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Abstract 

The advent of next-generation sequencing (NGS) has allowed researchers to appreciate the 

enormous heterogeneity that exists between cells within a single tumour. This intratumour 

heterogeneity leads to diverse phenotypic outcomes, resulting in functionally distinct 

subpopulations of cancer cells. This functional heterogeneity fuels tumour evolution and 

therapeutic resistance and is thus a major barrier to producing cures in cancer.  

Acute myeloid leukaemia (AML) is an aggressive and heterogeneous malignancy with a high 

relapse rate. The prevailing paradigm to explain relapse in AML posits that genetic heterogeneity 

leads to pre-existing or acquired mutations that render certain cells refractory to therapy, 

resulting in the outgrowth of a resistant clone. Large-scale sequencing studies aimed at 

cataloguing genetic heterogeneity in AML have revealed several important observations. Firstly, 

AML has one of the lowest mutational burdens of any cancer. Secondly, a significant proportion 

of clinical relapse events cannot be attributed to an underlying genetic change. These important 

findings raise the possibility that mutations alone are insufficient to fully explain therapeutic 

resistance in AML. Indeed, we are now beginning to appreciate that both tumour evolution and 

clinical relapse can be driven by non-genetic processes. However, characterising the full extent 

of non-genetic heterogeneity and its relative contribution to both the evolutionary trajectory of 

the disease and therapeutic resistance requires innovative single cell methodologies. 

Single-cell RNA sequencing (scRNA-seq) has been instrumental in revealing the phenotypic 

heterogeneity of rare subpopulations of cells within a complex tumour. However, it is difficult 

to infer clonal relationships from scRNA-seq alone and this has hampered our ability to 

understand how individual malignant cells evolve over time. To overcome some of these 

challenges, we present a lentiviral method of tagging cells with unique heritable barcodes that are 

stably transcribed into RNA molecules in cells and therefore highly detected in microfluidic 

scRNA-seq workflows. This strategy, termed Single-cell Profiling and LINeage TRacking with 

expressed barcodes (SPLINTR), offers the ability to match the gene expression programmes of 

individual cells to their clonal lineage, in order to establish how initial transcriptional differences 

amongst heterogeneous malignant cells can shape thier future clonal behaviour during cancer 

progression. 

We apply our SPLINTR barcoding system to an in vivo model of clonal competition in order to 

determine the early transcriptional signatures that are associated with future clonal dominance in 

AML. We discover that clonal dominance is largely an intrinsic property amongst genetically 
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identical clones. However, we find the deterministic nature of dominance is altered by the 

presence of other distinct competing mutational clones. Furthermore, SPLINTR enabled us to 

retrospectively identify a novel set of differentially expressed genes contained within certain 

clones prior to transplantation, which distinguished them from losing clones and was associated 

with their future dominance during disease progression.  

Finally, we find that resistance occurs to BET inhibitor therapy in the clinic in the absence of a 

clear genetic event. scRNA-seq of paired baseline and relapse AML patient bone marrow samples 

revealed than non-genetic resistance originates from either a population of pre-existing cells that 

phenotypically resemble LSCs, or through transcriptional adaptation as a result of therapeutic 

pressure. We then use SPLINTR coupled with scRNA-seq to interrogate our previously 

published in vitro model of non-genetic resistance to BET bromodomain inhibition. This provided 

further evidence that Lamarckian evolution in the form of gradual transcriptional adaptation 

drives non-genetic resistance. Future work aims to unravel the epigenetic states that mediate 

non-genetic transcriptional adaptation in a broader therapeutic context in AML.   

Collectively, the research presented in this thesis demonstrates the importance of applying novel 

single cell technologies to investigations of cellular diversity in cancer and highlights the 

underappreciated role of non-genetic heterogeneity in driving both disease evolution and 

therapeutic resistance in AML. These studies provide the molecular tools and rationale to further 

define the mechanisms by which non-genetic heterogeneity shapes cellular behaviour in cancer. 
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1.1 Intratumour heterogeneity 

The concept of intratumour heterogeneity, whilst ever evolving, is not a new idea. Early 

microscopy studies in the late 19th century revealed stark morphological differences between cells 

within a single tumour1. Since these early phenotypic observations, vast technological advances 

have allowed researchers to more greatly appreciate the extent and complexity of heterogeneity 

amongst all cancer types2. Heterogeneity exists across many different biological layers, including 

(but by no means limited to) the genome, epigenome and transcriptome. These genetic and non-

genetic nuances can lead to various phenotypic outcomes, resulting in functionally distinct 

subpopulations of cells3. This functional heterogeneity has profound effects on the behavior of 

tumour cells, influencing properties such as metastatic ability, proliferative potential and 

response to therapeutic pressure. Cell-to-cell variability is the driving force that allows tumours 

to evolve and adapt to their changing environment and therefore underlies therapeutic resistance 

and failure. As a consequence, tumour heterogeneity represents one of the biggest barriers in 

overcoming cancer.  

1.2 Origins of heterogeneity 

Heterogeneity is a hallmark of cancer, yet its origins and maintenance have long been a point of 

contention. Historically, there are two prevailing paradigms which attempt to explain how 

cellular diversity arises in tumours; the clonal evolution (stochastic) model and the cancer stem 

cell (deterministic) model4,5. Whilst both are postulated to begin from a single cell of origin, 

these models display some clear differences from one another.  

 Clonal evolution 

The longstanding clonal evolution model, delineated in a seminal 1976 paper by Peter Nowell, 

shares many conceptual parallels with Darwin’s theory of natural selection4. It describes how 

cancer originates from a single transformed cell that acquires additional stochastic genetic changes 

over time, upon which selection and expansion of the fittest clones occurs, driving tumour 

progression and heterogeneity. The model suggests that the cell in which the advantageous event 

occurs will give rise to progeny that possess identical fitness, allowing all cells deriving from this 

clone to thrive and dominate. The evolution of these clones is then further shaped by external 

signals, including the tumour microenvironment, spatial location of the tumour and therapeutic 

pressure. During the process of evolution, individual cells within a clone may stochastically gain 
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additional advantageous mutations, allowing for branched evolution to occur and thus generating 

more heterogeneity4,6.  

A key feature of this model is that the phenotypic output of a clone is a result of the combination 

of genetic changes they and this phenotype is conserved equally amongst all cells within the clone. 

The clonal evolution model argues that cells capable of initiating tumours cannot be enriched for 

based on discernible markers7,8. As a result of stochasticity and lack of hierarchical structure, any 

given cell within this model could theoretically possess the ability to initiate tumours. Since the 

inception of this stochastic model almost 50 years ago, multiple patterns of clonal evolution have 

been identified in many cancer types and it represents an important process in generating 

diversity9–11.  

 Cancer stem cells 

The more contentious cancer stem cell (CSC) model parallels the hierarchical organisation 

observed in many normal tissues, such as the haematopoietic system. Sitting at the apex of this 

hierarchy are highly tumourigenic CSCs, which have the ability to self-renew. Heterogeneity 

arises in this model via asymmetrical cell division, whereby the CSC give rise to a downstream 

population of more differentiated and functionally distinct cells that lack tumour-initiating 

capacity and comprise the bulk of the tumour5,8,12,13. The model suggests that tumour initiating 

capacity is intimately linked to the position of a given cell within the hierarchy, as opposed to the 

clonal evolution model, whereby stochastic changes have the potential to endow any given cell 

with this ability. Due to the structured order within the CSC model, cells that initiate tumours 

supposedly exhibit specific features which allow for them to be fractionated away from the bulk 

of the tumour, in a similar manner to how stem cells residing in healthy tissues can be enriched 

for based on cell surface markers. Many features of the CSC model are intensely debated, 

particularly the cell of origin from which the CSCs arise and the relative frequencies of CSCs 

across different cancer types. Some tumours can be initiated from injection of just a small number 

of cells, which argues against a rare population of tumour initiating CSC for these types of 

cancers14,15. Nevertheless, accumulating experimental evidence over the past the past couple of 

decades has confirmed the presence of CSC in various malignancies, including in leukaemia, 

breast, brain and colon cancer16–19.  
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 Unified model of heterogeneity 

Tumour heterogeneity has been reported to arise through either the clonal evolution or cancer 

stem cell models. However, in isolation, neither are sufficient to fully explain how tumour cell 

diversity arises in cancer. Neither are the two models mutually exclusive processes. It is now 

widely acknowledged that heterogeneity in cancer likely originates from both hierarchical 

structure in combination with classical Darwinian evolution20,21. Both genetic and functional 

analysis has demonstrated that CSCs themselves can undergo clonal evolution through the 

acquisition of new mutations, leading to distinct genetic sub-clones of self-renewing cells22. 

Likewise, it is now appreciated that more differentiated cells can acquire stem-like properties, 

either through the process of dedifferentiation or via the acquisition of a mutation that confers 

stem-like properties23,24. Undoubtedly, the processes that governing the generation of 

heterogeneity in cancer are likely far more complex than just via the simple combination of these 

two models. 

1.3 Acute myeloid leukaemia  

Acute myeloid leukaemia (AML) is one such cancer where substantial experimental evidence has 

indicated that the CSC and clonal evolution models coalesce to generate intratumour 

heterogeneity. The following sections of this literature review will give an overview of AML and 

detail the many molecular layers of heterogeneity that have been observed in the disease. 

AML is an aggressive malignancy of the haematopoietic system which is characterised by the 

accumulation of leukaemic myeloid blasts in the bone marrow that eventually spill over into the 

peripheral blood. Due to a differentiation block, these highly proliferative myeloid precursors 

are arrested in an immature state and can no longer replenish the more mature components of 

the haematopoietic system. This ultimately results in fatal infection, anaemia and haemorrhage 

and medical treatment is required urgently following diagnosis25.  

Extensive research over the past five decades has uncovered that AML is both molecularly and 

clinically heterogeneous. Unfortunately, improvements in treatment strategies have not reflected 

the advances in the understanding of AML biology. As a result, standard chemotherapy in the 

form of cytarabine and anthracycline remains the mainstay of therapy for this malignancy. Whilst 

chemotherapy can have striking short-term effects, up to 80% patients will eventually relapse 

and the 5-year survival rate for AML is just a mere 25%25,26. These clinical observations 

demonstrate that drug resistance remains the greatest challenge to improving patient outcomes. 



 5 

The ability for chemotherapy to achieve remission without a cure exemplifies the importance of 

heterogeneity in therapeutic resistance. Heterogeneity in AML appears in many forms, including 

genetic heterogeneity, epigenetic heterogeneity and cell extrinsic heterogeneity (driven by the 

microenvironment) (Figure 1.1). Understanding the relative contribution of each of these 

variables, how they interact with one another and developing strategies to study this interaction 

is paramount.  

1.4 Genetic heterogeneity in AML 

A gene-centric view of cancer biology has meant that research efforts to unravel the molecular 

features of AML have largely focused on characterising the mutational landscape across hundreds 

of genomes. As a result, we now have a comprehensive catalogue of mutations and structural 

variants associated with the initiation and progression of AML27–29. These large sequencing studies 

revealed that most recurrent mutations fall within a number of functional categories that give 

insight into the pathogenesis of AML. These include mutations in epigenetic modifiers, myeloid 

transcription factors and signalling/kinase pathways30. This important knowledge has helped to 

better classify the disease based on the molecular pathogenesis, which in turn has provided 

invaluable insights into prognosis, and more recently guided patient specific treatment 

regimens29,31–33.  

Based on these large lists of AML-associated mutations, the number of mutational combinations 

that could theoretically occur within a single case is astronomical. However, in reality, highly 

distinct patterns of recurrent mutations exist and these follow specific temporal trajectories. 

Some of the earliest events to occur in the course of AML evolution are mutations targeting 

epigenetic regulators, such as DNTM3A and TET234. These somatic mutations occur in 

haemopoietic stem and progenitor cells (HSPCs) and confer an evolutionary advantage compared 

to their wild-type counterparts, resulting in clonal expansion. These self-renewing clones retain 

the ability to produce the mature components of the blood, meaning their more differentiated 

progeny also contain the relevant genetic aberration. The accumulation of these mutations in the 

haematopoietic system appears to be a phenomenon associated with the normal aging process in 

humans and is termed clonal haematopoiesis of indeterminant potential35. In a small majority of 

patients, AML can evolve from these ancestral clones through the acquisition of secondary 

mutational events, such as NPM1c and CEBPA and tertiary mutational events, including KRAS and 

FLT3-ITD28,29. The resulting leukaemia is comprised of multiple sub-clones that each harbour 
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different combinations of mutations. The presence or absence of specific mutations within a clone 

can dictate both the function of that cell and can significantly impact on prognosis. Moreover, 

there are clear patterns of co-occurring and mutually exclusive mutations, suggesting molecular 

synergy and redundancy in certain pathways36,37. Deciphering these interactions at the 

transcriptional level may indicate why certain combinations of mutations confer poorer outcomes 

than others. 

Genetic clonal diversity represents a significant challenge in both a research and clinical setting. 

Whilst the patterns of co-occurring mutations are well defined, we lack insight into how different 

genotypes interact with each other and the tissue microenvironment, as well as how therapy alters 

the relationships between different sub-clones. Nevertheless, the molecular aetiology of AML 

has been the driving force for the development and implementation of targeted therapies. 

 Therapies targeting specific mutations 

Identification of a high frequency of recurring mutations in AML has led to attempts to eliminate 

clones bearing these specific mutations by developing targeted therapies against them. After 

decades of stagnation in therapeutic options, the FDA recently approved a handful of these highly 

potent inhibitors.  Midostaurin and gilteritinib were approved for patients with FLT3 mutations 

and ivosidenib and enasidenib were approved for patients with IDH1 and IDH2 mutations 

respectivley31–33,38,39. Whilst these drugs have demonstrated clear benefits for patients harbouring 

the relevant mutations, there is still a long road ahead for the use of targeted therapies in AML. 

AML is clonally complex, so targeting individual mutations takes a rather simplistic view and can 

only act to partially control the disease, rather than provide a cure. Thoughtful combinations of 

targeted therapies in combination with other classes of drug are required in order to eliminate all 

of the clones comprising the disease. 

1.5 Non-genetic heterogeneity in AML 

Despite the genetic complexity observed in AML patients, the disease cannot be solely explained 

by mutations alone. In fact, AML has one of the lowest mutational burdens of any cancer studied 

to date and it has been proposed that just 2 somatic mutations are enough to initiate AML28,29,40. 

This finding, coupled with the fact that ~70% of AML genomes harbor mutations in genes 

associated with epigenetic and transcriptional regulation, highlights the importance of non-

genetic factors in the origin and evolution of the disease.  
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 Epigenetic heterogeneity 

Broadly speaking, epigenetics refers to a combination of mechanisms that work in concert to 

regulate gene expression, DNA replication and repair and are not associated with changes to the 

underlying genetic sequence. These mechanisms largely involve biochemical modifications to 

DNA and histones, in addition to alteration of the three-dimensional chromatin landscape. These 

highly conserved modifications are specifically deposited by enzymes that are referred to as 

epigenetic writers, which include histone methyltransferases such as MLL and DNA 

methyltransferases such as DNMT3. The modifications are subsequently interpreted by a class of 

proteins broadly referred to as epigenetic readers, which include proteins such as BRD4, that 

bind acetylated lysines on histones via their bromodomain. Chromatin modifications are highly 

dynamic and and are readily removed by the enzymatic action of a different class of proteins 

referred to as epigenetic erasers, which include the histone deacetylases that remove lysine 

acetylation on histones and the TET family of enzymes that facilitate DNA demethylation41. 

Finally, a family of ATP-dependent enzymes serve as the molecular motors responsible for the 

assembly, positioning and disruption of nucleosomes, which is a fundamental process for 

packaging and organisation of chromatin within the nucleus42,43.  

Epigenetic regulation is essential for normal development. It permits for just a single genome to 

give rise to every cell type in the human body through the tight regulation of tissue-specific gene 

expression patterns. Consequently, it is unsurprising that malignant states in cancer can arise 

from dysregulation of the epigenome. A wealth of evidence has demonstrated that aberrant 

epigenetic regulation takes centre stage in AML. 

Some of the earliest and most comprehensive attempts to study the epigenome in AML involved 

documenting DNA methylation patterns in patient samples. By analysing the DNA methylation 

landscape across hundreds of AML genomes, significant inter-patient heterogeneity was 

observed. Despite this heterogeneity, there were recurring patterns of methylation that allowed 

for the stratification of patients into prognostic groups. Interestingly, some of these prognostic 

groups had no other features in common except for their methylation signature, suggesting a 

functional role for these methylation changes independent of any underlying mutations28,44.  

Certain aberrations in DNA methylation patterning can be attributed to the underlying mutations 

involving regulators of methylation, such as those in DNMT3A, TET2 and IDH1/2 genes. 

Mutations in DNMT3A have been associated with hypomethylation, while mutations in TET2 and 
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IDH1/2 result in DNA hypermethylation44,45. Of interest, TET2 and IDH1/2 mutations appear 

to be almost mutually exclusive, indicating a common biochemical mechanism and similar 

phenotypic outcome46. Collectively, this suggests that the imbalance of DNA methylation in 

either direction is capable of supporting AML transformation.  

Given that so many mutations are located within epigenetic regulators in AML, it is important to 

question how these genetic events interact with the broader epigenetic landscape. This was 

recently experimentally explored using a combination of epigenetic and genomic analyses at serial 

time points over the course of AML evolution in patients. This revealed that the evolution of both 

epigenetic and genetic allele patterning followed distinct trajectories during disease progression. 

Remarkably, the level of epigenetic heterogeneity increased over time, whereas the genetic 

heterogeneity appeared to remain stable. Moreover, the increased epigenetic heterogeneity 

observed in some patients was associated with reduced time to relapse. The authors additionally 

demonstrated that mutations in key epigenetic regulators of DNA methylation did not always 

explain the observed aberrant CpG methylation patterning47. These findings highlight that, in 

addition to somatic mutations, epigenetic heterogeneity is important in the evolutionary 

trajectory of AML.  

Whilst most work into the epigenome in AML has focused largely on characterising the DNA 

methylome, dysregulated modifications of histone proteins and other epigenetic regulators are 

also important for maintaining aberrant transcriptional programmes in AML. Some of the most 

dramatic examples of impaired histone modifications involve frequent chromosomal 

rearrangements that fuse histone “writer” enzymes to a number of other partner genes. One of 

the most commonly studied of these chromosomal rearrangements involves the histone 

methyltransferase, mixed lineage leukaemia 1 (MLL/KMT2A), which has been found fused to over 

80 partner genes in AML and acute lymphoblastic leukaemia (ALL) patients. The chromatin 

targeting portion of MLL is included in these fusions, leading to altered regulation of MLL target 

genes as a result of the newly acquired fusion partner48–50. Large-scale genetic screens have more 

recently identified a number of epigenetic proteins as key non-oncogene dependencies in AML, 

including DOT1L, BRD4, LSD1 and PRMT551–55. A key component to appreciate is that these 

proteins are not frequently mutated or overexpressed in AML but they appear to be required to 

sustain the malignant transcription programmes associated with leukaemic cells.  

Although inter-patient epigenetic heterogeneity is well accepted in AML, it has been hard to 

appreciate the full extent of intratumour epigenetic heterogeneity as a result of population-based 
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measurements of the relevant epigenetic perturbation. Nevertheless, the central role of 

epigenetic dysregulation in AML has garnered significant interest from scientists, clinicians and 

the pharmaceutical industry to develop, characterise and trial small molecule epigenetic drugs to 

counter malignant gene expression programs. 

Targeting the epigenome  

Compared to the static genome, the epigenome is dynamic and can be easily modulated. 

Consequently, the use of drugs that exploit the plasticity of the epigenome hold much promise 

as a strategy to overcome the aberrant chromatin states responsible for maintaining AML. The 

most widespread epigenetic drugs used to treat AML are the hypomethylating agents in the form 

of azacytidine and decitabine. In replicating cells, these nucleoside analogues freely incorporate 

into DNA (and RNA in the case of azacytidine) and covalently bind DNA methyltransferases, 

leading to their subsequent degradation. Hypomethylating agents have been approved in multiple 

countries for use in elderly patients diagnosed with AML and who are not candidates for high 

intensity chemotherapy56–58. Whilst these hypomethylating agents are a welcome therapeutic 

option for this group of patients, their pleiotropic effects have meant that elucidating their 

mechanism of action has proved elusive. Moreover, hypomethylation agents only exhibit a 

modest efficacy in the clinic for AML and have not provided a cure.  

More recently, a surge of small molecule drugs have been developed to more specifically target 

and modulate the activity of some of the epigenetic writers, readers and erasers that are mutated 

or are key dependencies in AML41. Whilst many of these drugs are in late stage clinical trials, 

their efficacy in these trials has not mirrored their preclinical promise. The accumulating clinical 

data suggests epigenetic therapies are not efficacious as single agent therapies, so thoughtful 

combination strategies with other classes of drug holds the key for the future therapeutic 

landscape of AML.  

 Gene expression stochasticity 

Whilst it was once considered that transcription occurred in a deterministic and continuous 

fashion, we now have an appreciation of the inherently stochastic nature of gene expression59. 

Insights from live cell imaging studies visualising transcription in real time have demonstrated 

that RNA polymerase transcribes genes in sporadic, episodic bursts59–61. Transcriptional bursting 

has been observed across many different species and is thought to be a primary source of gene 

expression variation amongst cells 60,62,63.  In addition to bursting, transcriptional variability may 
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also manifest as a result of unequal distribution of cellular contents during division64. These 

sources of transcriptional variability can lead to significant cell-to-cell variations in the level of 

mRNA and/or protein, which can result in phenotypic differences amongst cells derived from 

isogenic backgrounds that have experienced the same environmental expsoures59 (Figure 1.1).  

Whilst the consequences of this noisy transcription on cell behaviour are still poorly understood, 

it undoubtedly has implications for cancer cell plasticity and heterogeneity. This is likely to 

become an important factor in the context of therapeutic pressure, which may select for cells that 

stochastically have higher levels of certain transcripts or proteins that confers a survival 

advantage65.   

 Leukaemia stem cells  

AML was the first malignancy in which the cancer stem cell hypothesis, outlined in section 1.2.2, 

was demonstrated experimentally. In a series of seminal xenotransplantation studies conducted 

in John Dick’s laboratory, it was found that only a small population of cells were capable of 

initiating tumours in mice and these leukaemia stem cells (LSCs) were restricted to the 

CD34+/CD38- immunophenotypic fraction of the tumour16,17. LSCs sit at the apex of a 

differentiation hierarchy and have the capacity to self-renew and give rise to downstream isogenic 

leukemic blasts. They represent an important example of epigenetic heterogeneity because the 

key properties that distinguish LSCs from their functionally distinct progeny are mediated by 

epigenetic differences, rather than as a consequence of a genetic change66,67. The cell of origin of 

LSCs has long been a point of discussion in the field and whilst they are thought to originate from 

primitive haematopoietic stem cells, more committed cells have been showed to dedifferentiate 

and acquire aberrant stem like properties23 (Figure 1.1). 

To add an additional layer of complexity, heterogeneity in AML also extends to the LSC 

compartment. Studies have demonstrated that both immunophenotypically and genetically 

diverse populations of LSC can co-exist within a single case22,68,69. Moreover, cells with LSC 

activity have been found to exist outside of the CD34+CD38- fraction and many additional cell 

surface markers have been associated with LSCs, making it difficult to enrich for a specific 

population69–72. Thus far, experiments that have investigated the molecular features of self-

renewal have relied on cell surface proteins to identify an LSC-enriched population for evaluation. 

However, single cell experiments have indicated that intrinsic gene expression programmes are 

often decoupled from the cell surface antigen expression, suggesting that LSC identification based 
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on immunophenotype alone may not accurately reflect the frequency and activity of these cells 

within a patient73.  

It has been long suspected that LSCs are inherently more refractory to therapy as a result of their 

slow cycling phenotype, and thus serve as an important reservoir for drug resistance. Various in 

vitro studies have demonstrated that LSCs exhibit heightened resistance to anti-proliferative 

therapies but until recently, robust clinical evidence for this was lacking67,74. In 2017, the first 

direct clinical evidence was provided showing that relapse originated from LSC clones that were 

present before chemotherapy had commenced. Importantly, this work demonstrated that 

resistance to chemotherapy is not always mutationally driven, but rather from these LSC-like 

cells that were present at diagnosis75. This finding is consistent with previous in vitro assays from 

our laboratory where we discovered that resistance to BET inhibition occurs via LSCs in the 

absence of genetic event76. What these population-based sequencing studies were unable to 

address was whether the LSCs were present in their final state before therapy commenced or 

whether the LSC programme was acquired as a result of the therapy.   
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Figure 1.1 Sources of heterogeneity in acute myeloid leukaemia 

Many sources of intrinsic heterogeneity exist within AML. These include the different 

combinations of mutations (1) and the epigenetic landscapes (2) contained within different cells. 

Moreover, noisy and random transcription can cause variations in gene expression between cells 

in isogenic populations (3). The hierarchical structure of AML creates heterogeneity through a 

population of self-renewing LSCs which sit at the apex and give rise to downstream AML blasts 

and lack tumour initiating capacity (4). These intrinsic factors are further impacted by extrinsic 

sources of heterogeneity. The microenvironment-leukaemic crosstalk provides LSCs with a safe-

haven, further protecting them from the effects of cytotoxic chemotherapy (5). The immune 

network within the microenvironment create an immunosuppressive environment, allowing 

AML cells to evade immune detection (6). Finally, the metabolic conditions at each site within 

the bone marrow are heterogeneous (7). This all leads to remarkable phenotypic diversity 

amongst AML cells. LSC = leukaemic stem cell, CTL = cytotoxic T lymphocyte, T-Reg = Regulatory T 

cell 



 13 

 Spatial and microenvironment heterogeneity 

The intrinsic sources of heterogeneity that have been discussed thus far are further shaped by the 

complex network of signals that leukaemic cells receive from the tumour microenvironment in 

which they reside. These heterogeneous signals come from the vast number of cellular 

components comprising the bone marrow niche, in addition to location-specific nutrient 

availability and altered metabolic conditions associated with AML.  

Bone marrow niche 

The bone marrow niche is composed of complex milieu of cell types including osteoclasts and 

osteoblasts, mesenchymal stromal cells, adipocytes, and vascular-endothelial cells. These cells 

are critical for the maintenance of normal haematopoiesis77. In AML, the leukaemic-

microenvironment crosstalk creates an ecosystem that is too hostile for components of the normal 

hematopoietic system to survive and instead allows for the leukaemic cells to flourish. It provides 

a safe haven for LSCs and maintains them in their stem-like state. The intrinsically chemotherapy 

resistant properties of LSCs are further enhanced through the protective nature of the 

microenvironment78,79. A principal meditator of this protection is through the interaction 

between CXCL12-producing bone marrow stroma and CXCR4-expressing LSCs. This signalling 

interface is critical for homing and retention of the LSCs within their preferred niche. 

Chemotherapy has shown to upregulate CXCR4 in LSCs, enhancing this signalling interaction 

and strengthening the association of LSCs with their niche80,81 (Figure 1.1). This signalling axis 

represents an attractive therapeutic target to disrupt the relationship between the 

microenvironment and LSCs82.  

In addition to the non-haematopoietic cells within the bone marrow, leukaemic cells also exist 

within a complex immune cell network. These immune cells surveille the bone marrow niche, 

initially limiting the expansion of AML cells83. However, sub-populations of leukaemic cells 

appear to modulate certain pathways, such as downregulating immunogenic cell surface proteins, 

allowing them to evade detection by these immune cells84. In addition to these properties, the 

number of T-regulatory cells in the bone marrow and peripheral blood of AML patients is 

increased compared to healthy controls. These cells dampen the function of cytotoxic T cells and 

favours survival of malignant cells85 (Figure 1.1). This may be in part due to direct 

immunosuppressive action of AML cells themselves. Recent single cell RNA sequencing (scRNA-

seq) analysis of bone marrow cells from AML patients revealed that more differentiated 
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monocyte-like AML cells which are present in varying abundances across different AML patients 

contributed to the altered T-cell environment by over-expressing a variety of 

immunomodulatory genes, including those specific to the TNF and IL-10 pathways86. This study 

sets the scene for using single cell analysis to understand the frequency, function and mechanism 

of cells which exhibit certain immunosuppressive effects. Moreover, it indicates that the 

transcriptomes of individual AML cells may infer their relationship with the microenvironment.  

