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Abstract

Allogeneic haematopoietic stem cell transplantation (allo-HSCT) from healthy donors can provide
curative therapy for a variety of life-threatening haematological malignancies. However, the risk of
relapse, graft-vs-host disease (GvHD), infection, and toxicity remain major causes of mortality.

Mature immune cell populations are also infused as a component of the haematopoietic stem cell
(HSC) graft. We aimed to investigate how the cellular composition of grafts varied between donors
and to study associations of graft composition with recipient prognosis. Moreover, we intended to
examine proteins measurable in the serum post-transplant as potential prognostic biomarkers.

Cell populations were identified in graft samples through the application of unsupervised clustering
to single-cell mass cytometry (CyTOF) data. Cluster analysis for compositional data was used to
define distinct types of graft based on cellular composition. By applying supervised variable selection
algorithms to proteomics data, prognostic biomarkers were identified in serum samples taken on the
14 day post-transplant. Lastly, survival and competing risks regression were used to test if graft
composition and potential biomarkers were associated with prognosis following allo-HSCT.

The cellular composition of stem cell grafts was shown to be highly variable between donors with
HSC representing a small fraction of cellular content. We found evidence that differences in graft
composition were associated with significant changes in prognosis beyond that attributable to other
established risk factors. Based on cellular composition, we were able to define three distinct types of
grafts that were linked with differences in overall survival (0S), GvHD-free relapse-free (GRFS)
survival, and transplant-related mortality (TRM). Concerning the contribution of individual cell types,
a greater proportion of T cells (relative to HSCs) was predictive of an increased incidence of chronic
GVHD. Furthermore, monocytes and a population of DNAM-1* lymphocyte progenitors had a
protective effect on the rate of GRFS and incidence of TRM, respectively.

Several serum proteins were identified as potential prognostic biomarkers when measured on the
14™ day following transplantation. High concentrations of PD-L1, CCL23, and CDCP1 expression were
predictive for lower rates of OS, GRFS, and increased incidence of relapse-related morality,
respectively. Moreover, IL-6 concentration was associated with a lower incidence of relapse-related
mortality but an increase in deaths from other causes.

These findings reveal that graft composition and proteins expressed in the serum after allo-HSCT are
important predictors of clinical prognosis. This work demonstrates the benefit of applied data
science for biomarker discovery and highlights therapeutic opportunities for graft modification in the
treatment of haematological malignancies with allo-HSCT.

During the development of this thesis, | spent a period of time on secondment to COVID-19
research. A paper published on this topic is integrated as Appendix A.
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1 Introduction

1.1 Overview of the immune system
The immune system is a complex network of organs, cells, molecules, and chemical reactions. This
network functions to protect the human body from a diverse range of invaders including harmful
substances, microbes, viruses, and cancers.

This protection relies on two activities — recognition and response (1). The immune system must first
recognise that a molecule is foreign and not the body’s own cell or molecule (self-nonself
discrimination), and it must then be able to elicit an appropriate response to neutralise or destroy the
invader. Additionally, it needs to recognise changes in the body’s cells which could result in cancer.

The immune system in humans consists of two subsystems, innate and adaptive immunity. These
complementary mechanisms work in concert - both must function for an effective immune response
(). Innate immunity provides rapid sensing and neutralising of invading molecules and harmful
substances. Whereas the adaptive immune system adapts over time to recognise, neutralise and
remember specific pathogens.

1.1.1 Innate

Antigens are molecules capable of stimulating an immune response or that are recognised by the
products of an immune response (2). Innate immunity is rapid and non-specific, responding to a wide
range of different antigens. It also lacks immunologic memory, meaning it cannot recognise and adapt
to a previously encountered pathogen.

Innate defences include anatomic (skin, and mucous membranes) and physiologic barriers
(temperature and pH). In addition to effector responses by immune cells such as inflammation and
phagocytosis (engulfment by immune cells) triggered by the recognition of foreign particles.

An important function of the innate immune response is the release of chemical messengers known
as cytokines and chemokines. These are small proteins used for cell-cell communication and to recruit
immune cells to the site of infection/inflammation (3). Cytokines also contribute to the development
of inflammatory responses such as fever, vasodilation, and vascular permeability (4, 5).

Cells of the innate immune system can recognise conserved structures common to many invading
pathogens termed pathogen-associated molecular patterns (PAMPs). Examples include
lipopolysaccharides in bacterial cell walls and double-stranded ribonucleic acid produced during viral
infection (3). They also react to damage-associated molecular patterns (DAMPs) released by damaged
or dying cells (6).

PAMPs and DAMPs bind to pattern-recognition receptors (PRR) on the surface of immune cells. PRRs
can initiate phagocytosis, the process of cells engulfing and eliminating large particles such as
microorganisms, dead cells, and foreign substances (7). Phagocytosis can also be triggered by a
biochemical cascade known as the complement system. The complement system can identify foreign
particles and coat them with extracellular proteins (opsonisation). This makes the opsonised particle
a target for phagocytosis or may neutralise it directly.

1.1.1.1 Phagocytes
Phagocytosis is performed by a group of immune cells known as phagocytes which include neutrophils,
monocytes, macrophages, and dendritic cells (DCs) (1).

During infection or tissue damage, PRR-mediated signalling on monocytes influences a complex
cascade of pro- and anti- inflammatory responses (8, 9). Monocytes are recruited to the site of
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infection where they are stimulated to differentiate into other phagocytes including DCs and
macrophages. Differentiation is the process of cells changing their function and phenotype to enable
specialisation into different cell types (10, 11). As well as phagocytosis, the resulting DCs and
macrophages play an important role in the interface between the innate and adaptive immune
systems.

1.1.1.2  Natural killer cells
Numerous other immune cells are involved in the innate immune response including natural killer (NK)
cells, mast cells, basophils, and eosinophils (3).

NK cells have cell-killing or cytotoxic properties and are critical to the destruction of cancerous and
virally infected cells. By releasing proteins called perforins and granzymes, NK cells cause lysis in a
target cell, inducing programmed cell death (apoptosis) (3).

NK cells can distinguish abnormal from healthy cells, providing an anti-tumour response with limited
off-target effects (12, 13). They can inhibit the proliferation and migration of cancerous cells (14),
providing an important cytotoxic defence against cancer.

In addition to cytotoxicity, NK cells produce a large number of cytokines that modulate both innate
and adaptive immune responses (15).

1.1.1.3 Otherinnate cells

Mast cells, basophils, and eosinophils are instrumental in acute inflammatory responses including
responses to tissue damage, and allergic reactions (16). Mast cells act as “sentinel cells” in connective
tissue, producing cytokines in response to infection or injury (3), whereas basophils are similar but
typically reside in circulation. Eosinophils facilitate immune response to parasites among other
regulatory functions (17).

The innate immune response can prevent most infections at the onset or eliminate them within hours.
The targeting of PAMPs, which are structures not usually found in the human body, results in highly
efficient self-nonself discrimination. As a result, they are less capable of distinguishing small
differences between different invading molecules and are unable to elicit a specific response. This is
where the second subsystem, adaptive immunity is critical.

1.1.2 Adaptive immunity

Adaptive immunity provides a second line of defence against microorganisms or foreign molecules
which have evaded the initial innate response. It develops days after the infection (1) and adapts to
recognise, neutralise and remember specific antigens (antigen-specific).

There are four main characteristics of adaptive immunity: antigen-specific effector responses,
diversity of pattern recognition, self-nonself discrimination, and immunologic memory (18).

Antigen specificity allows subtle differences between antigens to elicit a specific response to a
pathogen, which can be as small as a single amino acid change (19). This requires a large amount of
diversity in the recognition molecules the system uses. This is in contrast with the innate system which
provides a general response to many types of pathogens using a non-specific PRR.

The innate response is highly effective at self-nonself discrimination, as it targets molecular patterns
that do not naturally occur in the body. In contrast, the diversity of antigens to which the adaptive
system can respond increases the risk of self-components initiating an inappropriate immune
response. This could lead to autoimmune disease (20). The adaptive response, therefore, requires a
mechanism known as central tolerance to ensure it responds primarily to foreign antigens.



The immunologic memory of the adaptive system enables a rapid response if the same or a very similar
pathogen is encountered again at a later date. This produces a heightened state of immune reactivity
when re-exposed, conferring long-term immunity.

The development of antigen-specific responses, central tolerance, and immunologic memory is
mediated by the interplay between two major groups of immune cells, the lymphocytes, and antigen-
presenting cells.

1.1.2.1 Becells

B lymphocytes (B cells) are generated and mature in the bone marrow. When released from the
marrow they express a unigue membrane-bound antigen-receptor known as an antibody molecule,
each of which binds to a specific antigen.

Genes encoding the antibody molecules undergo random genetic rearrangement (somatic
recombination) during B cell development (20). This enables the recognition of a diverse range of
different antigens. However, it can also produce self-reactive antibodies which bind to molecules
usually found in the body, which could lead to inappropriate immune responses and
autoimmune disease (20).

Negative selection is used to eliminate self-reactive B cells before they are released from the bone
marrow. B cells which react to molecules present in the bone marrow undergo apoptosis or receptor
editing (20). Whereas B cells tolerant of self-molecules are released into circulation, producing central
tolerance.

Lymphocytes that have yet to be exposed to the corresponding antigen are called naive cells. When a
naive B cell first encounters the antigen that binds its antibody, it begins to divide rapidly, and its
progeny undergo differentiation. The activated B cells differentiate into two subpopulations, effector
B cells, and memory B cells. Memory B cells are relatively long-lived, sometimes surviving for decades
(21), and express the same membrane-bound antibody as the parent cell. Whereas effector B cells
secrete soluble antibody molecules into the circulatory system.

Effector B cells are relatively short-lived, but during this time, they can secrete thousands of copies of
the antibody molecule (19). The memory B cells remain inactive and rapidly produce effector B cells if
the same antigen is encountered at a later date, helping to form an immunologic memory of the
pathogen.

Secreted antibodies are an important mediator of the adaptive immune response. They bind to
antigens on the surface of pathogens or that are free in circulation. This promotes opsonisation and
activates the complement system resulting in phagocytosis or a cytotoxic response from NK cells (22,
23). In this way, the adaptive immune response can trigger innate immune effector mechanisms to
neutralise or eliminate an invader.

As well as producing antibodies, B cells contribute to the activation of another important group of
cells called T lymphocytes (T cells) via antigen presentation.

1.1.2.2 Tcells & antigen presenting cells

T cells also form in the bone marrow but migrate to the thymus to mature. T cells express a unique
membrane-bound antigen-receptor called the T cell receptor (TCR). In contrast to the antibody
molecules of B cells, TCRs can’t bind to antigen alone. Instead, TCRs recognise antigens that are bound
to another cell membrane protein called the human leukocyte antigen (HLA).



There are two classes of HLA proteins: HLA class |, which is found of the surface of all nucleated cells
in the body; and HLA class I, which is only expressed by certain immune cells including DCs,
macrophages, and B cells which are referred to as antigen-presenting cells (APCs) (3).

If a cell is infected by a virus, or an APC has phagocytosed a foreign particle, HLA proteins will present
antigen fragments on the surface of the cell. If the HLA-antigen complex is recognised by a TCR, this
provides the T cell with an activation signal.

In this way, the development of an adaptive response is dependent on the actions of the innate
immune system. As well as neutralising foreign particles, phagocytes such as DCs and macrophages
activate T cells through antigen presentation and cytokine signalling. DCs are the most effective APCs
(24), however, activated B cells also act as APCs by presenting fragments of antigens that they
specifically recognise (3).

HLA proteins were first discovered due to their role in the rejection of foreign tissue in transplantation
(1). They are encoded by a genetically diverse (polymorphic) complex of genes, and as a result,
different individuals express different variants of the HLA protein. T cells can react strongly against
these genetic variants, and the peptides that they present, in a process known as alloreactivity. As
discussed later in this thesis (Section 1.2.1), this causes serious complications in a transplant setting.

The antigen specificity of T cells is determined by the TCR, which like the antibodies of B cells, are
diverse due to gene rearrangement. A central tolerance mechanism is therefore required to eliminate
self-reactive T cells. In the thymus, positive selection identifies T cells with a TCR which can bind to
MHC proteins, then negative selection eliminates those that are self-reactive (25). Cells retained after
this process migrate from the thymus as mature naive T cells.

Various subpopulations of T cells have been characterised, the two best defined are the T helper cells
(CD4+ T cells) and cytotoxic T cells (CD8+ T cells). These are distinguished by the expression of
membrane-bound glycoproteins CD4 and CD8, respectively. A key difference is that CD4+ T cells are
activated by HLA class Il found only on the surface of APCs, whereas CD8+ T cells are activated by HLA
class | which is present on all nucleated cells.

There are also T regulatory cells (T regs) that express both CD4 and CD25 and the transcription factor
FoxP3. T regs have an important role in suppressing the generation and ongoing activity of immune
responses (25). Gamma delta (y8) T cells are defined by what chains are present in the TCR molecule,
they express y& TCR instead of the a3 TCR expressed by the majority of T cells (26). These cells have
various immune functions and are involved in inflammatory responses (27).

Once a naive T cell has been activated by the appropriate HLA-antigen complex, it causes the cell to
proliferate rapidly and to differentiate into various effector T cells and memory T cells with the same
antigen affinity. Effector cells are short-lived and migrate to the site of infection to eliminate the
pathogen, whereas memory cells are longer-lived than the naive parent cell.

CD4+ effector T cells are referred to as “helper” cells as they enable the activation of B cells,
macrophages, and CD8+ T cells (19). They do not kill cells directly but stimulate the effector responses
of other immune cells. By stimulating APCs such as macrophages and B cells, which in turn enable
further T cell activity, it provides a self-reinforcing immune response to a pathogen. When activated
by APCs, a subset of naive CD4+ T cells also differentiate into memory cells.

In contrast, naive CD8+ T cells can recognise almost all nucleated cells through their presentation of
HLA class | (3). They play an important role in eliminating cancerous cells, virally infected cells, and
foreign cells. CD8+ effector T cells are referred to as cytotoxic T cells because they have cell-killing or
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cytotoxic abilities. Like their CD4+ counterparts, a subset of naive CD8+ T cells will also differentiate
into memory cells upon activation.

When naive lymphocytes such as T cells and B cells first encounter antigen, a primary immune
response results in a clonal expansion of cells with the same antigen affinity. The product of this
expansion is the effector and memory cells. If the memory cells subsequently encounter the same
antigen, it triggers a heightened secondary response targeting that pathogen (18). This is fundamental
to the immunologic memory of the adaptive immune system.

An effective immune response therefore depends on a complex interplay between different cellular
elements of the adaptive and innate immune systems. Immune cells elicit effector responses which in
turn activate more immune cells in mutually reinforcing processes. However, the immune cells which
underpin this system have a limited life span, ranging from several weeks to several years (28), and
therefore need to be constantly replenished.

1.1.3 Haematopoiesis

Haematopoietic stem cells (HSC) are of special interest because they are able to differentiate into all
other types of blood cells (28), including immune cells, red blood cells (erythrocytes), and platelets
(produced by megakaryocytes). They also have the ability to self-renew, sustaining a stable population
of HSC. This enables a small population of HSC to maintain the production of new blood cells
throughout life, in a process known as haematopoiesis.

At an early stage of haematopoiesis, HSC differentiate along two distinct pathways or lineages of cells.
One of these pathways generates lymphocytes and the other myeloid cells. All blood cells can be
categorised into one of these two main groups (28, 29), both of which have a common ancestral origin,
the HSC.
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Figure 1.1 Simplified hierarchy of haematopoiesis. Figure by A. Rad and M. Haggstrom. CC-BY-SA 3.0 license.
(30)



During haematopoiesis there is a progressive loss of differentiation potential resulting in the gradual
commitment of cells to a particular cell type (31). This process is often described as cells changing
from an immature to a mature phenotype (maturation). HSC reside in the bone marrow, which is the
primary site of haematopoiesis. However, maturation of lymphocytes also occurs in other organs such
as the thymus, lymph nodes, and spleen.

HSC give rise to populations called progenitor cells which have lost their ability to self-renew and are
committed to a particular lineage. Common lymphoid progenitors (CLP) generate lymphocytes,
whereas common myeloid progenitors (CMP) produce myeloid cells (28). The descendants of CLP and
CMP which are referred to as committed precursors are further restricted in their differential
pathways.

CLP produce T cells, B cells, and NK cells whereas CMP generate erythrocytes, thrombocytes, and a
range of immune cells (monocytes, macrophages, neutrophils, mast cells, basophils, and eosinophils).
An exception is DCs which can arise from the progenitors of both lineages.

1.2 Haematopoietic stem-cell transplantation

Transplantation refers to the transfer of cells, tissues, or organs (a graft) from one site to another. A
variety of diseases can be cured by implanting a healthy graft from one individual (the donor) to
another (the recipient). Transplanting HSC from healthy donors (allogeneic haematopoietic stem-cell
transplantation (allo-HSCT)) is an effective treatment for a wide range of haematological malignancies.

Haematological malignancies are cancers of the blood, bone marrow, and other immune organs such
as lymph nodes (32). This broad category of diseases includes myeloma, leukaemia and lymphoma.
Collectively these were the third largest cause of cancer death in the United Kingdom in 2016 (33),
and accounted for 9% of all newly diagnosed cancers in the United States in 2017 (32).

The curative effects of allo-HSCT derive from two mechanisms (34), eradication of the disease through
the cytotoxic effects of a conditioning regimen (35), and through the transfer of a healthy immune
system capable of eliminating residual cancer cells (36, 37).

Conditioning is the preparative regimen administered before the infusion of the donated cells (38) and
can include a combination of chemotherapy and/or radiotherapy and/or immunosuppressant drugs.
Conditioning serves several purposes: to eradicate cancerous cells through cytotoxic effects and to
suppress the immune system (38).

Conditioning alone is insufficient to control the disease as some malignant cells are capable of
surviving even lethal doses of radiotherapy and chemotherapy (36). However, these cells can be
eliminated by immunologically active cells from a healthy donor (39). This is known as the graft-versus-
leukaemia (GvL) effect, which is mediated by T cells and NK cells (40-42).

The graft also enables reconstitution of the immune system after myeloablation (the depletion of
bone-marrow tissue) caused by the conditioning regimen. Experiments showed that a single HSC can
repopulate the immune system of a lethally irradiated mouse (43), and transplantation of HSC can
protect animals from otherwise lethal doses of total body irradiation (44, 45). Insights such as these
led to the development of allo-HSCT to rescue recipients from the toxicity caused by intensive
conditioning regimens (35, 39). However, it is now known that the potent GvL effect is also responsible
for reducing their cancer burden (39).

Recognition of the GvL effect led to the development of reduced intensity conditioning (RIC) with
lower doses of chemoradiotherapy. This has enabled the treatment of older patients (46), and patients
with comorbidities that would be unable to tolerate high levels of myeloablative conditioning(47).
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However, without additional immune suppression, this may increase the risk of the graft being
rejected (36, 47, 48).

Whilst relapse of the original malignancy remains a considerable risk (49), this approach can cure a
significant proportion of patients with otherwise incurable disease (50, 51). Reciprocal immune
reactions between the recipient’s cells and those derived from the donor are fundamental to the
success of this therapy by enabling the GvL effect. However, as well as benefits, these immune
reactions can have deleterious consequences.

1.2.1 Graft vs host disease
If immune cells derived from the graft react against the recipients’ healthy cells, this can lead to graft-
vs-host disease (GvHD). GvHD is a significant cause of morbidity and mortality following allo-HSCT (52).

Less frequently, the recipient’s residual immune cells, not destroyed in the conditioning process, may
react against the graft leading to graft rejection (39). As a result, the conditioning regimen must be
sufficiently immunosuppressive to limit the risk of the recipient rejecting the donor cells (53).

These complications are related to genetic variations of the HLA protein expressed by the recipient
and donor-derived cells (40). If T cells recognise these variations as foreign antigens, it can result in an
alloreactive immune response.

HLA proteins are encoded by a highly polymorphic complex of genes that determines
histocompatibility between different individuals (54). If a graft expresses the same set of HLA genes
to the recipient, it is said to be histocompatible (HLA-matched) and is less likely to cause alloreactivity.

The highest risk of GvHD and graft rejection occurs in patients that are not HLA-matched with the
donor (39). As a result, the use of HLA-typing to select compatible donors has been crucial to the
success of allo-HSCT (46). Although GvHD remains a risk for HLA-matched recipients, as cells from the
graft can react against “minor” histocompatibility antigens which lie outside the main HLA loci (39,
55).

Notably, the cancer-eradicating GvL effect is strongest in allo-HSCT patients who develop GvHD (39).
HLA-mismatched donor T cells have powerful cytotoxic effects which contribute to the GvL effect in
addition to NK cell cytotoxicity (56-58).

This indicates that for a successful response to the therapy, a balance between the GvL effect and
GvHD is required, both of which are determined by the alloreactive response of donor-derived
immune cells. Separating the mechanisms which underpin GvL effects from those of GvHD is a pivotal
goal of research into allo-HSCT.

1.2.1.1  HLA-typing
HLA genes are inherited as haplotypes, for example, a sibling has a one-in-four chance of being HLA-
matched, and a 50/50 chance of being haploidentical (half-matched). The preferred source of donor
cells is an HLA-matched sibling donor (MSD) (59), but these are available for under a third of allo-HSCT
recipients(60, 61).

Registries of potential donors can be used to identify matched unrelated donors (MUD) (62). Patients
receiving a MUD transplant have comparable outcomes to those infused with cells from an MSD (63-
65). However, a match is more likely between individuals of the same ethnicity (66) and the largest
registries are biased toward donors from North America and Europe(61).

In the absence of a matched donor, other options include mismatched unrelated donors that are
partially incompatible, and haploidentical donors (67). This is generally regarded as suboptimal as
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increased HLA mismatch is associated with increased risks of GvHD (61, 68). However, family members
can act as haploidentical donors meaning that this can simplify donor selection. Indeed, haploidentical
donors can be identified for >95% of allo-HSCT patients, dramatically increasing the pool of potential
donors (69).

Recently, immunosuppressive regimes have enabled the effective use of haploidentical allo-HSCT
(haploHSCT) (69). In particular, the administration of post-transplant cyclophosphamide (67) and graft
manipulation to deplete the number of T cells(70). However, haploHSCT is primarily reserved for
situations when there is an urgent need for a transplant to avoid early relapse (71).

Whilst closer HLA-matching decreases GvHD risk, mismatched antigens are also expressed by cancer
cells. Therefore, some of the discrepancies in HLA proteins may be important in the GvL effect (72).

The degree of HLA mismatch between recipient and donor is one of the strongest risk factors for the
development of GvHD (73, 74) .

1.2.1.2 Acute & chronic graft vs host disease

GVHD occurs when T cells infused with the graft, or derived from the graft, recognise the recipient’s
healthy cells as foreign. This results in T cell activation and a cytotoxic response attacking the
recipient’s cells. The two main clinical presentations are acute GvHD (AGvHD) and chronic GvHD
(CGVHD).

AGVHD is the leading cause of short-term (day 100 and 1 year) mortality after allo-HSCT (75). AGvHD
occurs in approximately 40-60% of recipients within the first 3-6 months post-transplant (75-77). It
typically affects the skin, gastrointestinal tract, and or liver and symptoms include a rash, diarrhoea,
or abnormal liver function (39) .

Clinical, laboratory, and biopsy assessments of the target organs (72) are used in AGvHD diagnosis. By
measuring the extent of involvement of each of the three main target organs, AGvHD severity is
graded as | (mild), Il (moderate), Il (severe), and IV (very severe)(55) . Severe AGvHD is associated
with a poor long-term prognosis for allo-HSCT patients (55).

The pathophysiology of AGvHD is thought to occur in a three-phase process: initial tissue damage is
caused by conditioning which activates the recipient’s APCs by PAMPs and DAMPs (Section 1.1.1);
activation and proliferation of T cells infused with the graft; a final stage of cytotoxic and inflammatory
responses which result in the death of cells (necrosis) (55, 72) .

CGvVHD is the leading cause of late death without prior relapse (non-relapse mortality (NRM)) in allo-
HSCT patients surviving beyond two years (78, 79) . Occurring in around half of the patients surviving
until this time point, CGvHD typically begins between 3 months and 2 years post-transplant (78). It is
less likely to occur in children and incidence rates rise significantly with age (80).

Any organ system in the body can be affected by CGvHD, and it is diagnosed based on the clinical
severity of symptoms across eight different organs, as well as laboratory tests (79). Overall severity of
mild, moderate, and severe is calculated based on the number of affected organs and level of
functional impairment (79).

Unlike AGvHD which is primarily mediated by the alloreactive response of T cells infused with the
graft, CGvHD has a more complex pathophysiology (55). It is related to the breakdown of central
tolerance mechanisms in donor-derived T cells and B cells and dysregulation of the innate immune
responses of macrophages, DCs and neutrophils (79). This produces chronic inflammation resulting in
scar formation (fibrosis) in the affected organs.



Whilst they have a distinct biology, patients with severe AGvHD are more likely to experience CGvHD
(78). This may be due to AGVHD targeting the thymus, the site of T cell maturation (81). This could
result in the failure of the central tolerance mechanism, leading to the self-reactive T cells being
released without negative selection (78).

The principal approach to GvHD prevention (prophylaxis) beyond the selection of an appropriate HLA-
matched donor, is pharmacological immune suppression (82).

A common immune suppressant used for GvHD prophylaxis is cyclosporine (CyA)(76), which interferes
with the activation and proliferation of T cells (83). This is used as a standard GvHD prophylaxis in HLA-
matched allo-HSCT, often used in combination with methotrexate (MTX) or mycophenolate mofetil
(MMF)(84). However, these drugs have toxic side effects and it is unclear if the nonspecific
immunosuppression of such therapies also reduces positive GvL effects (40, 85),

As well as negative effects, patients with CGvHD experience lower rates of both relapse and deaths
preceded by a relapse (relapse-related mortality (RM)) (78, 86), suggesting the immune reactions
mediating CGvHD can have a protective effect against cancer.

1.2.2 Engraftment

A key aim of an allo-HSCT is that the transplanted cells can sustain effective haematopoiesis. For this
to occur, the transplanted HSC must first migrate to niches in the bone marrow in a process called
engraftment (87). A niche is an essential microenvironment with the correct conditions for HSC to
survive and proliferate (88).

A lack of HSC engraftment following allo-HSCT is known as graft failure (89). Although a relatively rare
occurrence, a lack of engraftment within the first month following transplantation is associated with
a significant risk of mortality (89, 90). Engraftment is usually defined by the first of three consecutive
days where the recipients’ peripheral blood neutrophil count is above >500 x 10° / L (91), showing that
haematopoiesis has resumed. Both neutrophils and monocytes show early reconstitution post-
transplant (92).

Successful engraftment of HSC can establish durable haematopoietic chimerism in a recipient of allo-
HSCT. Chimerism is where cells from two genetically distinct individuals coexist and are tolerant of
each other (93, 94) . Chimerism can be ‘complete’ where only donor HSC are present or ‘mixed’ where
both donor and recipient HSC coexist. This is facilitated by the central tolerance mechanism.
Lymphocytes produced in the bone marrow migrate to the thymus and undergo negative selection to
remove recipient-reactive and donor-reactive cells (94).

Engraftment of the donor-derived cells can be assessed by chimerism analysis, which is useful for
detecting impending graft rejection (95). This involves quantifying the proportion of donor-derived
haematopoietic cells relative to those originating from the recipient in the peripheral blood or bone
marrow (96).

Graft failure is more likely to occur if there is an HLA disparity between the recipient and donor (87).
A variety of other factors affect engraftment including the source of the stem cells and the
conditioning regimen (89).

1.2.2.1 Graft source

The cellular material for transplantation was historically derived primarily from the bone marrow
(BM), as a result, allo-HSCT are often referred to as “bone marrow” transplants. However, the majority
of stem cell grafts are now extracted from the peripheral blood of the donor (PBSC).



Usually, HSC reside mostly in the bone marrow with few in circulation. PBSC collection by apheresis,
therefore, requires granulocyte colony-stimulating factor (G-CSF) to mobilise HSC to the peripheral
circulation. Alternatively, umbilical cord blood (UCB) can be used as a source of stem cells.

Engraftment occurs fastest in patients infused with PBSC (97) whereas BM and UCB grafts are
consistently associated with delayed engraftment (87, 98) . Whilst the incidence of graft failure is
similar between BM and PBSC following allo-HSCT with an MSD (99), it is higher when the BM is from
an unrelated donor (100). Furthermore, grafts from UCB are associated with a higher risk of graft
failure (101).

1.2.2.2 Conditioning regimen

It is thought that engraftment may be limited by the number of niches in the bone marrow (102),
resulting in competition between recipient and donor HSC. Therefore, depletion of bone marrow
tissue by the conditioning regimen may encourage engraftment by freeing niches for the donated cells
to engraft.

Conditioning can include a heterogeneous mix of different chemotherapies and/or total body
irradiation (TBI) and/or immunosuppressive drugs. The process has two main components:
myeloablation targeting HSC of the recipient, and lymphodepletion which targets their lymphocytes
(38).

Chemotherapy functions by eliminating rapidly dividing cells such as malignant cells (103). It does so
by preventing cells from dividing or causing programmed cell death (apoptosis) (103). However, this
also affects other proliferating cells such as HSC and immune cells. Some chemotherapeutic
compounds such as busulfan produce more of a myeloablative effect, whilst others are more
lymphodepleting including cyclophosphamide and fludarabine (38).

TBI uses ionizing radiation to kill cells by damaging deoxyribonucleic acid (DNA). When delivered to
the entire body, it provides cytotoxic effects and immunosuppression (104). As a result, TBI can both
eliminate cancer and free niches in the bone marrow for engraftment. However, TBI is complicated by
both short and long-term toxicities (104).

The immunosuppressive drugs used in conditioning may consist of anti-thymocyte globulin (ATG) or
alemtuzumab (105). These are antibodies used to eliminate T cells, but can also target other
lymphocytes such as B cells (106) and NK cells (107). By suppressing the action of T cells against the
graft, they reduce the risk of graft rejection and graft failure (105). These drugs can also persist in the
body after transplantation which can reduce the risk of GvHD (106). However, this may also lower the
GvL effect and increase the risk of opportunistic infections (36, 108, 109) ..

Depending on different patient characteristics and their specific haematological malignancy, a
combination of chemotherapy with or without TBI is administered as part of the conditioning regimen.

1.2.2.3 Myeloablative and reduced intensity conditioning

Myeloablative conditioning (MAC) refers to regimens that cause irreversible cytopenia (a reduction in
the number of blood cells) that require the transplant of stem cells for the recipient to recover (53).
MAC involves high-dose chemotherapy which “ablate” the bone marrow often using a combination of
cyclophosphamide and TBI, or busulfan and cyclophosphamide (38).

The profound myeloablative effects of MAC ensure niches are available in the bone marrow to enable
HSC engraftment, it suppresses the immune system reducing the chances of graft failure, and the
cytotoxic effects help to eliminate the patient’s cancer.
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MAC was historically the most common form of conditioning. However, MAC is associated with high
regimen-related toxicity and non-relapse mortality (NRM)(38). This prohibits its use with elderly
patients or those with a high number of comorbidities. As half of haematological malignancies are
diagnosed in those over 65 years of age, this is a severe limitation (110).

This led to efforts to reduce the intensity of the conditioning regimen with lower doses of
chemotherapies or TBI (38, 111). Non-myeloablative conditioning (NMAC) and reduced-intensity
conditioning (RIC) were introduced to decrease the amount of regimen-related toxicity and NRM.

RIC and NMAC cover a heterogenous group of treatments, often including fludarabine and/or reduced
doses of chemotherapy and/or TBI. NMAC results in minimal and reversible levels of cytopenia (111).
Whereas RIC is defined as regimens that do not fit the criteria for either MAC or NMAC (111).

RIC and NMAC have enabled effective treatment for a large number of older patients and those
otherwise ineligible for allo-HSCT (38). Reducing conditioning intensity is also associated with lower
rates of AGvHD and NRM, but similar rates of CGvHD (38, 112).

However, reducing conditioning intensity is not without trade-offs. The host immune system may
persist which can result in lower rates of engraftment relative to MAC (47, 87, 113) .

The cancer-eradicating effects of RIC relies primarily on the GvL effect of the transplanted cells rather
than the conditioning regimen (114). Higher-intensity conditioning has also been associated with
lower relapse incidence (38). As a result, RIC may decrease transplant-related toxicity but increase the
probability of relapse (49).

1.2.3 Relapse

Allo-HSCT is often used as a treatment of last resort for patients with haematological malignancies
unlikely to be controlled by other less intensive procedures (57). As a result, the haematological
malignancies treated with allo-HSCT are amongst the most resistant to treatment, and relapse remains
a major cause of mortality (49).

Early relapses could result from insufficient cancer reduction in conditioning, leading to an ineffective
GvL effect, or from the GvL effect never becoming established (57). Relapse can also occur after a
prolonged period of an effective GvL effect. This can result from a weakening of the immune system,
becoming tolerant to cancer-associated antigen, or the disease mutating enabling immune escape
(57).

Cancers can evolve by clonal expansion and genetic diversification (somatic mutation). The massive
cell death caused by chemotherapy and GvL effects provide a strong selective pressure. Cells capable
of evading these therapeutic and immune mechanisms have a selective advantage (115). This is
referred to as immune escape or antigenic escape.

In HLA-mismatched all-HSCT, cancerous cells have been found to evade recognition from donor T cells
by deleting mismatched HLAs, resulting in relapse (56, 116) . Immune escape by mutation has also
been shown to reduce the susceptibility of cancerous cells to NK cell mediated toxicity (42).

The propensity of the particular disease to mutate is therefore critical to relapse risk. The GvL effect
also develops over time, so cancers that proliferate more slowly such as chronic leukemias and
lymphomas may be more susceptible (57).

As well as the specific haematological malignancy, the disease stage can result in markedly different
relapse rates. Generally, the risk is lowest for patients transplanted during complete remission but
higher in partial remission or with refractory disease (57).
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Immune recovery following transplant is closely associated with protection from relapse (57). The
level of chimerism is also predictive of subsequent relapse risk, supporting the importance of
successful engraftment of donor cells (117, 118) .

The immune system may fail to control the disease due to immunosuppression administered to
control GvHD negatively impacting the GvL effect (119). T cells may also become exhausted due to an
abundance of cancer-associated antigen, which could lead to the inhibition of cytotoxic activity by
programmed cell death protein 1 (PD-1)(49). Or the opposite, where a paucity of antigen stimulation
causes inactivity within memory T cell populations (anergy). All of which weaken the immune response
to the disease.

Some of the differences in relapse risk may be attributed to differences in the cellular content of the
graft. Donors with a high content of suppressive cells such as T regs are associated with less GvHD but
may confer a reduced GvL effect (57, 120). Moreover, the count of NK cells in the graft expressing low
levels of a cell surface protein CD56 (CD56%™ NK cells) has been related to the rate of relapse, further
demonstrating the importance of graft composition to patient outcomes (121).

1.2.4 Graft composition and manipulation
A sufficient number of HSC in the graft is required to overcome the toxicity of the conditioning regimen
and facilitate immune reconstitution.

A cell surface protein known as CD34 is expressed by almost all HSC and other immature progenitor
cells. The number of CD34-positive (CD34") cells can be used as a proxy for the number of HSC the
graft contains, which is an important metric to assess graft quality (122). The a cell dose of > 4 x 10°
CD34+ cells / kg of body weight is generally regarded as adequate for an allo-HSCT (123).

Graft manipulation can be used to optimise the cellular composition and volume of cells in the graft.
The graft can be manipulated ex vivo to enrich the number of CD34+ cells relative to other cells (CD34+
enrichment). This results in a high number of HSC and relatively few T cells and other immune cells
(124). There are conflicting reports on the benefits of CD34+ enrichment. It has consistently been
shown that a higher dose of CD34+ cells can improve engraftment following allo-HSCT (125, 126) .

However, the effect on other outcomes is less certain. Whilst some studies indicate CD34+ enrichment
reduces CGvHD (127, 128) , others have reported a higher CGvHD with increased CD34+ dose (126,
129) . Similarly for overall survival, some reports suggest increased CD34+ doses are associated with
improved survival (126, 130, 131) whilst others indicate no effect on overall survival (132-134) .
There is even evidence of negative effects at very high doses, suggesting a complex relationship
between CD34+ dose and response (129, 135) .

Grafts can be manipulated to deplete the number of T cells (T cell depletion). T cells are identified by
the expression of a cell surface marker CD3, so are described as CD3-positive (CD3+). Negative
selection of CD3+ cells from the graft ex vivo can specifically deplete T cells while retaining other
lymphocytes such as NK cells which have GvL capacity (124).

Ex vivo T cell deletion reduces rates of acute and chronic GvHD(136) and is widely used to prevent
GVHD in the setting of halpoHSCT (70).

Alternatively T cells can be depleted in vivo, by administering ATG (109, 137) or alemtuzumab, this
has also been shown to reduce the rate of acute and chronic GvHD (136). However, T cell depletion
may not improve overall survival rates and may increase the risk of opportunistic infections (109, 138)
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T cells expressing aff TCR are primarily responsible for the development of GvHD (139, 140). Routines
have been developed to negatively select this particular subpopulation of T cells (af TCR+ depletion),
whilst retaining y6 T cells and other lymphocytes such as NK cells (141). This has been associated with
an improved immune reconstitution after haploHSCT (142), reducing the chances of opportunistic
infections (143).

AP TCR depletion is often combined with the depletion of B cells, identified by the expression of cell
surface protein CD19 (CD19+ depletion). B cells can cause a condition called post-transplant
lymphoproliferative disorder (PTLD) in patients infected with Epstein—Barr virus (EBV). EBV is a
ubiquitous virus that infects 90-99% of adults by mid-adulthood (144). o TCR+ / CD19+ depletion
effectively prevents PTLD, with the same benefits of aff TCR+ described above (141).

In addition to HSC, T cells, and B cells for which there are established graft manipulation routines,
grafts contain a variety of other mature immune cells.

An increased count of certain DC subpopulations in the graft has been associated with increased
relapse incidence and CGvHD incidence (145). Whereas a high count of T-regs has been linked with
lower relapse incidence (120). Furthermore, the number of NK cells has been shown to have an impact
on relapse incidence following allo-HSCT (121). Specifically, a higher count of NK cells expressing lower
levels of CD56 (CD56 dim NK cells) has been linked with lower relapse incidence.

It remains unknown if there is an optimal graft composition (146). The precise composition is likely to
be correlated with differences in patient outcomes but is relatively understudied (121). Investigating
the impact of graft composition on the outcome of patients following allo-HSCT is a central theme of
the project described in Chapter 3 of this thesis.

1.2.5 Clinical endpoints

A successful response to allo-HSCT is survival, without graft failure or ongoing causes of morbidity
such as GvHD, relapse, and infection. To study the factors influencing the incidence of these outcomes,
clinical endpoints need to be defined.

The gold-standard endpoint in most clinical research is overall survival (OS). It is measured as the time-
to-death attributable to any cause. In allo-HSCT research, the time interval typically begins at the time
of transplant.

OS is a direct measure of clinical benefit that is unambiguous and easy to measure. However, OS fails
to capture ongoing morbidity in a transplant setting which profoundly impacts a patient’s quality of
life. The composite outcome of GvHD-free, relapse-free survival (GRFS) was developed specifically to
study the outcome of allo-HSCT recipients.

GRFS is defined as the absence of grade IlI-IV AGVHD, chronic GVHD, relapse, and death(147). It is
measured as the time-to-event-onset (using the first event) and effectively captures the real recovery
of patients without adverse events.

Neither OS nor GRFS provide information on the particular cause of morbidity or mortality. To study
the influence of factors on individual outcomes, clinical endpoints can be divided into several
competing risks. These, however, introduce additional statistical complexity which is discussed in
Section 1.3.2.

Death without prior relapse is defined as non-relapse mortality (NRM) (148). When the cause of death
is adjudicated specifically to transplant related causes, NRM is referred to as transplant-related
mortality (TRM). Major risk factors for NRM include GvHD, infections, and organ failure (52). Whereas
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deaths preceded by a relapse or progression of malignancy are defined as relapse-related mortality
(RM) (149). As patients can only experience either NRM or RM, these are considered competing risks.
Alternatively, the onset of the non-fatal events may be assessed, for example, the time-to-relapse
(148).

Given a set of clearly defined clinical endpoints, the factors which influence the outcome of allo-HSCT
recipients can be assessed objectively between studies.

1.2.6 Factors influencing patient outcomes
A variety of patient and donor characteristics have been found to influence the outcome of allo-HSCT
patients. This is in addition to the therapeutic choices (e.g., graft source, conditioning regimen, GvHD
prophylaxis), donor graft characteristics (e.g., HLA-type, graft composition), and patient characteristics
(e.g., diagnosis, disease stage) already discussed.

Comorbidity refers to the presence of more than one distinct condition in an individual (150). Patients
with better overall functional performance and less comorbidities have better outcomes following
allo-HSCT (151, 152). The negative effect of comorbidities on allo-HSCT patients is likely due to the
burden of chronic disease and how it interacts with both the treatment and the malignancy (151).
Comorbidities increase the risk of toxic effects in response to the treatment, which can negate some
of the intended benefits (153).

Compared with younger patients, elderly recipients experience higher rates of transplant-related
morbidity and mortality (154). Older patients are more likely to have comorbidities and impaired
health (155). Furthermore, they may have malignancies with more adverse disease features which
may be subject to less aggressive therapy, due to their susceptibility to toxic side effects (154).

The age of the donor is also influential. Recipients of grafts from older donors have worse rates of OS
(156-158). Other than the selection of HLA-matched donors, age is one of the most important factors
in donor selection affecting recipient outcomes (159).

The donor’s sex and blood type may also be risk factors. Female recipients of grafts from male donors
may have an increased risk of GvHD (160, 161). Whereas studies indicate blood type mismatch is
associated with complications following transplant, however the precise relationship between GvHD
and NRM remains uncertain (162, 163) .

The time from diagnosis to transplantation is also predictive of NRM and relapse incidence (164), with
larger intervals generally associated with a worse prognosis for patients with otherwise equal risk
(164).

Cytomegalovirus (CMV) is a major cause of morbidity and mortality following allo-HSCT (165). CMV is
prevalent globally, with seroprevalence ranging from 40-50% in economically developed countries and
up to 95% in developing countries (166). After primary infection, CMV becomes a latent infection that
may be reactivated when the immune system is suppressed leading to CMV disease.

The highest risk of CMV reactivation occurs in allo-HSCT patients that are CMV positive at the time of
transplant, irrespective of the donors CMV status (167). Furthermore, CMV positive donors are
associated with worse OS for CMV negative recipients (168).

The multitude of factors influencing patient outcomes necessitates tools to assess pre-transplant risk.
A variety of risk scores or risk indices have been developed to guide clinical decision-making.
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1.2.6.1 Risk scores

The European Group for Blood and Marrow Transplantation (EBMT) developed the EBMT risk score to
assess the pre-transplant risk of individuals (164). This uses five factors including recipient age, disease
stage, the time interval from diagnosis to transplant and donor-recipient gender combination to
estimate risk. This provides an additive risk score that can effectively discriminate between high and
low-risk patients in a variety of international cohorts (169, 170) .

The haematopoietic cell transplantation-specific comorbidity index (HCT-CI) was developed to
estimate pre-transplant risk based on diagnosed comorbidities (171). By accounting for 17 different
comorbidities at the time of transplant, the HCT-Cl is able to stratify patients into three risk categories.

The discrimination of classification models can be measured using the area under the receiver
operating characteristic curve (AUC). This indicates the ability of a model to differentiate between
patients who do experience an outcome, from those that don’t, at a specified time point. Perfect
predictions result in an AUC of 1.0, whereas an 0.5 is equivalent to a random guess.

The EBMT risk score was estimated by the authors to have an AUC of 0.63%when predicting survival
5 years post-transplant (172). Furthermore, a recent external validation estimated an AUC of 0.58 for
survival at 2 years post-transplant (173). The HCT-Cl was published with an AUC estimate of 0.66 for
survival at 2 years post-transplant (171). Whereas external validation studies have indicated a 2-year
AUC between 0.55-0.64 (173, 174) .

More recently, scores based on biomarkers such as Endothelial Activation and Stress Index (EASIX)
have shown relatively good discrimination at predicting NRM (2 year AUC 0.65) but with worse
discrimination for overall survival (2 year AUC 0.60)(173). EASIX utilises laboratory measurements of
lactate dehydrogenase, creatinine, and the number of thrombocytes. EASIX scores indicate the level
of endothelial dysfunction, which has been related to the development of AGvHD (175).

Another biomarker-based risk score is the revaluated Pre-transplantation Assessment of Mortality
(rPAM). rPAM incorporates 8 factors including patient age, donor type, disease risk, conditioning
regimen, forced expiratory volume (lung function), carbon monoxide diffusion capacity, serum
creatinine level, and serum alanine aminotransferase concentration. Where disease risk is estimated
based on chromosomal changes (cytogenetics (176)) and disease stage (177). Using these factors
rPAM results in competitive discrimination for overall survival (2 year AUC 0.64) and NRM (2 year AUC
0.66) (173).

These scores have proven useful for stratifying allo-HSCT patients by risk. Despite the wide range of
factors included in the various risk indices, a considerable amount of variation in the outcome of
patients remains unexplained. As a result, individual risk prediction presents a considerable challenge.
The search for additional predictive biomarkers for disease risk is an active area of research, which |
aim to contribute to as part of this thesis.

1.2.6.2 Biomarkers
Biomarkers (biological markers) are defined as “objective indications of medical state observed from
outside the patient - which can be measured accurately and reproducibly” (178).

Biomarkers can broadly be divided into diagnostic, prognostic, predictive, and response-to-treatment
(118, 179). Diagnostic biomarkers are used to detect the onset of a disease. Whereas prognostic
biomarkers provide information on the risk of an outcome or disease occurring.

Using GvHD as the example outcome, a diagnostic biomarker would indicate that a patient likely has
GVHD, whereas a prognostic biomarker would indicate the risk of GvHD occurring before the onset.
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Predictive biomarkers, in contrast, provide information on the risk of an outcome or disease occurring,
before the initiation of a particular treatment. Whilst response-to-treatment biomarkers monitor their
response after the treatment has been administered.

In the setting of GvHD, a predictive biomarker would indicate the risk of GvHD occurring if a patient is
given a particular GvHD prophylaxis. Whereas a response-to-treatment biomarker might indicate the
response of the patient to a prophylactic treatment and could be used as a surrogate clinical endpoint
to study efficacy.

A wide variety of biomarkers for outcomes following allo-HSCT have been identified. Chen and Zeiser
(2020) provide a comprehensive summary of many novel and validated biomarkers for AGvHD,
responsiveness to immunosuppressive treatments, NRM, relapse and subsequent death (118).

Once a potential biomarker has been identified in a sufficiently large cohort, it must then be verified
or validated in an independent cohort (118). It must then be qualified, which is a regulatory procedure
to ensure a biomarker can be relied upon to have a specific interpretation (180).

A large number of molecules in the plasma have been qualified as prognostic biomarkers of increased
AGVHD incidence, including interleukin 6 (IL-6), a cytokine involved in the activation of T cells (181,
182); C-X-C motif chemokine ligand 10 (CXCL10) a chemokine involved in immune cell migration (183);
a soluble domain of T-cell immunoglobulin and mucin domain 3 (Tim-3), involved in negative
regulation of T-cell activation (182, 184).

Whilst not qualified, several studies have associated a soluble form of CD25 with increased occurrence
of AGvHD (185, 186) . Soluble CD25 is associated with inflammation and lymphocyte cytotoxicity (187).
It is also included in a biomarker panel for increased NRM and lower OS (188) that contains CD25,
tumour necrosis factor receptor 1 (TNFR1), interleukin 8 (IL8) and hepatocyte growth factor (HGF). IL-
8 isinvolved in immune cell recruitment and plays a role in (189), TNFR1 has a regulatory role in innate
immune responses (190), whereas HGF is a molecule involved in tissue repair (191).

Several other tissue-repair related molecules have been qualified as prognostic biomarkers for NRM.
This includes regenerating islet-derived protein 3 alpha (REG3a) and suppression of tumorigenicity 2
(ST2) (191-194). When measured 7 days post-transplant, a combination of ST2 and REG3a can be used
to estimate the risk of NRM and GvHD related mortality (195, 196).

In contrast, there is a relative paucity of validated and qualified biomarkers for relapse following allo-
HSCT that are measurable around the time of transplantation. Lower peak levels of interleukin 15 (IL-
15) at day 14 post-transplantation have been linked with relapse (185). IL-15 is a proinflammatory
cytokine that activates T and NK cells (197). A high ratio of two metabolites, stearic acid, and palmitic
acid, on day 7 post-transplant is associated with increased relapse, but lower AGvHD (198). However,
neither of these biomarkers has been successfully validated.

Several studies have indicated mixed rather than complete chimerism is prognostic of greater relapse
incidence, when measured one month or later post-transplants (199-203)

Pre-transplant measurable/minimal residual disease (MRD) has been associated with increased
relapse and worse overall survival following allo-HSCT (204, 205). Pre-transplant MRD, and markers
associated with it provide an exciting avenue for exploration. However, the impact of MRD on relapse
has mainly been explored at time points beyond a month post-transplantation (206, 207).

The projects in this thesis aim to identify prognostic biomarkers that are measurable either pre-
transplant or in the very early period following allo-HSCT.
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1.3 Survival and competing event analysis

Survival analysis refers to statistical methods used to investigate the length of time it takes for an
event to occur. Using such techniques, researchers can estimate the probability of events occurring
over time and assess the impact of variables on the rate at which events occur.

In this thesis, survival analysis is required to estimate the impact of biomarkers on the rate of events
following allo-HSCT. However, these techniques are also applicable to non-clinical fields of research
(e.g., machine failure in engineering, bankruptcy rates in economics, and customer retention in
marketing) (208-210).

The occurrence of a single inevitable event, such as overall survival, can be evaluated using standard
survival analysis methods. These include the commonly reported Kaplan-Meier estimator, and the Cox
proportional hazards model, which will be referred to as survival analysis (211, 212).

When investigating a particular cause of mortality, or non-fatal events, the inference is complicated
by the presence of competing risks. Competing risks are present if subjects can experience multiple
events (different “causes of failure”), and the onset of one event precludes the observation of other
causes of failure.

Allo-HSCT is often used as a canonical example of competing risks, as recipients can experience
multiple causes of failure including GvHD and relapse. Mortality from GvHD, will preclude the
occurrence of relapse and vice versa.

Survival analysis methodologies which can account for competing risks are therefore essential to make
valid inferences in the study of transplant patients. These include estimators of the cumulative
incidence, and the Fine-Gray subdistribution hazards models, which will be referred to as competing
risks analysis (213, 214).

This section introduces some of the fundamental definitions and assumptions upon which survival
analysis relies. It explains how the probability of an event can be estimated, and how the impact of
variables on the rate of the event can be assessed or controlled for. Followed by an explanation of
how these analyses have been adapted for the presence of competing risks.

1.3.1  Survival analysis

1.3.1.1 Censoring

Censoring is when information on time-to-event (e.g., the survival time) is not available for all subjects
in a study(215). If this is caused by early dropout from a study, or the lack of an event during the
observation period, it is known as right-censored data. For example, in a short study of all-cause
mortality some subjects may survive. The survivors are therefore censored at the last time they were
observed, as their time of death is unknown.

Right-censored data provides partial information as it encodes how long a subject remained event
free, even if their ultimate survival time remains unknown. Other censoring modalities exist (215, 216).
However, only right censoring is addressed in this thesis.

Survival analysis methods can account for right-censoring which is essential for valid inference. A key
assumption is that the censoring is noninformative. For example, censoring may be informative if
subjects who have a negative response to therapy are more likely to drop out of a study early.
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1.3.1.2  Survival function

The survival function S(t) describes the probability that a subject will remain event-free beyond a
certain pointin time, t. Let T be a continuous random variable representing the potential survival time
(217). The survival function is defined as

Equation 1
S(t) =P(T >t).

The survival function can be estimated from observed event (and censoring) times using a non-
parametric statistic called the Kaplan-Meier (KM) estimator. This estimator considers time as many
discrete intervals, and the product of the survival probabilities in each interval provides the overall
estimate.

Let k be the number of events observed in the follow-up period, the event times are ordered such
thatt; < t; <+ < tg. The KM estimator is given by the formula

Equation 2
. d;
so=1] (1— —).
. n;
i<t

where t; is a time of an event, d; is the number of events that occurred by time t;, and n; is the
number of subjects at risk before time t;.

A commonly reported summary statistic is the median survival time, the first time at which S(t) <
0.5, meaning 50% of subjects experienced the event (218). Alternatively, survival probability may be
reported for selected times (e.g., 2 years post-transplant).

Two common assumptions are that the S(0) = 1 (i.e., no chance of instantaneous events) and that
tlim S(t) = 0 (i.e., all subjects will experience an event given an infinite time).
—00

1.3.1.3 Hazard function

The hazard function A(t) describes the probability of a subject experiencing an event in the next
instance, given they have survived event-free until time t (217). This is closely related to the survival
function but instead focuses on the probability of the event occurring rather than non-occurrence.

The hazard function is defined as follows

Equation 3

P{it<T<t+dt|IT >t
A(t)=£m0 { dt | }

where the numerator represents the conditional probability of the event during an interval [t,t + dt),
provided they remain event-free at time t, and the denominator is the width of the time interval.
Thus, the hazard function A(t) provides a dynamic estimate of the risk of the event over time (219).
Whilst the A(t) isn’t often directly interpreted, this function forms the basis of proportional hazards
models which are commonly reported in survival analysis.

No simple estimator is available for the hazard function A(t) so instead, a quantity called the
cumulative hazard rate A(t) can be assessed. A(t) is the area under the hazard function A(t), the
integral, between times 0 and t. The cumulative hazard A(t) can be approximated using the non-
parametric Nelson-Aalen estimator expressed by the formula
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Equation 4

= )
U tist
Where d; is the number of the events that occurred by time ¢t;, and n; is the number of subjects at

risk before time t;. A(t) can be thought of as the number of events expected per individual by time t,
if the event was a repeatable process, and the slope of this curve represents the hazard rate A(t).

