Transcriptomic and
genomic studies of
childhood T cell leukaemia

L*Lﬁ “‘ lﬁﬁ

Lim Song Jie, Bram

Wellcome Sanger Institute
University of Cambridge

This dissertation was submitted for the degree of
Doctor of Philosophy

Peterhouse September 2025






Declaration

This thesis is the result of my own work and includes nothing which is the outcome of work
done in collaboration except as declared in the preface and specified in the text. It is not
substantially the same as any work that has already been submitted, or is being concurrently
submitted, for any degree, diploma or other qualification at the University of Cambridge or any
other University or similar institution except as declared in the preface and specified in the

text. It does not exceed the prescribed word limit for the relevant Degree Committee.

Lim Song Jie, Bram
September 2025






Abstract

Acute lymphoblastic leukaemia (ALL) is the most common cancer in children. It can be of
either B cell (B-ALL) or T cell (T-ALL) lineage. T-ALL carries a poorer clinical prognosis and
worse overall survival than B-ALL. Despite decades of research including large scale
sequencing studies, there is currently no biomarker that is used clinically to predict refractory
T-ALL at diagnosis, unlike in B-ALL. To address this, | analysed T-ALL using single cell
transcriptome sequencing, which can define refractory leukaemia cell states with higher

precision than bulk sequencing methods.

From a combined cohort of 58 individuals with T-ALL, | generated a large, well-annotated
cellular atlas, comprising almost 550,000 cells, which includes around 380,000 leukaemia
blasts and 170,000 normal cells. T-ALL blasts from different individuals exhibited diverse cell
states, resembling various stages of T cell differentiation, as well as unconventional T cells
and other innate-like lymphocytes. Within the normal cell compartment, | found that the
presence of significant residual blasts following initial treatment resulted in depletion of

memory B cells in the bone marrow.

By analysing single leukaemia blast transcriptomes, | discovered that refractory T-ALL is
driven by the presence of blasts which express ZBTB16, a gene that encodes for the lineage-
defining transcription factor of unconventional T cells and other innate-like lymphocytes. |
validated this finding in bulk transcriptomes of independent cohorts, including a contemporary
trial cohort with over 1,300 individuals with T-ALL, and demonstrated that ZBTB16 expression
is associated with poorer survival. Furthermore, | identified cell surface markers on ZBTB16+
blasts, which can be used as potential targets for immunotherapy against these chemotherapy

resistant blasts.

Finally, | investigated the origin of refractory ZBTB16+ blasts in T-ALL by using somatic
mutations derived from whole genome sequencing. | showed that these blasts were not
restricted to any particular T-ALL genomic subtype or rearrangement state of their T cell
receptor. By projecting somatic mutations, including copy number alterations and single
nucleotide variants, onto single leukaemia blast transcriptomes, | demonstrated that in one

individual, refractory ZBTB16+ blasts could be traced back to a 1% subclone at diagnosis.

Overall, my thesis presents refractory T-ALL as a distinct disease that is intrinsically resistant

and exhibits a previously unknown ZBTB16+ phenotype. These findings raise the possibility



of clinical risk stratification of T-ALL and may provide new targets for drug development.
Moreover, the analytical framework from my PhD may be applied to future sequencing studies
of other types of leukaemia.
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Chapter 1: Introduction

1.1 Relationship between T cell development and T cell leukaemia

The history of T cell development and T cell leukaemia goes back to the late 1950s, even
before the formal discovery of the T cell itself. In 1958, Jacques Miller, having recently
completed his medical degree in Australia, arrived in the United Kingdom to pursue a PhD at
the Institute of Cancer Research in London. He investigated a form of lymphocytic leukaemia
in mice which characteristically involves the thymus. It had been shown that inoculation of
mice with leukaemia extracts could induce leukaemia, but only if this was performed during
the neonatal period (Gross, 1951). Miller became interested in the role of the thymus in
leukaemogenesis. He performed thymectomy (surgical removal of the thymus) on adult mice
which he had previously injected leukaemia extracts at birth. None of these mice developed
leukaemia (Miller, 1959a). However, implantation of thymus from mice of the same strain into
thymectomised inoculated mice restored their potential for leukaemia development (Miller,

1959b). These results demonstrate the role of the thymus in leukaemogenesis.

Miller then wondered if neonatal thymectomy could similarly inhibit leukaemogenesis like adult
thymectomy. The experiment, however, took an unexpected turn. The neonatal
thymectomised mice became very unhealthy soon after weaning and died prematurely,
regardless of whether they had been inoculated with leukaemia extracts. These observations
l ed Miller to make his renowned cl ai m t(Milerf #fthe
1961a). Histological examination of mice which were thymectomised at birth revealed marked
deficiency of lymphocytes in blood, lymph nodes and spleen. Notably, these mice failed to
reject skin which were grafted from mice of a different strain, thereby suggesting an

immunological role of the thymus (Miller, 1961b).

At this point, it was known that lymphocytes could produce antibodies and reject skin grafts.
Addi tional data from Millerds neonat al t hymector
of these functions (Miller and Haddow, 1962). In contrast, the situation was different in birds.
Removal of an organ in chickens called the bursa of Fabricius led to defects in antibody
generation, whereas thymectomy resulted in failure to reject skin grafts (Warner et al., 1962).
Miller had to resolve this conundrum. In 1966, he moved back to Australia and set up his lab
at the Walter and Eliza Hall Institute of Medical Research in Melbourne. Together with his first
PhD student, Graham Mitchell, they set out to perform a series of complex experiments

involving mice whose immune system was completely eradicated by thymectomy and



irradiation (Miller and Mitchell, 1968; Mitchell and Miller, 1968a, 1968b). By injecting thymus
cells, bone marrow cells, or both at the same time, they established that the bone marrow cells
(now referred to as B cells) produced antibodies, while the thymus cells (now referred toas T
cells) provided B cells with the necessary fhelpdto generate antibodies. These results for the

first time defined T cells and B cells, as well as their functional relationship.

Milleréds work on the thymus illustrates the int
and T cell leukaemia. Throughout my doctoral research, | examined childhood T cell
leukaemia using single cell RNA sequencing (sScRNA-seq) and whole genome sequencing
(WGS), through the lens of T cell development. For the introduction of my dissertation, | will
cover the advances in unravelling T cell development and the diversity of T cell subsets,
followed by an overview of the current state of research in T cell leukaemia. | will then consider
how measuring quantitative molecular readouts at single cell resolution has opened up many

opportunities in the study of leukaemias.

1.2 T cell development and divers e T cell subtypes

T cells are key members of the adaptive immune system. Mature T cells are defined by surface
expression of the T cell receptor (TCR), a heterodimeric molecule that binds to peptide
antigens presented on major histocompatibility complex (MHC) molecules. Traditionally, T
cells are divided into CD8+ T cells, which kill virus-infected host cells or cancer cells through
their cytotoxic effector functions, and CD4+ T cells which coordinate the adaptive immune

response through cytokine secretion.

T cell development mainly occurs in the thymus, but involves progenitors from the bone
marrow. This highly ordered stepwise process includes commitment to the T cell lineage
through a network of transcription factors, somatic recombination of genes to generate TCR,
and positive and negative selection in the thymus to ensure the production of functional and
non-autoreactive T cells. Aberrations in T cell development due to mutations in key
transcription factors and signalling pathways may result in T cell acute lymphoblastic
leukaemia (T-ALL) (Aifantis et al., 2008; Gianni et al., 2020).

Conventional CD8+ and CD4+ T cells express U BTCR, which consists of an Uchain and a b
chain. However, 5-10% of T cells utilise o i TiCiRst ead o (Chieb bt alT ZOR4).

Furthermore, some Ub T cell s expunlikeshe hihCRTCR wi t

sequence diversity seen in conventional Ub T (kegoluX esal., 2017). These 2 T cells and



Ub T withllimhited TCR diversity represent examples of the burgeoning group of
unconventional T cells, which recognise distinct antigens compared to conventionalUb T
and perform different immunological functions. In addition, natural killer (NK) cells and innate
lymphoid cells (ILCs) resemble CD8+ and CD4+ T cells respectively, but lack TCR expression
(Vivier et al., 2018).

In this section, | will first give an overview of the development of conventional T cells and
highlight key aspects of this complex process, namely the commitment to T cell lineage and
somatic recombination of TCR genes. Next, | will describe the unconventional T cells as well
as the NK cells and ILCs, covering their developmental origin and their relationship to
conventional T cells. Finally, | will highlight how single cell transcriptomic studies have

transformed our understanding of T cell development and diversity.

1.2.1 Development of conventional T cells

The development of conventional Ub T begnk Witk migration of progenitors from the bone
marrow to the thymus (Figure 1.1) (Hosokawa and Rothenberg, 2021). These cells lack
expression of both CD8 and CD4 surface markers and are hence called double negative (DN)
thymocytes. DN thymocytes undergo rearrangement at the TCR-b gene locus. The resulting
TCR-b chain pairs up with a surrogate pre-Tc e | | r ecbagnppt T9Uo foktn the pre-T cell
receptor (pre-TCR). Signalling by the pre-TCR indicates successful TCR-b chain
rearrangement and is required to permit further development. This critical gateway is known
as b-selection. In the next stage, cells express both CD8 and CD4, thus becoming double
positive (DP) thymocytes, and they undergo rearrangement at the TCR-U gene

Successful rearrangementofthe TCR-U chain all ows it - oc tpafdmr

a complete TCR.

DP thymocytes then undergo positive selection, where their TCR has to recognise self-antigen
presented by MHC molecules on thymic epithelial cells to avoid cell death. Upon successful
positive selection, the cells become single-positive (SP) cells, expressing either CD8 or CD4,
depending on whether they recognise MHC class | or class Il molecules, respectively.
Following this, SP cells undergo negative selection, where cells which interact too strongly
with self-antigens displayed on thymic epithelial cells are eliminated by apoptosis. SP cells
which pass negative selection exit the thymus as mature naive CD8+ or CD4+ T cells and

migrate to the periphery.

cell s
| ocus.
tue@ wi



Figure 1.1
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Figure 1.1: Schematic of T cell development.

Progenitors from the bone marrow migrate to the thymus and become double negative (DN)
thymocytes. Here, they undergo TCR rearrangement at the TRD, TRG and/or TRB loci. Next,
they transition to double positive (DP) thymocytes, during which rearrangement at the TRA
locus occurs. Finally, the cells mature into conventional CD8+ and CD4+ U BT cells, which will
exit the thymus into the periphery. In the bone marrow, the same progenitors can develop into
natural killer (NK) cells or innate lymphoid cells (ILC), instead for travelling to the thymus to
become a T cell. Alternatively, DN and DP thymocytes in the thymus may mature into

unconventional T cells, which include ou T cells.



1.2.2 Commitment to T cell lineage

T cell lineage commitment is driven by a network of lineage-specific transcription factors.
Notch signalling in the thymus is necessary for commitment to T cell lineage (Hosokawa and
Rothenberg, 2021; Miyazaki et al., 2014). Deletion of Notchl in bone marrow progenitors or
deletion of its ligand Delta-like-4 (Dll4) in the thymic epithelium results in the complete absence
of T cells (Hozumi et al., 2008; Radtke et al., 1999). Provision of the Notch ligand Delta-like-1
in vitro stimulated the differentiation of haematopoietic progenitors into T cells (Schmitt and
Zuniga-Pflucker, 2002). An isoform of the E2A transcription factor, E47, was found to promote
upregulation of Notchl and subsequently act in concert to upregulate T cell specific genes
such as Cd7 and Ptcra ( p T(lkawa et al., 2006). Additionally, E47 also increases chromatin
accessibilityofthe TCR-b | ocus in preparati on(Agataetal.s200nat i ¢ r e

Notch signalling in DN cells activates the expression of TCF1 (encoded by Tcf7), which in turn
upregulates GATA3 and BCL11B (Germar et al., 2011; Weber et al., 2011). GATA3 blocks B
cell lineage differentiation (Garcia-Ojeda et al., 2013) while BCL11B inhibits NK and myeloid
cell fates (lkawa et al., 2010; L. Li et al., 2010; P. Li et al., 2010). BCL11B was found to
suppress Zbtb16, which is crucial for the development of innate T cells and ILCs, and also
suppress 1d2, which is required for NK cells and ILCs (Hosokawa et al., 2018). TCF1 also
activates the transcription of genes required for TCR rearrangement and TCR signalling, such
as Cd3g, Lck and Rag2 (Weber et al., 2011). Altogether, a network of transcription factors
consisting of Notch, E47, TCF1, GATA3 and BCL11B promote the expression of T cell

development genes and inhibit alternative cell fates.

1.2.3 Somatic recombination of T  cell receptor genes

There are four different TCR chains encoded in the human genome: TCR-U TRA on
chromosome 14qgl1), TCR-b TRB on chromosome 7¢34), TCR-0 TRG on chromosome
7pl4) and TCR-U TRD on chromosome 14qg11) (Lefranc et al., 1999). The TRB and TRD loci
consist of the variable (V), diversity (D), joining (J) and constant (C) gene segments, while the
TRA and TRG loci contain only V, J and C segments. Remarkably, the TRD locus is located
within the TRA locus. Rearrangement of the TRA locus results in deletion of the TRD. The

germline configurations of the TCR loci are illustrated in detail in Figure 1.2 .

Somatic recombination or rearrangement assembles the separate germline-encoded VDJ

gene segments, through genomic deletions or inversions of the intervening gene segments



(Krangel, 2009). On the TRB and TRD loci, the D-to-J joining occurs first, followed by the V
segment to the DJ segment. These steps occur at the genomic level. Next, the TRB gene is
expressed and RNA splicing joins the C segment to the VDJ segment at the transcript level.
A productive TCR chain is formed when successful translation occurs with no premature stop
codon. Somatic recombination of the TRA and TRG loci follow a similar process, except that
V-to-J joining occurs directly owing to the absence of D segments. Rearrangement of the TRB,
TRG and TRD loci occur earlier at the DN cell stage while TRA rearrangement occurs later at

the DP cell stage (Hayday and Pennington, 2007).

VDJ recombination is mediated by the RAG endonucleases, RAG1 and RAG2, which are
guided by recombination signal sequences (RSS) (Fugmann et al.,, 2000). These are
conserved noncoding DNA sequences that flank the individual V, D and J gene segment
coding sequences. An RSS consists of a highly conserved heptamer block (CACAGTG),
which is always contiguous with the coding sequence, followed by a 12-bp or 23-bp long

spacer sequence, followed by a less conserved nonamer block (ACAAAAACC).

RAG endonucleases bind VDJ gene segments at RSS sites and cleave DNA at the boundary
between the RSS and the flanking coding sequence (Bassing et al., 2002). This generates a
hairpin end next to the VDJ coding sequencing and a blunt end adjacent to the RSS motif.
Hairpin ends from two VDJ gene segments are brought in close proximity by the RAG
complex. Opening of the hairpin ends at a site other than the original breakpoint results in
addition of P-nucleotides, named as such due to the resulting palindromic sequence. The
lymphocyte-specific terminal deoxynucleotidyl transferase (TdT) enzyme adds non-templated
sequences (NTS), also known as N-nucleotides, to the opened hairpins, resulting in further
diversification of the antigen receptor (Komori et al., 1993). Nucleotide deletions may also

occur at these VDJ junctions, mediated by a yet to be discovered exonuclease.

RAG-mediated recombination is not only confined to the genomic loci of B cell and T cell
antigen receptors. By systematically interrogating the whole genomes of ETV6-RUNX1 B-ALL,
Papaemmanuil et al. (2014) found many recurrent structural variants of B-ALL driver genes to
be mediated by RAG recombination, characterised by the presence of RSS motifs near the
breakpoints and the incorporation of NTS at junctions. More recently, Machado et al. (2022)
demonstrated through WGS of single lymphocyte derived colonies that a substantial fraction

of deletions found in normal lymphocytes are attributable to off-target RAG activity.



Figure 1.2
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Figure 1.2: Germline configuration of TCR genes in the human genome.
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1.2.4 Unconventional T cells

Unconventional T cells refer to T cell subsets other than those derived from canonical CD8+
and CD4+ UBodffey et al.| 2015; Pellicci et al., 2020). This burgeoning collection
i ncludes o0 T ecTe(NKTkscells, macosal asadciatdd invatiant T (MAIT) cells,
C D 8 Ultkells and natural T helper 17 (nTh17) cells, among others. Unconventional T cell
subsets are generally marked by expression of ZBTB16 (zinc finger and BTB domain
containing16) ( Al onzo and S a nahdKRARBG Eilleocell lezti liké neceptor B1)

(Fergusson et al., 2011), genes which are of great relevance to this thesis.

