSC) MR for de fikk CRT og kirurgi. Statisk R} (den resiproke av 73) ble
kalkulert fra de Tj-vektede bildene. Tidskurver for dynamisk Rj ble funnet fra DSC-dataene,
for toppverdi (Rj-peake,s) og arealet under kurven (R3;-AUC) ble kalkulert. MR-dataene ble
deretter korrelert med klinisk-patologiske parametere. Studien av IHC parameterne fokuserte
pa digitaliserte bilder av histologiske og IHC prgver. De undersgkte parameterne ble generert
gjennom et automatisert dataprogram utviklet i Matlab. Bildene fra 39 pasienter ble analysert
and parametere ble generert. Resultatet fra IHC bildene ble korrelert med MR-dataene og de
klinisk-patologiske parametere.

I analysen av MR-dataene ble det funnet signifikante resultater for R3-peak.,, og R3-AUC.
Fire signifikante resultater ble funnet for parameteren R3;-AUC (0.008 —0.047). Intervaller med
hgyere tider hadde flere signifikante resultater enn de lavere tidsintervallene. Rj-peak.,; ble
funnet til a korrelere med pN (p = 0.024). Fra korrelasjonen mellom IHC data og MR data, ble
det funnet at microare tettheten (MVD)(p = 0.037), interkapileer distanse (ICD)(p = 0.004)
og arestorrelse (p = 0.008) hadde signifikante korrelasjoner med Rj. Arestgrrelsen ble ogsé
korrelert med Rj-peake,, (p = 0.034) og mange sterke trender ble funnet for andre parametere.
Mange av parameterne som har blitt foreslatt som prognostiske faktorer i litteraturen viste
gode trender mot signifikans eller var signifikante.

For a konkludere, sa fant denne avhandlingen en handfull med signifikante resultater og de
fleste synes a veere i trad med hva som har blitt indikert i litteraturen. Allikevel, det lave
antallet av pasienter gjgr det vanskelig a trekke noen klare konklusjoner basert pa resultatene.
Studier med stgrre pasientgrupper burde gjennomferes for a verifisere at resultatene i denne
avhandlingen er korrekte og en stgrre mengde signifikante resultater burde bli funnet da. Til
slutt, denne avhandlingen har demonstrert bruken av automatiserte dataprogrammer i analy-
sen av [HC bilde. Dette burde veere hoved metoden for a studere IHC bilder i framtiden for a
forsikre at like metoder blir brukt nar forskere vil sammenligne resultater. I tillegg, fjerner det
automatiserte systemet subjektiv subjektiv vurdering fra prosessen og gjor at stgrre mengder
data kan bli analysert.
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1 Introduction

GLOBOCAN, Global Cancer observatory, a project of the International Agency for Research
on Cancer (IARC), estimates that in 2018: ”There will be an estimated 18.1 million new can-
cer cases (17.0 million excluding non-melanoma skin cancer) and 9.6 million cancer deaths (9.5
million excluding nonmelanoma skin cancer) in 2018” [13]. Specifically it estimates that 1.8
million new colorectal cancer cases and 881,000 deaths form colorectal cancer in 2018. This ac-
counts for 10% of cancer cases and deaths. Colorectal cancer is the third most common cancer,
but has the second most mortalities. Norway has the 4th highest rate of colorectal cancer rates
per 100,000. When adjusted for sexes, Norwegian men had the 10th highest rate with 46.9 per
100,000, while Norwegian women had the highest rate of all women with 39.3 per 100,000 [13].
This puts the estimate number of new cases of colorectal cancer for males at around 1600 and
1500 for females, in 2018.

Rectal cancer is a subgroup of colorectal cancer and is cancer of the lower part of the large
intestine. In an adult human the rectum is approximate 12 cm. In 2017 there were 1325 cases
of rectal cancer in Norway. The mortality rate was in 2016 6.1 for women and 9.9 for men
per 100,000 persons per year and the survival in the period 2013-2017 was 69.4% for women
and 68.9% for men [19]. The frequency of local recurrence has been greatly reduced after the
introduction of total mesorectal excision (TME) surgery for rectal cancer patients. However,
still about 10% of the patients experience a local recurrence [47].

The main treatment of rectal cancer is surgery, but neoadjuvant chemoradiotherapy (CRT) is
added for patients with locally advanced disease [39] [46]. There is however large individual
variation in the response to treatment. Today treatment is individually adapted, but further
adaptation would be hugely beneficial. One of the major obstacles in successfully treatment
is the development of metastasis. A well known contributor to metastasis is the presence of
hypoxia (oxygen deficiency) [44]. However, a remaining challenge is that there exist no clini-
cally useful tools for reliable cancer-hypoxia detection at the time of diagnosis. If the presence
and extent of hypoxia could be measured before treatment, different actions could be taken
to combat hypoxia, reduce the probability of metastatic development and thereby improve the
treatment outcome and increase survival. Currently there are no proven and reliable methods
of doing this in clinical practice, but there is a lot of research being done within this field.

One method being researched for hypoxia assessment is functional magnetic resonance imaging
(fMRI) [20]. The field of MRI has made large technological advances in the last decades and
imaging the functions of tissue environments is now a possibility. Blood with low oxygen con-
centration is more sensitive to magnetism than blood with higher oxygen concentration. Due
to this effect it is possible to visualize the distribution of blood with different oxygen concentra-
tions, this is known as BOLD (blood oxygenation level dependent) signal. In hypoxic regions
this should generate signal differences when imaging normally oxygenated and hypoxic tissue
and enable fMRI to visualize the hypoxia. This has been shown in some cancer types, mainly
brain cancer, but not in rectal cancer [40] [21].

Tumour hypoxia is a consequence of the underlying vascular system and its shortcomings. By
studying the vascular system and its properties more information about the tumour can be
gained and further help investigate the conditions and triggers for tumour hypoxia. This is
often done through histology, where the tumour is studied in a microscope after it has been
surgically removed, sectioned into slices and prepared for imaging in the microscope. In what
is called immunohistochemistry (IHC), the tissue can be stained with dyes attached to proteins
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and antibodies to visualize the presence and locations of different proteins, cells and enzymes
within the tissue. This can be done to study the vascular system of the tumour as well as hy-
poxia. This provides a way to compare the physical tumour with the images created in the MRI.

In this thesis I[HC-analysis of tumour tissue sections was compared with functional MR images
from the same tumours, in order to investigate whether MRI non-invasively and quantitatively
could assess the vascular function of the tumours. The study was conducted in 113 rectal cancer

patients; where 52 where referred to surgery alone whereas 61 patients underwent neoadjuvant
CRT. The objectives were:

e To calculate MRI parameters from hypoxia-related dynamic contrast-based MRI.

To look for association between the MRI parameters and clinicopathological parameters.

To identify and extract tumour regions from histological images.

To estimate vascular parameters of the tumour regions based on THC.

To look for associations between vascular parameters from [HC and clinicopathological
parameters.

e To look for associations between vascular parameters from THC and MRI.

The thesis will continue with relevant theory, this includes MRI and histology theory as well as
cancer biology. Thereafter an overview of the methods and materials are given before the re-
sults are presented along with a discussion of the strengths and weaknesses as well as relevance
to other research. There will also be suggestions on how this research can be continued and ex-
panded upon and in the appendix the Matlab scripts used and the full result tables are attached.
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2 Theory

2.1 Cancer

Cancer is a group of related diseases with the common property that cells of some part of
the body divide without stopping and spreads to surrounding parts of the body. Under nor-
mal circumstances cells grow and divide to generate new cells when the body needs them,
for instance when cells grow old or when they are damaged, they die and new cells can take
their place. Cancer disrupts some of these processes and therefore affected cells do not die
when they are supposed to, and create new cells although they are not needed. The creation of
new cells can cause uncontrolled growth and may form solid tumours which are masses of tissue.

Tumours are classified into two groups: Malignant and benign. Malignant tumours can
spread into surrounding tissue thereby increasing the area affected. They can also spread to
other parts of the body, this is known as metastasis and happens if a part of the tumour breaks
of and is caught up in the blood or lymph system and is transported to a different part of the
body. Benign tumours do not spread; this makes them somewhat less dangerous as long as
they are not located near a vital organ, for instance a brain tumour is life threatening, but a
tumour in foot is not directly life-threatening. When a benign tumour is removed it will usually
not return, as long as the entire tumour is removed.

Cancer is caused by changes in the genetic information that controls the cells function. This can
arise for example through a fault in DNA replication during the cell cycle or by environmental
exposure such as ionizing radiation or chemicals.

2.2 The Hallmarks Of Cancer

In 2000, Douglas Hanahan and Robert A. Weinberg released a review article explaining
what they thought to be the six hallmarks of cancer. In the discussion it is implied that as
normal cells evolve progressively towards a neoplastic state they acquire these hallmarks in
one order or another. In 2011, they published an expanded version of their framework for
understanding neoplastic disease where new hallmarks are included as well as their enabling
characteristics. They also suggest that the biology of tumours can only be understood by
studying and understanding the specialized cell types within tumours as well as the tumour
micro-environment.

The hallmarks of cancer are:

Sustaining Proliferative Signalling. One of the fundamental properties of cancer is the abil-
ity to sustain chronic proliferation. In normal tissue the release of growth signals determines the
proliferation of cells and is very carefully controlled. When growth signals are exposed to a cell
culture, proliferation is observed. In contrast, tumour cells in culture show a largely decreased
dependence on this external growth stimulation for proliferation. This indicates that tumour
cells may generate their own growth signals. Although relatively little is known about how
proliferative signals operate in healthy tissue, we do know quite a bit about how they operate
in cancer cells. Cancer cells can acquire proliferative signalling in a few alternative ways: They
can produce growth signalling molecules themselves, which reacts with their related receptors.
They can send signals to normal cells to stimulate them to supply growth signals. Or by increas-
ing receptor proteins at the cancer cell surface, this has the effect of increasing the sensitivity of
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of the cell to growth signals, and therefore very small amounts would be needed for proliferation.

Evading Growth Suppressors. In healthy tissue there are also systems that help control
proliferation by inhibiting growth. These systems are often controlled by tumour suppressor
genes, which encode special proteins (TP53- and Retinoblastoma-related (RB)-protein). These
proteins control cells progression to growth and division phases, as well as checking the cells
micro-environment and genome damage. If the micro-environment is suboptimal or there is
genome damage the proteins halt the cell-cycle progression until the conditions improve. If
there is extensive damage to the the genome, programmed cell-death, called apoptosis, is trig-
gered by the proteins. If there are defects in the functions of these proteins or they are circum-
vented cancer cells will not be stopped from proliferating. It is not stated how or why cancer
cells evade these systems. However the signalling molecule tumour growth factor beta, (TGF-
), which is known for its anti-proliferative effects, has been seen to be redirected away from
suppressing cell proliferation to activate a cellular program termed epithelial-to-mesenchymal-
transition (EMT), in late stage tumours. In this program epithelial cells lose their cell polarity
and cell-cell-adhesion to gain mobility.

Resisting Cell Death. Cell population is determined not only by cell proliferation but also
cell attrition. One major source of cell attrition comes from apoptosis, programmed cell death.
Apoptosis is a latent program that is present in virtually all cell types of the body. Once trig-
gered a series of steps takes place, the cell membrane is disrupted, the cytoplasm and nuclear
skeleton is broken down, the intracellular fluid is fragmented and in the end the cell remnants
are consumed by nearby cells. too. Tumour cells have many different strategies to circumvent
apoptosis. Most common is the loss of protein tumour suppressing functions that monitor
critical damage in the cell. Other means are to increase the expression of anti-apoptotic reg-
ulators or of survival signals, by down regulating pro-apoptotic factors, or by short-circuiting
the signalling-molecule-induced death pathway.

Necrosis is a another form of cell death and in contrast to apoptosis, were the cell dissolves
and disappears calmly, necrotic cells become bloated and explode spreading their contents
into the local micro-environment. Necrosis releases pro-inflammatory signals into the micro-
environment, and as such can recruit inflammatory cells of the immune system. The function
of these immune cells is to survey the tissue damage and clear necrotic debris. However in
cancer cells, immune inflammatory cells can be actively tumour promoting as they encourage
angiogenesis and cell proliferation.

Enabling Replicative Immortality. In most normal tissue, cells are only capable of passing
through a limited number of successive cell cycles. Once beyond this number the cells end up
in one of two states, senescence, a non-proliferative state and crisis which ends in cell death.
Sometimes cells can pass through the state of crisis without dying, this has been termed im-
mortalization, it is indicated that the protection of the chromosome ends, the telomeres, is
involved in this process. The length of the telomeric DNA in a cell dictates how many succes-
sive cell generations it can have. Telomerase, a specialized DNA polymerase, can add segments
to telomeric DNA. It is almost absent in non-immortalized cells but expressed in high levels in
spontaneously immortalized cells as well as human cancer cells. This indicates that tumours
have the ability to maintain telomeric DNA at lengths that allow them to avoid crisis and
apoptosis by up-regulating telomerase.

Inducing Angiogenesis. Tumours just as normal tissue requires nutrients and oxygen, as
well as removal of wastes and carbon dioxide. These needs are addressed by the vasculature
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generated through angiogenesis. The ability for neoplastic cells to initiate and sustain angio-
genesis is purposed to be gained in one or more discrete steps. This is termed the ”angiogenic
switch”. This switch seems to be activated in early to mid-stage lesions. Evidence also indi-
cates that this switch is controlled by factors that offset each other to either induce or oppose
angiogenesis. Vascular endothelial growth factor-A (VEGF-A) is a gene that encodes signalling
molecules involved in generating new blood vessels, and is one known angiogenesis inducer,
another inducer is fibroblast growth factors 1 and 2 (FGF 1/2). Thrombospondin-1 (TSP-1)
is known as a angiogenesis inhibitor. Some tumours activate the angiogenic switch by increas-
ing expression of VEGF and or FGFs, while in others expression of inhibitors like TSP-1 are
down-regulated.

There are indications that neo-vascularization is a necessity for rapid clonal expansion leading
to macroscopic tumours, as anti-VEGF antibodies has been shown to impair neo-vascularization
and subcutaneous tumour growth in mice.

With this chronically activated angiogenesis and an unbalanced mix of angiogenic signals the
vasculature generated in tumours is convoluted, with distorted and enlarged vessels, erratic
blood flow, leakiness and with abnormal levels of endothelial cell proliferation and apoptosis.

Activating Invasion and Metastasis. As cancers develop towards higher pathological grades
of malignancy the cancer cells usually develop changes in their shape, attachment to other cells
and the extracellular matrix (ECM). The frequently observed down-regulation or mutational
inactivation of E-cadherin, a key cell-to-cell adhesion molecule, in human carcinomas provides
compelling evidence toward its role as a key suppressor of metastasis and invasion. Genes en-
coding adhesion molecules have also been seen to be altered in highly aggressive carcinomas.

The process of invasion and metastasis has been depicted as a multi-step process termed the
invasion-metastasis cascade. The succession of cell-biologic changes in this process are local in-
vasion, then the invasion of cancer cells through the basal membrane into a blood or lymphatic
vessel, passing cancer cells through the lymphatic and hematogenous systems, the cells then
escape out of this system to distant tissues, formation of small nodules of cancer cells, finally
growth into macroscopic tumours. A program referred to as Epithelial-mesenchymal transition
(EMT) has been suggested as a means for epithelial cells can gain the ability to resist apoptosis,
invade and spread. It appears that factors that induce EMT can arrange for most of the steps
in invasion-metastasis cascade, except for colonization.

Reprogramming Energy Metabolism. In order to fuel the uncontrolled cell proliferation
adjustments to energy metabolism are required. Under aerobic conditions normal cells process
glucose and under anaerobic conditions glycolysis is favoured. Cancer cells can reprogram their
glucose metabolism and use mostly glycolysis, even in the presence of oxygen. This state is
therefore called the "aerobic glycolysis”. This method of metabolism is however much less
efficient. To compensate cancer cells up-regulate glucose transporters, increasing the glucose
import into the cytoplasm. The use glycolysis can be amplified under hypoxic conditions, which
is present in many tumours, thus tumour hypoxia can increase the levels of hypoxia inducible
factor one alpha, HIF1 «, and HIF2 « which increases glycolysis. The reason for this switch
in energy production is still not fully known, one hypothesis is that glycolysis allows the dis-
tribution of glycolytic intermediates into different pathways like ones that produce blocks for
new cells.

Evading Immune Destruction. The immune system monitors cells and tissues, and is re-
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sponsible for finding and removing most developing cancer cells. Solid tumours have managed
to avoid detection or have been able to limit the immunological eradication. This is seen from
the fact that in mice, with genetically induced deficiencies of the immune system, tumours
emerged and grew faster relative to mice with normal immune systems. In addition when
cancer cells grown in immunodeficient mice is transplanted into mice with normal immune
systems the cancer cells are inefficient at creating secondary tumours relative to cancer cells
grown in immuno-competent mice. This has been interpreted as cancer cells in normal hosts
are frequently eliminated leaving only behind the strains that can grow in immuno-competent
environments. This is known as ”immunoediting”. Anti-tumour immune responses can also be
seen in some forms of human cancer. Patients with colon and ovarian tumours that have high
levels of immuno-killer cells have better prognosis than those who lack this abundance.

Enabling Characteristics. The hallmarks mentioned are gained through two enabling char-
acteristics. The most notable being genomic instability which creates mutations in the DNA.
The second characteristic is the inflammatory state which serves to promote tumour progression.

Genome Instability and Mutation. For neoplastic cells to gain the hallmarks previously
discussed there needs to be changes to their genomes. Therefore the multi-step process which
is tumour progression can be viewed as a series of chance acquisitions of an enabling mutant
genotype. Some steps may also be triggered by non-mutational changes affecting the regulation
of gene expression. In order to achieve the number of mutational changes needed for tumouri-
genesis cancer cell increase rates of mutation by breaking down one or several components of
the genomic maintenance system or the systems that survey the genomic integrity of cells.

Tumour-Promoting Inflammation. It is clear that virtually all neoplastic lesions contains
immune cells from subtle infiltration to large inflammations apparent even by histochemical
staining techniques. Inflammation can add to several hallmarks by providing active molecules
to the tumour-environment, like growth factors, survival factors, pro-angiogenic factors, sig-
nals that lead to activation of EMT and enzymes that facilitate angiogenesis, invasion and
metastasis. Inflammation is in some cases noticeable at the early stages of tumour progres-
sion and able to foster the development into fully developed cancers. In addition inflammation
releases reactive oxygen that is mutationally accelerating the genetic progression to malignancy.

The Tumour Microenvironment. The understanding of tumour biology has shifted from
the simple view of tumours, as a collection of homogeneous cancer cells whose biology could be
fully understood by explaining the properties of these cells, to being recognized as organs whose
complexity is close to or may exceed normal healthy tissue. Therefore the interplay between
different biological systems and agents must be understood to create a holistic picture of cancer
cells.

2.2.1 Tumour Node Metastasis System

The tumour-node-metastasis (TNM) classification of malignant tumours is a recognised stan-
dard for classifying the extent and spread of cancer. T describes the size of the original tumour
and also describes if it has invaded nearby tissue. Accordingly, TO means no evidence of tumour,
whereas T1, T2, T3, T4, are increasing size or extension of the primary tumour. Sometimes
extra identifiers are added to describe differences. For colon cancer, T4a means that the tumour
perforates the colon lining and T4b means that the tumour directly invades other organs or
structures. N describes nearby lymph nodes that are involved. NO means no regional lymph
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nodes metastasis, whereas N1 means regional lymph node metastasis present at some sites,
tumour spread to closest or small number of regional lymph nodes. N2, tumour has spread to a
large extent. M describes distant metastasis, M0, no distant metastasis, M1, metastasis found
in distant organs. In rectal cancer metastasis is most frequently found in the liver and the lungs.

TNM stage determined by MRI is denoted mrT mrN. TNM stage determined by pathology of
the specimen after oncologic treatment, is denoted ypT ypN. For patients without treatment
the pathological TNM stage is pT and pN.

Tumour regression grade (TRG) is a measure of the response to noeadjuvant CRT in locally
advanced rectal cancer The TRG is determined by a pathologist after the tumour has been
surgically removed. The TRG used in this study has been scored using the grading defined by
American Joint Committee on Cancer (AJCC) AJCC/CAP (The College of American Pathol-

ogists) [2].

Tumour Regression Grade (TRG)
No viable cancer cells (total regression, strong response)
Small group/groups of cancer cells (nearly total regression, moderate response)
Residual cancer with fibrous growth (moderate regression, low response)
Little to no tumour cells killed (minuscule regression, poor/no response)

W N = O

Table 1: Table explaining the different stages of tumour regression grading

2.3 Vascularization

The vascular system transports oxygen and nutrients around the body as well as removing
waste products created by the cells. The essential parts of the vascular system are: the heart,
the blood and the blood vessels. The latter are divided into arteries, veins and capillaries.
The arteries transport oxygenated blood from the heart out to the body and veins transport
de-oxygenated blood back to the heart. The arteries branch out into smaller vessels called
arterioles, which then branch out into capillaries again. The capillaries deliver blood to the
cells. The capillaries branch back together in venules, which branches back to the veins, after
passage through body tissues. Vascular endothelial cells are found lining the entire circulatory
system, from the heart to the capillaries. Endothelial cells are cells that line the inside surface
of blood vessels and lymphatic vessels, they form a barrier between the blood or lymph in the
vessel and the vessel wall.

To develop the vascular system the body employs different processes. There are three different
processes of angiogenesis, which is the formation of new blood vessels, in normal tissue: Vascu-
logenesis is the process were blood vessels are created where no pre-existing ones exist, this is
what creates the beginning of the vascular system in embryos. Next, sprouting angiogenesis is
the formation of new blood vessels from pre-existing vessels. Finally there is intussusception,
or splitting angiogenesis, were pre-existing vessels split to create new vessels. The two later
process will be of the most interest.

Sprouting angiogenesis is the typical form of angiogenesis and accounts for most of the the new
vessels in adults [49]. In sprouting angiogenesis endothelial cells from existing blood vessels
travel to the surrounding tissue and forms solid sprouts that connects back to the existing ves-
sels to supply avascular areas [1L With the exception of vascular remodelling during ovulation,



2 THEORY 17

wound healing and weight gain (muscle, fat or other), no changes in the vascular system of
healthy tissue is generally needed.
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Figure 1: Illustration of sprouting angiogenesis in the vecinity of toumour cells. Recreated with
permission from [7].

In tumours more blood vessels are needed to supply the generation and maintenance of new
cells. As a consequence, most of the insight into angiogenesis has been gained because of an-
giogenesis’ large role in tumour development and tumour vascularization.

2.4 Tumour Vascularization

For the tumour to generate new blood vessels the angiogenic switch must be turned on, as dis-
cussed earlier in[2.2l When activated and other supporting factors are achieved the formation of
blood vessels takes place through the two aforementioned modes of vessel generation. However
tumours also have two additional modes of vessel acquisition, these are non-angiogenic modes
of vessel acquisition that exploit pre-existing vessels. Non-angiogenic tumour growth was over-
looked for a long time, but is now suggested as one of the reasons why anti-angiogenic drugs
have been somewhat infective in countering tumour growth and progression ﬂgﬂ Non-angiogenic
tumours are most often found in the lung, liver and brain, but a mixture of non-angiogenic
and angiogenic areas is most likely to be found in almost all tumours. It should also be noted
that in most tumours both angiogenic and non-angiogenic areas are present within the same
tumour, and that angiogenic and non-angiogenic lesions can appear at different times during
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(d) Destabilization (e) Regression and (f) sprouting angiogenesis. The roles different signalling
molecules and proteins is shown for each process. Recreated with permission from .

the progression of cancer or in response to treatment ﬂgﬂ Also non-angiogenic neoplastic
cells are highly metastatic and are associated with increased motility and the ability to invade
surrounding tissues.

The two modes of non-angiogenic vessel acquisition are:

Vessel co-option, here the tumour cells infiltrate the pre-existing blood vessels by fusing with
existing vessel cells. The term vessel co-option was first used by Holash and colleges in 1999
to describe how tumour cells were observed to exploit pre-existing vessels rather than in-
ducing angiogenesis. Much of the knowledge about how vessels are co-opted comes from brain
tumours. In the process of co-option tumour cells need to travel towards vessels. In slices of
rat brain it was shown that an activator of matrix metalloproteinases (MMPs) is expressed
from brain-cancer cells and act as a chemo-attractant to guide the cell towards blood vessels
. The mechanisms by which the tumour cells interact with pre-existing vessels has also been
investigated, but not yet fully understood. Caspani and colleges seeded glioblastoma cells (ag-
gressive brain cancer cells), on mouse brain samples and showed vascular co-option within 15
hours . The tumour cells developed contacts with vessel cells through special protein-based
extensions, the results also indicated that cell division control protein 42 (CDC42) and CD44, a
cell-surface glycoprotein involved in cell—cell interactions, cell adhesion and migration, support
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vessel co-option by enabling fusion with the vessel cells.

Vasculogenic mimicry. In 1999 Maniotis and colleges found vessel-like structures, in highly
aggressive and metastatic melanomas, which were highly patterned. In these structures blood
cells were detected, but endothelial cells were not. They also found that this structure, un-
like those from angiogenesis, was lined by tumour cells. The vessel like structures were called
"VM’, vasgulogenic mimicry, [1]. Since then it has been found that many molecule mechanisms,
especially vascular endothelial cadherin (VE-cadherin), ephrin type-A receptor 2 (EphA2),
phosphatidylinositide 3-kinases (PI3K), MMPs, vascular endothelial growth factor receptor 1
(VEGFR1) and HIF-1« , are involved in VM formation [34].

The channels formed through VM are not vessels but are made up of tumour cells mimicking
normal endothelium. VM plays an important role in tumour growth by providing a perfusion
pathway for blood and nutrition to the tumour as tumour cells lining these channels are directly
exposed to blood. These systems facilitate a pathway for tumour growth without invoking the
angiogenic switch, and may therefore be a way for tumours to continue their growth without the
regular angiogenic pathways. VM'’s characteristics are as follows: Positive Periodic acid-shiff
(PAS) staining and negative CD31 staining (endothelial cell adhesion molecule), the channel is
lined by tumour cells, the expression of a stem cell-like phenotype, ECM remodelling and VM
connects to the tumour circulation system, providing blood for tumour growth. VM has been
linked with poor prognosis and shorter 5-year survival, in addition cancer patients with VM
tend toward tumour metastasis.

2.4.1 General Tumour Vasculature Characteristics

Although vasculature can be generated through the same processes as in normal tissue, the bal-
ance of pro-angiogenic and anti-angiogenic factors as well as other vascular forming molecules
and signalling factors are not controlled as they would be in normal tissue. This comes from
the alterations neoplastic cells have made to their genomes. As a result tumour vasculature
has different characteristics form normal vasculature. One consequence is that tumour vascula-
ture has no clear classification into arterioles, venules or capillaries [3] [23]. Further the vessels
have different characteristics that separate them from normal vessels, these are described below.

Tumour vessel permeability: It is well known that tumour vessels have high permeability
[15]. This causes blood from the vessels to leak into the extracellular space. The reason for this
permeability is that the diameter of the vessels are irregular and the walls are thin, in addition
the walls are poorly developed and often have a discontinuous endothelial lining leading to
holes in the vessel.