There is a close correspondence between the S(t) and A(t), as illustrated by the KM and Nelson-Aalen
estimators relying on the same pieces of information. If any of the A(t), A(t), or S(t) functions are
known the others are automatically determined (220). The relationship between these functions is
provided by

Equation 5

t

A(t) = —log[S(t)] = j Au) du.
0

1.3.1.4 Cox regression
The most widely applied technique to assess the impact of multiple variables on the rate of an event
is Cox regression, or the Cox proportional hazards (Cox PH) model (211, 221).

Variables in the model can be variables that are the focus of the study such as candidate biomarkers,
as well as confounding covariates which need to be accounted for. In addition to multivariate analyses,
the model can incorporate both continuous and discrete variables, and also provides effect size
estimates known as hazard ratios (HR).

Cox defined the model in general terms as follows (211). Suppose measurements of variables zy, ..., 2,
are available for each individual in a cohort of j subjects. For the jt* subject, let the values of z be
zj = (le, ...,ij). The hazard rate at time t is then given by

Equation 6

A(t; z) = exp(zB) Ay(0).

The factor A4(t) is the baseline hazard function, which represents the underlying hazard for subjects
when all covariates are equal to zero (i.e., z = 0). This serves as a reference group describing the rate
of the event given a standard set of conditions.

This baseline hazard rate is multiplied by exp(zB), where B is a vector of unknown regression
coefficients estimated for the set of variables z. The factor exp(z8), therefore, represents the relative
risk, the proportional increase or decrease in the hazard associated with the covariates.

HR are calculated for each covariate by taking the exp(ﬁ) estimates from the fitted model. HR
correspond to the ratio of the hazard function A(t) between two groups or per unit increase in a
continuous variable.

Given the direct relationship between the hazard function and the survival function (Equation 5), in
the absence of competing risks, the Cox PH model can be used to infer the impact on the rate of
survival (217).
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A specific relationship is assumed between covariates and the hazard rate, known as the proportional
hazards (PH) assumption. This asserts that the effect of covariates on the hazard rate is constant over
time. As a result, the HR estimates do not change during the observation period.

1.3.1.5 Follow-up time

The follow-up is the time from the start of the study to the end of the observation period. This needs
to be sufficiently long to observe enough of the event of interest. The appropriate follow-up depends
on the particular cohort and on the event being studied. In a study of allo-HSCT patients, a follow-up
time of 1 year may be sufficient to study AGvHD, an event typically occurs within the first 3-6 months
post-transplant, but insufficient to study mortality (77).

As follow-up time may vary between the subjects of a prospective study, the median follow-up time
can be used as a summary statistic. The median follow-up time can be estimated using the KM
estimator with the outcome indicator reversed (222).

1.3.2 Competing risks analysis
Competing risks are present in studies where subjects can experience multiple events (different
“causes of failure”), and the onset of one event precludes the observation of other causes of failure.

For example, one might want to examine the occurrence of relapse following allo-HSCT. In addition to
relapse, these subjects are also at risk of non-relapse mortality (NRM). The rate of NRM will impact
the number of subjects who survive until relapse, and vice versa. NRM and relapse are therefore
competing risks.

In the presence of competing risks, the loss or gain of subjects from the risk set at time t (the number
of individuals “at risk” of the event of interest) needs to be accounted for to ensure valid inferences.

1.3.2.1 Cumulative incidence function

The KM and Nelson-Aalen estimators in Equation 2 and Equation 4 can only handle one type of event
- individuals either experience the event of interest or are censored. As a result, these methods
overestimate the cumulative hazard of events when applied to competing risks (223).

The appropriate method to assess the probability of competing risks is to estimate cumulative
incidence functions CIF(t). CIF(t) describe the probability of experiencing the event of interest,
before time t, in subjects yet to experience a competing event (217).

For two competing events, j and k, the CIF (t) of event j is estimated in a two-stage process:

1. First, the probability of surviving event-free is estimated at time t;. This uses the same KM
estimator shown in Equation 2, but the event is either of the competing events j and k.

2. Secondly, the Nelson-Aalen estimate of the cumulative hazard of event j is calculated at time
t; with Equation 4.

The CIF(t) for event j is then a function of these two estimates (224). As given by the formula

Equation 7

orio= 3, (4 [16- ) 1163

i:t;st L: t<t; l: t<t;

As aresult, CIF (t) estimates factor in both the probability of the event of interest and the probability
of competing events.
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1.3.2.2 Cause-specific hazards regression
Modified versions of the Cox PH model can be applied in the presence of competing risks, by adapting
the definition of the hazard function described in Equation 3.

The first such model is the cause-specific hazards (CSH) model. By censoring subjects who experience
competing events, CSH models can estimate covariate effects on the rate of the event of interest but
only in individuals who remain event-free. This rate is known as the cause-specific hazard.

The cause specific hazard 15 (t) is defined as

Equation 8

P{t<T<t+dtK=k|T >t}
CS — i
A= i, dt

where K is a variable indicating the type of event that occurred, and A$%(t) is the probability of a
subject experiencing the k" event in the next instance, given they have survived event-free until time
t (217). Specification of the CSH model is described in detail in Lau et al. 2009 (225).

Separate CSH models are fitted to estimate effect sizes for each competing risk, referred to as cause-
specific hazard ratios HR.;. HR ¢ estimate the difference in the cause-specific hazard of an event
between groups, or per 1-unit increase in a continuous variable.

However, effects on the cause-specific hazard do not translate directly into differences in the overall
risk of experiencing an event (i.e., the cumulative incidence). As a result, CSH models may be less
suitable when investigating the prognostic impact of covariates (217, 225, 226).

Insights such as this motivated the development of models which directly link the effect of covariates
to the cumulative incidence function. The most common of which is the subdistribution hazards
model, or the Fine-Gray (FG) model.

1.3.2.3 Fine-Gray regression

The FG model is another adaptation of the Cox PH for competing risks which uses Gray’s
subdistribution hazard technique (214). FG models estimate covariate effects on the rate of the event
of interest in individuals who have not experienced the event, or who have experienced a competing
event.

The subdistribution hazard function is defined as
Equation 9

P{t<T<t+dt, K=k|IT>tU(T<tnK #k)}
dt '

SD — 1i
A= gim,

where AiD (t) is the probability of a subject experiencing the kt* event in the next instance, given they
have yet to experience the k" event by time t. Note, individuals who have experienced a competing
risk are also included in the risk set (214). Specification of the FG model is described in detail in Lau et
al 2009 (225).

Separate FG models are fitted to estimate effect sizes for each competing risk, referred to as
subdistribution hazard ratios HRsp. These estimate the differences in the subdistribution hazard
between groups, or per 1-unit increase in a continuous variable.

As the subdistribution hazard resists an intuitive interpretation, researchers often describe results
from FG models in terms of the impact covariates had on the cumulative incidence function CIF(t).
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Both the direction and significance of the HRsp equate to the equivalent change in the cumulative
incidence of that event. However, the exact magnitude of the effect cannot be stated.

Both the cause-specific hazards models and the FG models therefore account for competing risks but
estimate covariate effects on different hazard functions. CSH models are suitable for “studying
the etiology of diseases” (225), as they estimate differences in the rate of the event for individuals
who remain at risk of the event. Whereas the FG model is purportedly more suitable for the
development of predictive/prognostic models (225, 226) or for investigating the impact of covariates
on prognosis (217).

Survival and competing risk analysis provide a suite of rigorous statistical tools to test the impact of
biomarkers on prognosis following allo-HSCT. Data science refers to the extraction of knowledge from
complex data (227, 228). Survival analysis is one example of how data science can be used to facilitate
risk stratification, prediction of clinical endpoints, and the identification of prognostic biomarkers in
allo-HSCT research.

1.4 Aims
The key aims of this thesis are to:

e Describe the cellular composition of PBSC grafts using single-cell mass cytometry (CyTOF)
data.

o Determine if distinct types of PBSC graft can be defined based on variation in cellular
composition.

e Investigate associations between PBSC graft composition and prognosis following allo-HSCT.

e |nvestigate associations between serum proteins post-transplant and prognosis following allo-
HSCT.

The clinical endpoints to be studied include AGvHD (grade II-1V), CGvHD, relapse, GRFS, TRM/NRM,
RM and OS.

1.5 COVID-19 secondment
The development of this thesis coincided with the onset of the pandemic. As a result, | spent an
extended period of time on secondment to COVID-19 research.

| collaborated with colleagues to develop and externally validate prognostic models for COVID-19
(229). This study focused on the use of clinical data collected on the day of admission from three
substantial cohorts of COVID-19 patients.

The model development process relied on variable selection algorithms to identify COVID-19 risk
factors. Subsequently, several of these algorithms were applied to identify prognostic biomarkers for
allo-HSCT recipients in Chapter 4 of this thesis (Section 2.2.4.2).

Moreover, we realised that the methods used to stratify allo-HSCT grafts by risk in Chapter 3 were
equally applicable to these cohorts of COVID-19 patients. In particular, we showed that the use of
Uniform Manifold Approximation and Projection (Section 2.1.7.2) and model-based clustering
(Section 2.1.6.2) could provide a way to identify novel risk groups (230).

A paper published on this topic as part of my Ph.D. and is integrated into this thesis as Appendix A.
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2 Methods
2.1 Allo-HSCT graft composition study

2.1.1 Patient and donor cohorts

Francesca Kinsella, with whom | collaborated on this project, recruited a cohort of allo-HSCT graft
donors and recipients. Patients gave written informed consent using the BOOST ethics approved by
the regional ethics committee (05/Q2707/175).

In total, 185 consecutive donors were recruited between 2009 and 2017 (donor cohort) (Table 3.1).
Donor bags were obtained post-stem-cell infusion. Samples were collected from the waste apheresis
product for single-cell mass cytometry (Table 3.2, Table 3.3).

A prospective cohort of 155 allo-HSCT recipients were recruited between 2009 and 2017 and followed-
up for a median of 3.7 years (Cl 3.31-4.9). Patients in this cohort were paired with one of the grafts
from the donor cohort. Information on the time to the onset of AGvHD (grade II-1V), CGvHD, relapse,
and mortality was available.

The information available for the donor cohort included: age, sex, CMV status, relationship to
recipient, stem cell source, and CD34+ dose, with some missing observations (Table 3.1). The total
mononuclear cell dose (MNC) dose, and T cell dose were also available for a subset of donors.

The information available for the patient cohort included: age (at the time of transplant), sex, CMV
status, HLA mismatch status, diagnosis, and HCT-CI (Table 3.4). The intensity conditioning regimen
(MAC / RIC), whether they received TBI (yes / no), and in-vivo T cell depletion (ATG / alemtuzumab)
were also known. As was the provision of GvHD prophylaxis which was either cyclosporine or a
combination of cyclosporine and methotrexate or mycophenolate mofetil (cyclosporine & other).

For brevity, | will refer to these patient and donor characteristics collectively as the clinical variables.

2.1.2 Clinical end points

The primary survival endpoints studied were OS and GRFS. The primary competing risk endpoints
investigated were transplant-related mortality (TRM) and RM. The cause of death was adjudicated as
TRM or RM by Francesca Kinsella. The onset non-fatal competing risks relapse, AGvHD (grade II-1V)
and CGvHD, were analysed as secondary endpoints. The competing risk for relapse was TRM, whereas
death (any other cause) was the competing risk for other outcomes. A maximum follow-up time of 2-
years was selected, after which all events were censored. Definitions of these endpoints can be found
in Section 1.2.5.

2.1.3 CyTOF data

Cytometry is a powerful tool with many applications in immunology, haematology, and cancer biology.
It enables rapid measurement of multiple physical and chemical characteristics of individual cells
(231). This approach has been key to identifying and defining many immune cell subsets (232).

Cytometry by time-of-flight (CyTOF), or single-cell mass cytometry, can detect over 40 cell surface
markers per cell (233-235). These devices rely on antibodies conjugated with heavy metal ions, which
bind to specific cell surface markers. lons are then detected using time-of-flight mass spectrometry
which can indicate the presence or absence of particular markers on individual cells (236). This
information can then be used to infer the phenotypic characteristics of each cell (237).

The 185 graft samples were subjected to CyTOF by Francesca Kinsella. CyTOF was conducted using a
panel of 37 markers which included most major immune lineage-defining markers in combination with
numerous phenotypic and functional markers (Table 3.2).
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The markers were divided into lineage markers, these are relatively stable features consistently
associated with particular cell types. In contrast, the remaining markers primarily give information on
transient cell states, cell state markers. Whilst in practice there is overlap between these two groups
of markers, the lineage markers were used when defining the cellular populations.

CyTOF data acquisition and pre-processing were conducted by Francesca Kinsella, whereas |
conducted the data analysis. The raw CyTOF data was exported to an FCS file per graft. In pre-
processing, FCS files were de-barcoded and consecutive gates were applied to remove non-biological
events, doublets and debris.

2.1.4 Data pre-processing
Analysis was conducted using R version 4.0.2. (238). FCS files were imported and manipulated using
the R packages “flowCore” (239) and “data.table” (240).

The CyTOF data contained 4,441,335 events in total, with a median of 20,467 events per FCS file (IQR
9633 — 32725). The raw marker intensities in CyTOF data have strongly skewed distributions, with
varying ranges of expression. The arcsin transform with a cofactor of five was applied, in line with
standard practice (234, 241). Principal component analysis was applied to visualise FCS files by batch
(242). Visualisation of graft centroids — the average marker expression across all markers — did not
indicate strong batch effects (Figure C.1).

2.1.5 Cluster analysis for CyTOF data

For each event in CyTOF data, the intensity of marker expression describes the phenotypic
characteristics of a single cell detected by the mass spectrometer (event = cell). With this information,
events can be classified into groups of similar cells or assigned to a known cell subset.

Historically, the gold standard method to identify cell subsets has been “manual gating” in which a
series of 2-D bi-axial plots are compared to manually divide cells using prior knowledge. This
hypothesis driven approach can be applied to any sample to accurately classify cells into known cell
subsets. However, the sequence of markers on which to gate cells, the cut-off for each marker and
the expected phenotypes are determined by the researcher.

As a result, manual gating is highly subjective and hard to reproduce between experiments. The time
and labour required for each sample means this approach does not scale to larger cohorts. In
practice, not all combinations of markers will be compared so information is lost and rare or
unexpected cell populations may be overlooked (243).

Cluster analysis can overcome some of the limitations of manual gating. Cluster analysis
encompasses wide variety of algorithms designed to partition data into groups of similar
observations (clusters). These methods segment observations based on patterns in the data without
the use of prior labels (244). This has a remarkably wide range of applications in medical science,
engineering, the humanities, and day to day life (244).

Performance comparisons have demonstrated the ability of the PhenoGraph and FlowSOM
clustering algorithms to identify cell subsets in CyTOF data which closely match those of expert
manual gating (234, 245-247). Moreover, they have extremely fast run times so are suitable for
interactive analysis (246). Liu et al. 2019 provide a comparison framework to guide the choice of
clustering method when analysing CyTOF data (247).

2.1.5.1 PhenoGraph algorithm
PhenoGraph takes as input a matrix of N individual cells and partitions the data into subpopulations
corresponding to the cellular phenotypes present in the data.
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To do this, the algorithm relies on graphs (or networks), mathematical structures which model
pairwise relationships between observations. A nearest-neighbour graph represents each observation
as a node, with edges connecting the most similar observations — the k-nearest neighbours. Methods
to construct such graphs are amongst the most influential in data mining (248).

Briefly, the PhenoGraph algorithm has two main stages: 1. Construct a nearest-neighbours graph
where N cells are represented as nodes with edges connecting the most similar cells (the k-nearest
neighbours). 2. Partition the graph into distinct clusters using Louvain community detection, such that
cells with a similar phenotype are clustered together (245, 249).

Community detection is extremely efficient with very large data sets since this approach was
developed for the analysis of large mobile phone and social networks (249, 250). The main
computational bottleneck is the construction of the nearest-neighbour graph, which is overcome by
efficient algorithms such as using approximate nearest neighbours (251, 252).

Community detection makes no assumptions about the number, size or distribution of clusters (253).
As a result, PhenoGraph infers the number of clusters directly from the data. The inability to pre-
determine the number of clusters can, however, result in a large number of clusters, which may not
all be biologically meaningful (234). The resulting clusters also need to be labelled manually and can
be hard to interpret if phenotypes do not conform to expected cell subsets.

2.1.5.2 FlowSOM algorithm
FlowSOM utilises the self-organising map algorithm to partition N individual cells into subpopulations
(254, 255).

The FlowSOM workflow has three main computational steps: 1. Construct a self-organising map with
a grid of 100 nodes (by default) representing patterns of expression in randomly sampled cells. N cells
are then assigned to the most similar node. 2. Build a minimal spanning tree graph to visualise nodes
(256, 257). 3. Perform consensus hierarchical clustering to determine a final cluster assignment (258).

FlowSOM has a fast runtime and in-built visualisation tools which make it easier to determine the
phenotype of detected clusters. One potential draw-back is that FlowSom requires the number of
clusters to be predetermined which is difficult in exploratory experiments where the diversity and
number of cell types is unknown (247). FlowSom provides the option to estimate the number of
clusters from the data, however, this has been shown to negatively impact the performance (247).

2.1.5.3 Implementation

PhenoGraph was utilised in this study to avoid pre-determination of the number of clusters.
PhenoGraph clustering was implemented using the “Rphenoannoy” R package (245, 259). The only
user defined parameter, k, corresponds to the number of nearest neighbours in the first stage of the
algorithm. PhenoGraph is reportedly robust to a wide range of k values, therefore the default value
of 30 was utilised (245).

To facilitate immediate comparison across samples, PhenoGraph was run on all samples pooled into
a single matrix of 4,441,335 cells. Phenotypic similarity was defined using only the 23 lineage markers.
As a result, PhenoGraph received a 4,441,335 x 23 matrix as input with k set to 30 nearest neighbours.

The output, a 4,441,335 x 1 matrix of cluster assignments, was appended to the input matrix for
visualisation and onward analysis.

The number of cells assigned to each cluster was summarised along with the number of grafts in which
clusters were observed. Clusters observed in less than 50% of grafts were considered likely to be
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artifacts in the structure of the data, or present in insufficient numbers for subsequent analysis, so
were excluded.

2.1.6  Cluster analysis for compositional data: identifying distinct PBSC graft groups
One of the aims of this thesis was to assess if variation in graft composition between donors
constituted distinct types of PBSC graft.

To enable a comparison of cellular composition between grafts, cell counts from the CyTOF data were
normalised to proportions. The total cell count of cells N from each graft was split into D distinct cell
lineages (parts) and transformed into a composition by dividing by the total

Equation 10

Ny, ..., Np

X1, e, Xp) = ———————,
(e 20) =

Cluster analysis was applied to estimate an unknown number of groups based on differences in graft
composition. A complication was that the cell type abundance data generated by CyTOF are
compositional in nature (260), as are many types of count based omic data (261-263).

2.1.6.1 Compositional data

Compositional data are defined as data that represent the proportions of some whole (264). Examples
include proportions, percentages, and probabilities — these non-negative numbers provide relative
information rather than absolute values.

Compositional data pose statistical challenges because their sum is constrained to a constant value c,
such as 1 for proportions. This “constant-sum” constraint results in complicated correlations between
variables and makes compositional data incompatible with classical statistical methods such as t-tests,
ANOVAs and multivariate analyses including clustering and regression (263, 265, 266).

This led to the development of compositional data analysis by Aitchinson (264). The main idea of this
approach is the use of log-ratio transformations to eliminate the constant-sum constraint, thereby
enabling the use of the standard suite of statistical tools (267, 268).

One such transformation is the additive log-ratio (ALR) (264). The ALR of a composition, x, with D
parts, is given by the formula

Equation 11

ALR(x) = [y1, ., Yp_1] = [log (;C—;), ..., log (xz:ﬂ.

One part of the composition is selected as the denominator, or reference, resulting in D — 1 log-ratios.

After the transformation of the compositional data into log-ratios, the analysis precedes in the usual
fashion, taking into account the interpretation of effects in terms of ratios. For example, the log-ratios
can be included as predictors in a regression model and additional non-compositional variables can
be included to adjust for confounding effects (269).

Other types of log-ratio transformations have been proposed, such as the centred log-ratio (CLR) and
the isometric log-ratio (ILR). Each of these has its advantages and disadvantages (268, 270). The CLR
and ILR were developed to transform compositions into log-ratios whilst preserving the original
geometry of the data, the isometry. This is particularly useful for distance-sensitive analyses such as
dimension reduction (263, 271) and clustering (263, 272, 273). A disadvantage of CLR and ILR is that
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the interpretation of individual variables is complicated, as they involve the ratio between several
parts of the composition.

A variety of standard clustering algorithms have shown to be effective with log-ratio transformed
compositional data, in particular using the ILR transformation. These include the widely used k-means
(273) algorithm and model-based clustering with the Gaussian mixture model (GMM clustering) (272,
274). The GMM clustering algorithm was utilised in this study as it has been shown to outperform k-
means on compositional data (272, 275).

2.1.6.2 GMM clustering

GMM clustering is a popular algorithm for clustering continuous data, that has been extended for use
with compositional data (272, 274) . GMM clustering is based on a finite mixture model that presumes
that data is generated from a mixture of K distinct mixture components, one for each cluster (276).

The GMM clustering algorithm makes the following assumptions: (1) the number of clusters, K, is
known in advance. (2) Each data point has a particular probability of being associated with each
cluster. (3) The clusters follow a multivariate Gaussian distribution.

Given these assumptions, model parameters describing the Gaussian distributions need to be
estimated along with the associated probabilities for each data point.

The number of clusters, K, needs to be specified. The GMM algorithm benefits from a formalised
statistical framework which allows for the appropriate number of to be inferred from the data using
the Bayesian information criterion (BIC) (276, 277). BIC compares the number of parameters
estimated in the model k and the number of events n, with the maximum value of the log-likelihood
function L, using the formula

Equation 12
BIC = —210g(f) + log(n) - k.

The lower the BIC value, the better the perceived quality of the model, provided each model was fitted
to the same set of observations. Alternative approaches to K selection include the silhouette score
(described in Section 2.1.6.4) and the GAP statistic (278), which compares intra-cluster variation with
the expected intra-cluster variation of an appropriate null reference distribution.

2.1.6.3 Implementation
Cluster analysis for compositional data (clustCoDa) was conducted using the R package
“robCompositions” (279) (272). Only grafts from donors paired with a recipient in the patient cohort
were included (N = 155).

Compositions were calculated for each graft using the formula in Equation 10. Compositions were
divided into D parts corresponding to the number of general cell lineages (e.g., T cells, NK cells,
monocytes, ... etc). The characterisation of clusters into these cell lineages is described in Section
2.1.8.

As input clustCoDa received a 155 x D matrix of compositions and was run with the default clustering
algorithm and transformation, GMM clustering and ILR transformation, respectively (274).

clustCoDa was run iteratively with K ranging from 2-10 and the GMM with the lowest BIC value was
selected. Using the final selected GMM, each graft was assigned to the cluster with the highest
probability of generating the observed composition.
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The output from clustCoDa was a 155 x 1 matrix of compositional cluster assignments. To avoid
confusion with cell populations, these compositional clusters will be referred to as PBSC graft groups.

2.1.6.4 Cluster evaluation criteria
Clustering algorithms may partition a data set whether or not distinct groups are present, it is
therefore useful to assess the validity of the resulting clusters.

External evaluation metrics compare the accuracy of cluster assignments with a pre-determined set
of classifications (244). Common examples include the Rand index (280), adjusted Rand index (281),
and normalised mutual information (282). These metrics were recently applied to test the precision
of PhenoGraph clustering compared to manual gated cell populations (247). However, external
evaluation is only suitable when the cluster labels are known in advance.

In contrast, internal validation metrics don’t require any external information to assess clustering
quality, instead they rely solely on the data used as input for clustering. In general, these utilise two
measures to assess clustering quality, cohesion and separation. Cohesion quantifies the similarity of
observations within a cluster (an intra-cluster metric). Whereas separation measures the
dissimilarity of observations between clusters (an inter-cluster metric).

A proximity function such as a distance metric is required to define the similarity between pairs of
observations. Clustering is considered good quality when there is high separation between clusters
and high cohesion within clusters (283). A variety of metrics have been developed which combine
cohesion and separation into a single measure. Examples include the Silhouette width (284-286),
Dunn index, and the Davies-Bouldin index, each of which is described in detail in Zhang et al. 2023
(287).

The value of the Silhouette width ranges from -1 to 1, with positive values indicating a better cluster
partitions and negative values indicating the clusters are mixed together (288). As well as for internal
validation, comparing the Silhouette width can be used to determine K in model fitting. One of the
main draw backs of calculating the Silhouette width is the high computational complexity, rendering
this approach impractical for very large data sets.

Silhouette widths were calculated for the PBSC graft groups using the R package “robCompositions”
(279), and positive silhouettes were interpreted as a valid cluster configuration. Bar plots and box
plots were generated to compare donor factors and graft composition between each of the identified
PBSC graft groups. Plots were generated using the R package “ggplot2” (289).

Whilst Silhouette can assess the validity of clusters, it could be argued that clusters should be
evaluated based on the usefulness of the result (290, 291). For example, by testing if the PBSC graft
groups can be used to stratify recipients by risk. Therefore, the prognosis of recipients was compared
by PBSC graft group (Section 2.1.10).

2.1.7 Visualisation using dimension reduction

Dimension reduction (DR) provides an intuitive way to visualise complex data sets in 2-D or 3-D. DR
transforms high-dimensional data into a smaller number of latent features, referred to as an
embedding. This lower-dimensional representation of the original data is optimised to retain as much
of the statistical information as possible (292).

DR was applied to the CyTOF data for several purposes: to visually identify distinct cell subpopulations,
to confirm if subpopulations were delineated effectively by PhenoGraph, and to compare the relative
intensity of markers expression between subpopulations.
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Three DR algorithms were utilised, t-distributed stochastic neighbour embedding (t-SNE) (293, 294),
uniform manifold approximation and projection (UMAP) (295), and potential of heat diffusion for
affinity-based transition embedding (PHATE) (296, 297).

2.1.7.1 t-SNE

t-SNE, published in 2008, is the most widely used method for visualising single-cell analyses such as
CyTOF (298, 299). Whilst not suitable for general purpose dimension reduction, it produces intuitive
visualisations of single cell data.

t-SNE was implemented using the “Rtsne” R package (300). The computational and memory
requirements of t-SNE scale quadratically with the number of data points (293) making it inefficient
for visualising very large-scale data sets (301). Therefore, t-SNE was run on a subsample of events to
reduce the computational time, using the 23 lineage markers as the input dimensions.

t-SNE received a 1,000,000 x 23 matrix as input, and was run with the default parameters, the
maximum number of iterations was increased to 30,000 to ensure convergence.

2.1.7.2 UMAP

UMAP, a relatively new algorithm published in 2018, has been widely adopted for visualising single-
cell analyses (299). This has been used to gain insight into the differentiation of hemopoietic cells (302)
and how they interact with transcription factors (303), and to assess the impact of T cell receptor
repertoires on checkpoint-blockade therapy (304).

As well as for visualisation, UMAP can be used for general-purpose dimension reduction. This has led
to its use as a pre-processing step in the development of prognostic models (305) (Appendix A), and
to quantify minimal residual disease in haematological malignancies (306).

UMAP was implemented using the “UWOT” R package (307). The number of nearest neighbours, k,
is a parameter that controls the balance between local and global data structure, with a larger value
assessing a larger neighbourhood of observations.

UMAP was run on all events using the 23 lineage markers as the input dimensions. UMAP received a
4,441,335 x 23 matrix as input and was run with default parameters. This was repeated with values of
k from 15 - 50, and k = 30 was selected as it produced a favourable visualisation.

2.1.7.3 PHATE

UMAP and t-SNE are optimised primarily to retain the local data structure. As a result, they can fail to
preserve meaningful distances between observations on the embedding (308). For example, data that
has a continuous or hierarchical structure (e.g., the continuous differentiation of cell types) might
appear as distinct “clusters” on a t-SNE or UMAP embedding.

PHATE, a recently published visualisation algorithm from 2020 (296, 297), was developed to visualise
such data structures. PHATE reduces dimensionality to two or three dimensions whilst seeking to
preserve meaningful distances between observations (308).

As a result, PHATE captures trajectory structures between observations as well as preserving the
intrinsic geometry (297). This helps to identify branching or endpoints in the data structure, for
example, cell differentiation (296). This has found use in studies of differentiation pathways in
haematopoietic stem cells (309) and T cells (310).

PHATE was implemented using the “phateR” R package (311). Like UMAP, PHATE has a parameter,
knn, which controls the number of nearest neighbours.

29



PHATE was run on all events using the 23 lineage markers as the input dimensions. PHATE received a
4,441,335 x 23 matrix as input and was run with the default parameters. This was repeated with values
of knn from 5 — 50, and k = 15 was selected as it produced a favourable visualisation.

2.1.7.4 2-Dvisualisation
The embeddings output by t-SNE, UMAP and PHATE consisted of n x 2 matrices, with n equal to the
number of cells. 2-D plots were generated from these embeddings using the R package “ggplot2”(289).
These were utilised to infer the presence of subpopulations of cells, to provide an intuitive
visualisation of the clustering results, and to help characterise the phenotype associated with each
cluster (see next heading).

2.1.8 Characterisation of cluster phenotypes

To be interpretable, the defining features of clusters need to be characterised. This presents a
challenge when applying cluster analysis to CyTOF data. The phenotype associated with each cluster
was assessed systematically, using a combination of four complimentary characterisation methods:
mean marker intensity, marker enrichment modelling, dimension reduction and marker intensity
visualisation.

2.1.8.1 Mean marker intensity

The defining characteristics of a cell population are often assumed to be the markers that are most
differentially or highly expressed in each cluster (243). These can be identified by comparing statistics
such as the average marker intensity (243).

Each cluster was represented by its mean marker intensity, a 37-dimensional vector computed by the
mean of each marker across all cells in that cluster. A threshold at which to consider a cluster positive
for a marker was determined by visualising the distribution of marker intensities across randomly
sampled cells using density plots generated by the R package “ggplot2”(289).

Mean marker intensities indicate the defining characteristics of a cluster thereby facilitating
phenotype identification. However, this approach does not take into account variability within and
between clusters and relies on subjective thresholds.

2.1.8.2 Marker enrichment modelling

Statistical metrics such as marker enrichment modelling (MEM) (312) use effect size estimates to infer
which markers are enriched or downregulated relative to other clusters. MEM calculates the level of
marker enrichment by cluster compared to a reference group (e.g., all other clusters), whilst taking
into account the within and between cluster variability.

MEM was conducted using Cohen’s d (313, 314) given by the formula
Equation 13

X, -X,
Cohen'sd = = z

(n1 - 1)SD12 + (nz — 1)SD22
ny+n, —2

where the numerator is the difference between the means of two groups with n cells, and the
denominator is the pooled standard deviation. Cohen’s D corresponds to small(d = +£0.2),
medium (d = £0.5), and large (d > +0.8) effects (313, 314).
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Cohen’s D was calculated for each marker by cluster using the R package “esci” (315). Effects 2 £0.5
were considered evidence of either marker enrichment or downregulation. These were then visualised
as a heatmap using the R package “ggplot2” (289).

2.1.8.3 Dimension reduction

DR is a powerful tool to interrogate the association of clusters with marker expression by enabling the
visualisation of high-dimensional data. t-SNE (293, 294) and UMAP (295) are both well suited to this
task. Provided a dataset contains distinct sub-populations, t-SNE and UMAP visualisation will produce
isolated “clusters” that often correspond with labels assigned by a clustering algorithm (316). Note,
these algorithms help to visualise clusters but do not explicitly partition observations into groups.

When visualised in 2-D each cell can be coloured by factors such as marker intensity, cluster
assignment, and suspected cell type. If areas of high marker expression colocalise with the distribution
of clusters on the embedding, it can reveal relative marker enrichment. Additionally, clusters which
colocalise are likely to have similar defining characteristics which provides clues as to the identity of
clusters that are difficult to ascertain by other methods.

2.1.8.4 Marker intensity visualisation

Typically, learning the phenotype or cell type associated with a cluster relies on human experts (243,
312). Violin plots and bi-axial plots can be used to compare the expression of markers corresponding
to well-characterised types of cell types to determine the likely phenotype.

This is time-consuming when the number of clusters is prohibitively large, and biases results toward
expected phenotypes. Therefore, marker intensity visualisation was utilised to confirm phenotypes
indicated by the other characterisation methods.

Violin plots and bi-axial plots were generated using the R package “ggplot2” (289). The intensity of
marker expression in each cluster of cells was compared to a comparison group which consisted of
cells sampled at random from all other clusters.

2.1.8.5 Assigning clusters to a cell lineage and cell subset

The results of each cluster characterisation methods were compared. If a consensus was reached by
the various methods, it provided additional confidence that the assigned phenotype was a reasonable
description of the clusters defining characteristics.

PHATE visualisation (Section 2.1.7.3) of cell trajectories can indicate differential pathways. PHATE was
utilised to ensure the characterisation of cluster phenotypes corresponded with the biological
understanding of how the cell types observed differentiate.

Clusters were characterised into cell types hierarchically. At the highest level, each cluster was
classified into general cell lineages (CL). These included: B lymphocytes (B cells), dendritic cells (DCs),
natural killer cells (NK cells), monocytes and T lymphocytes (T cells), and hemopoietic stem cells
(HSCs).

The markers used to define each of these lineages were CD19 (B cells), HLA-DR (DCs), CD56 (NK cells),
CD14 (monocytes) and CD3 (T cells). Clusters positive for at least one of these markers were
considered lineage positive (Lin*). Cells that were lineage negative (Lin’) but positive for CD34 were
labelled as hemopoietic stem cells (HSCs), whereas if no lineage could be assigned, they were labelled
unclear.
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Once assigned to a general CL, clusters were further classified into finer-grained cell subsets (CS) based
on lineage-specific characteristics and the phenotypes identified in the data. The cell type of each
cluster was therefore defined by its general CL and a more detailed CS.

2.1.9 Summarising cellular composition of PBSC grafts

Using the results of the preceding analysis, the cellular composition of PBSC grafts could be described.
The proportion of cells assigned to each CL was calculated to summarise the total cellular composition
of the CyTOF data. The total MNC, T cell, and CD34+ doses were also compared for a subset of grafts
for which the data was available.

Cells counts were standardised to proportions using Equation 10 to enable comparison between graft
donations. Median and interquartile ranges (IQR) were used to summarise average graft composition
and how much this varied between donors.

2.1.10 Prognosis by PBSC graft group
Survival and competing risks analysis were utilised to test if the PBSC graft groups identified by
clustCoDa (Section 2.1.6) were associated with significant differences in patient prognosis.

Survival endpoints were studied with KM estimates and Cox PH models using the R package “Survival”
(317). Competing events were analysed with CIF estimates and FG models using the R packages
“cmprsk” (214, 318) and “riskRegression” (319).

The log-rank test (320) was used to compare KM estimates between groups, whereas Gray’s test (213)
was used for CIF estimates. The KM and CIF estimates were visualised with the R package “survminer”
(321). Cox PH and FG models were fitted to estimate univariate hazard ratios (HR) and subdistribution
hazard ratios (HRsp) between groups, respectively.

To test if differences in prognosis observed by PBSC graft group were apparent after adjusting for
potential confounders, a multivariate analysis was conducted.

2.1.10.1 Missing data imputation
Multivariate analysis was complicated by the presence of missing observations in the clinical variables
(Table 3.1, Table 3.4).

Missing observations are a pervasive problem in prospective studies and multiple imputation has
become the established tool to minimise the impact of this issue (148, 322-324). The missing
observations are imputed (assigned a value) stochastically m times. Each of the m complete data sets
is analysed and the m results are combined using Rubin’s rules (325, 326).

This relies on the assumption that the distribution of the observed and missing values have similar
values (missing completely at random), or if there are systematic differences, that these can be
explained by other observed values (missing at random) (327). An example of missing at random
might be if HCT-CI risk scores are less likely to be recorded for younger patients with fewer
comorbidities. Provided age is in the imputation model, this sort of missingness can be accounted for.

Given these assumptions are met multiple imputation has many benefits. It allows for the analysis of
all available observations to preserve sample size, and the use of standard complete data methods.
However, if systematic differences are present that can’t be explained by the available information
(missing not at random), multiple imputation can result in biased estimates and incorrect inferences.
Moreover, including variables in the imputation model that are unavailable at the time of model
evaluation could lead to information leakage.
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Missing observations in the clinical variables were quantified and imputed from the observed data,
under the assumption it was missing at random or missing completely at random (326). Multivariate
imputation by chained equations (MICE) (328, 329) was applied to produce 5 imputations of the
missing observations using the R package “mice” (329). Predictive mean matching was used for
continuous variables, logistic regression for binary variables, and polytomous regression for ordinal
variables (329, 330).

In each case, all clinical variables were included in the imputation model. Variables that were not
observable at the time of model evaluation (e.g., survival status at follow-up) were excluded to avoid
information leakage.

2.1.10.2 Survival and competing risks regression for PBSC graft groups
Models were fitted to each imputation and coefficients were pooled into a single estimate by applying
Rubin’s rules (325). All multivariate models were adjusted for the clinical variables.

Variables for which the proportional hazards (PH) assumption was not satisfied were excluded; a PH
test based on Schoenfeld residuals was used for Cox PH models (331) and a PH test based on the
cumulative sum of residuals was used for Fine-Gray models (332).

The resulting models were interpreted to assess if recipients of grafts from alternative PBSC graft
groups had significant differences in prognosis, adjusting for patient & donor characteristics.

2.1.11 Prognosis by PBSC graft composition

The relationships between individual lineages and patient outcomes were investigated to address the
third aim of this thesis — to assess if variation in graft composition was associated with patient
outcomes.

Compositional data analysis has been utilised for a variety of regression models including linear,
logistic, and Cox regression (333-335), and is widely adopted in the study of microbiomes for which
data is often compositional in nature (262).

A formulation of Cox PH regression compatible with compositional data was utilised to test the effect
of composition on survival outcomes (268, 335). This was extended to the Fine-Gray model to study
competing events.

2.1.11.1 Survival and competing risks regression for compositional data

Compositions were calculated for each graft using the formula in Equation 10, dividing grafts into D
parts (e.g., T cells, NK cells, monocytes, ... etc). Compositions were then transformed with the ALR
transformation shown in Equation 11 (264).

The proportion of HSCs was used as the reference part for the ALR transformation. It has been
demonstrated that the same inference should result irrespective of the choice of reference (264),
Aitchison (1986, Chapter 5). The impact of the choice of reference part was assessed by calculating a
statistic called the Procrustes correlation (Table C.1) (262). This tests how well the transformed data
represents the exact log-ratio geometry.

ALR transformation and Cox PH model fitting were implemented using the R package “epicoda” (334,
336). FG model fitting was implemented using a customised function based on code from the R
packages “epicoda” (334, 336), “cmprsk” (214, 318) and “riskRegression”(319) which is available via
GitHub (337).

For the survival endpoints, multivariate Cox PH models were fitted with ALR transformed
compositional covariates. For the competing risk endpoints, multivariate FG models were fitted with
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ALR transformed compositional covariates. All multivariate models were adjusted for the clinical
variables, and missing observations were handled by multiple imputation, in the manner described in
Section 2.1.10.1.

The resulting models were used to assess the difference in prognosis associated with an increase in
one part of the composition (e.g., T cells) relative to the proportion of HSC. A likelihood-ratio test was
applied to test the significance of the entire composition. These comparisons were used to test the
association of graft composition with prognosis, thereby addressing the third aim of the thesis.

2.2 Post-transplant serum protein study

2.2.1 Patient cohort and proteomics data

Kriti Verma, with whom | collaborated on this project along with Wayne Croft, recruited a prospective
cohort of 154 allo-HSCT recipients between 2009 and 2017. On the 14" day post-transplant, Kriti
Verma collected serum samples and conducted proteomics analysis.

Protein concentration was measured using the Olink inflammation panel (Olink Proteomics AB,
Uppsala, Sweden) (338) which includes 92 protein targets. Assay readout is measured as Normalized
Protein eXpression (NPX), arbitrary units on a log2 scale.

A subset of 145 individuals within the cohort were followed-up for a median of 3 years (Cl 1.98-3.9).
Information on the time to the onset of AGvHD (grade II-IV), CGvHD, relapse, and mortality was
available.

Data available on patient & donor characteristics included: the age of the patient and donor, sex of
the recipient and donor (male/female), CD34+ cell dose, diagnosis (lymphoid or myeloid), HLA
mismatch status (match or mismatch), HCT-Cl score (0, 1, 2, or 3+), total body irradiation (TBI, yes or
no), reduced intensity conditioning (RIC, yes/no), and GvHD prophylaxis (ciclosporin or ciclosporin &
mycophenolate or methotrexate (combination)). For brevity, | will refer to these patient and donor
characteristics collectively as the clinical variables.

2.2.2 Differential expression analysis
Wayne Croft applied differential protein expression analysis by Mann-Whitney U test with the
Benjamini Hochberg (BH) method to control for false discovery rate (339).

Differential expression analysis compared patients who experienced an outcome (AGvHD, CGvHD,
relapse and mortality) at any time during the follow-up period with those that were censored. This
identified a subset of 19 proteins that were differentially expressed between outcome groups. This
subset of 19 proteins were considered candidate prognostic biomarkers for allo-HSCT recipients. | will
refer to these collectively as the protein variables.

Using the clinical and protein variables, | addressed the fourth aim of this thesis — to test the
association between post-transplant serum proteins and recipient prognosis.

2.2.3  Clinical endpoints

The primary survival endpoints analysed were OS and GRFS. The primary competing risk endpoints
investigated were NRM and RM. The onset non-fatal competing risks relapse, AGvHD (grade II-1V) and
CGvHD, were analysed as secondary endpoints. The competing risk for relapse and RM was NRM,
whereas death (any other cause) was the competing risk for other outcomes. Individuals that did not
experience an event were censored at the final follow-up.
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2.2.4  Survival and competing risks analysis

Survival and competing risks analysis was utilised to test if the protein variables were associated with
significant differences in patient prognosis. Serum NPX data were imported and analysed using R
version 4.0.2. (238). NPX values were standardised to have a mean of 0 and SD of 1. Individuals with
missing outcome information were excluded (N. excluded = 9).

Survival endpoints were studied with KM estimates and CoxPH models using the R package “Survival”
(317). Competing events were analysed with CIF estimates and FG models using the R packages
“cmprsk” (214, 318) and “riskRegression” (319).

2.2.4.1 Missing data

Missing observations were present in the clinical variables. Multiple imputation was utilised to impute
missing values as described in Section 2.1.10.1 under the assumption that the data mechanism was
missing at random or missing completely at random. All clinical and protein variables were included
in the imputation models.

2.2.4.2 Variable selection

The number of clinical and protein variables was large relative to the number of observations,
therefore the data dimension needed to be reduced prior to multivariate modelling. The most
important strategy is to use clinical knowledge and previous literature to guide the choice of variables
(340). In an exploratory analysis such as this study, where there is limited prior knowledge, variable
selection algorithms can be used to guide choice.

Variable selection is a machine learning technique to select relevant variables that accurately describe
a given problem, whilst discarding irrelevant or redundant features with a minimum reduction in
performance (341). Only a few variable selection algorithms have been extended to survival data,
these include the least absolute shrinkage and selection operator (LASSO) (342-344); stepwise
selection with the Akaike information criterion (AIC selection) (345, 346); and random survival forests
(RSF) (347, 348) .

Each of these methods has been utilised in biomarker discovery in allo-HSCT research (349-351) and
applied to Olink proteomics data (352, 353). They are also suitable for variable selection in the
presence of competing risks using Gray’s subdistribution hazards method (354-356).

A general introduction to variable selection and the function of each of the aforementioned algorithms
is included in Appendix B of this thesis.

LASSO was implemented using the R packages ‘mass’ and ‘crrp’ (354, 357). For stepwise AIC selection,
the R package “pec” was utilised (358). Whereas RSF was implemented using the ‘randomForestSRC’
R package (347, 359). The default parameters were used for each algorithm.

For each of the primary clinical endpoints, variable selection was conducted using LASSO, AIC
selection, and RSF. For comparison, univariate filtering was also conducted with a significance
threshold of P < 0.1. This resulted in several plausible models for each clinical endpoint.

2.2.4.3 Information criteria & events-per-variable ratio

To evaluate the results of the different variable selection algorithms, and to determine which to use
for final model development, information criteria and the events-per-variable (EPV) ratios were
compared.

As the number of variables increases, the apparent fit of a regression model will also increase when
measured by the likelihood function. Information criteria were developed to penalize the apparent
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model fit based on model complexity. BIC (277) compares the number of parameters estimated in the
model k (equal to the number of variables) and the number of events n, with the maximum value of
the log likelihood function L, using the formula shown in Equation 12.

The lower the BIC value, the better the perceived quality of the model, provided each model was fitted
to the same set of event data. The difference, A, in an information criterion, indicates the level of
evidence in favour of the model with the lowest value. The difference in BIC is defined as ABIC =
BIC; — BICy,i, where BIC; is the value for a given model M;, and BIC,,;, is the lowest observed value
across all models.

Suggested ABIC thresholds correspond to weak (ABIC < 2), positive (2 < ABIC < 6), strong (6 <
ABIC < 10) or very strong (ABIC > 10) evidence in favour of the model with the lower BIC (277,
360).

The number of variables to include may be guided by calculating the EPV ratio. This is the ratio
between the number of events and the number of variables included in the model, as given by

n
EPV = =
Whilst subject to debate, it is often cited that an EPV ratio above 10 is desirable to limit model
overfitting to the observed data (345). Whereas recent simulation studies have argued this could be
relaxed to an EPV of 5-9 without substantially increasing the risk of bias (361). The BIC and EPV ratio
should be weighed against the inclusion of clinically relevant variables, so that confounding effects
can be accounted for.

Models were fitted to each set of variable selection results. ABIC and EPV ratios were calculated to
determine which set should be utilised for final model development. Due to the presence of missing
data, BIC was calculated for each imputation and median values were reported.

2.2.4.4 Model fitting
Models were fitted to each imputation of the missing observations and coefficients were pooled into
a single estimate by applying Rubin’s rules (325).

Multivariate Cox PH models were fitted using variables retained after variable selection, adjusting for
age, HCT-CI, and clinical variables with a univariate association (P<0.1). These additional clinical
variables were forced into the model, irrespective of variable selection. Multivariate FG models were
fitted using variables retained after variable selection for either NRM or RM. Additional clinical
variables were not included due to the prohibitively low EPV ratios.

Variables that significantly (P < 0.05) violated the proportional hazards (PH) assumption were
excluded; a PH test based on Schoenfeld residuals was used for CoxPH models (331) and a PH test
based on the cumulative sum of residuals was used for FG models (332).

The resulting models were used to assess the difference in prognosis associated with an increase in
the concentration of the selected serum proteins. Thus, addressing the fourth aim of the thesis.
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3 Allo-HSCT graft composition study

3.1 Introduction

Haematopoietic stem cells (HSCs) are an essential functional constituent of peripheral blood stem cell
(PBSC) grafts. Allogeneic transplantation of HSCs enables haematopoiesis, the formation and turnover
of blood cells, in patients with dysfunctional or depleted bone barrow. This can provide a curative
therapy for a variety of life-threatening haematological disorders.

In addition to HSCs, a multitude of mature immune cells are also infused during allogeneic
haematopoietic stem cell transplantation (allo-HSCT). These include T cells, NK cells, B cells, dendritic
cells and monocytes. The cellular composition of PBSC grafts has been shown to have a profound
effect on patient outcomes (121, 139, 362). However, the optimal composition remains unknown
(146) and the impact of individual subsets remains under-studied.

In collaboration with Francesca Kinsella, this chapter studies the cellular composition of PBSC grafts
and how this relates to patient prognosis following allo-HSCT. The main objectives were to describe
the cellular composition of PBSC grafts using single-cell mass cytometry (CyTOF). To define groups of
PBSC grafts according to cellular composition, and to test the relationship between graft composition
and prognosis. The clinical endpoints investigated are overall survival (OS), GvHD-free relapse-free
survival (GRFS), relapse, transplant-related mortality (TRM), as well as acute and chronic GvHD
(AGVHD, CGVvHD).

To do this, CyTOF analysis was conducted on 185 PBSC graft donations (Section 3.2), and clinical and
time-to-event data was collected for 155 recipient patients (Section 3.3). PhenoGraph clustering was
utilised to identify clusters of cells from the CyTOF data (Section 3.4) which were characterised based
on the expression of immune lineage-defining markers (Section 3.5). The cellular composition of grafts
was described and compared between donors (Section 3.6). Cluster analysis for compositional data
was conducted to identify distinct groups of PBSC grafts based on differences in the cell lineage
composition (Section 3.7). Detailed cell subset classifications were then determined for each cluster
and the composition of PBSC grafts groups were contrasted (Section 3.8). Lastly, statistical models
tested the association of PBSC graft groups and graft composition with patient prognosis (Section 3.9).

Note, acquisition of the CyTOF data was conducted by Francesca Kinsella. | conducted the rest of the
analysis described in this chapter under the supervision of Francesca Kinsella, Wayne Croft and Paul
Moss.
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3.2 PBSC graft data

The information available for each donor is summarised in Table 3.1. Variables included: age, sex,
donor CMV (DCMV) status, relationship to recipient (related (RD) or unrelated (UD)), and stem cell
source. The majority stem-bags were from male (71%), unrelated donors (63%) extracted from the
peripheral blood (97%). For simplicity these are referred to as PBSC grafts, however, 4 were derived
from bone marrow and 1 from cord blood. There was an even split of donors by CMV status (50%
positive) and the average donor age was 39 (IQR 27-50). Of the donors, 46% of were not the same sex
as the recipient (sex mismatch). In the donor information, between 5 and 6% of values were missing,
except for donor age which was missing for 25% of donors.

Graft samples were subjected to CyTOF across 8 batches (Appendix Figure C.1) using a panel of 37
markers which included most major immune lineage defining markers in combination with numerous
phenotypic and functional markers (Table 3.2). Markers were divided into two groups lineage markers
and cell state markers. Lineage markers are relatively stable features consistently associated with
particular cell types, whereas cell state markers primarily give information on transient cell states.

The raw CyTOF data was exported to an FCS file per graft. In pre-processing, FCS files were de-
barcoded and consecutive gates were applied to remove non-biological events, doublets and debris.
CyTOF data acquisition and pre-processing was conducted by Francesca Kinsella, whereas | conducted
the data analysis. Following pre-processing, a total of 4,441,335 non-duplicate CyTOF events were
observed, with a median of 20,467 events per FCS file (IQR 9633 — 32725) (Table 3.3).

Table 3.1 PBSC graft donor information.

Variable Group Overall Missing (%)

N. stem bags 185

Donor age (mean [IQR]) 39 [27, 50] 24.3

Donor sex (%) Male 124 (71) 5.9
Female  50(29)

DCMV status (%) Negative 87 (50) 5.9
Positive 87 (50)

Donor relationship (%) RD 65 (37) 5.4
ubD 110 (63)

Stem cell source (%) PBSC 170 (97) 5.4
BM 4(2)
CORD 1(1)

Sex mismatch (%) No 93 (54) 7
Yes 79 (46)

Patient sex (%) Male 103 (59) 5.4
Female 72 (41)

CD34+ dose (cells x10°; median [IQR]) 4,91 [4.27,5.79] 13

MNC dose (cells x10% median [IQR]) 4.32 [3.20, 6.39] 53

T-cell dose (cells x10%; median [IQR]) 159.93 [124.15, 216.02] 46.5
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Table 3.2 CyTOF panel.

Mass and tag Specificity

141Pr
145Nd
168Er
158Gd
165Ho
147Sm
159Tb
2098Bi
142Ce
149Sm
155Gd
144Nd
163Dy
166Er
160Gd
89Y
170Er
176Yb
151Eu
156Gd
164Dy
161Dy
143Nd
173Yb
169Tm
175Lu
167Er
171Yb
172Yb
148Nd
174Yb
162Dy
150Nd
146Nd
153Eu
152Sm
154Sm

CD3

CD4

CD8a

CD10

CD11b Mac-1
CD11c

CD14

CD16

CD19

CD25 IL-2R
CD27

CD31 PECAM-1
CD33

CD34

CD39

CD45
CD45RA
CD56 NCAM
CD70

CD86

CD96

CD117 c-kit
CD127 IL-7Ra
CD141
CD159a NKG2A
CD184 CXCR4
CD197 CCR7
CD226
CD273 PD-L2
CD274 PD-L1
CD279 PD-1
CD335 NKp46
HLA-DR DP
IgD

NKG2C
TCRgd

TIGIT

Marker group
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Lineage
Cell state
Lineage
Lineage
Lineage
Cell state
Cell state
Cell state
Lineage
Lineage
Cell state
Cell state
Cell state
Lineage
Cell state
Cell state
Cell state
Cell state
Cell state
Lineage
Lineage
Cell state
Lineage
Cell state
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Table 3.3 CyTOF events per FCS file. The number of CyTOF events (N. events) per FCS file. The number of
events corresponds to the number cells detected in each graft sample.

Statistic N. events
Minimum 122

1st Quartile 9633
Median 20467
Mean 24007
3rd Quartile 32725
Maximum 175083
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3.3 Allo-HSCT recipient cohort

A subset of the PBSC grafts (N =155) were paired with a patient in the recipient cohort (Table 3.4).
Information on these patients included: recipient age (at time of transplant), sex, CMV status, HLA
mismatch status, and haematopoietic cell transplantation-specific comorbidity index (HCT-Cl). The
type of conditioning regimen including total body irradiation (TBI), myeloablative conditioning (MAC)
or reduced intensity conditioning (RIC) was known. As was the provision of GvHD prophylaxis which
was either cyclosporine, or a combination of cyclosporine and methotrexate or mycophenolate
mofetil (cyclosporine & other).

