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Abstract

Accurate placenta histopathology assessment is essential for immediate and life-
long clinical management of mother and newborn health. However, the placenta’s
heterogeneity and high disease tolerance are challenging for robust, reproducible
histological analysis and detection of pathological changes. Placenta histology
slides contain upwards of a million cells and tens of thousands of micro-anatomical
tissues. High-throughput, quantitative and objective metrics of placental biology are
therefore valuable for placental investigations in clinical and research settings. Deep
learning for digital pathology has the potential to provide these high-throughput
metrics, but the placenta has received relatively little attention compared to
other organ histology.

In this work, I present a three-stage hierarchical deep learning pipeline for
analysing the placenta from the bottom up. The pipeline outputs rich and
interpretable biological metrics following the organ’s anatomical hierarchy. I start
the pipeline at the cellular level, localising all nuclei across a slide and classifying
them into one of 11 cell types. Using the nuclei coordinates and cell classes, I
construct a whole slide cell graph that mirrors cellular community interaction
within micro-anatomical tissue structures. I develop a scalable graph neural
network which uses constituent cells to predict one of 9 tissue microstructures
in the placenta parenchyma.

The whole slide cellular and tissue microstructure predictions match expectations
from placental biology literature and closely replicate those from independent clinical
experts. I use these whole slide metrics to quantify healthy variation in the term
placenta and find that significant pathological changes are caused by common
placental lesions. Finally, I develop a novel graph compression autoencoder with a
custom compression algorithm for unsupervised region clustering. This work is a
step towards automated, interpretable and high-throughput metrics for assessing

placental health, with potential applications in both clinical and research settings.
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1.1 Motivation

Accurate placenta histopathology assessment is essential for immediate and life-long
clinical management of mother and newborn health. Placenta pathology informs
immediate clinical treatment, clinical intervention and management for long-term
adverse maternal and child health outcomes, predicts recurrence risk in subsequent
pregnancies and explains underlying causes of pregnancy loss [1H9]. From a research
perspective, placental histopathology can determine new biomarkers of disease,
such as the recently identified SARS-CoV-2 placentitis [10, |11], and improve our
understanding of the biological mechanisms of healthy development and disease
processes. There is increasing evidence for the impact of the placenta on fetal
developmental origins of health and disease and changes to the maternal body

with life-long health consequences [12-18].
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The placenta is unique among organs for its transience, heterogeneity, and high
disease tolerance, making it challenging for histological analysis. It is a rapidly
changing organ with expected anatomical differences week by week where ‘normal’
can only be assessed in reference to gestational age [8]. It is heterogeneous both
within the same sample and across samples [8, [19], with inherent genetic mosaicism
not found anywhere else in the body [20]. The placenta exhibits a high reserve
capacity, redundancy and adaptive capabilities with lesions present in placentas
from uncomplicated pregnancies [8, (13} 21, 22|, making it challenging to define a
normal placenta. It has been said that “if you’ve seen one normal kidney, you’ve
seen them all, but to see a normal placenta takes years of experience” [23].

The difficulty of placenta histology analysis is reflected in low inter-observer
reliability among pathologists for placental features and pathologies |8} |19} 24-27].
This is especially true when comparing specialist perinatal pathologists to general
surgical pathologists [28-30], with one study reporting that “there is no agreement
between General Surgical Pathologists and Perinatal Pathologists when assessing
placental pathology other than Acute Inflammation, and weak agreement even for
Acute Inflammation” [29]. However, there are few perinatal pathologists relative to
the number of submissions to placenta histology investigation |19} 31]. In the UK,
the Royal College of Pathologists reports that there are fewer than 70 perinatal or
paediatric pathologists |32] for around 600,000 annual births [33], where 20-40%
of those are submitted for histological investigation |3} 34-36]. As a consequence,
findings may be assessed by non-specialists and with 1 in 200 pregnancies resulting
in stillbirth or neonatal death [37] 38|, there can be long wait times to receive post-
mortem results [37, 39]. As not all institutes have a pathology lab, if pathologists are
unavailable, samples may be stored before being processed for pathology. However,
the duration and type of storage can impact placental morphology and potentially
influence diagnosis [22, |40, |41].

Challenges in the clinical setting are further compounded in the research setting.
Despite its importance, the placenta has been a historically understudied organ

[4, 113, |31, |42/-45], suffering from a general lack of funding for reproductive biology
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research [45] and awareness in the public eye. The placenta’s high heterogeneity,
temporal variability and disease tolerance require large cohorts with rich whole slide
phenotypes, but expert time to curate such data is limited. Placenta histopathology
is traditionally studied using stereology, an unbiased sampling technique for general-
ising from manually identified features in randomly sampled sites [46-48]. However,
the requirement for manual annotation can limit study sample sizes and either take
up perinatal pathologists’ time or have annotations generated by non-experts.
Artificial intelligence (Al) for digital pathology has the potential to provide high-
throughput metrics to assist in clinical diagnosis and offer automated, comprehensive,
and quantitative phenotypes for accelerating research [49]. However, the placenta
has seen little attention in this space, with few methods explicitly developed for
placenta histology [50-53]. A lack of open placenta histology repositories and
datasets has further led to its exclusion from large multi-organ AI models. There
is much that we still do not know about the placenta, and many highlight the

need for more research |3, [8, |54}, 55].

1.2 Contribution

In this thesis, I present a series of deep learning digital pathology models for
comprehensive phenotyping of placenta histology. I approach this analysis ‘from the
bottom up’, starting at the nucleus, building through cells and micro-anatomical
tissue structures to the slide- and patient-level. The method outputs rich whole
slide metrics at each scale, enforces a biological prior based on hierarchical placental
anatomy, and is validated against explainable biology at every step. I use these
whole slide metrics to quantify healthy variation in the term placenta and find
that significant pathological changes are caused by common placental lesions. This
research is a step towards outputting automated, interpretable and high-throughput
metrics for assessing placenta health. It has the potential to be developed into
a tool for assistive clinical and research histopathology, exploring the placenta’s

heterogeneity and disease tolerance and easing the burden on perinatal pathologists.
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1.2.1 Thesis Summary

In Chapter [2] I provide the background for placental biology across relevant
biological scales and describe current placental histopathology clinical practice.
I present an overview of the major advancements in deep learning which led to
the model architectures used in this work. Finally, I contextualise the research
within the field of digital pathology.

In Chapter [3] I describe the start of the deep learning pipeline. After detailing
our whole slide datasets and data collaborations, I present two deep learning models
for efficient whole slide cellular phenotyping. The first model localises all nuclei
across a slide, and the second classifies them into one of 11 placenta parenchyma cell
types. I explore the effect of augmentations on model generalisability and transfer
them to umbilical cord cells by fine-tuning with a small amount of data. This is the
first method for automated whole slide cellular phenotyping in placenta histology and
the first for classifying 11 different types of cell found in the placenta parenchyma.

In Chapter [, T use the nuclei coordinates and cell classes to construct a
whole slide cell graph that mirrors cellular community interaction within micro-
anatomical tissue structures. I develop a scalable graph neural network which uses
constituent cellular communities to predict one of 9 tissue microstructures in the
placenta parenchyma. I show how this model generalises to slides from a held-out
institute and present a comprehensive hyperparameter exploration. I compare
the performance of seven scaleable state-of-the-art graph neural networks and
describe a cell graph dataset release to the graph learning community for developing
new scalable architectures. It is the first method for automated classification
and localisation of tissue microstructures in placenta histology. It is one of few
methods using graph neural networks for node classification on cell graphs built
across entire whole slide images.

In Chapter [5] I use the prior models to generate aggregated whole slide
cellular and tissue microstructure metrics for quantifying healthy variation in
the term placenta. I validate the outputs against the agreement scores of four

practising perinatal pathologists and expectations from biology and placental
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literature. The proportion of cells, tissue microstructures, and cellular composition
of tissue microstructures matches expectations for healthy term placentas. This is
the first automated method that combines cell and tissue microstructure outputs to
quantify placenta histology and provides the first set of whole slide cell and tissue
microstructure benchmarks for healthy term placentas.

In Chapter [6] I first explore the aggregated whole slide cell and tissue
microstructure changes on slides with one or more of four clinically significant
parenchymal lesions. I find that there are significant differences in the cells and
tissue microstructures across slides with lesions and that these match the expected
pathological changes caused by these lesions. I then present preliminary work on
using a novel graph compression autoencoder with a custom compression algorithm
for unsupervised region clustering. This model is a new architecture for feature
reconstruction with a graph compression bottleneck and is the first application
of graph autoencoders to histology cell graphs.

In Chapter [7] I describe future directions for this research. Immediate
improvements can come from training with slides from earlier trimesters across
all placenta slide types and lesions currently of clinical interest. The methodology
explored in Chapter [6] can be extended with variants inspired by denoising diffusion
models and graph transformers. With large enough placenta whole slide datasets,
self-supervised phenotyping can be explored using methods like self distillation
and diffusion autoencoders. In the long term, developing an automated placental
histopathology software tool would provide the most real-world utility for assistive
clinical placental pathology and enriching placenta histology research.

In Chapter [8] I present an ethics impact analysis for this research and general
ethical considerations for biomedical collaborations. After describing the ethical
approvals obtained for this research and other ethical considerations, I cover four
potential fail states to account for in biomedical collaborations. These include
the risk of overreliance on Al, a lack of clinical or AI domain knowledge during
development and deployment, and the impact of using Al in clinical workflows

on the patient.
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2.1 Biology of the Placenta
2.1.1 Overview and Development

The placenta is the first organ that we form during pregnancy. It performs the
roles of fetal organ systems as they develop, it protects the fetus from the maternal
immune system, it regulates endocrine activity, and it facilitates the exchange of
oxygen, nutrients and waste . Unique cells of the placenta begin differentiating
along with the embryo 5-8 days after fertilisation [56]. This ball of cells, together
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with the encased embryo, adheres to the top or side of the uterine wall at 5-6
days, where it remains as the placenta until it is delivered after birth. By day 13,
the placenta begins to compartmentalise into its main structures. The embryonic
surface becomes the chorionic plate, the maternal surface becomes the basal plate,
and lacunae develop between the two, which fill with maternal blood. By day 35,
the placenta takes on its characteristic disk morphology (Figure , no longer
surrounding the developing fetus with a connection maintained by the umbilical cord.
The tissues of the placenta continue to mature and change throughout pregnancy
to meet the needs of the developing fetus.

The placenta has an unusual genetic profile, with inherent mosaicism [20],
making it highly heterogeneous, and unique cell types that have incorporated
ancient endogenous retroviral envelope genes for cell fusion [57-59]. The human
placenta is most similar to those of great apes but is otherwise unique among
mammals for its high degree of invasive placentation and internal branching villus
structure. These qualities are thought to trade off longer gestational periods and

fetal development for a higher risk of complications [13] |60].

2.1.2 Main Structures

At the start of the midtrimester, compartmentalised placental anatomy is established
[61] and consists of four main structures: the umbilical cord, the basal plate (also
called maternal surface), the chorionic plate (also called fetal surface), and the
parenchyma (Figure [2.1]). The umbilical cord connects the placenta to the fetus
and contains two arteries and one vein, which handle all vascular exchange between
the fetus and the placenta. The chorionic plate, the surface of the placenta facing
the fetus, is the first branching point of these veins and arteries. From the chorionic
plate, the chorionic villi grow into the maternal-blood-filled intervillous space that
was previously the lacunae. On the other side of the placenta is the basal plate,
which is the surface attached to decidualised maternal uterine tissue, anchoring
the organ and providing access to maternal veins and arteries. The parenchyma,

which is of focus in this research, is the region between the chorionic and basal
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Figure 2.1: Schematic diagram of a healthy term placenta with a histology
image on a glass slide. (a) Healthy term placenta schematic showing macrostructures
including the basal plate, chorionic plate and branching chorionic villi (not drawn to
scale). The fetal vasculature extends from the umbilical cord through the chorionic plate
and into the chorionic villi for maternal/fetal diffusive exchange. The maternal spiral
arteries supply the intervillous space with maternal blood, and the maternal veins remove
deoxygenated blood and waste. An example parenchyma slide sample site is shown by
the semi-transparent box. (b) The resulting histology section presented on a glass slide.

plates containing the chorionic villi and is the site of maternal/fetal diffusive

vascular exchange (Figure [2.1)).

2.1.3 Tissue Microstructures

The main structures of the placenta are composed of smaller tissue microstruc-
tures. Tissue microstructures, sometimes called functional tissue units, are micro-
anatomical communities of cells within an organ which interact towards a higher-

order function. They are the smallest organisation of tissue that performs a unique
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physiological function, replicated across the organ [62]. Examples throughout
the body include the nephrons of the kidney, the intestinal villi of the small
intestine, and the alveoli of the lungs. Categorisation and subcategorisation of tissue
into microstructures is somewhat arbitrary as biology is nuanced and continuous.
However, representing the biological organisation at a scale between the organ
and its cells is useful for clinical diagnosis and biological understanding. Changes
to the expected compositions of these tissue microstructures are indicators of
a pathologic process.

Focusing on the placenta parenchyma as it is of primary interest in this work,
tissue microstructures can be grouped into two main categories: the chorionic villi

and the maternal/fetal surfaces [23, |61].

Chorionic Villi

The chorionic villi comprise the fetal vascular system within the placenta (Figure
. Growing from the chorionic plate in a root or tree-like structure into the
nutrient-rich maternal blood-filled space, they provide a high surface area for
diffusive maternal-fetal exchange. The total surface of the villi at term is usually
around 11-16m? [48, 63]. Each type of chorionic villus consists of an outer epithelial
trophoblast layer and a vascularised stromal cell core.

The mesenchymal villus is the precursor to all other villus types [56]. They
develop from 5-23 weeks of gestation and are infrequently seen at term [61} 64].

The immature intermediate villus is the first villus type to differentiate from
mesenchymal villi [56]. Present from 8 weeks of gestation, by week 20 they have
differentiated into the structural stem villi and are essential for establishing the
structural support of the villus trees. If seen in large quantities at term, they
indicate a lack of villus maturation [65].

The stem wvillus is the base (or trunk) of the villus tree providing structural
support and vascular transport [23|, [56]. They are formed from the immature
intermediate villi after 18 weeks and remain until birth. Large stem villi support a

single fetal artery and vein but may also contain smaller vessels at their periphery.
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Figure 2.2: Fetal vascular system of the term chorionic villi. The fetal umbilical
vein and arteries connect to the chorionic plate from which the chorionic villi grow. Stem
villi provide a structural trunk and vessel transport for the rest of the villus tree. From
the mature intermediate villi grow the capillary-rich terminal villi with low diffusion
distances and high surface areas. Fetal blood is oxygenated by diffusive exchange at these
capillaries before being transported back through the chorionic tree to the umbilical vein.

The anchoring villus is a stem villus which has come into contact with and
anchored to the maternal stroma. By fusing against the basal plate, they maintain
the structure of the rest of the villus tree and allow for the proliferation of
trophoblasts into the maternal decidua, a process essential for further decidualization
and remodelling of maternal tissue .

The mature intermediate villus is the second villus type to differentiate from
mesenchymal villi, preferentially differentiating over immature intermediate villi
from the 24th week . Mature intermediate villi contain both small vessels
and capillaries and are the primary site of diffusive exchange before terminal
villi develop .

The terminal villus is the end stage of villus maturity, growing from the mature
intermediate villi rather than differentiating from another villus type. They appear
at 27 weeks and are the dominant villus type by the 34th week to term . Terminal

villi provide the shortest diffusion distance of 0.5-2 pm, more than 50% of their
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stromal volume is composed of capillaries, and there is a decelerated fetal blood
flow of around 80% within these capillaries [61}, 64]. A lack of terminal villi or too
many small and sparsely separated terminal villi at term indicate a villus maturity
disorder due to a hypoxic environment [64), 65].

The villus sprout is a protruding cluster of trophoblast cells growing from any
other villus type. They are the first step in new villus branching growth in early
gestation. At later gestation, they contain a clustering of syncytiotrophoblast
nuclei (syncytial knots), which decrease the syncytium width, thereby optimising

maternal-fetal diffusion [56].

Maternal/Fetal Surfaces

On either side of the placenta parenchyma are the maternal and fetal surfaces: the
basal plate and the chorionic plate. These surfaces overlap and merge near the
placental margin, called the marginal zone, to enclose the intervillous space [67].

The chorionic plate is the entry point for the fetal vasculature into the placenta.
It is the supporting base of the chorionic villus tree system to which the umbilical
cord attaches and contains the primary fetal veins and arteries. It is partially
fused with the outer amnion membrane.

The basal plate is the entry point for the maternal vasculature into the placenta.
It is the boundary between the fetal placenta and maternal tissue, providing access
for the uterine glands, spiral arteries and uteroplacental veins into the intervillous
space [67]. As the maternal decidual tissue becomes a part of the basal plate, it
will contain a mix of cells of both maternal and fetal origin |68]. Basal septa are
protrusions of the basal plate into the intervillous space, partially dividing it and

the contained chorionic villi into lobes [67].

2.1.4 Cells

Cells are single- and multi-functional biological primitives comprising all structures
in the body. There are an estimated 36 trillion cells in the adult human male and

28 trillion in the adult human female [69)]. Different kinds of cells perform vastly
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different roles, reflected in their morphologies, endocrine and chemical activities,
cell-to-cell interactions, and locations.

In the placenta, cells can be grouped into three main categories: the trophoblast
cells, the mesenchymal-derived cells (also called villus stromal cells), and extravillus
cells. Some of these cells, such as fibroblasts and vascular endothelial cells, are found
throughout the body, and some are unique to the placenta. This categorisation
is not exhaustive but follows the current scientific convention where possible and

aims to summarise conceptual cellular function across the placenta.

Trophoblast Cells

Trophoblasts are a cell type uniquely found in the placenta. Believed to have
originated through the incorporation of endogenous retrovirus genes [57-59], they
are the first cells to differentiate from the fertilised egg [70]. During early pregnancy,
trophoblasts form the initial barrier between the mother and fetus and are essential
for implantation and interaction with the decidualized maternal uterus [71]. The
exact subgroups of trophoblasts are unknown, and consensus has changed over time
[71473], but for our purposes, any trophoblast outside of a chorionic villus structure
will be referred to as an extravillus trophoblast |56, [74].

The syncytiotrophoblast is a single multinucleated epithelial cell layer forming
the syncytium. It is the surface membrane of all chorionic villus structures, creating
a physical and biochemical barrier between fetal tissue and maternal blood and
preventing the maternal immune system from detecting foreign fetal tissue and
triggering an immune response [59]. The syncytiotrophoblast is the site of the
placenta’s highest metabolic and endocrine activity and secretes many of the
hormones essential for maintaining pregnancy [56} 75]. They are unable to proliferate
and are sustained by the fusion of cytotrophoblasts [58|. As pregnancy progresses,
syncytiotrophoblast nuclei will group into clusters called syncytial knots.

The cytotrophoblast, found in a secondary layer below the syncytiotrophoblast
[76], are precursor stem cells to the syncytiotrophoblast and extravillus trophoblasts

[58,172]. A full layer of cytotrophoblasts surrounds each villus during early pregnancy,
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but as pregnancy progresses, they become sparse [76]. As such, the proportion of
cytotrophoblasts across a slide relative to gestational age can indicate accelerated
or decelerated villus maturation [77]. Hypoxia induces cytotrophoblast proliferation
[76], and excess cytotrophoblasts have been associated with pregnancy complications
such as maternal diabetes and preeclampsia [78§].

The syncytial knot is a clustering of four or more syncytiotrophoblast nuclei [79].
As pregnancy reaches term, syncytiotrophoblast nuclei form into syncytial knots,
reducing the diffusion distance across the vasculosyncytial membranes that separate
maternal blood and fetal capillaries [72]. They are indicators of villus maturity [79]
with a lack of syncytial knots suggesting delayed maturation and a diagnosis of
fetal vascular malperfusion [80]. Likewise, too many syncytial knots can suggest
maternal vascular malperfusion and an adaptive response by the placenta |72} |81].

The extravillus trophoblast is any trophoblasts external to a chorionic villus
[56]. From implantation to term, trophoblasts leave fetal villi and invade maternal
uterine tissues [66, 71]. At various sites (uterine glands, veins, arteries), they
remodel the tissue to facilitate nutrient exchange [66]. The most well-documented of
these processes is the remodelling of maternal spiral arteries through a breakdown
of the endothelium into low-resistance, high-capacity vessels facilitating blood
flow into the placenta [71]. Abnormal invasion of trophoblasts is associated with
pregnancy complications such as preeclampsia, fetal growth restriction, and excessive
implantation [82]. Extravillus trophoblasts are also present in fibrin, cysts [83]
and lesions such as placental infarcts [84], but are thought to be of no clinical
significance in these regions. Extravillus trophoblasts have been found in maternal

blood and organs prenatally and postpartum [85].

Mesenchymal-Derived Cells

The mesenchymal-derived cells, also known as villus stromal cells, are cells which are

only found within the chorionic villus stroma and differentiate from mesenchymal
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cells. In early pregnancy, the villus stroma predominantly consists of undiffer-
entiated mesenchymal cells [61]. As the pregnancy progresses, these cells take
on specialised roles.

The undifferentiated mesenchymal cell, also called V-cells [86] or not otherwise
specified (NOS) mesenchymal cell, are stem cells to all other cells found in the
villus stroma. Found in the loose reticular stroma of early gestation chorionic villi,
they are not frequently seen at term [56, [61].

The fibroblast is a structural cell type that produces the extracellular matrix
and types I and types III collagen that maintains the villus stroma [56]. They
are present throughout the body, but in the placenta, they can take on unique
fibrocyte-like roles [87]. Fibroblasts differentiate into myofibroblasts in response
to injury and myocytes to support blood vessels.

The vascular endothelial cell lines the inner surface of blood vessels and capillaries
and is essential for new vessel development (angiogenesis). In response to vascular
endothelial growth factor, vascular endothelial cells proliferate and migrate to the
source of angiogenic signals, supporting new vessel formation at this site [8§]. As
a primary function of the placenta is vascular diffusive exchange, inappropriate
capillary density relative to gestational age indicates a perfusive deficiency.

The vascular myocyte, or smooth muscle cell, is a structural cell type found in
the media of blood vessels throughout the body. It supports the elastic property of
these vessels through its contractile ability. In the placenta, fibroblasts differentiate
into myofibroblasts that become vascular myocytes [56].

The Hofbauer cell is a macrophage uniquely found in the placenta of fetal
origin [89]. Unlike macrophages found in other parts of the body, they are not
believed to be part of an immune response. Instead, they are thought to coordinate
endocrine activity, signalling other villus cell types and promoting the maturation
and development of the placenta mesenchyme [55, 56, [89]. However, there is
still uncertainty regarding the exact function and role of Hofbauer cells [55, |89].
Hofbauer cells undergo morphological changes across gestation, becoming difficult to

distinguish from other stromal cells without immunohistochemical staining |89, 90].
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Extravillus Cells

I use the name extravillus cells to refer to cells found outside of and not derived
from the chorionic villi.

The maternal decidual cell is a decidualized endometrial stromal cell found in
the basal plate of the placenta |61, |91]. Mesenchymal endometrial cells differentiate
into decidual cells in the presence of elevated progesterone levels approximately 6
days after ovulation [91]. They are essential for controlling trophoblast invasion
and further decidualization |92]. Defective decidualization is linked to infertility,
recurrent miscarriage and placenta accreta [91, 93, (94].

The leukocytes, otherwise known as white blood cells, are immune cells that
can be found throughout the body, including the placental tissues and fetal and
maternal blood. In large quantities, they indicate an immune response and, in
the placenta, are used to diagnose a host of chronic or acute inflammatory lesions,
such as chorioamnionitis, villitis and premature rupture of fetal membranes [95, 96].
Leukocytes may be subcategorised into neutrophils, lymphocytes, and monocytes,
including plasma cells, macrophages and natural killer cells.

Fetal red blood cells are oxygen-carrying cells in the blood of fetal vessels.
At earlier gestations, they are nucleated, but this nucleation decreases across
gestation such that, when present in large quantities at term, they indicate a
pathology (97, [9§].

The amniotic epithelial cell or amniocyte is a pluripotent stem cell derived from
the amnion which surrounds the fetus and chorionic plate. In the placenta, it is

found in the amnion lining of the umbilical cord and chorionic plate.

2.2 Clinical Placenta Histopathology

Histopathology is the study of disease at the microscopic level through the analysis
of histology slides. A histology slide is a sample of an organ prepared, sliced, stained,
and placed on a glass slide (Figure for examination under a microscope by a

pathologist. Slides may be digitised using microscope scanners and analysed on
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computers using specialised software. Pathologists are clinicians who specialise in
histology analysis, and perinatal pathologists are pathologists who further specialise
in the placenta. Histopathology allows us to inspect an organ at the cell level and is
vital to many kinds of clinical diagnosis. For example, taking a biopsy of an organ
to identify if a tumour is cancerous is a part of histopathology.

Histology slides are prepared by histology labs, and placenta slide preparation is
similar to that of other organs. The sampled placenta tissue is first formalin-fixed
to preserve the structure and prevent decay. The tissue is dehydrated with alcohol
and cleared using xylene to remove liquids and colouration. Once the tissue is
prepared, it is embedded in paraffin wax and sliced into 5 pm thickness slices
ready to be placed on a glass histology slide. The slice is stained, usually with
hematoxylin and eosin (H&E), and mounted on the glass slide. The slide is now
ready to be analysed under a microscope or digitised.

For placenta histology, there are four kinds of slides: umbilical cord, maternal
surface, maternal /fetal extraplacental membranes in a roll, and the parenchyma
(main section). Guidelines recommend that a placenta submitted to microscopy
should be sampled for histology at least once for the umbilical cord, once for the
membrane roll, once for the maternal surface, and at two parenchyma sites, in
addition to any lesions which are identifiable from the organ at the macroscopic
level |19, |41, |61} |77]. Placenta samples are usually larger than other organs as they
are collected non-invasively and take up the full width of a glass slide.