Defective Endothelial layer: Tumour endothelial cells have irregular shapes and sizes as
well as poor organization, which can cause the cells to penetrate the vessel walls creating small
finger-like holes. This in turn may lead to blood pooling up in the form of blood lakes.

Blood Lakes: Because of the permeability of the tumour vessels larger bodies of blood may be
created, known as blood lakes. These blood lakes seem to not be in contact with the vascular
system.

Tumour vasculature morphology: The formation of blood vessels in tumours is fast, un-
regulated and non-systematic therefore it becomes very chaotic and inconsistent. The tumour
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Figure 3: Illustration of normal (left) and cancerous (right) vasculature. In normal tissues,
red vessels indicate oxygen-rich feeding arteries and arterioles, blue vessels are veins carrying
deoxygenated blood and the connecting regions are the capillary stage with mixed colour. In
cancerous tissues, slow blood flow is indicated by reduced colour intensity. Recreated with

permission from .
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Figure 4: Illustration showing the blood vessels from normal (left) and tumour (right) vascu-
lature. It also shows defects in the endothelial layer of tumour vessels. In a normal vessels
endothelial cells for a tight grid. In tumour vessels the endothelial cells sprout and branch
uncontrolled leading to a defective endothelial layer. The poor structure leads to gaps that can
cause leakage. Recreated with permission from .

endothelial cells often present excessive branching and. This can cause areas of the tumour to
become chronically-hypoxic this is explained in section [2.5

Irregular blood flow: Because of the changes to vessel stability relative to normal vessels, tu-
mour vessels have chaotic blood flow that changes in magnitude and may even reverse direction.
Some vessels are not even perfused with blood at all. This is caused by the fact that the density
of vessels may rise in bursts during the early stages of tumour development while decreasing in
larger tumours when tumour growth is larger than the rate of blood vessel formation [10].
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2.5 Hypoxia

Hypoxia refers to the oxygen deficiency that arises when a cell or part of the body is receiving
less oxygen than it is consuming. The types of hypoxia are usually divided into two groups:

Acute hypoxia can occur when blood flow is restricted or absent in an area of the body, this
can take place for many different reasons, but in tumours it is usually caused by the irregular
blood flow. The malformed vasculature of the tumour also causes temporary closing of blood
vessels from time to time and this can lead to acute hypoxia. Other reasons could be collapsed
vessels or vessels that are to small being blockaded by tumour cells or red blood cells. An
illustration is shown in figure . Dewhirst and colleges studied acute hypoxia [30] and found
vessels that experienced unstable flow magnitude and direction, in these the vessels would be
empty for only a few seconds at a time. Other vessels experienced cyclic patterns of acute
hypoxia in intervals of 20-60 minutes. Finally 9% of vessels had very low or absent red blood
flow over longer periods.

Chronic hypoxia is when a part of the body is not getting enough oxygen on a consistent
basis, this can occur if the vascular system is not well constructed in some part of the body.
An illustration is shown in figure[5] If there is a poorly organized capillary system, like in most
tumours, some cells are too far from the vessel for the oxygen to reach it. This typically occurs
at around 100-190 microns from the blood vessel [32]. Many factors influence the distance
which oxygen can diffuse, like the ability of haemoglobin to release oxygen, the intra-vascular
pressure gradient, the use of oxygen by cells close to the blood vessel as well as the amount of
oxygen in the blood in the vessel. If cells are completely deprived of oxygen for a long period,
they will become necrotic and die. Necrosis indicates a more severe diagnosis, because of the
complicating role of hypoxia as well as its role in malignant tumour progression.

For human tumours its likely that there exists regions with both acute and chronic hypoxia
and both have been described in pre-clinical models [28] [29]. One of the primary consequences
of acute hypoxia in tumours is the increase in HIF-1 activity [50] [14].

2.5.1 Consequences of Tumour Hypoxia

Hypoxia is very important to consider when treating a tumour with radiotherapy, this is because
the amount of oxygen in the tissue will greatly affect the effectiveness of radiation as well as
affecting cells metabolism and cell cycle progression. The change in radiotherapy effectiveness
as a consequence of oxygen is known as the oxygen effect. It is caused by the fact that radio-
therapy with photons heavily relies on oxygen to create damage in the DNA via the creation of
free radicals. The creation of free radicals is indirect damage to the DNA and is caused by the
incoming photon interacting with an electron. The electron then interacts with other molecules
like water to create free radicals. The free radicals can then diffuse far enough to damage the
DNA, if there is oxygen available this damage will be fixated. This can be seen in figure[3] This
fixation is the reason oxygen increases the effectiveness of indirect action, as repair is no longer
possible. In direct action the photon interacts with an electron which then creates the damage
in the DNA directly. About two thirds of the damage caused by photons is caused through in-
direct damage [51]. Without oxygen or with low amounts of oxygen the damage to the tumour
cells will be lower and the treatment less effective as some of the damage caused can be repaired.

Because of the radioresistance in hypoxic tumours, a poorer prognosis is generally seen for
patients with hypoxic tumours. This was first shown by Hockel and colleges [22]. In addition
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Figure 5: Mlustration of chronic and acute tumour hypoxia. In the figure on the left we can see
how chronic tumour hypoxia is limited by the diffusion distance of the blood. As a consequence
the oxygen concentration decreases with distance from the vessel. On the right we can see all
tumour cells surrounding the vessel are in a temporary state of hypoxia. The graph illustrates
how the blood flow, or blood perfusion, can vary over time and therefore leave the cells without
oxygen for short periods. Recreated with permittion from .

to this it is suspected that hypoxia may produce a more aggressive phenotype as an association
has been seen between distant metastases and hypoxic tumours as shown by Brizel and colleges

Tumour vascularization and hypoxia are important factors in radiotherapy, since the the tumour
vascular function determines the effectiveness of the treatment. Therefore having good tools
and techniques to study tumour vascularization is of high value. Two promising techniques to
gather vascular information of tumours non-invasively are: dynamic contrast-enhanced mag-
netic resonance imaging (DCE-MRI) and dynamic susceptibility contrast MRI (DSC-MRI).
However these methods are not yet in clinical routine and therefore it is needed to determine
whether they reliably reflect the tumour vascular function. One way to to asses this is to cor-
relate the MRI findings to quantitative analysis of IHC using vascular markers. Now follows a
section on MRI, before the theory behind THC is presented [2.7]
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Figure 6: Illustration of the indirect and direct effects of readiation on DNA. In the direct effect
the radiation interacts with an electron which damages the DNA. In the indirect effect the
radiation strikes an electron which creates a free radical by interacting with a water molecule.
The free radical goes on to fixate the damage of the DNA. Recreated with permission from [36].

2.6 Magnetic Resonance Imaging

MRI is a medical imaging modality based on the concepts of nuclear magnetic resonance (NMR).
MRI gives anatomical and physiological images of bodies by using strong magnetic fields, radio-
frequency waves and electrical gradients.

MRI is widely used in hospitals and its popularity and uses are increasing.

2.6.1 History

The concept of nuclear magnetic resonance was first described by Isidor I. Rabi in 1938. While
the principles used for imaging originate with two other physicists, Felix Bloch and Edward
Purcell. They received the Nobel prize in physics for their work in 1952, 5 years after they first
submitted their discoveries. It was not until the late 1970s before the techniques were used to
create images. In 1971 Raymond Damadian discovered that the hydrogen signal from cancerous
cells was stronger than that of normal tissue since it contains more water and in the following
year applied for a patent for the concept of NMR being used for cancer detection. By 1973
Peter Mansfield and Paul C. Lauterbur had made discoveries concerning magnetic resonance
imaging. Lauterbur realized that magnetic field gradients could be used to determine spatial
location, which lead to the possibility of rapid acquisition of two dimensional images. Mansfield
had developed the mathematical formalism for MRI and developed techniques for efficient gra-
dient utilization as well as fast imaging. In 1977 Damadian built the first MRI scanner along
with two of his post-doctoral students and acquired the first MRI scan.

Since then the development has moved forward very quickly. Today we can get anatomical
images with high resolution and very good soft tissue contrast accompanied by a large array
of imaging techniques including different magnetic pulse sequences and contrast agents. MRI
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can even be combined with other imaging methods such as computed tomography (CT) or
positron emission tomography (PET) to give overlapping imaging information or combined
with treatment hardware like a linear accelerator (MR-linac) for radiation treatment or with
Electroencephalography (EEG) to monitor brain activity.

2.6.2 Working Principle

The working principle for MRI is the use of powerful magnets and radio-wave pulses to create
a varying magnetic field in matter, which then induces electric signals in a receiver coil. This
electric signal can give spatial information, by the help of magnetic gradients, to create an im-
age of the matter within the magnetic field. This chapter will explore how this is accomplished,
but will not go into the specifics of the components of the machine itself, but focus manly on
the mathematical and physical ideas behind the concept.

The proton is a subatomic particle that is present in every single atom. It posses a positive
electric charge and spin, a quantum mechanical property. Spin is a form of angular momen-
tum. Spin is often represented as a spinning object, and spin follows the same mathematical
laws, however this is not an accurate representation of what spin actually is and spin has some
properties which distinguishes it form orbital angular momenta. The spin cannot change its
rotation speed and the spin of a charged particle is associated with a magnetic dipole moment.
Its this magnetic dipole moment that creates the phenomenon of magnetic resonance.

Spin has two available eigenstates o and 3. The energy of o and S for any nucleus have the
same energy in their natural state, but if a magnetic field is applied in some direction, then
the spin « state will be aligned with the field and the § state against the field. The [ state
has higher energy since it is aligned against the field and the difference between the two states
is AF = MhBy. Here X is the gyromagnetic ratio, a constant that is specific to every nucleus,
and By is the strength of the applied magnetic field.

For a large collection of spins the distribution of a and [ states will be equal, but with an
applied magnetic field there is a slight preference towards the « state, this difference scales
with the strength of the applied field. This difference gives a small net magnetization in the a-
direction, this net magnetization is usually called M or M, and is the main focus of all work on
MR. At equilibrium the magnetization (M) is aligned with the magnetic field (By). However
any magnetic vector not aligned with By will precess around the By-direction, this is known
as Larmor precession, as the external magnetic field exerts a torque on the magnetic moment.
This can be expressed as:

F=jixB=AxB (1)

where 7 is the torque, ji is the magnetic dipole moment, B is the external magnetic field and J
is the angular momentum. The magnetic vector will precess about the external magnetic field
with an angular frequency w of

w=-—\B (2)

This frequency is known as the Larmor frequency.
The behaviour of the magnetization can be described by the Bloch equations, here given in a
reference system that rotates around the z-axis:



2 THEORY 25

dM, M, — M,

dt Ty )
dM, M,
= (e )My — @)
M, M,
dt - (WO (,L))le T2 (5)

Where w minus wy is the difference in the angular frequencies for the rotating frames of refer-
ence and the precession angular frequency. M, describes the magnetization along the external
field (longitudinal component), M/ and M, describe the magnetization perpendicular to the
field (transverse component). The fractions on the right side in the three equations describe
the relaxation from an excited state of the system back to equilibrium where 7} and 75, are the
relaxation times, these depend on the magnetic landscape within the material being used.

The fraction on the right side of equation |3| describes longitudinal relaxation back to the orig-
inal, low energy, state of the system with M, equal M, and aligned with By. This is caused
by thermal relaxation, as energy is transferred into nearby atoms, and molecules through col-
lisions, rotations, or electromagnetic interactions. The fractions on the right side of equations
and [f] describe the transverse relaxation or de-phasing of the transverse signal. This usually
occurs if a spin is located in an environment where it experiences a local magnetic field, By, in
addition to the main magnetic field, B,. If By, is in the same direction as B,, the two fields add
together and a spin in that changed magnetic field will now precess at frequency A\(B, + Bioc),
according to 2 The other spins, which did not have this local field, will be precessing at the
original Larmor frequency f, = AB,. Over time a time ¢ the phase difference of ¢ = ABj,.t
would develop between the altered spin and the rest, the net transverse magnetization Muxy
would be reduced as a result. The observed T5 is shorter than what we would expect, this is
because in the real world we will never be able to create perfect By fields, there will always be
some small inaccuracies in the field, this leads to an additional affect to the intrinsic 75 and a
shorter relaxation time. This relaxation time is called 7T5-star written 73 and is the combination
of the intrinsic relaxation and the contributions from the field inhomogeneities. In addition to
this we also have the same thermal relaxation in the transverse plane.

1_1+1 ©)
Ty T, T

The relaxation time 75 is often replaced by the rate of relaxation. The rate is called Ry and is
the reciprocal of Ty, Ry = Tiz So equation becomes:

Ry = Ry + R, (7)

To reach an excited state the system, there is a need to convert M, into transverse magnetiza-
tion. This i done using a magnetic field perpendicular to By, called B;. For the field to have
the wanted effect it needs to applied near the Larmor Frequency (equation: . When this field
is applied the direction of the net magnetization M is rotated according to:
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Where t is the time the field is applied and 6 is the angle of rotation. This field is used in short
pulses to make the necessary rotation and is refereed to as an RF-pulse (radio-frequency) as
the frequency is close to that of regular radio waves. The most common pulses are the 90 and
180 degree pulses, which rotate the magnetization 90 or 180 degrees respectively.

Through the use of these pulses and changing of the timing between pulses different experiments
or pulse sequences can be created. The most common ones will be discussed in the following
parts.

2.6.3 Pulse Sequences

The simplest one would be just a single 90 degree pulse. This will tip the initial magnetization
from the By-direction into the transverse plane where it will decay and de-phase until we have
returned to the initial set-up with all magnetization in the By-direction again. This is known
as Free Induction Decay (FID). The signal we receive is a sine-wave dampened by the T effects.

One of the most used pulse sequences is the spin echo (SE). It consists of one 90 degree pulse
and a 180 degree pulse separated by a time T'E, the echo time. The first pulse flips the mag-
netization into the transverse plane where it begins to de-phase. The second pulse flips the
spin-system around so that the spins start to re-phase. After a another interval of T'E' all spins
are in phase and we get a strong signal, this is called a spin-echo. This re-phasing is equivalent
to having to cars racing away from a point with different speeds and then after a certain time
return back the same way they came with their respective speeds. They will reach the starting
point at the same time. In the same way all the spins reach the starting phase after the same
time, TE. However some de-phasing will still remain the 180 degree flip can only recover the
de-phasing caused by the T3 effects, the intrinsic 75 de-phasing will still remain. Therefore this
sequence is often used if we want an image which can show the materials T5 effects, called a
Ty-weighted image. The longer the T'E the stronger the weighting.

When a sequence is performed multiple times in a row the period of time between the beginning
of a pulse sequence and the beginning of the succeeding pulse sequence is called repetition time
and is commonly used as T'R.

SE sequences can be very slow to use because higher T5-weighting requires longer T'E and TR
is very long. A way to speed up image acquisition is to re-use the excitation created for the
first echo by applying another 180 degree pulse after the first echo. In this way there is no need
to reset and do a new excitation with the 90 degree pulse and a second echo can be achieved.
This is what is called a fast spin echo (FSE) sequence. The signal for each echo after the
excitation decreases according to the 75 de-phasing, therefore after a certain number of echoes
a new excitation must be performed. The number of echoes acquired in one T'R is called the
echo train length (ETL) or turbo factor. The ETL typically ranges from 4 to 32 for routine
imaging, but can be over 200 for rapid imaging and echo planar techniques. To increase signal
to noise ratio the signal may be sampled multiple times times and averaged. This is called the
number of excitations or averages.

If a Tj-weighted image is desirable one would use a sequence called inversion recovery (IR).
This sequence is started with a 180 deg pulse followed by a 90 degree pulse and then another
180 degree pulse. The first pulse turns the magnetization in the opposite direction of By and
the T3 relaxation begins. The time between the 180 degree pulse and the 90 degree pulse is
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called the inversion time 77 and is the determining factor for the amount of 7T -weighting.

S(t,TE,) = Spp(t)e™ o)

In order to get an image which could be T} -weighted one would apply magnetic gradients.
The underlying pulses is just a FID, but after the 90 degree pulse a gradient is applied which
scrambles the signal to accelerate the de-phasing, it is known as a de-phasing gradient. Shortly
after a re-phasing gradient is applied, with the opposite direction and the same strength and
with this an echo is generated and a 75-weighted image is created. Note that the gradients do
not undo the de-phasing caused by the inhomogeneities in the field.

2.6.4 Dynamic Susceptibility Contrast MRI

In addition to using different sequences, a contrast can be created by injecting a contrast agent
(CA). This is done in dynamic susceptibility contrast MRI (DSC-MRI) and dynamic contrast
enhanced MRI (DCE-MRI).

In DSC-MRI a gadolinium-based CA is administered. This CA decreases the local T3 since
the agent has positive magnetic susceptibility, which means its paramagnetic properties en-
hances nuclear relaxation rates. The CA will follow the blood stream and affect the relaxation
of the tissue compared to the relaxation times without the CA, giving rise to a difference in
signal. For the gadolinium-based CA, the signal intensity will transiently decrease because of
shortened T3. Tj is also affected but has a shorter range and if the CA remains within the
vessels, it can be neglected. We can assume a linear relationship between CA concentration
and and change in T%. The signal will increase again as the CA diffuses out of the image volume.

Images are taken before, during and after the injection of the CA, and a signal intensity dif-
ference can be seen across the images as the CA enters and dissipates in the image volume.
To observe the influence of CA over time an imaging sequence with high temporal resolution
needs to be used. Echo-planar-imaging (EPI) is a commonly used sequence and fits this role
well. Echo-planar-imaging creates multiple gradient echoes from an initial excitation by using a
frequency-encoding gradient that switches directions multiple times, as well as a low-magnitude
phase-encoding gradient that is transiently applied when the frequency gradient changes direc-
tion. This speeds up acquisition as it gathers several lines of k-space in one excitation. The
number of lines acquired per excitation is known as the EPI factor. The data from DSC-MRI
can be acquired with a T1-weighted multi-echo EPI. By using multiple echoes both 75 and 73
weighted data can be acquired by the same sequence. This is the same idea as in FSE to create
more than one echo from a single excitation.

Merged fast field echo (mFFE) is a sequence to create static Ty -weighted images. By rapidly
reversing the direction of the frequency-encoding gradient, many gradient echoes can be cre-
ated at different echo times. This process is limited in that the number of echoes is limited by
T5-decay, so a couple of echoes are normally used.

As discussed earlier tumours have high permeability, this means that when the CA enters the
tumour volume it will leak out of the vessels. Therefore the linear relationship assumed earlier
will no longer be accurate. T35 can be calculated from equation [9 as long as a multi-echo
sequence was used.
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2.7 Histology and Immunohistochemistry

Histology concerns the study of biological material, in the form of intact tissue, using micro-
scopes. To use microscopes the specimens are usually sectioned and mounted on microscope
slides. In order to visualize different biological processes and structures the sections can be
stained with appropriate dyes.

In this project we have looked at both histology and THC, but there is a lot that applies to
other areas of histology.

The process for creating histological sections will be given a short overview and some details
about certain markers will given. Unless otherwise stated the following section will be based
on lectures and lecture notes from the course Biophysical Micromethods at NTNU from 2017
and the book Histology: A Text and Atlas by M.H.Ross and W.Pawlina. [37]

2.7.1 Fixation, Embedding, Sectioning, Staining and Mounting

The initial step of sample preparation is fixation. The sample must be fixated, so that it
is stored in the same state as when it is removed from the body, otherwise the biological
material might break down or be altered by enzymes or microorganisms. Fixation also ter-
minates cell metabolism and hardens the specimen without significantly altering its molecular
structure. The most popular fixation agent is formalin (formaldehyde), which can be applied
either through vascular perfusion of the specimen, or by immersion of the specimen. Because
formaldehyde does not alter the three-dimensional structure of the sample the proteins maintain
their ability to react with antibodies which allows for the later staining. The sooner fixation is
initiated after the specimen is detachment from its blood supply, the better.

The second step in sample preparation is embedding. In paraffin-embedding the specimen is
surrounded by a paraffin wax-based agent. The agent solidifies and thereby provides the me-
chanical support to section the sample. After being embedded the specimen can be stored for
several years. After fixation the sample is washed and dehydrated with a series of increasing
alcohol concentration solutions. Thereafter the alcohol removed using organic solvents like xy-
lol or toluol. Now the sample is ready for paraffin-embedding.

In order to create the very thin slices needed for histological study a microtome is used. The
microtome is a precision machine that sections biological tissue, it employs sharp steel, glass
or diamond-edged knives to section tissue into thin slices in the micron-size range.

For the staining, the paraffin must be removed and the specimen rehydrated with decreasing
alcohol concentration solutions. The sample can then be stained with the appropriate dye. The
most common stain is hematoxylin and eosin (H&E-stain), it displays the general structural
features of the sample an example of an H&E image is shown in figure [7]

2.7.2 Immunohistochemistry

Antibodies are glycoproteins that are made by specific cells of the immune system as a reaction
to a foreign protein, or antigen. Antibodies can be extracted and attached to fluorescent dyes.
Antibodies with attached dyes can be used to localize an antigen in cells and tissue. Two types
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Figure 7: Image of an H&E image. The structure of the tissue is well resolved thanks to the
H&E stain.

of antibodies are used in IHC:

Polyclonal antibodies are produced by immunized animals. In the process of creating an an-
tibody, a specific protein is isolated from a cell of one species and injected into another species.
In the injected, immunized, subject the foreign protein is recognized by the immune system and
triggers specific immunologic reactions involving many clones immune cells called B lympho-
cytes. The cloning of B lymphocytes eventually creates the antibodies for the injected protein.
These polyclonal antibodies represent mixtures of different antibodies made by multiple clones
of B lymphocytes that each react to different parts of the protein molecule. The antibodies are
then removed from the blood, purified and modified with fluorescent dye. Now these antibodies
can be used to locate the original protein in the species the protein was originally taken from.
As the antibody binds to it and this connection can be visualized by florescence microscopy.

Monoclonal antibodies are produced by immortalized antibody-producing cell lines. The
origin of this cell line comes form an individual with multiple myeloma, a tumour originating
from a antibody-producing plasma cell. These antibodies consist of a single group of identical
B lymphocytes. To create monoclonal antibodies for a specific antigen, a species is immunized
with that antigen and the B lymphocytes isolated and fused with the myeloma cell line. This
combination creates hybridoma, an immortalized individual antibody-secreting cell line.

When one is trying to locate a specific antigen in a sample both indirect and direct methods
are used, but indirect methods are replacing direct methods because of suboptimal sensitiv-
ity. In the direct method of immuno-fluorescence a flurochrome-labelled antibody (poly- of
mono-clonal) that reacts with the antigen in the sample is used. While in indirect immuno-
fluorescence the flurochrome is attached to a secondary antibody witch reacts to the antibody
of the antigen in the sample. This method enhances the fluorescence signal from the tissue as
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multiple of the secondary antibodies can attach to a single primary antibody. In addition a
single secondary antibody can localize the binding of several different primary antibodies and
the secondary antibody can be attached to different dyes so that multiple labels can be shown
in the same tissue section. The drawbacks of the indirect method is that it is expensive, labour
intensive and not easily adapted to automated procedures.

When applying antibodies to a prepared sample, the sections are heated in order to unmask
the connecting point of the antigen, and treated with hydrogen peroxide to block the enzyme
that catalyses the oxidation of hydrogen peroxide. Thereafter the sections are incubated with
antibodies and later can be imaged.

2.7.3 Histological and Immunohistological Markers Used in This Study

H&E: DNA in the nucleus, RNA in ribosomes and in the rough endoplasmic reticulum are
all acidic, and so haemotoxylin binds to them and stains them purple. Most proteins in the
cytoplasm are basic, and eosin binds to these proteins and stains them pink. This includes
cytoplasmic filaments in muscle cells, intracellular membranes, and extracellular fibres. [37].

CD34: is widely regarded as a marker of vascular endothelial progenitor cells and is a trans-
membrane protein. Cells expressing CD34 are normally found in mesenchymal stem cells,
endothelial progenitor cells, endothelial cells of blood vessels. [27].

Carbonic anhydrase IX (CAIX): The expression of CAIX is upregulated during hypoxic
conditions 5] and CAIX is a cellular biomarker of hypoxia. It is over-expressed in hypoxic solid
tumors, but is not expressed in most other normal tissues.

HIF-1a: Monoclonal anti-HIF-1a antibody can be used in immuno-staining to detect HIF-1a
localization [43]. HIF-1a is a regulator of of cellular and developmental responses to hypoxia.
HIF-1« is over-expressed in many human cancers and HIF-1a over-expression is heavily impli-
cated in promoting tumour growth and metastasis through its role in initiating angiogenesis
and regulating cellular metabolism to overcome hypoxia.

2.7.4 Automated Image Analysis

Tumour angiogenesis is a prognostic factor in many tumour types and has been well studied.
The usual way to quantify it is to manually count the number of vessels in a specific region and
thereby estimate the the microvessel density (MVD). An automatic analysis would be beneficial
to make this process less time-consuming and also more quantitative. One example of such a
method was the computer program developed by [24] and [25]. In this program CD34 stained
[HC images where used to quantify a range of vascular parameters. The program was compared
to manual counting by an experienced pathologist. The agreement, over 50 cases, between the
two methods achieved an intraclass correlation coefficient of > = 0.96 and a 95% confidence
interval for the percentage difference between the counts from —26.1% to 10.8%. In addition
the automated program could provide a range of additional vascular characteristics.

A version of these programs were made available for use in this thesis.
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3 Method

In this section the materials used as well as the procedures used to gain the results in this project
will be presented. The materials and methods of the MRI investigation will be discussed first
and then the histology and THC. The structure of the section is on the format where, acquisi-
tion, analysis and statistics are all explained fully for one modality before moving on to the next.

3.1 R; MRI Study

A project thesis was written by Ingrid Framas Syversen in 2017, where the R} of 26 patients
with rectal cancer was studied [41]. The patient data was taken from prospetive study in rectal
cancer named OxyTarget, conducted at Akershus University Hospital from 2013 to 2017 [35].
Both standard and study-specific MR images were taken before and after CRT, the patients
then underwent surgery. Image analysis was performed using Matlab programs, were it was
attempted to look for markers of cancer aggressiveness. The findings were that one parameter
correlated with CRT response and was related to poor prognosis.

After this analysis was performed, more patient data has become available, and further analysis
can be performed to see if it is in agreement with what was found previously. The programs
and data from the earlier project have been made available for use in this thesis so a comparison
can be made.

3.2 Patients

The patients in this study are taken from the OxyTarget study mentioned above. Data from
a total of 113 patients were received, 102 of these patients had MR images and 39 had THC
images. 16 patients received neoadjuvant CRT but did not get surgery, 11 of these patients
only had palliative (non-curative) treatment. 28 of the patients had both. Further information
is found in table 2|

Total number of patients Histological and THC images MRI THC and MRI

113 39 102 28

Treatment Only Surgery CRT + Surgery CRT + no surgery Palliative treatment + no surgery
113 52 45 5 11

Treatment for patients with MR~ Only Surgery CRT + Surgery No Surgery

102 43 41 17

Treatment for patients with IHC IHC + CRT IHC + No CRT

39 20 19

Table 2: Patients divided into groups according to what was collected and what treatments
they received.

3.3 MRI

In this project the initial TNM classification was performed with MRI for the TN and com-
puted tomography (CT) was used to classify the M, the CT was taken for thorax and abdomen.