T o0 T exprds$sTCR-2 chain i n combli ncaahtaiom awm dlbBfoefpCrRe sent
T cells in the human (Chien etal., 2014). The two main subsets of 01U
are Va2 o0 T cel |l sspéclicTCR-hneandh-yTGRerEruUusage) whi c
found predominantly in the bloodstream, and Vi
the skin and large intestine. VU209 oU T c el basterial phogplmantigens o
presented on butyrophilin 3A1 molecules (Vavassori et al., 2013), while VOl o0 T
recognise diverse antigens including lipids presented on MHC class-I-like protein CD1d
(Uldrich et al.,, 2013). The devel opment al origin of oa T
ambiguous. It was initially claimedt hat human o204 T cells develop f
then in the fetal thymus, with little contribution by the postnatal thymus (McVay et al., 1998;

McVay and Carding, 1996). However, more recent studies have
cells in adult human derive from the postnatal rather than fetal thymus (Papadopoulou et
al., 2019; Perriman et al., 2023).

1 NKT cells were originally defined as T cells which expressed the NK cell protein NK1.1
(CD161 or KLRB1) (Makino et al., 1995). However, they have since been defined by their
specificity for lipid antigens presented by CD1d molecules (Godfrey et al., 2004), in
contrast to conventional T cells which recognise peptide antigens presented in MHC
molecules. There exist two broad groups of NKT cells. Type 1 NKT cells, sometimes
referred to as invariant NKT cells, express an invariant TCR-U ¢ h(aMUh1 0 and JU18)
alimited setof TCR-b c hai n i Theyhmakaamasound 0.1% of T cells in human
blood (Chan et al., 2013). Type 2 NKT cells in humans express diverse TCRs that
recognise a broader range of lipid antigens. Type 2 NKT cells are more abundant in
humans, but their lack of any defining marker makes them challenging to study (De Lalla
et al., 2011). The development of NKT cells occurs in the postnatal thymus (Hammond et
al.,, 1998). NKT cell development branches off the CD8+ CD4+ DP cell stage of

conventional T cell development and is dependent on interactions with CD1d+ DP cells



(Coles and Raulet, 2000; Gapin et al., 2001). NKT cell development also requires the
transcription factor ZBTB16 (Kovalovsky et al., 2008; Savage et al., 2008).

1 MAIT cells are a subset of T cells which respond to microbial vitamin B metabolites
presented on the MHC class-I-like protein MR1 (Kjer-Nielsen et al., 2012; Tilloy et al.,
1999; Treiner et al., 2003). Human MAIT cells typically express an invariant TCR-U  (7\2U
and JU33) and a-bc arhstirna i( nveldBshdo @tRl.\V2012)0MAIT cells
make up around 5% of T cells in human blood (Le Bourhis et al., 2010) and up to 45% of
T cells in the human liver (Dusseaux et al., 2011). The development of MAIT cells exhibit
many similarities compared to NKT cells. Notably, MAIT cells develop in the postnatal
thymus (Martin et al., 2009) and arise from interactions between MR1-expressing DP cells
(Seach et al., 2013). ZBTB16 is also required for MAIT cell development (Koay et al.,
2016).

f Cb8UU T exelrless the CD8UU homodi mer instead
conventional CD8+ T cells and exhibit signs of previous antigen exposure (Konno et al.,
2002). They include a subset of intraepithelial lymphocytes (IELs) which play important
roles in mucosal immunity (Cheroutre etal., 2011). CD8 UU |1 ELs arise direc
precursors instead of deriving from conventional naive T cells (Ruscher et al., 2017;
Verstichel et al., 2017).

1 nThl7 cells closely resemble canonical Th17 cells, as both secrete IL-17 cytokines in
response to extracellular bacteria (Marks et al., 2009). Whereas canonical Th17 cells are
induced from CD4+ T cells by exposure to IL-6 and TGF-b (Veldhoen et al., 2006), nTh17

cells directly originate from thymic progenitors (Marks et al., 2009).

A common theme among unconventional T cells is their direct derivation from thymic
precursors by agonist selection (Stritesky et al., 2012). In the development of conventional
CD8+ or CD4+ T cells, thymocytes which react too strongly to self-antigen are eliminated by
apoptosis (Ashby and Hogquist, 2024). Similarly, thymocytes which fail to react at all do not
receive sufficient stimulation to survive. However, there are a subset of thymocytes which
react more strongly than others, but below the threshold for negative selection; these
thymocytes become natural regulatory T cells, in contrast to induced regulatory T cells which
arise from CD4+ T cells in the periphery (Jordan et al., 2001). Agonist selection has since also
been demonstrated in the development of various subtypes of unconventional T cells

(Stritesky et al., 2012). Unconventional T cells bearing Ub TC



stage in the thymus, w h e framatlse DN Gell Stagec(Biduted.1)ar i s e ¢
(Hayday and Pennington, 2007).

1.2.5 Innate lymphoid cells

Innate lymphoid cells (ILCs) are lymphocytes which lack antigen receptors generated by RAG
recombination (i.e. TCR and BCR) (Artis and Spits, 2015; Eberl et al., 2015; Vivier et al., 2018).
This definition includes NK cells, which were discovered in 1975 (Kiessling et al., 1975). NK
cells mirror CD8+ cytotoxic T cells by killing virus-infected cells and tumour cells (Wolf et al.,
2023). The remaining ILCs are non-cytotoxic and comprise group 1 ILC (ILC1), group 2 ILC
(ILC2), group 3 ILC (ILC3) and lymphoid tissue inducer (LTi) cells. The LTi cells, which
promote the formation of lymph nodes during fetal development, were discovered in 1997
(Mebius et al., 1997). However, the concept of a family of ILCs only emerged within the last

15 years, following the discovery of the remaining three ILC classes (Spits et al., 2013).

ILC1, ILC2 and ILC3 closely resemble their corresponding CD4+ helper T cell counterpart:

Thl, Th2 and Th17 cells. ILC1 secrete IFN-o and of fer early protection
(Bernink et al., 2013; Fuchs et al., 2013; Weizman et al., 2017). ILC2 respond to parasitic

helminths by producing type 2 cytokines such as IL-5 and IL-13 (Moro et al., 2010; Neill et al.,

2010; Price et al., 2010). ILC3 secrete IL-22 in response to extracellular bacteria and play a

role in the containment of intestinal commensal microbes (Cella et al., 2009; Luci et al., 2009;
Satoh-Takayama et al., 2008).

Studies in mice have uncovered insights into the stages and transcription factor associated

with ILC development. The transcription factor ID2 is crucial for the development of all ILCs

including NK cell, but not B cells and T cells (Boos et al., 2007; Moro et al., 2010; Yokota et

al.,1999), whereas GATA3 is required for ¢ragedtagder 6 | LC
2014). Finally, ZBTB16 is needed for the development of helper ILCs, but not LTi cells
(Constantinides et al.,, 2014; Klose et al., 2014). Together, the transcription factors ID2,

GATA3 and ZBTB16 delineate at least three progenitor stages which give rise to NK cells, LTi

cells and the helper ILCs.

Individual ILC subsets are further driven by specific transcription factors, which parallel those
of their corresponding helper T cell subsets. In addition to the transcription factors described
earlier, NK cells require both Eomes and T-bet (Gordon et al., 2012), whereas ILC1s are

dependent on the master transcription factor of Thl cells, T-bet (Klose et al., 2014; Szabo et
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al.,, 2000). On the other hand, the Th2 master regulator, GATAS, is necessary for ILC2
development and maintenance (Hoyler et al., 2012; Klein Wolterink et al., 2013; Mjosberg et

al.,, 2012; Zheng and Flavell, 1997). ILC2sal so require the activity

not the case for Th2 cells (Halim et al., 2012; Wong et al., 2012). A recent study in mice has
shown that RORU expression in thymocytes

conventional T cells to ILC2s (Ferreira et al., 2021). Finally, both ILC3s and LTi cells are

dependent on the Th17 t,narces(Eberl epadl.,i2004; Ivanavcet ab,r ,

2006; Satoh-Takayama et al., 2008; Sun et al., 2000). Interestingly, humans deficient in

can

RORC(which encodes for ROR2+s)bset o LC3$, but motrlloldu c e

ILC3s (Lim et al., 2017), highlighting subtle differences between ILC development in human

and mice.

1.2.6 Contribution of s ingle cell sequencing to T cell biology

Many discoveries about T cell development and the diversity of T cell subtypes were derived
from mouse models through genetic knockouts of crucial transcription factors. Immune cell
populations were profiled by flow cytometry using a limited set of markers. The emergence of
single cell transcriptomics and related technologies have contributed to the study of
immunology, by delivering quantitative molecular readouts on a cell by cell basis (Ginhoux et
al., 2022). Furthermore, transcriptomic profiling of single immune cells in the human body
allows us to study human immunology in humans themselves, rather than extrapolating
insights from mice (Behjati et al., 2018; Haniffa et al., 2021; Webb and Haniffa, 2023).

Single cell transcriptomics has uncovered heterogeneity in seemingly homogeneous
populations of immune cells as well as overlapping features across seemingly distinct cell
types. For instance, Rebuffet et al. (2024) showed that human NK cells could be delineated
into three major groups and provided detailed descriptions about their gene expression
profiles: NK1 cells showing the classic cytotoxic phenotype, NK2 cells exhibit higher protein
synthesis and proliferative capacity, and
On the other hand, Jaeger et al. (2024) found that human ILC1ls and NK cells lie on a
transcriptional spectrum, with certain subsets bearing features of both cell types, unlike the
clear distinctions observed in mice. Both of these studies highlight the heterogeneity and
overlap among the NK cell and ILC1 populations in humans. In addition, the resolution of

single cell methods, allows the identification of rare or unexpected cell populations for which

NK3

markers are currently not known. Thomson et al. (2023) di scovered a novel
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subset in children that is poised for rapid immune response and is lost with age, providing

some insights into the differences between children and adult immunity.

Single cell sequencing studies, now in the order of millions of cells, provide detailed
descriptions of T cell development in humans. The landmark cellular atlas of the human
thymus from fetal to adulthood by (Park et al., 2020) provided unbiased, quantitative
transcriptomic definitions of the developmental stages of conventional T cells and also defined
the transcriptomic features of unconventional T cells. Additionally, the authors identified two
subsets of unconventional T cells which were fetal specific, namely NKT-like cells and Th17-
like cells. A subsequent study characterising the single cell immune landscape across multiple
organs in fetal development suggested that these cell types, which the authors renamed as
type 1 and type 3 innate T cells, may originate from thymocyte-thymocyte interactions at the
DP cell stage, rather than interactions between thymocytes and thymic epithelial cells (Suo et
al., 2022).

Overall, single cell sequencing of human T cells and innate lymphocytes have provided a
detailed descriptions of their developmental processes and cellular heterogeneity. They will
serve as a valuable reference map for understanding T cell leukaemia in the context of T cell

development.

1.3 T cell acute lymphoblastic leukaemia

Acute lymphoblastic leukaemia (ALL) is the most common childhood cancer (Hunger and
Mullighan, 2015). ALL is a malignancy of developing lymphocytes and predominantly presents
with symptoms of bone marrow failure, including the triad of anaemia, neutropenia and
thrombocytopenia. Leukaemia cells, also known as lymphoblasts or simply blasts, can
additionally infiltrate many other organs, including the liver, spleen, lymph nodes,

mediastinum, testes and central nervous system, and perturb their normal function.

ALL is usually of B cell lineage (B-ALL), but can be of T cell lineage (T-ALL) in up to 15% of
cases. T-ALL has an overall worse clinical prognosis than B-ALL, with higher rates of
refractory disease, relapse and death (Goldberg et al., 2003). Moreover, there is currently no
biological or genomic feature that is used to clinically risk stratify T-ALL at diagnosis, unlike B-
ALL where clinical outcome correlates strongly with clinical features such as age and white
cell count at presentation, as well as genomic mutations (Brady et al., 2022; lacobucci et al.,
2021; Roberts and Mullighan, 2020; Ueno et al., 2020).
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ALL treatment comprises four phases: induction (4 weeks), consolidation (12 weeks),
intensification (8 weeks) and long-term maintenance (2 years) (Malard and Mohty, 2020).
Induction aims to achieve remission, defined as the eradication of leukaemia blasts and
restoration of normal haematopoiesis. Induction utilises either three or four chemotherapy

drugs: dexamethasone, PEGylated L-asparaginase, vincristine and additionally daunorubicin

(for T-ALL and high-risk B-ALL) ( Teachey and O.drduction failure, defirme®d3 )

the presence of O5% b latahe eng of inductionhiga pkediatoefor poarr r o w
clinical outcome and around 50% of such patients will eventually die from their leukaemia
(0O6Connor et al ., 2017)

In this section, | will focus on T-ALL, for which two of the results chapters of my thesis are
based upon. | begin with a review of earlier studies into the biology T-ALL. In the past 15
years, next-generation sequencing of T-ALL gave rise to detailed genomic classifications.
Despite this progress, genomic studies of T-ALL have not been successfully translated into
meaningful clinical risk stratification, unlike in B-ALL. In parallel, the early T cell precursor
(ETP) immunophenotype was proposed as a distinct, high-risk T-ALL subtype. However, more
recent studies have highlighted heterogeneity within this subtype and its unreliability as a
clinical predictor. Finally, single cell sequencing has emerged as a powerful tool to investigate
the cellular states of cancers and their microenvironment. | will consider how it can be applied

to study leukaemias.

1.3.1 Early studies into the biology of T -ALL

Early work deciphering the biology and genetic drivers of T-ALL came from cytogenetics as
well as mutational analysis of suspected cancer genes. About 50% of T-ALL cases contain
structural chromosomal aberrations that are detectable by conventional karyotyping (Harrison
and Foroni, 2002). These chromosomal rearrangements may place oncogenes under the
influence of an active promoter/enhancer resulting in aberrant expression, or they may
generate a fusion protein with constitutive activity. Many translocations recurrently involve the
TCR loci on chromosome 7q34 (TRB), 14911 (TRA/TRD) and 7pl14 (TRG), thereby hijacking
active enhancers of the TCR loci. Additionally, deletions have been found by fluorescence in
situ hybridisation (FISH) in cases with seemingly normal karyotypes, usually leading to the
loss of tumour suppressor genes. Sequencing of suspected driver genes in T-ALL with normal
karyotype has uncovered point mutations and small insertions/deletions as additional sources

of leukaemia drivers.
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One of the first drivers discovered in T-ALL was NOTCH1, which was identified as a fusion
partner to TRB in the rare t(7;9)(g34;934.3) translocation that truncated the N-terminus leading
to a constitutively active form of Notch1l in patients with T-ALL (Ellisen et al., 1991). Notchl is
both a cell surface membrane receptor and a ligand-activated transcription factor (Grabher et
al.,, 2006). Ligand binding triggers a series of proteolytic cleavages, which releases

intracellular Notch1 that translocates to the nucleus to regulate gene expression.

However, the t(7;9)(g34;934.3) translocation involving NOTCHL1 is rare and only accounts for
a minority of T-ALL cases. It was later found that in more than 50% of T-ALL, NOTCH1 was
activated by sequence mutations in the extracellular heterodimerisation (HD) domain or the
C-terminal PEST domain (Weng et al., 2004). Mutations in the HD domain renders Notchl
more prone to ligand-independent activation whereas mutations in the PEST domain makes
it more resistant to degradation. In addition, up to 30% of T-ALL also harbour mutations in
FBXW7, which encodes a protein that mediates the proteasomal degradation of Notchl
( O6Nei l et al ., 2007 ; Thompson et al ., 2007)

Although Notch1 signalling is essential for T cell development, its mechanistic role in T-ALL is
less clear. The leukaemogenic effects of Notchl may be due to the upregulation of the MYC
oncogene, a direct transcriptional target of Notchl (Palomero et al., 2006; Weng et al., 2006).
Notably, Notchl binds to a long-range distal enhancer of MYC which targeted by recurrent
chromosomal duplications in 5% of T-ALL patients (Herranz et al., 2014). Given its ubiquity
amongst T-ALL, it was previously thought that NOTCH1 mutation could be a primary driver of
leukaemogenesis. However, evidence suggests that NOTCH1 alterations are subclonal and

hence more likely to be secondary events (Mansour et al., 2007).