Placenta histopathology is an important part of the clinical investigation work-
flow. However, it is financially infeasible to submit placentas from all pregnancies
to examination [4}, 22|, although this is sometimes advocated [41]. Between 20-40%
of placentas from US and UK pregnancies qualify for submission to microscopic
examination [3| 34-36]. There are guidelines for qualifying criteria [22, [31} 99,
100], but hospitals are free to follow their own submission systems [4]. The clinical
pathway for submission starts from any adverse indications during the current or
previous pregnancies. For example, suspected placenta accreta from a 1st trimester

ultrasound will qualify the sample for submission. At delivery, the placenta is
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examined at the gross macroscopic level, and any irregularities or indications
of injury will qualify the sample for microscopic examination. At microscopic
examination, a perinatal pathologist, but sometimes a general surgical pathologist
if one isn’t available [29], will analyse the histology slides and create a pathology
report [§]. This report details histological abnormalities, such as a villus maturity
disorder, inflammatory response, or lesions. The information collected throughout
this clinical process will inform clinical diagnosis and suggested care.
Historically, placenta pathology reporting has suffered from a lack of uniform
diagnostic language [4, (19}, 43| and miscommunication between pathologists and
clinicians [30, 101}, |102]. Over the last decade, efforts have been made to standardise
placental pathology reporting and lesion classification, with the Amsterdam consen-
sus [77] being the most widely adopted of these. This consensus, and many that
followed [3, [22, |103], systematically group placental lesions and disease phenotypes
into five main placental pathologies or patterns of injury: acute inflammation,
chronic inflammation, fetal vascular malperfusion, maternal vascular malperfusion,
and other. These pathologies are associated with a host of immediate and life-
long adverse maternal and child health outcomes. Placenta pathology can inform
immediate clinical treatment, intervention and management for long-term health
outcomes, predicts recurrence risk in subsequent pregnancies, and explains causes

of pregnancy loss [1H9].

2.3 Deep Learning
2.3.1 Overview

Deep learning is a subset of machine learning. At a high level, machine learning
is the process of going from input data, an algorithm (or model) which fits to
or learns that data for some desired output, and the application of that model
to new data of interest. Whilst the inputs and outputs can be highly complex,
these algorithms are simply learnt mathematical mappings from input to output.
The ‘learning’ part here refers to the model’s ability to automatically adjust and

improve its parameters based on patterns and structures it identifies in the data.
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Popular machine learning algorithms include logistic regression, Support Vector
Machines, decision trees, and k-means clustering.

Deep learning models, also called neural networks, distinguish themselves from
these approaches by their large parameter counts and training schemes, which, in
theory, create universal function approximators that can learn the mapping for any
task. While there are many variants, deep learning models fundamentally consist
of a series of neurons (the width of the network) across multiple layers (the depth
of the network), weights connecting those neurons with an additive bias, and a
non-linear activation function applied to the output of each neuron.

Deep learning models learn the values of their weights and biases through
iterative forward and backward passes across the layers in the network. The forward
pass computes the output for a given input using the current state of the weights
and calculates the loss by comparing against an expected output. The backward
pass applies backpropagation [104], a method which uses the chain rule to compute
the gradient of the loss and update the weights in a direction that minimises this
loss. By minimising the loss, the network iteratively learns a better mapping from
all inputs in the training data to expected outputs. If the mapping has learnt the
general relationship between inputs and outputs, it will perform well on future data
of interest. However, if the mapping is simply a memorisation of the inputs to their
outputs, the network has overfit and will not perform well on future data. The goal
of training deep neural networks is to learn the true relationships in the data, i.e. a
picture of a cat has a cat in it regardless of the cat’s background, direction or breed.

Originally inspired by neuronal electrical signalling in the nervous system,
deep learning models began as feedforward single-layer perceptrons and were
later extended to fully connected multi-layer perceptrons (MLP) [105]. The
backpropagation algorithm [104] allowed these models to update their own weights,
but it was the advancement in computing power, particularly with GPUs, that
facilitated increased model complexity and significantly more powerful networks.
Deep learning is a rapidly growing field that cannot be covered in its entirety here.

This background will provide a high-level overview of the major advancements
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that have led to the current state-of-the-art across domains, with a focus on the

models used in this thesis.

2.3.2 Computer Vision

Computer vision applies deep learning models to image data, extending the field
of image processing, which traditionally relied on threshold- and texture-based
techniques [106]. The field of computer vision was accelerated with the introduction
of the Convolutional Neural Network (CNN) AlexNet [107] when it became state-
of-the-art on the large benchmark dataset ImageNet [108] in 2012. CNNs and
convolutional layers, first described theoretically in the 1980s [109, 110], showed
early promise with LeNet in 1998 [111]. Convolutional layers use learnable filters
in a sliding window over the image to create feature maps. These filters typically
learn to detect specific features, such as edges or textures, allowing them to encode
different image representations. The convolution operation slides each filter across
the image and computes the dot product of the filter’s values with the underlying
pixels at each position. The resulting compressed feature maps can then be passed
to further convolutional layers or MLPs to compute the output.

These days, computer vision is split into three main categories: image classifica-
tion, object detection and segmentation. Image classification assigns an output to
an entire image with notable models including VGG [112] and Resnet [113]. Object
detection identifies objects’ centroid coordinates or bounding boxes, often with
classes, within an image. Notable models include RetinaNet [114] and YOLO [115].
Segmentation is split into semantic and instance segmentation, where all pixels
in an image are classified into shared classes (semantic) or as instances of classes
(instance) with notable models including U-Net [116] and Mask R-CNN [117]. All

of these models use convolutional layers in their architectures.

2.3.3 Graph Neural Networks

In the last few years, Graph Neural Networks (GNNs) have taken the idea of

convolutions across local image pixels and extended them to graph data. Graphs
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are defined in their simplest form as nodes and edges which connect those nodes,
where nodes and edges can have associated features. We may consider the pixels in
an image as a graph in a regular grid where each pixel is a node, the node feature is
the pixel value, and nodes are connected to their neighbouring pixels. The analogue
to convolution, therefore, is a neighbourhood aggregation (in this case, the dot
product) of connected nodes. This idea of convolutions applied to graphs led to
the Graph Convolutional Networks (GCNs) |118] and message-passing algorithms
of today for graph data of any shape and structure.

The graph learning field is split into two categories: inductive and transductive.
Transductive models use the topology of the entire graph and learn from labelled
portions or features to infer over the unlabelled portion of the graph. They learn a
separate embedding for each node in the graph and are, therefore, highly tailored
to the training graph’s specific structure and feature distribution. These models
are performant but cannot be applied to new graphs or handle changes to the
existing graph topology. Inductive models instead learn how to apply aggregation
across a graph for a given task and thus can infer over new unseen graphs and
graph topologies.

The most popular paradigm in graph deep learning is message-passing aggrega-
tion. The core idea is to learn new node representations which effectively capture the
features and structure of the neighbourhood for each node in the graph. A final set of
layers, usually an MLP, will then use these new node representations to predict the
output of interest. There are many message-passing strategies, but they all broadly
follow the same structure. First, a message is computed between all neighbouring
nodes. All the neighbour messages for the given node are then aggregated, and
the node’s features are updated with this aggregated feature. Depending on the
number of layers in the network, this process is repeated for the neighbours of the
neighbours where each layer handles that respective neighbourhood. A 3-layer GNN,
for example, will traverse 3 neighbour hops outwards, and the 3rd layer will handle

message-passing for those 3-hop neighbours (Figure . Each step of message,
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aggregation, and update can be performed by simple operations like concatenation

and mean or be learnt by a subsidiary neural network.

3 Hop Message-Passing for node .

Message-Passing g

1st Hop 2nd Hop 3rd Hop

Figure 2.3: Message-passing for one node in a 3-layer graph neural network.
For each node in the graph, the nodes up to 3 hops away will be iteratively aggregated
using message-passing by a 3-layer graph neural network. Each layer in the network will
aggregate that hop’s neighbours to create a new node feature vector representing that
neighbourhood.

There are three main learning tasks on graph data: node classification, link
prediction, and graph classification. Node classification involves predicting the
labels of nodes based on their features and structural neighbourhoods. It can also
be used to cluster nodes into groups that share similar roles or neighbourhoods. Link
prediction is the task of predicting edges between new nodes added to an existing
graph, to unconnected nodes in a new graph, or to reconnect nodes for some new
relationship. It is useful for recommendation systems and protein interaction in
biological networks . Graph classification involves compressing a graph into
a single feature representation, which can then be used to predict a desired output
for the whole graph, such as classifying chemical structure for drug discovery .

Graph neural networks tend to suffer from scalability issues. Most model
architectures and training schemes require that the entire adjacency matrix and
node features be available in device memory to the model during training. Graph
sampling has emerged as a way to train across large graphs by loading only a
portion of the graph into memory for a given batch. Sampling techniques include
neighbourhood sampling , where all k-hop neighbours for a given node are
loaded into memory, and subgraph sampling 124], where the graph is pre-

portioned into subgraphs and only those subgraphs are loaded into memory. The
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release of large benchmark datasets has facilitated the creation of newer scalable

sampling techniques and software solutions [125-127].

2.3.4 Transformers

Whilst not a part of the work in this thesis, transformer models deserve mention
as the current most popular architecture for some of the most powerful neural
networks. Initially developed for natural language processing, transformers have
been extended to many other domains, including images with vision transformers
(ViT) [128] and graphs [129-131]. The key innovation of the transformer architecture
is self-attention [132], a learnt importance of each part of an input to every other
part of the input for the given output. In natural language processing, this would
be the contextual relevance of every previous word in the sentence to the current
word for the next word to be predicted. Unlike previous models in this domain,
transformers do not process data sequentially and are, therefore, highly parallelizable.
To account for the loss of sequential information, positional encodings are added
to each input’s features to reintroduce the data’s original order. There is some
evidence that convolution networks can perform as well as transformers with equal
data and compute [133]. However, their ability to scale and distribute more easily
across modern compute has made them the dominant architecture across a range

of complex learning tasks on extensive datasets.

2.3.5 Types of Deep Learning

Across the different models and data modalities, deep learning algorithms can be split
into two major types based on their training schemes: supervised or unsupervised.
In supervised learning, models are trained using labelled data, where each input
is paired with an expected output. The loss is computed based on how close the
prediction is to the expectation, and the model is updated based on the magnitude
of this error. Supervised learning was the dominant and highest-performing training
scheme for some time but required curating a training dataset with representative,

well-labelled examples and careful training to avoid overfitting.



2. Background 23

In unsupervised learning, the model learns directly from the characteristics of
the training data without any explicit labels. Autoencoders, for example, aim to
reconstruct an input after it passes through an information bottleneck, usually via
an encoder which compresses the data and a decoder that restores it to its original
form |134]. They are useful for dimensionality reduction and the extraction of
reduced features for downstream analysis. Generative Adversarial Networks (GANs)
consist of two competing neural networks: a generator that produces fake examples
of the input data and a discriminator that tries to differentiate between the two.
Diffusion models, a popular alternative for image generation [135, [136], generate
data by reversing a diffusion process to progressively denoise inputs [137].

Self-supervised learning is a subset of unsupervised learning where the model
optimises towards a specific task using labels, just like in supervised learning, but
those labels are derived from the input data. For example, in contrastive learning, the
model learns to recognize similarities and differences within the data by optimising
the distances between similar and dissimilar item pairs. These pairs are preselected
algorithmically and are usually treated as binary labels. Self distillation models,
like the student-teacher DINO [138] and DINOv2 [139], use outputs from earlier in
the training process as labels for later training. Large language models (LLMs), like
those using Generative Pretrained Transformers (GPTs), are trained to predict the
known next word in a sentence after learning contextual relationships between words
across large bodies of training text [140]. Self-supervised learning is competitive
with, and in some fields surpassing, supervised learning. Without the requirement
for manual labels, large datasets can be more easily prepared for training highly
expressive models. Self-supervised models can be fine-tuned (trained with low
learning rates) in a supervised setting for a specific task.

Foundation models have recently emerged in deep learning. Rather than being a
new architecture, they are defined as very large models trained on vast quantities of
unlabeled data, usually self-supervised, resulting in a model that can be adapted to
a wide range of downstream tasks [141]. This model can be specific to a modality or

domain but should apply to a wide range of diverse examples within that domain.
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Examples of foundational models include LLMs like GPT-4 [142], image generation
models like Stable Diffusion [135] [136], and task-specific models like the Segment
Anything Model (SAM) [143]. Fine-tuning foundational models for specific use
cases can be more powerful than training a model from scratch, and creating new

foundational models across domains is an ongoing area of research.

2.4 Digital Pathology

Digital pathology, sometimes called computational pathology, is the automation of
histopathology using image processing and machine learning techniques. It is used
to replicate and assist in existing clinical workflows and to analyse histology data in
the research setting [49]. Once a slide has been prepared for histology, it is digitised
using a microscopy slide scanner to create a whole slide image (WSI) which can
then be viewed with specialist software [144] or analysed programmatically.
Automating histopathology on WSIs is challenging for several reasons. Firstly,
these images can be over 70GB per slide, making them infeasible to analyse as
individual data points. To address this, a WSI is often split into smaller images
called ‘tiles’ or ‘patches’, which can be analysed iteratively or in parallel. A second
challenge is the variability in image features and visual appearance between slides
prepared at different institutes and histology labs or even from the same lab across
different days and operators |19} 145, [146]. This variability is caused by a lack of
uniformity in staining procedures, such as stain concentrations and soak durations,
as well as differences in slice thickness and slide scanners. Digital pathology methods
must be invariant to these differences to generalise to future data. A final challenge
is the noise inherent to this data domain. WSIs can have visual artefacts from slide
preparation and scanning, 3D biological entities are arbitrarily sliced into a 2D view,
and manual annotations or slide-level labels can contain a degree of mislabelling.
Historically, traditional image processing techniques were used for digital pathol-
ogy [147]. However, these methods required manual parameter tuning, did not

transfer well across datasets, and were not invariant to artefacts and noise. With
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the advent of deep learning, models can be trained with augmentations and cross-
institute data to make them robust to slide variance , artefact exclusion
can be incorporated into model training and quality control , , and by
training with large, diverse datasets, the true signal in the data can override
noise and label incompleteness.

Sampled Regions Within Slides Slide-Level Multi-Organ

Patch Classification

Aggregated
Features
B ULL
Foundation
Image _ 1y
Processing Segmentation Model
* T . 100005 Whole Slide Images
P& Eg@;-! Self-Supervised

Multiple Instance
Learning

Whole Slide Images Slide Label

Figure 2.4: Approaches to digital pathology. Methods in digital pathology have
ranged from image processing techniques within sampled regions of a slide to deep learning
over patches or objects across a slide to predictions at the slide- or patient-level through
feature aggregation or multiple instance learning. Foundation models have recently
emerged as generalist models trained across large and diverse datasets for multiple tasks
across many organs.

WSIs are ultimately a reflection of a single patient. The goal of digital pathology
is to use a snapshot of biological data, like a histology slide, to make a prediction
about the patient. Different approaches handle this in different ways. One approach
is to identify relevant biological entities or features across a slide and aggregate that
information into a slide- or patient-level prediction . Examples of these
include nuclei coordinate localisation and cell classification , tissue segmentation
[116], and patch image classification [152] (Figure 2.4). An alternative, which is

particularly effective when only slide-level labels are available, is multiple instance
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learning (MIL). Here, a single datapoint, i.e. the slide, is treated as the composition
of multiple instances of itself, often called a bag of instances, and this information
is used as a prior when training a model. MIL is popular in digital pathology as
slide-level labels are easier to extract from pathology reports, and instances can be
patches or biological entities depending on the use case. Inductive GNNs, which are
now being explored for digital pathology [155], are a kind of MIL where each node in
the graph is an instance, and neighbourhoods encode local instance interaction [49].
Alternatively, vision transformers [128| for MIL treat patches like words in a sentence
and use self-attention to capture long-range relationships between instances [49].

Digital pathology methods are usually developed for specific stain modalities,
organs, and/or use cases. Recently, foundation models have emerged for cross-organ
prediction across a range of tasks [156-161]. As with foundation models in other
domains [141], these models are trained on large and diverse datasets using self-
supervised learning [162] and vision transformers |128| (163, [164] and may be further
adapted to specific use cases [165]. Whilst these models are not currently trained
with data from all organ histology, they may provide good pretraining bases for
transferring to the remaining organs and other stain modalities.

Ongoing digital pathology research is facilitated by open histology slide reposito-
ries (GTEX, TCGA, IDR, Big Picture), datasets (PanNuke [166, |167], Lizard [168],
MedFM [169]), and grand challenges (CAMELYON17 [170], BACH [171], GlaS
[172], OCELOT [173]). Much of the literature and model development use these
open resources, supplementing with in-house data when available. This is perhaps
one of the reasons (in addition to funding [45]) that most digital pathology is
developed for cancer grading, subtyping, and survival prediction. Digital pathology
has the potential to enhance clinical workflows by improving diagnostic accuracy
and operational efficiency. It can accelerate research by offering high-throughput
processing of slides and identifying new biomarkers for disease. It is beginning
to enter the clinical space through commercial offerings with FDA or CE-IVDR

approvals from companies such as Paige, Ibex and Visiopharm.
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3.1 Introduction

Cells compose all structures in the body. In the placenta, higher-level features
and functions can be inferred from the presence and proportion of specific cell
types. For example, few cytotrophoblast cells and many syncytial knots indicate

placental maturity, while the inverse indicates immaturity [61} [72, [76]. Likewise,

27
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the proportion of vascular endothelial cells found around capillaries and vessels can
provide a proxy for the vascularity and capillary density of this highly vascular
organ [72]. Deviations in these cellular proportions from expectations relative
to gestational age can indicate pathological processes 72, |76, 82]. Similarly, an
accumulation of leukocytes indicates an inflammatory response and can inform
a diagnosis of chronic or acute inflammatory lesions [95, 96]. Understanding the
cellular profile of a placenta slide allows us to summarise its function and serves
as a good basis for hierarchical phenotyping.

The nucleus of a cell is one of the smallest and easiest structures to identify on
a histology slide stained with the most common staining type, hematoxylin and
eosin (H&E). The high DNA (and RNA) content in the nucleus has an affinity for
the hematoxylin stain, which leads to the characteristic purple/blue colouration
[174]. As nuclei are present in most cell types, we begin our bottom-up approach
at the level of the nucleus, starting by identifying all nuclei across a placenta slide
and then classifying them into cell types.

In this chapter, I present work towards building a fast whole slide-level nuclei
localisation and cell classification supervised deep learning pipeline. The pipeline has
three components: image processing, nucleus localisation, and cell classification. The
image processing component first subsections and rescales the WSI into overlapping
patches for the nucleus localisation component. The nucleus localisation component
uses an object detection model to identify the nuclei within each patch. Using
these nuclei coordinates, the image processing module crops patches around each
nucleus and inputs them to the cell classification component. The cell classification
component uses an image classification model to classify the nuclei as belonging
to one of 11 placental cell types.

In the following sections, I motivate the 11 placental cell types included in this
analysis. I summarise the literature in digital pathology for detecting nuclei and
cell types and whether this has been applied to the placenta. Finally, I present

and evaluate my deep learning methodology on parenchyma slides collected at
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three institutes for model performance and generalisability with a pilot exploration

of model transfer to umbilical cord slices[l

3.2 Cellular Phenotypes of Interest

Following the categorisation presented in Chapter[2] I group cells in this analysis into
three categories: the trophoblast cells, the mesenchymal-derived cells (also called
villus stromal cells), and extravillus cells. Of the trophoblast cells, T include the
syncytiotrophoblast, cytotrophoblast, syncytial knot, and extravillus trophoblast.
The syncytiotrophoblast allows us to demarcate villus boundaries, cytotrophoblasts
and syncytial knots are a measure of placental maturity, and the presence of
extravillus trophoblasts outside of the maternal decidua can indicate lesions such
as fibrin, cysts and placental infarcts [83] 84]. Of the mesenchymal-derived cells, I
include undifferentiated mesenchymal cells, fibroblasts, vascular endothelial cells,
vascular myocytes and Hofbauer cells. These are all of the cells normally found in the
villus stroma, excluding pericytes, which are difficult to identify from H&E stains.
Finally, of the extravillus cells, I include the maternal decidual cells and leukocytes.
The maternal decidual cells can be used to identify normal structures not part
of the chorionic villi, and leukocytes in large quantities indicate an inflammatory
response. See Figure for examples of these cells in H&E histology.

Cells not included in this analysis are those less commonly found in parenchyma
slides of later gestation placenta histology and cells or cellular-level structures
without nuclei. These include amniotic epithelial cells (or amniocytes) and endome-
trial epithelium/glands, which are of greater importance in membrane roll and
maternal surface biopsy slides, and nucleated red blood cells, which are uncommon

at later gestational ages.

!Sections titled Related Work, Methodology, Test Data Performance, and parts of Domain
Generalisation and Augmentations have been adapted and expanded on from [175] (Nature
Communications 2024). Sections titled Cellular Phenotypes of Interest, A Pilot Case Study for
Umbilical Cord Whole Slide Images, and Limitations are new work.
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Trophoblasts Extravillus Cells

Syncytio- Cytotro- Extravillus Maternal Leukocyte
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Mesenchymal-derived Cells

P |
Vascular Hofbauer Vascular Fibroblast Mesenchymal
Myocyte Cell Endothelial Cell

Figure 3.1: H&E-stained placenta cell types included in this analysis. Cells
are grouped by category, and each row contains an example from a different institute
(excluding mesenchymal cells, which are not present in slides from all institutes).

3.3 Related Work

Due to the high hematoxylin stain affinity of nuclei, traditional image processing
techniques such as thresholding and watershed algorithms have been
used to segment nuclei [144, [178 [179]. These methods are simple, effective and
relatively computationally efficient but often require manual parameter tuning,
especially on new data. In recent years, these methods have been superseded by
deep learning techniques with the release of large and comprehensive open training
datasets to support them. To name a few: the CoNSeP dataset has 24,319 nuclei
in 4 categories from the colon [154], the MoNuSAC dataset has 46,909 nuclei in
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4 categories from 4 organs [180], the PanNuke dataset has 205,343 nuclei in 5
categories from 19 organs [166| |167], and the Lizard dataset has 495,179 nuclei
in 6 categories from the colon [168]. Popular deep learning models for nuclei
localisation or segmentation and cell classification include HoVer-Net [154] and
SONNET [181] among others [116} (165} [182].

None of the existing multi-organ nuclei localisation and cell classification models
include placenta cells in their prediction. This is likely due to the lack of placenta
examples in the large open-source multi-organ training datasets and the lack of any
openly available placenta whole slide repositories. To the best of my knowledge,
the only prior literature using deep learning for placenta cellular histology analysis
comes from prior work in the group [50]. Here, authors use a RetinaNet [114]
to localise nuclei in patches and an ensemble of image classification models to
predict one of five cell types in chorionic villi.

The work in this chapter builds on the established cellular phenotyping method-
ology in the placenta through model improvements, training on new data across
multiple institutes, expanding the number of predicted cell types, and by imple-
menting an efficient inference pipeline for prediction across whole slides. The new
nuclei localisation and cell classification models’ performance in the placenta is

comparable to the performance of popular models in other organs.

3.4 Methodology
3.4.1 Whole Slide Image Data

The placenta WSIs used throughout this research were obtained from clinical
collaborators at three institutes. The placentas and their associated clinical data
were collected as part of routine pathology investigation at each institute. From
the first institute, the University of Tartu, Estonia, we have 110 placentas and 547
slides collected between 2016-2020 (hereafter referred to as UoT). From the second
institute, the Hadassah Medical Center, Israel, we have 200 placentas and 831
slides collected between 2016-2017 (hereafter referred to as HMC). From the third
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institute, the Northshore University HealthSystem, Chicago, USA, we have 25 term
placentas and 25 slides collected between 2021-2022 (hereafter referred to as NUH).
Histology slides were prepared using a standard formalin fixing, paraffin-embedded
H&E staining procedure. As per clinical guidelines, appropriate, full-thickness sites
were sampled, and 5 pm thickness slices were generated. Slides were scanned and
digitised at x40 magnification using a Hamamatsu XR at UoT, a 3D HISTECH
PANNORAMIC 250 Flash III at HMC and an Aperio GT 450 scanner at NUH.

3.4.2 Dataset Annotation

For training and evaluating the nuclei localisation and cell classification models, I
manually annotated ground truth labels in nine randomly selected parenchyma slides
from nine singleton pregnancies of 2nd trimester, preterm and term samples from
both healthy placentas and those exhibiting a pathology from all three institutes. I
annotated 16,883 nuclei in 252 image patches for the nucleus localisation model and
18,946 cells for the cell classification model (Figure . 64 image patches with no
nuclei were included to discourage the nuclei model from predicting on the slide
background. Annotations were randomly split into 70/15/15% train/validation/test
datasets. The annotations were initially made in random regions across randomly
selected slides, and to improve model robustness when training with a relatively
small number of datapoints (<19k), datasets were bootstrapped by iteratively
correcting prior models’ predictions in regions of new, unseen slides (Figure .
Annotations were made using QuPath v3.1 [144] and validated by a perinatal

pathologist mentor in weekly meetings.

