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Abstract

This thesis addresses limitations of current single-cell sequencing technologies and proposes
alternative experimental designs to increase statistical power.

Single-cell sequencing enables high-throughput and high-dimensional studies of bio-
logical systems. This is particularly useful in functional genomics screens that introduce
perturbations to investigate and reconstruct the regulatory networks within and between
cells. CRISPR screens are the leading method of conducting functional genomics screens
due to their specificity, precision and ease of use. Single-cell sequencing and CRISPR
screens have recently been integrated to create the first generation of high-throughput and
high-dimensional functional genomics screens.

However, the development of efficient experimental design is lagging behind technical
advances for single cell CRISPR (scCRISPR) screens. To address this challenge, I developed
two wet-lab-aware statistical simulators to compare various experimental protocols and assess
their performances. I specifically studied (1) how different protocols affect the performance
of scCRISPR screens and (2) how to reduce overall sparsity in the data.

First, to increase the statistical power of sScCRISPR screens, new alternative experimental
protocols need to be investigated. However, conducting these experiments is time consuming
and expensive; therefore, I developed crisprPower, a statistical simulator capable of simulat-
ing scRNA-Seq CRISPR screens and allowing researchers to investigate alternative protocols.
Simulations showed that the current experimental design of sScRNA-Seq CRISPR screens is
underpowered, requiring at least 600 cells to observe the effect of a perturbation compared to
targeted panels that only need 100 cells.

Second, I proposed an improved single-cell experimental protocol that decreases sparsity.
I developed a new simulator, Minerva, to simulate the effects that experimental enrichment
protocols (e.g. antibody pulldowns or PCR) would have upon the observed counts of single-
cell datasets. Using Minerva, I showed that it is possible to reduce the sparsity of single-cell
datasets and measure lowly expressed genes that would have been lost otherwise. My research
shows that improving the experimental design of single-cell protocols using theoretical
analysis and simulation leads to concrete and easily implemented recommendations that

improve scCRNA-Seq CRISPR screens and single-cell sequencing methods.
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Chapter 1

The Needle in the Hay Stack

Single-cell sequencing technologies have revolutionized our understanding of biological
systems and our ability to interrogate them efficiently, enabling researchers to understand the
phenotypic diversity of cell populations within organisms [35, 144]. Specifically, since the
onset of high-throughput droplet-based single-sequencing methods, researchers have been
able to interrogate the biological context of both health and disease settings to identify novel
cell types, capture interactions on both the intra- and intercellular levels, and provide a high-
level characterization of these populations via expression and/or chromatin accessibility [82,
26, 120]. Owing to the improved resolution, current single-cell sequencing methods greatly
increase the throughput and reduce the overall experimental burden because researchers
no longer have to conduct additional experiments like isolating cell populations via flow
cytometry to characterize them further. The greatest promise of single-cell sequencing
is enabling greater throughput of perturbation experiments, allowing researchers to scale
their experiments rapidly and interrogate biological systems to a previously impossible
degree [1, 36].

1.1 Open Problems in Single Cell Sequencing Experiments

Despite the excitement and promise, single-cell sequencing technologies currently suffer from
limitations, the largest of which is the relatively shallow coverage of the data modality (e.g.
transcriptome or chromatin accessibility) [144, 130]. The shallow coverage results in sparsity
in the observed count matrix of a single-cell experiment. Despite this limitation, single-cell
technologies have been widely adopted, enabling researchers to study biological systems in
great detail. Single-cell technologies are generally used in heterogeneous biological contexts,
either in the form of a tissue or organ. In these contexts, the expression distributions of genes

can vary dramatically between cell populations [91]. Current single-cell experiments’ ability
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to observe cell populations depends upon the innate difference expression distribution of the
highest expressed genes.

While many methods have been developed to overcome sparsity, such as imputation,
the limitations of single-cell sequencing experiments are particularly visible in scCRISPR
screens [60]. scCRISPR screens hold tremendous potential, providing researchers with a high-
throughput and high-resolution tool to interrogate genotype effects upon observed phenotypes.
However, for this to work, you need to be able to fully characterise the expression distribution
of a given cellular perturbation, as the effect of a perturbation can vary dramatically. The
perturbation effect of a specific gene encompasses not only the immediate impact on the
gene expression distribution but also the cumulative effects its perturbation has on its own
and other gene expression distributions. For instance, essential TFs like GATA3 or ESR1
exhibit large perturbation effects. Modifying their expression not only influences their own
expression distributions but also induces differential expression in a multitude of other
genes. The size of a gene’s perturbations effect places a fundamental limitation on what
can be seen as a perturbation scale, decreasing the number of cells required to observe the
perturbations increases exponentially. As such, scCRISPR screens currently have an effective
limit on the type of gene that can be studied to those genes with a perturbation effect that
dramatically alters cell state or transitions [114, 115]. Even under these conditions, whether
the perturbation is fully characterized or is simply large enough to be observed is unclear.
Ultimately, characterizing the entire transcriptome of a perturbation or a rare cell population
using modern single-cell sequencing methods is equivalent to finding a needle in a haystack.