Deletions on chromosome 9p21 are one of the most common chromosomal anomalies found
in T-ALL, with 65% and 15% of cases having homozygous and hemizygous deletions
respectively (Cayuela et al., 1996; Hebert et al., 1994). These target the cell cycle regulators
CDKNZ2A (p16/p14) and CDKN2B (p15), which inhibit the complex of cyclin D and CDK4/6
that keep the cell in a quiescent state. In fact, functional inactivation of the CDKN2A and
CDKN2B loci is a nearly universal event in childhood T-ALL; this may be mediated by
sequence mutation or promoter hypermethylation instead of gene deletions (Omura-

Minamisawa et al., 2000).

The class Il basic helix-loop-helix (bHLH) family of transcription factors are frequently mutated
in T-ALL. These include TAL1, TAL2, LYL1 and OLIG2 (previously BHLHB1). Activation of

14



TAL1 may occur as a consequence of the t(1;14)(p32;q11) translocation to the TRA/TRD locus
(Begley et al., 1989; Carroll et al., 1990), but more often results from a submicroscopic
interstitial deletion at the chromosome 1p32 locus which generates the STIL-TAL1 fusion gene
(Janssen et al., 1993). More recently, sequence mutations at a precise site 1 kb upstream
from the TALL1 locus were found to create a super-enhancer site for binding of the MYB
transcription factor, thereby driving aberrant TAL1 expression (Mansour et al., 2014). TALZ2,
LYL1 and OLIG2 are also over-expressed in T-ALL, although much less common that TAL1,
and these similarly involve translocation to place them adjacent to TCR enhancers (Mellentin
et al., 1989; Wang et al., 2000; Xia et al., 1991).

The LIM domain only gene, LMO1 and LMO2, which are located on chromosome 11p15 and
11p13, respectively, may be aberrantly expressed by translocation to the TRA/TRD locus on
14911 (McGuire et al., 1989; Royer-Pokora et al., 1991). Additionally, LMO2 may be activated
by a cryptic deletion upstream of the gene that removes negative regulatory elements (Van
Vlierberghe et al., 2006). The LMO proteins themselves do not bind to DNA directly, but
instead form heterodimers with class Il bHLH proteins such as TAL1 to promote

leukaemogenesis (Aplan et al., 1997; Larson et al., 1996).

The homeobox (HOX) genes are key transcriptional regulators of embryonic development,
responsible for processes as body patterning along the anterior-posterior axis (Shah and
Sukumar, 2010). They are found in four HOX clusters (A-D) on different chromosomes in the
human genome. Of these, the HOXA genes (A9, A10, A11, A13) on chromosome 7pl5 are
expressed in a coordinated fashion throughout T cell development (Taghon et al., 2003).
Translocations between the HOXA9 and TRB loci, resulting in aberrant expression of HOXA9
and HOXAL10, have been identified in T-ALL (Soulier et al., 2005; Speleman et al., 2005).

Whereas the classical HOX genes are found in gene clusters, orphan HOX genes are
scattered throughout the genome. Two of these orphan HOX genes, TLX1 (HOX11) and TLX3
(HOX11L2), are relevant in T-ALL. The TLX1 gene is activated in T-ALL by the
t(10;14)(g24;911) translocation which places it under control of the TRA/TRD locus (Hatano
etal., 1991), whereas TLX3 is over-expressed by placing it adjacent to the BCL11B enhancer
in a t(5;14)(g35;932) rearrangement (Bernard et al., 2001). Interestingly, TLX1 and TLX3
appear to reduce accessibility to the TRA locus and block TCR rearrangement there, resulting

in a block in T cell maturation (Dadi et al., 2012).
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1.3.2 Next generation sequencing of T-ALL

The arrival of massively parallel nucleotide sequencing, also known as next generation
sequencing, revolutionised the study of T-ALL. Whole exome sequencing (WES) and
transcriptome sequencing accelerated the discovery of many more cancer genes in T-ALL.
Whole genome sequencing (WGS) additionally permits the discovery of driver mutations in
the noncoding regions of the genome and is recently becoming more common than WES with
the decreasing costs of sequencing. Finally, both WES and WGS allow the tracking of
leukaemia clones across time using mutations as phylogenetic markers, although only WGS

can deliver definitive phylogenies.

The first exome sequencing of T-ALL was in fact performed on just the X chromosome (Van
Vlierberghe et al., 2010). Here, the authors identified PHF6 as a recurrently mutated tumour
suppressor gene, either from inactivating sequence mutations or focal deletions. Notably,
PHF6 mutations were found almost exclusively in males with T-ALL T presentin 32% of males

but only 2% of females i and was associated with mutations in TLX1 and TLXS.

Systematic interrogation of mutations across all genes has led to the discovery of driver
mutations in genes previously not considered to be cancer genes. For instance, mutations
were found in the ribosomal protein genes, RPL5 and RPL10, in 5-10% of T-ALL cases (De
Keersmaecker et al., 2013). The authors demonstrated that recurrent R98S mutation on
RPL10 reduced ribosomal biogenesis and increased proliferation. One possible mechanism
is that leukaemia cells with this mutation have greater translation of the anti-apoptotic BCL-2
protein via the IRES pathway (internal ribosome entry site) (Kampen et al., 2019), an
alternative protein translation pathway that occurs during cellular stress. Interestingly, another
group found that recurrent chromosome 6q deletion, whose role in T-ALL had been elusive for
more than 40 years, may be ascribed to a reduction in ribosomal activity due to the loss of
SYNCRIP and SNHGS5 (Gachet et al., 2018).

Driver mutations can also be identified from transcriptome sequencing, including structural
rearrangements which generated a gene fusion that is transcriptionally expressed. Seki et al.
(2017) identified novel recurrent gene fusions involving SPI1 (STMN1-SPI and TCF7-SPI1)
from transcriptome sequencing of children with T-ALL, making up around 4% of cases. These
SPI1 fusion positive blasts exhibited an immunophenotype and transcriptomic profile that was
distinct from other known T-ALL subtypes. Critically, the SPI1 fusion is the first genetic lesion
that was found to be associated with very poor prognosis in T-ALL, with 6 out of 7 patients in

their cohort dying from relapse within 3 years of diagnosis.
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Whereas WES only covers coding regions which make up 1-2% of the human genome, WGS
is able to capture mutations in noncoding regions, including long-range enhancer sites which
alter gene expression. For instance, Montefiori et al. (2021) discovered a subtype of T-ALL
with dysregulated expression of BCL11B due to translocation of the gene near super-enhancer
sites which are active in immature haematopoietic stem and progenitor cells. Alternatively, it
could also be driven by focal amplification of 2.5 kb region which contains a weak BCL11B

enhancer.

The patterns of clonal evolution and driver of relapse may be deduced from WES and WGS.

Sequencing of paired relapse and diagnostic samples reveal diverse patterns of clonal

evolution pathways, indicating that relapse can derive from the major clone at diagnosis, the

minor clone at diagnosis, be polyclonal in nature, or even a completely separate clone from

diagnosis with mutually exclusive mutations (Oshima et al., 2016; Richter-Pec ha EGs ka et al
2022; Waanders et al., 2020).

T-ALL relapse can occur early or late. Early relapse is associated with the acquisition of
mutations in chemotherapy resistance genes, such as NT5C2, which encodes an enzyme that
inactivates the cytotoxic metabolites of the nucleoside-analog drug 6-mercaptopurine used for
maintenance therapy (Tzoneva et al., 2013). In contrast, recent work on WGS of late relapse
in T-ALL suggests that late relapse derives from a pre-leukaemic clone and lack chemotherapy
resistance mutations ( O6 Connor e Moststudies of Aohe evdlution in T-ALL have
focused on comparing relapse to diagnosis. Little is known about the phylogenetic relationship

of refractory T-ALL between post-treatment and diagnostic timepoints.

1.3.3 Systematic classification  of T-ALL subtypes

T-ALL may be classified into subtypes which are parallel to stages of T cell development,
suggesting the point at which a differentiation block occurred and the leukaemia diverged from
normal development. These were originally based on a limited set of markers detected by flow
cytometry (6i mmunophenotyped). Later approaches
initially on gene expression microarrays and subsequently by whole transcriptome

seqguencing.

The first classification scheme of T-ALL was proposed by the European Group for the

Immunological Characterization of Leukemias (EGIL). According to EGIL, cytoplasmic or
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surface membrane expression of CD3 antigen defines T-ALL, which can then be split into four
subtypes: (TI) the most immature subtype or pro-T-ALL is defined by the expression of only
CD7; (TIl) pre-T-ALL additionally expresses CD2 and/or CD5 and/or CD8; (TIII) cortical T-ALL
expresses CD1a; (TIV) mature T-ALL is positive for surface CD3 and negative for CD1a (Bene
et al., 1995). Almost thirty years later, this set of markers is still routinely used in clinical flow
cytometry. Further refinement of this classification scheme by considering TCR rearrangement

status has been proposed although it is not used in clinical practice ( Asnay et. al

Gene expression profiling by microarray provided a framework to organise the burgeoning
collection of translocations in T-ALL and generated several important insights (Ferrando et al.,
2002). The TAL1 expressing leukaemias were associated with the expression of LMO1/2 and
exhibited a late cortical DP cell phenotype (CD3*, CD8*, CD4%*). The TXL1 and TXL3 subtypes
were highly similar, with both having an early cortical DP cell phenotype (CD1a*, CD3', CD8",
CD4"). The LYL1 subtype co-expresses LMO2 and is associated with an immature phenotype
(CD34*, CD3', CD8', CD4'). Finally, the HOXA expressing leukaemia comprises those with
the HOXA9-TRB rearrangement, as well as the KMT2A-MLLT1 (MLL-ENL) rearrangement
(Chervinsky et al., 1995; Rubnitz et al., 1996), and was descri bed.Theo
classification by Ferrando et al. (2002) continues to define the major T-ALL subtypes today,

linking genomic lesion to gene expression profile.

Modern sequencing studies of T-ALL cohorts in the past 10 years combine transcriptome
sequencing with WES/WGS to define the landscape of T-ALL. The first of these by Liu et al.

, 200

reserr

(2017) studied 264 children and young adults with T-ALL enrolledon t h e Ca@nicdlogyr e n 6 s

Group (COG) AALL0434 trial between 2007 and 2011, for whom tumour and remission
samples were available. They performed either WES or microarray genotyping on extracted
DNA from tumour and remission samples, as well as transcriptome sequencing on tumour
samples. From these data, the authors defined 8 T-ALL subtypes based on the dysregulated
expression of key T-ALL initiating drivers: TAL1, TAL2, TLX1, TLX3, HOXA, LMO1/LMO2,
LMO2/LYL1 and NKX2-1. Despite being the first to define the genomic landscape of T-ALL in
such a large cohort, this study critically did not include patients who were refractory. To
address this gap, O6 C o n n o 1(2028)tperfarimned WGS and transcriptome sequencing on
48 T-ALL patients who were refractory to initial treatment (i.e. induction failure). While certain
drivers such as the TAL1 noncoding mutation were relatively more common at induction

failure, the authors did not find a unifying driver of refractory disease.

In a landmark study which was published in 2024, Pélonen et al. (2024) examined the largest
T-ALL cohort of over 1,300 patients recruited on the COG AALL0434 trial, including those with
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refractory disease. By combining transcriptome sequencing with WES and WGS, the authors
delineated 15 T-ALL subtypes with their associated driver lesions: BCL11B, ETP-like, KMT2A,
MLLT10, HOXA9 TCR, TLX3, TLX3, NKX2-1, TAL1 DP-l i k e, Tike LSTAGR/BMO2,
L MO 2 -likeiNKX2-5, SPI1 and TME-enriched. Furthermore, they uncovered many new
noncoding mutations and suggest honcoding mutations may provide the missing puzzle piece
for the T-other subtype of T-ALL.

1.3.4 Early T cell precursor as a distinct T -ALL subtype

The only subtype of T-ALL to be recognised as a distinct entity since the 2017 World Health
Organization (WHO) classification of leukaemias is the early T cell precursor (ETP) subtype.
It is defined on flow cytometry as expressing markers of the earliest stages of T cell
development (cytoplasmic CD3*, TdT*, CD4', CD8', CD1a', CD5'“™ MPQ', CD19'), and
positive for either any myeloid or stem cell marker (CD11b, CD13, CD33, CD117, CD34, HLA-
DR) (Arber et al., 2016). The discovery of the ETP subtype was made by Coustan-Smith et al.
(2009), on the basis of unsupervised clustering of microarray expression profiles of T cell
development genes from 55 T-ALL patients. From this, they identified a set of flow cytometry
markers to define the ETP immunophenotype and demonstrated that patients with the ETP

profile had a higher risk of treatment failure or relapse compared to non-ETP T-ALL.

Further evidence that ETP T-ALL may represent a distinct entity derives from its driver
mutation landscape. ETP T-ALL was found to be enriched for activating mutations in genes
regulating cytokine receptor and RAS signalling (NRAS, KRAS, FLT3, IL7R, JAK3, JAK1,
SH2B3, BRAF), inactivating lesions disrupting haematopoietic development (GATA3, ETV6,
RUNX1, IKZF1, EP300) and histone-modifying genes (EZH2, EED, SUZ12, SETD2, EP300),
compared to non-ETP T-ALL (Zhang et al., 2012). Many of these genomic lesions were also
later found to be enriched in mixed phenotype acute leukaemia with features of both T and

myeloid lineages (Alexander et al., 2018).

Although ETP T-ALL was initially found to be associated with higher risk of treatment failure
or relapse (Coustan-Smith et al., 2009), subsequent studies demonstrate this not to be the
case (Patrick et al., 2014; Wood et al., 2023). The recent work by P6lonen et al. (2024) found
the immunophenotypic definition of ETP to be suboptimal and instead proposed a new
definition, referred to as ETP-like, from the clustering of more than 1,300 bulk transcriptomes
of T-ALL. It was noted that only one-third of cases within the ETP-like category fulfilled the
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flow cytometry definition of ETP. Whether ETP or ETP-like T-ALL represent a biologically

meaningful and clinically significant leukaemia entity remains to be seen.

1.4 Single cell sequencing of leukaemias

Single cell sequencing allows us to generate high resolution quantitative molecular readouts
of cancer cells and normal cells in leukaemia, which was previously not possible with bulk
sequencing methods. These permits the precise elucidation of leukaemia cell states,
reconstruction of leukaemia phylogenies and characterisation of the leukaemia

microenvironment.

By interrogated individual leukaemia blasts, one can uncover distinct leukaemia cell states,
which may be associated with treatment response. Using logistic regression to compare
leukaemia blasts against various B cell developmental stages in the fetal bone marrow,
Khabirova et al. (2022) showed that KMT2A-rearranged infant ALL, which is a highly
aggressive subtype, resembles early lymphoid progenitors, whereas NUTM1-rearranged
infant ALL, which has favourable outcome, resembles later stages of B cell development. The
distinct transcriptional cell state of KMT2A-rearranged ALL has also been demonstrated by
Chen et al. (2022). In addition, the analysis of transcriptional networks from single cell multi-

omic sequencing of B-ALL may identify suitable pharmacological targets (Huang et al., 2024).

Bulk WES and WGS will identify the major clone and a few minor clones which are large
enough. In contrast, single cell sequencing of leukaemia DNA can identify much smaller
clones and reveal the true nature of the leukaemia phylogeny. For instance, single cell
targeted DNA sequencing of T-ALL revealed several minor clones with distinct NOTCH1
mutations in the same sample, indicating strong selective pressures at this gene (Alberti-
Servera et al., 2021). The tracing of clones throughout treatment may identify the source of
relapse such as the presence of pre-existing CD19-negative blasts which gave rise to relapse
following anti-CD19 treatment in B-ALL (Rabilloud et al., 2021).

The success of cancer immunotherapy has generated immense interest in studying the tumour
microenvironment. It was initially thought that only solid tumours with high mutational burdens
would generate sufficient neoantigens to respond to immunotherapy. However, Zamora et al.
(2019) show that even in paediatric ALL, which has one of the lowest mutation burden, there
are abundant neoantigens which are capable of activating CD8 T cells. These results were

further supported by Wang et al. (2021) found clusters of exhausted T cells from single cell
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transcriptome profiling of three B-ALL samples at diagnosis. Components of the immune
system other than T cells make also play role. For instance, the enrichment of CD16+ non-
classical monocytes in the bone marrow was associated with poorer survival in both paediatric
and adult B-ALL (Witkowski et al., 2020).