In addition to the site-specific immune cell repertoires, the intracellular concentrations of drug 

that leukaemic cells are exposed to can differ between sites in the bone marrow and spleen87. 

This heterogeneous exposure may subject certain cells to sub-therapeutic levels of drug and allow 

them to mount an adaptive response against the drug. This could result in different evolutionary 

trajectories of AML cells dependent on their microenvironment location.  

Metabolic reprogramming and epigenetic regulation 

Epigenetic writer and reader enzymes rely on many intermediate metabolites as substrates in 

order to catalyse the addition and removal of chemical modifications to both DNA and histones. 

Alterations to the concentrations of these metabolites can have profound effects on the ability of 

these enzymes to write and erase chromatin marks, thus influencing gene expression 

programmes88,89. This is exemplified by the recurring neomorphic IDH1/2 mutation, which leads 

to the accumulation of the onco-metabolite, 2-hydroxyglutarate (2-HG), instead of the normal 

metabolite a-ketoglutarate (a-KG). Many dioxygenases use a -KG as a substrate, including TET2 

and the Jumonji family of demethylases, and so accumulation of 2-HG competitively inhibits the 

function of these enzymes. This contributes to AML pathogenesis through aberrant 

methylation90,91. The vast reprogramming of the cellular components that comprise the bone 

marrow niche during AML progression can have huge implications for the metabolic status within 

a given location of the microenvironment. Due to the intimate relationship between epigenetic 

enzymatic function and metabolism, it could be imagined that exposure to the heterogeneous 

levels of metabolites and hypoxic conditions that are observed at different sites within the bone 

marrow niche could influence the activity of epigenetic enzymes independently of an underlying 

mutation in a site-specific manner (Figure 1.1). 

The molecular complexity of the bone marrow niche is still incompletely understood. 

Additionally, it is important to note that the spleen and lymph nodes are understudied 

components of the microenvironment in AML. Collectively, the phenotypes of individual AML 



 15 

cells are shaped by these site-specific niches, further creating heterogeneity and thus influencing 

disease progression and drug resistance.  

1.6 Implications of heterogeneity in AML 

The intricate relationship between the layers of genetic and non-genetic heterogeneity in AML 

results in significant phenotypic diversity between individual leukaemic cells within a single 

patient. This phenotypic diversity has a huge impact on drug sensitivity profiles of individual cells. 

These differential drug responses as a result of intrinsic and extrinsic influences must ultimately 

be the source of relapse in AML. There are many routes that can lead to a drug resistant 

population, whether that be through selection of a pre-existing resistant population or through 

acquired changes as a result of evolution. This section will give an overview of these types of drug 

resistance in relation to AML, through both a genetic and non-genetic lens.  

 Genetically driven relapse 

Numerous genomic studies have aimed to identify common relapse-specific mutations in AML 

following chemotherapy but this still remains poorly characterised and there is no clear recurrent 

mutational pathway that leads to relapse9,92,93. Whilst many different mutations have appeared in 

the genomes of AML patients during disease progression, studies have reported that mutations in 

RUNX1, FLT3-ITD and KDM6A are associated with relapse94–96. It remains unclear how the gain 

of these mutations functionally mediates resistance to chemotherapy. Despite the few mutations 

that are supposedly acquired at relapse to chemotherapy, much evidence points to the fact that 

relapse in AML often originates from the founding major clone that has often acquired random 

mutations at relapse9,93,97. 

Since 2017, a number of small molecule inhibitors targeting specific AML mutations have entered 

the clinic31–33,38,39. Small molecule inhibition of a single mutation places enormous evolutionary 

pressure on cancer cells and thus can favour the outgrowth of a single clone harboring a 

resistance-conferring mutation. This was exemplified in the early 2000s with the use of imatinib 

for the treatment of chronic myeloid leukaemia where despite the initial success of the drug, 

resistance was observed quickly due to outgrowth of clones containing mutations in the drug 

binding site of the BCR-ABL fusion98. These findings have facilitated our understanding of 

resistance to these types of agents. In AML, this form of genetic resistance has been identified for 

IDH inhibitors whereby acquired resistance can arise from new mutations on the wildtype allele, 

as a result of isoform switching from mutant IDH1 to mutant IDH2 and vice versa99. Interestingly, 
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the mechanisms that mediate resistance to FLT3 inhibitors are slightly more complex. Mutations 

in the FLT3 receptor represent the minority of resistant cases and instead, activation of alternate 

signalling pathways is much more commonly associated with FLT3 inhibitor resistance. This may 

be explained due to the fact that compared to IDH inhibitors, FLT3 inhibitors exert broader 

activity through their targeting of other signalling kinases100. 

Although genetic heterogeneity is clearly an important factor that contributes to resistance, 

recent studies suggest that pre-existing or acquired genetic differences are unable to explain a 

large number of cases of therapy resistance in AML. Specifically, paired genome sequencing of 

leukaemic cells prior to therapy and at relapse has now been performed by a number of 

independent laboratories9,47,93,101. While they observed clear evidence of genetic evolution in 

some patients, a substantial number of patients do not show any evidence of new mutations at 

relapse. Instead, emerging evidence suggests that cancer cells can also adapt through non-genetic 

mechanisms. Cancer populations are able to overcome treatment pressure through either 

selection for particular (non-genetic) subpopulations with reduced drug sensitivity and/or by 

changing their epigenetic state to adapt and resist therapy. 

 Non-genetically driven relapse 

As discussed in section 1.5.3, LSCs are an excellent example of how non-genetic heterogeneity 

can lead to resistance in AML. They appear to reside in a pre-existing epigenetic state which 

endows them with features that allow for multi-drug resistance. This population of cells is also 

further protected from the effects of chemotherapy through the sanctuary of the specific 

microenvironment niches in which they reside.  

Heterogeneity not only provides AML with pre-existing epigenetic resistant subpopulations such 

as LSCs, but can also influence the ability of cells to adapt to treatment. Transcriptional plasticity 

is emerging as an important component of resistance. Some cells may exhibit plasticity that allows 

them transition backwards in the cellular hierarchy to reacquire LSC activity102. In the context of 

BET bromodomain inhibition, AML cells can upregulate compensatory pathways in response to 

drug pressure to maintain transcription of key BRD4 target genes such as MYC76,103. Remarkably, 

this resistant transcriptional state is stably inherited and occurs in the absence of new mutations. 

We currently have no clear understanding of the frequency of cells which are contributing to this 

form non-genetic resistance and whether they represent a pre-existing resistant state before 

therapy has commenced. Importantly, non-genetic resistance is not just limited to epigenetic 
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therapies or AML, which indicating it is an important and understudied form of drug resistance104–

108. Therefore, transcriptional plasticity and adaptation may also apply to chemotherapy given 

that many patients have no obvious genetic event associated with relapse. A major focus going 

forward should involve concentrated efforts to understand the prevalence of non-genetic 

adaptation to conventional and targeted therapies in AML, as well as improving our 

understanding of the molecular principles that govern non-genetic resistance.  

1.7 Tools to study tumour heterogeneity 

Much of our knowledge surrounding tumour heterogeneity in AML thus far is the result of 

population-based studies whereby the signal of all cells and their microenvironment are averaged. 

This has led to a global overview of heterogeneity in AML, which has been instrumental in 

improving our understanding of the molecular features that define the disease and has improved 

therapy outcomes for a small subset of patients. However, not every clone within AML is equal, 

nor is every cell within a clone equal. In order to identify subsets of cells which exhibit targetable 

features that are important for evolution and relapse, cellular phenotypes need to be characterised 

at a single cell level. In the last 5 years there has been an explosion of methods that enable the 

investigation of many molecular layers across single cells, including those that allow profiling of 

single genomes, transcriptomes, chromatin landscapes, the methylome and the proteome109–113. 

For the purposes of this literature review, I will focus on profiling of RNA from single cells both 

in time and in space, the chromatin accessibility of single cells and lineage tracing methods to 

characterise the clonal contribution of each cell to a final outcome.  

 Single cell RNA sequencing 

The expression of genes within a given cell can act as a universal read-out of perturbations to 

both the genome and epigenome inside that cell, but can also can reflect the signals that it receives 

from the microenvironment itself. Therefore, profiling the transcriptome of individual cells 

within a heterogeneous tumour is an attractive method to obtain a more comprehensive 

understanding of the molecular complexity of AML. Since the first whole transcriptome data 

from single cells was published in 2009, the technology has undergone many rounds of 

refinement, leading to an explosion of different scRNA-seq methods114.  

Generally speaking, scRNA-seq methods fall into 2 categories: those than can profile full length 

mRNA from single cells or those that capture only the 3’ or 5’ end of the transcripts115–118. Within 

these categories, there are also both plate-based methods where single cells are sorted into 
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individual wells of a plate and microfluidic-based methods, where the encapsulation of single cells 

occurs in droplets. The latter of these methods is higher throughput than the former, but at the 

cost of detecting less genes per cell. Each method has unique strengths and weaknesses and 

choosing which specific method to use is a delicate balance of the research question at hand and 

the cost of the experiment. Whilst scRNA-seq gives unprecedented resolution into 

transcriptional heterogeneity amongst cells within a complex population, it does have some 

limitations. Due to the low amount of starting material, there is often low capture efficiency and 

high rates of gene dropouts, producing much noisier data than traditional bulk sequencing 

experiments. This can pose a significant challenge for the computational analysis of this type of 

data117,119. 

Despite these challenges, scRNA-seq provides a new avenue to study cellular heterogeneity in 

cancer at high-resolution. The use of this technology to understand tumour heterogeneity in AML 

has thus far been limited, despite the ease in which cells can be accessed. Most studies employing 

single cell sequencing technologies have focused on profiling the heterogeneity of somatic 

mutations between individual cells120,121. However, we have been able to make some key 

observations regarding heterogeneity in AML based on the limited studies that profiled RNA 

from single leukaemic cells.  

One of the largest single cell data sets generated from AML used an adapted version of the Seq-

well method which coupled whole transcriptomes with a subset of AML-associated somatic 

mutations from single cells86. Both leukaemic cells and their respective microenvironment 

components were analysed from 16 AML patients at diagnosis and during chemotherapy. The 

data generated from these experiments made several conclusions. It found a strong relationship 

between the underlying mutation and differentiation hierarchy of AML cells; FLT3-ITD 

containing sub-clones were composed of transcriptionally primitive cells whereas FLT3-TKD cells 

contained more differentiated cells. It also identified a subpopulation of cells which aberrantly 

expressed both primitive signatures along with more differentiated myeloid programs, in contrast 

to their mutual exclusivity in normal blood cells. Another group used scRNA-seq paired with 

functional studies using a murine model of AML containing both the fusion gene MLL-AF9 and 

co-operating NRAS mutation122. They found that within the LSC compartment, there were 

transcriptionally distinct subpopulations of cells that were capable of proliferation or self-renewal, 

and each of these properties were independent of one another. scRNA-seq will undoubtedly have 

a huge role in understanding heterogeneity in AML at the transcriptional level, particularly during 

the evolution of drug resistance.  
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 Single cell ATAC sequencing 

The transcriptional programmes that govern cellular identity are intimately linked to the 

underlying chromatin state within that cell. Nucleosome positioning throughout the genome 

regulates the access of sequence specific transcription factors and general transcription machinery 

to the underlying DNA template to facilitate transcription, DNA repair and replication43. Regions 

of open and accessible chromatin are often regarded as regulatory elements of the genome, such 

as promoters and enhancers. Profiling of the regions of accessible chromatin has emerged as an 

important tool for identifying such elements and their associated transcription factor binding 

motifs, particularly because these regulatory elements are not detectable from expression data123. 

Assay for Transposase-Accessible Chromatin (ATAC) sequencing uses a mutant Tn5 transposase, 

which preferentially inserts sequencing adapters into open chromatin to give a global overview 

of accessible sites. More recently, this technique has been applied to single cells to give cell-to-

cell variation in regions of open chromatin109,124. 

Chromatin states are critical for cell identity, differentiation and plasticity so it is unsurprising 

that disrupted chromatin landscapes are associated with cancer. This is exemplified by a high 

number of mutations in genes encoding for chromatin regulatory factors in both solid tumours 

and haematological malignancies125. Population-based ATAC sequencing has revealed that 

chromatin-mediated mechanisms are important in the acquisition of drug resistance in cancer 

independent of any chromatin-associated mutation104,108. Analysing chromatin states at a single 

cell level in cancer may help identify certain landscapes present in rare cells that are important 

for evolution and drug resistance that may have otherwise been masked by bulk sequencing.  

Additionally, it may help resolve a population of cells that are important for cancer progression 

when no other transcriptional signature can be identified. Recently, a method that coupled 

profiling chromatin accessibility with whole transcriptomes from the same single cell was 

developed126. This can be important for understanding the effects of altered chromatin 

configuration on the transcriptional output of cells and vice versa. However, due to significant 

financial and technological hurdles associated with these protocols, they have not been widely 

adopted in laboratories.  

 Spatial transcriptomics 

When cells are processed for scRNA-seq, they are taken out from their native context. This 

means that tissue-specific positional information is lost, making it impossible to understand how 
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transcriptomes of individual cells are affected by their spatial location. By profiling both tumour 

cells and the cells from their associated microenvironment simultaneously, scRNA-seq has been 

used to predict the interaction between these cell types86. However, in isolation, scRNA-seq is 

not sufficient to definitively identify how single cells are spatially organised within a tissue or 

microenvironment. Therefore, to understand spatial heterogeneity and link this to gene 

expression, methodologies have now been developed that allow for profiling of RNA from single 

cells whilst retaining spatial information127.  

Whilst not the main focus of this thesis, spatial heterogeneity is important in the context of AML. 

Despite the fact that AML is a liquid tumour and cells are easily accessible as they do not have to 

be physically dissociated from one another, they exhibit specific niches within the bone marrow 

and spleen as discussed in section 1.5.4. The spatial organisation and its influence on 

transcriptional and genomic heterogeneity is hard to capture through single cell sequencing alone. 

Recently, the cellular and spatial organisation of the healthy bone marrow niche has been 

investigated using a spatially resolved transcriptomics method in the form of laser-capture 

microdissection coupled with sequencing128. These types of techniques will be useful in 

understanding the influence of the niche the phenotype AML cells to identify targets that may 

help dislodge leukaemic cells from their niche or counteract the immunosuppressive effects of 

the microenvironment. 

 Lineage tracing 

Cancer is a complex system which consists of millions of cells that have unique histories and clonal 

trajectories that shape the evolution of the disease. The advent of single cell sequencing 

technologies has made it possible to obtain a snapshot of molecular heterogeneity across 

thousands of single cells, yet it is hard to track the output of individual clones using these 

methods.  

Individual cells can be temporally tracked over time by labelling founding clones with some form 

of unique heritable marker (usually virally integrated) so that it is stably passed on to all the 

progeny upon cell division. Then the frequency of each of these unique heritable tags can be 

measured over time to understand the output and potential of each founding clone. The different 

cell types that contain the same marker are thus clonally related as they all originate from a single 

cell129.  
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Some of the earliest lineage tracing technologies employed a Cre-lox based strategy where Cre 

expression is driven by a tissue or cell type specific promoter130. Upon activation of this 

promoter, these cells express a fluorescent reporter protein which is inherited by all its progeny. 

This simple system was subsequently expanded upon by adding three different fluorescent 

proteins interspersed with LoxP sites so that upon Cre-activation, each cell expresses a random 

combination of these fluorescent proteins, giving each cell a distinct heritable colour131,132. These 

types of Cre-lox system are ideal for in vivo lineage tracing questions as they retain spatial context 

of the tracked clones. However, this image-based type approach of lineage tracing is limited with 

regard to the number of clones that can be tracked and it can be hard to get a large amount of 

phenotypic information from these same cells.  

An alternate approach to genetic optical barcoding is to also use lentiviral constructs but instead 

use genomic DNA as an indicator of lineage, rather than fluorescence. The first form of this used 

unique integration sites of lentiviral vectors to track clones over time. One particularly 

interesting study that combined this technique with DNA copy number alterations discovered 

that whilst genetic clones in colorectal cancer were stable over time, the functional output of 

clones in terms of proliferation, persistence and chemotherapy tolerance were markedly 

heterogeneous amongst these genetically identical clones133. The next methodology that built 

upon integration site analysis for tracking of individual clones over time was through the 

development of random DNA barcodes which label founding cells and can be identified via 

NGS134–136. This made it possible to track millions of individual cells and their trajectories over 

time and is simpler to conduct that site integration analysis. Analysis of the clonal outputs of the 

barcoded cells has historically been limited to cell surface markers or phenotypic analysis of a 

separate pool of cells than originated from the initial barcoded populations. There has been no 

robust way to associate a phenotype that is important with a specific clone/barcode, especially 

not at the single cell level. As a consequence, it has been hard to resolve the molecular basis of 

clonal behaviours and relationships important for cancer.  

1.8 Summary 

One of the greatest challenges in the war against cancer is its inherent ability to evolve over time 

and become resistant to therapy. Population-based sequencing technologies have helped unravel 

the remarkable genetic heterogeneity across AML genomes and this has shed light onto the 

dysregulated pathways associated with its pathogenesis. A key finding from these studies is that 

genetics alone is not enough to explain the pathogenesis of AML; non-genetic heterogeneity is 
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likely to be an important driver of both evolution and relapse in this aggressive malignancy. 

Unravelling the full extent of tumour heterogeneity in AML has thus far proved to be challenging 

due to the limited resolution of bulk technologies. The field needs to move towards a better 

understanding of the interplay between both genetic and non-genetic sources of heterogeneity in 

order to identify mechanisms driving progression and resistance. Single cell technologies hold the 

key to deciphering the diverse molecular landscape of AML.  

In this thesis, I outline the development of a novel method that uses expressed barcodes to enable 

tracking of clonal lineages and coupling them to the individual transcriptional trajectories of 

thousands of malignant cells. I use the unique design of the barcoding system to understand the 

early transcriptional determinants of future in vivo clonal dominance during AML evolution. 

Finally, I use both scRNA-seq and this novel barcoding system to understand the dynamics of 

non-genetic BET inhibitor resistance in AML in the clinic.  
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2.1 Materials 

 Cell culture media 

Table 2.1 Media and additives used for cell culture 

Media Manufacturer Catalogue # 

DMEM Thermo Fisher Scientific 11965092 

RPMI-1640 
Thermo Fisher Scientific 

11875093 

IMDM Thermo Fisher Scientific 12440061 

Opti-MEM 
Thermo Fisher Scientific 31985088 

Methocult GF M3434 STEMCELL Technologies 03434 

FBS HyClone SH30084.03 

Mouse IL3 PeproTech 213-13 

Human IL6 PeproTech 200-06 

Mouse SCF PeproTech 250-03 

Penicillin/Streptomycin Thermo Fisher Scientific 15140122 

Glutamax Thermo Fisher Scientific 35050061 

 Cell lines 

The human embryonic kidney 293T cell line used for viral production and the K562 and 

immortalised murine MLL-AF9 parental and resistant cell lines were available from stock from the 

Dawson laboratory (Peter MacCallum Cancer Centre, VCCC).  

 Compounds 

IBET-151 was provided by GlaxoSmithKline.  
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 Antibodies 

Table 2.2 Flow cytometry antibodies 

Target Species Fluorochrome Manufacturer Catalogue # 

CD3 Human Biotin BD Biosciences 555338 

CD19 Human Biotin BD Biosciences 555411 

CD33 Human PE/Cy7 BD Biosciences 333946 

CD34 Human APC BD Biosciences 555824 

CD38 Human BV711 BD Biosciences 563965 

CD45 Human FITC eBioscience 11-9459-42 

CD45RA Human PerCP/Cy5.5 eBioscience 45-0458-42 

CD90 Human PE BD Biosciences 561970 

CD123 Human PE/Cy5 eBioscience 15-1239-41 

Gr-1 Mouse Alexa Fluor 700 Biolegend 108422 

CD45.2 
(Ly5.2) 

Mouse Alexa Fluor 700 Biolegend 109822 
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 Table 2.3 Miscellaneous antibodies 

 

 Buffers and bacterial growth media 

Table 2.4 Composition of general buffers and bacterial growth media 

Buffer/growth media  Components 

PBS 150 mM NaCl, 2.5 mM KCl, 10 mM Na2HPO4, 
2 mM KH2PO4 

FACS buffer 
50 mM NaCl, 2.5 mM KCl, 10 mM Na2HPO4, 2 
mM KH2PO4, 5% (v/v)  FBS, 5 mM EDTA 

Red blood cell (RBC) lysis buffer (1X)  150 mM NH4Cl, 10 mM NaHCO3, 1 mM EDTA  

Resuspension buffer for scRNA-seq 150 mM NaCl, 2.5 mM KCl, 10 mM Na2HPO4, 2 
mM KH2PO4, 1% (w/v) BSA, 0.4 U/ uL RNase 
Inhibitor (Roche) 

Wash buffer for scRNA-seq 150 mM NaCl, 2.5 mM KCl, 10 mM Na2HPO4, 2 
mM KH2PO4, 1% (w/v) BSA 

Hashing staining buffer 150 mM NaCl, 2.5 mM KCl, 10 mM Na2HPO4, 2 
mM KH2PO4, 2% (w/v) BSA, 0.01% (v/v) tween 

LB  5 g NaCl, 5 g yeast extract, 10 g bacto-tryptone  

SOC 20 g bacto-tryptone, 5 g bacto-yeast, 0.58 g 
NaCl, 0.19 g KCl, 10 mM MgCl2, 10 mM 
MgSO4 and 0.4% [w/v] glucose 

  

Target Species Manufacturer Catalogue # Application 

CD117 Mouse Miltenyi Biotec 130-091-224 
Magnetic bead 
selection 

CD45/MHC Class I Mouse BioLegend A0301 TotalSeq Hashtag 1 

CD45/MHC Class I Mouse BioLegend A0302 TotalSeq Hashtag 2 
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 Restriction enzymes 

Table 2.5 DNA restriction enzymes used for cloning 

Enzyme Manufacturer Catalogue # 

BamHI-HF New England Biolabs R3136S 

BsiWI New England Biolabs R0553S 

BspEI New England Biolabs R0540S 

BsrGI New England Biolabs R0575S 

Bsu36I New England Biolabs R0524S 

EcoRI-HF New England Biolabs R3101S 

Esp3I (BsmbI) Thermo Fisher Scientific ER0451 

KpnI New England Biolabs R0142S 

NheHI-HF New England Biolabs R3131S 

 

 Bacterial strains 

Stabl3 chemically competent E.coli (Thermo Fisher Scientific) and Endura electrocompetent cells  

(Lucigen) were used for all transformations and plasmid production. 

 Vectors 

The plasmids used for various applications throughout this thesis are outlined in the table below. 

The pHR-MMPCreGFP plasmid was a kind gift from Dr. Lev Kats (Peter MacCallum Cancer 

Centre, VCCC). The remainder were present as stocks in the Dawson laboratory (Peter 

MacCallum Cancer Centre, VCCC). 
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Table 2.6 Retro- and lentiviral vectors 

Backbone Insert Type/Application 

MS2-P65-HSF1_GFP MS2-P65-HSF1 activator 
complex 

Lentivirus, CRISPR 
activation 

pMSCV-IRES-YFP MLL-AF9 Retrovirus, protein 
expression 

LMP-eBFP (non-targeting) Non-targeting shRNA Retrovirus, shRNA 
knockdown 

dCAS9-VP64_GFP dCAS9-VP64 activator  Lentivirus, CRISPR 
activation 

sgRNA/EF1A-mCHERRY sgRNA scaffold Lentivirus, dCAS9 

pHR-MMPCreGFP Self-excising vector encoding 
Cre-recombinase 

Retrovirus, Cre-
recombinase expression 
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 Oligonucleotides 

Table 2.7 Primers used for barcode cloning and optimisation in Chapter 3 

Name Sequence (5’-3’) Application 

MCS top strand CAATGTCGTCTCGGATCCTCCGAGTG
CGTCTCGCTAGCGCTCTAGTCTGAGT
CTAGACTGT 

 

Annealed to MCS bottom 
strand to form a double 
stranded multiple cloning 
site 

MCS bottom 
strand 

CCGGACAGTCTAGACTCAGACTAGAG
CGCTAGCGAGACGCACTCGGAGGATC
CGAGACGACATTGGTAC 

 

Annealed to the MCS top 
strand to form a double 
stranded multiple cloning 
site 

Barcode Ultramer 
FWD 

GTCTCGGATCCTGACCATGTACGATT 

 

Primer used to make the 
barcode oligo double 
stranded before cloning 

Barcode Ultramer 
REV 

GATGGCGCTAGCCTAGTCAGTACGCA
T 

 

Primer used to make the 
barcode oligo double 
stranded before cloning 

Sanger FWD ATGGCTGGCAACTAGAAGGC 

 

Sanger sequencing and 
PCR of barcode plasmid in 
Figure 3.6 

Sanger REV ATGGCTGGCAACTAGAAGGC 

 

Sanger sequencing and 
PCR of barcode plasmid in 
Figure 3.6 
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Table 2.8 Primers for barcode PCR from genomic DNA 

Primer Name Sequence (5’-3’) Application 

Barcode PCR1 FWD ACACTCTTTCCCTACACGACGCT
CTTCCGATCTCGGATCCTGACCA
TGTACGATTG 

First step barcode PCR  

Barcode PCR1 REV 
ACTGGAGTTCAGACGTGTGCTCT
TCCGATCTGCGCTAGCCTAGTCA
GTACGCAT 

First step barcode PCR 

Barcode PCR2 (i5 index) AATGATACGGCGACCACCGAGAT
CTACAC (i5 index) 
ACACTCTTTCCCTACACG 

Second step barcode 
PCR (dual indexing) 

Barcode PCR2 (i7 index) CAAGCAGAAGACGGCATACGAGA
T (i7 index) 
GTGACTGGAGTTCAGACGTGTGC 

Second step barcode 
PCR (dual indexing) 

 

Table 2.9 Barcode library structures 

 

  

Name Sequence (5’-3’)  

GFP barcode library 
structure  

GTCTCGGATCCTGACCATGTACGATGACTA (NN SWS NN 
WSW)6 TGCTAATGCGTACTGAC TAGGCTAGCGCCATC 

 

BFP barcode library structure  GTCTCGGATCCTGACCATGTACGATGACTA (NN WSW NN 
SWS)6 TGCTAATGCGTACTGAC TAGGCTAGCGCCATC 

 

mCHERRY barcode library 
structure  

GTCTCGGATCCTGACCATGTACGATGACTA (NW NS NW NS 
NW NS)5 TGCTAATGCGTACTGAC TAGGCTAGCGCCATC 
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Table 2.10 Primers for barcode enrichment for scATAC-seq 

Primer Name Sequence (5’-3’) Application 

scATAC PCR1 
correct orientation 

 
CCGGACAGTCTAGACTCAGACTAG First step barcode 

enrichment  

scATAC PCR1 
reverse orientation 

 
GCTAGAAGCACAAGAGGAGG First step barcode 

enrichment 

scATAC PCR2 
correct orientation  

CAAGCAGAAGACGGCATACGAGAT (i7 
index)GTGACTGGAGTTCAGACGTGTGCT
CTTCCGATCTGCGCTAGCCTAGTCAGTA
CGCAT 

Second step barcode 
enrichment (with index) 

scATAC PCR2 
reverse orientation  

CAAGCAGAAGACGGCATACGAGAT (i7 
index)GTGACTGGAGTTCAGACGTGTGCT
CTTCCGATCTCGGATCctgaccatgtacgattg 

Second step barcode 
enrichment (with index 

 

 Animals 

All experimental mice used were 6-12 weeks of age and housed in the pathogen-free animal 

facility at the Peter MacCallum Cancer Centre. All in vivo experiments were performed in 

accordance with ethical guidelines from the PMCC Experimental Animal Ethics Committee 

(Ethics numbers E530 and E615). The mouse strains used are outlined in Table 2.11. 