1.2 My Contributions

I have investigated the experimental design of scCRISPR screens, examined their current
statistical power and determined how many cells per perturbation are required to observe
an effect. I explored the utility of targeted panels as an alternative sequencing protocol to
improve the statistical power of scCRISPR screens. I developed a statistical simulator called
crisprPower that can simulate scCRISPR screens for CRISPR interference and knockout
experiments to investigate alternative experimental designs efficiently. It can simulate off-
target effects via simulating a gene regulatory network and propagate a perturbation across
the network.

During the later stages of the investigation into the experimental design of scCRISPR
screens, | realised that every transcript could be thought of as having an equal probability of
being sequenced. However, one can alter the probability of sequencing a given transcript

by using enrichment methods to increase or decrease the probability of sequencing a given
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Fig. 1.1 A schematic representation of the experimental lab workflow, illustrating the iterative
process of designing and validating optimal experimental protocols. In my research, I have
consistently focused on the theoretical modelling of experimental protocols to enhance their
statistical power. By constructing these models, I gain valuable insights into the technical
intricacies of the experiments under investigation. Leveraging this understanding, I iteratively
refine and develop experimental designs that maximize statistical power within the confines
of the model’s parameters. Subsequently, the optimized designs need to be validated in the
wet lab to pave the way for their practical implementation and future utilization.

transcript using various enrichment methods. Based on this insight, I developed a new
simulator called Minerva that incorporates gene-specific weights that represent potential
enrichment protocols that could be used to improve the representation of gene transcripts.
Allowing me to investigate how the enrichment of low to medium-expressed genes improves
the characterization of the transcriptome.

Throughout this thesis, my primary objective has been to tackle the challenges currently
faced by single-cell sequencing technologies and propose alternative experimental designs
that enhance the statistical power of these experiments (as depicted in Figure 1.1). The next
chapter begins with an in-depth review of the experimental design of CRISPR screens. Here,
I delve into a step-by-step guide, unravelling the intricacies, techniques, and challenges
involved in the design of CRISPR screens. Moving forward to Chapter 3, I extensively
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examine the development of crisprPower, focusing on the computational and statistical
methods employed. Additionally, I validate its statistical characteristics by comparing it with
real biological datasets. Chapter 4 encompasses the application of crisprPower to explore
alternative scCRISPR experimental designs, identifying effective ways to enhance their
statistical power. Shifting to Chapter 5, I discuss the development of Minerva, providing
a detailed description of its model while comparing its statistical characteristics with real
data and other single-cell simulators like Splatter [139]. In Chapter 6, I investigate how
manipulating the probability of transcripts being sequenced influences the observed count
distribution of genes. Finally, in Chapter 7, I review the conclusions of the thesis and explore

possible future work.



Chapter 2

Designing a CRISPR Screen Experiment:
A Step-by-Step Guide

CRISPR screens have emerged as a powerful tool enabling researchers to efficiently perturb
genes both individually and in sets with high sensitivity and specificity. In the following
chapter, I will briefly review CRISPR and CRISPR screens, discuss the motivating factors to
conduct a screen, describe what current CRISPR screens are currently capable of perturbing,
and outline how to best design guide RNA (gRNA) to reduce noise and maximize power.
Finally, I will provide an overview of scCRISPR screens and the ultimate promise of enabling
high-resolution and high-throughput screens despite their limitations.

2.1 Introduction

Clustered regularly interspaced short palindromic repeats (CRISPR) were observed in the
late 1980s when researchers discovered the repetitive DNA sequence array that characterizes
CRISPRs in Escherichia coli [63]. While the purpose of CRISPRs was initially unknown,
continued research deduced that the DNA sequences within the sequence array aligned to a
diverse range of bacteriophage, indicating that these sequences provide bacteria with a tar-
geted immune response [102]. In addition, RNA and DNA nucleases were commonly found
encoded near CRISPR and referred to as CRISPR-associated (Cas) proteins. Later it was
shown that CRISPRs were expressed as RNA molecules (commonly referred to as gRNAs)
that form protein-RNA complexes with Cas proteins which form the core bacterial immune
response to infection. Specifically, CRISPR gRNA directs an associated nuclease to induce
strand breaks in the viral RNA or DNA genomes (see figure 2.1) [13, 20]. However, this was

initially of little interest beyond the initial excitement in understanding bacterial immune
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Clustered Regularly Interspaced Short Palindromic Repeats

Cas

Y

Fig. 2.1 Diagram illustrating the conversion of CRISPR DNA sequences into gRNA and
the formation of a CRISPR-Cas protein-RNA complex. The CRISPR DNA sequences are
transcribed and processed into precursor gRNA molecules, which are further cleaved and
modified to form mature gRNA. The mature gRNA then associates with Cas proteins, forming
a CRISPR-Cas protein-RNA complex capable of targeting specific DNA sequences for gene
editing or regulation.

response until it was demonstrated the CRISPR-Cas complexes could be reprogrammed to
target specific DNA sequences other than their original targets[67].