The MRI was done using a Philips Achieva, 1.5 T, (Philips Healthcare, Best, The Netherlands)
with NOVA Dual HP gradients (33mT'/m maximum gradient amplitude, 1807"/m/s slew rate)
and a five-channel cardiac coil with parallel imaging capabilities. Before and during imaging
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glucagon (1mg/mL, 1mL intramuscularly) and Buscopan (20mg/mL, 1mL intravenously) was
given to the patients, to reduce bowel movements.

An FSE sequence was used for the T'2-weighted images with TR = 2386 — 4122ms, TE
= 80ms, acquisition matrix = 224 x 220 — 256 x 254, field of view (FOV) = 180 x 180mm,
slice thickness = 2.5mm, number of excitations = 3 — 6, and ETL = 20. 21 — 37 slices were
acquired. Based on these images tumour masks were drawn for the tumours by two radiologist
with 20 years of experience. Addition, axial 7j-weighted images were acquired using an
mFFE sequence with five echoes, where TR = 855 — 1137ms, T FE; = 4.6ms, echo spacing
= 9.2ms, acquisition matrix = 152 x 101 — 180 x 120, FOV = 180 x 180mm, slice thickness
= 3mm, number of excitations = 1 — 3, and flip angle = 45deg. The number of slices acquired
for the mFFE sequence was 18 — 24.

For the DSC data a 3D T'1-weighted EPI sequence with three echoes were used. Here TR = 38—
45ms, T'Ey = 4.6ms, echo spacing = 9.2ms, acquisition matrix = 92x 90, FOV = 180 x 180mm,
slice thickness = 10mm, flip angle = 28 deg, and EPI factor = 9. 12 — 22 slices were acquired,
2s/ imaging volume - time resolution, and in total 60 time points were recorded. The DSC
data was acquired in intervals using a split dynamic sequence, interleaved with a high spatial
resolution T1-weighted sequence. To suppress fat signals a ProSet fat suppression technique
was applied. The CA used was the gadolinium-based CA Dotarem which was given as a bolus
injection. Dynamic Rj values were calculated from the DSC data using equation [9] Maps of
the R; values were made for the images.

DWI and DCE images where also taken, but were not used in this project.

3.3.1 Image Analysis

The images were analysed in MATLAB (R2016b, The MathWorks, Inc., Natick, Massachusetts,
United States). The scripts used for the analysis can be found in the appendix [Al To begin with
all 2D-images were sorted, using the info from the DICOM-info-file, into 3D and 4D matrices.
Here the two first dimensions are the image info and the third dimension is the slice position.
For the FFE and DSC images the echo time was the fourth dimension.

In order for the program to perform its calculations in the tumour area the tumour masks were
applied. The tumour masks were drawn on the 72-weighted images and guided by the DW
images, these have a different resolution and thickness than the mFFE and DSC images, so
the tumour masks had to be adapted to fit these images. This was done by by multiplying the
number of pixels in the tumour mask by the spatial resolution and placing the tumour mask
on the nearest pixel. Tumour masks were in the NifTI-format, and was converted into binary
3D-matrices usable by MATLAB. The masks were all visually inspected for their fit with the
images.

The static R values were calculated from the static mFFE images, using equation [} For each
tumour, median R} values, as well as minimum and maximum values were obtained. For one
patient there was no tumour mask and for some the mFFE file was missing, in addition some
images had large artefacts that made the images unusable, these were then excluded in the
analysis, see table 3.3.1]

Dynamic R maps were calculated from the DSC data. The pixel value at different time points,
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(a) MRI T2-weighted image from the (b) Binary tumour mask used to mark
FSE sequence the tumour area

(c) MR image from the T1-weighted EPI ~ (d) MR image from the FFE sequence,
sequence, used to calculate dynamic RS  used to calculate static R3

Figure 8: MRI pictures from the different sequences in the same patient.

Total number Included in all Included in static included in dynamic
102 82 90 82

Table 3: Patients included or excluded from results in the MR analysis.

for each pixel inside the tumour mask, were stored in an array. To create a baseline for the
image intensity an average was calculated from the first few images, these are the images before
CA injection. The number of baseline images varied between patients (from 5 to 23) and the
number had to be found manually for each patient, this was done by plotting the pixel arrays
against time and counting how many time points were acquired before the signal started to
rise towards the peak. A higher count of baseline images gives a more robust baseline so as
many as possible were used. The pixel arrays were then normalised according to the baseline,
so the mean values of the baseline images were set to zero. The values of the array are now
the change in dynamic Rj from baseline, AR2*. From this, the maximum enhancement of R}
(R2x-peak,,;) was found. By plotting the pixel array against time and integrating the curve,
the area beneath the curve (R2*-AUC) was found. Illustrations of R2x-peak.nh and R2*-AUC
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are shown in figure [9]
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Figure 9: Curve of the signal averaged over all pixels in the mask. The gray area is a the area
under the curve (AUC) and the top of the initial curve is the peak. The baseline in this image
was set according to the process explained in section W

To see if the correlation changed with different endpoints, multiple different time intervals were
chosen. The time intervals were 0 to 49+ 1s, 0 to 135+ 10s, 0 to 222+ 15s, and 0 to 525+ 25s.
The interval lengths have some variation because the images were acquired at slightly different
time points for different patients. Median R} — peak.nh and R3-AUC values, as well as mini-
mum and maximum values, were obtained for each patient.

3.3.2 Statistics

The Mann-Whitney U-test was used to check the calculated values for correlation with pa-
tient clinicopathologic information and therapy response. The U-test was used as there is a
relatively small number of patients and it is unreasonable to assume that they are normally
distributed. The test uses median instead of mean values, which limits the error caused by
the low number of patients. The endpoints analysed with the U-test were mrTN, ypTN and
TRG. Based on these endpoints the patients were divided into groups and can be seen in table[4]

The null hypothesis is that all patients come from a continuous distribution with one median
value. This hypothesis is rejected if the p-value, the probability that the null-hypothesis is true,
is below 0.05. So if the probability that the two groups have the same distribution is below
5% it is rejected. The alternative hypothesis is that the distributions of the two groups are not
equal. If the null-hypothesis is rejected the alternative hypothesis must be accepted, meaning
that it is highly likely that there is some intrinsic difference between the groups, as they have
different distributions.

The different patients groups are shown in table @l ATO0-1 and AT2-4 are patients who had
a difference in T-stage of 1, 0, 2, 3 or 4 compared between the initial TNM classification and
the one given after surgery. ANO and AN1-2 are the same, but for the N-stage. Downstag-
ing and no-downstaging are groups defined by whether there was a lower T-stage or not after
CRT as compared to pre-CRT. Patients with TRGO0-2 were defined as good patients with good
histopathologic response to CRT and TRG3 as poor tumour response.
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Nstatic Ndynamic
Endpoint Group 1 Group 2 Group 1 Group 2
TRGO-2 vs. TRG3 28 10 29 10
ypT0-2 vs. ypT3-4 13 22 12 24
ypNO vs. ypN1-2 31 29 43 27
A TO-1vs. A T2-4 28 7 30 6
A TO-2 vs. A T3-4 30 5 31 5
A NO vs. A N1-2 21 15 20 17
Downstaging vs. no-downstaging 25 11 25 12
No CRT
pT0-2 vs. pt2-4 13 20 13 20
pNO vs. pN1-2 23 15 24 13

Table 4: Grouping info showing number of patients in each group.

Endpoint Number of patients

mrT?2 19
mrT3 47
mrT4 35
mrNO 42
mrN1 36
mrN2 22
pT1 4
pT2 16
pT3 21
pT4 2
pNO 24
pN1 14
pN2 4
TRGO 4
TRG1 13
TRG2 15
TRG3 11
ypTO 5
ypT1 4
ypT2 4
ypT3 25
ypT4 3
ypNO 23
ypN1 11
ypN2 7

Table 5: Parameters used for staging and evaluation of response.

3.4 Histology and Immunohistochemistry

Histology and THC sections for 39 patients were examined. Only 33 of them were used in the
actual data, the reasons are noted in introduction to the results 1.2l The following four stains
were used for each patient: H&E, CD34, CAIX and HIF-1a. The files were in the Aperio SVS
TIFF format. The program PMA start (Pathomation BVBA, Berchem, Belgium) was used to
view the images.

TRG was determined after surgery and pathology.
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3.4.1 Staining

The tumour sections were staining was performed at AHUS (Akershus university hospital) by an
technician. CD34 staining was done with CD34 klon QBEND10, from Nordic BioSite (Nordic
BioSite AB, Sweden). CAIX staining was performed with CAIX, from Bionordica (Bionordica
AS, Norway). HIF-1la staining was performed with HIF1-alpha klon 54, from BD Biosciences
(BD Biosciences, USA). A routine H&E stain was also made. Stains for CD3 and CD8 were
made, but since they are not used in this project they are not discussed further.

3.4.2 Scanning of Images

After the sections were stained they were imaged under a microscope and converted to digital
images. The sections were imaged at x 20 and x 40 magnification. The digital files were later
stored on a portable hard drive which was made available to the project.

3.4.3 Tumour Mask creation

The images of the sections contained a mixture of normal tissue and tumour tissue, therefore
tumour mask masks were made to separate tumour tissue from the normal tissue. The masks
were made by the author of this thesis together with a PhD student in the department.

The tumour mask were drawn in GNU Image Manipulation Program (GIMP) on the H&E
images. A threshold was applied afterwards to remove any non binary values. 19 of the images
were sent to an experienced pathologist for inspection, to verify the tumour masks drawn and
to clarify in the more uncertain areas whether or not they contained tumour cells. The tumour
masks were then corrected and refined. An example of a mask is shown in figure [L0al an ex-
ample of the applied mask is also shown in figure [T0D]

(a) Binary tumour mask used to mark the tumour  (b) Binary tumour mask applied to the corre-
area, created for on an H&E image. sponding H&E image.

Figure 10: Tumour mask and H&E image.

In drawing the tumour masks, the masks were drawn over the areas that contained the tumour
and not specifically on only tumour cells, this was done as the masks would later be used for all



3 METHOD 37

stains and some error was to be expected in the process so having some room for error was nec-
essary to contain the tumours within the tumour masks. In addition it is not always possible to
say where the tumour ends and normal tissue begins as tumours will recruit surrounding tissue
like connective tissue and vessels as it grows. Further the extent of the tumour masks should
be somewhat determined by the endpoint for the study as the different biological processes to
be studied have different ranges impact. For example, for studying a feature with a low number
of coloured pixels drawing a very tight mask could exclude stained pixels and greatly decrease
the the number of data points since there are so few in total. For a feature with a high fraction
of stained pixels a tight mask only excludes a small percentage of the data.

Artefacts were present in some of the images, but did not seem to affect results in any of the
cases. Therefore no actions were taken, but if a consequence was found the area of the artefact
would have been excluded from the masked area.

3.4.4 Image Analysis

A Matlab program developed for this project was used in the analysis of the stained images.
The program is based on previous projects [24] [25] , a summary of the actions will be given as
well as a brief explanation for the implementation.

Summary:
e The program loads in the files for a given patient.
e The tumour mask is applied to the H&E stain.

e The masks are applied to all other stains (registration based on the full image at a low
resolution).

e The images are cropped to the area of the mask.

e To improve the mask-fit, the initial registration is re-done for the cropped images.
e The images are segmented and minuscule stains are removed.

e The features from the segmented and processed images are extracted.

e The features are saved to a file in the patients folder.

The registration in the application of the mask to the different stains is performed the first time
with the thumbnail of the full image. The stains the mask will not fit perfectly since the images
have slightly different sizes (in the range 10 — 500 pixels) and there are quite a few possible
ways for the slice to be altered, examples are: stretching, ripping and folding. Because of these
differences a more detailed registration between the H&E and the other stains is performed to
improve the fit. The initial registration places the mask in the right vicinity, but rarely in the
exact spot it needs to be. This is caused by the fact that the registration affects the entire
image so it registers parts of the image we are not interested in with the same weight as the
masked area. The second registration is only done in the area (bounding box) directly affected
by the mask. This way the registration ignores values outside the area to be analysed. An
example of the registration is shown in figure |3.4.4}

For the images where the image registration still did not fit well, the masks were scaled down
(eroded) to keep them within the tumour region. An example of the scaling is seen in figure
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(a) H&E image with applied mask. (b) CAIX image overlaid with mask from the
H&E image.

(c) Registered CAIX image. Registered by the (d) Registered CAIX image overlaid with the
tilled-registration program. mask from the H&E image.

Figure 11: Images from different parts if the image registration. The first figure (a) shows
how the mask should fit on the image based on how it was drawn on the H&E image. The
second figure (b) shows how the initial registration fails to align the mask and image correctly
compared to the first figure. In this example it is caused by a mixture of rotation, contraction.
In the third figure (c) we see that the image from the second figure (b) is now aligned with the
H&E image. When the mask is applied in the last figure (d) it now fits a lot better.

The images that still did not match up with the tumour region were excluded.

In the segmentation the HSV transform(hue, saturation, value) and the B value of the RBG are
combined. The B layer has the highest contrast of the three RBG layers and provides better
contrast than the RBG to gray function.

The post processing removes stains that are too small. The stains on the HIF-1a images were
weak, to compensate, these images were post-processed with slightly different parameters. This
was done to make sure that most of the stains were conserved.

Examples of the images after segmentation and post-processing can be seen in figure [3.4.4]

The following features were extracted:

e Total Stained area, given as a fraction of total masked area. Generated for all stains.
Abbreviated as SF (stained fraction), CAsf (CAIX stained fration) and HIFsf (HIF-la
stained fraction) in the for respectively CD34, CAIX and HIF-1a.

e Average stain size. Generated for all stains (In the CD34 stain this is defined as average
vessel size). Abbreviated as vessel size (VS), CAss (CAIX stain size) and HIFss (HIF-1a

stain size).
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Figure 12: Image of an tumour mask that has been scaled/eroded. The coloured part has been
removed from the mask to make sure the mask stays within the tumour area.

e Average Inter capillary distance (ICD), which is the distance to the closest vessel from a
given vessel.(for CD34)

e Average Solidity (a measure of convex-ness) (for CD34)
e Micro Vessel density (MVD) (for CD34)
e Number of Vessels (for CD34)

e Average vessel radius (for CD34)
The features were calculated in the following way:

e Stained fraction: The number of pixels in the masked area divided by the number of
pixels that had a value above the threshold value.

e Number of vessels: Each region of connected pixels with values over the threshold are
grouped together and considered as one vessel.

e Average stain size: The average number of pixels for each vessel (group of connected
pixels).

e Vessel radius: For each group the major and minor axis lengths were found and the
average of these gives the diameter.
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Figure 13: CD34 image after segmentation and post-processing. The green pixels are stains of
CD34, vessels.

Figure 14: CAIX image after segmentation and post-processing
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Figure 15: HIF1-a image after segmentation and post-processing

e Intra Capillary Distance (ICD): For each group the centroid of the region was found and
the position of the centroid was stored. From this the shortest distance to any other
centroid was calculated.

e Solidity: The convex hull of each group was found. The solidity was then calculated as
the proportion of pixels in the convex hull that were also in the region of the group.

e Micro Vessel density (MVD): Found by taking number of vessels divided by the total
masked area.

3.4.5 Statistics

The Spearman rank correlation coefficient was calculated for the pathological results to look for
correlation with clinicopathologic information and CRT response, as well as correlation within
the pathological results, and the p-values for these correlations were also calculated.

Survival statistics were calculated in IBM SPSS (IBM, New York, USA) ref. In SPSS Kaplan-
Meier plots were made to see if survival differed for patients with different feature values. These
are shown in appendix [A]
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No TRG 16
Endpoint Group 1 Group 2
TRGO-1 vs. TRG2-3 6 15
TRGO-2 vs. TRG3 12 3
ypT0-2 vs. ypT3-4 13 20
ypNO vs. ypN1-2 14 19

A TO-1vs. A T24 32 0

A TO0-2 vs. A T34 32 0

A NO vs. A N1-2 26 7
Downstaging vs. no-downstaging 13 20

Table 6: Grouping info for the pathological data. Notice that there are no patients in A T2-4
or A T3-4

4 Results

4.1 MRI Results

The analysis of the MRI data yielded the results given below. Of the 103 patients with MRI
data 79 were included in all results, 20 were only included in either static or dynamic R} results
and four were not used in either. The four patients not included in either were as a consequence
of having images with artefacts or faulty tumour masks.

The results for static B3, dynamic Rj-peake,, and dynamic R;-AUC are given below.

4.1.1 Results for Static R}

Calculated from the mFFE images the static R} values were not statistically significant for any
of the different endpoints, although there were differences in median values. This can be seen

in table [

For patients with CRT Median static RS (s~!)

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 32.2 (12.7-482) 18.9 (13.1-353) 0.135
ypT0-2 vs. ypT3-4 39.6 (13.6-482) 22.6 (12.7-463) 0.621
ypNO vs. ypN1-2 24.2 (13.1-463) 23.1 (12.7-482)  0.608
A TO-1 vs. A T2-4 22.6 (13.1-482) 42.4 (13.6-452) 0.578
A T0-2 vs. A T34 23.6 (13.1-482) 39.6 (13.6-452) 0.869
A NO vs. A N1-2 39.6 (12.7-452) 21.0 (15.3-482) 0.608
Downstaging vs. No-downstaging 33.3 (13.1-482) 18.8 (12.7-463.2) 0.229
For patients without CRT Median static B3 (s™')

Endpoint Group 1 Group 2 p-value
pT0-2 vs. pt2-4 24.2 (13.8-459) 20.6 (13.1-437) 0.453
pNO vs. pN1-2 22.6 (13.8-459) 20.8 (14.2-437) 0.929

Table 7: Results from the statistical analysis of the static [73-values of different endpoints. The
Results are given as median values and the range given in parenthesis. The full dataset can be

found in the appendix
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4.1.2 Results for Dynamic Rj-peak.,,

Calculated from the dynamic images the R2*-peak,,; values were not statistically significant
for any of the different endpoints, although there were some differences between the median
values. The group ypNO vs. ypN1-2 showed a strong trend (p = 0.065). All these results can
be seen in table Bl

Median Rj-peake,, (s71)

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 29.3 (0.0-75.2) 36.5 (14.9-51.3) 0.257
ypTO0-2 vs. ypT3-4 29.6 (0.0-75.2) 31.8 (24.7-51.3) 0.987
ypNO vs. ypN1-2 37.1 (0.0-75.2) 31.6 (14.9-60.9) 0.065
A TO-1vs. A T2-4 32.0 (14.9-53.3)  29.1 (0.0-75.2) 0.823
A T0-2 vs. A T34 32.0 (0.0-53.3) 29.1 (13.0-75.2) 1.000
A NO vs. A N1-2 32.3 (0.0-75.2) 31.2 (13.0-51.3) 0.498
Downstaging vs. No-downstaging 31.8 (0.0-75.2) 29.1 (14.9-47.9) 0.695
For patients without CRT Median Rj-peake,;, (s™1)

Endpoint Group 1 Group 2 p-value
pT0-2 vs. pt2-4 36.9 (0.0-56.0) 37.8 (0.0-62.7) 0.921
pNO vs. pN1-2 39.2 (0.0-62.7) 31.0 (0.0-60.9) 0.024

Table 8: Results from the statistical analysis of the dynamic R; — peak.nh-values of different
endpoints. The Results are given as median values and the range given in parenthesis. The full

dataset can be found in the appendix [[9R0R1]

4.1.3 Results for Dynamic R3-AUC

The dynamic R3-AUC values were calculated from the DSC data, for different endpoints and
for different ranges of time points. The time points chosen were the same as in [41] so a com-

parison of the results can be made. The following time points (in seconds) were used: 525 425,
222 £15, 135+ 10, 49 £ 1.

For the time point 525 4+ 25 the statistical analysis found two significant results, TRGO0-2 vs
TRG3 (p = 0.008) and ATO0-1 vs. AT2-4 (p = 0.014). This can be seen in table [12] For
the time point 222 + 15, TRG0-2 vs TRG3 showed a strong trend (p = 0.074) and ATO0-1 vs.
AT2-4 (p = 0.029) was significant. For the time point 135 + 10 TRGO0-2 vs TRG3 was once
again significant (p = 0.047) and for ypNO vs. ypN1-2 (p = 0.075) as well as ATO-1 vs. AT2-4
there was a strong trend (p = 0.083). The timepoint 49 £ 1 showed a strong trend (p = 0.055)
for the ATO0-1 vs. AT2-4 group as well as the AT0-2 vs. AT3-4 (p = 0.084).

4.2 Results from the immunohistochemical analysis
4.2.1 CD34 Results

Of the 39 patients with ITHC images, 20 received CRT, features were calculated for 33 of them.
Of the six patients that features were not calculated for, three of them had no more tumour in
the image slices as a result of successfully CRT. Two of the other three had very poor image
registration leading to the tumour mask landing largely outside the tumour region. This was a
result of the tumour areas being very spread out and very small. The last patient had a very
small tumour area which contained no to little staining, therefore after thresholding no features
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Median R;-AUC, 49 £ 1

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 214 (0-546) 248 (83-431) 0.385

ypT0-2 vs. ypT3-4 229 (0-546) 228 (42-474)  0.535

ypNO vs. ypN1-2 241 (0-617) 223 (0-546) 0.573

A T0-1 vs. AT24 268 (34-593) 132 (0-331) 0.055

A T0-2 vs. A T34 268 (0-593) 132 (105-323)  0.084

A NO vs. A N1-2 226 (0-474) 281 (34-546) 0.291

Downstaging vs. No-downstaging 238 (0-546) 227 (134-404)  0.863

For patients without CRT Median R3-AUC, 49 £ 1

Endpoint Group 1 Group 2 p-value
pT0-2 vs. pt2-4 202 (0-473) 306 (0-617)  0.343

pNO vs. pN1-2 261 (0-617) 206 (0-522) 0.192
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Table 9: Results from the statistical analysis of the dynamic Rj — AUC-values of different
endpoints. The Results are given as median values and the range given in parenthesis. The full

dataset can be found in the appendix .

Median R3-AUC, 135 £+ 10

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 528 (0-1270) 787 (264-1140) 0,047
ypTO0-2 vs. ypT3-4 430 (0-1073) 586 (231-1270) 0.578

ypNO vs. ypN1-2 678 (0-1337) 434 (0-1735) 0,075

A TO-1 vs. A T2-4 678 (256-1292) 423 (0-918) 0,083

A TO0-2 vs. A T3-4 622 (0-1292) 430 (84-918) 0,412

A NO vs. A N1-2 575 (0-1073) 734 (320-1270) 0.378

Downstaging vs. No-downstaging 598 (0-1073) 589 (256-1270) 0.307

For patients without CRT Median R;-AUC, 135 £ 10

Endpoint Group 1 Group 2 p-value
pT0-2 vs. pT3-4 654 (0-498) 601 (0-1735) 0.064

pNO vs. pN1-2 656 (0-1334) 274 (0-1735) 0.681

Table 10: Results from the statistical analysis of the dynamic R — AUC-values of different
endpoints. The Results are given as median values and the range given in parenthesis. The full

dataset can be found in the appendix [[9R0R1]

could be extracted.

Results of the image analysis for 33 patients is given in the rest of this section. First are the
feature values given in the same grouping as in the MRI results. This is followed by correla-
tion between different IHC features and the correlation between the MRI results and the THC

features.

The correlation plots are shown in figure [16{and the p-values in the table For some features
correlation with the MRI results were also calculated and are shown in figure [I7} All values

were calculated in Matlab.
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Median R3-AUC, 222 £ 15

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 859 (-22-1872) 1291 (382-2992) 0.058
ypT0-2 vs. ypT3-4 864 (-22-2287) 1095 (0-2992) 0.332
ypNO vs. ypN1-2 936 (-22-2304) 732 (-3383-2222)  0.466
A TO-1vs. A T24 1099 (0-2992) 597 (-22-1322) 0.029
A T0-2 vs. A T3-4 1091 (0-2992) 864 (-22-1322) 0.244
A NO vs. A N1-2 1016 (-22-2992) 921 (162-1872) 0.883
Downstaging vs. No-downstaging 903 (-22-2992) 1106 (0-1872) 0.718
For patients without CRT Median R3-AUC, 222 £+ 15

Endpoint Group 1 Group 2 p-value
pT0-2 vs. pt2-4 997 (0-2287) 827 (0-2222) 0.810
pNO vs. pN1-2 967 (0-2287) 649 (0-2222) 0.114

Table 11: Results from the statistical analysis of the dynamic R; — AUC-values of different
endpoints. The results are given as median values and the range given in parenthesis. The full

dataset can be found in the appendix [[9R0R1]

Median R3-AUC, 525 + 25

Endpoint Group 1 Group 2 p-value
TRGO0-2 vs. TRG3 1590 (-216-3749) 2901 (867-6015) 0.008
ypT0-2 vs. ypT3-4 1266 (0-2417) 1844 (-216-6015) 0.063
ypNO vs. ypN1-2 1616 (-545-6175) 1825 (-219-6015)  0.745
A T0-1 vs. A T24 1869 (-216-6015) 730 (0-2320) 0.014
A T0-2 vs. A T3-4 1820 (-216-6015) 949 (247-2320) 0.167
A NO vs. A N1-2 1869 (-216-6175) 1633 (520-3750) 0.977
Downstaging vs. No-downstaging 1604 (-216-6015) 2042 (881-4750) 0.388
For patients without CRT Median R3-AUC, 525 + 25

Endpoint Group 1 Group 2 p-value
pT0-2 vs. pt2-4 1708 (-171-6175) 1527 (-545-3924) 0.542
pNO vs. pN1-2 1607 (-545-6175) 1040 (-219-3924) 0.944

Table 12: Results from the statistical analysis of the dynamic R; — AUC-values of different
endpoints. The Results are given as median values and the range given in parenthesis. The full

dataset can be found in the appendix [[9R0R1]

4.2.2 CAIX Results

The results for the CAIX-stain are shown below in table [15] and the full data for all patients
are show in the appendix [26] some groups with no data as there were a number of images with
no staining.

4.2.3 HIF1-« results

The results for the analysis of the THC stained HIF1-« images are shown in table 26} For some
groups there was no data as there were a number of images with no staining.
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Number of Vessels.