3.4.3 Whole Slide Image Patch Extraction

A single full-sized 25x75mm glass slide placenta parenchyma sample usually contains
between 700,000 and 3 million cells. For efficient whole slide prediction of nuclei and
cells, it is essential to have fast and parallelised reading and loading into memory
of image patches extracted from the slide. Additionally, different brands of slide

scanners output different proprietary slide file formats (e.g. .svs, .ndpi, .tiff) without
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Figure 3.2: Nucleus and cell dataset annotation and bootstrapping workflow.
Initial annotations are made using QuPath across slides, extracted using a Groovy script,
and used to train the nuclei localisation and cell classification models. Predictions from
these models are then assessed on new slides, and new annotations are made by correcting
model predictions, which are then used to retrain the models. The resulting total manual
annotated cell images, split by class, are shown in the bottom left.

a simple means of translation between them. To support most slide formats and
for computationally efficient slide reading, I built an image processing module
which selects between the slide reading libraries libvips [183] or BioFormats [184]
depending on the file format. libvips is a C library for parallelising image processing
with Python bindings in pyvips. It uses an underlying histology image reader C
library, OpenSlide |185], with Python bindings in openslide-python. Bio-Formats is a
histology image reading Java library that supports a large range of slide formats with
Python bindings in python-bioformats. The module will preferentially choose libvips.

For the nuclei localisation stage, the module will partition the whole slide into
1600x1200 pixel (177.44x133.08 pm) patches, with an overlap of 200 (22.18 pm) to
account for edge effects in model predictions at image boundaries. Patches with
mean channel values >245 or <10 are removed to exclude patches containing no
tissue, i.e. all white or all black images. Patches where the ratio of the mean
10% darkest portion of the image to the mean 10% lightest portion of the image is
greater than 0.95 are also removed. This checks for a highly uniform, low-contrast
image where the brightest and darkest parts of the image are similar in intensity.

In practice, this removes images which lack significant visual content, usually
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because they are a uniform pale colour such as grey. For the cell classification
stage, patches of 200x200 pixels (22.18x22.18 pm) are extracted centred on each
previously predicted nucleus coordinate.

All patches are read and loaded onto devices (CPU or GPU) in memory without
the need for additional on-disk storage to store extracted images. Given that slide
scanners output WSIs with different pixel sizes per micrometre, to ensure that cells
are consistently sized before being passed to the models, all patches are rescaled
to 0.1109 micrometres per pixel. Metadata and results are stored efficiently in an
SQLite database (Figure|3.3|) with the ability to pause and continue partial inference
across a WSI. 64-dimension cell embeddings from the cell classifier’s penultimate

layer are streamed to HDf5 files for downstream analysis.
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Figure 3.3: SQL schema for whole slide cell inference. This schema, implemented
in an SQLite database, allows for efficient recording of cell predictions across slides
with the ability to pause and continue incomplete runs. The schema centres around the
table ewvalrun, which represents an inference pass across a whole slide using both the
nuclei localisation and cell classification models, stored in model. Nucleus coordinate
predictions are first saved in unvalidatedprediction before being processed into prediction
with associated cell classes. The database contains relevant slide and patient information
extracted from our clinical data, allowing for fast querying of slide characteristics. For
example, the database can be queried for the number of slides (slide) for which the patient’s
placenta (patient) was described as having accelerated villus maturity (clinicalhistory)
and whether any models (model) have run across those slides (evalrun).
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3.4.4 Nuclei Localisation Training and Inference
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Figure 3.4: Nuclei localisation training and inference pipeline. The nuclei
localisation model takes 1600x1200 (177.44x133.08 pm) pixel images extracted from
the WSI with a 200 (22.18 pm) pixel overlap. Model bounding box predictions are first
filtered with non-maximum suppression and a confidence threshold of 0.4 before extracting
centroid coordinates. From the centroids, coordinates at the edge of the whole slide image
and duplicate predictions caused by the overlap are removed. During training, images are
subject to heavy image augmentation, including H&E-specific stain augmentations.

The nucleus localisation stage aims to predict a single centroid coordinate for each
nucleus in a whole slide image. It takes as input 1600x1200 (177.44x133.08 pm)
pixel images extracted from the WSI with a 200 (22.18 pm) pixel overlap, ensuring
that all nuclei are shown whole to the model at least once. The model predicts
initial bounding boxes, filtered using non-maximum suppression and a confidence
threshold of 0.4 before centroid coordinates are extracted. From the centroids,
coordinates at the edge of the whole slide image are removed, and any locations

with duplicate nuclei generated due to the overlap are removed using a k-d tree [186]
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within a radius of 4 pixels. This radius threshold was chosen by finding, across a
few slides, the nuclei to nuclei distance frequency peaks in a histogram of distances.
At inference across a WSI using an NVIDIA A100 GPU and 6 CPU threads, the
nucleus localisation stage detects ~1000 nuclei per second.

During training, a RetinaNet [114] with ResNet-101 [113] backbone is trained to
predict bounding boxes around nuclei in the image, for which centroid coordinates
are saved as the final prediction. The model is first fine-tuned from COCO [187]
weights for 40 epochs, with an Adam [188] optimiser, ReLU activations, focal loss,
and a 0.0001 learning rate with a 0.5 decay every 20 epochs. The model with
the highest validation F1 score is then fully trained for 60 epochs with a 0.001
learning rate with the same hyperparameters, and the model with the highest
validation F'1 score is saved. Input images are subject to heavy image augmentation,
including H&E-specific stain augmentations. On the validation and test datasets,
model performance is evaluated using the F1 score of identified centroids within
a certain distance (<3.3 pm) to the manually labelled ground truth points. This
distance is smaller than typical nuclei radii and accounts for minor discrepancies
from true centroids in the annotated data. See Figure for a training and

inference pipeline summary.

3.4.5 Cell Classification Training and Inference

After obtaining nuclei coordinates, the cell classification stage aims to predict the cell
type to which each nucleus belongs. It takes as input 200x200 (22.18x22.18 pm) pixel
images with each prior predicted nucleus at its centre and classifies these images into
one of 11 placental cell types. As placental cell nuclei range in diameter from 5-20
nm, 22.18 pm? around each nucleus is large enough to capture the entirety of most
cellular information in addition to contextual information surrounding the cell that
may be relevant for prediction (i.e. red blood cells that are near vascular endothelial
cells). As a final post-processing step, a k-d tree |186] is constructed across all
syncytial knot predictions to convert isolated knots into the syncytiotrophoblast

cell type and to group clusters of syncytial knot nuclei into a single point. Syncytial



3. Nuclei Localisation and Cell Classification 37

e
Parallel Cell Extraction

Nuclei Coordinates for Cell Tiles

200p

e 90 p=0.5 Gauss Noise + Blur p=0.8

g ’l oy
Fuls f lh‘
R
suse W A
i f <X
: F(o N
F 0.5

200p|

> |

Bright down p=0.8

v Y A
b
Embeddings for Whole Slide Inference = Sl

Downstream Analysis ResNet-SO

(o
H e
< 2 Custom H&E Stain p=0.9
T 3 PN N B
—_ \‘0,‘/ 0— 2 = = k] - - - < @5/ "R N
3 <4+— At RTAE
Tone Curve p=0.8
A%
x4

Embeddings Compression K,(g/ sz/ ‘\ng Model Training

Layers

AUOD
AuOD

89424
|ood bay
|ood Xe

AUOY

8¢ D4

Residual Blocks

Syncytial Knot Processing

Pre-Processed Predictions Final Cell Predictions

Syncytial _’Sy?ylio
8 .
'fx trophoblast
L E‘ Convert Isolated Knots
24 7
Vascular Hofbauer Vascular Fibroblast KNT>=4
Myocyte Cell Endothelial s
T — W @ — O
®
Qe Ll!tvg
Mesenchymal ~Materal  Leukocyte Cluster Knot Nuclei
\\ Decidua

Figure 3.5: Cell classification training and inference pipeline. The cell
classification model takes 200x200 (22.18x22.18 pm) pixel images extracted from the WSI
centred around each nucleus coordinate and predicts one of 11 cell classes. Syncytial
knots cell predictions with fewer than 4 cells within a radius of 50 pixels are converted
into syncytiotrophoblast predictions, and those with 4 or more predictions are grouped
into one. During training, images are subject to heavy image augmentation, including
H&E-specific stain augmentations.

knot nuclei with fewer than 4 neighbours within a 50-pixel radius are relabelled
as syncytiotrophoblast, and groups with 4 or more neighbours have their
neighbours removed. At inference across a WSI using an NVIDIA A100 GPU and
6 CPU threads, the cell classification stage classifies ~230 cells per second.
During training, a modified ResNet-50 model with additional linear layers
to reduce the latent vector dimensions to 64 is fine-tuned from ImageNet
weights for 60 epochs, with an Adam optimiser, ReLLU activations, cross
entropy-loss, and a 0.0001 learning rate with a 0.5 decay every 20 epochs. The
model with the highest validation accuracy is fully trained for 100 epochs with the

same hyperparameters, and the model with the highest validation accuracy is saved.
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Due to class imbalance, minority classes are oversampled during training to balance
the distribution. As with the nuclei localisation model, input images are subject to
heavy image augmentation, including various H&E-specific stain augmentations.

See Figure for a training and inference pipeline summary.

3.4.6 Augmentations

H&E stain intensity can vary between institutes for several reasons (stain concen-
trations and ratios, soak duration, slice thickness, different slide scanners) and
can vary within an institute across days and operators, leading to batch-effects
[19, 145, |146]. For models to robustly generalise to future data, they must be
invariant to these stain differences. To improve model robustness, I train both
the nuclei localisation and cell classification models with augmentations using the
Ablumentations [189] library and custom H&E stain augmentations based on RGB

to H&E colour conversion in [190]. Augmentations are described in Table [3.1]

Table 3.1: Training augmentations for nuclei localisation and cell classification.
Augmentations are applied sequentially using the Albumentations library. StainAugment
is a custom stain deconvolution method which varies hematoxylin and eosin (H&E)
stain intensities randomly selected from one of 8 RGB to H&E colour matrices. Colour
matrices are drawn from the original literature and derived from our own slides. *These
augmentations were only applied to the cell classification model during training.

Augmentation Probability Additional Parameters

Flip 0.5 -

RandomRotate90 0.5 -

StainAugment 0.9 variance=0.4

CLAHE 0.7 clip 1imit=3.0,
tile_grid_size=(8,8)

RandomToneCurve* 0.8 -

RandomBrightnessContrast®* 0.8 brightness_limit=(-0.1,0.2),

contrast_1imit=(0.0,0.0),

brightness_by_max=False
GaussNoise 0.8 var_1imit=(10.0,200.0)
RandomToneCurve 0.8 blur 1imit=5
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3.5 Model Evaluation
3.5.1 Test Data Performance

On the test dataset, combined across three institutes, the nuclei localisation model
achieves a 0.884 F'1 score across 2,754 nuclei within 38 images. This is comparable
to F1 scores reported by other state-of-the-art nuclei localisation models trained
for other organs. HoVer-Net achieves an F1 score of 0.756 on the CoNSeP dataset
and 0.800 on the PanNuke dataset [166] and SONNET achieves
an F1 score of 0.855 on the MoNuSAC dataset [180].

The cell classification model, evaluated across 2,743 cells for 11 placental cell
types, achieves an overall accuracy of 84.29% and a top-2 accuracy of 94.90%,
with a 0.9773 macro-averaged Receiver Operating Characteristic Area Under Curve
(ROC AUC). Most model misclassifications are within closely related cell differen-
tiation pathways (Figure . For example, the syncytiotrophoblast’s next most
predicted cell is the cytotrophoblast. Likewise, trophoblasts are confused with other

trophoblasts and mesenchymal-derived cells with other mesenchymal-derived cells.
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Figure 3.6: Cell classifier performance on unseen test data. (a) Confusion matrix
and precision and recall values of cell classifier predictions. Cell types are clustered
into categories (trophoblast, mesenchymal-derived, extravillus) and ordered by their test
set counts. Categories are highlighted by the topmost brackets and squares within the
confusion matrix. (b) Example healthy term WSIs and cell predictions from each institute.
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3.5.2 Domain Generalisation and Augmentations

I explore how data augmentation, including our custom H&E stain augmentation,
impacts the stain invariance of the nuclei localisation and cell classification models.
For each institute, models are trained on data from one institute (seen data), with
and without data augmentation, and evaluated on test data from the other two
institutes (unseen data). The nuclei model is largely unaffected by differences across
institutes with an average F1 score of 0.8746 on seen data and 0.8516 on unseen
data (A -0.0230) when trained with augmentations (Table [3.2)). In contrast, the
nuclei model does not generalise as well when trained without augmentations within
the same institute and on unseen institutes (F1 score 0.8593 vs 0.8242; A -0.0351).
The cell model, when trained with augmentations, results in an ROC AUC value
of 0.9693 on seen data and 0.8410 on unseen data (A -0.1283). However, when
trained without augmentations, the 0.9722 AUC ROC value on seen data drops
to 0.6903 on unseen data (A -0.2819), suggesting poor generalisability without
data augmentation (Table [3.3).

I further investigate the impact of domain shift, where new data is substantially
different from trained data [191], on the generalisability of the cell model. Upon
visual inspection, the slides from NUH were substantially paler than those from
the other two institutes. When I train a cell model on data from the other two
institutes without the augmentation that increases and decreases brightness, the
model only gets 30.4% accuracy on NUH test data. However, with the inclusion
of this augmentation, the accuracy increases to 64.4%. This discrepancy shows a
substantial domain shift, likely caused by the pale quality of the slides.

Assuming we do not have manual annotations to assess our model, we can also
identify a domain shift by examining the biological plausibility of cell predictions
across a slide. This mimics the practical application of deep learning digital
pathology methods where one has access to trained models and new data but no
manual labels. Should the cell predictions across a slide substantially shift from
biological plausibilities, such as in Figure we may assume there is a domain

shift, and we need to retrain our models. This is a benefit of assessing a slide using
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a large number of independent cell classifications against a slide-level biological
expectation, leading to a natively explainable Al approach. Once a domain shift
has been identified, incorporating a small number of images (n=1,691) from the
new institute into the training data allows the cell model to perform equally well

across all three institutes with test accuracies of 0.8395, 0.8338, and 0.8757.

Table 3.2: The effect of stain augmentation on nuclei detection model
generalisability. Nuclei detection model F1 score when trained with and without
augmentations on training data from one institute (seen institute) and evaluated on test
data from the two other institutes (unseen). All F1 scores are recorded on test data. Pairs
of rows show corresponding results with and without augmentations, and the best result
in each category and pair is highlighted in bold.

Model Type Seen Institute  Unseen 1 Unseen 2
UoT with augs 0.895 UoT 0.868 HMC 0.883 NUH
UoT without augs 0.891 UoT 0.883 HMC 0.823 NUH
HMC with augs 0.872 HMC 0.851 UoT  0.873 NUH
HMC without augs 0.856 HMC 0.860 UoT  0.836 NUH
NUH with augs 0.857 NUH 0.811 UoT 0.824 HMC
NUH without augs 0.831 NUH 0.748 UoT 0.795 HMC

Table 3.3: The effect of stain augmentation on cell classification model
generalisability. Cell classification ROC AUC when trained with and without
augmentations on training data from one institute (seen institute) and evaluated on
test data from the two other institutes (unseen). All ROC AUC scores are recorded on
test data. Pairs of rows show corresponding results with and without augmentations, and
the best result in each category and pair is highlighted in bold.

Model Type Seen Institute  Unseen 1 Unseen 2
UoT with augs 0.978 UoT 0.871 HMC 0.844 NUH
UoT without augs 0.981 UoT 0.791 HMC 0.720 NUH
HMC with augs 0.971 HMC 0.857 UoT 0.875 NUH
HMC without augs 0.972 HMC 0.794 UoT 0.697 NUH
NUH with augs 0.959 NUH 0.791 UoT 0.808 HMC

NUH without augs  0.964 NUH 0.544 UoT 0.596 HMC
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Figure 3.7: The effect of including brightness augmentations during training
on cell predictions across a slide from an unseen institute. The pale quality of
WSIs from this institute (a) leads to poor model generalisability when trained without
brightness increasing and decreasing augmentations (b). Model predictions are outside of
biological plausibility and indicate a domain shift (e). Including brightness augmentations
improves generalisability (c) and biologically plausible predictions (d). In both cases,
models are not trained with data from this institute.

3.6 A Pilot Case Study for Umbilical Cord Whole
Slide Images

So far, the methodology has been built for cellular analysis of whole slide images
of placental parenchyma. However, as previously mentioned, there are three other
kinds of placenta histology slices: the umbilical cord, membrane rolls, and maternal
surface biopsies. Certain lesions and pathologies can only be diagnosed from these
slides. To explore how the placenta parenchyma models transfer to these other
slices, I applied the nuclei localisation and cell classification methodology to one
healthy umbilical cord slide from HMC (Figure [3.8]).

To evaluate the models and for fine-tuning, I annotated 3,883 nuclei and 3,880
cells across the slide, introducing epithelial cells and macrophages as new cell types.

The parenchyma-trained nuclei localisation model gets an F1 score of 0.799 on
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this data, suggesting that the model is robust enough to be applied to other slices
from the same institute without further training. The parenchyma-trained cell
classification model gets an accuracy of 61.5% on this data after mapping Hofbauer
cell predictions to macrophage predictions, indicating a need for further training.
I trained a new model from the parenchyma cell classification weights with
the new annotations split into 70%/15%/15% training/validation/test sets. The
model was trained using the same training scheme as for the parenchyma. This
new model gets an accuracy of 92.6% on test data, suggesting that the parenchyma-
trained model weights can be a good pre-training basis for fine-tuning models

on cell types specific to other slices.
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Figure 3.8: Healthy term umbilical cord cell predictions before and after
fine-tuning. A healthy term umbilical cord whole slide image from HMC followed by the
cell predictions of the parenchyma-trained model and the model fine-tuned with umbilical
cord annotations. The proportion of each model’s cell predictions across the slide is shown
to the right of the image.
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3.7 Conclusion

In this chapter, I have presented a deep learning pipeline for localising nuclei and
classifying cell types within placental parenchyma whole slide images. This pipeline
leverages an efficient image processing module for scaling to whole slide analysis, a
nuclei localisation model with competitive F1 scores, and a cell classification model
capable of distinguishing 11 distinct placental cell types with high accuracy. I show
how training with augmentations, notably H&E stain augmentations, improves the
generalisability of both models to data from unseen institutes and how a domain
shift can be readily identified by comparing slide-level predictions against biological
expectations. I explore model transferability to other placenta slide types by
applying the models to an umbilical cord slide and show how the cell model can be
fine-tuned to high performance using a small amount of newly annotated data.
In the context of the literature, this is the first work for automated placental
cellular phenotyping across slides and the first method for classifying 11 different
types of cells found in the placenta parenchyma. Many placental pathologies
are associated with changes to the proportion or presence of these cells, and
as higher-order structures are composed of them, they provide a good basis for
further hierarchical analysis. This work facilitates a detailed analysis of the cellular

composition and, by extension, the functional state of the placenta.

3.8 Limitations

As previously mentioned, the 11 cell types classified by the cell model do not
encompass all possible cell types in the placenta. Whilst they provide a good
interpretation of the function of any one placenta parenchyma, a more comprehensive
analysis would include all cells found in the remaining three placenta histology
slide types: the umbilical cord, membrane rolls, and maternal surface. Some
additional substances found at the cell level may be useful to analyse. These
include meconium, squamous debris, Wharton’s jelly, fibrin/fibrinoid, bacteria and

karyorrhexis. For some of these, like fibrin and Wharton’s jelly, cellular community
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information may be sufficient to infer the presence of these regions. Higher quality
cell labels may also be obtained using immunohistochemical staining for those
cells on serially sectioned slides.

A downside of the proposed bottom-up approach is the reliance on nuclei as
the smallest unit. Present methods will not detect any region containing biological
tissue without nuclei. However, a simple preprocessing low-resolution thresholding
technique, such as Otsu’s method [176], which is commonly used for this purpose in
digital pathology [192], would alleviate these concerns. The current methodology
does not detect cells without a nucleus, such as red blood cells, but this may also
be solved with thresholding. As is currently the case for syncytial knot nuclei,
multinucleated cells will likely be predicted as multiple individual cells by the
nucleus localisation model. However, as shown for syncytial knot nuclei, multiple
predictions can be combined into one by using the predicted cell type for these
nuclei and prior biological knowledge.

Finally, true cross-institute generalisability of models, without the need for
manual annotation and retraining, remains a challenge. In practice, as with any
application of Al models to new data, one will have to assess the performance of

existing models and be aware of the possibility of a domain shift.
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4.1 Introduction

Identifying tissue microstructures is an important next step in modelling placental
biology. The placenta is a rapidly changing organ, and the proportion and types of
tissue microstructures across a slide indicate placental maturity and development
[61},[81]. Deviations from the expected proportion of chorionic villus types relative to
gestational age suggest accelerated or decelerated maturation and likely an adaptive
response by the placenta [81]. Similarly, changes to the internal components of these
microstructures are considered placental lesions and, in excess, are associated with
poor pregnancy outcomes [77]. As an example, villi which lose their vasculature
are termed avascular villi and indicate fetal vascular malperfusion [77] |80, [103]
and villi with too much vasculature, such as capillary hyperplasia in chorangiosis,
indicate a hypoxic environment [193, |194]. Tissue microstructures in the placenta
are defined and distinguished from one another by their cellular composition [61],
so a hierarchical cellular-based analysis provides a biologically explainable way of
understanding these structures in both health and disease.

Assessing tissue microstructures in aggregate across a slide is an essential, if
time-consuming, part of perinatal pathology assessment and reporting [3, 8, [195].
Clinical guidelines recommend that placental pathology reports state whether
microstructures ‘correspond to gestational age’ and are ‘histologically normal’ [77].
A hierarchical cellular-based analysis, applied across whole slides at scale, can
become an assistive tool for pathology reporting.

In this chapter, I present work towards building a hierarchical cell-based tissue
classification framework based on the outputs of the nuclei localisation and cell
classification pipeline. Taking the nuclei coordinates as nodes and the cell class
embeddings as node features, I construct an Euclidean distance-based graph across
a whole slide image. This whole slide cell graph is used to train an inductive graph
neural network (GNN) for node classification of tissue microstructures. Effectively,
after this step, each nucleus in a placenta whole slide image will have an associated
cell and tissue microstructure class, and regions of tissue microstructures can be

understood as the composition of their cells.
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In the following sections, I motivate the 9 placental tissue microstructure types
included in this analysis. I summarise the literature in digital pathology for
hierarchical prediction of higher-order structures using cell graphs and GNNs,
hierarchical patch-based approaches, non-hierarchical approaches, and any existing
automated microstructure prediction in the placenta. I present and evaluate my deep
learning methodology on parenchyma slides for model performance on test data and
generalisability on data from a held-out institute. I perform an extensive hyperpa-
rameter exploration and replicate an existing unsupervised hierarchical benchmark
from the literature. Finally, I show how all current scalable GNN architectures,
including state-of-the-art, perform equally well on this data and describe a dataset

release to the GNN community to motivate training on histology cell graphs/T]

4.2 Tissue Microstructure Phenotypes of Interest

Following the categorisation presented in Chapter [2] T group tissue microstructures
in this analysis into three categories: the chorionic villi, the maternal/fetal surfaces,
and pathologic indicators. Of the chorionic villi, I include the stem villi, anchoring
villi, mature intermediate villi, terminal villi, and villus sprouts. These are the villi
most commonly found in the term placenta, for which surface area reference ranges
exist. This excludes the immature intermediate villi and mesenchymal villi found
at earlier gestations. The maternal/fetal surfaces are composed of the chorionic
plate and basal plate and septums, which are both included. Finally, while not
strictly tissue microstructures, I choose to include two lesions, fibrin and avascular
villi, which in large quantities are pathologic indicators |77, 197-199] and can be
identified from the composition of the prior predicted cell types. See Figure [4.1

for examples of these tissue microstructures in H&E histology and a schematic

1Sections titled Related Work, Methodology and Test Data Performance have been adapted
and expanded on from [175] (Nature Communications 2024). Sections titled Methodology and
A New Node Classification Dataset for Graph Learning in Histology have been adapted and
expanded on from [196] (Neurips 2022). Sections titled Tissue Microstructure Phenotypes of
Interest, Generalisability and Standardisation, Hyperparameter Exploration and Ablation, An
Unsupervised Cellular Community Clustering Benchmark, and Limitations are new work.
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representation of their relationships in the placenta parenchyma. See Table for

morphological descriptions and expected cellular compositions of the chorionic villi.
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Figure 4.1: Schematic diagram with example images from H&E-stained
histology of the healthy term tissue microstructures included in this analysis.
Examples are drawn from slides at two different institutes. Not shown are avascular villi
and fibrin, which are lesions and, in large enough quantities, suggest a pathologic process.

4.3 Related Work

Methods for hierarchically classifying higher-order structures in histology can be
broadly split into patch-based or cell-based hierarchies. In patch-based hierarchies,
the foundation is formed of image features extracted from a regular grid of patches
across the whole slide image. In cell-based hierarchies, cells or the image features
around cells form the foundation of the hierarchy and are usually represented

as a cell graph.
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Table 4.1: Characteristic and defining morphological and cellular traits of the
chorionic villus tissue microstructures. The chorionic villi grow from one another
in a branching, tree-like morphology. As such, the true underlying biology will reflect
features across a continuum rather than discrete categories. However, the following traits
are currently used to categorise the term chorionic villi. Table adapted from [61}, 86]

Ti Micro- | Di t .
1SSUE VIIETo tameter Trophoblasts Stroma | Vascularity
structure (nm)
Syncytio- None or
Villus Sprout 60-100 trophoblast and reticular | Unvascularised
cytotrophoblasts stroma
Terminal Vafﬁ?rflii’;r?g; o Scant Capillaries
: 60 : ’ fibrous >50% of the
Villus syncytial knots,
. stroma stromal area
syncytiotrophoblast
Mature Complete syncytio- Fibrots Capillaries
Intermediate 80-150 trophoblast, half stroma <50% of the
Villus cytotrophoblasts stromal area
Thick syncytiotro- Fibrots Large muscul-
Stem Villus 80-3000 phoblast, frequently arized vessels,
.. stroma -
replaced by fibrinoid few capillaries
Anchoring None or the same Fibrous Unvascularised
. 80-3000 - or the same
Villus as stem villi stroma s
as stem villi

For nearly two decades, cell graphs have been proposed in biomedical literature
as a means to identify and understand higher-order functional structures due to their
inherently hierarchical composition of cells [200-204]. However, without automated
means to apply these methods at scale, they used traditional image processing to
identify cell coordinates, could not incorporate cell type in their analysis, and were
limited to small regions within slides. More recently, leveraging the scalability of
deep learning, cell graphs have been revisited for tissue phenotyping across whole
slides where graphs and cellular features are extracted using deep learning models
in histology [205-207] and spatial omics data [208].