Table 2.11 Mouse strains 

Genotype Strain Source 

Wild-type C57BL/6 ARC 

PrprcaPepcb/BoyJ  
C57BL/6-Ly5.1 (Ptprca) ARC 

Flt3tm1Dgg/J C57BL/6 Bred in house at PMCC 

KRAStm4Tyj/J C57BL/6 Bred in house at PMCC 
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 Patient samples 

Patient samples were collected as part of a study approved by the Peter MacCallum Cancer 

Centre human research ethics committee (10/78). Patients described in this study were enrolled 

in a phase 1 clinical study at the Peter MacCallum Cancer Centre in patients with acute myeloid 

leukaemia undergoing treatment with the BET inhibitor GSK525762 (14/105) (Clinical trial 

code: NCT01943851). All patients provided written informed consent.  

2.2 Methods 

 Cell culture 

MLL-AF9 parental cell lines were grown in RPMI-1640 supplemented with mouse IL-3 (10 

ng/mL), 20% FBS, streptomycin (100 ug/mL), penicillin (100 units/mL) and 2 mM glutamax, 

under standard culture conditions (5% CO2, 37 °C). MLL-AF9 IBET resistant cell lines were 

cultured with constant IBET treatment (1000 nM, 0.1% DMSO). HEK293T cells were cultured 

in DMEM with 10% FCS with streptomycin (100 ug/mL), penicillin (100 units/mL) and 2 mM 

glutamax under standard culture conditions. Primary murine cells were cultured in RPMI-1640 

supplemented with mouse IL-3 (10 ng/mL), human IL-6 (10 ng/mL), mouse SCF (50 ng/mL) 

20% FBS, streptomycin (100 ug/mL), penicillin (100 units/mL) and 2 mM glutamax, under 

standard culture conditions. 

All cell culture was conducted under sterile conditions. Cell lines were cryopreserved in 90% 

FBS and 10% DMSO using the Mr Frosty™ (Thermo Fisher Scientific) at -80 °C. 

 Digestion and ligation of plasmids and inserts 

Restriction enzyme digests of DNA plasmids and inserts were performed according to 

manufacturer’s instructions unless otherwise stated. A minimum of 5 ug of plasmid was digested 

and all reactions were conducted in 50 uL volumes. Digestion reactions were incubated at 37 °C 

for a minimum of 60 minutes and denatured by heat inactivation at the enzyme-specific 

deactivation temperature.  

Digested plasmids were then treated with TSAP (Promega) for 60 minutes at 37 °C and 

subsequently inactivated at 74 °C for 15 minutes. This was to remove 5’ phosphate groups from 

the DNA to prevent recircularisation of the plasmid during the ligation procedure, thus limiting 

the amount of background during bacterial transformation.  



 33 

Purple loading dye (NEB) was then added to the digested plasmid and subsequently loaded on a 

0.8% agarose gel (Bioline) with 1/10,000 dilution of SYBRsafe DNA gel (In Vitrogen) and 

electrophoresed at 100V for a minimum of 60 minutes. Gels were imaged on the Gel Doc XR+ 

(BioRad) and the correct band size was determined by using a 100 bp or 1 kb ladder (Promega). 

The digested plasmid was then excised from the gel and purified using the QIAquick gel 

extraction kit (QIAGEN) according to the manufacturer’s instructions.   

Purple loading dye was added to 5 uL of the digested insert and subsequently loaded onto a 2% 

agarose gel and electrophoresed at 110V for 45 minutes. The correct insert size was determined 

by using a 100bp ladder (Promega). The remaining digestion reaction was either column purified 

using the NuceloSpin Gel and PCR clean-up kit (Macherey Nagel) or purified with Agencourt 

AMPure XP beads (Beckman Coulter) according to manufacturer’s instructions and using a 1.8X 

bead:DNA ratio.   

Ligation of digested plasmid with DNA inserts were performed with 1 uL of T4 DNA ligase (New 

England Biolabs) if using Stbl3 chemically competent cells or 1 uL of Electroligase (New England 

Biolabs) if using Endura electrocompetent cells for downstream transformation. Ligations were 

performed at room temperature for a minimum of 30 minutes. Ligations using Electroligase were 

heat inactivated at 65°C for 15 minutes prior to transformation. Plasmids and inserts were 

combined in a 20 uL final volume (T4 ligase) or 11 uL final volume (Electroligase) using a variety 

of plasmid:insert molar ratios in order to maximise transformation efficiency. 

 Bacterial transformation and culture 

Bacteria were transformed by either heat shock or electroporation. For chemically competent 

Stbl3s, 25 uL of cells were combined with 1-5 uL of ligation reaction or 50 ng of plasmid DNA. 

Cells and DNA were gently mixed and incubated for 15 minutes on ice. Cells were then heat 

shocked for 30 seconds at 42 °C and incubated on ice for a further 2 minutes. 1 mL of SOC media 

was then added to the cells and incubated for 1 hour at 37 °C with 200 rpm agitation. 1/10 of 

this solution was then plated on LB plates containing ampicillin (100ug/mL) and incubated 

overnight. For electrocompetent Endura cells, 25 uL of cells were combined with 2 uL of ligation 

reaction or 50 ng of plasmid DNA. Cells and DNA were gently mixed on ice. The cell/DNA 

mixture was then pipetted into a pre-chilled 0.1 cm gap cuvette (Thermo Fisher Scientific) and 

electroporated using the Gene Pulser Xcell (BioRad) set at 10 uF, 600 Ohms and 1800 Volts. 

Immediately following the pulse, 975 uL of Recovery Medium (Lucigen) was added to the 
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cuvette and the solution was transferred to a tube and incubated for 1 hour at 37 °C with 200 

rpm agitation. 1/10 of this solution was then plated on LB plates containing ampicillin (100 

ug/mL) and incubated overnight. 

Unless otherwise stated, bacterial suspension cultures were grown from a single bacterial colony 

extracted from cultured LB plates. Transformed bacteria were grown in an appropriate amount 

of LB media containing ampicillin (100 ug/mL), overnight at 37°C and 300 rpm.  

 Plasmid DNA extraction  

Plasmid DNA was extracted from bacterial cells using the NucleoSpin® kit (minipreps) or 

NuceloBond Xtra® (maxiprep) (Macherey Nagel) according to manufacturer’s instructions. 

Bacteria were pelleted at 3000 g for 15 minutes prior to extraction. The final DNA was eluted 

in 30 uL (miniprep) or 1000 uL (maxiprep) of nuclease free H2O. 

 Virus production and transduction 

For the production of viral particles, HEK 293T cells were seeded at a density that ensured 70-

80% confluency on the day of transfection. Lentivirus was prepared by combining 500-2000 uL 

of Opti-MEM with the plasmid of interest, pVSVg and pPAX2 in a 3:2:1 ratio respectively and 

was briefly spun down and incubated for 5 minutes at room temperature. An appropriate amount 

of PEI transfection reagent (4.5 uL of 1 mg/mL stock per 1 ug DNA) was then added, briefly 

spun down and incubated at room temperature for a further 5 minutes. The media containing the 

PEI:DNA complex was added to DMEM media and carefully added to the HEK 293T cells and 

incubated at 37 °C for 24 hours. The media was then changed to the target cell media or Opti-

MEM if making large scale virus for multiple cell types. This was incubated for a further 24 hours. 

Supernatant containing viral particles was then harvested at 48- and 72-hours post-transfection 

and filtered through a 0.22 um filter. For large scale virus production, the viral supernatant was 

then concentrated 100X by centrifuging it at 3000 g using Amicon Ultra-15 filters (100 kD cut-

off) (Millipore). Aliquots were then stored at -80 °C. Retrovirus was prepared the same way, 

except using plasmid of interest, gagPol and pVSVG in a 10:4:1 ratio respectively. 

To enhance transduction of target cells, polybrene (8.5 mg/mL) was added to the viral 

supernatant. The viral supernatant containing polybrene was then added to the target cells in a 6 

well plate and centrifuged for 90 minutes at 1250 g and then incubated for 6 hours. After 

incubation, the viral supernatant was replaced with fresh media. If the plasmid contained a 
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fluorescent protein, its expression was checked by FACS 48 hours post-transduction to assess 

transduction efficiency.   

 In vivo procedures 

Bone marrow and spleen harvest 

Mice were culled via cervical dislocation and bone marrow from pelvic bones, femurs, tibias and 

spinal cord was harvested. Bones were crushed using a pestle and mortar in cold PBS and filtered 

through a 40 um filter. Whole spleens were removed and mashed through a 40 um filter.  Bone 

marrow and spleen samples were centrifuged at 400 g for 5 minutes, samples were then 

resuspended in 10 mL of RBC lysis buffer, incubated 10 minutes at room temperature and washed 

twice with 10 mL of cold PBS. Cells were then taken into experimentation or cryopreserved in 

90% FBS and 10% DMSO at -80 °C. 

Generation of primary leukaemias 

CD117+ (c-Kit) cells were isolated from primary whole bone marrow cells from C57BL/6, 

Ptprca, KRAS or FLT3 mice by labelling with microbeads conjugated to a CD117 antibody on ice 

for 15 minutes. Cells were then washed with PBS + 2 mM EDTA and loaded onto a MACS LS 

column which was placed in the magnetic field of a MACS separator. The column was washed 3 

times to get rid of unlabeled cells. The column was then removed from the magnetic separator 

and the magnetically retained CD117+ cells were eluted.  

The CD117+ cells were then transduced with virus made from the pMSCV-IRES-YFP plasmid 

containing the MLL-AF9 fusion gene. The following day, transduced CD117+ cells were either 

transplanted into mice for the generation of MLL-AF9 leukaemias or placed in MethoCult M3434 

methylcellulose media or liquid culture for further experimentation. The cells derived from the 

KRAS mice were additionally transduced with pHR-MMPCreGFP virus to induce expression of 

the KRAS-G12D mutation.  

Tumour transplants and generation of secondary leukaemias  

Mice were sub-lethally irradiated at 8-12 weeks at a dose of 5.5 Gy prior to transplantation. 3 

hours later, 5 x 105- 2 x 106 CD117+ cells transduced with MLL-AF9 were injected into mice via 

the lateral tail vein. Mouse weights were monitored daily. The presence of leukaemic cells in the 

peripheral blood was measured by flow cytometry from day 14 using the CD45.2 antibody or by 

the relevant fluorescent protein expression. Mice were culled on the development of leukaemia 
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and cells from bone marrow and spleen were harvested and cryopreserved for future 

experimentation. 

 Processing of patient samples 

Bone marrow mononuclear cells (BM-MNCs) were separated using Ficoll density gradient. BM-

MNCs were then cryopreserved at -80 °C in 90% FBS and 10% DMSO. BM-MNCs were rapidly 

thawed in a 37 °C water bath. Cells were then transferred to a 50 mL falcon tube and warm 

IMDM + 20% FBS + DNase1 (0.1 mg/mL) culture medium was added drop wise to the cells. 

Cells were then washed with Wash buffer and subsequently processed for flow cytometry. 

 Flow cytometry sorting and analysis 

All cell sorts were conducted on the BD FACS Aria III, BD FACS Aria Fusion 3 and the BD FACS 

Aria Fusion 5 (BD Biosciences). Cells were stained in FACS or Wash buffer. Antibodies used are 

listed in Table 2.2. Cell viability was determined using PI, DAPI or Fixable Near-IR Dead Cell 

Stain Kit (Molecular Probes). CompBeads (BD biosciences) were used for single-stain controls 

where appropriate. Flow cytometry analysis was conducted on the BD LSR II or the BD 

LSRFortessa (BD Biosciences). Data were analysed with FlowJo software (TreeStar Inc.)  

 Plate-based single cell RNA sequencing 

The method outlined below represents a modified version of Cel-seq2. More detailed 

explanations of some of these modifications can be found in subsequent chapters of this thesis as 

a result of method development.  

Plate preparation 

Cel-seq2 plates were prepared by manually dispensing 0.24 uL 1% Triton-X (0.2% final 

concentration), 0.06 uL of SUPERaseIN RNase inhibitor (Ambion), 0.002 uL of ERCC spike-in 

control (1/10,000 dilution) (Ambion), 0.01 uL of 100 mM dNTPs, 0.688 uL of nuclease free 

DEPC-treated water (Ambion) and 0.2 uL of the Cel-seq2 oligo (dT) primer (25 ng/uL) (IDT) 

into a 384-well microplate with skirt (Greiner) using a multi-channel pipette. The primer 

contains a 24 bp polyT stretch, a 6 bp unique molecular identifier (UMI), a cell-specific 8 bp 

barcode, the 5′ Illumina adaptor and a T7 promoter sequence. Plates were sealed and stored at -

80 °C until sorting. 
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Single cell flow sorting 

Viable single cells from the target cell population were sorted directly into the pre-prepared 384-

well plates. Plate alignment was verified by sorting single BD CompBeads coated in a solution of 

5 mg/mL HRP (Sigma Aldrich), into 8 empty wells containing 1.2 uL HRP substrate (Life 

Technologies) (well numbers A1, A2, A23, A24, P1, P2, P23, P24). A colour change from clear 

to blue indicated that the bead had reached the bottom of the well and the plate was correctly 

aligned. Following the single cell sort, plates were frozen at -80 °C ready for Cel-seq2 library 

construction. 

Cel-seq2 library construction 

A modified version of Cel-seq2 was used to generate single cell cDNA libraries. The 384-well 

plates containing FACS sorted single cells were defrosted on ice and the oligo (dT) primers were 

annealed at 65 °C. Reverse transcription, second strand synthesis and IVT were performed 

according to the published Cel-seq2 method with the exception of the cDNA clean-up step prior 

to IVT, whereby the volume of the Agencourt AMPure XP beads composed only 5% of the total 

volume of beads that were used in the original protocol. Following IVT, the aRNA was 

fragmented, cleaned up and reverse transcribed with a random hexamer primer containing the 

sequence complimentary to the 3’ Illumina adaptor. Fragments containing both adaptors were 

then selected for by PCR using TruSeq Small RNA primers (Illumina) and cleaned up using a 

0.7X bead to cDNA ratio. The quality and concentration of the final cDNA library was checked 

using a D5000 High Sensitivity Tapestation (Agilent). Final cDNA libraries were then stored at -

20 °C until they were sequenced. Libraries were pooled at equimolar ratios and sequenced on 

the Illumina NextSeq system (SE 75 bp reads, ³50,000 reads per cell) 

 Droplet-based single cell RNA sequencing 

All droplet based scRNA-seq was conducted on the 10X Chromium system (10X genomics). 

Viable cells from the target cell population were bulk sorted into Eppendorf tubes and washed 2 

times with Wash buffer. Cell number was determined using an average of 2 cell counts from the 

Countess II automated cell counter (Thermo Fisher Scientific). Cells were then spun down and 

resuspended in an appropriate volume of Resuspension buffer so that the final cell concentration 

was suitable for loading on to the 10X Chromium Single Cell Chip. The final cell suspension was 

put through a cell strainer and a final count cell count was conducted to get an accurate cell 
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concentration and to check cell viability. Final cell concentrations were between 1000-2000 cells 

per uL.  

Sample multiplexing 

In order to maximise reagent use, multiple samples were pooled together and loaded onto a 

single lane of the 10X Chromium Single Cell Chip using TotalSeq Hashtag antibodies (Biolegend). 

Cell hashing using TotalSeq antibody-oligonucleotide conjugates label ubiquitously expressed cell 

surface markers and contain a sample specific barcode so that separate samples can be labelled 

with different barcoded antibodies, pooled together and de-multiplexed after sequencing.  

If samples were being pooled, they were washed once after flow sorting with Wash buffer and 

then resuspended in 100 uL of Hashing staining buffer. 1 uL of Hashtag antibody was then 

added to the sample and stained on ice for 20 minutes. Cells were then washed 2 times with 

Hashing staining buffer and then the cell concentration was determined. Hashtag labelled 

samples were then pooled together at equal cell concentrations, spun down and resuspended in 

Resuspension buffer at an appropriate volume to allow for superloading of the Single Cell Chip 

(³1500 cells per uL). The final cell suspension was put through a cell strainer and a final count 

cell count was conducted to get an accurate cell concentration and to check cell viability. The 

sequence for the TotalSeq hashtags can be found in Table 2.3 

Droplet encapsulation and library preparation 

An appropriate volume of the final cell suspension was then loaded onto each channel of the 10X 

Chromium Single Cell Chip based on the desired final number of cells. Approximately 10,000 

patient derived cells and 20-40,000 primary mouse cells or cell lines were loaded onto each lane. 

Single cells were captured in droplet emulsions using the 10X Chromium Single-Cell Instrument 

and reverse transcription, cDNA amplification and library preparation were performed based on 

the manufacturer’s protocol using the Chromium Single Cell 3′ Library & Gel Bead Kit v2 or v3 

(10X Genomics). An additional primer that was specific for the oligo sequence conjugated to the 

Total-seq antibody was adding during the reverse transcription stage of any sample that was 

multiplexed using the cell Hashing method. Following this, cDNA was amplified and the fraction 

containing the amplified Hashtags were separated from the full-length mRNA from each cell 

using SPRI beads (10X Genomics). These two fractions were then processed as separate cDNA 

libraries. Quality of final libraries was checked using the 2100 Bioanalyser (Agilent) and stored 

at -20 °C until they were sequenced. Libraries were pooled at equimolar ratios and sequenced 
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on the Illumina NovaSeq 6000 system (PE 150 bp reads, ³50,000 reads per cell). Hashtag 

libraries were sequenced on the Illumina NextSeq or the Illumina MiSeq (PE 75 bp reads, 5000 

reads per cell).  

 Single cell ATAC sequencing 

Single cell ATAC-seq was performed using the 10X Chromium Single Cell ATAC Solution (10X 

Genomics). Nuclei were extracted from approximately 100,000 MLL-AF9 cells according to the 

10X Genomics Nuclei Isolation for Single cell ATAC sequencing demonstrated protocol. 

Following fractionation, nuclei were resuspended at approximately 5,000 nuclei per uL. This 

suspension was subsequently loaded onto the 10X Chromium Chip for droplet encapsulation. 

scATAC-seq libraries were prepared according to the Chromium Single Cell ATAC Reagent Kits 

User Guide (10X Genomics). Following linear amplification, 10% of the sample was syphoned 

off and the nested SPLINTR barcode enrichment PCR were performed on this fraction using the 

primers in Table 2.10 (Figure 3.15) to make final libraries. Standard library preparation was 

conducted on the remainder of the sample according to the 10X protocol. Quality of final 

libraries was checked using the 2100 Bioanalyser (Agilent) and susequently stored at -20 °C until 

they were sequenced. The 2 enriched barcode amplicons and the full scATAC library were 

sequenced on the Illumina MiSeq (PE 75 bp, 20M reads total).  

 Cellular barcoding 

The following procedure outlines the broad steps involved in labelling, extracting and amplifying 

cells using a lentiviral barcode library. Detailed construction of the barcode library is described 

in Chapter 3 as part of method development.   

Target cells were transduced with a pre-determined amount of barcode library virus to ensure 

that 5-10% of cells were infected, thus limiting the chance of multiple integrations per cell. 

Barcode positive cells were flow sorted and expanded for an appropriate number of days before 

being taken into the relevant experiment. Technical replicates were taken from the same 

expanded pool of cells and biological replicates were taken using separately transduced pool of 

cells.  

For population-based analysis, cells were lysed in 40 uL Viagen lysis buffer containing 0.5 mg/mL 

Proteinase K (Invitrogen) and split into technical replicates. Barcodes in cell lysate were then 

amplified following two rounds of PCRs. The first PCR amplified barcode DNA using BC PCR1 
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FWD and BC PCR1 REV primers (sequences listed in Table 2.8). In the second round PCR, each 

sample received a well-specific 8bp dual index (96 different indices in total) (sequences listed in 

Table 2.8). Caution was taken at all steps to avoid barcode contamination between samples. 

Products from second round PCR were run on a 2% agarose gel to confirm a PCR product was 

generated, prior to being cleaned with Agencourt AMPure XP beads. The cleaned PCR products 

were pooled and sequencing was performed on the Illumina NextSeq system (SE or PE 75 bp 

reads, ³ 1000 reads per barcode). For single cell analysis, viable barcode positive cells were 

sorted by flow cytometry and processed for scRNA-seq as detailed in section 2.2.10.  

2.3 Data Analysis 

 Single cell analysis 

Cel-seq2 

Reads from scRNA-seq libraries were processed in R and Bioconductor using the scPipe 

package to map reads to the transcriptome, demultiplex reads to individual cells and counts reads 

mapping to each gene. Low-quality cells and non-expressed genes were identified with the scater 

package and removed prior to further analysis. Normalisation of the data was performed using 

the scran package.  

For pseudotime analysis, Bcl2fastq (v2.20; Illumina) was used for generating fastq files. scPipe 

(v1.3.8) pipeline was used in R (v3.5) to process the fastq, align (G1k V37), de-multiplex and 

generate counts. Monocle (v2.9) was used for normalisation and the generation of tSNE (for 

adaptive timecourse) and single cell trajectory plots using differentially expressed gene set 

generated from bulk RNA-seq of MLL-AF9 IBET-resistant cells and drug naïve MLL-AF9 cells 

cultured in DMSO. 

10X 3’ single cell gene expression 

The raw sequencing base calls were demultiplexed into fastq files and count matrices (G1k V37) 

were generated following the Cell Ranger analysis pipeline using the mm10 genome or hg19 

genome as a mouse or human reference respectively (10X Genomics). Further analysis was 

carried out using Seurat 3.0 in R (v3.5). Low quality cells were removed by filtering out cells 

that had fewer than 500 genes or 1000 UMIs. Additionally, cells with more than 10% 

mitochondrial content were filtered out. Samples containing TotalSeq hashtags were 
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demultiplexed in Seurat. Dimensionality reduction and visualisation was conducted using the 

UMAP algorithm.   

For detection of the SPLINTR barcodes from single cell data, unmapped reads (which contain 

reads corresponding to barcode transcripts) were filtered from BAM alignment files using 

SAMtools. BAM files containing unmapped reads were processed as follows to annotate barcode 

to 10X cell ID. First, barcode reads were identified and extracted using a regular expression 

specific to the barcode structure (Table 2.9). Secondly, barcode reads were mapped to the 

corresponding reference library using bowtie end-to-end alignment allowing a maximum of two 

mismatches. Finally, aligned reads were collapsed per cell ID and each cell ID was annotated to 

present barcode IDs. This resulted in a data frame of cell ID and barcode ID, which was loaded 

into corresponding Seurat v3 scRNA-seq objects using the AddMetaData function. This allowed 

for the segregation of cells containing a barcode of interest, enabling clone specific gene 

expression comparisons.  

For the patient data, the PTPN11 c.205G>A mutation was detected from the raw scRNA-seq 

transcript reads from patient BET002 using SAMtools, which generated a list of 10X cell IDs of 

cells containing the mutant transcripts. This list was imported into Seurat and these mutant cells 

were highlighted on a UMAP plot.  

 DNA barcoding analysis 

Following NGS, barcode sequences were extracted from the fastq files based on the known 

constant sequences flanking the random barcodes and subsequently trimmed to remove these 

regions plus the staggers, so only the random barcode sequences remained. Sequences were 

removed if they had a phred (Q) score of less than 30 and if the sequence didn’t follow the correct 

structure (Table 2.9). The remaining barcodes were then processed using the sequence clustering 

algorithm, Starcode137. Based on Levenshtein distances, barcodes that arose due to sequencing 

errors were identified and removed using Starcode, whilst their read frequencies were merged 

with that of the real barcode they originated from. Additionally, any barcodes that had fewer than 

10 reads and any barcodes that were not present in both technical replicate PCRs were not 

included in the final reference library. 

Sequencing reads from barcoding experiments in fastq format were filtered to keep only those 

barcodes that (a) showed a correct constant region (5’-

CGGATCCTGACCATGTACGATTGACTA-3’) upstream of the barcode, (b) showed the 
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expected barcode pattern (up to 6 repeating units of NNSWSNNWSW), (c) did not contain N 

residues, and (d) possessed an average phred quality of 30 across the length of the barcode. True 

barcodes were mapped to the reference library using bowtie v1.2.2 and only exact matches were 

allowed. Only barcodes that were present in both PCR technical replicate were kept for analysis. 

Barcode counts were then tallied per sample and ranked by proportion. Visualisation was 

subsequently conducted in R using barcodeR. 

 Statistics 

Statistical analyses were performed using GraphPad Prism (Version 7). Details of replicates and 

exact statistical test are stated in the figure legends.   



 43 

 

 

 

 

 A novel single cell tool to 

identify transcriptional correlates of future 

clonal behaviour 

  



 44 

3.1 Introduction  

The human body is comprised of an estimated 37 trillion cells that all originate from just one. 

These cells share an almost identical genetic sequence yet execute a series of highly-coordinated 

cell fate decisions to produce a wide range of cell types and tissues, culminating in complex life138. 

A fundamental challenge in developmental biology is understanding how cells undergo these 

complex fate transitions in order to generate diversity; tracing the molecular underpinnings of 

these developmental trajectories has huge implications for understanding the origins of 

development and disease.  

Tumorigenesis shares many parallels with normal embryonic development, including its 

monoclonal origins, asymmetric cell division and analogous gene expression patterns139. Much 

like development, cancer cells divide and evolve as a consequence of both intrinsic and extrinsic 

signals. The genetic or epigenetic makeup contained within each cell is influenced by external 

cues such as nutrient availability, location within the tumour microenvironment and evolutionary 

pressure exerted by anti-cancer therapies9,140–143. These intrinsic and extrinsic influences generate 

significant tumour heterogeneity, which ultimately becomes the substrate for drug resistance, 

metastasis and relapse3,4,121,144. Population-based assays have thus far hampered our understanding 

of the key drivers of tumour cell diversity. However, the recent explosion of single cell 

sequencing methodologies has had major ramifications in understanding tumour heterogeneity in 

a variety of cancer setting.  

Lineage tracing methods are useful tools that have enabled a greater understanding of cellular 

heterogeneity. Labelling individual founder cells with unique heritable tags allows the tracking of 

their progeny over time in order to assess their clonal size and composition. There are many 

different techniques that can achieve this and includes the use of fluorescent proteins, CRISPR-

Cas9, transposon jumping, natural DNA barcode assessment or Cre-recombinase based 

methods129,145–151. This chapter will focus on lineage tracing in the form of lentiviral-mediated 

cellular barcoding. Generally, this consists of a plasmid library containing DNA sequences 

composed of semi-random nucleotides which integrate into the genome of the target population 

of cells, such that every cell receives one unique barcode. As these genetic barcodes are inherited 

through cell division, the frequency and size of each barcode indicates the output of the founding 

clone 134,135,152. Tracing the output of cells using DNA barcodes has revealed some important 

insights about clonal dynamics in cancer. Some of the earliest barcoding studies conducted in 

cancer provided some of the first evidence highlighting the significant clonal dominance that 
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occurs upon transplantation of barcoded cancer cell lines into mice153. Subsequent 

xenotransplantation studies revealed fluctuating growth patterns of clones across serial 

transplants of the labelled cells, where some clones remained dormant and were not apparent 

until multiple tumour passages154. More recently, cellular barcoding has been used to investigate 

drug resistance and metastasis in cancer and has shed light on both the frequency of resistant or 

metastatic clones within a given cancer, in addition to the stochastic versus deterministic nature 

of these properties136,155,156. Whilst these studies have been crucial in enhancing our knowledge 

about clonal behaviour in a variety of different contexts, technical restraints during barcode 

extraction have meant associating a phenotype with a specific barcode (clone) has proved to be 

difficult, particularly at early timepoints.  

