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Characterisation of 3D tissue microstructures and cell distributions in human lung tissue

using correlative micro-CT and immunofluorescence
By Matthew John Lawson

Micro-CT (uCT) is a non-destructive three-dimensional (3D) imaging technique used for imaging
microscopic structures. The human lungs contain a highly specialised and complex series of 3D
networks and structures used for the transport of air and blood that drives gas exchange. The
lungs also contain an extensive cellular population of structural and immune cells critical to
normal lung function which are widely studied using destructive two-dimensional (2D) histological
imaging techniques.

In order to study lung microstructure the 3D imaging provided by uCT was combined with the
specific localisation of cell antigens provided by immunofluorescence (IF) to develop a correlative
imaging workflow. Automated co-registration of 2D IF images to UCT volumes was possible by the
novel use of tissue autofluorescence to automatically identify matching structural features
between the uCT and fluorescence images. This was used to inform image transformation tools
which overcame sectioning artefacts to enable the direct localisation of specific cell types within
the uCT tissue volume, which was only possible by correlating the images. Previous localisation of
cell types and features in UCT has mostly relied on time consuming methods of manual
segmentation. The interconnected 3D network of pulmonary microvasculature, down to a 25 um
thickness, was segmented semi-automatically from co-registered uCT datasets. The developed
workflow automated previous bottlenecks of image registration and segmentation to significantly
decrease the total time taken to generate correlative imaging data.

The correlative uCT and IF imaging workflow was used to investigate chronic obstructive
pulmonary disease (COPD) as an exemplar respiratory disease with known effects on lung tissue
microstructures and cell populations. A progressive decline in lung function occurs in COPD which
has been well-studied using clinical 3D imaging techniques, but the 3D microstructure has been
less studied. Eleven surgically resected human lung tissue biopsies, fixed in formalin and
embedded in paraffin (FFPE), were split into two age-matched clinical groups (6 non-COPD and 5
mild-moderate COPD) based on lung function scores. The blood vessel network in each of the
tissue samples was semi-automatically segmented for comparative assessments. The volume and
size of the blood vessels did not differ significantly between the two groups. The networks were
also assessed by generating a skeletonised blood vessel network which, despite no significant
differences being recorded, indicated a potential reduction in the average number of blood vessel
branches from 5.3 per mm?in non-COPD tissue to 1.4 per mm? in mild-moderate COPD tissue.

IF staining of cytokeratin-18 (Ck18) was used to identify airway epithelium within the same
grouped lung tissue volumes as the blood vessels. Airway epithelium damage and loss is reported
in COPD however the number of tissues containing airways (n=8) was not sufficient to determine



any biologically significant changes between the groups. IF staining was also used to localise mast
cells and macrophages identified using AA1 and CD68 respectively. As exemplar infiltrating cells
with a known role in many respiratory diseases, these were used to demonstrate the versatility of
the correlative imaging workflow to identify individual cell types which were not visible at the
resolution of the uCT. Automated cell counts of whole tissue sections, utilising DAPI nuclei
staining, ranged between 100 and 1,000 cells per mm? of tissue cross-sections. The segmented
individual cells were used to provide a novel distribution of mast cells in relation to the 3D
networks in the grouped tissue volumes. This showed that the vast majority of mast cells were
located within 2 mm of the nearest blood vessel with a peak number of mast cells located around
0.5 mm from the nearest blood vessel. Preliminary work on macrophages showed a higher
number of cells per section and a higher degree of cell clustering.

Overall the development and application of the correlative uCT and IF imaging workflow to FFPE
lung tissue samples demonstrated the capabilities of this work for investigating 3D tissue
microstructure and cell types. These were used on a pilot study for investigating microstructural
networks and infiltrating cells in mild-moderate COPD, which can be used as the basis for larger
studies in the future. The total time to generate the data is significantly faster (<2 weeks)
compared to existing manual techniques (several months) and it is applicable to the huge range of
FFPE tissues held in biobanks and archives for future studies.
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Chapter 1

Chapter1  Introduction

1.1 The Lung

The lungs form the major part of the respiratory systems responsible for the transport of oxygen
from the air into the blood stream and the removal of carbon dioxide (CO3) from the body. On a
basic level the pair of lungs are comprised of a three-dimensional (3D) network of tubes which
end in millions of microscopic sacs called alveoli. These alveoli make up the majority of lung tissue
and provide the largest surface area exposed to the external environment in the body, an
estimated 100 m?is in contact with 10,000 L of air each day, which is required for efficient gas

exchange (Wang et al., 2008).

1.1.1 Anatomy of the lung

The human lungs comprise of five lobes (two in the left and three in the right lung) containing an
extensive 3D network of airways and blood vessels, a model representing these networks is
shown in Figure 1.1. Each lobe is made up of secondary lobules that are surrounded by connective
tissue septa known as the interlobular septa. The lungs are surrounded by the pleural surface
acting as the ‘skin of the lungs’ which contains the lung parenchyma. The pleural membranes
secrete fluid to lubricate the lungs allowing the free movement over the thoracic wall required
during breathing (Aung et al., 2019). The lower respiratory system, connecting to and found
within the lungs, starting from the trachea (10-25 mm diameter) consists of two functional zones.
The conducting zone begins at the trachea and extends all the way to the terminal bronchiole (see
Figure 1.2). As the airways progress through this zone they branch into the two main bronchi (one
for each lung, 11-18 mm diameter) which in turn branch into the secondary bronchi (one for each
of the five lobes, 8 mm diameter) and dividing again into the tertiary bronchi (~5.5 mm
diameter) which supply the segments of each lobe (Aung et al., 2019). The branching of the
airways continues to form the bronchioles (starting at ~4.5 mm diameter) which continue to
branch until the end of the conducting zone at the terminal bronchiole (ending at ~0.6 mm
diameter). Here the airways transition into the respiratory zone, where gas exchange takes place,
which is comprised of the respiratory bronchioles (~0.5 mm diameter), alveolar ducts and ending
with the alveolar sacs (~0.2-0.4 mm diameter) that contain the alveoli (Biga et al., 2020). As the
airways decrease in size the cross sectional area dramatically increases from ~25 mm? in the
trachea to ~1800 mm? in the terminal bronchioles, this also acts to help reduce airflow resistance
in the smallest areas of the respiratory tract (Martin et al., 2013). The lung parenchyma comprises

the majority of the lung tissue volume (~84%) which includes airways, blood vessels and alveolar
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structures which are less than 20-25 um in diameter (Townsley, 2011).

Figure 1.1: Latex cast used to represent the human lung anatomy containing the airways
(white), arterial tree (red), and venous tree (blue).The three trees form complex
interwoven structures that mirror each other all of the way out to the terminal
branches. Beyond the terminal branches lie the alveoli and capillaries not visible at
the scale of this image. Image reproduced under the terms of the Creative Commons
licence attribution - NonCommercial - NoDerivatives 4.0 International from (Weibel,

2009).

As the airways decrease in size through the respiratory tree there is a progressive change in their
structure and physiological function. The supporting hyaline cartilage, visible as C-shaped rings
connected by smooth muscle in the trachea, decreases down the respiratory tree to the point
where there is no supporting cartilage beyond the tertiary bronchi (Biga et al., 2020). However,
the smooth muscle layer which is responsible for changing the diameter of the airways to control
airflow in the respiratory tree increases as the airways get smaller (Hsia et al., 2016). In the
respiratory zone the respiratory bronchioles and alveolar ducts are surrounded by connective
tissue (the intralobular interstitium) whereas the alveolar sacs are surrounded by the interalveolar

septa (Aung et al., 2019).
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1.1.2 Airway epithelium

The epithelium lines the inner surface of the airways, which acts to moisten the airways and also
functions as a barrier protecting the lungs from airborne pathogens and foreign particulates
(Stanke, 2015). The structure of the epithelium changes through the conducting and respiratory
zones of the airways, particularly at branching points, as seen in Figure 1.2. In the upper
respiratory tract down to the tertiary bronchi the epithelium consists of pseudostratified ciliated
columnar cells (bronchial epithelium) which transition to ciliated simple columnar epithelium in
the larger bronchioles (bronchiolar epithelium). In the terminal and respiratory bronchioles the
epithelium transitions to ciliated simple cuboidal epithelium. The respiratory zone transitions into

the alveoli which are lined with alveolar type | and Il cells that constitute the alveolar epithelium.
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Figure 1.2: Summary of the lower respiratory tract and the cell types present in the airway
epithelium.The conducting zone consists of the trachea and bronchi, the level of
cartilage (blue rings) decreases down towards the bronchioles. The bronchial
epithelium contains many goblet cells and a high number of ciliary cells to facilitate
mucociliary clearance. As the airways decrease in size in the epithelium becomes
more bronchiolar with the presence of club cells. The respiratory zone contains the
alveoli where gas exchange takes place. The alveoli are lined with two distinct types
of alveolar epithelial cells. Image adapted with permission (license number

5004150464954) from (BéruBé et al., 2010).
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1.13 Proximal airway structure

The large airways (>2 mm diameter) in the conducting zone make up the proximal airways. As
mentioned previously, these airways consist of mostly ciliated columnar epithelial cells with
neighbouring goblet cells and each make up approximately 30% of the total cell populations
present in this part of the epithelium. These cells are exposed to the airway lumen and extend
down to the basal lamina. Mucus produced from goblet cells trap foreign particles and debris
from the air, which is cleared by the cilia (of the ciliated cells) that beat in one direction, moving
the mucus towards the throat via mucociliary clearance (Vareille et al., 2011; Miller and Spence,
2017). The basal cells, which represent another 30% of the cellular population do not come in
contact with the airway lumen instead they sit upon the top layer of the basement membrane
comprised of structural glycoproteins (basal lamina) (Miller and Spence, 2017). Basal cells are
nearly cuboidal cells which have some ability to function as a stem cell population to differentiate
into the other cells types and act to repair any damage to the epithelium (Hogan et al., 2014).
More widely distributed through the proximal airway epithelium are neuroendocrine cells,
forming approximately 8% of the cell population, which act to regulate smooth muscle tone via
the secretion of serotonin and calcitonin. Club cells are secretory cells located after the transition
to bronchiolar epithelium and function to protect this portion of the airways. Club cells secrete
glycosaminoglycan a component of lung surfactant, lysozymes and cytochrome P450 enzymes
which can detoxify foreign particles as well as having the ability to differentiate to replace
damaged cells (Hogan et al., 2014). The lamina propria, which lies beneath the epithelium, is a
thin layer of fibro-elastic tissue. Within the lamina propria and the submucosa there are smooth
muscle layers and seromucous glands, responsible for secreting lysozyme and glycoprotein
directly into the airway lumen (Hogan et al., 2014). Surrounding the outermost layer of the distal
airways, either the smooth muscle or the cartilage rings, is the adventitia which connects the

airways to the surrounding lung parenchyma via fibro-elastic tissue (Aung et al., 2019).

1.14 Distal lung tissue features

The distal lung tissue contains the respiratory zone which consists of the terminal bronchioles,
respiratory bronchioles, alveolar ducts, alveoli and the surrounding lung parenchyma as seen in
Figure 1.3. These form the respiratory subunits of the lung known as the acini or the secondary
pulmonary lobules. As the airways progress through the respiratory zone towards the alveoli they
become thinner and the cells more specialised for respiration (Hsia et al., 2016). The respiratory
bronchioles consist of ciliated cuboidal epithelium with greater numbers of club cells further
down towards the alveolar ducts. Beneath the epithelium is a layer of smooth muscle and

collagenous elastic tissue. The bronchioles divide into the alveolar ducts terminating at the

24



Chapter 1

alveolar sac, which contains numerous individual alveoli as detailed in Figure 1.3. The alveolar
ducts and openings of the alveolar sacs contain small amounts of smooth muscle which provide
regulation of alveolar air movements (Biga et al., 2020). The alveolar walls are very thin (0.2-2.5
um) and consist of a single layer of simple squamous epithelial cells which neighbour the capillary
beds, supplied by the pulmonary artery; this is where gas exchange takes place (Hsia et al., 2016).
The pulmonary vein carries the oxygenated blood back from the capillary bed to supply oxygen to
the rest of the body whereas the CO; from the blood is transported back up the respiratory tree
and exhaled. Fluids critical to the immune system are transferred between the capillary beds of
the pulmonary veins and the lymph vessels (lymphatics) (Weber et al., 2018). A 3D meshwork of
collagen and elastic fibres surround these structures allowing them to expand and contract during

inhalation and exhalation.

The alveoli consist of type | and type Il epithelial cells. Up to 97% of the alveoli is covered by a
very large (surface area 5,100 um?2) and thin, ~0.2-2.5 um thick) (Weibel, 2015) squamous
epithelial lining of type | epithelial cells; which are fused to capillary endothelial cells to facilitate
gas exchange (BéruBé et al., 2010; Biga et al., 2020). These 2D measurements of alveolar
thickness were approximated from electron microscopy imaging of processed 2D ultra-thin
sections, which resulted in the range reported due to tissue distortions changing the tissue from
the in vivo state. Type Il alveolar epithelial cells are small round/cuboidal cells which represent
60% of the total cells in the surface epithelium and cover the remaining 3-5% of the surface area.
These cells predominantly release surfactant, a lipoprotein complex which reduces surface
tension and prevents alveoli from fully collapsing when exhaling (Miller and Spence, 2017). Unlike
type | cells, the type Il cells can divide and differentiate into type | cells to repair and replace the

alveolar lining (Hogan et al., 2014).
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Figure 1.3: Comprehensive diagram of the structures present in the distal respiratory tract. The
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(acinus) magnified on the right side of the figure. The alveoli receive air from the

respiratory bronchiole via the alveolar ducts, this is where gas exchange takes plane.

Figure reproduced with permission (license number: 5004150053077) from (Suarez

etal., 2012).

1.14.1

Cytokeratins are structural proteins that form intermediate filaments in the epithelium which are

responsible for maintaining tissue integrity. The expression of different cytokeratins is dependent
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on the type of epithelial cell it is present in and what stage of differentiation the cells are
undergoing (Zhang et al., 2016). Cytokeratin-18 (Ck18) is an intermediate filament protein present
in some epithelial cells and expressed in some cancer cells, however Ck18 is not present in
stratified squamous epithelium or alveolar epithelium (Lauerova et al., 1988). Cytokeratins are
obligate heterodimers and Ck18 is commonly co-expressed alongside Cytokeratin-8 and together
form important structural roles in the epithelium. Ck18 is a common marker used to identify
epithelial cells in numerous tissues including the lungs. However, Ck18 is also highly expressed in,

and used as a marker for, numerous cancers; most notably breast cancer (Woelfle et al., 2004).

1.15 Lung Physiology

The blood vessels form an extensive 3D network within the lungs and are an essential component
in gas exchange, taking oxygen from the air and delivering throughout the body and also
transporting CO; to the lungs for expulsion from the circulation. However, compared to the
airways, they are under-represented in respiratory research especially in chronic conditions
defined by airway loss (Hueper et al., 2015). The blood vessels are split into two networks of
pulmonary arteries (one for each lung) and four networks of pulmonary veins (two for each lung).
Unlike the rest of the body the arteries transport the de-oxygenated blood from the heart to the
lungs whereas the veins transport oxygenated blood to the heart for distribution throughout the
body (Hsia et al., 2016). Therefore the pulmonary arteries have thinner walls and contain less
elastic tissue than systemic arteries transporting oxygenated blood in the rest of the body
(Townsley, 2011). The pulmonary veins vary in size up the respiratory tree up to a 10 mm
diameter towards the heart and contain longitudinal bundles of smooth muscle. The blood vessels
connect to and from the lung parenchyma, containing the capillaries surrounding the interalveolar
septa, occupying about 20% of the total parenchyma volume (Hsia et al., 2016). The blood vessels
joined to the capillaries start from approximately 25 um diameter and increase in size the further
from the capillaries the vessels are. The structure and arrangement of the pulmonary blood
vessels mirrors the arrangement of the airways, maintaining similar sizes and branch numbers as
the airways down the respiratory tree (Glenny, 2011; Schiller et al., 2019), as was seen in the
model in Figure 1.1. Unlike the airways the blood vessels contain high levels of collagen and
smooth muscle throughout the respiratory tract until the point the vessels branch into capillaries
in the distal respiratory tract. The blood vessels inner surface is lined with endothelium which
forms a barrier which oxygen, small molecules and, of particular importance in the lung, immune
cells can cross into the surrounding tissue (Jambusaria et al., 2020). Surrounding the endothelium
is the blood vessel wall which contains smooth muscle cells, fibroblasts and pericytes as well as

non-cellular structural elements including collagens and elastin (Townsley, 2011). Within the
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pulmonary artery walls cells expressing alpha-smooth muscle actin (aSMA) are found, as well as to
a lesser extent surrounding the bronchial airways. aSMA is important in the development of
branching vessels and budding airways (Moiseenko et al., 2017). In normal lung function aSMA is
partly responsible for maintaining blood vessel homeostasis and levels of elasticity of smooth

muscle in the vessel walls (Zhang et al., 2018).

Within the lobes of the lung each secondary lobule is supplied with air from one centrally located
bronchiole and blood is supplied from a pulmonary artery branch. These two closely associated
parts of a 3D network are termed the bronchovascular bundle, which are formed in each of the
secondary lobules. Following gas exchange in the alveoli the newly oxygenated blood leaves the
capillaries into the pulmonary artery for use elsewhere in the body. This relationship between the
airways and blood vessels in the bronchovascular bundle is essential for normal lung function. If
any part of the bundle is disrupted or damaged, as a result of disease, then gas exchange will be
impaired resulting in the possible loss or remodelling of the remaining airways and blood vessels
in the bronchovasuclar bundle (Rahaghi et al., 2019). The amount of O, in the alveoli will have a
direct effect on the level of O in the blood. If airflow is reduced or blocked due to disease then
the levels of O, will decrease and the levels of CO, will increase, which can lead to an increase in

the acidity of the blood (Johnson Jr et al., 2010).

Pulmonary arteries and airways are normally as straight as possible for maximum efficiency in the
delivery of blood and air to and from the lungs. The shape of the blood vessels and airways can be
described using tortuosity, this is an assessment of the ‘twistiness’ of 3D networks. Tortuosity of
vessels and airways will change as the lungs expand and contract during normal breathing. The
vessel will straighten more upon inhalation of air and expansion of the lung whereas it will
become slightly more tortuous upon exhalation and lung contraction. A more tortuous path can
also be caused by abnormal development or as a response to disease (Alilou et al., 2018) resulting
in vessels which curve, twist, loop or kink down the respiratory tract. The higher the tortuosity of
the networks the less efficient the delivery of blood and air will be, which actively hinders gas

exchange down in the distal respiratory tract.

1.1.6 Infiltrating immune cells

The lungs contain an extensive surface area of epithelium which is constantly exposed to the
potentially harmful outside environment caused by the inhalation of particles, allergens and
pathogens. To protect the lung environment from these potential harms the immune system has
developed protection against these insults without causing excess damage to the lung tissue

(Yamasaki and Eeden, 2018). Innate immunity is the generic response to foreign entities and in
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the lung is driven by the epithelium which can automatically sense the presence of pathogens via
an array of receptors (Hartl et al., 2018). The main innate responses by the airway epithelium
include increased mucus secretion, regulation of barrier tightness and secretion of antimicrobial
proteins. Resident and infiltrating immune cells recruited from various mediators in response to
pathogens form part of the acquired immune response. These form a more specified response to
pathogens that present antigens which form the immunological memory which can destroy the
pathogen by inhibiting its growth, most notably by the action of T and B lymphocytes (McDade et
al., 2016). In this study two immune cells types were used as exemplars which are involved in the

lungs’ immune response to foreign entities, these being mast cells and macrophages.

1.1.6.1 Mast Cells

Mast cells play a key role in the immune response following exposure to allergens or toxic
particles, driving inflammation and repair processes. Mast cells are approximately 8-20 um in
diameter (Schulman et al., 1983) and their structure is defined by dense, membrane-bound
granules. These granules contain an acidic proteoglycan matrix which mediators such as histamine
and tryptase are attached to (Virk et al., 2016). These are stored within the mast cell until
activation in response to pathogens where the mediators are released via exocytosis. They are
widely distributed throughout the body, most notably found in areas exposed to the external
environment such as the skin and beneath the epithelial surfaces of the respiratory tract (Virk et
al., 2016). Mast cells contribute to the innate and active immune response to respiratory
pathogens, however they are also directly involved in respiratory diseases characterised by
pathologic inflammation or remodelling of the tissue. This could be caused by increased mast cell
activity above healthy levels, chronic insult or the inability for the mast cell activation to deal with
the pathogen. The serine protease tryptase is often used as a marker to identify and localise mast
cell activity by using the antibody AA1 (anti-mast cell tryptase) in immuno-histological studies (see

section 1.5) (Malik et al., 2018).

1.1.6.2 Macrophages

Phagocytic cells line the respiratory tract to engulf and clear foreign substances entering the lung,
the majority of these phagocytic cells are macrophages (~90%), which are found within lung
tissues and throughout the respiratory tract down to the alveoli. Macrophages provide an
immune response following phagocytosis of a pathogen via pathogen recognition receptors
(innate immunity) and antigen presentation (active immunity) (Dewhurst et al., 2017). They also
contribute to mucociliary clearance after phagocytosis of a pathogen the ciliated cells of the
epithelium beat to up to remove the macrophage from the respiratory tract. Visualised using a

light microscope the appearance of macrophages can change depending on exposure to different
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pathogens or particulates, a common example visualised in smokers lung are carbon macrophages
where the macrophages have phagocytosed carbon present in the inhaled smoke from a cigarette

(Stampfli and Anderson, 2009).

In the lung at least two different populations of macrophages exist. The main two populations
being alveolar macrophages which are found in the airway spaces of the respiratory tract and
interstitial macrophages which are found in the lung parenchyma (Byrne et al., 2016).
Macrophages are found in a range of sizes (5-25 um diameter) and alveolar macrophages are
typically larger than the interstitial macrophages (Dewhurst et al., 2017). Resident macrophages
are present within the lungs and self-replicate via a mechanism that is dependent on signalling
from stimulating factors (Yamasaki and Eeden, 2018). Macrophages not native to the lung can
also be recruited to the lungs in response to foreign entities entering the lung. CD68 (cluster of
differentiation 68) is a highly expressed protein present in macrophages, it is a transmembrane
glycoprotein which binds to tissue specific lectins or selectins, allowing macrophages to locate and
move onto particular targets. CD68 has been used as a common marker in immuno-staining of
many different tissue types and is one of the few cluster of differentiation expressed in both types

of pulmonary macrophages (Byrne et al., 2016).

1.2 Lung pathology

As highlighted in the previous sections the lung is a highly specialised organ essential for life and
proper functioning is required for a good quality of life. Inflammatory diseases of the lung can be
life threatening and impact quality of life. Chronic conditions such as chronic obstructive
pulmonary disease (COPD), asthma and pulmonary fibrosis are all complex and result in a
reduction or loss of airflow in the lungs. The thickness and the continuity of the epithelium can be
compromised in varying diseases leading to severe respiratory problems including increased risk
of infection and inflammation. If the damage is substantial then it can lead to loss of epithelial
integrity resulting in inflammatory cell infiltration and collagen deposition, leading toward airway
obstruction and failure (O’Koren et al., 2013). COPD was chosen as an exemplar because of its
well-studied effects on lung tissue microstructure and due to the high availability of lung tissue

samples from COPD patients.

1.2.1 COPD lung pathology

COPD is one of the most common forms of morbidity and mortality in the adult population. At
the end of 2020, COPD ranked 3rd worldwide in mortality and disease burden behind

cardiovascular disease and stroke (Barnes, 2020). COPD describes multiple progressive lung
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diseases characterised by airflow limitation and/or airway obstruction due to damage to the small
airways or the lung parenchyma due to inflammatory processes, which are not fully reversible.
The main cause of the inflammatory response is inhalation of noxious particles, most prominently
from cigarette smoking but can also be caused by environmental air pollution (Vogelmeier et al.,
2017). Chronic exposure to the noxious particles leads to increased mucus production, damage to
the structure of the airways and finally remodelling and loss of the airways are caused by the
inflammatory responses (Martin et al., 2013). COPD’s symptoms are characterised by increasing
breathlessness (dyspnea), chronic cough and increased sputum production. Airway remodelling is
known to be a direct consequence of the chronic inflammation which affects the overall airway
morphology prior to airway loss. These include bronchial diameter, airway wall thickness,
changing tortuosity and the number of branches in the airway network (Bodduluri et al., 2018).
Blood vessels are also affected by cigarette smoke, like the airway epithelium in COPD, which
causes vascular endothelial damage, remodelling of the vessel walls and microvasculature loss
occurs in several organs as well as lungs including the heart, brain and kidney (Blanco et al., 2016;

Vaes et al., 2020).

The pathology of COPD comprises a variable combination of small airway disease (obstructive
bronchiolitis) and destruction of the lung parenchyma (emphysema) (Vestbo et al., 2013). The
processes characterising COPD is an increase in chronic pulmonary inflammation, which will
continue even if the patient ceases smoking (Ballarin et al., 2012). Innate and adaptive immune
cells (macrophages, mast cells, neutrophils, B-cells, CD4*/CD8* T-cells) all contribute to part of the
inflammatory response in COPD (Bracke and Brusselle, 2015). Excess proteinase released from
neutrophilic inflammation, oxidative stress leading to apoptosis and an imbalance between cell
replenishment and cell death all contribute towards loss of alveolar septa and the development of
emphysema (Kirkham and Barnes, 2013; Crisford et al., 2018). In later stages of COPD, particularly
in aging patients still smoking, cell senescence (cessation of cell division) and the development of
auto-immunity can occur as the disease progresses. Chronic bronchitis is another pathology
associated with COPD, which is characterised by inflammation of the bronchial airways causing
damage to the cilia, impairing mucociliary clearance and reducing airflow. This is caused by
hyperplasia and hypertrophy of mucus producing glands resulting in increased mucous
production. Bronchiectasis is a process resulting from chronic infection associated with older
patients with COPD, and also younger patients with cystic fibrosis or primary ciliary dyskinesia
(Robinson and Morgan, 2018), in which there is permanent dilation of the bronchi indicated by
chronic cough and increased mucus production (Barker, 2002). All of these different processes
develop and interact together over the course of COPD progression, culminating in the impaired

ability to forcibly exhale air which is a crucial part of COPD diagnosis (Kahnert et al., 2018).
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1.2.1.1 Emphysema

Emphysema, as mentioned previously, is a common lung condition associated with COPD
characterised by alveoli damage causing air trapping which impairs gas exchange. This is caused
by a loss of elastin-containing tissues in the distal airways which can effect just the respiratory
bronchiole (centrilobular emphysema) or the whole acinus (panacinar emphysema) (Smith et al.,
2014). Chronic inflammation results in excess neutrophil recruitment, which in turn produces
elastase to break down elastin, and also down regulates enzyme ai-antitrypsin which would
normally prevent the breakdown of elastin (Cosio et al., 2016). Mean linear intercept is a
measurement used to assess the severity of emphysema by calculating, on 2D histological serial
sections, the mean free distance between different gas exchange surfaces over the lung volume
(Crowley et al., 2019). The greater the distance between gas exchange surfaces indicates more
severe emphysema as a result of alveoli destruction. This loss of alveoli structure and trapping of

air in the lungs can lead to an increase in CO; levels in the lungs and in the blood circulation.

1.2.1.2 Diagnosis and treatment of COPD

Primary diagnosis of COPD is made by spirometry, which scores lung function. Calculated by the
ratio between the air forcible exhaled in one second (FEV) and the total amount of air which can
be exhaled (FVC). The resulting ratio indicates the level of airway obstruction and if the value
remains below 0.7, after administration of a bronchodilator, the patient is diagnosed with COPD;
assuming the patient has the appropriate symptoms and predisposing risk factors (Vogelmeier et
al., 2017). FEV; is chosen as a metric for diagnosis because it is directly affected by airway
resistance and reduced elastic recoil seen in emphysema (Bhatt et al., 2016). Diagnosis of COPD is
sub-divided into four main classifications defined by the Global Initiative for Obstructive Lung

Disease (GOLD) (Vestbo et al., 2013), which are summarised in Table 1.1.

Table 1.1: Summary of the GOLD classification used in the diagnosis of COPD.

GOLD 1 Mild 2 80%
GOLD 2 Moderate 50-79%
GOLD 3 Severe 30-49%
GOLD 4 Very Severe <30%
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More recently the GOLD classification have been subdivided again according to co-morbidities
and disease exacerbations in the A-D classifications (Kahnert et al., 2018). This is now a separate
measurement which informs on the disease burden and future risks of disease exacerbation.
These revised guidelines taking into account FEV; and patient history of disease exacerbations are

designed to provide a more accurate and reliable diagnosis of COPD (Vogelmeier et al., 2017).

Following diagnosis of COPD via spirometry several treatments are proposed for the management
and prevention of further disease progression, the main one being the cessation of cigarette
smoking. The most common medications given to patients with COPD are: bronchodilators to
increase FEV;, anti-inflammatories to reduce disease exacerbations and antibiotics to prevent
secondary infections. Many pharmacological treatments are used to reduce symptoms and the
severity/frequency of exacerbations however, no existing medication prevents the long-term
decrease in lung function as COPD progresses (Vogelmeier et al., 2017). Lung volume reduction
surgery is used in some cases of COPD and is mainly effective (over pharmacological treatments)

in patients with upper lobe emphysema and low exercise capacity (Group, 2003).

1.2.2 Fibrosis

Pulmonary fibrosis is a common feature of many respiratory diseases including COPD, this
presents as a scarring of the lung tissue impairing lung function. Excessive numbers of active
fibroblasts and collagen accumulation in the lung parenchyma cause structural defects that impair
gas exchange (Ryu et al., 2014). There are numerous known causes for fibrosis including allergens,
chemicals and toxic environmental particles, as well as numerous pathologies with unknown
causes, particularly in idiopathic pulmonary fibrosis (IPF) (Wilson and Wynn, 2009). In the case of
COPD chronic inflammation of lung tissue the repair response to injury is impaired resulting in a

fibrotic response.

1.2.3 Asthma

Asthma is another example of a chronic lung disease, and is one of the most common, affecting
approximately 300 million people worldwide (Dharmage et al., 2019). Asthma is sub-divided into
two different types, allergic (extrinsic) and non-allergic (intrinsic). Allergic asthma, more typical in
early life, is caused by high levels of immunoglobulin E (IgE) and diagnosed by positive skin prick
tests to common allergens (Sharma et al., 2018; Komi and Bjermer, 2019). Non-allergic asthma
patients, more typical in later life, do not have circulating IgE (Pakkasela et al., 2020). The
pathology for both types of asthma is similar, consisting of chronic inflammation of the airways

and unlike COPD, causes airway obstruction due to contraction of smooth muscle and bronchial
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hyper-responsiveness (Barnes, 2017). Mast cells play an important role in asthma in response to
chronic inflammation as mast cells become embedded in the epithelium resulting in hypertrophy,

hyperplasia and smooth muscle dysfunction (Komi and Bjermer, 2019).

1.24 Lung cancer

Lungs cancer is the unregulated proliferation of cells within the lung tissue leading to the
formation of a tumour. In this study the majority of human lung tissue samples came from
patients undergoing cancer resection surgery. This is a treatment option for non-small cell lung
cancers, the most common type of lung cancer. Excess tissue was collected using a scalpel from

surgically resected material from patients who gave informed consent prior to surgery.

13 Clinical imaging techniques

The development of imaging technologies over the past 150 years has provided greater insight
into disease processes, in the case of COPD this is the visualisation of airway and parenchymal
abnormalities. The main features of COPD visualised using clinical imaging are the loss of airways
and the development of emphysema leading to the destruction of the parenchyma. For
macroscopic imaging of the airways and general lung tissue medical computed tomography (CT)
and magnetic resonance imaging (MRI) provide 3D imaging in the mm scale. Imaging the
microscopic structures generally uses 2D light microscopy of histologically stained tissue biopsy
sections, a technique that has been used for over 100 years and is still commonly used in research

and clinical diagnosis to this day.

1.3.1 Computed tomography (CT)

Computed tomography (CT) is a well-established, non-destructive imaging technique, which uses
X-ray transmission through an object/the body to create images and was first used as a clinical
tool in 1971 (Hsieh, 2003). CT can provide a spatial resolution of 2 mm and is used to resolve
airways (down to 2.5 mm diameter) and assess levels of emphysema at relatively low radiation
doses (van Rikxoort and Ginneken, 2013). The modern hospital high resolution (HR) CT machine is
‘donut shaped’ to house the curved detector which is used to reduce scan times, however it limits
the maximum resolution of the image, to increase this a flat panel system is required (Goldman,
2007). HRCT provides a higher dose of radiation to the patient but provides greater spatial
resolution of approximately 0.8 mm whilst still using a curved detector for capturing X-rays,
however this is still not sufficient to image the terminal bronchioles and the respiratory zone

which are the main areas of interest in COPD (Milne and King, 2014; Koo et al., 2018). The main
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positive for clinical respiratory imaging is that the lungs are captured in vivo following inhalation
or exhalation of air by the patient. This can visualise the lungs in an inflated state, something not
feasibly possible ex vivo. One major limitation affecting image quality is the movement of the
patient, which can be minimised but not removed entirely, and can make it difficult to discern

features near the resolution limit of clinical CT.

1.3.1.1 Magnetic resonance imaging (MRI)

MRI is another example of commonly used 3D clinical imaging, MRI works using strong magnetic
fields and radio waves to generate images of organs and physiological processes in the body. MRI
is not typically used to image the lung due to the high levels of air present with multiple air-tissue
interfaces which provide poor contrast and signal on the MRI. Functional lung studies have used
MRI to study levels of ventilation by using a contrast agent, typically a hyperpolarised noble gas,

to visualise airflow in the lungs (Milne and King, 2014).

1.3.2 Histopathology

Histopathology uses human tissue samples, most often biopsies, for diagnosis and research using
techniques established over 100 years ago. Soft tissue samples (e.g. lung tissue) are typically fixed
in formalin (a mixture of ethanol and formaldehyde) as soon as possible after removal from the
patient to preserve the biological structure of the tissue and cells. Fixed tissue can only be stored
for up to three days in ethanol before the tissue begins to degrade, for more permanent
preservation the tissue is embedded, most commonly in paraffin wax. This whole process is
known to cause some structural changes and tissue shrinkage is a well reported and accepted side
effect of fixation and embedding (Schneider and Ochs, 2014). For routine histopathology the
formalin fixed paraffin embedded (FFPE) tissue is cut into thin sections using a microtome (Fischer
et al., 2008). Prior to staining and imaging the tissue the paraffin wax is removed and the tissue

rehydrated using graded alcohols.

Haematoxylin and eosin (H&E) is the most commonly used tinctorial stain in histopathology for
clinical diagnosis and research studies of multiple respiratory diseases including COPD (Rahaghi et
al., 2019). Haematoxylin stains nuclei with a deep blue colour and the eosin stains the remaining
tissue features in various shades of pink (soft tissue), red (red blood cells) and orange (Fischer et
al., 2008). Figure 1.4 shows an example of H&E stained human lung tissue, many of the structural
features are distinct from one another especially the blood vessels due to the presence of red
blood cells, the airways due to dense nuclei staining in the epithelium and the alveoli which have
a distinct morphology. Traditional histopathology uses a 2D light microscope where an expert

manually inspects the tissue for hallmarks of disease (Poobalasingam et al., 2016). Switching
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between the objectives seen in Figure 1.4 visualises the structural and cellular details at higher
magnifications. H&E stained sections of resected tissue are used as the gold standard for the
diagnosis for many lung diseases requiring tissue biopsies (Hsia et al., 2010). Most commonly a
handful of tissue sections at different depths of the tissue volume are stained, inspected and used
to make a diagnosis. There are thousands of different tinctorial stains used for visualising different
tissue and cell types which have been used in research and clinical setting, however H&E remains

the most prominent and was the only tinctorial stain used in this project.

Figure 1.4: Histopathology lung tissue sample stained with haematoxylin and eosin (H&E) and
visualised on a light microscope using three different objectives.The upper image
shows part of an H&E stained tissue section using a 4x objective. Blood vessels (BV), a
partially collapsed airway and an exemplar alveoli are labelled on the upper image,
the red staining within the blood vessels are red blood cells, and the dense nuclei
staining of the airway is the airway epithelium. The lower left image shows the area
of tissue in the blue dashed box captured using a 10x objective. The lower right

image shows the area in the green dashed box captured using a 20x objective.
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1.4 Micro-CT (uCT) imaging techniques

14.1 MUCT development

The resolution of clinical CT (0.8 mm) is insufficient for imaging the small airways (often defined
as airways <2mm diameter) and alveoli (<100 um diameter) of the lungs, where we would expect
to see loss and/or damage in COPD (Koo et al., 2018). The development of microfocus CT (uCT)
has allowed researchers to image isolated tissue samples at spatial resolutions between 1-10um
(Metscher, 2009). uCT uses a fixed position X-ray source with rotation of the object. A flat-panel
detector is used to image the X-ray projections to create high resolution radiographs, generating
reconstructed 3D images with a small voxel (3D pixel) size. This provides superior resolution
compared to curved panel detectors in clinical CT, which are optimised for fast acquisition times,
due to the combination of being in a fixed position and better capturing of X-rays to generate the
radiographs. The dramatic increase in resolution is the biggest advantage uCT has over HRCT for
imaging much smaller structural defects, which would be missed on a conventional CT. This
resolution increase is caused by higher power stationary x-ray sources, in close proximity to the
object, which have small spot sizes for X-ray generation from a target metal. This combined with
longer exposure times provides higher X-ray flux which improves the contrast and resolution of
the images produced. However, the trade-off is that the radiation dose and scan times are
significantly greater in uCT whilst the sample sizes are smaller (and inert i.e. not alive) than those

used in clinical CT.