Before CRISPR became the mainstay of genome editing, the primary gene editing tools
used Zinc finger proteins or TALENs. CRISPR’s rise to prominence and eventual replacement
of these methods is due to the simplicity, efficiency, and versatility it provides researchers
when targeting genome sections [2, 74, 133]. Specifically, Zinc finger proteins and TALENs
require the design of a custom protein for each target sequence, which is time-consuming
and costly. In contrast, CRISPR only requires the design of a single RNA guide, which
can be easily synthesized and modified for different targets. Another advantage of CRISPR
is its high specificity, as it is less likely to make off-target edits [49]. Zinc finger proteins
and TALENSs can sometimes bind to similar sequences and cause unintended mutations, but
CRISPR can be designed to target a particular DNA sequence more specifically.
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RNA interference (RNAI) is an alternative technique to silence genes by triggering the
degradation of specific mRNA molecules. While RNAi can effectively reduce the expression
of target genes, it can also result in off-target effects and incomplete knockdown of gene
expression. In contrast, CRISPR screens use the Cas9 enzyme to introduce targeted mutations
or gene knockouts with high specificity and efficiency [2]. This allows for more precise
perturbation of gene expression and avoids RNAi1’s off-target effects. Another advantage
of CRISPR screens is their ability to target non-coding regions of the genome, such as
enhancers and promoters, which play critical roles in regulating gene expression [9]. In
contrast, RNAi-based screens can only target protein coding regions genes. CRISPR screens
can simultaneously target multiple genes, enabling studying complex genetic interactions
and identifying gene networks involved in various biological processes [89]. Overall, the
higher specificity, efficiency, and versatility of CRISPR screens have made them increasingly
popular for genetic studies and to interrogate biological systems. Using different enzymes,
CRISPR can cut DNA, activate or repress gene expression, base pair editing, and even target
the epigenome and RNA molecules, altering splicing etc. [74, 133].

Since CRISPR became the mainstay of the genomic engineering toolbox, its utility and
application diversity has only increased. CRISPR’s initial major use case was to conduct
knockout screens to identify essential genes in organisms and particular biological contexts
[135, 134]. Quickly expanding to other experimental applications such as DNA or RNA
imaging enabled the targeted study of chromatin localization dynamics. However, the most
interesting applications of CRISPR have been in biomedical sciences from breakthroughs
in FDA-approved gene therapy treatment for patients suffering from genetic disorders such
as sickle cell disease to cellular rejuvenation therapies currently in clinical trials [51, 48].
CRISPR has dramatically improved our capacity to develop GMO crops to increase their
disease and stress resistance and improve their nutritional value [133]. Finally, another
interesting development has been CRISPR-based diagnostic methods, dramatically increasing
the sensitivity and specificity of tests [53, 23].

While the application of the CRISPR system has dramatically increased over the past
decade and shows no sign of slowing down, I will discuss the process of designing a CRISPR
screen experiment, the reasons why one may conduct a CRISPR screen, what can CRISPR
target, and how can a target of interest be perturbed. Finally, I’ll discuss the current and
future impact of high-throughput and high-resolution screens utilizing single-cell sequencing

technology.
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2.2 Why Conduct a CRISPR Screen?

The overarching reason to conduct a CRISPR screen is to interrogate the role and function
of individual genes or entire biological systems by characterising the phenotypic response
of a perturbation on the molecular and/or organism level [16]. Many different types of
CRISPR screens have been developed to be conducted in either an in vivo or ex vivo setting,
along with methods of increasing the phenotypic readout resolution to uncover gene function
better. The experiment’s goals will determine the type of screen which should be conducted.
The experimental context comes with trade-offs; for example, the experimental workload
of in vivo based CRISPR screens limits the throughput capacity of the screen [31]. As a
result, researchers tend to use high-resolution readouts (i.e., images or transcriptomes) to
compensate for this limitation. Despite this, in vivo experiments can be extremely informative
of a given gene’s role in a particular disease state in complex organisms, allowing researchers
to study the initial development and progression of diseases such as cancer. However, to
maximize the efficiency of these studies, researchers need to have a reasonable understanding
of what genes are particularly important to the biology they are studying.

To discover novel gene function and behaviour, pooled CRISPR screens are used in
an ex vivo setting to maximize the number of genes perturbed [16]. While this increases
the number of genes that can be perturbed, this has historically dramatically limited the
resolution of readouts to one-dimensional growth-based assays [134]. Limiting the ability to
characterize gene function fully. Despite this limitation, the throughput from pooled CRISPR
screens allows researchers to quickly and efficiently search for genes of interest, albeit at a
low resolution. This has begun to change with the development of high-resolution pooled
screens utilizing imaging, single-cell transcriptomics, and single-cell chromatin accessibility
as phenotypic readouts [36, 44, 111, 117, 40, 79].