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 109 (8-954) 714 (333-1742)  0.101
ypT0-2 vs. ypT3-4 008 (29-2749) 919 (8-4048) 0.927
ypNO vs. ypN1-2 031 (8-2749) 781 (16-4048)  0.785
A NO vs. A N1-2 931 (8-4048) 897 (83-1742) 0.775
Downstaging vs. No-downstaging 781 (8-2749) 1182 (16-4048)  0.367

Vessel Size, in pm

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 408 (272-772) 412 (330-516) 0.734
ypT0-2 vs. ypT3-4 512 (330-828) 454 (330-976) 0.367
ypNO vs. ypN1-2 528 (330-828) 446 (298-976) 0.222
A NO vs. A N1-2 462 (330-976) 516 (330-690) 1.000
Downstaging vs. No-downstaging 516 (330-828) 454 (272-976) 0.428
Vessel Radius, in ym
Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 15 (12.8-20.8) 15.8 (14.0-17) 0.945
ypT0-2 vs. ypT3-4 17.2 (13.2-20.8) 16.4 (12.8-22.0)  0.672
ypNO vs. ypN1-2 17.6 (13.0-20.8) 16.4 (12.8-22.0) 0.251
A NO vs. A N1-2 16.8 (12.8-22.0) 16.8 (14.0-19.6)  0.809
Downstaging vs. No-downstaging 17 (14.4-20.8) 16.2 (12.8-22.0)  0.387
MVD, in X1/m-107°
Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 3.0 (1.1-14) 5.0 (L47) 0.448
ypT0-2 vs. ypT3-4 3.9 (1.2-14) 3.6 (1.1-8) 0.868
ypNO vs. ypN1-2 4.1 (1.2-8) 3.9 (1.1-14) 0.702
A NO vs. A N1-2 3.9 (1.1-14) 3.9 (1.4-6) 0.582
Downstaging vs. No-downstaging 3.9 (1.2-14) 3.9 (1.1-8) 0.782

Table 13: Results from the quantitative IHC analysis of the features: vessels, vessel size, vessel
radius and MVD from pathological CD34-images. The Results are given as median values and
the range (min-max) given in parenthesis. The full dataset can be found in the appendix

and

4.2.4 Results for the Correlation Between MRI Parameters and IHC Features

The correlation matrix showing the scatter plots and correlation values are shown in figure
and the p-values are shown in table [18]
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ICD, in um
Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 161.4 (70-304)  94.2 (92-172) 0.734
ypT0-2 vs. ypT3-4 104.8 (70-192)  116.0 (78-304) 0.868
ypNO vs. ypN1-2 102.4 (70-304)  105.8 (78-236) 0.500
A NO vs. A N1-2 106.4 (70-304)  104.8 (90-172) 0.613
Downstaging vs. No-downstaging 52.5 (70-304) 105.2 (78-236) 0.839
Solidity, in X - 1073
Endpoint Group 1 Group 2 Dif p-value
TRGO-2 vs. TRG3 930.8 (889-945) 923.4 (922-940) 7.4 0.734
ypT0-2 vs. ypT3-4 929.5 (889-945) 923.3 (884-945) 6.2 0.277
ypNO vs. ypN1-2 925.5 (889-945) 923.6 (884-945) 1.9 0.956
A NO vs. A N1-2 923.6 (884-945) 929.5 (906-940)  -5.9 0.613
Downstaging vs. No-downstaging 923.8 (884-945) 925.3 (897-945)  -1.5 0.519
Stained Fraction, in percentages
Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 1.06 (0.4-10.3)  2.55 (0.5-2.7) 0.536
ypTO0-2 vs. ypT3-4 2.01 (0.5-10.3)  1.71 (0.4-7.9) 0.568
ypNO vs. ypN1-2 2.13 (0.5-10.3)  1.78 (0.4-7.9) 0.500
A NO vs. A N1-2 1.79 (0.4-10.3)  2.01 (0.5-4.2) 0.676
Downstaging vs. No-downstaging 2.01 (0.5-10.3)  1.79 (0.4-7.9) 0.897
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Table 14: Results from the quantitative IHC analysis of the features: 1CD, solidity and stained
fraction from the CD34-images. The Results are given as median values and the range (min-
max) given in parenthesis. The full dataset can be found in the appendix [24| and

CAIX Stained Fraction, in percentages
Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 2.58 (0.01-9.2)  0.84 (0.01-1.2) 0.183
ypT0-2 vs. ypT3-4 2.58 (0.00-15.1)  0.84 (0.00-5.7) 0.500
ypNO vs. ypN1-2 0.31 (0.00-12.6) 1.08 (0.00-15.1)  0.554
A NO vs. A N1-2 0.86 (0.00-15.1) 0.84 (0.14-9.2) 0.686
Downstaging vs. No-downstaging 0.69 (0.00-12.6) 0.89 (0.00-15.1)  0.979
CAIX Stain Size, in um

TRGO-2 vs. TRG3 1452 (196-5404) 1452 (196-1752)  0.833
ypTO0-2 vs. ypT3-4 1342 (30-6284) 1056 (72-3928) 0.468
ypNO vs. ypN1-2 1200 (30-6284) 1072 (72-4828) 0.817
A NO vs. A N1-2 1056 (30-6248) 1342 (428-5404) 0.729
Downstaging vs. No-downstaging 573 (30-5404) 536 (74-6284) 0.854

Table 15: Results from the quantitative IHC analysis of the CAIX-images.

Stain fraction is

the fraction of coloured pixels versus number of pixels in the tumour mask. Median number
of pixels for each vessel in the tumour mask. The Results are given as median values and the

range (min-max) given in parenthesis. The full dataset can be found in the appendix

Kaplan-Meier plots were made to assess differences in long-term survival based on seperating
the CD34 THC parameters in groups above and below their median values. This was not done
for the CAIX and HIF-1a parameters as there were so few patients with data in these groups.
The results did not reveal any significant differences in survival. The plots can be found in the

appendix [A]
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5 DISCUSSION

Correlation Matrix
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Figure 16: Correlation matrix for IHC features and TRG. Entries above and below the diag-

onal are identical.

The number in each window represents the correlation between the two

parameters and the scatter-plot is shown in the same window. Values in red reflects Spearman

correlations were the correlation value is > 0.50 or < 0.50.
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the MRI alone and then the THC alone, before the associations between MRI and IHC are

In this chapter the methods results are discussed in separate sections.
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HIF-1« Stained Fraction, in X - 1075

Endpoint Group 1 Group 2 p-value
TRGO-2 vs. TRG3 0.60 (0.60-400)  0.65 (0.61-12.5)  0.800
ypT0-2 vs. ypT3-4 0.69 (0.60-400)  0.73 (0.47-37.7)  0.717
ypNO vs. ypN1-2 1.78 (0.60-36.7) 11.6 (0.47-400)  0.129
A NO vs. A N1-2 0.75 (0.47-37.7)  0.42 (0.60-400)  0.967
Downstaging vs. No-downstaging 0.69 (0.60-400) 0.72 (0.47-37.7)  0.966
HIF-1« Stain Size, in pum

TRGO-2 vs. TRG3 77.0 (30-296) 98.8 (54-144) 1.000
ypT0-2 vs. ypT3-4 163.2 (30-296)  173.2 (54-302)  0.500
ypNO vs. ypN1-2 115.6 (30-274 200.8 (78-302) 0.091
A NO vs. A N1-2 190.6 (44-302 139.8 (30-296) 0.416
Downstaging vs. No-downstaging 163.2 (30-296)  173.2 (44-302) 0.898

Table 16: Results from the quantitative IHC analysis of the HIF-1a-images. Stain fraction is
the fraction of coloured pixels versus number of pixels in the tumour mask. Median number
of pixels for each vessel in the tumour mask. The Results are given as median values and the
range (min-max) given in parenthesis. The full dataset can be found in the appendix

TRG SF MVD VS Sol R nrV ICD CAsf CAss HIFsf HIFss
TRG 1.000 0.791 0.710 0.423 0.694 0.647 0.393 0.494 0.448 0.179 0.112 0.149
SF 0.791 1.000 0.000 0.001 0.070 0.022 0.044 0.004 0.202 0.243 0.990 0.875
MVD 0.710 0.000 1.000 0.037 0.284 0.128 0.017 0.001 0.218 0.192 0.990 0.885
VS 0.423 0.001 0.037 1.000 0.013 0.000 0.254 0.092 0.185 0.364 0.722 0.772
Sol 0.694 0.070 0.284 0.013 1.000 0.002 0.499 0.259 0.987 0.925 0.203 0.156
R 0.647 0.022 0.128 0.000 0.002 1.000 0.322 0.052 0.569 0.730 0.875 0.948
nrV 0393 0.044 0.017 0.254 0.499 0.322 1.000 0.002 0.048 0.034 0.012 0.016
ICD 0494 0.004 0.001 0.092 0.259 0.052 0.002 1.000 0.086 0.066 0.386 0.457
CAsf 0.448 0.202 0.218 0.185 0.987 0.569 0.048 0.086 1.000 0.000 0.028 0.026
CAss 0.179 0.243 0.192 0.364 0.925 0.730 0.034 0.066 0.000 1.000 0.040 0.045
HIFsf 0.112 0.990 0.990 0.722 0.203 0.875 0.012 0.386 0.028 0.040 1.000 0.000
HIFss 0.149 0.875 0.885 0.772 0.156 0.948 0.016 0.457 0.026 0.045 0.000 1.000

Table 17: P-value for the pathological data. The p-value for the correlation of each feature
with all other features as well as TRG. Each side of the diagonal, represented by the ones, are
identical. Values in bold are significant values, as long as they do not represent the same thing
(like CAIX and HIF-1a).

discussed. The last part is topics for further work.

5.1 Discussion of MRI

5.1.1 Discussion of Materials

The MRI images from the T2-weighted sequence had good resolution, contrast and no artefacts.

The images for the DSC data are hard to interpret visually as they are not purely anatomical,
but are used for the quantitative analysis and estimation of dynamic parameters.
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identical. R2 is the paramter R}, R2pk is R3-peak.,, and R2AUC is R3-AUC for the time point

525second. The number in each window represents the correlation between the two parameters
and the scatter-plot is shown in the same window. Values in red reflects Spearman correlations

Figure 17: Correlation matrix for MR and THC data. Entries above and below the diagonal are
were the correlation value is > 0.50 or < 0.50.
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This can be

attributed to movements of the bowel. Although measures were taken to reduce bowel move-

The images from the static R; sequence had a relatively high rate of artefacts.
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TRG R2 R2-peak R2-AUC NrV MVD ICD VS CAsf CAss HIFsf HIFss
TRG 1.000  0.040 0.024 0.135 0.778 0.302 0.206 0.135 0.841 0.532 0.603 0.778
R2 0.040 1.000 0.004 0.012 0.176 0.037 0.004 0.008 0.676 0.415 0.415 0.402
R2-peak 0.024 0.004 1.000 0.000 0.564 0.379 0.054 0.034 0.202 0474 0.495 0.584
R2-AUC 0.135 0.012 0.000 1.000 0.321 0.355 0.091 0.082 0.121 0.424 0.672 0.885

NrV 0.778  0.176 0.564 0.321 1.000 0.463 0.200 0.527 0.965 0.268 0.006 0.007
MVD 0.302 0.037 0.379 0.355 0.463 1.000 0.000 0.001 0.441 0.365 0.807 0.824
ICD 0.206 0.004 0.054 0.091 0.200 0.000 1.000 0.000 0.356 0.200 0.890 0.855
VS 0.135 0.008 0.034 0.082 0.527 0.001 0.000 1.000 0.564 0.451 0.718 0.785
CAsf 0.841 0.676 0.202 0.121 0.965 0.441 0.356 0.564 1.000 0.000 0.117 0.191
CAss 0.532 0.415 0.474 0.424 0.268 0.365 0.200 0.451 0.000 1.000 0.035 0.066

HIFsf 0.603 0.415 0.495 0.672 0.006 0.807 0.890 0.718 0.117 0.035 1.000 0.000
HIFss 0.778  0.402 0.584 0.885 0.007 0.824 0.855 0.785 0.191 0.066 0.000 1.000

Table 18: P-value matrix for MR and Histological data. The p-value for the correlation of each
feature with all other features as well as TRG. Each side of the diagonal, represented by the
ones, are identical. R2 is the paramter Rj, R2pk is Rj-peak.,;, and R2AUC is R3;-AUC for the
time point 525second. Values in bold are significant values, as long as they do not represent
the same thing (like CAIX and HIF-1«).

ments, they are difficult to remove entirely. MRI acquisition of the rectum is difficult because
the presence of air cavities often induces susceptibility effects, this gives signal loss because of
increased R?5. These artefacts are difficult to remove entirely and therefore CA is often avoided
for MRI of the rectum. In this project glucagon and Buscopan injection was able to remove a
high amount of the bowel movements. Some cases were not used due to these problems in total
13 patients were excluded form the static results.

5.1.2 Discussion of Methods

In DSC-MRI the first pass of the contrast agent is what is usually imaged. In cancer, especially
rectal cancer, the vessel walls are especially permeable leading to contrast agent leaking out.
This means that the signal measured will be different from that of normal DSC-MRI and must
be corrected. Since kinetic parameters were not calculated the correction was not necessary.
In this project R was found using a multi-echo sequence and calculated from [9] which should
remove most R; effects from R; values. Since the relaxation of the CA is weaker when it
is not in contact with blood, Rj will scale down with the amount of CA leakage. As a con-
sequence R3 may be lower in more aggressive tumours as they generally have more leaky vessels.

The time of arrival of CA into the tumour volume is important in the calculation of R3-peak.,
as the value depends on the baseline of Rj before the CA injection. The number of baseline
images varied between patients because the timing of CA injection was done manually and
timed by simple counting. Counting is very subjective and can vary a lot for each instance. An
automated system would have been preferable to achieve the same timing for all patients. As
a consequence of this variation the number of baseline images had to be found, in this project
it was done manually by looking at the curve of the signal and finding the point were the curve
starts to rise towards the peak. This was not trivial to find as it varies to some extent from
pixel to pixel and the exact start of the rise is not always straight forward to determine.

Most patients did not have image acquisition at the same time points for the R3-AUC, be-
cause of this the time interval for the R5-AUC had slight variations. The interval for R5-AUC
could not stop in-between images, it had to end on an acquired image. This gives rise to small
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differences in the R3-AUC values. This could have been corrected by performing a regression
between the two last data points to have all patients end at the same time or using a conven-
tional sequence. The images were acquired before this thesis started, so this would not have
been possible. The regression was not done for two reasons, the time frame did not allow it
and the error is likely to not have a large impact on results.

For some patients a rise in the R3-AUC curve could be seen towards the end of the longer time
intervals. This is probably caused by the accumulation of CA in the bladder which increases
R} of nearby tissue [16]. Patients with a very large rise (Rise ~ Peak) in the R5-AUC at late
times were excluded from the results. This exclusion was only based on a visual inspection
of the curve and not any specific cut-off value. This might provide some uncertainty into the
results. For shorter time intervals this effect should be greatly diminished.

Some patients also had very unnatural curves before the initial rise to the peak. These include
values deviating from the apparent baseline by rising before the observed peak or dipping far
below the baseline. This might be due to the contrast agent reaching some pixels much earlier
than others or artefacts in the image. Patients with large deviations were also excluded.

In total 14 patients were excluded from the dynamic results.

5.1.3 Additional Methodological Factors

The patients included in this project were also included in another project, therefore patients
had many sequences taken and stayed in the MRI scanner for a long time. MRI acquisition for
rectal cancer is a long process (= 45 minutes) and the additional sequences added ~ 15 — 20
minutes to the acquisition. It is therefore quite likely that patients had some movement and
created motion artefacts.

The delineation of the tumour mask is also exposed to human errors and intra-observer variabil-
ity [31]. As well when the tumour mask is adapted to the image some small error is introduced
because of the different resolution of the images.

The number of patients with MRI data that where also treated with CRT is low so some end-
points have few patients, in addition some patients were not included in either the static or
dynamic results, giving a lower number for each modality than the number of patients with
CRT. As a consequence of the low number of patients the Mann-Whitney U test was used
for the statistical analysis. The exact treatment of the CRT varies between patients and it is
uncertain what effect this had on the result.

5.1.4 Discussion of Results

The static R; had no significant results for the different endpoints, the endpoint group that
had the lowest p-value was TRGO0-2 vs. TRG3 (p = 0.135). This might be connected to the
large semi-overlapping range of values for the different groups and to some extent the amount of
artefacts and movement errors. The were some differences in the median values between some
endpoints. Especially for the change in T stage (ATO-1 vs. AT2-4, and AT0-2 vs.A T3-4), but
high p-value (p = 0.578 and p = 0.869). In general we see higher Rj-values for patients in the
groups with favourable responses. It was assumed that patients with more aggressive tumours
and most likely more hypoxia and therefore poorer treatment response should show higher R;
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values. It is not possible to give any conclusive result on this theory from these results, the
p-value for the TRG groups looks promising but is not significant. Studies with larger patient
groups should be performed.

Other studies have found results that were more promising. For instance Sun and colleges in-
vestigated the role of static R} in differentiating malignant from benign lesions in the liver [40].
In the study it was found that malignant lesions had R; values that were higher than benign
lesions with a p-value of < 0.001. In another study by Li and colleges, R} was investigated
in cervical cancer [21] patients who received CRT. After treatment the follow-up examinations
were done and it was found that patients with poor response had significantly higher R than
patients with better response and had a p-value of 0.02. In both studies the explanation for
the differences in response was the presence of hypoxia.

The R; value is not only affected by oxygen in the blood, the amount of haemoglobin in the
blood as well as the amount of red blood cells are factors and both vary individually. In the
rectum the it is of high importance to consider the interface between air and tissue. They
can increase the R} value in an interface region and should not be included. The artefacts in
some images can have affected this and lead to some air-cavities being included in the tumour
mask. The most sever cases were removed, but some milder cases of artefacts were included to
not further lower the amount of patients in the study, however this probably introduced more
variance in the values.

It might be that the expected correlation with tumour hypoxia is not manifested as the CA is
not able to reach chronically hypoxic cells, since the supply of blood to these cells is, by virtue
of being chronically hypoxic, very low.

The dynamic Rj-peak.,, had one significant result. This result was found in the patients
wihtout CRT in the group pNO vs. pN1-2 (p = 0.024). The endpoint ypNO vs. ypN1-2 had a
p-value of 0.065 represents a strong trend. It showed a difference in median values that suggests
a lower values for patients without malignant lymph nodes. This has been seen in other studies
were a significant association was found between both Ky..ns and R3-peak.,, in the primary
tumour and histological nodal status of the surgical specimen |11]. It was suggested that both
R3-peak,, and nodal status were connected to tumour aggressiveness that was caused by hy-
poxia, and that a low Rj-peak.,, may be an indicator of poor blood flow. A similar result
was found in this study between Rj-peak.,, and the pN stage. This supports the case that
R3-peak.,;, may be associated with poorer blood flow and as a consequence a more aggressive
phenotype. In general the patients with better outcomes have slightly lower values.

R;-peak,,, is affected by many factors. Blood flow should affect the rate at which CA is trans-
ported through the tumour and thereby affect the maximum Rj. More blood flow would give
faster enhancement of R; and therefore a higher peak value. In contrast hypoxic areas should
have higher R} because of de-oxygenated haemoglobin, but it might be that CA agent does not
reach these areas because of the poor blood flow or diffusion that is associated with hypoxia.
It is likely that in reality the truth lies somewhere in the middle and they both contribute.

The dynamic R3-AUC did have some significant results, but only for the longer time inter-
vals, this might mean that there is some accumulation or temporal aspect to these results. For
the 525 + 25s both TRGO0-2 vs. TRG3 and ATO0-1 vs. AT2-4 were found to be significant with
p-values of 0.008 and 0.014. It can be seen that in both groupings the patients with poorer
response had higher values, indicating higher values for more aggressive tumours, except for
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the TRG group where the patients with a better response had a lower value. Gregvik and col-
leges also looked at R3-AUC and found that patients with nodal metastasis as well as patients
with T3-4 tumours had lower values for the R;-AUC, these results were not significant though
(p = 0.07 — 0.20). This might further indicate that this result has to be seen in contrast to
the time interval used, which again might be associated with the CA having more time to leak
into the tissue. In addition the TN stage of a tumour is not necessarily connected with tumour
aggressiveness, whereas the tumour response to treatment is usually considered to be fairly well
correlated with aggressiveness.

In DSC-MRI one usually looks at the first-pass of CA, therefore looking at R3-AUC for the
whole acquisition time is an uncommon approach. As a consequence there had not been found
any literature on how to analyse these findings. R3-AUC generally reflects the amount of CA
transitioning the vasculature and is proportional to the blood volume as long as the first-pass
is the only part being considered and one assumes no leakage [38]. The high vascular perme-
ability of rectal cancer changes this and the general principles cannot be followed. A possible
explanation of the differences in first-pass results is that all the CA does not leave the tumour
volume after the first-pass of aggressive tumours. It is this effect that can observed with the
full time interval approach.

There are several reasons why the CA might linger longer in more aggressive tumours. The
first being that aggressive tumours have more leaky vessels leading to more CA leaking into the
tissue, the enhancement of the signal when CA leaks into tissue is small, but with increasing
concentrations the effect should increase. Second the abnormal and torturous vasculature of
more aggressive tumours could be less effective at clearing the CA from the tissue. Third the
irregular blood flow of aggressive tumours could cause CA that leaks into tissue to remain much
longer than in less aggressive cases. Fourth the vasculature could have dead-ends and sections
where blood pools up without being drained and causing blood lakes. It is also not known how
VM plays into the specific dynamics of CA transportation.

5.2 Discussion of Quantitative Immunohistochemistry
5.2.1 Discussion of Materials

The staining for the H&E, CD34, CAIX all had good staining with sufficient contrast. The
HIF-1a stain had poor staining, why this was the case in unsure, but it might have been a
result of issues in the thinning process of the staining procedure or the time from operation to
being paraffin embedded. Other reasons could be that primary antibodies generally lose affinity
for the target antigen over time, either due to protein degradation or denaturation caused by
long-term storage, microbial contamination, changes in pH or harsh treatments. The CAIX did
not have this issue which shows that the issue was not a lack of hypoxia within the sections.

Some slides had tearing, this could have happened when the slides were mounted on the micro-
scope or when the slice was mounted on the slide. The latter is the most probable. Since the
slices are very thin it takes very little for them to tear. This was a minor issue and generally
the tears were small. There were however three cases with large tears, in these cases the results
were checked to see that no data was gathered in these regions. Only one of the three tears
had enough staining to be visible after thresholding. An example of tearing is shown in figure
[18al In this case the tearing is outside the data-area as seen in figure [18d therefore there are
no consequences.
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a CAIX image

(b) The H&E image in the same area as the tear on the CAIX image

(c) Image showing the included pixels (green) in the teared image

The images used in the pathological results were digitized at x 20 and x 40 magnification.
The first downscaled layer (1:4) of the x 20 images were used to run the analysis, this yielded
good results and all features were sufficiently resolved. The x 40 images and the full resolution
x 20 images were not used as the first downscaled layer of the x 20 images provided enough



5 DISCUSSION 56

detail to find the outline of vessels, in addition higher resolutions would require substantially
more computing power or time for computation. However for the feature ’Solidity’ it might
have been beneficial to use higher resolution to accurately determine the vessel branches.

5.2.2 Discussion of Methods

Many steps in the processing was evaluated by visual inspection, this naturally has a inherent
flaws. There is however no clear and easy alternative in assessing image quality in the different
steps that do not also require a lot more time investment, complexity and restriction of flexi-
bility. With this in mind most parts of the processing seem to have generated good results.

Image registration was vital to the processing of the images since only one mask was drawn for
each case, on the H&E stain. The registration had to correctly align tumour areas in the other
stains with the original mask. Failure to do so would either introduce undesired data from
outside the tumour region or lose tissue data from areas not covered. The image registration
was largely successful, the most troublesome cases were the ones that had many small tumour
areas. For these cases tilled image-registration could have helped, but with the current program
this was not possible. The other option for the bad cases would have been to draw masks for
all stains.

An alternative to image registration would have been to draw masks for all stains. This would
have been a time consuming endeavour and was not guaranteed to give better results, because
it is not always possible to identify the correct tumour regions on the non-H&E stains.

The standard procedure for determining vessel parameters in IHC stained tumours use manual
determination of which cells are stained sufficiently and correspond to vessels. The general
method uses a "hot spot” approach were a few regions with high vessel density are studied.
A certain number of regions are selected and the number cells or vessels marked with a given
marker are counted. In this project a more straight forward and "honest” approach was used,
were the whole tumour area was analysed. In addition this project employs an automated
approach to vessel identification by using color thresholds, thus removing the subjective per-
spective from this process.

The thresholding was not highly investigated. It was based on visual inspection and no in-
spection of the false negative rates or false positive rates with respect to the threshold values
were performed. Threshold values were selected with the idea in mind that false positives were
considered worse than false negatives. As a consequence some weaker stains were most likely
lost. However false positives could give wrong results whereas false negatives would only give
no conclusive results.

The post-processing kept the smallest stains out of the feature extraction. Minuscule stains in
the features could cloud the data and might give some false positives. To counteract the weak
staining in the HIF1-a a weaker erosion was used for these slides. No further inspection was
performed into the effects of the threshold process.

5.2.3 Discussion of Histology Results

The data for each feature will be discussed, followed by an overall look at how the data can be
interpreted and finally how they relate to the MRI data.



5 DISCUSSION 57

Number of vessels. The only feature that showed some tendency toward significance for any
endpoint was the number of vessels for TRGO0-2 vs TRG3 where the p-value was p = 0.101. The
values show that for patients with better response had tumours with fewer vessels. This seems
to be contradicted by the fact that it is the other way around in the TRGO-1 vs. TRG2-3 group,
but there was only one patient in the TRGO-1 group so this data should not be considered.
This is a result of many of the patients in the TRGO-1 group having no cancer left in the image
slice and therefore were not included. The TRG2-3 group however had more patients (15) and
had a higher value than the TRGO0-2 group, but a lot lower than the TRG3 group which had
three patients. The endpoint ypNO vs ypN1-2 had quite a difference in the values for the two
groups, but very high p-value (p = 0.785), this could be due to overlapping groups. Downstaing
vs no-downstaging also had some difference in the median values but a p-value of 0.367.

In VM the vessel-like channels do not contain endothelial cells, therefore they would not be
stained by CD34 and would not show up on the results. The amount of VM in the sections is
therefore unknown and the impact they have on the tumour environment is unclear, it might
be that areas of low vessel density rely more on VM to supply blood.

Median average vessel size is closely related to average vessel radius. Looking at the values
from these two features, the values for the groups align to some extent. Meaning that when
the values for one group are higher than the other for one feature this is also true of the other
feature. This makes sense as both features measure the magnitude of a vessel. The p-values
also match up to some extent. For both features the ypNO vs. ypN1-2 endpoint gave the best
p-value around 0.23.

MVD also gave a lower value for patients with better response to the treatment (TRGO-
2) compared to patients with poor response (TRG3), but showed no statistical significance
(p = 0.448). It would be very beneficial to compare with the TRGO-1 vs TRG2-3 group data.
We can not use TRGO-1 as discussed earlier, but we can use the TRG2-3 value. This group
gives a higher median value than the TRG3 group, showing that there might be some connec-
tion between number of vessels in an area and its response to treatment. This is what has been
found in many other studies. MVD has been linked with treatment response and metastasis
[45], but the varying methods used to evaluate MVD has complicated comparisons and a lack
satisfactory methods in a clinical environment has limited its use [Myiata] [6]. MVD was a
significant although weak prognostic factor in women with breast cancer. Standardization of
MVD assessment is needed. This project used a method not widely used in other studies. The
method uses the entire tumour volume, within the central slice instead of using specific hot
spots. The method in this project provides a larger perspective of the tumour and considers
all parts of the tumour, instead of only investigating the most dense vessel areas. It also avoids
subjective biases and should be easily reproducible.

Although different results has been found for some types of cancer, colorectal cancer seems to
show good correlation between MVD and prognosis. 2014 meta-analysis by Wang and colleges
found that patients with colorectal cancer showed an increase in MVD-levels and this correlated
with tumour aggressiveness, poor differentiation and higher frequencies of vascular-lymphatic
invasion, lymph node invasion, and distant metastases [45]. Another study stated that angio-
genesis, as assessed by MVD, in colorectal cancer is an important prognostic factor for tumour
growth at the primary site [48]. A study from 2017 indicated that MVD, regional lymph node
metastasis and tumour size were independent risk factors for distant metastases in colorectal
cancer [42].
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None of the other groups for MVD showed any statistical significance. In addition the ANO
vs. AN1-2 as well as the downstaging vs no-downstaging had only a very small difference in
median values.