1.5 Outline of this dissertation

The central focus of my PhD is investigating the transcriptomic features and origin of refractory
T-ALL. Through this introduction, | illustrated how our understanding of T cell development
has evolved radically especially in the past two decades. | highlighted the growth of T-ALL
research from the early days of cytogenetics to contemporary sequencing at base-pair
resolution and whole genome coverage. Despite being a well-studied cancer, no biological or
genomic marker has successfully made it to the clinic for risk stratification. During my PhD |
applied single cell transcriptome sequencing to define the transcriptomic features of refractory
T-ALL and combined it with WGS to examine the origin of refractory T-ALL. In addition, |

characterised the bone marrow microenvironment of T-ALL at a single cell level.

The remainder of this dissertation is structured as follows:

Chapter 2: Materials and methods. This chapter provides details on how | analysed data
from single cell RNA sequencing (scRNA-seq), single cell TCR sequencing (scTCR-seq), bulk
RNA sequencing (bulk RNA-seq) and bulk whole genome sequencing (WGS) of T-ALL.

Chapter 3: A single cell transcriptome atlas of  T-ALL. This chapter presents a detailed
characterisation of leukaemia blasts and normal cells in bone marrow aspirates (and other
tissue samples) from patients with T-ALL. | compared leukaemia transcriptomes to various
stages of T cell development. | annotated the normal cell compartment to a high resolution
and identified various cell types. Finally, | examined for differences in bone marrow cell

composition, between patients with induction failure and those who were responsive.

Chapter 4: Transcriptomic features of refractory T -ALL. In this chapter, | discovered that
refractory T-ALL is driven by the presence of ZBTB16+ blasts. | validated the association
between ZBTB16 expression and treatment responsive across bulk transcriptome sequencing
datasets. Finally, | showed that ZBTB16+ blasts are a distinct leukaemia cell state with
features of innate-like lymphocytes as opposed to stages of conventional T cell development,

and express unique cell surface targets for cellular therapy.
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Chapter 5: Origin of refractory blasts in T-ALL. This chapter examines the origin of the
refractory ZBTB16+ blasts identified in the previous chapter. | considered if refractory
ZBTB16+ blasts were associated with particular genomic subtypes of T-ALL or with specific
TCR rearrangement states. | investigated if ZBTB16 expression might be driven by noncoding
mutations and result in allele specific expression. Finally, | projected WGS-derived somatic
mutations onto scRNA-seq for phylogenetic construction of leukaemia across treatment

timepoints to identify the origin of refractory clones.

Chapter 6: Conclusion. This chapter concludes the thesis with overall insights gained from

analyses undertaken in this work.
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Chapter 2: Materials and m ethods

2.1 Sample acquisition and ethics statement

The tissues used in my doctoral studies were accessed with approval by UK NHS research
ethics committees. The tissue sources were: VIVO Biobank (National Research Ethics Service
reference 16SW0219; VIVO project number 23-VIVO-17), Great Ormond Street Haematology
Cell Bank (National Research Ethics Service reference 16/L0O/0960), and samples from the
diagnostic archives of Great Ormond Street Hospital (GOSH) (National Research Ethics
Service reference 16/EE/0394). Patients or guardians provided informed written consent for

participation in this study as stipulated by the study protocols.

Two cohorts of patients with T-ALL were used for my dissertation work. The first cohort

(Adi scovery cohorto) consists of 21 chil dAren,
tot al of 29 bone marrow aspirates were obtai
for all 21 children as well as samples at the

as
ned,

en

cohort (fextension cohorto) cbBbmsbhavtvisd o®6Badnmdhi | d

Bartram and Dr Angus Hodder. A total of 55 samples were available for analysis in this cohort,
including at diagnosis, day 7 and day 28 of induction, and at relapse. These samples were

mainly bone marrow aspirates, but also include peripheral blood and pleural fluid.

2.2 Single cell RNA sequencing and single cell TCR sequencing

Cells were retrieved from either fresh cell suspensions or viably frozen cell suspensions, and
enriched for viable cells wusing the Dead
instructions. Single cell droplet suspensions were prepared using the 10x Chromium

Controller (10x Genomics), followed by reverse transcription and cDNA amplification using

either the Single Cell 56 PE kit (10x Genomics)

R2-only kit (10x Genomics) for the extension cohort to generate single cell RNA sequencing
(scRNA-seq) libraries. T cell receptor (TCR) sequences for single cell TCR sequencing
(scTCR-seq) were amplified using the Chromium Single Cell Human TCR Amplification kit
(10x Genomics). Libraries were sequenced on the NovaSeq 6000 platform. Sample
processing, library preparation and sequencing were performed at University College London

for the discovery cohort, and at the Wellcome Sanger Institute for the extension cohort.
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2.3 Alignment, quantification and quality control of single cell RNA sequencing

Sequencing reads were processed using Cell Ranger (v7.0.0) (Zheng et al., 2017), where
reads were aligned to the GRCh38 human reference genome to generate a matrix of gene
expression counts per cell. Ambient mMRNA contamination was removed with SoupX (v1.6.2)
(Young and Behjati, 2020), which estimates ambient mMRNA counts from empty droplets and
subtracts this background noise from the expression matrix. Cells were filtered to retain only
high quality cells, defined as containing >300 expressed genes, >1000 total read count and
<15% reads mapping to mitochondrial genes. Finally, droplets containing more than one cell
(doublets) were identified and removed using Scrublet (v0.2.3) (Wolock et al., 2019)

2.4 Normalisation, clustering and annotation of single cell RNA sequencing

Single cell gene expression count matrices were processed using the standard processing
pipeline in Scanpy (v1.10.0) (Wolf et al., 2018). Gene expression counts were normalised to
10,000 total counts within each cell and log-transformed. This was followed by selection of
highly variable genes, principal component analysis (PCA), uniform manifold approximation
and projection (UMAP) and clustering using the Leiden algorithm. Batch correction was not
performed to ensure that biological variation between individual leukaemias was preserved.
Cell clusters were annotated based on their expression of marker genes of haematopoietic
cell types and T-ALL lymphoblasts. Cell cycle phase (G1, S, G2/M) of cells were determined
by scoring previously defined S phase and G2/M phase gene sets (Tirosh et al., 2016)

2.5 Comparison of leukaemia and normal cell transcriptomes by logistic regression

Leukaemia cell transcriptomes from scRNA-seq of T-ALL were compared to normal cell
transcriptomes from a reference cell atlas of the developing fetal immune system (Suo et al.,
2022), using a previously described logistic regression analysis framework (Young et al.,
2018). First, cells from the reference cell atlas were randomly split, such that 80% of cells of
each cell annotation label were used for model training and the remaining 20% of cells were
used for evaluating the trained model. To speed up model training, up to 400 cells for each
cell annotation label were randomly sampled. Similarity scores between 0 and 1 of how much
each leukaemia cell resembles the various cell annotations from the reference cell atlas were
calculated using the trained logistic regression model and the reference cell annotation with

the highest similarity scorewasassi gned as the O6best match
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A modified version of this logistic regression analysis was used to compare transcriptomes of
normal cells from the fetal immune atlas (Suo et al., 2022) to ZBTB16+ leukaemia cells,
ZBTB161 leukaemia cells and Schwann cell precursors (non-haematopoietic cell negative
control). In this case, leukaemia cells and Schwann cell precursors are used to train the logistic

regression model.

2.6 Detailed annotation of normal cell typesin T -ALL

Normal cells (i.e. cells which are not annotated as leukaemia blasts) from the discovery and
extension cohorts were combined and then split into: (1) T cells and NK cells, (2) B cells and
plasma cells, and (3) myeloid and erythroid cells. Each of these three groups of normal cells
were separately annotated to the highest possible resolution (level 3 cell annotation), using
known marker genes of haematopoietic cell types. Cells expressing a highly improbable
combination of marker genes for distinct cell lineages (e.g. CD19 for B cells and HBA1 for
erythroid) were annotated as doublets. Cell annotations of lower resolution (level 1 and 2)

were generated by combining closely related cell types under the same label.

2.7 Cell proportion analysis of normal cell types in T-ALL

Cell proportions were calculated for each normal cell type as a percentage of the total number
of normal cells (excluding leukaemia blasts and doublets). Significance testing for differences
in cell proportions was performed using the speckle::propeller() function (Phipson et al., 2022)
and P values were adjusted by Benjamini-Hochberg correction for multiple hypothesis testing.

Cell proportion analysis was performed on all three levels of cell annotation.

2.8 Differential expression analysis to identify marker genes of normal cell types

Marker genes of normal cell types were identified using the scanpy.tl.rank_genes_groups()

function (Wolf et al., 2018), which performs a differential expression analysis between a group

of query cells against a group of reference cells, using a Wilcoxon rank-sum test with

Benjamini-Hochberg correction for multiple hypothesis testing.
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2.9 Alignment and quantification of bulk RNA sequencing

Bulk RNA sequencing was performed on diagnostic samples for 19 out of 21 patients in our
discovery cohort (not available for PO73 and P069). Sequencing reads were aligned to the
GRCh38 reference human genome using STAR (v2.7.10) (Dobin et al., 2013) and quantified
with featureCounts (v2.0.2) (Liao et al., 2014) to generate a matrix of gene expression counts

by sample.

2.10 Analysis of bulk RNA sequencing gene expression data

Bulk gene expression count matrices from three T-ALL cohorts were analysed:

(1) Our discovery cohort with 19 patients

(2) An unpublished cohort of 52 patients from the Princess Maxima Center (PMC)

B3A published cohort of 1,335 patients f
AALLO434 trial (Polonen et al., 2024)

Bulk gene expression count matrices were processed using the standard pipeline in edgeR
(v3.42.4) (Robinson et al., 2010) and gene module scoring of bulk RNA sequencing samples

was performed using singscore (v1.20) (Foroutan et al., 2018).

For bulk RNA sequencing of the discovery cohort, processing steps involved removing genes
without a corresponding HGNC gene name, filtering out genes which are lowly expressed
using the filterByExpr() function in edgeR, library-size normalisation and log-transformation to

convert gene expression into log2 count per million (logCPM) values.

For the PMC cohort, gene expression counts were processed into logCPM values with edgeR
as described above for the discovery cohort, except that genes were retained only if they

achieved an average logCPM of 0.5 across at least 10% of samples.

For the COG AALLO0434 cohort, the non-batch corrected count matrix was downloaded from
the Synapse portal (https://www.synapse.org/Synapse:syn54032669/wiki/627818; accessed
September 2024). Only samples with >60% blast content were used for subsequent analysis.
The gene expression counts were processed into logCPM values with edgeR as described
above for the discovery cohort, except that genes were retained only if they had an average

logCPM of 0.5 in at least 10% of samples.
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2.11 Survival analysis on the COG AALL0434 cohort

Survival analysis was performed on the COG AALL0434 cohort (P6lonen et al., 2024) using
the survival R package (v3.5) (Therneau, 2024). Kaplan-Meier curves were plotted using
overall survival and event free survival data from the authors. Patients were grouped into the
top and bottom 33%, according to either ZBTB16 expression or the ZBTB16-dervied gene
module score. Cox proportional hazard models were used to compare the predictive effects

of multiple variables on overall survival and event free survival in this cohort.

2.12 Drug sensitivity analysis in T -ALL

Normalised LC50 values (lethal concentration to kill 50% of leukaemia blasts) were obtained
from a published dataset of drug sensitivity in primary leukaemia blasts (Lee et al., 2023). The
concomitant bulk RNA-seq data was downloaded as a matrix of FPKM values (fragments per
kilobase of transcript per million mapped reads) (http://permalinks.stjude.cloud/permalinks/all-
pharmacotype; accessed February 2026). The bulk RNA-seq data was processed using
edgeR (v3.42.4) (Robinson et al., 2010), including log-transformation to logFPKM, and the
ZBTB16-derived gene module was scored using singscore (v1.20) (Foroutan et al., 2018).

2.13 Differential expression analysis to identify cell surface targets of T -ALL

Cell surface targets against T-ALL blasts were obtained by pseudobulk differential expression
analysis comparing T-ALL blasts against normal T cells in my scRNA-seq data. Pseudobulk
analysis was performed by aggregating all leukaemia blasts and all normal T cells by patient.
Differential expression analysis was performed using the edgeR package (Robinson et al.,
2010) and differentially expressed genes were identified as those with an adjusted P value
<0.05 after Benjamini-Hochberg correction for multiple hypothesis testing. Differentially

upregulated genes in leukaemia blasts were then subjected to the following filters:

(1) Expressed in >15% of leukaemia blasts

(2) Expressed in <10% of at least 10 subtypes of conventional T cells from a published normal
immune cell atlas (Dominguez Conde et al., 2022)

(3) Annotated as cell surface proteins in Gene Ontology (under GO:0009897) (Ashburner et
al., 2000; The Gene Ontology Consortium et al., 2023)
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Additionally, pseudobulk differential expression analysis was similarly used to identify cell
surface targets against refractory ZBTB16+ T-ALL blasts by comparing ZBTB16+ blasts from
induction failure cases against normal T cells. The resulting list of genes were subjected to

the following filters:

(1) Expressed in >10% of ZBTB16+ leukaemia blasts from induction failure cases

(2) Expressed in <15% of all leukaemia blasts from responsive cases

(3) Expressed in <10% of at least 10 subtypes of conventional T cells from a published normal
immune cell atlas (Dominguez Conde et al., 2022)

(4) Annotated as cell surface proteins in Gene Ontology (under GO:0009897) (Ashburner et
al., 2000; The Gene Ontology Consortium et al., 2023)

2.14 Whole genome sequencing and variant calling

Short-insert (500-bp) genomic libraries were constructed and 150-bp paired-end sequencing
clusters were generated on the NovaSeq 6000 platform using standard PCR library generation
protocol. Sequencing reads were aligned to the GRCh38 Ensembl 103 reference genome
using the Burrows-Wheeler Alignment tool (v0.7.17) (Li and Durbin, 2009).

All classes of somatic variants were called from whole genome sequencing (WGS) using the
extensively validated pipeline of the Wellcome Sanger Institute, built on the following
algorithms: CaVEMan (v1.18.2) (Jones et al., 2016) for single nucleotide variants (SNV),
Pindel (v3.10.0) (Ye et al., 2009) for insertions/deletions, ASCAT (v4.5.0) (Van Loo et al.,
2010) and Battenberg (v3.5.3) (Nik-Zainal et al., 2012) for copy number alterations, and
BRASS (v6.3.4) (Nik-Zainal et al., 2016) and GRIDSS2 (v2.13.1) (Cameron et al., 2021) for
structural variants. Copy number alterations in samples which did not have a matched

germline sample were called using PURPLE (v3.8.4) (Priestley et al., 2019).
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2.15 Alignment and annotation of T cell receptor sequences

TCR gene usage was called using two different methods. In the first method, raw reads from
scTCR-seq were aligned to the Cell Ranger VDJ reference (v7.0.0), using Cell Ranger (v7.0.0)
(Zheng et al., 2017), generating a FASTA file of TCR sequences. The TCR sequences were
then annotated by Dandelion (v0.3.6) (Suo et al., 2024) to give VDJ gene usage calls.

SincescTCR-seq only capt ur e SRATRER TRUSTAr(\W.1.0) (Song et @l.,
2021), was used instead to TRE/TRDYy, ag welllaS Ralidatéither e gi on s
TRA/TRB calls from Dandelion. TRUST4 extracts candidate reads from the scRNA-seq BAM

file, assembles them into TCR sequences and annotates VDJ gene calls.

2.16 Detecting allele specific expression in bulk RNA sequencing

Allele specific expression of genes was detected in bulk RNA-seq using a modified pipeline of
alleleIntegrator (v0.9.1) (Trinh et al., 2022). Heterozygous single nucleotide polymorphisms
(SNPs) were identified from WGS of the remission sample. A pileup was performed at these
loci on bulk RNA-seq, counting the number of reads supporting the reference and alternate
allele, and the B allele frequency (BAF) was calculated. SNPs that significantly deviated from
BAF = 0.5 were identified using a two-sided exact binomial test with Benjamini-Hochberg

multiple hypothesis correction (false discovery rate of 0.01).