The majority of patients (93%) underwent T-cell-depleted allo-HSCT with either Alemtuzumab or anti-
thymocyte globulin (ATG). Patient diagnoses were summarised into three broad groups: Myeloid
(acute myeloid leukaemia (N 70), myelodysplastic syndromes (N 20), myelofibrosis (N 4), chronic
myeloid/myelomonocytic leukaemia (N 11)), Lymphoid (B-cell non-Hodgkin lymphoma (N 19), B-cell
acute lymphoblastic leukaemia (N 16), chronic lymphocytic leukaemia (N 6), myeloma (N 1), Hodgkin
lymphoma (N 8), T-cell non-Hodgkin lymphoma (N 12), T-cell acute lymphoblastic leukaemia (N 3), and
Others (other malignancies (N 3), aplastic anaemia (N 7)).

Patients were followed up for a median of 3.7 years (Cl 3.31-4.9, IQR 2.74-5.75). A maximum follow-
up time of 2-years was selected. During this 2-year period, 67% of recipients experienced an event
(AGVHD (grade II-1V), CGVvHD, relapse or death). Of the recipients, 26% were diagnosed with AGvHD,
26% with CGvHD and 20% with relapse of their residual disease. Overall, 38% of patients did not
survive — with 22% of patients experiencing transplant-related mortality (TRM), whereas 16% of
patients experienced relapse-related mortality (RM).

Table 3.4 Allo-HSCT patient information.

Variable Group Overall Missing (%)

N. patients 155

Age (median [IQR]) 53.00 [44.00, 0

61.00]

Patient sex (%) Male 91 (59) 0
Female 64 (41)

Diagnosis (%) Myeloid 90 (58) 0
Lymphoid 57 (37)
Others 8 (5)

Patient CMV status (%) Negative 40 (26) 0
Positive 115 (74)

HLA mismatch (%) No 141 (93) 2.6
Yes 10 (7)

T-cell depletion (%) None 11 (7) 0
Alemtuzumab 102 (66)
ATG 42 (27)

TBI (%) No 139 (90) 0
Yes 16 (10)

GVvHD Prophylaxis (%) Cyclosporine 112 (72) 0
Cyclosporine & 43 (28)
Other

MAC/RIC (%) MAC 48 (31) 0
RIC 107 (69)

HCT-CI (%) 0 85 (55) 0.6
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1 19 (12)

2 19 (12)
3+ 31(20)

(o} Censored 96 (62) 0
Event 59 (38)

GRFS Censored 51 (33) 0
Event 104 (67)

AGVHD (Grade>2) Censored 115 (74) 0
Event 40 (26)

CGvHD Censored 115 (74) 0
Event 40 (26)

Relapse Censored 124 (80) 0
Event 31(20)

Competing risks Censored 96 (62) 0
TRM 34 (22)
RM 25 (16)

3.4 Cluster analysis for CyTOF data

CyTOF events (event = cell) were partitioned into cell populations by the PhenoGraph clustering
algorithm using the lineage markers as input (Table 3.2). An introduction to this method can be found
in Section 2.1.5.1.

The PhenoGraph algorithm identified 39 cell populations (clusters) within the CyTOF data. The number
of cells assigned to each cluster are detailed in Table 3.5, along with the number of PBSC grafts in
which each cluster was observed.

The median number of cells per cluster was 76,673 (range 44 - 374,077). The majority of clusters, 32
out of 39, were observed at least 90% of the PBSC grafts. Some small clusters (< 5000 cells) including
20, 21, 23 and 33 were observed in over 88% of PBSC grafts. However, other small clusters (< 5000
cells) such as 9, 26, 28, and 34 were observed in less than 50% of samples, so may not be biologically
relevant (artifacts in the structure of the data) or may be present in insufficient numbers to include in
downstream analysis.
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Table 3.5 Distribution of CyTOF events by cluster. Count of cells (events in the CyTOF data) assigned to each
cluster by PhenoGraph, with the count of PBSC grafts in which the cluster was observed.

Cells PBSC grafts
Cluster N Proportion N Proportion

1 76673 0.02 185 1.00

2 251417 0.06 185 1.00

3 13498 <0.01 180 0.97

4 37797 0.01 183 0.99

5 327877 0.07 185 1.00

6 177214 0.04 184 0.99

7 165873 0.04 182 0.98

8 27397 0.01 131 0.71

9 152 <0.01 21 0.11
10 159085 0.04 185 1.00
11 144854 0.03 185 1.00
12 25453 0.01 155 0.84
13 267396 0.06 184 0.99
14 131806 0.03 185 1.00
15 134709 0.03 185 1.00
16 21654 <0.01 183 0.99
17 8394 <0.01 177 0.96
18 226262 0.05 184 0.99
19 142822 0.03 185 1.00
20 1959 <0.01 162 0.88
21 2691 <0.01 169 0.91
22 58167 0.01 185 1.00
23 4038 <0.00 168 0.91
24 242513 0.05 185 1.00
25 374077 0.08 185 1.00
26 159 <0.01 62 0.34
27 251728 0.06 185 1.00
28 44 <0.01 26 0.14
29 265224 0.06 185 1.00
30 233504 0.05 181 0.98
31 213644 0.05 184 0.99
32 42216 0.01 184 0.99
33 4345 <0.01 172 0.93
34 1115 <0.01 48 0.26
35 63608 0.01 185 1.00
36 13047 <0.01 181 0.98
37 168645 0.04 185 1.00
38 54433 0.01 185 1.00
39 105845 0.02 184 0.99
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3.5 Characterisation of cluster phenotypes: cell lineages
Due to the unsupervised nature of the PhenoGraph clustering algorithm, the cell subset or phenotype
of each cluster is unknown, and the defining features need to be characterised.

The phenotype associated with each cluster was assessed systematically, using a combination of four
complimentary characterisation methods: mean marker intensity (Section 453.5.1), marker
enrichment modelling (Section 3.5.2), dimension reduction (Section 3.5.3), and visualisation of
marker expression (Section 3.5.4). | point the reader towards Section 2.1.8 of the methods chapter
for an introduction to each of these methods.

The final lineage classifications and composition of the PBSC grafts are summarised in Section 3.6.
Each cluster was initially classified into general cell lineages (CL). These included: B lymphocytes (B
cells), dendritic cells (DCs), natural killer cells (NK cells), monocytes and T lymphocytes (T cells). Once
assigned to a lineage, clusters were subsequently classified into detailed cell subsets (CS), this is
discussed later in this chapter (Section 3.8).

The markers used to define each lineage were CD19 (B cells), HLA-DR (DCs), CD56 (NK cells), CD14
(monocytes) and CD3 (T cells). Cells that were lineage negative (Lin’) but positive for CD34 were
labelled as hemopoietic stem cells (HSCs), whereas if no lineage could be assigned, they were labelled
unclear.

Note, clusters consistently positive or negative for a marker are labelled * or -, respectively. If the
intensity of expression was exceptionally high or low compared to cells of the same lineage, they were
labelled bright (**) or dim (¢™).

44



3.5.1 Mean marker intensity

The distribution of marker intensity was visualised for the main lineage defining markers (Figure 3.1).
CD45, which is expressed variably across a diverse range of cell subsets, was included on the x-axis to
aid delineation of potential groups.

For the T cell, monocyte, B cell and HSC lineage markers there was a clear separation of randomly
sampled cells into positive and negative groups. For the NK cell and DC lineage markers, there was a
less clear distinction between positive and negative cells. The mean intensity thresholds determined
for these markers were: 2 (CD3), 1.5 (CD14), 1 (CD19) and 2 (CD34), 0.5 (CD56) and 1 (HLA-DR).

Mean marker intensity (MMI) was then calculated for each cluster of cells and compared to the
respective thresholds (Table 3.6). Clusters which exceeded a threshold were considered positive for
that marker and assigned to the appropriate cell lineage (CL by MMI) (Table 3.6).

Clusters which were HLA-DR* CD14" were labelled as monocytes whereas those that were HLA-DR*
CD19* were labelled as B cells. Clusters that were positive for an implausible combination of lineage
markers or were lineage negative (Lin’) were labelled as being unclear.

count .= 100 1000

CD45 CD45 CD45

Figure 3.1 Mean marker intensity thresholds. Bi-axial plots showing marker intensity by cell count across
500,000 randomly sampled cells. Dashed lines indicate the threshold determined for each lineage marker.
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Table 3.6 Mean marker intensity by cluster and cell lineage classification. The cell lineage assigned to each
cluster based on mean marker intensity (CL by MMI). Mean marker intensity values which exceeded the
respective threshold values are highlighted in green.

Cluster CD3 CD19 CD56 CD14 CD34 HLA-DR CL by MMI
1 021 0.12 0.03 0.7 0.11 1.15 DC
2 023 0.11 o0.03 04 0.18 0.83  Unclear
3 022 366 0.03 0.1 0.22 1.86 B
4 0.26 0.1 0.1 0.21 0.38 2.27 DC
5 033 009 0.03 313 0.09 0.27 M
6 0.22 0.1 0.03 269 0.13 1.73 M
7 037 0.13 0.06 4.6 0.5 033 M
8 0.48 0.1 0.08 3.65 0.17 0.25 M
9 094 189 0.02 321 0.12 0.8 Unclear
10 3.46 0.11 0.07 0.15 0.2 0.08 T
11 3.4 0.13 0.1 0.17 0.06 0.08 T
12 136 0.12 0.05 0.24 0.21 0.05  Unclear
13 032 0.13 0.06 431 0.29 199 M
14 3.65 0.1 0.2 012 0.21 0.09 T
15 0.2 0.08 092 0.13 0.16 0.08 NK
16 3.63 0.11 0.03 0.1 0.05 021 T
17 3.62 0.21 0.07 2.82 0.24 0.58 Unclear
18 0.23 291 0.04 0.1 0.18 1.29 B
19 355 0.11 0.03 0.14 0.34 005 T
20 3,51 3.01 0.07 0.16 0.3 2.01 Unclear
21 021 0.09 0.13 0.17 0.14 0.14 Unclear
22 0.17 0.1 0.03 0.1 0.26 1.94 DC
23 039 273 0.06 3.15 0.3 2.17 Unclear
24 364 0.16 0.03 0.18 0.07 007 T
25 0.19 337 0.05 0.1 0.24 237 B
26 048 0.18 0.03 3.78 4.33 1.27 Unclear
27 031 0.11 0.04 32 0.14 02 M
28 393 0.18 0.01 0.19 4.69 0.85 T, HSC
29 404 0.15 0.03 0.13 0.18 006 T
30 0.29 0.11 0.06 4.27 0.25 021 M
31 021 0.08 0.02 222 0.06 0.23 M
32 017 0.08 0.03 0.33 0.37 0.1 Unclear
33 361 0.14 004 0.16 0.2 0.08 T
34 451 0.17 234 0.14 0.16 0.09 T,NK
35 4 013 0.22 014 0.08 0.08 T
36 3.28 0.1 0.02 0.13 0.05 02 T
37 014 228 002 0.11 0.12 1.76 B
38 0.27 0.16 0.07 0.8 0.14 0.3 Unclear
39 0.23 0.09 0.02 0.1 4.09 0.67 HSC
Threshold: 2 1 0.5 1.5 2 1
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3.5.2 Marker enrichment modelling

Marker Enrichment Modelling (MEM) was used to infer enrichment or downregulation of markers
relative to other clusters (Figure 3.2). An introduction to this methodology can be found in Section
2.1.8.2.

Comparing the MEM results to known cell subsets, a putative cell lineage was determined for each
cluster (CL by MEM) (Table 3.7). An additional lineage label was required to classify Cluster 34 which
was enriched for both CD56 and CD3 so was labelled as natural killer T (NKT) cells (363).

Marker

CD3 1

CD4 A

CD8a A

CD104
CD11b_Mac-1 1
CD11c A

CD14 1

CD16 A

CD19
CD25_IL-2R 4
CD27 1
CD31_PECAM-1 1
CD33

CD34 1

CD39 A

CD45 A
CD45RA 1
CD56_NCAM A
CD70 A

CD86 A

CD96 4
CD117_ckit -
CD127_IL-7Ra
CD141 1
CD159a_NKG2A 1
CD184_CXCR4 4
CD197_CCR7
CD226
CD273_PD-L2 A
CD274_PD-L1 1
CD279_PD-1
CD335_NKp46 -
HLA-DR__DP A
lgD A

NKG2C 1
TCRgd 1

TIGIT 4

Cohen's D . .

2 -1 0 1 2 3

12345678 9101112131415161718192021222324252627282930313233343536373839
Louvain cluster

Figure 3.2 Marker enrichment estimates by cluster. Positive and negative marker enrichment (Cohen’s d) by
cluster. Small effects (d < £0.5) were excluded, and estimates were limited to +3 to aid visual interpretation.

There was a broad correspondence between the CL labels assigned by MEM and by mean marker
intensity. There were a few exceptions; the lineages of clusters 22 & 31 were unclear based on marker
enrichment but were labelled as DCs and monocytes, respectively, when comparing MMI. Clusters 26
& 28 had an ambiguous phenotype by MEM but only contained 159 and 44 cells, respectively. They
were also observed in relatively few grafts so may not be biologically relevant.
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Cluster 2 was enriched for mixture of both monocyte and DC markers (CD11c & CD11b) (364, 365).
However, the average expression of CD14 and HLA-DR were relatively low so a classification could not
be determined by either method. As was the case for Cluster 17 which was enriched for an implausible
combination of CD3 and CD14.

3.5.3 Dimension reduction

Dimension reduction was applied to visualise cellular populations and determine phenotypic
characteristics. Cells in the CyTOF data were projected onto a 2 dimensional (2-D) embedding output
by UMAP and t-SNE. An introduction to each of the dimension reduction algorithms applied can be
found in Section 2.1.7.

This revealed distinct areas of the UMAP embedding with high levels of CD3, CD19 or CD14 expression
(Figure 3.3). A separate population of CD34" cells was also visible. However, CD34 expression was
visible sporadically across the embedding. High levels of HLA-DR expression often coincided with cells
expressing CD14 or CD19. Cells expressing CD56 were concentrated in the middle of the embedding,
but some CD56" cells were distributed in the CD3* areas.

Two distinct subpopulations of CD3* cells were clearly visible, one that was largely CD3* CD4* and
another that was CD3* CD8". This illustrates that UMAP can group together complex phenotypic
subgroups based solely on structure within the data without any prior knowledge.

Cells were less concentrated in the t-SNE visualisation, making it easier to identify smaller populations
with relatively high marker expression (Appendix Figure C.2). However, the CD3+ CD4+ and CD3+
CD8+ cells were distributed across several disjointed areas demonstrating how less of the global
structure is retrained by t-SNE compared with UMAP.

A lineage classification was determined for each cluster by comparing the cluster distribution to areas
of high marker expression (Table 3.7). Classification by dimension reduction corresponded closely with
the labels assigned by MMI and MEM analysis. Some unclassified clusters were shown by dimension
reduction to contain T cells (Cluster 12), monocytes (Cluster 9) or a mixture of monocytes and DCs
(Cluster 2).

An additional method, potential of heat diffusion for affinity-based transition embedding (PHATE),
was also applied (296). PHATE captures trajectory structures between observations, this helps to
identify branching or endpoints in the data structure such as cell differentiation (296, 297). PHATE
analysis was conducted after characterisation of cluster phenotypes so is discussed later in this
chapter (Section 3.6).
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Figure 3.3 UMAP visualisation of cells by marker expression intensity and cluster.
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Table 3.7 Dimension reduction cell subset classification. The general cell lineage of clusters by marker
enrichment modelling (CL by MEM), by mean marker intensity (CL by MMI), and by dimension reduction (CL by
UMAP/t-SNE), the count of cells in the CyTOF data by cluster, and the count of PBSC grafts in which the cluster
was observed.

Cluster  CL by CL by CL by Cells (N) Stem-

MMI MEM UMAP / bags (N)
t-SNE

1 DC DC DC 76,673 185
2 Unclear M/DC M/DC 251,417 185
3 B B B 13,498 180
4 DC DC DC 37,797 183
5 M M M 327,877 185
6 M M/ DC M/DC 177,214 184
7 M M /DC M 165,873 182
8 M M M 27,397 131
9 Unclear Unclear M 152 21
10 T T T 159,085 185
11 T T T 144,854 185
12 Unclear Unclear T 25,453 155
13 M M M 267,396 184
14 7T T T 131,806 185
15 NK NK NK 134,709 185
16 T T T 21,654 183
17 Unclear Unclear Unclear 8,394 177
18 B B B 226,262 184
19 T T T 142,822 185
20 Unclear Unclear Unclear 1,959 162
21 Unclear Unclear Unclear 2,691 169
22 DC Unclear DC 58,167 185
23 Unclear B B 4,038 168
24 T T T 242,513 185
25 B B B 374,077 185
26 M, HSC  Unclear Unclear 159 62
27 M M M 251,728 185
28 T, HSC Unclear T 44 26
29 T T T 265,224 185
30 M M M 233,504 181
31 M Unclear M 213,644 184
32 Unclear Unclear Unclear 42,216 184
33 T T T 4,345 172
34 T,NK NKT NKT 1,115 48
35 T T T 63,608 185
36 T T T 13,047 181
37 B B B 168,645 185
38 Unclear Unclear Unclear 54,433 185
39 HSC HSC HSC 105,845 184
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3.5.4 Labelling unclassified clusters

For the majority of clusters, a clear lineage could be assigned by comparing the results of MMI, MEM
and dimension reduction. To classify the remaining clusters marker intensity was visualised as bi-axial
density plots and MEM results were reviewed infer which markers influenced cluster assignment.

Cluster 32 represented ~1% of cells but did not conform to any of the expected cell lineages. These
cells were Lin" CD344im DNAM-1* CXCR4* CD45RA" PD-L2* (Figure 3.4) which broadly corresponds to
the description of a population of committed lymphoid precursors (366). These cells typically reside
in the bone marrow but are recruited to the peripheral blood by G-SCF mobilisation and chronic
infection (367, 368). The similarities were considered sufficient to assign a DNAM-1* lymphoid
progenitor cell (lymph. progenitor) label to these cells.

Clusters 6, 7 and 31 cells were CD14* and Cluster 38 was CD144im SO Were assigned to the monocyte
lineage (Appendix Figure C.3). Cluster 22 was confirmed to contain HLA-DR* CD14 cells so were likely
DCs (Appendix Figure C.4). Cluster 2 cells were CD11b* CD11c* but appeared to contain two separate
sub-populations, one that was CD14 HLA-DR* CD11b* CD11c* (DCs) and another was CD144im HLA-DR*
CD11b* CD11c* (monocytes) (Appendix Figure C.5). This was interpreted as the cluster containing a
mixture of both monocytes and DCs (mixed M / DC).

Cluster 12 was CD34im but otherwise lineage negative (Lin’), resultingin a T cell classification (Appendix
Figure C.6). Whereas clusters 9, 26 and 28 were observed in less than 35% of stem-bags so were
labelled as having low numbers (Low N.).

Cluster 21, which contained 2,691 cells, was Lin" CD34" and strongly enriched for CD117 (c-Kit). This
populations al co-localised with lymphoid cells on the UMAP embedding (Appendix Figure C.7). These
cells were labelled common lymphoid progenitors (CLP) based on the expression of c-Kit and lack of
myeloid markers (369, 370).

Two small clusters were found to include CD3* doublets which were not removed in pre-processing
(Appendix Figure C.8). Cluster 17 contained 8,394 CD3"* cells, a number of which were CD3* CD14*
doublets. This could also indicate technical artifacts; however, T cell-monocyte complexes associated
with immune perturbations have been reported in flow-cytometric analysis (371). Due to the
consistent CD3+ expression these were simply labelled as T cells. Cluster 20, which contained 1,959
cells, was positive for a biologically implausible combination of CD3 and CD19. As this likely represents
a technical artifact of the CyTOF analysis this cluster was labelled as spurious.
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Figure 3.4 Marker intensity in cells from Cluster 32 - DNAM-1* Lymphoid Progenitors. Bi-axial plots of marker
intensity by cell count across cells assigned to Cluster 32 compared to 500,000 cells sampled at random
(Other).
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3.6 Description of PBSC graft composition
Summarising the results of each cluster characterisation method (Section 3.5), a general cell lineage
classification was determined for each cluster (Table 3.8).

Table 3.8 Cell lineage assigned by cluster. The general cell lineage of clusters by all methods (CL).

cC cCL
1 DC
2 Mixed M / DC
3 B
) DC
5 M
6 M
7 M
8 M
9 Low N
10 T
11 T
12 T
13 M
14 T
15 NK
16 T
17 T
18 B
19 T
20 Spurious
21 CLP
22 DC
23 B
24 T
25 B
26 Low N
27 M
28 Low N
29 T
30 M
31 M
32  Lymph. progenitor
33 T
34 NKT
35 T
36 T
37 B
38 M
39 HSC
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The majority of cells within the CyTOF data were monocytes (~¥39%), T cells (~28%) and B cells (~18%)
(Table 3.9). A smaller proportion of cells belonged to the DC (~4%), NK cell (~*3%) and HSC (~2%)
compartments, and a further ~6% of cells showed a mixture of monocyte or DC like traits.
Approximately 1% of cells were DNAM-1* lymphoid progenitor cells (Lin" CD344im DNAM-1* CXCR4*
CDA45RA"). CLP and NKT cells each constituted < 0.1% of observed events in the CyTOF data.

Table 3.9 Composition of CyTOF data by cell lineage (CL).

CL Events/ Cells (N)  Perc. (%)

M 1,719,066 38.71%
T 1,222,805 27.53%
B 786,520 17.71%
Mixed M/DC 251,417 5.66%
DC 172,637 3.89%
NK 134,709 3.03%
HSC 105,845 2.38%
Lymph. progenitors 42,216 0.95%
CLP 2,850 0.06%
Spurious 1,959 0.04%
NKT 1,115 0.03%
Low N 355 <0.01%

Clusters assigned to the same lineage appeared to colocalise when visualised on the UMAP embedding
(Figure 3.5). This increases confidence that the lineage classifications were reasonable. One limitation
of UMAP is that cell lineages appear to be completely distinct, when in reality cells exist in a continuum
of cellular differentiation. PHATE, a recently developed visualisation method, is better at representing
differentiation pathways between cell types (296). When PHATE was applied to the CyTOF data, it
illustrated the continuous differentiation of HSCs into each of the distinct cell lineages. The location
of the lymph. progenitor cells in between the HSC and NK/T cell subsets provides further evidence
that this represents an intermediate stage of differentiation.

(@]
=
W

HSC
M

PHATE2
UMAP2

Lymph. progen.
Mixed M/DC
NK

—

PHATE1 UMAP1

Figure 3.5 UMAP and PHATE visualisation of cell lineages (CL) across all grafts. Clusters labelled as NKT, CLP,
Low N and spurious are not shown.
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As the CyTOF data was generated from an aliquoted sample of the PBSC grafts, the cell counts are
unrepresentative of what was infused into each recipient. However, the relative proportion of cell
types in the CyTOF data is biologically meaningful. Graft cellular composition was therefore compared
between donations as summarised in Table 3.10.

Based on the median, the majority of cells in each graft were monocytes (36%; IQR 20 - 51%), T cells
(28%; IQR 17 -39%), and B cells (15%; IQR 10 - 23%). A smaller proportion of cells in the grafts belonged
to the DC (3%; IQR 2 - 5%), NK cell (2%; 1 - 4%), and HSC (2%; 1-4%) compartments. Whereas Lymph.
progenitors contributed a median of 1% (IQR 0 — 2%) of cells detected in grafts. The wide interquartile
ranges indicate that there was considerable variation in the cellular composition between donors.

Substantial heterogeneity was also apparent in the measured cell concentrations of mononuclear cells
(MNC), T cells and CD34+ cells for a subset of grafts (Table 3.11).

Table 3.10 Composition of PBSC grafts by cell lineage (CL). Percentage of graft cells summarised by the
median, mean, interquartile range (IQR) and range.

CL Median Mean IQR

M 35.72% 35.88% (19.85-50.81%)
T 27.74% 29.03% (17.42 -38.81%)
B 15.47% 17.97% (10.04 - 22.74%)
DC 3.17% 3.79% (2.12-4.55%)
NK 2.13% 3.89% (1.28-4.47%)
HSC 2.08% 2.60% (0.97-3.67%)
Mixed M/DC 1.77% 5.09% (0.64 -4.33%)
Lymph. progenitors  0.64% 1.62% (0.34 - 1.66%)
CLP 0.04% 0.06% (0.02-0.07%)
Spurious 0.03% 0.05% (0.01-0.07%)
NKT 0.00% 0.01% (0-0%)

Low N 0.00% 0.01% (0-0.01%)

Table 3.11 Measured cellular doses. Measured dose of mononuclear cells (MNC), T cells and CD34+ cells
infused by recipient. Concentrations are summarised by the median, mean, IQR and number of observations
(N. obvs.).

CL Unit Median Mean IQR N. obvs.
MNC dose x108/kg 4.32 4.97 (3.200 - 6.392) 86

T cell dose x10%/kg  159.93 178.62  (124.15-216.02) 99
CD34+dose x10°/kg 4.91 5.03 (4.27 - 5.79) 160
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3.7 Identifying distinct PBSC graft groups

Cellular composition varied substantially between PBSC grafts and as a result the recipient patients
were infused with vastly different doses of each lineage. This raises serval important questions; does
this variation constitute distinct types of PBSC graft? Do donor factors correlate with differences in
graft composition, and ultimately might this impact a patient’s response to the therapy?

To address these questions, cluster analysis was conducted to infer the presence or absence of distinct
groups of PBSC grafts based on differences in cellular composition. Graft compositions were divided
into parts corresponding to the general cell lineages (M, T, B, DC, NK, Mixed M/DC and Lymph.
progenitors and HSC). Differences in donor factors, cellular composition and patient outcome were
then contrasted between the resulting groups of PBSC grafts.

As described in Section 2.1.6.1, the cell counts generated by CyTOF are compositional in nature
(260). Compositional data are incompatible with classical statistical methods due to the constant-
sum constraint (265)(372). A log-ratio approach was utilised in this study to transform the
composition into unconstrained variables prior to cluster analysis.

3.7.1 Cluster analysis for compositional data

Cluster analysis for compositional data (clustCoDa) was conducted using an isometric log-ratio
transformation and Gaussian Mixture Model (GMM) clustering. An introduction to this methodology
can be found in Section 2.1.6.2.

The number clusters present in the data was inferred using the Bayesian information criterion (BIC)
(276). BIC model comparison indicated the use of a GMM with K = 3 (Figure 3.6). A second local
minimum was apparent with K = 5. However, this resulted in prohibitively small clusters (N < 10),
therefore, the final GMM was fitted with 3 mixture components (clusters).
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Figure 3.6 Model comparison by BIC to select number of clusters. Value of the (negative) Bayesian
information criterion (BIC) by the number of mixture components (K) used in fitting the clustering model. The
dashed line represents the number of components which maximised (negative) BIC.

The final fitted GMM was used to classify each of the 155 PBSC grafts into one of 3 clusters, which will
be referred to as PBSC graft groups (Table 3.12). The Silhouette width was calculated for each PBSC
graft group (284-286) (Table 3.12). All PBSC graft groups had a positive silhouette, indicating they
constituted valid clusters.

Overall, cluster analysis for compositional data inferred the presence of three distinct PBSC grafts
groups within the CyTOF data. One large group of grafts, A (N = 80), and two smaller groups, B (N =
41) and C (N = 34). Each of which were defined based on differences in cellular composition.
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Table 3.12 Number (N.) of grafts by PBSC graft group and silhouette width.

PBSC graft group N. Silhouette

A 80 0.25
B 41 0.15
C 34 0.17
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3.7.2 Prognosis by PBSC graft group
UMAP was applied to the log-transformed data to visualise the PBSC graft groups (Figure 3.7A). Each
point represents an individual PBSC graft coloured by the group assigned by the GMM. Group C
formed a distinct cluster, whereas the distributions of groups A and B were adjacent suggesting

greater similarity in the composition of these two groups.

To assess if donor factors differed between the PBSC graft groups, the proportion of CMV positive,
female and unrelated donors was compared along with the donor age distribution (Figure 3.7B).
Group A had the youngest donors (median 34; IQR 24 — 48) and the lowest percentage of CMV positive
donors (43%). Group B had the oldest donors (median 41; IQR 29 - 51), a greater percentage of which
were female (39%) but relatively few that were unrelated to the recipients (51%). Whereas Group C
had the most CMV positive (62%) unrelated donors (71%), and the lowest percentage of female donors

(23%).

A

PBSC graft group . A

B @ c

UMAP2

Event probability
©ooooo0o0

Event probability

o -=-DNWw,s~ O
PR S T R B

Death

o
o
!

o
'S
L

<
[N}
L

o
o
L

=
o

2.0 0.0
Years

)
o
(=)
N

donors (%
(2]
o
=

40%

20%

CMV pos

0%

GRFS probability

PBSC group — A

__80% = 80% 70
s < 60
@ 60% 2 60% o
s} c 250
5 S e
o, o, =
8 40% s 40% g 201
8 20% 3 20% O 30-
d c |
0% > 0% 2011
ABC ABC ABC ABC
100
- .
% 0.754
©
'§ 0.50
Q.
) 0.254
P 0.005 o P 0.027
T T OOO- T T T
05 1 15 2 0 05 1 15 2
Years Years
Death

Relapse

P 0.54

S e

00 05 10 15

2000 05 10 15 20
Years

Figure 3.7 Donor factors and prognosis by PBSC graft group. (A) UMAP visualisation of PBSC graft groups. (B)
Donor factors by PBSC graft group. (C) Probability of GvHD-free, relapse-free survival (GRFS) and overall
survival (OS) by PBSC graft group based on the Kaplan-Meier estimator. (D) Cumulative incidence of AGVHD,
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CGVHD, GvHD of any kind (Any GvHD), death from other causes (death), relapse and transplant-related
mortality (TRM).

The GvHD-free, relapse-free survival (GRFS) and overall survival (OS) rates were estimated for
recipients stratified by PBSC graft group (Figure 3.7C). The Kaplan-Meier estimator indicated
significant differences in the GRFS rate (p = 0.005) and OS rate (p = 0.027) between groups.

Patients receiving a PBSC graft from Group A had a 48% (Cl 38 - 60) probability of surviving event-free
at one-year post transplant. This is compared to 37% (Cl 24 - 55) for grafts from Group B, and 25% (Cl
14 - 45) for grafts from Group C. By two years post-transplant, the probability of GRFS had more than
halved to 11% (Cl 4 - 31) for recipients of Group C grafts. At the same time point, the GRFS probability
was 42% (Cl 0.33 — 0.55) in Group A, and 29% (Cl 0.18 — 0.47) in Group B. Recipients of Group A also
had the highest probability of OS 2 years post-transplant at 72% (Cl 63-83), compared to 51% (Cl 38 -
69) for Group B and 48% (Cl 33 - 69) for Group C.

The cumulative incidence of AGvHD and CGvHD were estimated but no significant differences were
observed between groups (CGvHD P 0.78; AGvHD P 0.11) (Figure 3.7D). Due to the relatively low
number of events within each group, the comparison was repeated with both events combined into a
single composite outcome, GvHD of any kind (GvHD). This suggested the incidence of GvHD was
significantly different between PBSC graft groups (P 0.03). Group C had a 59% (Cl 42 — 76) probability
of GvHD one-year post transplant compared to 38% (Cl 27 — 48) and 37% (Cl 22 — 51) in groups A and
B, respectively.

Comparing the incidence of relapse and transplant-related mortality (TRM) as competing risks
suggested no difference in relapse incidence (P 0.54) but a significant difference in TRM (P 0.02)
(Figure 3.7D). Two years post-transplant the probability of TRM in group A was 12% (CI 5 - 20) but
more than double in groups B (35%; Cl 20 — 49) and C (28%; Cl 12 — 43). A similar pattern emerged
when the incidence of RM (death preceded by a relapse) was compared as the competing risk for TRM,
with no difference in the cumulative incidence functions (P 0.71) (Figure 3.8).

Together these findings indicate recipients of a graft from Group A had an improved probability both
0OS and GRFS compared with groups C and B as well as a lower rate of TRM. However, no difference in
the relapse or relapse-related mortality were observed between groups. Group C had a higher
incidence of both TRM and GvHD of any kind, whereas Group B only had a higher incidence of TRM.
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Figure 3.8 Cumulative incidence of relapse mortality (RM) by PBSC graft group. The competing risk
transplant-related mortality (TRM) is shown for comparative purposes.
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3.7.3 Lineage composition of PBSC graft groups

The assignment of PBSC grafts into groups was conditional on cellular composition. Differences in the
proportion of cells by lineage were therefore expected. However, the GMM does not indicate which
differences were important to cluster assignment. To infer the defining compositional characteristics
of each cluster, the PHATE embedding (Figure 3.9A) and lineage proportions (Figure 3.9B) were
visualised stratified by PBSC graft group and the distributions were compared.
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Figure 3.9 Lineage composition by PBSC graft group. (A) PHATE visualisation of cell lineages by PBSC graft
group. (B) The proportion of cells in each PBSC graft group by lineage, boxes represent the median and IQR,
whiskers extend to the lowest/highest datum within 1.5 IQR of the lower/upper quartile, ¢ indicate outliers.

The proportion of T cells and monocytes showed the greatest variability between the three groups.
Grafts in Group A had the highest proportion of monocytes (median 0.488; IQR 0.387 - 0.609) and
lowest proportion of T cells (median 0.219; IQR 0.156 - 0.332). The opposite was the case for Group C
which had the lowest proportion of monocytes (median 0.147; IQR 0.091 - 0.303) but greatest
proportion of T cells (median 0.358; IQR 0.284 - 0.431). In contrast, Group B was in between the other
groups for both monocytes (median 0.225; IQR 0.184 - 0.399) and T cells (median 0.301; IQR 0.226 -
0.419) by proportion of cells.

Group A contained a relatively low proportion of NK cells (median 0.016; IQR 0.010 - 0.021) compared
with both groups B (median 0.035; IQR 0.019 - 0.059) and C (median 0.034; IQR 0.017 - 0.074), whilst
containing the greatest proportion of HSCs (median 0.029; IQR 0.020 - 0.043). The proportion of HSCs
was similar in groups B (median 0.011; IQR 0.007 - 0.023) and C (median 0.013; 0.007 - 0.022).
However, Group C had a relative abundance of lymphoid progenitor cells (median 0.025; IQR 0.014 -
0.039) and cells with a mixed monocyte and DC like phenotype (median 0.078; IQR 0.047 - 0.263).

The proportion of DC cells was comparable between groups but slightly higher in Group C (median
0.039; 0.025 - 0.056) compared with A (median 0.029; IQR 0.021 - 0.042) and B (median 0.033; IQR
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0.020 - 0.044). Notably, there was a substantial proportion of B cells in Group B (median 0.245; IQR
0.193 - 0.333) but relatively few in Groups A (median 0.144; IQR 0.110 - 0.194) and C (median 0.125;
IQR 0.070 - 0.197).

These comparisons indicate that the pro-survival Group A was characterised by a relative abundance
of monocytes and HSCs, but a lower proportion of T and NK cells. Group B, with a high TRM incidence,
was associated with a greater proportion of lymphoid cells including T cells, B cells and NK cells. Whilst
Group C, which had a high TRM and GvHD incidence, had the greatest proportion of T cells but the
lowest proportion of monocytes.
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3.8 Characterisation of cluster phenotypes: cell subsets

The composition of grafts was shown to been highly variable when compared by cell lineage (Section
3.6). This variability was sufficient to define three distinct PBSC graft groups with cluster analysis
(Section 3.7). However, the phenotypic and functional diversity of cells within each lineage was not
taken into account. Therefore, clusters were further characterised into finer-grained cell subsets (CS)
based on lineage-specific characteristics and compared between PBSC graft groups.

3.8.1 Tecells

3.8.1.1 Classification of T cell subsets
The CD3+ T cell clusters (cluster numbers 10, 11, 12, 14, 16, 17, 19, 24, 28, 29, 33, 35 and 36) were
characterised into T cell subsets.

Alpha-beta (a/B) and gamma-delta (y6) T cells were determined by the expression of the yé T-cell
receptor (TCR). One cluster, Cluster 35, was distinctly y6 TCR* (Appendix Figure C.9). The remaining
v6 TCR clusters were divided into CD4*, CD8*, double positive or double negative cell subsets. All but
two clusters were broadly CD4* or CD8* (Figure 3.10). Cluster 33 was double positive (DP) whereas
Cluster 36 was double negative (DN).
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Figure 3.10 T cell clusters - CD8 & CD4 expression. Bi-axial plots showing marker intensity by cell count across
clusters identified as T cells. Dashed lines indicate a qualitative threshold to aid visual interpretation.
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The CD4* clusters were labelled as regulatory (T-reg) or non-regulatory or T cells based on the
expression of IL-7RA and CD25. Cluster 16 was CD25" IL-7RA" indicating a T-reg phenotype (Appendix
Figure C.10). A small number of T-regs were also observed within Cluster 29.

The memory status of CD8* and non-regulatory CD4* T cell clusters was determined by the proportion
of cells expressing CD45RA and CCR7 (Figure 3.11). An intensity threshold of 2 was selected
qualitatively for each marker. CD45RA CCR7 cells were labelled effector memory (EM), CD45RA* CCR7
cells as effector memory cells re-expressing CD45RA (EMRA), CD45RA" CCR7* cells were considered
central memory (CM) and CD45RA* CCR7* were labelled naive (Appendix Figure C.11).

Cluster 11 contained mostly EM cells. Cells in Cluster 12 had a CM-like phenotype and clusters 19 &
29 were mostly Naive T cells. Cluster 14 contained a mixture of EM and EMRA cells, the same was true
for Cluster 10, however, a small proportion of CM cells were also observed. Cluster 24 consisted of a
mixture of both EM and CM cells. Whereas Cluster 17, which contained a number of CD3* CD14*
doublets, did not have a definable memory status. Lastly, Cluster 28 was not labelled due to the low
number of cells (N = 44).

Clustering with the PhenoGraph algorithm appeared to have successfully divided the main T cell
subsets (CD3*y6TCR CD4*; CD3* y6TCR CD8*, CD3* y6TCR*) and was able to separate T-regs from other
CD4" cells. Additionally, two small groups of CD3* DP and CD3* DN cells were identified. Whilst Naive
and memory T cells were divided, PhenoGraph did not accurately separate memory phenotypes.
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Figure 3.11 Proportion of cells by memory status in CD8+ and non-regulatory CD4+ T cell clusters. The
proportion of T cells characterised as naive, effector memory (EM), effector memory cells re-expressing
CD45RA (EMRA), and central memory (CM) by cluster.
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3.8.1.2 Composition of T cell compartment

The cell subset classification and defining phenotypic characteristics of each T cell cluster are
described in Table 3.13. As a proportion of cells assigned to the T cell lineage, 57.9% were CD4+,
35.5% were CD8+ and 5.2% were TCR y&+. This suggests a CD4/CD8 ratio of 1.6:1 across all cells in the
CyTOF data. The remainder of T cells were either double negative for CD4 and CD8 (1.1%) or double
positive (0.4%). Of the CD4+ T cells, 3.06% were T-regs.

Table 3.13 Cell subset classification of T cell clusters. The cell count (N.), cell subset (CS), associated lineage
markers, and phenotype of each cluster (C).

Lineage

C Celis (N) CS marker Phenotype

10 159,085 | cD8mixed CD3" CD8" TIGIT* PD-1*
memory

11 144,854 T CD4 EM cD3" CD4" cKit* PD-1* DNAM-1*

12 25453 T CD4 CM cD3"* CD4* PD-L2*

14 131,806 TCDSEM/EMRA  CD3' CD8* TIGIT* DNAM-1* NKG2C*

16 21,654 T-reg CD3*  CD4*CD27'CD39* TIGIT* CD25' CD127

TCD4 /T cell-

17 8,394 monc/acyte CD3++ CcDh4*
complex D14

19 142,822  TCDS8 Naive cD3" CD8* CD31¢im CXCR4"

24 242,513 TCD4EM/CM  CD3 CD4* CD27* DNAM-1*

29 265224  TCDA4 Naive cD3* CD4* CD27* CXCR4"

33 4,345 TDP cD3" CD8* CD4* CD27"

35 63,608 V6 T CD3" TCRyS* NKG2A* TIGIT*

36 13,047 T DN cD3" CD8 CD4" CD45"

As shown in Section 3.7.3, the overall proportion of T cells was lowest in PBSC graft Group A, elevated
in Group B and highest in Group C. However, the difference was not uniform across CD4+ (Figure
3.12A, Figure 3.12B) and CD8+ (Figure 3.12C, Figure 3.12D) T cell clusters.

In Group C, Cluster 11 (T CD4+ EM) contributed 7.1% of cells but <3% of cells in groups B and A.
Differences were also observed in some of the very small T cell clusters, in particular Cluster 36 (T DN)
comprised 0.4% of Group C cells but 0.08% of Group B, and 0.17% of Group A.

In Group B, Cluster 29 (T CD4 Naive) contributed 7.0% of cells but only 4.5% and 3.8% of cells in groups
Cand A, respectively. Cluster 33 (T DP) was also elevated in Group B alone with 0.1% of cells, compared
with 0.06% of cells in the other two groups.

Whereas in pro-survival Group A, T cell cluster proportions were almost uniformly lower than the
other two groups with the exception of Cluster 17 (T CD4 / T cell-monocyte complex), Cluster 33 (T
DP) and Cluster 36 (T DN).

This indicates the increased proportion of T cells observed in Groups B and C relative to Group A were
driven by distinct subsets within the T cell compartment. Group C had an elevated proportion of
Cluster 11 (T CD4+ EM) cells, whereas Group B had a greater proportion of Cluster 29 (T CD4 Naive)
cells. Differences in rarer cell subsets were also observed such as Cluster 36 (T DN) being
overrepresented in Group C, and Cluster 33 (T DP) in Group B.
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Figure 3.12 Differences in T cell subset composition by PBSC graft group. (A) PHATE visualisation of CD4+ T
cell clusters by PBSC graft group. (B) The proportion of cells in each PBSC graft group by CD4+ T cell cluster. (C)
PHATE visualisation of CD8+ T cell clusters by PBSC graft group. (D) The proportion of cells in each PBSC graft
group by CD8+ T cell cluster. Boxes represent the median and IQR, whiskers extend to the lowest/highest
datum within 1.5 IQR of the lower/upper quartile, ¢ indicate outliers.
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3.8.2 Becells

3.8.2.1 Classification of B cell subsets

The CD19* B cell clusters (cluster numbers 3,18,23,25,37) were divided into B cell specific cell subsets.
The memory status of CD19* clusters was determined by the proportion of IgD and CD27 expressing
cells. An intensity threshold of 1 was selected qualitatively for each marker. IgD* CD27 cells were
labelled naive, IgD* CD27* were labelled unswitched memory, and IgD" CD27* cells were considered
switched memory(373). Cells that were IgD- CD27" were labelled double negative (DNEG) (Figure
3.13A).

Clusters 3, 25 and 37 contained mostly naive B cells (Figure 3.13B). This was also the case for Cluster
23 but a small proportion of switched and unswitched cells were also observed. Cluster 18 contained
very few naive cells and was enriched in CD25 / IL-2R indicating a mature memory B cell phenotype
(374).

The PhenoGraph clustering algorithm successfully divided naive B cells (CD19* IgD* CD27-) from
memory B cells. However, unswitched and switched memory B cells were grouped into the same
cluster.
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Figure 3.13 B cell clusters - CD27 & IgD expression. (A) Bi-axial plots showing marker intensity of cells in B cell
clusters. Dashed lines indicate the threshold selected to determine memory status. (B) The proportion of B cells
characterised as naive, switched memory, unswitched memory, and CD27-IgD- (DNEG) by cluster.

3.8.2.2 Composition of B cell compartment

The cell subset classification and defining phenotypic characteristics of each B cell cluster are
described in Table 3.14. As a proportion of cells assigned to the B cell lineage, 71.2% were naive B cells
(IgD* CD27), with the remaining 28.8% of B cells exhibiting a switched or unswitched memory
phenotype (B memory).
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Table 3.14 Cell subset classification of B cell clusters. The cell count (N.), cell subset (CS), associated lineage
markers, phenotype and B cells memory markers association with each cluster (C).

C Cells(N) CS Lineage Phenotype B memory markers
marker
3 13498 B Naive CD19* HLA-DR* CD10* CD45RA* NKP46 int. IgD* CD27

lgD* CD27* / IgD-

18 226262 B Memory CD19 CD25" CD45RA CD27* / IgD" CD27"
23 4038 B Naive CD19* HLA-DR* CD11b* NKP46* CD39* IgD* CD27
. N HLA-DR* CD10* CD45RA" NKP46* IgD* CD27
25 374077 B Naive CD19 CCR7* CXCRA*
37 168645 B Naive CD19* HLA-DR* CD10° IlgD* CD27

PBSC graft Group B, which had a high rate of TRM compared with Group A, was associated with a
particularly high proportion of B cells. However, this difference was not observed uniformly across B
cell clusters (Figure 3.14A, Figure 3.14B). In Group B, 12.5% of all cells were Cluster 25 (B Naive CD10*
CDA45RA* NKP46* CCR7* CXCR4*) cells, but this cluster contributed <6% of cells in the other two groups.
The proportion of Cluster 18 (B memory CD25" CD45RA*) was also far higher in Group B (7.1%)
compared with Group A (4%) and Group C (3.8%). Cluster 3, which was relatively small (13,498 cells),
was also elevated in Group B (0.5%). But there was little difference in the proportion of Cluster 37 (B
Naive CD10) and Cluster 23 (B Naive CD11b* NKP46* CD39*) between groups.

This indicates the increased proportion of B cells in PBSC graft Group B was mostly determined by an
increase in the proportion of CCR7* CXCR5* Naive B cells and memory B cells.
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Figure 3.14 Differences in B cell subset composition by PBSC graft group. (A) PHATE visualisation of B cell
clusters by PBSC graft group. (B) The proportion of cells in each PBSC graft group by B cell cluster. Boxes
represent the median and IQR, whiskers extend to the lowest/highest datum within 1.5 IQR of the
lower/upper quartile, ¢ indicate outliers.
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3.8.3 Monocytes

3.8.3.1 Classification of monocyte subsets

CD14* monocytes are typically classified into classical (CD14* CD16°), intermediate (CD14* CD16") and
non-classical (CD144im CD16*) subsets (364). Classical monocytes make up the majority of circulating
monocytes (~85-90%) and differentiate through the intermediate (~5%) to the non-classical subsets
(~10%) (375-377). These phenotypes therefore exist as a continuum rather than discrete subsets, and
as a result there is little consensus in gating monocytes in single cell analyses (377).

Clusters 5, 6, 7, 8 and 30 were consistently CD14** or CD14n: (Figure 3.15). With the exception of
Cluster 8, these clusters were also CD16  but also contained CD164im cells. Collectively they
represented over of half cells assigned to the monocyte lineage (54.2%) so are likely of a classical
phenotype, however this can’t be stated conclusively due to the variable CD16 expression. Clusters 7
and 30 were particularly bright for CD14 and CD11b (Figure 3.16). Cluster 7 was also CD11c*" and
relatively enriched for the activation marker CD45RA (378) and the co-stimulatory molecule CD86
(375). Clusters 5 and 8 were characterised by intermediate (int.) CD14 and CD11b expression, with
Cluster 8 being CD11c". Cluster 6 was the only classical-like cluster of monocytes that was HLA-DR*.
Collectively, these were assigned a label of classical-like monocytes.
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Figure 3.15 Monocyte clusters - CD14 & CD16 expression. Bi-axial plots showing marker intensity by cell count
across monocyte clusters.

Cluster 13 contained a number of monocytes with intermediate (CD14* CD16%) and classical (CD14*
CD16°) phenotypes. Cells of this cluster were consistently HLA-DR* and enriched for CD11c and CD86
(Figure 3.16, Figure 3.2). Elevated HLA-DR, CD11c and CD86 expression is associated with intermediate
monocytes further supporting this classification (364). Cluster 27 had cells corresponding to all three
monocyte subsets including non-classical (CD144im CD16%). This cluster was also CD11b* HLA-DR and
relatively enriched for CD45RA (Figure 3.16, Figure 3.2).

Clusters 31 & 38 were outliers as they were CD144m CD16 and so did not conform to the expected
monocyte subsets. Both were characterised by relatively low expression of CD14, CD11b, and CDA45.
However, Cluster 38 was also highly enriched in CCR7, associated with monocyte migration (379), and
PD-L2 (Figure 3.2).

This suggests that PhenoGraph did not distinguish monocytes based on the prototypical monocyte
subsets (classical, intermediate and non-classical). CD14* clusters appeared to be divided based on
continuous differences in marker expression. As would be expected, the majority of monocyte clusters
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were associated with a classical-like phenotype. One cluster, Cluster 13, contained both intermediate
and classical monocytes and exhibited intermediate like traits such as high HLA-DR, CD11c and CD86
expression. Whereas non-classical monocytes could not be distinguished by cluster.
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Figure 3.16 Monocyte clusters — HLA-DR, CD11b, CD33 & CD11c expression. Bi-axial plots showing marker
intensity by cell count across monocyte clusters.

3.8.3

2

Composition of monocyte compartment

The cell subset classification of monocyte clusters and defining phenotypic characteristics are
described in Table 3.15. Of cells assigned to the monocyte lineage, 54.2% exhibited a classical-like
phenotype, 15.5% exhibited a mixture of intermediate and classical monocyte traits and a further
14.6% were of a mixture of all three subsets including non-classical. Additionally, 15.6% of monocytes
exhibited a CD144im CD16™ phenotype.

Table 3.15 Cell subset classification of monocyte clusters. The cell count (N.), cell subset (CS), associated

lineage markers, and phenotype of each cluster (C).

C

00 N O Wn

13
27

30
31
38

Cells (N)

327877
177214
165873

27397
267396
251728

233504
213644
54433

(&)

Classical-like M
Classical-like M
Classical-like M
Classical M

Classical & Intermed. M
Classical, Intermed. &
Non-classical M
Classical-like M

CD144im M

CD144im M

Lineage
marker
Cbi4*
Cbi4*
CD14*
Cbi4*
CD14*
Cbi4*

CD14*
CD14im
CD14im

Phenotype

CD11b int. CD167*

HLA-DR* CD16*

CD11b/CD11c** CD45RA* CD86" CD16*
CD11c PD'L2* CD16

CD11c/HLA-DR** CD86* CD16*

CD11b* HLA-DR CD45RA* CD16*

CD11b** CD16°*
CD11b/CD45/CD334im CD16
CD11b/CD45/CD334im CD16  CCR7** PD'L2*

* Clusters that were mostly CD16" but contained a few CD16* or CD164im cells

The overall proportion of monocytes was highest in PBSC graft Group A, substantially lower in Group
B and lowest in Group C (Section 3.7.3). The relative increase in Group A was observed uniformly
across monocyte clusters with two exceptions (Figure 3.17A, Figure 3.17B). The proportion of Cluster
7 (Classical-like M CD11b/CD11c** CD86*) was highest in Group B with 3.7% of cells compared with
1.9% in Group A and 0.26% of Group C. Whereas Cluster 38 (CD144im M CCR7** PD-L2*) contributed
2.6% of cells in Group C, but <0.7% of cells in the other groups.
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Certain classical-like monocyte clusters contributed a considerable proportion of all cells assigned to
the PBSC graft Group A, whilst being relatively rare in the other two graft groups. Cluster 5 (Classical-
like M CD11b i) contributed 9.5% of cells in Group A but <3% of cells in groups B and C. Similarly, the
proportion of Cluster 6 (Classical-like M HLA-DR*) was more than double in Group A with 5.3% of cells,
compared with <1.7% of cells in the other two groups. A comparable pattern was observed in the
proportion of Cluster 30 (Classical-like M CD11b**) cells.

Notably, Cluster 13 (Classical & Intermed. M CD11c/HLA-DR** CD86*) made up >4% of all cells in groups
A and B, was comparatively rare in Group C (0.7%).

This indicates the relative abundance of monocytes in pro-survival Group A was almost uniform across
monocyte clusters, and primarily driven by an increase in classical-like monocytes. There were some
exceptions, Group C had the highest proportion of Cluster 38 (CD144im M CCR7** PD'L2*) with almost
no Cluster 7 cells (Classical-like M CD11b/CD11c** CD86"), whereas Group B had the highest proportion
of Cluster 7 cells.
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Figure 3.17 Differences in monocyte cell subset composition by PBSC graft group. (A) PHATE visualisation of
monocyte clusters by PBSC graft group. (B) The proportion of cells in each PBSC graft group by monocyte
cluster. Boxes represent the median and IQR, whiskers extend to the lowest/highest datum within 1.5 IQR of
the lower/upper quartile, ® indicate outliers.
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3.8.4 Dendritic cells

3.8.4.1 Classification of DC subsets

The CD14 HLA-DR* DC clusters (cluster numbers 1, 4, 22, 2) were assigned to DC specific cell subsets.
Cluster 2, which contained a mix of antigen presenting cells (DCs and monocytes), was also examined.
Myeloid DCs (i.e., conventional DCs) were distinguished from plasmocytoid DCs (pDCs) by lacking
CD11c, CD33 and CD11b expression. Cluster 22 was CD11c” CD33" CD11b™ and enriched for CD45RA
corresponding to a pDCs phenotype (380) (Appendix Figure C.12).

Within the myeloid DC compartment, classical DCs (cDCs) were distinguished from non-classical DCs
by the absence of CD16 expression. Clusters 2 and 4 were both CD16" indicating cDCs. Cluster 1
contained both CD16* and CD16" cells and was enriched for the activation markers CD31 and CD86,
suggesting a mix of non-classical and cDCs but with an activated phenotype.

Classical DCs, such as those within Clusters 2 and 4, can be further subdivided into cDC1 (CD11cCdim
CD11b CD141%) (381) and cDC2 (CD11c* CD11b* CD1c*) subsets, however CD1c was not available in
the CyTOF panel (Table 3.2). Cluster 4 was CD11c* CD11bgim CD141* which suggests a cDC1 phenotype.
Cluster 2 was CD11b* so may contain cDC2 DCs, but in the absence of CD1c a conclusive classification
could not be determined.