Recently, a multitude of different methods to profile mRNA from single cells have provided 

unprecedented resolution of tumour heterogeneity and identified a variety of previously 

unrecognised cell states important for drug resistance, cancer “stemness” and metastatic ability 

that has been previously masked by traditional population-based RNA sequencing86,105,157–161. 

Sampling single cells at different stages can give an indication of the phenotypic shifts associated 

with cancer progression. However, scRNA-seq provides just a snapshot of heterogeneity at each 

of these different stages meaning it has proved difficult to associate the relationships of individual 

cells with their progeny during disease evolution. Cancer cells exhibit significant levels of 

plasticity, allowing them to dynamically switch between alternate states. It is therefore plausible 

that the transcriptional/epigenetic state that promotes a specific clonal behaviour may only be 

transiently present within that cell, such that final phenotype of the clone may not reflect its 

journey. Therefore, a method to follow the trajectories of cancer cells to associate the outcome 

of a clone (i.e resistant) with early and evolving transcriptional states would prove extremely 

powerful in understanding these types of process in order to counteract them.  

Consequently, recent efforts have focused on constructing novel tools that unite both lineage 

tracing and scRNA-seq so that clonal history and transcriptional identity can be obtained from 

the same cell within a clone in the context of a larger heterogenous tumour population. When 

experiments for this chapter commenced in early 2017, efforts to combine both methods mainly 

relied on reconstructing cellular trajectories using computational approaches162–165. Most of these 

methods assumed cells that are more transcriptionally similar to one another follow a common 

pathway. However, it is conceivable that computational convergence to a single trajectory can 

mask underlying heterogeneity in functionally relevant clonal behaviour. This is likely true in a 

cancer setting whereby the gene expression changes mediating cell state transitions are often 
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subtler than those associated with normal differentiation hierarchies. Additionally, whilst these 

approaches are valuable, cells which derive from the same original clone cannot be definitively 

linked with one another. 

These computational approaches have now been followed up with a handful of experimental-

based approaches employing various methods to obtain lineage and transcriptional information 

from single cells. These innovative technologies broadly fall into 2 categories; endogenous in vivo 

systems or lentiviral based methods to exogenous tag cells166–170.The chapter describes the 

development of our own technology, Single cell Profiling and LINeage TRacing with expressed 

barcodes (SPLINTR). SPLINTR falls in the latter category, yet builds upon the available systems 

that couple lineage history with transcriptional identity.  
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3.2 Results 

 Proposed strategy for detection of lentiviral barcodes from scRNA-seq data  

The original barcode library that has long been used in the laboratory for population-based lineage 

tracing is comprised of a 98 bp semi-random stretch of DNA (5’ NNNNNNNN 

SWSWSWSWSW NNNNNNNN SWSWSWSWSW NNNNNNNN SWSWSWSWSW 

NNNNNNNN SWSWSWSWSW NNNNN NNN SWSWSWSWSW NNNNNNNN-3’) cloned 

into the pLL-CMV-GFP lentiviral backbone used for mammalian expression134,135. It contains 

~2500 unique barcodes and a GFP reporter driven by the CMV promoter. The barcode is located 

immediately downstream of the GFP and upstream of both the WPRE and the SV40 poly (A) 

signal in the 3’ LTR (Figure 3.1A). This 98 bp barcode is transcribed as part of a larger mRNA 

molecule when integrated into the genome of a cell.  

The most common method to capture transcripts from single cells is through reverse 

transcription using a poly (dT) oligo that converts mRNA to cDNA by hybridising to their poly 

(A) tail and followed by reverse transcription. This is followed by second strand synthesis, 

amplification, library preparation and sequencing117,119,171. Most methods of scRNA-seq involve 

random fragmentation of either amplified cDNA or RNA at some stage during processing, 

resulting in final cDNA libraries which represent only the 3’ (or more recently only the 5’) end 

of the transcript and are an average of ~500 bp in size. Whilst information regarding splice 

variants and fusion transcripts can be lost without full length RNA, 3’ based chemistry allows for 

a cost-effective way to count transcripts without full information allowing for larger numbers of 

cells to be sequenced. As a consequence, although the barcode sequences from the original library 

are transcribed when integrated into a cell, their distal location to the poly (A) signal in the 

plasmid means that they are lost during standard 3’ scRNA library preparation (Figure 3.1B). For 

this reason, we proposed that relocating the barcode closer to the poly (A) signal in the plasmid 

would enable barcode transcript detection from single cells, alongside their whole transcriptome 

(Figure 3.1C).  
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Figure 3.1 Proposed strategy for capturing the barcode in the transcriptome of single cells 

(A) Plasmid map of original barcode library highlighting location of the 98 bp barcode and the 

poly (A) signal. (B) Schematic highlighting that the 1.2 kb distance between the original barcode 

and the poly (A) signal meant that the barcode was lost during standard scRNA-seq library 

preparation. (C) Schematic highlighting the proposed strategy of moving the barcode closer to 

the poly (A) signal to ensure barcode detection during standard scRNA-seq library preparation.  
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 Re-designing the barcode library 

The first step in creating a new barcode library was to redesign the barcode itself. The new 

barcode was designed to be shorter than the original 98 bp barcode library so that the entire 

sequence could be read in a single 75 bp read on an Illumina sequencer. The design was based on 

the semi-random sequence of the original barcode library and following the pattern 

(NNSWSNNWSW)6, where “N” is any nucleotide, “S” is either G or C and “W” is either A or T. 

The semi-random nature of the barcode design ensures that GC content is controlled across each 

barcode, therefore limiting any biases that may be introduced by amplification during library 

processing. Whilst shorter than the original barcode, the 60 bp length and structure still ensures 

that there are 1.93 x 1025 total number of theoretical barcodes.  

The next step was to change the vector backbone into which the barcode was cloned. Gene 

expression in the original vector was driven by the CMV promoter. Whilst this is one of the most 

commonly used promoters for mammalian expression, several reports have demonstrated that 

CMV is prone to transcriptional silencing over time and can produce variable expression across 

cells even of the same type172,173. This does not necessarily represent a problem when conducting 

population-based DNA barcoding experiments, however transcriptional silencing of the barcode 

would be a major barrier for scRNA-seq compatibility. Moreover, most scRNA-seq platforms 

currently have limited resolution and only profile the most highly expressed genes from any given 

cell and are notorious for gene dropouts.  To circumvent these technical limitations, ensuring 

high and consistent levels of expression of the new barcode was paramount. To this end, a new 

lentiviral reporter plasmid was chosen that contained an EF1A promoter. Studies have 

demonstrated EF1A to be the more superior promoters for providing long-term strong 

mammalian expression, as EF1A is much less susceptible to transcriptional silencing than CMV 

and yields more homogenous levels of expression across cells within the same population173,174.  

The final main step in designing the library was to decide upon the location of the barcode in 

relation to the poly (A) signal in the plasmid. As mentioned above, standard scRNA-seq libraries 

consist of the 3’ end of the transcript, flanked by the Illumina P5 and P7 flow cell binding sites 

and the Illumina read 1 and read 2 sequencing primer binding sites119,175. On the 3’ end of the 

library, the poly (dT) sequence is retained, along with the 10X cell ID and the UMI. Therefore, 

when sequencing a single cell library on an Illumina sequencer, read 1 is generally shorter and 

sequences only the cell barcode and UMI sequences. The sequencer is usually not used to read 

into the mRNA transcript from this direction, as the repetitive nature of the long stretch of T 
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nucleotides where the poly (A) tail was captured can influence the quality of the sequencing read. 

Consequently, read 2 is where transcript information is obtained and sequencing of read 2 begins 

on the opposite side of the fragment to the poly (dT)175. Therefore, the new barcode needed to 

be situated around ~400bp away from the poly (A) signal to ensure that it was sequenced during 

read 2, given that the average scRNA-seq library is ~500bp.  

 Cloning of the new barcode library 

The lentiviral backbone that was chosen for the new SPLINTR barcode library was the EF1A-

MS2-P65-HSF1 plasmid. This plasmid is traditionally used for expression of the MS2-P65-HSF1 

activator complex used for CRISPR activation screens176. It has previously been used in the 

laboratory for this purpose, where high expression of the GFP reporter under the EF1A promoter 

is observed (Figure 3.2). As the MS2-P65-HSF1 insert was not required for the new barcode 

library, the first step was to remove this region. It was removed using the BsiWI and NheI sites 

and the remaining overhangs were subsequently filled in using the polymerase, Klenow. The 2 

blunt ends of the plasmid were then ligated back together (Figure 3.3A). A multiple cloning site 

(MCS) was designed that contained multiple restriction sites in order to increase the number of 

available sites in close proximity to the poly (A) signal for barcode cloning optimization. Two 

complementary oligos (MCS top strand and MCS bottom strand, Table 2.7) were ordered and 

annealed together before they were ligated into to the BspEI and KpnI sites in the EF1A vector. 

This situated the MCS 320 bp away from the poly A signal at the most 3’ and 381 bp away at the 

5’ end (Figure 3.3B).  
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Figure 3.2 EF1A promoter drives high expression of GFP 

Flow cytometry analysis conducted on K562 cells transduced with 8 uL of lentivirus made from 

the EF1A-GFP vector.  

 

 

 

  

0 50K 100K 150K 200K 250K

0

50K

100K

150K

200K

250K

0 50K 100K 150K 200K 250K

0

50K

100K

150K

200K

250K

0 50K 100K 150K 200K 250K

0

-10 3

10 3

10 4

10 5

FSC-A FSC-HSSC-H

SS
C-

A

SS
C-

A

EG
FP

78.3%

96.5%

9.03%

Morphology Single cells GFP expression



 52 

 

 

 

Figure 3.3 Insertion of a multiple cloning site into the EF1A-GFP expression vector 

(A) Plasmid map of the lentiviral EF1A-GFP expression vector highlighting the BsiWI and NheI 

restriction sites used to remove the MS2-P65-HSF1 region. Following removal of this region, 

the linearised vector was ligated back together. (B) A 75 bp MCS containing multiple restriction 

sites was cloned into BspEI and KpnI sites in the plasmid, located 320 bp away from the poly (A) 

signal.    
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Following the preparation of the lentiviral backbone, a single stranded oligonucleotide containing 

the barcode sequence (NNSWSNNWSW)6 was synthesised, flanked by 2 constant regions 

containing a BamHI site at the 5’ end and a NheI site at the 3’ end (Figure 3.4). The barcode 

oligos were made double stranded by 10 cycles of PCR using forward and reverse primers that 

annealed to the flanking constant regions (Table 2.7). The double stranded barcode was then 

digested with NheI and BamHI high fidelity enzymes. The EF1A-GFP-MCS plasmid was digested 

with BsmBI (Esp3I) (Figure 3.4). BsmBI recognizes a specific DNA sequence and cuts 

downstream of this sequence (Figure 3.5A). The MCS was designed in such a way so that it 

contained two of the BsmBI recognition sequences, but each cut site would create a different 

overhang177. As a result, the plasmid was digested with only BsmBI, yet created BamHI and a 

NheI overhangs (Figure 3.5B). Pilot experiments had demonstrated 2 different restriction 

enzymes exhibited varying degrees of cutting efficiency of the plasmid even if both were 

supposedly compatible in the same buffer.  As a consequence, only 1 enzyme was cutting the 

plasmid effectively, leading to poor ligation efficiency of the barcodes. A single enzyme strategy 

was therefore chosen to increase cutting efficiency and streamline the cloning process. Using 

BsmBI sites for cloning situated the start of the barcode (5’ end) 429 bp away from the poly (A) 

signal.  

When digesting and preparing the plasmid, multiple steps were taken to limit any background 

transformation following the ligation step. Firstly, the plasmid was dephosphorylated once it was 

digested with BsmBI to minimise the amount of vector re-ligation with itself. Secondly, the 

plasmid was run at a low voltage (90V) on a 0.8% agarose gel for a minimum of 1 hour to ensure 

good separation of the cut plasmid from any plasmid not efficiently cut. The cut plasmid was then 

extracted from the gel and purified ready for ligation.  
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Figure 3.4 Cloning the barcode closer to the poly (A) signal 

Vector map indicating the restriction sites used to clone the new 60 bp barcode with flanking 

regions into the lentiviral EF1A-GFP plasmid. Ligation of the barcode into these restriction sites 

situated the barcode 429 bp upstream of the poly (A) signal.  
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Figure 3.5 Using the single restriction enzyme BsmBI to create multiple overhangs 

(A) Schematic demonstrating how the restriction enzyme BsmBI cuts downstream of it’s target 

sequence. (B) BsmBI cuts within the multiple cloning site in the EF1A-GFP expression vector 

create both BamHI and NheI overhangs 
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As scRNA-seq is becoming more cost effective, we sought the creation of a library that had higher 

diversity than existing systems, so optimising the efficiency of bacterial transformation was 

important to increase library diversity. In theory, the more bacterial colonies that are positive for 

the insert, the higher the number of unique barcodes. This final barcode number dictates the 

number of clones that can be tracked in a given experiment. To this end, several steps were 

included to ensure a high diversity of barcodes. As the digested barcode was only 121 bp 

compared to the EF1A-GFP-MCS vector which was ~9.5 kb, a number of high insert:vector 

molar ratios were trialed for the ligation reaction to maximise the chance that the small barcode 

successfully came into contact with the ends of the large linearized vector. The insert:vector 

molar ratio that produced the highest number of colonies and therefore predicted the highest 

number of unique barcodes was 50:1. Before the cloning of the full library was conducted, a pilot 

to estimate the background ligation was conducted by using “no ligase” and a “no insert” controls. 

This tested for any plasmid that had been left uncut and any plasmid that had re-ligated back to 

itself without the insert. A high level of background is sub-optimal as the presence of a large 

proportion of empty plasmids would reduce the diversity of the barcode library and create 

significant problems during experimentation. As a result of the measures detailed above, there 

were minimal colonies present on these background controls. Following this optimisation, 5 side-

by-side ligation reactions were performed and subsequently pooled to maximise the number of 

colonies and therefore the number of unique barcodes in the final library. For bacterial 

transformation, the GeCKO CRISPR library protocol was used as a guideline178. Following 

electroporation, the resulting bacterial transformations were recovered for an hour and 

subsequently spread across ~20 13cm x 13cm square plates and incubated overnight at 37 °C. 

Transformation efficiency and therefore library size was estimated from a number of serial 

dilutions of the initial bacterial transformation. Following the overnight incubation, colonies 

were scraped off the plates, pooled and the barcode plasmid DNA was extracted from the 

bacteria. 

Before next generation sequencing of the plasmid pool to generate a reference library of 

barcodes, a few small control experiments were performed to ascertain whether the SPLINTR 

library cloning had been successful and to investigate whether the barcodes were expressed once 

integrated into the genome. Firstly, sanger sequencing of the plasmid confirmed that the barcode 

had been inserted correctly, as indicated by the 60 bp region of sequence diversity flanked by 

regions of uniformity where the constant plasmid sequence is located (Figure 3.6A). PCR of the 

barcode plasmid revealed that there was not a significant amount of background (uncut) plasmid, 
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as indicated by no visible band from the library at the same size as the barcode negative EF1A-

GFP-MCS control (Figure 3.6B). Virus was subsequently made from the plasmid pool and used 

to transduce some HEK 293T cells at a low MOI to ensure a single integration per cell. RNA was 

then extracted from the cells, reverse transcribed and PCR was performed on the resulting cDNA 

in order to quickly visualise whether the barcodes were expressed at a bulk level. The PCR 

indicated the barcode was indeed expressed in the HEK cells, as was the EF1A-GFP plasmid that 

was negative for the barcode (Figure 3.6C) 

Based on these promising controls, the next step was to optimise the PCR that would enable both 

next generation sequencing of the plasmid pool to get a barcode reference library and 

multiplexing of samples for population-based DNA barcoding experiments.  
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Figure 3.6 Controls to test successful ligation of the new SPLINTR barcode library 

(A) Sanger trace from the plasmid pool showing successful integration of the barcodes as 

indicated by the region of diverse bases flanked by the constant region of the plasmid. (B) PCR 

from the plasmid pool indicating a 106 bp increase in the barcode plasmid compared to the empty 

EF1A-GFP vector. (C) PCR on cDNA from HEK293T cells transduced with the barcode plasmid 

indicated the barcode was expressed at a bulk level   
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  PCR optimisation of new barcode library 

The known flanking sequences were used as priming sites in order to amplify the barcode. The 

resulting amplicon contained a region of diversity (the barcode), flanked by regions where every 

DNA fragment contained the same nucleotide composition at the same base position. Having 

diversity at each base position across sequences within a sample is essential for yielding good 

quality data with Illumina’s sequencing platforms179. In a scenario where every DNA sequence 

bound to the Illumina flow cell has the same nucleotide at the same position, the sequencer is 

unable to call clusters correctly. This is especially important during the first 25 cycles whereby 

clusters are initially identified and calculation of phasing/pre-phasing rates occurs180. Therefore, 

the PCR of the barcode needed to be optimised to account for the regions of low diversity either 

side of the barcode.  

One way to account for low diversity samples is to use a PhiX spike-in during sequencing. PhiX 

is a small, well-defined viral genome which can provide diversity when there are only low levels 

present in the target library179,181. However, the PhiX spike in needs to be quite high (30-40%) 

to mitigate the sequencing problems caused by sequences that are completely identical, wasting 

valuable sequencing reads. Another option to overcome low sequence diversity is to create a 

custom sequencing primer. The primer is designed to bind to the region of low diversity and 

sequencing begins at the point where diversity starts. Custom sequencing primers need to be 

validated and different sequencing machines require different properties of the sequencing primer 

so it was decided not to use this approach for the barcode library.  

A relatively simple way to overcome the low diversity library is to use PCR primers which contain 

a mixture of oligonucleotides composed of the target plasmid sequence, plus a random stagger 

region that differs by 1-5 bp in length for each primer in the mix 182,183 (Figure 3.7A, Table 2.8). 

The resulting amplicon using staggered primers therefore consists of the target region plus 1-5 

random bases. This approach was used for the first amplification step of the barcode library and 

designed in such a way so that sequencing begins at the stagger regions, providing a sequence 

position shift among DNA molecules so that the constant regions flanking the barcode no longer 

present a problem (Figure 3.7B). 

The next step was to design a second PCR step that allowed multiplexing of samples so that the 

barcode library could be used for population-based DNA barcoding, in addition to scRNA-seq. 

A dual indexing approach was taken and primer sequences were based on the NEBNext Multiplex 
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Oligos for Illumina which used 12 different i7 indices and 8 different i5 indices, creating a total 

of 96 different indices (Table 2.8). This allowed for pooling of 96 different barcode samples in 

one sequencing run. The final barcode PCR involved two steps: the first step amplified the 

barcode, added stagger sequences to control for sequence diversity, and contained a partial region 

of the read 1 and 2 sequencing primers. The second PCR step completed the sequence of the 

read 1 and 2 sequencing primers, added the dual indices to the sample and added the P5 and P7 

flow cell binding sites.  
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Figure 3.7 PCR strategy for next generation sequencing of the barcode library 

(A) 2 step PCR strategy which first amplifies the barcode from the plasmid and adds stagger 

sequences, along with partial read 1 and 2. In PCR2, read 1 and 2 sequences are completed, 

indices are added for sample multiplexing and flow cell binding sequences are attached. (B) Final 

library structure highlighting the sequence position shifts immediately following the read 1 

sequencing primer binding site to provide sequence diversity.  
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 Generating a reference library of barcodes 

It is important to generate a reference library of barcodes before embarking on experimental 

work. Firstly, the number of barcodes present in the final library dictates the number of clones 

that can be followed in a given experiment, and therefore the number of starting cells for a 

lentiviral transduction. Theoretically speaking, if a given library contained 100,000 barcodes, 

transducing 5,000,000 cells would significantly increase the chance of 2 different cells receiving 

the same barcode, even if only 10% of the cells are successfully labelled with the barcode. The 

output of these 2 separate clones would be attributed to just one clone and this would impact the 

interpretation of the final results. Secondly, having a list of barcodes present in the library makes 

downstream analysis more streamline as the raw data files from a scRNA-seq or a population-

based barcode experiment can be directly aligned to the reference library.   

To generate this reference library, the PCR strategy detailed above was used to amplify the 

barcodes from the plasmid pool in technical duplicate, each with a unique index. The resulting 

libraries were sequenced on the NextSeq at 100M paired end reads each. Barcodes were 

extracted from the fastq files based on the known constant sequences flanking the random 

barcodes and subsequently trimmed to remove these regions plus the staggers, so only the 

random barcode sequences remained. Sequences were removed if they had a phred (Q) score of 

less than 30 and if the sequence didn’t follow the pattern (NNSWSNNWSW)6. The remaining 

barcodes were then processed using the sequence clustering algorithm, Starcode137. Based on 

Levenshtein distances, barcodes that arose due to sequencing errors were identified and removed 

using Starcode, whilst their read frequencies were merged with that of the real barcode they 

originated from. Additionally, any barcodes that had fewer than 10 reads and any barcodes that 

were not present in both technical replicate PCRs were not included in the final reference library. 

Following this quality control analysis, it was determined the SPLINTR barcode library contained 

~170,000 unique “true” barcodes (Figure 3.8A).  

Next, the relative read frequencies of each unique barcode from each technical PCR replicate 

was plotted to ascertain if there was some bias towards certain barcodes. Both replicates followed 

a similar pattern whereby the majority of barcodes received between 100-1000 reads, with some 

outliers that had higher or lower reads (Figure 3.8B-C). This analysis indicated that there was 

some slight skewing in barcode frequencies in the final library, some of which likely arose due to 

technical artefacts associated with the PCR step and may over- or underestimate the actual 

proportion of that particular barcode in the library. Nevertheless, the slight skewing of the library 
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could have consequences for experimental design and there are some important considerations 

that need to be taken into account as a result of these data. Whilst there are 170,000 unique 

barcodes present in the library, the number of clones that can be accurately tracked in an 

experiment will need to be less than this. As the upper limit of this number is reached for labelling 

target cells with the barcode library, the more abundant barcodes have a higher chance of 

integrating into 2 separate cells. The impact of this skewing on experimentation will be addressed 

in the subsequent section.       
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Figure 3.8 Generating a reference library of barcodes 

(A) Following QC, analysis revealed that the GFP barcode library contains 170,885 unique 

barcodes which were present in both library PCR replicates (B) The frequency distribution of 

each barcode present in the library as determined by number of reads associated with that barcode 

from PCR replicate 1 (C) The frequency distribution of each barcode present in the library as 

determined by number of reads associated with that barcode from PCR replicate 2. 
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 Detection of barcodes transcripts from scRNA-seq data 

Once the reference library was collected, the next step was to conduct a pilot scRNA-seq 

experiment to investigate the barcode capture rate from individual cells. To this end, MLL-AF9 

parental cells were barcoded at a low MOI to maximise single integrations per cell (~5% GFP 

positive). A total of 15,000 barcode-positive cells were sorted and 5,000 cells were sampled from 

this pool and expanded for 6 days. It is important that only a subset of barcoded cells was sampled 

and expanded following the flow sort, as technical and financial constraints limit the number of 

barcoded cells that can be analysed within a given single cell RNA-sequencing experiment. The 

starting number of barcodes needs to be restricted so that each barcode is represented multiple 

times i.e multiple cells for each clone. For example, if there were 50,000 starting barcodes, then 

sampling 30,000 cells after a week of expansion for scRNA-seq would only capture a subset of 

the starting clones. This would result in missing transcriptional information from this important 

early timepoint for a number of clones. This represents a major problem, particularly if the 

unsampled barcodes/clones become dominant at a later time point in the experiment. Moreover, 

when identifying transcriptional programmes associated with specific clonal behaviours, each 

barcode needs to represented across multiple daughter cells at the start, in order to confidently 

associate a given set of expressed genes with a future outcome.  

The 6-day expansion period in culture was chosen as it allowed the barcode positive cells to 

recover following the flow sort. Moreover, this expansion period mimicked the process of a 

future larger scale experiment; 6 days was sufficient to yield an adequate number of cells to enter 

multiple experimental arms of a given in vitro or in vivo experiment, whilst having enough 

remaining for scRNA-seq and population-based barcode analysis. 

Following the 6-day culture period of the 5,000 cells, 25,000 cells (which represented 10% of 

the barcode positive cells following expansion) were loaded onto the 10X chromium system for 

droplet-based RNA seq to ascertain the level of barcode detection. This yielded around 14,000 

cells in the final library and after removal of poor-quality cells, there was ~10,000 thousand cells 

taken through into the analysis. Aligning the raw transcript reads from the scRNA-seq data to the 

barcode reference library revealed that we could detect barcode transcripts in 80% of cells 

(Figure 3.9A).  

To assess if library skewing represented a problem during experimentation, the relative barcode 

abundance in the plasmid pool was plotted against how many cells in the scRNA-seq data had that 
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particular barcode. One would expect that if skewing was a significant problem, the more 

abundant barcodes would have integrated into 2 or more cells at the point of transduction, and 

as a result, there would be a higher number of cells that contained these more abundant barcodes. 

However, the data revealed the number of cells containing a given barcode was randomly 

distributed across all the barcodes present in the reference library and the more abundant 

barcodes did not have more cells attributed to them (Figure 3.9B). The barcodes that were 

represented in more cells than others likely represent clones that had significant proliferative 

advantage and went through more cell divisions during the 6-day expansion period.  

The number of integrations per cell was also determined by identifying individual 10X cell IDs 

with their corresponding barcode transcripts. It appears that at 5% transduction efficiency, 85% 

of cells contained a single integration of a barcode. 14% of cells contained 2 unique barcodes and 

cells that contained 2+or more barcodes represented 1% of cells (Figure 3.9C).  Having more 

than one integration per cell is not necessarily a problem but a single integration makes 

downstream bioinformatics simpler as lineages do not have to be reconstructed from multiple 

unique barcodes. Additionally, multiple integrations per cell represents a problem when 

conducting population-based barcoding experiments as these barcodes would be associated with 

2 separate clones. It must be noted that some cells may appear to have 2 unique barcodes 

integrated but this may just represent cell doublets whereby 2 uniquely barcoded cells enter into 

the same 10X droplet and thus have the same cell ID attributed to them.  

In addition to scRNA-seq, barcode PCR was conducted from the same pool of cells to investigate 

whether the efficiency of barcode detection through scRNA-seq matched the population-based 

DNA approach. Analysis showed there was a high correlation between the two methods, although 

some barcodes that were present in the bulk sample were not detected in the scRNA-seq data 

(Figure 3.10A-B). This suggests that sampling 10,000 cells for scRNA-seq was not sufficient to 

capture some of the minor clones/barcodes present within the sample. Increasing the number of 

cells loaded on to the 10X Chromium would likely minimise this loss of minor clones. 

Additionally, losing these clones would also only represent a problem if they because biologically 

meaningful at a later timepoint. The relative proportion of each barcode was highly similar 

between the bulk DNA and scRNA-seq detection, demonstrating that the clonal size is accurately 

reflected from single cells (Figure 3.10C).  

Finally, the function of the new barcode library was assessed at a population-based bulk level. In 

addition to the 5,000 cells that were seeded and expanded for the experiment detailed above, a 
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separate 5,000 cells were seeded along with two replicates of 7,000 cells from the same initial 

pool of transduced cells. These seeding replicates were expanded for 6 days, followed by PCR 

amplification and sequencing. This pilot experiment aimed to address a few key points.  Firstly, 

it investigated whether the absolute number of barcodes recovered from the same number of 

cells initially seeded was comparable. Secondly, it sought to understand whether the barcode 

repertoires across seeding replicates were different; based on the reference library diversity, it 

was hypothesised that from a single pool of transduced cells, sampling multiple replicates of 5,000 

and 7,000 cells should yield different barcodes by chance. Seeding 5,000 cells in replicates yielded 

245 and 223 total barcodes. Moreover, the PCR replicates from individual seeding replicates 

were highly correlated (Figure 3.11A). The number of barcodes obtained from the 7,000 cell 

seeding replicates was 698 number and 541 barcodes. Importantly, whilst the numbers of 

barcodes across seeding replicates was similar, the barcode repertoire between all of these 

replicates was different, indicating the library diversity was high and further reinforcing that the 

slight library skewing does not represent a problem during experimentation at this level of clonal 

tracking (Figure 3.11A).  