1.4.2 The uCT system

Figure 1.5 shows a schematic diagram of the developed uCT system. In the source an electron gun
is fired in vacuum at a focussed (hence microfocus) spot a few microns in diameter on a target
metal like tungsten or molybdenum, the electrons then generate a high power X-ray beam. The
target metal and energy of the X-rays determine the level of flux, a higher flux will deliver better
image contrast by providing a higher dynamic range of absorptions and transmissions through an
object. The X-ray beam is cone shaped and projects X-rays over a flat panel detector, which
acquires 2D projection data of the subject (in the path of the X-rays) at each projection angle (Lee
et al., 2003). The 2D projections are captured for each rotation angle of the specimen and sent to
the PC producing very large datasets which are reconstructed into a 3D dataset. The source-to-
object distance and source-to detector distance determine the geometric magnification, cone-
beam angle and field of view (FOV) (Lee et al., 2003). The power, current and voltage of the
electron beam can be manipulated to change the properties of the X-rays which in turn changes

the attenuation, penetration and focus of the X-ray beam.
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Figure 1.5: A schematic representation of the inner workings of a standard lab-based uCT

scanner.An electron beam is fired at a focussed point on a target material to

generate X-rays from the source. The X-rays are emitted as a cone beam, the angle

(1 and ¢2) of which, as well as the source-to-object distance and source-to detector

distance, determine the system geometric parameters such as magnification ratio

and filed of view (FOV). The object is rotated in a constant angular velocity whilst

being continuously irradiated. The flat-panel detector acquires 2D X-ray projection

data at a given integration time, these projection images are used for reconstruction

into a 3D dataset. Image adapted under the terms of the creative commons CC-BY

licence from (Lee et al., 2003).

1.4.3 Applications of puCT in biological research

The main use of uCT imaging is in the engineering and material sciences investigating heavy

metals which are easily visualised using X-rays, however the use of uCT in biological research has

been more widely adopted in the last 10 years. Most early biological research used uCT to image

hard tissue with high X-ray absorbance, common examples include trabecular and cortical bone

morphology (Bouxsein et al., 2010). uCT studies imaging bone have been used to study aging and

disease, most notably changes to bone morphology in osteoporosis (Nufiez et al., 2018). uCT
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imaging of bone has been used in a forensic setting for evaluating cracks and trauma to bone to
determine what object was used to cause injury in criminal cases (Norman et al., 2018). For
imaging soft tissues, which do not have the same X-ray absorbance as bone, contrast agents such
as iodine or heavy metal stains were applied to the tissue prior to scanning to provide them with
the contrast required for clear uCT imaging (Metscher, 2009; de Bournonville et al., 2019).
Contrast agents have also been used to visualise both mineralised and soft tissue in bone to
represent the structural and functional (i.e. bone marrow) features in bone (Kerckhofs et al.,
2018). The main issue with the majority of contrast agents is that they prevent further
investigation of the sample after uCT scanning is complete. This prevented follow up studies of

the same sample using traditional histological imaging.

1431 Applications in respiratory research

Contrast agents have been used in soft lung tissue in order to perform analysis of the blood
vessels and airspaces in lung tissue, for example measuring a quantitative decrease in lung tissue
airspaces in fibrotic tissue (Kampschulte et al., 2013). However, contrast agents typically require
the sample to be incubated in a solution (e.g. Lugol’s lodine) for several days prior to imaging and
following UCT imaging cannot be used for other imaging techniques like histology. Therefore
contrast agents were not suitable for use in this project which aimed to look at correlative
imaging techniques with UCT. Fixed and dried lung tissue has also been used to calculate the
mean linear intercept on small cores of human lung tissue with COPD (McDonough et al., 2011).
Before 2015 it was commonly seen as impossible to get clear images of soft tissue microstructure
in FFPE samples, without contrast agents, using uCT due to the low X-ray absorption contrast
between the tissue and the paraffin wax. Scott and colleagues (Scott et al., 2015) addressed this
by demonstrating the use of uCT on FFPE soft tissue using low energy X-rays and opened up the
use of UCT to use in non-contrast enhanced soft tissue imaging. This soft tissue optimised uCT was
developed at the University of Southampton, which utilised techniques to produce low energy X-
ray imaging with sufficient flux to produce high image contrast between different biological
structures with similar attenuation values. This first example used lung as an exemplar due to the
distinct heterogeneity of the tissue with different X-ray absorption levels it could be imaged
clearly using low energy X-rays, and has led to multiple studies using uCT in respiratory research.
More recently uCT has been used in cross-dimensional studies to investigate the damage to small
airways in different stages of COPD (Koo et al., 2018). Figure 1.6 shows an example of uCT imaging
of human lung tissue visualised in 2D and 3D, without the use of contrast agents, with labelled

features which can also be identified in traditional H&E histological imaging.
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Figure 1.6: Exemplar reconstructed uCT data in 2D and 3D of FFPE human lung tissue sample. A:
Reconstructed uCT slice in the xy-plane of the uCT volume with a voxel size of 8.5
um. Examples of key features of the lung tissue are labelled: airways (blue *), blood
vessels (red *), alveoli (purple *), pleural surface (pink *), masked air bubble artefacts
(black voids containing yellow *). B: 3D volume rendering of the lung tissue volume
visualised from the front of the tissue block (xy-plane). C: 3D volume rendering

visualised from the side of the tissue block (yz-plane).

Even more recently uCT has been used to investigate the histological structure of soft tissues
using just non-destructive uCT imaging, this has been dubbed 3D X-ray histology (Katsamenis et
al., 2019). Figure 1.7 shows where 3D X-ray histology is proposed to bridge the gap between
previously used imaging techniques, providing 3D imaging of the tissue microstructure not seen
with clinical CT or histopathology alone. These recent developments have contributed to the
wider use of uCT imaging in respiratory research with numerous studies investigating different
respiratory diseases being published in the last five years (Jones et al., 2016; Koo et al., 2016;

Morales et al., 2016; Robinson et al., 2019).
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Figure 1.7: Schematic illustrating where uCT is proposed to fit between 3D clinical CT and 2D
histopathology.Currently in lung pathology, anatomic 3D imaging is performed by
HRCT, whereas high resolution 2D cellular analysis is conducted by conventional
histology. uCT fits between these traditional imaging modalities, allowing for 3D
analysis of biopsy samples at microscopic resolutions. Image reproduced under the

terms of the creative commons CC-BY licence from (Katsamenis et al., 2019).

1.5 Immunocytochemistry

Immunocytochemistry builds upon the image staining techniques using tinctorial stains such as
H&E (described in section 1.3.2), which used chemical reactions to produce colour changes in the
tissue and can be viewed using a 2D light microscope. Immunocytochemistry relies on specific
reactions using antibodies which is achieved using antigenicity to specifically bind to a structure or
cell in the tissue. The localisation of this binding reaction can be visualised by binding structures

containing chromogens or fluorophores, as shown in Figure 1.8.
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Figure 1.8: Schematic representation of antibody binding to specific antigens utilised in
immunocytochemistry.The primary antibody is raised to specifically target an
antigen which is present in the tissue. This specific binding can be localised by using a
secondary antibody which targets and binds to the primary antibody. This secondary
will also have a chromogen or fluorophore attached for visualisation down a

microscope. Image made with BioRender.com

1.5.1 Bright-field imaging

Immunohistochemistry (IHC) is a technique used to visualise antigen-antibody binding in tissue
sections using 2D bright-field microscopy. A primary antibody raised in a different animal to the
tissue is designed to target and bind to the antigen of a specific cell type. In IHC the site of
antibody binding is illustrated by a coloured histochemical reaction (chromogen) generated by an
enzyme label on a secondary antibody, reacting with an additional chemical, which is clearly
visible on a light microscope (Ramos-Vara, 2005). DAB (3,3'-Diaminobenzidine) is the most
common chromogen generated in IHC, which is used to highlight the antigen-antibody binding
which presents as a brown stain. A tinctorial counter-stain is often applied (e.g. haematoxylin) to
provide context for the localisation of the specific immuno-staining. An example of an IHC image
can be found in section 3.2.1. IHC has been widely used in both clinical histopathology and
respiratory research to investigate the localisation of specific tissues, cells, enzymes and signalling

molecules in numerous diseases including COPD.
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1.5.2 Fluorescence imaging

Fluorescence is a process that occurs when a fluorochrome molecule absorbs light at a specific
energy and wavelength and then emits photons at a lower energy with a longer wavelength. The
difference in wavelength and energy is known as the Stokes shift (Borst and Visser, 2010). Figure
1.9 shows a Jablonski energy diagram of fluorescence that represents the excitation of a molecule
that leads to the emission of fluorescent light (Jablonski, 1933). This phenomenon is utilised in
imaging of tissue and cells using fluorescence microscopy. Instead of the full range of visible light
used in bright-field microscopy, fluorescence imaging uses specific wavelengths of light which are
absorbed by different molecules in tissues/cellular structures and released as fluorescent light at

a lower energy and longer wavelength than the original fluorescent light.
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Figure 1.9: A Jablonski energy diagram of electron excitation and emission resulting in
fluorescence.An electron is excited by a specific wavelength of light and is excited to
a higher energy level (hve). As the electron returns back to ground state some of the
energy is given off as heat and the remainder is emitted as lower energy fluorescent
light (hvem) with a longer wavelength than the origin excitation light. Based on

original by (Jablonski, 1933).

1.5.3 Immunofluorescence

Immunofluorescence (IF) imaging uses the same basic process for visualising the antigen-antibody
binding as IHC. The main difference is that the chromogen, visualised with visible light, is replaced
with a fluorophore which is excited and visualised at a specific wavelength of fluorescent light. A

secondary antibody (raised in another animal against the primary), with an attached fluorophore,

targets the primary antibody, binds to it and is used to highlight the location of the initial binding.
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Figure 1.10 shows a representation of how IF works alongside some exemplar images of IF
staining of human lung tissue. Using fluorescence microscopes which can excite multiple
wavelengths of light via filters and dichroic mirrors (traditional fluorescence microscope) or
specific wavelength lasers via tuneable crystals (confocal microscope) it is possible to stain for
multiple cell types using IF on the same section. This is limited by the types of antibody used and
the number of excitation wavelengths available on the fluorescence microscope and the viability

of staining is also determined by autofluorescence which can also be seen in green in Figure 1.11.

Secondary antibody

Immunofluoresence
Primary antibody Staining

Antigen Q N /— Tissue layer

—————
100 pm

Figure 1.10: Exemplar image of a human lung tissue section stained for immunofluorescence.
The left image shows a representation of the process of IF staining. In the image
example on the right the tissue is lung, the antigen is CD68, the primary antibody is
raised against CD68, the secondary is raised against the animal of the primary
(mouse) and the attached fluorophore (AlexaFluor®647) is imaged using a
fluorescence microscope. This is visualised as the pink cellular staining in the right

image captured using a 10x objective.

1.5.4 Autofluorescence

Autofluorescence, or intrinsic fluorescence, is often regarded as background fluorescence signal.
It is often present in fixed soft tissues and occurs when tissue is exposed to and excited by the
imaging wavelength of fluorescent light, causing emission of a strong fluorescence signal from
unstained sections (Pahlevaninezhad et al., 2014). This is often seen as a major problem with
fluorescent imaging of fixed tissue as the autofluorescence signal can obscure the signal from the
fluorophore used for IF staining. Dense structural proteins have the highest intrinsic
autofluorescence. The extracellular matrix generates stronger autofluorescence signal than the

cellular component; this is because collagen and elastin have a relatively high quantum yield
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relative to most cells which do not contain any fluorescent molecules (Monici, 2005).
Fluorescence quenching is a process commonly used when staining tissue for IF to decrease the
fluorescence intensity of a sample so that the fluorophores have a stronger signal than the
background autofluorescence. This relies on specific molecular interactions to decrease the
qguantum yield of fluorescence from endogenous fluorophores via multiple different approaches
such as energy transfer and molecular rearrangement induced directly by quencher molecules
(Maillard et al., 2021). However, quenching was not used in this project due to the novel

utilisation of the autofluorescence as described in section 3.4.2.

Changes occurring in the cellular and tissue state during pathological processes, such as malignant
cancers, can result in differing excitation intensities of endogenous fluorophores (Khosroshahi and
Rahmani, 2012). Quantitative autofluorescence imaging of human lung tissue has reported that
the cartilage autofluorescence intensity was four times greater than other structures including
epithelium (Pahlevaninezhad et al., 2014). Autofluorescence has been used in previous studies as
a label free method for identifying lung cancer in sectioned human lung tissue (Wang et al., 2017).
Figure 1.11 shows what tissue autofluorescence can look like down the fluorescence microscope
and how the strong signal, highlighting most tissue microstructure, could interfere with IF staining

using a fluorophore of overlapping excitation or emission wavelengths of light.

Figure 1.11: Exemplar tissue autofluorescence captured during fluorescence imaging. The left

image shows tissue autofluorescence of a fixed human lung tissue section captured
at 490 nm excitation (FITC channel, 1 s exposure). The right image shows the same
area of tissue autofluorescence with the CD68 positive IF staining visualised using an
AlexaFluor®647 fluorophore overlaid in pink. Both images captured using a 10x

objective.
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1.54.1 DAPI staining

DAPI (4',6-diamidino-2-phenylindole) is a common nuclear counterstain, similar to haematoxylin
in IHC, used in fluorescence imaging. DAPI binds to adenine-thymine areas of DNA (i.e. in the cell
nucleus) and produces strong fluorescence signal when excited by light at a wavelength of 372
nm. DAPI has been used to confirm cellular staining in IF by providing a useful reference for cell
localisation. Figure 1.12 shows an exemplar image of DAPI staining visualised using a fluorescence
microscope, here the nuclei staining produces a strong signal which is easily separated from

background autofluorescence at the imaging excitation and emission wavelengths of light used.

—————— S IS
100 pm 100 pm

Figure 1.12: Exemplar image of DAPI staining of cell nuclei captured using fluorescence imaging.
The left image shows positive DAPI staining of cell nuclei on a fixed human lung tissue
section captured at 372 nm excitation. The right image shows the same area of DAPI
staining with the CD68 positive IF staining overlaid in pink. Both images captured

using a 10x objective.

1.5.5 IF use in lung

Due mainly to the high levels of tissue autofluorescence produced from fluorescence imaging of
FFPE human lung tissue, IF has not been widely used on this type of tissue compared to IHC
(Robertson and Isacke, 2011). IF has been used to identify structural changes in IPF using multiple
fluorescent probes and DAPI staining to analyse changes in these features (Seibold et al., 2013).
However, the typical method for immunostaining FFPE tissue remains IHC which has lower image

contrast than IF (Robertson et al., 2008).
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1.6 Correlative imaging

Correlative imaging is the process of combining the information from two or more imaging
modalities of the same sample or specimen to further enhance understanding of the structures
and/or processes involved. This has been used to supplement the information provided from one
imaging modality or provide a wider-field perspective on imaging focussed on a small area of the
sample at high resolution. The reverse is also true where lower resolution imaging has been used
to scout the location of a sample for high resolution imaging. This provides multi-scale imaging of
the same tissue or specimen of interest, which can provide much greater information than a
single scale alone. One common use is correlative light and electron microscopy (CLEM) which has
combined immuno-histological staining to identify specific cell types with serial blockface
scanning electron microscopy to analyse the underlying ultrastructure (Russell et al., 2017). CLEM
requires direct alignment of the two different imaging modalities, this is most commonly achieved
by using additional fiducial markers as reference points in both images (Kukulski et al., 2012). A
common example is the use of fluorescence beads with metallic cores which can be seen in both
the fluorescence and electron microscopy images (Kukulski et al., 2012; Schellenberger et al.,
2014). More recent technological developments have focussed on a single piece of equipment
which can acquire images from multiple modalities. These are still not widely available and many
are still under development but they have been utilised for CLEM (Timmermans and Otto, 2015)
and also correlative CT and fluorescence imaging of animal models (Dunning and Bazalova-Carter,
2020). Automated serial sectioning of a specimen combined with live fluorescence and electron
microscopy imaging has also been used to provide near real-time imaging of cells in 3D at multiple
scales (Bushby et al., 2012). This data can be reconstructed to provide functional information
about molecules, organelles, cells and tissues which can be quantified in 3D (Blazquez-Llorca et
al., 2015). Other correlative imaging techniques combine MRI and fluorescence imaging of tissue
slices and live animals at a millimetre resolution, however this is difficult to perform
simultaneously as the acquisition methods can be affected by the magnetic field required for MRI
(Leblond et al., 2010). The correlative imaging techniques mentioned above plus many other
recent developments in correlative imaging in biological research using a multitude of imaging
techniques including light, fluorescence and electron microscopy as well as X-ray imaging,
spectroscopy and many more are discussed in this recent review (Ando et al., 2018). Correlative
imaging has continued to develop with recent studies using more correlative imaging techniques
in the same study. One recent example of this has proposed the use of high resolution uCT
imaging to bridge the gap between light and electron microscopy for more extensive correlative

studies of cellular structures (Bayguinov et al., 2020).
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1.6.1 MCT and 2D light microscopy

In the context of this study, correlative imaging using uCT and traditional 2D light microscopy has
been employed in numerous studies of lung tissue. Correlation of 3D uCT data with 2D histology
images of paraffin wax sections, from the same lung tissue block, has been used in the
identification and 3D localisation of specific tissue components and cell types. An example of the
side by side comparison and similarities in the visualised structural features of FFPE lung tissue in
both uCT and H&E images can be seen in Figure 1.13. In order to identify and analyse lung
networks and fibroblasts in IPF, within a 3D lung volume, Jones & colleagues (Jones et al., 2016)
identified fibroblastic foci using tinctorial stained tissue sections. These were manually segmented
in the UCT volume to reveal that the fibroblast foci were not interconnected in 3D and formed a
widely distributed heterogeneous pattern through the lung tissue. The correlative imaging
process was developed further in the paper by Robinson & colleagues (Robinson et al., 2019) who
used IHC to specifically identify lymphatic vessels in human lung tissue. This highlighted the
advantage of using immunostaining to identify specific features within the uCT and used the 3D
data from the uCT to manually interpolate the 3D networks of lymphatics. The resulting
segmentation was then used to model the fluid flow to and from the lymphatics in 3D. Koo &
colleagues (Koo et al., 2018) used uCT for identifying areas containing small airways in their lung
tissue and then performed 2D analysis of the terminal bronchioles in COPD by correlating with
tinctorial stained tissue sections. This study found destruction of the bronchioles before a loss of
lung function is observed in COPD. Correlative uCT with both tinctorial stained tissue and IHC have
been used to study the pathology of IPF by showing the localisation of various cell types in the

context of microstructural changes seen in IPF (Tanabe et al., 2020).

These studies all highlighted the main advantages of using uCT in respiratory research, most
notably the ability to determine histological detail of tissue microstructures in 3D (Katsamenis et
al., 2019). uCT is also non-destructive which enabled these correlative studies with traditional 2D
histology to provide more information overall compared with 2D imaging alone. Correlating this
information provides 3D structural context to the specific functional imaging provided by 2D
tinctorial or immunocytochemistry tissue staining. However the main current issue for correlative
2D histology and 3D uCT imaging is the exceedingly time consuming manual techniques for image
registration, which is required for generating data from these images. This severely limits the

feasibility of this approach in practice and this report addresses some of the key issues to help to
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move the field forward.

Figure 1.13: Side by Side comparative imaging of fixed lung tissue using uCT and H&E staining.
The left column represents wide-field images of a single uCT slice of fixed human lung
tissue (A) and H&E stained section of the same tissue (C). The right images show
magnified areas of the tissue with both imaging modalities highlighted by the yellow
box (B & D). These images highlight the structural similarity between both imaging
modalities despite the large difference in resolution. The uCT also provides non-
destructive 3D imaging beyond the plane shown in this figure, something 2D

histology cannot provide.

1.6.2 Plane correspondence for 2D-3D registration

Plane correspondence is particularly important when correlating 2D microscopy and 3D uCT data
in order to visualise the same plane of the dataset in both imaging modalities. Visualisation of 3D
data is most often seen in a 2D view (plane) on a computer screen or on paper. A definition and
visualisation of the 2D planes involved with 3D data is summarised in Figure 1.14. The example
shown (and the data used in this project) is of a FFPE lung tissue block which has been scanned
using UCT. The xy-plane describes the front face of the dataset and is the most commonly used

plane for visualising data in 2D. The z-plane is the depth of a 3D dataset and is often used to
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denote the slice number of a uCT dataset viewed in the xy-plane. The top/bottom and sides can

be visualised using the xz and yz-planes respectively.

Paraffin wax block
— containing tissue \

xz plane (top plane)

-

#
z Fd
a

L

xy plane (section plane)

Single cut section
stained with H&E

Figure 1.14: Plane definition of FFPE tissue block for visualising the uCT data in different planes.
The cuboidal cartoon on the left represents the 3D wax block on the right with the
planes exaggerated to ease plane identification and a H&E image representing one
section of tissue from the block. Scanning the tissue sample upright results in a stack
of CT images in the xz (top) plane. Digital re-slicing of the uCT data is required to view

the FFPE block from the side (yz plane) or from the front (xy plane).

1.6.3 Registration

Registration is an important process in correlative imaging to ensure that the images captured
using multiple imaging modalities show the same area of the specimen and enable direct mapping
of features between images. For 2D-3D registration the first step is to complete the plane
correspondence described in the previous section. This allows the 3D data to be visualised as 2D
slices which match the plane of the physically cut 2D section images. However the process of
registration can be very difficult especially if the scale and dimensions of the registered images
are different. The majority of existing image registration require manual location and
identification of matching features in both imaging modalities, which is very time consuming and

subject to user bias.
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1.7 Segmentation

Segmentation is the process of identifying and highlighting a specific feature or area of interest
from the rest of an image via the generation of a segmentation mask (Wollatz et al., 2017), as
seen in Figure 1.15. This can be used to extract information about specific features from an image
containing many different features, as is typical in biological images. For example a tissue
histology image could be segmented to just identify and label the blood vessels. Segmentation has
been used widely in the correlative imaging field to transfer the information provided from one
imaging modality (e.g. 2D histology) onto another imaging modality (e.g. 3D uCT). The majority of
previous studies have used manual segmentation to highlight specific features of cell types
identified in the 2D immuno-histological images on the corresponding UCT planes (Vasilescu et al.,
2012; Jones et al., 2016; Robinson et al., 2019). Manual segmentation requires the user to identify
and ‘paint’ the areas of the image by hand using a mouse or tablet on digital images. This is an
exceedingly time consuming process with the time required increasing depending on the amount
of segmentation required per image and the number of images requiring segmentation. For a uCT
sub-volume, of a total size of 1 mm x1 mm x0.5 mm at a resolution of 5-10 um, it takes on
average 40 constant hours of work to segment a network on lung uCT images by an expert user
(Robinson, 2020). Automated methods for image segmentation exist which are either basic (using
binary thresholding in high contrast images) or exceedingly complex (using machine learning and
neural networks). These methods for automating segmentation continue to be developed but
currently there is no known method for directly transferring information from 2D histology into

the 3D UCT without extensive manual intervention.

Figure 1.15: Exemplar segmentation of uCT dataset highlighting blood vessels (red) on a 2D

plane and displayed as a 3D surface.The left image shows a 2D uCT slice which has
been segmented to highlight the location of each blood vessel lumen in the image.
This process was repeated over hundreds of images to build a network of 3D

segmentation and is visualised as a 3D surface render in the right image.
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1.8 Image processing

Image processing is commonly used to ease the visualisation, compatibility and analysis of
captured digital images. Many processing techniques can be applied to both uCT and immuno-
histological images, especially to assist with correlative imaging. Rudimentary image processing
techniques most commonly used for the imaging techniques used in this project involve image
cropping, resizing (scaling), rotation and file type conversion. Other physical changes to the image
such as background subtraction are used on fluorescence images to ensure the background pixel
intensities are minimised to ensure the best image contrast. This is often combined with
brightness/contrast corrections to ensure the imaged features have visible pixel/voxel values.
Brightness/contrast setting (histograms) are also adjusted in images with high intensity or noisy
backgrounds like uCT images. Image filtration can be applied to noisy images by changing the
pixel values to highlight structures or refine edges to make them clearer in the image (Chandel
and Gupta, 2013). Thresholding uses the histogram of pixel/voxel values in the image to create a
binary version of the image where all pixel/voxels are assigned a pixel value of one or zero
(essentially black and white). This is often used to highlight a single feature with a high pixel/voxel
intensity from the remainder of the image and is commonly used to generate segmentation
masks (Arifin and Asano, 2006). However, this can only effectively be used in high contrast
imaging techniques otherwise non-desired features can be highlighted by thresholding too.
Binarised images generated from thresholding can be subject to more image processing steps for
in depth analysis. Image processing often involves several steps which are fine-tuned to the type
of image the user is working with. Although some processing steps can be automated the majority
still require manual input, often by image analysis experts, which can be time consuming and

subject to user bias.

1.9 Limitations with current correlative imaging techniques

Soft tissue imaging with uCT is still a relatively new technique and can result in image artefacts
which disrupt visualisation and analysis of the resulting uCT dataset. During uCT imaging the
rotation of the sample causes the creation of ring artefacts (bright bands) on the reconstructed
images originating at the centre of rotation; which remains unchanged as the subject rotates on a
fixed axis (Jan and Andrei, 2004). Also the sample rotation can result in the sample moving if it is
not fixed properly which will completely disrupt the reconstruction algorithms and fail to produce
usable images. The presence of heavy metals or particularly dense tissue structure can result in
bright image artefacts which obscure the surrounding tissue in the radiograph. Edge artefacts

appear where the specimen is at the limit of the field of view which causes diagonal areas in the
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corners of the image to appear ‘darker’ than the rest of the image. Most of these can be
addressed using post-processing and filtration to minimise the presence of artefacts on the final
reconstructed image. In addition to this, the large size of the data (approx. 50 GB per scan)
requires computers handling the data to have sufficient memory (RAM) to open and process the
data. This also leads to data storage issues which can prove to be expensive, unreliable and

difficult to share with others.

The resolution of the uCT is not as high as traditional histology, until recently resolutions of scans
were typically greater than 10 um for biological samples. This makes direct comparison between
histology and uCT difficult due to the difference in resolution, more recently the resolution has
been increased in UCT scans but this is still not to the same scale as traditional histology. This
means that uCT can distinguish microstructural information but not cellular or sub-cellular detail
provided by histology. The contrast of soft tissue uCT images is also not as high as 2D histology
with similar intensities between the tissue and background (i.e. the paraffin wax) found using the

majority of uCT scanners.

A further issue currently preventing uCT from being used in large clinical studies is the acquisition
and processing time for the very large datasets produced during a single scan. Obtaining high
resolution (<10 um) scans of tissue would take around 15-17 hours in 2015, this has been reduced
to around 7-9 hours currently. This however, is still too long for potential studies using a higher-
throughput of samples in the future. After the long data acquisition time there is an even longer
data processing and data analysis time which, with mostly manual methods, can take several
weeks to months to complete. This is even longer if the samples are used in correlative studies
which require the tissue to be sectioned, stained and imaged prior to registration. As previously
stated the majority of registration techniques are manual and are exceedingly time consuming.
With a single lung uCT dataset taking several months to image, process and analyse, seriously

limiting the feasibility for larger studies.
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1.10 Hypothesis

Developing/utilising image processing tools to increase automation will decrease the time taken

to correlate datasets from uCT and immuno-histological imaging for analysis compared to existing

manual techniques.

The 3D network of blood vessels, imaged by uCT, can be localised and provide data to quantify

the 3D characteristics of the blood vessel network within the lung microstructure.

Identifying cellular localisation data from 2D immuno-histological data can be quantified in 3D and

correlated with the 3D microstructures.

1.11

54

Aims

Develop a correlative uCT and immuno-histological imaging workflow which facilitates a
higher-throughput of FFPE soft tissue samples via automation of the co-registration and
segmentation of tissue microstructures and cell types.

Use the developed workflow to image and investigate clinical tissue samples as an
exemplar study of FFPE lung tissue

Identify, localise and perform 3D analysis of the blood vessel networks in ‘normal’ (non-
COPD) lung tissue

Use immuno-based localisation of cell types to analyse the airway epithelium in ‘normal’ (
non-COPD) lung tissue as an example of an identified structural feature

Use the immuno-based localisation to identify individual exemplar immune cells present
in the lung which are relevant to respiratory diseases

Demonstrate the applicability of workflow and quantitative parameters to compare pilot

samples from COPD and non-COPD groups
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Chapter 2  Material and methods

This chapter will contain all the materials (tissue samples, equipment and software) and the
standard methods which were established before this project began. For novel methodology

developments see chapter 3.

2.1 Samples used in project

Human lung tissue was obtained from patients undergoing resection surgery at Southampton
University Hospital Trust. Patients gave signed informed consent prior to surgery; Southampton
and South West Ethics committee A (LREC number: 08/H0502/32) provided ethical approval for
the project. Each patient sample was linked to an ID number, for this project samples from the
Human Lung (HL), Target Lung (TL) and EVITA (EV) cohorts of patients were used. Table 2.1
provides a summary of the samples used for method development and results chapters. For full
patient clinical information, including the tissue which was scanned but not selected for study, see

appendix A.1.

Table 2.1: Summary of the tissue identifiers and key information of FFPE lung tissue used in this

project.

Grouped Chapter Indication and
ID usedin  Procedure

Bronchiectasis

FEV,
%predicted

GOLD Smoking pCT scan No.

Tissue ID . : .
status history resolution sections cut|

Age

FEV,/FVC

HLO93  Lungl 3 31 77 0.79 0 none 8.5 100
lobectomy
Pneumothorax
HL098 Lung2 3 bullectomy 21 n/a n/a n/a none 6.0 200
Pneumothorax
HLO79  Lung3 3 D 21 n/a n/a n/a none 6.0 200
Non- Cancer
HWO94 00 A5 obectomy 67 100 0.77 0 Current 6.0 200
Hg2 N 4 s Cancer oo 97 0.75 0 Ex- 9.0 50
COPD-2 ! lobectomy ) smoker )
Non- Cancer Ex-
BVO27  ons 45 obectomy O 63 0.81 o 2 60 200
Non- Cancer Ex-
V020 ooy 45 petomy 0 126 0.75 o N 50 180
Non- Cancer
V104 oonc 45 ohectomy 66 55 0.79 0 Current 6.0 181
Non- Cancer
HU9  (o0ve 45 ohectomy 6 8 0.75 0 Current 6.0 200
HLO66B COPD-1 4,5 Cancer oy 54 0.56 2 Current 85 200
lobectomy
HLOS6 COPD-2 4,5 Cancer o 49 0.62 2 Current 6.0 200
lobectomy
EV118i COPD-3 4,5 Cancer o, 68 0.64 2 Current 6.0 200
lobectomy
HL384 COPD-4 3,45 T g5 g3 0.66 1 Ex- 9.0 50
lobectomy smoker
TL1127 COPD5 4,5 Cancer oo g5 0.59 2 Ex- 10.0 200
lobectomy smoker
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Tissue for method development (chapter 3) was selected from archived FFPE lung samples from
patients who were young (<40) and did not have COPD. This was to enable the development of
registration techniques on tissue not containing substantial fibrosis, emphysema or any other
significant structural defects caused by disease. Tissue for chapters 4 & 5 were selected from
archived (HL and EV samples) and recently collected (TL samples) lung tissue samples. Two age
matched groups were created from different lung function scores (FEV:/FVC) from spirometry
measures. These were the non-COPD (FEV:/FVC average of 0.8) and mild-moderate COPD

(FEV1/FVC average of 0.6) tissue groups.

2.1.1 Data archiving and organisation

The sample ID number, which is linked to databased patient information mentioned above, was
used as an identifier of all images and data generated from each sample. Photos of the tissue
blocks before scanning were used for archiving the samples and tracking the tissue through the
entire scanning process. All images and data files (both raw and processed) were saved in the
research folder of the Biomedical Imaging Unit’s (Faculty of Medicine, University of Southampton)
file store system and is backed up every day. The CT data is also backed up on the p-vis X-ray
imaging centre (Faculty of Engineering and Physical Sciences, University of Southampton) data
store on physical external hard drives. Details of supplementary videos can be found in Appendix

A.7 with the files available from the following DOI: http://doi.org/10.5281/zenodo.4309950

2.1.2 Sample preparation

The majority of surgical human lung samples were processed and archived prior to the beginning
of this project, by staff at the Southampton General Hospital, using standard techniques which
were also used for the more recently collected TL samples. All human lung samples used in this
project taken from surgery (approx. 1-2cm in diameter) were fixed in neutral buffered formalin
for 48 hours and embedded in paraffin wax using a Thermo Scientific HistoStar paraffin wax
embedder (ThermoFisher, UK). FFPE lung tissue was mounted onto a plastic cassette following
standard histopathological protocols (Hsia et al., 2010) by staff in the Histochemistry Research
Unit, University of Southampton. This is represented by the first two steps of the
histopathological workflow in Figure 2.1 which would traditionally continue to destructive tissue

sectioning followed by staining and imaging via a standard light microscope.
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1. Lung tissue resected 7\ 'S ’
)

from patient in surgery

2. Tissue fixed in formalin

(T
for 48 hours and | 0
embedded in paraffin llJ

wax (FFPE)

3. FFPE tissue sectioned

. . L] / s -
using a microtome and A
mounted on glass L =

X2

A 4

microscope slides

4. Sections are de-waxed,

stained and imaged with

a standard light

microscope

Figure 2.1: Summary of the standard FFPE processing protocol for surgical biopsy tissue.This
workflow shows the key stages of tissue extraction, fixation and embedding.
Traditionally after embedding in paraffin wax the tissue is destructively sectioned
using a microtome prior to tissue staining and imaging. Figure adapted from Elaine

Ho, created with Biorender.com

2.2 Equipment and software

A full summary of all the laboratory equipment used for this project is shown in appendix A.2, for

all the different software used see appendix A.3.
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2.3 Use of IRIDIS HPC computing

Due to the computationally intensive processing (very high memory demands) of the image
processing and segmentation of large datasets, the IRIDIS 5 visualisation cluster (10 core CPU, 192
GB RAM, 8 GB Nvidia M60 Tesla GPU) was used. Utilising this resource significantly decreased
processing time of uCT and immunofluorescence images. IRIDIS was used specifically for work
requiring Avizo (including high resolution visualisations), segmentation and interpolation using
ITK-SNAP (detailed in sections 3.5.2 and 3.6) and for handling large uCT datasets using Fiji as well
as decreasing processing time of bubble segmentations which implemented rudimentary machine

learning detailed in the section 3.3.1.

2.4 Micro-CT imaging

All samples were scanned using a novel prototype uCT system optimised for unstained soft tissues
(Med-X; Nikon X-Tek Systems Ltd., Tring, UK) (Katsamenis et al., 2019). This scanner contains a
multi-material target X-ray source which can be operated at 130kVp. For all the imaging in this
project the molybdenum target was used to generate low energy X-rays, optimised for providing
sufficient image contrast between wax and tissue in FFPE samples. The Med-X uses a 2000 x 2000
pixel flat panel detector with a high dynamic range for capturing the radiographs, scan
parameters and manipulator were controlled from the attached workstation. For this project no

other uCT systems or sources were used for volumetric imaging of the FFPE samples.

24.1 Sample preparation for CT

Standard FFPE lung tissue mounted on cassettes were initially placed in a specially designed
holder for scanning on the cassette, this was then modified to scan the tissue after removal from
the cassette using Styrofoam as shown in Figure 2.2. The reasons for removing the plastic cassette

and how it affected uCT scan quality are detailed in section 3.2.
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Figure 2.2: Initial FFPE tissue processing and pCT scanning setup using a custom made holder.A:
The FFPE lung tissue as it arrives on the plastic cassette, the identification label for
the tissue is on the rear in this case HL093. B: The paraffin wax containing the lung
tissue is removed from the cassette using a scalpel. C: The excess paraffin wax
surrounding the tissue is trimmed down to approximately 1-2 cm using a scalpel and
the edges are smoothed. D: The FFPE block (highlighted) is fixed between two layers
of foam, to prevent movement of the sample, inside the custom made container. E:
The container holding the FFPE block is placed on the stage inside the Nikon Med-X
UCT scanner (Nikon X-Tek Systems Ltd.). F: Following the uCT scan, the trimmed
down wax is re-embedded in wax and mounted back onto the cassette; so that it can

be sectioned with a microtome in the future.

2.4.2 Scanning parameters

Technical details of the scanning protocol were based on those of Scott (Scott et al., 2015) but
have been further developed and optimised for soft tissue imaging by Katsamenis and colleagues
(Katsamenis et al., 2019). Scan times were approximately 8-9 hours and lung volumes were
imaged at isotropic voxel sizes between 5-10 pum; ensuring that the entire tissue was in the field of
view. The spatial resolution (voxel size) was altered by changing the geometric magnification (i.e.
proximity of the sample to the X-ray source) depending on the size of the tissue in the sample. So

long as the X-ray settings were consistent the voxel size at specific source to object distances was
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consistent across all scans. Therefore, smaller tissue could be scanned at a higher resolution
because it could be placed closer to the X-ray source permitting full 360° rotation with the whole

tissue staying in the field of view.

Technical details for image acquisition were as follows: the uCT scanner was operated at an X-ray
tube potential (peak) of 55 kVp, the filament current was set to 125 YA at a power of 6.9 W using
a static reflection molybdenum X-ray target. Exposure time of each image was set to 1.25 s using
4001 projections captured at different sample rotation angles, 4 frames per projection which
were reconstructed using proprietary CT reconstruction software (CTPro version
V5.1.6054.18526; Nikon X-Tek Systems Ltd). The parameters for reconstruction were set at the
time of scanning for automated reconstruction using dual centre of rotation calculations at high
quality using a 95% mask radius and minimal beam hardening correction (pre-set 1 or 2). The
whole volume was reconstructed and output at a size up to 2000x2000x2000 voxels, as a 32-bit

floating point volume image using conventional filtered back projection.

243 Sample selection using rapid pCT scans

Rapid scans on multiple lung samples were used to inform the choice of samples for the tissue
used in chapter 4 and 5. These used different scanning parameters that prioritised scan time over
image quality, these scans were acquired and reconstructed in approximately 20 minutes. This
allowed multiple samples to be scanned and their viability for use in the project were assessed in
a single day (details for this can be found in section 4.3). Technical details for these scans were as
follows: the uCT scanner was operated at an X-ray tube potential (peak) of 80 kVp, the filament
current was set to 120 pA at a power of 9.6 W using a static reflection molybdenum X-ray target.
Exposure time of each image was set to 1 s using 2001 projections, 1 frames per projection and 2x
binning was applied to the images. These were reconstructed as 32-bit floating-point volumes at a
15 um voxel size using proprietary CT reconstruction software (CTPro version V5.1.6054.18526),

due to binning the maximum size was limited to 1000x1000x1000 voxels.