ICD had very small differences between most endpoints except the TRG grouping were there
was a lower value for TRGO-1 than for TRG2-3, but also a lower value for TRG3 than for
TRGO-2. We might see a trend toward lower values for poorer treatment outcomes, but a low
patient number in the TRGO-1 group most likely prohibits this trend becoming significant. This
would make intuitive sense as we saw a tendency for higher vessel numbers in higher regression
grades, which should decrease vessel distance. Once again there are no significant results.

Solidity. From the solidity data there seems to be a decline in solidity for increasing tumour
grade, meaning that for tumours with poorer response the vessels are more branched and ir-
regular in shape. This is seen in the difference between TRGO-1 and TRG2-3 as well as in the
difference between TRGO0-2 and TRG3. This is in line with the general tendency for tumour
vasculature to be poorly regulated and forming tortuous networks. The downstaging vs. no-
downstaging group did not show this tendency. Wether the post-possessing affected this value
is uncertain.

The stained fraction is a combination of vessel number and vessel size, and the stained frac-
tion increases from TRGO-2 to TRG3 as expected, but in the TRGO0-1 vs. TRG2-3 case we
once again see exceptions presumably due to the low patient number. In ypT0-2 vs. ypT3-4
we see higher values for the ypT0-2 group than for the ypT3-4 group. In ypNO vs. ypN1-2 we
also see higher values for ypNO than for ypN1-2. For the difference in downstaging we see that
patients with downstaging had higher fractions.

Correlation data: The first thing to note is that stained fraction correlates quite strongly
with vessel size and MVD. This makes sense as the larger the vessels the more staining would
be observed and if they were tightly packed we would also likely have a higher stain fraction.
In the same way MVD and ICD are highly inversely correlated with each other. Continuing
with this idea vessel size and vessel radius are very strongly correlated as well for obvious rea-
sons. Stained fraction correlates, although not as much as vessel size and MVD, with number
of vessels, vessel radius and ICD. The p-value for all these features is below 0.05. Number of
vessels, vessel radius and ICD will be discussed in there own sections.

The correlation p-value for the TRG was > 0.110 for all variables. The two HIF1-a variables
and CAIX stain size were the closest to being significant (CAgs = 0.179, HIF,f = 0.112,
HIF;s = 0.149) all other variables had p-values > 420.

ICD had p-values for both CAIX features of p = 0.086and0.066. The correlation coefficients
were p = —0.44 and p = —0.47 showing a decrease in CAIX staining fraction and stain size for
increasing 1CD.

Number of vessels is correlated with seven parameters. The most strongly correlated pa-
rameter is [CD with an inverse relationship. Increasing the number of vessels decreases their
spacing, but the number of vessels is also correlated with stained fraction and MVD so the area
of the tumour does not seem to increase at the same rate as the number of vessels. If that was
the case, the stained fraction would remain the same for increasing vessel number, however this
might be because the sections only represent a two-dimensional image of the three-dimensional
tumour. Number of vessels was the only feature to have a correlation with CAIX and HIF1-«
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features and had a p-value > 0.05 for all pairs. As the grouping data showed, the number of
vessels seemed to have a connection with treatment-response and hypoxia is known to limit
treatment effectiveness. It is therefore interesting to see that the number of vessels has some
correlation with the hypoxia markers in this project. The correlation is moderate with values
between 0.50 — 0.61.

5.2.4 Discussion of Correlation between MRI and Quantitative Immunohisto-
chemistry

The correlation matrix for the MRI and IHC data can be seen in figure [I7] The corresponding
p-values can be seen in figure [18|

Looking at the correlation matrix one can see that MVD is quite strongly correlated with R;
with an inverse relationship. A lower correlation with R3-peak.,, and R3-AUC is seen and
not with the inverse relationship. P-values are 0.037, 0.379 and 0.355 for R}, Rj-peak,, and
R;-AUC respectively. Meaning that R} is the only one that is considered significant

Looking at the MRI parameters of the static R}, dynamic R3}-peak.,, and dynamic R;-AUC
we see that they have very low p-values for both ICD and vessel size (p = 0.004 — 0.091). For
R;-peak.,;, and R3-AUC the correlation values with ICD and vessel size are in the range —45
to —0.54. For R} the correlation values are 0.65 and 0.69. This shows that there is a difference
in how the tumour vasculature is represented by R3-peak.,; and R3;-AUC compared to Rj. The
correlation of Rj-peak.,, and R5-AUC with ICD distance might be because when the distance
between the vessels increase there is more tissue that is unaffected by the contrast agent. The
correlation with vessel size might be explained by the increased blood flow, so that the CA
washes out of the volume faster. The difference in the sign of the correlation of Rj-peake,n
and R3-AUC versus R; is hard to explain and more research might be needed to fully explain it.

Interestingly Rj is strongly correlated with ICD and as seen earlier ICD had a low correlation
but also a very low p-value for CAIX. We also see that the p-value for Ry and CAIX features
are 0,676 0,415 and a low correlation —0.11 and —0.22.

The feature with the lowest p-value for the MRI parameter R3;-AUC other than ICD and vessel
size was CA stain fraction with a value of 0.121. The correlation value is —0.44. This is also the
MRI parameter with the lowest p-value for both CAIX features and HIF1-« features. There-
after the second lowest p-value for CAIX features and HIF1-« features when compared to the
MRI parameters is 0.202 for Rj-peak.,; and CAIX stain fraction. For these there is a corre-
lation value of —0.34. All other p-values for MRI parameters with CAIX or HIF1-« are > 0.400.

If we look at the overall correlation of MRI parameters with CAIX and HIF1-« features, we have
in general a low correlation. Except for the CAIX stain fraction correlation with R3-peake,n
and R3-AUC, all correlation values for CAIX and HIF1-« features are in the range from —0.04
to —0.22. This generally low correlation value probably a reflects the multiple interactions and
variables that affect of both tumour hypoxia and MRI parameter values. In addition the low
amount of patients in this analysis (n = 20) makes it difficult to make any clear conclusions
about the relationship between these parameters.

It should be noted that the MRI data is based on a large volume, while the IHC parameters
are only based on a single slice of the tumour.
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5.3

Suggestions for Further Work

The process of segmentation in the IHC images could be investigated to see how the choice
of erosion and dilation thresholds affects the rate of false-positives and false-negatives.

A study into different features should be done as there is a large array of features to look
at.

A study with a larger number of patients.

Studying a larger portion of the tumour were more than a single slice is made for each
stain would be very interesting. in that way close to the entire tumour volume could be
analysed.

The mask creation has a large affect on what features can and should be extracted as well
as having a role in feature results, how these masks are drawn and the margins applied
was not investigated in this project. It would be enlightening to see how it affects the
outcome of the study.
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6 Conclusion

This thesis used MRI as well as histological and THC images from a total of 113 patients to
quantitatively investigate the vascular function of malignant tumours.

The parameter R; was calculated from static 75 -weighted images and from dynamic R; time
curves derived from DSC data, Rj-peak.,; and R3-AUC were calculated. Correlation between
the MRI parameters and various endpoints representing tumour response to CRT was inves-
tigated. Four significant results were found for the the parameter R3;-AUC. Two significant
results were found for the longest time points one for the second longest and one for the second
shortest, while the shortest had one group verging on significance.

Using an automated computer program a wide array of features were calculated from THC
images stained with CD34, CAIX and HIF-1a. These features were correlated with various
endpoints representing tumour response to CRT and further correlated to the previously found
MRI parameters.

The THC data gave many features which differed between long-term endpoints, but no signifi-
cant results were found. Further, drawing any clear conclusions from these data are difficult as
there are not enough patients in most groups to consider the values as well distributed. The
correlation results for IHC and MRI data had a couple of significant results. Vessel size was
significant for correlation with static R5 and dynamic Rj-peak.,,. [R5 was also significantly
correlated with MVD and ICD. There seemed to be indicators in the results that the THC
features studied were relevant for the purpose of studying tumour vascularization and their
connections to MRI. Additionally, features that have been purposed in the literature to be of
prognostic value did have strong trends in this study, but were not found to be significant. As
such, the connection between the number of vessels, MVD and hypoxia, as indirectly assessed
by MRI, is interesting and overlaps to some extent with what is theorised as the reason for
poor treatment response.

The main weakness of the thesis is the small number of patients in total and especially patients
with CRT, MRI and IHC. In spite of these problems this thesis gives a good example of how
the analysis of vascular function in IHC images can be automatised and streamlined. A stan-
dardization of the methods in vascular IHC analysis is much needed to make comparisons of
results across studies possible.

In conclusion the analysis provided good reasons for being optimistic about the possible use of
these parameters. Based on these results of this thesis, it is recommended that a larger study
is performed as this is the only way the real usefulness of the parameters can be identified and
expanded upon.
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Figure 19: Kaplan-Meier plot for stained fraction of CD34
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Figure 20: Kaplan-Meier plot for the vessel size
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% hi s program upl oads diconfiles and sorts them This is for inages in
t he

%72 folder (anatom cal inmages), and the inmages are sorted by slice
Y%position.

clear all
filePath = ' C. \ Users\ Vi dar\ Downl oads\ Mast er\ Pati ents\';

Y%patientNR= [1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
42 43 44 45 46 47 48 49

patientList = [24 25 27 29 30 31 32 34 39 40 41 43 44 45 46 47 48 49
50 51 52 54 55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
83 85 87 88 89 90 92 94 ...

...50 51 52 53 54 55 56 57 58 59 60 61 62 63
64 65 66 67 68 69 70 V1 72 73 74 75 76 77 78 79 80
81 82 83 84
95 96 102 103 106 107 108 110 111 112 113 114 115 116
118 119 120 121 123 125 126 127 128 131 133 134 138 142 143 144 146
147 148 149 150 ...
85 86 87 88 89 90 91 92 93 94 95 96 97 98
99 100 101 102 103]
151 152 153 154 155 156 157 158 159 160 161 162 163 164
165 166 169 170 171];

n = length(patientlList);

%.oop that goes over all patients that are going to be anal ysed
for patient = 1:n

clear imnfo

patientNr = patientList(patient); %bOraw out the nunmber of the
pati ent

%vbke a |ist over all the inmage files and count how many there are

imist =dir([filePath2 'Oxytarget ' int2str(patientNr) ' PRE/ T2/
#);

nlmr2 = | ength(inList);

%Acquire z value fromthe info file
zVal ueT2 = ones(nlmr2, 1);

% reate a matrix with roomfor all the inmages (resolution 512x512)
if (patientNr==68) || (patientNr==126)
i Mr2 = zeros(528, 528, nl nT2) ;
el sei f (pati ent Nr==75)
i mr2 = zeros(560, 560, nl nr2) ;
el se
imr2 = zeros(512, 512, nl nr2);
end




%his | oop goes over all the inmages in the folder and reads them
in
for imageNr = 1:nlnil2

%Reads all the inages into a matrix, plus the associated info

file

info = dicomnfo([filePath2 ' Oxytarget ' int2str(patientNr)
PRE/ T2/" i nmLi st (i mageNr). nane]);

imr2(:,:,imgeNr) = diconmread([filePath2 ' Oxytarget

int2str(patientNr) ' PRE/T2/' inList(imgeNr).nane]);

%uts slice position into a | ong vector
zVal ueT2(i mageNr) = info.lmagePositionPatient(3);

end YAl | inages are read

%WEorts the slices into order

[zVal ueT2, indzSort] = sort(zValueT2);

imr2 = inf2(:,:,indzSort);

nSlicesT2 = nlnT2;

%saving variables to a .mat-file in the patient's T2 fol der
save([filePath ' Oxytarget ' int2str(patientNr) '

PRE/ 3Dmatrix.mat'],'inr2','zVal ueT2',' nSlicesT2',' nl mr2")
end
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% hi s program upl oads diconfiles and sorts them This is for inages in
t he

%-FE fol der (static sequence), and the inmages are sorted by slice

posi tion

%nd echo tine.

clear all
filePath = ' C: \ Users\ Vi dar\ Downl oads\ Mast er\ Pati ents\"';

Y%patientNR= [1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
42 43 44 45 46 47 48 49

patientList = [24 25 27 29 30 32 31 34 39 40 41 43 44 45 46 47 48 49
50 51 52 54 55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
83 85 87 88 89 90 92 94 ...

...50 51 52 53 54 55 56 57 58 59 60 61 62 63
64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80
81 82 83 84
95 96 102 103 106 107 108 110 111 112 113 114 115 116
118 119 120 121 123 125 126 127 128 131 133 134 138 142 143 144 146
147 148 149 150 ...
85 86 87 88 89 90 91 92 93 94 95 96 97 98
99 100 101 102 103]
151 152 153 154 155 156 157 158 159 160 161 162 163 164
165 166 169 170 171];

n = length(patientlList);

% oop that goes over all patients that are going to be anal ysed
for patient = 1:n

clear ininfo

patientNr = patientList(patient); % raw out the number of the
pati ent

%vbke a list over all the image files and count how many there are
i f(patientNr==97) || (patientNr==102) || (patientNr==128)
|| (patientNr==130) || (patientNr==131) || (patientNr==132) ||

(patientNr==133) || (patientNr==134) || (patientNr==142)
imlist = dir([filePath2 'Oxytarget ' int2str(patientN) ' PRE
FFE/ *1nt']);
el se

imlist = dir([filePath2 'Oxytarget ' int2str(patientN) ' PRE
FFE/ *I mage*']);
end
nlm = length(inlist);

%Acquire echo time value and z value fromthe info file
echoTi neVal ue = zeros(nlm1);
zVal ue = ones(nilm1l);




% reate a matrix with roomfor all the inages (resolution 256x256)
im= zeros(256, 256,nlm;

%lhis | oop goes over all the inmages in the folder and reads them
for imageNr = 1:nlm

%Reads all the inages into a matrix, plus the associated info

file

info = dicomnfo([filePath2 ' Oxytarget_' int2str(patientNr)
PRE/ FFE/ ' i nLi st (i mageNr). nane]);

im:,:,imageNr) = diconread([filePath2 ' Oxytarget '

int2str(patientNr) ' PRE/FFE/" inList(inmgeNr).nane]);

%uts echo tine value and slice position into a | ong vector

echoTi neVal ue(i mageNr) = info.EchoTi ne;
zVal ue(i mageNr) = info.lnagePositionPatient(3);
end %Al | inages are read

%sorts the slices into order

[zVal ue, indzSort] = sort(zValue);
im=im:,:,indzSort);

echoTi neVal ue = echoTi neVal ue(indzSort);

%Gorts the echo tine values into order
[ echoTi meval ue, indEtSort] = sort(echoTi meVal ue);

im=im:,:,indEtSort);
nEt = | ength(uni que(echoTi neVal ue)); %Counts nunber of echo tine
val ues

nSlices = nlmnEt; %\unber of slices is (nunber of inmages)/(nunmber
of echo tinme val ues)

%dere the matrix is reshaped into 4D where the first two
di mensi ons are

% and y directions, dinension three is z direction and di mension
four

% s the echo tinme val ues.

im= reshape(im [256, 256, nSlices, nEt]);

echoTi neVal ue = reshape(echoTi neVal ue, [nSlices, nEt]);

zVal ue = reshape(zVal ue, [nEt, nSlices]);

%saving variables to a .mat-file in the patient's FFE fol der
save([filePath 'Oxytarget ' int2str(patientNr) ' PRE
FFE/ 4Dmatrix. mat'],"im,"' echoTineValue','zValue', ' nEt', ' nSlices', 'ninl)
end
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% hi s program upl oads diconfiles and sorts them This is for inages in
t he

oR2St ar fol der (dynam ¢ sequence), and the images are sorted by slice
posi tion

%and acquisition tine.

clear al
filePath = ' C \ Users\Vidar\ Downl oads\ Mast er\ Pati ents\';

Y%patientNR= [1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
42 43 44 45 46 47 48 49

patientList = [24 25 27 29 30 32 31 34 39 40 41 43 44 45 46 47 48 49
50 51 52 54 55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
83 85 87 88 89 90 92 94 ..

...50 51 52 53 54 55 56 57 58 59 60 61 62 63
64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80
81 82 83 84
95 96 102 103 106 107 108 110 111 112 113 114 115 116
118 119 120 121 123 125 126 127 128 131 133 134 138 142 143 144 146
147 148 149 150 ...
85 86 87 88 89 90 91 92 93 94 95 96 97 98
99 100 101 102 103]
151 152 153 154 155 156 157 158 159 160 161 162 163 164
165 166 169 170 171];

n = length(patientlList);
% oop that goes over all patients that are going to be anal ysed
for patient = 1:n

clear imnfo

patientNr = patientList(patient); %bOraw out the nunmber of the
pati ent

%vbke a |ist over all the inmage files and count how many there are

inmList = dir([filePath2 'Oxytarget_' int2str(patientNr) ' PRE/
R2Star/*#*']);

nlm = | ength(inList);

%Acquire echo tine value and z value fromthe info file

acqTi neVal ue = zeros(nlm1);

zVal ue = ones(nlm1l);

% reate a matrix with roomfor all the inages (resolution 256x256)
im= zeros(256, 256,nlm;

%his | oop goes over all the inmages in the folder and reads them

for imageNr = 1:nlm




%Reads all the images into a matrix, plus the associated info

file

info = diconminfo([filePath2 ' Oxytarget ' int2str(patientNr)

PRE/ R2St ar/" inList(inmgeNr).nane],’' UseDictionaryVR ,true);

im:,:,imgeNr) = diconread([filePath2 ' Oxytarget '

int2str(patientNr) ' PRE/ R2Star/"' inmnList(imgeNr).nane]);

val

of

%Puts echo tine value and slice position into a |ong vector
acqTi meVal ue(i mageNr) = str2doubl e(info. AcquisitionTine);
zVal ue(i mageNr) = info.lmagePositionPatient(3);

% mage needs to be nmultiplied with a scaling factor to get the
%orrect R2* val ue

scal i ngFactor = info.Private_0077_1001;

im:,:,imgeNr) = scalingFactor.*in(:,:,inmgeNr);

end Y%Al | inages are read

%Sorts the slices into order

[zVal ue, indzSort] = sort(zValue);
im=im:,:,indzSort);

acqTi neVal ue = acqTi neVal ue(i ndzSort);

%sorts the echo tinme values into order
[acqTi meVal ue, indAtSort] = sort(acqTi neVal ue);

im=im:,:,indAtSort);
nAt = | engt h(uni que(acqTi neVal ue)); %Counts nunber of echo tine
ues

nSlices = nlmnAt; %\unber of slices is (nunber of inages)/(nunmber
echo tine val ues)

%iere the matrix is reshaped into 4D where the first two

di nensi ons are

% and y directions, dinmension three is z direction and di mension

f our

% s the echo tinme val ues.

im= reshape(im [256, 256, nSlices, nAt]);

acqTi mreVal ue = reshape(acqTi neVal ue, [nSlices, nAt]);
zVal ue = reshape(zValue, [nAt, nSlices]);

%Gaving variables to a .mat-file in the patient's R2Star fol der
save([filePath 'Oxytarget ' int2str(patientNr)

PRE/ 4Dmatrix. mat'],"im,"acqTi meVal ue',' zValue',' ' nAt'," ' nSlices', ' nlm)

end
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%rhis programinports and adapts the ROs to fit the FFE inmges.

clear all

filePath = ' C \ Users\Vidar\ Downl oads\ Mast er\ Pati ents\";

addpat h(' C:\ User s\ Vi dar \ Downl oads\ Mast er\ Mat | ab prosj ekt oppgave
\ekstra');

addpat h(' C:\ User s\ Vi dar\ Downl oads\ Mast er\ Mat | ab pr osj ekt oppgave\ ekstra
\'i rshow3D' )

Y%patientNR= [1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
42 43 44 45 46 47 48

patientList = [24 25 27 29 30 32 31 34 39 40 41 43 44 45 46 47 48 49
50 51 52 54 55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
83 85 87 88 89 90 92 ...

...49 50 51 52 53 54 55 56 57 58 59 60 61 62 63
64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80
81 82 83
94 95 96 102 103 106 107 108 110 111 112 113 114 115
116 118 119 120 121 123 125 126 127 128 131 133 134 138 142 143 144
146 147 148 149 ...
84 85 86 87 88 89 90 91 92 93 94 95 96 97
98 99 100 101 102 103]
150 151 152 153 154 155 156 157 158 159 160 161 162 163
164 165 166 169 170 171];

n = length(patientlList);

% oop that goes over all patients that are going to be anal ysed
for patient = 1:n

patientNr = patientList(patient);

%.oadi ng the sorted FFE and T2 i nmges

load([filePath ' Oxytarget ' int2str(patientNr) ' PRE
FFE/ 4Dmatrix. mat']);
load([filePath ' Oxytarget ' int2str(patientNr) ' PRE

T2/ 3Dmatrix. mat']);

%.oading the RO fromthe NIfTI file
if patientNr == 28 || patientNr==118 || patientNr == 75 ||
patientNr == 102 || patientNr==156 || patientNr == 172
nii = load_untouch_nii([filePath ' Oxytarget '
int2str(patientNr) ' PRE/ binary/shh/tunmour.nii']);
el se
nii = load_untouch_nii([filePath 'Oxytarget
int2str(patientNr) ' PRE/ binary/an/tunour.nii']);
end

%etting the right dinensions and scaling
unscal edRO = nii.iny;
unscal edRO = pernute(unscaledRO, [2 1 3]);




unscal edRO = unscal edRA ./ (nii.hdr.dine. gl max);
[ xPi xel s, yPi xel s, zSli ces] = size(unscal edRO);

if (patientNr == 32) || (patientNr == 74) || (patientNr == 79)

|| (patientNr == 96) || (patientNr == 40) || (patientNr == 46) |
(patientNr == 65) ...

|| (patientNr == 69) || (patientNr == 77) || (patientNr ==
85) || (patientNr == 103) || (patientNr == 106) || (patientNr == 113)
|| (patientNr == 134)

|| (patientNr == 133) || (patientNr == 141) || (patientNr
== 151) || (patientNr == 152) || (patientNr == 155) || (patientNr ==
160)

|| (patientNr == 163) || (patientNr == 169) 9% or these
patients, the RO slices are in the opposite order

copy = unscal edRO ;

i ndex = 1,

for s = zSlices:(-1):1
unscal edRO (:,:,index) = copy(:,:,S);
i ndex = index + 1;

end

end
stati cRO = zeros(256, 256, nSlices);

%Adapting the RO to fit the FFE inmage
for z = 1:nSlices
slice = 1;
mn = 10;
if zSlices > size(zVal ueT2, 1)
zSlices=size(zVal ueT2,1);

end
for i = 1:zSlices
if abs(zValue(1l,z) - zValueT2(i,1)) < nmin
mn = abs(zVal ue(1,z) - zValueT2(i,1));
slice = 1i;
end
end

if mn<4 %f the T2 and FFE sequences have very different z
range
if (patientNr == 28) % f the inmage has different
di mensi ons
for x = 1: 64
for y = 1:64

if ( (unscal edRO (2*x, 2*y,slice) == 1) |
(unscal edRO (2*x-1, 2*y,slice) == 1) || (unscal edRO (2*x, 2*y-1, slice)
== 1) || (unscaledRO (2*x-1,2*y-1,slice) == 1) )

stati cRO (x,y,z) = 1;
end
end
end
el se

for x = 1: 256
for y = 1.256




if ( (unscal edRO (2*x, 2*y,slice) == 1) ||
(unscal edRO (2*x-1, 2*y,slice) == 1) || (unscal edRO (2*x, 2*y-1,slice)
== 1) || (unscal edRO (2*x-1,2*y-1,slice) == 1) )

staticRO (x,y,z) = 1;
end
end
end
end
end
end

%l otting to check that the ROs | ook alright

% figure;

% i mshow3D(in(:,:,:,2)+250.*stati cRO)

% figure;

% i mshow3D(i mr2+250. *doubl e(unscal edRA ))
% figure;

% i mshow3D( st ati cRO )

%saving variables to a .mat-file in the patient's folder
save([filePath 'Oxytarget ' int2str(patientNr) ' PRE
staticRO .mat'], 'staticRO"',"' xPixels','yPixels',"'zSlices'")

end
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%rhis programinports and adapts the ROs to fit the DSC dat a.

clear all

filePath = ' C \Users\Vidar\ Downl oads\ Mast er\ Pati ents\';

addpat h(' C:\ User s\ Vi dar\ Downl oads\ Mast er\ Mat | ab pr osj ekt oppgave
\ekstra');

addpat h(' C.\ User s\ Vi dar\ Downl oads\ Mast er\ Mat | ab pr osj ekt oppgave\ ekstra
\'i mshow3d' ) ;

Y%patientNR= [1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
42 43 44 45 46 47 48 49

patientList = [24 25 27 29 30 32 31 34 39 40 41 43 44 45 46 47 48 49
50 51 52 54 55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
83 85 87 88 89 90 92 94 ...

...50 51 52 53 54 55 56 57 58 59 60 61 62 63
64 65 66 67 68 69 70 V1 72 73 74 75 76 77 78 79 80
81 82 83 84
95 96 102 103 106 107 108 110 111 112 113 114 115 116
118 119 120 121 123 125 126 127 128 131 133 134 138 142 143 144 146
147 148 149 150 ...
85 86 87 88 89 90 91 92 93 94 95 96 97 98
99 100 101 102 103]
151 152 153 154 155 156 157 158 159 160 161 162 163 164
165 166 169 170 171];

n = length(patientlList);

%.oop that goes over all patients that are going to be anal ysed
for patient = 1:n
patientNr = patientList(patient);

% oadi ng the sorted DSC and T2 i nmges

load([filePath ' Oxytarget ' int2str(patientNr) ' PRE
R2Star/ 4Dmatri x. mat']);

load([filePath ' Oxytarget ' int2str(patientNr) ' PRE
T2/ 3Dmatrix. mat']);

% oading the RO fromthe NIfTI file
if patientNr==28 || patientNr==156 || (patientNr == 102)
nii = load_untouch_nii([filePath "Oxytarget '
int2str(patientNr) ' PRE/ binary/shh/tunmour.nii']);
el se
nii = load_untouch_nii([filePath 'Oxytarget
int2str(patientNr) ' PRE/ binary/an/tunour.nii']);
end

%etting the right dinensions and scaling
unscal edRO nii.inog;

unscal edRA pernut e(unscal edRO, [2 1 3]);
unscal edRO unscal edRA . / 1000;

[ xPi xel s, yPi xel s, zSli ces] = size(unscal edRA);




if (patientNr == 32) || (patientNr == 74) || (patientNr == 79)
|| (patientNr == 96) || (patientNr == 40) || (patientNr == 46) ||
(patientNr == 65) || (patientNr == 69) ...

|| (patientNr == 77) || (patientNr == 85) || (patientNr == 103)
|| (patientNr == 106) || (patientNr == 113) || (patientNr == 132) ||
(patientNr == 133)]|| (patientNr == 134)

|| (patientNr == 151) || (patientNr == 152) || (patientNr == 155)
|| (patientNr == 160) || (patientNr == 163) % or these patients, the
RO slices are in the opposite order!

copy = unscal edRd ;

i ndex = 1;

for snitt = zSlices:(-1):1
unscal edRO (:,:,index) = copy(:,:,snitt);
i ndex = index + 1;

end

end
dynam cRAO = zeros(256, 256, nSlices);

%Adapting the RO to fit the DSC data
for z = 1:nSlices

slice = 1;
mn = 10;
for i = 1:zSlices

if abs(zvalue(l,z) - zValueT2(i,1)) < mn
mn = abs(zValue(1,z) - zValueT2(i,1));
slice =1i;
end
end
if Mmn<4%f the T2 and FFE sequences have very different z
range
for x = 1: 256
for y = 1: 256
if ( (unscal edRO (2*x, 2*y,slice) == 1) ||
(unscal edRO (2*x-1, 2*y,slice) == 1) || (unscal edRO (2*x, 2*y-1,slice)
== 1) || (unscal edRO (2*x-1,2*y-1,slice) == 1) )
dynam cRO (x,y, z) = 1;
end
end
end
end
end

%l otting to check that the RO s | ook alright

% igure, inmshowdD(im:,:,:,1)+200.*dynam cRO)
% igure, inshowdD(i nir2+250. *doubl e(unscal edRA))
% i gure, inmshow3dD(dynamnm cRO *1000)

%Baving variables to a .mat-file in the patient's folder
save([filePath ' Oxytarget ' int2str(patientNr) ' PRE
dynam cRO . mat'], "' dynam cRO ', "' xPi xel s',"'yPixels','zSlices")

end
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%t ati cR2St ar

Vi dar

%l his program cal cul ates the static R2* for the inmages in the FFE

f ol der
% based on th

clear all

e 4D image nmatrices made in sortStatic).

filePath = ' C \ Users\Vidar\ Downl oads\ Mast er\ Pati ents\';
addpat h(' C:\ User s\ Vi dar \ Downl oads\ Mast er\ Mat | ab pr osj ekt oppgave\ ekstra

\'i rehowsd' ) ;

Ypati ent NR =
19 20 21 22
42 43 44 45

patientList =
50 51 52 54
83 85 87 88

64 65 66
81 82 83

116 118 119
146 147 148

98 99 100

164 165 166

[1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
46 47 48

[24 25 27 29 30 32 31 34 39 40 41 43 44 45 46 47 48 49
55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
89 90 92 ...