Once the purpose of the experiment is well defined, the next question is to determine
whether to conduct a single or combinatorial screen. Each has its advantages, but CRISPR
screens targeting individual genes are more prominent due to their simplicity and ease of
perturbing all of the genes within the genome compared to the exponential increase in the
number of potential perturbations that can be done in a combinatorial setting. Targeting
individual genes allows for the identification of essential genes in a particular biological
setting (i.e. cancer cell line) [125, 143, 58]. Researchers can compare previously identified
global essential genes to context-specific essential genes of a particular diseased state and
identify novel drug targets with reduced chances of side effects [73]. These genes are less
likely to play crucial roles in healthy tissue. Furthermore, single perturbation screens can
validate a drug’s mechanism of action by comparing the phenotypic readout of the drug
response to that of the perturbed gene [52]. Overall, single-targeting CRISPR screens offer a
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comprehensive overview of biological systems and can effectively identify essential genes
and pathways within specific contexts.

However, genes rarely function in isolation and depend upon regulatory networks to
control biological processes. To investigate the dependency structure of these networks
and systematically investigate genetic interactions requires combinatorial perturbations
[27]. A genetic interaction occurs when combinatorial effects differ from the excepted
from individual effects. When the difference is positive, this combinatorial effect is called
aggravating (this is an example of synthetic lethality), and if this difference is negative, it is
called alleviating [85]. An aggravating perturbation is when a combinatorial perturbation
induces a stronger-than-expected response to perturbation in comparison to the effects of
perturbing the genes individually. While alleviating induces a weaker-than-excepted response
to perturbing the genes individually. By characterizing these responses, researchers can
understand redundancies within the studied biological system and better refine their drug
target list.

2.3 What is Being Perturbed?

Over the past decade, the number of options and methods for introducing perturbations
to biological systems has grown dramatically from the original knockout relying upon the
imperfect DNA repair from the Non-Homologous End Join (NHEJ) repair pathway. The
first major development in expanding the toolbox was in mutating the Cas nucleases to
no longer function, creating dead-Cas (dCas) proteins [2]. Using this as the foundation,
transcriptional repressors and activators were transfused with dCas to enable the inhibition or
activation of genes. More proteins with alternative functional domains have been transfused
with dCas proteins enabling researchers to modify cytosine methylation, histone markers,
and more [16, 2]. In addition, Cas nickases have been transfused with base modification
enzymes, thereby enabling the creation of targeted point mutations. From transcriptional
control to point mutations and epigenetic modifications, researchers now have many options
for investigating the importance of biological features and characterising their response (see
figure 2.2) [9, 2].

2.3.1 Protein Coding Regions

When targeting the genome’s protein-coding regions, there are three primary methods of
introducing a perturbation. The first is to create a frameshift mutation via a CRISPR
Knockout (CRISPRko), which utilizes Cas nuclease to induce a double-strand break (DSB)
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a) Knockout b) Interference KRAB c) Activation VP64

Cas9 dCas$ - dCas9

DNMT3A or P300

e) Adenine Prime Base Editor e) Cytosine Prime Base Editor f) Epigenetics

Fig. 2.2 This figure presents an overview of diverse CRISPR variants researchers employ
to introduce perturbations in CRISPR screens. a) Knockouts: This approach utilizes an
unmodified CRISPR-Cas protein-RNA complex, relying on a nuclease to induce double-
strand breaks and subsequent faulty DNA repair mechanisms, leading to perturbation of the
targeted gene. b) Interference: In this method, a dCas protein fused with a KRAB repressor
domain is employed to downregulate gene expression by preventing transcription initiation
or inducing chromatin modifications. c¢) Activation: Activation utilizes a dCas protein fused
with a VP64 activator domain to induce an upregulation in gene expression by promoting
transcriptional activation. d) Adenine Base Editors: These editors enable CRISPR-mediated
targeted point mutations by employing an Adenine nickase, allowing precise modification of
DNA bases. e) Cytosine Base Editors: Similar to Adenine Base Editors, this variant uses a
Cytosine-based nickase to achieve targeted point mutations, facilitating specific DNA base
alterations. f) Epigenetic Modifications: CRISPR technology also enables the introduction
of epigenetic changes such as DNA methylation and histone acetylation. This is achieved
by utilizing a dCas protein fused with a transfused DNMT3A or p300 domain, allowing
modulation of DNA and histone modifications, respectively.

at a particular target site [67]. The second is altering gene expression through activation
using a transfused transcriptional or epigenetic regulator to activate or inhibit expression
[22]. When activating expression, it is called CRISPR activation (CRISPRa). When it
inhibits expression, it is called CRISPR interference (CRISPRi). In addition, epigenetic
modifications can be employed through CRISPR-off and CRISPR-on techniques to regulate
gene expression [105]. Additionally, point mutations can be introduced at specific target
sites using either CRISPR base editors (CRISPRbe) or CRISPR prime editors (CRISPRpe)
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[72, 122]. All of these methods have pros and cons and should be used based on the goals of
an experiment and the properties of the studied biological system.