24.4 Image processing

Following reconstruction the raw floating point (32-bit) volume was imported into Fiji (Schindelin
et al., 2012) and converted to 16-bit. The uCT data was resampled such that the xy plane was
oriented to match the front face of the wax tissue block which the tissue will be sectioned from
(Figure 2.3). The ‘Rotate_Reslice_Blockface’ script (see appendix A.4) was written to speed up the
reorientation of the 3D dataset to match the front plane of the tissue volume. The script works by

rotating (using bicubic interpolation) and re-slicing (avoiding interpolation) the stack of images
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based on lines drawn by the user to calculate the angles of rotation to align to the front plane

(histology section plane) of the block.

MCT scanning MUCT post-processing 0T

FFPE tissue 1
Mounting stub}
\

Rotating Stage

Reconstructed
HCT

UCT stack resliced
parallel to FFPE
blockface

1000 pm

Figure 2.3: Re-slicing the reconstructed puCT dataset to the front plane of the tissue block.A:
Tissue is UCT scanned upright and reconstructed as a uCT dataset from the top of the
block down (xz plane). The front face of the block is indicated by the arrows in the
lower uCT image. B: The reconstructed uCT volume is cropped and re-sliced using the
‘Rotate_Reslice_Blockface’ script in Fiji. The resulting stack of images are visible from
the front face of the tissue block (xy plane, arrows in C), an example slice is seen in D.

Upper images adapted from Elaine Ho, created with Biorender.com

2.4.5 Visualisation

The processed 16-bit .tif image stacks were visualised as a series of 2D puCT images in a stack in Fiji
and Avizo (version 9.3; Thermo Fisher Scientific), as seen in Figure 2.4. The 3D uCT was visualised
using the volume rendering tool in Avizo, here the threshold (colour map) settings were tuned to

remove the wax but keep the tissue structure in the 3D visualisation. All segmentation of the uCT
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was visualised in Avizo by generating a surface render (smoothness setting: 1.5) with consistent

colour maps used on the surface view render.

Figure 2.4: Visualisation of processed uCT data in 2D using Fiji and 3D in Avizo.The upper panels
show the 2D (A) and 3D (B) visualisation of uCT datasets in Fiji and Avizo respectively. The Ci and
Cii images, all captured in Avizo, show multiple 2D slices visualised in the 3D space to illustrate
that each slice forms the 3D volume. Image D shows the 3D volume rendering from a different

perspective to better visualise the 3D nature of the dataset. Scale bars =1 mm.
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2.4.6

Micro-CT imaging workflow

Chapter 2

The workflow shown in Figure 2.5 summarises the key parts of the uCT imaging protocols and

subsequent image processing detailed in the previous sections for use in this project.

1. Removal of FFPE human lung tissue from plastic
cassette

. L

2

2. Non-destructive pCT imaging of FFPE tissue
(x-ray projections reconstructed as 2D slices forming a
3D uCT dataset)

3. Image Cropping and conversion
(Raw reconstructed uCT dataset cropped to edges of
tissue and convertedto 16-bit .tif file

v

4. Re-orientation of pCT dataset
(Using the ‘Rotate_Reslice_Blockface’script)

Reconstructed
pcT

HCT stack resliced
parallel to FFPE
blockface

v

5. Visualisation of puCT dataset
(2D slice and 3D volume visualisation in Avizo)

Figure 2.5: The workflow of uCT imaging and post processing.1. The FFPE lung tissue is removed

from the plastic cassette and excess paraffin wax surrounding the tissue is trimmed down. 2. The

tissue block is uCT scanned at a high resolution (<20 um) and reconstructed into a 3D dataset. 3.

The uCT image stack is manually cropped and converted to 16-bit to minimise file sizes. 4. The

reconstructed uCT scan is digitally re-sliced to match the front face of the FFPE block. 5. The

resulting LCT images are visualised as 2D slices and a 3D volume.
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2.5 Bright-field Histology

2.5.1 Sample preparation (post pCT scan)

The FFPE lung tissue blocks, which were removed from the plastic cassette to reduce imaging
artefacts (detailed in section 3.2) also had excess paraffin wax trimmed down for uCT scanning to
maximise the resolution of the captured images. Following the uCT scan the FFPE tissue needed
to be re-mounted onto the cassette to allow tissue sectioning using a standard microtome. This
process is summarised in Figure 2.6. The trimmed lung tissue block was placed in the centre of a
wax mould and re-embedded in molten wax using a Thermo Scientific HistoStar paraffin wax
embedder (ThermoFisher), and the plastic cassette was fixed on the rear of the block as normal.
Serial sections (50-200) of the re-embedded lung tissue were cut at a thickness of 4 um using a
Leica RM2135 wax microtome (Leica Biosystems, Nussloch, Germany). These sections were
floated on a hot water bath before being mounted onto APES (3-aminopropyltriethoxysilane)
coated microscope slides and dried in an incubator for at least 24 hours. Prior to histological
staining tissue sections were dewaxed with clearene (Leica Biosystems) and rehydrated through

graded alcohols (starting from absolute alcohol).
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.

Serial section the
re-embedded
FFPE block

@ block from Sm?oth uneven
cassette surfaces and trim
excess wax
—_—
1cm
New wax
1cm
Original block

Remove FFPE

¢ Adhere FFPE

@ block to stand
with super-glue
and PCT scan

Re-embed FFPE
block into fresh
wax

&

Figure 2.6: The five main

sectioning.T

steps of the workflow for FFPE processing from tissue embedding to

he resulting tissue sections mounted on glass slides are stored for future

use in histological staining. Critically as sectioning is destructive to the tissue the uCT

scan needs t

0 be complete before re-embedding and sectioning. Figure adapted from

Elaine Ho, created with Biorender.com

25.2 H&E staining

H&E staining used stock solutions of Mayer’s haematoxylin and eosin made and prepared by the

Histochemical Research Unit (HRU, Clinical and Experimental Sciences, Faculty of Medicine,

University of Southampton). Staining with H&E followed standard histological protocols (Fischer

et al., 2008), sections on

imaging. Sections of tissu

slides were cover slipped using Pertex® mounting medium prior to

e from each tissue block (2-3) were stained using H&E for initial

visualisation of tissue microstructure and used as reference images for resampling the uCT into

the cut histology plane (s

ee section 3.3.2).
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2.5.3 Image acquisition

H&E stained slides were imaged using bright field microscopes, in order to quickly assess that the
staining was successful slides were initially viewed with a standard light microscope using a 20x
magnification objective. Every microscope used for imaging in this project had a 10x objective
within the eyepiece. The presence of strong blue staining of the nuclei (haematoxylin) and pink
staining of the cytoplasm (eosin) was assessed by eye. After initial visualisation the whole tissue
section was imaged using an Olympus dotSlide system (Olympus, JP) using a 10x magnification

objective with a Numerical aperture (NA) of 0.4 and digitised as a .vsi file.

2.6 Immunofluorescence

The method of immunostaining FFPE tissue is modified from (Robertson and Isacke, 2011), in this
project a single fluorescence probe was used per section. Before applying the antibodies (apart

from the aSMA) to the tissue, it needed to be pre-treated for antigen retrieval.

2.6.1 Controls

Each staining run contained negative control tissue slides, one section with no antibody staining
to determine if any signal is caused by intrinsic autofluorescence and a separate section with only
the secondary antibody to ensure no non-specific staining (of the secondary antibody) is
occurring. A positive control using a different primary antibody was included in each run, typically
a reliable cellular stain like AA1, which was used to check that successful antibody binding was
occurring and any staining seen was from a working secondary antibody bound to a primary

antibody.

2.6.2 Antigen retrieval

Antigen retrieval is required to ensure that the antibody can reach and bind to its target site in
fixed tissue (Shi et al., 2011) and was carried out immediately after dewaxing the tissue. Two pre-
treatment methods, pronase pre-treatment and heat mediated (microwave) citrate were
compared with a no pre-treatment control for each antibody. Pronase based antigen retrieval was
used for all the primary antibodies used in this project which required pre-treatment by providing
consistent staining with the strongest signal as evidenced in the results chapters of this thesis. A
0.01% pronase solution in phosphate-buffered saline (PBS) was applied to tissue sections and

incubated for 10 minutes before being washed thoroughly with PBS.
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2.6.3 Blocking

Following the protocol of Isaack and colleagues a solution of 1% foetal calf serum with 2% bovine
serum albumin in 1x PBS dubbed immunofluorescence buffer (IFF) was used for tissue incubation
and antibody dilution. The tissue sections were incubated in IFF for 1 hour at room temperature
following antigen retrieval. The proteins in the IFF binds to any non-specific binding sites present
in the tissue. This is to reduce the primary antibody from binding to these areas of the tissue
(endogenous proteins) and causing staining in areas it is not specifically targeted for. As described
in later sections (3.4.2) the tissue autofluorescence was used in the methodology and so no

quenching step was performed on the tissue sections.

2.6.4 Primary antibodies

After the blocking step, primary antibodies (diluted in IFF) were pipetted onto the slides and
incubated overnight in a moist chamber at 4°C. Following the overnight incubation the primary
antibody had 3x 5 minutes washes with 1x PBS. Each antibody was titrated to obtain the optimum
dilution for staining, so that there was the minimum level of background whilst maintaining the
high levels of positive staining. The information about the primary antibodies used in this project

are summarised in Table 2.2.

Table 2.2: Summary table of each of the primary antibodies used in this project.

Primary Chapter
Antigen Animal Source Stock Working Used to
antibody Results
retrieval raisedin  (product ref) concentration dilution localise
[Clone/ID] reported
Sigma- Cytokeratin 18
Cytokeratinl8 Mouse .
Pronase Aldrich 8.4 mg/ml 1:500 in the airway 3/5
[CY90] (monoclonal)
(c8541) epithelium
Mouse Abcam Mast cell
AAl Pronase 1 mg/ml 1:10000 5
(monoclonal)  (ah2378) tryptase
CD68 protein
(Mouse Abcam
CD68 [KP1] Pronase nfa 1:100  in macrophage 5
monoclonal)  (ab955)
cells
Mouse Abcam Smooth
aSMA [1A4] None 1 mg/ml 1:10000 4
(monoclonal) (ab7817) muscle actin

2.6.5 Secondary antibodies

Alexa Fluor® 647 labelled secondary antibodies were used for IF imaging, this was always raised
against the primary antibody host species, here this was goat anti-mouse (conjugated goat anti-
mouse IgG, Fisher Scientific, product ID: A32728). The tissue was incubated in the secondary

antibody at a 1:100 dilution in IFF for 1 hour at room temperature. The secondary antibody was

thoroughly washed (3x 5 minutes) after the incubation period with 1x PBS.
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2.6.5.1 Selecting the right secondary antibody

The choice of secondary antibody fluorochrome, at an imaging wavelength with the least tissue
autofluorescence, was based on the results of a lambda scan carried out on a Leica TCS SP8 (Leica)
confocal microscope in XY lambda scanning mode. Each laser was used at 30% intensity in turn
from 405-633 nm excitation bandwidths and progressively moved in 15 nm steps across the
spectrum. Gain was set to ensure reasonable signal strength for autofluorescence as gauged from
observation through the eyepiece. In-built confocal software was used to generate curves from
the peaks and exported into excel, the results of which are plotted in Figure 2.7. This was used to
find available wavelengths of light that produced the least autofluorescence. This showed that the
most autofluorescence was at excitation wavelengths in the lower part of the spectrum (<640nm).
The optimum secondary antibody that could be used, with the available filters for the
fluorescence slide scanner system, was at the far end of the visible light spectrum with a
maximum excitation wavelength of 650nm. Therefore the Alexa Fluor® 647 was identified as the

best choice for immunofluorescence imaging on fixed lung tissue samples with this microscope.
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Figure 2.7: Plot of the results of the lambda scan of autofluorescence in unstained
fixed human lung tissue.The unstained fixed human lung tissue was exposed to
several different wavelengths of light using a Leica TCS SP8 confocal microscope and
the relative emission intensity for each of these was recorded and plotted as a line
graph. Graph produced in Microsoft Excel from data exported directly from the

confocal microscope software.
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2.6.5.2 Confirming choice of secondary antibody

To assess the results of the lambda scan and confirm the improvement in image contrast
produced by the Alexa Fluor® 647 secondary antibody it was compared to preliminary data using
an Alexa Fluor® 546 secondary antibody (conjugated goat anti-mouse IgG, Fisher Scientific,
product ID: A-11030). Figure 2.8 shows the direct comparison of two FFPE human lung tissue
sections stained with the same Ck18 primary antibody using the 546 and 647 secondary
antibodies. Staining was successful in both however the signal from the background is much
higher in the 546 image (red) compared to the 647 image (pink). The improved contrast between
the background tissue and signal enabled threshold based separation of the staining from the

background which was not possible using the 546 secondary. Other antibodies were not trialled

due to the limited wavelengths of light available on the wide-field fluorescence microscope.

Figure 2.8: Comparison of Ck18 IF staining of airway epithelium in fixed human lung tissue using
two different secondary antibodies.Both images used the same primary antibody for
Ck18. The left hand image used the Alexa Fluor® 546 secondary antibody which was
captured using the CY3 channel (552 nm excitation). The right hand image used the
Alexa Fluor® 647 secondary antibody which was captured using the CY5 channel (650
nm excitation). The improvement in visualised staining contrast, due to the reduction
in background signal, is clearly visible in the staining using the Alexa Fluor® 647

secondary antibody.
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2.6.6 DAPI nuclear staining, slide mounting and storage

DAPI was used as a nuclei counterstain following the wash after the secondary antibody, DAPI
(Roche, De) was prepared from a powdered stock (provided by the Biomedical Imaging Unit,
Faculty of Medicine, University of Southampton) and stored frozen as a stock solution at a dilution
of 1mg/ml in dH,0. The working dilution was 1:500 in PBS, the tissue was incubated in DAPI for 10
minutes at room temperature and washed off thoroughly (3x 5 minutes) in PBS. Finally the slides
were mounted in Mowiol aqueous mounting medium (4-88 Harco Chemical Company, Be) and
cover-slipped with 0.15 mm thick microscope coverslips. The mounting medium was prepared by
adding 30g Mowiol powder to 120 ml of PBS (pH 7.4) and heated (with stirring) for several hours
at 60°C until the Mowiol fully dissolved. The solution was then cooled to room temperature.
Glycerol (60 ml) and Citifluor ‘anti-fade’ solution (3.6 ml) (AF3, Agar Scientific, UK) were mixed

thoroughly with the Mowiol solution, this was decanted and stored at -20°C.

Slides were stored at 4°C until they were imaged, being kept at this temperature we found that
fluorescence labelling remained visible for at least 6 months. However, all stained sections were

imaged within a week of the staining to minimise any loss in fluorescence signal.

2.6.7 Wide-field IF image acquisition

The whole area of stained tissue on microscope slides were imaged and digitised using an
Olympus VS110 light/fluorescence slide scanner microscope (Olympus, JP). Bright-field images
were captured with a 10x objective with an NA of 0.4. Fluorescence images were captured with a
10x objective with an NA of 0.4 using the 4 channel fluorescence slide scanner, with quad band
dichroic, fast excitation filter wheel scanning system using a 120W metal halide lamp (Olympus).
Images were captured using a selection of the four available channels; for visualising the IF
staining with the Alexa Fluor® 647 secondary antibody, the CY5 (629-669 nm excitation/ 646-686
nm emission, exposure time: 250 ms) channel was used. For preliminary IF staining using the
Alexa Fluor® 546 secondary antibody (used in section 2.6.5.2), the CY3 (~550 nm excitation/ ~570
nm emission, exposure time: 250 ms) channel was used. The FITC channel (490 nm excitation/ 520
nm emission, exposure time: 1000 ms) was used to capture tissue autofluorescence and the DAPI
(372 nm excitation/ 456 nm emission, exposure time: 150 ms) channel for DAPI staining. Focus
was calculated automatically using the microscope software. Images were saved as .vsi files that

were visualised using the VS Desktop software (Olympus).

70



Chapter 2

2.6.8 Image processing

The histology and fluorescence images produced by the VS110 slide scanner were opened and
converted from .vsi files to universal .tif files using VS Desktop, this is because the native .vsi files
have poor compatibility with other software. In Fiji the .tif image of each section was manually
rotated (using bicubic interpolation) so that it was in a similar orientation to the tissue in the 2D
UCT slices in order to enable visual registration between the two images. The background
fluorescence, defined as the peak fluorescence signal from the histogram produced in the area of
the image not containing any tissue (i.e. area surrounding tissue section), was subtracted from

each image channel to enable clearer visualisation of the fluorescence signal.

2.6.9 Visualisation

The raw 2D histology and fluorescence images were visualised in VS Desktop (Olympus, JP) and
the downscaled images used for registration were visualised in Fiji. The immunofluorescence
images had colour look up tables added to make visualisation easier over the greyscale images.
FITC autofluorescence is green, the IF signal (CY5 channel) is pink and DAPI is blue. VS-Desktop
provided an overview of the entire slide area with the ability to dynamically pan and zoom around
the captured image. The fluorescence channels could be visualised separately or overlaid together
as a composite images as shown in Figure 2.9. The fluorescence images saved in a generic read
format (.tif) were opened in Fiji as separate images for each channel in the native 16-bit greyscale
format. Fiji provided more tools for image processing and visualisation by adjusting the
brightness/contrast to highlight the areas with the strongest fluorescence signal (e.g. signal from

secondary antibody or DAPI).
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A: FITC channel image (autofluorescence) B: CY5 channel image (Ck18 IF staining)

C: Composite image of FITC and CY5
channels

Figure 2.9: Exemplar visualisation of fluorescence images captured using three different imaging
channels.The upper images (A & B) show exemplar visualisation of individual
fluorescent channels using the VS desktop software. The images of the different
channels were overlaid to form the composite images shown in the lower images (C
& D). The imaging excitation wavelengths were 460 nm (FITC-green), 650 nm (CY5-
magenta) and 372 nm (DAPI-blue, contrast changed to visualise tissue at lower

intensities). Scale bars = 200 um.
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The workflow presented in Figure 2.10 highlights the key steps undertaken for IF preparation

detailed in the previous sections, imaging and processing following the uCT scan workflow (Figure

2.5)
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Figure 2.10: Overall IF imaging workflow following the uCT scan of the tissue.The re-embedded

FFPE tissue is cut into serial sections, mounted onto glass slides and dried for at least

24 hours prior to IF staining. The sections are de-waxed and incubated with a primary

antibody overnight before incubation with a secondary antibody with an attached

fluorophore. The stained section has a coverslip mounted and the whole tissue

section is imaged using a wide-field fluorescence microscope. Image created with

Biorender.com
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2.7 Statistical analysis

Statistical analysis of the measured metrics comparing non-COPD and COPD tissue in chapters 4
and 5 used unpaired non-parametric analysis. Specifically the Mann-Whitney test to compare
ranks was calculated using GraphPad Prism (version 8.4.3). This test was chosen, following a
Shapiro-Wilk test for normality which showed that the data was not normally distributed.
Categorical data which was not numerical (e.g. smoking history) was analysed using Fisher’s exact
test. For the blood vessel thickness values (section 4.6) which had a larger number of data points
than the other data a two-way ANOVA was performed assuming no sphericity of the data and a
Geisser-Greenhouse correction was applied. Area under the curve analysis was also performed on
the mean thickness bins with a 95% confidence interval using the Wilson/Brown method.
Statistical significance was determined as a P value of <0.05. Additionally all graphs plotting the

data reported in chapters 4 and 5 were produced in GraphPad Prism.
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Chapter3 Method development

This chapter will focus on methods developed and applied in order to generate the results seen in
chapters 4 and 5. The outline workflow seen in Figure 3.1 highlights the bottlenecks in correlative
imaging and segmentation present when this project began. These areas were the focus of

method developments to decrease the amount of time and manual intervention required.

1. Soft tissue samples 2. 3D uCT imaging 3. 2D microscopy imaging
(Formalin-fixed and (Non-destructive, (Sectioning, H&E staining
paraffin-embedded-FFPE) isotropic and volumetric and imaging)

imaging)

v
4, Co-registration of uCT and 2D microscopy images
(Appropriate plane definition within volume to map features in tissue sections to positions in uCT
correcting for sectioning distortions)

5. Segmentation using only co-registered pCT 6. Segmentation of puCT using 2D microscopy
data data
(Techniques for rapid segmentation of (Requires direct alignment of uCT and stained
biological networks identified in 2D histology sections to direct segmentation of features)
using 3D uCT data)

A 4

7. Interpolate 2D segmentation of histological
staining into 3D
(Using segmentation spaced within a volume
which forms a 3D network)

8. Visualise the tissue volume and segmentation in 3D
(Complete imaging and segmentation of immuno-histological features within the uCT volume)

|:| : Utilising established |:| : Areas for method development
techniques and research questions to be
addressed in this work
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Figure 3.1: Summary of the proposed correlative imaging workflow highlighting areas for

3.1

method development addressed in this chapter.(Previous page). Steps highlighted in
green have been previously published. The proposed steps highlighted in orange
were identified as areas for development of greater automation. 1: Fresh soft tissue
sample preparation via formalin fixation and embedded in paraffin (FFPE) 2: Imaging
of lung tissue at a high resolution in 3D using UCT. 3: Section tissue and employ
traditional 2D histological imaging techniques to identify specific features not visible
in LCT imaging. 4: The first step to address by co-registering the data from steps 2
and 3. 5: Segmentation of 3D networks using the uCT volume whilst avoiding manual
segmentation. 6: Localisation of specific features identified by 2D histology within the
UCT without manual segmentation. 7: Building non-isotropic segmentation of section
staining into 3D isotropic data. 8: Visualise the results of the previous steps together

in 3D.

Aims and objectives

The primary aim of this chapter was to develop a methodology workflow to speed up processing

and segmentation of biological features and cell types from imaged uCT data of soft tissue. To

facilitate analysis and segmentation on more uCT datasets than was possible using existing

manual techniques.

The main objectives for achieving the aim of this chapter were as follows:

1.

76

Confirm best imaging parameters for visualising FFPE lung tissue with uCT

Perform successful immunofluorescence staining and imaging of FFPE lung tissue sections

Develop registration techniques for matching uCT with 2D histology data

Investigate other tools to assist with faster segmentation of features in the uCT lung

tissue

Produce more automated segmentation of immunocytochemistry staining localisation on

the uCT data
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3.2 Image acquisition developments

When this project began the uCT scanning parameters were following those used by Scott and
Jones (Scott et al., 2015; Jones et al., 2016). These scans also did not use a uCT scanner which had
been optimised for soft tissues and so did not produce uCT images with the same level of contrast
as seen using the Med-X in this project (full specification in section 2.4). The uCT scans from these
projects scanned FFPE human lung tissue on wax blocks attached to a standard plastic cassette
which were glued to a carbon fibre tube. This caused image artefacts which negatively affected
image quality. The vertical ‘streaks’ seen in the background of the image (Figure 3.2) are caused
by the striations in the back of the plastic cassette absorbing more X-rays in comparison to the
paraffin wax. A similar effect can be seen on the air bubbles present in the paraffin wax, these
phase fringe artefacts, caused by changes in X-ray absorption between the wax and the air

bubble.

In order to remove these artefacts the plastic cassette was removed from the back of the wax
tissue block using a scalpel. Another positive of doing this was that without the cassette the
excess paraffin wax could be trimmed from around the tissue and the edges rounded to further
reduce beam hardening artefacts. The overall size of the block was reduced making it possible to
position the sample closer to the X-ray source enabling a higher geometric magnification resulting
in a higher resolution (smaller voxel size) scan. The resulting scan from removing the cassette can
be seen in Figure 3.2. This successfully removed the ‘streak’ artefacts from the scan resulting in a
much cleaner background without high peaks in X-ray absorption. This did not however, have any
effect on the air bubbles artefacts which were still present in the image stack. To address the
issues caused by the air bubbles digital post processing of the images was required (see section

3.3.1), rather than physical intervention to the scan setup.
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A: FFPE tissue on cassette (raw) | B: FFPE tissue off cassette (raw)

C: FFPE tissue on cassette D: FFPE tissue off cassette

(thresholded) (thresholded)

Figure 3.2: Comparison of uCT images of FFPE tissue before and after removing the plastic
cassette.A & B: Comparable raw reconstructed uCT slices of FFPE lung tissue before
and after removing the cassette from the rear of the block. The white arrows in A
highlight the ‘streak’ artefacts caused by the cassette. C & D: Images have been
thresholded (to the same range of voxel values) to visualise the artefacts and extra
noise caused by the cassette which are almost entirely gone after removing the

cassette.

A potential issue with this technique was that the FFPE tissue block could not be sectioned
without being attached to the cassette. To address this we experimented with re-attaching the
cut down wax block to the cassette. The cut down block was placed in a wax mould that was

larger than the block and embedded following the protocol reported in section 2.5.1. The key
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difference being that the molten paraffin wax was surrounding existing solid wax rather than
tissue, the plastic cassette was re-attached at this step and proved not to hinder sectioning of the

tissue once the paraffin wax had set.

3.2.1 Why IF was chosen as secondary imaging modality

Immunofluorescence (IF) was chosen as the primary immunostaining method following direct
comparison to immunohistochemistry (IHC). Two consecutive tissue slides were stained with the
same primary antibody (CD68) and imaged with IHC and IF. IHC staining was provided by
Stephanie Robinson following standard protocols (Crosby et al., 2014). As seen in Figure 3.3, the
comparison between IHC and IF reveals similar staining localisation from the same primary
antibody but the IF image provided greatly increased contrast between the staining signal and the

background.

CD68 IHC staining CD68 IF staining

e

Figure 3.3: Comparison between IHC and IF staining on consecutive lung tissue sections using
the same CD68 primary antibody.The IHC staining was captured on a light
microscope using DAB (brown) staining to localise the CD68 staining with a
haematoxylin counterstain (blue). The IF staining was captured using a fluorescence
microscope using an Alexa Fluor® 647 secondary antibody (pink/white signal)
overlaid on FITC autofluorescence (green). The visually improved contrast and signal

strength justified the choice of IF imaging over IHC. Scale bars = 100 um.
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Visual inspection of the two images in Figure 3.3 shows the similarity in the staining across both
sections and the immunofluorescence shows consistent staining across both imaging techniques;
with no excess background staining in the IF compared to the baseline IHC. The IF more clearly
shows the total staining than the IHC allowing easier visualisation of more positive staining. The
advantage of using IF staining over IHC was also seen as it has much greater contrast allowing the
staining information to be extracted much more easily. The main downsides of using IF are that it
is not a permanent stain which will fade over time and it requires specialist fluorescence
microscopes to image. However the advantages in image contrast and ease of use for registration

(see section 3.4) outweighed these disadvantages.

3.3 Image processing developments

3.3.1 Removing the air bubble artefacts

The uCT scan of the tissue block, after removing the plastic cassette, still contained the phase
fringe (bright bands) outlining the air bubbles (black circular voids). However, air bubbles were
not present in all tissue blocks and their presence in a block would have been dependent on
fixation and embedding of the tissue when it was collected. This project worked on archived
tissue and so this was outside our control. Attempts to physically remove the air bubble by
melting the wax and re-embedding often gave worse results with a higher number of smaller

bubbles which obstructed more of the scan.

Therefore the focus shifted to digital post processing of the scans containing air bubbles to
minimise these artefacts. Standard filtration (median, bandpass etc.) and thresholding techniques
proved ineffective at identifying the air bubbles individually due to similarities in grey level
intensity with other tissue features like red blood cells. Therefore, a trainable segmentation tool
was utilised to identify air bubbles in a uCT stack of images. Specifically the Weka trainable
segmentation tool (Arganda-Carreras et al., 2017) in Fiji was used. The end result of using Weka
was a method for automatically identifying and segmenting the air bubble voids and surrounding
ring artefacts as a separate binary dataset. This binary dataset was used to mask the original uCT
dataset to remove the ring artefacts from the dataset removing the issues the artefacts caused for
visualisation and segmentation. The details of using the trainable segmentation tool are described
below; this work was mainly contributed to by 3™ year project student Oliver Hope who

completed most of the manual segmentation and training of the classifier.

Within the Weka plugin, uCT images (2D slices) containing air bubbles were loaded for training of

the automated segmentation. The air bubble void, including the surrounding ring artefact, was
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manually identified (segmented) by the user in Weka and assigned as the areas for segmentation
in the classifier. Other areas of the image not containing the artefacts (i.e. tissue and background)
were also identified for Weka as areas which were not air bubbles and so not to segment. This
was an iterative process with multiple refinement steps of training the classifier to ensure it was
only selecting air bubbles and no other areas of the image. This required approximately 50
separate images throughout the uCT volume to complete the training step. The generic workflow
of training a classifier for generating segmentation results can be found in Figure 3.4. Weka
trainable segmentation works via implementation of a random forest algorithm as described in
detail by Polan and colleagues who implemented it for use on CT datasets (Polan et al., 2016). A
Fiji script (appendix A.5) which automatically split an image stack up into smaller volumes, applied
the classifier to each sub volume and reconstructed them back together again afterwards was

used to speed up segmentation.

Training Data — rr(\;}? Features
Images, Labels \ 1 l’:‘ /I . Textures, Colours, ete.
_\_‘/\5

Classifier
Predicts labels for each image
based on patterns in features

Test Data Prediction
Images as input, Label for test
labels to validate images

Once the classifier is fully trained and optimised,

Images
O
(S
;;‘.f “\I“’Lf Features
. ] —
VL:)’ Trained Classifier Predicted labels for

input images

Figure 3.4: Workflow for using machine learning implemented in Weka to train a classifier for
air bubble artefact segmentation.Training datasets were generated from manual
segmentation of the air bubble artefacts from uCT images. This was used to test and
train the classifier to the point where Weka could automatically segment the
artefacts (features) on uCT images which were not used for training. Figure adapted

from Elaine Ho, generated with Biorender.com
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The complete segmentation of the air bubbles output from Weka was used as a mask of the
original uCT dataset to remove the bubble artefacts seen in Figure 3.5. This bubble segmentation
was binarised so that the pixel value of the identified bubbles was set to 0 and the rest of the
image set to 1, this image stack was then multiplied by the original uCT stack in Fiji. The majority
of the images pixel values were multiplied by 1 and so did not change, the air bubbles were
multiplied by 0 and so set their pixel values to 0. After masking the uCT with the bubble
segmentation the spheres were still visible in the 3D visualisation of the tissue. In order to remove
the artefacts completely the binary bubble segmentation was expanded in each direction (xyz)
using the dilate tool in Fiji. The segmented bubbles were dilated by 2 voxels and then used to
mask the original dataset, results can be seen in Figure 3.5. In 2D the voids are now completely
black, due to the dilation of the mask encompassing the white ring artefacts. In the 3D rendering
the bubbles were removed entirely as seen in Figure 3.5 which resulted in the removal of a part of

the image that detracted from the interpretation of the tissue structure.
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A: 2D uCT slice before masking B: 3D uCT before masking
bubble artefacts bubble artefacts

K S W

C: 2D uCT slice after masking D: 3D uCT after masking bubble
bubble artefacts artefacts

ik

Figure 3.5: Visual representation of masking the air bubble artefacts on uCT images in 2D and
3D. A: The raw reconstructed puCT volume in 2D, where the white lines surrounding
the air bubbles are visible. B: The raw reconstructed volume visualised in 3D, where
spheres in the lung tissue rendering are visible. Both these artefacts are highlighted
by red arrows. C & D: The same uCT dataset after the air bubble artefacts were
segmented, dilated and used to mask the uCT images. In 2D (C) the white lines are
replaced with black void with a voxel value of zero. In 3D (D) these voids are invisible
in the rendering and result in a more accurate representation of the lung

parenchyma.

3.3.2 Image processing for registration

Precise resampling of the uCT to the cut section plane was required for direct registration
between the 2D histology sections and the uCT slice. Using images from 2D H&E stained sections,
the 3D uCT volume was rigidly resliced to align with the plane of histology sectioning using the 3-
point alignment (‘Slice module’) in Avizo. A representation of the slice module, shown in Figure

3.6, can change the 3D plane of the uCT slice using 3 reference points placed on the slice. Each
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point has an x,y corresponding to the position on the 2D slice and a z-value corresponding the
slice number in the stack of uCT images. The slice number was changed in the localised area
around the x,y position of the point, whilst maintaining the slice number in the other areas of the
image. This essentially tilted the plane which the uCT slice was being visualised from. Using an
H&E stained section as a reference the plane was changed to produce a uCT slice that matched
the structural features seen in the H&E image (Figure 3.6). After producing a slice which matched
the H&E the ‘resample transformed dataset’ module was attached to the original uCT dataset and
the ‘slice module’ was selected as a reference image. The uCT was resampled into the plane using
lanczos interpolation and output as a new image stack which was used as the primary uCT dataset
for registration. This was an iterative process, often requiring repeated plane definition and
resampling steps using different positions of the 3 points in the uCT slice. However, this
refinement of the plane definition was essential to produce accurately resampled uCT data which

matched the sectioned histology plane.

Matching
, feature i &
= o 4 . )
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Histology Cutting 4 3 : "o o000 1. Histology
i 1ICT | S - i, L
Plane — ’ peC -1 Section

Figure 3.6: Representation of plane definition of the uCT to match the cut histology plane.In
Avizo three points spread across the image in the 3D space are used to define the
plane which the tissue was sectioned for histological imaging. The features are
manually matched by eye between the histology reference image and the uCT. Once
the matching plane is found the whole uCT volume is resliced and resampled using
the defined section plane as the reference. Figure adapted from Elaine Ho, generated

with Biorender.com

3.33 Image scaling and rotation for registration

The registration techniques described in the next section required images to be the same size and
have similar orientation. Therefore each 2D histology/IF image was rotated using bicubic
interpolation in Fiji to roughly align the tissue with the orientation of the tissue in the
corresponding UCT slice. Once oriented in all three planes the images were, at least for a side by
side comparison, registered to each other. However, direct registration of two images required

them also to be the same size in the number of pixels in the x and y. To address this difference in
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size/resolution one of the images, either the uCT or histology/IF, needed to be scaled to match
the other. It was decided that the histology/IF images would be downscaled to the size of the uCT
images. This was to prevent the creation of potentially ‘false data’ by upscaling the uCT to the size
of the histology, also this kept file sizes and processing time to a minimum. This was implemented
in Fiji using the scale tool, the width and height of the new histology image were the same as the
MCT (x and y) using bicubic interpolation and no averaging when downsizing. Overlaying these
downscaled images, (as seen in section 3.4.6), revealed the differences between the uCT and the
fluorescence images which needed to be overcome for direct registration. Comparing the location
of structural features (e.g. blood vessels) there was a visible miss-match between the images of
up to 500 pum. These rotated and downscaled images were used as the input images for the

registration techniques described in the next section.

3.4 Developing registration of IF to uCT

Prior to this study there were no known or published examples of lab-based correlative uCT and IF
imaging with the goal of direct registration between the two imaging modalities. Software which
has been developed for other correlative imaging studies such as ecCLEM (Paul-Gilloteaux et al.,
2017) were investigated at the start of this project. However, no one software package or plugin
existed specifically for automating this type of registration and so many different approaches and
techniques were trialled on the uCT and IF images. This started by looking at manual techniques

which have worked in studies with similar 2D-3D image registrations.

3.4.1 Manual tools for registration

To address the issue of sectioning artefacts, such as tearing and shrinkage, H&E sections were
used to test multiple registration tools in Fiji. Once a working method was found it was tested on
the IF images. The Fiji plugins trialled were descriptor based registration (2D/3D), unwarp)
(Sorzano et al., 2005), rigid registration and BigWarp (Bogovic et al., 2016). These were all based
on 2D-2D landmark-based registration using a single UCT slice and a histology section as shown in
Figure 3.7. The only plugin that produced workable results was the BigWarp plugin in the big data
viewer tab in Fiji (Pietzsch et al., 2015). BigWarp produced histology images which had been
elastically warped and registered to the corresponding uCT slice. The process for manually using

BigWarp is described below.
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Find matching pCT
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Figure 3.7: Summary of method for direct 2D-2D image registration between uCT planes and
histology sections.A: The UCT slice which corresponds with the histology section is
identified and isolated from the 3D image stack. B: Both 2D images are inputted into
BigWarp. Matching features are manually given landmarks in both images which are
used to elastically transform the histology image to match the uCT. This is achieved

via the generation of a deformation grid (C & D) from the landmark coordinates (pink

circles), shown in the lower fluorescent images.

The BigWarp plugin works on a single pair of images which both have to be the same size and
greyscale. Because of this the bright-field images were split into the red-green-blue colour
channels and the IF images were separated into the separate fluorescence channels. When
opening images for use in BigWarp the user decides firstly which image is the ‘fixed image’. The
UCT slice was chosen because image acquisition was taken before sectioning; this provided a
reference structure free of sectioning artefacts (stretching, tearing etc.) Secondly the ‘moving
image’ was a histology or IF image channel, this image had the warp transformation applied to
match the pCT (the fixed image). After opening the pair of images in the BigWarp plugin, the user

placed manual landmarks on matching structural features manually identified by the user in both
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images. This step requires the plane definition step of the uCT to be completed so that matching
features appear in the same section and corresponding UCT slice. After placing four pairs of
landmarks it is possible to warp the ‘moving image’, at this point the user can see by overlaying
the images where more landmarks are required to make the structural features overlap. This is a
time consuming manual process requiring anywhere between 30 and 100 manually placed
landmarks on each pair of images. Once the user is satisfied with the level of tissue feature
overlap the landmark co-ordinates were exported as a .csv file. The warped image was generated
using a Thin Plate Spline method (Rohr et al., 2001) to build a deformation grid (visualised in
Figure 3.7) from the point to point landmark matches and applies an elastic transformation to the
‘moving image’. The saved landmarks co-ordinates can be used to apply the same transformation
on the pair of images again if needed. This was utilised to apply the same transformation to the

other colour channels in the H&E image and the other fluorescence channels in the IF image.