The PhenoGraph algorithm successfully divided myeloid DCs from pDCs. Within the myeloid DC
compartment, only cDC1 DCs were readily distinguishable by cluster. A cluster of myeloid DCs (classical
and non-classical) enriched for activation markers CD31 and CD86 was also identified.

3.8.4.2 Composition of DC compartment

The classification of DC clusters and defining phenotypic characteristics are described in Table 3.16.
Of cells assigned to the DC lineage 33.7% were pDC, in line with reports that pDCs are the most
numerous singular DC cell subset in human blood (380). 21.9% were cDC1 and 44.4% had an activated
phenotype with a mixture of myeloid DC traits.

Table 3.16 Cell subset classification of DC clusters. The cell count (N.), cell subset (CS), associated lineage
markers, and phenotype of each cluster (C).

Events / Cells Lineage
C (N) CS marker Phenotype
. R CD11c™ CD11b* CD16*- CD31* CD86*
1 76673 Activated DCs HLA-DR (Non-classical DC & cDC)
a 37797 DC1 HLA-DR* CD11c* CD11b CD141* CD16 CD45RA
(cDC1)
22 58167 pDC HLA-DR* CD11c CD33 CD11b CD16 CD45RA*
. CD14%m &
2 251417 Classicall M& 14 Hia- CD11c"gm CD11b* CD16"
cDC DR*

No substantial difference in the proportion of DC cells was observed when compared between PBSC
graft groups. However, differences were apparent when compared by cluster (Figure 3.18).

Cluster 1 (Activated DCs CD31" CD86") cells were relatively rare in Group A (0.7%), compared with
Group B (1.4%) and Group C (1.8%). Whereas Cluster 22 (pDC) cells were more common in Group A
with 1.2% of cells but only 0.8% in the other two groups.
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This suggests that whilst there was little difference in the overall proportion of DCs between the PBSC

graft groups, there was a relative abundance of pDCs and paucity of activated DCs in pro-survival
Group A when composition was compared by cluster.
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Figure 3.18 Differences in DC subset composition by PBSC graft group. (A) PHATE visualisation of DC clusters
by PBSC graft group. (B) The proportion of cells in each PBSC graft group by DC cluster. Boxes represent the

median and IQR, whiskers extend to the lowest/highest datum within 1.5 IQR of the lower/upper quartile, o
indicate outliers.
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3.85 NKcells
The NK & NKT lineages were represented by a single cluster of cells identified by the PhenoGraph
algorithm. This section provides additional detail on the phenotypic characteristics of these clusters.

3.8.5.1 Classification of NK subsets

CD56* CD3" NK cells are typically gated into CD56"* CD16*" (CD56** NK) and CD564im CD16** (CD564im
NK) subsets(382). Only one population of NK cells was identified by PhenoGraph, Cluster 15. This
cluster contained a mix of both CD56*" NK cells and CD564im NK cells (Figure 3.19). NKG2A expression
is expected to be higher in CD56"* cells compared with CD564im (383), a pattern which was visible
across Cluster 15. Cluster 34 showed distinct CD56* CD3" expression supporting the NKT cell
classification (Figure 3.19). These cells were also enriched for NKG2C, TIGIT & DNAM-1 (Figure 3.2).

This indicates that PhenoGraph successfully identified NK cells as a distinct cell lineage. However, it
failed to distinguish between CD56** and CD564im NK cells. NKT cells were also clearly delineated from
NK and T cells.

count 1 10 100 1000

CD56 CD56

Figure 3.19 NK & NKT clusters - CD56, CD3, CD16, NKG2A & DNAM-1 expression. Bi-axial plots showing
marker intensity by cell count across NK and NKT clusters.

3.8.5.2 Composition of NK compartment

The cell subset classification and defining phenotypic characteristics of the NK & NKT clusters are
described in Table 3.17. As described earlier in this chapter (Section 3.7.3), PBSC graft Group A was
characterised by the lowest proportion of NK cells (1.6%) (Figure 3.9B). The NKT cluster contributed
~0.01% of cells each graft group.

Table 3.17 Cell subset classification of NK & NKT clusters. The cell count (N.), cell subset (CS), associated
lineage markers, and phenotype of each cluster (C).

Cluster  Cells CS  Lineage marker  Phenotype
(N)
15 134709 NK CD56* CD56" NKG2A* CD16*
34 1115 NKT CD56*CD3* CD56* CD3* NKG2C* DNAM-1*
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3.8.6 Lineage negative cells
The HSC, lymphoid progenitor, and CLP lineages were each represented by a single cluster of cells
identified by the PhenoGraph algorithm. This section provides additional details on the phenotypic
characteristics of these clusters.

3.8.6.1 Classification of lineage negative subsets
Lineage negative (Lin") and CD34" clusters were characterised by the intensity of CD34, c-Kit and
CD45RA expression and by cluster specific marker enrichment.

Cluster 39 was Lin"CD34" c-Kit* CD45RA" (Figure 3.20) in line with the expected HSC phenotype. The
expression of c-Kit was highly variable ranging from bright to dim. Cluster 32 was Lin"CD34%™ DNAM-
1* CXCR4* CD45RA PD-L2* so retained its lymphoid progenitor label (366, 367).

A small population of (<3000 cells) c-Kit positive CLP cells were identified. Cluster 21, with 2,691 CLP
cells, was Lin"CD34 c-Kit* CD45RA* [L-7Ra* IL-2R* (Figure 3.20). The c-Kit and IL-7RA expression aligns
with the phenotype of common lymphoid progenitors reported in mice (370, 384).

PhenoGraph successfully identified HSC cells as a distinct population of CD34* cells. Other types of
progenitor cells were also identified, including a small population of CLP cells, and a substantial
population of DNAM-1* lymphoid progenitor cells.
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Figure 3.20 Lineage negative cluster — marker expression. Bi-axial plots showing marker intensity by cell count
across HSC and lymphoid progenitor clusters.
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3.8.6.2

Composition of lineage negative compartment
The cell subset classification and defining phenotypic characteristics of the Lin™ clusters are described
in Table 3.18. As described earlier in this chapter (Section 3.6), Group A was characterised by the
highest proportion of HSCs (2.9%) (Figure 3.21A, Figure 3.21B). Cluster 32 (Lymph. progenitor) cells
were relatively abundant in grafts from Group C (2.5%), whereas the CLP cluster contributed ~0.01%
of cells each graft group. To emphasize the location of the lymph. progenitors between the HSC and
NK populations, the NK cell populations are also shown on the PHATE embedding (Figure 3.21A).

Table 3.18 Cell subset classification of lineage negative clusters. The cell count (N.), cell subset (CS),
associated lineage markers, and phenotype of each cluster (C).

C Cells(N) CsS
21 2,691 CLP

32 42,216

39 105,845 HSC

0.304
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£ 010
8
20.031

Q- 0.01

Lymph. progenitor

Lineage marker

Lin-
Lin-

Lin-

Phenotype

CD34- c-Kit+ CD45RA+ IL-7Ra+ IL-2R+
Lin- CD34dim DNAM-1+ CXCR4+
CD45RA- PD-L2+.
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Figure 3.21 Differences lineage negative subset composition by PBSC graft group. (A) PHATE visualisation of
Lin- clusters by PBSC graft group, NK clusters shown for comparison. (B) The proportion of cells in each PBSC
graft group by cluster. Boxes represent the median and IQR, whiskers extend to the lowest/highest datum
within 1.5 IQR of the lower/upper quartile, ¢ indicate outliers.
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3.9 Regression of survival and competing events

Three distinct types of PBSC graft were identified by cluster analysis (Section 3.7), the recipients of
which exhibited significant differences in the probability of experiencing a deleterious event following
transplantation. This supports the hypothesis that graft composition and outcome are correlated.

However, the donors were also found to differ in age, sex, CMV status, and in their relationship with
the recipient patients. All of which are known to impact the prognosis of allo-HSCT patients (59, 157,
160, 161, 167). Multivariate analyses were therefore conducted to test the effects after adjusting for
covariates. Cox PH regression models were developed for survival events, and FG regression models
were utilised for competing events.

The three PBSC graft groups were identified based only on differences in cellular composition.
Differences between the PBSC graft groups may therefore reflect the most variable cellular elements
between donations, rather than the lineages most pertinent to a patient’s response to the therapy.
Thus, the relationships between the cellular composition of grafts and patient outcomes were also
investigated.

To test the effect of graft composition on survival outcomes, a formulation of the Cox PH model
compatible with compositional data was utilised (334-336). This approach was extended to the FG
model for competing events. Compositions were transformed into unconstrained variables using the
additive log-ratio (ALR) transformation prior to regression. | refer the reader to Section 2.1.6.1 for an
introduction to the ALR transformation.

This part of the chapter is structured into sections based on the type of event being investigated.
The survival events studied were GvHD-free, relapse-free survival (GRFS) and overall survival (OS)
(Sections 3.9.1-3.9.2). The competing events analysed were the onset of relapse, transplant-related
mortality (TRM), AGvHD, and CGvHD (Sections 3.9.3-3.9.5).

Correlation between the exact log-ratio geometry and the ALR transformed data are shown in
Appendix Table C.1. The events-per-variable ratios for multivariate models are shown in Appendix
Table C.2.
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3.9.1 GvHD-free, relapse-free survival

3.9.1.1 Effects of PBSC graft group on GRFS
The hazard A(t) of GRFS was regressed on clinical variables and PBSC graft groups using the Cox PH
model (Table 3.19). This tests the association between each variable and the rate of GRFS.

Based on univariate estimates, recipients of PBSC graft group C had a significantly lower rate of GRFS
(HR 2.16; P <0.01) compared with group A. HCT-Cl scores of 3+ (HR 1.5; P 0.1) were associated with a
marginal decrease in the GRFS rate compared with patients with the lowest score. A test for time
dependence in Schoenfeld residuals (PH test) was used to check the proportional hazards (PH)
assumption for Cox PH models. There was evidence that CD34+ violated the PH assumption (P 0.04),
so this variable was excluded from multivariate analysis.

In a multivariate comparison, recipients of PBSC graft Group C were significantly more likely to
experience an event following transplant (Table 3.20). The probability of GRFS was 120% lower in
Group C recipients (adj. HR 2.20; P <0.01) compared with Group A, with no difference in Group B (P
0.12). Higher HCT-CI scores were associated with an insignificant increased in the rate of GRFS (ad;.
1.56; P 0.08).

Table 3.19 Univariate effects on GRFS - PBSC graft group. Univariate hazard ratios (HR) from the Cox PH
model, with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH
test). P. val < 0.1 highlighted in yellow.

Term Ref Univariate
HR Lower Upper P.val PH test

Age at transplant 1.00 0.99 1.02 0.76 0.14
CD34+ dose 1.10 0.92 1.31 0.28 0.04
DCMV status Pos Neg 1.05 0.72 1.55 0.79 0.32
Donor age 1.00 0.99 1.02 0.84 0.89
Donor relationship UD RD 1.09 0.74 1.62 0.66 0.21
Sex mismatch Yes No 0.94 0.64 1.38 0.75 0.94
HCT-CI 1 0 0.86 0.44 1.68 0.66 0.12
HCT-CI 2 0 1.02 0.56 1.86 0.95 0.12
HCT-CI 3+ 0 1.50 0.93 2.42 0.10 0.12
MAC or RICRIC MAC 0.98 0.65 1.49 0.94 0.30
Patient sex Female Male  0.85 0.57 1.27 0.43 0.38
Patient CMV status Pos Neg 1.26 0.80 1.99 0.32 0.69
PBSC graft group B A 1.37 0.86 2.17 0.19 0.78
PBSC graft group C A 2.16 1.35 3.45 <0.01 0.78

Table 3.20 Multivariate effects on GRFS - PBSC graft group. Multivariate hazard ratios (Adj. HR) from the Cox
PH model, with 95% confidence interval (lower, upper), and significance test (P. val). P val < 0.1 highlighted in
yellow.

Term Ref Multivariate

Adj. HR Lower Upper P.val
Age at transplant 1.00 0.98 1.02 0.84
DCMV status Pos Neg 0.95 0.61 1.46 0.80
Donor age 1.00 0.98 1.02 0.90
Donor relationship UD RD 1.09 0.62 1.92 0.76
Sex mismatch Yes No 0.89 0.56 142 0.63
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Term Ref

Adj. HR
HCT-CI 1 0 0.92
HCT-CI 2 0 1.22
HCT-CI 3+ 0 1.56
MAC or RICRIC MAC 0.92
Patient sex Female Male 0.92
Patient CMV status Pos Neg 1.21
PBSC graft group B A 1.48
PBSC graft group C A 2.20

Multivariate

Lower Upper
0.46 1.84
0.64 2.31
0.95 2.57
0.58 1.46
0.58 1.44
0.73 2.01
0.91 2.40
1.32 3.65

3.9.1.2 Effects of graft composition on GRFS

The association between graft composition and the rate of GRFS was tested with the compositional
Cox PH model (Table 3.21). Compositional variables were expressed as additive log-ratios (ALR) with
the proportion of HSCs as the reference part. Clinical variables were included as additional covariates.

To test the significance of the association between the whole composition and GRFS, a likelihood-ratio
(LR) test was applied. This resulted in a p-value of 0.007, therefore | found evidence of significant
association between the rate of GRFS and the graft composition, beyond that attributable to other

variables.

In respect of the individual parts of the composition, the rate of GRFS decreased significantly as the
log-ratio of NK cells to HSCs increased (HR 1.32; P 0.05). The opposite was the case for monocytes,
where an increased proportion was associated with improved rates of GRFS (HR 0.68; P 0.01).

Table 3.21 Multivariate effects on GRFS - graft composition. Multivariate hazard ratios (Adj. HR) from the Cox
PH model, with 95% confidence interval (lower, upper), and significance test (P. val). Compositional variables

P.val
0.82
0.55
0.08
0.72
0.71
0.46
0.12

<0.01

expressed as additive log-ratios (alr). P. val < 0.1 highlighted in yellow.

Term Ref

Age at transplant

DCMV status Pos Neg
Donor age

Donor relationship UD RD
Sex mismatch Yes No
HCT-CI 1 0
HCT-CI 2 0
HCT-CI 3+ 0
MAC or RIC RIC MAC
Patient sex Female Male

Patient CMV status Pos Neg
alr NK vs HSC

alr T vs HSC

alr DC vs HSC

alr Lymph. progen. vs HSC

alr B vs HSC

alr Mixed M/DC vs HSC

alr M vs HSC

HR

1.00
0.89
1.00
1.19
0.85
1.03
1.50
1.96
0.89
0.86
1.22
1.32
1.14
1.35
1.04
0.88
0.90
0.68

Multivariate
Lower Upper
0.98 1.02
0.57 1.39
0.98 1.02
0.67 2.11
0.52 1.37
0.51 2.07
0.76 2.95
1.16 3.33
0.55 1.43
0.54 1.38
0.73 2.05
1.00 1.73
0.79 1.63
0.93 1.94
0.80 1.35
0.66 1.18
0.74 1.10
0.53 0.89
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0.49
0.94
0.25
0.01
0.63
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0.40
0.30
0.01



3.9.2 Overall survival

3.9.2.1 Effects of PBSC graft group on OS
The hazard A(t) of OS was regressed on clinical variables and PBSC graft groups using the Cox PH
model (Table 3.22).

Based on univariate estimates, recipients of PBSC graft groups B (HR 2.03; P 0.03) and C (HR 2.03; P
0.03) had a significantly lower rate of OS compared with group A. HCT-Cl scores of 3+ (HR 2.3; P 0.01)
were associated with a significant decrease in the OS rate compared to patients with the lowest score.

In a multivariate comparison, PBSC graft retained a significant effect on the survival rate (Table 3.23).
The rate of OS was 143% lower in Group B recipients (adj. HR 2.43; P 0.01) compared with Group A,
and 110% lower in Group C (adj. HR 2.1; P 0.04). The effect of HCT-CI was of a higher magnitude in the
multivariate comparison (adj. HR 3; P <0.01).

Information on in vivo T cell depletion was available at a later stage of project development. When OS
and GRFS were compared by type of depletion (Alemtuzumab/ATG), no significant differences were
observed (Appendix Figure C.14).

Table 3.22 Univariate effects on OS - PBSC graft group. Univariate hazard ratios (HR) from the Cox PH model,
with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH test). P.
val < 0.1 highlighted in yellow.

Variable Ref Univariate

HR  Lower Upper P.val. PH test
Age at transplant 1.01 0.99 1.03 0.33 0.20
CD34+ dose 1.03 0.83 1.28 0.77 0.78
DCMV status Pos Neg 1.2 0.72 2.01 0.48 0.33
Donor age 1.01 0.99 1.03 0.57 0.57
Donor relationship UD RD 0.87 0.52 1.45 0.59 0.24
Sex mismatch Yes No 1.2 0.71 2.02 0.49 0.64
HCT-CI 1 0 0.85 0.33 2.16 0.73 0.27
HCT-CI 2 0 1.18 0.52 2.7 0.70 0.27
HCT-CI 3+ 0 2.3 1.27 4.14 0.01 0.27
MAC or RICRIC MAC 1.43 0.8 2.57 0.23 0.83
Patient sex Female Male 1.06 0.63 1.77 0.83 0.93
Patient CMV status Pos Neg 1.91 0.97 3.78 0.07 0.53
PBSC graft group B A 2.03 1.11 3.72 0.03 0.12
PBSC graft group C A 2.03 1.08 3.83 0.03 0.12

Table 3.23 Multivariate effects on OS - PBSC graft group. Multivariate hazard ratios (Adj. HR) from the Cox PH
model, with 95% confidence interval (lower, upper), and significance test (P. val). P. val < 0.1 highlighted in
yellow.

Variable Ref Multivariate

HR  Lower Upper P.val.
Age at transplant 1 0.98 1.03 0.74
CD34+ dose 0.95 0.75 1.2 0.66
DCMV status Pos Neg 0.93 0.51 1.7 0.82
Donor age 0.99 0.96 1.02 0.51
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Variable

Donor relationship UD
Sex mismatch Yes
HCT-CI 1

HCT-CI 2

HCT-CI 3+

MAC or RICRIC

Patient sex Female
Patient CMV status Pos
PBSC graft group B
PBSC graft group C

MAC
Male
Neg

A
A

HR
0.83
1.04
0.91
1.66
3
1.4
1.1
2
2.43
2.1

Multivariate
Lower Upper
0.37 1.86
0.57 1.91
0.35 2.35
0.68 4.04
1.57 5.72
0.74 2.66
0.61 1.99
0.93 4.32
1.28 4.63
1.05 4.18

3.9.2.2 Effects of graft composition on OS

The association between graft composition and the rate of OS was tested with the compositional Cox
PH model (Table 3.24). Compositional variables were expressed as additive log-ratios with the
proportion of HSCs as the reference part. Clinical variables were included as additional covariates.

An LR test indicated significant evidence (P 0.003) of an association between the rate of OS and the

P. val.
0.65
0.90
0.84
0.27

<0.01
0.31
0.75
0.09
0.01
0.04

whole composition, beyond that attributable to other variables.

In respect of the individual parts of the composition, the rate of OS decreased significantly as the ratio
of NK cells to HSCs increased (adj. HR 1.86; P <0.01). The opposite was observed for the proportion of
lymphoid progenitor cells (adj. HR 0.73; P 0.06), and monocytes (adj. HR 0.73; P 0.06) where an
increase in the proportion was associated with improved survival, however this did not achieve

significance.

Table 3.24 Multivariate effects on OS - graft composition. Multivariate hazard ratios (Adj. HR) from the Cox
PH model, with 95% confidence interval (lower, upper), and significance test (P. val). Compositional variables

expressed as additive log-ratios (alr). P. val < 0.1 highlighted in yellow.

Variable

Age at transplant
CD34+ dose

DCMV status Pos
Donor age

Donor relationship UD
Sex mismatch Yes
HCT-CI 1

HCT-CI 2

HCT-CI 3+

MAC or RICRIC

Patient sex Female
Patient CMV status Pos
alr NK vs HSC

alr DC vs HSC

alr T vs HSC

alr B vs HSC

alr Mixed M/DC vs HSC

Ref Multivariate
Adj. HR Lower Upper P.val.
1 0.98 1.03 0.71
0.93 0.73 1.18 0.53
Neg 0.98 0.52 1.83 0.95
0.99 0.96 1.02 0.38
RD 0.84 0.38 1.86 0.67
No 1.04 0.53 2.02 0.91
0 0.93 0.34 2.57 0.90
0 2.28 0.89 5.84  0.09
0 4 1.98 8.06 <0.01
MAC 1.5 0.77 2.92 0.24
Male 1.03 0.55 1.95 0.92
Neg 1.97 0.89 439 0.10
1.86 1.29 2.69 <0.01
1.36 0.83 2.26 0.23
0.88 0.55 141 0.60
0.87 0.58 1.31 0.52
0.98 0.74 1.3 0.91
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Variable Ref Multivariate
Adj. HR Lower Upper P.val.
alr Lymph. progen. vs HSC 0.7 0.49 1.01 0.06
alr M vs HSC 0.73 0.52 1.01 0.06
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3.9.3 Relapse & transplant-related mortality

Overall and GvHD-free, relapse-free survival describe successful and unsuccessful responses to
therapy; however, they don’t provide insight into the causes of mortality or type of events
experienced. Next, the cumulative incidence of relapse, transplant related mortality (TRM), AGvHD
and CGvHD, were studied to see if they were associated with PBSC graft group and graft composition.

3.9.3.1 Effects of PBSC graft group on relapse & TRM

The subdistribution hazard Ai[’ (t) of relapse was regressed on clinical variables and PBSC graft groups
with the FG model (Table 3.25). This was repeated for TRM, the competing event (Table 3.26). A
significant subdistribution hazard ratio (HRsp) indicates a significant change in the cumulative
incidence (probability) of the event, however, the specific magnitude cannot be interpreted.

In univariate comparisons, there was no difference in relapse incidence by PBSC graft group (P > 0.05).
The incidence of TRM, however, was higher in Group B relative to Group A (HRsp 3.06; P 0.01). The
HRsp for Group C on TRM could not be reliably estimated due violation of the PH assumption (P 0.03).
Having a sex mismatched donor was associated with a decrease in relapse incidence (HRsp 0.46; P
0.05) but conversely an increase in TRM (HRsp 2.11; P 0.04). This indicates the protective effect of sex
mismatch on relapse may be determined by a higher rate of deaths from transplant related causes.

Table 3.25 Univariate effects on relapse — PBSC graft group. Univariate subdistribution hazard ratios (HRsp),
with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH test). P.
val < 0.1 highlighted in yellow.

Variable Ref Univariate

HRsp Lower Upper P.val. PH test
Age at transplant 0.98 0.96 1 0.09 0.37
CD34+ dose 1.2 0.91 1.57 0.20 0.20
DCMV status Pos Neg 0.75 0.37 1.54 0.44 0.59
Donor age 1 0.97 1.03 0.92 0.22
Donor relationship UD RD 0.55 0.27 1.1 0.09 0.50
Sex mismatch Yes No 0.46 0.21 0.99 0.05 0.39
HCT-CI 1 0 0.88 0.25 3.1 0.85 0.66
HCT-CI 2 0 0.93 0.26 3.33 0.91 0.08
HCT-CI 3+ 0 1.98 0.9 4.35 0.09 0.80
MAC or RICRIC MAC 0.8 0.38 1.66 0.55 0.58
Patient sex Female Male 0.75 0.36 1.56 0.44 0.59
Patient CMV status Pos Neg 1.24 0.54 2.85 0.61 0.43
PBSC graft group B A 0.89 0.36 2.16 0.79 0.83
PBSC graft group C A 1.47 0.65 3.31 0.36 0.18

Table 3.26 Univariate effects on transplant-related mortality — PBSC graft group. Univariate subdistribution
hazard ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and
proportional hazards test (PH test). P. val < 0.1 highlighted in yellow.

Variable Ref Univariate
HRsp Lower Upper P.val. PH test
Age at transplant 1.03 0.99 1.06 0.13 0.44
CD34+ dose 0.93 0.7 1.22 0.58 0.85
DCMV status Pos Neg 1.61 0.81 3.23 0.18 0.30
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Variable Ref Univariate
HRsp Lower Upper P.val. PH test

Donor age 1 0.98 1.03 0.78 0.42
Donor relationship UD RD 1.53 0.73 3.21 0.26 0.51
Sex mismatch Yes No 2.11 1.04 4.3 0.04 0.77
HCT-CI 1 0 091 0.27 3.08 0.88 0.38
HCT-Cl 2 0 1.13 0.38 3.37 0.83 0.93
HCT-CI 3+ o 1.77 0.78 4.02 0.17 0.10
MAC or RICRIC MAC 2.18 0.9 5.28 0.08 0.63
Patient sex Female Male 1.37 0.69 2.69 0.37 0.56
Patient CMV status Pos Neg  1.65 0.68 3.99 0.27 0.81
PBSC graft group B A 3.06 1.35 6.92 0.01 0.79
PBSC graft group C A 2.24 0.92 5.46 0.08 0.03

In a multivariate comparison, no variables retained a significant association with the incidence of
relapse (Table 3.27). There was an insignificant increase in relapse incidence in recipients of PBSC graft
Group C (adj. HRsp 2.17; P 0.09). Whereas patients with a sex mismatched (adj. HRsp 0.47; P 0.09) or
unrelated donor (adj. HRsp 0.37; P 0.07) were associated with an insignificant decrease in relapse
incidence.

In contrast, the incidence of TRM was significantly different between clinical and PBSC graft groups
(Table 3.28). Receiving a graft from PBSC graft Group B was associated with an increase in TRM
incidence (adj. HRsp 3.45; P 0.01). Whereas the impact of Group C on TRM could not be reliably
estimated due to violation of the PH assumption (P 0.04). Having an HCT-CI score of 3+ was also
associated with increased TRM incidence (adj. HRsp 3.53; P 0.02).

Table 3.27 Multivariate effects on relapse - PBSC graft group. Multivariate subdistribution hazard ratios (Adj.
HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH
test). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 0.98 0.95 1.02 0.30 0.40
CD34+ dose 1.12 0.81 1.54 0.49 0.26
DCMV status Pos Neg 0.63 0.27 1.43 0.27 0.62
Donor age 0.99 0.94 1.04 0.61 0.16
Donor relationship UD  RD 0.37 0.13 1.09 0.07 0.53
Sex mismatch Yes No 0.47 0.2 1.14 0.09 0.47
HCT-CI 1 0 1.07 0.26 4.46 0.92 0.60
HCT-CI 2 0 1.29 0.32 5.21 0.72 0.09
HCT-CI 3+ 0 191 0.81 4.52 0.14 0.80
MAC or RICRIC MAC 1.07 0.47 2.47 0.87 0.51
Patient sex Female Male 0.85 0.36 2.03 0.72 0.54
Patient CMV status Pos Neg @ 1.75 0.6 5.08 0.30 0.52
PBSC graft group B A 1.1 0.44 2.76 0.84 0.87
PBSC graft group C A 2.17 0.9 5.27 0.09 0.20
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Table 3.28 Multivariate effects on transplant-related mortality - PBSC graft group. Multivariate
subdistribution hazard ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val)
and proportional hazards test (PH test). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 1.02 0.98 1.05 0.40 0.47
CD34+ dose 0.93 0.68 1.29 0.68 0.89
DCMV status Pos Neg 1.6 0.68 3.77 0.28 0.37
Donor age 1 0.95 1.04 0.94 0.37
Donor relationship UD RD 2.16 0.57 8.19 0.26 0.59
Sex mismatch Yes No 1.76 0.76 4.07 0.19 0.66
HCT-CI 1 0 0.96 0.24 3.84 0.96 0.33
HCT-CI 2 0 1.33 0.46 3.79 0.60 0.95
HCT-CI 3+ 0 3.53 1.21 10.28 0.02 0.08
MAC or RICRIC MAC 1.83 0.67 4.96 0.24 0.58
Patient sex Female Male 1.19 0.59 2.4 0.62 0.50
Patient CMV status Pos Neg 1.26 0.45 3.53 0.66 0.72
PBSC graft group B A 3.45 1.39 8.58 0.01 0.77
PBSC graft group C A 1.67 061 457 0.32 0.04

3.9.3.2 Effects of graft composition on relapse & TRM

The association between graft composition and the incidence of relapse was tested with the
compositional FG model (Table 3.29). This was repeated for TRM, the competing event (Table 3.30).
Compositional variables were expressed as additive log-ratios with the proportion of HSCs as the
reference part. Clinical variables were included as additional covariates.

An LR test indicated significant evidence (P 0.02) of an association between the incidence of TRM and
the whole graft composition, beyond that attributable to other variables. However, no clear link with
relapse was observed (P 0.45).

In respect of the individual parts of the composition, none of the terms had a significant association
with relapse incidence (P > 0.05). There was an insignificant decrease in relapse incidence as the
proportion of monocytes increased relative to HSCs (adj. HRsp 0.6; P 0.09), with no apparent impact
on the incidence of TRM.

In contrast, several lineages impacted the incidence of TRM. The incidence of TRM was significantly
higher as the log-ratio of NK cells to HSCs increased (adj. HRsp 2.22; P <0.01). The opposite was
observed for the proportion of lymphoid progenitor cells (adj. HRsp 0.54; P <0.01) where an increased
proportion was associated with a reduction in TRM incidence.

Table 3.29 Multivariate effects on relapse - graft composition. Multivariate subdistribution hazard ratios (Adj.
HRsp), with 95% confidence interval (lower, upper), significance test (P. val), and proportional hazards test (PH
test). Compositional variables expressed as additive log-ratios (alr). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate
HRsp Lower Upper P.val. PH test
Age at transplant 0.99 0.95 1.02 0.50 0.43
CD34+ dose 1.08 0.75 1.54  0.68 0.23
DCMV status Pos Neg 0.65 0.26 1.62 0.36 0.65
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Variable Ref Multivariate
HRsp Lower Upper P.val. PH test

Donor age 0.98 0.93 1.04 0.52 0.17
Donor relationship UD RD 0.36 0.11 1.13 0.08 0.46
Sex mismatch Yes No 0.4 0.15 1.11 0.08 0.43
HCT-CI 1 0 1.16 0.27 5.05 0.84 0.57
HCT-Cl 2 0 1.8 0.35 9.25 0.48 0.06
HCT-CI 3+ 0 279 1.02 7.64 0.05 0.73
MAC or RICRIC MAC 1.05 0.46 2.43 0.90 0.50
Patient sex Female Male 0.73 0.29 1.86 0.51 0.54
Patient CMV status Pos Neg 1.78 0.6 5.26 0.30 0.53
alr DC vs HSC 1.67 0.81 3.45 0.16 0.53
alr Lymph. progen. vs HSC 1.19 0.68 2.08 0.54 0.61
alr NK vs HSC 1.11 0.68 1.81 0.67 0.43
alr T vs HSC 0.99 0.57 1.72 0.96 0.75
alr B vs HSC 0.91 0.46 1.8 0.79 0.82
alr Mixed M/DC vs HSC 0.81 0.54 1.21 0.31 0.13
alr M vs HSC 0.6 0.33 1.08 0.09 0.95

Table 3.30 Multivariate effects on TRM - graft composition. Multivariate subdistribution hazard ratios (Adj.
HRsb), with 95% confidence interval (lower, upper), significance test (P. val), and proportional hazards test (PH
test). Compositional variables expressed as additive log-ratios (alr). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 1.01 0.97 1.05 0.64 0.54
CD34+ dose 0.96 0.69 1.34 0.82 0.91
DCMV status Pos Neg 141 0.56 3.54 0.47 0.43
Donor age 0.99 0.94 1.05 0.81 0.30
Donor relationship UD RD 2.24 0.57 8.82 0.25 0.59
Sex mismatch Yes No 2.2 0.66 7.26 0.20 0.44
HCT-CI 1 0 0.77 0.17 3.44 0.73 0.32
HCT-Cl 2 0 131 0.43 3.99 0.63 0.88
HCT-CI 3+ 0 4.12 1.39 12.16 0.01 0.06
MAC or RICRIC MAC 2.4 0.95 6.11 0.07 0.61
Patient sex Female Male 0.86 0.34 2.15 0.74 0.35
Patient CMV status Pos Neg 1.09 0.35 3.41 0.88 0.74
alr NK vs HSC 2.22 1.4 3.54 <0.01 0.21
alr DC vs HSC 1.11 0.57 2.15 0.76 0.31
alr Mixed M/DC vs HSC 1.1 0.74 1.63 0.63 0.42
alr T vs HSC 0.97 0.5 1.9 0.94 0.46
alr M vs HSC 0.97 0.6 1.58 0.91 0.26
alr B vs HSC 0.76 0.46 1.24  0.27 0.50
alr Lymph. progen. vs HSC 0.54 0.35 0.84 <0.01 0.58
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3.9.4 AGvHD

3.9.4.1 Effects of PBSC graft group on AGvHD

The subdistribution hazard AﬁD (t) of AGVHD was regressed on clinical variables and PBSC graft groups
with the FG model (Table 3.31). This was repeated for death (without AGvHD), the competing event
for comparative purposes (Table 3.32).

None of the variables tested were significantly associated with incidence of AGvHD in univariate
comparisons (P > 0.05). There was an insignificant increase AGvHD incidence for recipients of PBSC
graft Group C (HRsp 2.02; P 0.06) and for patients receiving a graft from an unrelated donor (HRsp 1.84;
P 0.08). There was evidence that the MAC or RIC variable violated the PH assumption when tested on
AGVHD incidence (P 0.01), so was excluded from multivariate comparisons.

Table 3.31 Univariate effects on AGvVHD - PBSC graft group. Univariate subdistribution hazard ratios (HRsp),
with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH test). P.
val < 0.1 highlighted in yellow.

Variable Ref Univariate

HRsp Lower Upper P.val. PH test
Age at transplant 1.02 0.99 1.05 0.16 0.95
CD34+ dose 1 0.73 1.38 0.98 0.38
DCMV status Pos Neg 1.22 0.66 2.26 0.53 0.95
Donor age 1.01 0.99 1.03 0.43 0.39
Donor relationship UD RD 1.84 0.93 3.65 0.08 0.61
Sex mismatch Yes No 1.24 0.67 2.29 0.50 0.87
HCT-CI 1 0 124 0.46 3.34 0.66 0.35
HCT-CI 2 0 1.16 0.43 3.09 0.77 0.64
HCT-CI 3+ 0 131 0.61 2.85 0.49 0.67
MAC or RIC RIC MAC 1.12 0.58 2.15 0.74 0.01
Patient sex Female Male 1.09 0.58 2.03 0.80 0.40
Patient CMV status Pos Neg 1.25 0.6 2.6 0.55 0.50
PBSC graft group B A 0.97 0.44 2.12 0.93 0.31
PBSC graft group C A 2.02 0.98 4.17 0.06 0.22

Table 3.32 Univariate effects on Death (without AGvHD) - PBSC graft group. Univariate subdistribution hazard
ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and proportional
hazards test (PH test). P. val < 0.1 highlighted in yellow.

Variable Ref Univariate
HRsp Lower Upper P.val. PH test

Age at transplant 0.99 0.97 1.01 0.36 0.34
CD34+ dose 1.13 0.93 1.39 0.22 0.87
DCMV status Pos Neg  0.95 0.51 1.75 0.87 0.34
Donor age 1 0.98 1.02 0.96 0.74
Donor relationship UD RD 0.63 0.34 1.15 0.13 0.73
Sex mismatch Yes No 0.72 0.38 1.37 0.32 0.48
HCT-Cl 1 0 0.86 0.28 2.64 0.80 0.09
HCT-CI 2 0 0.83 0.29 2.36 0.72 0.66
HCT-CI 3+ 0 1.74 0.86 3.53 0.13 0.77
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Variable Ref Univariate
HRsp Lower Upper P.val. PH test

MAC or RIC RIC MAC 1.3 0.66 2.57 0.45 0.26
Patient sex Female Male 0.92 0.49 1.72 0.79 0.86
Patient CMV status Pos Neg 1.77 0.77 4.05 0.18 0.18
PBSC graft group B A 1.94 0.97 3.89 0.06 0.68
PBSC graft group C A 1.29 0.59 2.84 0.53 0.29

The association between PBSC graft Group C and AGvHD incidence was less certain in a multivariate
comparison (adj. HRsp 1.7; P 0.22). Whereas having an unrelated donor was associated with an
increase in the incidence of AGvHD (adj. HRsp 3.35; P 0.02) (Table 3.33). There was also a marginal
increase in AGvHD with older donors (adj. HRsp 1.03; P 0.09). Group B was not associated with AGvHD
incidence (adj. HRsp 0.93; P 0.87) but was linked with an increase in the competing risk, death (without
AGVHD) (adj. HRsp 2.5; P 0.01) (Table 3.34).

Table 3.33 Multivariate effects on AGvHD - PBSC graft group. Multivariate subdistribution hazard ratios (Adj.
HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH
test). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 1.01 0.98 1.04 0.54 0.96
CD34+ dose 1.01 0.75 1.35 0.97 0.42
DCMV status Pos Neg 1.08 0.53 2.19 0.84 0.96
Donor age 1.03 1 1.07 0.09 0.35
Donor relationship UD RD 3.35 1.17 9.56 0.02 0.58
Sex mismatch Yes No 1.09 0.44 2.67 0.86 0.86
HCT-CI 1 0 134 0.46 3.87 0.59 0.40
HCT-CI 2 0 1.29 0.43 3.87 0.65 0.68
HCT-CI 3+ 0 1.38 0.61 3.1 0.44 0.62
Patient sex Female Male 1.16 0.48 2.77 0.75 0.34
Patient CMV status Pos Neg 1.04 0.49 2.19 0.93 0.45
PBSC graft group B A 0.93 0.41 2.11 0.87 0.35
PBSC graft group C A 1.7 0.73 3.91 0.22 0.17

Table 3.34 Multivariate effects on Death (without AGvHD) - PBSC graft group. Multivariate subdistribution
hazard ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and
proportional hazards test (PH test). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 0.99 0.97 1.02 0.48 0.35
CD34+ dose 1.09 0.87 1.38 0.45 0.84
DCMV status Pos Neg 0.67 0.32 1.44 0.31 0.28
Donor age 0.98 0.94 1.02 0.29 0.80
Donor relationship UD RD 0.49 0.19 1.22 0.12 0.64
Sex mismatch Yes No 0.75 0.36 1.55 0.43 0.42
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Variable Ref Multivariate
HRsp Lower Upper P.val. PH test

HCT-Cl 1 0 1.06 0.33 3.43 0.92 0.09
HCT-CI 2 0 1.14 0.36 3.57 0.83 0.70
HCT-CI 3+ 0 1.91 0.88 4.11 0.10 0.77
Patient sex Female Male 0.86 0.42 1.77 0.68 0.90
Patient CMV status Pos Neg  2.26 0.85 6.02 0.10 0.19
PBSC graft group B A 2.5 1.21 5.17 0.01 0.71
PBSC graft group C A 1.64 0.72 3.7 0.24 0.32

3.9.4.2 Effects of graft composition on AGvHD

The association between graft composition and the incidence of AGvHD was tested with the
compositional FG model (Table 3.35). This was repeated for death (without AGvHD), the competing
event, for comparative purposes (Table 3.36). Compositional variables were expressed as additive log-
ratios with the proportion of HSCs as the reference part. Clinical variables were included as additional
covariates.

An LR test indicated no evidence (P 0.77) of an association between the incidence of AGvHD and the
whole composition, beyond that attributable to other variables. Concerning the individual parts of the
composition, none of the terms had a significant association with AGvHD incidence (P > 0.05). The
incidence of death (without AGvHD) rose significantly as the log-ratio of NK cells to HSCs increased
(adj. HRsp 1.71; P 0.01), but this did not influence the AGvHD incidence (adj. HRsp 0.9; P 0.68).

Table 3.35 Multivariate effects on AGvHD - graft composition. Multivariate subdistribution hazard ratios (Adj.
HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH
test). Compositional variables expressed as additive log-ratios (alr). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 1.01 0.98 1.04 0.50 0.95
CD34+ dose 1.01 0.71 1.43 0.95 0.40
DCMV status Pos Neg 0.93 0.43 2.02 0.85 0.95
Donor age 1.03 0.99 1.08 0.10 0.40
Donor relationship UD RD 3.77 1.22 11.64 0.02 0.61
Sex mismatch Yes No 1.13 0.46 2.77 0.79 0.87
HCT-CI 1 0 144 0.49 4.28 0.51 0.40
HCT-CI 2 0 1.32 0.42 4.14 0.63 0.63
HCT-CI 3+ 0 1.48 0.62 3.55 0.37 0.63
Patient sex Female Male 1.09 0.47 2.52 0.84 0.38
Patient CMV status Pos Neg 0.99 0.46 2.15 0.99 0.48
alr T vs HSC 1.46 0.75 2.84 0.26 0.13
alr DC vs HSC 1.13 0.61 2.09 0.69 0.27
alr Lymph. progen. vs HSC 1.06 0.65 1.75 0.81 0.19
alr Mixed M/DC vs HSC 1.01 0.73 1.41 0.95 0.11
alr M vs HSC 0.94 0.6 1.48 0.79 0.41
alr NK vs HSC 0.9 0.55 1.47 0.68 0.37
alr B vs HSC 0.76 0.47 1.24 0.28 0.55
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Table 3.36 Multivariate effects on Death (without AGvHD) - graft composition. Multivariate subdistribution
hazard ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and
proportional hazards test (PH test). Compositional variables expressed as additive log-ratios (alr). P. val < 0.1
highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 0.99 0.96 1.02 0.64 0.35
CD34+ dose 1.04 0.8 1.35 0.79 0.85
DCMV status Pos Neg 0.78 0.37 1.66 0.51 0.23
Donor age 0.98 0.94 1.01 0.20 0.78
Donor relationship UD RD 0.46 0.19 1.14 0.09 0.71
Sex mismatch Yes No 0.69 0.29 1.6 0.38 0.37
HCT-CI 1 0 1.07 0.31 3.62 0.92 0.07
HCT-CI 2 0 1.59 0.47 5.43 0.46 0.64
HCT-CI 3+ 0 241 1.05 5.55 0.04 0.70
Patient sex Female Male 0.78 0.36 1.69 0.53 0.91
Patient CMV status Pos Neg 2.63 0.87 7.97 0.09 0.20
alr NK vs HSC 1.71 1.13 2.6 0.01 0.94
alr B vs HSC 1.34 0.84 2.14 0.22 0.93
alr DC vs HSC 1.15 0.71 1.85 0.58 0.78
alr Mixed M/DC vs HSC 0.95 0.68 1.31 0.74 0.50
alr T vs HSC 0.73 0.42 1.25 0.25 0.97
alr Lymph. progen. vs HSC 0.73 0.48 1.1 0.13 0.97
alr M vs HSC 0.71 0.47 1.06 0.09 0.48
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3.9.5 CGvHD

3.9.5.1 Effects of PBSC graft group on CGvHD

The subdistribution hazard /1£D (t) of CGvHD was regressed on clinical variables and PBSC graft groups
with the FG model (Table 3.37). This was repeated for death (without CGvHD), the competing event
for comparative purposes (Table 3.38).

None of the variables tested were significantly associated with incidence of CGvHD in univariate
comparisons (P >0.05). There was a marginal decrease in CGvHD incidence for recipients with an HCT-
Cl score of 3+ (HRsp 0.36; P 0.1). However, this may be related to an increase in the competing risk
(HRsp 2.24; P 0.01). The incidence of death (without CGvHD) was also marginally higher for CMV
positive patients (HRsp 2.11; P 0.06). There was evidence patient gender violated the PH assumption
when tested on CGvHD incidence (P 0.02); as did PBSC graft Group C when tested on the competing
risk (P 0.03).

Due to the lack of univariate effects on the outcome of interest (CGvHD) and evidence of time-
dependence, the effect of PBSC graft group on CGvHD was not tested in a multivariate comparison.

Table 3.37 Univariate effects on CGvHD — PBSC graft group. Univariate subdistribution hazard ratios (HRsp),
with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH test). P.
val < 0.1 highlighted in yellow.

Variable Ref Univariate

HRsp Lower Upper P.val. PH test
Age at transplant 0.99 0.96 1.01 0.19 0.67
CD34+ dose 1.28 0.94 1.73 0.11 0.63
DCMV status Pos Neg 0.66 0.35 1.23 0.19 0.31
Donor age 0.99 0.97 1.02 0.63 0.80
Donor relationship UD RD 1.09 0.58 2.04 0.80 0.35
Sex mismatch Yes No 1.07 0.57 1.99 0.84 0.74
HCT-CI 1 0 1.33 0.52 3.38 0.55 0.14
HCT-CI 2 0 131 0.6 2.86 0.50 0.10
HCT-CI 3+ 0 0.36 0.11 1.2 0.10 0.69
MAC or RIC RIC MAC 0.69 0.36 1.3 0.25 0.05
Patient sex Female Male 1.14 0.61 2.13 0.69 0.02
Patient CMV status Pos Neg  0.81 0.42 1.57 0.53 0.39
PBSC graft group B A 0.94 0.45 1.97 0.86 0.28
PBSC graft group C A 1.24 0.58 2.65 0.57 0.23

Table 3.38 Univariate effects on Death (without CGvHD) — PBSC graft group. Univariate subdistribution
hazard ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and
proportional hazards test (PH test). P. val < 0.1 highlighted in yellow.

Variable Ref Univariate
HRsp Lower Upper P.val. PH test
Age at transplant 1.02 0.99 1.04 0.20 0.65
CD34+ dose 1 0.81 1.23 0.97 0.90
DCMV status Pos Neg 1.27 0.74 2.18 0.39 0.24
Donor age 1 0.98 1.03 0.74 0.51

Donor relationship UD RD 1.05 0.6 1.82 0.87 0.29
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Variable Ref Univariate
HRsp Lower Upper P.val. PH test

Sex mismatch Yes No 1.03 0.59 1.8 0.91 0.42
HCT-CI 1 0 0.68 0.23 2.04 0.49 0.13
HCT-CI 2 0 0.89 0.33 2.38 0.82 0.30
HCT-CI 3+ 0 224 1.22 4.11 0.01 0.74
MAC or RICRIC MAC 1.47 0.79 2.74 0.22 0.31
Patient sex Female Male 0.98 0.57 1.7 0.95 0.84
Patient CMV status Pos Neg  2.11 0.98 4.53 0.06 0.32
PBSC graft group B A 1.75 0.89 3.42 0.10 0.59
PBSC graft group C A 2.07 1.1 3.89 0.02 0.03

3.9.5.2 Effects of graft composition on CGvHD

Using a log-contrast FG model, the effects of graft composition on the incidence of CGvHD were tested
(Table 3.39). The effects on death (without CGvHD), the competing risk, are also shown for
comparative purposes (Table 3.40). Compositional variables were expressed as additive log-ratios
with the proportion of HSCs as the reference part. Clinical variables were included as additional
covariates.

An LR test indicated no evidence (P 0.24) of an association between the incidence of CGvHD and the
whole composition, beyond that attributable to other variables.

In respect of the individual parts of the composition, an increase in the log-ratio of T cells to HSCs was
associated with an increase in CGvHD incidence (adj. HRsp 2.01; P 0.05). HCT-CI scores had opposite
effects on each competing risk, with a score of 3+ being associated with lower CGvHD incidence (adj.
HRsp 0.28; P 0.05) but conversely, a greater incidence of death (without CGvHD) (adj. HRsp 4.08; P
<0.01). There was an insignificant decrease in CGvHD incidence in patients with CMV positive donors
(adj. HRsp 0.48; P 0.08), with no corresponding change in the incidence of the competing risk (adj. HRsp
1.14; P 0.7).

PH tests indicated evidence of time-dependent effects between the mixed M/DC lineage and the
incidence of death (without CGvHD) (P 0.05), so the HRsp could not be reliably estimated.

Table 3.39 Multivariate effects on CGvHD - graft composition. Multivariate subdistribution hazard ratios (Ad;.
HRsbp), with 95% confidence interval (lower, upper), significance test (P. val) and proportional hazards test (PH
test). Compositional variables expressed as additive log-ratios (alr). P. val < 0.1 highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 0.99 0.95 1.02 0.45 0.87
CD34+ dose 1.42 0.99 2.05 0.06 0.50
DCMV status Pos Neg 0.48 0.22 1.08 0.08 0.47
Donor age 1.01 0.98 1.05 0.47 0.88
Donor relationship UD RD 1.42 0.56 3.58 0.46 0.33
Sex mismatch Yes No 1.16 0.57 2.38 0.69 0.74
HCT-Cl 1 0 1.65 0.62 4.4 0.32 0.19
HCT-CI 2 0 0.87 0.31 249 0.80 0.09
HCT-CI 3+ 0 0.28 0.08 1.02 0.05 0.57
MAC or RICRIC MAC 0.58 0.26 1.29 0.19 0.11
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Variable Ref Multivariate
HRsp Lower Upper P.val. PH test
Patient CMV status Pos Neg 1.01 0.42 239  0.99 0.43

alr T vs HSC 2.01 1.01 3.98 0.05 0.69
alr DC vs HSC 1.25 0.59 2.62 0.56 0.85
alr Lymph. progen. vs HSC 1.04 0.64 1.67 0.88 0.46
alr Mixed M/DC vs HSC 1.02 0.74 1.42 0.88 0.64
alr M vs HSC 0.88 0.59 1.33 0.55 0.17
alr B vs HSC 0.83 0.51 1.33 0.43 0.16
alr NK vs HSC 0.72 0.44 1.18 0.20 0.18

Table 3.40 Multivariate effects on Death (without CGvHD) - graft composition. Multivariate subdistribution
hazard ratios (Adj. HRsp), with 95% confidence interval (lower, upper), significance test (P. val) and
proportional hazards test (PH test). Compositional variables expressed as additive log-ratios (alr). P. val < 0.1
highlighted in yellow.

Variable Ref Multivariate

HRsp Lower Upper P.val. PH test
Age at transplant 1.01 0.98 1.03 0.64 0.69
CD34+ dose 0.87 0.68 1.12 0.28 0.87
DCMV status Pos Neg 1.14 0.59 2.19 0.70 0.23
Donor age 0.99 0.95 1.02 0.45 0.50
Donor relationship UD RD 1.09 0.44 2.67 0.85 0.41
Sex mismatch Yes No 0.85 0.42 1.73 0.65 0.66
HCT-Cl 1 0 0.72 0.21 2.41 0.59 0.10
HCT-CI 2 0 1.98 0.71 5.48 0.19 0.48
HCT-CI 3+ 0 4.08 1.88 8.87 <0.01 0.70
MAC or RICRIC MAC 1.52 0.74 3.16 0.26 0.28
Patient CMV status Pos Neg 2.09 0.83 5.24 0.12 0.32
alr NK vs HSC 2.09 1.41 3.1 <0.01 0.77
alr DC vs HSC 1.29 0.83 2.02 0.26 0.12
alr Mixed M/DC vs HSC 0.98 0.76 1.27 0.88 0.05
alr B vs HSC 0.91 0.61 1.34 0.62 0.93
alr T vs HSC 0.76 0.46 1.25 0.28 0.87
alr Lymph. progen. vs HSC 0.73 0.53 1.02 0.06 0.36
alr M vs HSC 0.67 0.47 0.95 0.02 0.49
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3.10 Summary

Graft composition associated with prognosis
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Figure 3.22 Graphical summary.

Cellular composition was highly variable between donors (185 PBSC grafts; 4,441,335 cells). The
majority of cells were identified as monocytes (~36%; IQR 20 - 51%), T cells (~¥28%; IQR 17 - 39%) and
B cells (~15%; IQR 10 - 23%). A smaller proportion of cells belonged to the DC (~3%; IQR 2 - 5%), NK
cell (~2%; 1 - 4%) and HSC (~2%; 1-4%) compartments. Around 1% (IQR 0 — 2%) of cells were DNAM-
1* lymphoid progenitor cells (Lin- CD344m DNAM-1* CXCR4* CD45RA") which were not anticipated prior
to this study. NKT and CLP cells each comprised < 0.1% of cells.

Cluster analysis for compositional data inferred the presence of three distinct groups of PBSC grafts
based on cellular composition (Figure 3.22). One large group, A (N = 80), and two smaller groups, B (N
=41) and C (N = 34). Group A was characterised by a relative abundance of monocytes and HSCs but
the lowest proportion of T and NK cells. Conversely, Group C had the highest proportion of T cells,
DNAM-1*lymphoid progenitor cells, and the least monocytes. Whereas Group B was associated with
an increased proportion of B and T cells with relatively few monocytes.

The probability of OS, GRFS, and TRM varied significantly between PBSC graft groups (P < 0.05).
Patients receiving grafts from Group A had the most favourable rate of GRFS (42%; Cl 33 — 55) and OS
(72%; Cl1 63-83) 2 years post-transplant. As well as the lowest TRM incidence (12%; CI 5 - 20). The TRM
incidence was more than double in Group B (35%; Cl 20 — 49) and C (28%; Cl 12 — 43). Group C also
had a higher incidence of GvHD of any kind. However, no difference in relapse incidence was observed
between the groups.

PBSC graft groups were defined by composition, however, donor factors, known to affect patient
prognosis, also varied between groups. Group A was donated by the youngest donors (median 34; IQR
24 — 48), the least of which were CMV-positive (43%). Group B had the oldest donors (median 41; IQR
29 - 51), a greater percentage of which were female (39%) but relatively few that were unrelated
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(51%). Whereas Group C had the most CMV positive (62%) unrelated donors (71%), and the lowest
percentage of female donors (23%).

Survival and competing event analysis was used to test the effect graft group and composition had on
outcomes following allo-HSCT. All associations noted below were significant in a multivariate
comparison (P <0.05) except where it is stated otherwise.

Regressing outcomes on the PBSC graft groups (with Group A as the reference group) indicated Group
B was associated with a lower rate of OS and a higher probability of TRM. However, no difference was
observed in the incidence of AGvHD, CGvHD, or relapse. This suggests the increase in TRM in Group B
may be related to other causes of TRM.