..49 50 51 52 53 54 55 56 57 58 59 60 61 62 63

67 68 69 70 71 72 73 74 75 76 77 78 79 80

94 95 96 102 103 106 107 108 110 111 112 113 114 115
120 121 123 125 126 127 128 131 133 134 138 142 143 144
149 ...

84 85 86 87 83 89 90 91 92 93 94 95 96 97
101 102 103]

150 151 152 153 154 155 156 157 158 159 160 161 162 163

169 170 171];

n = length(patientList);

%.oop that go
for patient =

pati ent Nr
pati ent

%.oad the
[ oad([fil
FFE/ 4Dmat ri X.
load([fil
stati cRO . mat

es over all patients that are going to be anal ysed
1:n

= patientList(patient); %bOraw out the nunmber of the
4D i mage matrix and other variables, and the RO
ePath ' Oxytarget_' int2str(patientNr) ' PRE
mat']);
ePath ' Oxytarget ' int2str(patientNr) ' PRE

1)

stati cR2Star Map = zer os(256, 256, nSli ces);

stati cR2Star Val ues = zeros(1,1);

i ndex = 1;

negati veVal uesStatic = 0;

Infm=1o

for slice

g(im;

Nunber = 1:nSlices




t = 1E-3.*(echoTi meVal ue(sliceNunber,:))"'; %cale from
mlliseconds to seconds

imvatri x = pernute(squeeze(in(:,:,sliceNunber,:)),[3 1
2]); %o get convenient matrix dinmensions for exponential fit

for x = 1: 256
for y = 1: 256
if staticRO (x,y,sliceNunber) == 1 %only | ooking at
pi xel s inside RO
f o= fit(t,imvatrix(:,x,y)," expl'); %exponenti al
fit to find R2*
if -f.b > 0 %egative val ues are consi dered
"unphysical " and are therefore excluded
stati cR2St ar Map(x, y, sli ceNunber) = -f.b;
stati cR2St ar Val ues(i ndex) = -f.Db;
index = index + 1;
elseif -f.b < 0 %egative R2* are consi dered
"unphysi cal" and are excl uded
negati veVal uesStati ¢ = negativeVval uesStatic +
1;
end
end
end
end

%l otting to check the R2* naps
% figure, imagesc(staticR2StarMap(:,:,sliceNunber)),
col ormap(' gray')

end
figure, inmshow3dD(staticR2Star Map)
stati cR2St ar Val ues = sort (stati cR2St ar Val ues);

stati cMedi an = nmedi an(stati cR2St ar Val ues) ;
stati cMean = nmean(stati cR2St ar Val ues);

staticStd = std(stati cR2St ar Val ues);
staticlqr = iqgr(stati cR2StarVal ues);
stati cMax = max(stati cR2Star Val ues);
staticMn = mn(stati cR2St ar Val ues) ;

stati cRange = range(stati cR2St ar Val ues) ;

%saving variables to a .mat-file in the patient's FFE fol der

save([filePath 'Oxytarget ' int2str(patientN) ' PRE FFE/
stati cR2StarMap. mat'], "' stati cR2StarMap', ' stati cR2StarVal ues', ' staticMedian','stati
end
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%l his program cal cul ates the dynamic R2* for the imges in the R2Star
% ol der (based on the 4D inmage natrices nade in sortDynam c)

clear al

filePath = ' C \ Users\Vidar\ Downl oads\ Mast er\ Pati ents\';

addpat h(' C:\ User s\ Vi dar\ Downl oads\ Mast er\ Mat | ab pr osj ekt oppgave\ ekstra
\'i mshow3d' ) ;

Y%patientNR= [1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18
19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40 41
42 43 44 45 46 47 48

patientList = [24 25 27 29 30 32 31 34 39 40 41 43 44 45 46 47 48 49
50 51 52 54 55 56 57 58 60 64 65 67 68 69 72 73 74 75 76 77 78 79 80
83 85 87 88 89 90 92 ...

...49 50 51 52 53 54 55 56 57 58 59 60 61 62 63
64 65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80
81 82 83
94 95 96 102 103 106 107 108 110 111 112 113 114 115
116 118 119 120 121 123 125 126 127 128 131 133 134 138 142 143 144
146 147 148 149 ...
84 85 86 87 88 89 90 91 92 93 94 95 96 97
98 99 100 101 102 103]
150 151 152 153 154 155 156 157 158 159 160 161 162 163
164 165 166 169 170 171];

n = length(patientList);

YpatientNR = [1 2 3 4 5 6 7 8 91011 12 13 14 15 16 17
18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35 36 37 38 39 40
41 42]

nBasel i nelmages = [11 15 12 14 08 11 10 12 05 12 11 10 17 12 14 10 13
09 06 07 11 15 11 15 14 14 14 14 17 14 18 18 14 18 16 17 15 19 18 16
17 18 ...

...[43 44 45 46 47 48 49 50 51 52 53 54 55 56 57 58 59 60 61 62 63 64
65 66 67 68 69 70 71 72 73 74 75 76 77 78 79 80 81 82 83 84 85 86 87
88 89]

15 14 18 16 15 14 16 16 14 15 12 15 15 13 19 15 13 16 16 18 14 14
21 19 14 23 15 22 13 16 13 14 14 20 13 19 12 16 20 13 13 20 19 14 14
20 17 ...
...[90 91 92 93 94 95 96 97 98 99 00 01 02 03]

14 16 20 14 16 16 18 16 16 16 23 15 21 17];

% oop that goes over all patients that are going to be anal ysed
for patient = 1:n

for x = 1:10
di sp(x)
end

patientNr = patientList(patient); %bOraw out the nunber of the
pati ent




%.oad the 4D image matri x and ot her vari abl es,
load([filePath ' Oxytarget ' int2str(patientNr)

R2Star/ 4Dmatri x. mat']);

load([filePath ' Oxytarget ' int2str(patientNr)

dynani cRO . mat']);

R2St ar PeakEnhancedMap = zer os(256, 256, nSli ces);

AUCmap = zeros(256, 256, nSlices);

R2St ar PeakEnhancedVal ues = zeros(1,1);

AUCval ues = zeros(1,1);

if patientNr == 159 || patientNr ==

patientNr == 163 || patientNr ==
== 169 || patientNr == 171

164 ||

curveAverage = zeros(1,70);

el se

curveAverage = zeros(1, 60);
end
i ndex = 1;

negati veVal uesDynam c = 0;

for sliceNunber = 1:nSlices

t = acqTi neVal ue(sliceNunber, :);

and the RO

PRE/

PRE/

160 || patientNr ==

pati ent Nr

for it
h = floor(t(it)*1E-4);
m= floor((t(it)-h*1E4)*1E-2);
s = floor(t(it)-h*1E4-nr1E2);
t(i

end

t = t-t(1);

t AUC = zeros(1,1);

tval =1t(1);

i ndexT = 1;

166 |

162 ||
patient Nr

= 1:length(t) %hange fromacquisition tine to seconds

it) = h*60*60 + nt60 + s + (t(it)-floor(t(it))):

AUC nterval = 525; %only finding AUC in this interval

if max(t) < AUC nterval
tAUC = t;
el se

while tval < AUC nterval
t AUC(i ndexT) = t(indexT);

i ndexT = i ndexT +
tVal = t(indexT);
end
end

for x = 1: 256
for y = 1: 256

1

i f dynam cRO (X, Yy, sliceNunber) ==




sum = 0;
for i = 1:nBaselinel mages(patient)
sum = sum + i n(x,y, sliceNunber,i);
end
basel i ne = sum nBasel i nel nages(patient);
pi xel Array = squeeze(imx,y,sliceNunber,:))-
basel i ne; %etting baseline to 0O
maxi num = max(pi xel Array); % inding the nmaxi mum
val ue of delta-R2* (R2*-peak_enh)

if maximum > 0 % nly interested in positive R2*-
peak_enh
R2St ar PeakEnhancedMap( x, y, sl i ceNunber) =
maxi mum
R2St ar PeakEnhancedVal ues(i ndex) = maxi nmum
pi xel ArrayAUC = zeros(1, | ength(tAUC));
for it = 1:1ength(pixel ArrayAUC)
pi xel ArrayAUC(it) = pixelArray(it);
end
AUCval ues(i ndex) =
trapz(t AUC, pi xel ArrayAUC); 9% i ndi ng R2*- AUC
AUCmap(x,y, sl i ceNunber) = AUCval ues(i ndex);
curveAver age(i ndex, :) = pixel Array;
i ndex = index + 1;
el seif maximum < 0
negati veVal uesDynami ¢ = negati veVal uesDynarmi c

end
end
end
end

%l otting to check the R2*-peak-enh and R2*- AUC naps
% i gure, imagesc(R2St ar PeakEnhancedMap(:,:, sliceNunber)),
col ormap(' gray')
% igure, imagesc(AUCTap(:,:,sliceNunber)), colormap(' gray')
end

% igure, plot(t,curveAverage)
% i gure, inmshow3D( AUCTap)
% igure, inshow3dD(R2St ar PeakEnhancedMap)

%l otting the average of all delta-R2* curves to see how it |ooks
for j = 1:60
sum = O;
for k = 1:1 engt h(R2St ar PeakEnhancedVal ues)
sum = sum + curveAverage(k,j);
%li sp(curveAverage(k,j))
end
curveAver age( (! engt h( R2St ar PeakEnhancedVal ues) +1),j) = suni
(1 engt h( R2St ar PeakEnhancedVal ues)) ;
end
figure,
pl ot (t, curveAver age( (| engt h( R2St ar PeakEnhancedVal ues) +1),:))




R2St ar PeakEnhancedMap. mat ' ], ' R2St ar PeakEnhancedMap' , ' R2St ar PeakEnhancedVal ues’

end

R2St ar PeakEnhancedVal ues = sort (R2St ar PeakEnhancedVal ues) ;
AUCval ues = sort (AUCval ues);

dynam cMedi an = nedi an( R2St ar PeakEnhancedVal ues) ;
dynam cMean = mean(R2St ar PeakEnhancedVal ues) ;

dynam cStd = st d(R2St ar PeakEnhancedVal ues) ;
dynam cl gr = iqgr(R2St ar PeakEnhancedVal ues) ;
dynam cMax = max(R2St ar PeakEnhancedVal ues) ;

dynam cM n m n( R2St ar PeakEnhancedVal ues) ;
dynam cRange = range(R2St ar PeakEnhancedVal ues);

AUCnedi an = nedi an( AUCval ues) ;
AUCnean = mean( AUCval ues);

AUCstd = std(AUCval ues);
AUC gr = iqgr(AUCval ues);
AUCmax = max(AUCval ues);
AUCmi n = m n( AUCval ues);

AUCr ange = range( AUCval ues);

%Gaving variables to a .mat-file in the patient's FFE fol der
save([filePath 'Oxytarget ' int2str(patientNr) ' PRE/ R2Star/
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% his program does a statistical analysis (with the Mann-Witney U
test) on
% he correlati on between the paraneters and the endpoints.

clear all
filePath = ' C \ Users\Vidar\ Downl oads\ Mast er\ Pati ents\';

resultshvatrixStatic = zeros(8,4);
resul tsMatrixDynanmic = zeros(8,4);
resul tsMatri xXAUC = zeros(8, 4);

%veki ng vectors with the patients within each endpoint, then doing the
%vann- Whi t ney U test (ranksum function)

%Endpoi nt: Tunour regression grade (TRG, TR®X-1 vs. TR&2-3

TR&1patients
169] ;
i ndex = 0;

[41 43 50 51 55 56 67 87 107 119 120 121 131 150 156

for patient = 1:1ength(TR&1patients)

patient Nr = TR@1patients(patient);

%.oadi ng the cal cul ated values for the patients in the group
if (patientNr ~= 156) && (patientNr ~= 169) % hese patients had no
FFE sequence

load([filePath ' Oxytarget ' int2str(patientNr) ' PRE
stati cR2StarMap. mat']);

i ndex = index + 1;
TRGD1st ati cVal ues(index) = staticMedi an;

end

if (patientNr ~= 119) % hese patients had no R2Star sequence or

couldn't run sone part of the program

load([filePath ' Oxytarget ' int2str(patientNr) ' PRE/

R2St ar PeakEnhancedMap_135. mat']);

TR 1ldynam cVal ues(pati ent) = dynani cMedi an;
TRA1AUCVal ues(patient) = AUCnhedi an;
end
end

TRA1st ati cMean = nean( TRA1st ati cVal ues);
TR&1st ati cMedi = nedi an( TRA1st at i cVal ues);
TR&1staticStd std( TR1st ati cVal ues) ;
TR™1staticlgr i gr (TR&1st ati cVal ues);

TR&1st ati cMax max( TR&1st ati cVal ues) ;
TR&1staticM n m n( TR 1st ati cVal ues) ;
TR&1ldynam cMean = nean( TR 1ldynam cVal ues);
TR&1dynam cMedi an = nedi an( TRA1dynani cVal ues);
TR&1dynam cSt d std( TR&1dynani cVal ues);
TR&1ldynam cl gr i gr (TRA1dynam cVal ues);

o mnno
o}




TR&1dynam cMax max( TR&1dynanmi cVal ues) ;
TR&1ldynam cM n m n( TRG1ldynam cVal ues);
TRA1AUCMean = nean( TRG1AUCVal ues);

TRA1AUCMedi an = nedi an( TRG1AUCVal ues) ;
TRA1AUCSt d = std( TRGO1AUCVal ues);
TRAD1AUCI gr = iqr( TRGO1AUCVal ues);
TRG1AUCMax = max( TRA1AUCVal ues);
TRA1AUCM n = mi n( TRG1AUCVal ues) ;

TRG23patients = [24 27 32 44 47 49 52 74 79 80 89 90 96 113 116 125
126 128 138 146 153 162 166 170];
i ndex = 0;
for patient = 1:1ength(TR&3pati ents)
pati ent Nr = TR&3patients(patient);

%.oadi ng the cal cul ated values for the patients in the group

if (patientNr ~= 58) % hese patients had no FFE sequence
load([filePath ' Oxytarget_' int2str(patientN) ' PRE
stati cR2StarMap. mat']);
i ndex = index + 1;
TR&X23st ati cVal ues(index) = staticMedi an;
end
load([filePath ' Oxytarget ' int2str(patientNr) ' PRE

R2St ar PeakEnhancedMap_135. mat']);

if (patientNr ~= 97) && (patientNr ~= 28) % hese patients had no
R2St ar sequence or couldn't run sone part of the program
load([filePath ' Oxytarget ' int2str(patientNr) ' PRE/
R2St ar PeakEnhancedMap_135. mat']);

TR&3dynam cVal ues(pati ent) = dynani cMedi an;
TR&3AUCVal ues(patient) = AUCnedi an;
end
end

TRG&23st ati cMean = nmean( TR&3st ati cVal ues);
TR&3st ati cMedi = nedi an( TR&3st at i cVal ues);
TR&3staticStd std( TR&Q3st ati cVal ues);
TRQ&3staticlgr i gr (TR&3st at i cVal ues);
TR&3st at i cMax max( TR&3st ati cVal ues) ;
TR&3staticM n m n( TR&3st ati cVal ues) ;
TR&3dynani cMean = nean( TR&3dynam cVal ues) ;
TR&3dynam cMedi an = nedi an( TR&3dynani cVal ues) ;
TR&3dynami ¢St d st d( TRG3dynani cVal ues);
TR&3dynani cl gr i qr (TR&3dynami cVal ues);
TR&3dynam cMax max( TR&3dynarmi cVal ues) ;
TR&3dynam cM n m n( TR&3dynarmi cVal ues) ;
TR&3AUCMean = nean( TR&3AUCVal ues);
TR&3AUCMedi an = nedi an( TRG3AUCVal ues) ;
TRG23AUCSt d st d( TRG3AUCVal ues);

TR&3AUCI qr i gr (TR&3AUCVal ues) ;

o mnno
=}




TRG23AUCMax
TRG3AUCM n

max( TR&Z3AUCVal ues) ;
m n( TR&3AUCVal ues) ;

%vann- Wi tney U test

[ pP_TRA1vsTRAX3st ati c, h_TRAE1vsTR&3static] =
ranksum TR&1st at i cVal ues, TRG3st at i cVal ues)

[ p_TRA1vsTR&E3dynam ¢, h_TRAO1vsTR&3dynam c] =
ranksum TRG01dynami cVal ues, TR&3dynanmni cVal ues)

[ p_TRA1VSTR&E3AUC, h_ TRAO1vsTR&Z3AUC] =
ranksum TRA1AUCVal ues, TRG3AUCVal ues)

%Baving the results in matrices

resultsMatrixStatic(l,:) = [ TR1staticMedi an, TR&3stati cMedi an,
p_TRAO1vsTR&3static, h_TRAE1vsTR&3stati c];

resultshatri xDynam c(1,:) = [ TR&1ldynam cMedi an, TR&3dynamni cMedi an,
p_TRA1vsTR&3dynamni ¢, h_TR&1vsTR&3dynani c];

resul tsMatri xAUC(1,:) = [ TRO1AUCMedi an, TRG23AUCMedi an,
p_TRA1vSTR&Z3AUC, h_TRA1vsTR&EZ3AUC] ;
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Main

cl ear,
format conpact

% oad excel sheet nmed all the filenane and storage positions and
stores

% hemin an array

filenanme=" C:\ User s\ Vi dar\ Downl oads\ Mast er\ Pat hol ogy\ pati ents. x|l sx';

[numtxt,raw] = xlsread(fil enane);

%Nunber of patients to run the programfor
nrPati ent s=l engt h(raw) - 1;

for

patient = 1:nrPatients

data_path = {[' D:\ Oxytarget Pathol ogy\' char(txt(patient+1,23)) "\’
char(txt(patient+1,2)) ' ' nunRstr(numpatient,1))]};

p=1{}h

for dp = data_path(:)"'
fn = dir([dp{1},filesep, ' *.svs']);
fn=~"Ffullfile(dp, {fn.nane});

end

p(end+(1:1ength(fn))) = fn;

%Check how nmany slides there are
nr_slides=[0 0 0 0 0 0O];

for

i =1: nunel (nr_slides)
i f ~isnan(num(patient,i+12))
nr_slides(i)=1,;

end
end
FN = (1:sun(nr_slides(:) == 1)); %full set for case patient
key = {"HPS ,"'CD3','CD8"',"'CD34',"CAY' ,"H F-1@};
Extract masks
for i = 1:numel (FN)

cp = p(FN(i));




[current pat h, casenane] = fileparts(cp{:});

pattern = sprintf(' %% %-*mask*' ,currentpath, fil esep, casenan®e);

mask_fn = dir(pattern);

if ~isenmpty(mask_fn)
MaskFN{i} = strcat(currentpath, filesep, {mask_fn.nane});
mask = [];

end

end

[currentpat h,casenane] = fileparts(p{FN(1)});

hasMask = ~cel | fun( @ senpty, MaskFN) ;
MaskS =
struct (' referenceSlide', key(hasMask), 'propagateMask',true,' BW, mask);

maskPreProcess = @mask)infill (~mask(:,:,1), holes'); %invert and
fill holes.

maskBehavi our =
struct (' propagat eMask' ,true,'invertMask', fal se,' nergeFunction', @nd, 'processFunc
maskPr eProcess) ;

CC = Pl Case(casenane, key, p(FN)); % CC = current case
CC. addMasks(key(hasMask), MaskFN(hasMask), maskBehavi our); 9%Add nasks

to i mage
CC.initial Registration(); %register all to first slide using full
i mage.
Check mask in original image
illustrateM askByEdge = @(im, mask)im.* cast((repmat(imerode(~bwper-

im(mask),strel('disk’,7)),1,1,3)),class(im)); [imO, ref0, mask0] = CC.extractMaskedSlide('HPS); % load
same image size as mask matrix by default figure(1), clf, imshow(illustrateM askByEdge(imO, mask0),

refQ)

Analyse higher resolution IHC -- CD34 example
% PE = [8, 8]; % Second downscal ed i mage.
% PE = [16,16]; % Third downscal ed i nage. Good size for initial tests

PE = [4 4]; %

[incropHPS, imefHPS, mask] = CC. extract MaskedSlide(' HPS' , PE);
[incropCD, inrefCD, naskCD] = CC. extract MaskedSlide(' CD34', PE);
[incropCA, inrefCA nmaskCA] = CC. extract MaskedSlide(' CA9', PE);
[incropH F, imefH F, maskH F] = CC. extract MaskedSlide('H F_1A", PE);

% figure(' Name', " 'incropHPS, nmask'), inmshowpair (mask, incropHPS)
% figure(' Nanme','incropCD, original nmask'), inshowpair (nmaskCD,

i nrcr opCD)

% figure(' Name', ' "incropCA, original mask'), inmshowpair (maskCA,
i rcr opCA)

% figure(' Name',"'incropH F, original mask'), inshowpair(maskH F,
i ncropH F)




% i mwrite(incropCh, [char(data path),'\',"incropCD. png'])
% imwite(incropCA [char(data_path),'\"',"incropCA png'])

% imwite(incropH F,[char(data_path),'\',"incropH F.png'])
%

%imwite(inrefCD [char(data_path),'\',"imefCD. png'])
%imwite(inrefCA [char(data_path),'\',"inrefCA png'])

Y%imwite(inrefH F,[char(data _path),'\',"inrefH F.png'])

% CC. maskedRegi stration(); % register all to first slide using only
dat a

%in the mask of the reference slide (full bounding box or mask out
% non-true pixels).

if exist([currentpath, \', 'registeredCA png'], 'file") &&
exist([currentpath,'\',"'registeredCD.png'], 'file') &&
exist([currentpath,'\', ' registeredH F.png'], 'file")
regi st eredCD=i nread([ char(data_path),'\', ' registeredCD. png']);
regi st eredCA=i nread([char(data_path),'\"', ' regi steredCA png']);
regi steredH F=i ntread([char(data_path),'\', 'registeredH F.png']);
el se

regi st er edCD=CC. maskedRegi stration(i ncropHPS, i ncropCD, ' CD34' , dat a_pat h) ;
regi st er edCA=CC. maskedRegi strati on(i ncropHPS, i ncropCA, ' CA9' , dat a_pat h) ;
regi st eredH F=CC. naskedRegi strati on(i ncropHPS, i ncropH F, ' H F- 1A', dat a_pat h) ;

imwite(registeredCD, [char(data_path),'\', ' registeredCDe.png'])
imwite(registeredCA [char(data_path),'\', 'registeredCA png'])
imwite(registeredH F,[char(data_path),'\', 'registeredH F.png'])

% figure(' Name',' HPS, mask'), inshowpair (mask, incropHPS),
title(' Mask, inctropHPS')

%

% figure('Name', Original CD, original mask'), subplot(1,2,1),
i mehowpai r (naskCD, incropCD), title(' MaskCD, intropCD )

% subpl ot (1, 2,2), inmshowpair(nask, registeredCD), title(' mask,
regi steredCD )

%

% figure('Nane',' Original CA, original mask'), subplot(1,2,1),
i mehowpai r (maskCA, incropCA), title(' MaskCA, incropCA )

% subplot (1, 2,2), inmshowpair(nask, registeredCA), title(' nask,
regi steredCA')

%

% figure('Nane',' ' Original HF, original nmask'), subplot(1,2,1),
i mshowpai r (maskH F, incropH F), title(' MaskH F, incropH F)

% subpl ot (1, 2,2), inshowpair(mask, registeredH F), title(' mask,
regi steredH F')

end

T=l oad([char(data_path) ‘\tfornCD34'], "tform);
tformecd=T.("tform);




T=l cad([char(data_path) '\tfornCA9"], '"tform);
tformca=T.('tform);

T=l cad([ char(data_path) "\tfornH F-1A"], "tform);
tformhif=T.("tform);

regi steredCD_| ar ge=i mnvar p(i ncr opCD, tform cd);
regi steredCA | arge=i myvar p(i ncropCD, tform ca);
regi steredH F_I arge=i mwar p(i ncropCD, tform hif);
imwite(registeredCD | arge,
[char(data_path),'\','registeredCD | arge.png'])
imwite(registeredCA | arge,

[char(data_path), ' \', " registeredCA | arge.png'])
imwite(regi steredH F_I arge,
[char(data_path),'\','registeredH F_|arge.png'])

SEGMENT IHC

regi st eredCD=i nread([ char(data_path),'\', ' registeredCD. png']);
regi st eredCA=i nread([ char(data_path),'\',"'registeredCA png']);

regi steredH F=i nread([char(data_path),'\', registeredH F.png']);

i mref _reg_CD=i nr ef HPS;

i nref _reg_CA=i nr ef HPS;

i nref _reg_H F=i nr ef HPS;

%sSegment | HC ( CD34)

i hc_mask = segnent| HC(regi steredCD, inref_reg CD, mask);

hl i nk = conpari sonPl ot (regi steredCD, inref_reg_CD, ihc_nask,'col",
[1,0,1]);

% POSTPROCESS | HC ( CD34)
i hc_mask_post = postprocessl HC(i hc_mask, inref_reg_CD, 'CD34');

hl i nk = conpari sonPl ot (regi steredCD, inref_reg_CD,
i hc_mask_post, ' col',[1,0,1]);

save([char(data_path) '\ihc_mask post CD ], 'ihc_nmask _post')
% SEGVENT | HC ( CA9)
i hc_mask = segnent| HC(regi steredCA, inref_reg_CA, nmask);

hl i nk = conpari sonPl ot (regi steredCA, inref_reg_CA ihc_nask, ' col",
[1,0,1]);