When interested in characterizing the role of a gene in a given state, the most effective
method of introducing a permanent perturbation is CRISPRko. This is because the intro-
duced mutation shifts the gene’s reading frame [143, 67]. However, despite this, multiple
reports have warned about CRISPRko-induced toxicity that results in gene-independent
anti-proliferation response [99, 3]. This is caused by the DSB induced by CRISPR, which
forces the cell to stop and repair. If enough DSB breaks occur simultaneously, the affected
cells’ growth rate will significantly reduce to the point it can be observed [3]. This effect
is primarily caused by either off-targets (the higher the number of off-targets, the worst the
effect) or a high number of copy number amplifications affecting the target site (i.e. cancer
cell lines) [99]. In addition, evidence suggests that this CRISPR-induced toxicity varies
across the genome, complicating the analysis. CRISPRko is an effective method of inducing
permeant perturbations; however, careful planning should be done to improve their efficiency
and reduce noise.

Controlling gene expression through CRISPRi or CRISPRa provides an alternative and
expands the number of perturbation options available. To induce a perturbation CRISPRi
and CRISPRa both require that the target site is within 500 bp of the transcription start
site of the target gene [118]. Because the perturbation is fundamentally deterministic and
dependent upon a transfused repressor or activator, no DSB occurs, thereby avoiding CRISPR-
induced knockout toxicity. However, the perturbations CRISPRi and CRISPRa induce are
not permanent, and previous studies suggest the perturbation strength is not as significant as
knockouts; this is because dCas9 has to be continuously bound to the target site to induce a
perturbation [118]. While addressing the CRISPR-induced toxicity of knockouts, CRISPRi
and CRISPRa have their own flaws. They provide alternative methods of perturbing the
genes and can be used in biological settings with high copy number profiles (i.e. breast or
ovarian cancer cell lines).

A significant limitation of CRISPRi and CRISPRa lies in the enduring stability of their
perturbation effects over time. To address this challenge, the techniques CRISPRoff and its
counterpart, CRISPRon, were devised to either induce or reverse epigenetically inheritable
memory, thereby exerting control over gene transcription for extended durations [105].
CRISPRoff accomplishes long-term transcriptional silencing by employing a dCas9 fused
with KRAB and Dnmt4A domains. The KRAB domain initiates a repressive chromatin
state at the target locus, fortified through methylation, ensuring sustained silencing of the
targeted gene. Importantly, since a gRNA guides Cas9, the target site need not necessarily

contain a CpG island, allowing for genome-wide transcriptional silencing and the heritability
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of perturbations [105]. CRISPRon functions in opposition to CRISPRoff and is typically
employed to reverse the perturbations induced by CRISPRoff. Like CRISPRoff, CRISPRon
employs a dCas9, integrating three transactivated protein domains: VP64, p65-AD, and
Rta [105]. When binding to a methylated and repressed chromatin site CRISPRon first
demethylates and then induces chromatin accessibility. The combination of CRISPRoff
and CRISPRon empowers researchers to induce long-lasting and inheritable control over
transcriptional perturbations, offering the opportunity to investigate the consequences of
reverting such perturbations.

One of the most interesting developments to occur in the recent past has been the
development of CRISPR editors. CRISPRbe works by transfusing base-modifying enzymes
capable of altering base pairs without inducing a DSB [9, 16]. While base editing efficiency
will vary from target site to target site, CRISPRbe presents an interesting opportunity to
conduct point mutation-based CRISPR screens. CRISPRbe has been used in CRISPR screens
designed to differentiate driver from passenger mutations with great success [109, 29].
Additionally, CRISPRbe has been used to interrogate the clinical implications of point
mutations in their ability to alter protein function and inhibit drug-protein interactions [57].
While they are still limited and not as mature as CRIPRko, CRISPRi, and CRISPRa, as more
base editors are developed, CRISPRbe will provide an interesting alternative to these mature
methods.

However, CRISPRbe has inherent limitations in its ability to introduce specific point
mutations, primarily restricted to cytosine-to-thymine and adenine-to-guanine mutations.
CRISPRpe, on the other hand, addresses these shortcomings in existing CRISPRbe methods
and expands their potential to create various point mutations and indels. The key molecular
difference between CRISPRpe and CRISPRbe methods lies in two primary aspects. First,
CRISPRpe employs an extended guide RNA (pegRNA) incorporating an RNA-based editing
template. Additionally, it integrates an M-MLV RT with Cas9 [122]. This innovative
approach harnesses the RNA editing template to induce mutations at specified target sites
outlined in the template. Through these adaptations, CRISPRpe can induce a wide range of
point mutations and even generate small indels, granting researchers an unprecedented level

of control.

2.3.2 Non-Coding Regions

The protein-coding regions are ultimately a small fraction of the genome, with the majority
of the human genome being predominately non-coding regions. The ability to perturb the
non-coding region of the genome has lagged behind protein-coding regions. This is primarily
because the protein-coding region has attracted more attention and is easier to perturb than
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the non-coding region by introducing frameshift mutations. There is an increasing interest in
perturbing non-coding regions of the genome as Genome-Wide Association Studies (GWAS)
have revealed that thousands of non-coding loci are associated with disease [113]. There
are two primary methods of perturbing non-coding regions: CRISPRi/a or introducing point
mutations via CRISPRbe.