Interestingly, seeding 5,000 cells only yielded ~250 barcodes following 6 days of expansion. This 

could be due to loss of barcodes as a result of the sorting process and barcodes that failed to 

expand. This suggested that in order to track more clones initially, a higher number of cells 

needed to be seeded following the sort for barcode positive cells for this particular cell type.    
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Figure 3.9 SPLINTR barcode transcripts are readily detected in single cells 

(A) UMAP plot highlighting MLL-AF9 cells which barcode transcripts could be detected in 

following scRNA-seq. (B) The abundance of each unique barcode present in the plasmid pool 

plotted against the number of cells where that barcode was detected in from scRNA-seq. (C) Bar 

plot showing the number of integrations of unique barcodes per cell 
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Figure 3.10 Barcodes detected from scRNA-seq data are highly correlated with barcodes 
detected from population-based DNA barcoding 

(A) Total number of barcodes detected from scRNA-seq data and bulk DNA barcoding data (B) 

Pearson correlation between barcodes present in scRNA-seq data and bulk DNA barcoding data 

from the same pool of cells. Both PCR replicates for the DNA barcoding are shown (C) 

Proportional bubble plot showing the barcodes detected and their relative frequencies from both 

scRNA-seq and bulk DNA barcoding. Both PCR replicates for the DNA barcoding are shown. 
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Figure 3.11 SPLINTR for population-based DNA barcoding 

Pearson correlation co-efficient indicating high correlation of barcodes between PCR replicates 

and low correlation of barcodes between different seeding replicates from the same pool of 

transduced MLL-AF9 cells.  

  

7K rep 1 PCR 1
7K rep 1 PCR 2
7K rep 2 PCR 1
7K rep 2 PCR 2
5K rep 1 PCR 1
5K rep 1 PCR 2
5K rep 2 PCR 1
5K rep 2 PCR 2 0

0.2

0.4

0.6

0.8

1

7K rep 1 PCR 1

7K rep 1 PCR 2
7K rep 2 PCR 1
7K rep 2 PCR 2

5K rep 1 PCR 1
5K rep 1 PCR 2

5K rep 2 PCR 1

5K rep 2 PCR 2

Barcode ID

A)

B)

7K rep 1 PCR 1

7K rep 1 PCR 2

7K rep 2 PCR 1

7K rep 2 PCR 2

5K rep 1 PCR 1

5K rep 1 PCR 2

5K rep 2 PCR 1

5K rep 2 PCR 2



 71 

 Expanding the SPLINTR barcode library tool kit 

Once it was ascertained that the barcode library i) had a high diversity of barcodes ii) was readily 

detected in scRNA-seq data and iii) there was high correlation between single cell and population-

based applications, the library toolkit was expanded to increase the usability and allow for more 

complex biological questions to be answered.  

We wanted a system that would allow for multiple cell types to be pooled together in a single 

experiment, tracked over time and demultiplexed during analysis. To this end, the fluorescent 

protein in the EF1A-GFP vector containing the MCS was replaced with either BFP or mCHERRY 

using the BsiWI and EcoRI sites (Figure 3.12A-B).  

The sequences encoding for these fluorescent proteins were amplified from other plasmids held 

in the laboratory (Table 2.6), using primers that contained the necessary restriction sites on either 

end, in addition to a kozak sequence to ensure efficient translation initiation (Table 2.7). The 

expression of each fluorescent protein was checked by infecting some cells with virus made from 

each plasmid and analysed by flow cytometry (Figure 3.12C-D). Having separate barcode 

libraries with 3 different fluorescent proteins allows the user to easily check the transduction 

efficiency to ensure a single integration of the barcode by using expression percentage of the 

fluorescent protein as a proxy. It additionally allows pooling of separately barcoded cell types and 

readily demultiplexing the samples by flow cytometry. In addition to demultiplexing by flow 

cytometry, it is useful to easily distinguish each barcode library from sequencing data alone. To 

this end, two additional semi-random barcode sequences were designed that contained differing 

structures based on the location of the N, S and W to ensure no overlap between any of the 

barcode libraries. Their flanking sequences remained the same so they could be amplified in the 

same PCR (Table 2.9). This library specific barcode structure essentially acts as an internal sample 

index that can be read out at the transcriptional level and indicates which target cell population 

the cell belongs to.  
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Figure 3.12 Creating additional SPLINTR libraries  

(A) Plasmid map indicating the replacement of GFP with BFP which was PCR amplified using 

primers with EcoRI and BsiWI sites and ligated into the EF1A-MCS vector (B) Plasmid map 

indicating the replacement of GFP with mCHERRY which PCR amplified using primers with 

EcoRI and BsiWI sites and ligated into the EF1A-MCS vector (C) Flow cytometry analysis 

conducted on K562 cells transduced with 8 uL of lentivirus made from the EF1A-BFP-MCS 

vector. (D) Flow cytometry analysis conducted on K562 cells transduced with 8 uL of lentivirus 

made from the EF1A-mCHERRY-MCS vector.  
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The two additional barcode sequences were cloned into either the BFP or mCHERRY containing 

vectors. The BFP library was cloned using the same bacterial transformation method used for 

cloning the GFP library detailed above. High throughput sequencing was conducted to generate 

a reference library of barcodes and analysis was conducted as before using Starcode137. Again, any 

barcodes that were present below 10 reads and any barcodes not present in both technical PCR 

replicates were removed. This revealed around ~670,000 unique barcodes in the BFP library 

(Figure 3.13A).  Plotting the read frequencies of individual barcodes within the library revealed 

a similar pattern to the GFP library. Most barcodes were present between 100-1000 reads with 

slight skewing in barcode representation where some were more highly expressed and some were 

lowly expressed (Figure 3.13B-C). Based on the pilot experiments conducted in the previous 

section, it was determined that this slight skewing of barcodes would not cause significant 

problem for downstream analysis, as long as the target cell population did not begin to reach the 

upper number of 670,000 barcodes present in the library. 

For the new mCHERRY library, a slightly different approach was taken for bacterial 

transformation. The limiting step in the transformation process is the actual ligation reaction itself 

rather than the electrocompetent cells, as these have the capacity to produce up to 109 colonies 

per 50 uL of cells. To generate a high number of unique barcodes, multiple side-by-side ligations 

were required.  Only 4 uL of each of these ligation reactions could be added to 50 uL of 

competent cells in order to avoid arcing during electroporation. This meant using lots of aliquots 

of cells when in fact this was unnecessary, due to their high competency. To overcome this issue, 

the 5 side-by-side ligations of the mCHERRY plasmid and barcode were pooled together and 

purified using the Monarch PCR and DNA cleanup kit which allows the user to elute the purified 

product in a small volume. The 5 ligation reactions were thus eluted into a volume of just 8 uL 

which could then be added to just two 50 uL aliquots of competent cells for electroporation. 

Following an hour of recovery, rather than plating onto large square plates as was conducted 

done previously, we decided to add the competent cells and DNA straight into 500ml of LB broth 

and grown overnight at 37 °C. There is no evidence that this way of library construction had any 

weaknesses or benefits compared to spreading on plates, but it did significantly reduce hands on 

time.  

Following plasmid extraction and purification, NGS was again conducted to obtain a reference 

library of barcodes. Analysis with Starcode revealed there were over a million unique barcodes 

present in for the mCHERRY library (Figure 3.14). Additionally, plotting the relative frequency 



 74 

of each barcode in the library revealed that the mCHERRY barcodes were much more equally 

represented than the barcodes present in the BFP or GFP libraries, with most barcodes present 

between 10-100 reads. It is difficult to definitively state whether it was the method of 

transformation that produce less skewing, or potentially the read depth was not sufficient to 

capture the skewing with so many barcode sequences present. It must be noted however that this 

sequencing depth exceeds that used by other researchers whom generated a barcode library that 

has a much higher diversity136.  
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Figure 3.13 Generating a reference library for BFP barcodes 

(A) Following QC, analysis revealed that the BFP barcode library contains 672,982 unique 

barcodes present across both library PCR replicates (B) The frequency distribution of each 

barcode present in the library as determined by number of reads associated with that barcode 

from PCR replicate 1 (C) The frequency distribution of each barcode present in the library as 

determined by number of reads associated with that barcode from PCR replicate 2. 
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Figure 3.14 Generating a reference library for mCHERRY barcodes 

(A) Following QC, analysis revealed that the mCHERRY barcode library contains 1,101,201 

unique barcodes present across both library PCR replicates (B) The frequency distribution of 

each barcode present in the library as determined by number of reads associated with that barcode 

from PCR replicate 1 (C) The frequency distribution of each barcode present in the library as 

determined by number of reads associated with that barcode from PCR replicate 2. 
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In addition to scRNA-sequencing, the final step in expanding the SPLINTR library toolkit was to 

examine whether the 3 barcode libraries were compatible with the 10X platform for scATACseq.  

ATAC sequencing is a method used to assess genome wide chromatin accessibility. Whilst there 

are computational strategies to integrate both scRNA and scATAC data sets, these approaches 

cannot link a transcriptional profile and chromatin landscape to a clone of origin184. Associating 

the transcriptional profile and chromatin landscape of a cell with its clonal history by using the 

barcode library would be a powerful way to understand the relationship between chromatin 

structure and gene expression output in individual cells of specific clones. We reasoned that as 

the barcodes integrate into the genome and are expressed, it is likely that the barcodes were 

integrated into regions that were open and accessible, and therefore would be detected during 

ATAC-seq library processing. Some initial pilot experiments were conducted to ascertain 

whether the barcodes could be detected from a bulk ATAC sequencing libraries from K562 cells 

transduced with the mCHERRY barcode library. By sequencing 50,000 cells at 25M reads, there 

were around only 100 reads that aligned to the barcode library. This strongly suggested that the 

barcodes would not be detected from scATAC-seq data without some form of enrichment. 

Therefore, to increase the chances of barcode detection from scATAC-seq data, primers were 

designed that were compatible with the 10X genomics scATAC-seq workflow and would enrich 

for the integrated barcodes whilst maintaining their 10X cell ID sequence (Figure 3.15). As the 

insertion of the Tn5 transposase used during library preparation is not directional, 2 sets of 

primers were designed (Table 2.10). One set was designed for barcodes that got transposed in 

their “correct” orientation (5’ ® 3’) between the sequencing adapters and one for the “reverse” 

orientation (3’ ® 5’). This was to ensure barcode detection was maximised. This strategy would 

then result in a normal, whole genome scATAC library from the barcoded cells, along with an 

enriched barcode amplicon library that would contain the integrated barcodes along with their 

10X cell ID, denoting their cell of origin (Figure 3.15). 
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Figure 3.15 Strategy for coupling lineage tracing with scATAC-seq 

1) Tn5-mediated transposition into accessible regions of the genome occurs inside intact nuclei 

isolated from the target cell population. The Tn5 adds adapters containing partial read 1 and read 

2 at the ends of the fragments of DNA. 2) Transposed nuclei are loaded onto the 10X chromium 

to generate GEMs. 3) Linear amplification of the fragments occurs using the primer sequence 

attached to the 10X Gel Bead. 4) A small proportion of the amplified fragments are syphoned off 

and a 2-step nested PCR is conducted using an external primer specific to the barcode plasmid, 

followed by an internal barcode-specific primer containing the read 2 primer binding site, an i7 

index and P7 flow cell binding sequence. 5) The remaining of the amplified fragments are 

processed using the standard 10X scATAC-seq protocol.  
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To ascertain how many barcodes could be detected from single transposed cells using the PCR 

strategy depicted in Figure 3.15, MLL-AF9 cells were barcode labelled with the GFP SPLINTR 

library and barcode positive cells were sorted by flow cytometry and expanded in liquid culture 

for 7 days. Following this expansion period, the barcode labelled MLL-AF9 cells were 

subsequently split into 2 and scRNA-seq and scATAC-seq (plus barcode enrichment) were 

conducted simultaneously. Analysis of the results revealed that detection of barcodes from 

scATAC-seq data through PCR enrichment was much less efficient than barcode detection from 

scRNA-seq data (Figure 3.16A). This was particularly true for barcodes orientated in the 

“correct” (5’ ® 3’) direction during transposition (Figure 3.16A). Pearson correlation analysis 

revealed the highest levels of correlation were between the scRNA-seq data and the barcode 

amplicon with “reverse” orientation primers. There were lower levels of correlation between 

two amplicons from the scATAC barcode enrichment PCR (Figure 3.16B). This was not 

necessarily unexpected, as each of separate PCR enrichment would likely amplify some distinct 

barcodes just by chance, depending on the orientation of each barcode relative to the sequencing 

adapters during Tn5 transposition. The presence of distinct barcodes between the PCRs would 

be particularly true for lower frequency barcodes originating from minor clones. Proportional 

bubble plot visualisation indicated that despite the low level of barcode detection in cells from 

the scATAC-seq compared to the scRNA-seq, the major clones could be mostly being identified 

(Figure 3.16A, Figure 3.16C). However, many of the minor clones present in cells from the 

scRNA-seq were not detected from the scATAC-seq PCR (Figure 3.16C). Whilst it is promising 

that the major clones/barcodes can be identified in individual cells from scATAC-seq data, this 

will only prove to be useful if these early major clones continue to dominate throughout a given 

experiment. Consequently, ongoing work is focused on optimising this enrichment strategy 

further to enhance the number of barcodes detected from scATAC-seq data.  
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Figure 3.16 SPLINTR barcode detection in from scATAC-seq data 

(A) Total number of barcodes detected from scRNA-seq data and from the scATAC barcode 

enrichment PCRs with both correct and reverse orientation primers (Table 2.10). (B) Pearson 

correlation comparing barcodes detected in scRNA-seq data vs scATAC barcode enrichment. 

(C) Proportional bubble plot visualising barcodes detected in scRNA-seq data vs scATAC 

barcode enrichment. Highlighted barcodes on x-axis represent >5% total sequencing reads.  
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3.3 Discussion 

Lineage tracing tools have provided crucial information regarding clonal dynamics in a variety of 

contexts but has yielded limited phenotypic information regarding cell identity. scRNA-seq has 

been instrumental in deciphering heterogeneity in cancer and identifying novel cell types that 

would have otherwise been masked by population-based averages but lineage information is often 

lost during cell processing. Innovative single cell technologies are required to combine these two 

approaches in order to reconstruct clonal histories whilst associating these with specific 

phenotypes. Our novel method detailed in this chapter outlines a technically and 

bioinformatically simple system that unites both lineage tracing and single cell technologies in the 

form of lentivirally delivered expressed barcodes (Figure 3.17). SPLINTR has the potential to 

unravel many questions regarding cancer biology, in addition to broader biological questions that 

are unable to be addressed through conventional scRNA-seq or lineage tracing alone.  

This chapter describes the construction of 3 independent lentiviral based barcode libraries each 

containing a high number of unique barcode sequences. Unlike previous genetically based systems 

which are often not transcribed upon integration or are too far away from the 3’ end of the 

transcript, the plasmid choice and location of the barcode in this system ensures it is highly 

expressed once integrated into the genome of a cell. The location of the barcode to the poly (A) 

signal ensures the barcodes are readily captured during standard single cell RNA-sequencing 

library processing, coupling the transcriptome of an individual cell to its clonal ancestry. The 

EF1A promoter ensures high expression and is not as susceptible to transcriptional silencing 

unlike other mammalian promoters used in expression vectors. The library diversity and 

therefore the number of individual clones that can be tracked in a single experiment using this 

above system is much greater than recently published technologies that follow a similar 

principle168,169. As single cell sequencing becomes increasingly cheaper and more high-

throughput, researchers are sequencing larger number of cells. It is therefore important to have 

a system that is compatible with these experimental demands and can uniquely label and trace 

large numbers of founding clones. Moreover, one of these existing method uses a short 8 bp 

expressed barcode and therefore relies on multiple integrations per cell in order to confidentially 

call related clones168. This limits the use of this system as it is unable to be used on difficult-to-

transduce cell lines such as primary cells and additionally represents a greater bioinformatic 

challenge when reconstructing lineage histories compared to just a single integration. We wanted 
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a method that could label hard to transduce cells, in addition to being able to use the system at a 

population-based level if required.  

A unique strength of the SPLINTR method compared with other recently published systems is 

the multiple layers of multiplexing. The 3 different fluorescent proteins allow for pooling of 

different cell types or samples into the same experiment which can then be easily isolated through 

flow cytometry or imaging. This also allows one to easily identify the transduction efficiency of 

each barcode library, even when transducing the same cell type sequentially with different 

barcode libraries. Moreover, an additional layer of multiplexing is encoded into the cell itself via 

the different structures of barcode sequences across the 3 libraries, providing a way to identify 

the sample of origin of given cell from the scRNA-seq data alone (Figure 3.17).  

Chromatin accessibility is a dynamic process and large cell-to-cell variability can exist amongst 

cells deriving from the same lineage109. Associating these open and accessible areas of the genome 

with a transcriptional output can give some important information regarding regulatory elements 

and the genes they may regulate. There are technologies that allow for chromatin accessibility 

and transcriptomes from the same cell but these approaches are not currently widely available126. 

Here, we have demonstrated that our barcode library is partially compatible with scATAC-seq 

from the 10X platform, although our enrichment strategy can only identify the major clones. 

Ongoing work aims to improve the detection of barcodes in scATAC-seq data. Future work aims 

to expand the SPLINTR toolkit further by incorporating the barcodes with spatial transcriptomic 

workflows. This will enable investigation of the relationships between lineage history, gene 

expression and location within a given tissue at the single cell level.  By coupling multiple layers 

of heterogeneity to the clonal history of cells, this novel barcoding system aims to provide an 

unprecedented picture of tumour heterogeneity in the future.  

Naturally, there are limitations with every method and the SPLINTR barcoding system presented 

here is no exception. One of the main limitations associated with our method is a limitation which 

applies to all exogenous prospective lineage tracing technologies that require genetically 

manipulating cells; these types of method may present a number of issues. Firstly, whilst existing 

studies have failed to show an effect of the integration of the barcode on the cell, there is always 

a chance that the barcode could integrate into a gene that may influence the outcome of that 

clone185. It is possible however, to conduct integration site analysis the clones at the end of the 

experiment to rule this out. Secondly, as cells need to be lentiviral transduced with the barcodes, 
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they cannot be traced in their native context like some of the in vivo systems that are available. 

This means our system is restricted to in vitro or transplantation assays.  

Despite these minor limitations, the types of biological question that can be answered with this 

technology are vast. It can be applied to study a multitude of cell types that are not just limited 

to cancer and can link a baseline state of a cell with its future clonal fate. Understanding the 

transcriptional and epigenetic characteristics of individual cells that cause them to change cell 

identity will help identify novel therapeutic targets in order to curtail aberrant processes. This 

thesis will now focus on the application of SPLINTR, both in a population-based manner and at 

the single cell level in order to investigate the properties of individual clones that allow them to 

thrive in AML across a variety of contexts.  
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Figure 3.17 Single-cell Profiling and LINeage TRacing with expressed barcodes 

Schematic highlighting the key features of the SPLINTR system developed in this chapter.    
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4.1 Introduction 

Elimination of sub-optimal and damaged cells by their “fitter” neighbours through cell 

competition is a critical process in maintaining normal tissue homeostasis186,187. Cell competition 

also plays a key role in the development and progression of cancer. Intratumour heterogeneity 

potentiates both clonal competition and clonal co-operation. Cells that have heightened levels of 

fitness and aggressiveness, either through genetic or non-genetic means, are able to outcompete 

other sub-clones which possess less “successful” qualities188–190. On the other hand, clones may 

co-operate with one another to accelerate cancer progression36,37. Both clonal competition and 

co-operation have important implications for the evolutionary trajectory of cancer, particularly 

with respect to therapy resistance. Therefore, understanding the molecular pathways that dictate 

clonal competition and co-operation is important for disrupting the complex cancer ecosystem. 

The MLL (KMT2A) gene, located on chromosome 11q23, encodes for a large protein which 

mediates the methylation of histone H3 on lysine 4 (H3K4) at promoters and enhancers 

throughout the genome via its evolutionary conserved SET domain. MLL is predominately 

considered to be a positive regulator of transcription. It is essential for both embryogenesis and 

normal haematopoiesis, due to its key role in maintaining the expression of developmental genes, 

including many located within the Hox gene cluster49,191. MLL is frequently targeted by 

chromosomal rearrangements. These balanced translocations result in a particularly aggressive 

group of acute leukaemias that often have dismal outcomes. A unique feature of MLL-rearranged 

leukaemias is their remarkable lineage switching capacity, manifesting as myeloid, lymphoid or 

mixed lineage (bi-phenotypic) leukaemias48,50,192–194. These oncogenic fusion proteins exemplify 

the importance of epigenetic and transcriptional regulation in both cellular plasticity and the 

development of cancer.  

The N-terminus of MLL, which contains an AT-hook DNA binding motif, has been found fused 

to the C-terminus of over 80 different partner proteins. Despite this high number of different 

fusions, the majority of cases are associated with just a core group of partner genes, which 

includes AF9, AF10, ELL and ENL. These fusion partners mediate several important interactions 

with a number of chromatin-associated protein complexes, including the super elongation 

complex (SEC) and the H3K79 methyltransferase DOT1L complex48,51,192. Through the retained 

DNA binding domain, MLL transports it’s newly tethered partner protein to MLL target genes, 

resulting in their aberrant regulation. This culminates in increased transcription of a subset of 

WT-MLL target genes, including HOXA9, EVI1 and MEIS1, the expression of which is normally 
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restricted to immature HSPCs195,196. Constitutive expression of these primitive genes in more 

committed haematopoietic progenitor cells as a result of the new fusion protein transforms these 

cells and activates a self-renewal programme, leading to hierarchical organisation within MLL-

fusion leukaemia, where a population of LSCs reside at the apex197–199.  

A defining feature of MLL-fusion leukemias is their relative paucity of somatic mutations 

compared with other acute leukemias, reflecting the potency of these unique fusion 

proteins200,201. The lack of co-occuring mutations, coupled with the differentiation hierarchy 

within these leukaemias, indicates the presence of significant non-genetic heterogeneity between 

cells containing the same oncogenic driver. The influence of this non-genetic heterogeneity on 

the evolution of MLL leukaemia is not well appreciated. Despite this genetic simplicity, deep 

sequencing of MLL-fusion leukaemias has identified subclonal mutations located within FLT3 or 

the RAS signalling pathway members in up to 50% of MLL rearranged AML cases200,202,203. These 

mutations have been shown to accelerate leukaemia in mouse models, indicating genetic co-

operation204. However, the molecular mechanism underlying these co-operating events is poorly 

characterised, particularly how these pathways converge at the transcriptional level to accelerate 

leukaemogenesis.  

AML evolution is thought to be driven by the progressive outgrowth of aggressive clones that 

have acquired fitness-conferring mutations and this is accompanied by the loss of other clones. 

Given that MLL-fusion leukaemias are some of the most genetically stable cancers, it is plausible 

that non-genetic (transcriptional/epigenetic) mechanisms allow certain clones to outcompete 

others in order to dominate and cause disease. Identifying early transcriptional signatures that 

predict future clonal fitness and how these transcriptional landscapes are shaped over the 

progression of AML is crucial in understanding the epigenetic drivers of leukaemia evolution and 

aggressiveness. The SPLINTR barcoding technology outlined in Chapter 3 presented us with the 

unique opportunity to understand the non-genetic drivers of cellular competition in MLL-fusion 

leukaemia and how the presence of co-operating mutations shapes these clonal relationships over 

the disease time course.  
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4.2 Results 

 Experimental design 

To examine the in vivo clonal relationships in MLL-fusion leukaemia and to identify 

transcriptional signatures that promote clonal dominance, we first generated secondary MLL-AF9 

leukemias from c-Kit positive bone marrow cells (see section 2.2.6 for details). These bone 

marrow cells were derived from either WT C57BL/6 mice, or from syngeneic mouse models 

carrying endogenous activating mutations in the FLT3 tyrosine kinase (FLT3-ITD) or KRAS 

(KRASG12D). As stated in the introduction to this chapter, these mutations commonly arise as 

sub-clones during the evolution of MLL-fusion leukaemias200,203.  

Cells from each individual genotype were lentivirally labelled with a distinct SPLINTR barcode 

library (Chapter 3) at a low MOI to minimise the chance of multiple barcode integrations per 

cell. Labelling each genotype with a separate library meant the cells were distinguishable by both 

the colour of the fluorescent protein and from each unique barcode structure. Two days following 

transduction, the barcode positive cells were flow sorted based on expression of their relevant 

fluorescent protein. The barcode positive cells were placed into liquid culture to recover and 

expand for 7 days. This expansion period ensured that all mouse groups received the same 

barcode repertoires at transplantation, so as to establish whether clonal dominance was pre-

determined or stochastic. Immediately prior to transplantation, the initial pool of barcoded cells 

was sampled and both population-based barcode sequencing and scRNA-seq was conducted to 

profile the baseline barcode distribution and initial transcriptional profiles of each clone. Each 

barcoded genotype was then transplanted across multiple Ptprca (CD45.2) recipient mice, either 

by themselves or in combination. Three mouse groups received cells from each of the single 

genotypes, one mouse group received an equal mixture of cells from all 3 genotypes (equal 

genotype mixture) and the final group received a mixture of 80% MLL-AF9 cells, 15% MLL-AF9 

+ FLT3 cells and 5% MLL-AF9 + KRAS cells (skewed genotype mixture). The latter aimed to 

model the relative clonal abundance of each mutation given their pattern of serial acquisition in 

MLL leukaemia. These different groups enabled us to understand if the pattern of clonal 

dominance within a single genotype was influenced by the presence of other cells containing 

distinct mutations.   

Upon detection of disease in the peripheral blood (2 weeks post-transplant for all groups), cells 

from the bone marrow and spleen of the mice were harvested and population-based barcode 
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sequencing was performed. Using the SPLINTR technology, we could identify the dominant 

barcodes at disease and “travel back in time” by searching for their associated barcode in the 

baseline scRNA-seq data to look for pre-existing transcriptional signatures associated with their 

future clonal fitness. 
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Figure 4.1 Experimental design for in vivo clonal competition between MLL-AF9 
leukaemia with additional FLT3 and KRAS mutations  

2° leukaemic cells containing MLL-AF9 + co-operating FLT3 or KRAS mutations were labelled 

each with a unique SPLINTR barcode library. The barcode positive cells were flow sorted based 

on expression of the relevant fluorescent protein and placed in liquid culture to expand for 7 

days. This ensured all mice receive the same barcode repertoires upon transplantation. Directly 

prior to transplantation, each barcode labelled genotype was sampled for barcode PCR and 

scRNA-sequencing to get baseline measurements. The remaining cells were transplanted into 

mice either as separate genotypes or mixed together in differing ratios. Upon disease, spleen and 

bone marrow cells were harvested from all mice and the dominant barcodes were identified from 

population-based barcode sequencing. These dominant barcodes can then be identified in the 

scRNA-seq data at baseline to find transcriptional determinants of clonal dominance.  
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 Engraftment potential is influenced by the presence of competing clones 

Analysis of the population-based DNA barcoding was initially conducted to ascertain the general 

patterns of clonal relationships within each genotype and how these relationships were influenced 

by the presence of other distinct genetic clones. We were particularly interested in enumerating 

the number, relative abundance and correlation of clones that gave rise to disease across the 

different mutational groups.  