3.4.2 Utilising autofluorescence for registration with BigWarp

Fluorescence images are monochromatic (greyscale), unlike bright-field, so did not require colour
splitting however a similar notion for registering one channel and applying to the others was
used. The tissue autofluorescence imaged in the FITC channel (495 nm excitation) had close
resemblance to structures seen in UCT. Therefore the FITC autofluorescence was used as the
‘moving image’ due to the similarities with the uCT used for registration. After warping the FITC
image it was possible to apply the same warping to the other two fluorescence channels by using
the same set of landmark co-ordinates. This was essential to the registration process as it proved
impossible to manually match the IF staining or DAPI staining to the uCT as they lack visibility of
the structural features required for the registration. From one set of landmarks manually placed
on the FITC channel and the uCT image all three fluorescence images could be warped to match
the uCT slice. The warped fluorescence images were compiled for direct comparison both before

and after warping alongside the uCT slice can be seen in section 3.4.6.

3.4.3 Implementing automated feature extraction

BigWarp was a very useful tool for registration of IF images to uCT slices however it was very time
consuming, taking a user very familiar with BigWarp and the images on average 30 minutes to
register one pair of images. Other users not familiar with either the software or the images took
even longer to complete the warping step. Due to the large volume of images requiring warping a
more automated tool was required to reduce the time taken and also increase consistency of the

registration between individual users.
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To automate the warping process the identification of matching features between the images
needed to be automatic, fortunately tools already existed in Fiji to automatically pick out and
assign matching structural features between different images. One of these tools used is the SIFT
(Scale Invariant Feature Transform) correspondence algorithms as described in detail by Lowe
(Lowe, 1999; Lowe, 2004). Briefly, SIFT is an algorithm for locating feature points in spatial scale
and extracting the position regardless of image size and rotation (Cheung and Hamarneh, 2009).
The implementation of SIFT in Fiji is found in the feature extraction plugin and can be used
independently of other plugins to assign matching features between images. Within the SIFT
plugin the feature detection size filters (default value =4) and affine transformation were
selected, this output a series of points on both images which could be exported as .csv files.

This .csv file was formatted so that it could be opened as a landmark file in BigWarp and it
successfully worked for generating a deformation grid and warping the fluorescence image to the
UCT. At this stage it was not as good as the manually defined landmarks but proved a promising
option for the possibility of scripting these processes in Fiji to automate the warping process. The
manual steps for using SIFT and BigWarp were used to produce a script for the process using the
macro recorder in Fiji. To produce the best results this still required some pre-alignment of the
tissue to ensure the feature matching works completely. This was used as the basis towards

building an automated script for registering and warping the fluorescence images.

3.4.4 Developing the automated warping script

Landmarks generated from SIFT were restricted by the selected filter size often meaning only
small or large features were detected. This was addressed by using a macro script which added
multiple SIFT feature extraction steps and saving the resulting landmarks from different filter
sizes, as regions of interest (ROI) to deliver a novel iterative approach to feature extraction and
warping. Running multiple SIFT feature extractions produced many duplicate pairs of landmarks
for features detected at different size filters, which was a positive as it showed that the feature
extraction was consistent at similar size filters. However, these duplicates broke the BigWarp
plugin but could be manually removed from the .csv file in excel but this was time consuming and
required manual input. This was automated in the script by introducing a duplicate removal step
to the script at the point where the landmarks from the ROl were converted to the BigWarp
format for saving. This step would automatically check that a new set of landmarks was not
geometrically located within a certain distance to any previously saved set of co-ordinates. These
landmark co-ordinates, automatically saved in the BigWarp format, were inputted into the ‘apply

BigWarp transform’ plugin to automatically generate the warped images. This step was repeated
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for the other two fluorescence channels resulting in all three fluorescence channels being

automatically warped to match the corresponding uCT slice.

3.45 Workflow of the complete automated warping script

The Automatic feature extraction tools in Fiji were combined with BigWarp to create the
‘automated warping script’ (appendix A.6), for the whole workflow process. Each step of the
script workflow can be seen in Figure 3.8. This script works on files from an input directory which
contains the downscaled, rotated fluorescence images separated by fluorescence channels and
the matching uCT slices as individual images. Each of these images should have the same
identifier for section or slice number at the start of the file name and end with something which
identifies the channel or imaging modality. These can then be inputted at the second stage of the
workflow in Figure 3.8 after the user selects how many additional image channels needed
warping. Multiple SIFT correspondence algorithms with different size filters are run on the pair of
images with each set of matching point co-ordinates saved as ROIs. This small loop seen in Figure
3.8 provided the hierarchy of sizes to the matching feature points between the autofluorescence
and UCT images. Following the removal of duplicate landmarks the apply BigWarp transform tool
is used on the FITC autofluorescence image. The BigWarp transformation is then repeated on the
other fluorescence channels of the same tissue section using the same landmarks. The warped
fluorescence channels of each section are automatically saved into the output directory alongside
the landmark co-ordinates as the ROl and in the BigWarp format with duplicates removed. The
script will then repeat on the next set of images until all the images in the input directory have
been processed. On average one iteration of the ‘automated warping script’ will take 2-3 minutes

to complete resulting in three warped fluorescence images which are registered to the pCT.
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Figure 3.8: Workflow diagram of working of the ‘automated warping script’.The SIFT (Scale
Invariant Feature Transform) correspondence algorithms (Lowe, 1999) were implemented from
the feature extraction tools in Fiji and were used to derive the matching points between the
images as an ROI. The BigWarp plugin (Bogovic et al., 2016) within the Big Data Viewer was used
to apply an affine transformation to the fluorescence channel to warp it to the uCT. The script will
warp any additional fluorescence channels providing they were in the input directory with the
matching file nomenclature inputted at the start of the script. The output produced and
automatically saved warped fluorescent images, the ROIs and the landmark co-ordinates in

approximately 2 minutes per pair of images.
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3.4.6 Comparing manual to automated

To assess the results of the ‘automated warping script’ the images were directly compared to the
warped images generated by manually defining landmarks in the BigWarp plugin. These co-
registered fluorescence images were assessed by the proportion of ‘accurate registration’. This
was defined as tissue overlapping with tissue or airspaces overlapping airspaces in both the
fluorescence and pCT images. ‘Inaccurate registration’ was defined as areas where airspace
overlaps with tissue or vice versa. The images were thresholded as an 8-bit mask by selecting the
tissue (pixel value 255) and excluding the airspaces (pixel value manually set to 1 after threshold).
These images were multiplied together and any pixels with a value of 255 (i.e. tissue value
multiplied by airspace value) were designated inaccurate registration with the remainder being
designated accurate registration. The amount of registration inaccuracies was visualised by
applying a colour map to the resulting image (Figure 3.9-C-E). This was plotted on a bar-chart
showing the combined areas of accurate registration (blue and cyan) as one blue column and the
inaccurate as the red column (Figure 3.9-F). This process was performed on images which were
rigidly registered (rotated with no elastic transformation), manually warped images and images
resulting from the ‘automated warping script’, as seen in Figure 3.9. The proportion of accurately
registered pixels corresponding to tissue or air in the autofluorescence and uCT images was
increased from ~50% in the best rigidly aligned image planes to ~70% by using BigWarp. The
results from manual and automated warping were comparable with near-identical levels of
registration; validating the automated warping as a viable technique compared to previous
manual methods. As seen on Figure 3.9 the majority of the inaccurate registration came from the
tissue periphery, especially along the cut edge of the tissue, where many complex distortions can
occur. Central areas of the tissue block resulted in much higher levels of co-registration due to the

lack of sectioning artefacts in this area of the tissue.
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Figure 3.9: Assessment of fluorescence and uCT image co-registration.A: Original
autofluorescence section (green) overlaid on corresponding UCT plane (grey). B:
Warped fluorescence section overlaid on corresponding UCT plane. Inaccurate
(tissue-air) overlap shown in red, accurate overlap in cyan (airspace- airspace) or blue
(tissue-tissue). C: Original autofluorescence section (as in image A). D: Original
autofluorescence section with manually defined warping. E: Original
autofluorescence section output from using the ‘automated warping script’. Ai-Ei:
Corresponding magnified images areas in the regions of interests highlighted in
panels Aj-Ei. F: Bar chart showing the percentage of pixels with accurate (cyan and

blue combined) and inaccurate overlap (red) in images C-E.
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3.5 Segmentation method development

3.5.1 Manual segmentation

Manual segmentation, a well-established technique, of blood vessel and airway lumens on uCT
slices was undertaken in Avizo using H&E and IF section images to assist manual identification of
these features. Manual segmentation has the user manually identify and highlight voxels in an
image that correspond to the target feature (e.g. blood vessel). The voxels are essentially
‘coloured in’ using a brush tool directly on the image, this is then repeated for all features in the
image and in every image in the 3D dataset. As both the blood vessels and airways form part of a
3D network it was possible to identify them with the assistance of consecutive histology or IF
sections to build 3D models of these networks. This can also be achieved from reference stained
sections which can be followed from corresponding pCT slices into consecutive pCT slices in the z-
direction. Due to the time consuming nature of manual segmentation on large volumes, a
cropped sub-volume of interest in the centre of the uCT dataset was manually segmented for

comparison to the more automated techniques detailed in the next sections of the report.

3.5.1.1 Airway lumen manual segmentation

The airway lumen was manually segmented and by following the airway in 3D it was possible to
segment the network over multiple puCT slices to build a 3D network, as seen in Figure 3.10.
However, the lumen was only distinguishable on part of the uCT, in areas where the airway was
partially or fully collapsed it was difficult to manually identify and segment the lumen. For
example the slice in Figure 3.10-A contains areas of larger airway lumen that are easier to
segment and collapsed airway, which is narrower and more difficult to segment. The resolution of
the uCT (8.5 um voxel size) also reduced the ability to segment collapsed lumens which were

visible on the higher resolution 2D histology section images but not the uCT images.

The results of the segmentation of all the slices through the cropped volume enabled the creation
of a 3D surface in Avizo (Figure 3.10) which allowed for 3D visualisation of the network within the
MCT volume (Figure 3.10-B). Here it is clear to see the difficulty involved in manual segmentation
of the airway as the collapsed airways mean that the network does not join together as it would
be expected to in vivo. This can be seen clearly in Figure 3.10 where the airway lumen has
collapsed in the lower right hand side of the image compared to the upper right where the lumen
remained intact. Figure 3.10-C illustrates the depth of the sample and illustrates why manual
segmentation on a slice by slice basis is very time consuming when working with large 3D

volumes. Segmentation of the airway lumen using manual segmentation on this small volume
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(450x650x200 voxels) took approximately 12 hours to complete, segmenting the full volume

manually would have taken more than 2-3x longer to complete.

Figure 3.10:

94

Manual airway lumen segmentation visualised in 2D and 3D.The upper panels show
representative UCT slices through the volume with the airway lumen segmented
(purple). The lower panels show the manual lumen segmentation as a 3D surface
render. This was visualised independently of the uCT volume (A and C) and also

within uCT volume rendering (B).
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3.5.1.2 Blood vessel lumen manual segmentation

Blood vessels were more numerous, easier to identify and more evenly distributed in the uCT
compared to airways. Due to the thicker walls surrounding the lumen and the presence of red
blood cells it was possible to segment the blood vessel lumens with high levels of confidence.
However the presence of red blood cells made it difficult to differentiate between blood in the
blood vessel lumen and blood vessel walls due to similar levels of X-ray absorbance. The 2D
segmentation of the blood vessels can be seen in Figure 3.11, these are the same slices as the
airway segmentation in the previous section (Figure 3.10). The blood vessel network visualised as
a 3D surface (Figure 3.11) and within the uCT volume (Figure 3.11-B) illustrate the greater volume
of blood vessels compared to the airways seen in Figure 3.10. Figure 3.11-C shows the depth and

complexity of the blood vessel network in this small cropped region of the uCT lung volume.

The size and complexity of this network meant that it took even longer to segment the blood
vessels compared to the airway, this segmentation took approximately 18 hours to complete.
Combined with the airway segmentation of the same volume it took approximately 30 hours to
segment both networks on this small volume of interest. The largest volumes used in this project
were much larger (up to 1600x1800x950 or 2,736,000,000 voxels) and so it would take several
days or even weeks to manually segment the networks in each dataset. This highlights the need

for a more automated approach to enable more volumes to be segmented in less time.
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Figure 3.11: Manual blood vessel lumen segmentation visualised in 2D and 3D.The upper panels
show the same representative UCT slices through the volume as figure 3.10 with the
blood vessel lumen segmented (red). The lower panels show the manual lumen
segmentation as a 3D surface render. This was visualised independently of the uCT

volume (A and C) and also within uCT volume rendering (B).
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3.5.2 Semi-automated segmentation

The first area investigated for automation of segmentation was region growing segmentation. A
basic implementation used to speed up manual segmentation is commonly known as the ‘blow or
snake tool’ which is present in multiple segmentation software. This starts from a base point
selected by the user and as they drag the cursor within the structure of interest the highlight area
expands until it meets a boundary. This boundary is determined by a gradient threshold of grey
values which can be changed by the user alongside elastic ‘pushing’ and ‘pulling’ forces which act
as resistance for the boundary. This tool however, was limited to the 2D plane and so each blood
vessel lumen on a section still needed to be manually selected and segmented using this tool
which was exceedingly time consuming. This was used with limited success on the airways but
due to the thinner walls and the nature of the collapsed lumens it had a minor effect on

decreasing segmentation times.

This contrast in grey values between the blood vessel lumen and walls facilitated other region
growing segmentation methods using thresholding to define the boundaries of the blood vessel
lumen. The ‘active contour segmentation tool’ in the ITK-SNAP software package (V 3.6)
(Yushkevich et al., 2006) was used as described below and can be seen working in real time in the
Appendix A.7.1 video. Within the software the 16-bit uCT image stack was imported and the
‘active contour segmentation tool’ was selected. Selected volumes of interest were binarised
using an adjustable absolute threshold to define the blood vessel boundaries; so that the lumen
was set to zero and the walls of the blood vessels set to one. Reference points for the region
growing segmentation to start from (seed points) were manually placed in the centre of the
lumen. Running the ‘active contour evolution’ will cause the segmentation to grow from the seed
point and can be observed in real time using the 2D and 3D views. This process can be paused at
any point and when finished it can be added back to the original volume and repeated on new
volumes of interest. This is an iterative process as each sub volume of segmentation is added with
each additional seed point in the volumes of interest. The progress of the segmentation from one
seed point is seen in 2D (Figure 3.12-A) and 3D (Figure 3.12-B). The progress of the segmentation
after additional seed points were added throughout the volume are shown in 3D (Figure 3.12-B-D,
illustrating how the network was ‘grown’ by adding up to 40 seed points. Blood vessels down to
approximately 20 um diameter were segmented from the whole pCT volumes in 4-5 hours. This
time would change depending on the size of the tissue volume and the number of narrower blood

vessels present (which take longer to segment correctly).
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Figure 3.12: Segmentation of the lung blood vessel network using ‘active contour
segmentation’. A: The three orthogonal CT planes as they appear after initiating the
‘active contour segmentation’ from a single seed point within a sub-volume of
interest in ITK-SNAP. B-D: 3D rendering of the blood vessel network as more seed
points are added in order to ‘grow’ the network. Yellow = 1 seed point in 1 sub-
volume of interest, orange = 10 seed points in 10 sub-volumes, red = 40 seed points

in 40 sub-volumes.

3.5.3 Validation of blood vessel segmentation

Prior to IF staining H&E sections were used as a reference for seed point placement when starting
the active contour segmentation of the blood vessels. H&E images were also used to qualitatively
assess afterwards whether the blood vessels had all been successfully segmented. Figure 3.13
shows the comparison between a segmented uCT slice and the corresponding H&E section. Here
high correspondence between the segmented blood vessels and manually identified blood vessels
from the H&E can be observed. However, from a wide-field point of view it can be hard to identify

the smaller blood vessels present in the H&E.
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Figure 3.13: Visual comparison between blood vessels identified in uCT plane and corresponding
H&E images.Upper panels show two wide-field microscopy images of H&E stained
lung tissue sections (A&C) alongside matching uCT slices (B & D) containing blood
vessel segmentation (red). The lower panels (E & F) show magnified images of an
area of tissue containing blood vessels and airways distinguishable on both imaging

modalities. Yellow boxes show the area of the wide-field image used in the lower

panels.

To assist the confirmation of the segmented blood vessels on wide-field images, IF staining was
performed using an alpha-Smooth Muscle Actin (aSMA) primary antibody and the results
compared between a corresponding IF section and uCT plane. aSMA expression present in the

blood vessel walls surrounded blood vessel lumen identified by segmentation. Figure 3.14 shows
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the results of the IF imaging of aSMA staining where these morphological differences can be
observed. The overlap between the blood vessel lumen segmentation on the uCT slice and the
aSMA localisation provided by IF can also be seen in Figure 3.15. aSMA expression was also found
in the airways however the signal of the airway aSMA was weaker than the blood vessels and so
could be removed via thresholding the IF image. Morphologically the localisation of the aSMA in
the airway was found beneath the basal lamina of the airway surrounding the airway epithelium
and was not in direct contact with the airway lumen. Whereas in the blood vessels the aSMA is

found consistently throughout the walls directly neighbouring the lumen.

Figure 3.14: Visual comparison of aSMA IF staining and the blood vessel segmentation of the
corresponding UCT plane.The yellow circles highlight an identified blood vessel and
the white circles an identified small airway. The differences between aSMA
localisation surrounding the blood vessel lumen compared to surrounding the basal
tissue of the airway is visualised in panels A-C. IF images of human lung tissue
highlighting aSMA positive staining (pink-panel A), tissue structure provided by FITC
autofluorescence (green-panel B) and nuclei staining provided by DAPI staining (blue-
panel C). Panel D shows the corresponding area of blood vessel segmentation
overlaid on a uCT slice matching the areas of aSMA staining for blood vessels and not

segmenting the airway lumen.
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In order to assess the number of potentially missed blood vessels using ‘active contour
segmentation’ the images were processed as shown in Figure 3.15. It was found that both manual
and automated approaches could segment blood vessels down to the same ~25 um diameter.
However, the automated approach was less consistent for segmenting the smaller blood vessels
less than 25 um in diameter. This is understandable as the smallest blood vessels were not easily
discernible at the resolution of the uCT scans. Morphologically these missed vessels were either
flat/collapsed or filled with red blood cells which were not segmented due to high X-ray
absorption of the blood. This justifies the choice of region growing segmentation tools for
detecting blood vessels down to ~25 um equivalent diameter whilst saving considerable time over

manual segmentation methods.
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Figure 3.15: Process of identifying blood vessels detected by aSMA immunoreactivity but not by
segmentation.Upper images show the process of dilating the blood vessel
segmentation. Lower images show the thresholding of the aSMA IF staining. The
resulting image shows the difference between the images by subtracting the dilated
segmentation from the thresholded aSMA image. This preliminary image showed 22
regions of aSMA immunoreactivity which did not correspond to blood vessel

segmentation. Figure adapted from Georgia May.
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To further evaluate the segmentations generated manually and using active contour
segmentation, two additional users (project students Georgia May and Maaz Masood) completed
more blood vessel segmentations. They were trained with both manual and active contour
segmentation and performed segmentation on identical cropped volumes of interest from the
same piece of lung tissue. Spatial overlapping indices were used to measure the proportion of

overlap between the segmentations (X and Y).

xNy

Overlap = ——
p x
This was used to compare manual segmentation generated between users as well as comparing
manual and active contour segmentations. Furthermore a Dice similarity coefficient, defined as
the ratio of intersection between segmentations, for X and Y to the mean segmentation;

calculated using the equation below.

x N
Dice coef ficient = 2 Xy
x+y

The results of these comparisons are reported in Table 3.1. The manual segmentation between
users showed 290% levels of overlap and Dice coefficient, this showed consistency for manual
segmentation across multiple users. The very high (98%) overlap and Dice coefficient between the
manual and active contour segmentation showed that users were segmenting the same
information in significantly less time, this justified the more automated approach over existing

manual segmentation.

Table 3.1: Summary of variability metrics for overlap between users completing manual

segmentation and overlap between manual and semi-automated segmentation of

blood vessels.

Inter-observer variability Variability between manual
(manual segmentation with and ‘active contour
respect to observer A) segmentation’
Overlap 92% 98%
Dice similarity coefficient 90% 85%

Although the manual segmentation was slightly better at identifying the smallest discernible
blood vessels it took significantly longer to complete than the active contour segmentation. On
the small volume of interest which was segmented it took approximately 3x longer to complete
segmentation manually compared to active contour segmentation. This measure was taken from

a user who, although trained to use the software, did not have extensive experience with ITK-
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SNAP. This decrease in segmentation time will be greater in larger tissue volumes with users that

have more experience with the segmentation software.

3.5.4 IF based segmentation

Previously the histology or IF was used as a reference to infer the localisation of specific features
or cell types manually within the uCT slices. However, if it was possible to directly register the IF
to the UCT then the information could be directly transferred from the IF onto the uCT. Following
the development of the ‘automated warping script’ (section 3.4.5) the output images from this
were used as a basis for direct segmentation. The levels of accurate registration illustrated in
section 3.4.6 were shown using the autofluorescence image and since the same transformation
was applied to the IF channel it would have the same level of registration to the corresponding

KCT slice.

IF imaging was chosen due to its superior contrast and specificity over tinctorial stains and IHC.
This contrast allowed thresholding to be used to separate the IF staining (for this example Ck18
stained with an AlexaFluor®647 secondary in the CY5 channel- 650 nm excitation) to be isolated
from the background as a binary mask. This binary mask could then be directly overlaid as a
segmentation mask on the corresponding UCT slice. In order to create a segmentation mask which
spanned the section volume, a new stack of images with the same dimensions as the uCT section
volume were created. Each 2D IF segmentation mask was inserted in the position (z or slice
number) of the corresponding uCT slice within the section volume. This segmentation volume was
opened alongside and used to segment the uCT volume in segmentation software, such as Avizo.
Within Avizo the segmentation could be visualised and analysed within the software in the same
way as manual segmentation created in Avizo could, however this was generated in significantly
less time with minimal user inputs. The primary example this was developed for was the
segmentation of the airway epithelium using Ck18 IF, images of the segmentation over multiple

UCT slices generated using this technique can be seen in Figure 3.16.
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Figure 3.16: Segmentation of Ck18 positive staining over a series of sections localised in
corresponding UCT data.(A-F): Ck18 positive staining of epithelium (blue) identified
on six IF stained tissue sections were co-registered and segmented on the uCT slices
down through the lung volume. Ck18 positive areas are not present in the blood
vessels (red *). These panels follow the airway over a depth of approximately 400 um

(each image ~65 um apart). Air bubbles artefacts (yellow *), scale bars = 500 um.

3.5.5 Comparison to H&E

Similar to the blood vessels, a qualitative comparison to H&E stained sections was used to confirm
that the Ck18 staining was localised in the airway epithelium. Two neighbouring sections
(approximately 4 um apart) were stained with H&E and CK18 before being imaged with bright-
field microscopy and IF microscopy respectively. Visual inspection of these images in Figure 3.17
revealed that the CK18 staining was present in the same areas of dense haematoxylin staining

whilst unstained areas of tissue were consistent with both techniques.
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H&E stained tissue (bright-field) |Ck18 stainedtissue (fluorescence)

A

Figure 3.17: Comparison of H&E bright-field imaging and Ck18 stained IF imaging on
neighbouring lung tissue sections. H&E images (A & C) were captured using standard
bright-field imaging. Fluorescence images (B & D) were captured using two channels
for autofluorescence using FITC (green) and Ck18 IF using the CY5 channel (pink).
Yellow boxes show the area of the wide-field image used in the lower panels. The
dense haematoxylin staining (purple) on the H&E image and the pink Ck18 IF staining

were seen in the same areas of the airways as evidenced in the lower panels.

3.6 Interpolation of networks

Interpolation is a process used to fill ‘gaps’ present in 3D objects. Manual interpolation has been
successfully used in similar studies for segmenting complex networks in uCT volumes (Robinson et
al., 2019). However manual interpolation is a very time consuming process which is subject to
user bias and the resolution of the uCT scan. Digital interpolation tools are present in most
segmentation software and can be used to automatically fill in the gaps between segmentation
masks in 3D. Many different software were critically assessed for viability as an accurate
interpolation tool using the IF based Ck18 segmentation. The software chosen was ITK-SNAP
because of its implementation of advanced ‘ND morphological contour interpolation which works
over a greater distance in the volume compared to other software without losing the original data

(Zukic et al., 2016).
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The IF segmentation data in the 3D volume spanned over 50-200 serial sections from each block,
from those every 5% or 10™" section was stained and imaged for IF (~20-40 um apart). The gaps in
the segmentation masks were joined in the z-direction using digital interpolation to create a fully
3D network of inferred Ck18 localisation within the section volume, as seen in Figure 3.18.

Although identified as the best available technique for interpolation it still generated some

interpolation errors, particularly in the collapsed airways as described below.

Figure 3.18: Results of digital interpolation of Ck18 localisation visualised as a 3D surface. The
segmented Ck18 staining was complete over several tissue sections spaced
throughout the section volume (A). Interpolation was successfully used the 2D
segmentation to ‘fill the gaps’ in the volume to generate a 3D volume of inferred

CK18 localisation (B&C).
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3.6.1 Interpolation errors

Interpolation errors were identified as segmentation leaking into airspaces or alveoli, as seen in
red in Figure 3.19. This occurred because the interpolation software packages don’t take directly
into account the network information provided by the uCT. To rectify this an additional step was
added using a binarised uCT image. This was generated by applying an absolute threshold to the
UCT volume; separating the tissue and paraffin wax (airspaces) in the uCT dataset. The
interpolated segmentation mask was multiplied by this binary uCT image which removed any
segmented voxels in the airspaces or lumen. The masked interpolation was exported to Avizo as a

segmentation mask for the original uCT dataset.

Figure 3.19: Process of identifying and removing digital interpolation errors of the Ck18
localisation.A: Magnified uCT slice located between two sections stained for Ck18. B:
The initial interpolation of the Ck18 staining using ITK-SNAP, multiple interpolation
errors are seen in the airway lumen (red areas). C: uCT after thresholding to generate
a mask of the uCT slice to be used to correct the interpolation. D: The interpolation
from panel b after being masked using panel C. The red areas show the interpolation
errors which were removed from the interpolation data. This process was repeated

on the full section volume containing inferred Ck18 localisation.
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3.6.2 Comparison to manual segmentation

Like the blood vessels this more automated method of segmentation using directly registered IF
images was compared to the previous manual segmentation on the cropped uCT volume.
However the target of the segmentation was not the same in this instance, the manual
segmentation targeted the airway lumen whereas the IF targeted the Ck18 positive airway
epithelium. The epithelium is not clearly distinguishable in the uCT so direct comparison between
the two was not possible. Proportion of direct overlap and Dice coefficients could not be used in
this instance as unlike the blood vessels the segmentations were not overlapping. Therefore,
levels of correspondence between the two sets of images were qualitatively assessed by
observing whether the CK18 positive epithelium enveloped the airway lumen (as would be
expected biologically). Figure 3.20 shows combined images of the manual (purple) and IF
segmentation (blue) which illustrates the close association between segmentation methods. This
also showed changes in the epithelial layer in different areas of the airways as there are areas of
manual lumen segmentation, still part of the 3D network, which did not contain Ck18 positive
staining. The manual lumen is mostly encapsulated by the epithelium, as would be expected. This
also shows the masking of the interpolation was successful as the manual segmentation of the
lumen is visible within the interpolated cytokeratin segmentation. The areas where the manual
segmentation is more visible are either outside the section volume or where the airways

transitions to alveoli, which does not contain Ck18.
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Figure 3.20: Combined 3D visualisation of the manual airway lumen segmentation (purple) and
the interpolated Ck18 localisation (blue) from IF-based segmentation.A: The Ck18
localisation encapsulates the lumen segmentation showing that both are located in
an airway. The coloured boxes show the areas which the magnified and tilted images
(B & C) were taken from. The areas of lumen segmentation without CK18 show areas

of the airway which do not contain Ck18 as it transitions towards the alveoli.

3.7 Utilising nuclei staining for analysis

Part of the method development for the results in chapter 5 used individual cellular markers and
part of the analysis for this involved cell counts. Current methods for cell counting are very
manual or rely on specialist equipment for automated cell counting using specific staining
protocols (Cadena-Herrera et al., 2015). Part of this development towards automation explored
ways of counting the individual cells on a section automatically. As part of the IF staining

methodology, as described in section 2.6, a DAPI nuclei counterstain was applied to the tissue.
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This was imaged using the fluorescence slide scanner alongside the other two fluorescence
channels. DAPI staining was potent enough that the signal expressed from the stained nuclei at
372 nm excitation was far greater than background autofluorescence. Figure 3.21 shows an
example of DAPI staining on FFPE lung tissue section, here each individual stained spot represents
a cell nucleus. This proved useful when combined with the immunofluorescence staining to
confirm that cellular material was being bound to by the primary antibody. As this was imaged
alongside the other channels the DAPI channel images were also warped alongside the FITC
autofluorescence and the IF channel. Therefore each registered fluorescence image contained a
registered DAPI nuclei stained image which correlated to the uCT. This proved useful for
validation of individual cellular staining using the AA1 (mast cell) and CD68 (macrophage) primary

antibodies.

Figure 3.21: Exemplar fluorescent DAPI staining of cell nuclei on fixed human lung tissue.The left
panels (A & C) show DAPI nuclei staining (blue) visualised using the DAPI channel (372
nm excitation). The right panels (B & D) show the DAPI staining overlaid onto tissue
autofluorescence (green) captured using the FITC channel (490 nm excitation).
Images A & B show the even distribution of cell nuclei in the lung parenchyma
compared to images C & D which show dense nuclei localised in the airway

epithelium, as well as infiltrating immune cells within the airway lumen.
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3.7.1 Masking cellular staining for counts

DAPI was used to assist in generating consistent cell counts in each of the individual cell staining
images as shown in chapter 5. The contrast of the DAPI channel enabled direct thresholding of the
DAPI fluorescence image to generate binary images of the nuclei staining. This was used to mask
the corresponding IF channel image (CD68 or AA1 staining) by multiplying the cellular stained
image by the binary image. The result was that any overlap, this being the nucleus of the stained
cell, would be multiplied by 1 and remain unchanged whereas the rest of the image would be
multiplied by 0 and so removed from the resultant masked image. This was particularly useful in
separating clusters of cells (particularly macrophages) into individual entities so that they could be
counted as separate cells. Figure 3.22 shows the results of this masking process on a tight cluster
of CD68 positively stained cells using DAPI to separate them. The binarised results of the cellular
masking were automatically counted using the ‘analyze particles’ plugin in Fiji, this generated

instantaneous counts of the cell nuclei on each section.

111



Chapter 3

A: Thresholded CD68 IF staining | B: Thresholded DAPI staining
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Figure 3.22: Use of DAPI staining of cell nuclei to mask and separate CD68 positive cellular
staining. To separate the CD68 (macrophage) cell nuclei the thresholded CD68 (A)
and DAPI (B) images were multiplied together (C). This removed all non-CD68 nuclei
from the image. The resulting image (D) of CD68 positive cell nuclei could then be

used for automated cell counts due to the separation of the clustered cells.
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3.8 Visualisation of segmentation

The segmentation data was visualised in Avizo, an exemplar figure of the visualisation can be seen
in Figure 3.23, the 3D UCT was shown using the volume rendering module in Avizo. The settings
were tuned to remove the wax but keep the tissue structure as semi-transparent in the 3D
visualisation. The large segmented features (blood vessels and Ck18) were visualised by
generating a 3D surface from the segmentation data generated with minimal smoothing (setting
at 1.5). The cellular segmentation masks were dilated by 3 points in a sphere shape to ease
visualisation, these dilations were not used in analysis. Each surface could then be visualised
independently or together with the uCT volume rendering. Videos were also generated using the
animation maker in Avizo, as seen in the appendix A.7.2 and A.7.3 videos to illustrate how the 2D

data was built together in 3D. Rotations of the volumes and networks assist in visualising the 3D

nature of the data which is difficult to interpret on a 2D plane.

Figure 3.23: Volume rendering of the 3D uCT data containing the segmentation results of the
blood vessels and IF staining.The uCT data is semi-transparent in order to visualise
the segmentation contained within. Within the uCT are the segmented blood vessels
(red), interpolated Ck18 (blue), the AA1 staining (3 planar sections, pink) and the

CD68 staining (9 planar sections, yellow).
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3.9 Calculating tissue volumes

The volume of soft tissue in each FFPE sample was calculated using the uCT datasets for each
piece of tissue, the soft tissue volume was defined as the tissue volume excluding the airspaces
(alveoli) and lumens of airways and blood vessels. The uCT volumes were thresholded to remove
the paraffin wax, found both in the background and in the airspaces, from the tissue. A median
filter (size: 2 voxel) was applied to remove outliers present in the background whilst maintaining
the tissue structure, as seen in Figure 3.24. The tissue volume was calculated using the Voxel
Counter plugin in Fiji. This counted the number of thresholded voxels in the stack and if calibrated
also provided the volume in um?3, which was converted to mm? for ease of reporting. The Voxel
Counter plugin was also used to calculate the volume of the blood vessel segmentation in the

same UCT datasets.

UCT slice Median filter

AT

.-;,?"

Figure 3.24: Process of generating tissue volume estimation of uCT volumes.The uCT slice is first
thresholded selecting the tissue. This image contains background artefacts which
were also thresholded, to rectify this a median filter (size: 2 voxel) was applied. The
filtered image was used to estimate the tissue volume using the voxel counter plugin

in Fiji. Figure adapted from Georgia May.
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3.10 Distance maps

Distance maps, also known as distance transforms were used as a novel means, on uCT soft tissue
images, of relating the distributions of the segmentations to other segmented features in the
same WUCT lung dataset. The results of these can be found in chapters 4 and 5. Distance maps were
created from binary segmentation datasets (e.g. the segmented blood vessel network) in Avizo.
The settings were set for outside distance maps using true Euclid distance metrics. The resulting
distance map, as seen in Figure 3.25, provides a gradient of voxels with different values visualised
with a rainbow colour map. These represent the smallest distance from the boundary of any
segmented object in the image. The difference between 2D and 3D distance maps can be seen in
Figure 3.25, with more area of light blue showing on the 3D distance map due to the close
proximity of a blood vessel outside the visible 2D plane. The distance map dataset was used to
calculate the relative 3D distance a segmented feature/cell was from the original segmentation
(e.g. blood vessel). To perform this in Avizo a binary mask (segmented voxel value =1) from the
same dataset is multiplied by the distance map. This changes the voxel value of the segmentation
relative to the distance from another segmentation and was plotted as a distance in um using the

Histogram tool in Avizo.
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Figure 3.25:

116

2D blood vessel distance map

Visualisation of the gradient of voxel values in a distance map from a segmented
blood vessel.Both images are from the same 2D slice of blood vessel segmentation
(shown in white). The distance map from the segmentation was generated in 2D. The
lower image distance map was generated from the 3D blood vessel segmentation.
This resulted in more areas of the lower image showing closer to a blood vessel
(cyan/blue) compared to the upper image. This highlights the difference between

using 2D and 3D data for network analysis using distance maps.
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3.11 Discussion

Using UCT images of soft tissue has the potential to transform what can be visualised in 3D at the
micrometre resolution, just as patient CT provides substantially more 3D information over
traditional X-rays at the millimetre resolution. Proof of concept was demonstrated by Scott and
colleagues (Scott et al., 2015), which was further developed by Katsamenis and colleagues
(Katsamenis et al., 2019); which included some preliminary work produced from this project. The
optimised uCT scan setup (removing the plastic cassette), imaging parameters (low energy) and
image processing (re-slicing and bubble removal) of FFPE soft tissue were all essential for use in
correlative projects using uCT and immuno-histological imaging (Robinson et al., 2019). The uCT
was successfully resampled to the cut histology plane in previous works and in this project. This
required near-perfect plane definition so that features could be matched in corresponding
histology and pCT images. Without this step, which was completed manually by eye, registration
of the two different imaging modalities would not be possible. This ensured that the uCT slices
and cut histology sections could be matched on a slice for slice basis in the xz and yz planes.
However, this did not account for differences in the xy plane caused by orientation of the tissue
on the slide or tissue deformation from sectioning prior to being imaged. These previous studies
did not directly address this instead, they used exceedingly time consuming and manual
techniques to interpret and segment the data from the immuno-histological imaging into the 3D
MCT. Other techniques of correlative plane alignment for registration have been used for other
imaging types, such as those used in CLEM. Alignment in CLEM relies on additional fiducial
markers such as fluorescence beads with metallic cores which can be seen in both the
fluorescence and electron microscopy images (Kukulski et al., 2012; Schellenberger et al., 2014).
These are used as reference points to semi-automatically align the planes for registration in
specially tailored software for correlative imaging such as EC-CLEM (Paul-Gilloteaux et al., 2017).
Although this was not applicable for the FFPE tissue used in this project, it requires further
investigation for use with uCT and other sample types or imaging modalities. This could prove
useful for future 3D-3D correlative imaging studies utilising 3D fluorescence imaging (e.g. from
light-sheet microscopy) with uCT to align the volumes for registration of 3D features in both

datasets.

This chapter built upon previous work to demonstrate the enhanced utility of uCT imaging of FFPE
lung samples facilitated by more automated co-registration of imaging modalities, thus leading to
faster segmentation methods. The novel utilisation of tissue autofluorescence, often discarded or
removed from fluorescence imaging (Baschong et al., 2001; Pang et al., 2013), provided
comparable visualisation of tissue microstructure to uCT slices and was used as a base for

automated co-registration with uCT datasets. The key structural features of human lung tissue
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samples were revealed in both imaging modalities including blood vessels, airways and alveolar
structures. However, uCT provided 3D information with isotropic voxel sizes <10 pm and since
UCT image acquisition is non-destructive datasets are free of the sectioning artefacts and

distortions often seen with traditional histology (Mclnnes, 2005).

UCT data correlated with immuno-histological images, as used in the majority of previous and
current studies, have predominately used bright-field imaging of tinctorial or IHC stained sections
as the secondary imaging modality (Tanabe et al., 2020). Instead, in this study fluorescence
imaging with immunostaining was chosen as a correlative imaging modality for tissue structure to
complement puCT. The excellent image contrast between the IF signal and the background,
facilitated automated localisation and segmentation of cellular staining, compared to bright-field
techniques (Sood et al., 2020). To achieve the best IF image contrast and signal to noise ratio the
choice of the optimum fluorochrome label for the secondary antibody was informed by the
results of a lambda scan of the tissue of interest. However, this selection was limited by the
available wavelengths of the imaging equipment and also the peaks of autofluorescence which

could not be quenched due to the need for strong autofluorescence signal for registration.