With the advent of graph deep learning, in the last few years cell graphs and
extracted cellular features have been used for training GNNs to discover new cellular
phenotypes [209-211], make slide-level predictions [212-216], and hierarchically

cluster cells into tissue microstructures or diseased regions [217-219]. However, for
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the most common imaging modality, H&E stained histology, these have only been
applied to patch-level [214] and slide-level prediction [213-215] [220] or on graphs
built within fixed subregions or patches [214] 217, 218]. Methods that restrict
graph construction to cells within patches are sensitive to patch construction,
lose information between patches, and cannot associate contextual information
outside of a patch to information within the patch [213]. GNNs have also been
applied to patch-based hierarchies, where graphs are built from a regular grid of
patches across the whole slide and image features are extracted from each patch
[221-226]. Overall, GNNs for histology analysis have succeeded in cancer grading,
typing, and survival prediction [212-214) |216-226] and lesion classification [215|
227 with further reviews in [155] [22§].

Patch-based hierarchical [164], or multiscale [229, 230] approaches which do
not use GNNs have seen recent success with models trained on data from multiple
resolutions of the same WSI. Additionally, although not designed specifically for
tissue phenotyping, methods which use multiple instance learning for slide-level
prediction can offer tissue structure localisation through the analysis of attention
heatmaps on patches [192] or embedding similarity patch retrieval [15§].

Non-hierarchical methods for classifying tissue structure in histology include deep
learning image segmentation [172, 231-235] and patch classification [152, [235-238].
These methods have been less popular in recent years as segmentation models
require manually annotated pixel-perfect masks to train, and patch classification
limits prediction fidelity to the patch size [213]. These methods also have the same
patch-based limitations mentioned previously, and as they are non-hierarchical, they
do not capture or quantify the inherently hierarchical nature of biology.

In placenta histology, traditional non-hierarchical segmentation methods have
been used to segment chorionic villi [26] 239-241] and capillaries [242]. A hierarchical
deep learning method was developed for decidual vasculopathy localisation and
severity classification [52]. Here, authors use an object detection model to localise
all vessels across a slide, a binary classification model to label vessels as healthy

or diseased and a random forest classifier on extracted vessel features and clinical



4. Hierarchical Tissue Microstructure Classification 52

delivery data to label the slide as healthy or diseased in aggregate. Automated
analyses across other stain and imaging modalities for the placenta have been
summarised in [243].

The work in this chapter describes a supervised hierarchical cell graph-based
tissue microstructure prediction model for placental parenchyma histology. It is the
first method for automated classification and localisation of tissue microstructures in
placenta histology, one of few methods using GNNs on cell graphs built across entire
whole slide images [213] and is the only method doing so for node classification.
This approach provides a higher tissue prediction fidelity than patch classification,
does not require precise manual annotation masks for segmentation, and does not

restrict cell graphs to fixed patch sizes.

4.4 Methodology
4.4.1 Dataset Annotation

For training and evaluating the tissue classification model, I manually annotated
ground truth labels in four randomly selected parenchyma slides from four healthy
term singleton placentas from each institute. Annotations from two of these NUH
slides were held out to evaluate model generalisability. I drew rough polygon
boundaries around tissue microstructures on slides and used a Groovy script in
QuPath v3.1 [144] to extract preloaded nuclei coordinates and assign them to the
tissue classes of the polygons (Figure . This avoided the need to draw time-
consuming segmentation masks and resulted in a higher prediction fidelity than a
patch-based analysis. In total, [ made 941,690 ground truth node labels, the polygons
for which were validated by a perinatal pathologist mentor in weekly meetings.
Manual annotations are split into ~60%/20%/20% train/validation/test sets with
39,094 annotated nodes held out to assess generalisability. Rather than using random
node splits, the validation and test regions from these labels are explicitly chosen
such that they are larger than the 16-hop neighbourhood aggregation distance
and contain a similar distribution of tissue microstructures to the training set

(Figure [4.3). This contrasts with many graph learning node classification datasets,
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Figure 4.2: Tissue microstructure dataset annotation workflow. Previously
predicted nuclei coordinates are first loaded across a whole slide image in QuPath.
From these, the polygon tool is used to draw rough boundaries around same-type tissue
microstructures. A Groovy script then extracts the coordinate of each nucleus and
assigns it to the tissue microstructure type of the surrounding polygon. The bottom left
panels show the resulting manually labelled nodes across two whole slide images used
for training, with black nodes representing unlabelled nodes. These nodes are split into
train/validation/test datasets and used to train the graph neural network.
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Figure 4.3: Tissue type proportions across dataset splits with validation and
test regions on the slide. Validation and test regions are selected such that they have
a similar distribution to the training set and are larger than the 16-hop neighbourhood
aggregation distance.



4. Hierarchical Tissue Microstructure Classification 54

which generate dataset splits randomly across nodes. In the context of cell graphs,
nodes which share a neighbourhood will have similar aggregated vectors after
message-passing, allowing a model to infer a validation node prediction from its
neighbouring training node (Figure [4.4)). As shown later, splitting datasets by
region was found to avoid information leakage when different cells of the same

tissues are shared across random dataset splits.

O =Training Set O = Validation Set

E64—dim

:
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Aggregated ‘ - .

for O Features

Figure 4.4: Aggregated features after message-passing for randomly split
nodes. Randomly splitting nodes into datasets results in similar aggregated vectors after
message-passing. This leads to information leakage across datasets and should not be
used to train networks for node classification in cell graphs or any point cloud-style graph.

4.4.2 Cell Graph Construction

The tissue classification stage comprises cell graph construction and supervised
graph neural network node classification. For the cell graph, I define nodes from the
coordinate outputs of the nuclei localisation stage, with node features comprising
64-dimension embedding vectors from the penultimate layer of the cell classifier.
The undirected, unweighted edges connecting the cell nodes are constructed from
the intersection of two other edge-building algorithms, k-nearest neighbours (k=6)
1244] and Delaunay Triangulation [245], with the addition of self-loops. At inference,
k is increased to 8 for improved performance. The intersection edges benefit from
the more sparsely connected Delaunay Triangulation graph but limit the number of
edges which cross from one tissue boundary to another (Figure . This graph
construction allows a message-passing model to aggregate cellular information
within distinct tissue microstructures while accounting for differences in tissue

size and internal cell distances.
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Tissue Predictions

Figure 4.5: Resulting edges from three edge-building algorithms. Three different
edge-building algorithms are explored using the whole slide nucleus coordinates and cell
predictions. Delaunay Triangulation results in a fully connected graph with no overlapping
edges but edges which jump across tissue boundaries. The k-NN edges provide more
connections within tissue boundaries but result in redundant connections. The intersection
edges, which take the intersection of both prior constructions, optimise for within-tissue
boundary connections without overlap or redundancy.

For model training, I used the whole slide cell graphs from two whole slide images
of healthy term placentas from UoT and HMC. Nodes within the graphs are assigned
to training/validation/test set masks based on regions defined in an annotations file.
The model predicts for each node in both graphs, and the loss is calculated only
for nodes in the training mask. Whilst this is computationally less efficient, it is
preferable to precropping dataset split subgraphs as the model can still use cellular
node features of nodes outside of its dataset region, thereby avoiding edge effects.

Table shows the graph characteristics for each of the two intersection edge
construction cell graphs used for training. For Homophily and Cell Homophily,
I calculate the node homophily , which measures the tendency for nodes to
have the same class label or cell feature as their neighbours. It is calculated as
the proportion of nodes whose majority of neighbours share the same value as the

node itself, with 0 being no nodes and 1 being all nodes in the graph. We expect a
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high tissue microstructure label node homophily and a moderate to high cell node
homophily. I additionally calculate the Node Degree, which measures the number
of connections for each node averaged across the graph. Graph characteristics
are calculated on the graphs as they would be input to the model, including
undirected edges, which can double the edge count, and self-loops, which add the
number of nodes to the edge count.

In Table I contrast the two intersection cell graphs used for training against
the k-NN and Delaunay Triangulation edge graphs. I show graph characteristics on
the cell graph before making edges undirected and adding self-loops, after making
edges undirected, and after adding self-loops to highlight the differences between the
three methods. The intersection graph results in the smallest number of edges and
node degree while increasing the label homophily and cell homophily, suggesting

that edges are less likely to cross tissue boundaries.

Table 4.2: Graph characteristics of the two intersection cell graphs used for
training GINNs. Characteristics are calculated after converting edges to undirected and
adding self-loops. Homophily metrics are calculated using node homophily [246], with
Homophily referring to tissue microstructure labels and Cell Homophily referring to the
cell type of the cell embedding node features.

Homo- Cell
Nodes Edges Labels phily Homophily Degree

Graph 1 1,112,555 5,648,705 675,521  0.9867 0.6561 5.0772
Graph 2 1,167,619 6,136,037 93,289  0.9971 0.6472 5.2552

4.4.3 Tissue Node Classification Training and Inference

I train a randomly initialised, inductive ClusterGCN [123] model with 16 Graph-
SAGEConv [121] layers and one 64-dimension linear layer for extracting embeddings
for downstream tasks. The ClusterGCN subgraph sampling strategy was chosen for
its computational efficiency and comparable performance to GraphSAGE [121], as
demonstrated in a later section. The model is trained with 256 hidden units for
2000 epochs with an Adam [188|] optimiser, ReLLU activations, custom weighted

cross entropy-loss, a 0.001 learning rate, a 0.2 node dropout, a batch size of 200
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Table 4.3: Graph characteristics of cell graphs using all three edge-building
algorithms. Characteristics are shown for original directed edges without self-loops, after
converting to undirected, and after adding self-loops. Homophily metrics are calculated
using node homophily [246] with Homophily referring to tissue microstructure labels and
Cell Homophily referring to the cell type of the cell embedding node features.

Graph Type Edges Homophily Cell Homophily Degree

Directed edges without self-loops

Intersection 1 2,268,075 0.9468 0.5606 2.0386
Intersection 2 2,484,209 0.9701 0.5573 2.1276
k-NN 2 6,675,330 0.9829 0.5478 6.0000
k-NN 2 7,005,714 0.9963 0.5493 6.0000
Delaunay 2 3,337,633 0.9536 0.5367 3.0000
Delaunay 2 3,502,828 0.9925 0.5342 3.0000
Undirected edges without self-loops
Intersection 1 4,536,150 0.9823 0.5677 4.0772
Intersection 2 4,968,418 0.9961 0.5611 4.2552
k-NN 2 7,995,006 0.9783 0.5269 7.1862
k-NN 2 8,307,820 0.9958 0.5300 7.1152
Delaunay 2 6,675,266 0.9520 0.5291 5.9999
Delaunay 2 7,005,656 0.9921 0.5292 6.0000
Undirected edges with self-loops
Intersection 1 5,648,705 0.9867 0.6561 5.0772
Intersection 2 6,136,037 0.9971 0.6472 5.2552
k-NN 2 9,107,561 0.9810 0.5857 8.1862
k-NN 2 9,475,439 0.9963 0.5891 8.1152
Delaunay 2 7,787,821 0.9587 0.5980 6.9999
Delaunay 2 8,173,275 0.9932 0.5976 7.0000

with batch normalisation, and a subgraph sampling size of 400 neighbours. Graph
normalisation is applied to each cell graph to standardise node embeddings. The
model with the highest validation accuracy, calculated without neighbourhood
subgraph sampling for improved performance, is saved as the final model. For each
node, the message-passing algorithm samples and aggregates the node features of
nearby nodes up to 16 edge connections away, and the model uses these aggregated

node features to predict the tissue type of that node. This aggregation procedure
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Figure 4.6: Tissue node classification training and inference pipeline. A cell
graph is first built across the whole slide image using the nucleus coordinates as nodes, the
cell 64-dim embedding vectors as node features, and the intersection of two edge-building
algorithms as edges. A ClusterGCN model with 16 layers and additional linear layers for
latent vector dimensionality reduction randomly subsamples subgraphs from the larger
cell graph and predicts the tissue microstructure type of each node using message-passing.

forces the model to understand tissue microstructures in terms of their cellular
communities. At inference across a WSI using a laptop CPU, the tissue classification
stage classifies ~4,500 nodes per second.

A key benefit of the node classification approach is the freedom for the model to
assign different tissue types to different sections of the same continuous structure.
Placental tissues grow from one another in a tree-like morphology, so any cross-
sectional cut of what appears to be a single structure may contain multiple valid
classifications. For example, a cross-section of a mature intermediate villus will
likely have terminal villi branching from it but may also contain fibrin, resulting

in three different classes. Additionally, the distinctions between villus types
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are not necessarily discrete; a terminal villus is distinguished from a mature
intermediate villus by having >50% of its stroma taken up by capillaries and by
having vasculosyncytial membranes (Table |61}, 81} 86]. However, a section of a
mature intermediate villus with unusually many capillaries but no vasculosyncytial
membranes, for example, might have nodes that are (mis)classified by the model

as a terminal villus section but are not necessarily incorrect.

4.5 Model Evaluation

4.5.1 Test Data Performance

The graph neural network tissue classification model, evaluated across 140,641 cell
graph nodes for 9 tissue types, achieves an overall accuracy of 68.56% and a top-2
and top-3 accuracy of 90.53% and 96.13%, with a 0.8859 macro-averaged ROC
AUC. Tissue misclassifications (Figure primarily fall within developmentally
similar microstructures. Misclassifications of villus types are typically confused with
other villus types, which correspond to similarities in villus growth and branching
morphology [61, [86]. For example, mature intermediate villi, from which terminal
villi grow, are mistaken for terminal villi 37% of the time. Likewise, anchoring villi,
a subcategory of stem villi with the same cellular composition, are mislabelled as
stem villi 21% of the time. Avascular villi, commonly associated with the presence
of fibrin 77, 197, 247|, are confounded with fibrin 21% of the time. Given the high
top-2 accuracy, model misclassifications likely correspond to noise inherent in the
biological domain. As previously mentioned, many tissue microstructure types are
not discrete categories but sit on a biological continuum. A cell that appears at
the blurred boundary of two villus types will have been manually labelled into one

category, but the model is not necessarily incorrect in classifying it as the other.
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Figure 4.7: Tissue node classifier performance on unseen test data. (a)
Confusion matrix and precision and recall values of tissue node classifier predictions.
Tissue microstructure types are clustered into categories (chorionic villi, maternal/fetal
surfaces, and pathologic indicators) and ordered by their test set counts. Categories
are highlighted by the topmost brackets and squares within the confusion matrix. (b)
Example healthy term placenta WSIs and tissue microstructure predictions on nuclei
coordinates (nodes) from each institute.

4.5.2 Generalisability and Standardisation

As mentioned in the previous chapter, generalising models to slides from different
institutes remains challenging, and there has been little exploration of model
generalisability for GNNs trained on image-extracted features in histology. Typ-
ically, in graph deep learning, models are trained to generalise to graphs of new

topologies within the same domain by augmenting the graph topology or reducing

oversmoothing (248} |249]. In [250], we show how training a GNN using features from

a feature extractor which does not generalise well results in poor generalisability of
the GNN trained on those features. We show how using graph normalisation to
standardise the node features before training and inference is a simple and effective
preprocessing step for improving generalisability. In the paper, we present an image-
based feature augmentation method that further improves GNN generalisability.

However, we also show that GNNs will generalise well to unseen data when the
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feature extractor performs well on that data.

To assess the generalisability of my GNN methodology, I label 37,149 nodes into
tissue microstructures and construct cell graphs across two slides from an institute
(NUH) kept unseen to the GNN (Table [4.4). I train a GNN as previously described
with and without standardisation to compare the effect on model generalisability.
The GNN is only trained on data from the other two institutes, but the cell classifier
is trained on data from all three. This isolates the generalisation performance of

the GNN when trained on features from a robust feature extractor.

Table 4.4: Graph characteristics of the two intersection cell graphs from a
held-out institute. As before, characteristics are calculated after converting edges to
undirected and adding self-loops. Homophily metrics are calculated using node homophily
[246], with Homophily referring to tissue microstructure labels and Cell Homophily
referring to the cell type of the cell embedding node features.

Homo- Cell
Nodes Edges Labels phily Homophily Degree

Graph 1 822,959 4,230,387 17,260  0.9687 0.6477 5.1405
Graph 2 1,003,595 5,211,241 19,889  0.9990 0.6397 5.1926

Without Standardisation

Acc 64.81%

Acc 57.65%

Acc 67.47%

Acc 53.43%

ot

Figure 4.8: Effect of standardisation on tissue predictions and proportions.
Training with standardisation improves generalisability and results in accuracies compa-
rable to those on test data from a seen institute. Tissue microstructure predictions are
shown across two slides from an institute unseen to the GNN (NUH).
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When training and evaluating with standardised node features, the GNN
generalises well to the two new slides, achieving top-1 accuracies of 64.81% and
67.47% (Figure , which are comparable to results on test data. In contrast, the
accuracy for the GNN trained without standardised node features drops to 57.65%
and 53.43% with more confused predictions for the minority classes. Standardising
node features using graph normalisation is an effective preprocessing step for

training a GNN to generalise to unseen data.

4.5.3 Hyperparameter Exploration and Ablation

In deep learning, models highly sensitive to changes in their hyperparameters have
usually overfit to those hyperparameters and are less likely to perform well on
future data. In the following experiments, I change one model or graph construction
hyperparameter to assess the model’s sensitivity to these changes. For each deviation
from the original hyperparameter set, we would expect to see a small variation
in performance for most of these experiments. In each case, I compare the best
model test accuracy and/or accuracy curves during training to a model trained
with hyperparameters described in the methodology. Models are validated every
100 epochs during training using the entirety of the graph rather than subsampling,
so for a fair comparison, accuracy curves are shown for both validation and training

datasets assessed in this way.

Random node dataset splits. For some node classification benchmark datasets
in graph learning, nodes are randomly split into train/validation/test sets across
the graph [251]. I train a GNN on the cell graphs where nodes are randomly split
into 70/15/15% train/validation/test sets. We can see from the accuracy curves
during training (Figure that, for cell graphs, splitting nodes randomly results in
information leakage. The validation accuracy is the same as the training inference
accuracy at every validation step, suggesting that the model is using information from
the training set to predict the validation nodes. This result highlights the importance

of having a coordinate-based region of the slide designated to dataset splits.
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Figure 4.9: Effect of random node splits on accuracy curves. The training and
validation inference accuracies are identical at each evaluation epoch, suggesting that
there has been information leakage across datasets. A model trained like this will reach
maximum validation accuracy by overfitting to the training set and will not generalise
well to future data.

The Value of k. Models are trained on cell graphs with edges built from the
intersection of a k-NN graph and Delaunay Triangulation. The value of k for
the k-NN graph will influence the number of edges in the resulting intersection
graph. In Table [L.5] I show for a GNN trained with an intersection k=6 graph,
differing values of k at inference can result in better performance. As the model
will consider all nodes in a neighbourhood without subsampling during inference, a
graph with more edges provides the model with a more expressive neighbourhood.
In Table [4.6] I show the performance of a GNN when trained with intersection
graphs with different values of k, evaluated at inference with the same value or

the previously best-performing value (k=8).

Edge construction. The edge-building algorithm will result in a different graph
topology with different graph characteristics. In Table 4.7, T show that an edge
construction using Delaunay Triangulation or the intersection method results in

the best performance. However, all three methods are comparable.
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Table 4.5: GNN performance when trained with an intersection graph with
k=6 but differing values of k at inference. Best performance in each metric is
highlighted in bold, and the hyperparameter described in the methodology is underlined.

k Inference Accuracy Accuracy (Top-2) ROC AUC

4 65.32% 88.69% 0.8691
6 68.26% 90.35% 0.8828
7 68.60% 90.54% 0.8835
8 68.77% 90.61% 0.9042
9 68.56% 90.53% 0.8859
10 68.43% 90.46% 0.8857
11 68.33% 90.42% 0.8844

Table 4.6: GNN performance when trained with an intersection graph with
differing values of k and the same or k=8 at inference. Best performance in each
metric is highlighted in bold, and the hyperparameter described in the methodology is
underlined.

k Training k Inference Accuracy Accuracy (Top-2) ROC AUC

4 4 65.32% 89.25% 0.8640
4 6 67.62% 90.79% 0.8732
6 6 68.26% 90.35% 0.8828
6 8 68.77% 90.61% 0.9042
8 8 68.15% 90.52% 0.8872
10 10 69.46% 91.29% 0.8959
10 8 68.91% 91.15% 0.8934

Table 4.7: GNN performance when trained and evaluated with graphs where
edges were built using a k-NN algorithm, a Delaunay Triangulation or the
intersection of the two. Best performance in each metric is highlighted in bold, and
the hyperparameter described in the methodology is underlined.

Edge Construction Accuracy Accuracy (Top-2) ROC AUC
k-NN (k=6) 68.44% 90.92% 0.8843
Delaunay 69.64% 90.94% 0.8950
Intersection 68.77% 68.77% 0.9042
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Node dropout. At every epoch, a percentage of nodes can be randomly dropped
from the graph to provide a regularising effect. In Table [£.8 we see that around a
20% node dropout is optimal for training on histology cell graphs. The accuracy
curves in Figure show the regularisation effect that node dropout provides,
with no dropout resulting in faster overfitting to training data. With too much

node dropout the model struggles to learn the training data.

Table 4.8: GNN performance when trained with different levels of node
dropout. Around a 20% node dropout is optimal to reduce overfitting and retain
enough of a neighbourhood structure for training. The best performance in each metric is
highlighted in bold, and the hyperparameter described in the methodology is underlined.

Node Dropout % Accuracy Accuracy (Top-2) ROC AUC

0 67.12% 89.80% 0.8844
20 68.77% 90.61% 0.9042
40 67.08% 90.90% 0.8903
60 63.51% 88.29% 0.8732
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Figure 4.10: Effect of node dropout on accuracy curves. Node dropout provides
a regularisation effect and reduces overfitting to training data. However, too much node
dropout and the model struggles to train.
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Size of receptive field. The receptive field of an inductive GNN is the number of
nodes sampled within one neighbourhood across hops for each node prediction. GNN
hop size is directly tied to the number of layers in the network, so to increase the
receptive field, we need to increase the number of GNN layers. For a ClusterGCN
subgraph sampling model, decreasing precomputed subgraph sizes will further
restrict this receptive field. In Table I show how performance varies across
receptive field sizes. Models with larger receptive fields generally perform better
but can have prohibitively large GPU memory requirements. For placenta tissue
microstructure prediction, a large receptive field is especially important as certain
classes can only be distinguished from one another with sufficiently many hops. This
is apparent in Figure 4.11] where models with smaller receptive fields confuse the
larger stem villus structure (in yellow) with the similar but much larger chorionic

plate class (in green).

Table 4.9: GNN performance when trained with different receptive field
sizes. A model with a larger receptive field generally performs better but has larger
computational requirements. The best performance in each metric is highlighted in bold,
and the hyperparameter described in the methodology is underlined.

Receptive Field Layers Accuracy Accuracy (Top-2) ROC AUC

100 subgraph 4 63.38% 87.52% 0.8709
200 subgraph 8 63.07% 87.63% 0.8744
400 subgraph 16 68.77% 90.61% 0.9042
800 subgraph 32 69.05% 90.52% 0.8888
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Figure 4.11: Tissue microstructure prediction of models with decreasing
receptive fields. Model predictions are more homogeneous within tissue boundaries with
larger receptive fields (left) and do not confuse the stem villus structure (yellow) with the

much larger chorionic plate class (green) as much as models with smaller receptive fields.
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Number of hidden units.

GNN will affect its expressivity. In Table and Figure I show how a model

The number of hidden units in each layer of the

with too few hidden units cannot learn the data but how a model with too many
hidden units will overfit to training data more quickly.

Table 4.10: GNN performance when trained with a different number of hidden
units per layer. The best performance in each metric is highlighted in bold, and the
hyperparameter described in the methodology is underlined.

Hidden Units

Accuracy Accuracy (Top-2) ROC AUC

128 68.32% 90.63% 0.8815
256 68.77% 90.61% 0.9042
512 68.48% 90.98% 0.8804
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Figure 4.12: Effect of hidden units on accuracy curves. With too few hidden
units, the model does not have sufficient parameters to learn the training data. With too
many parameters, it overfits to the training data.

Cell class as node features. In all analyses so far, GNNs have been trained
on node features extracted from the 64-dimension embedding layer of the cell
classifier. To show that these embeddings encode additional useful background and
morphological information, in Table [£.11] I compare the performance to a GNN

trained on one hot encoded cell classes.

Standardisation. I have shown previously that standardisation is important
for training GNNs that generalise well to new cell graph data. In Table [£.12] I
show that model performance is comparable on same-institute test data between

models trained with and without standardisation. However, for the improvements

to generalisability, a model trained with standardisation is preferred.
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Table 4.11: GNN performance when trained with node feature cell embedding
vectors and one hot encoded cell types. The best performance in each metric is
highlighted in bold, and the hyperparameter described in the methodology is underlined.