% POSTPROCESS | HC ( CA9)




i hc_mask_post = postprocessl HC(i hc_mask, inrefCA ' CA9');

hl i nk = conpari sonPl ot (regi steredCA, inref_reg_CA
i hc_mask_post, ' col',[1,0,1]);

save([char(data_path) "\ihc_mask post CA'], 'ihc_nask _post')
% SEGVENT | HC (HI F-1A)
i hc_mask = segnent|l HC(registeredH F, imef_reg HF, mask);

hlink = conparisonPlot(registeredH F, inref_reg_HF, ihc_nask, ' col",
[1,0,1]);

% POSTPROCESS | HC (HI F- 1A)
i hc_mask_post = postprocessl HC(i hc_mask, inmref _reg HF, 'CD34");

hlink = conparisonPlot(registeredH F, inmref _reg HF,
i hc_mask_post,'col',[1,0,1]);

save([char(data_path) '\ihc_nmask post H F'], "ihc_nask post')

end
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cl assdef Pl Case < handle % handl e class -> copy by reference
properties

nane;
slideNanes = {};

Slides = struct();
Masks = struct();

% Regi stration properties
Regi stration = struct (' nane',[], " type',[], T ,[],"  outputRef",
[1); % T = affine3d or displacenent field; outputRef = inmref2d to
crop.
Settings = struct (' Registration',struct('optinm zer',
[], metric',[]));
end
properties (H dden, SetAccess = private)
% Ref erenceSystem Use ReferenceSystenNanme when accessing this
% property externally.
Ref erenceSystem = 1; % first provided by default. H dden
because it does not provide information that is useful externally.
end

Dependents

properties (Dependent)
Ref erenceSyst enNanme % | oaded using ReferenceSystem property
from get. Ref erenceSyst enNane()
end
nmet hods % get/set nethods
function name = get. ReferenceSyst enmNane(obj)
nanme = obj.slideNanmes{obj. Ref erenceSysteni;
end
function obj = set.ReferenceSystenNane(obj, s)
obj . Ref erenceSystem = find(strcnp(s, obj.slideNanes));
end
end




Main method block

met hods

function [obj, slideNaneList] = Pl Case(caseNane,
sl i deNaneLi st, fileList, varargin)

% ip = inputParser();
% i p. addPar anmet er (' Mask' ,[]);
% i p. Parse(varargin{:});

% Constructor

obj . nanme = caseNane;

% Load slides

for i=1:nunel (slideNameLi st)

sn = slideNaneList{i};
sn = obj.fiel dnanmed eaner (sn);
fn="fileList{i};

slide = PI Slide(sn,fn);
obj.Slides.(sn) = slide
obj . slideNames = [obj.slideNanes, sn];

end
% Default settings
[optim zer, metric] = inregconfig(' multinodal');

obj . Settings. Registration =
struct (' optimzer',optimzer, netric',metric);

% Override default properties
for i=1:2:1ength(varargin)
obj.(varargin{i}) = obj.(varargin{i+1});
end
end

function slide = Slide(obj, ind)
% i ndex Slides using nunmeric or non-clean field nane (e.g.
%"HF- 1@ .
i f isnumeric(ind)
slide = obj.Slides.(obj.slideNames{ind});
el sei f ischar(ind)
slide = obj.Slides. (obj.fieldnamed eaner(ind));
el se
error('Invalid class ("%") for first
i nput', class(ind))

end
end
function ind = ind(obj, nane)

ind = find(strcnp(obj.slideNames, nane));
end

Mask methods

function [incrop, inref, mask] = extractMaskedSlide(obj,
slide, outref)




%
conbi nes

%
of

%
conbi ned

%

%

Parse input

i f

Warps all e propagati ng nmasks to the sel ected slide,
them according to the obj. Misks. (slide).conbi neFunction
each Mask, extracts the boundi ng box of the warped,

masks and the resulting mask in the slides own reference
system

i snuneric(slide) & isscalar(slide)
slide = slideNanes{slide};

el seif ischar(slide)

Y%pass

el se

error (' Expected input to be a scalar integer or a

character array. Instead % was passed.',nmat2str(slide));

end

Slide = obj.Slides.(slide);

for fn = fiel dnames(obj. Masks)

% Extract each mask in native reference system
Mask = obj. Masks. (fn{1});

conmbi nedRef = [];

conbi nedBW = [];

if strcnp(fn, obj.ReferenceSystenmNane) ||

Mask. propagat eMask % sane system or propagate

system

inref = Mask.inref;

bw = Mask. BW
% Obtain natives nmask's registration to reference

if ~strcnp(fn, obj.ReferenceSystemane)
% propagate fromdifferent registration
TO = obj.Registration(obj.ind(fn)); %askref ->

ref erenceSyst em

el se
TO = affine2d(); %identity transform
end

% Obtain slides registration conpared to reference
% system
if ~strcnp(slide, obj.ReferenceSystemNane)

% Convert to the reference system of the

specified slide.

Tl = obj.Registration(obj.ind(slide)). T,
el se
T1

affine2d(); %identity transform
end

% Conbi ned transform Mask->Reference->Slide




T = affine2d(TO. T * Tl.invert.T); %reverse
transform (ref -> slide).
[bw2, regref] = imvarp(bw, inref, T, 'nearest');
if(regref.YWorldLimts(2)>Slide. WrldLimts{1,2}(2))
regref. YWorl dLi mits(2)=Slide. WrldLimts{1, 2}

(2)-1;
end
if(regref.XWorldLimts(2)>Slide. WrldLimts{1,1}(2))
regref. XWorl dLi mits(2)=Slide. WrldLimts{1, 1}
(2)-1;

end

i f~(rmod(regref. YWorldLimts(1),1)==0 ||
nmod(regref. XWorldLimts(1),1)==0 || (nod(regref.YWorldLimts(2),1)==
|| nod(regref.XwWorldLimts(2),1)==0))
regref. YWorl dLi mits=fix(regref. YWrldLinmts);
regref. XWorl dLi mts=fix(regref.XWorldLimts);
war ni ng(' Round of f occured in extractMaskedSli de,
regref.")
end

if isenmpty(conmbi nedBW
% first nask.
conbi nedRef = regref;
conbi nedBW = bw2;
el se
% Conbi ned i nrefs:
conbi nedRef = i nref Uni on( conbi nedRef, regref);
% Use imvarp with affine2d() to change inrefs.
(TODO Cheaper
%to do in dedicated function, the matri x needs

to be

% copy pasted into a larger/different matrix at
correct

% i ndi ces.)

bw3 = i mnar p(bw2, regref,
af fine2d(), 'nearest', 'CQutputView b conbinedRef);

conbi nedBW = i mnvar p( conbi nedBW regref,
affine2d(), 'nearest', 'OQutputView ,b comnbinedRef);

conbi nedBW = Mask. mer geFunct i on( conbi nedBW
bw3) ;

end
el se

% pass, mask not to be used on specified slide.
end

% out put data

% Extract crop of inage according to mask boundi ng box.
i f nargi n<3 % outref not specified

incrop = Slide. dat a( conbi nedRef) ;

i nref = conbi nedRef;

mask = conbi nedBW
el se




% alter crop to specified outref.
i f isnuneric(outref)&nunel (outref)==
% Interpret outref as pixel extent. Use
speci fied PE
% al ong with conbi nedRef. WrldLimts.
PE = outref;
W = {conbi nedRef. XWorl dLinm ts,
conbi nedRef . YWor | dLi ni t s};
i f(~(mod(WA{1,1}(1),1)==0) || ~(rmod(W{1,1}
(2),1)==0) || ~((rmd(W{1,2}(1),1)==0) || ~(mod(WA{1,2}(2),1)==0)))
WA1, 1}=round(WA{1, 1});
W.{1, 2} =round(W.{1, 2});
war ni ng(' Round of f occured in
extract MaskedSlide, W.")
end
siz =
[di ff(conbi nedRef. YWorl dLimits), diff(conbi nedRef. XWorldLinmits)] ./
PE;
if ~all(siz==fix(siz)) % noninteger
war ni ng(' TODG. round of f matrix size and
adapt world limts to fit the specified pixel elenment size');
end

inref = inref2d(fix(siz), W{:});
el seif isa(outref, inref2d)
inref = outref;
el se
error (' Unrecogni zed i mage reference
specification format. Use inref2d object or [pixel ExtentlnWrl dX,
pi xel Extent I nWorl dY]-format.");

end
inmcrop = Slide.data(inref);
inmcrop = i mvarp(incrop, inref,

af fine2d(), 'nearest');
mask = i nwar p( conbi nedBW conbi nedRef,

affine2d(), 'nearest', 'QutputView, inref);
end
end
function inref = inrefUnion(refl, ref2)

% nmerge world views of refl and ref2.
% Keep pi xel size of refl.
if isempty(refl)

i nref=ref2;

elseif isempty(ref2)
intef=refl;

el se
W1 = [refl. XWorldLinmts, refl. YWorldLimts];
W2 = [ref2. XWorldLinmts, ref2. YWorldLinmits];
Wu = [mn(W21(1),W2(1)), mx(W1(2),W2(2)),

mn(W1(3), W2(3)), max(W1(4),W2(4))];




end

functi on addMasks(obj,

Parse input

[1);

end

% Add one or

def aul t _settings
struct (' propagat eMask', true,

i nmsi z
i nTef

end

[Weu(4)-Wu(3), Wu(2)-Wu(l1)];
imef2d(insiz, Wu(1:2), Wu(3:4));

ip = inputParser();
i p. addRequired(' referenceSlide', @s)(iscell(s)) &
i svector(s));

i p. addRequi red("' mask",

filenames or array, wapped in cell
i p. addOptional ("' settings',
i p.addOptional ("tag' ,[]);
appropriate mask for a given operation |ater.
i p. Struct Expand = fal se;
i p. parse(varargin{:});

i nput = ip.Results;
% add default val ues for
for fn = fieldnanes(default_settings)'

if ~isfield(input.settings, fn{1}), input.settings.

(fn{1}) = default_settings.(fn{1});

end

Loop input masks

synt ax.

speci fi ed.

for

varargin)

nore mask files to one or nore slides.

"invertMask', fal se,' nergeFunction', @nd,

@s)(iscell(s)) & isvector(s)); %

if mutliple.

default _settings);

% may be used to |ocate

partially specified settings.

end

i nput.referenceSlide

imef = obj.Slides.(snanme{:}).inref
obj . Slides. (snane{1});

= slide.WrldLinmts;

sname =

%

slide =

VWrldLimts

for fn = input.mask
fn=fn{1};

if

% fn is scalar cell with this for

i scell (fn)
% nmul tiple input masks for this entry
1: numel (fn)

for

n =
if n

el se

==1
mask

| oadMask(fn{n});

% Conbi ne with previous nasks as

% Al'l

masks shoul d be sane size.

' processFunc




mask =
i nput. settings. mergeFuncti on(mask, | oadMask(fn{n}));
end
end
el se
mask = | oadMask(fn);
end
mask = processMask( mask,
i nput . settings. processFunction);
% search for image | ayer matchi ng mask matri x
slice.
s = slide.find('inage');
matrices = [[slide.info(s).Height]",
[slide.info(s).Wdth]'];
ind =
find(all (repmat (size(nask), size(matrices,1),1)==matrices, 2));
if ~isenpty(ind)
inref = slide.inref(s(ind));
el se
% ot herwi se, assune sane field of view, but
di fferent
% scal e.
imef = inmref2d(size(mask), WrldLimts{:});
end

i f(inref.YWorldLimts(2)>obj.Slides.HPS. info(1).Height)
imef. YWorldLinmts(2)=inref. YWorldLimts(2)-
(inref.YWorldLimts(2)-obj.Slides.HPS.info(1l).Height);
end
[mn] = ind2sub(size(mask), find(mask));
mr = [nin(m max(m min(n) max(n)]; %m range
i f~(mr(1)-100<=0 || mr(2)+100>=size(mask, 1) ||
mr (3)-100<=0 || mmr(4)+100>=si ze(nask, 2))
mr = round(mmr+[-100 100 -100 100]); % addi ng
sonme frames outside the mask for registration as long as it is
smal l er than i nmage size
end
mask = mask(mr (1):mr(2), mr(3):mr(4));
(W1}, W{2}] =
inref.intrinsicToworld(mmr(3:4)+[-1,1]./2, mr(1:2)+[-1,1]./2); % +/-
1/2 to nove coordinate from pi xel center to outer corner.
imef = inref2d(size(mask),W{:});

obj . Masks. (sname{1}) = struct('BW, mask, "inref',
imef,"tag', input.tag,...
' propagat eMask' ,
i nput . settings. propagat eMask, . ..
" mer geFunction',
i nput . settings. mergeFunction);

end
end




function mask = | oadMask(fn)
%returns nunmeric matrix if a preloaded mask was

passed,
% and reads the input matrix if a filenane was
provi ded.
if isnumeric(fn)
mask = fn;
el se
mask = inread(fn);
if size(mask,3)>1 % col or inmage
if ~isequal (mask(:,:,1), mask(:,:,2),
mask(:,:,3))

war ni ng(' mask files with different
information stored in each layer, currently not supported');

end
mask = mask(:,:,1);
max_val = max(mask(:));
i f ~isequal (mask>0 , ~(mask<max_val))
war ni ng(' nask with multiple non-zero
val ues encountered. Al non-zero values will be nerged.');
end

end
end
end

function nask = processMask(mask, processing)

Mask postprocessing may be added here.

i f ~i sempty(processing)
swi tch cl ass(processing)
case 'function_handl e
mask = processing(nmask);
ot herw se
processFuncti on

end
% case 'filterl
% %do filter 1
% case 'filter2
% %do filter 2
end
end
end
Coregistration methods
function initial Regi stration(obj, Ind)

% Performinitial coregistration for all slices against
% reference system Initial registration is used done
usi ng




% t hunbnai | i mages for inproved perfornmance.

% Ref erence system: fixed
flat Qut put = true;
[fix,fixref] = obj.Slides.
(obj . Ref erenceSyst enNan®e) . | ayer (' t hunbnai | ', fl at Qut put) ;

if ~exist('Ind ,"var')
Sl i deNanes = setdiff(obj.slideNanes,
obj . Ref erenceSyst emNane) ;
end
% Performregistration
for slidename = SlideNanes
if iscell(slidenane) && isscal ar(slidenane), slidenane
= slidename{1}; end
i f isequal (slidenane, obj.ReferenceSystenNane)
obj . Regi stration(obj.ind(slidenane)) =
struct (' nane', slidenane,...

"type','reference',' T',affine3d, " outputRef', fixref);
el se
[ mov, novref] =
obj . Slide(slidenane).layer('thunbnail"', flatQutput);

tform= inregtforn(nov, novref, fix,
fixref, "simlarity',...
obj . Settings. Registration.optim zer,
obj . Settings. Registration.netric);

% [nmovreg] = i mmarp(nmoving, noving_ref, tforn);
end
obj . Regi stration(obj.ind(slidenane)) = struct(' nane',
slidenane, ...
"type',"initial'," T ,tform ' outputRef', fixref);
end
end

function registered = nmaskedRegi stration(obj, IM, |IM, key,
pat h)
%redo initial registration with only the nasked part of
t he
% i mge active. This is done to ignore non-affine norphing
% out si de of the region to be anal ysed.

fi xed=rgb2gray(l M) ;
novi ng=r gb2gray (| M) ;

[optim zer, nmetric] = inmregconfig(' nmultinodal");
optimzer.Initial Radius = 1. 5e-3;

optim zer. Epsilon = 1.5e-1;

optim zer. G owt hFactor = 1. 05;

optim zer. Maxi mum terati ons = 300;

netric. Nunber O Spati al Sanpl es = 500;




nmetric. Nunmber Of H st ogranBi ns = 50;
nmetric.UseAl | Pixels = 1;

tform= inmregtform noving, fixed, "affine , optimzer,
metric);

save([char(path) "\tform key], '"tform)

regi stered=i mvarp(l M2, tform' QutputView,
i nref2d(size(fixed)));

end
end

met hods ( Hi dden)
function s = fiel dnaned eaner(obj, s)
s = regexprep(s,{"-","\',"/"}," ")
s = regexprep(s,{' @}, A");

end

end

end
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cl assdef PISlide < handle
% PlISlide is a wapper class for handling Pathol ogy Images in the
% Aperio format (.svs).

% Matri x sizes and aperios 1:1, 1:4, 1:16, 1:32 etc. format does
not
% mat ch exactly between | ayers. Assune integer pixels sizes with
round
% of f affecting matrix size (slight cropping).
properties
name
info

Worl dLi mi t s;

Flatten = @gb2gray; % use standard grayscal e transform when
converting |l ayer to grayscale
Resolution = [1,1]; % pixel size in layer 1
end

nmet hods
function obj = PISlide(nane, info, varargin)
% Construct or
obj . nanme = nane;
if isstruct(info)
% info struct

obj.info = info;
el sei f ischar(info)
% pat h

obj.info = infinfo(info);
end
% dependent defaults
obj . WorldLimts = {[1, obj.info(l). Wdth]+[-1,1]./2, [1,
obj.info(l).Height]+[-1,1]./2}; % +/- 1/2 to nove coordinate from
pi xel center to outer corner.
% use override of defaults
for i=1:2:1ength(varargin)
obj.(varargin{i}) = obj.(varargin{i+1});
end

end

function ind = find(obj, s)
%return ind of info for specified |ayer
i f ~isnuneric(s)

switch s
case 'thunbnail'’
ind = 2;
case {'1','main',"full", fullsize}
ind = 1;

case 'identifier’
ind = |l ength(obj.info)-1,;
case 'slideregion




end

end

end

end

end

el se

PI Slide. find().

end
end

e

ind = length(obj.info);
case 'inmage'
ind
'1: 4
if length(obj.info)>4, ind =

case

case {'2','1:16'}
if length(obj.info)>5, ind

case {'3','1:32"}
if length(obj.info)>6, ind =

case {'4',"'1:64"}
if length(obj.info)>7, ind =

= [1,3:(length(obj.info)-

2)];

3; else ind

4; else ind

5; else ind

6; else ind

case {'5,'1:128'} %likely larger than rel evant.

if length(obj.info)>8, ind =

nd

7, else ind

error (' nunmeric specification recieved in

I nput should be a character array');

function [PE,s] = Pixel Extent(obj, s)
% Report Pixel Extent for all inage |ayers, or for

request ed

or

with

% layer if 's' is specified.
i f nargin==
% Default: all image |ayers

end

S

= obj.find('inage');

i PEall = 2.7([0:2,4:nurel (obj.info)]");
PE = i PEall (s) .* obj.Resolution;

end

function [im inref] = data(obj, outref, doRescale)
% Read data in region imef in the first

| ayer with

% resolution for the inage region specified.
i f nargin<3, doRescale = true; end

W, = [outref. XWorldLinits,

PE = [outref.Pixel Extent | nWorl dX,
outref. Pi xel Extentl nWorl dY];

% Det erm ne which slide |layer to read.

outref. YWorl dLimts];

Use snal | est

% pi xel sizes smaller or equal to the nmask.
[PEi,s] = obj.Pixel Extent();
use_layer = s(find(all(PEi <= PE, 2),1,"'l

[im

imef] = obj.layerRegi on(use_| ayer,

ast'));

outref);

equal

| ayer




if doRescale && ~all ([inref.Pixel Extentl nWrldX ==
outref. Pi xel Ext ent | nVor | dX,
i ntef. Pi xel Extent| nWrl dY ==
outref. Pi xel Extent | nWrl dyY])

[iminref] = imvarp(im inref,
af fine2d(), 'linear', 'QutputView, outref);
end
end
function [im inref] = layer(obj, s, doFlatten)
%read and return specified [ ayer (specify using nuneric
i ndi ce
% or character name
if ischar(s)
ind = obj.find(s);
el seif isnuneric(s)
ind = s;
end
if length(ind)>1
error(' non-specific |layer requested');
end
im= inread(obj.info(ind).Filename, 'Index', ind, 'Info',
obj .info);
inref = inref2d([size(im1l),size(im?2)],

obj . WorldLimts{:});
if exist('doFlatten','var') && doFlatten
im= obj.Flatten(in;
end
end

function [im inref] = layerRegion(obj, s, outref, doFlatten)
% read and return specified [ayer (specify using nuneric
i ndi ce
% or character name
if ischar(s)
ind = obj.find(s);
el sei f isnuneric(s)
ind = s;
end
if length(ind)>1
error (' non-specific |layer requested');
end

inref = obj.inref(ind);

[ pi xel Regi on{ 1}, pi xel Regi on{2}] =
i nref.worl dToSubscript(outref. XWrldLinmits, outref. YWorldLimts);

pi xel Regi on = {pi xel Regi on{1}-[0, 1], pi xel Regi on{2}-
[0,1]};

i f ~nmod(outref. Pi xel Extent| nWorl dX,
i nref.Pixel Extentl nWorl dX) && ..




~nod( out r ef . Pi xel Ext ent | n\Wr | dY,
i mref. Pi xel Extent| nWrl dY)
step = [outref. Pixel Extent| nWorl dX,
outref. Pixel Extentl nWorl dY]./[inref.Pixel Extentl nWrl dX
i mref. Pixel Extentl nWrl dyY];
i f any(step~=1)
% Extract only every other pixel fromimge file
% instead of reading full matrix and interpol ating
to
% reduce matri x.
pi xel Regi on = {[ pi xel Regi on{ 1}
(1),step(l), pi xel Region{1}(2)], ...
[ pi xel Regi on{2} (1), step(2), pi xel Regi on{ 2}

(2)1};
end
end
im=inread(obj.info(ind).Filenane, 'Index', ind, 'Info",
obj .info, 'Pixel Region', pixelRegion);
inmef = inref2d(size(im, outref.XWrldLinmts,

outref.YWorldLimts);
if exist('doFlatten', var') && doFl atten
im= obj.Flatten(im;
end
end

function ref = inref(obj,s)
if ischar(s)
ind = obj.find(s);
el sei f isnuneric(s)
ind = s;
end
if length(ind)>1
error (' non-specific layer requested');

end
info = obj.info(s);
% ref = inmref2d([info.Height, info.Wdth],

obj . WorldLimts{:});
PE = obj. Pi xel Extent (s);
ref = inmref2d([info.Height, info.Wdth], PE(1), PE(2));
end
end
end
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functi on BW= segnent| HC(RGB, inref, varargin)

Segmentation tool for peroxidase mediated IHC
stains.

Peroxidase mediateded stains are dark, saturated and red. The function combines segmentation of each of
thesefeaturesusing HSV transform and the B layer of RGB. The B layer isused becauseit hasthe greatest
contrast of the three RGB layers for the red/brown color of the stain, and any mix of them (such as the
perceptual transform made by rgb2gray()) will only serve the reduce the contrast.

There are two proposed algorithms that work OK. Either use mode=="B& S& H' to segment B, S and H
independently an return their intersection, or use mode == 'BS& H', to combine Blue color channel (for
intensity) and color saturation (according to HSV transform) prior to segmenting them, and then returning
the intersect of the BS and H masks.

B is segmented using S is segmented using BS is segmented using H is segmented using fixed tresholds
of (H<0.1) (H>0.9), which isequivalent to -36 degrees < H < 36 degrees.

i p = inputParser;
i p. addOptional (' mask' ,true); %only pixels in mask will be considered
when segnentign
i p. addPar aneter (' verbose' ,false); % plot figures of partial nasks and
col or spaces
i p. addPar anet er (' node' , ' B&S&H ); % Speci fi es segnentation al gorithm
% Mor phol ogi cal (or other) processing between segnentation and mnerger
i p. addPar anet er (' norphB', @B) B); % Default value: no norphol ogi cal
post processing (identity function).
i p. addParaneter (' norphS' , @S)S); % Default value: no norphol ogi cal
post processing (identity function).
i p. addPar anet er (' nor phBS' , @BS) BS); % Default val ue: no norphol ogi cal
post processing of BS (identity function).
i p. addPar anet er (' norphH , @H H); % Default val ue: no norphol ogi cal
post processing of H (identity function).
% Post processi ng of final mask
i p. addPar anet er (' nor phBW , @BWBW ; % Default value: no norphol ogi cal
post processing of final result (identity function).

i p. parse(varargin{:});
options = ip. Results;

options. node = validatestring(options. node,{' BS&H ,"' B&S&H });
mask = i p. Results. mask;




2) Analyse color

siz=size(RGB(:,:,1));
HSV = singl e(rgb2hsv(RGB));

H=HSV(:,:,1);
S = HSV(:,:, 2);
B = R&B(:,:,3);

if strfind(options. node,' BS )
if isa(RGB, uint8")
BS = S - single(B)./255;
el sei f isfloat(RGB)
BS = S - B;
el se % ot her nuneric class
error(' TODO );
end
end

Threshold
Hseg = @H H<0.1 | H>0.9; % fixed treshold

swi tch options. node
case ' B&S&H

%S
if false
S = HSV(:,:, 2);
[ind, N X, order] =
t hreshol dKI (S(rmask), ' node','recursive');
th = X( ind(find(order==2, 1, 'last')) ); %threshold
twi ce for higher val ues

if false

Smask = S > max(th,0.5); %threshold is at least 0.5
el se

Smask = S > th;
end

el se % fixed threshold
Smask = S > 0.5;

end

% B
% intensity = RGB(:,:,3); %use blue layer to identify dark
stains (red stain);

[ind, N, X order] = threshol dKI (B(mask), 'node','recursive');

cN = cunsun(N);

th = X(ind(find(cN(ind) >= sun(Smask(:))/100,
1, "first'))); %first threshold with at least 1 % of the pixels of
the saturation nask.

th = 127; % ooser fixed threshol d.

Brask = B < th;

% H

BW = opti ons. nor phB(Bmask) & options. nor phS(Smask) &
opti ons. nor phH(Hseg(H)) ;




i f options.verbose

figure(1l),

h = subplot(1,2,1), imhow RGB)

h(2) = subplot(1,2,2), inmhow(l.5*single(Bmask) +
2*singl e(Smask) + single(Hseg(H)), []), colorbar; colormap('flag');
title(' Masks: H+1l.5*B+2*S');

hlink = l'inkprop(h, {"XLinm,"YLim}); %NBl G gr det nye
letter & sanmmenl i gne maske og RGB

end

case ' BS&H

Combine intensity and saturation for segmen-
tation, then mask with hue.

Currently gives alooser result than current B& S& H.

if true
[ind, N X order] =
t hreshol dKI (BS(mask), 'node','recursive');
th=X(ind(find(order==2,1,"last"))); %threshold twice
% th=X(ind(find(X(ind)>0,1,"'first')));
el se
th =0; %i.e. S > B;
end
BSmask = BS >= th;
BW = opti ons. nor phBS(BSmask) & options. nor phH(Hseg(H));

i f options.verbose, figure(1l), imshow(BS, []), colorbar;
title('BS); end
% figure(l1l2), inshowpair(ConbMetric, BW 'falsecolor');

ot herwi se

error (' Unknown segnentati on node')
end
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function [th, N, X, order] = threshol dKI (varargin)

Threshold function by Kittler and Illingworths
minimum error threshold algorithm.