Firstly, the total number of barcodes present in the bone marrow, spleen and peripheral blood at 

the disease timepoint across the 5 different mouse groups was quantified from the population-

based barcode sequencing. Each barcode was also ranked by abundance and only the top barcodes 

that contributed to 95% of the total sequencing reads were retained. This number was compared 

to the total number of barcodes detected. This comparison revealed that a significant number of 

barcodes were present at very low frequencies and these barcodes were lost when only the top 

95% most abundant barcodes were retained (Figure 4.2A-E). This finding is consistent with 

published barcoding data in a PDX model of breast cancer205. This indicates that many clones have 

the ability to home and engraft to the bone marrow, yet they are unable to proliferate and 

contribute significantly to disease. This raises the possibility that the processes governing initial 

bone marrow homing and engraftment are separate from those that determine clonal dominance 

and outgrowth during AML evolution.  

The engraftment potential of clones was significantly different across the genotype groups. The 

MLL-AF9 + FLT3 leukaemias had a significantly higher engraftment percentage compared to all 

other groups. This indicates a higher majority FLT3 clones growing in liquid culture possessed 

tumour initiating capacity compared with MLL-AF9 and MLL-AF9 + KRAS leukaemias (Figure 

4.3A-B). Most notably, the percentage of bone marrow and spleen clones that engrafted from 

both ratios of the mixed genotype groups was significantly less when compared to engraftment 

potential of clones from single genotype groups (Figure 4.3A-B). This implies that engraftment 

potential is altered by the interaction between cells from distinct mutational backgrounds, 

highlighting increased cell competition between these clones. Only ~10-20% of the clones that 

engrafted actually contributed to the majority of the disease burden across the mutational groups, 

with a higher percentage of engrafted clones that also had the ability to dominate at disease in the 

MLL-AF9 + FLT3 leukaemias (Figure 4.3C-D).  
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Next, we assessed the numbers of disease clones present across different tissue sites. There were 

significantly less clones present in the spleen compared to the bone marrow in the MLL-AF9 single 

leukaemias (Figure 4.3E). This suggests that only certain clones possessed the ability to migrate 

from the bone marrow and reside in the splenic niche. This difference was not observed with the 

addition of co-occurring KRAS or FLT3 mutations. Moreover, the number of barcodes present in 

the peripheral blood was significantly higher in both MLL-AF9 leukaemias and the skewed 

genotype mixture (Figure 4.3E). This higher number of unique barcodes in the blood likely 

reflects clones originating from all sites of disease; clones that are unique to either the bone 

marrow or spleen may be represented in the blood. These barcodes may also originate from dead 

and dying leukaemic cells that had shed into the circulation. There were negligible differences in 

the absolute number of barcodes across tissue types for the other leukaemias (Figure 4.3E). At 

this stage of analysis, it was unclear whether these were the same clones present across the bone 

marrow and spleen, or whether there were certain clones that exhibited affinity for one tissue 

microenvironment over another.  

Notably, the numbers of clones present at disease was highly concordant across mice from the 

same group (Figure 4.2A-E, Figure 4.3A-D). This strongly suggests that the number of clones 

able to engraft and dominate is fixed. Are the same clones dominating across all mice from the 

same group? To answer this question, we next assessed the individual barcode repertoires across 

each mouse group and their relative clone sizes within each mouse. 
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Figure 4.2 Quantifying the number of barcodes present at disease 

(A-E) Analysis of total number of unique barcodes and barcodes comprising 95% of sequencing 

reads at disease timepoints across different genotype groups from population-based barcode 

sequencing. For the clones comprising 95%, barcodes were ranked according to their relative 

abundance and then the top 95% of these were retained. Error bars represent mean ± SD. n = 

4-5 mice per group. Baseline represents just one sample as this was from the initial barcoded cell 

pool for each genotype prior to transplant.   
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Figure 4.3 Engraftment percentage is influenced by the presence of distinct mutational 
clones 

(A) The percentage of barcodes detected at baseline that were present at the disease timepoint 

in the bone marrow across genotypes (B) The percentage of barcodes detected at baseline that 

were present at the disease timepoint in the spleen across genotypes (C) The percentage of total 

engrafted barcodes (from (A)) that contributed to 95% of disease in the bone marrow across 

genotypes (D) The percentage of total engrafted barcodes (from (B)) that contributed to 95% 

of disease in the spleen across genotypes. Ordinary one-way ANOVA, Tukey’s multiple 

comparison test. (E) Comparison of the number of barcodes comprising the top 95% of disease 

between tissue types. Errors bars represent ± SD. Two-way ANOVA, Tukey’s multiple 

comparison test. * p £ 0.05 ** p £ 0.01 *** p £ 0.001 **** p £ 0.0001. n= 4-5 mice per group. 

There was only n= 1 for PB samples from MLL-AF9 + KRAS and equal genotype mixture groups.  
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 In vivo clonal dominance in AML is largely pre-determined 

Correlation analysis revealed that the barcode repertoires across different mice from the same 

single genotype groups were highly similar (Figure 4.4A-C). This was true with respect to 

barcodes present across both the bone marrow and spleen, indicating that there was little tissue 

tropism of certain clones. This analysis strongly implies that clonal dominance in the context of 

isogenic leukaemias is a pre-determined rather than stochastic phenomenon. In line with the 

impact of distinct mutational clones on engraftment efficiency (Figure 4.3A-B), the correlation 

between barcode repertoires across mice that received the mixed genotype cells was lower than 

those that received single genotypes, particularly for the skewed genotype mixture (Figure 4.4D-

E). This infers that the deterministic nature of clonal dominance observed in the context of single 

mutations is impacted by the presence of other competing clones containing distinct mutations. 

This cell competition leads to more stochastic engraftment of clones and hence the barcodes 

contributing to disease were more dissimilar, despite each mouse from these mixed genotype 

groups receiving the same initial barcode repertoires.  

Next, the relative clonal abundance of each barcode across the different mutational backgrounds 

was visualised. Proportional bubble plots were used, where barcodes were distributed along the 

x-axis, assigned a unique colour, and their bubble size scaled according to clonal abundance. This 

revealed a number of different clonal patterns and relationships. In accordance with the 

correlation analysis, the barcode IDs were highly similar across all mice within each of the single 

genotypes (Figure 4.5A-C). For MLL-AF9 + FLT3, a number of disease dominant clones had 

already expanded in liquid culture (Figure 4.5B). This suggests the ability to dominate in vitro and 

in vivo follows a similar mechanism for FLT3 containing clones and this might explain the higher 

engraftment percentage for these leukaemias. In contrast, some clones that dominated in liquid 

culture did not dominate in vivo, particularly for KRAS containing clones (Figure 4.5C). 

Interestingly, despite the differences in the numbers of clones at baseline and engraftment rates 

(Figure 4.2A-C, Figure 4.3A-B), similar numbers of clones comprised the majority of the final 

disease across the 3 single genotypes. Consistent with the correlation analysis, there was little 

evidence that certain clones exhibited tissue tropism for either the spleen or bone marrow 

amongst any of the groups. Strikingly, in addition to the concordance amongst the barcode IDs 

across mice from the same group, the clonal abundance of these dominant barcodes was also 

highly similar (Figure 4.5A-C). This raises the intriguing possibility that the processes governing 

clonal size are also deterministic.  
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The proportional bubble plot for the equal mixture of genotypes revealed that the majority of the 

disease burden originated from MLL-AF9 + KRAS containing clones (Figure 4.6A). Clones 

containing both MLL-AF9 orMLL-AF9 + FLT3 were present at disease across all mice but at much 

lower frequencies (Figure 4.6A). This was surprising given the higher engraftment efficiency of 

FLT3 containing clones in the single genotypes, coupled with the existing data that FLT3 co-

operates with MLL-AF9 to accelerate disease204. This suggested that KRAS containing clones exhibit 

higher levels of fitness compared with the other 2 mutational backgrounds when challenged by 

other clones.  

When the KRAS clones from the equal genotype mixture were visualised in isolation, it appeared 

that much like the single genotypes, the dominant barcode IDs and abundances were concordant 

across all mice (Figure 4.6B). Therefore, the minor disease clones from all 3 genotypes may be 

driving lower levels of correlation between mice compared to the single genotypes (Figure 

4.4D).  

For the skewed genotype mixture, despite the fact that MLL-AF9 + KRAS cells comprised just 5% 

of the initial transplanted pool, these clones still dominated at disease (Figure 4.7A). This further 

highlights the enhanced fitness of MLL-AF9 + KRAS containing clones. MLL-AF9-only containing 

clones, which comprised 80% of the initial transplant pool, contributed the next majority of 

disease burden. MLL-AF9 + FLT3 clones, which comprised 15% of the initial transplant pool, 

barely dominated at disease. This was again surprising for the reasons stated previously. 

Interestingly, when the KRAS clones were visualised in isolation, it became clearer that the 

barcode repertoires across mice were much less similar compared to the other genotype groups 

(Figure 4.7B). This reinforces the notion that the presence of other distinct mutational clones 

exerts some form of evolutionary pressure on the KRAS containing clones and increases the level 

of stochasticity of engraftment and clonal dominance at disease. These data also suggest that the 

presence of high numbers of other clones containing distinct mutations is required to overcome 

the deterministic nature of dominant KRAS clones, given the barcode concordance observed when 

the genotypes were present in equal ratios (Figure 4.6A-B). 

The dominant barcode IDs that comprised >5% and >10% of disease for the 5 mouse groups are 

listen in Table 4.1. There were barcodes that dominated in the single genotypes that also 

dominated in the presence of other mutations (underlined and bold barcodes). There were also 

barcodes that had not dominated in the single genotypes but dominated in either one of the 

mixtures of genotypes. Finally, there were barcodes that dominated across both mixed genotype 
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groups but not in the single genotypes (italicised). For the skewed mixture of genotypes, the list 

of dominant barcodes was much longer. In line with the stochastic nature of clonal dominance 

for this group, many barcodes were unique to just one or a few mice at disease.  
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Figure 4.4 Correlation of barcodes between mice from the same genotype group 

(A) Clustered correlation plot of barcodes detected in the bone marrow and spleen at disease 

from all mice in the MLL-AF9 group. (B) Clustered correlation plot of barcodes detected in the 

bone marrow and spleen at disease from all mice in the MLL-AF9 + FLT3 group. (C) Clustered 

correlation plot of barcodes detected in the bone marrow and spleen at disease from all mice in 

the MLL-AF9 + KRAS group. (D) Clustered correlation plot of barcodes detected in the bone 

marrow and spleen at disease from all mice in the equal genotype mixture group. (E) Clustered 

correlation plot of barcodes detected in the bone marrow and spleen at disease from all mice in 

the skewed genotype mixture group. (Pearson’s coefficient, plots represent barcodes in the top 

95% from population-based barcode sequencing)   
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Figure 4.5 Barcode ID and abundance is highly concordant across mice from single 
genotype groups 

(A) Proportional bubble plot of disease clones in mice that received MLL-AF9 cells (B) 

Proportional bubble plot of disease clones in mice that received MLL-AF9 + FLT3 cells. (C) 

Proportional bubble plot of disease clones in mice that received MLL-AF9 +KRAS cells. Each 

barcode is represented by a dot of a given colour, the size of the dot correlates with the 

sequencing reads. Barcodes highlighted on the x-axis represent those comprising >5% of the total 

sequencing reads. Plots represent barcodes in the top 95% from population-based barcode 

sequencing. The same colour of bubble on separate plots does not correspond to the same 

barcode ID. 
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Figure 4.6 MLL-AF9 + KRAS clones outcompete other mutational clones when present at 
equal ratios 

(A) Proportional bubble plot of disease clones in mice that received an equal mixture of cells 

from each genotype. Genotype of origin is highlighted on the top of the bubble plot. (B) 

Proportional bubble plot of dominant barcodes originating from KRAS clones only. Barcodes 

highlighted on the x-axis represent those comprising >5% of the total sequencing reads. Plots 

represent barcodes in the top 95% from population-based barcode sequencing 
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Figure 4.7 MLL-AF9 + KRAS clones outcompete other mutational clones, even when 
present as a minor sub-clone 

(A) Proportional bubble plot of disease clones in mice that received the skewed mixture of cells 

from each genotypes. Genotype of origin is highlighted on the top of the bubble plot. (B) 

Proportional bubble plot of dominant barcodes originating from KRAS clones only. Barcodes 

highlighted on the x-axis represent those comprising >5% of the total sequencing reads. Plots 

represent barcodes in the top 95% from population-based barcode sequencing 
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Table 4.1 List of dominant barcodes IDs present at disease across all mouse groups 

Bold underlined = Dominated in single genotype groups 

Italicised = Dominated across both mixed genotype groups but not in the single genotypes 

 

Mouse group Winning clones >5% Winning clones >10%  

MLL-AF9 GFP_Barcode_25; 
GFP_Barcode_1794; 
GFP_Barcode_5687; 
GFP_Barcode_19580; 
GFP_Barcode_25727; 
GFP_Barcode_42724; 

GFP_Barcode_19949; 
GFP_Barcode_22885 
GFP_Barcode_131914 

MLL-AF9 + FLT3 mCHERRY_Barcode_91281;  
mCHERRY_Barcode_382334 
mCHERRY_Barcode_409593;  
mCHERRY_Barcode_557900 
mCHERRY_Barcode_709799 

mCHERRY_Barcode_238;  
mCHERRY_Barcode_20744 
mCHERRY_Barcode_603031;  
mCHERRY_Barcode_805948; 
mCHERRY_Barcode_1194147 
 

MLL-AF9 + KRAS BFP_Barcode_33250;  
BFP_Barcode_306435;  
BFP_Barcode_421454 

BFP_Barcode_100420 
BFP_Barcode_354313 
BFP_Barcode_414176 
BFP_Barcode_505045  

Equal genotype mixture BFP_Barcode_1172; 
BFP_Barcode_33250 
BFP_Barcode_42121; 
BFP_Barcode_76877; 
BFP_Barcode_128508 
BFP_Barcode_306435;  
BFP_Barcode_414176; 
BFP_Barcode_421454 
 

BFP_Barcode_100420 
BFP_Barcode_354313 
BFP_Barcode_505045;  
BFP_Barcode_533119 
 

Skewed genotype mixture 

(80% 15% 5 %) 

GFP_Barcode_13217; 
GFP_Barcode 19949; 
BFP_Barcode_1172; 
BFP_Barcode_33250;  
BFP_Barcode_42121; 
BFP_Barcode_62038; 
BFP_Barcode_74557; 
BFP_Barcode_77209; 
BFP_Barcode_124977; 
BFP_Barcode_128508; 
BFP_Barcode_148963; 
BFP_Barcode_183837; 
BFP_Barcode_197885; 
BFP_Barcode_306435;  
BFP_Barcode_414176; 
BFP_Barcode_528610; 

BFP_Barcode_41609 
BFP_Barcode_76877; 
BFP_Barcode_100420 
BFP_Barcode_354313 
BFP_Barcode_421454;  
BFP_Barcode_505045 
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 SPLINTR reveals a common transcriptional signature associated with future 

clonal dominance in AML 

Once the list of dominant disease barcode IDs was compiled, barcodes of interest could then be 

extracted from the scRNA-seq data at baseline and assigned to individual cells through their 10X 

cell ID to identify transcriptional signatures that may predict their clonal dominance. Open 

questions included: do the dominant disease clones resemble LSCs at baseline; do all dominant 

clones have similar transcriptional signatures; and how do the transcriptional signatures differ 

between clones that dominated amongst mice receiving single genotype cells vs in competition 

with other genotypes? 

Cells from the baseline time point for all 3 genotypes were each super-loaded onto a single 

channel of the 10X Chromium Chip to capture as many of the baseline barcodes as possible. This 

was to ensure robust identification of early transcriptional signatures expressed in the disease 

dominant clones at this early time point. We aimed to capture 20,000 baseline cells per genotype 

and 50,000 sequencing reads per cell to ensure high detection of the SPLINTR barcodes. QC 

analysis of the 3 baseline scRNA-seq samples was conducted to ascertain whether these targets 

had been met (Table 4.2). This QC analysis revealed a number of issues. Firstly, the number of 

cells captured for the MLL-AF9 baseline sample was much less than predicted, likely due to mis-

quantification during the cell counting procedure prior to loading on the 10X Chromium Chip. 

The cells however received the target of ~50,000 reads per cells and hence there was a high 

detection rate of the SPLINTR barcodes in the cells from this sample. However, as a result of the 

low numbers of cells captured during the 10X droplet generation, the major disease clones 

identified from the population-based barcode sequencing were only represented in a few cells at 

the critical baseline time point (Figure 4.8, Table 4.1). This meant we were not confident in 

determining a pre-existing transcriptional signature that could be associated with future clonal 

fitness from these clones. For the MLL-AF9 + FLT3 and KRAS baseline samples, an adequate 

number of cells were captured based on the number of barcodes detected at baseline from 

population-based barcode sequencing (Table 4.2, Figure 4.2). However, the samples did not 

receive as an adequate number of reads per cell, resulting in lower than expected detection for 

the SPLINTR barcodes. With this QC analysis in mind, and given that KRAS containing clones 

dominated in both ratios of mixed genotype transplants, the remainder of this chapter will focus 

on characterising the transcriptional signatures that predict future clonal dominance in the MLL-

AF9 + KRAS containing clones only. Ongoing work is focused on capturing more cells for the 
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MLL-AF9 sample, as well as obtaining more sequencing reads from both KRAS and FLT3 libraries 

to boost both gene and barcode detection. 
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Table 4.2 QC metrics from CellRanger for scRNA-seq libraries generated from baseline 
cells from each gentoype 

 

 

  

Metric MLL-AF9 MLL-AF9 + FLT3 MLL-AF9 + KRAS Pilot 
experiment 
(section 
3.2.6) 

# Captured cells 7,848 13,702 22,801 14,102 

# Avg reads/cell 49,702 31,882 19,532 48,717 

Median genes/cell 4,390 3,321 2,582 3,254 

Median UMIs/cell 23,134 14,643 9,697 16,619 

% Cells with a 
SPLINTR barcode 

88% 55% 65% 80% 
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Figure 4.8 Detection of disease dominant barcodes at baseline in MLL-AF9 cells 
UMAP plot of single MLL-AF9 cells from the baseline time point with dominant disease barcodes 

highlighted. GFP_Barcode_22885 was detected in 1 cell and GFP_Barcode_19949 was detected 

in 2 cells at baseline.  
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Given the strong deterministic nature of engraftment and dominance in mice that received MLL-

AF9 + KRAS cells, it was reasoned that these clones may contain pre-existing transcriptional 

programmes prior to transplantation associated with clonal dominance. To identify early gene 

expression programmes that might dictate future clonal dominance, the “winning” barcodes 

detected from the population-based barcode sequencing at the disease timepoint were extracted 

from the baseline MLL-AF9 + KRAS single cell data. These winning barcodes were stored with 

their corresponding 10X cell ID in the Seurat object to allow comparison with other clones 

(analysis outlined in 2.3.1). After pre-processing and normalisation of the single cell data, the 

baseline KRAS cells resolved into 7 transcriptionally distinct clusters (Figure 4.9A). The baseline 

cells containing dominant disease barcodes were then highlighted on the UMAP plot to ascertain 

their clustering pattern. This revealed that the majority of baseline cells that gave rise to the 

dominant clones at disease had considerable overlap on the UMAP plot and were mainly enriched 

in clusters 1, 3 and 6 (Figure 4.9B). This supported the notion that both clonally related (same 

barcode) and clones that dominated at disease (across barcodes) were transcriptionally related.  

We next identified a clone that had dominated following the period of expansion in liquid culture 

prior to transplantation but did not succeed during the evolution of AML in vivo. Projection of 

this “losing” clone onto the baseline UMAP plot revealed that it clustered onto the opposite side 

to the major winning clones (Figure 4.10A-B). To understand the transcriptional signatures that 

distinguished between the winning and losing clones at this early timepoint, differential gene 

expression analysis was conducted between cells from the losing clone (BFP_Barcode_206176) 

and baseline cells containing the 4 major dominant barcodes that comprised >10% of disease in 

the single genotype transplant (Table 4.1, Figure 4.11A-D). This analysis provided a list of genes 

that were significantly upregulated and downregulated in the winning clones at baseline which 

distinguished them from the losing clone. Notably, many of these differentially expressed genes 

were shared amongst the winning clones, suggesting these common early transcriptional changes 

were somehow associated with their future clonal fitness (Figure 4.11A-D). Clone 100420 

contained the most disparate set of differentially expressed genes compared to the other winning 

clones (Figure 4.11D). There were fewer cells representing this clone at baseline, which may 

have resulted in the observed differences in gene expression patterns (Figure 4.10B). 

Alternatively, the processes governing dominance in this particular clone may be distinct from 

the other winning clones.  

This same differential gene expression analysis was conducted on cells from baseline that 

represented clones comprising >5% of the disease (Table 4.1). We observed a number of genes 
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that were shared amongst these more minor clones and the clones comprising more than 10% of 

disease, particularly for those that has been downregulated compared to the losing clone (Figure 

4.11A-D, Figure 4.12A-C). Interestingly, there was much less concordance between the 

differentially expressed genes at baseline amongst these smaller dominant clones compared with 

genes between those comprising >10% of disease. 

Gene ontology (GO) enrichment analysis was conducted using these differentially expressed 

genes to find shared biological processes amongst the dominant clones. Notably, regulation of 

peptidase and endopeptidase activity pathways were upregulated across 3 of the 4 winning clones 

at baseline (Figure 4.13A-C). The genes associated with these processes included number of 

different classes of protease inhibitors, such as Slpi, Stfa1 and Serpinb1a. The majority of research 

has focused on the role of proteases in the malignant process, and counteracting these negative 

effects using exogenous protease inhibitors206,207. However, there is conflicting evidence 

surrounding the role of endogenous protease inhibitors in the development and progression of 

cancer. Both pro- and anti- tumour effects have been proposed 208–210. To the best of our 

knowledge, the role of these genes in AML is virtually unknown, particularly in respect to clonal 

dominance during disease evolution. The balance of proteases and their relative inhibitors plays 

an important role in remodelling of both the extracellular matrix and tumour 

microenvironment206. Therefore, it is likely the upregulation of this pathway in early clones  prior 

to their dominance is associated with the interaction of these clones with the bone marrow niche 

during disease progression.  

GO analysis also revealed significant downregulation of pathways associated with both response 

to stress and immune system detection in the winning clones (Figure 4.13E-G). This infers that 

the dominant disease clones exhibited stress tolerance and decreased immunogenicity prior to 

their transplantation. Increased stress resilience may have allowed the dominant clones to 

withstand the evolutionary pressures of the bone marrow microenvironment. In particular, B2m 

was enriched in many of these downregulated immune pathways. Downregulation of B2m would 

likely impair antigen processing by affecting MHC class I at the cell surface and would 

subsequently allow for the winning clones to evade detection by the immune system 211. 

This GO analysis further highlighted that Clone 100420 was the most distinct of the dominant 

disease clones and had no overlapping biological processes with the other major clones (Figure 

4.13H). 
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Figure 4.9 Disease dominant clones are transcriptionally similar prior to transplantation 

(A) UMAP visualisation of ~15,000 MLL-AF9 + KRAS cells from the baseline time point with 

individual clusters highlighted. (B) Dominant KRAS clones representing more than >1% of 

disease as detected by population-barcode sequencing projected onto the UMAP plot at baseline.   
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Figure 4.10 “Winning” and “losing” clones are transcriptionally distinct at baseline 

(A) A major baseline clone that did not dominate identified from population-barcode sequencing 

projected onto the UMAP plot. (B) Major KRAS clones comprising >10% of disease as identified 

by population-based barcode sequencing projected onto the UMAP plot at baseline.   
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Figure 4.11 Differential gene expression between winning (>10%) and losing KRAS clones 
at baseline 

(A) Heatmap displaying differentially expressed genes between winning KRAS clone 505045 and 

losing KRAS clone 206178. (B) Heatmap displaying differentially expressed genes between 

winning KRAS clone 414176 and losing KRAS clone 206178. (C) Heatmap displaying 

differentially expressed genes between winning KRAS clone 354313 and losing KRAS clone 

206178. (D) Heatmap displaying differentially expressed genes between winning KRAS clone 

100420 and losing KRAS clone 206178. Shared upregulated genes in at least 2 winning clones are 

highlighted in orange. Shared downregulated genes in at least 2 winning clones are highlighted in 

purple. Most differentially expressed genes were determined by the average log fold-change of 

gene expression between the two clones. Winning clones represented here comprised >10% of 

disease. Heatmaps represent top 20 differentially expressed genes.   
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Figure 4.12 Differential gene expression between winning (>5%) and losing KRAS clones 
at baseline 

(A) Heatmap displaying differentially expressed genes between winning KRAS clone 33250 and 

losing KRAS clone 206178. (B) Heatmap displaying differentially expressed genes between 

winning KRAS clone 306435 and losing KRAS clone 206178. (C) Heatmap displaying 

differentially expressed genes between winning KRAS clone 421454 and losing KRAS clone 

206178. Shared upregulated genes present in at least 2 winning clones from Figure 4.11 are 

highlighted in orange. Shared downregulated genes in at least 2 winning clones from Figure 4.11 

are highlighted in purple. Most differentially expressed genes were determined by the average 

log fold-change of gene expression between the two clones. Winning clones represented here 

comprised >5% of disease. Heatmaps represent top 20 differentially expressed genes.   
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Figure 4.13 Gene ontology analysis on genes expressed in winning KRAS clones at baseline 

(A-D) GO enrichment analysis of upregulated pathways in dominant KRAS clones compared to 

the losing clone at baseline. Shared enriched pathways amongst clones are highlighted in green. 

(E-H) GO enrichment analysis of downregulated pathways in dominant KRAS clones compared 

to the losing clone at baseline. Analysis was performed using G:profiler. Values represent -

log(10) of adjusted p-value.  
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We conducted this same differential gene expression analysis on all the major MLL-AF9 + KRAS 

clones comprising >1% of disease, which allowed us to generate a preliminary list of commonly 

up-and downregulated genes that were early indicators of future clonal dominance. The genes 

chosen were common amongst the 4 most dominant clones at disease, which were also 

significantly differentially expressed in many of the smaller major clones (Table 4.3 and Table 

4.4). It is likely this list is under representative of the commonly shared genes amongst winning 

clones and we are currently undertaking more comprehensive analysis to expand this list. 

Given the literature surrounding differentiation hierarchies present within MLL leukemias, one 

would expect that the clones that were able to initiate AML and give rise to disease in multiple 

mice would transcriptionally resemble LSCs at this early timepoint. However, a striking 

observation was that there were no known LSC-associated genes in our list of common genes 

associated with future clonal fitness in AML evolution66,197,212. Further analysis of winning clones 

on a clone-by-clone basis is warranted and may identify certain clones that resemble LSCs. 

Additionally, some of the genes identified in these winning clones may be previously unidentified 

genes associated with LSCs.  