Group C was associated with a lower rate of both OS and GRFS. Whilst an insignificant univariate
increase in AGvHD was observed, this effect was less clear after adjusting for other factors such as
donor age and relationship. There was also an insignificant increase in relapse incidence (P 0.09) in
this group. Due to violation of the PH assumption, the relationship between Group C and TRM could
not be tested.

| found evidence of a significant association between the whole composition of grafts and the rate of
both GRFS and OS, beyond that attributable to other variables. Moreover, there was also an
association between graft composition and the incidence of TRM.

Concerning the individual parts of the composition, several lineages were found to be predictive of
patient prognosis (Figure 3.22). An increase in the proportion of T cells relative to HSCs was
associated with greater CGvHD incidence. A greater proportion of NK cells relative to HSCs was
associated with lower rates of OS and GRFS and increased TRM incidence; however, no impact was
observed on the incidence of relapse or GvHD.

Whereas a greater proportion of monocytes relative to HSCs was associated with improvements in
the GRFS rate, an insignificant increase in OS (P 0.06) and a decrease in relapse incidence (P 0.09).
The proportion of DNAM-1* lymphoid progenitors relative to HSCs also had a protective effect on
the incidence of TRM whilst being associated with a trend towards improved OS (P 0.06).

Several clinical variables had an association with prognosis. HCT-Cl scores > 3 were associated with
lower rates of OS and GRFS and an increase in the incidence of relapse. Patients with a sex-
mismatched donor had a lower relapse incidence, but conversely an increase in the probability of
death from other causes. This suggests the protective effect on relapse may be due to an increase in
the competing event. The relapse incidence was higher for patients when their donor was unrelated,
and a marginal increase in AGvHD was observed with older donors and CMV-positive donors.

In summary, the cellular composition of grafts was highly variable between donations. The
differences were sufficient to define three distinct groups of PBSC grafts, which were associated with
significant differences in patient prognosis. Grafts from Group A, with a high proportion of
monocytes and HSCs but relatively few T and NK cells, had the most favourable outcomes. In
contrast, grafts from Group B and C which contained relatively few monocytes, but a higher
proportion of lymphocytes had worse outcomes. The composition of grafts was shown to have a
significant impact on prognosis. Concerning the individual lineages, a greater proportion of T cells
(relative to HSCs) was predictive of increased CGvHD incidence. An increase in the proportion of NK
cells was associated with lower rates of OS, GRFS, and higher TRM. Whereas monocytes and DNAM-
1* lymphoid progenitors had a protective effect on the rate of GRFS and incidence of TRM,
respectively.
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4 Post-transplant serum protein study

4.1 Introduction

A large number of studies have identified the association of serum proteins with prognosis for allo-
HSCT recipients (118). In collaboration with Kriti Verma, Wayne Croft, and Paul Moss, this chapter
studies a set of candidate prognostic biomarkers identified in the sera of recipients on the 14" day
following transplantation.

A prospective cohort of 154 allo-HSCT recipients was recruited between 2009 and 2017. On the 14
day post-transplant (Day-14), Kriti Verma collected serum samples and conducted OLINK proteomics
analysis to determine the relative concentration of 92 inflammation-related proteins (338). Individuals
within the cohort were followed up for a median of 3 years after transplantation (Cl 1.98-3.9).

Wayne Croft conducted a differential protein expression analysis using this cohort. Differential
expression analysis compared recipients who experienced an event (AGvHD (grade II-IV), CGVHD,
relapse, and mortality) at any time during the follow-up period with those that were censored. After
controlling for the multiple testing burden, this identified a subset of 19 proteins that were
differentially expressed between event groups. As samples were taken at an early time point, these
proteins could be useful prognostic biomarkers of patient prognosis.

My contribution to the study involved estimating the probability of clinical endpoints (time-to-event
outcomes) and developing statistical models to test the impact these candidate biomarkers had on
patient prognosis.

This chapter begins by providing an overview of the differential protein expression analysis, in Section
4.2. Next, Section 4.3 details the cohort information and pre-processing. The next two sections focus
on the use of survival analysis to analyse OS, Section 4.4, and GRFS, Section 4.5. This is followed by
the use of competing risks analysis to study the dynamics of NRM and RM, in Section 4.6. Followed by
competing risks analysis of secondary endpoints including relapse, AGvHD, and CGvHD in Sections 4.8,
4.9 and 4.10 respectively.

4.2 Differential expression analysis

This section summarises the findings of Kriti Verma and Wayne Croft which motivated the analysis in
this chapter. As illustrated in Figure 4.1, a subset of 10 proteins measured on Day-14 were shown to
be significantly upregulated in patients who did not survive during follow-up compared to those that
were censored at the time of evaluation.

CUB-domain-containing protein 1 (CDCP1), Programmed death ligand-1 (PD-L1), and Interleukin-
10 (IL-10) in particular showed the most significant increase. CDCP1 is a transmembrane molecule that
is expressed in metastatic colon and breast tumours as well as on the surface of haematopoietic stem
cells (385). PD-L1 is an immunosuppressive molecule that inhibits T cells by activating the PD-1 / PD-
L1 signalling pathway(386, 387) . IL-10is a cytokine that inhibits production of proinflammatory
cytokines and stimulates the proliferation and differentiation of thymocytes, mast cells, and B cells
(388).

In contrast to the other events tested where upregulation was predominantly observed, 5 proteins
were significantly downregulated on Day-14 in patients who relapsed during follow-up compared to
those that remained disease free. These included Interleukin-2 (IL2), Interleukin-6 (IL6), Interleukin-
17 (IL17C), matrix metalloproteinase-10 (MMP-10), and C-X-C motif chemokine ligand 10 (CXCL10),
with IL2 showing the most significant decrease in concentration. Both IL6 and CXCL10 in the plasma
have previously been validated as prognostic biomarkers for allo-HSCT recipients (181-183).
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IL-2 is a cytokine that promotes cytotoxic activity by CD8+ T cells and NK cells and is essential for the
development and maintenance of T-regs (389, 390). IL6 is a pro-inflammatory cytokine that regulates
the emergence of haematopoietic stem cells and has been linked with the parthenogenesis of AGvHD
(391, 392). IL17C is a cytokine that regulates innate immune responses (393). MMP-10 is an enzyme
required for the maintenance of a tumour-forming, stem-like population of cells in lung cancer
patients (394). CXCL10 is a chemokine implicated in a variety of diseases including immune
dysfunction, chronic inflammation, and cancer development (395).

Comparing patients diagnosed with AGvHD (grade II-IV) during follow-up to those that were censored
identified 6 proteins that were significantly upregulated at Day-14. C-C motif ligand 23 (CCL23) and
Leukaemia Inhibitory Factor Receptor (LIF-R) showed the most significant upregulation. Whereas Fms
Related Receptor Tyrosine Kinase 3 Ligand was (FLT3L) was found to be downregulated at the same
time point. CCL23 is a biomarker of inflammation involved in the regulation of angiogenesis, the
formation of new capillaries from existing blood vessels (396, 397) . The ligand of LIF-R, LIF, is a
multifunctional cytokine with a wide variety of roles in inflammatory responses and differentiation of
leukaemia cells (398). FLT3L is a stem-specific growth factor essential for the survival of thymocytes
(399, 400) .

Repeating the analysis for patients diagnosed with CGvHD identified a single upregulated protein at
Day-14, Caspase-8 (CASP-8), which is a regulator of apoptosis and lymphocyte development and
homeostasis amongst other functions (401).
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Figure 4.1 Differentially expressed serum protein markers by clinical event. Results of differential protein
expression analysis of Day-14 serum protein levels stratified by clinical events Survival: Deceased (D) vs Alive
(A); Acute GVHD: Yes vs No; Relapse: Yes vs No; Chronic GvHD: Yes vs NO. Proteins labelled in red showed a
significant difference (p<0.05) by Man Whitney after Benjamini-Hochberg (BH) multiple testing correction.
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4.3 Data & pre-processing

Missing values were present in both the event data and patient information (Table 4.1 and Table 4.2).
Due to the relatively low number of patients missing event data (N = 9, 6%), these patients were
excluded. A complete-case strategy would have introduced a substantial bias if applied to the patient
information, as 61 patients (40%) had at least one missing value. Therefore, multiple imputations of
missing values were generated using the method described in Section 2.2.4.1.

The primary clinical endpoints defined were overall survival (OS), the time-to-death attributable to
any cause; GvHD-free, relapse-free survival, the time-to-first-event-onset (AGVHD (grade II-IV),
chronic GVHD, relapse, or death); non-relapse mortality (NRM), the time-to-death without prior
relapse; and relapse-related mortality (RM) the time-to-death preceded by a relapse or progression
of malignancy. Based on the time-to-event-onset, the secondary clinical endpoints were AGvHD (grade
[I-IV), CGvHD, and relapse.

The information available for subjects is summarised in Table 4.2. This set of variables will be referred
to as the clinical variables. In pre-processing, ages were divided by 10, and the sex of the donor was
encoded as the same sex as the recipient (sex match) or a mismatch (sex mismatch). GvHD prophylaxis
was encoded as either ciclosporin or ciclosporin combined with mycophenolate or methotrexate
(combination). Disease state at transplant was available but was excluded due to inconsistencies in
reporting (41 different descriptions). T cell and mononuclear cell doses were missing for more than
40% of patients so were also excluded.

Table 4.1 Summary of cohort clinical endpoints prior to exclusion of subjects with missing data.

Variable Group Overall Missing (%)
N 154
AGVHD (%)  Censored 88 (59.1) 3.2
Yes 61 (40.9)
CGVHD (%) Censored | 122(81.3) 2.6
Yes 28 (18.7)
Relapse (%) Censored 105 (70.5) 3.2
Yes 44 (29.5)
Death (%) Censored 100 (65.8) 1.3
Yes 52 (34.2)

Table 4.2 Summary of cohort characteristics and clinical endpoints.

Variable Group Overall Missing (%)

N 145

Age at transplant (median [IQR]) 52.0[43.0,61.0] O

CD34+ dose (cells x10°; median [IQR]) 5.0[4.3,5.9] 3.4

Donor age (median [IQR]) 33.0[25.0,47.5] 34.5

Diagnosis (%) Lymphoid 44 (30.3) 0
Myeloid 101 (69.7)

GVHD prophylaxis (%) Ciclosporin 98 (67.6) 0
Combination 47 (32.4)

HLA mismatch status (%) No 102 (88.7) 20.7
Yes 13 (11.3)
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Patient sex (%) Female 51 (35.2) 0

Male 94 (64.8)

RIC (%) No 60 (41.4) 0
Yes 85 (58.6)

Sex matched donor (%) No 63 (44.1) 1.4
Yes 80 (55.9)

HCT-CI (%) 0 46 (40.0) 20.7
1 14 (12.2)

27 (23.5)

>3 28 (24.3)

TBI No 118 (81.4) 0
Yes 27 (18.6)

AGVHD (%) Censored 88 (60.7) 0
Yes 57 (39.3)

CGVHD (%) Censored 117 (80.7) 0
Yes 28 (19.3)

Relapse (%) Censored 102 (70.3) 0
Yes 43 (29.7)

Death (%) Censored 97 (66.9) 0
Yes 48 (33.1)

Competing fatal events (%) Censored 97 (66.9) 0
NRM 28(19.3)
RM 20 (13.8)

Regression analysis was restricted to proteins identified by Wayne Croft as being differentially
expressed by event; these will be referred to as the protein variables. The protein variables are
summarised in Table 4.3 along with the outcome with which they were differentially expressed.

The protein variables are measured in Normalized Protein eXpression (NPX), an arbitrary unit on a
log2 scale. NPX is a relative measure of protein concentration between subjects within this cohort, as
such NPX values for different proteins are not directly comparable and will vary between studies. Olink
Proteomics provide a hypothetical example where an NPX of 10 for one particular analyte could
correspond to a concentration of 10%pg/mL, however, for a second analyte an NPX of 10 corresponds
to a concentration of 10%pg/mL(402). This discrepancy in scale could lead to difficulties in the
interpretation of effect size estimates.

NPX values were therefore standardised (std-NPX) by subtracting the mean and dividing by the
standard deviation. As a result, effects in the regression analysis are estimated in standard deviations
away from the average observed NPX value.

Table 4.3 Proteins identified as differentially expressed by outcome group. Protein names, NPX values before
and after standardisation, and outcome for which differential expression was observed. Proteins were
uniformly upregulated in the outcome group, except those marked ..

Protein NPX Standardised NPX Median [IQR] = Outcome
Median [IQR]

ARTN 0.8[0.7,1.1] -0.2 [-0.5, 0.5] aGvHD, Survival

CASP-8 4.5[3.6, 5.5] 0.0[-0.6, 0.7] cGvVHD, Survival

CCL20 6.5[5.9, 7.7] -0.3[-0.7, 0.4] Survival
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Protein NPX Standardised NPX Median [IQR] = Outcome
Median [IQR]
CcCL23 11.5[11.1,11.8] 0.1[-0.8,0.6] aGvHD
CcDCP1 4.5[4.1,5.0] 0.1[-0.5,0.7] Survival
CSF-1 10.6 [10.5,10.7]  0.0[-0.5,0.5] Survival
CXCL10 10.0[9.2, 10.6] 0.0 [-0.7,0.5] Relapse , Survival
Flt3L 11.0[10.4,12.2] -0.2[-0.7,0.8] aGvHDY,
IL-12B 3.7[3.0,4.8] -0.1[-0.7,0.7] aGvHD
IL-17C 2.401.9,2.9] -0.1 [-0.6, 0.4] Relapse,
IL10 5.1[4.7,5.9] -0.3 [-0.6, 0.3] Survival
IL18 10.3[9.8,10.9]  -0.1[-0.6,0.7] Survival
L2 0.9 (0.7, 1.0] -0.1[-0.7, 0.6] Relapse,
IL6 6.1[5.1,7.1] -0.2 [-0.7, 0.3] Relapsed,
LIF-R 4.5[4.3,4.7] 0.0 [-0.6,0.7] aGvHD
MMP-10 8.5[8.0,9.0] -0.1[-0.7, 0.5] Relapse,
NT-3 1.9[1.6,2.2] -0.1 [-0.6, 0.5] aGvHD
PD-L1 6.9 (6.7, 7.3] -0.2 [-0.7, 0.6] Survival
TNFRSF9 7.3 [7.0,7.7] 0.0 [-0.5, 0.5] Survival

4.4  Qverall survival

4.4.1 Overall survival function

The survival function was estimated to assess the probability of survival across the cohort. The overall
survival function S(t) gives the probability that a subject survives to a specified point in time, t,
following transplantation.

Based on the KM estimator, the probability of OS at one year was 0.82 (C1 0.76 - 0.89) which decreased
to 0.62 (Cl 0.62 - 0.79) after three years. However, the median OS time (S(t) = 0.5) wasn’t reached
until approximately 9.4 years (Cl 3.96 - Inf.). These values are illustrated as a survival curve in Fig. 4.2
and describe the probability of survival across the Day-14 cohort, irrespective of individual patient
characteristics.
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Figure 4.2 Overall survival. Kaplan-Meier estimate with a 95% confidence interval.

4.4.2 Univariate effects on OS
The hazard function h(t) of OS was regressed on the clinical and protein variables (Table 4.4). The
h(t) of OS is the probability of experiencing mortality at time t for a subject who has survived until
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that time. Hazard ratios (HR) represent the relative change in the hazard associated with a 1-unit
increase in a covariate. When the covariate in question is categorical, the HR represents the relative
change in the hazard compared to a reference group.

Of the clinical variables tested, RIC and having a sex-mismatched donor were associated (P < 0.05)
with a decrease in the rate of all-cause mortality. Increased concentrations of 1L18, PD-L1, CDCP1,
CCL23, TNFRSF9, and CSF-1 were associated with higher rates of mortality (P < 0.05) and CXCL10
concentrations had an insignificant deleterious effect (P < 0.1). Proportional hazard tests (PH tests)
based on Schoenfeld-type residuals indicated no violation of the PH assumption (Table 4.4).

Table 4.4 Univariate effects on overall survival — serum proteins. Univariate hazard ratios (HR) from the Cox
PH model, with 95% confidence interval (Cl), significance test (P. val) and proportional hazards test (PH test). P
<0.05 and P < 0.1 are highlighted in green and blue, respectively.

Variable Reference | HR | CI P val. | PH test
Age at transplant / 10 1.16 | (0.91-1.48) | 0.23 0.74
CD34+ dose 1.1 |(0.98-1.24) | 0.11 0.93
D.age/ 10 1.01 | (0.78 -1.3) 0.96 0.60
Diagnosis Myeloid Lymphoid | 1.07 | (0.58-1.97) | 0.83 0.98
GVHD prophyl. Combition | Ciclosporin | 1.27 | (0.71-2.27) | 0.42 0.90
P. sex Male Female 1.19 | (0.65-2.17) | 0.57 0.81
RIC Yes No 0.57 | (0.32-1.01) | 0.06 0.49
D. sex Mismatched Matched 0.5 | (0.27-0.92) | 0.03 0.21
HCT-Cl 1 HCT-CI 0 1.55 | (0.58-4.12) | 0.39 0.65
HCT-CI 2 HCT-CI 0 1.35| (0.57-3.16) | 0.50 0.65
HCT-CI 3+ HCT-CI 0 1.88 | (0.74-4.75) | 0.21 0.65
TBI Yes No 1.15 | (0.57-2.32) | 0.70 0.85
ARTN 1.02 | (0.79-1.31) | 0.89 0.58
CASP-8 1.15 | (0.86-1.55) | 0.34 0.63
CCL20 1.17 | (0.91-1.5) 0.22 0.90
CCL23 1.41 | (1.02-1.95) | 0.04 0.49
CDCP1 1.41 | (1.08-1.83) | 0.01 0.74
CSF-1 1.38 | (1.04-1.84) | 0.03 0.34
CXCL10 1.26 | (0.97-1.65) | 0.09 0.69
FIt3L 0.94 | (0.71-1.24) | 0.65 0.54
IL10 1.16 | (0.95-1.41) | 0.14 0.90
IL-12B 1.22 | (0.92-1.61) | 0.17 0.08
IL-17C 0.92 | (0.67-1.26) | 0.59 0.79
IL18 1.45 | (1.09-1.94) | 0.01 0.64
IL2 1.16 | (0.84-1.59) | 0.37 0.80
IL6 1.1 |(0.86-1.41) | 0.46 0.99
LIF-R 1.14 | (0.86-1.52) | 0.38 0.11
MMP-10 1.04 | (0.77 -1.4) 0.80 0.76
NT-3 1](0.76-1.33) | 0.98 0.24
PD-L1 144 | (1.11-1.88) | 0.01 0.33
TNFRSF9 1.36 | (1.02-1.82) | 0.04 0.32
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4.4.3 Variable selection for OS

Univariate hazard ratios are marginal effects without adjusting for other variables; therefore, a
multivariate model is required. However, the number of variables was prohibitively large given the
cohort size, therefore a variable selection strategy was employed to reduce the data dimension. | refer
the reader to Appendix B for an introduction to variable selection.

Determining which variables to include in multivariate analyses is an important decision that can
profoundly change the final interpretation of a prognostic study. Established risk factors need to be
accounted for so the use of prior knowledge is essential. However, given a limited cohort size, a
balance needs to be made between including relevant variables and ensuring a sensible events-per-
variable (EPV) ratio, a common holistic intended to limit model overfitting. Simulation studies indicate
an EPV ratio > 5 is desirable to limit overfitting to the observed data (361).

Univariate filtering involves selecting variables based on univariate or marginal effects of an arbitrary
significance (e.g., P < 0.1). This is a common and intuitive approach but may overlook effects that are
larger when observed in concert with over variables. Therefore, | chose to apply various variable
selection algorithms and compared the resulting models.

Variable selection was conducted with two regularisation strategies, the least absolute shrinkage and
selection operator (LASSO) and stepwise selection with the Akaike information criterion (AIC
selection). AIC selection was applied in both directions, starting from the null model (forward direction
(AIC fw)) and from all candidate variables (backward direction (AIC bw)). In addition, random survival
forest variable importance analysis (RSF) was applied, which is a machine learning algorithm. Each of
these methods has been utilised in biomarker discovery in allo-HSCT research (349-351) and applied
to OLINK proteomics data(352, 353).

All protein and clinical variables were included as candidate predictors of OS. The results of variable
selection analysis are summarised in Table 4.5 with variables ranked from most to least important
according to each algorithm. Univariate predictors (P < 0.1) are shown ordered by significance. AIC fw
and bw selected the same set of predictors, however with a different rank order. Notably, CDCP1 &
PD-L1 were selected as predictive of OS by all algorithms. Neither IL10 nor CD34+ had a univariate
association with OS but were identified by AIC selection and RSF as being predictive.

Table 4.5 Variable selection results for overall survival. Variables are ranked by order of importance according
to univariate filtering, LASSO, AIC selection, and RSF.

Univar. (P <0.1) LASSO AIC fw AIC bw RSF

PD-L1 CDCP1 PD-L1 CDCP1 TNFRSF9

IL18 PD-L1 RIC IL-17C IL18

CDCP1 Sex matched LIF-R CCL23

CSF-1 ARTN PD-L1 PD-L1

Sex matched CDCP1 ARTN Age at trans. / 10

CCL23 CD34+ dose  IL10 LIF-R

TNFRSF9 IL10 RIC CDCP1

RIC LIF-R CD34+ dose  IL2

CXCL10 IL-17C Sex matched IL-12B
CD34+ dose
IL10
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4.4.4 Model selection for overall survival

Variable selection resulted in a set of possible models for OS. An information theoretic approach can
be used to compare multiple models simultaneously to determine which resulted in the best fit given
the observed data.

The Bayesian Information Criterion (BIC) was developed to assess the fit of a regression model whilst
penalising models for greater complexity. Lower values of BIC indicate a better apparent fit after
penalisation. The difference in BIC between models (ABIC) indicates the level of evidence in favour of
the model the lower BIC. Suggested ABIC thresholds correspond to weak (0-2), positive (2-6), strong
(6-10) or very strong (10+) evidence in favour of the model with the lower BIC (360, 403).

The BIC and EPV ratio were calculated for each model and models were ranked from best to worst fit
(Table 4.6). The AlC-selected models resulted in the lowest BIC (BIC 416.05) with 9 variables (EPV
5.33). The LASSO model had an incrementally higher BIC (ABIC 2.76) but was far less complex (EPV 24).
Notably, both AIC and LASSO substantially improved model fit compared to selection based on
univariate effects (ABIC 17.34) and RSF (ABIC 26.92). Only one model, the RSF-selected model, had an
EPV <5 (EPV 4.36).

Based on these comparisons, variables selected by LASSO were used for model development. The final
model for OS was fitted adjusting for age, HCT-CI score, and clinical variables with a univariate
association with OS (P < 0.1) (Sex matched and RIC). When these variables were included as additional
covariates the EPV was 6 and BIC was 427.17.

Table 4.6 Model selection for overall survival. Bayesian information criterion (BIC) and events-per-variable
(EPV) ratio by variable selection algorithm, with the number of variables (N var.), degrees of freedom (DF), and
difference in BIC (ABIC).

Algorithm Nvar. DF BIC ABIC  EPV

AIC fw/bw 9 9 416.05 0.00 5.33
LASSO 2 2 41881 2.76 24.00
Univar. 9 9 43339 1734 533
RSF 11 11 442,97 2692 4.36

4.4.5 Multivariate effects on OS
The impact of selected variables on the rate of OS was tested using a multivariate CoxPH model (Figure
4.3). Adjusted hazard ratios (adj. HR) are multivariate estimates adjusting for other covariates.

Increased concentrations of PD-L1 (adj. HR 1.41; Cl 1.01 - 1.97; P 0.05) retained a significant effect on
the survival rate in the multivariate comparison. Thus, a 1 std-NPX increase in PD-L1 expression on the
14" day post-transplant was associated with a 41% increase in the mortality rate. The effect of CDCP1,
however, was no longer significant (adj. HR 1.28; C1 0.94 - 1.75; P 0.13).

Higher HCT-CI scores, an established risk score for allo-HSCT patients, were associated with an
insignificant increase in mortality rates. The adj. HR for an HCT-Cl score of 3+ was 1.71 (Cl 0.69 - 4.25;
P 0.26) compared to those with the lowest score. In contrast, receiving a reduced intensity
conditioning regimen (RIC) resulted in a significant protective effect (adj. HR 0.44; Cl 0.23 - 0.83; P
0.02), as did having a sex mismatched donor (adj. HR 0.53; Cl 0.28 - 0.99; P 0.05).

These findings suggest patients with higher concentrations of PD-L1 in the serum on Day-14 were
associated with higher rates of all-cause mortality in this cohort. Whereas individuals had improved
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chances of survival if they were subject to a RIC regimen or received transplanted cells from a donor
of the opposite sex.

Variable HR Cl Adj.HR Adj.Cl
Age at transplant/ 10 1.16 (0.91 - 1.48) 1.07 (0.81-14) —
D. sex Matched

D. sex Mismatched 0.5 (0.27-0.92) 0.53 (0.28-0.99) —_—

HCT-CI O

HCT-CI 1 155 (0.58-4.12) 1.39 (0.46-4.17)

HCT-CI 2 1.35 (0.57-3.16) 1.61  (0.7-3.69)

HCT-CI 3+ 1.88 (0.74-4.75) 1.71 (0.69 -4.25)

RIC No

RIC Yes 0.57 (0.32-1.01) 0.44 (0.23-0.83)

PD.L1 144 (1.11-1.88) 141 (1.01-1.97) e —
CDCP1 1.41 (1.08-1.83) 1.28 (0.94-1.75) —

Coefficient

Figure 4.3 Overall survival associated serum proteins. Univariate (HR) and multivariate hazard ratios (adj.
HR) with a 95% confidence interval (Cl) based on the Cox PH model. Multivariate regression coefficients are
visualised as a forest plot.

4.5 GvHD-free, relapse-free survival

OS is a direct measure of clinical benefit that is unambiguous and easy to measure as the final endpoint
is the time of death. However, it requires a long length of follow-up and fails to capture ongoing
morbidity which profoundly impacts a patient’s quality of life.

The composite outcome of GRFS was developed to study the outcome of allogeneic-HSCT patients. It
represents the time to first-event onset including AGvHD (grade II-1V), CGvHD, relapse, or death. By
definition, GRFS events occur more quickly as it also includes non-fatal events that occur with a higher
frequency early after transplantation. As a result, GRFS requires a shorter follow-up and captures the
real recovery of patients without adverse events.

4.5.1 GvHD-free, relapse-free survival function

The GRFS(t) gives the probability of surviving event-free until a specified point in time, t, after
transplantation. The median GRFS time was 0.42 years (Cl 0.44 - 0.8, IQR 0.23 - 4.65) indicating that
only half of the patients remained event-free after the first four months. At one-year post-transplant
the probability of GRFS was 0.36 (Cl 0.29 - 0.46) which dropped only marginally to 0.28 (C1 0.21 - 0.37)
after three years as the majority of events occurred within the first 12 months of follow-up. The
probability of surviving event-free is illustrated as a survival curve in Fig. 4.4.
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Figure 4.4 GvHD-free, relapse-free survival. Kaplan-Meier estimate with a 95% confidence interval.
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4.5.2 Univariate effects on GRFS

The hazard function h(t) of GRFS was regressed on the clinical and protein variables (Table 4.7). The
hazard h(t) of GRFS is the probability of experiencing an event (AGvHD (grade II-1V), CGvHD, relapse,

10

or death) at time t for a subject who has survived event-free until that time.

Of the clinical variables, having a high HCT-CI score was associated (P < 0.05) with an increase in the
hazard of GRFS. Increased concentrations of CCL23 were associated with a higher rate of events (P <
0.05) and PD-L1 concentrations had a marginally deleterious effect (P < 0.1). PH tests indicated no
significant violation of the PH assumption.

Table 4.7 Univariate effects on GvHD-free, relapse-free survival — serum proteins. Hazard ratios (HR) with a
95% confidence interval (Cl) based on the Cox PH model. P < 0.05 and P < 0.1 are highlighted in green and blue,

respectively. Proportional hazards (PH) tests are shown for each variable.

Variable Reference | HR | Cl Pval. | PH test
Age at transplant / 10 1.12 | (0.94-1.32) | 0.21 0.60
CD34+ dose 1.06 | (0.95-1.19) | 0.30 0.09
D.age/ 10 1.08 | (0.93-1.26) | 0.33 0.07
Diagnosis Myeloid Lymphoid | 1.22 | (0.79-1.89) | 0.37 0.51
GVHD prophyl. Combition | Ciclosporin | 1.05 | (0.69 - 1.6) 0.82 1.00
P. sex Male Female 1.04 | (0.69-1.57) | 0.85 0.64
RIC Yes No 0.82 | (0.55-1.22) | 0.33 0.42
D. sex Mismatched Matched 0.87 | (0.58-1.31) | 0.52 0.53
HCT-CI 1 HCT-CI 0 1.27 | (0.65-2.49) | 0.49 0.93
HCT-CI 2 HCT-CIO 1.1](0.61-1.99) | 0.75 0.93
HCT-CI 3+ HCT-CIO 2|(1.14-3.52) | 0.02 0.93
TBI Yes No 1.21 | (0.73-2) 0.45 1.00
ARTN 1|(0.85-1.19) | 0.99 0.40
CASP-8 1.01 | (0.83-1.24) | 0.90 0.17
CCL20 1.09 | (0.91-1.31) | 0.36 0.15
CCL23 1.29 | (1.06-1.58) | 0.01 0.54
CDCP1 1.05 | (0.87-1.27) | 0.61 0.54
CSF-1 1.04 | (0.86-1.28) | 0.67 0.61
CXCL10 0.99 | (0.8-1.21) 0.90 0.76
FIt3L 0.91 | (0.74-1.11) | 0.34 0.16
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IL10 1.1 |(0.91-1.34) | 0.32 0.83
IL-12B 1.13 | (0.92-1.39) | 0.26 | 0.83
IL-17C 0.92 | (0.75-1.13) | 0.44| 0.68
IL18 1.14 | (0.93-1.4) | 0.21 0.29
IL2 0.96 | (0.77-1.21) | 0.76 | 0.28
IL6 0.96 | (0.79-1.17) | 0.71 0.13
LIF-R 1.08 | (0.89-1.31) | 0.46 | 0.69
MMP-10 0.87 | (0.71-1.08) | 0.21 0.99
NT-3 1.03 | (0.86-1.23) | 0.75 0.29
PD-L1 1.2 | (0.99-1.45) | 0.07 0.61
TNFRSF9 1.05 | (0.86-1.28) | 0.62 0.49

4.5.3 Variable selection for GRFS

A variable selection strategy was employed to determine which subset of variables to include in the
multivariate model of GRFS. All protein and clinical variables were included as candidate predictors of
GRFS. The results of variable selection analysis for GRFS are summarised in Table 4.8.

CCL23 & HCT-CI were selected by all algorithms as being predictive of GRFS. The results of RSF and
LASSO were the same except RSF selected two additional clinical variables, age at transplant and donor
age. HCT-CI and CCL23 were selected by AIC in both directions; however, AIC fw selected MMP-10
whereas backward selection favoured IL-17C, neither of which had a univariate effect on GRFS.

Table 4.8 Variable selection results for GvHD-free, relapse-free survival. Variables are ranked by order of
importance according to univariate filtering, LASSO, AIC selection, and RSF.

Univariate (P < 0.1) LASSO AIC fw AICbw RSF

CCL23 HCT-CI  HCT-CI IL-17C  HCT-CI
HCT-CI CCL23 CCL23 CCL23  Age at transplant / 10
PD-L1 MMP-10 HCT-CI CCL23

D.age/10

4.5.4 Model selection for GRFS

To determine which set of variable selection results to use for final model development, BIC and EPV
ratios were calculated for each possible model (Table 4.9). The LASSO selected variables achieved the
lowest BIC (BIC 854.70) and resulted in the least complex model (EPV 24.25). The AIC fw model had
an incrementally higher BIC (ABIC 1.14) with one additional variable, MMP-10 (EPV 19.40) indicating
weak evidence in favour of the LASSO model. There was positive evidence in favour of the LASSO
model when compared to the AIC bw (ABIC 2.16) and univariate selected models (ABIC 4.43), and
strong evidence against the results of RSF selection (ABIC 7.80) when compared to the LASSO model.
Thus, BIC indicated the LASSO selected model had the best performance at predicting this particular
set of outcome data.

GRFS events are relatively frequent compared with OS as it also describes non-fatal outcomes, as a
result, the EPV ratios were more favourable compared to those reported in Section 4.4.4. All of the
variable selection algorithms resulted in an EPV >10.

Given these comparisons, variables selected by LASSO were utilised for model development. When
age was included as an additional covariate the EPV was 19.4 and BIC was 858.3455.
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Table 4.9 Model selection for GvHD-free, relapse-free survival. Bayesian information criterion (BIC) and
events-per-variable (EPV) ratio by variable selection algorithm, with the number of variables (N var.), degrees
of freedom (DF), and difference in BIC (ABIC).

Variables Nvar. DF BIC ABIC EPV
LASSO 2 4 854,70 0.00 24.25

AIC fw 3 5 85584 1.14 1940
AIC bw 3 5 856.85 216 19.40
Univar. 3 5 859.13 4.43 19.40
RSF 4 6 86250 7.80 16.17

4.5.5 Multivariate effects on GRFS

The impact of selected variables on the rate of GRFS was tested using a multivariate CoxPH model (Fig.
5). Increased concentrations of CCL23 (adj. HR 1.3; CI 1.06-1.59; P 0.01) retained a significant effect
on the GRFS rate in the multivariate comparison. Suggesting a 1 std-NPX increase in CCL23 expression
at Day 14 was associated with a 30% increase in the rate of GvHD, relapse, or death. Higher HCT-CI
scores were also associated with a significant increase in the hazard of GRFS. For an HCT-Cl score of
3+ the adj. HR was 1.94 (Cl 1.16-3.6; P 0.01) compared to those with a score of 0.

Thus, the model indicates high concentrations of CCL23 in the serum 14 days post-transplant were
associated with increased rates of GvHD, relapse, or death. The HCT-Cl score, originally developed for
predicting all-cause mortality, may also be associated with the rate of GRFS.

Variable HR Cl AdjHR Adj.Cl

Age attransplant/ 10 1.12  (0.94 - 1.32) 1.09  (0.91-1.3) e
HCT-CI 0

HCT-CI 1 127 (0.65-2.49) 127 (0.64 - 2.55)

HCT-CI 2 11 (0.61-1.99) 1.07  (0.6-1.91)

HCT-CI 3+ 2 (1.14-352) 205 (1.16-3.6)

ccL23 129 (1.06 - 1.58) 13 (1.06 - 1.59) —

r T T T 1
-05 0 0.5 1 15
Coefficient

Figure 4.5 GvHD-free, relapse-free survival associated serum proteins. Univariate (HR) and multivariate
hazard ratios (adj. HR) with a 95% confidence interval (Cl) based on the Cox PH model. Multivariate regression
coefficients are visualised as a forest plot.
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4.6 Non-relapse and relapse-related mortality

Overall and GvHD-free, relapse-free survival describe successful and unsuccessful responses to
therapy; however, they don’t provide insight into the causes of mortality or type of events
experienced. Allo-HSCT can cure through the cytotoxicity of the conditioning regimen or through the
GvL effect. However, both effects are intrinsically linked to the toxicity of the therapy. It is therefore
important to estimate the association of candidate biomarkers with the various competing causes of
mortality.

The model development process was repeated in a competing risks framework with survival separated
into relapse-related mortality (RM, death following disease relapse) and non-relapse mortality (NRM,
death without disease relapse). Within the NRM group (N = 28), 14 subjects were diagnosed with
AGVHD and 6 with CGvHD, including 2 diagnosed with both forms. Whereas, in the RM group (N = 20),
all of whom relapsed, 4 also received a diagnosis of AGvHD, and 4 experienced CGvHD.

4.6.1 Cumulative incidence of RM and NRM

The cumulative incidence CIF(t) of RM and NRM were estimated for the Day-14 cohort (Figure 4.6).
This describes the probability of experiencing the event of interest, before time t, in subjects yet to
experience a competing event. The one-year incidence of RM was 0.07 (Cl 0.03 - 0.11) which rose
substantially after three years to 0.18 (C1 0.10-0.25). For NRM the one-year incidence was 0.11 (Cl 0.05
-0.16) and increased to 0.2 (Cl 0.12 - 0.28) three years after transplantation.

NRM — RM
0.5
0.4 4
0.31

0.2

0.1

Probability of an event

0.0

Years

Figure 4.6 Cumulative incidence of non-relapse and relapse-related mortality. Cumulative incidence
estimates with a 95% confidence interval.

4.6.2 Univariate effects on RM and NRM

The subdistribution hazard A3° (t) of RM and NRM were regressed on clinical and protein variables
with the FG model (Table 4.10). The A3 (t) equates to the probability of experiencing the event at
time t, for a subject who has survived until that time or who has experienced a competing event.
Subdistribution hazard ratios (HRsp) estimate the change in the A3 (t) per unit change in the variable
(or between groups).

As this resists an intuitive interpretation, estimates are often described in terms of the effect it has on
the cumulative incidence. A significant HRsp, indicates a significant change in the cumulative incidence
(probability) of the event, however, the specific magnitude cannot be interpreted.

Of the clinical variables, having a myeloid diagnosis was associated (P < 0.05) with an increase in the
incidence of RM. So too were increased concentrations of CDCP1, TNFRSF9, and LIF-R (P < 0.05). CCL23
concentrations also had an insignificant deleterious effect (P < 0.1). In contrast, IL-17C concentrations
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had a protective effect on RM incidence (P < 0.05). PH tests based on the cumulative sum of residuals
indicated IL-12B and IL2 violated the PH assumption (P < 0.05).

This was repeated for the NRM, the competing risk. Myeloid diagnosis (P 0.06) and having a sex-
mismatched donor (P 0.05) were associated with a decrease in the incidence of NRM, whereas NRM
incidence increased insignificantly with higher HCT-Cl scores (P 0.07). Increased concentrations of CSF-
1, IL12-B, CXCL10, and IL6 (P < 0.05) were also associated with increased NRM incidence and there
was an insignificant increase with higher PD-L1 and IL2 concentrations (P <0.1). PH tests indicated no
violation of the PH assumption.

Table 4.10 Univariate effects on relapse-related and non-relapse mortality — serum proteins. Subdistribution
hazard ratios (HRsp) with a 95% confidence interval (Cl) based on the FG model. P < 0.05 and P < 0.1 are
highlighted in green and blue, respectively. Proportional hazards (PH) tests are shown for each variable.

Relapse-related mortality Non-relapse mortality

Variable Reference HRsp Cl P val. PH test HRsp (o P val. PH test

Age at transplant / 10 1.29 | (0.86-1.94) 0.22 0.066 1.04 | (0.76-1.43) 0.8 0.276
CD34+ dose 1.1 | (0.95-1.27) 0.2 0.233 1.08 | (0.93-1.26) 0.32 0.122
D.age/ 10 1.02 | (0.67-1.56) 0.91 0.472 1| (0.75-1.32) 0.98 0.403
Diagnosis Myeloid Lymphoid 4.81 | (1.16-19.99) 0.03 0.387 0.49 | (0.24-1.03) 0.06 0.763
GvHD prophyl. Combination Ciclosporin 1.31 | (0.54-3.2) 0.55 0.305 1.21 | (0.58-2.53) 0.61 0.252
P. sex Male Female 1.76 | (0.63-4.89) 0.28 0.178 0.87 | (0.42-1.84) 0.72 0.379
RIC Yes No 0.52 | (0.22-1.23) 0.13 0.362 0.74 | (0.36-1.54) 0.42 0.437
D. sex Mismatched Matched 0.8 | (0.32-1.97) 0.63 0.065 0.4 | (0.17-0.94) 0.04 0.96
HCT-CI 1 HCT-CI 0 1.69 | (0.37-7.72) 0.5 0.346 1.21 | (0.3-4.87) 0.79 0.682
HCT-CI 2 HCT-CI 0 1.27 | (0.36-4.47) 0.71 0.218 1.26 | (0.42-3.75) 0.68 0.305
HCT-Cl 3+ HCT-CI 0 0.51 | (0.08-3.11) 0.46 0.542 2.88 | (0.95-8.77) 0.07 0.452
TBI Yes No 1.13 | (0.37-3.47) 0.83 0.226 1.15 | (0.49-2.7) 0.75 0.726
ARTN 1.03 | (0.78-1.37) 0.81 0.533 1.02 | (0.8-1.3) 0.9 0.717
CASP-8 1.27 | (0.89-1.81) 0.19 0.108 1.08 | (0.77-1.53) 0.65 0.295
CCL20 1.08 | (0.73-1.58) 0.7 0.515 1.21 | (0.9-1.62) 0.22 0.324
CCL23 1.51 | (0.97 - 2.36) 0.07 0.228 1.2 | (0.77-1.87) 0.43 0.822
CDCP1 1.84 | (1.24-2.73) <0.01 0.261 1.1 | (0.82-1.46) 0.53 0.342
CSF-1 1.02 | (0.66-1.58) 0.91 0.1 1.58 | (1.1-2.27) 0.01 0.125
CXCL10 1.03 | (0.73-1.44) 0.87 0.108 1.42 | (1.01-1.98) 0.04 0.89
FIt3L 0.85 | (0.6-1.2) 0.36 0.148 1.03 | (0.71-1.48) 0.89 0.458
IL10 1.2 | (0.8-1.78) 0.37 0.085 1.21 | (0.87-1.69) 0.25 0.158
IL-12B 0.96 | (0.74-1.26) 0.79 0.024 1.27 | (1.05-1.55) 0.02 0.333
IL-17C 0.62 | (0.38-0.99) 0.05 0.45 1.14 | (0.8-1.63) 0.46 0.171
IL18 1.36 | (0.91-2.02) 0.14 0.537 1.34 | (0.89-2.02) 0.16 0.206
L2 0.8 | (0.5-1.26) 0.33 0.005 1.45 | (0.93-2.26) 0.1 0.355
IL6 0.75 | (0.5-1.11) 0.15 0.081 1.35 | (1.01-1.79) 0.04 0.188
LIF-R 1.57 | (1.02-2.43) 0.04 0.23 0.89 | (0.62-1.28) 0.53 0.33
MMP-10 0.78 | (0.49-1.25) 0.3 0.232 1.26 | (0.86-1.85) 0.23 0.434
NT-3 1.02 | (0.68-1.52) 0.93 0.127 1 | (0.74-1.36) 0.99 0.196
PD-L1 1.29 | (0.88-1.89) 0.19 0.227 1.4 | (0.97-2.02) 0.07 0.068
TNFRSF9 1.5 | (1.03-2.18) 0.03 0.093 1.08 | (0.69-1.69) 0.75 0.085
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4.6.3 Variable selection for RM and NRM
A variable selection strategy was employed to determine which subset of variables to include in the
multivariate models. This was repeated for each competing event, RM and NRM.

Variable selection was conducted for RM and the results are summarised in Table 4.11. Both AIC and
RSF selected a relatively large number of variables, particularly when compared to the number of
variables found to have a univariate association with RM (P < 0.1). This was also true for LASSO,
however, all of the protein variables selected by LASSO had a univariate effect (P < 0.1) on RM. LASSO
selection indicated that concentrations of CDCP1, LIF-R, TNFRSF9, CCL23 were predictive of RM. IL-
17C was the only univariate predictor of RM excluded by LASSO. LASSO selection also indicated
diagnosis, HCT-CI, TBI, patient sex, age, and CD34+ dose should be retained in the RM model.

Table 4.11 Variable selection results for relapse-related mortality. Variables are ranked by order of
importance according to univariate filtering, LASSO, AIC selection, and RSF.

Univar. (P <0.1) LASSO RSF AIC fw AIC bw
Diagnosis CDCP1 TNFRSF9 Diagnosis Diagnosis
CDCP1 LIF-R CDCP1 TBI TBI
IL-17C CCL23 LIF-R TNFRSF9 TNFRSF9
LIF-R TNFRSF9 IL18 LIF-R LIF-R
CCL23 Diagnosis D. age /10 PD-L1 PD-L1
TNFRSF9 HCT-CI IL-17C D. age /10 D. age /10
TBI IL6 CCL20 CCL20
P. Sex CCL23 P. Sex P. Sex
CD34+ dose CD34+ dose GvHD Prophylaxis GvHD Prophylaxis
Age at transplant /10 NT-3 CD34+ dose CD34+ dose
CSF-1 CXCL10 CXCL10
MMP-10 ARTN ARTN
IL10 IL10
Sex matched Sex matched
IL18 IL18
HCT-CI HCT-CI
IL6 IL6
RIC RIC

When applied to select predictors of NRM (Table 4.12), a similar pattern emerged where AIC and RSF
selected a disproportionately large number of variables relative to the number of univariate
predictors. LASSO indicated that concentrations of IL6, IL2, IL10, CXCL10, and CSF-1 were predictive of
NRM. These protein variables were a subset of the univariate predictors of NRM (P < 0.1). LASSO also
indicated that HCT-Cl score and CD34+ dose were predictive of NRM.
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Table 4.12 Variable selection results for non-relapse mortality. Variables ranked by order of importance

according to univariate filtering, LASSO, AIC selection, and RSF.

Univar. (P <0.1) LASSO RSF AIC fw AIC bw
HCT-CI IL6 1L18 HCT-CI HCT-CI
D. sex matched IL2 IL2 GvHD Prophylaxis = GvHD Prophylaxis
Diagnosis PD-L1 PD-L1 IL6 IL6
CSF-1 IL10 HCT-CI IL18 IL18
IL2 CXCL10 Age at transplant /10 IL10 IL10
CXCL10 CSF-1 IL10 PD-L1 PD-L1
PD-L1 HCT-CI TNFRSF9 CXCL10 CXCL10
IL6 CD34+ dose = Diagnosis D. age /10 D. age /10
IL10 IL-17C CD34+ dose CD34+ dose
LIF-R TNFRSF9 TNFRSF9
IL6 ARTN ARTN
CCL23 D. sex matched D. sex matched
CXCL10 PSex PSex
CSF-1 CCL20 CCL20
IL-12B LIF-R LIF-R
RIC RIC
TBI TBI
Diagnosis Diagnosis

The total number of deaths (N = 48) is divided between each competing event, in this case, relapse-
related (N =20) and non-relapse mortality (N = 28). As a result, EPV ratios are substantially reduced.
Reducing model complexity is therefore a priority. In this sense none of the algorithms applied were
successful. Particularly in the case of AIC and RSF which selected a disproportionately large number of
variables, this could indicate the algorithms overfitting to noise variables. As a result, the AIC and RSF
results were discounted from onward analysis, and model selection was conducted focusing on the
results of univariate and LASSO selection.

4.6.4 Model selection for RM and NRM

To determine which set of variable selection results to use for final model development, BIC and EPV
ratios were calculated for each possible model of RM (Table 4.13) and NRM (Table 4.14). Multivariate
PH tests indicated IL2 and IL10 violated the PH assumption (P < 0.01; P 0.02) and were therefore
excluded.

For models of RM, univariate selection (P < 0.1) achieved the lowest BIC (BIC 178.88; EPV 3.33). LASSO
selection resulted in a substantially higher BIC (ABIC 15.96), indicating strong evidence in favour of the
simpler univariate selected model which included 3 fewer clinical variables but with the addition of IL-
17C. When NRM was the outcome, the univariate predictors also resulted in the lowest BIC (BIC
254.65, EPV 2.89). However, the BIC was only incrementally higher for the LASSO selected model (ABIC
3.17), indicating positive but not strong evidence in favour of the univariate selected model.

All of the models tested had unfavourable EPV ratios (< 5) indicating that the number of events
observed may be insufficient to estimate unbiased multivariate subdistribution hazard ratios in this
cohort. This is further compounded by the need to test the influence of serum proteins on both
competing risks.
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The model with the best predictive power for one competing event is likely to be distinct from that of
the competing cause of failure. As a result, the variable selection analysis selected a different set of
variables for RM and NRM. However, when analysing competing events, it is recommended that one
interprets the effect of variables on each competing event(223). This is because a change in the
subdistribution hazard for one event may be determined by a substantial change in the rate of the
competing risk.

A decision was made to use the variable selection method that identified the least protein variables,
LASSO selection. The effects were then compared to a model fitted based on univariate filtering to
ensure that the same conclusions would have been drawn. However, given the low EPV values that
resulted after combining variable selection results (EPV 1.25 for RM, EPV 1.63 for NRM), there is a high
risk of overfitting.

Table 4.13 Model selection for relapse-related mortality. Bayesian information criterion (BIC) and events-per-
variable (EPV) ratio by variable selection algorithm, with the number of variables (N var.) and difference in BIC
(ABIC).

Variables Nvar. BIC EPV ABIC

Univar. 6 178.88 3.33
LASSO 10 194.84 1.67 15.96
Clin. 10 201.31 1.67 22.43

Table 4.14 Model selection for non-relapse mortality. Bayesian information criterion (BIC) and events-per-
variable (EPV) ratio by variable selection algorithm, with the number of variables (N var.) and difference in BIC
(ABIC).

Variables Nvar. BIC EPV  ABIC
Univar. 7 254.65 2.89

LASSO 6 257.82 3.25 3.17
Clin. 10 263.35 2.17 8.69

4.6.5 Multivariate effects on RM and NRM

The impact of selected variables on the incidence of RM was tested using a multivariate FG model
(Table 4.15). The process was repeated for NRM (Table 4.15). The adjusted subdistribution hazard
ratios (adj. HRsp) are the multivariate estimates after adjusting for covariates. Given the low EPV ratios,
the adj. HRsp need to be interpreted with caution as there is a high probability of overfitting.

Increased CDCP-1 concentration was associated with an increase in the rate of RM (adj. HRsp 2.41; Cl
1.27 - 4.56; P 0.01) and an insignificant increase in NRM (adj. HRsp 1.26; Cl 0.85 — 1.94; P 0.29), as was
the case in the univariate comparison. Whereas higher concentrations of IL6 were associated with
lower rates of RM (adj. HRsp 0.47; C1 0.22 - 1; P 0.05) but had the opposite effect on NRM (adj. HRsp
1.5; CI 1 - 2.23; P 0.05); a similar insignificant trend was observed for CXCL10 expression when
regressed on RM (adj. HRsp 0.57; C1 0.32 - 1.02; P 0.06). However, it did not retain a significant effect
on NRM in the multivariate comparison (adj. HRsp 1.29; C1 0.76 - 2.2; P 0.341).

Whilst the direction of the effects of LIF-R remained the same, the significance changed substantially
between univariate and multivariate estimates. Higher concentrations of LIF-R were associated with
lower rates of NRM in the multivariate comparison (adj. HRsp 0.47; C1 0.28 - 0.77; P < 0.01). However,
this effect was not significant in the univariate test (HRsp 0.89, Cl 0.62 - 1.28, P 0.53). In contrast, LIF-
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R had an uncertain effect on RM in the multivariate model (adj. HRsp 1.48; Cl 0.66 - 3.33; P 0.345) but
had a univariate association with increased rates of RM (HRsp 1.57; CI 1.02 - 2.43; P 0.042).

Patients with an HCT-CI score of 3+ experienced higher NRM incidence (adj. HRsp 4.9; Cl 1.17 - 20.59;
P 0.04), as did those with increased CD34+ doses (adj. HRsp 1.24; Cl 1.02 - 1.49; P 0.03). Whereas
patients with a Myeloid diagnosis had lower rates of NRM (adj. HRsp 0.27; Cl 0.1 - 0.73; P 0.01)
compared to a Lymphoid diagnosis but higher rates of RM (adj. HRsp 8.35; Cl 1.87 — 37.32; P < 0.01).

These models suggest higher concentrations of CDCP1 in the serum at Day-14 post-SCT were
associated with increased incidence of RM. Moreover, IL6 and CXCL10 concentrations were linked
with protection from RM incidence but an increase in the risk of death from other causes. Subjects
with higher HCT-Cl scores and CD34+ doses were more likely to experience NRM. In contrast, patients
with a myeloid diagnosis had a lower NRM incidence but a higher probability of death following
relapse.

Table 4.15 Multivariate effects on relapse-related and non-relapse mortality — serum proteins. Multivariate
subdistribution hazard ratios (Adj. HRsp), with confidence interval (Cl), significance test (P. val) and
proportional hazards test (PH test). P < 0.05 and P < 0.1 are highlighted in green and blue, respectively.