Node Features Accuracy Accuracy (Top-2) ROC AUC
Cell Embeddings 68.77% 90.61% 0.9042
Cell Class 66.04% 89.57% 0.8545

Table 4.12: GNN performance when trained and evaluated with and without
graph normalisation standardisation on test data. The best performance in each
metric is highlighted in bold, and the hyperparameter described in the methodology is
underlined.

Normalisation = Accuracy Accuracy (Top-2) ROC AUC
Standardise 68.77% 90.61% 0.9042
No Standardise 69.16% 91.46% 0.8950

4.6 A New Node Classification Dataset for Graph
Learning in Histology

The release of open-source benchmark datasets has often facilitated the creation
of new GNN architectures. From the field’s earliest days, the open datasets
Cora, Citeseer, Pubmed and NELL [252, 253] drove the development of Graph
Convolutional Network (GCN) |118], Reddit was introduced alongside GraphSAGE
[121], and Graph Attention Network (GAT') [254] achieved state-of-the-art on the
protein-protein interaction (PPI) dataset [255]. However, it was soon apparent that
these datasets were not sufficiently complex to challenge GNNs [125, |256]. The
datasets had small graphs or a small number of graphs (the largest dataset, Reddit,
had 232,965 nodes), they had potentially misleading train, validation, and test
splits [251], and they were so well suited to graph learning that randomly initialised,
untrained models could perform nearly as well as trained models [257]. In recent
years, there has been an influx of graph benchmark datasets, such as the Open
Graph Benchmark [125], which address these limitations. They are larger and cover
more domains, have realistic train, validation and test splits, and are challenging

enough to have not been ‘solved’ by current GNN architectures [123, [125], 258].



4. Hierarchical Tissue Microstructure Classification 69

I propose that cell graphs in histology offer a uniquely challenging perspective
and are a good new benchmark for developing GNN architectures for several reasons.
Firstly, a single cell graph built across one WSI contains over 1 million nodes, node
features are defined from an imbalanced distribution of cell class embeddings, and
tissue labels also have a high class imbalance, ranging from 0.21% of the data to
40.0%. Secondly, unlike most graph datasets, node clusters are locally homophilic
but spatially distributed throughout the graph (globally heterophilic), requiring
models to understand same-type node clusters at different locations in the graph.
Thirdly, as a WSI is only a small sample of the larger structure with arbitrary
cut-offs in edges, out-of-plane cells, and optical and mechanical artefacts, data
incompleteness is an inherent feature of this data domain. Finally, the tree-like
branching morphology of placental tissue structures will result in separate biological
instances which can contain multiple tissue classifications and these structures
will vary in size (30-5,000 pm?). Models must discriminate between small changes
across small regions within node clusters but have a large enough receptive field
to distinguish between the largest tissues.

To showcase the challenging features of placenta histology cell graphs, I train
seven GNN architectures using five scalable graph sampling techniques. Only
models compatible with graph sampling can be applied to histology cell graphs, as
graphs are too large to fit into GPU memory. During training, for GraphSAGE
(with mean aggregation) |121], ClusterGCN [123], GraphSAINT (with random
walk sampling) [124], ShaDow [259] and SIGN [260], node embeddings are sampled
or precomputed according to original implementations. For models introduced
without a sampling technique (GAT [254] and GATv2 [261], I use ClusterGCN
subgraph sampling (referred to hereafter as ClusterGAT and ClusterGATv2). During
inference, all neighbourhood nodes are used for aggregation. I compare against two
baselines, a multi-layer perceptron (MLP) on node embeddings and a randomly
initialised GraphSAGE.

Training hyperparameters and graph construction are performed as described

above, with a few key differences. For GraphSage, ClusterGAT, and ClusterGATv2,
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16-layer models could not fit into GPU memory even with reduced sampling and
batch sizes, so fewer layers are used. The cell classification model that generated
the node feature cell embeddings is not trained on data from NUH and is trained
with a smaller set of augmentations. Graph models are trained without node
dropout or graph normalisation, and inference is performed on intersection graphs
with k=6. For these reasons, results will differ from those presented so far, but
performance is comparable between models.

Table [£.13] shows the test mean accuracies and standard deviations of models
over b random weight initializations. The randomly initialised baseline performs
equivalent to random chance (ROC AUC 0.5), and GNN models outperform the
MLP baseline. ClusterGAT and ClusterGATv2 are unstable when trained with more
layers, which might contribute to their lower performance score. All scalable GNN
architectures: GraphSAGE, ClusterGCN, GraphSAINT, ShaDow, and SIGN are
within 2% mean accuracy of each other, with no models surpassing 65% accuracy.
These results show that cell graphs can provide a good testbed for developing new
GNN architectures fundamentally different from existing scalable methods. I release

two cell graphs with manual annotations for the graph learning community [196].

Table 4.13: Performance of scalable GNN architectures. Mean model performance
and standard deviations are calculated over 5 random weight initialisations. Bold indicates
the best-performing model in each metric.

Accuracy Accuracy (Top-2) ROC AUC
Random Baseline 5.56+6.24 14.88+11.35 0.459+0.057
MLP Baseline 47.9840.79 75.2240.92 0.75040.003
GraphSAGE-mean 64.884+0.43 88.94+0.38 0.883£0.005
ClusterGCN 64.24+1.21 88.261+0.82 0.8824+0.006
GraphSAINT-rw 63.9440.23 87.86£0.15 0.895+0.002
SIGN 64.77+0.43 88.3240.42 0.88610.002
ShaDow 63.0440.77 86.88+0.74 0.863£0.008
ClusterGAT 58.07+0.61 83.43+0.96 0.851£0.002
ClusterGATv2 57.07£0.65 83.214+0.55 0.85440.005
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4.7 An Unsupervised Cellular Community Clus-
tering Benchmark

The work presented so far has involved supervised hierarchical prediction of tissue
microstructures from communities of cells using graph neural networks. [205]
developed a simple, unsupervised method to hierarchically classify image patches into
tissue microstructures using cellular communities. They divide a WSI into 200x200
pm patches and use a nuclei localisation model to predict cell coordinates and a cell
classification model [262] to classify cells into one of four cell types. They construct
a graph across these nuclei coordinates within each patch using an associated
Delaunay triangulation [245] and record the proportion of the 10 possible undirected
cell-to-cell connections within the patch. They pass this connection information
across patches as features to a k-medoids [263] clustering algorithm, which clusters
them into 6 clusters. K-medoids is an iterative clustering algorithm similar to
k-means [264] except rather than calculating the means of objects in a cluster as
the centre, cluster centres (medoids) are chosen as existing data points. This makes
it less sensitive to outliers, and medoid features can meaningfully represent clusters.
Clusters are analysed for their tissue phenotypes, and labels are assigned manually.

I replicate this approach across placenta slides. As before, I construct a cell
graph across the whole slide and record the proportion of cell types within 200x200
pm patches and the 66 different possible cell-to-cell connections from my 11 cell
types. Patches with fewer than 10 cells are excluded. I fit two k-medoid algorithms
on each slide, one to the proportion of cell types within a patch and another to the
proportion of cell-to-cell connections, each predicting 5 clusters. I additionally fit
a k-means algorithm to the same data for a comparison. I manually inspect the
distribution of patch clusters across each slide to assess performance and use the
mean proportion of cell types across clusters to assign tissue phenotypes.

When using the frequency of cell-to-cell connections as features, k-medoids and
k-means do not meaningfully cluster patches by tissue phenotypes (Figure . It
may be that the 66 cell-to-cell connections are too complex a feature set by which to

cluster the data. However, when using the cell type proportions, the patches broadly
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separate into macro tissue structures (Figure. From manual inspection, clusters
separate into distal villi (villus sprouts, terminal villi and mature intermediate villi),
stem villi and the chorionic plate, fetal vessels, and the basal plate. The clusters
assigned by k-means have more distinct cellular profiles and fit into better tissue
phenotypes than those assigned by k-medoids. Unsupervised clustering of patches
using cell graphs is an effective and simple method to identify tissue structures
across a slide. A downside of this approach is the requirement for manual cluster
and patch size selection and manual assignment of clusters. However, it can be a
good benchmark for other supervised or unsupervised methods. This exploration
would additionally benefit from a quantitative comparison to ground truth tissue

microstructure annotations and GNN predictions by mapping them to patches.

K-medoids on cell to cell connections

Figure 4.13: Patches clustered by k-medoid and k-means clustering using the
66 cell-to-cell connections in each patch. Neither clustering algorithm is able to
cluster the patches using cell connection features into distinct tissue phenotypes.
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K-medoids on cell proportions
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Figure 4.14: Patches clustered by k-medoid and k-means clustering using the
11 cell type proportions in each patch. Both clustering algorithms broadly separate
the patches into macro tissue phenotypes. The mean cellular proportions of each cluster
are shown below each slide, with their borders coloured by their corresponding cluster
class on the slide.
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4.8 Conclusion

Building upon the last chapter’s nuclei coordinates and cell class outputs, I have pre-
sented a cell-graph-based hierarchical method for classifying tissue microstructures
in parenchyma histology of the term placenta. I use a scalable message-passing GNN
on cell graphs constructed across whole slides to aggregate cellular communities
into one of 9 tissue microstructure types. I show how the model generalises to
slides from an unseen institute and highlight how node feature standardisation
contributes to training a robust model. I present a comprehensive hyperparameter
exploration to show that the model is not highly sensitive to hyperparameter and
graph construction and to showcase the challenges GNNs have on cell graph data.
Further, I compare the performance of seven scaleable state-of-the-art GNNs and
describe a cell graph dataset release to the graph learning community for developing
new scalable GNN architectures. Finally, I explore how an unsupervised hierarchical
tissue phenotyping method over patches is a simple and effective benchmark for
identifying larger tissue regions.

In the context of the literature, this is the first method for automated classifica-
tion and localisation of tissue microstructures in placenta histology and is one of few
methods using GNNs for node classification on cell graphs built across entire whole
slide images. Together with the cellular phenotypes, these tissue microstructure

phenotypes can be used for rich, biologically explainable slide-level prediction.

4.9 Limitations

The hierarchical nature of this cell-to-tissue graph approach allows us to model and
validate tissue predictions as the composition of their cellular communities. However,
it also couples the tissue model’s performance and outputs to the performance
and outputs of the cell model. Any changes or improvements to the cell parts of
the pipeline will require retraining of the tissue model. Whilst tissue inference is
computationally very fast, taking just a few minutes to predict across a whole slide

on a CPU, it requires running the nuclei localisation and cell classification models
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that are computationally more intensive. Further, poor cell model performance, such
as when stain differences cause a domain shift, will result in cellular embeddings
with lower informational quality as inputs to the GNN. To some extent, this can be
overcome by training the GNN with regularisation, such as graph normalisation
and node feature augmentation as shown in MEGA [250], but ideally, we would
look to improve the cell model. Finally, as this is a node classification task on
nuclei, there will only be tissue predictions for regions with nuclei. In practice,
however, nuclei are almost always present in the tissue regions we would want
to classify, including lesions.

Further limitations include those specific to using GNNs for node classification
on histology cell graphs. The current scalable GNN architectures struggle with
labels which are locally homophilic but distributed throughout the graph (globally
heterophilic), and their fixed receptive field sizes make predicting both very small
and very large tissue structures a challenge.

As with the cell models, this analysis could be extended to predict on placenta
slides from earlier gestational ages by training with annotations for immature
intermediate villi and mesenchymal villi and for the other placental slide types.
Unsupervised hierarchical cell graph-based tissue phenotyping could also be further

explored to avoid the need for manual annotation.
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5.1 Introduction

There is a lack of normal baselines for understanding healthy variation within
the term placenta [23| 265]. The placenta is a notoriously heterogeneous organ
both at different sampling sites within the same organ and across placentas from
uncomplicated pregnancies [16} 23, [51]. The genetic mosaicism inherent to the

placenta may go some ways towards explaining this heterogeneity [20]. The placenta
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has redundancy and a reserve capacity that allows it to tolerate a degree of biological
insult, and it exhibits adaptive responses in suboptimal conditions 13| 43]. However,
the thresholds for these tolerances are not currently clear. There have been efforts
in recent years to establish clinical consensus for these thresholds [103} 266], but
further large-scale quantitative analyses are needed [265|. Historically, the placenta
has been an understudied and poorly understood organ despite its importance
[4, |13}, 31, 42445 b5, [267].

In this chapter, I aim to present new, biologically rich quantitative metrics for
assessing placental health and understanding healthy variability in the term placenta.
I use the previous chapters’ cellular and tissue microstructure prediction models to
quantify variability across 30 WSIs of healthy term placentas from three institutes. I
validate model predictions against the agreement scores of four practising perinatal
pathologists, against expectations from our current understanding of placental
biology and reference ranges in placental literature.

In the following sections, I present the expected cellular and tissue microstructure
biology of the normal term placenta, including any reference ranges, and I summarise
the existing literature for healthy placental phenotyping. I describe the data used
in this analysis and restate the methodology. I show how tissue model prediction
and ground truth annotations follow similar agreement patterns to the agreement
between perinatal pathologists and how cellular and tissue predictions, including
the cellular composition of tissues, match biological expectations and reference
ranges. Finally, I use UMAP to show how the internal representation of cell and

tissue microstructure classes mirrors biological class similarity.ﬂ

1Sections titled Methodology, Comparison to Perinatal Pathologists and Predictions Match
Ezpectations from Placental Biology and Literature have been adapted and expanded on from
[175] (Nature Communications 2024). Sections titled Related Work, Ezpected Cell and Tissue
Microstructures, Model Representation Reflects Biological Similarity and Limitations are new
work.
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5.2 Expected Cell and Tissue Microstructures in
Healthy Term Placentas

For tissue microstructures, there are reference ranges for the proportional surface
area of the chorionic villus types and thresholds for clinical significance of the
included indicators of pathology (Table [56, 64, 81, (197, |198]. Ranges indicate
that most of the placenta surface area on a slide of a healthy term placenta consists
of terminal villi, followed by mature intermediate villi, stem villi, and a small
number of villus sprouts. Healthy term placentas should have less than 2.5% of villi
as avascular villi, and less than 25% of the slide area should be fibrin [197, [19§].
No ranges are reported for the proportion of the chorionic plate, basal plate, and

anchoring villi, as these will vary depending on slice and organ preparation.

Table 5.1: The expected surface area of tissue microstructures across a healthy
term placenta slide. Ranges are shown alongside corresponding literature references.

Tissue Microstructure Expected Surface Area

Terminal Villus 30-60% (56|, 81]
Mature Intermediate Villus 17-32% [56, 64, 81]
Stem Villus 9-25% |56, (64, [81]
Villus Sprout 0-1% [56]
Fibrin <25% [197]
Avascular Villus <2.5% [198]

For the cellular composition of tissue microstructures, there are no reference
ranges, but we may use the morphological and functional definitions reported in
the literature [56} |61}, [86], 268], 269]. In Figure .1} I show for each of the tissue
microstructures included in this analysis, whether the cell type is not present in
that tissue, whether the cell type is proportionally low in that tissue, proportionally
medium in that tissue, or proportionally high in that tissue, relative to other tissue
microstructures. Note that this categorical representation is only intended as a
rough guide based on tissue microstructure schematics and descriptions and should
not be used to definitively classify those structures. In summary, the smaller, more

vascular chorionic villi, such as terminal villi, will contain more trophoblasts and
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vascular endothelial cells due to their higher surface area and capillary density.
The larger, more structural chorionic villi, such as stem villi, will contain more
structural cell types, such as fibroblasts and vascular myocytes, in addition to
leukocytes in the fetal blood of fetal vessels. Avascular villi will have the same
composition as their original villus type but without vascular cells. Extravillus
trophoblasts generally populate fibrin, and the basal plate will contain all maternal

decidual cells and some extravillus trophoblasts.

Maternal
Decidual Leukocyte
cell

Vascular
Syncytiotro Cytotropho Syncytial Extravillus Fibroblast Hofbauer Endothelial Vascular Mesenchym

phoblast blast knot Trophoblast Cell Cell Myocyte al Cell

Chorionic
Plate

Stem Villus

Anchoring
Villus

Mature
Intermediate
Villus

Terminal
Villus

Villus Sprout

o -:

Fibrin

Avascular
Villi

Figure 5.1: Cell type composition of tissue microstructures in WSIs of healthy
term placentas. Categorical cell type is approximated from schematics and descriptions
in placenta literature. Grey indicates that the cell type is not present in that tissue, light
green indicates that the cell type is proportionally low, medium green indicates that it is
proportionally medium, and dark green indicates that it is proportionally high, all relative
to other tissues.

As there are upwards of a million cells in a term placenta histology sample, it
has been infeasible to manually develop reference ranges for the expected proportion
of cell types. However, we can approximate them from the reference ranges
for the expected proportional area of tissue microstructures and their cellular
composition. Due to the high proportion of terminal villi, we may expect to find a

high proportion of syncytiotrophoblast nuclei and vascular endothelial cells, and
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the low expected proportion of avascular villi further evidences this. Due to the
maturity of term samples, we would not expect to find many cytotrophoblasts or
undifferentiated mesenchymal cells [61, |86]. As these are healthy samples, there
should not be many leukocytes to suggest an inflammatory response [270, [271].
The proportion of extravillus trophoblasts and maternal decidual cells is affected
by the amount of basal plate in the sample, which will vary by slice and organ
preparation. However, an unusually high proportion of extravillus trophoblasts

may indicate an excess of fibrin [197].

5.3 Related Work

Identification of cellular and tissue microstructure elements for slide-level phenotyp-
ing in placenta histology is commonly performed using stereology [46]. Stereology is
an unbiased sampling method for generalising from micro-anatomical observations in
small regions to the 2D slide or 3D organ level. Regions are selected by randomised,
systematic sampling across multiple slides and sites, and features of interest are
manually annotated within these regions. In the placenta these features often
include structure type (i.e. terminal villi, syncytial knots, fetal capillaries), volume
densities, vasculosyncytial barrier thickness, and counts [46-48] and allow for
estimates of the organ’s diffusive capabilities and fetoplacental angiogenesis from
villus growth and maturity [46]. A downside of stereology is the need for expert,
labour-intensive manual annotation within sampled regions, meaning that studies
are usually limited to smaller sample sizes and there is an assumption that sampled
regions are representative. However, one could argue that these same downsides exist
with the manually annotated training data used to train supervised deep learning
models. There may be a potential collaboration between stereology and deep
learning (a kind of automated stereology) where annotated regions for stereology
are used as training data and stereology estimation techniques are used to generalise
from model predictions to the 3D organ-level structure.

The only deep learning method applied to healthy slide-level prediction in
placental histology is GestAltNet for predicting the gestational age of a slide [51].
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Here, authors use a VGG19 model with weighted attention on 16 patches from each
slide to predict the slide-level gestational age. They compare against a baseline
VGG19 model trained to predict gestational age directly on patches. In both cases,
the median gestational across patch sets or individual patches is used as the slide-level
prediction. All training, validation, and test data are preselected to contain regions
of terminal villi. Their method achieves a mean absolute error (MAE) of 1.08 weeks,
better than the 1.45 of the baseline model on test data. They compare the historical
patterns of gestational age diagnosis by eight pathologists across 9.5 years and note a
variability of around 1.37 weeks, assuming an even random distribution of placentas
among pathologists. However, it is unclear if these are perinatal pathologists or

general surgical pathologists for which interobserver reliability is lower [29].

5.4 Whole Slide Image Data

I use 30 parenchyma slides from the placentas of 30 singleton healthy term pregnan-
cies from all three institutes for whole slide healthy cell and tissue microstructure
quantification. Given the heterogeneity and resiliency of the placenta, I select slides
from and define ‘healthy’ as term placentas from pregnancies with no adverse
health outcomes during or after pregnancy and where pathology reports and
second assessment by perinatal pathologist state that histological sections of the
parenchyma were ‘normal’ and that ‘villi correspond to gestational age’. As an
example, a portion of these healthy placentas from HMC were from pregnancies
which had suspected placenta accreta from a 1st-trimester ultrasound, thereby

qualifying them for submission to microscopic examination, but with no resulting

complications (Table [5.2)).
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Table 5.2: Patient characteristics for each placenta. Patient characteristics and
relevant clinical data for each placenta defined as healthy and used in this analysis.
*Clinical data and exact gestational age for slides from NUH are undisclosed as per the
data transfer agreement.

Institute Gestational Age Relevant Clinical Data

UoT 42+0 Placenta vallate, hypocoiled cord

HMC 40+0 Suspected placenta accreta

HMC 3645 Suspected placenta accreta

HMC 40+1 Suspected placenta accreta

HMC 4145 Suspected placenta accreta
NUH x 25 37 — 42 (term)* Histologically normal

5.5 Methodology

I run the trained nuclei localisation, cell classification, and tissue node classification
models of the prior chapters across the 30 healthy term WSIs. To summarise (Figure
[.2), this involves sectioning a WSI into overlapping 1600x1200 (177.44x133.08 jim)
pixel images, using a RetinaNet model to identify the nuclei coordinates in each
image, extracting 200x200 (22.18x22.18 yum) pixel images around each nucleus and
using a ResNet-50 model to classify the image into one of 11 cell types. From
the nuclei coordinates and cell predictions, a cell graph is constructed across the
whole slide and input into a ClusterGCN model to classify each node’s tissue
microstructure. For each slide, this results in a set of nuclei coordinates where each
nucleus has an associated cell type prediction and 64 dimension cell embeddings
and a tissue microstructure prediction and 64 dimension tissue embeddings. These
predictions are then used to quantify healthy variation across the 30 WSIs.
Whilst I have applied the methodology described so far to placenta histology,
the codebase has been intentionally written to be organ agnostic with guides for
data annotation, entry script tutorials, and demos on a small sample slide. This
codebase, HAPPY (for Histology Analysis Pipeline.PY), is being used internally
by other members of the lab for liver, adipose and kidney histology with some
exploratory multi-organ analysis. I hope that this project continues to mature

into a high-utility toolset for the group.
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Figure 5.2: HAPPY workflow. A hematoxylin and eosin (H&E) stained whole slide
image (WSI) is first sectioned into overlapping 1600x1200 (177.44x133.08 um) pixel images
and passed to an object detection RetinalNet model, which identifies the nuclei in these
images. 200x200 (22.18x22.18 pm) pixel images centred on each nucleus are classified into
one of 11 cell types by a ResNet-50 model. The 64-dimension embeddings from the cell
classifier and their nucleus coordinates are used to build a cell graph across the whole slide
image. The cell graph is input into a ClusterGCN graph neural network, which classifies
the tissue microstructure to which each cell belongs. Images a-d show characteristic tissue
regions of the WSI: (a) chorionic plate, (b) stem and distal villi, (c) distal villi, (d) basal

plate and anchoring villi.
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5.6 Comparison to Perinatal Pathologists

Four practising expert perinatal pathologists were asked to perform a similar
labelling task across tissue microstructures to assess the accuracy of my ground
truth tissue microstructure training annotations and to judge the relative difficulty
of identifying placental tissue types. Each pathologist was shown a series of images
containing a centred tissue microstructure out of 180 total images with the task of
labelling the tissue type of that centred structure. Images were generated from a
random, class-balanced subset of my ground truth annotations, and pathologists
were blind to the original annotation and each other’s labels. Images were cropped
to display contextual background, similar to the context a 16-layer message-passing
GNN may see, but it was expected that tissue types were identifiable from their
cellular composition alone.

Participants were first presented with a Standard Operating Procedure (SOP)
and a tutorial. These documents detailed the labelling setup, what data would
be collected, and how it would be used, and included links to current literature
relevant to placental tissue microstructures. Participants were invited to a project in
the browser-based software LabelBox [272] where they were sequentially presented
with images and could choose one of 12 tissue types for that image (Figure .
Alternatively, they could state that the type was unclear or not listed, and they
could leave a comment. Participants were informed that all images came from a
healthy term placenta. After completion, their tissue type labels were compared for
Cohen’s kappa [273] agreement scores against each other, the original annotations,
and the model’s prediction.

Across all tissue microstructure types, pathologists have a moderate mean
agreement score of 0.55 kappa, with low-moderate kappa values for mature inter-
mediate villi (0.468), villus sprouts (0.371), avascular villi (0.154), and anchoring
villi (0.051). Pathologists disagree with their majority-voted label (Figure [5.4)
at least 50% of the time for anchoring villi and avascular villi, highlighting the

difficulty of identifying these structures.



5. Quantifying Healthy Variation in the Term Placenta 85

Submit your choice

Choose a
tissue/
area type

Figure 5.3: User interface for pathologist tissue microstructure labelling task.
For each of the 180 images shown to pathologists, the tissue microstructure to label was
centred and highlighted with a segmentation overlay, which could be toggled on and off.
Pathologists were given a multiple choice selection of labels, could add a comment, and
submit their answer.

Taking the pathologists’ majority label as the gold standard, there is a 0.61 kappa
value to the ground truth annotations, indicating a slightly better agreement than
the inter-pathologists’ agreement. For 7/9 tissue microstructures, the pathologists’
labels match the annotations >50% of the time (Figure . There is a strong
match for terminal villi (78%), avascular villi (80%), chorionic plate tissue (90%)
and basal plate tissue (99%). Of the two structures with <50% label match, mature
intermediate villi (41%) and anchoring villi (27%) were among the structures with
the lowest inter-pathologist agreement, as described above.

Finally, I contrast the tissue model’s PR-AUC (Precision Recall Area Un-
der Curve) values against mean pathologist agreement scores for each tissue
microstructure type (Figure . The PR-AUC values have a strong positive
correlation (R?=0.821) with the mean Cohen’s kappa score between the pathologists,
suggesting the model’s predictions are on par with perinatal pathologists for this
task. Additionally, pathologists label disagreement (Figure show similar
patterns to model confusion.