Parse input

[N, X, settings] = parselnput(varargin{:});
if strcnp(settings. mode, 'recursive')

[~, Thind, order] = kittler_and_illingworth(N, X); %,
settings. precision

th = Thind;

% Note: th is now an indice and X(th) nust be used to segnent the
dat a.
el se Yscal ar

th = kittler_and_illingworth(N, X); %, settings.precision

end

function [N, X, settings] = parsel nput(varargin)
ip = inputParser();
i p. addRequi red(' data');
i p. addOptional (' histogram ,[]);
i p. addPar aneter (' precision', 12);
i p. addPar anet er (' node' , " scal ar');
i p. parse(varargin{:});
settings = i p. Results;
if ~isenmpty(ip.Results. histogram
[N, X] = varargin{1:2};
el se
A = varargin{1}(:);
% matri x i nput
if isinteger(A)
[N, X] = hist(A,
doubl e(intm n(class(A)):intmax(class(A))));
% hi stcounts(A, 'integer');
X = cast (X, class(A));
el seif isfloat(A
% [N, X] = hist(A, settings.precision);
[N, X] = histcounts(A);
end
end




end

end

Kittler an lllingworth minimum error threshold-
iIng v 2018

function [th, Thind, order] = kittler_and_illingworth(imh,imyv)

Vectorized version of the kittler and illingworth
minimum error thresholdering algorithm.

Variables M0-M2 are statistical moments.

% Mass (1l eft hand side)
Mda = cunsun(imh);

% a posteriori probability

P1 = Mda ./ Mda(end);

P2 = 1-P1;

% St andar d devi ati ons

% Left hand side of histogram
imh = doubl e(i mh);

vals = (0: nunel (i mh)-1);

Mla = cunsun{ vals.*imh );
M2a = cunsun{ vals.”2.*imh );
STDEV1 = 1./Ma. *sqgrt(Ma. *M2a - Ma."2);
% Ri ght hand side of histogram
%vals = val s(end: -1:1);

MOb = cunsun{imh,'reverse');
MLb = cunsun{ vals.*imh, 'reverse');
Meb = cunsun{ vals.”2.*imh, 'reverse' );

STDEV2 = 1./MDb. *sqrt (Mb. *M2b - Mlb. ~2);

% error function

J =1+ 2*(P1l. *l og( STDEV1) + P2.*| 0g(STDEV2)) - 2*(P1l.*|log(P1l) +
P2.*1 og(P2));

J(~isfinite(J)) = nan;

% figure(1002), plot(J);

[~, ind] = nannmin(J);
th = imv(ind);

i f nargout>1
Thlind = ind;
[ Thind, order, convergance] = ki_threshol d_tree(Ma, Ma, M2a, Mb,
MLb, Mb, {'<','>"}, Thind);
end
%th = Thlnd

end




function [ThTree, order, convergance] = ki _threshol d_tree(Ma, Mla, Ma
MDb, MLb, MRb, operator, ThTree, order, convergance)

% Usi ng the cumul ative sum vectors of the vectorised ki _threshold
met hod,

% it is possible to obtain the result of the algorithm applied again
on

%only the pixels in a selected inmage rage (i.e. those left by the
previ ous

% t hreshol d) wi thout recal cul ati ng histogramor cunul ative vectors.
Because

%this solution is cheap the function finds all thresholds in both

% direction by recursively calling itself.

i f ~exist('convergance','var')

convergance = fal se(1, nunel (operator));

end

if ~exist('ThTree',"'var') || isenpty(ThTree)
ThTree = {0};

end

if ~exist('order',"var')
order = 1;

end

ThTree0 = ThTree
if ~iscell(operator), operator = {operator}; end
for i=1:1ength(operator) %
opr = operator{i};
i f convergance(i), continue, end
if isa(opr, 'function_handle'), opr = func2str(opr); end

swi tch opr
case {'<', "It'} % keep val ues bel ow threshol d
% only include image data with th>Th, i.e. retreshold the

part of the
% i mage on the specified side of the threshol d.
thind = ThTreeO(1);
Ind = 1: ThTree0O(1)-1;
Pa = Mda(lnd) ./ Ma(lnd(end));
STDEV1 = 1./Ma(lnd).*sqgrt (Ma(lnd).*Ma(lnd) -

MLa(l nd)."2);
Pb = 1-Pa;
MDb2 = MOb( I nd)-Mb(Ind(end) +1);
MLb2 = MLb( I nd)-MLb(I nd(end) +1);
Meb2 = M2b(I nd)-Mb(Ind(end) +1);

STDEV2 = 1./ Mb2. *sqrt (Mb2. *M2b2 - MLb2."2);
case {'>', 'gt'}

% keep val ues above threshold

thind = ThTreeO(end);

Ind = ThTreeO(end) +1: nunel (Ma) ;

Pb = MOb(Ind) ./ MDb(Ind(1));

STDEV2 = 1./Mb(Ind).*sqgrt (Mb(Ind).*Mb(Ind) -

MLb( I nd)."2);
Pa = 1-Pb;
Mda2 = Mda(l nd)-Ma(lnd(1l)-1);
MLa2 = Ma(lnd)-Ma(lnd(1)-1);




M2a2 = Ma(l nd)-Ma(lnd(1)-1);
STDEV1 = 1./Ma2.*sqrt(Ma2. *Ma2 - Mla2."2);
end
J =1+ 2*(Pa.*|l og(STDEV1) + Pb.*|og(STDEV2)) - 2*(Pa.*log(Pa) +
Pb. *1 og(Pb));
J(~isfinite(J)) = nan;
[~, ind] = nanm n(J);
%if ind is first or last non-nan, then the value is non-sensical
csJ = cunmsum(isfinite(Jd));
if csJ(ind)==1 || csJ(ind)==csJ(end)
%mnimmJ is at edge. No true mni num found.
convergance(i) = true

el se
ind = I nd(ind);
% th = imuv(ind);
% figure, plot(J)
if any(ThTree ==ind) [|... %already selected ind
%any( cell fun(@C) C==ind, [ThTree]) )
ind==1 || ind == nunel(Ma) |]|... %first or |ast
entry
Mda(ind-1) == 0 || Ma(ind+l) == Mla(end) %all or no

data beyond this indice.
convergance(i) = true;
end
if ind <thind
ThTree = [ind, ThTree];
order = [order(1)+1, order];
elseif ind > thind
ThTree = [ThTree, ind];
order = [order, order(end)+1];
end
end
end
% Recursi ve
if ~all (convergance)
[ ThTree, order, convergance] = ki _threshol d_tree(Ma, MLa, M2a, Mb,
MLb, M2b, operator, ThTree, order, convergance);
end
end
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functi on BW = postprocessl HC(BW inref, ihc_type)

% Mor phol ogi cal processing of BW nask.

% See " Morphol ogi cal Operations” in help docunentation, and in
parti cul ar:

%indilate(), inerode(), inopen(), intlose(), inreconstruct() and

% bwnor ph() .

PE = [inref.Pixel ExtentI nWorl dX, inref.Pixel Extentl nWrldY];

switch ihc_type
% make i ndivi dual adaptati ons.
case {' CD3','CD34','CA9',}
radl = ceil (2*¥16./PE(1)/2);
rad2 = ceil (4*16./PE(1)/2);

BW= intl ose(BW strel ('disk',rad2));
BW = i nopen(BW strel ('disk',radl));

case { HF-1@}
radl = ceil (1*16./PE(1)/2);
rad2 = ceil (4*16./PE(1)/2);

BW = intlose(BW strel ('disk',rad2));
BW = i nopen(BW strel ('disk',radl));
end
end
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% Extract features fromthe regi stered i nages based on segnented and
post
% prossessed nasks

cl ear,
format conpact

filenanme=" C:\ User s\ Vi dar\ Downl oads\ Mast er\ Pat hol ogy\ pati ents. x|l sx';
[numb, txt, raw] = xl sread(fil enane);
nrPati ents=l engt h(raw)-1;

for patient = 1:nrPatients

data path = {['D:\ Oxytarget Pathol ogy\' char(txt(patient+1,23)) '\
char(txt(patient+1,2)) ' ' nunkstr(nunb(patient,1))]};

p={}

for dp = data_path(:)"'
fn= dir([dp{1},filesep,'*.svs']);
fn="Ffullfile(dp, {fn.nane});

p(end+(1:1ength(fn))) = fn;
end

nr_slides=[0 0 0 0 0 0];
for i=1:nunel (nr_slides)
i f ~isnan(nunmb(patient,i+12))
nr_slides(i)=1,;
end
end

FN = (1:sum(nr_slides(:) == 1));
key = {'HPS' ,' CD3','CD8',' CD34','CA9',' HF-1@};

for i = 1:nunel (FN)
cp = p(FN(i));
[current pat h, casenanme] = fileparts(cp{:});
pattern = sprintf(' %% %-*mask*', currentpath, fil esep, casenane) ;
mask_fn = dir(pattern);
if ~isenpty(mask_fn)
MaskFN{i} = strcat(currentpath, filesep, {mask_fn.nane});
mask = [];
end
end




CD

[currentpath, casenane] = fileparts(p{FN(1)});

CC = Pl Case(casenane, key, p(FN)); % CC = current case
CC. addMasks( key( hasMask), MaskFN(hasMask), maskBehavi our);

PE = [4 4];
[incropHPS, imefHPS, mask] = CC extract MaskedSlide(' HPS' , PE);

T=l oad([ char (data_path) '\ihc_mask post CD ], 'ihc_nask post');
i hc_mask_post_cd=T. ('i hc_mask_post');

[ Lbl, num
CD _statsP
regi onprops(Lbl,ihc_mask _post_cd, ' Area',' Centroid',' Maj or Axi sLength'," M nor Axi sLe
CD_stai nedFraction = sunm(i hc_mask_post _cd(mask))./sum nask(:));
CD _microVessel Density = num/ (sum(mask(:)));
CD _averageStai nSize = mean([CD statsP. Area]);
CD_aver ageRadi us = nean([ CD_st at sP. Maj or Axi sLengt h
CD_statsP. M nor Axi sLength], 2)/2;
CD MeanSolidity = nmean([CD statsP.Solidity]);
CD_Nr Vessel s=num
CD Vessel Densi ty=(nunf sum([CD_statsP. Area])); % invers av vessel size
(aka average stain size)

bwl abel (i hc_nmask_post _cd. *nmask) ;

% Cal cul ate intercapillary distance (1CD)
di stance=zeros(num 1) ;

i ndex_n=zeros(num1);

vessel s=zeros(nhum 2) ;

for i =1:1ength(CD_statsP)
vessel s(i,:)=CD statsP(i). Centroid;
end
for i=1:1ength(CD_statsP)
if i==1
[index_n(i),distance(i)] =
dsearchn(vessel s(2:end,:),CD statsP(i). Centroid);
i ndex_n(i)=i ndex_n(i) +1;
el sei f (i ==110)
[index_n(i),distance(i)] = dsearchn(vessel s(1:
(length(CD statsP)-1),:),CD statsP(i).Centroid);
el se
[index_n(i),distance(i)] = dsearchn(vessels([1l:i-1,i
+1:end],:),CD statsP(i). Centroid);
if index_n(i)>=i
i ndex_n(i) =i ndex_n(i)+1;
end
end
end

CD_neanl CD=nean( di st ance) ;




CA

T=l cad([ char(data_path) '\ihc_nask post CA'], 'ihc_nmask post');
i hc_mask_post_ca=T. ('ihc_mask_post');

[Lbl, num bw abel (i hc_mask_post _ca. *nask) ;

CA statsP = regi onprops(Lbl,ihc_mask_post_ca, ' Area');

CA stainedFraction = sun(i hc_nmask_post_ca(mask))./sum nask(:));
CA averageStainSize = nean([CA statsP.Area]);

HIF

if patient ~= 17 %o hif inage
T=l coad([ char(data_path) '\ihc_nask post H F ], '"ihc_mask _post');
i hc_mask_post_hi f=T. ('ihc_mask_post');

[Lbl, num = bw abel (i hc_mask_post _hi f.*nmask);

H F_statsP = regi onprops(Lbl,ihc_mask_post_hif," Area');

HI F_stai nedFraction = sun(i hc_mask_post _hif(mask))./sum mask(:));
H F_averageStai nSize = nmean([H F_statsP.Area]);

[~ HPSfname] = fileparts(p{FN(1)});

H F_statTable(1,:) =
tabl e(string(HPSf nane), H F_st ai nedFracti on, H F_aver ageSt ai nSi ze, ' Vari abl eNanes',
{'HPS filenane',"H F_fraction','H F_averageStainSi ze'});
end

Save

CD statTable(1,:) =
t abl e(stri ng( HPSf nane), CD_st ai nedFracti on, CD_mi croVessel Densi ty, CD_aver ageSt ai nSi
CD_neanl CD,
"Vari abl eNanes'

{'HPS filenane',' CD StainedFraction','CD m croVessel Density','CD averageStainSi ze'
CA statTable(1,:) =

t abl e(stri ng( HPSf nane), CA st ai nedFracti on, CA_averageStai nSi ze, ' Vari abl eNanes',
{'HPS filenane',"' CA fraction','CA averageStainSize'});
if patient==17

save([char(data_path) '\Path data.mat'], 'CD statTable',' CA statTable');
el se

save([char(data_path) '\Path data.mat'], 'CD statTable',' CA statTable',"'HF statT
end

end

Published with MATLAB® R2016b
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Figure 21: Kaplan-Meier plot for the solidity
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Figure 22: Kaplan-Meier plot vessel radius
Figure 23: Kaplan-Meier plot for the number of vessels
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Figure 24: Kaplan-Meier plot for MVD
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Figure 25: Kaplan-Meier plot for ICD
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Figure 26: Kaplan-Meier plot
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Figure 28: Kaplan-Meier plot for the stain size of HIF-1«
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Figure 29: Kaplan-Meier plot for the stain size of CAIX
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Figure 30: Kaplan-Meier plot for the stained fraction of CAIX
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Table 19: MR values for all patients. Part 1/5.

Dynamic Median R3-AUC median for

Patient Static Median R} Ri-peako, time point 495
24 439,6 214 229.5
25 299,2 25,7 28,9
27 352,7 37,0 369,2
29 459,4 30,2 178,7
30 435,1 24,6 278,2
32 370,0 38,2 404,7
31 319,7 35,7 205,9
34 283,5 21,6 23,1
39 383,8 49,2 694,1
40 472,0 27,2 246,1
41 429,2 21,3 228,9
43 348,5 42,4 331,3
44 432.5 23,9 42,3
45 346,7 39,1 282,5
46 436,6 15,5 118,7
47 368,0 38,0 4742
48 4522 56,0 414,6
49 348,2 36,5 331,7
50 455,1 234 314.8
51 452,3 13,0 106,5
52 463,2 14,9 140,1
54 387,8 23,1 87,3
55 481,9 46,5 546,5
56 398,1 40,9 131,6
57 17,0 25,3 231,2
58 0,0 0,0 0,0
60 0,0 0,0 0,0
64 14,3 34,3 370,3
65 32,3 62,7 367,9
67 12,7 22,8 165,6
68 15,5 32,4 234,3
69 25,3 30,1 180,2
72 17,9 47,1 4725
73 14,2 20,9 149,1
74 18,8 36,9 2259
75 30,4 33,1 62,1
76 16,6 26,5 251,6
7 28,7 23,8 50,9
78 20,3 23,5 1721
79 17,0 25,2 245.6
80 18,2 32,3 166,4
83 16,2 24,1 136,2

85 24,7 20,9 58,3
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Table 20: MR values for all patients. Part 2/5.

Patient Static Median R: Dynamic Median =~ R3;-AUC median for

Ri-peakeny, time point 49 s

87 39,6 75,2 105,3
88 24,2 33,0 154,7
89 24,2 39,1 248,1
90 23,1 31,2 199.6
92 56,5 49,9 213,6
94 13,8 38,0 395,3
95 16,4 42,1 459.9
96 16,1 34,7 363,1
102 16,2 37,4 310,8
103 18,5 44,8 496,4
106 26,6 25,6 76,6
107 22,1 25,0 181,2
108 25,5 32,6 179,2
110 41,4 39,3 202,0
111 20,1 29.9 171,7
112 34,8 27,2 39,0
113 20,8 29.1 128,4
114 16,8 16,1 98,8
115 33,3 43,9 226,5
116 18,8 43,0 268,3
118 0,0 0,0 0,0

119 42,4 100,3 153,4
120 17,7 30,8 192,8
121 15,3 28,9 280,5
123 19,4 31,8 65,0
125 33,3 40,6 311,3
126 20,5 21,4 125,7
127 14,1 53,3 593,5
128 18,9 37,4 329,6
131 18,2 29,1 323,8
133 19,1 38,8 343,4
134 17,1 61,4 616,9
138 13,1 24,7 83,2
142 14,5 14,3 126.,4
143 32,4 47,1 162,8
144 17,5 36,9 359,6
146 31,0 32,9 291,2
147 44.6 47,3 66,8
148 16,7 36,9 121,8
149 34,3 424 2,7

150 13,6 25,0 170,0
151 20,4 51,9 338,7
152 19,5 56,8 103.,5

153 17,4 37,1 387,1
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Table 21: MR values for all patients. Part 3/5.

Dynamic Median ~ R3-AUC median for

Patient Static Median R} Ri-peakon time point 49 s
154 73,3 69,6 -20,9
155 21,0 31,5 236,3
156 30,8 47,9 363,0
157 22,6 53,6 450,4
158 59,8 73,2 71,6
159 22,4 40,8 200,1
160 23,7 31,0 219,5
161 19,6 60,9 521,7
162 17,1 51,3 430,9
163 20,3 38,4 3249
164 16,0 50,4 5229
165 17,1 34,9 342,5
166 21,0 29,6 33,8
169 27,0 28,9 191,5
170 16,9 27,4 133,8

171 26,0 50,4 241,3
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patient

24
25
27
29
30
32
31
34
39
40
41
43
44
45
46
47
48
49
50
51
52
54
95
o6
57
o8
60
64
65
67
68
69
72
73
74
5
76
7
78
79
80
83
85
87
88
89
90

Table 22: MR values for all patients. Part 4/5.

R;-AUC, time point 135 s
438
28
934
596
533
580
231
26
828
334
382
423
361
285
222
767
1038
575
734
375
256
366
779
430
553

0
0
429
623
423
884
622
984
654
851
80
726

657
787
205
419
-19
84
922
792
321

R;-AUC, time point 222 s
1279
21
2992
1491
890
1395
180
-282
1124
612
962
597
1244
162
523
1770
2287
1399
1099
400
690
1055
1537
864
696
0
0
954
649
578
1240
792
1275
936
1277
39
1024
-160
864
1091
725
688
-161
-22
1339
1290
739

126

R;-AUC, time point 525
2335
-15
6015
2202
1546
2268
-155
-875
1298
628
1616
520
1820
-294
591
2981
6175
3383
1690
949
1129
1891
2417
247
1040

0
0
2384
194
966
2226
883
2022
1762
3079
-171
1670
-552
1284
1869
2236
1431
-2245
730
2748
2901
1444
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patient

92

94

95

96

102
103
106
107
108
110
111
112
113
114
115
116
118
119
120
121
123
125
126
127
128
131
133
134
138
142
143
144
146
147
148
149
150
151
152
153
154
155
156
157
158
159
160
161
162
163
164
165

Table 23: MR values for all patients. Part 5/5.

R3-AUC, time point 135 s
409
1261
1429
868
951
1250
-19
496
274
549
449

9
264
414
363
598

0
532
061
622
898
678
315

1292
1140
918
749
1334
686
336
853
869
806
487
261
-7
712
745
271
1073
-1213
585
935
903
-399
0
272
1735
747
451
845
OR1

R3-AUC, time point 222 s
236
1698
1977
1121
1333
1668
-225
662
649
535
519
-191
382
603
254
752

0
712
750
854
1069
758
285
1739
1593
1322
1024
1761
886
487
1083
1197
921
717
915
-168
1016
792
648
1409
-3383
739
1290
997
-1751
0
269
2222
1538
939
1656
1222

127

R3-AUC, time point 525
641
2662
3586
1633
2426
2772
-958
959
1831
401
282
-1308
867
1155
-545
2215

0
1843
881
1592
1386
1100
-216
3013
3923
2320
1623
3028
1382
935
1708
2219
847
1021
3161
-173
2045
1984
3356
2333
-10482
969
2986
946
-5453
0
-219
3259
3553
1388
3607
2287
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Table 24: Results from quantitative immunohistochemisrty of C'D34 stain. Part 1/2.

Patient Stain Fraction MVD ;%m Vessel Size (pm)  Solidity
Oxytarget 1 0,00375  2,23E-05 168,25 0,927
Oxytarget 4 0,01141  6,42E-05 177,72 0,936
Oxytarget 5 0,00730  5,38E-05 135,66 0,943
Oxytarget 16 0,02301  1,03E-04 223,46 0,929
Oxytarget 17 0,01742  7,06E-05 246,75 0,924
Oxytarget 21 0 0 0 0
Oxytarget 22 0,00796  3,58E-05 222,11 0,884
Oxytarget 24 0,00422  2,41E-05 175,39 0,945
Oxytarget 32 0,00736  4,94E-05 148,76 0,939
Oxytarget 41 0,02225 8,41E-05 264,38 0,932
Oxytarget 46 0,01637  7,95E-05 205,75 0,936
Oxytarget 47 0,00945  3,51E-05 269,00 0,907
Oxytarget 48 0,00560  3,40E-05 164,69 0,945
Oxytarget 58 0,00474  2,88E-05 164,59 0,940
Oxytarget 60 0 0 0 0
Oxytarget 72 0,00750  3,94E-05 190,52 0,940
Oxytarget 73 0,00463  2,44E-05 189,71 0,935
Oxytarget 84 0,02501  9,00E-05 277,96 0,920
Oxytarget 85 0,01783  5,03E-05 354,87 0,919
Oxytarget 90 0,01122  6,64E-05 169,11 0,930
Oxytarget 103 0,02777  9,13E-05 304,14 0,920
Oxytarget 107 0 0 0 0
Oxytarget 120 0 0 0 0
Oxytarget 121 0 0 0 0
Oxytarget 124 0,07899  1,62E-04 487,93 0,897
Oxytarget 128 0,02668 1,30E-04 205,71 0,922
Oxytarget 146 0,02643  9,24E-05 286,01 0,930
Oxytarget 153 0,10268  2,66E-04 386,08 0,889
Oxytarget 154 0,00998  4,34E-05 230,10 0,923
Oxytarget 157 0,02038  7,73E-05 263,70 0,920
Oxytarget 160 0,01793  7,72E-05 232,17 0,924
Oxytarget 161 0 0 0 0
Oxytarget 162 0,02547  9,89E-05 257,60 0,923
Oxytarget 164 0,04150  1,20E-04 345,00 0,906
Oxytarget 165 0,01999 8,15E-05 245,35 0,924
Oxytarget 166 0,02011  7,80E-05 257,76 0,931
Oxytarget 171 0,03618  8,74E-05 413,98 0,914
Oxytarget 172 0,03369  9,61E-05 350,68 0,927

Oxytarget 174 0,04330 1,43E-04 302,91 0,915
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Table 25: Results from quantitative immunohistochemisrty of C'D34 stain. Part 2/2.

Patient Number Vessels Vessel Radius (pm) ICD (um)
Oxytarget 1 16 7,36 82,82
Oxytarget 4 29 6,64 96,41
Oxytarget b 293 6,54 71,18
Oxytarget 16 1240 8,19 45,04
Oxytarget 17 1472 8,75 52,54
Oxytarget 21 0 0 0
Oxytarget 22 62 8,50 74,59
Oxytarget 24 308 7,27 84,36
Oxytarget 32 17 6,43 117,77
Oxytarget 41 954 8,96 53,46
Oxytarget 46 1305 7,97 52,87
Oxytarget 47 8 9,02 151,83
Oxytarget 48 1295 7,21 69,43
Oxytarget 58 333 7,04 85,85
Oxytarget 60 0 0 0
Oxytarget 72 1481 7,57 60,74
Oxytarget 73 201 7,55 88,91
Oxytarget 84 1123 9,06 4711
Oxytarget 85 1745 9,34 63,06
Oxytarget 90 83 7,21 78,53
Oxytarget 103 3555 9,18 47,60
Oxytarget 107 0 0 0
Oxytarget 120 0 0 0
Oxytarget 121 0 0 0
Oxytarget 124 4048 11,03 39,25
Oxytarget 128 714 7,88 47,11
Oxytarget 146 897 8,28 48,72
Oxytarget 153 135 10,36 35,24
Oxytarget 154 68 7,67 94,49
Oxytarget 157 599 8,90 48,45
Oxytarget 160 2198 8,28 51,08
Oxytarget 161 0 0 0
Oxytarget 162 1742 8,53 45,67
Oxytarget 164 1441 9,81 44,76
Oxytarget 165 1250 8,60 52,35
Oxytarget 166 781 8,39 52,45
Oxytarget 171 2749 9,71 49,87
Oxytarget 172 908 8,85 48,08

Oxytarget 174 2853 9,32 43,15
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Table 26: Results from quantitative immunohistochemisrty of CAIX and HIF1-« stains.

CAIX: HIF1-a:
Patient Stain Fraction Stain Size (pm) Stain Fraction Stain Size (pm)
Oxytarget 1 0 0 0 0
Oxytarget 4 0 0 0 0
Oxytarget b 0,00400 725,50 0 0
Oxytarget 16 0 36,00 4,73E-06 57,00
Oxytarget 17 0,00219 396,21 6,19E-05 67,89
Oxytarget 21 0 0 0 0
Oxytarget 22 0 0 0 0
Oxytarget 24 0,01479 518,72 6,02E-06 38,50
Oxytarget 32 0 0 0 0
Oxytarget 41 0 0 0 0
Oxytarget 46 0,00859 528,01 1,22E-04 100,40
Oxytarget 47 0 0 0 0
Oxytarget 48 0,00001 474,00 7,52E-05 136,38
Oxytarget 58 0,01243 875,65 1,25E-04 71,95
Oxytarget 60 0 0 0 0
Oxytarget 72 0 141,00 1,02E-05 47,75
Oxytarget 73 0 15,00 0 0
Oxytarget 84 0 0 7,27E-05 47,79
Oxytarget 85 0,05681 1360,44 5,12E-05 127,07
Oxytarget 90 0,00547 213,75 0 0
Oxytarget 103 0,00002 235,67 1,16 E-04 125,69
Oxytarget 107 0 0 0 0
Oxytarget 120 0 0 0 0
Oxytarget 121 0 0 0 0
Oxytarget 124 0,00066 309,94 0 0
Oxytarget 128 0,00005 98,33 0 0
Oxytarget 146 0,09267 2701,83 5,97E-06 14,50
Oxytarget 153 0,03248 969,94 0 0
Oxytarget 154 0,03062 800,17 0 0
Oxytarget 157 0,00003 135,50 0 0
Oxytarget 160 0,02119 1964,26 8,52E-05 86,57
Oxytarget 161 0 0 0 0
Oxytarget 162 0,00840 725,70 6,07E-06 26,75
Oxytarget 164 0,00135 462,94 2,18E-05 87,00
Oxytarget 165 0,15088 2414,04 1,54E-04 118,00
Oxytarget 166 0,02581 671,04 4,01E-03 147,99
Oxytarget 171 0,12579 2043,78 3,61E-04 95,34
Oxytarget 172 0,11802 314234 1,38E-05 21,67

Oxytarget 174 0,00918 943,74 3,77E-04 150,58
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