We are currently working on identifying differences between KRAS clones that dominated in the 

mixed genotype mouse groups compared to the single genotype. We want to understand why 

the presence of other distinct mutational clones influences the deterministic nature of dominance 

and what transcriptional signatures are required to outcompete these other clones (Figure 4.5, 

Figure 4.6, Figure 4.7). Moreover, once we have obtained more sequencing reads, we will 

analyse the baseline scRNA-seq data from both the MLL-AF9 and MLL-AF9 + FLT3 cells using a 

similar strategy detailed in this chapter. This will determine whether we have identified a 

common list of genes that are associated with clonal dominance in general, or whether this 

predictive signature is only applicable to KRAS containing clones. Most importantly, the critical 

next step in our investigations is to functionally validate the list of novel genes identified during 

these in vivo experiments, with the aim of elucidating the mechanism by which they dictate clonal 

fitness during the evolution of AML.    
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Table 4.3 Upregulated genes in cells prior to their transplant that are associated with 
future clonal dominance in KRAS clones 

 

Gene  Full Name Number clones 

where expression is 

upregulated at 

baseline (/27 total 

from Figure 4.9) 

S100a8 Calgranulin A 26 

Slpi Secretory leukocyte protease inhibitor 25 

Cd63 Lysosome-associated membrane glycoprotein 3 18 

Hpgd Hydroxyprostaglandin dehydrogenase 15-(NAD) 16 

Iftap Intraflagellar Transport Associated Protein 15 

Pglyrp1 Peptidoglycan recognition protein 1 14 

S100a9 Calgranulin B 10 

Stfa1 Stefin A1 8 

Serpinb1a Leukocyte elastase inhibitor 8 
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Table 4.4 Downregulated genes in cells prior to their transplant that associated with 
future clonal dominance in KRAS clones 

 

  

Gene Full Name Number of clones 
where expression is 
downregulated at 
baseline (/27 total 
from Figure 4.9) 

F13a1 Coagulation factor XIII A chain 25 

Fabp5 Fatty acid-binding protein 5 23 

Emb Embigin 22 

Six1 Sineoculis homeobox homolog 1 22 

Ctsz Cathepsin Z 21 

Ifitm1 Interferon-induced transmembrane protein 1 21 

Ifitm3 Interferon-induced transmembrane protein 3 21 

B2m Beta-2 microglobulin 19 

Ighm Immunoglobulin heavy constant u 17 

Ccl9 Chemokine ligand 9 17 

Cst3 Cystatin 3 17 

Tpi1 Triosephosphate isomerase 15 

St8sia4 ST8 alpha-N-acetyl-neuraminide alpha-2, 8-
sialyltransferase 4 

13 

Ly6e Lymphocyte antigen 6E 8 
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4.3 Discussion 

Clonal competition is an important component of cancer evolution and is primarily thought 

originate from genetic heterogeneity. Diversification of malignant cells during disease 

progression results in the Darwinian selection and dominance of the fittest clones that harbor the 

most advantageous combination of mutations4,213. In recent years, we have begun to appreciate 

that non-genetic heterogeneity is also an important in shaping the evolutionary landscape of 

tumours47,214. However, the non-genetic traits that endow clonal fitness and whether these traits 

are selected for in the same way as mutations during cancer progression is poorly understood. 

Therefore, it is important to identify the non-genetic basis that allows for certain genetically 

identical cells to dominate during disease.   

The SPLINTR barcoding system developed in Chapter 3 allowed us to retrospectively identify 

early transcriptional correlates that were associated with future in vivo clonal dominance in MLL-

fusion leukaemias. Through initial population-based barcoding studies, we discovered that clonal 

dominance in single genotype MLL leukemias is a highly deterministic process, with almost 

identical clones contributing to disease across multiple mice. This deterministic nature was 

impacted by the presence of other clones containing distinct mutations, suggesting intrinsic clonal 

fitness is shaped by the interaction with other competing malignant clones. However, it is unclear 

whether the increased stochasticity in clones that dominated across mice from these mixed 

genotype groups was through competition for space and nutrients in the bone marrow niche 

and/or via the influence of direct leukaemic cell-cell interaction.  

By using scRNA-seq combined with our SPLINTR technology, we demonstrated that the major 

disease causing MLL-AF9 + KRAS clones are transcriptionally similar prior to transplantation into 

mice. Moreover, these winning clones were transcriptionally distinct from a clone which 

dominated in liquid culture but did not contribute to disease in vivo. Differential gene expression 

analysis between winning and losing clones identified a set of commonly upregulated and 

downregulated genes in winning cells prior to their transplantation. This suggests these genes 

played a role in dictating their future clonal dominance in vivo. Unexpectedly, these cells did not 

transcriptionally resemble LSCs at baseline. Instead, they exhibited increased expression of a 

number of different classes of protease inhibitors and other genes associated with proteolysis. 

Additionally, a number of immune-related genes were downregulated in these winning clones. 

This indicates these winning clones are less tumourigenic than losing clones and this may have 

allowed them to escape detection by the immune system. We will now focus on determining the 
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mechanism by which this common pre-existing transcriptional signature prior to their 

transplantation enables cells to dominate during AML evolution.  

It is interesting that even when present at a subclonal level, KRAS containing clones still contribute 

to the majority of the disease burden, suggesting these clones exhibit superior fitness over both 

MLL-AF9 and MLL-AF9 + FLT3 clones. It is therefore likely that the early transcriptional signature 

dictating future fitness in KRAS clones will be distinct from winning clones from the other 2 

genotypes. It was surprising that the FLT3 containing clones did not significantly dominate in 

either of ratio of the mixed genotypes groups, based on the literature suggesting these mutations 

co-operate with MLL-AF9 to accelerate leukaemia204. However, this discrepancy might be 

explained by the FLT3-ITD overexpression systems used in these studies as opposed to the 

endogenous mutation used here. Additionally, domination of FLT3-ITD containing clones may 

only be revealed in the context of therapeutic pressure, as evidence suggests these mutations 

could play a role in therapeutic relapse94. Current experiments are focused on investigating how 

the clonal relationships observed in this chapter are shaped by the evolutionary pressure of 

therapy.  

Given the genomic stability of MLL-fusion leukemias, it is unlikely that the numerous clones that 

dominated at disease across the different groups had acquired fitness-conferring mutations during 

the 7-day expansion period prior to transplantation. Nevertheless, we cannot completely rule 

this out without the appropriate genomic assays. To this end, we plan to conduct exome 

sequencing on cells both pre and post disease to establish if the mutational landscape was altered 

over the duration of the experiment. If this is the case, understanding the relationship between 

any genetic changes and non-genetic changes in winning clones at a single cell level is extremely 

valuable. 

There are endless questions that could be asked based on the large amount of barcode and single 

cell data generated during these experiments. One of the most important questions to follow up 

is whether the early transcriptional signatures present in clones that dominate in single genotypes 

compared with those that dominate in the presence of other mutational clones are shared or 

distinct. The observed increase in the level of stochasticity in KRAS clones that dominate in the 

mixed genotype group may have resulted from altered microenvironment interactions due to 

increased clonal competition during engraftment. Therefore, the baseline signatures of the clones 

that dominate in single genotypes compared to the context of clonal competition may appear 

similar. However, we have conducted scRNA-seq at the disease timepoint on whole bone 
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marrow and spleen from a few mice from each group and this will help us determine how the 

early transcriptional profiles of dominant clones were shaped by the presence of clones containing 

distinct mutations.  

Based on the initial population-based barcoding analysis, we observed a large number of engrafted 

clones that did not dominate at disease. This raises the possibility that the properties that dictate 

engraftment versus dominance are likely to be separate. These properties are potentially encoded 

in cells prior to transplantation and our baseline data set provides the ideal opportunity to 

establish whether there are transcriptional changes that distinguish between these two features.  

Finally, we are endeavouring to improve the computational analysis of our single cell data. For 

the differential gene expression analysis in this chapter, we used just one clone that dominated in 

liquid culture but not in vivo and this clone was compared to the baseline expression profiles of 

all dominant disease clones. We want to trial a more unbiased approach by randomly sampling a 

subset of losing clones and conduct differential gene expression using these. This will help clarify 

if the list of genes we have generated that predict future dominance adequately distinguishes the 

winning and losing clones from one another. 

A key observation that arose from visualisation of the baseline cells on the UMAP plot was that 

during the expansion period prior to transplantation, some transcriptional drift occured between 

cells originating from the same founding clone. Future work aims to use endogenous forms of 

lineage tracing, including mitochondrial mutations and SNPs, to reconstruct the cellular 

hierarchies within single barcoded clones215. This will help determine the frequency of cells 

within a single clone that engrafted and contributed to the disease. This will refine our detection 

of an early transcriptional signature predictive of dominance as we will remove cells from within 

single clones from our gene expression analysis that didn’t contribute to disease. 

Finally, it is important to question why cells that did not contribute towards disease had a similar 

transcriptional profile to the dominant clones at baseline. This highlights the complexity of clonal 

dominance and suggests a role of other sources of heterogeneity in determining clonal behaviour. 

Therefore, combining the SPLINTR approach with scATAC-seq and spatial transcriptomics will 

help understand how the regulatory landscape and microenvironment can also influence clonal 

dominance in AML.  

  



 127 

 

 

 

 

 Exploring dynamics of non-

genetic resistance in acute myeloid 

leukaemia  



 128 

5.1 Introduction 

Drug resistance represents a major barrier to producing cures for cancer. Whilst many therapies 

induce complete remissions by reducing the bulk of the tumour to impalpable levels, frequently, 

a subset of cancer cells are able to survive the therapeutic pressure. This incomplete eradication 

of residual tumour cells results in disease relapse. The major driver underlying therapeutic failure 

and relapse in cancer is undoubtedly tumour heterogeneity; the more cell-to-cell variability that 

exists, the greater the chance a tumour cell will exhibit the necessary features that promote its 

adaptation and survival 3,144,216. Identifying the underlying molecular processes that enable cancer 

cells to evade therapy holds much promise in eventually overcoming drug resistance.  

There have been many different mechanisms associated with drug resistance in cancer, the most 

common of which include increased drug efflux, inhibition of apoptosis,  and altered drug binding 
98,217–220. A gene-centric view of cancer biology has led to the wide-spread acceptance that these 

mechanisms of resistance manifest as a result of rare, pre-existing or acquired clones that contain 

resistance-conferring mutations. Whilst these genetic routes to drug resistance have some well-

defined examples in the literature, this widely held belief has been questioned in the last decade 
98,220,221.  

A purely mutational pathway to resistance ignores the observations that epigenetic dysregulation 

and cancer cell plasticity are both central parts of tumour maintenance and progression2,222. It is 

therefore plausible that heterogeneity arising through non-genetic processes could also lead to 

drug resistance. Indeed, recent insights have revealed that alterations which are not hardwired 

into the genome can result in therapeutic failure. Some of the first examples of non-genetic 

resistance described small populations of cancer cells capable of maintaining viability during drug 

exposure, yet were genetically identical to the rest of the drug-sensitive tumour104. Removal of 

drug pressure from these cells caused the reversion of drug resistance. These resistant cells are 

termed drug tolerant persisters and have now been identified in a wide range of cancers treated 

with a number of different classes of drug, suggesting they represent a common pathway to 

resistance 106,107,223,224. In addition to this transient form of non-genetic resistance, stable and 

heritable forms have also been described 76,105,161. Paradoxically, many of these investigations into 

non-genetic resistance were conducted in melanoma, a cancer with one of the highest mutational 

burdens and a hypermutation phenotype 105,223,225,226.  
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On the other hand, the genomes of AML patients contain relatively few mutations compared 

with other cancers 29,202. Despite this paucity of mutations, AML is a highly aggressive malignancy 

that is difficult to cure. Additionally, transcriptional and epigenetic dysregulation is central to 

AML pathophysiology, indicating that non-genetic heterogeneity is important for both disease 

progression and relapse. Collectively, this raises the possibility that the high rates of therapeutic 

failure observed in AML likely occurs, in part, through epigenetic mechanisms.  

Analysis of published whole genome and exome sequencing data conducted by our laboratory 

revealed that, strikingly, up to 40% of AML patients relapsed to standard chemotherapy in the 

absence of a coding mutation (Figure 5.1)9,93,101,143,227. This reinforces the idea that non-genetic 

mechanisms of relapse are an important and understudied mechanism that drives relapse in 

AML. Recent clinical evidence has established that LSCs represent an important reservoir for 

non-genetic resistance to chemotherapy in AML75. LSCs are often genetically identical to the 

bulk tumour cells they give rise to, yet exist in a different epigenetic state which provides them 

with multi-drug resistant properties66,67. In addition to chemotherapy, pre-clinical evidence 

from our laboratory and others has demonstrated that resistance to epigenetic therapies in AML 

can also occur in the absence of a genetic event 76,103. Extensive characterisation of our unique 

model of BET resistance revealed that non-genetic resistance arose in cells that functionally and 

phenotypically resembled LSCs. It is not clear whether this population of LSCs were pre-

existing or whether certain cells acquired stem-like properties as a result of BET inhibition76. As 

BET inhibitors are now transitioning into the clinic for the treatment of AML, it is important to 

identify the mechanisms through which resistance arises. Therefore, this chapter sought to 

understand whether our pre-clinical findings regarding non-genetic BET inhibitor resistance 

apply in a clinical setting by using scRNA-seq to interrogate bone marrow cells obtained from 

patients undergoing a clinical trial for IBET therapy in AML. The results from this chapter 

formed part of a larger manuscript published in Nature Communications in 2019227.  
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Figure 5.1 Relapse to chemotherapy occurs in the absence of new mutations 

Meta-analysis from four independent studies analysing either the whole genome or whole exome 

of AML patients at diagnosis and relapse. Mutations are defined as non-synonymous changes 

within the coding sequence of any gene. Shared mutations are mutations present at both diagnosis 

and relapse.  
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5.2 Results 

 Evidence of non-genetic BET inhibitor resistance in the clinic 

To explore the clinical relevance of our laboratories previously published findings on BET 

inhibitor resistance, serial bone marrow samples were obtained from two patients enrolled on 

the Molibresib (IBET) Phase I clinical trial for AML. Both patients had a modest, durable response 

to BET inhibition but eventually relapsed (Figure 5.3A-B). Much like our pre-clinical model, 

genomic analysis of their bone marrow failed to reveal the emergence of new AML-associated 

mutations at the time of relapse for either patient, nor was there a selection advantage of any pre-

existing mutations that were present before commencement of IBET therapy (Figure 5.2). In the 

absence of a clear genetic cause for resistance to BET inhibitor therapy, the transcriptional 

response of each patient was explored at the single cell level to investigate whether IBET 

resistance arose from a pre-existing population of cells that expressed the necessary 

transcriptional signature required for relapse.  

Viable bone marrow blast cells from each patient were flow sorted based on the expression of 

CD45 and side-scatter characteristics. This broad morphological gate was chosen for several 

reasons. Firstly, myeloid blast cells are easily identified and separated from lymphocytes using 

this gating strategy (Figure 5.4). Secondly, expression of leukemia-associated cell surface markers 

can be heterogeneous across AML cells from a single patient so using this broad gate ensured 

maximum capture of phenotypically diverse leukaemic blasts for downstream scRNA-seq228,229.  

The analysis of the scRNA-seq data from the bone marrow blasts allowed for several important 

observations to be made. For patient BET001, the transcriptional signature necessary for IBET 

resistance was present in the residual cells at the time of the best clinical response (Figure 5.3C). 

This transcriptional programme enabled cells at remission to expand in the context of ongoing 

therapy and was maintained in the relapse cells. The transcriptional programme shared by the 

remission and relapse cells was quite distinct from the cells that were present at baseline (Figure 

5.3C). This implies that there was not a significant population of cells that contained the 

transcriptome necessary for resistance prior to the onset of therapy for patient BET001. Instead, 

it suggests some of the leukaemic blast cells were able to transcriptionally adapt as a result of 

therapeutic pressure over time.  

In contrast, the dynamics mediating non-genetic resistance appear to be different for patient 

BET002. The scRNA-seq data revealed that a small population of IBET naïve cells present at 
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baseline contained a transcriptional programme that was similar to cells originating from the 

relapse timepoint (Figure 5.3D). This infers this programme allowed these cells to evade therapy 

and give rise to cells that were transcriptionally similar, subsequently resulting in relapse. 

Sampling of the relapse timepoint for patient BET002 was conducted following a month of 

therapy withdrawal. Notably, the relapse cells maintained their resistance-associated signature 

following this withdrawal period and the majority of cells did not revert back the pre-therapy 

state (Figure 5.3D). This suggests that IBET resistance in this particular patient represents a stable 

form of non-genetic resistance.   
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Figure 5.2 No significant changes to mutant allele fraction upon relapse to BET inhibitor 
therapy  

Analysis of mutant allele fraction of known AML mutations using a validated targeted sequencing 

panel in AML bone marrow blasts isolated from BET001 and BET002 at diagnosis and relapse230. 

No new mutations were detected in either patient at relapse.  
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Figure 5.3 Transcriptional responses to BET inhibitor therapy at the single cell level 

(A) Schematic of the treatment regime and bone marrow blast percentage for patient BET001 

over the clinical trial treatment course. AZA = azacytidine. (B) Schematic of treatment regime 

and bone marrow blast percentage for patient BET002 over the clinical trial treatment course. 

FLAG = Fludarabine, Cytarabine and G-CSF. (C) UMAP analysis of 7,254 individual blast cells 

isolated from patient BET001 at baseline, remission and relapse. scRNA-seq sampling points are 

indicated on the graph in (A) (D) UMAP analysis of 6,418 single blast cells isolated from patient 

BET002 at baseline and relapse. scRNA-seq sampling points are indicated in on the graph in (B) 
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Figure 5.4 Representative gating strategy for the isolation of leukaemic cells 

Any debris was removed from the sample by using the morphology gate (SSC-A vs. FSC-A). 

Next, any doublets (SSC-A vs. SSC-H) and dying cells (PI+) were excluded from the sample. 

Finally, the blast cells were identified by their expression of CD45dim as compared to the 

lymphocytes, which were CD45bright. The sample depicted is BM-MNCs cells from patient 

BET002 prior to therapy. 
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When patient BET002 entered the Molibresib clinical trial, genomic analysis confirmed they had 

a PTPN11 mutation, among others. As demonstrated above, the VAF of these mutations did not 

change from pre- to post therapy, suggesting the mutations did not confer any pre-existing 

resistance to IBET treatment (Figure 5.2). The particular PTPN11 point mutation identified in 

BET002 was present at the 3’ end of the gene (c.205G>A, Glu69Lys). Therefore, it was reasoned 

that this particular mutation might be detected from RNA transcripts from the 3’ based scRNA 

sequencing data. Indeed, analysis of the scRNA-seq data revealed that the mutation could be 

detected in similar proportion of cells from both baseline and relapse samples (Figure 5.5). It is 

important to note this was likely an underrepresentation of cells that harbored this mutation, as 

scRNA-seq data is known for high gene dropouts. This analysis highlights that the marked 

transcriptional changes between baseline and relapse cells were not driven by the underlying 

PTPN11 mutation, as indicated by the broad distribution of cells containing the mutation across 

the UMAP plot (Figure 5.5). This reinforces the notion that BET inhibitor resistance in this 

patient arises from by mutation-independent mechanisms. 

Although the scRNA-seq data outlined in this section are derived from a limited number of 

patients, together these findings suggest that in the absence of a clear genetic cause, resistance to 

IBET likely arises through either transcriptional adaptation in response to therapy or via a pre-

existing non-genetic state that allows those cells to evade therapy and cause relapse.    
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Figure 5.5 The transcriptional programme expressed in leukaemic cells is independent of 
the underlying driver mutation 

Expression of mutant PTPN11 (c.205G>A) in blast cells from patient BET002 overlaid onto the 

UMAP plot. Mutant PTPN11 transcripts were detected in 50 baseline blast cells and 95 relapse 

blast cells (right side). UMAP coloured by timepoint is present for reference (left side). 
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 Non-genetic resistance emerges from LSCs in the clinic 

In order to understand the specific transcriptional changes mediating resistance for each patient, 

differential gene expression analysis was conducted on the single cell data. Firstly, for each 

patient, clusters of transcriptionally similar cells were identified using the Shared Nearest 

Neighbour (SNN) clustering algorithm and visualised on the UMAP plot (Figure 5.6A-B)184. For 

patient BET001, all the clusters associated with pre-therapy were assigned to a new cluster 

termed “Sensitive”. SNN clusters associated with both remission and relapse cells were assigned 

to a new cluster termed “Resistant” (Figure 5.6A). Differential gene expression analysis was then 

conducted by comparing these newly assigned clusters to one other. For patient BET002, clusters 

associated with pre-therapy were combined and assigned to a new cluster termed “Sensitive” 

(Figure 5.6B). Importantly, this did not include the pre-existing resistance cells originating from 

the baseline sample that clustered with the relapse cells (Figure 5.3D). A second newly assigned 

“Resistant” cluster included cells from the relapse timepoint, in addition to the pre-therapy cells 

that contained the relapse programme (Figure 5.6B). Differential gene expression was then 

conducted by comparing these newly assigned clusters to one another. 

Differential gene expression analysis between the newly assigned “Sensitive” and “Resistant” 

clusters revealed 149 genes associated with IBET resistance for patient BET001 and 1027 genes 

associated with resistance for patient BET002. The disparity between these two numbers likely 

reflects the tighter clustering of bone marrow blasts from patient BET001, in contrast to the 

blasts from patient BET002, which exhibited more significant heterogeneity. It is therefore 

unsurprising that a larger number of genes mediated resistance for this patient.  

For patient BET001, the top 50 differential expressed genes between “Sensitive” and “Resistant” 

are shown in Figure 5.6C. An obvious commonality among this list of genes is the increased 

expression of a number of histone isoforms and variants in the resistant cells. These consist of 

both replication-dependent histone isoforms (HIST1H1C, HIST1H2AC, HIST1H2BD, 

HIST1H4C, HIST2H2AA3) and replication-independent histone isoforms (H3F3B, H1FX). 

Canonical histones mRNAs generally lack poly (A) tails but many of the variants are 

polyadenylated, hence why they were picked up in the 3’ RNA-seq. Histone variants add another 

layer of complexity to how the genome is accessed and expressed and exhibit many diverse roles 

that are not limited to DNA packaging alone231. The histones overexpressed in the resistant cells 

for patient BET001 have been associated with many different processes, including cellular 

plasticity, proliferation and reprogramming during development232–234. The role of histone 
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isoforms and variants in cancer, and more specifically AML, remains unclear but their well-

established roles in cellular plasticity are likely to be important in tumour cells. The high 

expression and number of histone variants in the remission and relapse cells compared to baseline 

cells for patient BET001 highlights a role for chromatin dynamics and plasticity in the acquisition 

of non-genetic BET resistance for this particular patient.  

For patient BET002, the top 50 differential expressed genes between “Sensitive” and “Resistant” 

are shown in Figure 5.6D. Notably, seven of these most highly expressed genes have previously 

been associated with LSCs, recapitulating the laboratories previous findings that BET inhibitor 

resistance emerges from cells that resemble LSCs 70,71,212,235,236. Expression of these genes is highly 

enriched in the “Resistant” cluster, including the pre-existing cells originating from baseline 

(Figure 5.7A). Furthermore, 3 additional LSC associated genes were present in the full list of 

1027 most differentially expressed genes for patient BET002 and although they were not present 

in the top 50, they were still highly enriched in the resistant population (Figure 5.7B). In contrast, 

there were only 2 genes associated with LSCs in the top 50 gene list from BET001 and expression 

of these genes was not a good discriminator of the resistant state for this patient (Figure 5.8)235,237. 

No other LSC genes were found in the full list of 149 differentially expressed genes for patient 

BET001.   
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Figure 5.6 Gene expression changes associated with IBET resistance in the clinic 

(A) Clusters identified by the SNN algorithm (left) and how these clusters were newly assigned 

into “Sensitive” and “Resistant” clusters for patient BET001 (right). (B) Clusters identified by the 

SNN algorithm (left) and how these clusters were newly assigned into “Sensitive” and “Resistant” 

clusters for patient BET002 (right). (C) The top 50 most differentially expressed genes between 

“Sensitive” and “Resistant” clusters for patient BET001. (D) The top 50 most differentially 

expressed genes between “Sensitive” and “Resistant” clusters for patient BET002. LSC-associated 

genes are highlighted in green. Top 50 was determined by the average log fold-change of gene 

expression between the two groups. 
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Figure 5.7 Non-genetic resistance emerges from pre-existing cells resembling LSCs in 
patient BET002 

(A) Expression of 7 LSC genes found among the top 50 most differentially expressed genes 

between “Sensitive” vs “Resistant” cells overlaid onto a UMAP plot for patient BET002. (B) 

Expression of 3 additional genes that have previously been associated with LSCs that were not 

present in the top 50 of most differentially expressed genes between “Sensitive” and “Resistant” 

cells for patient BET002.   
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Figure 5.8 LSCs genes are not significantly associated with relapse in patient BET001 

Expression of 2 LSC genes found among the top 50 most differentially expressed genes between 

“Sensitive” vs “Resistant” cells overlaid onto a UMAP plot for patient BET001. 
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Next, SNN clustering of the baseline samples from each of the patients was conducted in order 

to further identify any cells that may contain a pre-existing resistance transcriptional signature 

for either patient. As expected, analysis of the baseline sample from BET002 revealed that there 

was a distinct group of cells that clustered away from the main population (Figure 5.9A). The 

same analysis conducted on the baseline sample from BET001 failed to reveal a distinct population 

of cells that clustered away from the main group (Figure 5.9B). Differential gene expression 

analysis for patient BET002 baseline sample identified 6 of the LSC associated genes highly 

enriched in the distinct cluster of cells (cluster 2) compared to the other clusters, demonstrating 

that the “pre-existing” LSCs could be readily identified before therapy commenced (Figure 

5.10A). Bulk analysis of this baseline sample may have obscured this finding as the population of 

LSCs-like cells only comprises around 12% of the total population sampled. Additionally, flow 

cytometry analysis using an antibody panel containing well known cell surface markers of LSCs 

reinforced these findings. A small population of cells expressing markers associated with LMPP-

like LSCs could be detected at baseline and this population increased to 50% of the total blast 

count upon relapse (Figure 5.10B-C). The small clusters of cells that separated from the main 

group of cells for patient BET001 (clusters 6 and 7) expressed markers of plasma cells, such as 

CD79A, IGLL5 and MZB, and therefore likely represent contamination from the flow sorting 

process as opposed to a pre-existing resistant state.  

Collectively, this analysis suggests that non-genetic resistant to BET inhibitor therapy may arise 

through two scenarios. In the context of patient BET001, there is no obvious pre-existing 

resistant population of cells present before therapy (Figure 5.3C, Figure 5.9B). The cells that are 

resistant to IBET contain high expression of histone variants, which may have played a role in 

allowing some cells to mount an adaptive response to BET inhibitor therapy, resulting in their 

adaption and survival. This process had occurred by the time of remission. In the context of 

patient BET002, BET inhibitor resistance appeared to emerge from a pre-existing population of 

cells that phenotypically and transcriptionally resemble LSCs, which could be readily identified 

before therapy commenced and comprise the majority of cells at relapse (Figure 5.3D, Figure 

5.7A, Figure 5.9A, Figure 5.10A-B). Moreover, this finding is consistent with recent efforts 

which have demonstrated that resistance to conventional chemotherapy also emerges from 

malignant cells with LSC properties in the absence of any mutation.  

At the time of this study, there were only 2 patients enrolled on the Molibresib who had a durable 

response to drug but subsequently relapsed. Due to the nature of phase I clinical trials, these 

patients had previously undergone various therapies before they started on the BET inhibitor trial 
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(Figure 5.3) and this previous drug exposure undoubtedly affected the pathway to resistance. 

This makes it hard to draw strong conclusions about a common mode of non-genetic resistance 

to BET inhibitors in the clinic. However, the laboratory’s previously published model BET 

inhibitor resistance reiterates many of the clinical features described above, so it provided an ideal 

system to further study the major molecular principles involved in non-genetic resistance.  
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Figure 5.9 Analysis of patient baseline samples to identify pre-existing resistant cells 

(A) SNN clustering of the baseline sample from BET002 showed that cluster 2 is distinct from 

the main population. (B) SNN clustering of the baseline sample from BET001 showed that cells 

largely cluster together.  
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Figure 5.10 Identification of pre-existing drug resistant LSCs from IBET naïve cells 

(A) Expression of 6 LSC genes identified as highly expressed in cluster 2 from patient BET002 

baseline overlaid onto the UMAP plot. (B) Flow cytometry analysis of baseline bone marrow 

blasts from patient BET002 identified a small population of cells that immunophenotypically 

resemble LMPP-like LSCs based on CD34+CD38-CD90-CD45RA+ expression. (C) Flow 

cytometry analysis of patient BET002 showed enrichment of LMPP-like LSCs at relapse based on 

CD34+CD38-CD90-CD45RA+ expression. 
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 Improvement of the Cel-seq2 protocol for plate based single cell RNA-seq  

As with the analysis of the patient bone marrow cells from the Molibresib clinical trial, single cell 

assays were required to understand whether BET inhibitor resistance in the MLL-AF9 ex vivo model 

was derived from a rare pre-existing population of cells that already possess the LSC 

transcriptional programme prior to drug exposure. To serially track the transcriptional changes 

over multiple time points during the drug resistance process, a plate-based method of scRNA-

seq was chosen for investigating drug resistance in this MLL-AF9 model. The main reason for 

choosing a plate-based method over a high throughput droplet-based method for these 

experiments was because plate-based methods generally capture more genes per cell than 

droplet-based methods118,171. This is beneficial for the MLL-AF9 model as it was reasoned that 

these cells would exhibit less heterogeneity when compared with the primary bone marrow blasts 

from the patients, so detecting more genes per cell might help resolve nuances between individual 

cells along the process of drug resistance. 