2.17 Detecting copy number alterations in single cell RNA sequencing

Detection of copy humber alterations in single leukaemia blast transcriptomes was performed
using alleleintegrator (v0.9.1) (Trinh et al., 2022). Heterozygous SNPs were identified from
WGS of its remission sample. Phasing of heterozygous SNPs across copy number segments
with allelic imbalance was performed, using WGS of the high tumour purity sample at day O.
The number of reads supporting the major/minor allele across each copy number segment
was calculated in each single cell transcriptome. Finally, the posterior probability of each cell
harbouring the altered or normal copy number state for each copy number segment was
calculated. In the case of PO30 where no remission sample is available, heterozygous SNPs
were called from the day 28 sample which had a lower tumour purity, by setting the B allele

frequency (BAF) deviation parameter to 0.3 instead of the 0.1 default value.
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2.18 Reconstructing leukaemia phylogeny from single nucleotide variants

SNVs were called using CaVEMan, as described earlier. For day 28 samples with low tumour

purity, CaVEMan was unable to call somatic SNVs using the default normal contamination

parameter. To overcome this, CaVEMan was run with a new normal contamination parameter,

set by estimating the day 28 tumour purity using SNVs called in the day 0 sample (Table 2.1).

Following the standard post-processing filters of CaVEMan, SNVs were filtered for those with

medi an alignment score of r eads asddgwerthanthalfoffj a mut
reads supporting the variant were clipped (CLPM = 0).

Table 2.1: CaVEMan analysis type and normal contamination parameter.

Patient ID | Timepoint | WGS sample ID | Analysis type Normal contamination
P058 Day 0 PD62354a Matched 0.1 (default for matched)
P0O58 Day 28 PD61982a Matched 0.95

P0O30 Day 0 PD67564a Unmatched 0.0 (default for unmatched)
P0O30 Day 28 PD67564c Unmatched 0.8

In the case of PO30 where no remission sample is available, there was an additional step of
removing germline SNVs by a one-sided exact binomial test. At each SNV locus, the number
of trials was the total read depth, and the number of successes was the variant read count.
The null hypothesis is a binomial distribution with P = 0.5 (chromosomes 1 to 22) or P = 0.95
(chromosomes X and Y as P030 is male), while the one-sided alternative hypothesis is a
distribution with P < 0.5 or P < 0.95, respectively. SNVs with adjusted P value <10'® following
Benjamini-Hochberg correction for multiple hypothesis testing were considered somatic, while
the rest were considered germline and removed. SNVs found in copy number altered regions

were also removed as the exact binomial test is invalid in these cases.

SNVs from day 0 and day 28 samples were merged to form a union catalogue for that patient.
For each locus in this catalogue, pileups were generated across all samples from that patient,
with read filters of mapping quality (mq = 30) and base quality (bqg = 25), to determine the total
read depth and number of variant supporting reads. SNVs with too low or too high read depth

(minimum and maximum cutoff values for each sample in Table 2.2) were removed as these

30



were likely due to sequencing or mapping artefacts. SNVs found within 10 base pairs from
any insertion/deletion called by Pindel (including non-PASS ones) were also removed, as

insertion/deletion mutations could be misinterpreted by variant callers as SNVs.

Table 2.2: Depth filter cutoff values.

Average Minimum Maximum
Patient ID | Timepoint | WGS sample ID coverage depth depth
P0O58 Day 0 PD62354a 107x 20 150
P0O58 Day 28 PD61982a 429x 150 550
P0O30 Day 0 PD67564a 39x 15 60
P0O30 Day 28 PD67564c 218x 100 300

Furthermore, site-specific error rates were calculated by interrogating the same sites in 32
unmatched normal blood samples from a previous study (Coorens et al., 2021), and SNVs
which were indistinguishable from background noise (false-discovery rate of 0.01 following
Benjamini-Hochberg multiple hypothesis correction) were rejected (Gerstung et al., 2014). All
SNVs post-filtering were visually inspected on the IGV genome browser (Robinson et al.,

2011), yielding a final catalogue of high quality variants.

Each SNV has an associated variant allele frequency (VAF), which is the number of reads
supporting the variant divided by the total of reads at that locus, determined from the pileup.
For phylogenetic reconstruction, the cancer cell fraction (CCF) of each SNV, that is the fraction
of cancer cells with the mutation, is calculated below, by considering the VAF, copy number
profile and tumour purity (Tarabichi et al., 2021):

N

no p no j

#H#&6! & o
an

where p is the inferred tumour purity, Nwmtotal IS the integer tumour total copy number, Nnom,total
is the integer normal total copy humber and m is the inferred multiplicity of the mutation.
Tumour purity is a parameter inferred from the CCF distribution, such that the CCF values of
clonal mutations (found in all cancer cells) are centred around 1 (Table 2.3). Multiplicity is an

integer with a default value of 1 and refers to the number of chromosome copies bearing the
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mutation. If an SNV falls within a duplicated region of the genome (either a copy number gain
or a copy-neutral loss of heterozygosity), then there is a possibility that the duplication event
occurred after the SNV event and there will be two copies of the SNV instead of one. In these
cases, multiplicity is inferred from the calculated CCF: if CCF > 1.5, then multiplicity will be set
to a value of 2. Phylogenetic reconstruction of subclones (defined as having CCF < 1) was
performed by clustering SNVs according to their CCF at day 0 and day 28, using DPClust

(Dentro et al., 2017), which models subclones by a Dirichlet Process.

Table 2.3: Tumour purity parameters.

Blast percent from Tumour purity
Patient ID | Timepoint | WGS sample ID flow cytometry parameter
P058 Day O PD62354a 88% 0.84
P0O58 Day 28 PD61982a 9% 0.05
P0O30 Day 0 PD67564a 80% 0.92
P030 Day 28 PD67564c 30% 0.22

2.19 Detecting single nucleotide variants  in single cell RNA sequencing

SNVs are detected in the scRNA-seq BAM files by running the mpileup function in the
SAMtools package (Danecek et al., 2021). This outputs the allelic state for each cellular
barcode and each locus. Thus, each cell can be annotated whether it contains the variant
allele or the reference allele only, or if there is no coverage at all at that locus and for that cell.
In fact, for majority of loci and majority of cells, there will be no coverage on scRNA-seq. This
is because only expressed regions of the genome are covered, and this is further limited to
the 56 end of transcripts due to t Tislimdtdiehnisenci ng
partially overcome by aggregating coverage across SNVs assigned to the same cancer

subclone.
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Chapter 3: A single cell transcriptome atlas of  T-ALL

3.1 Introduction

Acute lymphoblastic leukaemia (ALL) occurs when there is rapid uncontrolled proliferation of
malignant lymphocyte progenitors (lymphoblasts or simply blasts), and presents as either B
cell lineage (B-ALL) or T cell lineage (T-ALL). T-ALL can be further characterised and
classified by its protein marker expression on flow cytometry (immunophenotype), by its
mutation status of key leukaemia genes (genomic subtype), or by its expression of gene

transcripts (transcriptomic subtype).

Flow cytometry profiling is often used to compare T-ALL lymphoblasts to stages of T cell
development and has identified the early T cell precursor (ETP) phenotype (Coustan-Smith et
al., 2009), which has been recognised as distinct clinical entity since the 2017 World Health
Organization (WHO) classification (Arber et al.,, 2016). Although flow cytometry provides
readouts at single cell resolution, it is limited to a set of around 20-30 markers which must be

defined beforehand and have available antibodies.

In contrast, transcriptome sequencing allows one to quantify in an unbiased manner the
expression levels of >20,000 genes in the human genome. When combined with genome
sequencing, this has provided detailed classification landscapes of T-ALL subtypes, relating
genetic mutations to gene expression phenotypes (Brady et al., 2022; Liu et al., 2017;
O6Connor et al ., 20 2Bowev&°majérity efnransctiptome and gendpre2 4 )
sequencing studies are performed at the bulk level, where signals are aggregated across
leukaemia cells and often contaminated by signals from admixed normal cells (typically non-

malignant haematopoietic cells in bone marrow or blood sample).

Single cell RNA sequencing (scRNA-seq) combines the single cell readout advantage of flow
cytometry with the unbiased whole transcriptome coverage of bulk RNA sequencing. The
greatly enriched gene expression signals from leukaemia blasts can be used to define
leukaemia cell states and compare in an unbiased, whole transcriptome fashion to cell types
in previously published single cell atlases. Through this approach, the clinically aggressive
KMT2A-rearrange infant ALL was found to resemble early lymphoid progenitors, unlike other
less aggressive infant ALL subtypes (Khabirova et al., 2022). Moreover, scRNA-seq revealed
heterogenous leukaemia cell populations in KMT2A-rearranged ALL, including a highly

immature leukaemia cell state associated with poorer prognosis (Chen et al., 2022).
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One could also profile the composition of normal cells in the leukaemia microenvironment
using scRNA-seq. For instance, sScCRNA-seq found evidence of exhausted effector T cells in
B-ALL, dispelling the myth that Mahgetak 2021).In6i mmu n @
another scRNA-seq study of B-ALL, leukaemia cells were found to remodel the monocyte
compartment in the bone marrow (Witkowski et al., 2020). Therefore, scRNA-seq opens up

new avenues of analyses with the potential of discovering novel leukaemia biology.

In this chapter, | generated and analysed an scRNA-seq atlas of 84 samples from 55 patients
with T-ALL. | performed detailed annotation of the 378,926 leukaemia blasts and 171,068
normal cells, which add up to a total of 549,994 cells. | revealed interesting insights into the
leukaemia cell states of T-ALL and the normal cell composition in the leukaemia

microenvironment.

3.2 Single cell transcriptome sequencing of an initial cohort of T -ALL

| started by analysing an initial cohort of 21 children with T-ALL (fAdi scovery <cohor
was assembled by Dr David O6Connor from Gr €d&80SH).Qhisnond St
cohort consisted of both children who responded to induction treatment (n = 8) as well as
children with induction failure (n = 13), and represented the typical spectrum of T-ALL genomic
subtypes and ETP status (Table 3.1). Di agnostic bone marrow aspira
collected from all 21 children. Post-induction bone marrow aspirat es (fiday 280) wer e
from 8 children with induction failure. All samples were subjected to combined single cell RNA
sequencing (scRNA-seq) and single cell TCR sequencing (scTCR-seq). Enrichment for blasts

was not performed to avoid biases associated with cell selection.

Following standard quality control and processing steps of scRNA-seq data with the Scanpy
package (Wolf et al., 2018), as described earlier in my methods chapter, | obtained 216,507
high quality cells in total (Figure 3.1 A-B). The number of high quality cells per scRNA-seq
sample ranged from 459 cells to 16,753 cells, with 27 out of 29 samples having at least 1,000
high quality cells. These cells were then clustered on a uniform manifold and projection
(UMAP) and annotated based on the expression of known marker genes (Figure 3.2A -C).
Importantly, leukaemia blasts were distinguished from normal haematopoietic cells. The
percentages of blasts within each scRNA-seq sample were broadly consistent with values
obtained by clinical flow cytometry (Figure 3. 2B).
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Table 3.1: Clinical metadata and sample availability of discovery cohort.

Age at ETP Genomic Induction Timepoints with
ID Sex | diagnosis status subtype response scRNA -seq data
P0O16 | M 11-15years | nonETP | TAL1 IF DO, D28
PO18 | F 1-5 years nonETP | MYC-TRA IF DO, D28
PO19 | F 11-15years | ETP HOXA IF DO
P021 F 11-15years | ETP T-other IF DO, D28
P022 M 11-15years | nonETP TAL1 IF DO
P026 M 6-10 years ETP MED12 IF DO
P028 | F 11-15years | nonETP | KMT2A IF DO, D28
P029 | M 6-10 years nonETP | TAL1 IF DO, D28
PO30 | M 1-5 years nonETP | TAL1 IF DO, D28
P0O58 | M 11-15years | nonETP | TAL1 IF DO, D28
P069 M 11-15years | nonETP T-other Responsive | DO
PO71 F 6-10 years nonETP TLX3 Responsive | DO
P0O72 M >15 years nonETP TAL1 Responsive | DO
P0O73 M 6-10 years nonETP TAL1 Responsive | DO
P074 M 1-5 years nonETP TLX1 Responsive | DO
P0O76 M 1-5 years nonETP NUP98 Responsive | DO
P0O80 | M 11-15years | nonETP | MED12 IF DO
P084 M 11-15years | nonETP MLLT10 IF DO, D28
P086 F 1-5 years ETP KMT2A IF DO
P108 M 1-5 years nonETP T-other Responsive | DO
P112 F 6-10 years nonETP T-other Responsive | DO

ETP, early T cell precursor; IF, induction failure.
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Figure 3.1: Quality control of discovery cohort scRNA-seq.

(A) Bar plots showing percentage of cells for each scRNA-seq sample that passed each filter.
Cell quality filters include: genes filter (top panel, keep cells with >300 expressed genes),
counts filter (second panel, keep cells with >1000 total RNA counts) and mitochondria filter
(third panel, keep cells with <15% of RNA counts mapping to mitochondrial genes).
Additionally, cells called as doublets by Scrublet were discarded (fourth panel). Only cells

which passed all four of these filters were kept (bottom panel).

(B) Bar plot showing the number of cells for each scRNA-seq sample that passed all filters,

faceted by timepoint.
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Figure 3.2A -B
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Figure 3.2C
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Figure 3 .2: Cell annotation of discovery cohort scRNA -seq.

(A) UMAP of 216,507 cells from the discovery cohort, including 160,327 leukaemia blasts
(coloured) and 56,180 normal cells (grey). Day 0 blasts from individuals who responded to
induction (blue); day 0 blasts from individuals with induction failure (orange); day 28 blasts

from individuals with induction failure (red).

(B) Bar plots showing number of blasts (top panel) and percentage of blasts (navy bars in
bottom panel) in each scRNA-seq sample compared to values obtained by clinical flow

cytometry (pink dots in bottom panel).

(C) Dot plot showing expression of canonical markers to support cell annotation. Dot size
corresponds to fraction of cells in each group that expresses each gene and colour intensity
indicates mean expression. Leukaemia blasts are split into separate rows for each sample,
defined by patient and timepoint. Total cell numbers for each cell annotation are denoted in

row labels.
NK, natural killer cell; HSC, haematopoietic stem cell; MPP, multipotent progenitor; LMPP,

lymphoid-primed multipotent progenitor; MLP, multi-lymphoid progenitor; GMP, granulocyte-

monocyte progenitor; DC, dendritic cell; pDC, plasmacytoid dendritic cell.
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3.3 Single cell transcriptome sequencing of an extended cohort of T -ALL

Later in my doctoral studies, | analysed an extended cohort of 37 children with T-ALL

(Afextension cohorto). T h e s e GQBel,rsappliednby &1 Eadd e d

06 Co n n dack Baram, Dr Angus Hodder. This cohort included seven individuals who
were refractory to initial induction and one person who died from treatment-related
complications during initial induction (LO74) (Table 3.2). Diagnostic (day 0) samples were
available for 35 out of 37 individuals (missing LO74 and T030). Additional timepoints including
day 7 and day 28 of induction, as well as relapse samples, were sequenced where possible.
Samples were mostly bone marrow aspirate or peripheral blood, except for the diagnostic
pleural fluid of L0O26.

Following quality control and processing of ScCRNA-seq data, | obtained a total of 333,487 high
quality cells from 55 scRNA-seq samples, including two technical replicates which were
performed on the diagnostic peripheral blood sample of L086 (Figure 3. 3A-B). At least 1,000
high quality cells were captured in 54 of the 55 samples, except for the diagnostic sample of
T027, which only had 591 cells. While a large fraction of cells from the day 7 sample of T0O19
was discarded due to low number of expressed genes and high percentage of reads mapping
to mitochondrial genes, the remaining cells were of high enough quality for subsequent
analyses. The diagnostic peripheral blood sample of L028 contained an exceptionally high

number of cells (42,078 cells), but this sample was otherwise deemed acceptable.

As with the discovery cohort, cells from this extension cohort were similarly annotated,
distinguishing leukaemia blasts from normal haematopoietic cells (Figure 3.4A -C). The
percentages of blasts in each scRNA-seq sample were broadly agreeable with values from
clinical flow cytometry (Figure 3. 4B), except for the diagnostic samples T027 and T020, where
the percentages of blasts on scRNA-seq were much lower than expected. In three of the day
28 samples (from L028, TOO7 and T024), no blasts detected in the scRNA-seq data, consistent

with their very low percentages of blasts on clinical flow cytometry (<1%).
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Table 3.2: Clinical metadata and sample availability of extension cohort.