Relapse-related mortality Non-relapse mortality
Variable Adj. HRsp Cl Pval. | PHtest | Adj. HRsp Cl Pval. | PH test
Age at transplant / 10 1.19 | (0.69 - 2.06) 0.54 0.10 1.11 | (0.69-1.8) 0.66 0.40
CD34+ dose 1.02 | (0.82-1.26) 0.88 0.26 1.24 | (1.02 - 1.49) 0.03 0.30
Diagnosis Lymphoid
Diagnosis Myeloid 8.35 | (1.87-37.32) | 0.01 0.32 0.27 | (0.1-0.73) 0.01 0.86
HCT-CI 0
HCT-CI 1 1.24 | (0.15-10.16) 0.85 0.39 0.83 | (0.11-6.24) 0.86 0.50
HCT-CI 2 2.22 | (0.37-13.42) 0.39 0.33 1.22 | (0.31-4.87) 0.77 0.34
HCT-CI 3+ 0.32 | (0.03-3.96) 0.39 0.46 4.9 | (1.17-20.59) 0.04 0.49
P. sex Female
P. sex Male 1.7 | (0.4-7.14) 0.47 0.30 0.94 | (0.35-2.49) 0.90 0.49
TBI No
TBI Yes 3.98 | (0.51-30.76) | 0.19 0.28 1.35 | (0.39-4.7) 0.63 0.70
CCL23 1.94 | (0.78 - 4.87) 0.16 0.28 1.11 | (0.62-1.97) 0.73 0.92
CDCP1 2.41 | (1.27 - 4.56) 0.01 0.50 1.26 | (0.82-1.94) 0.29 0.60
CSF-1 0.93 | (0.34-2.54) 0.88 0.12 1.57 | (0.95-2.6) 0.08 0.09
CXCL10 0.57 | (0.32-1.02) 0.06 0.08 1.29 | (0.76-2.2) 0.34 0.97
IL6 0.47 | (0.22-1) 0.05 0.07 15| (1-2.23) 0.05 0.46
LIF-R 1.48 | (0.66 -3.3) 0.35 0.31 0.47 | (0.28-0.77) <0.01 0.19
PD-L1 0.6 | (0.24-1.5) 0.28 0.35 1.35 | (0.71-2.55) 0.36 0.06
TNFRSF9 2.39 | (0.81-7.03) 0.11 0.12 0.75 | (0.4-1.41) 0.37 0.28

Model selection indicated that fitting the FG model with univariate filtering resulted in a slight
improvement in the fit; therefore, a second model was fitted, and the effects were then compared to
ensure that the same conclusions would have been drawn (Table 4.16). Note, this model included the
same protein variables as the LASSO model with the addition of IL17C. IL17C, had no clear effect on
either RM (adj. HRsp 0.46; Cl 0.14 - 1.54; P 0.213) or NRM (adj. HRsp 0.8; Cl 0.51 - 1.25; P 0.326)
supporting its exclusion. One protein variable for which the effect size substantially changed was
CCL23 which was associated with a greater increase in RM in this model (adj. HRsp 2.55; Cl 1 - 6.47)
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whereas its effect on NRM remained uncertain (adj. HRsp 1.04; 0.64 - 1.71). Thus, the LASSO and
univariate selected models were in agreement as to the direction and significance of the main effects,
however some of the estimates differed in magnitude.

Table 4.16 Alternative multivariate effects on relapse-related and non-relapse mortality after univariate
filtering (P < 0.1) — serum proteins. Multivariate subdistribution hazard ratios (adj. HRsp) with a 95%
confidence interval (Cl) based on the FG model. Proportional hazards (PH) tests are shown for each variable.

Relapse-related mortality Non-relapse mortality
Variable Adj. HRsp Cl Pval. | PHtest | Adj. HRsp Cl Pval. | PH test
D. sex Matched
D. sex Mismatched 0.57 | (0.2-1.68) 0.31 0.043 0.39 | (0.14-1.09) 0.074 0.901
Diagnosis Lymphoid
Diagnosis Myeloid 5.99 | (1.5-23.92) | 0.011 0.306 0.36 | (0.16-0.82) 0.015 0.717
HCT-CI 0
HCT-Cl 1 2.3 | (0.19-28.09) | 0.528 0.391 0.84 | (0.1-6.82) 0.872 0.454
HCT-Cl 2 3.64 | (0.71-18.67) | 0.123 0.277 1.34 | (0.36-4.92) 0.662 0.405
HCT-CI 3+ 0.66 | (0.1-4.5) 0.671 0.41 3.39 | (0.86-13.33) 0.092 0.43
CSF-1 0.68 | (0.25-1.9) 0.467 0.113 1.53 | (0.92-2.54) 0.099 0.056
CXCL10 0.64 | (0.4-1.04) 0.07 0.181 1.46 | (0.85-2.49) 0.166 0.959
PD-L1 0.64 | (0.28-1.43) | 0.276 0.468 1.4 | (0.84-2.33) 0.192 0.085
IL6 0.58 | (0.29-1.17) 0.13 0.054 1.32 | (0.86-2.03) 0.199 0.527
CDCP1 2.29 | (1.21-4.35) | 0.012 0.544 1.2 | (0.78-1.86) 0.412 0.47
CCL23 2.55 | (1-6.47) 0.05 0.378 1.04 | (0.64-1.71) 0.861 0.744
IL.17C 0.46 | (0.14-1.54) | 0.213 0.502 0.8 | (0.51-1.25) 0.326 0.505
TNFRSF9 2.28 | (0.85-6.06) 0.1 0.119 0.78 | (0.42-1.45) 0.436 0.289
LIF-R 1.43 | (0.7-2.9) 0.324 0.364 0.53 | (0.31-0.9) 0.019 0.194

4.7 Candidate prognostic biomarkers associated with primary clinical endpoints

To recap the results reported for the primary clinical endpoints, two of the protein variables, PD-L1,
and CCL23, were associated with an increase in the rate of OS and GRFS, respectively. The
concentration of these proteins was associated with survival in both univariate and multivariate
comparisons and were selected unanimously by the variable selection algorithms.

The competing risks analysis studied the cumulative incidence of NRM and RM. Univariate and
multivariate FG models indicated CDCP1 was associated with an increase in the RM incidence, with no
corresponding decrease in NRM. Whereas IL6 had different effects on the two competing risks,
associated with increasing NRM incidence, but a decrease in RM.

To gain a complete understanding of the event dynamics, | next tested the effects of these proteins
on the incidence of secondary endpoints including AGvHD, CGvHD, and relapse. To reduce the risk of
interpreting spurious findings, multivariate analysis of secondary endpoints was restricted to protein
variables selected for their association with OS, GRFS, RM, and NRM.
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4.8 Acute graft-vs-host disease

Broadly, GvHD occurs in two main forms, acute (AGvHD) and chronic (CGvHD). These were originally
distinguished by the time of onset, with AGvHD occurring in the first 100 days post-transplant. Since
the introduction of RIC, AGvHD has been known to occur at later time points, and the definition has
been updated to include clinical manifestations (75). AGvHD is the leading cause of short-term (day
100 and 1 year) mortality after allo-HSCT (75). Whereas CGvHD is a major cause of late non-relapse
mortality that usually begins between 3 months and 2 years post-transplant (78). As these events
happen at different time scales and have distinct parthenogeneses, the influence of serum proteins
on the incidence of each form of GvHD was tested.

4.8.1 Cumulative incidence of AGvHD

The CIF(t) of AGVHD (grade II-1V) was estimated as a competing risk with death (without AGvHD).
The incidence of AGvHD at day 100 was 0.24 (Cl 0.17 - 0.31) and reached a maximum of 0.29 (Cl 0.21
- 0.37) within 5 months (Figure 4.7). In total, 41 subjects experienced AGvHD within the follow-up.

AGvHD — Death
0.54
0.44
0.34

0.24

Probability of an event

0.04

Years

Figure 4.7 Cumulative incidence of acute graft-vs-host disease. Cumulative incidence estimates with a 95%
confidence interval. Death (without AGvHD) is the competing risk.

4.8.2 Univariate effects on AGvHD

The subdistribution hazard A3° (t) of AGVHD & death (without AGvHD) were regressed on clinical and
protein variables with the FG model (Table 4.17). In this analysis, AGvHD is the outcome of interest
and the estimates for death (without AGvHD) are shown for comparative purposes. This is to ensure
differences in the AGvHD were not driven by a change in the rate of the competing risk.

Higher HCT-CI scores were associated with an insignificant increase in AGvHD incidence (HRsp 2.04; Cl
0.94-4.41; P 0.07). There was also a trend towards increased AGvHD with older donors (HRsp 1.22; Cl
0.94 - 1.59; P 0.14). Of the protein variables, there was a marked increase in AGvHD incidence with
higher concentrations of CCL23 (HRsp 1.51; Cl 1.12 - 2.03; P 0.01) and LIF-R (HRsp 1.32; C1 1.02 - 1.7; P
0.04). PH tests indicated no significant violation of the PH assumption.

CDCP1 concentration was associated with a significant increase in death (without AGvHD) (HRsp 1.38;
Cl 1.03 - 1.86; P 0.03) and there was a marginal increase with elevated TNFRSF9 concentration (HRsp
1.33; C1 0.96 - 1.84; P 0.09), however, neither protein impacted the incidence of AGvHD. There was
evidence of LIF-R and CCL23 violated the PH assumption when regressed on death (without AGvHD)
(P <0.01, P0.01).

114



Table 4.17 Univariate effects on acute graft-vs-host disease — serum proteins. Subdistribution hazard ratios
(HRsp), with confidence interval (Cl), significance test (P. val) and proportional hazards test (PH test). P < 0.05
and P < 0.1 are highlighted in green and blue, respectively.

Acute graft-vs-host disease Death (without AGVHD)
Variable HRsp | CI Pval. | PHtest | HRsp | CI P val. PH test
Age at transplant / 10 1.28 | (0.93-1.76) 0.12 0.72 1.02 | (0.79-1.32) 0.86 0.77
CD34+ dose 1.06 | (0.88-1.27) | 0.53 0.47 | 0.99 | (0.88-1.12) 0.92 0.73
D.age/ 10 1.22 | (0.94-1.59) | 0.14 0.69 1| (0.68-1.47) 1.00 0.41
Diagnosis Lymphoid
Diagnosis Myeloid 1.34 | (0.66-2.71) 0.42 0.19 0.8 | (0.39-1.66) 0.55 0.30
GvHD prophyl. Ciclosporin
GvHD prophyl. Combination 1.06 | (0.56-1.98) 0.87 0.40 1.54 | (0.78-3.03) 0.21 0.06
P. sex Female
P. sex Male 1.34 | (0.7 -2.56) 0.38 0.73 0.9 | (0.44-1.83) 0.76 0.61
RIC No
RIC Yes 0.99 | (0.54-1.82) 0.98 0.80 0.73 | (0.37-1.44) 0.36 0.07
D. sex Matched
D. sex Mismatched 0.98 | (0.54-1.79) 0.95 0.47 0.59 | (0.29-1.23) 0.16 0.88
HCT-CI 0
HCT-CI 1 1.23 | (0.48-3.17) 0.66 0.22 0.96 | (0.28-3.31) 0.95 0.35
HCT-CI 2 0.68 | (0.23-1.99) 0.48 0.14 1.13 | (0.47-2.71) 0.79 0.11
HCT-CI 3+ 2.04 | (0.94-4.41) 0.07 0.45 0.88 | (0.31-2.49) 0.81 0.29
TBI No
TBI Yes 1.23 | (0.6-2.53) 0.57 0.51 1.12 | (0.49 - 2.59) 0.78 0.72
ARTN 1.08 | (0.87-1.35) 0.47 0.52 0.98 | (0.77-1.25) 0.90 0.42
CASP-8 1.18 | (0.85 - 1.65) 0.31 0.14 1.32 | (1-1.75) 0.05 0.06
CCL20 1.22 | (0.92-1.62) | 0.17 0.10 1.08 | (0.82-1.43) 0.57 0.28
CCL23 1.51 | (1.12-2.03) 0.01 0.72 0.89 | (0.63-1.25) 0.50 0.01
CDCP1 1.04 | (0.79-1.38) 0.76 0.89 1.38 | (1.03-1.86) 0.03 0.16
CSF-1 1.11 | (0.8 -1.55) 0.53 0.33 1.15 | (0.81-1.63) 0.43 0.70
CXCL10 1.06 | (0.75-1.5) 0.76 0.32 1.11 | (0.84-1.46) 0.47 0.76
FIt3L 0.74 | (0.54-1.02) 0.07 0.80 1.1 | (0.81-1.49) 0.54 0.29
IL-12B 1.25 | (0.9-1.73) 0.18 0.66 0.93 | (0.67-1.27) 0.63 0.16
IL-17C 0.94 | (0.67-1.3) 0.69 0.53 0.83 | (0.53-1.31) 0.43 0.24
IL10 1.24 | (1.05 - 1.46) 0.01 0.17 1.02 | (0.79-1.33) 0.85 0.82
IL18 1.19 | (0.92-1.54) 0.19 0.94 1.17 | (0.78 -1.76) 0.45 0.43
IL2 1.3 | (0.85-1.97) | 0.23 0.16 0.99 | (0.71-1.36) 0.93 0.13
IL6 1.13 | (0.8-1.59) 0.49 0.07 0.97 | (0.7-1.36) 0.87 0.64
LIF-R 1.32 | (1.02-1.7) 0.04 0.10 0.86 | (0.58-1.27) 0.45 <0.01
MMP-10 0.8 | (0.58-1.12) 0.20 0.54 1.02 | (0.7-1.5) 0.91 0.39
NT-3 1.24 | (1-1.54) 0.05 0.35 0.79 | (0.55-1.14) 0.21 0.56
PD-L1 1.16 | (0.88-1.53) 0.28 0.43 1.22 | (0.86-1.73) 0.26 0.30
TNFRSF9 1.06 | (0.83-1.36) 0.64 0.67 1.33 | (0.96-1.84) 0.09 0.24
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4.8.3 Multivariate effects on AGvHD

The impact of selected variables on the incidence of AGvHD was tested using a multivariate FG model
(Table 4.18). The process was repeated for death (without AGvHD), the competing risk (Table 4.18).
There was some evidence of time-dependence when CCL23 was regressed on death (without AGvHD)
(P 0.01) but was included as the assumption was not violated in the AGvHD model (P 0.73), whereas
LIF-R was excluded as the assumption appeared to be violated for both outcomes (P<0.1).

The concentration of CCL23 retained a significant impact on AGvHD incidence in the multivariate
comparison (adj. HRsp of 1.66, Cl 1.12 - 2.46; P 0.01). Older subjects experienced a greater incidence
of AGvHD with a 10-year increase in age having an adj. HRsp of 1.46 (Cl 1.03 — 2.08; P 0.04). There was
an insignificant increase in AGvHD incidence with higher HCT-Cl scores (adj. HRsp 2.6; C1 0.97 - 6.95; P
0.06).

These findings suggest the incidence of AGvHD increased with the age of the patient at the time of
transplant. CCL23 concentration may also have had a significant deleterious effect on the incidence of
AGVHD.

Table 4.18 Multivariate effects on acute graft-vs-host disease — serum proteins. Multivariate subdistribution
hazard ratios (Adj. HRsp), with confidence interval (Cl), significance test (P. val) and proportional hazards test
(PH test). P <0.05 and P < 0.1 are highlighted in green and blue, respectively.

Acute graft-vs-host disease Death (without AGvHD)
Variable Adj. HRsp Adj.Cl Pval. | PHtest | Adj. HRsp Adj.Cl P val. PH test
Age at transplant / 10 1.46 | (1.03 - 2.08) 0.04 0.64 0.93 | (0.68-1.29) 0.68 0.65
CD34+ dose 1.06 | (0.88-1.27) 0.55 0.60 1| (0.88-1.14) 0.94 0.73
Diagnosis Lymphoid
Diagnosis Myeloid 0.9 | (0.37-2.21) 0.81 0.19 0.92 | (0.39-2.2) 0.86 0.39
HCT-CI 0
HCT-Cl 1 1.22 | (0.37 - 3.99) 0.74 0.19 0.75 | (0.16 - 3.55) 0.72 0.35
HCT-Cl 2 0.83 | (0.25-2.71) 0.75 0.20 1.08 | (0.37-3.18) 0.88 0.22
HCT-Cl 3+ 2.6 | (0.97-6.95) 0.06 0.38 0.91 | (0.24-3.37) 0.89 0.10
P. sex Female
P. sex Male 1.08 | (0.53-2.17) 0.84 0.91 1.01 | (0.41-2.5) 0.98 0.59
TBI No
TBI Yes 1.48 | (0.66 - 3.34) 0.34 0.65 1.89 | (0.54-6.6) 0.32 0.62
CCL23 1.66 | (1.12-2.46) 0.01 0.74 0.65 | (0.35-1.2) 0.17 0.03
CDCP1 0.93 | (0.64-1.35) 0.7 0.96 1.37 | (0.98 - 1.92) 0.07 0.23
CSF-1 0.95 | (0.6-1.51) 0.83 0.42 1.13 | (0.64 -1.97) 0.68 0.77
CXCL10 0.89 | (0.59-1.35) 0.6 0.45 1.04 | (0.65 - 1.64) 0.88 0.65
IL6 1.13 | (0.77 - 1.65) 0.54 0.07 0.89 | (0.62-1.29) 0.55 0.73
PD-L1 0.87 | (0.5-1.52) 0.62 0.39 1.19 | (0.72 - 1.96) 0.51 0.50
TNFRSF9 0.99 | (0.69-1.42) 0.95 0.43 1.36 | (0.91-2.04) 0.13 0.20
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4.9 Chronic graft-vs-host disease

4.9.1 Cumulative incidence of CGvHD

The CIF(t) of CGvHD and death (without CGvHD), were estimated as competing risks (Figure 4.8). At
one-year post SCT, the CGvHD incidence was 0.17 (Cl 0.10 - 0.24) which rose to 0.2 (Cl 0.13 - 0.28)
after three years. In total, 28 subjects experienced CGvHD during the follow-up.
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Figure 4.8 Cumulative incidence of chronic graft-vs-host disease. Cumulative incidence estimates with a 95%
confidence interval. Death (without CGvHD) is the competing risk.

4.9.2 Univariate effects on CGvHD

The subdistribution hazard /'liD (t) of CGvHD & death (without CGvHD) were regressed on clinical and
protein variables with the FG model (Table 4.19). In this analysis, CGvHD is the outcome of interest
and the estimates for death (without CGvHD) are shown for comparative purposes.

None of the protein variables tested had a univariate association with CGvHD incidence (P > 0.05).
There was an insignificant trend towards lower CGvHD incidence with increasing concentrations of
FIt3L (HRsp 1.33; C10.93 - 1.88; P 0.12) and a trend in the opposite direction for IL10 (HRsp 0.77; CI 0.55
- 1.06; P 0.11). The PH test indicated IL-12B violated the PH assumption for CGvHD (P 0.05).

There was an apparent decrease in the incidence of CGvHD when male subjects were compared to
female subjects (HRsp 0.47; Cl (0.23 - 0.97); P 0.04) with a corresponding increase in the incidence of
death (without CGvHD) (HRsp 2.01; Cl 0.94 - 4.33; P 0.07). Moreover, total body irradiation was
associated with a trend towards increased CGvHD incidence (HRsp 1.91; Cl 0.86 - 4.22; P 0.11).
However, there was evidence both patient sex and donor sex mismatch violated the PH assumption
for death (without CGvHD) (P 0.04, P 0.08).

Due to the absence of univariate associations with CGvHD incidence, a multivariate model was not
interpreted.

117



Table 4.19 Univariate effects on chronic graft-vs-host disease — serum proteins. Subdistribution hazard ratios
(HRsp), with confidence interval (Cl), significance test (P. val) and proportional hazards test (PH test). P < 0.05
and P < 0.1 are highlighted in green and blue, respectively.

Chronic graft-vs-host disease Death (without CGvHD)
Variable HRsp | CI Pval. | PHtest | HRsp | CI Pval. | PH test
Age at transplant / 10 0.92 | (0.73-1.17) 0.50 0.49 1.21 | (0.89-1.64) 0.22 0.77
CD34+ dose 1.08 | (0.89-1.32) | 0.45 0.76 | 1.07 | (0.95-1.2) 0.28 0.09
D.age/ 10 0.97 | (0.7-1.34) 0.84 0.41 | 1.05 | (0.78-1.41) | 0.76 0.41
Diagnosis Lymphoid
Diagnosis Myeloid 0.83 | (0.39-1.79) 0.64 0.25 1.14 | (0.56-2.3) 0.72 0.24
GvHD prophyl. Ciclosporin
GvHD prophyl. Combination 1.3 | (0.62-2.73) 0.49 0.59 1.14 | (0.6-2.18) 0.69 0.52
P. sex Female
P. sex Male 0.47 | (0.23-0.97) | 0.04 0.88 2.01 | (0.94-4.33) 0.07 0.04
RIC No
RIC Yes 0.87 | (0.42-1.82) 0.72 0.51 0.6 | (0.32-1.13) 0.11 0.61
D. sex Matched
D. sex Mismatched 1.49 | (0.72-3.1) 0.28 0.62 0.48 | (0.24-0.98) 0.05 0.08
HCT-CI 0
HCT-CI 1 0.91 | (0.23-3.68) 0.90 0.40 1.5 | (0.49-4.62) 0.49 0.39
HCT-CI 2 0.76 | (0.27 -2.17) 0.61 0.50 1.03 | (0.36-2.95) 0.96 0.24
HCT-CI 3+ 0.71 | (0.24-2.13) 0.55 0.51 1.98 | (0.79 - 4.94) 0.15 0.44
TBI No
TBI Yes 1.91 | (0.86-4.22) 0.11 0.69 0.96 | (0.43-2.14) 0.92 0.12
ARTN 0.96 | (0.73-1.25) 0.75 0.15 1.01 | (0.8-1.27) 0.96 0.59
CASP-8 1.15 | (0.81-1.63) 0.45 0.42 1.12 | (0.85-1.48) 0.40 0.58
CCL20 1.01 | (0.75-1.37) | 0.93 0.12 1.27 | (0.98 - 1.64) 0.07 0.22
CCL23 1.11 | (0.81-1.53) 0.50 0.62 1.36 | (0.92-2.02) 0.13 0.71
CDCP1 0.82 | (0.54-1.24) 0.35 0.15 1.39 | (1.05-1.85) 0.02 0.90
CSF-1 0.81 | (0.59-1.11) 0.20 0.17 1.53 | (1.13-2.07) 0.01 0.41
CXCL10 0.91 | (0.62-1.33) 0.62 0.13 1.24 | (0.92-1.68) 0.17 0.65
FIt3L 1.33 | (0.93-1.88) 0.12 0.68 0.84 | (0.62-1.13) 0.25 0.13
IL-12B 0.9 | (0.61-1.32) 0.58 0.05 1.21 | (0.91-1.61) 0.20 0.07
IL-17C 0.98 | (0.73-1.32) | 0.91 0.51 0.82 | (0.55-1.22) 0.32 0.15
IL10 0.77 | (0.55-1.06) | 0.11 0.46 1.23 | (1.02-1.49) 0.03 0.42
IL18 0.83 | (0.55-1.26) | 0.38 0.36 1.43 | (1.02-2.02) 0.04 0.50
IL2 0.89 | (0.66-1.2) 0.45 0.20 1.28 | (0.81-2.01) 0.29 0.91
IL6 0.96 | (0.71-1.3) 0.81 0.40 1.13 | (0.85-1.5) 0.41 0.88
LIF-R 1.09 | (0.66-1.82) | 0.73 0.86 1.11 | (0.81-1.53) 0.51 0.04
MMP-10 1.1 | (0.76 -1.59) 0.63 0.32 0.86 | (0.6-1.23) 0.41 0.22
NT-3 1.15 | (0.8-1.65) 0.46 0.62 1.01 | (0.78-1.3) 0.95 0.25
PD-L1 1.04 | (0.69-1.55) 0.85 0.10 1.44 | (1.07 - 1.96) 0.02 0.52
TNFRSF9 0.87 | (0.61-1.24) 0.43 0.16 1.32 | (0.92-1.89) 0.14 0.28
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4.10 Relapse incidence

4.10.1 Cumulative incidence of relapse

The CIF(t) of relapse was estimated with NRM as the competing risk (Figure 4.9). At one-year post-
transplant, the relapse incidence was 0.19 (Cl 0.12-0.26) which rose to 0.29 (Cl 0.21-0.37) after three
years. In total, 43 patients relapsed during the follow-up.
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Figure 4.9 Cumulative incidence of relapse. Cumulative incidence estimates with a 95% confidence interval.
Non-relapse mortality (NRM) is the competing risk.

4.10.2 Univariate effects on relapse

The subdistribution hazard AiD (t) of relapse was regressed on clinical and protein variables with the
FG model (Table 4.20). In this analysis, relapse is the outcome of interest. Effects on the competing
risk, NRM, are shown for comparative purposes, but the estimates reported in Table 4.10 will be
interpreted.

Of the clinical variables, having a myeloid diagnosis was associated (P 0.04) with an increase in relapse
incidence. Increased concentrations of IL2 were associated with a decrease in the incidence of relapse
(P 0.01) and those of CXCL10 and IL6 with a marginal decrease (P 0.06; P 0.08). PH tests indicated
GvHD prophylaxis and IL2 violated the PH assumption (P <0.05).

When relapse was modelled as the competing event, the HRsp estimates for NRM (Table 4.20) were
consistent with those reported in Table 4.10. However, in this comparison, the effect of IL12-B was
less certain (HRsp 1.2; Cl 0.86 - 1.66) and IL10 was associated with an increase in NRM (HRsp 1.3; Cl
1.08 - 1.57).

Table 4.20 Univariate effects on relapse — serum proteins. Subdistribution hazard ratios (HRsp), with
confidence interval (Cl), significance test (P. val) and proportional hazards test (PH test). P <0.05 and P < 0.1
are highlighted in green and blue, respectively.

Relapse Non-relapse mortality
Variable HRsp | CI Pval. | PHtest | HRsp | CI Pval. | PH test
Age at transplant / 10 1.12 | (0.88-1.43) 0.36 0.532 1.05 | (0.76 - 1.44) 0.78 0.238
CD34+ dose 1.07 | (0.96-1.2) 0.22 0.404 | 1.08 | (0.93-1.26) | 0.30 0.146
D. age/ 10 0.93 | (0.73-1.19) | 0.57 0.505 | 1.02 | (0.77-1.35) | 0.88 0.452
Diagnosis Lymphoid
Diagnosis Myeloid 2.07 | (1.03-4.17) | 0.04 0.075 0.48 | (0.23-1) 0.05 0.708
GvHD prophyl. Ciclosporin
GvHD prophyl. Combination 0.74 | (0.37-1.47) | 0.40 0.007 1.25 | (0.6 -2.63) 0.55 0.307
P. sex Female
P. sex Male 0.97 | (0.53-1.8) 0.93 0.818 0.89 | (0.43-1.88) 0.77 0.349
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RIC No

RIC Yes 0.82 | (0.45-1.48) | 0.50 0.164 | 0.77 | (0.37-1.59) | 0.47 0.55
D. sex Matched

D. sex Mismatched 1.15 | (0.64-2.09) | 0.64 0.695 0.4 | (0.17-0.94) | 0.04 0.964
HCT-CI 0

HCT-Cl 1 1.21 | (0.39-3.72) | 0.75 0.387 1.2 | (0.3-4.84) 0.80 0.687
HCT-ClI 2 1.3 | (0.59-2.85) | 0.52 0.522 1.13 | (0.38-3.39) | 0.82 0.563
HCT-Cl 3+ 0.53 | (0.19-1.53) | 0.24 0.4 2.7 | (0.9-8.11) 0.09 0.45
TBI No

TBI Yes 0.56 | (0.21-1.48) | 0.24 0.064 1.2 | (0.51-2.84) | 0.67 0.676
ARTN 1.02 | (0.77-1.33) | 0.91 0.285 1.01 | (0.8-1.28) 0.91 0.592
CASP.8 0.91 | (0.68-1.21) | 0.51 0.262 1.18 | (0.84-1.65) | 0.34 0.549
CCL20 0.86 | (0.59-1.27) | 0.46 0.738 1.25 | (0.93-1.66) | 0.13 0.515
CCL23 1.18 | (0.86-1.61) | 0.31 0.871 1.19 | (0.78-1.81) | 0.41 0.645
CDCP1 1.15 | (0.86-1.55) | 0.35 0.838 1.11 | (0.82-1.49) | 0.51 0.362
CSF.1 0.97 | (0.73-1.28) | 0.83 0.242 1.58 | (1.1-2.28) 0.01 0.114
CXCL10 0.78 | (0.6-1.01) 0.06 0.556 1.44 | (1.03-2.01) | 0.04 0.775
FIt3L 0.84 | (0.63-1.11) | 0.22 0.178 1.01 | (0.7 - 1.45) 0.97 0.349
IL.12B 0.99 | (0.73-1.35) | 0.96 0.286 1.2 | (0.86-1.66) | 0.28 0.159
IL.17C 0.76 | (0.53-1.1) 0.14 0.44 1.12 | (0.78-1.61) | 0.53 0.177
IL10 0.78 | (0.58-1.05) | 0.10 0.185 1.3 | (1.08-1.57) | 0.01 0.347
IL18 1.04 | (0.77-1.42) | 0.78 0.774 1.32 | (0.89-1.95) | 0.17 0.116
IL2 0.63 | (0.43-0.91) | 0.01 0.03 1.5 | (1-2.25) 0.05 0.415
IL6 0.73 | (0.52-1.03) | 0.08 0.426 1.37 | (1.03-1.82) | 0.03 0.312
LIF.R 1.07 | (0.8-1.44) 0.64 0.785 0.93 | (0.65-1.35) | 0.71 0.338
MMP.10 0.82 | (0.6-1.11) 0.19 0.22 1.25 | (0.85-1.83) | 0.25 0.493
NT.3 0.83 | (0.6-1.14) 0.25 0.507 1.03 | (0.76-1.38) | 0.86 0.154
PD.L1 1.02 | (0.75-1.39) | 0.90 0.546 1.41 | (0.99-2.01) | 0.06 0.082
TNFRSF9 1.1 | (0.8-1.53) 0.55 0.081 1.1 | (0.71-1.72) | 0.66 0.086

4.10.3 Multivariate effects on relapse

The impact of selected variables on the incidence of relapse was tested using a multivariate FG model
(Table 4.21). Effects on the competing risk, NRM, are shown for comparative purposes, but the
multivariate estimates reported in Table 4.15 will be interpreted. CSF-1 was excluded for violation of
the PH assumption when regressed on NRM in this comparison (P 0.04).

The concentration of CXCL10 was associated with a significant decrease in relapse incidence in the
multivariate comparison (adj. HRsp 0.66; Cl 0.48 - 0.9; P 0.01). There was also an insignificant trend
towards lower relapse incidence with IL6 concentration (adj. HRsp 0.72; Cl 0.5 - 1.04; P 0.08). Of the
clinical variables, patients with a Myeloid diagnosis had significantly higher rates of relapse (adj. HRsp
2.3;Cl1-5.26; P 0.05) compared to those with a Lymphoid diagnosis.

This data indicates higher concentrations of CXCL10 were linked with lower relapse incidence but with
a corresponding increase in NRM. The models reiterate that patients with a myeloid diagnosis
experienced less NRM but also a higher probability of relapse. This comparison also demonstrates
modelling relapse as the competing risk for NRM, as opposed to relapse-related mortality, did not
substantively change the estimated coefficients compared to those in Table 4.15.
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Table 4.21 Multivariate effects on relapse — serum proteins. Multivariate subdistribution hazard ratios (Adj.
HRsp), with confidence interval (Cl), significance test (P. val) and proportional hazards test (PH test). P < 0.05
and P < 0.1 are highlighted in green and blue, respectively.

Relapse Non-relapse mortality
Variable Adj. HRsp Adj.Cl Pval. | PHtest | Adj. HRsp | Adj.CI Pval. | PH test
Age at transplant / 10 1.04 | (0.77 - 1.4) 0.80 0.55 1.13 | (0.7-1.81) 0.62 0.41
CD34+ dose 1.07 | (0.93-1.23) | 0.35 0.34 1.21 | (1-1.46) 0.05 0.31
Diagnosis Lymphoid
Diagnosis Myeloid 2.3 | (1-5.26) 0.05 0.05 0.24 | (0.08-0.7) 0.01 0.78
HCT-CI 0
HCT-CI 1 1.43 | (0.36-5.57) 0.61 0.41 1 (0.12-8.31) 1.00 0.59
HCT-CI 2 1.63 | (0.7-3.79) 0.26 0.53 1.24 | (0.3-5.12) 0.77 0.34
HCT-CI 3+ 0.55 | (0.18-1.67) 0.29 0.35 4.62 | (1.01-21.26) 0.06 0.18
P. sex Female
P. sex Male 0.78 | (0.38-1.61) | 0.50 0.52 0.95 | (0.35-2.6) 0.93 0.59
TBI No
TBI Yes 0.67 | (0.21-2.16) 0.50 0.11 1.38 | (0.42-4.55) 0.60 0.48
CCL23 1.42 | (0.87-2.31) 0.16 0.76 1.16 | (0.65-2.08) 0.61 0.93
CDCP1 1.29 | (0.91-1.84) 0.16 0.88 1.26 | (0.82-1.95) 0.29 0.56
CXCL10 0.66 | (0.48-0.9) 0.01 0.47 1.49 | (0.89-2.5) 0.13 0.97
IL6 0.72 | (0.5-1.04) 0.08 0.37 1.54 | (1.04-2.28) 0.03 0.47
LIF-R 1.04 | (0.73-1.48) 0.82 0.83 0.48 | (0.28-0.82) 0.01 0.16
PD-L1 0.9 | (0.49-1.65) 0.72 0.67 1.44 | (0.79 - 2.63) 0.23 0.07
TNFRSF9 1.15 | (0.6-2.23) 0.67 0.10 0.86 | (0.49-1.51) 0.61 0.37
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4.11 Absolute protein quantification
The Olink immunoassay provides a relative measure of serum concentration between individuals in
this cohort, measured in arbitrary units, NPX. For a subset of the candidate biomarkers, Kriti Verma
conducted an enzyme-linked immunosorbent assay (ELISA) assay to quantify absolute protein
concentration in the original samples. The absolute concentration of CCL23, CDCP1, PD-L1, and IL-6
showed a significant positive correlation with the OLINK NPX data (Figure 4.10). However, LIF-R
showed no clear relationship. This raises the possibility of an error in the relative quantification of this
analyte by the OLINK immunoassay. The correlation of age at transplant and CD34+ dose with the
OLINK NPX data was also tested (Table 4.22). This revealed CCL23 and PD-L1 both had a weak (p < 0.5)
positive correlation with age, whereas LIF-R had a weak negative relationship. No relationship with
CD34+ dose was detected, except for LIF-R, which had a weak negative correlation.
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Figure 4.10 Correlation of relatively quantified Olink Normalised protein expression (NPX) data with
absolute quantification of protein expression by ELISA in pg/ml for selected proteins. Figure by Kriti Verma.

(A) PD-L1 (B) LIFR (C) CDCP1 (D) CCL23 (E) IL-6.

Table 4.22 Correlation of relatively quantified Olink Normalised protein expression (NPX) data with age and

CD34+ dose for selected proteins. Spearman’s correlation (p).

Variable Protein | Spearman's p | P. value
Age CCL23 0.33 <0.01
Age CDCP1 0.09 0.27
Age PD-L1 0.27 <0.01
Age IL6 0.08 0.37
Age LIF-R -0.27 <0.01
CD34+ dose | CCL23 -0.07 0.43
CD34+ dose | CDCP1 -0.12 0.16
CD34+ dose | PD-L1 0.08 0.34
CD34+ dose | IL6 0.03 0.71
CD34+ dose | LIF-R -0.19 0.02
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4,12 Summary
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Figure 4.11 Graphical summary.

The estimated OS probability at three years was 62% (Cl 0.62 - 0.79) for this cohort. However, the
probability of surviving without GvHD or relapse, GRFS, was substantially lower at 28% (Cl 0.21-0.37).
Indicating relatively few individuals survived without ongoing morbidity.

Within five months of transplantation, 29% (Cl 0.21 - 0.37) of individuals were diagnosed with AGvHD
(grade 1I-1V). Whereas for CGvHD, the cumulative incidence was 20% (Cl 0.21-0.38) after three years.
The cumulative incidence of relapse-related mortality, RM, at 18% (Cl 0.10 - 0.25) was similar to that
of NRM (20%; Cl 0.12 - 0.28), at the same time point. Although, the probability of relapse was higher
at 29% (Cl1 0.21-0.37).

A subset of the candidate biomarkers was shown to be predictive of patient prognosis when measured
on the 14" day following transplantation. Both univariate and multivariate analysis suggested high
concentrations of PD-L1, CCL23, and CDCP1 expression were associated with lower rates of OS, GRFS,
and increased RM incidence, respectively (P < 0.05).

Moreover, IL-6 concentration was associated with a lower incidence of RM but an increase in the
competing risk NRM (P < 0.05). CXCL10 was also associated with lower relapse incidence in the
multivariate comparison (P < 0.05), however, this did not achieve significance in the univariate test (P
0.06).

Relatively quantified Olink normalised protein expression (NPX) data correlated with absolute
quantification of protein expression by ELISA in pg/ml for PD-L1, CDCP1, CCL23, and IL-6. However,
there was no relationship between the Olink NPX data and absolute protein concentration for LIF-R.
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5 Discussion & Conclusions

This thesis investigated factors influencing prognosis following allo-HSCT in an exploratory data
analysis. The studies focused on the cellular composition of the graft pre-transplant, and the
expression of serum proteins 14 days post-transplant.

Specifically, the four main aims addressed were to:

(1) Describe the cellular composition of PBSC grafts prior to transplantation using CyTOF data.

(2) Determine if distinct types of PBSC graft can be defined based on variation in cellular
composition.

(3) Investigate associations between PBSC graft composition and recipient prognosis.

(4) Investigate association between serum proteins post-transplant and recipient prognosis.

In Chapter 3, unsupervised cluster analysis was used to identify cell populations in single-cell CyTOF
data generated from grafts, and to define distinct types of graft composition. In Chapter 4, supervised
machine learning indicated which subset of serum proteins were predictive of patient outcomes. In
both projects, survival and competing risks regression were used to test the influence this data had
on the on the prognosis of allo-HSCT recipients.

The clinical endpoints studied were overall survival (OS), GvHD-free, relapse-free survival (GRFS),
relapse-related mortality (RM) and transplant-related mortality (TRM) (referred to as non-relapse
mortality (NRM) when the cause of death was not adjudicated). The onset of acute graft-vs-host
disease (AGvHD), chronic graft-vs-host disease (CGvHD) and relapse were also assessed.

This chapter begins with a summary of the key findings (Section 5.1), then an interpretation of the
results of the allo-HSCT graft composition study (Sections 5.2-5.4) and the post-transplant serum
protein study (Section 5.5). Next, the potential limitations of the cohorts, data and methodology are
described (Section 5.6). This is followed by a discussion of future directions for research to expand on
the findings reported in this thesis and to address the limitations (Section 5.7). Lastly, the main
conclusions are described (Section 5.8).

5.1 Key findings

The data indicated HSCs represent around 2% (1 - 4%) of the transplanted cellular content. The
remaining 98% of cells within grafts consisted mostly of monocytes, T cells and B cells. Whereas NK
and DCs were less prevalent.

Three distinct groups of grafts were identified based on differences in cellular composition. These
were independent predictors of patient prognosis. GRFS two years post-transplant ranged from 42%
to 11% between graft groups.

| found evidence of significant association between the whole graft composition and the rates of GRFS
(0.007) and OS (P 0.003), and incidence of TRM (P 0.02), beyond that attributable to other variables.

Concerning individual cell lineages, graft T-cell content was a risk factor for CGvHD incidence. In
contrast, grafts with a greater proportion of monocytes and DNAM-1* lymphocyte progenitor cells
were associated with improvements in GRFS and TRM, respectively.

The data confirmed that a previously validated prognostic biomarker, IL6, is predictive of non-relapse
mortality. The analysis also suggested that high-levels of PD-L1, CCL23 and CDCP1 expression in the
serum at Day-14 could be prognostic biomarkers for OS, GRFS and RM, respectively.
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5.2 Allo-HSCT graft composition

Relatively few studies have systematically described the composition of allo-HSCT grafts (404-409).
Only 1% of cells in a peripheral blood stem cell graft are reported to be stem cells (409). Analysis in
Chapter 3 found the figure to be closer to 2% (1 - 4%) across a cohort of 185 grafts. This illustrates
that the defining functional constituent, HSC, represent only a fraction of the transplanted cellular
content.

5.2.1 Lymphocyte content of grafts aligns with estimates from previous studies

Cell populations were identified in the CyTOF data with an unsupervised clustering algorithm,
PhenoGraph (245). Populations were then characterised into immune cell types based on the
expression of cell surface markers. There was broad correspondence between the abundance of cell
populations in Chapter 3 and estimates reported in previous studies.

Both major and rarer T cell subsets were identified automatically. CD4+ and CD8+ T cell subsets were
identified at a ratio of 1.6:1 across the grafts. Typically, these cells are found at a ratio between 1.7:1
and 2:1 in the peripheral blood of healthy individuals (409-411). Around 5.2% of T cells in grafts were
v& TCR+. Previous studies report y& T cells to account for between 2.6 and 10% of T cells in PBSC grafts
(412, 413). PhenoGraph was also able to identify subgroups within the main CD4/CD8 compartments.
T-regs comprised 3.06% of the graft CD4+ T cell content. This corresponds closely with a previous study
of 94 PBSC grafts where T-regs accounted for 2.96% of CD4+ T cells (362).

T cells are instrumental in the parthenogenesis of GvHD and are the primary mediators of the GvL
effect, along with NK cells (40-42). As a proportion of lymphocytes, NK cells constituted 6% of cells, in
line with reference values for the peripheral blood (366, 414). Typically, two NK cell populations are
identified based on the expression levels of CD56 (i.e., CD56P&" and CD56™) (382). However, these
were not partitioned by the unsupervised clustering algorithm.

B cells were the other major lymphocyte component of grafts (15%, IQR 10 - 23%). B cells were more
abundant than previous reports of PBSC grafts (404). The majority of B cells had a naive phenotype
(71.2%), as is the case in the peripheral blood, but this decreases with age (415).

5.2.2 Monocytes were relatively abundant

Monocytes are likely involved in immune reconstitution and regulation of immune responses
following allo-HSCT (92). In Chapter 3, monocytes contributed around double the proportion of graft
cellular content than has been previously reported (404). G-CSF mobilisation has been shown to
markedly increase peripheral blood monocyte content (416).

PhenoGraph did not distinguish monocytes based on the prototypical monocyte subsets (classical,
intermediate, and non-classical). Instead, CD14* clusters appeared to be divided based on continuous
differences in marker expression. The majority (54.2%) had a classical-like phenotype, in line with
estimates for peripheral blood (375).

pDC play a role in suppression of immune responses and have been linked with GvHD protection (417-
419). Reports suggest pDCs are the most numerous DC subset in the peripheral blood (380). In line
with this, pDCs were the most numerous singular DC subset in the grafts, comprising 33.7% of the DC
compartment.

As well as the well-defined immune cell types, PhenoGraph identified a population of DNAM-1*
lymphoid progenitor cells that contributed 1% (IQR 1 - 4%) of graft cellular content. Similar DNAM-1*
lymphoid progenitors typically reside in the bone marrow but are increased in the circulation of
individuals with chronic inflammation (367). Notably, these are also recruited to the peripheral blood
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by G-SCF mobilisation (368). Studies indicate these cells rapidly differentiate into cytotoxic NK cells
and functional T cells and may help to quickly generate effector lymphocytes in anti-viral responses
(420-422).

Together these findings suggest that the immune cell abundance estimates based on the CyTOF data
were realistic relative to previously reported estimates for PBSC grafts. It also indicates the
PhenoGraph algorithm was capable of delineating most major immune cell types, in addition to
identifying unexpected cell populations.

Considerable variation in composition was observed between different grafts. For example, whilst the
median proportion of T cells was 28% the interquartile range was 17 - 39%. The total dose of infused
mononuclear cells was highly heterogenous (MNC dose 0.650 - 11.600 x108 cells / kg). Moreover, there
was a 90-fold difference in measured T cell concentrations (4.91 - 444.74 x 10° cells / kg).

5.3 Distinct types of allo-HSCT graft by composition

The second aim of Chapter 3 was to test if distinct groups of grafts could be defined based on
differences in graft composition between donations. Three distinct types of graft (PBSC graft groups)
were identified within the graft cohort in using cluster analysis for compositional data (clustCoDa)
(272). This focused on a subset of 155 grafts (153 PBSC; 2 BM) for which recipient outcome data was
available.

The groups were identified based solely on differences in A
graft cellular composition but were found to stratify 14.4%
patients by risk. GRFS two years post-transplant ranged
from 42% to 11% between graft groups (P 0.005).

5.3.1 Group A grafts had the best survival rates
Based on survival and cumulative incidence estimates,
recipients of grafts from Group A had the most B 48.8%
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Mixed M/DC
Group A was characterised by a relative abundance of
HSC, monocytes and pDCs, and had the lowest
proportion of T cells, NK cells, and activated DCs (Figure
3.9, Figure 5.1). These grafts were donated by the
youngest donors (median 34; IQR 24 — 48), the least of 13%
which were CMV positive (43%).
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Younger donors are known to confer better rates of OS

(156-158). In contrast, CMV-positive donors are 2'5%7.8% 3.4%

associated with worse OS for recipients that are CMV-  Fijgyre 5.1 Median composition of PBSC graft
negative (168) (Table 5.1). groups. Proportion of cells by cell lineage (CL).

In both univariate and multivariate comparisons, Group C had an increased hazard of GRFS (adj. HR
2.20; <0.01) and OS (adj. HR 2.1; P 0.04). Moreover, there was a decrease in OS in Group B (adj. HR
2.43; P 0.01). This suggests that after accounting for donor & patient characteristics, PBSC graft group
had a significant impact on patient prognosis.
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Table 5.1 Defining characteristics of each PBSC graft group.

PBSC graft Donors Prevalent cell types Scarce cell types  GRFS

group 2-years

Group A Youngest, HSC, classical-like monocytes, T cells, NK cells, 42%
mostly CMV neg.  pDCs activated DCs

Group B Oldest, B cells (memory; CCR7+ naive), HSC, classical-like = 29%
more female T cells (CD4 Naive; DP) monocytes,

Group C Variable age, T cells (CD4 EM; y6; DN), HSC, classical-like  11%

mostly CMV pos., DNAM-1* lymph. progenitors, = monocytes
mostly unrelated  PD-L2+ monocytes

5.3.2 Group C grafts had the highest GvHD incidence

In contrast to Group A, Group C consisted of the lowest proportion of monocytes, relatively few HSC,
and had the highest proportion of T cells. Two populations of PD-L2+ monocytes and lymph.
progenitors were also over-represented.

HSC were relatively scarce in Group C. Higher doses of CD34+ cells can improve engraftment following
allo-HSCT (125, 126). Except for very high doses (125, 135, 409), higher doses are generally associated
with improved outcomes (126, 130, 131) but the effect on GvHD is less clear (126-129).

Overall, T cells are the primary mediators of GvHD following allo-HSCT (136, 423). One might expect
the group with the highest proportion of T cells to have had the highest GvHD incidence. Indeed, the
cumulative incidence of GvHD in Group C was 59%, compared with around ~38% in the other two
groups.

Notably, no significant differences in the incidence of relapse were observed between PBSC graft
groups. Of the three, Group C had the highest incidence with 28% compared with <19% in the other
groups.

Whilst there was an elevated probability of GvHD in Group C, there was no significant difference in
AGVHD or CGVvHD after adjusting for these donor characteristics. Whereas having an unrelated donor
retained a significant effect on AGvHD (adj. HRsp 3.35; P 0.02).

Group C grafts were mostly from CMV-positive (62%) unrelated donors (71%), and relatively few were
female (23%). The elevated GvHD risk in Group C may therefore relate to the abundance of unrelated
donors. Equally, these donor characteristics could have influenced graft composition making it difficult
to speculate on causal association. However, the composition of Group C grafts aligns with the current
understanding that a high T cell content promotes GvHD, and HSC content is broadly protective.

Whilst most of the major T cell subsets were up in this group, some rare T cell subsets, such as y&6 T
cells, and double negative T cells were also relatively abundant and may have protective effects. The
concentration of y& T cells in grafts has been linked with increased AGvHD (412, 413). However, high
levels in the peripheral blood after allo-HSCT is protective against relapse and not associated with
GvHD(424). Whereas double negative T cells are thought to suppress GvHD by inhibiting other
lymphocytes (425-427). Repeating the comparison as a proportion of the T cell compartment could
provide additional insight.
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Group C grafts had the lowest monocyte content. Rather than influencing prognosis, the monocyte
content may simply have been highly variable between groups. However, several previous studies
indicate that this might not be the case.

A low concentration of monocytes has been linked to increased CGvHD (404). A lack of monocyte-
dependant T cell inhibition could also contribute to the relatively high rate of GvHD (428, 429). Rapid
monocyte recovery following allo-HSCT has also been linked with improved OS (430-432) and could
influence graft function (433). For comparison, Group A, which had the highest proportion of
monocytes, had the lowest rate of TRM at just 12% compared with >27% in the other groups.

These findings suggest Group C had an increased risk of GvHD & TRM relative to Group A, potentially
related to an abundance of unrelated donors. These grafts were defined by a high concentration of T
cells, and a relative scarcity of monocytes and HSC.

5.3.3 Group B grafts were associated with increased TRM

In both univariate and multivariate comparisons, Group B was associated with a higher incidence of
TRM (adj. HRsp 3.45; P 0.01) with little change in relapse incidence (adj. HRsp 1.1; P 0.84). Indicating
that the lower rate of survival was driven primarily by an increased risk of TRM, an effect that was still
apparent after adjusting for donor and patient characteristics.

The composition of Group B grafts was characterised by an abundance of B cells and T cells, with a
paucity of monocytes and HSC. In particular, memory B cells and CCR7+ Naive B cells were over-
represented. These grafts were donated by the oldest donors (median 41; IQR 29 - 51), a greater
percentage of which were female (39%) and relatively few that were unrelated (51%).

As the GvHD incidence was not dissimilar from that of Group A at ~38%, the increase in TRM in Group
B might have resulted from complications other than GvHD. However, the apparent absence of a GvHD
effect could also be due to the relatively low number of events observed in each PBSC graft group.

The low levels of HSC in Group B grafts could augur worse immune reconstitution and influence
susceptibility to opportunistic infections. Infections are also major causes of post-transplant non-
relapse mortality that were not investigated and could have influenced the TRM incidence (52).

The B cell content of grafts has not been extensively studied in allo-HSCT (409). Small studies have
indicated a potential link with graft B cell content and increased TRM and AGvHD (404, 434). Murine
models suggest antigen presentation by B cells plays a role in GvHD parthenogenesis (435, 436).

Depletion of B cells from grafts has been found to influence the risk of transplant-related
complications. The application of in vivo B cell depletion with rituximab early after transplant may be
protective against AGvHD without impairing engraftment (437). Moreover, ex vivo depletion of T & B
cells is known to effectively prevent PTLD (409).

Group B was also associated with a relative abundance of T cells and a scarcity of monocytes.
Specifically, Naive CD4+ T cells and DP T cells were more prevalent than in the other two graft groups.
High naive CD4+ T cell content (as a proportion of CD4+ T cells) has been linked with higher rates of
AGVHD (438). Again, this suggests a targeted comparison within the T cell compartment could prove
insightful.

Groups B and C had relatively few pDCs and a higher proportion of activated DCs (CD86+). A high
proportion of pDCs has been linked with protection against GvHD in both PBSC (417) and BM grafts
(405). pDCs are also capable of promoting T-reg expansion and suppression of antigen-specific
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immune responses (418, 439). In contrast, DC activation status has been associated with increased
AGVHD albeit with a different activation marker, CMRF-44 (440).

This indicates Group B had an increased risk of TRM relative to Group A, potentially related to an
abundance of older and female donors. These grafts also had a high concentration of both B cells and
T cells, and a relative scarcity of monocytes and HSC.

Compositional differences between these three groups may represent highly variable elements
between grafts that unrelated to prognosis. However, a common pattern emerged where grafts with
a high proportion of T cells, and low monocyte and HSC content were associated with lower rates of
OS, GRFS, and worse TRM. The effects of which may be modulated by or as a result of differences in
donor characteristics.

Notably, no significant differences in relapse incidence were observed between graft groups. A
relatively low number of relapse events were observed in this cohort (31 relapse events), which could
weaken any apparent association with the graft group. Alternatively, the clustering analysis may have
failed to capture the compositional differences strongly associated with relapse. Or perhaps,
compositional differences had little impact on the GvL effect in this cohort.

5.4  Allo-HSCT graft composition is associated with prognosis

The third goal of Chapter 3 was to directly test the relationship between graft composition and
recipient prognosis. Association between graft composition and prognosis was estimated by including
parts of the composition as covariates in regression models (after log-ratio transformation).

The analysis was conducted on the same subset of 155 grafts (153 PBSC; 2 BM) in which the PBSC graft
groups were identified. | found evidence of a significant association between the whole graft
composition and the rate of GRFS (0.007), rate of OS (P 0.003), and incidence of TRM (P 0.02), beyond
that attributable to other variables.

The nature of compositional data is that if one large part of the composition increases, others must
decrease, and vice versa. If an increase in monocytes was associated with improved outcomes, this
could also reflect a decrease in the proportion of other cell types with pathogenic effects. Results must
therefore be interpreted from this relative perspective.

An increase in the proportion of T cells relative to HSCs was associated with significantly greater
CGvHD incidence (adj. HRsp 2.01; P 0.05). Given the established role T cells play in GvHD
parthenogenesis, it’s reasonable to suspect increased T cell concentrations in the graft were indicative
of greater CGvHD risk. The link between donor T cells and GvHD has resulted in widespread
exploration of T cell depletion as a form of GvHD-prophylaxis (441). This suggests other associations
observed in Chapter 3 could be informative for future clinical research.

5.4.1 The proportion of monocytes was associated with improved GRFS

In particular, a greater proportion of monocytes relative to HSCs was associated with significant
improvements in the rate of GRFS (adj. HR 0.68; P 0.01). An insignificant increase in OS (adj. HR 0.73;
P 0.06) and a decrease in relapse incidence (adj. HRsp 0.6; P 0.09) were also observed with enhanced
monocyte content.

A high concentration of monocytes has previously been linked with protection from CGvHD in PBSC
grafts (404). Similarly, a decrease in the proportion of non-classical monocytes in BM grafts may covey
lower AGVHD risk (442). Along with the role monocytes play in T cell inhibition (428) (429), it’s possible
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that graft monocyte content had a protective effect on the rate of GRFS. If confirmed, this would have
important ramifications for research into graft manipulation as a cellular therapy.

The cytokine, G-CSF, administered prior to apheresis to mobilise donor HSC from the bone marrow, is
known to influence circulating levels of myeloid cells at different stages of maturation (443).
Moreover, G-CSF mobilises a regulatory set of monocytes to the peripheral blood (444). Together
these indicate the potential for ex-vivo expansion of monocytic cells in the graft prior to infusion.

Levels of intermediate and non-classical monocytes >30 days post-transplant are associated with
reduced CGvHD incidence (445). Another study associated the amount of classical monocytes early
post-transplant with improved rates of survival, relapse incidence and TRM (430). Therefore, graft
monocyte content should also be investigated for its potential to impact post-transplant monocyte
reconstitution.