Sectioning artefacts present in the tissue section prevented direct co-registration of IF and uCT
images and so elastic warping techniques were applied to overcome this. Manual methods of
landmark based registration and warping exist already (Museyko et al., 2015; Bogovic et al.,
2016). However, they are all extremely time consuming, often requiring hundreds of manually
placed points per pair of images to perform sufficient image warping. Furthermore, this time is
increased if multiple 2D tissue sections require registration to the 3D uCT data, as was the case for
this project. These manual registrations can take anywhere between 20-60 minutes per pair of
images for an expert to complete, depending on tissue section size and image quality (contrast,
resolution etc.). Other 2D-3D registration techniques between uCT, histology or electron
microscopy also involve extremely time consuming manual techniques (Museyko et al., 2015;
Morales et al., 2016; Lopez et al., 2017), which in many cases did not result in the close to one to

one registration reported in this chapter.

Previous registration methods and algorithms often require the two images to have the same
pixel size and image dimensions or the presence of additional registration markers in the dataset
(Paul-Gilloteaux et al., 2017). The native voxel size of the uCT was between 5-10 um whereas the
IF images acquired using as 10x objective had a pixel size of 0.645 um. To trial and develop these
registration techniques one of the images needed to be scaled to match the size of the other. The
decision to downscale the histology/IF to the uCT resolution was informed by the practicality of

working on large file sizes which were easier to process and enabled the warping script to work

118



Chapter 3

quickly with minimal chances of overloading the memory of the PC it is run on. Also to overcome
sectioning artefacts in the IF or histology images, which were not present in the uCT (Katsamenis
et al., 2019), the uCT images would always be used as the fixed reference image. Although
detailed cellular staining will be lost during the downscaling process, the localisation of staining
could still be visualised at the uCT resolution. The results of the manual registration and warping
of the IF images using BigWarp and subsequent segmentation showed that the labelled areas
could still be clearly identified in the downscaled images. However, it is worth noting for future
studies the size of the cell or sub-cellular structure being identified by IF as it could be lost in the

downscaling step, if it is smaller than the resolution of the uCT scan.

To more rapidly co-register the images and overcome the issue of sectioning artefacts, SIFT
feature correspondence (Lowe, 1999; Cheung and Hamarneh, 2009) was utilised to significantly
speed up overall image processing time. This required input images to have high levels of contrast
between the tissue and background in both the uCT and fluorescence images. As mentioned
previously both of these imaging modalities were selected and/or optimised for image contrast
and so proved ideal for feature extraction using SIFT correspondences. Identifying multiple tissue
features of different sizes, created ‘hierarchical SIFT correspondences’. This enabled warping
which accounted for features of all different sizes present in the tissue, as is the case in
heterogeneous tissue like the lung. This would also more closely match the results of a user who
would manually identify features of different sizes in the tissue by eye. Also, this addressed
another issue with manual registration which was consistency of the warping transformations. As
a manual process each user or even the same user at different times would not be able to
replicate the exact landmark positions on the images, similar to the inter-observer variabilities
seen in digital pathology which can be addressed with machine learning (Fitzgerald et al., 2019),
resulting in different warping transformation being applied. Removing this ‘user bias’ by using
SIFT should also ensure a more consistent approach. SIFT and other feature extraction algorithms
have been successfully implemented in histopathological tissues in many studies (Mhala and
Bhandari, 2016; Oztiirk and Bayram, 2018). Including being used as the basis for neural networks
for identifying features on clinical images and showing feature extraction usefulness on low

resolution images such as clinical X-rays and mammograms (Cui et al., 2017; Rao et al., 2020).

Using the ‘automated warping script’, which implemented SIFT and BigWarp, each pair of images
were registered and warped on average in less than 2 minutes while the accuracy of the
automated registration matched or exceeded the existing manual techniques. Crucially, the
registration process worked to remove the majority of sectioning artefacts despite some
substantial mismatches due to tissue distortion in the paraffin wax sections (Zhou et al., 2020).

Visual inspection of the images showed that the majority of the inaccurate registration came from
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the tissue periphery, especially along the cut edge of the tissue, where many complex distortions
can occur. Future studies would need to be aware of this limitation if the area of interest in the
tissue is within the tissue periphery or near the cut surface. However, if the area if interest is in
the central area of the tissue the accuracy of the registration will be greater compared to the
values of the whole tissue, used in this study, allowing for greater confidence in the resulting
registration. Using a batch script also allowed whole stacks of fluorescence sections to be warped
automatically without user intervention, further reducing the user effort required in co-

registration.

Following direct registration using the ‘automated warping script’ blood vessels were identified
from H&E and autofluorescence images, which assisted with identification of blood vessels in the
corresponding UCT planes. Identification and segmentation of tissue vasculature has been
achieved in many studies using UCT, particularly in high contrast samples such as bone (Zagorchev
et al., 2010). ‘Active contour segmentation’ has previously been used in studies to segment the
vasculature of clinical images (CT, MRI etc.) in multiple tissue types (Shang et al., 2010; Zeng et al.,
2018). To decrease segmentation times of the complex network of 3D blood vessels in uCT the
‘active contour segmentation’ tools in ITK-SNAP were utilised (Yushkevich et al., 2006). Manually
placed seed points determined from the localisation of blood vessel lumens from 2D histology
images were used to initiate the segmentation. This confirmed the broad structural
correspondence of features in the H&E images and pCT volumes as previously described
(Museyko et al., 2015; Yan et al., 2017; Katsamenis et al., 2019). Once a user was familiar with the
UCT dataset it was possible to identify small blood vessels down to diameters of 25 um allowing

segmentation outside the section volume.

Previous identification and segmentation of specific 3D networks in uCT datasets have relied on
observers identifying and outlining the network components (Robinson et al., 2019) over the
hundreds of individual uCT image planes in the dataset. Previous work which has used automatic
network segmentation used samples with very high image contrast such as bone (Zhao et al.,
2015) or implemented complicated algorithms which are not widely applicable (Chicherova et al.,
2018). Using seed-point derived active contour segmentation allowed the full blood vessel
network, down to approximately 25 um diameter, to be segmented in a fraction of the time it
would have taken manually. While manual identification of the blood vessels is still necessary to
provide seed points and monitor the progress of segmentation, it is still significantly faster to
complete than fully manual techniques. Further development of machine learning using this blood
vessel segmentation for training purposes could be utilised to further reduce the segmentation
times and manual inputs required in the future, as is currently being developed in other imaging

modalities (Mookiah et al., 2020).

120



Chapter 3

However, the ‘active contour segmentation’ approach used for blood vessel lumen could not be
used to segment the airway lumen. This was because the airways did not have the same image
contrast (grey values often <15000 which is close to paraffin wax value) as the blood vessels
between the wall and lumen and so could not be separated by thresholding as effectively (Wollatz
et al., 2017). The epithelium and basement membrane of the airways are visibly much thinner and
contain less X-ray contrast to the surrounding airspaces than the blood vessel walls, which made
thresholding for boundary definition difficult. Attempts to segment the incomplete thresholding
of boundaries caused ‘leaking’ of segmentation out of the airway into the surrounding airspaces.
Combined with the collapsed nature of the airways and the difficulty in identification without

histology or IF a different method for localisation and segmentation was required.

Following co-registration, using the ‘automated warping script’, segmentation of IF-based cellular
localisation was possible. Since the autofluorescence and IF channels were captured on the same
section, they were consequently subject to the same deformations from sectioning. Therefore,
registration and the warping transformation calculated using the autofluorescence image was
applied to the IF image too. Ck18 positive IF staining could be easily thresholded to generate a
segmentation mask, which could be directly overlaid onto the uCT plane to highlight the areas of

Ck18 localisation without the need for manual segmentation.

As mentioned previously the resolution of the IF imaging was much higher than the uCT and
therefore allows not only for registration, but for more detailed examination of the Ck18 positive
staining, within the context of the 3D uCT volume. Using the structural context from co-aligned
autofluorescence, the IF on tissue mapped accurately to the uCT volumes. Multiple stained
sections at different levels in the section volume were registered to the uCT data to provide the
foundations of a 3D dataset of immuno-localised features, which has been done previously using
manual registration methods (Robinson et al., 2019). Digital interpolation of the Ck18 localisation
was used to build 3D segmentation with minimal user inputs. Interpolation of the Ck18 staining
was constrained by the tissue information in the uCT to provide an accurate segmentation mask
of the slices which did not have a matching IF section registered to them. Although not as
accurate as registering every serial section, interpolation meant that less tissue sections needed
to be stained with the Ck18 primary antibody. This enabled further work using the same tissue
with different primary antibodies on the unstained sections to investigate different cell types. The
ability to place specific immunoreactivity accurately within the uCT volume applies for any
immuno-reactive marker as the registration used the tissue structures in the autofluorescence
and not the IF channel. This was used to add to the understanding of the distributions of different
cell types in 3D tissues. Future studies interested in a single feature or cell type could be used to

further validate the interpolation by building a 3D distribution from serially stained tissue
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sections. This could then also be registered to the uCT dataset for validation and compared to the

work which has been done in 3D digital pathology previously (Tward et al., 2020).

Building on this additional primary antibodies were used for IF staining of the same tissue volume,
using the unstained sections between the Ck18 stained sections, but had the Ck18 localisation
‘inferred’ by the digital interpolation. Further details of the AA1 (mast cell) and CD68
(macrophage) staining can be found in chapter 5. However, methods for automating cell counts
were successfully implemented at this development stage of the project. Previous studies have
automated nuclei identification in images, however these often require extensive pre-processing
of bright-field images (Lee and Kim, 2016; Xing and Yang, 2016) or more recently rely on neural
networks (Naylor et al., 2018). In this project the DAPI nuclei counterstain was used to identify
cell nuclei on every imaged IF stained section. The ‘automated warping script’ was used to warp
the DAPI channel, similarly to the IF channel the structural features from the autofluorescence
were used to calculate the warping deformations applied to the DAPI image. This meant that the
DAPI staining overlapped with the cellular IF staining in both the original images and the warped
images. Due to the high image contrast in both the IF and the DAPI images it was easy to
threshold both of them as binary masks separated from background fluorescence. The binary
masks of the staining could be used for segmentation and analysis using the multiple analysis
plugins in Fiji. The ‘analyze particles’ was successfully used to count the number of individual
binary objects in the image and provide the size of each object. The main issue for counting
individual cells, as was the case for AA1 and CD68, was that cells which were in direct contact or
clustering were being counted as a single object (Blom et al., 2017). DAPI on the other hand could
count the individual cell nuclei of every nucleated cell in the tissue section visualised at the
resolution of the 10x objective used. For greater accuracy in the separation of smaller cells and
nuclei a higher magnification objective would be required. Using one image to filter the other by
masking the cellular staining with the DAPI staining enabled better separation of cells whilst
maintaining the specificity of the IF staining. These individual stained cell nuclei were
automatically counted for the entire section image. This was far quicker than existing manual
counting techniques, typically used on smaller cell cultures or small regions of interest on tissue
sections, with less user variability and no arbitrary upper limit of counting (Piccinini et al., 2017;
Mohamed and Sayed, 2020). A potential issue with this technique is that some of the cells being
counted would have a thickness greater than the section thickness of 4 um and so would risk
being counted twice on serially stained sections. By masking out cells without nuclei staining this
worked to produce a more consistent counting measure over the tissue volume. No serial staining
of neighbouring sections using the same antibody was completed with individual cellular stains

being located approximately 40 um apart. This removed the possibility of any double counting of
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the cellular staining but remains a point for investigation in the future. This did mean that the
measures reported could only be presented as cells per area (i.e. a relative 2D measure) and could
not be used for cells per volume measurements as has been done in rigorous cellular studies
(Weibel, 2015). This would require more IF images and potential modelling of the 2D patterns of

the identified cells to build a 3D model of cell localisation within the tissue volume.

The 3D analysis of the uCT lung volume data was developed so that the soft tissue volumes of
each FFPE block could be quickly approximated. The high contrast uCT imaging of soft tissue
permitted binarisation of the data via thresholding, which was successful on the 2D uCT slices for
validation of the warping and the refinement of the interpolation. This was expanded to the
whole volume to generate a 3D binary mask of the soft tissue separated from the background
paraffin wax. However it was sometimes necessary to make sub-volumes of the uCT stack due to
differences in the grey values caused by edge artefacts in the uCT scan. This was a simple task as
the sub-volumes could be combined afterwards, but could add additional processing time prior to
analysis. The binarised volume was successfully used to produce and approximate the tissue
volume in mm?, this measure was used for comparing total tissue volumes of the samples and to
normalise the data generated in chapters 4 and 5. Distance maps provided relative 3D distribution
of segmented objects in the uCT volume. Distance maps in a biological setting have commonly
been used as part of processed for cell counting and cell cluster separation, primarily investigating
the distance relationship between the same cell types (Fatonah et al., 2018; Kim et al., 2020). In
this project distance maps were used to compare the distribution of structures and cells in 3D.
The 3D networks distance to the soft tissue volume and also the relative distribution of the
cellular staining in relation to the 3D networks was investigated and results reported in chapters 4

and 5.

Overall the cumulative improvements in the time taken to generate the data for the localisation
of blood vessels and immuno-histological features in the uCT lung volumes will enable larger
studies involving large 3D datasets. By streamlining the whole process into a workflow with
minimal user input it potentially opens up the work to a wider community of users who don’t
need to learn the process involved in the scripted registration of the images. As well as being
utilised for clinically grouped samples (chapters 4 and 5 in this report), future work could build on
this to evaluate larger populations of tissue samples. This would generate more statistically robust
results to assess any potential changes between populations in relation to the microscopic 3D

features and cells types.
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3.12 Conclusions

In conclusion, this chapter presented the development of a methodology workflow, shown in
Figure 3.26, for correlative imaging of FFPE human lung tissue samples using uCT and IF. This
workflow was used to semi-automatically locate and identify blood vessels and immuno-labelled
cell types without the need for manual segmentation. The cumulative time improvements from
the workflow decreased the amount of time required to image, process the images and generate
segmentation results from several months to less than 14 days per sample. This enabled a higher-
throughput of data generation utilising more automated techniques for use in chapters 4 and 5 as
well as potential future studies with even more samples. This combined with tissue volumes, cell
counts and distance maps will provide an in depth analysis of features identified by IF within a 3D

soft tissue volume provided by pCT.
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1. Soft tissue samples
(Formalin-fixed and
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2. 3D uCT imaging
(Non-destructive,
isotropic and volumetric
imaging)

3. 2D microscopy imaging
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Figure 3.26: The main steps of the workflow presented in this chapter for automating

126

registration and segmentation of biologically relevant features and cell types in 3D
data provided by uCT.(Previous page). Steps highlighted in green used previously
published techniques. Steps highlighted in orange were developed in this project for
greater automation, these involved novel techniques or utilising existing techniques
on new types of data. 1: FFPE Soft tissue sample preparation. 2: Imaging of lung
tissue at a high resolution (~10 um) with sufficient contrast to visualise the tissue in
3D. 3: Section tissue and perform IF staining to identify specific cell types not visible
in uCT. 4: Automated co-registration of the IF data with the uCT. 5: Identify and
extract the blood vessel networks from the co-registered uCT using ‘active contour
segmentation’. 6: Localise specific immunoreactivity, provided by IF, within the pCT
and use this data for automated segmentation. 7: Digital interpolation used to “fill
the gaps’ to produce 3D segmentation of Ck18 8: Bring the uCT, blood vessels and
registered IF segmentation together in order to localise specific networks and

features within the 3D tissue volume.



Chapter 3

127






Chapter 4

Chapter 4  Blood vessel network analysis in COPD and

non-COPD tissue

4.1 Introduction

The network of blood vessels form a crucial part of functional lung physiology contributing to gas
exchange occurring in the alveoli and delivering oxygen to the rest of the body. The 3D network of
blood vessels change as a direct or indirect effect of many lung pathologies. The larger blood
vessels (>2mm diameter) detected using clinical CT are remodelled or lost in severe COPD (Wells
et al., 2015; Voelkel et al., 2017). Less change had been observed in mild-moderate COPD with the
loss of airways observed at earlier stages of disease compared to blood vessels. However these
studies have either only looked at larger blood vessels in 3D (>2 mm diameter) or the smaller
blood vessels (<2mm diameter) in 2D. The potential physiological changes occurring in mild-
moderate COPD to the smallest blood vessels (down to 25 um diameter) were investigated in this
chapter. The 3D networks of blood vessels were segmented in lung uCT volumes using the
methods detailed in chapter 3 (section 3.5.2) and analysed using physiologically relevant metrics.
These included investigating changes in the volume, size and length of blood vessel networks. This
would highlight any potential changes or loss in smaller vessels in mild-moderate COPD, which has
not been observed at this scale in 3D before. The distribution of the network in relation to the
tissue will provide insight into whether local areas of lung tissue have potentially lost blood
vessels within the volume. Changes to the 3D network morphometrics, such as tortuosity and
complexity of the networks (branching) in mild-moderate COPD has also not been explored at this
scale in 3D before. Any change in the complexity of these small blood vessel networks could
indicate early changes occurring in response to disease not observed previously. Combined these
metrics were used to determine whether there was any significant difference to blood vessel

networks in mild-moderate COPD compared to non-COPD tissue.

The methods for generating the segmentation of blood vessel networks using the methods from
the previous chapter were tested on a larger scale to determine the feasibility of the method for
larger studies. This was built upon to see if the segmentation data of the blood vessels was
sufficient for providing in depth analysis of the blood vessel networks. As a binary segmentation
mask of the uCT data network morphometrics such as volume and thickness could already be

calculated using the data provided in chapter 3. Extra steps were required to investigate networks
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characteristics, such as tortuosity, as detailed in this chapter. Performing the segmentation and
analysis of these networks was important to validate the method of ‘active contour segmentation’
for blood vessel segmentation in uCT datasets. This was a proof of principle to show that data
generation and physiologically relevant analysis was possible on multiple datasets. Further
automation over manual segmentation shown here could lead to even larger studies with enough

data to generate statistically significant results on larger cohorts of patient tissue samples.

4.2 Aims and objectives

The aim of this chapter was to identify and analyse the blood vessel networks present in the lung

tissue volumes and assess if they change between non-COPD and mild-moderate COPD tissue.
The main objectives for achieving the aim of this chapter were as follows:

1. Segment the blood vessel networks in multiple non-COPD and COPD tissue blocks using

methods detailed in chapter 3.

2. Normalise blood vessel measurements between different tissue samples of different

sizes.

3. Analyse any potential changes to the physical network changes (thickness/length) and

distribution of the networks in mild-moderate COPD tissue.

4. Assess the 3D characteristics (branching, tortuosity) of the blood vessel networks and

how they change in 3D between non-COPD and mild-moderate COPD tissue.

4.3 Sample selection

As mentioned in section 2.4.3 multiple lung tissue blocks, chosen from archived tissue, which fit
the criteria for non-COPD and mild-moderate COPD tissue had quick uCT scans performed on
them. The main grouping difference was based on the GOLD status of the patient and their lung
function score, a FEV1/FVC of approximately 0.6 was used for mild-moderate COPD and a
FEV1/FVC of approximately 0.8 was used for the non-COPD tissue. The remaining clinical
information was to match as much as possible including age, smoking history etc. A full summary

of the clinical information of the selected tissue for chapters 4 and 5 can be found in appendix A.1

These quick scans identified 11 total tissue blocks which could appropriately be used in this study,
six of these were non-COPD tissue and five were from mild-moderate COPD tissue. Figure 4.1

shows example images of quick scans which were accepted or rejected for use in this study. The
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main reason for rejection was the presence of large homogenous areas of fibrosis or lack of
substantial alveolar structure in the tissue block. The visible presence of blood vessels, alveoli and

possible airways was used as another requirement for sample selection for grouping.

Accepted tissue blocks Rejected tissue blocks

1000 pm

Figure 4.1: Exemplar reconstructed 2D slices from the quick uCT scans (<20 min) used for sample
selection. A & C: Two uCT slices of tissue blocks which met the inclusion criteria,
‘normal’ lung structure (parenchyma) which was a key part of the inclusion criteria is
highlighted by the blue box. B & D: Two reconstructed slices of tissue blocks which
did not meet the inclusion criteria, the red boxes show homogenous areas of tissue

lacking structural features which did not meet the inclusion criteria.
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4.3.1 Tissue grouping and relevant clinical information

The 11 tissue blocks which were assessed and sorted into two clinical groups were all scanned at

high resolution following the protocols reported in section 2.4.2. Table 4.1 below summarises the

tissue groups with key pieces of clinical information and UCT scan information, for a full table of

clinical information see appendix A.1. Each group was compared to ensure the only significant

differences were in the disease status of the patients with the others (e.g. age) not being

significantly different. The grouping of the samples was blinded from the investigator during

imaging and analysis of the tissue to remove any potential bias. Only after all the imaging and

analysis of the 11 tissue blocks was complete, used for chapters 4 and 5, were the groupings

revealed to establish comparisons between the groups.

Table 4.1: Summary of the 11 human lung tissue blocks and grouping used in chapters 4 and 5.

Data presented as median grouped values plus the interquartile range in

parentheses, for full information see appendix A.1. P-values of numerical results

show were calculated using the Mann-Whitney test between the grouped Non-COPD

and COPD tissues. For Gender and smoking status P-values were calculated using

Fisher’s exact test.

Non-COPD
Age 66.5 (2.5) 70 (6) 0.6948
Gender 3F3M 3F2M >0.9999
FEV1
%predicted 91 (14.25) 69 (6) 0.026
FEV,/FVC 0.76 (0.035) 0.62 (0.05) 0.0022
GOLD status 0(0) 2(0) n/a
Smoking
3 current 3 ex 3 current 2 ex >0.9999
status
RCT scan
resolution 6 (0.5) 9.5 (0.5) n/a
(m)

4.3.2 MCT results

The 11 pCT scans of the lung tissue, split into two groups, were used for data generation and

analysis of all the results presented in this chapter and chapter 5. These groups were purposely

chosen to be similar in the majority of criteria including age and indications. The only major

difference was the lung function scores (FEV1/FVC) with an average score of 0.8 used for the non-

COPD group and an average score of 0.6 used for mild-moderate COPD. Representative high

resolution (<10 um) uCT images of tissue from both groups can be seen in Figure 4.2.
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Example non-COPD-5 tissue Example COPD-4 tissue

1000 um

Figure 4.2: Visualisation of the UCT results in 2D and 3D from both clinical groups. A & B:
Representative reconstructed uCT slices of non-COPD and mild-moderate COPD
tissues from UCT scans at a less than 10 um resolution (voxel size). C & D: Volume
rendering of 3D tissue structure in the lower panels reveals the 3D parenchyma and

networks within the tissue.

4.4 Results of blood vessel segmentation

Blood vessel lumens were successfully segmented in all 11 uCT tissue volumes using the ‘active
contour segmentation’ implemented in ITK-SNAP (see methods described in section 3.5.2). The
identification of blood vessels on the same 2D uCT slices seen in Figure 4.2 and representative 3D
surfaces of the blood vessel network of the uCT in non-COPD and COPD tissue can be seen in

Figure 4.3. Visually these blood vessels were complex comprising of several individual networks.
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As expected the size of the tissue had a visible impact on the number of segmented blood vessels

with larger tissue volumes visibly containing more segmentation.

Example non-COPD-5 tissue Example COPD-4 tissue

Figure 4.3: Segmented blood vessel networks visualised in 2D and 3D from representative tissue
from each clinical group.The red labels on both the 2D uCT slices (A & B) highlight
the localisation of the blood vessel lumen in the 2D plane. The 3D surfaces (C & D)
show the complete blood vessel network (down to 25 um thickness) segmented from

the tissue volume.

Initial results of the segmentation parameters including the time taken are reported in Table 4.2.
Each of the 11 uCT volumes were fully segmented on average in less than 10 hours, proving far
quicker than if they were attempted manually. There was no observed significant difference
between the grouped tissues of any of the segmentation parameters, except the number of seed

points used to initiate the segmentations.
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Table 4.2: Summary of the blood vessel segmentation parameters for each lung tissue block.
Averaged data presented as median grouped values plus the interquartile range in

parentheses. P-values were calculated using the Mann-Whitney test between the

grouped Non-COPD and COPD tissues.

Non-
Non- Non- Non- Non- Non- Non- COPD-
COPD-1 COPD-2 COPD-3 COPD-4 COPD-5 COPD-6 ;2:2; €0 o e T
uCT scan 6 9.5
resolution 6 9 6 5 6 6 8.5 6 6 9 10 ) 0.2013
(0.5) (0.5)
(um)
Tissue volume 35 87
(mm’] 16 823 49 38 32 23 (21) 157 39 24 87 475 (118) 0.1255
Segmentation 6.5 13.75
time (h) 65 625 125 6 65 75 (0.99) 145 1375 11 9 16 (3.5) 0.1623
Number of 75.5 111
seed points 71 87 64 73 78 (1395 179 111 103 95 120 (17) 0.0087
Seizﬁxeer::ed 608,562 3,742,746 1,672,937 3,809,402 3,307,760 4,957,994 (30'38205?{:{;7 6,048,299 2,298,037 1,500,370 2,607,583 7,696,357 (22?42';?3, 0.7922
44.1 Post-processing of blood vessel segmentation

Analysis of the blood vessel networks used the binary segmentation masks generated using ITK-
SNAP. However, these required some post-processing steps in order to perform the analysis
detailed below. As previously stated the presence of red blood cells prevented segmentation
based on thresholds due to the relatively high X-ray absorbance (i.e. grey levels) of red blood cells
in relation to the lumen. In the 2D segmentation these appeared as voids within the lumen
segmentation and prevented accurate volume calculation, thickness measures and/or
skeletonisation of the vessel lumen. The ‘fill holes’ function in Fiji was used to remove these voids
in the segmentation. Prior to skeletonisation in Avizo several processes were required after filling
the holes in the segmentation. Firstly a 2-point 3D median filter was applied to the segmentation,
followed by the ‘distance map for skeleton module’ and the ‘distance-ordered thinner module’
(setting for 10 lens of ends). The result of this was run through the ‘autoskeleton’ module to

produce the skeleton of the blood vessel segmentation.

4.5 Analysis of blood vessel networks

The total volume of soft tissue in each scanned FFPE block is reported in Figure 4.4, alongside this
is the volume of segmented blood vessel lumens. From these two volumes the results were

normalised as a vascular fraction, this was calculated as a proportion of blood vessels to the total
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tissue volume. The results highlighted the need for this normalisation to vascular fraction as the
raw blood vessel volumes were higher in some of the COPD tissues, but the fractions were not.
This normalisation was also applied to the network characteristics to minimise the variable which
was sample size. The cause for the apparent increase in volume was due to tissue size and not
from other factors. The results reported in Figure 4.4 show that despite a large amount of
variance in the volumes of tissue and blood vessels that the vascular fraction is similar in both
Non-COPD and COPD tissue. The vascular fractions were compared using a Mann-Whitney test

which showed, despite some variability, no significant difference between the non-COPD and

COPD groups.

Tissue volume [mm?] Blood volume [mm?] Vascular fraction [%]
500- . P-value: 0.13 10- P-value: 0.46 6= P-value: 0.83
400 8- . o

4
300- 6 .
L]
200 . 44 o . a4 - L]
(]
100- o —— 2- —— .
abd
o8 : hh »*
a T T 0 1 1 0 | 1
Non-COPD COPD Non-COPD COPD Non-COPD COPD

Figure 4.4: Results and normalisation of tissue and blood vessel volumes in each of the grouped
samples.Each point on the graphs represents one measurement from each tissue
block. The vascular fraction was calculated using the blood vessel volume result as a
percentage of the total tissue volume. P-values were calculated using a Mann-

Whitney test. Line denotes the median value of each group.

4.6 Analysing the thickness of the vessel lumen

Blood vessel luminal thickness was calculated via an internal distance map of the vessel correlated
with the diameter of the largest sphere which fits inside the structure at a certain thickness. This
was implemented using the Bonel plugin (Doube et al., 2010) which also automatically produces

statistical analysis of the blood vessel luminal thickness.

4.6.1 Results of thickness maps

Thickness maps for each blood vessel lumen segmentation were successfully completed and
representative datasets from each group are shown in Figure 4.5. These are images of 3D

networks with a colour map indicating the thickness of the vessel lumen, as the key shows darker
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vessels are thinner and brighter vessels are thicker. To truly visualise the 3D thickness of these
vessels the networks need to be examined in 3D, see Appendix A.7.4 and A.7.5 videos which
shows these networks rotating in a 3D space in the exemplar tissues. Initial qualitative inspection
of the data showed no significant difference between the groups and the analysis confirmed no
significant difference (P-value: 0.33) in the mean thickness of vessels (um) between the groups

(Non-COPD: 92 £ 29, COPD: 120 + 40).

Example non-COPD-5 tissue Example COPD-4 tissue

—

1000 pm 1000 pm

<10 um 2 350 um

Figure 4.5: Visualisations of the blood vessel lumen thickness in exemplar non-COPD and COPD
tissue.The colour map beneath the images shows the relative thickness of the
segmented blood vessel lumens. In this example there is visibly a greater proportion
of thinner vessels (<50 um) in the non-COPD sample compared to the COPD sample.
Thickness map and visualisation generated using the Bonel plugin (Doube et al.,

2010) in Fiji.

To determine whether the distribution of vessel lumen thickness varied between the groups the
vascular fractions of the thickness measures was calculated. This was important physiologically as
a change in the proportion of the thinnest vessels could suggest changes occurring to the blood
vessel network in response to disease (e.g. loss of the smallest blood vessels). The thickness
results were divided into groups (bins) 10 um apart up to 350 um thickness. The number of voxels

in each of these groups were used to calculate what percentage of the total tissue volume (from
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section 4.5) consisted of blood vessels at each band of thickness. The results of this are plotted in

Figure 4.6, here each plotted point is the mean vascular fraction of the non-COPD and COPD

groups at different bins of blood vessel thickness (error bars= Std. Dev). The vessels up to a

thickness of 100 um are shown in the main graph with the insert in the top right showing the full

range of thicknesses up to 350 um.
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Figure 4.6: Plotted mean group values of blood vessel lumen thickness separated by thickness

bands 10 um apart for non-COPD and COPD tissue.The main graph focusses on

blood vessel lumens at a thickness of <100 um where the greatest difference in the

results can be seen. The upper right graph shows the full range up to a thickness of

350 um. Each measurement was calculated from individual thickness bins from each

sample. Error bars show standard deviation. P-values calculated from two-way

ANOVA. Area under the curve analysis was also performed on different ranges of

data as reported in the section below.

Figure 4.6 shows a difference in the values between non-COPD and COPD tissue for distribution of

the narrowest detected vessel at less than 100 um thickness. Above this thickness threshold the

differences in the proportion of vessels in thickness bands from 110 pum to 350 um were even

smaller. However, there was no significant difference in comparing the vascular fraction at any of
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these individual thickness bins (lowest P-value: 0.2 at 30 um thickness). Therefore, despite higher
variance in the non-COPD values there was no significant change, when looking at this small
number of samples in the thickness of the blood vessel networks between the non-COPD and
COPD tissue groups. The results of the two-way ANOVA showed no significant differences in the
variance of the data. Area under the curve analysis was also performed on the mean values for
each thickness bin. On the full range (0-350 um) the P-value was 0.47, which decreased to 0.089
when used to analyse the thickness of the smallest vessels (0-100 um). To analyse the values
where the most observed differences occurred in the individual Mann-Whitney tests further
analysis of the range of thickness values between 20-100 um was performed. The two-way
ANOVA of values between 20-100 um showed no significant differences (P-value: 0.29), whereas
the area under the curve analysis showed an observed significant difference between the grouped

blood vessel thickness in the range of 20-100 pum (P-value: 0.024).

4.7 Distribution of blood vessel networks-distance maps

To assess the distribution of the blood vessels within the tissue distance maps were used to
calculate the distance any part of the soft tissue is from the nearest blood vessel in 3D. The
binarised tissue fractions were multiplied by the blood vessel distance maps in Avizo. The voxel
counts of tissue distances were different in each block due to differing tissue volumes, however

this did not affect the trends seen in the distribution of tissue voxels. The results of each of the
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tissue blocks from both groups are reported in Figure 4.7. In all of the tissue blocks except non-

COPD-1 the majority (68-97%) of the tissue was within 1000 um of the nearest blood vessel.
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Figure 4.7: Results of the individual distance maps of segmented tissue voxels from the nearest
segmented blood vessel lumen.Each peak shows the number of tissue voxels at the
corresponding distance to the nearest blood vessel. The y-axis shows the number of

voxels which varies between each sample depending on the total tissue volume.

Visualisation of the tissue distance from blood vessels was performed in Avizo using the depth
rainbow colour map, as seen in Figure 4.8. The colour key shows that the blues and purples are
tissue located close to blood vessels whereas the yellows and greens are tissue located further

from blood vessels. The high levels of tissue coloured in shades of blue corresponds with the
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graphs seen in Figure 4.7 showing that the majority of voxels were located less than 1000 um to
the nearest vessel. Visual inspection confirmed that the majority of the tissue located further
from blood vessels was near to a pleural surface with the cut edges of the tissue maintaining close
proximity to blood vessels. This is seen in the non-COPD-5 tissue, shown in Figure 4.8, at the top
of the tissue is a large area of pleural surfaces which is coloured at a distance greater than 1000
pum from the nearest identified blood vessel (down to a 25 um thickness). Overall there was no

observed difference in the distribution of the blood vessels in relation to the lung tissue.
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Example non-COPD-6 tissue Example COPD-4 tissue

Figure 4.8: Visualisations of lung tissue distance to the nearest segmented blood vessel in 2D
and 3D. Exemplar images from non-COPD and COPD tissue shown. The colours of the
tissue correspond to the colour map which represents the increasing distance from
blood vessels. A & B: 2D slices of the tissue distance from the blood vessels (off-white
colour). C & D: 3D volume rendering of the distance colour map surrounding the 3D

blood vessel lumen in white.
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4.8 Changes in 3D network characteristics

4.8.1 Skeletonisation

Skeletonisation provided a simplified representation of the blood vessel segmentation, this
skeleton of the network was used to measure several network characteristics in Avizo. The
skeletonisation worked by finding a medial axis in the sequentially thinned segmentation to the
point it is one voxel thick. The ‘spatial graph view’ and filament tab were used to analyse and
visualise the skeletonised networks. As seen in Figure 4.9 the blood vessel network is converted
into a series of nodes (spheres at branching and terminal points of the network) and segments
which follow the network to join the nodes together. From the skeleton several measures of the

network can be obtained as detailed in the next sections.

Terminal
Node
< Segment
Branching
R \.it Node
1
Segmentation Skeleton

Figure 4.9: Skeletonisation of the segmented blood vessel network.The before and after images
of an exemplar piece of blood vessel segmentation. The right hand image shows the
three main components of the skeletonised network; terminal nodes were defined as
nodes with one segment connected and branching nodes were defined as nodes with

three of more connected segments.

143



Chapter 4
4.8.2 Network characteristics

Network characteristics were calculated using the skeletons of the blood vessel networks from

each tissue block, a representative image of the results of the skeletonisation in context with the

full network can be seen in Figure 4.10.

Example non-COPD-6 tissue Example COPD-5 tissue

Figure 4.10: Representative full blood vessel network skeletons of non-COPD and COPD tissue.A
& B: 3D representations of the skeletonised blood vessel network (red line), the
terminal and branching nodes (white spheres) within the original segmentation

(transparent blue). C & D: The same segmentation with the skeleton dilated by three

voxels to ease visualisation.
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Each of the measurements reported here including network length, number of components and
branching were normalised by the total tissue volume of each sample. The results of the network
length per tissue volume and number of components (individual networks) per tissue volume are
reported in Figure 4.11. The two accompanying images in Figure 4.11 show examples of the

skeletonised network of each separate component with different coloured nodes.

A B
Network length/mm? Components/mm®
159 P-value: 0.33 1.5 P-value: 0.54
[} [ )
o
(o]
104 © 1.0- .
o]
5 0.5 o ——
8
—#— s L ]
o [ .
0 T T 0.0 T T
Non-COPD COPD Non-COPD COPD

Figure 4.11: Normalised total blood vessel network length and the number and visualisations of
individual networks in exemplar tissue blocks.Each value on the two graphs (A & B)
was normalised by the tissue volume of each block. P-values were calculated using a
Mann-Whitney test. Line denotes median values of each group. The lower images (C
& D) show representative skeletonised networks from non-COPD-6 (left) and COPD-4
(right) tissue, highlighting individual networks with different coloured nodes
(spheres). The n-number is the total number of individual blood vessel components

in each tissue.
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No significant difference in the total length of the blood vessel network was found between the
non-COPD and COPD tissue with nearly identical median values (line on Figure 4.11). Interestingly,
there was a large difference in the mean length of 4.2mm/mm3in non-COPD tissue compared to
the COPD tissue with a mean length of 1.9 mm/mm?3. There was greater variability between the
non-COPD results than the mean COPD tissue blocks. The main cause of this variability is that the
smaller non-COPD tissue volumes contained a greater length of networks per volume compared
to the smaller COPD tissue volumes. The larger tissue volumes in both groups presented similar
values around 2mm/mm?3. The number of individual network components was similar in both the
non-COPD and COPD tissue when standardised for tissue volume, with no significant difference
calculated between them. The mean values for both groups were between 0.6 and 0.8 individual

blood vessel networks per mm? of tissue.