Age at ETP Genomic Induction Timepoints with
ID Sex diagnosis status subtype response SCRNA -seq data
LO26 F 11-15 years nonETP | T-other Responsive DO (pleural fluid)
L028 M 6-10 years nonETP | TLX3 Responsive DO (PB), D28
L029 F 1-5 years nonETP | TAL1 Responsive DO (PB)
LO74 M 6-10 years nonETP | T-other Death D7
LO84 F 6-10 years ETP BCL11B Responsive DO
LO86 M <1years ETP LMO2-STAG2 IF DO (PB)
L088 F <1 years nonETP | MYC-TRA Responsive DO (PB)
L095 M 11-15 years nonETP | T-other Responsive DO
TOO1 M 6-10 years nonETP | T-other Responsive DO
T002 M 6-10 years nonETP | MYC-TRA Responsive DO
TO03 M 6-10 years nonETP | TAL1 Responsive DO
TO04 M 6-10 years nonETP | TAL1 IF DO
TO05 M 6-10 years nonETP | TLX3 Responsive DO
TO06 M 6-10 years nonETP | SET-NUP214 IF DO
TOO7 M 1-5 years nonETP | LMO2-TRA Responsive DO, D7, D28
TO08 M 11-15 years nonETP | TAL1 Responsive DO
TO09 M 1-5 years nonETP | T-other Responsive DO
TO10 M 6-10 years nongETP TAL1 Responsive DO, D7, D28
TO11 M 6-10 years nonETP | TAL1 Responsive DO
TO12 M 1-5 years nonETP | MED12 IF DO
TO13 M 11-15 years nonETP | KMT2A Responsive DO, D7
TO14 F 11-15 years ETP MED12 IF DO, D7, D28, Relapse
TO15 M 6-10 years nonETP | TLX3 Responsive DO
TO16 M 6-10 years nonETP TAL1 Responsive DO, D7, D28
TO1l7 M 11-15 years nonETP | NUP98 Responsive DO
TO18 M 6-10 years nonETP | TLX1 Responsive DO
TO19 M 11-15 years nonETP | HOXA IF Do, D7
T020 M 6-10 years nonETP | TAL1 Responsive DO
T021 M 1-5 years nonETP | TLX3 Responsive DO
T022 M 1-5 years ETP MLLT10 Responsive DO
T023 M 1-5 years nonETP | KMT2A Responsive DO
T024 M 11-15 years nonETP | TAL1 Responsive DO, D7, D28, Relapse
T026 M 1-5 years nonETP | TLX3 Responsive DO
TO27 M 6-10 years nonETP | TAL1 Responsive DO
T028 F 6-10 years nonETP | KMT2A Responsive DO
T029 M 6-10 years nonETP | TAL1 Responsive DO, D7, D28, Relapse
TO30 F 1-5 years nonETP | T-other IF Relapse

ETP, early T cell precursor; IF, induction failure; PB, peripheral blood.
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Figure 3.3
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Figure 3. 3: Quality control of extension cohort scRNA-seq.

(A) Bar plots showing percentage of cells for each scRNA-seq sample that passed each filter.
Cell quality filters include: genes filter (top panel, keep cells with >300 expressed genes),
counts filter (second panel, keep cells with >1000 total RNA counts) and mitochondria filter
(third panel, keep cells with <15% of RNA counts mapping to mitochondrial genes).
Additionally, cells called as doublets by Scrublet were discarded (fourth panel). Only cells

which passed all four of these filters were kept (bottom panel).

(B) Bar plot showing the number of cells for each scRNA-seq sample that passed all filters,
faceted by timepoint. Two scRNA-seq technical replicates were performed on the day 0
sample of L0O86.
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Figure 3. 4A-B
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Figure 3.4C
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Figure 3 .4: Cell annotation of extension cohort scRNA -seq.

(A) UMAP of 333,487 cells from the extension cohort, including 218,599 leukaemia blasts
(coloured) and 114,888 normal cells (grey). Day 0, day 7 and day 28 blasts from individuals
who responded to induction (blue); day 0 and day 7 blasts from individuals with induction
failure (orange); day 28 blasts from individuals with induction failure (red); blasts found at

relapse (purple).

(B) Bar plots showing number of blasts (top panel) and percentage of blasts (navy bars in
bottom panel) in each scRNA-seq sample compared to values obtained by clinical flow
cytometry (pink dots in bottom panel). No blasts were found in three of the day 28 samples
(indicated by asterisk). Two scRNA-seq technical replicates were performed on the day O

sample of LO86.

(C) Dot plot showing expression of canonical markers to support cell annotation. Dot size
corresponds to fraction of cells in each group that expresses each gene and colour intensity
indicates mean expression. Leukaemia blasts are split into separate rows for each sample,
defined by patient and timepoint. Two scRNA-seq technical replicates were performed on the

day 0 sample of L086. Total cell numbers for each cell annotation are denoted in row labels.

NK, natural killer cells; HSC, haematopoietic stem cell; MPP, multipotent progenitor; GMP,

granulocyte-monocyte progenitor; DC, dendritic cell; pDC, plasmacytoid dendritic cell.
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3.4 Comparing T-ALL blasts to stages of T cell differentiation

T-ALL has traditionally been compared to stages of T cell development based on the
expression of specific cell markers (Bene et al., 1995). To obtain an unbiased, quantitative
comparison of T-ALL blasts to a reference cell atlas of T cell development, | used a logistic

regression framework that was previously developed in the group (Young et al., 2018).

I chose a recently published cell atlas of the developing fetal immune system (Suo et al., 2022)
as the reference cell atlas to train a logistic regression model, because of its coverage of the
various T cell developmental stages (Table 3.3). Glial cells from this cell atlas were included
in model training as a non-haematopoietic cell internal control. In addition, Schwann cell
precursors (SCP) from a separate fetal adrenal gland cell atlas were included as an external
control (Kildisiute et al., 2021). Prior to model training, 20% of cells from each cell type were

excluded from training and used for model evaluation (Figure 3. 5A).

Subsequently, | applied the trained logistic regression model to determine for each single cell
leukaemia transcriptome from diagnostic samples, which reference cell type it best matches
to (Figure 3. 5B). T-ALL genomic subtypes which are associated with early differentiation state
(BCL11B, MED12, NUP98, SET-NUP214, KMT2A, MLLT10, HOXA) (Po6lénen et al., 2024)
exhibit stronger cell matching to haematopoietic progenitor cell types such as that of HSC /
MPP or LMPP / MLP, compared to genomic subtypes associated with later differentiation state
(TLX3, TLX3, TAL1). In general, T-ALL blasts most strongly matched to DN thymocytes
(early). Unusually, P018 did not match to DN thymocytes (early) and instead exhibited the
strongest match to Type 3 innate T cells (Th17-like), suggesting that it may possess a distinct
leukaemia cell state from that of typical T-ALL.

Highly similar cell types may confuse the training of a logistic regression model. To avoid this
issue and reduce the number of cell types for model training, | collapsed similar cell types
together (Figure 3. 5C). Applying this new logistic regression model to single cell leukaemia
transcriptomes similarly revealed the early differentiation states of some genomic subtypes,
and the resemblance of P018 to unconventional T cells and innate lymphoid cells (ILC)
(Figure 3.5D). Interestingly, L0O86, which belongs to the LMO2-STAG2 subtype, shows a
distinct matching to MEMP / MEP, but not to other early progenitor stages (HSC / MPP or
LMPP / MLP), reflecting a bias towards the MEMP / MEP lineage (P6lonen et al., 2024).
Overall,  am able to discern broad differences in the transcriptome similarity of T-ALL blasts

to various T cell subsets, although it is difficult to pin down specific differentiation states.
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Table 3.3: Cell labels from a reference cell atlas of T cell development.

Broad cell categories

Descriptive cell label s

Cell label s in original paper

HSC / MPP

HSC_MPP

Unconventional T cells

HSC/MPP MPP (cycling) CYCLING_MPP
LMPP / MLP LMPP / MLP LMPP_MLP
DN thymocytes (early) DN(early)_T
DN thymocytes DN thymocytes (proliferating) DN(P)_T
DN thymocytes (quiescent) DN(Q)_T
DP thymocytes (proliferating) DP(P)_T
DP thymocytes DP thymocytes (quiescent) DP(Q)_T
Immature U BT cells ABT(ENTRY)
CD8+ U BT cells CD8+ T
Conventional T cells CD4+ U BT cells CD4+ T
Regulatory T cells TREG
T cells (cycling) CYCLING_T
CD8U W T cells CD8AA

Type 1 innate T cells (NKT-like)

TYPE_1_INNATE_T

Type 3 innate T cells (Th17-like)

TYPE_3_INNATE_T

NK cells NK

NK cells NK cells (cycling) CYCLING_NK
ILC2 ILC2

ILC ILC3 ILC3
ILC (cycling) CYCLING_ILC

) Pre-pro-B cells PRE_PRO_B
B cell progenitors Pro-B cells PRO_B
, , CMP CMP

Myeloid progenitors GMP GMP
pDC PDC

pDC pDC (cycling) CYCLING_PDC
MEMP MEMP

MEMP / MEP MEP MEP

Glial cells Glial cells GLIAL

SCP SCP SCP

HSC, haematopoietic stem cell; MPP, multipotent progenitor; LMPP, lymphoid-primed
multipotent progenitor; MLP, multi-lymphoid progenitor; DN, double-negative; DP, double-
positive; NK, natural killer; ILC, innate lymphoid cells; CMP, common myeloid progenitor;
GMP, granulocyte-monocyte progenitor; pDC, plasmacytoid dendritic cells; MEMP, mast cell-

megakaryocyte-erythroid progenitor; SCP,

Schwann cell precursor.
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Figure 3. 5A
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Figure 3. 5B
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Figure 3.5C
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Figure 3. 5: Projecting leukaemia blasts onto a fetal immune cell atlas by logistic

regression.

(A) A logistic regression model was trained using cell types from a fetal immune cell atlas
reference. Glial cells here represent an internal negative control cell type from the same fetal
immune cell atlas. Additionally, Schwann cell precursors (SCP) from an independent fetal
adrenal cell atlas were added as an external negative control cell type. Prior to model training,
20% of cells from each cell type were isolated as a testing set from the training set of cells.
This testing set of cells was used to evaluate the predictive accuracy of the logistic regression
model. Heatmap shows the percentage of cells of each cell type from the testing set of cells

(y-axis) which best match to the reference cell types (x-axis) in the logistic regression model.

(B) Heatmap shows the percentage of blasts from each diagnostic sample (y-axis) which best
match to the reference cell types (x-axis) in the logistic regression model. Genomic subtype,

ETP status and induction outcome are indicated on the left margin.

(C) Similar to Figure 3. 5A. However, similar cell types were collapsed (as described in Figure

3.5A) to reduce the number of categories to train the logistic regression model.

(D) Similar to Figure 3. 5B, but using the new cell type labels in Figure 3. 5C.

ETP, early T cell precursor; HSC, haematopoietic stem cell; MPP, multipotent progenitor;
LMPP, lymphoid-primed multipotent progenitor; MLP, multi-lymphoid progenitor; DN, double-
negative; DP, double-positive; NK, natural killer; ILC, innate lymphoid cells; CMP, common
myeloid progenitor; GMP, granulocyte-monocyte progenitor; pDC, plasmacytoid dendritic
cells; MEMP, mast cell-megakaryocyte-erythroid progenitor; MEP, megakaryocyte-erythroid

progenitor; SCP, Schwann cell precursor.

54



3.5 Unified annotation of normal cells from both cohorts of T -ALL

I merged normal cells (i.e. cells which are not leukaemia blasts) from both the discovery and
extension T-ALL cohorts to generate a unified cell annotation of normal cells in T-ALL (Table
3.4 and Figure 3.6A -C). My annotation of normal cells consists of three hierarchical levels,
depicting different levels of granularity. Level 3 cell annotation is the finest resolution level.
Level 2 cell annotation combines similar level 3 cell annotations together, but keeps progenitor
stages (e.g. B_progenitors), mature stages (e.g. B_naive) and activated stages (e.g.
B_memory) separate. Finally, Level 1 cell annotation has the broadest resolution and
considers major branches of the haematopoietic tree. Here, monocytes, macrophages and
dendritic cells (DC) are grouped together (Mono_Mac_DC), but plasmacytoid dendritic cells
(pDC) are kept as a distinct entity (Villani et al., 2017). There was sufficient mixing of normal
cells from the discovery and extension cohorts (Figure 3.6A ). Thus, batch correction in the

cell embedding space was not performed to preserve differences in biological signals.

The major haematopoietic lineages could be identified on a UMAP by plotting the expression
of marker genes (Figure 3.6D): T cells (CD7, CD3D), NK cells (CD7, KLRF1, absence of
CD3D), B cells and plasma cells (CD19), haematopoietic stem and progenitor cells (CD34),
granulocyte-monocyte progenitors (MPO), monocytes (CD68) and erythroid cells (HBA1). Cell
types which have a distinct gene expression profile, but are not sufficiently prevalent to be
clearly seen on a UMAP, were annotated using a dot plot (Figure 3.6 E), such as for
neutrophils (which express LCN2 and LTF). Cell clusters containing doublets could be
identified by their expression of marker genes for two distinct lineages (Figure 3. 6E), such as
CD19 for B cells and HBAL1 for erythroid cells.

T cells express both CD7 and the CD3 genes (CD3G, CD3D, CD3E), whereas NK cells
express CD7 and KLRF1 but not the CD3 genes (Figure 3.7A -E). T cells can be broadly
divided in those which are CD4+ and those which are CD8+. NK cells are classified into CD16+
(FCGR3A) and CD56+ (NCAML1). A subset of CD8+ T cells express effector genes such as
granzymes (GZMB, GZMK), perforin (PRF1) and interferon gamma (IFNG), while other CD8+
T cells exhibit a proliferating phenotype (MKI67) or exhausted phenotype (CTLA4, PCDC1,
LAG3, TOX, HAVCR2, SLAMF6). Notably, GZMB and GZMK expression appear mutually
exclusive, suggesting that there may be different flavours of cytotoxic CD8+ T cells (Li et al.,
2019). A subset of CD4+ T cells are FOXP3+ regulatory T cells. Finally, some T cells are do
not fall under the categories of conventional CD8+ or CD4+ T cells. Instead, these are
unconventional T cells, which express ZBTB16 and KLRB1 ( Al onzo and Sant 6Ange

Fergusson et al., 2011). Within the unconventional T cell population are mucosal associated
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invariant T (MAIT) cells, which express the marker genes TRAV1-2 and SLC4A10 (Dominguez
Conde et al., 2022).

B cells express both CD19 and MS4A1 (CD20) (Figure 3.8A -D). Plasma cells are positive for
CD19, but do not express MS4A1. Instead, plasma cells express a unique set of marker genes
(JCHAIN, SLAMF7, SDC1, TNFRSF17). Memory B cells express TNFRSF13B and CD80.
Both plasma cells and memory B cells express class-switched immunoglobulins (IGHG1,
IGHA1), in addition to non-class-switched immunoglobulins (IGHM, IGHD) seen in naive B
cells. A subset of memory B cells express ITGAX, corresponding to a previously described
age-related B cell that may be involved in autoimmune disease (Dominguez Conde et al.,
2022). The significance of ITGAX+ memory B cells in T-ALL remains unclear. | found stages
of B cell development, including pro-B cells (IGLL1, VPREB1, MME), pre-B cells (SPIB, IL4R,
TCL1A) and immature B cells (MS4Al, CR2, CD22, CD40), consistent with bone marrow

being the site of B lymphopoiesis.

Various myeloid cells, erythroid cells and fibroblasts were found in my data (Figure 3.9A -D).
Haematopoietic stem and progenitor cells (HSPC) are quiescent cells which express CD34
and SPINK2, whereas granulocyte-monocyte progenitors (GMP) are proliferating cells which
express AZU1 and MPO. Neutrophils are a distinct population marked by LCN2 and LTF. The
CD68+ myeloid compartment includes monocytes, macrophages, DCs and pDCs. Monocytes
can be subdivided into classical CD14+ monocytes and nonclassical CD16+ monocytes
(FCGR3A). Macrophages express many overlapping markers with monocytes, but they form
a distinct cluster on the UMAP plot (Figure 3.9A -B) and express additional macrophage-
specific markers (C1QA, CD163, SPP1). DCs mainly express the markers of DC2 (CLEC10A,
CD1C) and weakly express markers of DC1 and other DC subsets (CLEC9A, BATF3,
ANPEP). | was unable to further subdivide the DC cell cluster in my data. The pDCs are a
distinct population which express JCHAIN, LILRA4 and CLECA4C. Megakaryocyte-erythrocyte-
mast cell progenitors (MEMP) and megakaryocyte-erythrocyte progenitors (MEP) are
progenitor cells marked by the expression of GATA2 and GATAL, and give rise to
megakaryocytes (ITGA2B, ITGB3, GP1BA), erythroid lineages (ALAS2, HBA1) and mast cells
(TPSAB2, TPSB2). The erythroid lineage is further subdivided based on proliferation state and
expression of GATA2, GATAL and KLF1. Fibroblasts (COL1A1, PDGFRA) were detected in

small numbers, either from bone marrow samples, or from pleural fluid (patient L0O26 only).
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Table 3.4: Relationship between level 1, 2 and 3 cell annotation labels.