The most common non-coding region perturbation method is CRISPRi or CRISPRa by
modifying the chromatin state surrounding the target site. Specifically, when inhibiting a
dCas is transfused with a KRAB domain which induces a heterochromatin state of the DNA
within 1-2 kilobases of the target site [50]. Similarly, CRISPRa transfused with MSK1 or
VPR domain can be used to unwind heterochromatin by promoting histone acetylation within
1-2 kilobases of the target site [16]. Typically, CRISPRi and CRISPRa to identify enhancers
and promoters and attempt to link them to the genes they regulate. One of the more interesting
developments has been utilising CRIPSRi and CRISPRa to evaluate disease-associated loci
in non-coding regions. Integrating association frameworks from expression Quantitative
Trait Loci (eQTL) studies with CRISPR screens enables validation of associated loci [50].
Additionally, researchers can expand the search to loci that do not have frequent mutations
allowing a greater understanding of the regulatory interactions between non-coding regions
and the genes they regulate.

While validating the phenotypic behaviour of disease-associated loci is important, a
currently understudied aspect of GWAS is determining the mechanism of action in which
these mutated loci induces perturbation [16, 113]. CRISPRbe screens provide researchers
with an interesting opportunity to address these questions. Specifically, CRISPRbe can
introduce point mutations in validated or associated loci to unveil the regulatory mechanism.
An example of this would be to saturate given loci with multiple gRNAs enabling multiple
alternative mutations to occur and, using the eQTLs association framework, assess the
impact each mutation has on a given disease state [113]. Such screens validate loci disease
association and enable us to assess the potential perturbation responses of specific loci

mutations.

2.3.3 Epigenetics

A new set of CRISPR perturbation methods currently being developed involves perturbing
the epigenome. Using dCas as a foundation, an ever-increasing variety of protein domains
are being transfused to take advantage of CRISPR’s easy programmability and specificity to
modify methylation profiles, histone acetylation, and even the splicing of mRNA molecules
[84, 106, 107]. Opening the door to a new series of CRISPR screens that expands us beyond
genomic engineering to epigenomic engineering. Enabling researchers to identify, validate
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and interrogate epigenetic-based eQTL. While these technologies have yet to enter wide-scale
use in CRISPR screens, these developments only expand their utility for exploring regulatory

functions via perturbations in biological systems.

2.4 Choosing a Screens Resolution

There are three broad classes of resolution: low, medium, and high dimensional readouts.
They correspond to growth, image, and single-cell-based CRISPR screens. Each screen has
advantages and disadvantages and generally reflects a trade-off between ease of use, budget
and resolution. Here I will go through each level of resolution, discuss their use case, and

when they should be used.

2.4.1 Growth Based Assays

Growth-based CRISPR screens are the lowest dimensional readout that is available. They
are one-dimensional and reflect only changes between two points in the read counts of a
gRNA which is then extrapolated to infer changes in growth rates. To conduct one of these
screens, first infect a cell population using lentivirus with multiple gRNAs per gene. The
cells then undergo a positive selection process where cells infected with lentivirus are given
an advantage over others. This can be done through fluorescent signalling and selecting
for them using flow cytometry or, more commonly, through a puromycin selection where
cells infected with the lentivirus gain antibiotic resistance [125, 143]. These cells are then
allowed to grow for about a week when the first time point is taken, referred to as the baseline
sample. Next, the cells grow for another 2-3 weeks until another sample is taken. Sometimes
multiple time points samples are taken, but this is not normally the case. Next, calculate the
Log-Fold Change (LFC) between the baseline and later sample read counts of gRNA. For
each target gene, the individual LFC per gRNA is averaged and used to rank and order the
gene list showing which perturbed genes induced the greatest change in the cell’s growth
rate [125, 143, 58].

These assays are highly valuable when the goal is to identify specific genes that when
disrupted, impact the rate of cell population growth. These screening methods are primarily
employed to identify essential genes associated with cell populations and disease states [39].
Consequently, they are well-suited for identifying potential drug targets and distinguishing
between driver and passenger mutations; by assessing changes in the growth rate of cancer cell
lines, these assays offer valuable insights. However, it is important to note that these assays

only apply when studying phenomena that influence growth rates. A similar experimental
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workflow and analysis can also conduct an assay targeting marker genes (such as receptors)
[16]. In this case, instead of measuring growth, cells are sorted using flow cytometry, and the
analysis focuses on differential abundance.

The primary disadvantage of these low-dimensional assays is that observing the effect
of a gene perturbation requires the gene to play an essential role in the cell, having both
wide and large-scale effects to be observed as an increase or decrease in cellular growth.
However, despite these limitations, these screens have advantages, with the primary one
being that there relatively cheap and easy to conduct in terms of both experimental workflow

and analysis compared to the other higher-dimensional screens.