Pathologist disagreement in this task is not unexpected as specific, structure-by-

structure tissue classification is not part of pathology investigations, partly because
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this is not feasible for humans at scale. Nonetheless, the gestalt or organised
whole, i.e. tissue type and morphology assessment in aggregate, is a key part of
pathology reporting and disease prediction. Specific tissue classification performance
comparable to human experts shows models can accurately quantify placenta biology
in a way that is likely relevant to pathology detection. These results highlight
the potential of large-scale deep learning methods to identify abnormalities in
placental microstructures that are too subtle to be recognised by routine light

microscopy examination.
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Figure 5.4: Pathologist agreement and model confusion across tissue types.
(a) Inter-pathologist confusion matrix showing for each image with a majority pathologist
label (y-axis) how much variance there was against that majority (x-axis). Lines indicate
the additional options for pathologists to say the tissue was unclear or not listed. (b)
Confusion matrix which shows the proportion of matching pathologists’ labels with ground
truth annotations. (¢) Model performance Precision Recall Area Under Curve (PR-AUC)
scores plotted against mean pathologist Kappa values by tissue type showing a strong
positive correlation (R? = 0.821).
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5.7 Predictions Match Expectations from Placen-
tal Biology and Literature

To further validate HAPPY, I compare cell and tissue microstructure whole slide
predictions to expectations from our current understanding of placental biology
and against any reference metrics reported in the literature. In Figure [5.5] I
show the variability of predicted cells as a proportion of all cells across a WSI
for the 30 parenchyma WSIs of healthy term placentas. These predictions reflect
the expected internal anatomy of a healthy term placenta. The high proportion
of syncytiotrophoblast nuclei (>40%) relative to villus stromal cells matches the
expected large surface area to volume ratio of an effective villus tree system optimised
for diffusive exchange [86]. The <1% proportion of undifferentiated mesenchymal
cells and low proportion of cytotrophoblasts (4%-13%) are characteristic of the late
maturation stage of the placenta samples [56, (61}, 81, 86]. The low proportion of

leukocytes (2%-4%) are below clinical thresholds for pathological relevance [266, [270].
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Figure 5.5: Predicted cell and tissue microstructure type proportions across
30 whole slide images (WSI) from healthy term placentas. (a) Cell proportions
across WSIs. (b) Tissue microstructure proportions across WSIs with vertical braces
showing the expected ranges reported in the literature for healthy term placentas. Box
centre line represents the median and whiskers are drawn up to 1.5 times the interquartile
range. Each WSI datapoint is shown by a cross marker.
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Next, I analyse the variability of predicted tissue microstructures as a proportion
of all tissues across a WSI for the 30 parenchyma WSIs of healthy term placentas.
The proportion of villus microstructures predominantly fall within the ranges
reported in the literature for healthy term placentas (Figure 18, 81} 186, {198]. In
most slides, terminal villi are the most common villus type, comprising an expected
30-60% of the slide’s tissue structures. Likewise, mature intermediate villi and
stem villi are the 2" and 3'¢ most common tissue structures, predominantly falling
within the expected ranges of 17-32% and 9-25%, respectively. Excessive regions
of fibrin or avascular villi are indicators of pathologic processes [197, |266] and the
proportions of fibrin and avascular villi are <25% and <2.5%, respectively, which
are below the clinical thresholds for pathological relevance [197, 199, [266].

The hierarchical cell-to-tissue structure of HAPPY allows us to inspect tissue
predictions in terms of their underlying cellular communities. As the four chorionic
villus types and the chorionic plate are defined and distinguished from one another
by their cellular compositions, we can use this cell-to-tissue structure to validate
predictions in a biologically interpretable way. In Figure [5.6, I show the mean
predicted cellular composition for the four chorionic villus tissues and the chorionic
plate across the 30 WSIs of healthy term placentas. The predicted cellular
proportions match current descriptions and schematics reported in placenta literature
[61, 186]. As villus types develop from one another in a tree-like structure, their
cellular proportions shift along the tree in a continuum and model predictions
recapitulate this continuum. For example, the terminal villi, which form the tips
of the villus tree and are the primary sites for maternal /fetal diffusive exchange,
are characterised by their >50% capillary stromal volume [61} |86]. As such, their
cellular composition contains the highest proportion of vascular endothelial cells.
Conversely, the stem villi and chorionic plate, which form the trunk and base of
the villus tree, respectively, support the villus structure and contain the highest
proportion of structural fibroblasts and vascular myocytes. Their larger vessels
will contain proportionally more fetal blood with higher proportions of predicted

leukocytes corresponding to the increased leukocytes found in fetal blood at later
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gestations [274]. The mature intermediate villi have predicted cellular proportions
between stem and terminal villi, which corresponds to their place in the chorionic
tree. Finally, villus sprouts contain the highest proportion of trophoblasts with

little to no stromal core cells, as expected [61, [86].
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Figure 5.6: Proportions of predicted cell types within predicted chorionic
villus tissues and their corresponding locations in a villus tree schematic. (a)
The mean proportion of predicted cell types within each predicted term chorionic villus
tissue for 30 whole slide images. (b) A villus tree schematic showing how each villus
structure relates to and grows from other villus structures. (¢) Example histology and
cell predictions for each villus structure.
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5.8 Model Representations Reflect Biological Sim-
ilarity

We would like our models to learn an internal representation of classes which mirrors
similarity in the underlying biological phenotypes. In part, this can be observed from
the previous chapters’ top-2 or top-3 accuracies and confusion matrices. Another
way to explore this representation is by visualising the latent vector space using a
dimensionality technique such as UMAP [275]. If the model has a good internal
representation, we expect similar structures to be closer in embedding space. As
these are models trained in a supervised way, we would not expect to see very
distinct clusters, but model decision boundaries should at least fall across similar
classes. The UMAP visualisation additionally allows us to explore how the tissue
microstructure prediction model shifts the input vectors (cell embedding vectors)
across higher dimensional space towards tissue microstructures. In the following
analysis, I fit a UMAP to the 64-dimension embedding vectors of the cell and tissue
microstructure prediction models and plot the 2-dimension reduced embeddings
coloured by the cell and tissue predictions.

The models should broadly group structures by their biological categories. For
the cells, the trophoblasts and villous stromal cells should be grouped. For the
tissue microstructures, chorionic villi should follow the tree-like continuum from
chorion to stem villi, mature intermediate villi, terminal villi, and villus sprout,
with the basal plate and pathologic indicators being distinct.

The cell model’s internal representation reflects biological similarity (Figure[5.8).
For each slide, the trophoblasts are grouped on one side of the plot, and the villus
stromal cells are on the other. The syncytial knots lie next to the syncytiotrophoblast
nuclei, which are next to the cytotrophoblasts. The villus stromal cells have a
vascular myocyte cluster next to the fibroblasts and vascular endothelial cells. The
tissue microstructure predictions on the cell embeddings also reflect the previous
section’s cellular compositions. Vascular myocytes are predominantly in chorion and
stem villi predictions, fibroblasts follow a gradient across villi types, and vascular

endothelial cells and trophoblasts are in the terminal villi.
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Figure 5.7: Cell predictions and corresponding UMAP plots on one healthy
term slide from each institute. A UMAP is fitted on cell embeddings for all nuclei
across a slide. Each point is coloured by the predicted cell and tissue microstructure.

A similar pattern is observed in the tissue microstructure model’s representation
(Figure [5.8). For each slide, the villus continuum from the terminal villus to
the stem villus is preserved. The chorionic plate clusters near to stem villi or
is distinct, and the basal plate is a separate cluster. Fibrin and avascular villi
are offshoots from the villi. As before, the cell predictions on tissue embeddings
reflect expected cellular composition. The chorion and stem villi contain fibroblasts
and vascular myocytes, the mature intermediate villi have a mix of villus stromal
cells and trophoblasts, and the terminal villi contain the syncytial knots and
trophoblasts. The tissue microstructure prediction model uses cellular community

and composition to identify tissues in a biologically meaningful way.
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Figure 5.8: Tissue microstructure predictions and corresponding UMAP
plots on one healthy term slide from each institute. A UMAP is fitted on tissue
embeddings for all nuclei across a slide. Each point is coloured by the predicted cell and
tissue microstructure.
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5.9 Conclusion

In this chapter, I have explored using aggregated subslide metrics for quantifying
healthy variation in the term placenta at the slide level. I ran the cell and tissue
microstructure prediction models of the last two chapters across 30 WSIs of healthy
term placentas from three institutes. I validated the tissue model’s outputs against
the agreement scores of four practising perinatal pathologists, showing similar
performance and patterns of disagreement. I validated the aggregated whole slide
cell and tissue metrics against our expectations from biology and placental literature.
The proportion of cells, tissue microstructures, and cellular composition of tissue

microstructures matches these expectations for healthy term placentas. I further
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show how the internal representation of the models reflects the underlying biology.

In the context of the literature, this is the first automated, scalable method for
combining cellular and tissue microstructure outputs to quantify placenta histology
and provides the first set of whole slide cellular and tissue microstructure benchmarks
for healthy term placentas. It is a step in understanding micro-anatomical variation
that is tolerated by the placenta and provides a sliding scale of explainable biological

phenotypes to measure health and disease.

5.10 Limitations

With over a million cells and tens of thousands of tissue microstructures on a
placenta slide, the presented methodology provides rich biological phenotypes to
quantify a placenta sample. However, in aggregate, these only provide baseline
metrics for the 30 analysed healthy term placentas. Additionally, as slides are drawn
from clinical datasets collected as part of routine pathology investigation, there
may be unknown changes to their underlying morphologies that differentiate them
from healthy controls. Future work would benefit from more healthy term slides
from more institutes collected explicitly as healthy controls.

Right now, this analysis only predicts cellular and tissue microstructure densities
and proportions, but it could be extended by translating and comparing against the
metrics used in placenta stereology. Metrics such as the size and distance between
terminal villi, number of vasculosyncytial membranes and diffusion distance, number
of knots per terminal villus, size of vessels, etc., would be useful for clinical practice
and placenta research. For example, this could be used to investigate the expected
villus changes under the two surface plates. In healthy placentas, villi under
the chorionic plate are sparser and smaller in diameter, appearing accelerated,
and villi under the basal plate are larger with looser stroma appearing immature
[23], but this has not been quantified. These metrics may be approximated using
existing predicted features. For example, edge distance can be used to judge villus
distances, syncytiotrophoblast nuclei to segment individual villi, vascular myocytes

and vascular endothelial cells to measure vessel sizes and capillary densities.
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6.1 Introduction

A large part of placental pathology reporting involves identifying and assessing
the severity of lesions on placenta slides |3} |8, 266]. Taken together, lesions across
all slides from the same placenta form a pattern of injury, which indicates a
pathological process [103, 276]. Placental pathology reporting is essential for
clinical management of maternal and newborn health. It informs immediate
clinical treatment and predicts recurrence risk in subsequent pregnancies, long-
term maternal and child adverse outcomes, and explains underlying causes of
pregnancy loss [1H9]. Perivillous fibrin, for example, has a high recurrence risk |2,
197], and maternal vascular malperfusion can predict maternal hypertension and
cardiovascular disease a decade after pregnancy [277].

Associating lesions with pathologies and outcomes, however, is challenging
as the placenta is highly resilient to injury with a reserve capacity and inbuilt
redundancy |13]. Term pregnancies with normal outcomes have been found to
contain low-severity lesions up to 35.7% of the time and high-severity lesions
9.1% of the time [21]. Further research is needed to quantify the biological
changes associated with these lesions on a large scale and verify thresholds for
when lesion severity becomes pathologic and leads to adverse outcomes [8, [54].
Further, placenta pathology reporting is labour-intensive and requires specialised
pathologists [29]. Tools assisting placenta pathology reporting could be invaluable
for clinical workflows and placenta research.

In this chapter, I explore the use of cellular and tissue microstructure phenotypes
to identify parenchymal lesions. Following an introduction to the lesions in this
analysis and related work in identifying placental parenchymal lesions, I divide
the chapter into two sections. In the first section, I apply the cell and tissue
microstructure prediction models from previous chapters across a range of slides
containing one or more parenchymal lesions. I first compare predictions on term
slides with clinically significant placental infarction to those of healthy term placentas
and find significant differences. I then describe the full parenchymal lesion dataset

and a parallelised workflow for efficiently running the inference pipeline across this
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data. Finally, I use the aggregate cell and tissue microstructure predictions across all
lesion slides to analyse the phenotypic biological changes caused by these lesions. In
the second section, I introduce a novel unsupervised graph compression autoencoder
(GCAE) for classifying regions of interest around lesions in a slide. The model
includes a custom one hop node compression algorithm for efficiently selecting evenly
distributed supernodes across a graph. I validate this methodology for cellular and

tissue microstructure embedding reconstruction and downstream region predictionﬂ

6.2 Parenchymal Lesions of Interest

I focus on the four most common parenchymal lesions: infarction, perivillous fibrin,
avascular villi, and intervillous thrombosis (Figure [6.1)). These lesions can be found
alone or in combination on a slide, are associated with specific cellular and tissue
microstructure changes and are an important part of placental pathology reporting

as markers of maternal vascular malperfusion and fetal vascular malperfusion.

Infarction Perivillous Fibrin Avascular Villi Intervillous Thrombosis
3 ," A T 3 i Pt

Figure 6.1: Example histology of each placenta parenchymal lesion of interest.
Infarction is characterised by its pale villi with nuclear degeneration, perivillous fibrin is
characterised by its fibrinoid material surrounding villi, avascular villi are villi without
vasculature or stromal content, and an intervillous thrombus is a large bleed in the
intervillous space with varying levels of fibrosis.

6.2.1 Infarction

Placental infarction is a lesion of the placental parenchyma whereby a region

or regions of villi undergo ischaemic coagulative necrosis [84]. Caused by a

!Section titled Pilot Case Study on Placental Infarction has been adapted and expanded on
from [175] (Nature Communications 2024). All other sections in this chapter are new work.
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disruption of the maternal circulation within the placental space, it is a key
reported finding in pathological investigation as a marker of maternal vascular
malperfusion |84} 103, 266} 278]. When clinically significant [266], it is associated
with maternal hypertensive disease, abruption, preterm birth, and fetal growth
restriction [278-280].

Given the biological changes caused by placental infarction [84], at the cellular
level, we would expect to see fewer cells found in healthy distal villi such as
syncytiotrophoblast, cytotrophoblast, fibroblast and vascular endothelial cells and
more extravillus trophoblasts and leukocytes. In terms of tissue microstructures,
we would expect there to be fewer distal villi, such as the terminal and mature
intermediate villi and, in their place, there should be a larger proportion of fibrin
and villi without vasculature (avascular villi). As the age of infarction will affect
the degree of nuclear degeneration (a young infarction will exhibit less nuclear

degeneration) [278], these changes will sit along a continuum.

6.2.2 Perivillous Fibrin

Perivillous fibrin deposition is an excessive buildup of fibrinoid material in the
intervillous space, causing villi to become sclerotic and necrose over time. It is
considered pathologic when more than 25% of the slide is surrounded by fibrinoid ma-
terial (increased perivillous fibrinoid deposition at 25%-50% and massive perivillous
fibrinoid deposition at >50%) [197, 281]. When clinically significant, it is associated
with fetal growth restriction, intrauterine fetal demise, and adverse neurologic
outcomes [281], 282] with a high recurrence rate in subsequent pregnancy [2, 197].

At the cellular level, we would expect to see an increase in extravillus trophoblasts
as these invade the fibrinoid material [197] and, depending on the severity, a decrease
in villus stromal cells as villi are cut off from the surrounding maternal blood. As
with placental infarction, we would expect fewer distal villi as these necrose and
lose their vasculature, as well as an increase in the fibrin type as the fibrinoid

material fills the intervillous space.
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6.2.3 Avascular Villi

Avascular villi is a lesion of fetal origin where villi become ischemic due to an
obstructed blood flow in a vessel at an earlier point in the villus tree or umbilical
cord, vascular damage, or an inflammatory pathology [80]. Ischemic villi undergo
a process known as villous stromal-vascular karyorrhexis [80, [247] where there is
cell death of villus vascular and stromal cells as they lose their internal oxygen
supply. The villus is considered avascular at the final stage of this cell death, but
trophoblasts remain viable due to their contact with maternal blood. When there are
more than three clusters of more than two avascular villi, it is considered clinically
significant and is associated with fetal growth restriction, fetal central nervous
system injury and stillbirth as a marker of fetal vascular malperfusion [247, [266].
Given the vascular and stromal cell changes in avascular villi, we would expect
to find fewer vascular and stromal cells at the cellular level. However, there should
be little to no change in trophoblast densities. If an inflammatory pathology causes
the lesion, then there may be an increase in leukocytes. At the tissue microstructure
level, there should be a reduction in distal villi, but as avascular villi are clinically

significant in small quantities, this may not be apparent across a slide.

6.2.4 Intervillous Thrombosis

Intervillous thrombosis, also called haematoma or thrombohematoma, is a coag-
ulation of blood within the intervillous space [283]. It has many possible causes,
including haemorrhage from fetal capillaries, abnormal or stasis of blood flow within
the intervillous space, or maternal hypercoagulability [283, [284]. It is associated
with placenta increta, percreta, preeclampsia and maternal hypertension [284} 285].
Intervillous thrombi are present in a fifth of term placentas but, when alone, do
not usually present with an adverse outcome [21, [284].

At the cellular level, we expect to see an increase in leukocytes in the coagulating
blood. We would not expect to see large changes to the tissue microstructures

when a thrombus is the only lesion on a slide. However, there will be small regions
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where villi can become avascular or infarcted if they have been pushed aside or

entrapped by the thrombus [283].

6.3 Related Work

There are four methods in the literature for predicting placental lesions in histology
using machine learning or deep learning. The first is the previously mentioned
work on hierarchical decidual vasculopathy prediction [52]. The second is a method
for predicting the presence of infarction, perivillous fibrin, intervillous thrombosis
or no lesion at the slide level from patches [53|. Here, authors use an ImageNet
pretrained EfficientNetV2L to extract patch features and a subnetwork that outputs
patch scores for each class. A weighted average of scores across the slide is passed
to a four-layer fully connected network to predict the presence of each lesion at
the slide level. The third method trains a support vector machine classifier on
extracted image features to predict the presence of maternal vascular malperfusion
lesions [54]. Image features are extracted using an ImageNet pretrained ResNet18
on non-overlapping patches and are passed to an SVM for binary classification of
maternal vascular malperfusion. The slide-level prediction is obtained by majority
voting across patches. The fourth method uses a convolutional neural network
to predict the severity of distal villous hypoplasia on slide patches, obtaining a

slide-level prediction by averaging patch scores [286].

6.4 Section 1: Using Cellular and Tissue Phe-
notypes

For the first exploratory analysis of deep learning for identifying parenchymal
lesions, I use the cellular and tissue microstructure prediction models on slides
with one of the four lesions of interest. After an initial pilot study comparing
predictions from slides of healthy term placentas to slides from term placentas with
clinically significant placental infarction, I apply the models to a larger diseased

cohort. This cohort, consisting of 315 parenchyma slides, is derived from placentas
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of 2nd, 3rd trimester, and term pregnancies where pathology reports include one

of the four parenchymal lesions.

6.4.1 Pilot Case Study on Placental Infarction

H&E Brightfield Cell Predictions Tissue Microstructure Predictions

New Infarction
Large Region

Old Infarction
Large Region

New Infarction
Small Region

Figure 6.2: Three slides with placenta infarction and corresponding cell
and tissue microstructure predictions. Each slide displays different infarction
characteristics. The top row contains a newer infraction over a large portion of the slide,
the middle row contains an older infarction, as seen by the nuclei sparsity, and the bottom
row contains a newer infarction over a small portion of the slide.

I perform an initial pilot case study for slides from term placentas with clinically
significant placental infarction to assess whether the aggregated cellular and tissue
microstructure predictions would provide useful metrics for assessing placental
parenchymal lesions. I use 12 term WSIs from eight singleton term placentas with
clinically significant placental infarction in pathology reports at original institutes
from UoT and HMC. A secondary assessment of slides is provided by another
perinatal pathologist at another institute. These 12 slides are carefully selected to
contain both young and old infarctions on the slide, as this will affect the degree of
nuclear degeneration, and a range of infarction sizes. See Figure for an example

of these differences. I test the significance of these cell and tissue microstructure
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differences independently between the 30 WSIs of healthy term placentas and these
12 WSIs with placenta infarction using two-sided Welch’s t-test.

Contrasting the proportion of cells across our samples (Figure , we see
that syncytiotrophoblast (p=0.001), fibroblast (p=0.002), and vascular endothelial
cells (p<0.001) are nominally significantly fewer in placentas with infarction and
extravillus trophoblast cells (p=0.001) and leukocytes (p=0.002) are significantly
higher. In terms of the tissue microstructures, there are fewer terminal villi (p<0.001)
and mature intermediate villi (p=0.03) and more fibrin (p=0.002) and avascular
villi (p=0.001). Additionally, proportions of fibrin and avascular villi surpass the
healthy expected ranges reported in the literature for 2/12 and 8/12 WSIs with
placental infarction, respectively. Similarly, 9/12 and 4/12 WSIs with placental
infarction have proportions of terminal villi and mature intermediate villi below
expected ranges for healthy term placentas.

Given that placental infarction will result in fewer total nuclei across a slide,
I additionally compare the number of predicted cell and tissue microstructure
counts per mm? area of tissue on the slide (Figure . I estimate this area
by splitting the slide into non-overlapping patches and aggregating the area of
patches containing at least one nucleus prediction. There is significantly less
total nuclei density (p<0.001) in the WSIs with placental infarction. There are
nominally significant results for cell and tissue type densities across the slides. After
Bonferroni multiple testing correction, syncytiotrophoblast (p=0.002), extravillus
trophoblast (p=0.01), vascular endothelial cells (p<0.001), leukocytes (p=0.006) and
total density (p=0.003) remain significant. Likewise, for the tissue microstructure
types, terminal villi (p=0.002), mature intermediate villi (p=0.009), anchoring villi

(p=0.03), fibrin (p=0.007) and avascular villi (p=0.003) remain significant.



6. Identifying Parenchymal Lesions 102

a 08 b 0.8 %% % p<0.001 k% p<0.01 % p<0.05
0.7 0.7
06 06
5 0.5 2 05
g 14
2 2
n 2
8 0.4 8 0.4
s s
c c
s s
o3 : §o3
g x 2
£ g
& &
0.2 % 0.2 x
) : ? ) % % ; é
00 e = =N s S 00 e—— g:TJ i e
% 3 % % % g = 3 - 2 3 4% B H g% gk g 3% 3 3 g% S*
s ¢ £ 3§ 3 § g ¢ 9o g =3 % £ & 2% 2% g sk &7 & 2k 32
2 K] 2 2 £ z 3 g g = g 2 = 2 2 £ 2 3% B El = a
£ g 2 g 3 E S & £ & 5 2 2 13 3 3 a
g g g g 5 g z 8 5 g g g 3 5 g z & 5
5 2 5 E s w S 5 g 5 e 5 E s w S S
s S K} " 3 5 e 2 & ° s 5} o El 5 2 2 £
ES a > 2 M 2 ] 2 3 @ s 3 3 £ 2 2
g 5 s 3 g s I 3 E 3 3 3 5
g s s 3 2 = g s 2 3 H =
@ s g & [ s
i 3
Cell Labels Cell Labels
08 08 %% P<0.001 %% p<0.01 % p<0.05
07 07
06 06
o K4
@ I
H H
é 05 E 05
< g —
fo04 204
E E
s s
c <
5 5
£03 £03
5 s
2 g
£ £
£ i £
02 02
01 = 01 . é
00 i o L 00| - e = i
= = = 5 = P £ < B =% = g 3 £ 3 3 < £*x
s s s H s k4 32 5 s 5§y &% s g* 5% s £* 5 i *
s 8 £ & 2 % g w© 5 T * K] £ & 2 % g © 5
£ K] g A £ 2 & E £ B g o £ Y & K
£ H] a E 2 s g 3 £ 3 @ E 5 § s 3
g H 5 I s 8 & = S < & H
a § > & & = 2 . 5 > & g =z 2
E F] € [
e @ ¢ &
5 5
ki &
= =
Tissue Labels Tissue Labels

Figure 6.3: Predicted cell and tissue microstructure proportions across 30
whole slide images (WSI) of healthy term placentas and 12 WSIs of placentas
with placental infarction. (a) Cell proportions across healthy term placentas, (b)
cell proportions across term placentas with placental infarction, (c¢) tissue proportions
across healthy term placentas, (d) tissue proportions across term placentas with placental
infarction. The box centre line represents the median, and whiskers are drawn up to 1.5
times the interquartile range. Each WSI datapoint is shown by a cross marker. Expected
healthy ranges for tissue microstructures, as reported in the literature, are shown by black
vertical bars. Nominal significant differences in cell and tissue structures between the two
groups are calculated using two-sided Welch’s t-test and shown by red asterisks.
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Figure 6.4: Predicted cell and tissue microstructure density per area mm?

across 30 whole slide images (WSI) of healthy term placentas and 12 WSIs of
placentas with placental infarction. (a) Cell density across healthy term placentas
including total nuclei, (b) cell density across term placentas with placental infarction
including total nuclei, (c) tissue node density across healthy term placentas, (d) tissue node
density across term placentas with placental infarction. The box centre line represents
the median, and whiskers are drawn up to 1.5 times the interquartile range. Each WSI
datapoint is shown by a cross marker. Bonferroni adjusted significant differences in cell
and tissue structures between the two groups, which were calculated using two-sided
Welch’s t-test are shown by red asterisks.
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6.4.2 Lesion Whole Slide Image Data

The full parenchymal lesion dataset used in this chapter contains slides from 103
singleton placentas from 2nd trimester to term from two institutes. Placentas
were selected as having one of the four parenchymal lesions of interest in pathology
reports, and no placentas were excluded. As pathology reports are on a placenta level
rather than slide level and not all slides will contain the lesion, I manually assessed
each slide to ensure it contained the reported lesions. A secondary assessment was
then given by a perinatal pathologist at another institute to confirm the lesion
was present on the slide, and this assessment was used as the ground truth. In
both cases, apart from knowing that placentas were selected to contain one of the
four parenchymal lesions, assessors were blind to the lesions as stated in pathology
reports. It was also noted whether the slide had small villi for gestational age,
villous edema, or an inflammatory response. In total, 68 slides from UoT and 248
slides from HMC were included. See Figure for the range of gestational ages
from each institute and the number of slides with each lesion either as the only

lesion on the slide or in combination with other lesions.
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Figure 6.5: Number of slides with each parenchymal lesion by perinatal
pathologist secondary assessment. The leftmost plot shows how lesions vary across
gestational age in the data, with the majority of lesions from 3rd trimester placentas. The
rightmost plot shows how many slides contain the lesion alone or are present with other
lesions on the slide.
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6.4.3 A Parallel Cell and Tissue Microstructure Prediction
Workflow

The cellular and tissue microstructure predictions across whole slides are saved
to a SQLite database. This has the benefit of providing powerful SQL queries
across patient, slide, and completed inference run tables. As it isn’t a client/server
database engine, it has fast input/output for reading and writing operations, which
is essential for scaling deep learning to whole slide inference, where each slide can
contain over a million nuclei. However, a downside of not having a client /server
database engine is the lack of concurrency support, especially in a computing
environment with a distributed network file system. Slide inference needs to be

parallelised to scale across hundreds of whole slide images.