4.8.3 Branching

The number of branching blood vessels was calculated from the branch nodes of the skeleton and
the non-branching nodes were used to calculate the number of terminal nodes. The majority of
these terminal nodes will either be located at the cut surface or where the blood vessels
transition to vessels smaller than the resolution limit of the uCT scan. These results were
normalised by the total tissue volume to give the number of branching and terminal nodes per

mm?3 of tissue, as seen in Figure 4.12.
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Figure 4.12: Normalised results of blood vessel branching and the number of terminal vessels in
each tissue block.Each individual plot on the two graphs is normalised by the total
tissue volume of each tissue block. P-values were calculated using a Mann-Whitney

test. Line denotes the median value of each group.
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The number of branching blood vessels in the network showed no significant difference between
the non-COPD and COPD tissue, despite showing the lowest P-value (0.08) of any of the network
characteristics. The mean number of branches decreased from 5.3 per mm? in non-COPD tissue to
1.4 per mm?in COPD tissue however the median values were similar. Two of the same non-COPD
tissues contained significantly more branching vessels and terminal nodes than the other non-
COPD and COPD tissues. These two tissues, from the same two patients, were the smallest tissue
volumes in the non-COPD group and contained up to 10 more branching vessels per mm? of tissue
compared to the two smallest COPD tissue volumes. Due to the size of the groups it is not
possible to determine whether these were outliers or show a different sub-population in the non-

COPD tissues.

4.8.4 Tortuosity

Tortuosity is defined as the ratio of the curved segment length to the shortest straight path
between a pair of nodes in the network. Figure 4.13 provides a pictorial representation of this
definition of tortuosity. Here tortuosity was used to determine differences in the morphology of
the network i.e. were the blood vessels more straight or curved. A value of 1 would be given to a
straight line and numbers greater than 1 indicate the vessel is curved to a higher degree with
increasing tortuosity. As tortuosity is a metric of the network itself it was not normalised like the
previous measures and the raw tortuosity value was recorded. The results of the tortuosity
measures of the blood vessel networks are reported in in Figure 4.13. There was no significant
difference between non-COPD and COPD tissue volumes with both groups having a mean
tortuosity between 1.1 and 1.2. There was less variability in the tortuosity values compared to
previous metrics with standard deviations of approximately 0.1 in both the non-COPD and COPD

groups.
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Tortuosity
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Figure 4.13: Tortuosity representation and results for blood vessels in non-COPD and COPD
tissue blocks.The left image provides a visualisation of the tortuosity calculation
using the skeletonised blood vessels actual segment length as a ration of the straight
length. The graph shows the plots of the tortuosity value of each tissue block’s blood
vessel network. P-values were calculated using a Mann-Whitney test. Line denotes

the median value of each group.

4.9 Discussion

This chapter and the work in the following chapter used FFPE human lung tissue samples which
had been divided into non-COPD and mild-moderate COPD groups. Changes to the vasculature in
severe COPD have been well-recorded using clinical CT (Estépar et al., 2013; Saruya et al., 2016)
and 2D histological analysis of lung tissue (Santos et al., 2002; Rahaghi et al., 2019) but evidence
of change in mild COPD is less prominent (Hueper et al., 2015). These differences have not yet
been reported in small blood vessels (<2 mm diameter) or the microvasculature in 3D, although it
has been predicted that they are lost in mild-moderate COPD (Sakao et al., 2014). To investigate
this, blood vessels down to a 25 um equivalent diameter were identified, segmented and analysed
with several metrics. Due to the selection criteria, the tissue samples were relatively similar in
terms of age and clinical indications with only the lung function scores/GOLD rating indicative of
COPD (Calverley, 2004; Hsia et al., 2010) being different. Therefore, any differences observed
between the groups would likely be due to changes occurring in the tissue in response to mild
disease. However variability caused by the accuracy of the GOLD classification for diagnosis, due
to the complexity of the disease, has been previously reported and will apply to any study using
these metrics for determining groups in COPD patients (ur Rehman et al., 2019). As mild-

moderate disease was being investigated it was also predicted that any changes to the
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vasculature would be small and potentially heterogeneous. This would likely require larger clinical
groups for significant inter-group differences to be recorded. This was indeed the case as no
significant differences were recorded in any of the vasculature analysis metrics chosen to
compare the non-COPD and COPD tissue samples used in this project. The small number of viable
samples investigated and time constraints prevented further investigation to potentially find
statistically robust differences between or within the groups. For future studies the use of
composite scores could be used to condense the data for easier reading and analysis as well as
potentially finding significant differences between the grouped composite scores. This could be
applied to many of the metrics reported, for example a single value for the status of the 3D blood
vessel network from combined network analysis in the non-COPD and COPD tissues. This would
be calculated by taking an average of some or all of the individual network characteristics
(branching, network length, individual networks, terminal branches, tortuosity, etc.) to provide an

overall score for each tissue which could be analysed for any observed differences.

The segmentation results of the blood vessel lumen confirmed the vasculature results reported in
chapter 3 by utilising ‘active contour segmentation’. This saved a considerable amount of time
over manual segmentation, with all 11 uCT volumes segmented in a total time of approximately
72 hours. Interestingly despite no significant difference between the grouped tissue in blood
vessel volumes or segmentation times, the number of seed points used did differ significantly
between the grouped tissues. Significantly more seed points were required to segment the COPD
tissues compared to the non-COPD tissues. This is unlikely to be an effect of the disease as the
volumes, thicknesses and network characteristics did not differ significantly between the groups.
Most likely this difference in seed points is down to either the uCT scan quality, the abundance of
vessels near the edge of the image where artefacts can occur or the performance of the
computer/software/user on the day the segmentation was performed. However, despite no
significant difference in the tissue volumes between groups the individual data does show some
COPD tissues having a larger tissue volume than the non-COPD tissues. This could also potentially

explain the difference in the number of seed points.

Previous studies investigating vasculature in other tissues, notably bone for uCT datasets have
utilised active contour segmentation techniques to generate similar results (Tassani et al., 2014;
Korfiatis et al., 2017). Different implementations of active contour/ region growing segmentation
have also been used in UCT data of mouse lung tissue (Artaechevarria et al., 2010). All of which

have produced reliable analysis of 3D vasculature networks (Helmberger et al., 2014). Many of
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these analysis metrics were used here to investigate the potential effects of mild-moderate COPD

on these small blood vessel networks.

The volume of blood vessels and the subsequent vascular fraction following normalisation using
the tissue volume showed no significant difference between the clinical groups. This could be
because the blood vessels are not lost at the same rate in COPD as the airways and so no
detectable loss of the small blood vessels is observed in the mild-moderate forms of the disease
here (Hueper et al., 2015; Takayanagi et al., 2017). The presence or absence of airways did not
affect the vascular fraction of the tissue. The tissue with, by observation, the most abundant
airway networks in both groups did not contain significantly more or less blood vessels than tissue
which did not contain visible airways. There was some variation in the vascular fractions within
the groups which indicates that larger number of samples need to be analysed to show what the

average vascular fractions for each group are.

Blood vessel lumen thickness was used as a practical alternative to lumen diameter, which has
been used for 2D analysis in previous studies investigating blood vessels (Rahaghi et al., 2019).
However in 3D, diameter is not a suitable measurement; the main reason for this was that the
blood vessels, as seen in section 4.4, are not uniform round shapes with many flattened vessels
present. This could be caused by processing artefacts of the FFPE tissue and/or the plane the uCT
has been viewed in. These factors make it impossible to provide an accurate measure for lumen
diameter and also prevented the lumen perimeter from being accurately measured to calculate
an equivalent diameter. These measures do not take into account the 3D morphology of the
vessel due to only measuring a single reconstructed 2D plane provided by a uCT slice which will
most likely not be perpendicular to the centreline of the vessel. Lumen thickness was chosen as
an alternative because it takes into account the 3D nature of the vessel, irrespective of uniformity
of the shape, and was already incorporated in Fiji as local thickness. This used the 3D volumetric
data provided by uCT to produce a more accurate measurement of lumen size by determining the
thickness in 3D. The local thickness tool has also been used on UCT lung tissue volumes previously

to investigate 3D tissue thickness changes occurring in IPF lung tissue (Katsamenis et al., 2019).

Using pulmonary angiograms, blood vessels have been shown to narrow and eventually disappear
in COPD (Sakao et al., 2014). The total number of blood vessels with lumen diameters <500 pm
has been reported to decrease in COPD, this was primarily measured in 2D studies using
traditional histology and more recently the measures have been compared with 3D CT imaging
(Rahaghi et al., 2019). Blood vessel thickness has mostly been used in uCT studies to analyse
changes in the vasculature of bone (Zhao et al., 2015). Examples of this have found changes to the

thickness of the blood vessels lumens in the bones of young and old rats (Nuiiez et al., 2018). The
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two-way ANOVA results of the blood vessel luminal thickness showed no significant difference in
the variance between the groups but there was a higher proportion of thinner vessels (<50 um) in
the non-COPD samples. This was alluded to in the preliminary area under the curve analysis which
did show a significant difference between the ranges of vessel thickness bins with the most
observed difference (20-100 um). More data of vessel thickness is required to expand on this and
see if it contributes to an overall trend of less smaller vessels in COPD tissue compared to non-
COPD tissue. Also the thickness of measured vessels was directly related to tissue volume as a
greater volume of thinner microvasculature, outside the detection range, will be located closer to
the pleural surface (Zhao et al., 2019). Therefore, larger peripheral tissue containing more tissue
further from the pleural surface will contain a greater proportion of larger (i.e. thicker) blood
vessels greater than 25 um; which could be identified in the uCT scans used in this project. This
explained why greater variation of the results was seen in the non-COPD tissue which had a
greater range of tissue volumes. A larger study is required to see if the lower proportion of
thinner vessels in mild-moderate COPD continues, which could suggest a loss of the smallest

(thinnest) blood vessels in mild-moderate COPD.

The thickness measures provided a potentially more accurate measure for the size of blood
vessels in FFPE tissue than traditional 2D histology. Unless more complex and time consuming
stereological approaches are used (Heidari et al., 2015; Muhlfeld et al., 2018), this cannot take
into account the 3D nature of the blood vessel. Indeed, the thickness measures could be used for
image based modelling of fluid flow in the small blood vessels; this would require higher
resolution scans to detect the capillaries as well. Similar measures have been used on clinical
images (MRI) to model the fluid flow of blood in microvasculature resulting in an observed
reduction in fluid flow in mild COPD samples (Hueper et al., 2015). Fluid flow has also been
modelled from UCT data of lung lymphatics, a far more complicated 3D network of the lungs

(Robinson et al., 2019); which shows how this data could be used in the future.

Distance maps were used to investigate the distribution of the blood vessel networks, down to a
25 um thickness, within the lung tissue samples. A change in the distribution of the blood vessels
within the tissue could indicate blood vessel loss or remodelling in response to disease (Estépar et
al., 2013). The results showed that the vast majority of soft tissue was located within 1 mm of the
nearest blood vessel. This illustrates the high level of vascularisation within the 3D lung samples
and the relatively even distribution throughout the volume. There was no observed difference in
distribution of vessels at the sizes being investigated. However it is possible that the smallest

vessels, not detectable at the current resolution of the uCT scans, leading to the capillary beds
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have a different distribution in disease. This would likely have more effect on the numerical
measures of samples taken more towards the tissue periphery with large areas of pleura. The
non-COPD-1 tissue for example, was the only sample with the majority of tissue located more
than 1 mm away from the nearest blood vessel. Visual inspection of this tissue revealed a large
pleural surface with few identifiable blood vessels nearby. The majority of identified blood vessels
in this sample were located in the area of tissue further from the pleural surface. Future work to
guantify this could be completed by segmenting the pleural surface and investigating the distance
between the detected blood vessels and the pleura, as has been done previously for investigating

lymphatics distribution in relation to the pleural surface (Robinson et al., 2019).

Bullitt (Bullitt et al., 2005) suggests that the 3D characteristics of blood vessels, as analysed in this
chapter, are affected by and indicative of, the majority of diseases in all tissue types including the
lung. In COPD the complexity of blood vessel networks has been predicted to decrease (Milne and
King, 2014). In order to analyse the 3D characteristics of the blood vessels networks, as has been
done in previous UCT imaging studies (Zagorchev et al., 2010; Shields et al., 2016), the networks
were simplified into skeletons. Skeletonisation has been used to calculate network characteristics
including branch number and tortuosity in segmented networks of blood vessels (Meiburger et

al., 2016) and lymphatics (Robinson et al., 2019).

The total length of detected blood vessels per unit volume (mm?3 of tissue), down to 25 um
thickness, was very similar in the majority of tissue from both clinical groups with no significant
difference between them. The normalised network length was greatest in the two smallest non-
COPD samples, whereas the smallest COPD tissues did not contain higher network length per unit
volume. This could indicate a loss of network length in the smallest (i.e. more peripheral) tissue
samples, however this would require more tissue samples to investigate further. The number of
individual networks in the tissue samples did not differ significantly between the two tissue
groups. Qualitative assessment appears to show that each group can be sub-divided into two
further groups; with one half of the non-COPD and COPD tissues containing less than 1.0
components per mm? of tissue and the other half containing between 1.0 and 1.5 components
per mm?3. However, this measure is an approximation of components per volume and could miss
network connections outside of the tissue volume (particularly near the cut surface) in the
remaining lung tissue. If, as previously suggested, blood vessels are lost and remodelled then this

could show a change in the number of individual blood vessel networks (Vitenberga et al., 2019).

Changes to blood vessel morphology, particularly network branching, have been recorded in both
COPD lung tissue and other tissue types using both clinical and lab-based imaging modalities

(Estépar et al., 2013). In COPD the remodelling of pulmonary vasculature, including the loss of
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branching networks assessed by clinical CT, has been used to suggest a loss of the complexity of
the blood vessel network in disease alongside the reported loss of airways (Santos et al., 2002).
This study investigated part of the microvasculature not detectable using clinical imaging
technique (HRCT resolution limit ~0.8 mm) and so any loss of branching vessels could show this
loss of complexity at a smaller scale in peripheral lung. The trend of the data suggests a potential
decrease in the number of branching vessels down to 25 um in COPD samples, compared with the
non-COPD samples. This was the closest metric investigated to suggest a potential significant
difference between the grouped tissues, with a P-value of 0.08. Larger group sizes are required to
see if the level of branching decreases in the COPD samples as potentially suggested by the trends
of these results. It would also be important to take account of the sampling site and size of the
tissue samples, as more peripheral samples contained less detectable branches (vessels <25 pm)

giving a lower values than samples further into the lung tissue.

The number of terminal nodes reflects the number of vessels that lead directly into or out of the
tissue volume and the capillary beds. A decrease in the terminal vessels would suggest a loss of
network complexity and available sites for gas exchange in mild-moderate COPD (Weibel, 2015;
Hsia et al., 2016). The number of terminal nodes was expected to be approximately twice the
number of branches as these values are directly related. However this was not the case in some of
the samples in both groups, most likely caused by blood vessel networks near the cut surface of
the sampled tissue, these vessels may enter and leave the sampled tissue at the cut surface, and

did not always contain branching vessels.

Tortuosity is a common metric used for measuring 3D networks. In lung it has been used to
investigate the ‘twistiness’ of blood vessels and airways in numerous respiratory disease as
evidence for damage and remodelling of these networks (Helmberger et al., 2014). The blood
vessel networks from all 11 samples showed near-identical values across both the non-COPD and
COPD groups. This similarity suggests the blood vessels in these tissue volumes are not
undergoing any significant remodelling in response to damage or disease. Other studies
investigating tortuosity in COPD have shown an increase in the value if the patient suffers from
increased pressures seen in pulmonary hypertension, a common co-morbidity of COPD
(Helmberger et al., 2014). However these have not been evidenced in mild-moderate COPD with
no known hypertension as was the case in some of the tissues used here. The increased use of
UCT imaging and faster image processing could be used on larger studies in future to see if the

tortuosity of blood vessels is different in mild-moderate COPD.
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4,10 Conclusions

Methodology presented in chapter 3 enabled segmentation of blood vessel networks in 11 tissue
block in approximately four days. This demonstrated proof of concept for the methodology’s
viability for larger research studies with potential in the future to be included in clinical studies
once the technology has sufficiently advanced. Numerous metrics can be used to analyse these
blood vessel networks, which could also be applied to larger studies and also those looking at
different diseases or tissue types. No significant difference in any of the blood vessel
measurements was found between the non-COPD and mild-moderate COPD groups. Branching of
vessels could potentially reveal a change in the networks but would require a larger study to test
for significant changes. The proof of concept for lung vasculature analysis at a scale not seen with
conventional clinical 3D imaging, provides a new perspective on vasculature changes in COPD lung
tissue. Further work on more samples similar to those seen here could lead to a greater
understanding of microscopic vasculature loss or changes, visualised and analysed with 3D data,

in diseased and non-diseased tissue.
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Chapter 5 Characterising specific cell types in 3D human

lung tissue

5.1 Introduction

This chapter builds on the methods developed in chapter 3 using immunofluorescence (IF)
imaging to characterise structural elements in the tissue that cannot be identified by uCT alone
such as airway epithelium and specific infiltrating cell types. IF was chosen over other
conventional bright-field staining due to high contrast in the produced images as well as the
ability to utilise multiple fluorescent channels (wavelengths) for imaging. This enabled specific
imaging of cell types using different primary antibodies with bound secondary antibodies which
were excited at wavelengths of light containing the least autofluorescence (i.e. provided the best
image contrast). This high contrast in the staining compared to background signal facilitated
threshold based segmentation of cells highlighted by IF. The wavelength of light with the peak
autofluorescence was used to identify the tissue structure and was a crucial part of the
‘automated warping script’ used for registration with the uCT (see section 3.4). A third
fluorescence channel was used to image individual cell nuclei with DAPI staining. This counterstain
was used to confirm that IF staining was identifying nucleated cells. DAPI staining was combined

with IF cellular staining to automate counting of individual cells as described in section 3.7.

Cytokeratin-18 (Ck18), a structural protein present in airway epithelium, was chosen to identify
specific cells that link to lung physiology as part of a structure (the airways) which is visible in both
the IF and puCT images. As reported in chapter 3 this was used to confirm that the registration and
segmentation of the IF staining in the uCT was accurate by comparing visible airway structures in
both imaging modalities. Changes in the small airways are a well-documented feature of COPD
and can occur early in pathogenesis (McDonough et al., 2011). Ck18 was used as a marker for the
possible physiological changes in small airways present in the same tissue from both mild-

moderate COPD and non-COPD patients, as detailed in chapter 4 (section 4.3).

Mast cells and macrophages, two cell types with key roles in lung immunology, were used as
exemplars for imaging individual infiltrating cells within the 3D context of the lung tissue volumes
provided by uCT. AA1 (anti-mast cell tryptase marker) was chosen due to the known abundance
of mast cells in the lungs in both healthy and diseased tissue. The availability of a potent primary

antibody already used as a positive control in the Ck18 staining also played a pragmatic part in the
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selection of the AA1 primary antibody. Mast cells play a major role in many lung pathologies,
although it is not thought to play a major role in COPD (Soltani et al., 2012), they are very
important in other diseases such as asthma (Bradding and Arthur, 2016). CD68 (used as a
macrophage marker (Byrne et al., 2016)) was chosen as the known role of macrophages in COPD
has been investigated previously (Yamasaki and Eeden, 2018). This 2D staining was correlated
with uCT volumes to give context and provide analysis of the data from non-COPD and COPD

tissue in 3D.

This chapter aims to use exemplar immunoreactivity of cell types linked to lung physiology (airway
epithelium) and immunology (mast cells and macrophage) to investigate changes occurring
between non-COPD and COPD tissue. While network analysis of the blood vessels described in the
previous chapter failed to show any significant differences between the patient groups we might
anticipate that structural and cellular changes are occurring in mild COPD. Unlike the blood
vessels these would be expected to change in number and distribution in mild disease compared
to healthy tissue. We are also expecting to see the changes in mild disease occurring in the
smallest airways and immune cell population which can’t be detected using clinical CT or uCT

imaging alone.

5.2 Aims and objectives

The aim of this chapter was to localise and characterise the distribution of specific
immunoreactivity in 3D using correlate uCT and immunofluorescence data between COPD and

non-COPD human lung tissue
The main objectives for this chapter were as follows:

1. Perform and register IF staining of Ck18, AA1 and CD68 to uCT lung tissue scans

2. Assess the presence of Ck18 positive airway epithelial cells and use this to build a 3D map
of Ck18 epithelial cells in non-COPD and mild-moderate COPD tissue

3. Image and quantify individual cellular populations of mast cells and macrophages within
the lung volumes of non-COPD and mild-moderate COPD tissue

4. Combine IF localisation with chapter 4 results to analyse how the CK18 and immune cells
are related to the 3D network of blood vessels

5. Analyse the distribution of specific cell types in their 3D environment by implementing

the results of the correlative imaging workflow
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5.3 Cytokeratin staining and imaging

5.3.1 CK18 immunofluorescence

Ck18, a structural protein present in the airway epithelium, was used as an exemplar for method
development and this was expanded in this chapter to analyse potential physiological differences
between non-COPD and mild-moderate COPD tissue. Ck18 localisation within the tissue was
visualised using immunofluorescence (IF) (as detailed in section 2.6), the high contrast imaging of
Ck18 facilitated the segmentation techniques developed in sections 3.4 and 3.5. This staining,
registration and segmentation was carried out on several tissue sections from non-COPD and

COPD tissue.

5.3.1.1 Presence of Ck18 epithelial staining

Ck18 positive staining of morphologically distinct epithelial cells was found in 8 of the 11 tissue
blocks investigated in this study. The presence of Ck18 staining was not related to disease status
and was most likely caused by the tissue sampling. As the tissue could only be identified as being
macroscopically normal from surgery without being able to inspect whether the microstructure
was intact. uCT scouting was used to try and rectify this in sample selection by looking for the
presence of 3D networks, however this did not specify between blood vessel and airway
networks. While all the tissue was identified as macroscopically normal, the lung is a
heterogeneous organ therefore it is possible for the relatively small sampling site to lack intact
airway structures. All the tissue blocks, including the three tissue blocks not containing Ck18, had
50-200 serial sections cut at a thickness of 4 um to check for the presence of Ck18. Positive
controls using the same antibody (Ck18) on different tissue and different antibodies on the same

(non-Ck18) tissue were included in all the staining runs.

Four tissue blocks from each group contained at least one section with positive Ck18 staining of
morphologically distinct epithelium. This was determined by comparison to the dense nuclei
staining using DAPI or, if available, neighbouring H&E stained sections. Therefore the analysis of
the staining was performed using four tissue blocks each from the non-COPD and COPD groups. A
brief summary of patient characteristics is shown in Table 5.1, the columns greyed out show the

tissue blocks excluded from Ck18 analysis.
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Table 5.1: Summary of the key clinical information and previous volume measurements of each
of the tissue blocks used in this section. The three tissues not containing Ck18
staining (Non-COPD-1, Non-COPD-3, COPD-3) have been excluded. Data presented as
median grouped values plus the interquartile range in parentheses, for full
information see appendix A.1. P-values of numerical results show were calculated
using the Mann-Whitney test between the grouped Non-COPD and COPD tissues. For

Gender and smoking status P-values were calculated using Fisher’s exact test.

Group Non-COPD COPD P-value
Age 66 (2.5) 70.5(6) 0.6948
Gender 2F 2M 2F 2m >0.9999

fraction [%)]

FEV1 %predicted 91 (14.25) 71.5(6) 0.026
FEV,/FVC 0.75 (0.035) 0.605 (0.05) 0.0022
GOLD status 0(0) 2 (0) nfa
Smoking status 2 current 2 ex 2 current 2 ex >0.9999
Tissue volume [mm?] 35(19.33) 122 (161.5) 0.1255
Blood vessel volume 2.75 (1.5) 1.9(0.8) 0.829

5.3.1.2 Comparison to controls

As stated in section 2.6.1 each IF staining run contained negative and positive controls, shown in
appendix A.8. It can be observed that there is no signal being generated by non-specific binding of
the secondary or intrinsic background autofluorescence at the imaging wavelength from the
negative controls. Positive staining was identified as fluorescence signal which was not present in

the negative or positive controls using a different primary antibody.

5.3.2 Assessment of staining (2D)

Ck18 IF staining was used to identify structural proteins (intermediate filaments) present in the
airway epithelium of the sectioned human lung tissue. This was used to localise airway epithelium
over multiple 2D sections to begin the building of a 3D network of Ck18 positive staining. IF
staining was successful on tissue sections, from the 8 tissue blocks detailed in section 5.3.1,
specifically binding to morphologically distinct airway epithelium (of both collapsed and open
airways). As seen in Figure 5.1 the Ck18 staining (pink) is clearly distinguishable from the
background autofluorescence, which is low at the imaged wavelength of light. The staining is also

clearly distinguishable from the autofluorescence captured using the FITC channel (green, Figure
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5.1). This dual channel overlay image assisted in localising the Ck18 staining in relation to the lung
parenchyma seen in the FITC channel image. The high-magnification images show the Ck18
staining on the inner edge of the collapsed airway lumen, indicating the location of the airway

epithelium. Staining was consistent between the non-COPD and COPD tissues which contained

positive Ck18 staining.

Example non-COPD-5 tissue

1000 pm

1000 pm

Figure 5.1: Images representative of IF staining for positive Ck18 localisation (pink) overlaid on
tissue autofluorescence (green).A & B: Wide-field IF images of tissue sections from
non-COPD-5 and COPD-2 blocks are shown. The green tissue autofluorescence was
captured at 490 nm excitation (FITC channel) and the Ck18 IF was captured at 629-
669 nm excitation (CY5 channel). Overlay used to highlight location of Ck18 positive
staining in relation to the lung parenchyma seen in the autofluorescence channel.
Right hand images (Ai & Bi) captured using a 10x objective on the Olympus VS110

fluorescence slide scanning microscope.
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5.3.3 Serial staining of Ck18

Each tissue block was stained for IF imaging of Ck18 localisation on sections approximately 40 um
apart to provide multiple levels of 2D staining throughout the sectioned tissue volume. This
sectioned sub-volume of tissue was at a thickness between 200 and 800 um, depending on the
volume of tissue available for sectioning (50-200 serial sections from each block). All IF images
were produced from the sectioned sub-volume and any analysis of the IF staining in 3D used this
sub-volume of tissue dubbed the ‘sectioned volume’. This applied to the uCT volume which was
cropped in the z-direction to match the sectioned volume of tissue. Figure 5.2 shows a
representative montage of images stained for Ck18, approximately 40 um apart, over part of the
sectioned volume of tissue in representative non-COPD and COPD tissue blocks. The sections
were also stained at different times for different imaging runs, the similarity of the staining

highlights the robustness and repeatability of the IF staining using Ck18.
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Figure 5.2: Ck18 staining of representative non-COPD-5 and COPD-2 human lung tissue serial
sections spaced 40 um apart.Magnified images of areas of tissue containing positive
Ck18 staining are shown for both tissues. This staining follows airway epithelial
staining over part of the section volume with a total depth of 200 um being

represented. Images captured using a 10x objective, scale bars =200 pum.
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5.34 Segmentation of uCT

Using the ‘automated warping script’, detailed in section 3.4.5, the Ck18 stained IF images were
successfully registered to the corresponding uCT slices and used to segment Ck18 localisation
within the uCT volume. This script worked on batches of images following each IF staining run
which successfully registered and segmented all of the IF stained images to the uCT volume. The
script took approximately 2 minutes to register and warp the three IF images (autofluorescence,
Ck18 and DAPI) to the uCT slice. The whole process was completed on 104 Ck18 stained sections
(each containing the three channels mentioned above) from 8 different tissue blocks, in under 3.5
hours. Figure 5.3 shows the segmentation of Ck18 on uCT slices within the sectioned volume next
to the original IF images to illustrate the direct transfer of the Ck18 localisation from the IF images
to the uCT. Segmentation masks were generated by thresholding the IF images to remove signal
from the non-epithelial staining, which produced weaker fluorescence signal than the Ck18
staining in the airway epithelium. These images match the first and last images seen in Figure 5.2

in the context of the 3D uCT.
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Example non-COPD-5 tissue

Example COPD-2 tissue

T

Figure 5.3: Comparative localisation of Ck18 staining using IF and Ck18 segmentation on
corresponding UCT images of representative non-COPD and COPD human lung
tissue. The left column (A) shows IF images previously seen in Figure 5.2 of Ck18 IF
staining (pink) and the tissue autofluorescence (green). The right column (B) shows
corresponding UCT images with segmented Ck18 localisation (cyan) directly inferred
from the warped IF images. Only areas of positive epithelium staining were
segmented via thresholding thus removing other areas of non-epithelial staining with
weaker signal highlighted in the IF tissue. Images taken from non-COPD-5 and COPD-

2 tissues captured using UCT and IF microscopy, scale bars = 200 um.
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5.3.5 Area fractions of Ck18 staining

Area fractions were calculated from the registered Ck18 staining, after thresholding for
segmentation, as a percentage of the tissue area from the corresponding uCT slice. This was the
same methodology used for vascular fraction (section 4.5) however, this was performed as a
series of 2D analysis within the sectioned volume. Figure 5.4 provides a summary of the results
from each individual tissue block from both groups. There was no significant difference (P-value:
0.68) between the non-COPD and COPD tissue groups. However the graph shows that in the
majority of the tissue blocks the fractions vary as an airway is followed up or down the volume
changing in size and shape as the airways branch or diminish throughout the sectioned volume.
There are however a couple of exceptions to this; non-COPD-2 and COPD-5 showed little change
in the Ck18 fraction across the section volume. Thus suggesting little change in the airway

structure over this volume of tissue.
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Figure 5.4: Total percentage area of Ck18 localisation in the tissue sections of each of the tissue
blocks.Each individual plot equals a separate area measure normalised by the tissue
area of the individual section, the line denotes the median value. Only sections with
positive Ck18 epithelial staining were included in the measurements resulting in the

variability in the n number of plots per tissue.
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5.3.6 Interpolation and volume fractions

Following the generation of the segmentation masks within a single volume the Ck18 positive
staining was interpolated (following the methods detailed in section 3.6) and representative
images from each group can be found in Figure 5.5. The approximate volumes of these
interpolated networks were measured and when compared with the 2D analysis showed no
significant difference between the mean or median area tissue fractions (from the previous
section) and the volume fractions. The volumes were consistent with the 2D analysis suggesting
that the interpolation was not generating or losing Ck18 localisation information and could be
used for 3D analysis and comparisons. The volume fractions of each group were calculated and

analysed, using a Mann-Whitney test, to show no significant difference (P-value: 0.69) between

the non-COPD and COPD groups.

Example non-COPD-5 tissue Example COPD-2 tissue

Figure 5.5: Representative interpolation of Ck18 localisation from IF staining visualised in 3D in
non-COPD-5 and COPD-2 tissue.A & B: The interpolated Ck18 from the front (xy-
plane) and the lower two panels (C & D) show the Ck18 from the bottom (xz-plane).
Each segmented uCT slice was interpolated in ITK-SNAP (v 3.6) and exported to Avizo

(v 9.3) where it was masked and visualised as a 3D surface.
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5.3.7 Comparison to blood vessels

Combined visualisation of the interpolated Ck18 and blood vessel sectioned volumes can be seen
in Figure 5.6, alongside the percentage of tissue volume measures calculated in sections 4.5 and
5.3.6. The tissue blocks shown in Figure 5.6 contain the smallest blood vessel volume fraction
from each group but still illustrate the greater amount of identified blood vessels compared to
Ck18 localisation. This is consistent across all tissue blocks when assessing the volume fractions.
These differences can be quantified by comparing the volume fractions of the blood vessels and
the interpolated Ck18 staining. This also confirmed that the presence of Ck18 had no direct
impact on the blood vessel volumes, which showed more variation, in either the non-COPD or

COPD tissue.

Example non-COPD-5 tissue Example COPD-2 tissue

C CK18 and blood vessel fractions
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Figure 5.6: Visual and measured comparison between the interpolated Ck18 and blood vessel
volume fractions.A & B: The visualised non-COPD-5 and COPD-2 tissues contain the
least amount of blood vessels in the section volume. However, this is still a greater
volume than the interpolated Ck18 localisation which is relatively constant in all the

tissue blocks (as shown in C).
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The Ck18 volume fraction appears to have no correlation to the blood vessel fraction with low
Ck18 in all tissue blocks but more variance in the blood vessels. Although blood vessels appear
lower in the COPD tissue here as reported in section 4.5 there was no significant difference in the
total blood vessel volume of the tissue. There was no apparent direct relation between Ck18 and
blood vessels in non-COPD or mild-moderate COPD tissue, however there is not enough data here

to make any significant conclusions on this.

5.3.7.1 Blood vessel to Ck18 distance maps

The distance maps previously used to assess the distribution of blood vessels within the tissue
(section 4.7) were used to calculate the distribution of Ck18 in relation to the blood vessel
network. In lung physiology the relationship between blood vessels and airways is important for
efficient gas exchange in the alveoli. Any potential change in the relative distribution of these
networks could be indicative of diseases including COPD where small airways are lost
(McDonough et al., 2011). Using distance maps provides a novel look at the relationship of these

networks in 3D at a much smaller scale than analysis provided by clinical CT.

Interpolation from stained sections (section 5.3.6) generated the predicted 3D distribution of all
Ck18 immunostaining in the sectioned volume. The distance of each of the voxels predicted to
contain CK18 immunoreactivity from any blood vessel was calculated using a distance map. The
results of this are plotted and visualised in 3D in Figure 5.7 for the non-COPD tissue and Figure 5.8
for the COPD tissue. The majority of interpolated Ck18 staining was located within 500 pum of the
nearest blood vessel with no significant difference between the non-COPD and COPD groups. The
peak number of Ck18 positive voxels is located between 100 um and 600 um in the majority of
the tissues. Despite the counts of Ck18 varying greatly (y-axis) the distribution suggested by the
peaks of the data remain consistent in tissues with differing amounts of Ck18. An example of this
is non-COPD-4 (Figure 5.7) and COPD-4 (Figure 5.8) which both have peaks in the number of Ck18
voxels at approximately a 250 um distance but have counts (y-axis) differing by over 10,000. The
differences can be seen in the visualisations with the Ck18 segmentation containing more purples
and greens highlighting the Ck18 is located further from blood vessels than the segmentation
which is blue. The majority of the tissues contained a single peak of Ck18 localisation in relation to
blood vessels, those with two or more peaks contained multiple airways spaced throughout the

tissue at differing distances to the nearest blood vessel.
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Figure 5.7: Distribution of interpolated Ck18 in relation to blood vessels in the non-COPD

tissues. The graphs in the left column show the closest distance each voxel of
interpolated Ck18 is to the nearest segmented blood vessel. The images in the right
column show the segmented blood vessel network (white) and the interpolated
Ck18. The colour of the Ck18 surface corresponds to the distance from the nearest

blood vessel following the key seen at the bottom of the figure.
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Figure 5.8: Distribution of interpolated Ck18 in relation to blood vessels in the COPD tissue.The

graphs in the left column show the closest distance each voxel of interpolated Ck18 is
to the nearest segmented blood vessel. The images in the right column show the
segmented blood vessel network (white) and the interpolated Ck18. The colour of

the Ck18 surface corresponds to the distance from the nearest blood vessel following

the key seen at the bottom of the figure.
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There were exceptional cases in the distributions with the non-COPD-2 and COPD-2 tissues both
containing distance peaks between 1500 um and 2000 um from the nearest blood vessel. These
are shown with the adjoining image to the relevant graph which visualises this increased distance
from the blood vessels within the volume. This 3-4x difference in distance was not caused by any
significant difference in the blood vessel or Ck18 fraction from the rest of the tissues in the
groups. These measures are limited to the sectioned volume and the exceptions could be caused
by blood vessels outside the section volume not being part of the distance map. Repeated
measures using the full volume of blood vessels are required to investigate whether this is the
cause of the differences seen in the data. Further work would be required by expanding the
section volume with more staining also to provide a full map of the distribution of Ck18 positive

epithelium in relation to blood vessels.

5.4 AA1 staining

Mast cell staining, using AA1 as a marker, was used to provide an immunological and pathological
context to the methodology by identifying cells not visible in the uCT. As previously mentioned
this was a pragmatic choice for an exemplar cell type which is abundant in both healthy and
diseased lung tissue. Mast cells provided an interesting context in the lungs being involved in

many respiratory diseases (e.g. asthma).

5.4.1 AA1 immunofluorescence

AA1 IF staining was completed on all the tissues from both the non-COPD and COPD groups of
tissue. This used the same methodology for IF staining as the Ck18 by changing the primary
antibody to AA1, and was similarly registered to the uCT using the ‘automated warping script’. A
brief summary of patient characteristics is shown in Table 5.2, unlike Ck18 staining no tissue

blocks were excluded from analysis due to a lack of staining.
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Table 5.2: Summary of tissue blocks used in this section including the tissue and network
volumes reported previously. Data presented as median grouped values plus the interquartile
range in parentheses, for full information see appendix A.1. P-values of numerical results show
were calculated using the Mann-Whitney test between the grouped Non-COPD and COPD tissues.

For Gender and smoking status P-values were calculated using Fisher’s exact test.

Group Non-COPD COPD P-value
Age 66.5 (2.5) 70 (6) 0.6948
Gender 2F2M 2F2M >0.9999
FEV) %predicted 91 (14.25) 69 (6) 0.026
FEV/FVC 0.76 (0.035) 0.62 (0.05) 0.0022
GOLD status 0(0) 2 (0) n/a
Smoking status 2 current 2 ex 2 current 2 ex >0.9999
Tissue volume [mm?] 35(21) 87 (118) 0.1255
Bloo:‘r:;?;?[‘f,:]'“me 2.15 (1.9) 1.6 (0.8) 0.829
Ck18 volume fraction 0.315 (0.16) 0.22 (0.35) 0.8

[%6]

AA1 was initially used as a positive control due to the high efficacy and reliability of the primary
antibody, as well as the knowledge that mast cells would always be present in the types of tissue
we were investigating. However, after having some staining in most of the tissue it was decided to
extend the staining to provide enough data for analysis. This also served as a proof of concept for
the developed methodology on individual cellular staining. Exemplar images of AA1 staining, in
relation to the lung parenchyma from tissue autofluorescence and in relation to other individual

cells using DAPI nuclei staining, from both non-COPD and COPD tissue can be found in Figure 5.9.