2.4.2 Image Based Assays

Imaged-based CRISPR screens offer a middle ground between growth and single-cell-based
assays. Like the other screens, cells are first infected with gRNA via lentivirus and undergo
positive selection. Once infected, cells are monitored by fluorescent or confocal microscopy
[44, 40, 79]. To identify gRNAs within a given cell in situ, sequencing is used to identify a
unique barcode associated with gRNA. Due to the enzymatically driven amplification that
occurs during in situ sequencing, the barcodes can be easily identified at a low level of
magnification [44, 40, 79]. Thereby enabling the simultaneous observation of hundreds of
thousands to millions of cells.

Imaged-based assays are extremely flexible regarding the phenotypical readout and
various potential experiments that can be conducted. When performing these screens,
cells are monitored temporally, allowing for the continuous monitoring of cells’ response
to perturbation, assessing the subcellular localization of mRNA or proteins, quantifying
mRNA utilizing smFISH, and extracting cell morphological features [44, 80]. With numerous
options, these assays provide researchers with near-endless opportunities to analyze biological
settings with a reasonably high degree of resolution and statistical power.

However, researchers often encounter challenges when performing these assays, particu-
larly in data analysis. While analyzing single molecule RNA and subcellular localization
can be relatively straightforward, it requires computational resources to capture the data and
extract meaningful biological insights effectively. An additional complication arises when
analyzing cell morphologies, as the features derived from such analysis may be associated
with perturbations but may not directly reveal the underlying mechanisms at play. This
lack of clear linkage between the extracted features and the latent biology presents a signifi-
cant obstacle [80]. Despite these obstacles, image-based assays offer researchers flexibility
and dynamic observations, providing a relatively high resolution for studying perturbation
responses.
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2.4.3 Single Cell Sequencing

scCRISPR screens work similarly to all previous methods, with the primary difference being
the high-dimensional readout of biologically relevant features. Like the other methods, it
infects cells with gRNAs via a lentivirus vector and undergoes a positive selection process.
A key difference between single-cell and other assays is that the lentivirus vector is modified
to improve cell detection. Instead of using barcodes like in image-based arrays, the gRNA is
directly captured and used to identify its presence in a given cell [60]. Once selected, cells
are allowed to grow for a week and are then isolated, lysed, and processed for sequencing.
Two main data modalities are commonly employed in single-cell studies: scRNA-Seq and
scATAC-seq. When it comes to scCRISPR screens, droplet-based microfluidics is frequently
utilized, with 10x Genomics being a popular choice due to its widespread usage and high
throughput capabilities [114, 115]. However, alternative single-cell methods have also been
employed, such as Particle-templated instant partition sequencing [25]. Each method has its
own strengths and limitations regarding single-cell sequencing and data modalities, and the
choice should be made based on the specific experimental objectives.

The primary advantage of scCRISPR screens is they provide researchers with a high-
throughput high-resolution method with the phenotypic readout having biologically relevant
features. Depending upon the experiment’s goals, will choose what modality to use, but each
has its use case. For example, in scCRISPR screens, researchers can employ scATAC-seq
to examine the impact of perturbing various transcription factors (TFs) and enhancers on
chromatin accessibility and reconstruct the gene regulatory network of cell populations
[111, 117]. While scRNA-Seq tends to be used to characterise the response to perturbation
of a crucial biological pathway in a given state, monitor how a perturbation alters a biological
process, and identify the mechanism of action of drugs [47]. Examples of this are the
many studies focusing on immune-related subjects such as immune checkpoint and immune
evasion in cancer. In addition, sSCRNA-Seq scCRISRP screens have been used to study the
epithelial-mesenchymal transition and validate gene association to autism [97, 66].

Since their introduction in 2016, scCRISPR screens have undergone rapid development,
expanding the range of data modalities and improving experimental protocols. One major
challenge encountered was barcode swapping, which refers to the random swapping of guide
barcodes, unique barcodes mapped to specific gRNAs, among different lentiviral vectors.
This swapping occurred due to the 5’ location of the guide barcodes on the lentiviral barcode
during the assembly of gRNA libraries in pooled experiments.

Fortunately, the emergence of ECCITE-Seq, Direct Capture Perturb-Seq, and other
associated techniques has effectively tackled these challenges. These methods achieve
this by relocating the gRNA location to the 3’ end of the lentiviral vector and directly



2.5 Designing a gRNA Library 17

capturing the gRNA sequence during the process of identifying gRNAs within a specific
cell [60, 114, 101]. However, scCRISPR screens still face a significant obstacle regarding
statistical power, particularly in scRNA-Seq-based screens, when studying more nuanced
perturbations beyond cell state essentials. To address this, there is a growing emphasis on
developing targeted panels to enhance the screening power [114, 123]. In contrast, scATAC-
Seq-based scCRISPR screens encounter fewer statistical power challenges. These screens
primarily focus on the accessibility of binding sites and the impact of differential accessibility
patterns on biological systems. They treat accessible regions as a binary dataset, allowing
for more robust analyses and interpretations of the results [128]. Nonetheless, ongoing
research aims to address these issues by increasing the number of cells and the depth of
single-cell sequencing. scCRISPR screens hold tremendous promise, offering researchers
unparalleled throughput and resolution to investigate biological systems and their responses

to perturbations.