Run Inference "

@ base.db 2.db
v EEE— —P
\’ 7 7 Run Inference "

Run Inference .’

Attach and Insert

1.db

Figure 6.6: SQLite database workflow for running whole slide inference in
parallel. From the source of truth dataset main.db a database base.db with metadata for
running inferences is created. This is used to seed a task-specific database {task_id}.db
for which model inference can be run in parallel across servers. After whole slide inference
is complete, the resulting tables are stitched back into main.db.

I developed a workflow to parallelise inference of the cell and tissue pipeline
across multiple slides while ultimately still recording to the same SQLite database
(Figure . The workflow centres around having a main source of truth database
main.db, a metadata seeding database base.db and multiple temporary task-specific

databases {task_id}.db which can be written to in parallel. A copy of main.db called



6. Identifying Parenchymal Lesions 106

base.db is first created containing all slide and model tables necessary for inference
runs. As main.db can become very large over time, this saves disk space and avoids
unnecessary copying of information. Depending on the specifics of the computing
environment, the next step is to export the result of an SQL query to select relevant
slides and partition them into tasks. If the computing environment allows for 2 full
inference runs per task, then each task is mapped to two slides. The SQL query to

select the placenta slides with lesions analysed in this chapter is shown in Figure [6.7]

WITH slides to p
AS (SELECT
FROM

Select slides
WHERE slide of interest
BND ( lab.ic
SELECT ( Row_number ()
over (
ORDER BY id) Round ( ( (SELECT Count(*)
FRCM slides to process) 2 ), 0) ) 1 Map S|ideS
AS
task_id to tasks

FROM slides to :
ORDER BY task id

Figure 6.7: SQL query for selecting placenta lesion slides and mapping them
to tasks. After selecting the slides of interest, in this case, placenta parenchyma slides
with one of the four parenchymal lesions, the query will return a table which maps two of
these slide IDs to a unique task ID.

The task-slide mapping is then used to parallelise each inference run. For each
task, a task database {task_id}.db is created from base.db and all results across
slides within the task are recorded to that database. As there are no other processes
writing to that task database, there are no concurrency concerns. After all tasks
are complete, a bash script will check for any slides within a task that did not finish
full inference across the slide. Any runs that were not completed may be restarted
and will continue inference from where they stopped. Finally, the results in each
task database are copied into main.db by attaching the two databases together and
inserting them into each table at the next available run ID (Figure . Each task

database can then be deleted. This workflow, predominantly formed of a series of
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bash and SQL scripts, has been used for the placenta lesion slides analysed in this

chapter but also for adipose and liver histology by others in the lab.

ax_id FROM main_db.svalrun)

SELECT ru

(SELECT max_id FROM max_id) AS run id, %, y, cell class Update
FROM pred predictions
INSERT INTO main db.prediction (run_id, x, y, cell class) SELECT FROM results
W id AS (SELECT Max(id) AS max id FROM main db.evalrun)
5 (SELECT max id FROM max id) AS run id, tile_index, tils x, tile y, done Update
FROM tile tilestate
INSERT INTO main db.tilestate (run_id, tile index, tile x, tile y, done) SELECT FROM results

x(id) AS max_id FROM main db.evalrun)

“ Update
5 SELECT max_id FROM max_id) AS run id, x, vy, is_valid unvalidated
’ predictions
is_walid) SELECT FROM results
Update
evalruns

(id, timestamp, nuc model_ id

11 _model_id, sli
subsect_y, subsect w h k

1 embeddings path nu

Figure 6.8: SQL query for updating the main database from a task database.
For each task database, this query will attach the main database, find the last inference
run (evalrun) id and update the predictions, unvalidatedpredictions, titestate, and evalruns
tables. After this query has been run for each task database, the main database will look
the same as if everything had been written directly to it.

6.4.4 Cell and Tissue Microstructure Differences

I compare the predicted cell and tissue microstructure densities for slides in each
lesion group against the 30 healthy term placentas of the previous chapter. In the
interest of space, I report only the classes for which two-sided Welch’s t-tests are
significant at values p<0.001 after Bonferroni multiple testing correction. We see
from Tables and that for all four lesions, there are significant differences for
vascular endothelial cells. Leukocytes and total density are also significant for all
lesions apart from avascular villi. For avascular villi, total density is not expected
to be very different as avascular villi are clinically significant in small quantities,
and trophoblasts will still be present. In terms of tissue microstructures, all four
lesions have significantly different densities for fibrin and predicted avascular villi in
addition to mature intermediate villi. These results highlight the utility of cellular-

and tissue-level analysis for slide-level understanding.
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Table 6.1: P-values for cell density differences for each lesion of interest
against the healthy group. P-values are calculated using a two-sided Welch’s t-test
with Bonferroni multiple testing correction, and only values where p<0.001 are reported.

Perivillous Avascular Intervillous

Infarction Fibrin Villi  Thrombosis

Syncytiotrophoblast <0.001 - - <0.001
Extravillus Trophoblast <0.001 <0.001 <0.001 -

Fibroblast <0.001 <0.001 - <0.001
Vascular Endothelial Cell <0.001 <0.001 <0.001 <0.001
Mesenchymal Cell <0.001 <0.001 - <0.001
Leukocyte <0.001 <0.001 - <0.001
Total <0.001 <0.001 - <0.001

Table 6.2: P-values for tissue microstructure density differences for each lesion
of interest against the healthy group. P-values are calculated using a two-sided
Welch’s t-test with Bonferroni multiple testing correction, and only values where p<0.001
are reported.

. Perivillous Avascular Intervillous
Infarction

Fibrin Villi Thrombosis
Mature Intermediate Villi  <0.001 <0.001 <0.001 <0.001
Terminal Villi <0.001 <0.001 - -
Villus Sprouts <0.001 <0.001 - <0.001
Fibrin <0.001 <0.001 <0.001 <0.001
Avascular Villi <0.001 <0.001 <0.001 <0.001

6.4.5 Lesion Localisation Using Unsupervised Clustering

I explore the unsupervised patch-based clustering method from Chapter [4| to see
if lesions can be easily clustered from cell and tissue microstructure features. I
combine the cell and tissue microstructure predictions for each nucleus in a patch into
proportions and use k-means clustering with 5 clusters to group patches. I randomly
select three slides for each of the four lesions of interest, where that lesion is the only
lesion present on the slide, as reported by secondary assessment. As before, patches
are 200x200 pm, patches with fewer than 10 nuclei are excluded, and patch classes

are assessed by manual inspection of cellular and tissue microstructure compositions.
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Perivillous Fibrin Intervillous Thrombosis

Cell Predictions Tissue Microstructure Predictions Unsupervised K-means Clusters Cell Predictions Tissue Microstructure Predictions Unsupervised K-means Clusters

Infarction

Cell Predictions Tissue Microstructure Predictions Unsupervised K-means Clusters

t @

Avascular Villi

Cell Predictions Tissue Microstructure Predictions Unsupervised K-means Clusters

Figure 6.9: Cell, tissue microstructure, and k-means clusters on patches for
slides with parenchymal lesions. For each lesion, slides are selected to be the only
lesion on the slide. Patches are able to separate regions containing the lesion when there
are large changes to the cellular and tissue compositions of those regions.

Figure [6.9 shows that when a lesion causes large cellular and tissue changes
to the slide, the clustering approach distinguishes the lesion more clearly. This
is the case for infarction and intervillous thrombosis and does not depend on the
severity or size of the lesion. For avascular villi, when the lesion is severe, as is the
case with the two topmost slides of the figure, the clustering method identifies the
lesion even when this isn’t directly obvious from the macro-scale cell and tissue
microstructure predictions. However, a lesion patch class is not readily identifiable
when avascular villi are present in smaller quantities, such as the bottom-most slide.
For perivillous fibrin, lesion patch classes on fibrinoid regions seem to follow the
tissue microstructure prediction of fibrin. As before, this analysis would benefit

from a quantitative comparison to regions with lesions annotated by a perinatal
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pathologist. However, it suggests that the resulting changes to the cellular and

tissue microstructure compositions can be used to identify parenchymal lesions.

6.5 Section 2: Automated Lesion Classification
and Localisation

In the previous section, I showed how, in principle, lesions can be identified on a
slide by their resulting cellular and tissue changes. However, while an aggregated
slide-level analysis may indicate that there is a lesion on the slide, it does not tell
us where that lesion is on the slide. The unsupervised k-means clustering approach
can identify unusual regions which may correspond to the lesion, but the model is
only applied on a slide-by-slide basis with no ability to learn from lesions across
samples. A supervised approach could classify, segment the lesion, and train across
all slides but would require manual lesion-specific annotations. In the following
analysis, I explore a self-supervised method trained across all slides that uses the
underlying cell and tissue information to cluster regions, thereby classifying and
localising lesions. Conceptually, it is an extension of the k-means approach applied
across slides with clustered regions not fixed to patch boundaries.

[ explore a novel graph compression autoencoder (GCAE) across the lesion slide
dataset using cellular and tissue microstructure embeddings. At a high level, the
goal is to use an encoder-decoder architecture to compress the whole slide graph
into an iteratively smaller graph representation, the encoded features of which
summarise regions across the original graph. The decoder aims to reconstruct
the original cellular and tissue microstructure node features, and the whole model
is trained end-to-end based on this reconstruction performance. This training
scheme encourages the encoder to meaningfully summarise the graph at each
compression, which acts as a bottleneck so that the decoder can reconstruct from
these compressed representations. The encoded features can then be used for
downstream analysis of regions exhibiting cellular and tissue microstructure changes,

potentially due to a lesion.
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6.5.1 Related Work

In the deep graph learning space, unsupervised graph autoencoders and variational
autoencoders [287] have been explored for edge reconstruction [287, 288] and node
feature reconstruction [289-H291]. Different types of encoding strategies include edge
masking [287], node masking [289, [290] and feature corruption [291]. Decoders
range in complexity from inner dot product [287], which compares latent variable
similarity for edge reconstruction to fully trainable GNNs [288-291|. Few methods
combine graph compression and autoencoders [292, 293 but are supervised and
do not scale to large graphs [294].

Graph compression, or graph pooling, is most commonly used for graph classifi-
cation. Here, a graph and its node features are iteratively compressed into smaller
graph representations until a single vector remains, which predicts the graph class.
The selection of supernodes for pooling can be learnt [292, [295-299| or calculated
algorithmically [300-302]. Graph classification is unlikely to work on the lesion
dataset due to the small dataset size (<400 graphs) and multi-label task, likely
leading to overfitting and imbalanced class prediction.

Whilst not an autoencoder structure, the only application of graph compression
for graphs in histology are from [214] using DiffPool [298] and [219] using MinCut
pool [299] for graph classification and node clustering, respectively. As these
methods can hierarchically pool the graph, their feature representations can be
queried at different graph levels, effectively summarising the graph. However, both
DiffPool and MinCut pool only support a dense adjacency matrix rather than the
more common and memory-efficient sparse adjacency matrix and so cannot be used
with large graphs (not to be confused with sparse or dense graphs).

The methodology presented here applies iterative graph compression and recon-
struction to whole slide graphs. This approach takes inspiration from supervised
methods such as Graph U-Net [292], without skip connections, and from the
hierarchical compression and interpolation of methods for point cloud analysis such

as PointNet++ [300] and PointTransformer [303].
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6.5.2 Methodology

Dataset Split

For training and evaluating the GCAE, I split the lesion-stratified slides into
training, validation, and test sets (Figure . The test set, forming 11% of the
data, was first manually and deliberately constructed to contain a representative
set of slides with both single and multiple lesions. This was made to ensure that
each lesion had representative slides at differing severities and in combination with
each other. The training and validation sets were then randomly split across the

remaining slides into 74% and 15% sets.
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Figure 6.10: Dataset split across the lesion stratified slides. Lesions of interest
are predominantly infarction, perivillous fibrin, intervillous thrombosis and avascular villi,
but secondary assessment annotations for inflammation, villous edema, small villi and no
lesion are also included.

Graph Construction

The whole slide graph for each slide is constructed as in Chapter f] with a few
key differences. Min-max normalised edge distances are included as 1-dimensional
features on edges, and node features are the concatenated 64-dimension cellular
and 64-dimension tissue microstructure embedding vectors for a total feature vector

of 128 (Figure |6.11)). The tissue microstructure prediction GNN is slightly tweaked
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to match the cell classification model’s linear layers. The previous single 64-
dimension embedding extraction linear layer is replaced with two linear layers of 128
dimensions and 64 dimensions with ReLU activation only after the first layer and
batch norm [304] after both. This mirrors the custom linear layer structure of the
cell classification model and avoids only positive and zeroed-out values from ReL.U.
As before, graph normalisation is applied independently to the cell embeddings, but
here, it is additionally applied to the tissue microstructure embeddings such that
both sets of embeddings have a mean of 0 and a standard deviation of 1. Finally,
at each training epoch, the whole slide graph is randomly sampled to half the size
(effectively a node dropout of 50%) to reduce GPU memory requirements and add

regularisation. Edges are reconstructed using a k-NN graph with k=6.

Cell Feature Graph Tissue Feature Graph Combined Feature Graph

B 128-

A%

Figure 6.11: Cell and tissue microstructure graphs are combined into one
whole slide graph. Both cell and tissue graphs share the same nuclei nodes and node
coordinates, and each contains 64 dimension node features extracted from the previous
prediction models. Both feature sets are standardised to have a mean of 0 and a standard
deviation of 1 before being concatenated into new 128-dimension node feature vectors.

Compression Graph Autoencoder Model Architecture

As with all autoencoders, the model consists of an encoder which iteratively removes
information from the input data and a decoder which aims to reconstruct the original
information, or some other desired output, from the encoded data [134, [287, [305]. In
my case, [ use an encoder to iteratively compress the graph topology into a smaller
graph representation and a decoder to reconstruct the features of the original graph
given the graph topology and compressed node features. I use a childnode/supernode

structure to model the relationship between nodes across compression depths. The
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nodes in the input graph are the topmost childnodes, and nodes in the final
compressed graph are supernodes of all other nodes. At a high level, the goal of
the encoder is to learn how to aggregate cell and tissue regions into meaningful
vectors representing said region, leading to each compressed graph summarising the
graph at the previous depth. The goal of the decoder is to learn how to use these
summarised vectors and their surrounding topological information to reconstruct
the surrounding node features. The encoded embeddings from the most compressed
graph can then be clustered and projected back through the matching childnodes

to the input graph to localise different regions, including regions containing lesions.
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Figure 6.12: The autoencoder architecture for graph compression and feature
reconstruction. At each depth, the encoder takes a graph, applies one hop GCN
aggregation, selects supernodes and removes their one hop neighbours before reconstructing
new edges for the compressed graph. Once the maximum depth is reached, the compressed
graph is passed to the decoder. At each depth, the decoder interpolates the input graph’s
node features to nodes in the next graph topology before applying a one hop GNN
aggregation. The model is trained end-to-end for node feature reconstruction.

Encoder. The encoder consists of node feature aggregation and one hop neighbour-
hood compression (Figure . A single GNN layer at each depth first aggregates
the one hop neighbourhood of each node, effectively compressing that node’s feature
vector with its neighbourhood. After aggregation, a custom supernode selection
algorithm iteratively selects supernodes and removes their one hop neighbours. From
the supernodes, a new graph is constructed using k-NN edges with k decreasing by

1 at every depth from a starting k=6. This is repeated until the maximum depth is
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reached. A single GNN layer is updated end-to-end from the final reconstruction
loss at each depth.

The one hop compression algorithm iteratively selects supernodes such that
between 65-75% of nodes are removed from the graph at each depth, all childnodes
are one hop neighbours of supernodes, and no supernodes are one hop neighbours
of each other (Figure [6.13)). The algorithm first defines an iteration size (1000) and
reduction factor (0.75) that exponentially decays by an increasing factor of 1 at
each depth. For all unassigned nodes, nodes are randomly selected as candidate
supernodes up to the iteration size. If there are fewer unassigned nodes than the
iteration size times by the reduction factor, then the iteration size is reduced by
the reduction factor and supernode selection is repeated. In each iteration, any
selected supernodes which are one hop neighbours of each other have one of those
supernodes removed from the candidate supernodes. All one hop neighbours of the
remaining selected supernodes are assigned to childnodes. This process is repeated
until all nodes are either supernodes or childnodes or the iteration size is 1. All

steps are performed as vector operations on device for efficiency.

Original Graph Depth 1 Graph =¢| Depth 2 Graph

£ (]

| Depth 4 Graph s ~ | Depth 5 Graph

Figure 6.13: Resulting graphs from one hop compression across depths
coloured by original cell predictions on nodes. An input graph with around
1 million nodes will have around 1000 nodes by the 5th compression depth.

This one hop compression algorithm ensures that the one hop GNN aggregation
includes all childnodes of every supernode in the aggregated neighbourhood. It

will result in a different supernode selection and compressed graph at every epoch,
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providing regularisation during training. It is a 10 times faster supernode selection
alternative to farthest point sampling (introduced by PointNet-++ [300] and used
by CGC-Net [214] (Table [6.3) whilst still achieving a more representative supernode

spread than random supernode sampling (Figure [6.14]).

Table 6.3: Comparison of total sampling time across 5 depths for two WSIs
with over a million nodes each. Custom one hop compression is marginally slower
than random sampling but is 10 times faster than farthest point sampling. The best
result is shown in bold, and the technique used in this chapter is underlined.

Supernode Sampling Method Time Across Two WSIs (s)

One Hop Compression 18.34
Farthest Point Sampling 182.53
Random Sampling 15.02

One Hop Compression Random Sampling Farthest Point Sampling

Figure 6.14: Graphs at the lowest depth of 5 and supernode to childnode
relationship between depths 4 and 5 for one hop compression, random sampling,
and farthest point sampling. One hop compression results in a more even distribution
of selected supernodes across the graph compared to random sampling and farthest point
sampling. Supernodes (shown in red) are not direct neighbours of each other and are
surrounded by their one hop childnodes (shown in grey).

Decoder. The decoder consists of feature interpolation and node feature aggre-
gation for reconstruction (Figure . At each depth, the decoder is given
a compressed graph with node features and the graph topology of the next
uncompressed layer (Figure . An additional node feature of the node’s node

degree is added as the 129th feature. The inclusion of node degree and edge distance
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weights should provide the model with surrounding topological information when
decoding features. For example, to reconstruct terminal villi embeddings, the model
may consider that terminal villi nuclei are found in closer proximity to other nuclei

and in denser regions compared to other tissue microstructures.

Supernode Graph Next Graph Topolgy Input to Decoder Layer

f\/< '

_I_

Figure 6.15: The two inputs to each decoder layer. At each layer, the decoder is
given a supernode compressed graph with supernode features and the graph topology of
the next level for which the decoder must reconstruct features.

The decoder first performs k-NN interpolation [300], which uses the inverse of
weighted distances, based on k nearest neighbours (k=6), to assign the weighted
mean of features from supernodes to nodes in the next graph topology. This has
the effect of spreading the supernode features relative to their distance across the
new uncompressed childnodes. After interpolation, a single-layer GCN uses the
one hop neighbourhood of each node to aggregate and assign new node features.
This is repeated until the original input graph is reached, at which point node
similarity is compared against the original nodes for a reconstruction loss. As
with the encoder, a single GNN layer learns the aggregation at each depth and

is updated end-to-end from the final reconstruction loss.

Encoded Embeddings. The embeddings from the most compressed (supernode)
graph are clustered using k-means clustering into 4 clusters. These cluster labels are
then projected iteratively through the compressed graphs to the original input graph.
In the interest of time and memory, the exact childnode to supernode relationship
is not stored and is recalculated at this step by finding the one hop neighbourhood
from supernode to childnodes at the next level. A single supernode to childnode pair

is formed at each level until the smallest and largest graphs are paired. See Figure
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for random class assignment of supernodes and their projection to childnodes
in the original graph. In practice, childnodes belong to multiple supernodes (and

clusters), which should be accounted for in future work.

‘-

Figure 6.16: Random class assignment to supernodes and their projection
across compression depths to childnodes. This projection roughly demonstrates the
supernode to childnode relationship from the most compressed to the original graph. In
practice, childnodes belong to more than one supernode, which should be accounted for
in the downstream task.

Training Scheme

The GCAE is trained for 165 epochs with a batch size of one whole slide graph, 0.001
learning rate, an Adam optimiser , and a Mean Squared Error (MSE) loss on
the reconstruction of the original 128 node features. The model has a compression
depth of 5 after the initial 50% random sampling, the GNN layer at each depth has
128 hidden units in the encoder and 129 hidden units in the decoder to account
for node degree, and all GNN layers are followed by ReLLU activations. The final
reconstruction is performed by a single linear layer with 128 hidden units.
Three GNN layer types are explored: Graph Convolutional Network (GCN) [11§],
Graph Attention Network V2 (GATv2) [261] with one attention head, and Graph
Isomorphism Network (GIN) [306]. As one of the first message-passing architectures,
GOCN offers a simple aggregation scheme to use as a benchmark. GATv2 introduces

learnt attention to weight the neighbourhood aggregation, and GIN is a more
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expressive model that uses an internal MLP to compute its aggregation. All layer
types are used with their variants that support edge weights. A randomly initialised
GATV2 is used as a baseline, and further comparisons are made to a GIN model
without k-NN interpolation [300] and a GIN model with tanh activations in the
decoder and at final encoder depth so that latent features more closely match the

target input features. Depending on the graph size, each model takes 2-14 seconds

per whole slide graph on an A100 NVIDIA 80GB GPU.

6.5.3 Model Evaluation

As we do not have ground truth annotated regions containing lesions against which to
compare predictions, I assess model performance in three ways. I first quantitatively
compare reconstruction performance between models to select the best-performing
model type. Using this model, I further assess reconstruction performance by
qualitatively comparing cell and tissue predictions from these embeddings against
the original cell and tissue predictions. Finally, I explore the quality of the encoded

supernode features for downstream region representation.
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Figure 6.17: MSE loss curves during training on train and validation data
for all explored models. Variants of GIN, the most expressive model of the three
types, have the lowest MSE loss across epochs. GIN (NI) denotes the GIN model trained
without k-NN interpolation in the decoder and is marginally worse than the GIN model
with k-NN interpolation. GIN (tanh) denotes the GIN model trained with tanh decoder
activations rather than Relu and is the best-performing model.

In Figure[6.17] I show the mean node MSE loss at each epoch during training on

train and validation data. We see that GIN outperforms all other GNN layer types
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and has not yet overfit to the training data, showing the potential for further training.
Of the GIN variants, using k-NN interpolation and GIN with tanh activations in
the decoder shows the best training and validation performance across epochs. We
see a similar pattern when we continue to train the two best GIN models to 500
epochs. GIN with tanh activations outperforms GIN with Relu activations, and
neither model has fully converged by 500 epochs.

In Tables and I take the model with the lowest validation MSE for each
model type and evaluate its cell and tissue reconstructions using Huber loss (6=1.0),
cosine similarity and Pearson Correlation Coefficient (PCC) on test data. Huber
loss (or Smooth Mean Absolute Error) is similar to MSE but calculates outliers
higher than a delta value using Mean Absolute Error, making it less sensitive
to those outliers. Cosine similarity calculates the orientation between vectors in
high dimensions, where -1 is the opposite direction and 1 is the same direction,
making it insensitive to scale. PCC, also ranging from -1 to 1, measures the linear
correlation between values and, thus, how well a linear function could describe
the differences between the data. As with MSE loss during training, we see that
GIN with k-NN interpolation and tanh activations outperforms all other GNN
layer types up to 165 epochs with marginal improvements from training to 500
epochs. All GNN layers outperform the random baseline, but the results indicate
that reconstruction performance can be further improved.

As the GCAE output features are the reconstructed embeddings of penultimate
layers from prior models, we can pass the reconstructed features through the output
layers of those models and visualise the resulting cellular and tissue microstructure
predictions. I take the reconstructed features from the best performing model, GIN
with k-NN interpolation and tanh activations at 500 epochs, and unstandardise them
by applying the inverse of the standardisation function to both 64 dimension feature
sets. I then contrast the reconstructed predictions against the original predictions
in Figure[6.18 The reconstructed cell embeddings show an over-smoothing effect
with a high predicted cell class homophily and underprediction of minority classes.