171



Chapter 5

_Example non-COPD-5 tissue
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Figure 5.9: Images representative of IF staining for positive AA1 localisation (pink) overlaid on
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tissue autofluorescence (green) and DAPI nuclei staining (blue).A & B: Wide-field IF
images of tissue sections from non-COPD-5 and COPD-2 blocks are shown. The green
tissue autofluorescence was captured at 490 nm excitation (FITC channel), the AA1 IF
was captured at 629-669 nm excitation (CY5 channel) and DAPI nuclei staining was
captured at 372 nm excitation. Magnified right images used to highlight location of
AA1 positive staining in relation to the lung parenchyma (autofluorescence, Ai & Bi)

and other cell nuclei (DAPI, Aii & Bii).
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5.4.2 Analysis of staining

After image acquisition, each AA1 stained section was masked using the DAPI staining as detailed
in section 3.7.1 and AA1 positive cell nuclei were counted automatically. These counts were
normalised by using the tissue area (mm?) measured from the FITC channel image to calculate the
number of cells per mm? of tissue. The results of the raw counts and normalised counts are shown
in Figure 5.10. After normalisation there was no significant difference between the non-COPD and
COPD groups with no observed differences between the values within the groups either. This was
despite the much higher cell counts in the COPD-1 tissue with total counts at over 30,000 in half
of the sections stained. Following normalisation the cells per mm? fit in with the other tissue
measures, showing that these high counts were related to the higher amount of tissue in the

sections compared to the other tissues.
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Figure 5.10: Results of the AA1 positive mast cell counts and normalised values per tissue area
for each section from all non-COPD and COPD tissue blocks.The raw cell counts
reported in the left graph were the measurements taken automatically using the
analyze particles plugin in Fiji of the DAPI masked cellular staining. The FITC channel
image of tissue autofluorescence was used to calculate the tissue area which was
used to normalise the cell counts shown in the right graph. Line denotes the median

value.

These results were based on thousands of cells being counted per section, something which
would not be feasible in the standard cell counting workflow. In total 366,998 individual cells
were counted across all of the sections stained for AA1 across both groups. This highlighted the

strength of this technique for comprehensive counts of whole tissue sections, something not
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really possible with manual counts. This was completed in approximately 5 minutes per section
making it quicker than manual counts looking for much smaller numbers of positive cells per area
of a section. Future work is required to compare this method with the current gold standard of
manually counting cells in a specific region of interest in the tissue section. This is important to
prove the accuracy of the method ensuring that no double counting or image artefacts (e.g. edge

effects) are being included in the final counts.

Similar to the Ck18 staining the AA1 staining was completed on serially cut sections approximately
40 um apart as a representation of cellular localisation within the section volume. However,
unlike Ck18 there is no structure or feature directly associated with AA1 and so the change in the
distribution of individual cells was visualised. With a distance of approximately 40 um between
sections in the z-direction there was no risk of double counting cells between sections. However,
partial cells within the thickness of the tissue section (4 um) were still counted, which would
overestimate any calculations for the absolute number of cells per volume. Relative comparisons

spaced throughout the volume were used to minimise the risk of double counting cells.

5.4.3 Segmentation of uCT

The AA1 staining was successfully segmented onto corresponding UCT planes using the same
methodology as the Ck18 localisation. The only difference came in visualisation within the uCT
volume as seen in Figure 5.11. For ease of visualisation the segmentation was dilated (as a sphere)
in Avizo by 3 voxels, this was purely done for visualisation as the individual cells were too small to
see clearly at a level of magnification which contained the whole uCT section volume of tissue.
The 2D IF staining and subsequent localisation of AA1 staining in the uCT in 2D and 3D is visualised

in Figure 5.11.
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A: Example non-COPD-5 tissue

—

: Example COPD-2 tissue

3
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Figure 5.11: Comparative 2D and 3D localisation of AA1 staining using IF and AA1 nuclei
segmentation on corresponding uCT images of representative non-COPD-5 and
COPD-2 human lung tissue.(Previous page) Ai, Aii, Bi and Bii show IF images
previously seen in Figure 5.9 of AA1 IF staining (pink), tissue autofluorescence (green,
panels i) and DAPI staining (blue, panels ii). Aiii & Biii show corresponding uCT images
with segmented AA1 localisation (pink) after masking and eroding to a single voxel
using the DAPI images. (Figure 5.11 continued): Aiv & Bjv show the AA1 localisation
within the 3D sectioned volume. The visualised segmentation was dilated by 3 voxels
to ease visualisation. Segmentation taken from 5 planes spaced evenly throughout

the section volume, scale bars on high mag images = 200 um.

5.4.4 Distance maps

Distance maps were used as a method to evaluate the distribution of mast cells in relation to the
3D networks of blood vessels and airways. These measures used the ‘ultimate points’ tool in Fiji to
reduce the size of the cellular segmentation to a single central pixel, which provided a single
distance measure for each AA1 cell nuclei. If mast cell mediators were more active in the lung it
could relate to changes in the distance of mast cells to the blood vessels or airways. Here the
distance of AA1 staining to the 3D networks of blood vessels and interpolated Ck18 within the
sectioned volume were assessed. The results of the AA1 distances to blood vessels are reported in
Figure 5.12. Here the pattern of distribution in all non-COPD and COPD tissues shows that the
majority of AA1 staining is located within 2000 um to the nearest blood vessel. The peak distance
of the highest number of AA1 positive cells is approximately 500 um from the nearest blood
vessel. Non-COPD-5 is the only major exception of this where the highest peak of AA1 is located

less than 100 um from the nearest blood vessel.

176



Chapter 5

Non-COPD-1 Non-COPD-2 Non-COPD-3
200

150
100

50

AA1 count

- - "

. ] z &

) 3 s = S
AA1 count

) - =2 =)

= =1 3 8 g
AA1 count

o

0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000
Distance from blood vessel (pm) Distance from blood vessel {pum) Distance from blood vessel (um)
Non-COPD-4 Non-COPD-5 Non-COPD-6
250 300 500
200 400
€ € 200 €
3 150 3 5 300
o o o
Z 100 = = 200
] 2100 kL
50 100
0 0 T T 1 0 T T 1
0 2000 4000 6000 0 2000 4000 6000 0 2000 4000 6000
Distance from blood vessel (um) Distance from blood vessel (.um) Distance from blood vessel (um)
COPD-1 COPD-2 COPD-3

AA1 count

AA1 count

~ - =23 ® E

8 & 8 8 8

= & 8 32 = 3
AA1 count

2000 4000 6000

Distance from blood vessel {um) Distance from blood vessel (um) Distance from blood vessel (um)

0 2000 4000 6000 2000 4000 6000

COPD-4 COPD-§

100

AA1 count
s 3 8 8 & 2
AA1 count
r

0 2000 4000 6000 0 2000 4000 6000
Distance from blood vessel {um) Distance from blood vessel (um)

Figure 5.12: Distribution of AA1 cellular staining in relation to blood vessels in each of the non-
COPD and COPD tissues.The graphs show the closest distance each segmented voxel

of AA1, following erosion to a central point, is to the nearest segmented blood vessel.

The AAL1 distributions in relation to blood vessels showed little differences between the two
clinical groups and individual tissues within those groups. The distribution of the AA1 staining to
the interpolated Ck18 was also completed and the results reported in Figure 5.13. This used the
results of the Ck18 staining and segmentation and so only the eight tissues containing Ck18 could
be analysed in this way. Here the distribution is different to the blood vessels with the majority of
AA1 staining being located within 4000 um of the nearest area of Ck18. The non-COPD tissue has
peaks of AA1 at less than 100 um from the nearest area of Ck18 whereas only COPD-4 has a
similar peak from the COPD tissue. The other three COPD tissues have peaks in the number of
AA1 cells of 1000-2000 pum. The main exception to this is Non-COPD-2 which had a relatively even

distribution of cells up to 10,000 um from the nearest area of Ck18.
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Figure 5.13: Distribution of AA1 cellular staining in relation to interpolated Ck18 localisation in
each of the non-COPD and COPD tissues containing Ck18 positive staining.The

graphs show the closest distance each segmented voxel of AA1, following erosion to

a central point, is to the nearest segmented area of CK18.

The overall distribution of the AA1 positive cells to Ck18 is much more evenly spread out
throughout the tissue compared to the distance from blood vessels. Representative cellular
distances showing this difference are visualised in 3D in Figure 5.14. The main reason for the
changes in this distribution were the greater blood vessel volume in all the tissues. This will
naturally lead to the AA1, assuming an even distribution of cells, overall being located closer to
the vessels. However, the location of the peaks was still similar in the non-COPD tissues with the

highest number of AA1 being located in close proximity (<100 um) to the nearest blood vessel or
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area of Ck18. This was not the case for the COPD tissue which had peaks of AA1 further away

from Ck18 compared to blood vessels.

Example non-COPD-4 tissue

A: Blood vessel v - B: Ck18 distance
distance AT

C: Blood vessel D: Ck18 distance
distance

Figure 5.14: Representation of visualised AA1 cell distances to the nearest blood vessels and
Ck18 localisation in the non-COPD-4 and COPD-1 tissue.The white networks in each
image represent the blood vessel (A & C) and interpolated Ck18 (B & D). The AA1
segmentation was dilated by 3 voxels to ease visualisation and is taken from 5 planes
within the section volume. The colour of the AA1 segmentation corresponds to the

distance key at the bottom of the figure.
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5.5 CD68 imaging

Macrophages have a well-defined role in COPD and so were chosen as a secondary application of
IF staining of individual cell types localised in the 3D uCT. One of the tissues was selected for an
exemplar analysis of CD68, as a marker for macrophages, in COPD tissue. This tissue block (COPD-
4) was successfully stained on available tissue sections with CD68 and imaged, the results of this

primary data are reported below.

5.5.1 Analysis of staining

The COPD-4 tissue block was successfully stained using CD68 (see Table 5.2 for tissue
information). The staining was masked with DAPI, counted and normalised using the same
methodology as the AA1 staining. Importantly here the masking helped to separate clusters of
cells into individual objects which were counted separately, an issue which was unique to the
CD68 over the AA1 staining. The results of the raw cell counts of CD68 and AA1 are reported in

Figure 5.15 alongside the normalised values per tissue area (mm?).

2
Cell counts Cells per mm
3000- & 200-
. S
N E
3 —$— @ 150- o
O 2000 . =
—] @
O Q r
O . = 100
© ]
S D o
S 1000- %’
> | 50—
H— o
2 P -
@
0 | 1 o 0 1 1
CD68 AAf1 cDes AA1

Figure 5.15: Preliminary results of the CD68 and AA1 positive cell counts alongside the
normalised values from COPD-4 tissue sections. Preliminary results of the CD68 and
AA1 positive cell counts alongside the normalised values from COPD-4 tissue
sections. The raw cell counts reported in the left graph were the measurements
taken automatically using the analyze particles plugin in Fiji of the DAPI masked
cellular staining. The FITC channel image of tissue autofluorescence was used to
calculate the tissue area which was used to normalise the cell counts shown in the

right graph. Line denotes the median value.
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5.5.2 CD68 staining and comparison to AA1

Figure 5.16 shows the combined IF visualisation of CD68 and AA1 staining, on neighbouring
sections in the COPD-4 sectioned volume, the results of the cell counts were reported above in
Figure 5.15. Here there was a higher number of CD68 positive cells compared to the number of
AA1 positive cells with the mean number of CD68 cells per mm? being almost double that of AA1
cells. Visible inspection of the stained sections shows the CD68 staining is found throughout the
lung parenchyma and is also present in the airspaces whereas the AA1 staining is only found
within the lung tissue. The CD68 staining visibly ‘clumps’ together in the raw staining images
shown, however for the cell counts these were separated using the DAPI masks. This
demonstrates the feasibility in the analysis of these two cell types within the same volume.
However, more staining is required in the other non-COPD and COPD tissues to provide sufficient

statistics on significance on the differences between these cell types in COPD.
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AA1 positive staining

CD68 positive staining

Figure 5.16: Results of preliminary visualisation of AA1 and CD68 positive staining on

182

neighbouring sections in the COPD-4 tissue.Each image shows fluorescence
microscopy images of tissue autofluorescence from the FITC channel (green) and
cellular IF staining (pink). The left column shows the results of AA1 staining whereas
the right column shows CD68 staining. A & B: A stained area of lung parenchyma. C &
D: A stained area containing blood vessels. E & F: A stained area of airway at high
magnification. Images captured on neighbouring tissue sections using a 10x

objective.
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5.5.3 Distance maps

The blood vessel and Ck18 distance maps produced for AA1 distances were used to calculate the
distance of the CD68 staining from the blood vessels and interpolated Ck18 staining. The results of
these distance maps and those for AA1 in the same tissue are reported in Figure 5.17. The
distribution of the AA1 and CD68 was similar in both distance from blood vessels and Ck18. This
was despite there being more CD68 positive cells in the volume, explaining the higher number of

cells in each peak.
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Figure 5.17: Preliminary results of the distribution of CD68 and AA1 cellular staining in relation
to blood vessels and Ck18 localisation in COPD-4 tissue.The upper graphs show the
closest distance each segmented voxel of CD68, following erosion to a central point,
is to the nearest segmented blood vessel and interpolated segmentation of Ck18. The
lower graphs show the closest distance each segmented voxel of AA1, following
erosion to a central point, is to the nearest segmented blood vessel and interpolated

segmentation of Ck18.
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5.6 Discussion

This chapter built upon the registration and segmentation methods developed in chapter 3 to
provide localisation of features and cells in the context of the 3D tissue volume. This was driven
by the use of correlative imaging of 3D tissue microstructure using uCT and specific cellular
localisation using 2D IF imaging. The same clinically grouped tissue used in chapter 4 was used as
an example for the potential use of these techniques to compare immunoreactivity of features
and cells in 3D. Something which is not possible with either imaging technique individually. The
non-COPD (n=6) and COPD (n=5) FFPE tissues were all successfully sectioned, stained for IF and
analysed for any differences between the groups. Rapid registration and segmentation of IF was
used to further validate results in chapter 3 and demonstrate the potential for future use in larger
studies, which are needed to start drawing biologically significant inferences from differences

between the groups.

A main part of sample selection after finding FFPE tissue with relevant clinical information was
using quick UCT scans to scout for appropriate tissue, as reported in section 4.3. Scouting with uCT
has been used in multiple correlative studies to not only assess the large volume but to identify
specific features for further imaging and analysis. This has been used in bone imaging with low
resolution X-ray based imaging to find the area of interest which was then imaged using much
higher resolution electron microscopy (Akhter et al., 2017; Norman et al., 2018). The quick uCT
scans were successful for finding appropriate tissues with intact microstructures and networks of
interest as evidenced in chapter 4. However, this did not confirm the presence of airways in all of
the tissues volume with only eight out of eleven volumes containing any Ck18 positive staining.
The heterogeneous nature of the lungs mean that there were airways in the tissue, but they were
further into the lung tissue or outside the sectioned volume used for IF staining. More sectioning
and IF staining for Ck18 would be required in the future to assess whether airways containing
Ck18 were present in the tissue blocks. This heterogeneity was qualitatively observed in the small
number of samples despite similar clinical information within the grouped tissue. A quantitative
measure of lung tissue heterogeneity would provide useful context to the variations seen in the
analysed data from each tissue block in this and future studies. Assessing randomised sub-
volumes of interest within the tissue, as has been done previously (Robinson et al., 2019), could

be used to quantify the variability of the tissue throughout a sampled tissue volume.

Directly utilising the methods developed in chapter 3, the Ck18 primary antibody was used to
identify airway epithelial cells in the grouped tissues. This was not used as a direct marker for all
the airways or the alveoli, which do not contain Ck18. There was signal produced from some of

these structures but the signal was significantly weaker and could be thresholded out for
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segmentation. Future work using different primary antibodies, for example elastin could be used
to investigate alveoli changes directly (Merrilees et al., 2008). However, most of the Ck18 staining
for airway epithelium formed an incomplete layer surrounding the airway lumen, with gaps in the
staining suggesting minor epithelial/airway damage or a lack of Ck18 antigenicity. Examples of
more prolific epithelial damage and detachment from the basement membrane were seen in both
the non-COPD and COPD tissues indicating this was not the result of disease pathogenesis. Visual
‘clumps’ of Ck18 staining within the airway lumen or sometimes in the parenchyma provided

evidence of airway damage or loss.

The airway epithelium is known to be damaged as a result of the chronic inflammation in COPD
(Hadzic et al., 2020) and so it was expected to see less Ck18 staining in the COPD tissues.
However, the area and volume fractions of the Ck18 staining were all less than 1% of the tissue in
all eight of the examined tissues. COPD is a heterogeneous disease which affects parts of the lung
differently with complete airway obstruction in some areas whilst other parts of the lung will have
intact airways, regardless of symptoms of disease (Agusti et al., 2010). However determining the
cause of this damage is not possible in a small descriptive study such as this. Most of the tissue
was from archival biobanks of FFPE blocks collected over a period of several years. Although the
protocol was the same for each tissue, high amounts of variability in the levels of damage caused
by extraction, fixation, embedding and sectioning were observed. This is a well-known and
accepted issue in studies working on FFPE tissues (Rastogi et al., 2013). This is however,
something to be aware of when investigating damaged tissue microstructures, particularly more

fragile structures like airway epithelium.

Distance maps provided novel insight into the distribution of localised features and cell types,
provided by IF staining, in relation to 3D networks within the tissue volume. This was used to
investigate the relationship between the blood vessels (identified in chapter 4) with the
interpolated Ck18 networks within the sectioned volume. More information was also obtained
about the networks themselves by assessing what features and cell types were in close proximity
to them. The 3D distance map data was generated from blood vessels down to a 25 um thickness,
reporting the relative distribution of the airway epithelium containing Ck18. The majority of the
Ck18 localisation was within 500 um of the nearest blood vessel. This makes sense biologically as
both the airways and blood vessels are closely associated in the lungs leading towards the alveoli
and capillaries for gas exchange (Hsia et al., 2016; Mihlfeld et al., 2018). One tissue sample from
each group had a different distribution with a peak Ck18 distance from the blood vessels being

1.5-2 mm, this demonstrates the heterogeneity of the networks in their distribution throughout
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the tissue. This is likely different throughout the lung, future studies using multiple tissue samples
from the same patient, and a larger pool of patient samples, could be used to assess the levels of
heterogeneity in the 3D network distributions. This could be used to compare any potential
differences occurring in COPD, or other respiratory diseases, in the context of the relative

distributions of the blood vessels and Ck18 positive airway epithelium.

Single infiltrating cells (e.g. mast cells and macrophages) are not visible at the resolution of the
UCT. The confidence in the localisation of the individual cellular staining in the uCT was validated
by autofluorescence registration which is maintained with the IF registration, as was seen with
the Ck18 localisation. AA1 cellular IF imaging was originally used as a positive control for the Ck18
staining due to the high reliability and efficacy of AA1 IF staining. Mast cells, which AA1 staining
localises, are also relevant infiltrating cells involved in respiratory diseases like asthma (Bradding
and Arthur, 2016). However, there has been no conclusive evidence of mast cell activity
influencing the progression or treatment of COPD (Soltani et al., 2012). The AA1 staining in this
study was a pragmatic exemplar of individual cellular staining, unlike Ck18, which could be used
for individual cell counts and distribution measures in the context of 3D lung tissue

microstructure.

In order to take advantage of the full 3D tissue microstructure information provided by the uCT it
was decided that all cells in the tissue section should be counted. However the act of individually
counting thousands of cells per tissue section was deemed impractical and a more automated
alternative was developed using DAPI staining, as reported in section 3.7. This again utilised the
high image contrast provided by IF to easily threshold the AA1 and DAPI staining from the images.
However, to fully verify this method it will need to be compared to manual cell counts as this is
the current standard for cellular analysis of tissue sections. Cell counts were normalised in this
study by the surface area of the tissue in the section, unlike the blood vessels and Ck18 the
cellular staining could not be reported as a number of cells per volume. This was because the
sections were spaced approximately 40 um apart in the z-direction. These normalised cell counts
could not be averaged into a volume measurement because it was not known how many cells
were present across multiple neighbouring tissue sections. However, there is the potential for
modelling to be employed to determine the 3D distribution as part of the tissue volume, which
has been done previously in 3D cell culture models and material studies (Jarockyte et al., 2018;
Mehboob et al., 2018). A future study is required to stain neighbouring serial sections and use a
combination of wide-field and confocal fluorescence imaging to assess how many cells are double
counted over neighbouring sections which could be used to produce a more accurate measure of

cells per tissue volume.
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Mast cell mediators are known to act on blood vessels and airways in the lung (Komi and Bjermer,
2019), and using distance maps provided a novel measure for distribution of mast cells within
tissue in relation to these 3D structures. Mast cells in all of the tissue blocks had a much more
consistent distribution in relation to blood vessels, with almost all identified mast cells being
within 2 mm of a blood vessel. This is most likely linked to part of the function of mast cells to act
as vasodilators via the release of multi-potent molecules. Most notably histamine as well as
proteases, heparin and numerous cytokines which contribute to vascular homeostasis and
requires mast cells to be located in close proximity to blood vessels (Krystel-Whittemore et al.,
2016). The distributions were not different between the non-COPD and COPD samples which was
expected in mild disease; although studies have previously shown some changes in mast cell
distributions, this is most notable in severe COPD (Andersson et al., 2010). The blood vessels and
mast cells were relatively evenly distributed throughout the tissue, which also explained why the
peak of mast cells was located close to the blood vessels morphologically. As stated in chapter 4
the segmented blood vessels only go down to a thickness of 25 pum and so it is probable that the
mast cells distances are even closer to the smallest vessels not reported here. Initial work using
the different thickness bins reported in section 4.6 was used to produce individual distance maps
of each subset of blood vessels in increments of a 20 um thickness. The results of this in one
dataset from each group are reported in appendix A.9, this showed that the majority of mast cells
in this sample are located in close proximity to the narrowest blood vessels (<80 um thickness)
with the distribution widening as the vessel bins get thicker. Future work is required to investigate
the relation of mast cells to the size of the blood vessels and whether the distribution of mast
cells in relation to 3D blood vessels changes if blood vessels are lost or remodelled as a result of

disease.

Distance maps were also generated from the interpolated Ck18 localisation to assess the mast cell
distances from the airway epithelium. There was significantly less Ck18 segmentation compared
to the blood vessel segmentation which does affect the width of the peaks in the distributions as
the mast cells, in most tissues are within 5 mm of the nearest area of Ck18. However, despite this
the non-COPD tissues all have peaks in close proximity (<20 um), this is expected as mast cells
reside in the tissue surrounding the airways (Komi and Bjermer, 2019). Mast cells act directly
upon airways to cause constriction and increase mucous production as part of their immune
response, which requires a large number to be in very close contact with the airways (Krystel-
Whittemore et al., 2016), as was observed here. This peak in all the tissues is most likely explained
by the clinical status of each patient. None of the tissue samples were from healthy or young

individuals, all of which had lung cancer as well as numerous other conditions, which could cause
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increased levels of mast cells in the lungs and surrounding airways in response (Campillo-Navarro
et al., 2014). Mast cells are not found in the airspaces which explains why the peaks are wider due
to the mast cells being spread across the lung parenchyma. Only one of the COPD tissues has the
similar peak distance at <20 um, the remaining three COPD tissues have peaks further away at a
1-2 mm distance. Although more data is required to draw any biologically significant conclusions
this could indicate a shift in the location of mast cells in mild-moderate COPD, possibly in

response to airway inflammation or loss.

Macrophages have a well-defined role in the pathogenesis of COPD (Yamasaki and Eeden, 2018).
Unfortunately due to time constraints, equipment failure and antibody reliability the CD68
staining for the more pathologically relevant cell type in COPD was only completed in one of the
grouped tissues. The first step of any future work would be to address this by finding a reliable
antibody and performing the same level of staining as was seen for the AA1 staining, as mast cells
are ubiquitous in the lung. Visually comparing the CD68 staining to neighbouring AA1 staining
showed many more cells across the tissue section and unlike AA1 the CD68 was located in both
the lung parenchyma and the airspaces. This could be the result of this sample being from a COPD
lung where increased activity of macrophages have been reported previously (Yamasaki and
Eeden, 2018). Further staining and analysis of non-COPD tissue is required to show any
differences between the clinically grouped tissues. The CD68 staining was also found to cluster in
the tissue section, this is a reported feature of lung macrophages, which has previously been
investigated in COPD (Vasudevan et al., 2020). The clustering could be analysed in future work
using existing techniques in relation to the 3D tissue microstructures. The DAPI masking of cells
was originally developed to address the issue of these ‘clumped’ cells to ensure each clustered
macrophage was counted separately. Future use of serial staining and registration could be
combined with existing clustering analysis tools to investigate the clustering of macrophages in

relation to 3D tissue microstructure in respiratory diseases.

The distribution of macrophages in relation to blood vessels is similar to the AA1 distribution in
the one sample compared. This was interesting because macrophages were found in the lung
parenchyma and the airspaces whereas mast cells were only in the parenchyma so it was
expected that the distributions would be different. There was a difference in the distribution of
CD68 and AA1 in relation to the interpolated Ck18 localisation. The distance to the macrophages
peaked around 2 mm from the nearest area of Ck18, whereas the distance to mast cells peaked at
<20 um. This illustrated a high concentration of mast cells in direct relation to the airways, as
described previously (Komi and Bjermer, 2019), compared to the macrophages which did not
peak in such close proximity. Further staining and analysis of relative distributions of CD68

staining is required to fully assess how the macrophages are distributed in relation to the 3D
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networks within the tissue volume. This could provide a novel insight into macrophage

localisation in the context of 3D tissue structures in COPD or other respiratory diseases.

5.7 Conclusions

Methodology developed in chapter 3 enabled automated registration and segmentation of IF
staining to the UCT sectioned volumes free of sectioning artefacts. The time consuming part of
this methodology workflow is now the image acquisition, with the registration of each set of
images completed in approximately 2 minutes. In this chapter 151 stained tissue sections were
registered in approximately 8 hours (including pre-processing time). This demonstrated proof of
concept for the methodology’s viability for larger studies. Area and volume counts of the Ck18
were used to assess the level of airway epithelium present in the tissue as an exemplar of IF
identifying tissue microstructures. Automated cell counts of mast cells and macrophages using
DAPI staining to define nuclei were exemplars used to count thousands of cells per tissue section,
which could be related to the full tissue volume. The methods developed here could be applied to
any cell type of interest, with a working primary antibody, whether structural or individual
immune cell for investigating disease in context of 3D microstructures. 2D data from IF staining
was easily transferred into the 3D domain provided by uCT, a visual summary of the COPD tissue
block containing all the different IF staining and segmentation is shown in Figure 5.18. A video of
the COPD-4 tissue containing all the segmentation in the sectioned volume can be found in
Appendix A.7.6. This resulted in novel methods of quantifying the 3D distribution of cells (from 2D
staining) in relation to segmented 3D networks. Which could be used in numerous applications for
investigating cellular information, identified by conventional IF in relation to 3D tissue
microstructures provided by uCT. Further work on more samples similar to those used in this
study and completion of CD68 staining could lead to a greater understanding of the numbers, and
distributions, of these immune cells in relation to the 3D networks, in diseased and non-diseased

tissue.
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Figure 5.18: Visualised summary of the combined uCT imaging, network segmentation and IF
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localised cell types used in chapter 5.The semi-transparent grey volume rendering
represents the uCT data. In red is the segmented blood vessel network and in blue is
the interpolated Ck18 localisation. The spheres represent individual cellular
localisation (dilated to ease visualisation). In pink are the localised AA1 staining for
mast cells and in yellow is the localised CD68 staining for macrophages.
Representative image taken from the COPD-4 tissue which contained complete

staining and segmentation as a proof of concept for future work and studies.
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Chapter 6 General Discussion

Lung tissue microstructure is key to the complex function of the lungs, and changes to these
structures are associated with the pathology of many respiratory diseases including COPD.
Imaging techniques most commonly used to image the lungs are not capable of capturing the 3D
lung volume at a microscopic scale to detect the associated networks and cell distributions at this
resolution. Traditional 2D imaging provides a thin cross-section of part of the lung tissue and, as
lung tissue structure is heterogeneous, may not be representative of the whole lung tissue
volume. Clinical X-ray based imaging lacks sufficient resolution and contrast to image lung tissue
structures less than 0.8 mm in size, lab-based uCT systems have been developed in recent years
to provide the resolution and contrast needed to image lung tissue microstructures in 3D (Scott et
al., 2015; Katsamenis et al., 2019). However, these do not provide the resolution or specificity
needed to identify specific features and cell types which can be visualised and analysed in 2D with
traditional histology. Combining uCT and IF imaging techniques provided specificity to uCT and 3D

context to IF imaging, offering a unique perspective into tissue structure and function.

The first hypothesis of this study stated that developing and utilising techniques for further
automation of correlative imaging data would significantly decrease the time taken to process the
images in order to produce usable data. As shown in chapter 3 the correlative imaging workflow
using the developed ‘automated warping script’ (appendix A.6) significantly decreased the time
taken to process the UCT and IF data into a form that correlative imaging data can be extracted.
This difference from several weeks or months down to a matter of days proved this hypothesis to
be true. However the development of further automation will continue beyond this project (see
future work), which would further develop and prove this hypothesis. The second hypothesis
required the 3D blood vessel network to be identified and analysed in the lung tissue volumes.
This was achieved, as reported in chapter 3, via semi-automated segmentation of the vessel
lumens which could be used for volumetric and network analysis, as reported in chapter 4. This
lead to analysis of the 3D vessel networks for biologically relevant comparisons between clinical
groups of non-COPD and COPD human lung tissue. Following method development for the first
hypothesis, ‘active contour segmentation’ was utilised to decrease the time taken to generate the
blood vessel network data for analysis. This 3D network data was also be combined with the
cellular data as part of the next hypothesis. The third hypothesis required immune cells, identified
using 2D IF staining and imaging, to be registered into the 3D tissue volume of the uCT; as

reported in chapter 5. This was used for 2D analysis of cell counts which were expanded into the
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3D domain following combination with the blood vessel network data from chapter 4. This did
provide a novel way of analysing the cellular data, however it did not provide a true 3D
distribution of the immune cells within the tissue. Future work, with ideas discussed in the next
section, would be required to prove this hypothesis with additional data or potential modelling.
As it stands the data provided in this thesis could not fully prove this hypothesis for 3D
distribution of cells, although it did provided a novel means of analysing 2D cellular imaging data

in 3D via correlating with uCT.

The main issue addressed in this study was the time consuming methodologies required to bring
together (co-register) the information from these different imaging modalities. This bottle-neck in
image processing, registration and segmentation has prevented the wide-spread use of large scale
studies of soft tissues using correlative uCT and histological imaging. Combined with a lack of
standardisation between users in both the imaging and the registration has prevented the wider
use of these correlative techniques in larger studies. The work presented in this thesis shows the
development of a novel correlative imaging workflow with greater amounts of automation for use
in larger studies. Compared to previous studies, which took several days to register and segment
small samples manually (Robinson, 2020), this methodology could reduce the total time of
correlative projects by several weeks or months depending on the samples type and size. The
accuracy of the automated alignment of IF and uCT images was comparable with existing manual
techniques for feature matching between images. The current values of ~70% alignment could
potentially be higher if the outer 100 um of the image, where most of the inaccurate registration
occurred, was omitted from analysis. Future work determining the accuracy of the non-peripheral
areas of the tissue could further validate its use and development in more correlative imaging
studies. The methodology workflow developed and applied in this project highlights the progress
made in correlative 2D-3D imaging of FFPE soft tissue using uCT and histological imaging. The
majority of previously published works using these imaging techniques have used manual
techniques of registration and/or segmentation to correlate the information from 2D histological
imaging into the 3D uCT (Jones et al., 2016; Robinson et al., 2019). Previous studies using more
automated methods of segmentation have used the uCT data alone, only using histology images
for reference or qualitative confirmation (Wollatz et al., 2017; Koo et al., 2018). These studies
were not able to segment features or cell types which are only revealed by correlating uCT data

with images from other techniques.

Prior to this study the correlative uCT imaging studies either used bright-field 2D microscopy
visualised with tinctorial stains or IHC (Schaad et al., 2017; Katsamenis et al., 2019; Tanabe et al.,
2020) or 2D/3D electron microscopy (Morales et al., 2016; Parlanti et al., 2017; Parlanti et al.,

2019). Previous studies also combined uCT, 2D histology and electron microscopy on the same
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sample for true multidimensional imaging at different scales (Handschuh et al., 2013; Siqueira Jr
et al., 2018). Here, IF imaging was used as a complimentary imaging modality to provide the same
level of information shown in previous studies using IHC with greatly improved image contrast.
This enabled thresholding to be used for automated segmentation of immunocytochemistry
based staining. The novel utilisation of autofluorescence, captured alongside IF, for automated
registration of the wide-field fluorescence microscopy images to the uCT whilst taking into
account sectioning artefacts has the ability to progress the field in future projects. The application
of this registration for automated segmentation of IF staining in the uCT, demonstrated in this
thesis, provided comparative results to previous studies in a fraction of the time. The increased
levels of automation provided by using IF imaging for registration and segmentation of uCT
images opens up the use for larger studies investigating diseases at the 3D microstructural and
cellular level in FFPE soft tissues. However there are limitations with using fluorescence imaging
over bright-field, firstly the IF staining is not permanent. This can be addressed by ensuring the
stained slides are imaged as soon as possible after staining and that the slides are stored properly.
Another limitation is that IF staining and imaging takes a greater amount of time than tinctorial or
IHC stains. The staining protocol used in this study required overnight incubation, although this
could be further optimised so that staining can be completed in one day instead of two. Also
image acquisition takes a magnitude of time longer than bright-field due to the use of multiple
fluorescent channels. In this study three fluorescent channels were used to image the IF stained
tissue, which would take approximately three times longer to capture than bright-field images
using one channel. This is of course dependent on exposure times of each channel, which could
be further optimised to reduce the total time taken for image acquisition. Part of the reason the
images were captured using a 10x objective was that using a 20x objective would have taken
approximately four times longer to image each tissue section. Fortunately the added detail from
higher magnification imaging was not required for this study but it is something to factor into

future studies for total data acquisition times.

Similar techniques for the semi-automated blood vessel segmentation using region growing tools,
like ‘active contour segmentation’ used here, have previously been used in clinical CT scans (van
Rikxoort and Ginneken, 2013). These have also been used on lung UCT images to identify vessels
much smaller than the resolution of clinical 3D imaging (Scott et al., 2015), and was used to
segment blood vessel lumens in this report. The segmentation results were generated 3-4x
quicker than manual segmentation whilst providing comparative results. Without the benefit of
KCT this identification of 3D blood vessel networks would require time-consuming serial

sectioning with individual alignment of images from each tissue section. Only recently has digital
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wide-field microscopy made this feasible for the size of tissue samples studied here (1-2 mm
diameter) (Jones et al., 2016). The segmented blood vessel networks could also be used with fluid
modelling to map potential changes in blood flow rates in the lung (Robinson et al., 2019), on
blood vessels not detectable with clinical imaging techniques. However, inconsistencies in the
paraffin wax section thickness can cause difficulty for accurate measurements of tissue sections
(Libard et al., 2019), these are overcome by using non-destructive isotropic uCT. Another
potential issue with the measurement of FFPE lung tissue is that the removal and processing of
the tissue will affect the size of histological based measurements by potentially up to 50%
compared to in vivo measures, depending on the tissue type (Schneider and Ochs, 2014).
However, previous well-established measures from histopathological samples have been made
despite this consistent artefact differing from in vivo measures. The absolute numbers were not
truly reflecting measures like tissue volume or vessel thickness in vivo, however the relative
results and changes would still be indicative of changes in disease. Recently a potential method
has been proposed to scan tissues by uCT before and after sample preparation to address what
changes are occurring in the tissue due to shrinkage (Robinson et al., 2019). This could potentially
be used on fresh lung tissue prior to fixation alongside the development of rapid uCT scans

optimised for fresh tissue which is currently underway at the University of Southampton.

Following development, the correlative imaging workflow was applied to a small exemplar study
of COPD and non-COPD tissues to demonstrate the amount of biologically relevant information
that can be generated in a relatively short amount of time. Despite several metrics for analysing
the blood vessels, Ck18 and infiltrating cells no significant differences was observed between the
groups. This may reflect the samples used which came from lung cancer patients undergoing
surgical resection. The tissue was judged to be macroscopically normal with patients assigned to
different groups based on their lung function scores. These scores were calculated from
spirometry tests which, although widely used can present wide levels of variability regardless of
the disease state of the patient (Vogelmeier et al., 2017). The tests were also completed at
several different hospitals with differing diagnostic and research standards. Secondly, from the
initially identified tissue from the archived tissue bank, matching the clinical criteria, the choice of
samples included was based on the quick uCT scans of the tissue reported in section 4.3. Upon
visual inspection of the uCT scans specific exclusion criteria were applied to ensure that it would
be possible to analyse the blood vessels and airways of the tissue, resulting in the 11 tissue
samples selected having similar tissue microstructure. The similarities of the tissues were
reflected in the analysis, despite variation in tissue size and presence of airways, which did not
lead to any observable differences. However, the analysed data forms a good basis for future

studies with a larger number of samples which can be used to draw biologically significant
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conclusions. Something which was not possible with the small exemplar study size presented in
this thesis. Other limitations not related to the samples used in the study include the time taken
to generate the datasets. Although this has been significantly decreased from several weeks or
months to approximately 2 weeks of constant work, which is a big step forward, it is still too long
for larger studies. This time scale is also dependent on access to specific pieces of lab equipment,
namely the soft tissue optimised uCT system, the fluorescent slide scanning microscope and high
specification computer workstations. Without these the amount of time to generate and segment
the data will increase significantly. To mitigate these limitations a greater uptake of the
technology and equipment is needed for larger studies or multiple different studies to run
simultaneously. This would require a great deal of funding and physical lab space to

accommodate the acquisition and placement of the equipment.

Overall this work has shown the potential for correlative studies in FFPE lung tissue samples
investigating the 3D networks and infiltrating cell populations in non-COPD and mild-moderate
COPD tissue. Correlative imaging techniques have been widely used on mineralised tissue, most
notably bone, this is due to the high contrast uCT images which can be more easily correlated to
traditional histology (Lundin et al., 2017). Previous studies have also shown the use of similar
techniques in soft tissue imaging of the lung to investigate other respiratory diseases, such as IPF
(Tanabe et al., 2020). However correlative uCT projects of soft tissue are not limited to the lung,
following the methods developed and presented in this thesis, other tissues have been examined
following the exemplar studies using lung tissue. Work by the writer during the period of this
project has already contributed to work in other tissues by using correlative uCT and H&E imaging
of kidney to validate novel imaging techniques using phase tomography (Zdora et al., 2020). This
shows how the research field is branching out to image different soft tissues as well as lung. The
future of uCT imaging forming a new branch of X-ray histology to help inform research by adding
3D imaging to traditional studies (Katsamenis et al., 2019) is seen as the future of the field over
the next several years. The work in this project has developed this principle and will allow larger
studies using more automation to be able to draw biologically significant conclusions of diseases

which affect tissue microstructures and the cellular population associated with them.