Level 1 cell annotation

Level 2 cell annotation

Level 3 cell annotation

NK_CD16
NK_cells NK_cells
NK_CD56
) T_innate
T_innate .
T_innate_ MAIT
T_CD8_naive T_CDS8
T_CD8_GzZMB
T_cells ) T_CD8_GZMK
T_CD8_activated
T_CD8_MKI67
T_CD8_CTLA4
T_CD4 _naive T CD4
T_CD4_regulatory T_CD4_FOXP3
Pro_B
B_progenitors Pre_B
Immature_B
B_cells
B_naive B_cells
B _mem
B_memory
B_mem_ITGAX

Plasma_cells

Plasma_cells

Plasma_cells

HSPC HSPC HSPC
GMP GMP GMP
Neutrophils Neutrophils Neutrophils
Monocytes_CD14
Monocytes
Monocytes_CD16
Mono_Mac_DC
Macrophages Macrophages
DC DC
pDC pDC pDC
MEMP_MEP MEMP_MEP MEMP_MEP
Mast_cells Mast_cells Mast_cells
Megakaryocytes Megakaryocytes Megakaryocytes
Erythroid_Early
) Erythroid_progenitors Erythroid_Mid_Cycling
Erythroid i i
Erythroid_Late Quiescent
Erythrocytes Erythrocytes
) ) Fibroblasts_BM
Fibroblasts Fibroblasts i
Fibroblasts_Pleural
Doublets T B
Doublets T_B
Doublets_B_T_Leuk
Doublets Doublets_T_Myeloid Doublets_Myeloid_T_Leuk

Doublets_T_Mono

Doublets_T_Mono

Doublets_Mono_T_Leuk
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Doublets T_pDC

Doublets_ pDC_T_Leuk

Doublets_T_Megakaryocytes

Doublets_T_Megakaryocytes

Doublets_T_Erythroid

Doublets_T_Erythroid

Doublets_Erythroid_T_Leuk

Doublets_T_Leuk

Doublets_T_Leuk

Doublets_B_Myeloid

Doublets_B_Myeloid

Doublets B_Erthroid

Doublets_B_Erthroid

HSPC, haematopoietic stem and progenitor cell; GMP, granulocyte-monocyte progenitor; DC,
dendritic cell; pDC, plasmacytoid dendritic cell;, MEMP / MEP, megakaryocyte-erythrocyte-

(mast cell) progenitor.
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Figure 3.6
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Figure 3.6: Overview of normal cells from both T  -ALL cohorts.

(A) UMAP of all normal cells, coloured by whether they are from the discovery or extension

cohorts.

(B) UMAP of all normal cells, coloured by level 1 cell annotation.

(C) UMAP of all normal cells, coloured by level 2 cell annotation.

(D) UMAP showing expression of marker genes: CD7, CD3D, KLRF1, CD19, CD34, MPO,
CD68, HBAL.

(E) Dot plot showing expression of markers gene to support level 2 cell annotation. Dot size
corresponds to fraction of cells in each group that expresses each gene and colour intensity
indicates mean expression. Total cell numbers for each cell annotation are denoted in row

labels.
NK cells, natural killer cells; HSPC, haematopoietic stem and progenitor cell; GMP,

granulocyte-monocyte progenitor; DC, dendritic cell; pDC, plasmacytoid dendritic cell; MEMP

! MEP, megakaryocyte-erythrocyte-(mast cell) progenitor.
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Figure 3.7
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Figure 3.7: T cells and NK cells inthe T -ALL microenvironment.

(A) UMAP of T cells and NK cells, coloured by level 2 cell annotation.

(B) UMAP of T cells and NK cells, coloured by level 3 cell annotation.

(C) UMAP showing expression of marker genes: CD4, CD8A, FCGR3A, NCAM1, GZMB,
GZMK, MKI67, CTLAA4.

(D) Dot plot showing expression of markers gene to support level 3 cell annotation. Dot size
corresponds to fraction of cells in each group that expresses each gene and colour intensity
indicates mean expression. Total cell numbers for each cell annotation are denoted in row

labels.
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Figure 3. 8: B cells and plasma cells inthe T -ALL microenvironment.

(A) UMAP of B cells and plasma cells, coloured by level 2 cell annotation.

(B) UMAP of B cells and plasma cells, coloured by level 3 cell annotation.

(C) UMAP showing expression of marker genes: CD19, MS4Al1, MME, TCL1A, CD27,
TNFRSF13B, ITGAX, IGHG1.

(D) Dot plot showing expression of markers gene to support level 3 cell annotation. Dot size
corresponds to fraction of cells in each group that expresses each gene and colour intensity
indicates mean expression. Total cell numbers for each cell annotation are denoted in row

labels.
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Figure 3.9
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Figure 3. 9: Myeloid cell s, erythroid cells and fibroblasts inthe T -ALL

microenvironment.

(A) UMAP of myeloid cells, erythroid cells and fibroblasts, coloured by level 2 cell annotation.

(B) UMAP of myeloid cells, erythroid cells and fibroblasts, coloured by level 3 cell annotation.

(C) UMAP showing expression of marker genes: MPO, CD68, CD14, FCGR3A, CD34, MKI67,
GATA1L, HBAL.

(D) Dot plot showing expression of markers gene to support level 3 cell annotation. Dot size
corresponds to fraction of cells in each group that expresses each gene and colour intensity
indicates mean expression. Total cell numbers for each cell annotation are denoted in row

labels.
HSPC, haematopoietic stem and progenitor cell; GMP, granulocyte-monocyte progenitor; DC,

dendritic cell; pDC, plasmacytoid dendritic cell; MEMP / MEP, megakaryocyte-erythrocyte-

(mast cell) progenitor.
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3.6 Bone marrow cell composition at the end of induction treatment

The goal of induction treatment is to eliminate leukaemia blasts from the bone marrow in order
to restore normal bone marrow function, in particular haematopoiesis. Hence, it is plausible
that failure to eliminate blasts at the end of induction (day 28) may negatively impact normal
bone marrow function and manifest in changes to the bone marrow cell composition. To this
end, | analysed the cell composition in 15 samples of day 28 T-ALL bone marrow (6 responsive
and 9 induction failure cases). Cell composition was calculated for each normal cell type as a
percentage of the total number of normal cells (excluding leukaemia blasts and doublets). All
samples had at least 2,000 normal cells and there was no difference in the total number of

normal cells between induction failure and those who were responsive (Figure 3.10A ).

Cell proportions of normal cells in the bone marrow at the end of induction treatment were
analysed across all three levels of cell annotations. Significance testing for differences in cell
proportion was performed using the speckle::propeller() function (Phipson et al., 2022). When
day 28 samples of induction failure patients were compared to day 28 samples of responsive
ones, | found that only memory B cells were significantly depleted and only erythrocytes were
significantly enriched. The change in erythrocyte population is unlikely to be biologically
meaningful as it is dependent on the red cell depletion step that is performed prior to single
cell droplet preparation. In contrast, depletion of memory B cells in induction failure bone
marrows may suggest attenuated antibody-mediated immunity in this group of patients. The
presence of residual leukaemia blasts may have altered the bone marrow niche for memory

B cells, resulting in their depletion.

To rule out the possibility that differences in memory B cell abundance was due to improper
annotation of memory B cells in my data, | investigated the differences in marker gene
expression of my annotation of memory B cells and naive B cells (Figure 3.11A -C). Memory
B cells specifically expressed TNFRSF13B, CD27, CD80 and CD86, whereas naive B cells
specifically expressed TCL1A and IL4AR. Memory B cells expressed class-switched
immunoglobulin genes (IGHG1, IGHG2, IGHAL, IGHA2), which were absent in naive B cells.
Memory B cells also had lower expression of non-class-switched immunoglobulin genes
(IGHM, IGHD) compared to naive B cells. These results support the proper annotation of

memory B cells and naive B cells in my data.
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Figure 3.10A -C
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Figure 3.10D -E
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Figure 3.10F -G
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Figure 3. 10: Cell proportions of normal cells in the bone marrow after induction

treatment.

(A) Number of normal cells in scRNA-seq of the bone marrow of each patient after induction

treatment. Horizontal black bars indicate median values.

(B,D,F) Cell proportions of each normal cell type in the day 28 bone marrow of responsive and
induction failure patients. Horizontal black bars indicate median values. Cell types where there
are significant differences in cell proportions are marked by asterisks (*). Level 1 (B), level 2

(D) and level 3 (F) cell annotation.

(C,E,G) Significant differences in cell proportions were identified with the speckle::propeller()
function, which outputs fold changes and P values adjusted for multiple hypothesis testing by
Benjamini-Hochberg correction. Dashed line indicates the 0.05 false discovery rate cutoff.
Coloured bars indicate significant changes in cell proportions when induction failure patients
are compared to responsive patients: increased (red) and decreased (blue) in induction failure.

Level 1 (C), level 2 (E) and level 3 (G) cell annotation.
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Figure 3.11
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Figure 3. 11: Cell annotation of memory B cells.

(A) Volcano plot showing marker genes which distinguish memory B cells from naive B cells
(level 2 cell annotation), derived with the scanpy.tl.rank_genes_groups() function. P values
were adjusted for multiple hypothesis testing by Benjamini-Hochberg correction and cut off at
10" 150 Jower limit for plotting. Significantly upregulated genes (in red, adjusted P value < 10'3
and log2 fold change > 1) and downregulated genes (in blue, adjusted P value < 10'2 and log2

fold change <1 1) are highlighted in colour.

(B) UMAP showing expression of marker genes of memory B cells: TNFRSF13B, CD27,
CD80, CD86, IGHG1, IGHG2, IGHAL, IGHA2.

(C) UMAP showing expression of marker genes of naive B cells: TCL1A, IL4R, IGHM, IGHD.
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3.7 Discussion

In this chapter, | generated and analysed a single cell transcriptome atlas of T-ALL, comprising
84 samples from 55 individuals, combined from two sequencing cohorts. | performed detailed
cell annotation on almost 550,000 high quality cells, which includes around 380,000 leukaemia
blasts and 170,000 normal cells. This represents a rich dataset that will further our
understanding of T-ALL biology in ways not previously attainable by flow cytometry or bulk

sequencing.

By comparing transcriptomes of T-ALL blasts to stages of hormal T cell development, | found
that T-ALL blasts most strongly resembled DN thymocytes, which are found in the thymus.
However, T-ALL blasts with the ETP immunophenotype, or of a genomic subtype that is
associated with early differentiation state, exhibit signals of haematopoietic and lymphoid
progenitors in the bone marrow, which have not yet migrated to the thymus. It is currently not
known whether T-ALL arises from progenitors cells in the thymus or bone marrow.
Transcriptomic similarity of T-ALL blasts to thymic and bone marrow progenitors suggests that
both could be cellular sources of T cell leukaemia. However, transcriptomic similarity is not
definitive evidence of cell of origin, as cancer cells, particularly paediatric cancers, can
undergo de-differentiation to an earlier cell state (Kildisiute et al., 2024). Finally, for one
individual, P018, their blasts exhibited features of innate lymphoid cells as opposed to

thymocyte stages, suggesting a departure from conventional T cell lineages.

Non-malignant cells (i.e. normal cells) make up around one-third of cells in my single cell atlas
of T-ALL. | annotated T cells, B cells, myeloid lineages and erythroid lineages to a high degree
of granularity. Potentially interesting cells which | identified include: various effector and
exhausted T cell states, ZBTB16+ unconventional T cells and MAIT cells, memory B cells and
ITGAX+ memory B cells, and differentiation stages of myeloid and erythroid development. It
is possible that T cells and B cells of the adaptive immune system may have responded to
antigens from T-ALL blasts. Evidence of clonally expanded T cells and B cells, from
sequencing of their antigen receptors, will be consistent with an adaptive immune response,
although these clonally expanded T cells and B cells could already have existed prior to

leukaemia occurrence.

The presence of significant residual blasts after induction treatment (i.e. induction failure) may
have an effect on the composition of normal cells in the bone marrow. | found that memory B
cells are relatively depleted in day 28 bone marrow of induction failure patients compared to

day 28 bone marrow of responsive patients. It is possible that residual blasts in the bone
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marrow may alter the niche for memory B cells, resulting in their relative depletion.
Examination of other T-ALL scRNA-seq datasets which contain day 28 samples, or flow
cytometry for memory B cells in day 28 bone marrow samples of an independent T-ALL cohort,

may validate this finding.

While | focused in this chapter on defining the landscape of T-ALL blasts from single cell
transcriptome sequencing, clinically relevant insights are more likely to arise from interrogating
residual blasts after treatment, for these represent refractory blasts by definition. Comparing
blasts at the end of induction to diagnostic blasts may yield insights into the transcriptomic
features of refractory T-ALL, which | present in Chapter 4 . Finally, refractory blasts may have
evolved from diagnostic blasts by acquiring resistance mutations, or they may represent a
distinct independent lineage that is intrinsically resistant. | present in Chapter 5 phylogenetic

analysis of T-ALL blasts to reconcile between these two competing hypotheses.
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Chapter 4: Transcriptomic features of refractory T -ALL

4.1 Introduction

T-ALL is a more aggressive disease, with higher rates of induction failure, relapse and death
compared to B-ALL (Goldberg et al., 2003). Furthermore, unlike in B-ALL, there are currently

no clinical, phenotypic or genetic features that can be reliably used to risk stratify children with

T-ALL at the point of diagnosis. Although various markers have previously been proposed,
including specific genetic mutations or immunophenotype categories, none have proven to be
sufficiently robust for use in current clinical practice (Conter et al., 2016; Coustan-Smith et al.,

2009; Jenkinson et al., 2013; Petit et al., 2018; Seki et al., 2017; Taj et al., 2022). The earliest

reliable indicator of high-risk T-ALL is induction failure, defined as the presence of O5 %
leukaemia cells (blasts) in the bone marrow after four weeks of induction treatment( O6 Connor
et al., 2017). Induction failure occurs in about 10% of T-ALL cases, but account for around

half of mortality cases at 5 years, making refractory disease an important cause of T-ALL

death( Raetz et al ., 2023; Teachey and O6Connor, 20

Large scale genomic studies have provided substantial insights into the genetic and
phenotypic basis of T-ALL( Br ady et al ., 2022; Li u etMostl ., 20
recently, combined genomic and transcriptomic profiling of >1,300 children from the COG
AALLO0434 cohort, the largest T-ALL sequencing cohort to date, has defined 15 subtypes of
T-ALL (Pdlonen et al., 2024). However, beyond providing detailed genomic classification, the
nature and cause of refractory T-ALL have eluded these studies. In parallel, the early T cell
precursor (ETP) immunophenotype emerged as a distinct T-ALL subtype with poor prognosis
(Coustan-Smith et al.,, 2009). However, data from modern trials showed no significant
difference in survival outcome for ETP T-ALL (Patrick et al., 2014; Wood et al., 2023). It is
possible that refractory T-ALL is driven by a cancer cell state independent of genetic mutation
and not defined by previously known immunophenotypic markers. Single cell transcriptome
sequencing provides unbiased, quantitative, molecular readouts at the resolution of individual
cells, which may allow for the definition of cancer cell states with higher precision than bulk
transcriptome sequencing. Accordingly, | set out to apply single cell transcriptome sequencing

to investigate if a specific cell state may account for refractory T-ALL.
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4.2 Discovery of ZBTB16 as a marker of refractory T -ALL

| analysed a discovery cohort of 21 T-ALL patients (Figure 4.1A ), which | described earlier in
Chapter 3. From single cell RNA sequencing (scRNA-seq) of this cohort, | obtained 216,507
high quality cells in total, comprising 160,327 leukaemia blasts and 56,180 normal cells. Upon
close examination of a Uniform Manifold and Projection (UMAP) plot of these cells (Figure
4.1B), | observed that although day 0 and day 28 blasts of each patient tended to cluster next
to each other, in two patients, P058 and P030, their day 28 blasts clustered away from their
respective day 0 blasts and instead co-located next to each other. These observations suggest
that for PO58 and P030, there may be a major shift in transcriptomic state of their blasts
between diagnosis and post-induction timepoints. Moreover, their co-localisation suggests
transcriptomic similarity between day 28 blasts from these two patients. The unique clustering

of blasts from P058 and P030 prompted further investigation.