Broadly, however, the predicted cells separate into the original macrostructure
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Table 6.4: Performance of explored models for cell reconstruction across test
data. FEach model evaluated across test data is selected for its lowest MSE performance
on validation data. GIN surpasses all other GNN layer types across all metrics for cell
reconstruction. GIN without k-NN interpolation is denoted as GIN (NI), and GIN with
tanh decoder activations as GIN tanh, with the number of epochs shown in brackets. The
best results are highlighted in bold.

Cell Huber | Cell Cosine T Cell PCC 1

Baseline 0.438 -0.005 0.001
GCN 0.403 0.228 0.261
GATv2 0.404 0.219 0.253
GIN 0.374 0.330 0.372
GIN tanh 0.373 0.330 0.374
GIN (NI) 0.378 0.315 0.359
GIN (500 e) 0.369 0.341 0.385
GIN tanh (500 e) 0.368 0.345 0.390

Table 6.5: Performance of explored models for tissue reconstruction across test
data. Each model evaluated across test data is selected for its lowest MSE performance
on validation data. GIN surpasses all other GNN layer types across all metrics for tissue
microstructure reconstruction. GIN without k-NN interpolation is denoted as GIN (NI),
and GIN with tanh decoder activations as GIN tanh, with the number of epochs shown
in brackets. The best results are highlighted in bold.

Tissue Huber | Tissue Cosine T Tissue PCC 1

Baseline 0.414 -0.032 0.000
GCN 0.324 0.402 0.472
GATv2 0.304 0.445 0.521
GIN 0.269 0.518 0.605
GIN tanh 0.263 0.529 0.618
GIN (NI) 0.281 0.493 0.580
GIN (500 e) 0.254 0.549 0.635

GIN tanh (500 e) 0.247 0.562 0.650
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Figure 6.18: Original cell and tissue microstructure predictions compared to
predictions from reconstructed features across slides with lesions. Predictions
from reconstructed features match the original predictions on a macro scale.
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regions. There is an overprediction of terminal villi for the tissue embeddings, but,
as with the cells, the original regions can be identified. In terms of lesions, for
infarction, intervillous thrombosis, and perivillous fibrin, the characteristic cellular
and tissue microstructure changes are reconstructed, and the lesion can be visually
identified from these changes on the slide. Regions of avascular villi are hard to
distinguish on some of the slides from cellular and tissue microstructure changes
alone, which is reflected in the reconstructed predictions. After unstandardising the
input and reconstructed features, cell and tissue microstructure cosine similarity

across these slides is 0.763 and 0.818, respectively.

Perivillous Fibrin Avascular Villi Infarction Intervillous Thrombosis

Figure 6.19: K-means clusters on supernode features projected to original
nodes using a one hop traversal. After clustering the supernode features into 4
clusters, cluster labels are assigned to one hop childnodes by traversing through each
uncompressed graph until the original graph is reached. Supernode cluster regions capture
macrostructures and lesions to some extent, but there is further room for improvement.

Finally, I qualitatively evaluate the encoded supernode features for the down-
stream task of graph region summarisation. I use k-means with 4 clusters on the
node features of supernodes and project those cluster labels to nodes in the original
graph. With 4 clusters, I expect regions to be split into distal villi, stem villi and
chorionic plate, basal plate (if present), and the regions containing a lesion. In

Figure [6.19] I visualise the projected clusters on slides with a single instance of
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each of the four lesions. Comparing the original cell and tissue microstructure
predictions in Figure to these clusters, we see that projected supernode clusters
summarise macrostructure regions to some extent, but there is some confusion
among neighbouring areas. It is worth noting that the supernode to childnode
projection technique used here does not account for shared childnodes and may
not reflect the true supernode to childnode relationship. Nonetheless, the quality

of supernode features may be improved with future work.

6.5.4 Discussion

This approach is a promising novel direction for unsupervised hierarchical graph
clustering but needs further work. Firstly, this analysis would benefit from quanti-
tative metrics to assess model performance on the downstream task. For example,
perinatal pathologists could annotate lesions at a low resolution across representative
or test dataset slides, and prediction overlap can be assessed using segmentation
metrics such as Intersection over Union and Dice Coefficient. The models would
also benefit from an ablation analysis, such as removing all GCN components to
investigate a possible oversmoothing effect caused by k-NN interpolation, removing
the node degree feature and not using edge weights. Using loss metrics that are
less sensitive to outliers, like cosine similarity or a combination of losses, may
improve performance. A general hyperparameter exploration of depth, learning rate,
model size, GNN layer number, Delaunay Triangulation edges, etc., could result in
higher-performing models. An embedding analysis using UMAP could also offer
insight. Further things to consider are the lack of expressivity and learning flexibility
of the one hop GNNs at each depth, that the current decoding structure could
be leading to an oversmoothing of features, and how the class imbalance inherent
to the cellular and tissue embeddings may be influencing the graph compression

model to only reconstruct embeddings for the majority classes.
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6.6 Conclusion

In this chapter, I have presented a preliminary exploration into lesion cellular and tis-
sue phenotype quantification and unsupervised lesion classification and localisation.
In the first section, I use the previous cell and tissue microstructure prediction models
to assess aggregated whole slide changes across slides with parenchymal lesions. I
find that there are significant differences in the cell and tissue microstructure type
densities across slides and that these match the expected biological changes caused
by lesions. This analysis shows that even using models trained for the healthy term
placenta, whole slide aggregated cellular and tissue phenotypes can be expanded to
lesion quantification. I additionally extended the previous unsupervised patch-based
clustering method to include tissue microstructures and qualitatively found that
lesion patches can be clustered by changes to cellular and tissue composition.

In the second section, I presented a novel graph compression autoencoder
for unsupervised region clustering. The autoencoder includes a custom one hop
compression algorithm that is 10 times faster than farthest point sampling, provides
an even supernode selection across the graph, and ensures that a one hop GNN
correctly aggregates each supernode’s childnode neighbourhood. I explored three
different GNN layer types for the encoder and decoder and found that GIN was the
best performing layer type. However, further work is needed to improve supernode
to childnode projection and supernode embeddings for downstream analysis.

In the context of the literature, this is the first automated method examining
cellular and tissue microstructure phenotypes across whole slides for parenchymal
lesion quantification. Further work, which includes training the cellular and tissue
microstructure models on slides from earlier trimester placentas, is needed to use
these metrics for lesion severity assessment. From a graph deep learning perspective,
the presented graph compression autoencoder is a new architecture for feature
reconstruction with a graph compression bottleneck, and this is the first application

of graph autoencoders to histology cell graphs.
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6.7 Limitations

This analysis was limited to four parenchymal lesions but could be extended to
include all clinically relevant placental lesions. If the cellular and tissue microstruc-
ture models are updated to include classes from earlier gestational ages, then the
autoencoder could be used to find regions showing accelerated or decelerated villus
maturation. The cell model currently classifies leukocytes, but inflammatory lesions
have not been explicitly explored. It may be challenging from existing model
outputs to identify both the tissue microstructure of a region and that it is inflamed,
so further model changes may be required.

Improvements may also be made to the lesion slide dataset. Currently, slides
are only labelled as containing a lesion when it is above the clinically relevant
threshold. However, this label could be improved to account for lesion severity,
which would facilitate an exploration of how cellular and tissue microstructures vary
by lesion severity. Although the lesion dataset included slides from 2nd and 3rd
trimesters, the tissue microstructure model was only trained with tissues from term
placentas. This means tissue microstructure predictions are likely biased towards
the structures most common in a term placenta, such as terminal villi. Finally,
additional healthy control slides are needed to improve the reliability of the whole
slide cell and tissue microstructure comparison to slides with lesions.

Regarding the graph compression autoencoder, there was only a limited hyper-
parameter exploration in terms of GNN model type, and the approach would benefit
from further methodological work and training across more slides. Current memory
requirements of this training scheme require that the whole slide graph at each
depth is loaded into GPU memory. This limits GPU hardware options and leads to
a batch size of 1, which can cause large slide-specific changes to the model at each
update step. A subgraph sampling approach for a graph autoencoder would be a
novel contribution to graph learning. Finally, as with all unsupervised methods
which use clustering for downstream analysis, an additional process will be needed
to map unsupervised regions into lesion classes. This could be by fine-tuning with

slide-level labels or through an embedding space similarity search [159] 164, [219].
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But it must be lived forward.
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7.1 Methodological Improvements

There are immediate, medium-term, and long-term ways to build upon the current
work. As an immediate next step, the methods presented here can extend to the
analysis of placentas from earlier trimesters, to include the three other placenta
slide types, and to cover all lesions currently of clinical interest. Doing so would
involve increasing the types of predicted cells (and cell-level features) and tissue
microstructures. Models can be trained with data from more institutes to improve
robustness, and whole slide metrics can be compared across larger slide datasets

to establish reliable, healthy baselines and quantify lesion severity.
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7.2 Automated Lesion Classification and Local-
isation

Following the last chapter, we can further improve the automated lesion classification
and region localisation methodology. The ideal end goal is to have an unsupervised
method which has explainable outputs by using identifiable biological features. The
method should segment regions containing lesions on a slide and classify those
lesions without manual inspection or heuristics.

There are a few variants to the existing methodology which could be explored
first. The first variant is to backpropagate and update each model at each depth
for that depth’s reconstruction quality, either individually or in combination with
the final reconstruction loss. Another variant would be introducing learning to
supernode selection, perhaps by applying a score to candidate supernodes or learning
the supernode-to-child relationship directly. However, this runs the risk of losing
too much of the graph topology if, for example, all selected nodes are on one side
of the graph and childnodes are not evenly distributed for aggregation. Finally,
taking inspiration from denoising diffusion models [137], the GNN layers at each
depth could be replaced with two larger, more expressive models for encoding and
decoding across all depths. The resulting models would learn compression and
decompression more generally but likely require significantly more training and
compression encoding/decoding iterations, as diffusion models do.

Some of the more recent advancements in graph deep learning could also
be explored for this problem. Over the last few years, methods using more
sophisticated positional and structural encoding have led to significant improvements
in graph benchmarks [130} 307]. Local positional encodings, such as node degree,
capture a node’s relationship to the nodes in its neighbourhood. Global positional
encodings, such as eigenvector centrality (a kind of global node degree), represent
a node’s contribution across the whole graph. Structural encodings, such as
participation in graph motifs, indicate the subgraph topological shape around
each node. Adding these encodings to node features in the decoder would provide

richer graph information for decoding. These encodings could also be incorporated
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into the tissue microstructure prediction model. For example, global positional
encodings would help distinguish between stem villi and chorionic plate nodes,
which have very similar cellular node neighbourhoods but are always found in
different regions of the slide.

It may also be worth exploring recent graph transformer architectures such as
GRIT [129], GraphGPS [130], and Exphormer [131] for capturing long-range node
relationships. However, as these methods effectively connect all nodes to all other
nodes in a graph, improved autoencoder sampling will be needed to account for
the quadratic complexity. GraphGPS achieves linear complexity by decoupling
real-edge aggregation from the fully connected transformer |130] but, so far, this
has only been scaled to a graph containing 169k nodes [131]. Conversely, it has
been shown that adding a virtual node which connects to all other nodes in the
graph simulates graph transformers and achieves comparable results [308, [309].

It may be worth exploring virtual nodes first.

7.3 Self-supervised Placental Phenotyping

Self-supervised training has become a popular training method in digital pathology
over the last few years. This approach does not need manual training annotations,
and models have the freedom to identify their own biological features of importance,
but they require large amounts of data to train on. At present, through our clinical
international collaborations, we have over 8TB of in-house placenta histology data
across a range of pathologies, slide types, and trimesters. Whilst smaller than
the data used to train recent foundational digital pathology models, it is likely
sufficiently large to train self-supervised models.

For the models themselves, an initial benchmark would be to train a self-
supervised GraphSAGE model on cell (or nuclei) graphs using positive and negative
neighbourhood sampling for contrastive learning [121]. Here, after neighbourhood
aggregation, the model predicts for each node whether a neighbourhood node or a

node randomly sampled from elsewhere in the graph is part of its neighbourhood.
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This approach results in node features which are grouped in embedding space by
neighbourhood similarity that can then be clustered for downstream analysis.

A more recent and popular self-supervised training scheme in histology is the
student-teacher self distillation methods of DINO [138] and DINOv2 [139]. Here,
two vision transformers [12§], student and teacher, output a feature vector for
a given image. The student is shown a cropped region of the image which the
teacher sees in its entirety. The student is trained to match the outputs of the
teacher while the teacher’s weights update from an exponentially weighted average
of the student’s, encouraging the student to learn an efficient representation of the
image. DINOv2 is a more computationally efficient implementation trained on a
much larger dataset. A DINO model could be trained across all in-house placenta
slides of all slide types for region segmentation and instance retrieval of similar
biological features. An existing DINO, DINOv2, or other large self-supervised
model trained for other organ histology may provide a good pretraining basis for
transferring to the placenta [158] (159, |310].

Taking a different approach, denoising diffusion probabilistic models [137] have
not yet been explored in digital pathology. Denoising diffusion models use an
encoder that gradually adds noise over many steps (usually 1000) and a decoder
which learns to reverse this noise by predicting and subtracting it from the image
across each step. Denoising diffusion models have seen recent success in image
generation [135] [136] and are being explored in the graph space for molecular graphs
[311}313]. However, the latent variables of diffusion models do not usually encode
representational semantics that can be extracted for downstream analysis [314].
Recently, diffusion autoencoders have introduced an additional semantic encoder
to learn such representations |314, 315|. Here, in addition to the encoded noisy
image, the decoder receives a semantic embedding from a CNN encoder, which
is trained end-to-end from the decoder’s outputs. By training from the decoder’s
image reconstruction, the semantic encoder learns an efficient representation of
the original image, which aids in reconstruction. A diffusion autoencoder could be

trained across placenta slides either directly on the image data or on cell graphs,
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where each node is treated as a pixel, and graph compression is handled by the
semantic encoder. However, the quality of embeddings extracted from a semantic
encoder has not yet been demonstrated for downstream analysis.

To facilitate these proposed methods and encourage future research in digital
pathology for the placenta, it would be enormously beneficial to release a large open
dataset of placenta histology whole slide images with associated slide characteristics.
Currently, there are no open whole slide resources which include the placenta,
so Al practitioners are limited to in-house data. The release of such a dataset
would additionally allow the placenta to be included in the large multi-organ

foundational digital pathology methods.

7.4 Translational Output

Ultimately, developing an automated placental histopathology software tool would
provide the most real-world utility for assistive clinical placental pathology and
enriching placenta histology research. As an assistive tool, it would need to provide
evidence for its outputs by using explainable biology, highlighting regions on the slide,
and possibly through a large language model chat interface for discussing the current
case. The software should have an easy-to-use interface for non-experts, not require
on-site computing resources, and have model predictions that are immediately
available by preparing them in the background once slides are digitised.

In addition to a chat interface and slide interaction, the tool can offer instance
retrieval by presenting examples of cases with similar slide features and clinical data.
The tool can have a built-in self-improvement feedback cycle by flagging cases or
slide regions which are unusual to the model. These regions can then be assessed by
a perinatal pathologist and added to the training data to improve the model. The
tool could assist in pathology report generation by translating from a pathologist’s
preferred input style, e.g. unstructured prose, into a standardised pathology report
[4]. This translation process could also standardise historical pathology reports for
future research. Finally, the tool can feature training and examination software

for apprentice perinatal pathologists, similar to the interface used in Chapter [5| for
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comparing perinatal pathologist agreement scores. The goal of such a tool is not
to replace perinatal pathologists but to augment their existing workflows, thereby
increasing their throughput and freeing up their time for research.

Many of the tool’s aforementioned features would also be useful in the research
setting. A tool that replicates the same metrics measured by stereology, the
current standard practice in placenta histology research, could act as automated
stereology across whole slides without manual labelling. Automatically generating
whole slide biologically relevant metrics will facilitate future placental histology
research across large cohorts.

Looking far into the future, we can imagine a multimodal placental model which
combines clinical data, ultrasound imaging taken during pregnancy, macroscopic
images of the placenta at delivery, and histology images to offer comprehensive
assistive clinical diagnosis. As the efficiency and efficacy of these models and
imaging methods improve, placenta investigation may become a standard screening

tool for improving maternal and newborn care.



There is no such thing as philosophy-free science;
there is only science whose philosophical baggage is
taken on board without examination.

— Daniel C. Dennett
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8.1 Introduction

With the release and popularity of large language models (LLM) and other generative
Al the general public and funders’ appetites for Al solutions have only grown. This
includes a desire to use Al for augmenting clinical workflows. However, we must
exercise a degree of caution and consider all parties involved when establishing
biomedical Al collaborations. Al has the potential to do a lot of good, but if
poorly implemented, it could lead to harm.

In this chapter, I will focus on the necessary ethical considerations within the
context of biomedical collaboration between Al researchers and developers, Al tools,

clinicians, and biomedical researchers. In other words, the creators and maintainers
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of the tool, the tool itself, and the potential users of the tool. I will draw on
examples from my experience developing Al as part of collaborations with perinatal
pathologists where relevant. I first lay out the various ethical approvals and other
considerations that were made within this project. I will describe examples where
AT has been successfully incorporated into clinical workflows and the benefits this
has brought. I will then describe a series of potential fail states which need to

be accounted for as part of these collaborations.

8.2 Ethical approval of our data and collabora-
tions

The clinical data used throughout this research are from a subset of placentas
collected as part of routine clinical pathology investigation from three institutes.
The first set is from the University of Tartu (UoT), Estonia; the second set is
from the Hadassah Medical Center (HMC), Israel, and the third set is from the
Northshore University HealthSystem (NUH), University of Chicago. All samples
are fully anonymised to researchers, but data owners at original institutes hold the
original data. The use of all pseudo-anonymised samples was approved and the
requirement for consent was waived by local ethics committees at each institute
(UoT approval 289/T-5 by the Research Ethics Committee of the University of
Tartu, HMC approval 0735-18-HMO by the Helsinki Committee at the Hadassah
Medical Center, NUH exemption of approval EH23-303 by the institutional review
board at the Northshore University HealthSystem given that no clinical data was
shared beyond selection for histologically normal term placentas). Data transfer
agreements between each original institute and the University of Oxford ensured
secure data transfer, storage, and use.

Other ethical considerations taken as part of this research included setting up
weekly mentorship meetings with a practising perinatal pathologist as a domain
expert. This expert advised on the general direction of the project and feedback
on the clinical utility of model outputs. They verified and corrected the manual

annotations used to train the model and educated me on placental biology. Having
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a domain expert involved ensured that any outputs of this research could have
further clinical and research utility beyond the scope of this thesis.

For the perinatal pathologist agreement task, a Standard Operating Procedure
document was shared to inform pathologists of the nature of the task, what data
we would collect on them, and how we would use said data. The interface for
performing the task was user-friendly, prioritised pathologists’ time, and could
be undertaken asynchronously in smaller increments online. On average, it took

pathologists one hour to complete the task.

8.3 The potential utility of AI collaborations

There are many examples showing the utility of Al in assisting clinical workflows.
In 2016, a collaboration between Moorfields Eye Hospital and DeepMind led to
an Al for automated OCT scan analysis [316]. Their initial model matched or
surpassed retrospective referral rates compared to clinical experts [317]. Through an
ongoing collaboration, this has been expanded to a foundational model for retinal
images [318]. In mammography screening for breast cancer, double reading is a
labour-intensive protocol where two radiologists assess a case, but it increases cancer
detection and lowers recall rates. It was found that replacing one of the readers
with an Al system provided similar benefits [319]. Higher diagnostic accuracy was
seen in other radiology [320, 321] with explainable Al assistance being particularly
useful for non-task experts [322]. In fields where a specialist may not always be
available, such as in placenta histopathology when slides are assessed by general
surgical pathologists, explainable Al may assist in decreasing the knowledge gap.

Al as a queryable knowledge base may also be useful as a reference source so long
as it provides explanations and citations. However, we need to be aware that young
clinical trainees are likely to use existing Al solutions to augment their learning.
Additional education on how to safely use these systems, including their downsides
and caveats, would help mitigate the unreliability of current offerings.

There is a risk, however, that if we are overly cautious when implementing Al

solutions, we will not reap the many potential benefits of using this technology.
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This caution may partly explain why there has been relatively little application
of Al for placenta research. Historically, obtaining ethical approval for releasing
pregnancy-related data like placenta histology images has been difficult. The
placenta is a rich supply of stem cells for research and therapeutic use, for example,
but obtaining approval to use such cells can be challenging [323H325]. With no
open-source placenta whole slide datasets, the placenta has been excluded from

the large multi-organ digital pathology AI models.

8.4 Risk of overreliance on Al

In high-risk scenarios, such as medical diagnosis, one takes on a degree of respon-
sibility when making a decision. Using third-party systems like Al to assist in
the decision-making process can alleviate some of that responsibility, but it is
difficult not to overly rely on its confident-sounding outputs. This is especially
true if those presented with the outputs are unfamiliar with AI systems and may
believe them to be more sophisticated than they are. Care must be taken when
designing interfaces to Al interaction to not bias the human users for or against
the assisted diagnosis [321] 326, 327].

There is evidence that, when implemented poorly, Al systems can be detrimental
to clinical workflows. Assessing the generalisability of commercial Al software
for mammography screening on new data, it was found that software-specified
thresholds increased recall rates from 5% to 48% [328]. For the same system, a
software update led to a three-fold recall rate increase and required version-specific
calibration. If such a system had been deployed clinically, it would have been
financially disastrous for the institute.

An example of overreliance on Al outside of the medical space is the uptick in
LLM usage across academia. Manuscripts with LLM phrases such as “Certainly, I can
do ... for you” are increasing, and LLMs are being mentioned in acknowledgement
sections. A large increase in peer review responses containing words such as
“intricate”, “commendable”; and “meticulous”, along with other LLM indicators,

was seen across top Al conferences [329].
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Speaking from personal experience interacting with perinatal pathologists, a
perinatal pathologist’s job primarily consists of clinical placenta pathology reporting,
with a few weeks a year dedicated to placental histopathologic research. There is
often a desire to automate parts of the clinical workflow to free up more time for
research, especially considering how in-demand perinatal pathologists are. From
conversations with perinatal pathologists, a surprisingly common response when
we, as Al software developers, make it clear that we are not developing tools to
replace their jobs is: “Too bad”. Al systems which augment clinical workflows
can free up a specialist’s time, but if they are seemingly too good, then we may

lose the human-in-the-loop.

8.5 Al domain knowledge at deployment

One way to alleviate possible overreliance on Al outputs is to educate the users to
model error and overconfidence. Al outputs come with an exaggerated self-specified
certainty. For example, an LLM will often respond that it is very certain when you
ask it. From a theoretical standpoint, network confidence, the probability assigned
to each output class, is often higher than the model’s true performance for that
class. Models can be highly confident about a certain class of outputs but be wrong
in that output most of the time. Aligning class performance and network confidence
is an ongoing area of research called calibration [330].

Once a model is deployed, its weights are fixed. The model will always provide
the same output from the same input, and its performance in certain areas will not
change unless there are explicit changes to the model. Users need to be informed
at deployment of the common causes of model error and to be especially cautious
in those use cases. A less risky approach would be to avoid offering Al diagnosis
directly but output useful, quantifiable metrics with indications for how to verify
them from the data. For example, in digital pathology, the model could highlight
regions of the slide that informed its output, present similar previous cases, or use

a multimodal language model to explain its ‘reasoning’
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Finally, collaborators with AI domain knowledge must remain in some capacity
to support the deployed Al systems. Without Al domain experts, the model cannot
be updated to handle new edge cases or requirements, and any issues with the
AT software and software integration cannot be easily resolved by hospital staff or

researchers. Once a collaboration has started, it should always exist to some extent.

8.6 The importance of domain experts for Al
development

Not only are Al domain experts important in Al deployment, but clinical domain
experts are essential in Al development. Clinical experts will direct a project
towards clinical utility, they can highlight any issues with the data, they will
provide sanity checks for model outputs, and they are best placed to interpret
the results within a clinical context.

To take an example from the consumer tech space, when Fitbit introduced a
period tracker to its calendar, it did not allow women to input periods longer than
11 days [331]. In this case, the domain experts that they lacked were women. There
is also evidence that when Al developers only focus on performance in benchmark
datasets (which are made by AI developers for other AI developers), the models
will be unable to transfer to real-world data [332} 333].

Speaking from personal experience, I did not have direct access to a domain
expert for the first year of my doctorate. I educated myself as best I could
from online resources, but there were gaps in my understanding. For example,
I had misunderstood that there was a difference between ‘immature intermedial
villi” and ‘mature intermediate villi’ After the first year, we collaborated with
another perinatal pathologist, and I had short weekly mentorship meetings with
this pathologist for the rest of my degree. This mentorship was invaluable to my
understanding, to the quality of manual data annotations, and to direct the research

in a way that it could have clinical utility.
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8.7 The unnamed stakeholder: the patient

The final ethical considerations for biomedical Al collaborations that I will cover
are the patients who indirectly benefit from but may also be harmed by these
collaborations. Patients are often not explicitly aware of how hospitals may use
their data which was collected as part of standard clinical investigation. It is
generally understood that such data may be used to train clinical staff within the
hospital and, with the correct ethical approvals, for research by the hospital or
associated university. However, patients may not be cognizant of the extent to
which their data can be used in research. With the advent of Al in research, it is
an open question whether patients would (or could) object to their data being used
to train Al systems. We must also ensure that such AI systems do not have the
capability to output their training data, thereby breaking patient confidentiality.
Regarding diagnosis, we need to establish whether patients will be informed that
an assistive Al has been used for their diagnosis and if they can opt out in advance.
Finally, when considering placenta and pregnancy-related research and diagnoses,

we must be aware that there are two (or more) patients involved.
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