6.1 Future work

The workflow reported in chapter 3 which was used for the data generation in chapters 4 and 5
illustrated the value of correlating 2D IF images with 3D uCT data. Currently, this workflow has

dramatically decreased the time taken to image and process the uCT data from several months to
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less than 2 weeks per paraffin wax block. Data acquisition of the uCT imaging, tissue sectioning,
staining and IF imaging are now the main bottlenecks in the workflow. However, both sectioning
and immunostaining can be automated and has been done in a diagnostic setting for many years
(Mawhinney et al., 1990), providing potential options to further automate the workflow. uCT
imaging hardware and methodology are being improved to decrease total scan times with the
hope of producing similar imaging results in less than an hour compared to the 8 or more hours
using current methods. This is still likely to take several years at the current pace of uCT
development, increased uptake of the technology could drive this development sooner, but this is
reliant on more studies like this one advocating its wider use in soft tissue imaging. The work in
this report showed that localisation of IF staining could be accurately registered as confirmed by
tissue morphology overlaps. This confirmed its potential for further use to investigate the
localisation of antigens identified by any working primary antibody within a 3D tissue volume,
even if they are not necessarily associated with specific structural features. There remain other
areas in the registration steps which could be more efficient to make the workflow more
automated and facilitate a higher sample throughput in the future. The initial resampling of the
UCT to the plane of histology sectioning is a manual and time consuming process. Although it only
needs to be done once per sample, implementing methods of automating this step (Chicherova et
al., 2018) would be valuable. The blood vessel segmentation, which currently relies on manual
seed point placement could also be further automated. This could be achieved by implementing
existing methods using machine learning to segment blood vessels (Wollatz et al., 2017),
combined with automated training from registered immunostaining of blood vessels to

automatically locate seed points for segmenting the blood vessel lumen.

Using the developed techniques for the exemplar study of mild-moderate COPD tissue showed no
biologically significant differences between the clinically similar groups. Some areas however
showed the potential for differences, most notably the blood vessel branching, which with an
increased number of samples would be interesting to see if any biologically significant differences
are observed. This could also be expanded to compare the differences with more severe COPD
samples with a GOLD rating of 3 or tissues with severe emphysema, which have not been studied
in the 3D scale provided by the correlative workflow used here. Assuming access to clinically
relevant FFPE tissue with intact microstructures an expanded study of the microvasculature in
COPD could be completed in 4-6 months. Again assuming tissue availability different respiratory
diseases could also be investigated using the same methodology as has been done previously with
IPF tissue (Jones et al., 2016). Different soft tissue types have been less-well studied by these
approaches in comparison to lung, the application and further development of the automated

registration for use with different tissue types would be interesting for broadening its use in
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numerous research fields. The main issue to be addressed is that many soft tissues are not as
heterogeneous as lung and it remains to be seen if the automated feature extraction tools work
on more homogenous tissues. This is already being explored by a PhD student who is working on
further development of the X-ray histology workflow for use in multiple tissue types.
Developments in image acquisition technologies, such as phase contrast enhanced imaging, could
also provide contrast to more homogenous tissues such as kidney or liver for use in correlative

imaging studies (Zdora et al., 2020).

The use of IF staining in the developed correlative imaging workflow for localisation of cell types
within the 3D volume based on antigenicity facilitates future studies of any cell type, so long as
they can be identified by a specific primary antibody in FFPE tissue sections. Future work for this
project would be the completion of the CD68 staining in the remaining 10 tissues to at least the
same level as the AA1 staining, which would take 3-6 months using the developed workflow.
Macrophages have a much more well-defined role in COPD so it will be particularly interesting to
see if there are any changes to the CD68 analysis between groups. There are numerous other
pathologically relevant cell types which could be investigated in COPD, as well as a multitude of
other respiratory diseases. Future work using the methodologies presented here are already
being used in PhD projects investigating different cell types in COPD. The novel use of distance
maps from segmented 3D networks presented here could be used as a new metric for measuring
cellular distribution in wide-field imaging within the context of the 3D tissue. However, the
measures presented here cannot give the cellular analysis in context of the tissue volume due to
the staining being done on thin (4 um) sections of tissue. To provide true 3D cellular data there
are potential methods which could be used. The first would be to use newly developed nuclei
counter stains for uCT imaging which do not affect antibody based staining (Metscher, 2020). This
would provide the 3D localisation of cell nuclei which could be registered to the 2D IF staining to
identify individual labelled cells per unit volume. This could potentially be further investigated to
assess the relationship between the individual cells and the 3D tissue microstructures. Another
option would be to perform 3D fluorescence imaging using a light sheet microscope, this uses thin
planes of fluorescent light through a volume of tissue to build 3D IF data which could then
potentially be registered to the 3D uCT volume (Power and Huisken, 2017). However, there are
numerous issues including sample preparation and size which currently limit the use of light sheet

microscopy for correlative studies.

With a longer time scale and a larger budget the work reported in this thesis could be used to

investigate much larger cohorts of patient tissue samples, in a fraction of the time currently taken
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for similar studies. This could be applied to a multitude of tissue types as uCT developments
enable faster image acquisition with greater contrast and higher resolution. This could be
achieved by hardware developments such as better optics, detectors or different acquisition
techniques like phase contrast (Zdora et al., 2020). However, this would require extensive
hardware development outside the scope of this project. The data that could potentially be
acquired following these developments would allow image registration to immuno-histological
images with a greater degree of accuracy. Closer registration and observed similarities between
histology and non-destructive uCT could then be used for true 3D X-ray histology from uCT tissue
volumes (Katsamenis et al., 2019). These images could potentially be used to characterise the 3D
distribution of cellular information far more accurately than the methodology used in this study.
This information could then be used in numerous studies of disease investigating the changing
numbers and distributions of individual immune cells or structural proteins within clinically
relevant 3D soft tissue volumes. Further into the future this registered information could be used
for machine learning and the use of artificial intelligence for image analysis. This is a relatively
new area of study being looked at in both research and clinical areas (Holzinger et al., 2017,
Adams et al., 2020). The registered data of different cell types and features identified by IF and
correlated with uCT, using the developed techniques reported in this thesis, could be used as
training datasets for automated segmentation and subsequent analysis of more uCT datasets. This
could eventually lead to the point where cells and features can be identified in uCT (or equivalent)
data without the need for additional destructive imaging techniques. However it is important to
note that correlative imaging workflows, like those reported here, will be required for a long time

before that point is potentially reached for both research and clinical imaging.

Over the next few years it is hoped that the methodology workflow and results presented here
will be used to drive larger studies of soft tissues using correlative X-ray histology. Over the course
of the last year of this project the world has been facing the COVID-19 pandemic which has
opened up a new field of respiratory research. The techniques presented here could be used to
further study the effects the virus is having on lung tissue microstructure and how the distribution
of cell types of interest are changing between patients. Interest in this work has already been
expressed by COVID-19 research groups who are currently trying to find new methods for
investigating the effects of the virus. The use of the developed methodology and results to
provide new context and insight into well-studied conditions like COPD and the potential use in
new respiratory studies demonstrates the utility and usefulness of the work reported here to be

used in many differing future studies.
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Appendix A

A.1 Full Table of patient characteristics used in this project

Tissue HLO93  WLOS8  HLO7S 0660 WLOBS  EVIIBI  HWLIS4  TL1127  HLOSA  HL3B2  EVO27  EVO20  EVIO4  HLLIS  HLOBS  MWLIIE  MLI2E  MLISE
SOV ingl  Wingz  lungd  COPDL  COPD2  COPD3  COPDA  coeps "OTEOFD:NonfORD:MamCORD:Non CORD: Non ORD: Nan EOPD: 5
Procedure Lobect I Bullectomy Lob Lebectomy L Lobect: b ¥ Lobectamy L Lobectamy Lok b b Lobectomy Lobectomy
Patient
characterist Indecation an:ﬂxupm:mrm::m Cancer  Cancer Cancer  Cancer  Camcer  Cancer Cancor  Cancer CR0Cu RS Cetiog S S Caricue how, Cocm o K o che
s
hge £ n 1 7 7% [ 70 5 67 &6 w9 ] 6 66 &7 70 73 74 67
Sex P M M F M F F M ¥ E Y] F Y] ™M M F ] M ™M
FEV1 267 HiA N 142 197 114 161 21 236 19 177 199 265 334 NfA 137 204 332 185
*
. 7T L1 WA 7 1} 88 83 65 100 7 63 126 85 85 /A 80.5 100 106 51
Sprometry  FVC 335 Wi nia 158 317 .33 244 35 3.08 252 218 267 336 444 NfA 215 168 419 259
%
precicteet B2 N/A NFA 100 a2 82 105 BG 100 107 59 138 8 LT /A 87 0 98 67
FEVI/FVC 079 L1 Nt 056 D2 0.5 065 0.59 077 075 081 075 0.79 (54 077 064 0.76 079 062
GOD
Status 0 NiA NFA 2 2 2 1 2 o 0 o o L] o [} 1 0 o 2
sm" Mone  Neme  Mome  Curemt  Curent  Current £ B Current & Bx Ex Current  Current  None B Curemt  Ex E
Packyears - - - 50 - 35 50 B0 T 5 T 26 10 T2 - 40 n 15 45
Years ex - - - - - - - 1 - - % 1 - - . - - 34 &
Recent
i ; N N N N N - LIS N/A L] N N N/A N N N N N N
History of
all L N N L L & LI N ¥ N L4 LIEY M ¥ ¥ ¥ N N
Histary of
it N N N N N - L1 N/A N - X N HiA N N N N i N
Emphysem
a
Coeliac £ S
) Asthena, disyone, RTINS Frmartngl
o Lupus, b i i Fypertensi Fheumatal TP and meneres g ROROR g AT, M, Hypertensi a.a:::
thyrotaxlce  Mene None < YPeriemsl  bagina, B it A nee il ditease, hypertensio ' Hypertensi by
mochidities . on, COPD hypertensi hyperchole  on d arthritis esophagus, A on an [tyne 1],
Medical sis & wirneras replacema peastate & n, reflux on, Lupus Ostacarthrt
Histary L hypertroph o s cOPD 1,
i Hyperchole
storolaamia
Salmetenal,
Gliclazice,
Bendroflum
Atencil, Aspirin, Spirtva,
Aspirin Hydrawychl Pizotifen, Ipratrapiu Dibydrocod
. GIN, aroquine, Lansopeaco Lansograze o Angitel, cocedamal,  m, @ine,
Medication WAIn. ST vastatin  peptac, s 3miosipine, melowcam, e, Micorette, PO i Lsinogel,
carbimazol  Mone Maone : 1y + FANticiNE, mebeverin © losartan,  Mone  thyrcaine, Symbicort, i Ramipril, valsartan, 8, & GTN,  Aspirin, , Ramipril,
F o, plaquont “‘“’""E"’ amilodging ™Ry lansoprazol  Spiriva, . ine Elantan, i
. ®, co- Venitolin lumarate |, Innovace Perindopril, e Omepearcl
bendrofium dydramol Fusemide, Salmetercl .
othazidn Arovastatin Metformin,
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ne,
Amitryptyli
ne
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A.2 Table of laboratory equipment used in this PhD project

Equipment name

HistoStar paraffin
wax embedder

Med-X

Leica RM2135
wax microtome

Olympus V5110

IRIDIS-5
visualisation
cluster

Main uses in project
Used for embedding formalin-fixed
tissue in paraffin wax

Prototype pCT scanner used for
image acquisition of all uCT

Company

Thermo Scientific

Nikon X-Tek Systems Ltd.

Used for sectioning FFPE lung tissue Leica Biosystems

Fluorescence slide scanning
microscope used forimage
acquisition of H&E and IF stained

Olympus

HPC used for image processing and

University of Southampton

A.3 Table of software used in this PhD project

Software
(version no.)

Inspect-X

CTPro
(v5.1.6054.18526)

vsi10/
VS Desktop

ITK-Snap
(v3.6)

NICE EnginFrame

(v 2020.0-r58)

GraphPad Prism
(v8.4.3)

Fiji (Imagel)

Fiji plugin-BigWarp

Fiji plugin-
Feature extraction

Fiji plugin- Bonel
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Main uses in project

Proprietary software for
driving the Med-X pCT
scanner and image

Reconstruction of uCT
projections into 3D datasets
WCT plane correspondence

Network analysisand

Proprietary software for
image acquisition using the
V5110sslide scanning

Visualisation and conversion
of raw wide-field microscopy

Blood vessel segmentation
Interpolation of Ck18

User interface for access to
the IRIDIS-5 HPC computer
A Amazon web company
cluster at the University of
Statistical analysis and
plotting graphs used in GraphPad Software
Basic image processing of
UCT and histology images
(e.g. rotation, background
subtraction, filtering)

Plugins (detailed below)
used for image processing

Main component of
;automated warping script’

Main component of
;automated warping script’

Calculating thickness maps

Company Links/references

Nikon X-Tek Systems  https://www.nikonmetro

Ltd. logy.com/en-
gb/product/inspect-x

Nikon X-Tek Systems

Ltd.

Thermo Fisher
Scientific

Olympus -

http://www.itksnap.org

https://www.ni-

sp.com/nice-enginframe/

https://www.graphpad.c

om/

https://imagej.net

https://imagej.net/BigW
arp

https://imagej.net/Featu
re_Extraction

- https://imagej.net/BoneJ
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A.4 The ‘Rotate_Reslice_Blockface’ script as plain text for use in Fiji

/*Copyright 2018, 2019 University of Southampton
Mr Matthew Lawson
Clinical and experimental sciences
Faculty of Medicine
Licensed under the Apache License, Version 2.0 (the "License");
you may not use this file except in compliance with the License.
You may obtain a copy of the License at
http://www.apache.org/licenses/LICENSE-2.0
Unless required by applicable law or agreed to in writing, software
distributed under the License is distributed on an "AS IS" BASIS,
WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
See the License for the specific language governing permissions and
limitations under the License.
*/
//script for rotating and reslicing micro CT stacks into the same orientation as the cutting face of the block
//user asked to draw line to calculate 1st angle of rotation
setTool("line");
ID = getimagelD();
waitForUser("Draw Line on Front Edge of Block!"); run("Measure");
Anglel =getResult("Angle");
run("Select None");
title = getTitle(); //print(stackName);
dotindex = indexOf{title, ".");
basename = substring(title, 0, dotindex); //removes .tif from title

run("Rotate... ", "grid=1 interpolation=Bicubic stack enlarge stack angle="+ Anglel);
run("Reslice [/]...", "output=1 start=Left rotate avoid");
selectWindow(title);
close();
selectWindow("Reslice of "+basename);
//user asked to draw line to calculate 2nd angle of rotation
setTool("line");
ID = getimagelD();
title = "User Action Required:";
msg = "draw a line to measure the angle at the front of the tissue\nthen click \"OK\".";
waitForUser("Draw Line on Front Edge of Block!"); run("Measure");
Angle2 =getResult("Angle");
run("Select None");
run("Rotate... ", " grid=1 interpolation=Bicubic stack enlarge stack angle="+Angle2);
//user will be asked to draw a rectangle around the roi to crop down the final resliced image
setTool("rectangle");
ID = getimagelD();
title = "User Action Required:";
msg = "draw a rectangle around the roi\n move the slider to ensure all tissue is in the rectangle\nthen click \"OK\".";
waitForUser(title, msg);
run("Reslice [/]...", "output=1.000 start=Top avoid");
selectWindow("Reslice of "+basename);
close();
selectWindow("Reslice of Reslice");
//save resliced file with appropriate name

A.5 Fiji script used with Weka for large images

// @File(label="Input directory", description="Select the directory with input images", style="directory") inputDir

// @File(label="Output directory", description="Select the output directory", style="directory") outputDir

// @File(label="Weka model", description="Select the Weka model to apply") modelPath

// @String(label="Result mode",choices={"Labels","Probabilities"}) resultMode

// @Integer(label="Number of tiles in X:", description="Number of image subdivisions in the X direction", value=3) xTiles
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// @Integer(label="Number of tiles in Y:", description="Number of image subdivisions in the Y direction", value=3) yTiles
// @Integer(label="Number of tiles in Z (set to O for 2D processing):", description="Number of image subdivisions in the Z direction
(ignored when using 2D images)", value=3) zTiles
import trainableSegmentation.WekaSegmentation;
import trainableSegmentation.utils.Utils;
import ij.io.FileSaver;
import ij.lJ;
import ij.ImagePlus;
// starting time
startTime = System.currentTimeMillis();
// caculate probabilities?
getProbs = resultMode.equals( "Probabilities" );
// create segmentator
segmentator = new WekaSegmentation( zTiles >0 );
// load classifier
segmentator.loadClassifier( modelPath.getCanonicalPath() );
// get list of input images
listOfFiles = inputDir.listFiles();
for (i=0;i < listOfFiles.length; i++)
{
// process only files (do not go into sub-folders)
if( listOfFiles[ i ].isFile() )
{
// try to read file as image
image = lJ.openimage( listOfFiles[i].getCanonicalPath() );
if(image !=null)
{
tilesPerDim = new int[ 2 ;
if( image.getNSlices() > 1)
{
tilesPerDim = new int[ 3 ];
tilesPerDim[ 2 ] = zTiles;
}
tilesPerDim[ 0 ] = xTiles;
tilesPerDim[ 1] = yTiles;
// apply classifier and get results (0 indicates number of threads is auto-detected)
result = segmentator.applyClassifier( image, tilesPerDim, 0, getProbs );
if( !getProbs)
// assign same LUT as in GUI
result.setLut( Utils.getGoldenAngleLUT() );
// save result as TIFF in output folder
outputFileName = listOfFiles[ i ].getName().replaceFirst("[.][*.]+S$", "") + ".tif";
new FileSaver( result ).saveAsTiff( outputDir.getPath() + File.separator + outputFileName );
// force garbage collection (important for large images)
result = null;
image = null;
System.gc();

}

// print elapsed time

estimatedTime = System.currentTimeMillis() - startTime;

1).log( "** Finished processing folder in " + estimatedTime + " ms **" );
System.gc();

A.6 The developed ‘automated warping script’ as plain text for use in Fiji

/*Copyright 2019, 2020 University of Southampton
Mr Matthew Lawson
Clinical and experimental sciences
Faculty of Medicine
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Licensed under the Apache License, Version 2.0 (the "License");
you may not use this file except in compliance with the License.
You may obtain a copy of the License at

http://www.apache.org/licenses/LICENSE-2.0

Unless required by applicable law or agreed to in writing, software

distributed under the License is distributed on an "AS IS" BASIS,

WITHOUT WARRANTIES OR CONDITIONS OF ANY KIND, either express or implied.
See the License for the specific language governing permissions and

limitations under the License.

Script for assigning SIFT landmarks to CT and FITC fluorescence images

Instructions for use:

1. create an input and output directory folders

2. Within the input directory place all the CT and fluorescence images to be transformed by the bigWarp plugin

3. Ensure consistent file naming- for this script ensure that matching CT and fluorescence slices have the same number at the start e.g.
'tissue no'_Sectionxx_...

4. Ensure file names end consistently for each image type e.g. "_CT.tif" for the CT image and "_FITC.tif" for the fluorescence image
used for warping e.g. autofluorescence,

5. up to 5 immunofluorescent markers (channels) can be implemented with this macro. If the number of markers > 5, the macro will
have to be modified accordingly.

6. Example file names: "HLO93_Section31_Ck18_CT.tif", "HLO93_Section31_Ck18_FITC.tif", "HL093_Section31_Ck18_CY5.tif",
"HL093_Section31_Ck18_DAPI.tif"

- the above example names would cover one CT slice to section pair for warping in an image separated into 3 fluorescence channels
7. saved files in the output folder will end with .bigwarped for each image

*/
//*************************************************************************************

//Select file locations and output save locations

dirIN = getDirectory("Choose the image source folder");
dirOUT = getDirectory("Choose the output folder");

win = 32; //filter for searching for duplicate landmarks, higher number will result in more deleted landmarks, if result is a black image
consider increasing this number

/ 3k 3k ok ok 5k ok ok ok ok ok ok %k ok ok 3k ok ok %k ok 5k ok ok 3k ok ok 3k ok ok ok % ok 5k ok ok 3k ok ok sk ok 3k 3k ok ok 3k ok ok 3k ok 5k 3k ok 5k ok ok 3k %k ok ok 3k ok ok 3k ok 5k %k ok 5k ok 3k sk ok ok ok %k ok ok %k ok ok %k kok ok k ok ok

//dialog box asking for nbr of immunofluorescence channels, and the images' suffix (CT, DAPI, CY5,...)

channelNbr = getNumber("How many channels (images to be registered) in addition to CT and autofluorescence?", 0);
channellist = newArray(channelNbr);

titlel = "Untitled";
title2 = "Untitled";

for(i=0; i<channelNbr; i++){
channellist[i] = "Untitled";

Dialog.create("Enter file name endings for each image type here (e.g. CT, FITC,...)");
Dialog.addString("CT:", titlel);

Dialog.addString("Autofluorescence:", title2);

for(i=0; i<channelNbr; i++){

Dialog.addString("Immunofluorescence (IFl) "+i+":", channellList[i]);

Dialog.show();
titlel = Dialog.getString();
title2 = Dialog.getString();
for(i=0; i<channelNbr; i++){
channellist[i] = Dialog.getString();
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}

Array.sort(channellist);
list = getFileList(dirIN);

//*************************************************************************************

// Sort the images by slice number and image type (CT, Autofluorescence (ex: FITC), up to 5 Immunofluorescence (ex:DAPI, CY5, ...)
// Creates lists for each image type

listCT = newArray(0);
for (i=0; ilist.length; i++){
if(endsWith(list[i], title1+".tif")){
listCT = Array.concat(listCT, list[i]);

}
Array.sort(listCT);

listAutoFl = newArray(0);
for (i=0; i<list.length; i++){
if(endsWith(list[i], title2+".tif")){
listAutoFl = Array.concat(listAutoFl, list[i]);

}
Array.sort(listAutoFl);

if(channelNbr == 1){
listIFI1 = newArray(0);
for(i=0; i<lengthOf(list); i++){
if(endsWith(list[i], channelList[0]+".tif")){
listIFI1 = Array.concat(listIFI1, list[i]);

}
if(channelNbr == 2){
listIFI1 = newArray(0);
listIFI2 = newArray(0);
for(i=0; i<lengthOf(list); i++){
if(endsWith(list[i], channelList[0]+".tif")){
listIFI1 = Array.concat(listIFI1, list[i]);
}
if(endsWith(list[i], channelList[1]+".tif")){
listIFI2 = Array.concat(listIFI2, list[i]);

}
if(channelNbr == 3){
listIFI1 = newArray(0);
listIFI2 = newArray(0);
listIFI3 = newArray(0);
for(i=0; i<lengthOf(list); i++){
if(endsWith(list[i], channelList[0]+".tif")){
listIFI1 = Array.concat(listIFI1, list[i]);
}
if(endsWith(list[i], channelList[1]+".tif")){
listIFI2 = Array.concat(listIFI2, list[i]);
}
if(endsWith(list[i], channelList[2]+".tif")){
listIFI3 = Array.concat(listIFI3, list[i]);

}

if(channelNbr == 4){
listIFI1 = newArray(0);
listIFI2 = newArray(0);
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listIFI3 = newArray(0);
listIFI4 = newArray(0);
for(i=0; i<lengthOf(list); i++){

if(endsWith(list[i], channelList[0]+".tif")){
listIFI1 = Array.concat(listIFI1, list[i]);

}

if(endsWith(list[i], channelList[1]+".tif")){
listIFI2 = Array.concat(listIFI2, list[i]);

}

if(endsWith(list[i], channelList[2]+".tif")){
listIFI3 = Array.concat(listIFI3, list[i]);

}

if(endsWith(list[i], channelList[3]+".tif")){
listIFI4 = Array.concat(listIFl4, list[i]);

if(channelNbr == 5){

listIFI1 = newArray(0);
listIFI2 = newArray(0);
listIFI3 = newArray(0);
listIFI4 = newArray(0);
listIFI5S = newArray(0);
for(i=0; i<lengthOf(list); i++){

if(endsWith(list[i], channelList[0]+".tif")){
listIFI1 = Array.concat(listIFI1, list[i]);

}

if(endsWith(list[i], channelList[1]+".tif")){
listIFI2 = Array.concat(listIFI2, list[i]);

}

if(endsWith(list[i], channelList[2]+".tif")){
listIFI3 = Array.concat(listIFI3, list[i]);

}

if(endsWith(list[i], channelList[3]+".tif")){
listIFI4 = Array.concat(listIFl4, list[i]);

}

if(endsWith(list[i], channelList[4]+".tif")){
listIFI5 = Array.concat(listIFI5, list[i]);

setBatchMode(true);

// 3k 3k 3k 3k 3k 3k ok 3k 3k 3k 3k 3k 3k ok sk 3k ok 3k Sk ok 3k 3k 3k ok 3k 3k ok 3k 3k 3k ok Sk 3k 3k 3k 3k ok 3k Sk 3k 3k 3k 3k 3k 3k Sk ok 3k Sk 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k ok ok 3k 3k ok 3k 3k ok %k k ok k ok ok ok

// loop through each list of images to match each CT image to its corresponding fluorescent images

for(f=0; f<listCT.length; f++){

open(dirIN + listCT[f]);

targetPath = dirIN + listCT[f];

CTtitle = getTitle();

CTname = File.nameWithoutExtension;

open(dirIN + listAutoFI[f]);

AutoFIPath = dirIN + listAutoFI[f];
AutoFITitle = getTitle();

AutoFlname = File.nameWithoutExtension;

if(channelNbr == 1){
IFI1Path = dirIN + listIFI1[f];

}
if(channelNbr == 2){
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IFI1Path = dirIN + listIFI1[f];
IFI2Path = dirIN + listIFI2[f];
}
if(channelNbr == 3){
IFI1Path = dirIN + listIFI1[f];
IFI2Path = dirIN + listIFI2[f];
IFI3Path = dirIN + listIFI3[f];
}
if(channelNbr == 4){
IFI1Path = dirIN + listIFI1[f];
IFI2Path = dirIN + listIFI2[f];
IFI3Path = dirIN + listIFI3[f];
IFI4Path = dirIN + listIFI4[f];
}
if(channelNbr == 5){
IFI1Path = dirIN + listIFI1[f];
IFI2Path = dirIN + listIFI2[f];
IFI3Path = dirlN + listIFI3[f];
IFI4Path = dirIN + listIFI4[f];
IFISPath = dirIN + listIFI5[f];

/ 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k ok 3k sk ok ok 3k sk 3k 3k sk ok 3k 3k ok ok 3k 3k ok 3k 3k 3k 3k 3k sk 3k 3k sk ok 3k 3k 3k 3k 3k sk ok 3k sk ok ok 3k ok ok sk k ok ok ok ok sk skok sk kk k-

// SIFT
//repeated SIFT and coordinate saving of matching features with different size filters

for (size=4; size<=28; size=size+4) {

print("\nRunning SIFT with feature descriptor size: "+size);

run("Extract SIFT Correspondences", "source_image=[CTtitle] target_image=[AutoFITitle] initial_gaussian_blur=1.5
steps_per_scale_octave=3 minimum_image_size=64 maximum_image_size=1024 feature_descriptor_size="+size+"
feature_descriptor_orientation_bins=8 closest/next_closest_ratio=0.92 filter maximal_alignment_error=25 minimal_inlier_ratio=0.05
minimal_number_of_inliers=7 expected_transformation=Affine");

selectWindow(CTtitle);

asd = selectionType();

if(asd==-1) {

print ("=== NO MATCH at size: " + size + " ===");
run("Select None");

}

else {

print("=== MATCHES FOUND at size: " + size + " ===");

selectWindow(CTtitle);
roiManager("Add");
selectWindow(AutoFITitle);
roiManager("Add");

}

selectWindow("Log");
saveAs("text", dirOUT+CTname+"_SIFT_log.txt");
run("Close");

print("SIFT computation finished. Searching for duplicates...");
print("");

// 3k 3k 3k 3k 3k ok 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k ok 3k 3k 3k 3k 3k ok 3k sk 3k 3k Sk 3k 3k 3k 3k ok 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k %k 3k ok 3k 3k ok ok ok ok k k

// search for duplicate landmarks by creating new array and not adding duplicate results to it

n = roiManager("count");
run("Set Measurements...", "display redirect=None decimal=3");
for(i=0; i<n; i=i+2){

roiManager("Select", i);

roiManager("Measure");
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nRes = nResults();

if (nResults==0) {
print("skipping image "+f);
run ("Close All");
continue;

for(i=1; i<n; i=i+2){
roiManager("Select", i);
roiManager("Measure");

CTx = newArray(nRes);
CTy = newArray(nRes);
Histox = newArray(nRes);
Histoy = newArray(nRes);
total = 0;

discarded = 0;

for (a=0; a<nRes; a=a+1) {
aCT=ga;
aHist = a+nRes;

xCT = getResult("X", aCT);
yCT = getResult("Y", aCT);
XCTRight = xCT + win;
XxCTLeft = xCT - win;
yCTup = yCT + win;
yCTDown = yCT - win;

xHist = getResult("X", aHist);
yHist = getResult("Y", aHist);
xHistRight = xHist + win;
xHistLeft = xHist - win;
yHistUp = yHist + win;
yHistDown = yHist - win;

exists = false;
for (1 =0; | < total; I=1+1) {
if (CTx[I]<xCTRight && CTx[I]>xCTLeft && CTy[l]<yCTup && CTy[I]>yCTDown && Histox[l]<xHistRight &&
Histox[I]>xHistLeft && Histoy[l]<yHistUp && Histoy[l]>yHistDown){
exists = true;

if (exists==false){
CTx[total] = xCT;
CTy[total] = yCT;
Histox[total] = xHist;
Histoy[total] = yHist;
total +=1;
} else{
print("Discarded duplicate CT - Hist: ("+xCT+", "+yCT+") - ("+xHist+","+yHist+")");
discarded +=1;

selectWindow("Results");
run("Close");

print("");
print("SIFT output with size filter 4 to 28 = "+n+" landmarks");
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print("Duplicates with 32x32 pixels exclusion window = "+discarded);
print("Number of landmarks left for Bigwarp = "+total);
selectWindow("Log");

saveAs("text", dirOUT+CTname+"_SIFT_UniquelLandmarks_log.txt");
run("Close");

run("Input/Output...", "jpeg=85 gif=-1 file=.csv use_file");

/ 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k 3k ok 3k 3k 3k ok 3k 3k ok 3k 3k 5k 3k 3k sk ok 3k sk ok 3k 3k sk ok 3k sk ok 3k sk ok 3k sk sk sk 3k sk ok sk sk ok 3k 3k sk ok ok sk ok ok ok ok sk ok ok ok ok

// create a table with co-ordinates in the 'bigwarp format' and save as a .csv

for(i=0; i<total; i=i+1){
setResult("Pt", i, "Pt-"+i);
setResult("TRUE", i, "TRUE");
setResult("Histox", i, Histox[i]);
setResult("Histoy", i, Histoy[i]);
setResult("CTx", i, CTx[i]);
setResult("CTy", i, CTyl[i]);
}
updateResults;
saveAs("Results", dirOUT+CTname +"_sift landmarks.csv");
landmarksPath = dirOUT+CTname +"_sift landmarks.csv";

selectWindow("Results");
run("Clear Results");
run("Close");

roiManager("save", dirOUT+CTname+"_ROl.zip");
run("Close");

/ Sk 3k 3k 3k 3k 3k 3k 3k ok 3k 3k ok 3k 3k 3k ok 3k 3k 3k 3k Sk ok ok 3k 3k ok 3k 3k ok 3k sk ok 3k 3k 3k 3k 3k 3k 3k 3k 3k ok 3k 3k 3k 3k 3k 3k 3k 3k 3k ok 3k 3k 3k 3k 3k 5k 3k 3k 3k ok 3k %k 3k %k %k ok k %k

// Bigwarp
// use unique landmark coordinates from SIFT to transform fluorescent images to match the CT

AutoFIPath=replace(AutoFIPath,"\\","/");
targetPath=replace(targetPath,"\\","/");
landmarksPath=replace(landmarksPath,"\\","/");

// matching autofluorescence image(s) to CT

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+AutoFIPath+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+AutoFIname+"_bigwarped.tif");

close();

// matching immunofluorescence image(s) to CT
if(channelNbr == 1){
open(IFI1Path);
IFIlname = File.nameWithoutExtension;
IFI1Path=replace(IFI1Path,"\\","/");
run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI1Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");
run("Enhance Contrast", "saturated=0.35");
saveAs("Tiff", dirOUT+IFILname+"_bigwarped.tif");
close();

if(channelNbr == 2){
open(IFI1Path);
IFl1lname = File.nameWithoutExtension;
IFI1Path=replace(IFI1Path,"\\","/");
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run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI1Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");
run("Enhance Contrast", "saturated=0.35");
saveAs("Tiff", dirOUT+IFIlname+"_bigwarped.tif");
close();

open(IFI2Path);

IFI2name = File.nameWithoutExtension;

IFI2Path=replace(IFI2Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI2Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI2name+"_bigwarped.tif");

close();

if(channelNbr == 3){

open(IFI1Path);

IFl1lname = File.nameWithoutExtension;

IFI1Path=replace(IFI1Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI1Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFILname+"_bigwarped.tif");

close();

open(IFI2Path);

IFI2name = File.nameWithoutExtension;

IFI2Path=replace(IFI2Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI2Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI2name+"_bigwarped.tif");

close();

open(IFI3Path);

IFI3name = File.nameWithoutExtension;

IFI3Path=replace(IFI3Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI3Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI3name+"_bigwarped.tif");

close();

if(channelNbr == 4){

open(IFI1Path);

IFl1name = File.nameWithoutExtension;

IFI1Path=replace(IFI1Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI1Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFIlname+"_bigwarped.tif");

close();

open(IFI2Path);
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IFI2name = File.nameWithoutExtension;

IFI2Path=replace(IFI2Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI2Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI2name+"_bigwarped.tif");

close();

open(IFI3Path);

IFI3name = File.nameWithoutExtension;

IFI3Path=replace(IFI3Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI3Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI3name+"_bigwarped.tif");

close();

open(IFl4Path);

IFl4name = File.nameWithoutExtension;

IFI4Path=replace(IFl4Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFl4Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFl4name+"_bigwarped.tif");

close();

if(channelNbr == 5){

open(IFI1Path);

IFI1lname = File.nameWithoutExtension;

IFI1Path=replace(IFI1Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI1Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFILname+"_bigwarped.tif");

close();

open(IFI2Path);

IFI2name = File.nameWithoutExtension;

IFI2Path=replace(IFI2Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI2Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI2name+"_bigwarped.tif");

close();

open(IFI3Path);

IFI3name = File.nameWithoutExtension;

IFI3Path=replace(IFI3Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI3Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFI3name+"_bigwarped.tif");

close();

open(IFl4Path);

IFl4name = File.nameWithoutExtension;
IFI4Path=replace(IFI4Path,"\\","/");
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run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFl4Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");
run("Enhance Contrast", "saturated=0.35");
saveAs("Tiff", dirOUT+IFl4name+"_bigwarped.tif");
close();

open(IFI5Path);

IFI5name = File.nameWithoutExtension;

IFI5Path=replace(IFI5Path,"\\","/");

run("Big Warp Apply", "landmarks_image_file=["+landmarksPath+"] moving_image_file=["+IFI5Path+"]
target_space_file=["+targetPath+"] resolution=Target field=Target point=[] x=0.1000 y=0.1000 z=0.1000 x_0=18.0000 y_0=23.0000
z_0=5.0000 x_1=20y_1=31z_1=7 interpolation=[Nearest Neighbor] threads=4");

run("Enhance Contrast", "saturated=0.35");

saveAs("Tiff", dirOUT+IFISname+"_bigwarped.tif");

close();

roiManager("reset");
run("Close All");

}

setBatchMode(false);
run("Close All");
exit("END OF MACRO");
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A.7 Link to repository of supplementary videos

All videos generated for visualisation of the data in this project can be found at the following

http://doi.org/10.5281/zenodo.4309950

A.7.1 Blood vessel segmentation with ITK-SNAP

Video showing the real time process of segmenting a blood vessel from puCT lung data
using ITK-SNAP.
A.7.2 Lung 1 summary video

Video summary of the uCT data from method development tissue HL093 (Lungl) showing the 2D
slices through the sectioned volume building into the 3D volume rendering. The segmentation of

blood vessels (red) and Ck18 can also be seen in 2D and 3D.

A.7.3 Lung 2 summary video

Video summary of the uCT data from method development tissue HL0O98 (Lung2) showing the 2D
slices through the sectioned volume building into the 3D volume rendering. The segmentation of

blood vessels (red) and Ck18 can also be seen in 2D and 3D.

A.7.4 Non-COPD-5 Blood vessel thickness-3D

A 360° rotation of the 3D blood vessel thickness map of the Non-COPD-5 tissue seen in Figure 4.5.

A.7.5 COPD-4 Blood vessel thickness-3D

A 360° rotation of the 3D blood vessel thickness map of the COPD-4 tissue seen in Figure 4.5.

A.7.6 COPD-4 Full segmentation of sectioned volume

A 360° rotation of the full segmentation seen in Figure 5.18. The uCT volume has been made
semi-transparent to visualise the segmentation of blood vessels (red), Ck18 (blue), dilated AA1-

mast cells (pink) and dilated CD68-macrophages (yellow).
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A.8 Images of exemplar negative controls used in IF imaging

The upper image shows a section of FFPE lung tissue stained only with an Alexa Fluor® 647
secondary antibody imaged with the Cy5 channel. The lower image shows a neighbouring tissue

section stained for Ck18 using the same secondary antibody.

Secondary antibody only control example

Example Ck18 positive staining on
neighbouring section
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A.9 Preliminary results of AA1 distances from thick and thin blood
vessels.
The top graph shows the non-COPD-5 tissue distance plots as line graphs from the thinnest and

thickest blood vessels identified in the volume (um). The lower graph shows the COPD-4 tissue

distance plots as line graphs from the thinnest and thickest blood vessels in the volume.
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