The transcriptomic features of day 28 blasts from P058 and P0O30 were investigated through
two approaches. For the first approach, | looked for genes which were upregulated in the day
28 blasts for each of the two patients compared to their respective day 0 blasts, by using the
scanpy.tl.rank_genes_group() function (Wolf et al., 2018), which performs a Wilcoxon rank-
sum test (Figure 4.2A). Remarkably, | found that the most upregulated gene in day 28 blasts
from P058 was ZBTB16, a transcription factor that is expressed in and required for
development of unconventional T cells ( Al onzo and San KRB gnetheo ,
marker of unconventional T cells (Fergusson et al., 2011), was also upregulated in day 28
blasts of PO58. In contrast, DNTT, which is involved in development of conventional T cells,
appeared upregulated in day 0 blasts of P058. In the case of PO30, ZBTB16 appears to be
only slightly enriched in day 28 blasts compared to day O blasts.

Plotting ZBTB16 expression on a UMAP of leukaemia blasts from P058 (Figure 4.2B)
revealed a sharp contrast between its high expression in day 28 blasts compared to its near-
complete absence in day 0 blasts, except for a small cluster of ZBTB16+ cells which constitute
1% of the day O blasts. A similar plot for PO30 showed most day 0 and day 28 blasts being
ZBTB16+, with slightly higher expression level at day 28.

For the second approach, genes upregulated in day 28 blasts for each of the two patients
compared to all other blasts were obtained using the scanpy.tl.rank_genes_group() function
(Figure 4.2C). Intersecting the top 100 upregulated genes of day 28 blasts from P058 and
P030 yielded 8 genes, among which ZBTB16 showed the highest log-fold increase. Overall,
both analyses suggest that ZBTB16 is associated with the day 28 blasts of P0O58 and P030.
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4.3 ZBTB16 expression in blasts is associated with refractory T -ALL

Next, | interrogated ZBTB16 expression across leukaemia blasts in sScRNA-seq samples from
the discovery cohort of 21 T-ALL patients (Figure 4.2D). Expression was considered by
measuring ZBTB16 mRNA transcript level in individual blasts, or the fraction of blasts which
express ZBTB16 mRNA transcripts. Furthermore, to probe the possibility of heterogeneous
clusters of cancer cells, Leiden clustering was performed on blasts within each scRNA-seq
sample and the median mRNA transcript level in each cluster of blasts was calculated.
ZBTB16 expression was largely absent in blasts derived from day O samples of patients who
responded to induction chemotherapy. In contrast, ZBTB16+ blasts and clusters of blasts were
found in more than half of day 0 and day 28 samples of patients with induction failure. Notably,
a cluster of blasts which was positive for ZBTB16 was found in the day 0 sample of P058, that

was otherwise mostly negative.

Day 28 blasts in patients with induction failure represent refractory blasts, as they were not
killed by induction chemotherapy. Four patients with induction failure had a high proportion of
ZBTB16+ blasts at both day 0 and day 28 (P030, P018, P021 and P029) (Figure 4.2E-F),
consistent with ZBTB16 expression being associated with a refractory phenotype. The
percentage of ZBTB16+ blasts increased dramatically from 0.67% of blasts at day 0 to 97.6%
at day 28 in P058, suggesting a possible ftlonal sweepo by ZBTB16+ blasts, which | will
elaborate further in Chapter 5. Two patients (P016 and P028) had low fractions of ZBTB16+
blasts at both timepoints, and in one patient (P084) it decreased following induction. When
examining ZBTB16 mRNA transcript level in only the ZBTB16+ blasts from these eight
induction failure patients across both timepoints (Figure 4.2F), ZBTB16 levels were found to

consistently increase from day 0 to day 28.

These results suggest that ZBTB16 expression in leukaemia blasts is associated with

refractory T-ALL and that measuring ZBTB16 in blasts could potentially be a strategy for risk

stratification in the clinic. A pilot study

Ormond Street Hospital (GOSH) demonstrated the feasibility of flow cytometry with

intracellular staining for measuring ZBTB16 protein levels in blasts (Figure 4.2G).
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Figure 4.1
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Figure 4.1: Overview of discovery cohort  scRNA-seq.

(A) Heatmap indicating sequencing data generated for each patient from the discovery cohort

and their clinical information (induction outcome, ETP status, genomic subtype).

(B) UMAP of 216,507 cells from the discovery cohort, including 160,327 leukaemia blasts
(coloured) and 56,180 normal cells (grey). Day O blasts from patients who responded to
induction treatment (blue); day 0 blasts from patients with induction failure (orange); day 28
refractory blasts from patients with induction failure (red). Circles and arrows highlight that day
28 blasts from patients PO30 and P058 clustered separately from their respective day 0 blasts
on the UMAP.

ScRNA, single cell RNA sequencing; WGS, whole genome sequencing; ETP, early T cell

precursor.
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Figure 4.2: Discovery of ZBTB16 as a marker of refractory T -ALL.

(A) Identification of genes which are enriched in day 28 blasts compared to day 0 blasts (and
vice versa) for patients P0O58 and PO030, using the scanpy.tl.rank _genes_group(), which
calculates an enrichment Z-score. Genes with positive scores have higher expression in day
28 blasts, whereas those with negative scores have higher expression in day 0 blasts. Notably,
for patient P058, ZBTB16 had the highest enrichment score out of >30,000 genes in day 28
blasts compared to day O blasts.

(B) UMAP showing ZBTB16 expression in day 0 and day 28 samples of P058 and P030.

Arrowhead indicates a small cluster of ZBTB16+ blasts in the day 0 sample of P058.

(C) The top 100 upregulated genes of the day 28 blasts of P058 and P030 compared to blasts
all other samples were identified using the scanpy.tl.rank_genes_group() function from the
Scanpy package. Overlapping these two sets of top 100 genes yielded 8 genes, of which
ZBTB16 had the highest log-fold increase.

(D) ZBTB16 expression in blasts across all samples in the discovery cohort. Top: Median
ZBTB16 expression of each cluster of blasts within each sample; size of circle indicates cluster
size; arrowheads indicate small clusters of day O blasts from P058 expressing ZBTB16.
Middle: Box plot of ZBTB16 expression at single cell resolution. Box plots show the first and
third quartiles (boxes), as well as median values (central lines). Whiskers extend to the most
extreme values within 1.5 times the interquartile range above and below the boxes. Bottom:

Fraction of blasts expressing ZBTB16.

(E) Line plot showing change in ZBTB16+ blast fraction between day 28 and day 0 samples

of the same patient.
(F) ZBTB16 expression in blasts from induction failure patients with paired day O (orange) and
day 28 samples (red). Left: Fraction of blasts expressing ZBTB16. Right: Median ZBTB16

expression in ZBTB16+ blasts.

(G) Flow cytometry measurement of ZBTB16 in blasts from diagnostic samples of responsive
patient P108 and induction failure patient P018.
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4.4 Validation of ZBTB16 signal in bulk transcriptomes  of T-ALL

Single cell transcriptomes from 21 patients suggest that ZBTB16 expression in blasts is
associated with refractory T-ALL. To validate these findings in larger cohorts, | looked towards
bulk transcriptomes. In addition to measuring ZBTB16 mRNA transcript levels, | also scored
bulk transcriptomes using a 29-gene module which represents the ZBTB16+ refractory T-ALL

phenotype. This gene module was derived by Dr Holly Whitfield.

First, | evaluated the validity of the gene module in single cell and bulk transcriptomes of the
discovery cohort. The 29 individual genes in this gene module were strongly expressed only
in ZBTB16+ blasts from induction failure patients in the single cell transcriptome data (Figure
4.3A). Bulk transcriptome sequencing was performed on diagnostic samples for 19 out of 21
patients in the discovery cohort (not available for PO73 and P069). Scoring using the gene
module, but excluding ZBTB16 itself, showed a correlation with ZBTB16 mRNA transcript
levels in these bulk transcriptomes (Figure 4.3B), indicating the validity of the gene module.
Furthermore, diagnostic samples which had high ZBTB16 expression in single cell
transcriptome sequencing could also be identified in bulk transcriptome sequencing data,
using either ZBTB16 levels alone or the module score (Figure 4.3C). These results provide
evidence that both ZBTB16 mRNA transcript levels and the module score are suitable proxy

measures to quantify the amount of ZBTB16+ blasts in bulk transcriptomes.

Next, | looked at diagnostic bulk transcriptomes from a cohort of 52 patients with T-ALL
provided by colleagues at the Princess Maxima Center in The Netherlands. Diagnostic
samples from patients with induction failure (day 28 MRD 2 5%) showed significantly higher
ZBTB16 mRNA transcript levels as well as module score, compared to the responsive group
(Figure 4.3D).

Finally, | examined 1,335 diagnostic bulk transcriptomes fromthe Chi | dr endés Oncol ogy
(COG) AALLO0434 trial, which represents the largest sequencing cohort to date (P6lénen et
al., 2024). | restricted my analysis to 1,175 samples with >60% blast content and for which
induction outcome was known. As expected, induction failure patients had significantly higher
ZBTB16 mRNA transcript levels and module scores (Figure 4.3E). Among the responsive
patients, higher ZBTB16 levels and higher module scores in diagnostic bulk transcriptomes

were associated with elevated residual disease at the end of induction.
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4.5 ZBTB16 expression is associated with poor survival in T-ALL

Given that induction failure is predictive of worse survival in T-ALL( O6 Connor el
sought to investigate the relationship between the presence of ZBTB16+ blasts and survival
outcome in the COG AALL0434 cohort data (P6lénen et al., 2024). Patients with high ZBTB16
MRNA transcript level or high module score were found to have worse overall survival and

event free survival (Figure 4.4A).

The ETP immunophenotype has initially emerged as a predictor of high-risk T-ALL (Coustan-
Smith et al., 2009). However, subsequent studies using modern chemotherapy protocols
showed no significant difference in survival (Patrick et al.,, 2014; Wood et al., 2023).
Multivariate analysis by Cox proportional hazards modelling of ZBTB16 expression with ETP
status revealed that ZBTB16 has a statistically significant effect on survival in the COG
AALLO0434 cohort data, unlike ETP status (Figure 4.4B-C). This was regardless of whether
ZBTB16 was considered as a categorical variable or continuous variable, and regardless of

whether the near-ETP immunophenotype was included in the analysis.

During the course of my PhD, bone marrow progenitor-like (BMP-like) blasts have been
proposed by another group as a high-risk T-ALL blast subtype, independent of ETP
immunophenotype (Xu et al., 2024). Multivariate analysis by Cox proportional hazards
demonstrated that our ZBTB16 gene module has a superior predictive ability on survival in the
COG AALL0434 cohort data, compared to any of the BMP-like gene signatures proposed by
the authors (Figure 4.4D). Overall, analysis of T-ALL bulk transcriptomes from the COG
AALLO0434 cohort provided evidence that the presence of ZBTB16+ blasts at diagnosis not

only portends induction failure, but more importantly is predictive of poorer survival.

84

a l



Figure 4.3
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Figure 4.3: Validation of ZBTB16 signal in bulk transcriptomes .

(A) A 29-gene module for the refractory ZBTB16+ leukaemia cell state was derived using a
pseudobulk differential gene expression analysis approach. The expression of individual
genes in this gene module is plotted as a heatmap for ZBTB16+ and ZBTB161 blasts, taken
from day 0 samples of responsive patients (blue), from day 0 samples of induction failure
patients (orange), and from day 28 samples of induction failure patients (red). Min-max scaling

was performed across each row on the heatmap.

(B) Scatter plot showing the correlation between ZBTB16 expression and our ZBTB16 module
score (without the ZBTB16 gene itself) in bulk transcriptomes of our discovery cohort. Dots
were coloured by whether a sample was from a responsive patient (blue) or a patient with
induction failure that was identified as ZBTB16 low (yellow) or ZBTB16 high (orange) based
on Figure 4.2D.

(C) Box plots showing ZBTB16 expression and module score in bulk transcriptomes of our
discovery cohort, grouped by whether a sample was from a responsive patient (blue) or a
patient with induction failure that was identified as ZBTB16 low (yellow) or ZBTB16 high
(orange) based on Figure 4.2D.

(D) Box plots showing ZBTB16 expression and module score in bulk transcriptomes of an

unpublished Princess Maxima Center cohort, plotted against day 28 MRD.

(E) Box plots showing ZBTB16 expression and module score in bulk transcriptomes of the
published COG AALL0434 study, plotted against day 28 MRD.

Box plots show the first and third quartiles (boxes), as well as median values (central lines).
Whiskers extend to the most extreme values within 1.5 times the interquartile range above
and below the boxes. All box plot P values were calculated by one-sided Wilcoxon rank-sum

test.

MRD, minimal residual disease.
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Figure 4.4
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Figure 4.4: ZBTB16 signal in bulk transcriptomes is predictive of survival in T-ALL.

(A) Overall survival (OS) and event free survival (EFS) in the COG ALL0434 cohort. Data was
stratified into the top and bottom 33% of samples based on either ZBTB16 expression or
module score to test the association of these groups with survival using the Kaplan-Meier

method. Error bands show 95% confidence intervals (Cl 95%).

(B) Cox proportional hazard models were generated to compare ZBTB16 expression against
the immunophenotype-defined ETP status in the published COG AALL0434 study. ZBTB16
was considered as a categorical variable, where the groups were defined as the top and
bottom 33% as in Figure 4.4A, while ETP status was considered either excluding or including
t he AENTePadr g razardpratiosHHR) and 95% confidence intervals (Cl 95%) were
plotted, with statistically significant ones (P < 0.05) in black and non-significant ones in grey.

(C) Cox proportional hazard models were generated to compare ZBTB16 expression as a
continuous variable against the immunophenotype-defined ETP status in the published COG
AALLO0434 study. ETP status was consi dei#Edd®Poeithe
group. Hazard ratios (HR) and 95% confidence intervals (Cl 95%) were plotted, with

statistically significant ones (P < 0.05) in black and non-significant ones in grey.

(D) Cox proportional hazard models were generated to compare the ZBTB16-derived gene
modul e against -t hkevagéenassiggMBRtures in bulk tra
COG AALL0434 study. Hazard ratios (HR) and 95% confidence intervals (Cl 95%) were
plotted, with statistically significant ones (P < 0.05) in black and non-significant ones in grey.
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4.6 ZBTB16 signal in an extended cohort of T  -ALL single cell transcriptomes

To further validate the relationship between ZBTB16 expression and refractory T-ALL, |
analysed scRNA-seq of an extension cohort of 37 unselected T-ALL patients from GOSH
(Figure 4.5A). | obtained a total of 333,487 high quality cells, comprising 218,599 leukaemia
blasts and 114,888 normal cells (Figure 4.5B).

| interrogated ZBTB16 expression across single leukaemia blast transcriptomes from the
validation cohort (Figure 4.6). Out of 29 patients who were responsive to induction treatment,
only 4 of them had ZBTB16+ clusters of blasts at diagnosis. Conversely, of the 6 patients with
induction failure, 4 of them had ZBTB16+ clusters of blasts at diagnosis. In fact, for patient
TO014, ZBTB16+ blast clusters were found at all four timepoints: day 0, day 7, day 28 and at
relapse. Therefore, single leukaemia blast transcriptomes from the extension cohort provide

further support that ZBTB16 expression is associated with refractory disease.
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Figure 4.5

Figure 4.5: Overview of extension cohort sScRNA -seq.

(A) Heatmap indicating sequencing data generated for each patient from the extension cohort

and their clinical information (induction outcome, ETP status, genomic subtype).

(B) UMAP of 333,487 cells from the extension cohort, including 218,599 leukaemia blasts
(coloured) and 114,888 normal cells (grey). Day 0, day 7 and day 28 blasts from patients who
responded to induction treatment (blue); day 0 and day 7 blasts from patients with induction
failure (orange); day 28 refractory blasts from patients with induction failure (red); blasts found

at relapse (purple).

ScRNA, single cell RNA sequencing; WGS, whole genome sequencing; ETP, early T cell

precursor.
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