5.4.2 DNAM-1+ lymphocyte progenitors were associated with improved TRM

In Chapter 3 there was evidence that an enhanced proportion of DNAM-1* lymphoid progenitors could
be linked with improved TRM. The proportion of DNAM-1* lymphoid progenitors relative to HSCs had
a protective effect on the incidence of TRM (adj. HRsp 0.54; P < 0.01) and was associated with an
insignificant improvement in OS (adj. HR 0.7; P 0.06).

The presence of similar DNAM-1* lymphoid progenitors was only recently characterised in the serum
of individuals with chronic infection and is understudied in the context of allo-HSCT (367). This
population is thought to rapidly produce highly functional NK cells in response to inflammation which
could be useful for immunotherapeutic purposes (368).

The impact of these cells on lymphocyte reconstitution and function post-transplant could therefore
be informative for future research (446). Moreover, changes in DNAM-1+ lymphoid progenitor cell
content had no effect on relapse incidence so this population should be studied for their potential to
impede TRM without obstructing beneficial GvL effects.

A surprising result was that the proportion of NK cells relative to HSCs was associated with lower rates
of OS (adj. HR 1.86; P <0.01) and GRFS (adj. HR 1.32; 0.05) as well as an increase in TRM incidence (adj.
HRsp 2.22; P <0.01). This was unexpected as particular NK cell subsets have been associated with
protective effects in previous studies (121, 447, 448).

Specifically, the number of CD56** NK cells has been associated with lower rates of CGvHD (447, 448).
Whereas CD56%™ NK cell content has been linked with protection against relapse (121). The findings
in Chapter 3 do not directly contradict these reports, as NK cells were not associated with either GvHD
or relapse incidence in this cohort. Other transplant-related complications such as infection may
therefore have driven the observed reduction in survival rates.

Moreover, the unsupervised clustering analysis failed to divide NK cells into separate CD56** and
CD56%™ populations. Partitioning cells assigned to the NK cluster based on CD56 expression would be
useful for comparison with other studies. An increase in the proportion of NK cells could also reflect
an increase in the overall lymphocyte content as was observed between PBSC graft groups (1).

Overall, these findings suggest that an increased prevalence of T cells and a decrease in the monocyte
content in grafts relative to HSCs was correlated with worse outcomes for allo-HSCT recipients.
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5.5 Post-transplant serum proteins as prognostic biomarkers

Numerous studies have identified the association of serum proteins with prognosis for allo-HSCT
recipients (118). The study in Chapter 4 focused on a set of candidate prognostic biomarkers identified
by colleagues in the sera of recipients on the 14" day following transplantation.

Variable selection is a technique in machine learning to select a subset of relevant variables for model
construction (449). Three variable selection algorithms, LASSO, AIC and RSF were employed to select
biomarkers and clinical risk factors associated with prognosis, whilst discarding irrelevant or
redundant features with a minimum reduction in performance (341). These variable algorithms are
discussed in detail in Appendix B.

The analysis identified IL6 expression as being associated with a higher risk of non-relapse mortality.
This protein has previously been validated as a prognostic biomarker for allo-HSCT recipients (181-
183). Moreover, the data suggests high levels of PD-L1, CCL23, and CDCP1 expression could be
prognostic biomarkers for OS, GRFS, and relapse-related mortality, respectively. Demonstrating the
methodology identified both established and potentially novel prognostic biomarkers.

551 PD-L1

PD-L1 is an immunosuppressive molecule that inhibits T cells by activating the PD-1 / PD-L1 signalling
pathway. Soluble PD-L1 is elevated in the sera of individuals with multiple cancer types (450).
Upregulation of PD-L1 is also observed during acute and chronic viral infections (386, 387, 451).

In Chapter 4, both univariate and multivariate analyses indicated the concentration of PD-L1 on the
14" day post-transplant could be used to predict worse OS (adj. HR 1.41; P 0.05). There are a variety
of biological functions in which PD-L1 is implicated that could explain this link with prognosis.

During chronic infection and cancer, memory T cells can enter a dysfunctional immune state, termed
exhaustion(452). This is characterised by a loss of effector functions, and upregulation of inhibitory
receptors such as PD-1, amongst other differential changes(452). In this exhausted state, T cell
mediated immune responses to cancer and infection are impaired(453, 454) .

Blocking the PD-1/PD-L1 pathway can restore the function of exhausted T cells(455) (452).
Immunotherapy with anti—PD-L1 or anti—-PD-1 antibodies has been approved for the treatment of
several cancers including Hodgkin’s lymphoma (456, 457) . Inhibiting this pathway has been shown to
restore anti-cancer activity (458), and has potential as an adjunctive therapy for chronic infections
(459).

PD-L1 is expressed on the surface of cells such as T cells, B cells, DCs, and macrophages (460, 461) and
by cancerous cells in a large number of malignancies, including multiple myeloma (460-462). Many
cancer types co-opt this pathway for immune evasion (463, 464). In B cell lymphoma, the level of
soluble PD-L1 in the serum may reflect the amount expressed by cancer cells (465). In vitro, the soluble
form of PD-L1 has been shown to be produced by DCs and cancer cell lines (466).

The concentration of soluble PD-L1 in recipients on the 14" day post-transplant could, therefore, be
related to the level of PD-1 mediated immune suppression or even by the amount expressed by
residual cancerous cells. The receptor PD-1 is upregulated in activated T cell populations in the early
days following transplantation (467), so changes in the concentration of PD-L1 at this early time point
could have a substantial effect on T cell activity.

Given the role of PD-L1 in immune evasion by cancer and infections, its credible that the level of PD-
L1 could be associated with allo-HSCT prognosis. Several studies of non-haematological malignancies
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have indicated the use of PD-L1 as a prognostic biomarker, including prostate and breast cancer (468,
469). Recent meta-analyses have indicated PD-L1 expression is a prognostic biomarker for worse
survival in lung cancer, when measured in the serum and on cancer cells (470, 471).

However, the data in Chapter 4 did not indicate which post-transplant complications contributed to
the lower rate of survival. An increase in PD-L1 concentration did not confer a greater risk of AGvHD,
CGVHD, or relapse risk in this cohort. Although there was a univariate increase NRM* (HRsp 1.4; P 0.07)
and a decrease in GRFS (HR 1.2; P 0.07).

In healthy individuals, the PD-1/PD-L1 pathway plays an important role in maintaining tolerance in
autoreactive T cells (472) and terminating immune responses (462). It is therefore surprising, that
murine models of allo-HSCT indicate PD-L1 promotes AGvHD by improving the survival of alloreactive
T cells(473). Selective inhibition of PD-L1 on donor-derived T cells has been suggested as a GvHD
prophylaxis strategy(473). Other, studies indicate PD-L1 is essential for AGvHD control, so the
relationship is unclear.

Whilst no effect on relapse was observed in this cohort, a larger cohort may be required to identify
this effect. Other outcomes also warrant investigation; in a large cohort study during which 44,930
deaths were observed after allo-HSCT, 23.8% were attributed to infections (52). The main factors
determining late infectious mortality remain largely unknown (52). Given the upregulation of PD-L1
seen in acute and chronic infection, the association with late infectious mortality may be of interest.

The expression of soluble PD-L1 in allo-HSCT patients is relatively understudied, however, there are
several biologically plausible reasons why it may have an association with prognosis. The data in
Chapter 4 suggests the potential utility of PD-L1 as prognostic biomarker for long-term outcomes
when measured early post-transplant.

5.5.2 CDCP1

CDCP1 is thought to play a role in cancer survival and metastasis (474-477) and has been associated
with poor prognosis in a variety of solid cancers (478, 479). It has also been suggested as a biomarker
for leukaemia diagnosis (385).

In both univariate and multivariate analysis, CDCP1 concentration in the serum post-transplant was
associated with an increased probability of relapse-related mortality (adj. HRsp 2.41; P 0.01) (Chapter
4).

Overexpression of CDCP1 has been reported by a variety of studies in colorectal, breast, and lung
cancers (385, 480). A recent study of AML patients identified CDCP1 expression on leukemic cells as a
prognostic biomarker for worse OS in patients receiving intensive therapy (481).

Therapeutic antibody candidates to block CDCP1 have been investigated in mouse models(482). Stable
over-expression of CDCP1 led to faster tumour growth, and downregulation inhibited tumour growth
(482). Whilst there was an increase in RM with CDCP1 expression, the increase in relapse incidence
was insignificant (adj. HRsp 1.29; P 0.16).

The action of CDCP1 may contribute to resistance to targeted therapeutics in chronic myeloid
leukaemia (483) and breast cancer cell lines (484). Moreover, it is thought to confer resistance to
cytotoxic chemotherapy in pancreatic cancer(485).

1 NRM (non-relapse mortality) was analysed instead of TRM (transplant-related mortality) in Chapter 4,
because the specific cause of death was not formally adjudicated, and NRM includes all deaths without prior
relapse.
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If there is a true association between RM probability and CDCP1, it may be related to their particular
malignancy and stage of the disease. It would be useful to compare the relative expression of CDCP1
between different disease stages and diagnoses to clarify this effect.

As well as its role in cancer, CDCP1 is expressed on HSCs under normal conditions and may play a
functional role in the early stages of haematopoiesis (385). Itis also expressed by non-haematopoietic
cells including epithelial cells and mesenchymal stem cells (474).

A study of allo-HSCT grafts derived from cord blood suggested CDCP1 might act as a diagnostic
biomarker of graft CD34+ content(478). However, no correlation between CDCP1 and CD34+ dose was
observed in Chapter 4 (Spearman’s p -0.07; P 0.43).

The role of CDCP1 in cancer survival and expression in leukemic cells, suggests a prognostic link with
relapse-related mortality is credible, and worth validation in future studies.

5.5.3 CCL23
CCL23 is a chemokine produced by eosinophils, myeloid DCs, and monocytes (486). Differential
regulation of CCL23 has been identified before diagnosis of AGvHD in allo-HSCT recipients (487).

Both univariate and multivariate analyses indicated the concentration of CCL23 could be used to
predict worse GRFS (adj. HR 1.3; P 0.01) and increased AGvHD (adj. HRsp 1.66; P 0.01) (Chapter 4).
There was also a link with worse OS in a univariate comparison (HR 1.41; P 0.04) but was not retained
after variable selection.

CCL23 is the ligand for the CCR1 receptor(488). The interaction between CCR1 and other ligands on
donor-derived cells contributes to the development of both GvHD and GvL effects following allo-
HSCT(489). The action of the CCL23/CCR1 pathway on allogeneic immune responses is worth further
investigation.

CCL23 had an insignificant impact on relapse (adj. HRsp 1.42; P 0.16) and RM (adj. HR 1.94; P 0.16) in
this cohort, however, there are a variety of studies indicating a link between CCL23 and cancer
promotion. CCL23 acts as a chemoattractant to DCs, monocytes and resting T cells (486). Due to its
capacity to recruit these cells, CCL23 may contribute to anti-cancer cytotoxic effects (486, 490, 491).

However, it also has many pro-cancer properties. CCL23 can induce angiogenesis, the formation of
new capillaries from existing blood vessels (396, 397). Solid tumours require an adequate blood supply
to proliferate, so angiogenesis is instrumental in this process (492). A similar relationship between
angiogenesis and cancer promotion has been described in several haematological malignancies (396).

CCL23 has been shown to enhance the action of vascular endothelial growth factor (VEGF), which also
has angiogenic properties (396, 486, 493). Expression of VEGF correlates with clinical characteristics
of leukaemia and non-Hodgkin's-lymphoma (396). Moreover, activation of the CCL23 CCR1 pathway
has also been linked to the suppression of T cell activity (494, 495).

This indicates there are several possible mechanisms through which CCL23 may be associated with
poor prognosis following allo-HSCT. CCL23, therefore, represents a promising candidate biomarker
for the rate of GRFS and AGvHD. The impact of CCL23 on short-term morbidity and mortality following
transplant should be validated in independent data.

554 L6
IL6 is a cytokine with pro and anti-inflammatory functions, associated with several inflammatory
diseases (496, 497). Studies of allo-HSCT patients have suggested IL6 plays an important role in the
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pathophysiology of AGvHD (392, 498-500). Notably, IL6 has already been identified and validated as
prognostic biomarker for increased NRM and AGvHD (181, 182). IL6 measured at Day 7 post-transplant
is associated with greater risk of AGvHD and NRM as well as lower survival rates in allo-HSCT patients
(392).

In line with this understanding, elevated IL6 concentration was associated with an increase in the
incidence NRM (adj. HRsp 1.5; P 0.05) in Chapter 4. There was also a decrease in RM incidence (adj.
HRsp 0.47; P 0.05) and a trend towards lower relapse (adj. HRsp 0.72; P 0.08).

This data could indicate several possible scenarios in this cohort. IL6 concentration could have been
linked with a rate of NRM so high that fewer patients survived until relapse. Alternatively, IL6 could
be linked with enhanced GvL effects that protected against relapse but increased NRM risk. As IL6 is a
validated prognostic biomarker for NRM, the first scenario is more plausible.

IL6 is expressed by multiple cell types including DCs, macrophages, and T cells as well as non-
haematopoietic cells (501). Blockade of IL6 signalling in mice models has been associated with lower
GVHD severity and prolonged survival (502, 503). Early clinical trials with anti-IL6 antibodies, such as
tocilizumab, have investigated the use of IL6 as a therapeutic target to prevent AGvHD (500, 504). The
benefit of IL6 blockade is thought to be mediated by an increase in the number of T-reg cells, and
inhibition of differentiation in other effector T cells(502, 505) .

IL6 expression is increased early post-transplant, particularly following TBI (500, 506) . The intensity
of conditioning could therefore have influenced IL6 expression. In Chapter 4, a significant protective
effect of RIC on OS was observed (adj. HR 0.44; P 0.02), but TBI had no univariate association (HR 1.15;
P 0.70). The influence of the conditioning regimen on IL6 expression should be investigated in this
cohort.

Whilst the association of IL6 with NRM is not a novel finding, this emphasises that the methodology
identified validated prognostic biomarkers for recipient outcomes. This provides additional confidence
that the other candidate biomarkers identified warrant validation.

5.5.5 CXCL10

CXCL10 is a cytokine that specifically activates CXCR3. This protein is implicated in a variety of diseases
including immune dysfunction, chronic inflammation, and cancer development (395). Studies have
suggested the interaction between CXCL10 and CXCR3 plays a role in graft rejection in solid organ
transplants (507-509). In allo-HSCT, expression of CXCL10 is a validated prognostic biomarker for
CGvHD a major cause of NRM (118, 183).

In line with this, CXCL10 concentration was associated with a univariate increase in NRM (HRsp 1.42; P
0.04) in Chapter 4. Though this effect did not retain significance after adjusting for covariates (adj.
HRsp 1.29; P 0.34). The role of CXCL10 in attracting immune cells means it exacerbates inflammation
and tissue damage in inflammatory disease (510). Along with its role in CXCR3 activation, this could
explain a potential link between CXCL10 and increased NRM.

In contrast, CXCL10 concentration was associated with lower relapse incidence in both univariate and
multivariate comparisons (adj. HRsp 0.66; P 0.01). There was also a trend toward lower RM (adj. HRsp
0.57; P 0.06). Whilst this could be related to the high rate of NRM, its possible CXCL10 had a protective
effect.

CXCL10-mediated apoptosis has been shown to inhibit the growth of cervical cancer (511). Its
potential anti-cancer properties are thought to be related to the stimulation of immune effector
responses (512), by acting as a chemoattractant for cells including T cells, NK cells, DCs, and
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macrophages and B cells (513, 514). Furthermore, CXCL10 plays a role in the attenuation of
angiogenesis (395, 515).

However, the relationship with cancer is complicated as elevated expression of CXCL10 and its
receptor CXCR3 has been associated with lymphoma and multiple myeloma amongst other cancers
(395, 516, 517). CXCL10 colocalises with a proliferation marker in cancer cells (395) and its receptor
CXCR3 plays a role in both suppression and promotion of cell proliferation (518).

CXCL10 may therefore have both pro- and anti-cancer properties, so any potential link with decreased
relapse incidence should be interpreted with care. Moreover, the increase in NRM with CXCL10
expression did not appear to be driven by CGvHD (adj. HRsp 0.96; P 0.83), for which CXCL10 is a
validated biomarker.

Whilst the prognostic association of CGvHD with CXCL10 could not be confirmed in this cohort, the
data indicated a potential link between CXCL10 and the incidence of NRM and relapse. That the
analysis identified a second validated risk factor for allo-HSCT recipients along with IL6, provides
additional confidence in the findings of the study.

556 LIF-R

Leukaemia inhibitory factor, LIF, is a multifunctional cytokine with a wide variety of roles in
inflammatory responses and differentiation of leukaemia cells (398). Along with IL6, LIF is part of the
IL6 superfamily and binds to its specific receptor LIF-R (398).

The absolute protein concentration of LIF-R was quantified by Kriti Verma, and no relationship
between protein concentration and Olink NPX values was observed in Chapter 4. The Olink data for
this analyte may therefore be erroneous, and HRsp estimates may be artefacts of noise, rather than
true effects.

The data in Chapter 4 suggested a potential link between LIF-R expression and increased RM
incidence, as well as a decrease in NRM. The direction of the effects was the same in both univariate
and multivariate comparisons, however, the significance and magnitude changed substantially. This
casts doubt on whether these were true effects, particularly given the low EPV ratio of the multivariate
models (see Section 5.6.1.7 on “overfitting” in the limitations).

The impact of LIF-R / LIF signalling is relatively understudied in the context of allo-HSCT. However, a
few studies indicate functions that may be relevant. Increases in LIF expression have been linked with
decreased thymic function (519). LIF also has a complex relationship with cancer progression, with
both inhibitory (520) and cancer promoting effects (521-523). Moreover, the expression of LIF has
been linked with worse prognosis in a variety of non-haematological cancers (521, 524, 525).

Overall, the study in Chapter 4 was inconclusive and the association between LIF-R and prognosis was
unclear. Given the potential for the Olink data to be erroneous, the analysis should be repeated with
LIF-R excluded.

5.6 Limitations

5.6.1 Limitations of Allo-HSCT graft composition study
The following limitations refer to the study described in Chapter 3.

5.6.1.1 Donor and recipient cohorts

When conducting an exploratory data analysis, with a single cohort, there is a risk of over-interpreting
the scarce available data. This is particularly true when the cohort is relatively small and clinically
diverse - so these results should be interpreted cautiously. However, if nothing else, the study in
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Chapter 3 has increased the amount of data that is available for speculation as to the impact graft
composition has on prognosis.

There was some heterogeneity in the source of the 185 allo-HSCT grafts. Whilst the majority were
extracted from PBSC, 4 were from BM, and 1 was from cord blood. Compositional data analysis was
focused on a subset of 155 grafts (153 PBSC; 2 BM) for which outcome data was available for the
recipients. The BM grafts could have been excluded from the analysis to improve interpretability.

Multiple studies have shown stem cell mobilisation regimes influence the T cell, NK, DC, and monocyte
content of grafts (404, 409, 444). Standard G-SCF mobilisation was used for all the PBSC grafts,
therefore the results may not generalise to the use of alternative mobilisation agents such as
Plerixafor (409).

The grafts were unmanipulated at the time of CyTOF data collection. Information on T cell depletion
was available at a later stage of project development. This showed that 93% of the recipients were
subject to in vivo T cell depletion with ATG or Alemtuzumab post-transplant. Subsequent testing
indicated no differences in the rate of OS and GRFS between ATG or Alemtuzumab recipients (Figure
C.14). Moreover, there was no difference in the cumulative incidence of GvHD, relapse, or TRM.
However, the interaction between the composition and subsequent pharmacological interventions
could be a confounding factor.

Another underexplored effect was the effect of donor characteristics on composition. Qualitative
comparisons were made between PBSC graft groups. However, the effects of donor age, CMV status,
and gender on graft composition were not formally tested.

Some important risk factors were omitted from the analysis. Whilst information on disease stage was
available for some patients, a large number of categories (10 categories) and disease-specific
interpretation rendered this information unsuitable for inclusion in the statistical analysis given the
cohort size. The results are only applicable to HLA-matched allo-HSCT. This variable was not included
in the regression analysis due to the low prevalence of mismatched donors (7%).

Diagnosis was dichotomised into myeloid and lymphoid malignancies. This does not accurately reflect
the diversity of risk between diseases, and the action of particular cellular components may vary
depending on the specific haematological malignancy. Moreover, 10 patients had other malignancies
or aplastic anaemia, further complicating the comparison. Therefore, diagnosis was omitted from the
regression models.

The mismatch between the sex of the recipient and donor was also encoded as a binary variable,
either matched or mismatched sex. However, female recipients of grafts from male donors may have
an increased risk of GvHD (160).

5.6.1.2 Batch effects

Grafts were subject to CyTOF data collection across 8 batches. If strong batch effects are present, this
can result in clusters that are specific to batch differences — masking differences that are of interest
to the study. Batch correction is an active research topic for CyTOF data (526-528). Many effective
solutions require the inclusion of technical replicates during data acquisition (528). Recently, robust
integration methods to minimise technical variability without the use of replicates have been
published but were not available during this project’s development (529).

Visualisation of graft centroids — the average marker expression across all markers — by principal
component analysis did not indicate significant batch effects (Figure C.1). PhenoGraph appeared to
be fairly robust to batch differences. Of the 39 clusters, 4 were excluded for being observed in < 50%
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of samples, and 32 were observed in > 90% of samples. However, batch effects could be influential
so correction needs to be integrated into the analysis (529).

5.6.1.3 Missing data

Missing data was present in the recipient and donor information. A complete case strategy (excluding
patients with any missing observations) was not suitable given the impact it would have on the sample
size. Therefore, a multiple imputation strategy was applied (as described in Section 2.1.10.1) under
the assumption that the data was missing at random or missing completely at random.

Variables with missing observations consisted of routinely collected information for allo-HSCT
patients. The missingness likely resulted from data administration, rather than not being recorded in
practice. It is therefore reasonable to assume that the observations were missing at random.
Sensitivity analysis should be conducted to assess the influence imputation had on the resulting
coefficient estimates.

In the context of survival analysis, when imputing missing covariate values, it is recommended that
the outcome data is included in the imputation model (324) in the form of an event indicator and the
baseline cumulative hazard (530). It is unclear whether this approach should be applied when
modelling the sub-distribution hazard such as with the FG model (324, 531). Investigating multiple
competing outcomes would also require different imputation models. Furthermore, this increases the
risk of data leakage. Thus, only independent variables available at the time of model evaluation were
included in the imputation model, and the same set of imputed data was utilised for each comparison.

5.6.1.4 Cell state

By focusing on the prognostic effect of cell abundance, the current study overlooks the wealth of
biological information encoded in the state of cells. Certain markers may be expressed during
signalling or other functional states such as inflammation (532). The impact differences in cell state
had on prognosis needs to be explored and could be used to refine the PBSC graft groups.

5.6.1.5 Defining composition of PBSC graft groups

Cells were divided into cell populations with the PhenoGraph clustering algorithm. The unsupervised
nature of this approach meant the cell populations are not easily reproducible in independent data.
Samples were pooled into a single matrix prior to clustering; however, the number of cells was highly
heterogenous between donations. As a result, grafts with larger cell counts could have had an outsized
influence on the cluster analysis.

When comparing the composition of the three PBSC graft groups, cellular proportions were calculated
from the total count of cells. This gave an unbiased comparison of every cell lineage identified within
the CyTOF data. To improve interpretability of the results, additional summaries targeted at the T or
B cell compartment would give insight to the relative contribution of naive and effector cell subsets.
Likewise, the relative proportion of pDC and cDC within the DC compartment could be revealing.

The defining characteristics of the PBSC graft groups were determined qualitatively. Statistical tests
to identify proportionally abundant features could add clarity to graft group comparisons (533).

5.6.1.6  Amalgamated cell populations

Compositional data analysis was conducted with clusters of cells detected by PhenoGraph combined
into lineages. These are referred to as summed or amalgamated log-ratios, in which parts of the
composition are combined using domain specific knowledge (270).
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Amalgamating parts of the composition was necessary due to the restricted sample size and the
prohibitively large number of cell populations within the data (see next heading). The downside is that
that this overlooks phenotypic and functional diversity within each lineage.

It would be useful to divide the composition into individual clusters or more finely grained cell subsets
(e.g., T cells divided into CD4+, CD8+, etc). However, methodological changes would be required to
analyse high-dimensional compositions which are discussed in Section 5.7.4.

5.6.1.7 Overfitting

The number of clinical variables adjusted for in the multivariate models was substantial given the
number of events observed in the cohorts. This was compounded by the number of cell lineages
included in the compositional models, even after amalgamation. The higher the events-per-variable
(EPV) ratio, the lower the risk of bias in the model estimates. The multivariate models for GRFS had
EPV ratios between 5.8 and 8. Simulation studies suggest models with an EPV > 5 can be interpreted
without a substantial risk of bias (361).

The multivariate OS models had less favourable EPVs, ranging from 3.1 to 4.2. However, the remaining
FG models all had an EPV < 3. The multivariate estimates should therefore be interpreted with caution
as there is a substantial risk of bias and generalisation error. Dividing the data into a training and
testing set would be useful to validate the hazard ratios but would be impractical given the sample
size and use of unsupervised clustering.

A reduced set of clinical variables should have been selected for inclusion at the outset of the study,
or a variable selection strategy should have been employed to construct more parsimonious models.

5.6.1.8 Additive log-ratio transformation

Survival analysis for compositional data was conducted using the additive log-ratio (ALR)
transformation. Other types of log-ratio transformations have been proposed, such as the centred log-
ratio (CLR) and the isometric log-ratio (ILR) as introduced in Section 2.1.6.1.

McGregor et al provide a persuasive study purporting the use of ILR transformation for survival
analysis (335). Whilst theoretically justified, CLR and ILR introduce considerable complexity when an
approximately isometric approach such as ALR can lead to the same inference (270). Moreover, of the
three transformations, only the ALR has an intuitive interpretation, as it is constructed from the ratio
of two parts of the composition.

Greenacre 2021(262) argues that alternative transformations complicate the practice of
compositional data analysis whilst losing the benefit of easy interpretation. John Aitchison, the
statistician instrumental in establishing the principles behind compositional data analysis, suggests
that

“The ALR transformation methodology has, in my view, withstood all attacks on its validity as
a statistical modelling tool. Indeed, it is an approach to practical compositional data analysis
which | recommend particularly for non-mathematicians. The advantage of its log-ratios
involving only two parts, in contrast to CLR and ILR [...], which use log-ratios involving more
than two and often many parts, makes for simple interpretation and far outweighs any
criticism, more imagined than real, that the transformation is not isometric.” (534)

As a result, the importance of isometry is widely debated (270). Ultimately the choice of log-ratio
transformation depends on the particular application, the data, and the audience with which the
analysis it to be communicated.
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The ALR transformation requires a choice of a suitable reference part. As HSC are the essential
functional constituent of grafts, the ratio of other cell types to HSC is relatively intuitive in this context.
With HSC as the reference part, the Procrustes correlation for the dataset was 0.9 (Appendix Table
C.1), whereas the maximum correlation achieved was 0.94 with DCs as the reference. This indicates
that the ALR transformed data was approximately isometric and that the use of alternative reference
parts did not lead to substantial improvements.

5.6.1.9 Competing risks analysis for compositional data

Survival analysis using the Cox PH model has recently been extended for use with log-transformed
compositional covariates (334) (335). This approach was used for studying the rate of OS and GRFS,
which are not subject to competing risks.

As described in Section 1.3.2, the CSH and FG models are the two most common multivariate methods
when studying competing risks in allo-HSCT data. To the best of my knowledge, neither has been
applied to compositional covariates in published literature.

The CSH model is effectively the Cox PH model applied to each cause-specific hazard. The analysis
could be conducted as demonstrated for survival events (334-336), only repeated for each competing
risk and interpreted accordingly. Whereas to the best of my knowledge there is no published software
designed to apply the FG model to compositional covariates. Therefore, code from Walmsley et al.
2021 (334, 336) was adapted for this purpose. Consequently, applying the FG model to compositional
covariates is an experimental analysis that warrants formal evaluation.

A literature search identified several papers on mortality forecasting in which competing causes of
death were modelled as a composition (535-537). However, competing risks regression with
compositional covariates appears to be an understudied area of research.

5.6.1.10 Cluster analysis for compositional data

Grafts were partitioned into clusters, or PBSC graft groups, based on compositional differences. This
relied on cluster analysis for compositional data (clustCoDa) a technique developed in the field of
geochemistry (272, 279). Compositional data analysis is well-established in geochemical research;
however, there has recently been exponential growth in the use of such methods in other fields of
study (538).

The use of clustCoDa to partition the composition of CyTOF data into groups represents a new use
case, but the methodology is the same: to apply an isometric log-ratio transformation (263, 272, 273),
then perform cluster analysis on the transformed data. Clustering in this context is used as a form of
feature extraction. The multi-dimensional composition is transformed into a single discrete variable,
the cluster label, that is compatible with standard survival and competing risks analysis.

The GMM clustering algorithm was selected for clustCoDa due to reports of that it can out-perform
other common clustering algorithms such as k-means (272, 275). A variety of other clustering
algorithms such as Density-Based Spatial Clustering of Applications with Noise would be interesting to
explore in this context (539).

A major benefit of GMM clustering is that the fitted model can be re-used to classify new observations
into the same set of clusters (or PBSC graft groups as we have referred to them). This feature facilitates
validation of PBSC graft groups and the associated risk in independent data sets. If validated, such a
model could form the basis of a risk stratification tool to stratify grafts into risk groups based on
multivariate compositions. This would, however, also require the cellular populations used to define
the graft composition to be reproducible (see Section 5.7.3).
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5.6.2 Limitations of post-transplant serum protein study
The following limitations refer to the study described in Chapter 4.

5.6.2.1 Recipient cohort

Results based on this single cohort represent an exploratory data analysis, for which independent data
is required to confirm findings. Dividing the cohort into a training and testing set would have further
lowered the EPV ratios. Moreover, the initial selection of the candidate biomarkers utilised the entire
cohort, so this would have introduced bias.

Some important risk factors, such as disease stage and HLA-mismatch were omitted from the analysis.
Whilst information on disease stage was available for a subset of patients, inconsistencies in the
reporting rendered this information unsuitable for use in statistical analysis. Due to the low prevalence
of mismatched donors (11%) this variable was not included in regression analysis.

Several variables including diagnosis and donor/recipient sex mismatch were simplified to enable
inclusion with the regression models. Missing data was also present. The implications of these
limitations are described in Section 5.6.1.1 and Section 5.6.1.3.

5.6.2.2 Day14

The Olink data was generated from samples taken on the 14" day post-transplant. There is an inherent
assumption that the protein expression at this time point is associated with prognosis. However, it
could be that the pattern of protein expression was fixed by the state of the subject’s immune system
prior to transplantation. Data from earlier time points would be required to assess this. Kriti Verma
and Wayne Croft are conducting an extension of the study with samples taken on the day of
transplantation.

5.6.2.3 OLINK relative protein concentration

The Olink NPX assay provides a relative measure of serum concentration between individuals in this
particular cohort. However, the values are not comparable between studies. This is suitable for the
current exploratory analysis but limits the reproducibility of findings and complicates comparison with
other experiments.

5.6.2.4 Initial selection of candidate biomarkers

The initial set of candidate biomarkers were selected from the Olink data by colleagues based on
univariate differential expression analysis, with BH correction to control for the false discovery rate.
Whilst univariate filtering raises the possibility of overlooking effects that may be larger when
observed in concert, it limits the risk of interpreting spurious findings.

A follow-up time was not specified in the differential expression analysis. In the comparison of
mortality, for example, patients who died within weeks are treated as equivalent to those who died
many years later. Proteins with a large impact on the rate of mortality but not the overall number of
deaths may, therefore, have been overlooked. However, the major benefit of a two-group comparison
is it is simple to convey to the audience that protein concentration was elevated/decreased in a
particular group of patients (e.g., those that subsequently died).

5.6.2.5 Multiple testing burden

Statistical models were used to estimate hazard ratios for each candidate biomarker, factoring in time
and censoring. Whilst this analysis was restricted to differentially expressed proteins, retained after
BH correction, this introduces additional unaccounted multiple testing. This is further complicated by
the use of multiple closely correlated clinical endpoints.
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Applying additional multiple testing corrections would raise the possibility of false negatives —
overlooking important associations. For example, if a single protein was tested for its effect on the
incidence of RM and relapse, and the coefficients had significance values of P 0.06 and P 0.05, applying
the BH correction would mean neither result was significant. This is counter intuitive as the two
outcomes are closely related. Therefore, P values were left unadjusted for the statistical models —and
the significance of the results is debatable.

5.6.2.6  Overfitting
The number of candidate biomarkers and clinical variables were substantial relative to the number of
events observed. A variable selection strategy was employed to create more parsimonious models.

After variable selection, the EPV ratios for the multivariate models of OS and GRFS were 6 and 19.4,
respectively. Indicating low risk of over-fitting. This was not the case for the FG models due to the
number of variables retained after variable selection. The multivariate models of AGvHD and relapse
had less favourable EPVs of 3.8 and 2.9 respectively. However, the remaining FG models all had an
EPV < 2, so there is a high risk of overfitting. The risk of interpreting spurious findings was limited by
focusing primarily on effects that were apparent in both the univariate and multivariate comparisons.

A restricted set of clinical variables should have been selected for inclusion, ideally at the outset of
the study. Additional filtering of the clinical variables post-selection would also improve EPV ratios.

5.6.2.7 Variable selection

Multiple variable selection algorithms were employed in this study. The advantages and limitations of
each of these algorithms applied are discussed in Appendix B. To choose a final model among the
variable selection results, BIC was compared (360, 403). Whilst this added additional complexity to
the analysis, the selection of the same candidate biomarkers, by several variable selection algorithms
increased confidence that true signal variables were being interpreted.

As this was an exploratory analysis and variable selection was employed to reduce the dimension of
the data, this could have increased the rate of type Il errors (false negatives) (540). Therefore,
differentially expressed proteins excluded by variable selection should not be discounted from follow-
up studies.

5.7 Future work
Based on the results and potential limitations of the studies reported in this thesis, there are several
possible directions for future work

5.7.1 Cell state & donor characteristics

In an extension of the study in Chapter 3, | would like to contrast the cell state of immune populations
between grafts. Currently, this important biological information is only utilised to characterise cell
populations.

Contrasting the expression of immune checkpoint inhibitors, such as PD-1, on monocytes could be
informative given the important role of this pathway in T cell suppression (541). The activation status
of DC populations could be tested for an association with GvHD (440). Such as by measuring the level
of CD86 expression which is upregulated during antigen presentation (542).

The simplest approach would be to contrast the average marker expression of a cell population
between grafts. This is a fast reliable strategy for differential state analysis (543).
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The study in Chapter 3 did not statistically test the association between donor characteristics and graft
composition. Specifically, donor age, gender, and CMV status should be assessed. Differential
abundance analysis could be employed to study these factors (544).

5.7.2 Subgroup analysis

Given the restricted cohort sizes, subgroup analysis was not practical for the reported studies. In
Chapter 3, survival analysis for compositional data was applied to all PBSC graft groups as a single
population. Testing the influence of graft composition within each of the three PBSC graft groups could
reveal differential associations dependent on the overall composition.

Moreover, subgroup analysis to contrast different haematological malignancies is required, as the
level of heterogeneity in Chapters 3 and 4 reduces interpretability. The specific malignancy may have
influenced protein expression or the impact of particular cell subsets in the graft. Likewise, given the
reported effect of TBI on IL6 expression, a subset analysis focusing on different conditioning regimens
could unpick these potentially confounding effects (500, 506).

5.7.3 Risk stratification tool for graft composition

In an extension of the study in Chapter 3, | would like to explore the use of supervised clustering
analysis to define cell populations. Supervised clustering uses prior information to cluster CyTOF
events into known cell subsets and would result in clusters that are easily reproducible between
datasets.

The combination of supervised clustering to identify cell populations, with clustCoDa to define groups
of grafts, could provide a powerful tool stratify allo-HSCT grafts by risk. A related approach was used
to stratify COVID-19 patients by risk in a study | published with collaborators during the course of this
thesis (Appendix A).

Linear Discriminant Analysis (545) and DeepCyTOF (546) are two supervised clustering algorithms
shown to accurately classify cytometry data into known cell types (547). However, these require
substantial amounts of labelled training data and cannot identify novel cell types.

5.7.4 Higher-dimensional compositions

Conducting the compositional data analysis in Chapter 3 with high-dimensional compositions could
provide additional insights into the effect of individual cell populations (e.g., CD4+ T cells, CD8+ T cells,
etc) or clusters of cells.

The current study amalgamated cell populations into lineages to overcome the restricted sample size.
Another solution would be to retain all individual parts of the composition and apply multivariate
variable selection to create a more parsimonious model. AIC (335) and LASSO selection (548), as
applied in Chapter 4, have both been applied to simplify regression models with compositional
covariates. This could enable survival regression with high-dimensional compositions.

The same approach could be extended to the cluster analysis for compositional data used to identify
the PBSC graft groups. For example, by applying variable selection methods for model-based clustering
(549), thereby rendering cluster analysis for compositional data compatible with high-dimensional
compositions. Alternative compositional clustering algorithms have also been developed specifically
for high-dimensional compositions (275, 550).

In microbiome research, it is common to have compositions with a very large number of parts but
relatively small sample sizes. The compositions in microbiome data are often very sparse with 50 -90%
zero values (551). Survival analysis methods have been developed for this sparse microbiome data
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(552, 553). Namely, optimal microbiome-based survival analysis (OMiSA) (552), and microbiome
regression-based kernel association test (MiRKAT-S) (553).

Both OMISA and MIRKAT-S are compatible with log-ratio transformations (552, 553) and rely on
aspects of the Cox regression model, so are suitable for survival events. Tools to test the effect of
sparse compositions on competing risks (e.g., using the FG model) would be invaluable, but to the best
of my knowledge, none have been published.

A combination of these approaches could be explored to test the impact of individual cell populations
on prognosis. As well as to define the PBSC graft groups based on high-dimensional compositions.

5.7.5 Absolute protein concentration models

For a subset of candidate biomarkers in Chapter 4, Kriti Verma conducted an ELISA assay to quantify
absolute protein concentration. This data could be used to estimate hazard ratios per unit change in
absolute protein concentration for the candidate prognostic biomarkers. As well as being more
biologically interpretable, this would enable validation of the estimates and facilitate risk model
development. Both the EASIX and rPAM risk scores discussed in Section 1.2.6.1, for example, utilise
biomarkers to estimate risk in allo-HSCT recipients (173).

5.7.6 CCL23 /CCR1 interactions and GvHD

The data in Chapter 4 indicated a potential link between CCL23 and AGvHD. Given the role CCR1 /
CCL5 interaction plays in GvHD development (489), the action of CCL23 / CCR1 interaction on
allogeneic T cell responses could be investigated for its influence on GvHD and GvL effects.

5.7.7 Integrating CyTOF and OLINK proteomics data

The absence of paired samples between the cohorts in Chapters 3 and 4, meant each cohort of allo-
HSCT recipients was studied in isolation. Had the data been derived from paired samples, the CyTOF
and OLINK proteomics data could have been integrated. This could reveal novel biological insights,
such as the influence of graft composition on post-transplant protein expression. Taking a systems-
level approach could also identify interactions between these two data sets that are informative to
recipient prognosis.

A study by Lakshmikanth et al. 2017, used topological data analysis to integrate CyTOF and OLINK data
after allo-HSCT (487). Using this approach, they found a series of immune signatures pertinent to
prognosis. For example, the dysregulation of CCL23 in recipients prior to AGvHD diagnosis. That CCL23
was implicated in AGvHD in Chapter 4, further highlights the potential utility of this approach.

The UMAP algorithm used for visualisation in Chapter 3, relies on topological data analysis for
dimension reduction. UMAP could also be applied to integrate the CyTOF, OLINK, and clinical data to
identify co-regulation patterns in a similar approach to that of (487), as well as to develop a prognostic
model (305). An example of using UMAP to integrate several types of clinical data for risk stratification
can be seen in the published study in Appendix A.
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5.8 Conclusions

Many challenges remain in understanding the cellular composition of PBSC grafts, and how this
influences prognosis following allo-HSCT. Furthermore, the prognostic utility of serum proteins post-
transplant requires clarification. This thesis has contributed to our knowledge of graft cellular
composition and expanded our understanding of which cell populations and serum proteins are
associated with prognosis. These findings will support the development of personalised graft
composition strategies and tools for individual risk assessment, early after transplantation. Moreover,
it has demonstrated the benefit of applied data science for discovery in allo-HSCT research.

Comprehensive characterisation of immune cell populations improved our understanding of PBSC
graft composition and how this varies between donations. Statistical models compared the
composition between grafts to test for association with prognosis and the presence of distinct graft
types. This indicated a clear association between non-CD34+ content of grafts and prognosis and the
presence of three distinct types of graft composition that stratified recipients by risk.

Established associations were reinforced, such as graft T cell content being predictive of chronic GvHD
risk. It also raised several important questions such as why the proportion of monocyte and DNAM-1*
lymphoid progenitor cells in grafts conferred improvements in GRFS and TRM, respectively. As these
cell populations did not influence the risk of relapse, they could be studied for their potential to
impede GvHD without obstructing GvL effects.

Valuable insights have been obtained into the impact of post-transplant protein concentrations on
prognosis, highlighting the utility of variable selection algorithms in biomarker discovery. A previously
validated prognostic biomarker, IL6, was shown to be predictive of NRM incidence. For the first time,
the concentration of PD-L1, CCL23, and CDCP1 in the serum 14 days post-transplant were identified
as potential prognostic biomarkers for OS, GRFS, and RM, respectively. If validated, these could help
advance the development of biomarker-based risk scores.

Furthermore, PhenoGraph was shown to be capable of identifying cell populations from millions of
CyTOF events, derived from heterogeneous graft samples. Both well-defined and less-studied
populations were identified based purely on patterns within the CyTOF data. This emphasises how
unsupervised cluster analysis could facilitate the interrogation of large-scale single-cell data for clinical
research.
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Appendix A Machine learning of COVID-19 clinical data identifies
population structures with therapeutic potential.
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A.1 Abstract

Clinical outcomes for patients with COVID-19 are heterogeneous and there is interest in defining
subgroups for prognostic modeling and development of treatment algorithms. We obtained 28
demographic and laboratory variables in patients admitted to hospital with COVID-19. These
comprised a training cohort (n = 6099) and two validation cohorts during the first and second waves
of the pandemic (n = 996; n = 1011). Uniform manifold approximation and projection (UMAP)
dimension reduction and Gaussian mixture model (GMM) analysis was used to define patient clusters.
29 clusters were defined in the training cohort and associated with markedly different mortality rates,
which were predictive within confirmation datasets. Deconvolution of clinical features within clusters
identified unexpected relationships between variables. Integration of large datasets using UMAP-
assisted clustering can therefore identify patient subgroups with prognostic information and uncovers
unexpected interactions between clinical variables. This application of machine learning represents a
powerful approach for delineating disease pathogenesis and potential therapeutic interventions.

A.2 Graphical abstract
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A.3 Introduction

The COVID-19 pandemic has led to >4.6 million deaths to date, but the clinical outcome after primary
infection is heterogeneous and approaches to predict outcome within individual patients are of value.
Several demographic features increase the mortality risk, including age and comorbid conditions, and
have been used to define clinical risk scores. The ISARIC4C mortality score is used widely and assesses
nine demographic and laboratory values (554).

This clinical heterogeneity of COVID-19 has led to interest in further defining patient subgroups (555,
556), but although inclusion of more demographic and laboratory values can improve accuracy, the
associated increase in data dimensionality is challenging for clustering algorithms. As such, integration
of outputs from very high dimensional datasets usually requires either feature selection or
dimensionality reduction. Although the latter approach loses some information, the associated
compression and noise reduction greatly improves utility and is used commonly in biological
assessments such as analysis of single-cell RNA sequencing data (557). The reduced dimensional
outputs created through principal component analysis (PCA) are a linear combination of the input and
struggle to capture complex nonlinearities (242). Nonlinear dimension reduction or manifold learning
techniques such as Uniform Manifold Approximation and Projection (UMAP) (295, 558), are based on
topological analysis and can define groups without prespecifying a target for the algorithm (305). The
combination of UMAP dimensionality reduction and model-based clustering offer a powerful
approach to unsupervised machine learning (559, 560).

To identify subgroups of patients with COVID-19, we obtained information on 28 clinical,
demographic, and laboratory variables in a training cohort of 6099 patients on the day of their hospital
admission with acute COVID-19 with outcomes followed for 28 days including inpatient and
community mortality. UMAP dimensionality reduction and clustering were then applied to define
clinical subgroups that predicted mortality and were confirmed in two large patient validation cohorts.
Besides, it identified unexpected interrelationships between variables that could be valuable for
guiding treatment pathways.

171



A.4 Methods

A.4.1 Patient population

Clinical data were acquired for patients admitted to hospital with COVID-19. The CovidCollab cohort
is a multicentre dataset of 6099 patients admitted between January and August 2020 and was used
as the training cohort in model development (561). Two cohorts of patients admitted to the University
Hospitals NHS Foundation Trust Birmingham (UHBFT) were used for validation. The first cohort (‘wave
1’) includes 996 patients admitted between January and August 2020. The second cohort (‘wave 2’)
includes 1011 patients admitted between September 2020 and January 2021 (Table A.1). Patients
tested positive for SARS-CoV-2 by PCR and/or antibody test within 14 days of admission. Mortality at
day 28 (including after discharge) was determined for each patient.

Ethical approval was provided by the East Midlands—Derby REC (reference: 20/EM/0158) for the
PIONEER Research Database (data from University Hospitals Birmingham). For CovidCollab data, local,
regional and national approvals were obtained from all participating sites. In the UK, this study was
registered as clinical audit or service evaluation, with approval granted in line with local information
governance policies, in line with assessment and guidance by the Health Research Authority. At the
lead site (University Hospitals Birmingham NHS Trust), this study was registered as clinical audit
(CARMS-15986). In other countries, local principal investigators were responsible for obtaining
approvals in line with their local, regional and national guidelines and recommendations. Only
routinely collected data were collected and patient care was not altered by this study. Anonymised
data were securely transferred to the Birmingham Centre for Prospective and Observational Studies,
University of Birmingham via REDCap. All sites were required to confirm that approvals were in place
prior to being provided with logins; written data sharing agreements were arranged where requested
by individual sites.

A.4.2 Variables and missing data

Data obtained for each patient included demographic, clinical and laboratory variables taken on the
day of admission (Table A.1 and Table S. 2). Analysis was conducted in R (562) with RStudio (563).
Missing data were quantified by cohort (Figure S. 1) and imputed from the observed data by predictive
mean matching (564-566). The Multivariate Imputation by Chained Equations (MICE) (567) algorithm
was applied independently to each cohort under fully conditional specification. 28 variables
(continuous and binary) (Table A.1) were used for model development for which the maximum
proportion of missing observations was 36% in the training cohort, 43% in wave 1 and 42% in wave 2.
A single imputation of the training cohort was used for model development. Multiple imputations of
waves 1 and 2 were analysed for validation (n. imputations = 5).

A.4.3 Data processing

UMAP was applied to the training cohort prior to model development (307) (Figure S. 2). Binary
variables were one-hot encoded (0/1), and all variables standardised prior to transformation (mean 0,
variance 1). UMAP transformed the 28 clinical variables onto a lower dimensional embedding. Initial
hyper-parameters were selected by visualising a 2-D embedding output (Figure S. 3). A Euclidean
distance metric was used with a target of 40 nearest neighbours and a minimum distance of 0.25.

A.4.4 Clustering model development

Gaussian mixture model (GMM) clustering was applied to automatically label the distribution of
patients after transformation by UMAP (274, 568) (Figure S. 2). An Expectation-Maximization (EM)
algorithm was used to estimate GMM parameters with unconstrained covariance matrices (274).
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The number of UMAP dimensions to output for clustering, D, was determined qualitatively. Maximum
likelihood estimation of intrinsic dimension (291, 569, 570) and Factor Analysis of Mixed Data (FAMD)
(571-573) were applied to determine a range for D based on data complexity. Iterative UMAP
dimension reduction was used to test the effect of D on the clustering model. GMMs were fitted to
each D-dimensional embedding with between 2 and 50 mixture components. Average silhouette
width (284, 574, 575) and Bayesian information criterion (BIC) (274, 576) were measured. The
maximum D was selected which did not substantially reduce silhouette width or result in high
variability in BIC between models. From this, 4 dimensions (4-D embedding) were selected for onward
analysis (Figure S. 4).

The number of mixture components, K, and therefore clusters of patients, was determined using the
optimal BIC, maximum silhouette width, and a qualitative assessment of BIC and silhouette width plots
(manual BIC, manual silhouette). If multiple values for K were selected, the diversity of mortality rates
was then compared between these models and the mortality rate at day 28 after hospital admission
calculated for K clusters. ISARIC4AC modelling had shown that mortality rates varied markedly between
high risk and low risk groups (Figure A.1) and the model with the largest range of mortality rate was
therefore retained. Based on this, the final reported model was a GMM fitted with K = 29 (Figure S.
4).

A.4.5 Clustering validation data

A two-stage process assigned patients from waves 1 and 2 into clusters detected by the GMM in model
development. First, the UMAP transformation learned from the training cohort was applied to embed
the validation cohorts onto the same 4-D embedding. Secondly, the trained GMM was applied to
predict which clusters the new observations should be assigned to with the highest probability. This
was repeated for 5 imputations and a majority vote was taken as the final cluster classification (577).
Separation of clusters was assessed for each imputation by silhouette analysis and estimates were
pooled with a 95% confidence interval (Cl) by applying Rubin’s rules (578).

A.4.6 2-D visualisation

For visualisation purposes the UMAP analysis was repeated to transform the 4-D embedding of the
training cohort from 4-D to 2-D. The same transformation was applied to each validation cohort and
scatter plots (UMAP plots) were created (289).

A.4.7 Quantification and statistical analysis

A.4.7.1 Comparing cohorts

Complete cases of each variable were compared between the training and validation cohorts using a
Wilcoxon test for continuous variables or Fisher’s test for categorical variables (579, 580). The
Benjamini-Hochberg procedure was applied to adjust for multiple testing (339). Mortality rate at day
28 after hospital admission was calculated for individual clusters across each of the three patient
cohorts and odds-ratios were calculated (95% Cl, 1000 bootstrap resamples) (581).

A.4.7.2 Cluster characterisation analysis

Fisher’s tests were applied to detect variables significantly associated with each cluster (p = 0.001).
Continuous variables were categorised into ordinal factors from literature review and tests applied to
each factor level (Table S. 2). Only variables where the association was significant in the training cohort
and at least one validation cohort were reported here. Results were summarised using word clouds
with variables scaled by the strength of the association in the training cohort (582-584). Word clouds
were overlaid on to a UMAP plot of the training cohort to aid interpretation. Clusters with fewer than
10 patients in either validation cohort were excluded.
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A.4.7.3 Risk classification

ISARICAC mortality score was calculated for each patient (554) and revealed 0—88% risk of death within
28 days. Scores were divided into low (0—-3), intermediate (4-8), high (9—14) and very high risk (15—
21) for plotting purposes. The training cohort was assigned a score based off a single imputation,
waves 1 and 2 were assigned a score based off the mode across 5 imputations. Kaplan—Meier (KM)
(317) curves were constructed to estimate survival rates with 95% Cl. A log-rank test was applied to
test for differences between groups.

A.4.7.4 Role of the funding source

The work was funded from an NIHR grant to PM. The sponsor of the ethics had no role in decision to
publish, collection of data or authorship. The contributions by NA, ES, KN, MP, CS and TT were funded
by the Medical Research Council UK Research and Innovation (reference COV0306) during the study.
The funder had no role in developing the research question or the study protocol.
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A.5 Results

A.5.1 Survival probability between cohorts and risk groups

Significant differences in survival probability were observed between the cohorts (p < 0.0001).

28 days after admission, the survival probability in the training cohort was 74% (Cl 73-75), whereas
this was 71% in the wave 1 cohort (Cl 69—-74) and increased to 86% (Cl 83—-88) in wave 2. Patients
within each ISARICAC risk group exhibited markedly different outcomes within all cohorts (training
p < 0.0001, wave 1 p < 0.0001, wave 2 p < 0.0001) (Figure A.1). The relative frequency of ISARIC4C
risk groups was comparable in the training and wave 1 cohorts, whereas a notable increase in the
proportion of low and intermediate risk patients was seen in wave 2.

ISARICAC risk group == Low Int. High == Very high
Training Wave1 Wave?2

£1.00 ; "
%
© 0.751
o
2 0.50-
g
5 0-251 p <0.0001 p < 0.0001 p < 0.0001
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Time
N = 6099

Figure A.1 Survival probability by ISARICAC risk group. KM survival curves (95% confidence interval) and
composition of cohorts by risk group.

Low-risk patients had a consistently high survival probability of 99% (training Cl 98—100; wave 1 Cl
96-100; wave 2 Cl 97-100). For the intermediate risk group, the survival probability was 92% (Cl 91—
94) in the training cohort, 93% (Cl 90-97) in wave 1 and marginally higher in wave 2 at 95% (Cl 93—
97). High risk patients had a lower survival probability of 70% in both the training (Cl 68—71) and
wave 1 cohorts (Cl 66—74), but this improved in wave 2 to 82% (Cl 78—85). However, patients in the
very high-risk group had a consistently poor prognosis in each cohort. The survival probability was
41% (Cl 38—45) in the training cohort, 40% (Cl 34—49) in wave 1, and 34% (Cl 23-47) in wave 2.

Taken together, these data indicate that although overall prognosis improved for patients in wave 2,
this was driven mainly by improvements in the outcome of intermediate and high-risk patients, with
no apparent improvement for those in the very-high risk group.
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A.5.2 UMAP transformation and GMM clustering of clinical variables identifies distinct
patient groups

28 demographic and laboratory variables were obtained for each patient on the day of entry to

hospital and used for inclusion within the UMAP analysis (Table A.1). Patient subgroups were

identified within the UMAP embedding using GMM clustering (Figure A.2A).