A trial experiment was initially conducted to investigate the heterogeneity within the MLL-AF9 

model using the Cel-seq2 protocol238. The MLL-AF9 cells used were derived from 4 different 

treatment groups: drug naïve cells treated with either DMSO (vehicle) or 400 nM of IBET for 5 

days and the IBET resistant cells maintained in 1000 nM of IBET (standard conditions) or 

withdrawn from IBET for 5 days. One 384 well Cel-seq2 plate was processed per treatment 

group. Differential gene expression analysis of the Cel-seq2 libraries across the 4 treatment 

groups did not capture the heterogeneity that was expected. Heatmap visualization indicated that 

the gene expression changes between clusters was minimal for the most part (Figure 5.11). 

Additionally, whilst there were a good total number of genes detected per cell (average of 

~6000), most of these genes were detected are low levels, as indicated by the large areas of blue 

on the heatmap (Figure 5.11). It is known that genes such as MPO are expressed in many cells 

derived from the myeloid lineage, yet they were not detected in many cells in this trial 

experiment, even from the vehicle treated cells239,240. Additionally, it is known that Clec12a is 

highly expressed in myeloid leukaemia cells but the heatmap indicates that it is absent in many 

cells241. One can observe on the heatmap that if MPO was detected, then it was expressed 

reasonably highly however it was not detected as frequently as expected (Figure 5.11). This initial 

trial experiment indicated that improvements needed to be made to the Cel-seq2 protocol to 

allow for higher resolution to enable more biological meaningful conclusions to be drawn. The 

lysis step involved in the protocol for Cel-seq2 was a mild hypotonic lysis followed by freezing. 
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Based on the data detailed above, we reasoned that the mild hypotonic lysis was not sufficient to 

burst every cell, hence why genes that should be highly expressed, like MPO, were not present 

in many cells and there were only minor differences between clusters of different treatments.  

  



 150 

 

Figure 5.11 Single cell RNA sequencing pilot of MLL-AF9 cells using Cel-seq2 

Heatmap displaying the differentially expressed genes between clusters from MLL-AF9 drug naïve, 

IBET treated, resistant, and resistant cells withdrawn from IBET sequenced using Cel-seq2.  
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The ideal lysis buffer for scRNA-seq protocols needs to robustly lyse the cell and nuclear 

membrane, whilst maintaining the integrity of the RNA and without influencing the downstream 

reverse transcription reaction. Other plate based scRNA-seq methods, such as SMART-seq2 and 

MARS-seq were used as guide to identify the most suitable lysis buffer to incorporate into the 

Cel-seq2 workflow112,242,243. These protocols both used the mild detergent, Triton-X, for their 

cell lysis at a final concentration of 0.2%. Based on this, a side-by-side comparison was conducted 

on MLL-AF9 drug naïve cells using Cel-seq2 plates that contained either 0.2% Triton-X or the 

standard Cel-seq2 plates with the mild hypotonic lysis. Initial pilot experiments revealed that 

incorporation of the Triton-X into the protocol yielded cDNA fragments that were much longer 

than normal Cel-seq2 libraries (>1000bp) and were therefore unable to be sequenced due to 

their large size (Figure 5.12A-B). A potential reason for this might be due to an overall increased 

amount RNA being released from the cell. This meant that a longer fragmentation time of aRNA 

following IVT was required to yield cDNA fragments that were within the average length for a 

final Cel-seq2 library (~600bp) and thus able to be reliably sequenced on standard Illumina 

sequencers (Figure 5.12B). During the side-by-side experiment comparing the new Triton-X 

plates to the standard plates, both the original fragmentation time of 2 minutes and the increased 

fragmentation time of 2.5 minutes was used for the standard plates. This was to control for any 

impact of increased fragmentation time on the quality of the data that was independent of the 

new lysis method itself. 

Analysis of this comparison revealed the number of genes detected in cells originating from the 

Triton-X plates was overall more consistent and higher than those originating from the standard 

Cel-seq2 plates (Figure 5.13A-B). Interestingly, the counts of the ERCC Spike-In controls used 

for normalisation for each cell from the Triton-X plates was lower than compared to the standard 

plates (Figure 5.13C). An explanation for this could be that the ERCCs make up a smaller 

proportion of the final library from the lysis plates as a result of increased mRNA from the cell 

being captured. In both lysis conditions, a proportion of cells/wells fail to make good quality 

libraries, as indicated by the low number of ERCC and low number of genes detected in the 

group of cells located on the bottom left of Figure 5.13D. There are many reasons that may 

account for this, including human error, but it is to be expected that a small number of cells to 

fail the library preparation process for scRNA-seq protocols. Another subset of cells originating 

from the standard Cel-seq2 plates exhibited high expression of ERCCs, indicating the library 

preparation was successful for these wells. However, for this same group of cells, there were a 

minimal number of genes detected, strongly supporting the idea that the cell sorted into that 
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particular well was not efficiently lysed (Figure 5.13D). In contrast, if the library had worked for 

the cells originating from the Triton-X lysis plates, as indicated by ERCC detection, there were 

also a high number of genes detected from that particular well/cell. There were no wells from 

the Triton-X plate that had ERCCs detected and not any genes (Figure 5.13D). Together, this 

demonstrates more consistent and efficient lysis with Triton-X compared to the standard 

hypotonic lysis. Finally, a heatmap of differentially expressed genes between the Triton-X lysis 

and standard plates clearly displays that the Triton X provided a more reliable cell lysis, shown 

by the consistent detection and high expression of genes including MPO in every cell, compared 

with cells originating from standard Cel-seq2 plates where there were a significant levels of drop 

outs for many genes (Figure 5.14). The lower expression of ERCCs in the Triton-X lysis plates 

can be visualised on the heatmap compared to the normal plates, but they are still expressed 

highly enough to be used as an adequate control (Figure 5.14). Due to the cell lysis improvements 

detailed in this section, the addition of the Triton-X lysis buffer was subsequently incorporated 

into the standard protocol of Cel-seq2 used by the laboratory and was the method of choice for 

the remainder of this thesis.  
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Figure 5.12 Final cDNA library sizes for standard Cel-seq2 plates vs Triton-X lysis plates   

(A) High sensitivity D5000 tapestation displaying the final Cel-seq2 library using standard 

fragmentation time and cell lysis conditions. Average cDNA length was 637 bp. (B) High 

sensitivity D5000 tapestation of the final Cel-seq2 library using standard fragmentation time and 

Triton-X cell lysis. Average length of cDNA was 1045 bp. (C) High sensitivity D5000 tapestation 

of the final Cel-seq2 library using increased fragmentation time and Triton-X cell lysis. Average 

length of cDNA was 615 bp. 
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Figure 5.13 Comparison of gene and ERCC Spike-in detection across different cell lysis 
conditions for Cel-seq2 

(A) Average of the total number of genes detected across the different lysis conditions. (B) Total 

number of counts per cell (y-axis) plotted against the total number of genes per cell (x-axis). (C) 

Total number of ERCC Spike-in controls detected across lysis conditions. (D) Total number of 

ERCC Spike-in controls per cell (y-axis) plotted against the total number of genes per cell (x-

axis).   
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Figure 5.14 Differential gene expression analysis comparing different cell lysis conditions 
for Cel-seq2 

Heatmap displaying differentially expressed genes of drug naïve MLL-AF9 cells processed with 

either standard Cel-seq2 plates or plates containing Triton-X.  
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 Non-genetic BET inhibitor resistance arises through transcriptional 

adaptation in vitro 

To understand if resistance was derived from a rare pre-existing population of cells harbouring 

the resistant LSC transcription program prior to drug exposure, the ex vivo mouse model of non-

genetic drug resistance was regenerated. Drug naïve MLL-AF9 cells were DNA barcoded using 

the SPLINTR library outlined in Chapter 3 and expanded for enough time to obtain a sufficient 

number of cells to enter both vehicle and treatment arms of the experiment (around 5 days). 

After expansion in liquid culture, barcoded cells were plated into methylcellulose at a density of 

10,000 cells per mL to reach a total of 60,000 cells per sample to ensure 30-fold representation 

of barcodes so as to minimise stochastic loss during replating. Cells were then treated with either 

DMSO or 400 nM IBET with the dose of IBET gradually increased every 7 days until the cells 

were growing in 1000 nM IBET (>IC90). Importantly, each treatment arm was split into 

technical replicates containing comparable starting barcode representations in order to 

understand whether resistance was intrinsic vs stochastic (e.g the same vs different barcodes 

growing out in technical replicates). At each timepoint, 60,000 cells were taken into the next 

replating to continue the experiment. The remaining cells were then split across barcode PCR 

and scRNA-seq using the improved version of Cel-seq2 described in the previous section (Figure 

5.15A). Analysis of the scRNA-seq data from cells sampled at different stages of the drug 

resistance process allowed monitoring of the transcriptional trajectories of individual cells over 

time. Pseudotemporal ordering of cells across the drug resistance time frame demonstrated that 

the transcriptional programme necessary for IBET resistance was gradually acquired by cells as 

they were exposed to increasing concentrations of drug, as opposed to originating from a rare 

pre-existing group of cells that already possessed the resistance programme (Figure 5.15B). 

The DNA barcoding revealed that only a small proportion of transformed cells, grown in liquid 

culture, had sustained clonogenic potential in methylcellulose, as indicated by the decline in 

number of barcodes when cells were transferred from liquid culture to methylcellulose (Figure 

5.15C). Notably however, when increasing therapeutic pressure was applied to these cells with 

clonogenic potential, a large proportion of the malignant clones (22 clones or 30% of the total 

DMSO clones that remained at the last time point) had a selection advantage that enabled their 

survival (Figure 5.15C). Visualisation of the proportion of individual barcodes from each 

treatment group revealed differing levels of clonal drift after 28 days, even in the DMSO samples 

(Figure 5.15D). The first dose of IBET was 400nM and did not exert much therapeutic pressure 
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on the cells, as the barcode repertoires appeared similar to those in DMSO. However, there was 

a significant clonal expansion following 28 days of increasing IBET exposure and notably, these 

barcodes/clones were largely different to the clones that had expanded in the DMSO sample at 

this time point. This meant they were treatment specific clones as opposed to clones that already 

had a proliferative advantage before the onset of therapy. Strikingly, the same barcodes 

dominated across both technical replicates, indicating that some kind of intrinsic property within 

a clone allowed it to survive IBET therapy in independent conditions (Figure 5.15D). Moreover, 

this was surprisingly mirrored in the clones that expanded slightly in the DMSO samples, raising 

the possibility that properties that allow a clone to dominate, such as increased proliferation rate, 

are stably inherited by daughter cells (Figure 5.15D). This recapitulates the deterministic nature 

of clonal dominance during AML observed in Chapter 4. Together these data provide compelling 

evidence for dynamic transcriptional plasticity as a major component contributing to non-genetic 

therapeutic resistance. Intriguingly, whilst the resistance signature is likely acquired over the time 

course of IBET treatment, the surviving clones were “primed” and appeared to exhibit intrinsic 

properties that allowed them to adapt to this increasing therapeutic pressure.  

It must be noted here that barcode transcript detection from the Cel-seq2 data presented was 

inefficient and much lower than the capture rate with 10X protocols described in Chapter 3. This 

barcode is likely not robustly captured here due to the slightly larger size of cDNA libraries used 

for Cel-seq2 when compared to 10X (>600bp vs 500bp). Ongoing work in the lab aims to 

optimise the fragmentation time of the Cel-seq 2 libraries to lower the library size to ensure high 

capture rate of the expressed barcodes whilst maintaining the quality of the transcriptional data. 

Nevertheless, the information obtained from the bulk barcoding detailed above is informative 

and the intriguing results poses the question of whether the gene expression programmes 

responsible for the clones primed to become resistant can be identified using the new barcode 

library in the future using a similar approach to the work outlined in Chapter 4.  
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Figure 5.15 Non-genetic BET inhibitor resistance is dynamically acquired over time from 
a population of “primed” cells 

(A) Schematic highlighting experimental design for tracking the acquisition of drug resistance. 

Drug naïve cells were barcoded and expanded in liquid culture and plated in methylcellulose. 

Cells were then re-plated weekly in either DMSO or escalating concentrations of IBET until they 

were growing in 1000 nM, where they were maintained for an additional 4 weeks. (B) 

Pseudotemporal ordering of single drug naïve cells serially passaged in DMSO or increasing 

concentrations of IBET. Analysis was conducted based on the differentially expressed genes 

between resistant versus drug naïve cells from bulk RNA-sequencing. (C) Number of barcodes 

comprising 90% of total reads at first plating that are then serially retained at 90% of the total 

reads for every re-plating either in DMSO or IBET. (D) Visualisation of the proportion of 

barcodes present in technical replicates for day 7 and day 28 for both DMSO and IBET treated 

cells.  
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5.3 Discussion 

Once AML has relapsed, it is often an incurable disease. This highlights the urgent need for a 

greater understanding of the processes that drive the acquisition of resistance in certain cells 

during this time. Recent studies have suggested that an underappreciated pathway to relapse is 

via non-genetic factors and we and others have now shown that this form of resistance occurs in 

AML. Unlike mutationally driven resistance, non-genetic resistance has the potential to be 

reversed. It is therefore important to understand whether this mode of resistance occurs through 

selection of a pre-existing transcriptional state or through adaptation over time and to identify 

the associated molecular pathways.  

Here we used scRNA-seq to profile bone marrow blasts derived from AML patients who relapsed 

to BET inhibitor therapy in the absence of a genetic event. We show that one route of resistance 

might be via the selection of pre-existing cells that express high numbers of LSC-associated genes 

which are then selected for during therapy and result in relapse. These data reinforce that LSCs 

represent an important pathway to non-genetic resistance in AML. Alongside the genes that have 

already been identified in LSCs, these pre-existing cells co-express many other genes that may be 

unique to LSCs and may assist in better identification and classification of these important cells as 

more single cell data sets are produced. Whilst these cells strongly resemble LSCs, it must be 

considered whether transcriptional signature corresponds to a functional output. Unfortunately, 

due to limited sample collection at the time of the clinical trial, limiting dilution 

xenotransplantation studies aiming to address this question could not be conducted. 

Nevertheless, this population of pre-existing cells could be readily identified by using scRNA-seq 

of the IBET naïve bone marrow sample based on their expression of LSC-associated genes. This 

has some important implications for the use of scRNA-seq in the clinic before therapy is 

administered in order to direct treatment decisions and inform therapeutic success.  

The data here additionally highlights that LSCs are not the only source of resistance to IBET 

therapy in the clinic and that this resistance can arise through adaptive processes over time, rather 

than a pre-existing state. The most apparent molecular signature present in cells at the time of 

resistance for this patient was the high expression of a number of histone isoforms. Pre-clinical 

research has found that non-genetic resistance has been associated with an aberrant chromatin 

state. The high expression of histone variants could indicate that the resistant cells present in 

patient BET001 may have undergone significant chromatin remodelling during the acquisition of 

resistance. Unfortunately, the bone marrow samples for this patient were once again limited so 
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that epigenetic analysis, such as ATAC-sequencing, could not be performed to investigate this. It 

also important to note here that whilst our single cell analysis strongly suggests there was no pre-

existing transcriptional programme associated with resistance, the number of cells sampled may 

have been insufficient to detect the existence of a rare pre-existing resistant clone at baseline.  

Due to the nature of phase I clinical trials, the clinical data outlined in this chapter is derived from 

just 2 patients. At the time of this study, only these patients had demonstrated a partial durable 

response to BET inhibition but subsequently relapsed in the absence of a genetic event. Both 

patients underwent previous therapies before entering the trial. The LSC-like cells observed in 

patient BET002 may have evolved as a consequence of multiple rounds of therapy prior to the 

onset of IBET therapy. Based on the promising results outlined in this chapter, ongoing work in 

the laboratory aims to comprehensively study the prevalence of non-genetic resistance in other 

AML patients as they are enrolled to the IBET clinical trial and use scRNA-seq to ascertain 

whether there is a common pathway used to evade BET inhibitor therapy. We also want to 

understand if these principles of non-genetic resistance apply in AML in the context of other 

therapies, including for standard chemotherapy whereby the mode of therapeutic action is 

entirely different. 

We previously discovered that pre-clinical non-genetic resistance to BET inhibitor therapy also 

emerges from cells that resemble LSCs. Therefore, this provided us with a malleable model in 

which to expand the above clinical findings. Using this model, we show in MLL-AF9 cells that are 

treatment naïve, non-genetic IBET resistance is a dynamic process that occurs over a period of 

time as opposed to a selection for a pre-existing resistant state. Through DNA barcoding analysis 

we ascertained that the number of cells that have the potential to undergo this adaptation 

represents a significant proportion of the starting number of clones, reinforcing the idea that 

resistance is not driven by the acquisition of mutations. Whilst we didn’t detect the resistance 

signature in a pre-existing subpopulation of cells, the ability to mount a non-genetic adaptive 

response to IBET therapy was a heritable trait rather than stochastic.  

The SPLINTR method described in Chapter 3 and validated in Chapter 4 provides an ideal system 

to identify the early transcriptional or epigenetic signatures that allow these clones to adapt to 

therapy. Unfortunately, due to fragment length during library processing of this particular 

version of Cel-seq2, the barcodes were not detected efficiently in order for identification of these 

molecular correlates of resistance.  Ongoing work aims to use 10X scRNA-seq workflows where 

high expression of the barcode is observed in order to identify the key genes that are involved in 
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this “primed” state which allows the cells to eventually become resistant to IBET. It will also be 

interesting to see if this phenomenon occurs in the context of other therapies, such as 

chemotherapy and targeted small molecule inhibitors, given their vastly different modes of 

action. Future work also aims to increase barcode detection for Cel-seq2 protocols by tailoring 

the fragment size of the library whilst ensuring high gene detection.      

Collectively, these findings lay the ground work for using single cell technologies to understand 

the transcriptional or epigenetic landscapes that dictate the pathways to non-genetic resistance. 

Genetic and non-genetic resistance are likely to occur simultaneously, so dissecting the relative 

contribution of each in cancer warrants further study. Most importantly, using innovative single 

cell tools to understand the molecular mechanisms underlying both genetic and non-genetic 

resistance is crucial in order to prevent drug resistance and relapse in AML and other cancers.    

 

 

 

 

 

 

  



 163 

 

 

 

 Summary and general discussion  
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6.1 Introduction 

Intratumour heterogeneity is a hallmark of cancer. It provides the substrate for disease 

progression and therapeutic resistance. A gene-centric view of cancer biology has meant that the 

majority of investigations aiming to unravel tumour heterogeneity have focused on understanding 

the impact of mutational diversity on disease evolution9,28,40,93,200. Whilst mutations play a central 

role in tumour pathogenesis, we are beginning to appreciate that in isolation, genetic 

heterogeneity is insufficient to fully explain cell-to-cell variability in cancer. Non-genetic sources 

of heterogeneity, including transcriptional, epigenetic and microenvironmental contributions, 

have a large impact on shaping cellular phenotypes amongst genetically identical cancer 

cells3,144,221. These sources of non-genetic heterogeneity lead to functionally distinct 

subpopulations of cells that can withstand or adapt to the myriad of evolutionary pressures during 

cancer progression. Non-genetic heterogeneity is particularly important in cancer treatment; 

unlike the static genome, the inherent plastic nature of transcriptional and epigenetic landscapes 

of malignant cells is more amenable to reprogramming. However, in order to eventually 

modulate non-genetic variability in cancer, it is fundamental that we determine the molecular 

basis of how non-genetic heterogeneity influences cancer progression and drug resistance. The 

work in this thesis aimed to address some of the challenges involved in unravelling non-genetic 

heterogeneity by developing and applying novel single cell tools to both murine models and 

clinical samples of AML. It also highlights the importance of understanding the contribution of 

non-genetic heterogeneity in AML and cancer more broadly. 

6.2 Identifying transcriptional correlates of future clonal 

behaviour in cancer  

The classical genetic model of evolution and relapse posits that, due to genomic heterogeneity, a 

pre-existing mutation present in a minor sub-clone may confer increased fitness to a given 

environmental pressure, allowing it to expand and dominate. Additionally, through uncontrolled 

cell division during evolution, a cell may acquire an additional mutation which may render that 

clone resistant to therapy4,9,98. A similar model is likely true for non-genetic heterogeneity. First, 

is a “pre-existing model”, whereby certain cells within an isogenic population display a distinct 

pre-existing transcriptional or chromatin state which confers increased evolutionary fitness to 

therapy or other environmental challenges. Second is an “adaptive model” whereby certain clones 

can acquire a new cell state overtime in order to overcome an environmental insult. With this in 
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mind, we wondered whether it is possible to link early transcriptional signatures to the future 

outcome of a successful clone. Given that these non-genetic states are much more transient than 

genetic perturbations, answering this type of question requires an approach that enables tracking 

of individual cellular phenotypes over time.  

To this end, Chapter 3 of this thesis details the development of a novel single cell method that 

aims to trace transcriptional heterogeneity in tumour cells over time. This novel lineage tracing 

method, SPLINTR, uses highly expressed molecular barcodes which are compatible with 

microfluidic scRNA-seq workflows. Serially profiling of cells labelled with the SPLINTR library 

offers a powerful approach to match individual transcriptomes of single cells with their clonal 

history. As a result, this unbiased method can be used to identify early and evolving 

transcriptional signatures associated with clonal behaviours that are important in cancer.  

Our investigations in Chapter 4 aimed at identifying the early molecular drivers of clonal 

dominance in a murine model of clonal competition in AML highlight the utility of our SPLINTR 

technology. We identify a novel gene signature present in cells prior to transplantation which is 

correlated with their future clonal dominance. Future validation studies conducted on these genes 

will reveal the mechanism by which these transcriptional pathways lead to clonal fitness and may 

provide the opportunity for therapeutic intervention in order to disrupt tumour evolution. 

Whilst our in vivo studies provided valuable insight into the non-genetic basis of clonal 

dominance, we may have missed some important transcriptional signatures that contributed to 

clonal fitness but were only switched on during the process of disease evolution in vivo. To 

overcome this, SPLINTR can be easily applied to cell culture assay where clones can be sampled 

throughout the time course of the experiment, allowing for detection of these evolving 

transcriptional landscapes in response to a given evolutionary pressure. We endeavour to use this 

approach to enhance the findings of our population-based barcoding study investigating in vitro 

non-genetic BET inhibitor resistance presented in Chapter 5. We hope to identify the non-genetic 

determinants that dictate the acquisition of drug resistance in the “primed” clones.  

The ultimate goal of SPLINTR is to develop robust transcriptional and epigenetic signatures that 

are linked to malignant clonal behaviours that can therapeutically exploited. The signatures can 

be applied to patient datasets for the development of prognostic tools to identify patients at-risk 

of developing therapeutic resistance, and to develop alternate therapeutic strategies to prevent 

these routes to relapse before they occur. SPLINTR also has broader reaching applications for 

studies of solid cancers as it has the potential to reveal early and novel transcriptional signatures 
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in cells destined for epithelial to mesenchymal transition, with the potential to identify novel 

targets that might restrict the development of metastasis.  

6.3 Non-genetic resistance in cancer 

The work conducted in Chapter 5 of this thesis adds important clinical data to the growing body 

of literature demonstrating that epigenetic changes are also an important modulator of drug 

resistance76,104–106. We identified AML patients who has a modest durable response to BET 

inhibitor therapy but subsequently relapsed in the absence of a genetic event. scRNA-seq 

highlighted distinct transcriptional profiles for each patient whereby therapeutic resistance was 

associated with either a small pre-existing population of cells that transcriptionally resembled 

LSCs, or via the acquisition of resistance signatures over time. Although this clinical data was 

derived from a small number of patients, it hints that both Darwinian and Lamarckian forms of 

non-genetic evolution play a role in the development of therapeutic resistance. Future work is 

focused on serially profiling bone marrow cells from other patients enrolled on the BET inhibitor 

clinical trial to ascertain the prevalence and common pathways associated with non-genetic 

resistance. These single cell studies are also being expanded to other therapeutic contexts to 

understand the influence of distinct mechanisms of drug action on non-genetic drug resistance.  

It is important to emphasise here that genetic and non-genetic mechanisms of tumour evolution 

and drug resistance are likely not mutually exclusive processes. Therefore, these future studies 

will integrate single cell genomic profiling with scRNA-seq to dissect the relative contribution 

and interaction of each of these sources of heterogeneity in the development of drug resistance 

in AML. Furthermore, we envisage that the findings obtained from complimentary cell culture 

and transplantation experiments using out SPLINTR method will help infer clonal relationships 

from these clinical findings. The ultimate goal of these studies is to inform novel therapeutic 

strategies to overcome the critical molecular pathways driving resistance in AML.  

A key theme that arose from the barcoding studies presented in Chapters 4 and 5, is that clonal 

fitness or drug resistance appears to be an intrinsic property amongst genetically identical cells. 

This suggests that fitness conferring non-genetic states can be stably inherited by the progeny of 

founding clones. Fully characterising the transcriptional and epigenetic landscapes present in 

clones that are destined to dominate under a given environmental pressure has important clinical 

implications. If these clones can be readily identified as a result of these distinct landscapes in 
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patients before therapy commences, they have the potential to be quickly eradicated and thus the 

onset of drug resistance and disease progression can be prevented. 

6.4 Measuring multiple sources of heterogeneity from the 

same cell 

The phenotypes of cancer cells are ultimately the sum of the diverse intrinsic and extrinsic signals 

they receive. Measuring just one type of molecular input yields an incomplete picture of the 

oncogenic processes occurring inside the cell. Therefore, we need to move towards a deeper 

understanding of the interplay between these signals in order to resolve the causes and 

consequences of heterogeneity in cancer. Here, we have demonstrated the power of integrating 

both lineage information with single cell transcriptomics from the same cell to reveal novel 

insights into clonal behavior in AML. We are endeavouring to optimise the SPLINTR barcode 

libraries to ensure compatibility with other single cell approaches, including scATAC-seq and 

spatial transcriptomics methods. Whilst this does not allow for multiple molecular measurements 

from the same individual cell, it would allow multiple measurements from the same clone. 

Additionally, the development of novel single cell multi-omics technologies that are able to 

capture multiple layers of information from the same cell is rapidly evolving126,244,245. Whilst 

single cell multi-omics technologies have not yet been widely implemented, they will 

undoubtedly follow the same rapid trajectory of improvement as scRNA-seq methods over the 

last 5 years. The integration of multiple measurements from the same cell will help to unravel 

the interactions between different sources of heterogeneity and how these lead to diverse 

functional outcomes in cancer cells. However, decoding the complex findings of these studies in 

order to improve clinical outcomes will require a systems level approach that combines novel 

single cell strategies, boutique computational methods and integration of clinical data sets.  

In summary, the novel lineage tracing method presented in this thesis provides a powerful 

approach to investigate the non-genetic determinants of cellular fate in cancer. Through the 

identification of early transcriptional signatures that predict clonal behaviour, SPLINTR has the 

potential to offer valuable insights into how we can manipulate the fate of cancer cells. This may 

ultimately lead to new therapeutic options aimed at reprogramming specific clones that exhibit 

properties which are critical in the evolution of cancer.  
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