Table A.1 Characteristics of patients and clinical variables within the cohorts. Variables summarised by median
(continuous) or count (categorical) by cohorts. Variables labelled with a v were included as input into UMAP

analysis.

Cohort Adj. P value
Variable* Training Wave 1 Wave 2 Wave 1v Wave2v | UMAP
Training Training Input
Patient number | 6099 996 1011
Age (years) [IQR] | 73.00 [58.00, 70.00[56.00, 64.00[50.00, | 0.04 0.01 v
83.00] 83.00] 79.00]
Male (%) | 3361 (55) 564 (57) 525 (52) 0.97 0.16 v
BMI (kg/m2) [IQR] | 26.84[23.31, 27.78[24.22, 28.02[23.95, | 0.01 0.01 v
31.03] 32.73] 32.87]
28-day deaths (%) | 1570 (26) 284 (29) 146 (14) 0.22 0.01
ISARICA4C Score [IQR] | 10.00 [7.00, 11.00 [8.00, 9.00 [5.00,
13.00] 14.00] 11.00]
Glasgow coma score | 15.00 [15.00, 14.00 [9.00, 15.00 [14.00,
[IQR] | 15.00] 15.00] 15.00]
Clinical frailty scale | 4.00 [2.00, 4.00 [2.00, 3.00 [2.00, 0.02 0.01 v
[IQR] | 6.00] 6.00] 4.00]
Cough (%) | 4259 (70) 529 (58) 386 (38) 0.01 0.01 v
Delirium (%) | 1160 (20) 78 (9) 28 (3) 0.01 0.01 v
Fever (%) | 3212 (53) 454 (50) 303 (30) 0.41 0.01 v
Cancer (%) | 649 (11) 123 (12) 110 (11) 0.35 1.00 v
COPD /Sleep | 1579 (26) 297 (30) 271(27) 0.04 1.00
Apnoea / Asthma
(%)
CVD (%) | 3033 (50) 531 (53) 293 (29) 0.12 0.01 v
Dementia (%) | 934 (15) 343 (34) 236 (23) 0.01 0.01 v
Diabetes (any) (%) | 1794 (29) 356 (36) 318 (32) 0.01 0.42
Alt (U/L) [IQR] | 24.00 [16.00, 25.00[16.00, 25.00[16.00, | 1.00 1.00 v
41.00] 39.25] 41.00]
Base excess [IQR] | 0.20 [-2.00, -0.30 [-2.50, 0.10[-1.70, 0.04 0.13 v
2.30] 2.00] 1.70]
Chest x-ray imaging 0.01
(%)
Appeared clear | 1604 (29) 192 (24)
Local consolidation | 3226 (59) 229 (28)
GGO / bilateral | 637 (12) 389 (48)
infiltration
CRP (mg/L) [IQR] | 73.00 [27.00, 100.00 55.00 [14.00, | 0.01 0.01 v
146.00] [43.00, 118.50]
176.00]
Diastolic BP (mmHg) | 75.00 [66.00, 75.00 [66.75, 77.00[69.00, | 1.00 0.01 v
[IQR] | 84.00] 84.00] 84.00]
EGFR (mL/min) [IQR] | 72.08 [47.41, 68.00[38.00, 82.00[58.00, | 0.01 0.01 v
90.00] 90.00] 90.00]
Fraction of inspired | 0.21[0.21, 0.21[0.21, 0.21[0.21, 0.01 0.01 v
02 (%) [IQR] | 0.36] 0.21] 0.21]
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Hydrogen ion | 7.41 [7.36, 7.40[7.36, 7.40[7.37, 0.08 0.23
conc.(pH) [IQR] | 7.45] 7.44] 7.44]
Haemoglobin [IQR] | 129.00 129.00 131.00 1.00 0.16
[114.00, [111.00, [117.00,
142.00] 144.00] 143.00]
HCO3 [IQR] | 24.30[22.00, 24.60[21.85, 24.60[22.30, | 0.41 0.15
26.50] 27.30] 26.70]
Heart rate/min. | 90.00 [78.00, 90.00[79.00, 88.00 [76.00, | 1.00 0.03
[IQR] | 104.00] 103.75] 102.00]
Lactate (mmol/L) | 1.57 [1.13, 1.69[1.27, 1.73[1.36, 0.01 0.01
[IQR] | 2.20] 2.29] 2.33]
Lymphocytes | 0.91[0.62, 0.92 [0.64, 1.10[0.73, 1.00 0.01
(10*9/L) [IQR] | 1.34] 1.30] 1.50]
N:L ratio [IQR] | 6.00 [3.47, 6.00 [3.68, 4.81[2.86, 1.00 0.01
10.62] 10.49] 8.51]
Neutrophils (10*9/L) | 5.63 [3.80, 5.80 [4.05, 5.20 [3.60, 0.81 0.02
[IQR] | 8.50] 8.35] 7.97]
02 saturation (%) | 96.00 [93.00, 96.00[94.00, 96.00[94.00, | 0.03 0.01
[IQR] | 97.00] 97.00] 98.00]
pCO2 [IQR] | 4.63 [4.06, 5.40 [4.70, 5.40 [4.70, 0.01 0.01
5.38] 6.40] 6.10]
Respiratory | 20.00 [18.00, 20.00[18.00, 19.00(17.00, | 0.07 0.01
rate/min. [IQR] | 25.00] 25.00] 23.00]
Systolic BP (mmHg) | 130.00 128.00 127.00 1.00 1.00
[IQR] | [115.00, [114.00, [115.00,
144.00] 145.00] 145.00]
Temperature (°C) | 37.10 [36.50, 36.90[36.20, 36.60[36.10, | 0.01 0.01
[IQR] | 38.00] 37.60] 37.30]
Urea (mmol/L) [IQR] | 7.50 [5.00, 6.80 [4.60, 5.70 [4.00, 0.06 0.01
12.00] 12.00] 8.80]

1Adj., adjusted; BMI, body mass index; BP, blood pressure; comp., complications; conc., concentration; COPD,
chronic obstructive pulmonary disease; CRP, C-reactive protein; EGFR, Estimated Glomerular Filtration Rate;
GGO, ground glass occlusion; HCO3, bicarbonate; IQR, interquartile range; L, Litre; min., minute; mmol,
Millimoles; N, number; pCO2, partial pressure of carbon dioxide; U, units; umol, micromole
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Figure A.2 Visualization of patient clusters within the training cohort. (A) Using a 4-D embedding as input,
patients within the training cohort were classified into 29 clusters by fitting a GMM. Each 4-D cluster was then
visualised by labelling the training cohort with colours on a 2-D embedding. (B) The fitted GMM was then
applied to classify patients from waves one and two of the validation cohort into the same set of 4-D clusters.
The proportion of patients assigned to each cluster was calculated within each cohort.

A global estimate of intrinsic dimensionality indicated between two and six dimensions in the training
cohort (Figure S. 4A). The FAMD scree plot indicated an “elbow” point at four or five dimensions
(Figure S. 4B). Cluster silhouette was relatively stable with increasing dimensionality (Figure S. 4C).
However, with >4 dimensions BIC comparisons showed greater variance (Figure S. 4D). From this, a
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UMAP embedding with four dimensions (‘4-D embedding’) was selected as input for clustering
analysis.

The number of mixture components — K — was substantially higher when selected by BIC than by
silhouette width (Figure S. 4E). As no clear optimal choice was apparent, several models were fitted,
and the 28-day mortality rate was compared between clusters to ensure that the range of this value
was comparable to that seen with the ISARIC4C score (Figure S. 4F). The manual BIC model resulted
in the largest range of 28-day mortality (2-65%) where K = 29, in addition to comprising markedly
fewer components than the optimal BIC model of K = 49, where the mortality range was 1-63%. In
contrast, silhouette models resulted in substantially less diversity in the mortality range between
clusters (e.g., 23—-38% where K = 3 and 8-45% where K = 9). As such, K = 29 was chosen for onward
analysis.

The final model — a GMM with 29 mixture components — was fitted to the training cohort using a 4-
D embedding. The median number of patients per cluster was 175 (range 84-548). This model was
then applied to patients within the validation datasets (Figure A.2B) with comparable representation.
Patient distribution within clusters was broadly similar between the training and validation cohorts.
Strong cluster separation was observed using silhouette width analysis, although some clusters
showed low levels of separation (Figure S. 5). In particular, clusters 17, 22, 26, and 14 each had
consistently negative silhouette widths whereas clusters 27, 1, 24, and two had a negative silhouette
only in the validation cohorts.
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A.5.3 Patient clusters defined from the training cohort are predictive of mortality rates
within confirmation cohorts
2-D visualization of the 4-D clustering was used to display clusters across the three patient cohorts
(Figure A.3A). Allocation of sex to the clusters was investigated as this is a significant determinant of
mortality. Relative distribution of sex varied between clusters and supported its importance of a key
factor in clinical outcome (Figure A.3B). We were next interested to assess their potential predictive
power for subsequent mortality. The overall 28-day mortality rates for the training cohort and the
wave 1 and 2 cohorts were 26%, 29, and 14%, respectively. Mortality at day 28 after admission
varied markedly between clusters in the training dataset ranging from 2% within Cluster 18 to 65% in
Cluster 24 (Figure A.3C).
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Figure A.3 Sex allocation and Day-28 mortality within patient clusters. (A) Representation of patient clusters
in the three patient cohorts. (B) Sex distribution within each cluster. (C) Relative mortality at day 28 after
admission within each cluster. Analysis was performed on clusters which comprised at least 10 patients.

These values were then compared to clinical outcomes for patients assigned to the equivalent cluster
within the validation cohorts. Mortality prediction from cluster assignment modeled from the training
dataset was found to be highly predictive for patients within the validation cohorts. Indeed, of the 24
clusters within the wave 1 validation cohort, only two had significantly different odds of mortality
from the training cohort (Table A.2). Specifically, Cluster 12 had a mortality rate of 36% compared to
20% in the training cohort (OR 2.2, p = 0.03), and Cluster 26 had values of 39 vs 19%, respectively (OR
2.8, p = 0.02) (Figure A.4A). Cluster-associated mortality rates also showed a high degree of
concordance between the wave 2 validation cohort and the training dataset (Figure A.4B) with
differences observed only for Cluster 2 (2 vs 8%; OR 0.3, p = 0.03) and Cluster 28 (12 vs 25%; OR 0.4,
p = 0.04).
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These data show a high level of correspondence between the cluster-specific mortality rates in the
training cohort and those seen in the validation cohorts indicating confidence that clustering can be
generalized to external and temporally independent patient cohorts.

Table A.2 Proportion of Day-28 deaths by cluster. The proportion of deaths by day 28 within each cluster in the
training, wave 1 and wave 2 cohorts. Odds ratios are calculated with a Fisher’s test of significance. Clusters are
ranked by the proportion of deaths observed within the training cohort. N, number; T, training cohort; W1, wave
1 cohort; W2, wave 2 cohort.

Cluster Rank N patients Day-28 deaths Odds ratio P value
(%)
T Wi W2 T W1 w2 w1 W2 W2 w1 W2 W2
vT vT vW1i vT vT v W1

1 13 158 18 19 20 6 21 0.2 1.0 4.4 0.20 1.00 0.34
2 4 171 41 172 8 2 2 0.3 0.3 1.0 0.31 0.03 1.00
3 27 84 3 1 44

4 26 237 32 24 43 50 42 13 1.0 0.7 0.45 1.00 0.60
5 3 375 83 94 5 9 5 1.9 1.2 0.6 0.17 0.78 0.55
6 17 378 5 3 30

7 19 147 0 0 33

8 28 210 21 5 49 62 1.7 0.36

9 20 125 11 10 34 64 20 3.3 0.5 0.2 0.10 0.50 0.08
10 7 175 38 83 15 10 10 0.7 0.6 0.9 0.61 033 1.00
11 23 240 40 9 39 45 1.3 0.49

12 12 264 42 11 20 36 18 2.2 0.9 0.4 0.03 1.00 0.47
13 8 241 34 5 19 24 1.3 0.49

14 6 18 35 34 9 17 3 2.1 0.3 0.1 0.22 032 0.11
15 16 151 80 120 29 39 30 15 1.0 0.7 0.14 0.89 0.22
16 2 156 24 35 4 8 6 2.3 1.5 0.7 0.29 0.64 1.00
17 25 548 69 35 43 36 34 038 0.7 0.9 0.37 0.38 1.00
18 1 316 52 66 2 6 3 3.8 1.9 0.5 0.09 0.35 0.65
19 22 175 61 25 39 34 43 0.8 1.3 1.5 0.65 0.66 0.47
20 11 131 8 8 19

21 18 136 4 1 32

22 14 235 47 74 24 26 13 11 0.5 0.5 0.85 0.07 0.15
23 9 170 22 7 19 27 1.6 0.39

24 29 94 46 13 65 59 54 0.8 0.6 0.8 0.58 0.54 0.76
25 5 le6 29 45 8 14 11 1.9 1.5 0.8 0.29 0.55 0.73
26 10 212 28 18 19 39 17 2.8 0.9 0.3 0.02 1.00 0.19
27 21 265 36 12 38 36 16 0.9 0.3 0.4 1.00 0.22 0.29
28 15 259 61 60 25 31 12 14 0.4 0.3 0.33 0.04 0.01
29 24 92 26 22 40 27 18 0.6 0.3 0.6 0.26 0.08 0.51
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Figure A.4 Day-28 mortality rate within patient clusters across study cohorts. (A) The proportion of deaths by
day 28 after admission within each cluster in the training and wave 1 cohorts. (B) The proportion of deaths by
day 28 after admission within each cluster in the training and wave 2 cohorts. Dashed lines indicate the total
proportion of deaths in each cohort. Clusters are ranked by mortality rate observed in the training cohort. Log
odds ratios are calculated (95% Cl, 1000 bootstraps) such that intervals centred on 0 indicate no difference in
the odds of mortality between cohorts. Analysis was performed on clusters that comprised at least 10
patients.
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A.5.4 Mortality rates within clusters reveal differential improvement in outcome between
wave one and wave two of the COVID-19 pandemic

The period between waves one and two witnessed changes in the clinical management of COVID-19,

and the mortality rate of 29% in wave 1 fell to 14% in wave 2. As such, we were interested to determine

the utility of cluster modeling to assess relative improvements within different patient subgroups

across this period.

Several differences in the demographic profile of patients between the two validation cohorts were
apparent. Patients within wave 1 were an average 6 years older than those in wave 2 and had higher
rates of comorbidity. Indeed, 53% had cardiovascular disease compared to 29% in wave 2 and rates
of dementia or cancer also both fell during wave 2 (34 vs 23%; 12 vs 11%) (Table A.1). In addition, the
proportion of patients with diabetic complications halved to 5% in wave 2 (Table S. 1).

Changes in the profile of laboratory variables were also apparent over time. For instance, the
neutrophil:lymphocyte (N:L) ratio fell from 6.0 to 4.8, driven by an increase in lymphocyte count and
less marked neutrophilia, whereas estimated glomerular filtration rate (EGFR) and albumin both
showed improvements (68 vs. 82 mL/min; 31 g/L vs 34 g/L) (Figure A.5A).

We next contrasted cluster-associated mortality rates for patients in wave 1 and wave 2, noting that
these were managed in the same hospital. Comparison was possible for 20 clusters, of which, 17
showed a decrease in the odds of mortality, whereas two increased and Cluster 2 remained unchanged
(Figure A.5B). However, these changes were only significant for Cluster 28, which showed a 70% fall
in the odds of mortality within wave 2 (OR 0.3, p =0.01). Clusters with above average mortality showed
little evidence of improvement such as clusters 4, 17, and 24 (OR 0.7, p=0.6; 0.9, p=1; OR0.8,p =
0.76). Strikingly, the number of patients within Cluster 2, which was associated with a very low
mortality rate, increased markedly from 4% to 17% between waves 1 and 2.

As such, these findings reveal that the fall in mortality rate in wave 2 was not uniform across clusters.
There was a marked improvement in outcomes in the middle of the risk spectrum, whereas high-risk
clusters continued to have a bad prognosis. Moreover, low risk patients remained highly likely to
survive.
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Figure A.5 Distribution of clinical variables and cluster-associated mortality rates within waves one and two
of the validation cohorts. (A) Distribution of clinical variables in patients within the validation cohorts. Dashed
lines indicate the median values. Missing values were excluded. (B) The proportion of deaths by day 28 after
admission within the validation cohorts. Dashed lines indicate the total proportion of deaths. Clusters are
ranked by mortality rate observed in the training cohort. Log odds ratios are calculated (95% Cl, 1000
bootstraps) such that intervals centred on 0 indicate no difference in the odds of mortality between cohorts.
Analysis was performed on clusters which comprised at least 10 patients.
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A.5.5 Patient clusters reveal interactions between clinical variables that determine patient
outcome

As patient clusters varied markedly in relation to 28-day mortality, we were next interested to

determine the profile of clinical variables within each subgroup. In particular, the unsupervised nature

of the analysis was thought likely to uncover interactions between variables that were not predictable

before UMAP transformation and clustering.

Variables that were significantly associated with each cluster were identified and those which could
be confirmed in more than one cohort were presented as a word cloud on the UMAP plot (Figure
A.6A) where the size of the word was scaled according to strength of association with the cluster.

Interesting relationships between variables were observed within the clusters. Increasing age
correlated with the clinical severity of cluster-associated outcome, but it was noteworthy that this was
not uniform (Figure A.6B). Cluster 24, which showed the highest rate of mortality, included many
patients with dementia and was associated with low EGFR and high levels of lactate and urea,
suggesting a prognostic interaction between impaired renal function and metabolic acidosis (Figure
A.7 and Figure A.8). In contrast, Cluster 17 comprised somewhat younger patients with markedly low
EGFR and high levels of lactate and urea.

Furthermore, this process of deconvolution of the determinants of clinical risk within clusters does
not need to be limited to variables included within the UMAP transformation, allowing additional
features associated with each cluster to be assessed in relation to prognostic importance. As an
example, the association tests for patients within the Cluster 17 validation cohorts were repeated to
include additional variables that were absent in the training cohort (Table A.3) and revealed high
potassium concentration (K+) as an additional feature of this cluster.

Table A.3 Clinical variables associated with Cluster 17. Clinical variables?® significantly associated with Cluster
17 by cohort (p=0.001). Variables highlighted in bold were not included within UMAP analysis.

Training Wave 1 Wave 2

Base excess{, |, CVD Base excess{ |
CRPPM EGFR{ Breathlessness
CvD HY L Diabetes (with comp.)
Diabetes (any) KM EGFR{

EGFR{ pocFiO2 ™M EGFRY
EGFRY urt™ HY J

FrailtyJ HCO3l ¢

HY L Hypertension
Hbd 4 Lactate ™
HCO3J 02 satd
Lactate ™ urptm

02 sat

02 satd

pocFiO2 ™

ur

1Comp., complications; CRP, C-reactive protein; EGFR, estimated glomerular filtration rate; H, hydrogen ion concentration;
Hb, haemoglobin; HCO3, bicarbonate; pocFiO2, fraction of inspired 02; 02 sat, 02 saturation; Ur, Urea

185



il
5 OUg%Jru

MaleIe'npt:
1 Al
l lall!
rl
EMIEever
18 dou 14
ik Mal
W 25 ‘_Coug?u
28 Cancer 26 EGFRT?
4 Hb | Male
éqmper 10 Resps| 22 E
I"Q ale Male
Cancer CRPM 55 ey ‘
29 Dementia sat] ! EGFR/|
Sir 17 car LTHH
Defirium 27 EGFR{GVRY.
02 sat |Lactatet
HCOQ :‘pxab'."n:s
Re Base excess| |
; .
Lactate!
24 @ TTT,
Dementia
eSpsTT
EGFR||
15 Demeht
B
o - o
= S 8
. a
re) i o -
P~ . ~ ~
() - - m
()] | M
< = i~ [ |
w0 - D 3
0 | Toll 0
N o 9
ORISR TRRITRIRETY PRONGERRNTRRRORARET
4-D Cluster 4-D Cluster
- >
Lowest Highest

Mortality rate

2 Resps||

Deaths (%)
® 09 o505
® 10-19 ® 60+
20-29 © NA
» 30-39
® 40-49

Fever

LymphitUrl 1§
Temp) |
02 satt fEGFR1:

++

Group level
1T Highest
T High-mid
1 Middle
1 Low-mid
Ll Lowest

Wave 2

it

<<
ANl N OO O

4-D Cluster

—

Figure A.6 Cluster characterization reveals clinical variables associated with clusters. (A) Clinical variables
associated with patient clusters in the training cohort and at least one validation cohort (p = 0.001).
Continuous variables were categorized, and Fisher’s tests were applied to each factor level. The strength of the
association was used to construct a word cloud with larger words having a stronger association with a cluster
in the training cohort. (B) Age distribution of patients within clusters. Boxes represent the median and IQR
with whiskers extended to the lowest/highest datum within 1.5 IQR of the lower/upper quartile. Clusters are
ordered along the x axis in relation to the increasing rate of associated 28-day mortality. Analysis was

performed on clusters which comprised at least 10 patients in each cohort.
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Figure A.7 Distribution of individual clinical variables by cluster. Example of the distribution of four clinical
variables by cluster across the three patient cohorts. Base excess, EGFR, lactate, and urea are shown. Boxes
represent the median and IQR with whiskers extended to the lowest or highest data within 1.5 IQR of the
lower or upper quartiles. Clusters are ordered along the x axis in relation to the increasing rate of associated
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width of each box. Analysis was performed on clusters which comprised at least 10 patients in each cohort.
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Figure A.8 Proportion of patients with comorbidity within each cluster. The proportion of patients diagnosed
with a comorbidity by cluster is represented as a heatmap by decile. Clusters are ordered along the x axis in
relation to the increasing rate of associated 28-day mortality. Analysis was performed on clusters which
comprised at least 10 patients in each cohort.
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A.6 Discussion

Clinical practice is focused increasingly on defining and managing subgroups of patients to facilitate
personalized approaches to therapy. Such a process is underway in conditions such as cancer where
the use of genetic mutation testing has led to stratification of management (585). However, across
most conditions this process is not well advanced. The huge amount of demographic and clinical
information that is acquired during patient assessment offers the opportunity to assess discrete
subgroups of patients, but a major challenge has been the complexity of using such large datasets
with the associated high-level dimensionality that they bring. Here, we used UMAP dimension
reduction and GMM clustering to define subgroups of patients with acute COVID-19. We found that
clusters were consistent between different populations, are predictive of subsequent mortality, and
can be used to uncover unexpected relationships between clinical features.

We chose to use UMAP for dimensionality reduction; this uses topological data analysis and a cross
validation optimization process to create a lower dimensional embedding, which retains much of the
original data structure. This is an alternative approach to tSNE analysis but is scalable to larger datasets
and more effectively captures local as well as global data structure (295). A key advantage of UMAP is
that the transformation can be applied to embed new observations into the same latent space,
allowing it to be built into a model development pipeline. UMAP has been applied to a range of clinical
and biological analyses, including stratification of patients with ALS (305), polygenic risk prediction
(586), and single cell analyses (299).

(305) demonstrated that UMAP is capable of stratifying patients into risk groups and used dimension
reduction to develop a 1-year mortality prognostic model based on the distribution of patients on a
2-D embedding and comparison of groups based on coordinates on a grid. We extended this approach
by dividing the embedding into subgroups through unsupervised clustering. UMAP preprocessing can
also improve the results of clustering algorithms (559, 587). The combination of risk-stratification and
improved clustering thus makes UMAP-assisted clustering a powerful approach for the detection of
novel clinical risk groups.

The default output from UMAP — a 2-D embedding — is ideal for visualization purposes. However,
when applying UMAP for nonlinear dimension reduction, the choice is less clear. Our literature review
did not indicate an established method to select dimensionality in this context. This decision will
depend on both the complexity of the data and the ability of UMAP to represent topological structure
on a lower-dimensional embedding. A qualitative approach was therefore undertaken, and a 4-D
embedding was selected based on a global estimate of intrinsic dimensionality and assessment of the
impact of dimensionality on the clustering model. Other parameters such as the number of nearest
neighbours and minimum distance were fixed in our analysis.

Unsupervised clustering analysis was used to label patients by cluster given their distribution in UMAP
space. BIC and silhouette width are validated methods for selecting the number of clusters and were
adopted in this approach (284, 574, 588, 589). Selecting the number of clusters is a widely debated
topic (588, 590-592). A useful property of a GMM is that it can be used to approximate any other
probability density function, given a sufficient number of mixture components (593). This allows the
model to fit clusters which follow a non-Gaussian distribution. However, in this context the model may
require multiple mixture components to fit a single cluster. BIC will optimize the number of
components to best fit the underlying data distribution rather than the number of distinct clusters.
When the assumption is made that each component corresponds to a single cluster of patients, BIC
may lead to overestimates in the true number of clusters (588, 594). Silhouette, on the other hand,
measures the compactness within each cluster and the separation between them (284). Using
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silhouette to select the number of components therefore ensures the most distinct clustering
configuration but can fail to give insight into clustering quality if cluster distributions require multiple
components to be fitted (588).

In our analysis, the optimal BIC indicated 49 components but began to plateaux beyond 29. In contrast,
the maximum silhouette corresponded to three components but showed a secondary peak with 9.
This large discrepancy suggested BIC may have somewhat overestimated the number of clusters,
whereas silhouette provided a relative underestimate. We therefore compared the diversity of 28-day
mortality risk between clusters, to optimize the potential clinical value of the modeling and found that
the model with 29 components resulted in the largest range (2—-65%). As such, the decision to use BIC
resulted in a model with a greater diversity of mortality risk between clusters, although some clusters
had a negative silhouette width, indicative of relatively poor separation. Future work will investigate
the use of an entropy criterion to combine components based on the loss of information (594) and
examine methods of determining groups from multiple survival curves (595). Other model-based
clustering methods such as Hierarchical Density-based Spatial Clustering of Applications with Noise
(596) and the use of Dirichlet processes can also be explored (597).

As cluster labels are independent of outcome, unbiased comparisons can be made about the
observations assigned to each subgroup. We chose to compare 28-day survival rates but other clinical
outcomes, such as subsequent development of long-covid, could be compared without retraining the
model. Model-based clustering allows validation of clusters in independent cohorts as the fitted model
can be used to cluster new data. Indeed, we observed a concordance of results between the training
and validation cohorts, which indicates that this model could potentially be used for analysis of any
COVID-19 dataset provided the same predictors were available.

We applied the clustering approach to clinical variables taken on the day of hospital admission to
predict subsequent mortality at day 28. This time point was chosen as most patients who die from
acute COVID-19 succumb by 4 weeks after hospital entry, and it was felt that it would be challenging
to extend prognostic modeling beyond this time. The associated mortality rates of individual patient
clusters were very heterogeneous and ranged from 2% for the 316 patients in Cluster 18 through to
65% for 94 patients within Cluster 24. A further striking feature was that values obtained from the
training cohort were strongly predictive of outcomes in the validation cohorts. As such, these findings
show clustering of demographic, clinical, and laboratory features taken at the time of hospital entry is
predictive of medium-term mortality. This is important as this information could be used to guide
appropriate triage and clinical management at an early stage of the patient journey.

It was interesting to compare the mortality rates for patients within wave one and wave two of the
pandemic treated at the same hospital. Dexamethasone emerged as a standard of care for all patients
with severe COVID-19 who required oxygen therapy in July 2020 and as such would have been a
default management approach for such patients in wave 2. The overall mortality rate fell by nearly
50% during this period and lower 28-day mortality rates were seen for many clusters within wave 2,
although no clear improvement was seen in the very high-risk clusters of 24, 4, and 17 which included
many patients with cancer, dementia, and cardiovascular disease. This reveals that cluster analysis
could be of value in assessing the differential impact of new therapies on patient groups and
identifying those which represent an unmet need.

Furthermore, this use of an unsupervised machine learning approach to define patient subgroups
enables identification of new and potentially unexpected interactions between clinical and laboratory
variables. Patients in high-risk groups were characterized by medical comorbidity in association with
laboratory variables such as impaired renal function and metabolic acidosis. The interaction between
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comorbidities within clusters also revealed a number of interesting features (Figure A.8). For example,
although patients with dementia and cardiovascular disease were enriched within the high-risk Cluster
24, this combination was also seen in several lower risk groups such as 15, 9, 19, and 29. As such, a
striking feature from the analysis was that clusters comprised complex combinations of clinical
determinants that would not have been easily predictable from clinical assessment. Ethnicity data was
not available for the training cohort and in the validation cohorts >50% were of white ethnicity but
this was not a key driver of clustering with only Cluster 15 associated with white ethnicity.

In summary, the application of untargeted machine learning to clinical data collected routinely at
hospital entry allowed identification of subpopulations of COVID-19 patients with distinct mortality
rates and clinical presentation on the day of admission. These were consistent across different clinical
datasets and uncovered prognostic interactions between clinical variables that could influence
management decisions. Furthermore, such clusters may also reveal activation of different biological
pathways and might therefore uncover new mechanisms of COVID-19 susceptibility and a means to
stratify therapeutic interventions in phenotype-informed randomized control trials, such as optimized
management of renal impairment, metabolic acidosis, and cardiovascular disease for patients in
Cluster 24. This approach has application to a wide variety of clinical conditions and contributes to the
growing expectation that artificial intelligence systems will transform healthcare delivery and operate
in real time to support clinical decision making in both acute and chronic conditions.

A.7 Limitations of the study

Potential limitations of our study include the fact that the training cohort was derived from several
clinical sites and could contain site-specific effects with more exposure to reporting errors. The use of
unconstrained covariance matrices in model fitting may limit scalability to larger and more complex
datasets. In this context, a diagonal covariance matrix may be more appropriate. In addition, missing
information was apparent across the three cohorts (Figure S. 1).
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A.9 Supplemental materials

Table S. 1 Additional variables within validation cohorts summarised by median (continuous) or count

(categorical).

Cohort
Varigble! | Wave 1 Wave 2
N patients | 996 1011
Age (years) [IQR] | 70.00 [56.00, 83.00] 64.00 [50.00, 79.00]
Male (%) | 564 (57) 525 (52)
Ethnicity (%)
Black | 63 (6) 45 (4)
Other | 214 (21) 189 (19)
South Asian | 161 (16) 267 (26)
White | 558 (56) 510 (50)
Liver disease (%) | 64 (6) 81 (8)
COPD (%) | 269 (27) 257 (25)
Asthma (%) | 157 (16) 183 (18)
Breathlessness (%) | 551 (61) 429 (43)
Chest pain (%) | 39 (4) 65 (6)
Diabetes (no comp.) (%) | 250 (25) 270 (27)
Diabetes (with comp.) (%) | 106 (11) 48 (5)
Headache (%) | 42 (5) 48 (5)
Hypertension (%) | 628 (63) 519 (51)
Malaise (%) | 183 (20) 171 (17)
New diarrhoea or vomiting (%) | 55 (6) 70 (7)
Peptic ulcer (%) | 26 (3) 21 (2)
Rheumatoid inflammation (%) | 49 (5) 42 (4)
Sleep apnoea (%) | 47 (5) 34 (3)
Sputum (%) | 84 (9) 72 (7)
Thyroid (%) | 102 (10) 82 (8)

Alkaline phosphatase (U/L) [IQR]
Anion gap (mmol/L) [IQR]
Bilirubin (umol/L) [IQR]

Blood glucose (mmol/L) [IQR]
Corrected calcium (mmol/L) [IQR]
Eosinophils (10*9/L) [IQR]

HCT (L/L) [IQR]

MCV (fL) [IQR]

Monocytes (10*9/L) [IQR]
Neutrophils (10*9/L) [IQR]
Platelets (10*9/L) [IQR]
Potassium (mmol/L) [IQR]

RDW (%) [IQR]

Sodium (mmol/L) [IQR]

WBC (10*9/L) [IQR]

1Comp., complications; COPD, chronic obstructive pulmonary disease; fL, femtolitre; HCT, haematocrit; IQR, interquartile
range; L, Litre; MCV, mean corpuscular volume; min., minute; mmol, Millimoles; N, number; RDW, red cell distribution

81.00 [63.00, 112.00]
19.20 [17.20, 21.40]
11.00 [8.00, 16.00]
7.14 [6.09, 9.09]
2.32[2.24,2.42]

0.01 [0.00, 0.06]

0.39 [0.34, 0.43]

88.80 [84.15, 93.20]
0.51[0.33,0.72]
5.80[4.05, 8.35]
214.00 [164.50, 283.00]
4.10 [3.80, 4.50]

13.80 [12.80, 15.20]
138.00 [135.00, 141.00]
7.50[5.60, 10.30]

width; U, units; umol, micromole; WBC, White blood cell count
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82.00 [65.00, 107.00]
19.20 [17.70, 20.90]
10.00 [7.00, 14.00]
6.90 [5.85, 8.80]
2.29[2.21, 2.37]

0.02 [0.00, 0.08]
0.39[0.35, 0.42]

86.50 [82.20, 90.70]
0.53[0.35, 0.76]

5.20 [3.60, 7.97]

235.00 [180.00, 305.00]
4.10 [3.80, 4.50]

13.60 [12.70, 14.80]
137.00 [135.00, 140.00]
7.20[5.30, 10.20]



Table S. 2 Thresholds and factor labels

Variable* Breaks / Levels Factor labels
Age | 0, 30, 40, 50, 60, 70, 80, 90, Inf
Alanine Aminotransferase | 0, 55, 100, 8000 NAVROR XN
Albumin | 0, 25, 35, 8000 NAUROR O
Alkaline Phosphatase | 0, 130, 8000 NN
Anion Gap | 0, 6, 16, 8000 NV
Asthma
Base Excess | -50, -2, 2.01, 8000 NAOR X
Bilirubin | 0, 21, 8000 NN
Blood Glucose | 0, 7.8, 8.5, 8000 NAOR X
BMI | -Inf, 18.5, 25, 30, Inf Vb,
™~
Breathlessness
Cancer (any malignancy)
Cardiovascular disease
Chest pain
Chest x-ray | Appears clear, Local consolidation, Ground glass Clear x-ray,
opacity / Bilateral infiltrates Local
consol. x-
ray,
GGO/bilat.
X-ray
Clinical frailty scale | 0, 3, 6, 10 NABOR X
COPD
Corrected calcium | 0, 2.2, 2.6, 8000 NAVROROKN
Cough
CRP | 0, 10, 100, 8000 AR
Delirium
Dementia
Diabetes (no comp.)
Diabetes (with comp.)
Diastolic BP | 0, 90, 8000 NN
Eosinophils | 0, 0.405, 8000 4,
EGFR | -Inf, 30, 59, 89, Inf N2
™~
Fever
Glasgow coma score | 3, 15, 8000 NSO
Haemoglobin | 0,115, 154, 8000 NANVRORN
HCO3 | 0, 22, 29, 8000 NAROR N
HCT | 0, 0.5, 8000 NN
Headache
Heart Rate | 0, 80, 100, 8000 NAVROR O
Hydrogen ion conc. | 0, 7.299999, 7.350001, 7.450001, 8000 N
™~
Hypertension
Lactate | 0,2.21, 8000 NN
Liver disease
Lymphocytes | 0, 1.5, 8000 NN
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Malaise

(a%

Monocytes
Neutrophil:Lymphocyte
ratio

New diarrhoea or vomiting

02 saturation

pCO2

Peptic ulcer
Platelets
pocFiO2
Potassium
RDW
Respiratory rate
Rheumatoid inflammation
Sex

Sleep apnoea
Sodium

Sputum

Systolic BP
Temperature
Thyroid

Urea

WBC

1BP, blood pressure; Comp., complications; conc., concentration; CRP, C-reactive protein; pCO2, partial pressure of carbon

0, 80, 96, 8000
0,0.2,0.81, 8000
0, 2.21, 4.83, 8000

0, 80, 89, 94, 8000

0, 4.67, 6.4, 8000

0, 150, 400, 8000
-Inf, 0.28, 0.5, Inf
0, 2.5, 5.3, 8000
0,11.5, 15.5, 8000
0, 20, 8000

0, 133, 145, 8000

0, 140, 8000
0, 37.8, 8000

0, 7.8, 8000
0, 3.9, 10.9, 8000

NSO
NABOROKN
NASOR M

J/J/IJ/I/PI
T~
NSO

NSO
N
NAZOR
N
VA2

NAROR K

N 2NN
N 2NN

NI
NAROR K

dioxide; pocFiO2, fraction of in-spired 02; RDW, red cell distribution width; WBC, White blood cell count
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Figure S. 1 Percentage of missing observations. The percentage of missing observations for each variable in
the training, wave 1 and wave 2 cohorts.
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Estimate data complexity

High dimensional data
FMDA Scree plots
D value range (e.g. 2 to 10)

K valuo rangs (6.4, 2 10/50) Intrinsic dimensionality estimates

]

UMAP dimension reduction Ouput:
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Data:
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Figure S. 2 Workflow for clustering model development. A clustering model was developed by training a GMM
with UMAP dimension reduction as a pre-processing step. The number of dimensions, D, to embed the data and
the number of mixture components, K, for GMM fitting were determined as follows. Data complexity as
measured by intrinsic dimensionality estimation and FAMD was used to select a range for D. UMAP was applied
iteratively with each value of D, and models were fitted to each embedding. The maximum D was selected which
did not substantially reduce silhouette width or result in high variability in BIC between models. Possible values
of K were selected based on BIC and silhouette width. If both methods indicated a similar K, model development
was complete. If multiple values for K were selected, the diversity of mortality rates was compared between
models. Mortality rate at day 28 after hospital admission was calculated for K clusters. The model with the
largest range (maximum-minimum) was retained.
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Figure S. 3 Selection of UMAP hyper-parameters. (A) UMAP hyper-parameters, nearest neighbours (NN) = 40
and minimum distance (dis) = 0.25 were selected by visualising a 2-D embedding of the Training cohort using a
Euclidean distance metric (Eucl). (B) Additional distance metrics, Hamming (Hamm) and Pearson correlation
(Corr) were also compared, the examples shown used NN=45 and dis=0.25. (C) Combinations of metrics,
Eucl/Corr for continuous data with Corr/Hamm were also tested with NN=45 and dis=0.25. However, this
would prevent the use of a UMAP transformation with new observations so was deemed unsuitable for model
development purposes.
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Figure S. 4 Selection of the number of UMAP dimensions and GMM components based on the training
cohort. (A) Intrinsic dimension estimation by number (N.) distances measured, estimated globally. (B) FAMD
scree plot of the percentage of explained variance by eigenvector. (C) Average silhouette (sil.) width by
number of components in the GMM (K), grouped by the number of UMAP dimensions used in model fitting
(D). Dotted and dashed lines indicate K selected by maximum sil. width (K=3) and manually by qualitative
assessment (K=9). (D) Change in BIC (delta BIC) with increasing K, grouped by D. (E) BIC by K for a 4-D
embedding. Dotted and dashed lines indicate K selected by optimal BIC (K=49) and manually by qualitative
assessment (K=29). (F) Maximum, median and minimum proportion of deaths by cluster for selected values of
K on a 4-D embedding. Annotated by number of patients in the cluster.
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Figure S. 5 Cluster separation by silhouette width. Average cluster silhouette width, a measure of cluster
separation, defined for each cluster. This measures how similar observations are within a cluster compared to
the most similar cluster, with higher values suggesting better clustering configuration. Single imputation
testing was used for the training cohort whilst validation cohorts were tested across 5 imputations and a single
estimate was pooled (mean, 95% Cl).
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References are integrated into the thesis Bibiliography.
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Appendix B Variable selection

B.1 Importance of variable selection in model development

Numerous variables may be measured in a prognostic study, yet not all will be relevant to the outcome
of interest. Determining which variables to include in multivariate analyses is an important decision
that can profoundly change the final interpretation of results.

Historically, data would primarily have been collected to validate a pre-existing hypothesis. This has
changed since the widespread adoption of high-dimensional “omics” technologies and the abundance
of data collected for other purposes (e.g., routine medical observations).

It is now common in biomedical and clinical studies to examine very large numbers of variables (598).
As a result, scientific discoveries and novel hypotheses can now be generated directly from the data
using data analytics.

However, this abundance is not without its drawbacks. The size of a data set can be measured in two
dimensions, the number of observations, and the number of variables. The larger the number of
variables relative to the number of observations, the worse the performance of statistical tools such
as Cox regression (599-601), due to the so-called “curse of dimensionality”(602). This can lead models
to overfit to a particular data set, meaning inferences made from the model may not generalise to
new unseen observations.

Even if the ratio of observations to variables is acceptable, the presence of irrelevant or redundant
attributes can also harm model development. As models may treat random fluctuations and noise
present in the data as learned concepts(603). Collinearity may also exist between variables if they
convey similar information.

Variable selection, also known as feature selection, is the process of selecting relevant variables that
accurately describe a given problem, whilst discarding irrelevant or redundant features with a
minimum reduction in performance(341). This enables simpler, more parsimonious, models to be
constructed. Thereby overcoming the issues introduced by high-dimensional data and making the
resulting models more interpretable.

B.2 Variable selection methods for survival data

This section will introduce some variable selection strategies compatible with censored survival and
competing risks data. Focusing on methodologies utilised in biomarker discovery in allo-HSCT research
(349-351) and applied to OLINK proteomics data (352, 353).

B.2.1 Prior knowledge

The most important strategy is to use of clinical knowledge and previous literature to guide variable
selection(340). If a variable has an established association with the probability of an event, such as
age in a study of all-cause mortality, it is often sensible for the variable to be included in model
development.

This approach involves the principal investigator determining a list of variables, based on subject-
specific knowledge of the problem being modelled, and on the availability of the data. This selection
should not be influenced by associations measured in the data set for model development.

The number of variables to include may be guided by calculating the events-per-variable (EPV) ratio.
This is the ratio between the number of observations (events in the case of survival analysis) and the
number of variables. Whilst subject to debate, it is often cited that EPV ratios above 10 are desirable
to limit overfitting to the observed data(345). Whereas recent simulation studies have argued this
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could be relaxed to an EPV of 5-9 without substantially increasing the risk of bias(361). However, the
EPV is only a rough guide to aid decision making.

By discussing the known impact of variables, the availability of the data, and the EPV ratio, a subset of
variables for model development can be determined.

B.2.2 Filtering based on univariate effects

A common strategy is to filter variables based on a univariate significance criterion. For example,
variables with univariate hazard ratios of an arbitrary significance (e.g., P < 0.1) may be included as
covariates in a multivariate survival model(604).

This is intuitive, scales well to very large data sets, and reduces the risk of overfitting(345). However,
variables with weak individual effects may be excluded which have a larger effect when
combined(340). Additionally, this introduces unaccounted multiple testing that can complicate the
interpretation of significance from the multivariate model.

B.2.3 Information criteria
Significance criteria are useful to assess if individual variables should be included, whereas information
criteria enable the selection of a model from a set of plausible models.

As the number of variables increases, the apparent fit of a regression model will also increase.
Information criteria were developed to penalize the apparent model fit based on the complexity of
the model (the number of variables). In this context, the model fit is measured by the likelihood
function, for an intuitive explanation of the concept of likelihood and its use in model fitting | would
point the reader to Alexander Etz 2018 (605).

The Akaike information criterion (AIC) (346, 606) deals with the trade-off between simplicity and
having an adequate model fit. This compares the number of parameters estimated in the model k
(equal to the number of variables) with the maximum value of the log-likelihood function L, using the
formula

Equation 14
AIC = —2log(L) + 2k.

AIC estimates the relative loss of information in a model relative to other candidate models (340). The
lower the AIC value, the better the perceived quality. This provides a way to compare various
candidate models for a specific set of data.

Alternatively, the Bayesian information criterion (BIC) can be used (277). Whilst BIC was developed
from a different statistical perspective, where it is assumed that a true model exists amongst the set
of models being compared. In practice, the main distinction is that the penalty term is determined by
the number of observations n (the number of events for survival models), using the formula

Equation 15
BIC = —2log(L) + log(n) - k.

BIC typically results in a less complex model being selected compared with AIC. As given a suitable
number of events n, the penalty applied by BIC for complexity is larger than that of AIC.

By comparing the impact of different combinations of variables, information criteria can be used for
variable selection.
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This can be in the form of “best subset” selection, in which all possible combinations of variables are
compared (345). However, there are 2% possible models with k different variables. Less exhaustive
approaches such as forward selection are typically employed. In which variables are added
sequentially, or backward selection which reverses the process. The set of variables that result in the
model with the lowest AIC or BIC are then selected.

Due to its ease of implementation stepwise selection with AIC or BIC is amongst the most widely used
variable selection strategies(340). It provides an automated, and reproducible way to select a set of
variables, the relative importance of which can be assessed by the magnitude of the coefficients.

However, there are several disadvantages. Unless applied to very large sample sizes, there can be
instability in the variable selection results. Irrelevant features may be retained if there is a large
number of candidate variables, and the presence of collinearity can influence selection(340). There is
also a relationship between AIC/BIC and significance testing, so it could introduce unaccounted
multiple testing (345).

B.2.4 Regularisation

The information criteria discussed apply a penalty term to the apparent model fit. In contrast,
shrinkage, also known as regularisation methods, apply a penalty term to the size of individual
regression coefficients. This shrinks the size of uninformative coefficients, so they have less weight in
the model.

One such method which is useful for variable selection in high-dimensional settings is the least angle
selection and shrinkage operator (LASSO)(343). LASSO introduces sparsity into a model meaning some
of the regression coefficients are equal to zero. LASSO starts by fitting a model including all candidate
variables. LASSO imposes an upper constraint on the sum of squared regression coefficients, this
results in shrinkage. The non-zero coefficients after shrinkage correspond to the selected variables.
The relative importance of the non-zero coefficients can be assessed by the size of the resulting
regression coefficients.

LASSO is an effective variable selection method that can be applied when the number of variables is
far in more than the number of observations(345). It is fast, easily automated, and has been extended
to both Cox and Fine-Gray regression (342, 354). LASSO is also relatively robust to the presence of
correlated variables.

However, LASSO is sensitive to the scale of covariates, so data often needs to be standardised. This
may not be optimal if say the data contains a mix of binary and continuous variables. By definition,
the coefficients of a LASSO model are biased by the penalty term. When interpretable regression
coefficients are of interest, researchers may choose to refit the model post-selection. However, this
introduces complications related to post-selection inference(607).

B.2.5 Machine learning methods

Unlike the variable selection algorithms described thus far (which all rely on an underlying regression
model), machine learning (ML) methods can account for complex interactions between candidate
variables, and non-linear effects on the outcome of interest.

ML methods use function approximation algorithms, such as random forests(608), gradient boosting
(609), and neural networks(610), to fit a model which maps the association of variables onto the rate
of an event. These are known as supervised classification algorithms as they associate patterns in the
data with a set of known outcomes.
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A wide array of effective ML-based variable selection methods have been developed for general
regression or classification problems(341, 603). However, only a few such methods have been
extended for the particular case of survival data, with the complexity introduced by censoring (611,
612). In particular Random Survival Forests (RSF)(356), and boosted Cox regression (613, 614), have
shown to be effective tools for high-dimensional variable selection with survival data (348, 612, 615).

RSF and boosted Cox regression are also suitable for variable selection in the presence of competing
risks using Gray’s subdistribution hazards method (356, 616). A common limitation of machine
learning methods is they may be more subject to overfitting, given a limited number of observations.

B.2.5.1 Random Survival Forests

RSF is a form of the random forest algorithm extended for use with censored survival data (347, 608).
The algorithm uses an ensemble of decision trees, each of which is generated from a different sample
of the candidate variables and observations.

At each node of a decision tree, observations are divided into groups based on a different variable.
The order of variables and split points are both optimised to maximise the difference in survival
between the resulting groups. For survival data, the log-rank test statistic is maximised (320), for
competing risks data Gray’s test is maximised (213, 356).

The initial random sampling of variables and observations introduces stochastic differences between
each optimised decision tree (hence the term “random”). Individually, each decision tree is a weak
learning algorithm with low accuracy (617, 618). However, by combining these decision trees into an
ensemble classifier, the resulting model is better than the sum of its parts(618, 619), robust to
overfitting, and capable of highly accurate predictions.

Two metrics can be used to assesses the relative importance of variables when applying the RSF
algorithm, variable importance (VIMP) and minimal depth. Variable importance (VIMP) is the change
in model prediction error when a variable is “noised-up” (356, 608). The larger the VIMP, the more
substantial the degradation in accuracy, indicating the variable is important to predicting the event
(347). In the case of competing risks, VIMP results are specific to an event.

Whereas minimal depth, which assess the depth in the decision trees a variable was first used to split
the data. Variables higher in the decision tree are more predictive, so the smaller the minimal depth
the more important the variable (356). Minimal depth is not event specific; however, a threshold can
easily be estimated from the model, thus providing a cut-off for variable selection.

Variables are selected if they have a positive event specific VIMP and are above the minimal depth
threshold estimated from the model.

RSF provides highly accurate predictions for survival and competing risks data (620). It is capable of
detecting complex interactions between variables, providing an effective method for variable
selection with high dimensional data. RSF is effective given a relatively small sample size(348).
However, variable selection results may be biased towards variables with many potential split
points(621).

B.2.5.2 Boosted Cox regression

Boosting is an iterative model-fitting routine used extensively in machine learning applications(609).
Boosting is one of the most efficient machine learning methods for regression and classification (622).
This approach relies on an ensemble of models, known as weak learners, each of which is learned
sequentially. Mistakes of the previously fitted model are used to update the parameter estimates of
the next model, iteratively improving accuracy.
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Boosting has since been adapted to fit statistical models including the Cox regression model (613, 614,
623) and the Fine-Gray model (613). This approach provides an effective method for high-dimensional
variable selection with survival data. As it is based on the Cox model, it also produces interpretable
effect size estimates.

The only validated implementation of boosting using Gray’s method, CoxBoost, was archived from the
R repository on 2020-11-11 (624). As result, the software was unavailable for use in the investigation
of competing risks in this thesis.
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Appendix C Supplemental materials
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Figure C.1 Principal component analysis (PCA) of CyTOF data. The average marker expression per graft across
all markers (graft centroids) visualised by first three principal components, with percentage of explained
variance. Grafts are coloured by the batch in which they were subject to CyTOF data extraction.
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Figure C.2 t-SNE visualisation of cells by marker expression intensity and cluster.
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Figure C.3 Marker intensity in cells from Clusters 6, 7, 31, 38 — monocytes. Bi-axial plots of marker intensity
by cell count across cell clusters compared to 500,000 cells sampled at random (Other).
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Figure C.4 Marker intensity in cells from Cluster 22 — DCs. Bi-axial plots of marker intensity by cell count
across cells in Cluster 22 compared to 500,000 cells sampled at random (Other).
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Figure C.5 Marker intensity in cells from Cluster 2 — Mixed M / DC. Bi-axial plots of marker intensity by cell
count across cells in Cluster 2 compared to 500,000 cells sampled at random (Other).
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Figure C.6 Marker intensity in cells from Cluster 12 — T cells. Bi-axial plots of marker intensity by cell count
across cells in Cluster 12 compared to 500,000 cells sampled at random (Other).
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Figure C.7 Marker intensity in cells from Cluster 21 — CLP. Bi-axial plots of marker intensity by cell count
across cells in Cluster 12 compared to 500,000 cells sampled at random (Other).
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Figure C.8 Marker intensity in cells from Clusters 17 & 20 — doublets. Bi-axial plots of marker intensity by cell
count across cell clusters compared to 500,000 cells sampled at random (Other).
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Figure C.9 Marker intensity in T cell clusters - y6 TCR & CD3 expression. Bi-axial plots showing marker
intensity by cell count across clusters identified as T cells. Dashed lines indicate a qualitative threshold to aid
visual interpretation.
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Figure C.10 Marker intensity in CD4+ T cell clusters - CD127 & CD25 expression. Bi-axial plots showing marker
intensity by cell count across clusters identified as T cells.
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Figure C.11 Marker intensity in CD8+ and non-regulatory CD4+ T cell clusters — CCR7/CD197 & CD45RA
expression. Bi-axial plots showing marker intensity of cells in T cell clusters. Dashed lines indicate the
threshold selected to determine memory status. T cells characterised as naive, effector memory (EM), effector
memory cells re-expressing CD45RA (EMRA), and central memory (CM).
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Figure C.12 Marker intensity in DC clusters. Bi-axial plots showing marker intensity by cell count across
clusters identified as DCs.
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Figure C.13 Marker intensity in CLP cluster. Bi-axial plots showing marker intensity by cell count across Cluster
21 identified as CLPs.
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Figure C.14 Kaplan-Meier and cumulative incidence by in vivo T cell depletion. (A) Kaplan-Meier estimates of

GRFS and 0S. (B) Cumulative incidence estimates of AGvHD, CGvHD, GvHD of any kinda (AnyGvHD), relapse,
RM, and TRM.
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Table C.1 Procrustes correlation by choice of reference part for additive log-ratio transformation (ALR).
Correlation between the transformed data and the exact log-ratio geometry, with a value of 1 corresponding
to isometry.

Reference Procrustes
HSC 0.90
B 0.92
DC 0.94
M 0.90
Lymph. Progen. 0.91
Mixed M/DC 0.90
NK 0.91
T 0.93

Table C.2 Events per variable (EPV) ratios for multivariate models in graft composition study. EPV ratios by
clinical endpoint being modelled and type of variables included.

Clinical endpoint  Variable type Vars Events EPV
(0} PBSC graft group 14 59 4.21
(o} Graft composition 19 59 3.11
GRFS PBSC graft group 13 104 8.00
GRFS Graft composition 18 104 5.78
AGvVHD PBSC graft group 13 40 3.08
AGVHD Graft composition 18 40 2.22
CGvHD PBSC graft group NA 40 NA

CGvHD Graft composition 18 40 2.22
Relapse PBSC graft group 14 31 221
Relapse Graft composition 19 31 1.63
TRM PBSC graft group 14 34 2.43
TRM Graft composition 19 34 1.79
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