2.5 Designing a gRNA Library

Selecting the optimal gRNAs for an experiment is one of the most, if not the most important,
steps in designing CRISPR screens. It should occur after deciding on the purpose of the
screen, how perturbations will be introduced, and the screen’s resolution, as all these steps
influence a gRNA’s effect on the screen readout. The primary aim of designing a gRNA
library for an experiment is to maximize the strength of the perturbation at a given target
site. While simultaneously minimizing the perturbation strength at off-target sites, if not
outright eliminating them. A general rule of thumb is that the higher the resolution of the
CRISPR screen, the more important it is to identify high-quality gRNAs with minimal to no
off-targets. As the resolution increases, it becomes easier for off-target effects to introduce
noise into the data making the design of the gRNA library even more important.

The design process varies based on whether Cas or dCas is used. Cas-driven perturbations
are currently the best characterised of the two and have numerous studies designing optimal
gRNA libraries that maximize perturbations at target sites while minimizing off-targets. These
studies have created many excellent gRNA libraries, such as the Brunello and Gattinara
libraries, from which there are three to five gRNAs to choose per target gene [37, 118]. In
general, for most experiments, selecting gRNAs from these gRNA libraries is sufficient to
achieve the desired objectives. However, there are situations where this is not applicable.
Specifically, gRNA libraries are typically confined to the protein-coding regions of mice and
humans. Therefore, if there is an interest in conducting a screen beyond these conditions,

custom characterization of gRNAs becomes necessary.
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2.5.1 Measuring On-Target Activity of a gRNA

The On-Target Activity of a gRNA (or guide efficiency) serves as a metric for how effectively
a given guide can induce a perturbation at a specific target site. Efficiency is typically
evaluated using an On-Target Activity Score. For gRNAs targeting the human and mouse
genomes, these scores have already been predicted and are readily accessible via the UCSC
Genome Browser [104]. The On-Target Activity Score employs a machine learning model
to predict the on-target activity of a gRNA, assigning it a value between 0 and 1. Several
distinct On-Target Activity Scores have been developed and use a variety of machine learning
regression techniques [75].

All of these methodologies employ a consistent experimental approach to generate
datasets for predicting the On-Target Activity of gRNAs. Specifically, this approach involves
selecting a set of typically essential genes and designing a gRNA library that comprehensively
covers these target genes using dropout screens, typically growth-based screens, to assess the
gRNA’s capability to induce perturbation. When I mention "tiling" a target gene, it implies
that a significant portion or all of the gRNA target sites within those genes are incorporated
into the screening process [37]. The primary disparities among the datasets used to train
various On-Target Activity metrics generally pertain to their scale or CRISPR modulality.
For instance, Azithum’s (also known as the Fusi Score) On-Target Activity model was trained
using a dataset derived from a tiling gRNA library targeting 15 specific genes, whereas the
Vienna Bioscore employed a substantially larger tiling library encompassing 159 essential
genes [37, 100].

Another distinguishing factor in these experiments hinges on whether the On-Target
Activity estimation pertains to dCas9 (Interference or Activation) or Cas9. For dCas9
models, the gRNAs chosen for the tiling dropout or growth experiment are restricted to the
Transcription Start Site (TSS), with the nucleotide distance from the TSS varying depending
on whether it’s activation or interference [62, 118]. Specifically, for interference, optimal
gRNA distance to the TSS where found to be approximately 25 to 75 nucleotides in front
of the TSS, whereas for activation, it ranges from 100 to 150 nucleotides after the TSS.
Additionally, the phenotypic outcome of the assay is contingent on the CRISPR modality
under assessment [118]. Knockout and Interference On-Target Models employ dropouts,
while Activation models use growth assessments, typically in a resistance context, to gauge a
given gRNA’s perturbation strength [118].

The two most prevalent machine learning models for On-Target Activity are Azithum
(Fust Score) and the Vienna Bioscore which are both scores that measure On-Target Activity
of CRISPR Knockouts [37, 100]. The primary difference between these models revolves
around the features considered and included in the model. Specifically, Azithum utilised a
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combination of various one-hot encoding of the gRNA sequence, melting temperature, GC
features, cut location on the amino acid chain, and free energy to predict gRNA On-Target
Activity score. dCas On-Target Activity models also utilise the same or most of the features
that Azithum established as a baseline set of features that have to be included to assess
On-Target Activity of gRNAs. While, the Vienna Bioscore extended the features used to
include features that measure evolution conversation of amino acid sequences a give gRNA
target. By including these feature gRNAs with a high Vienna Bioscore is able to typically
induce a greater perturbation response than other On-Target Activity scores.

While the features utilized by these models often overlap, it’s crucial to comprehend the
target variable or what they define "On-Target Activity" as the normalized rank of a gRNA. A
normalized gRNA rank is computed by transforming the original rank order from 1 to N into
a value between 0 and 1, with 1 indicating the best-performing gRNA [37, 100]. This is the
target variable employed by Azithum and the Vienna Bioscore. At first glance, this approach
may seem reasonable, but it introduces certain biases. The foremost of these biases is that
you’re not directly predicting the perturbation strength of a gRNA but rather the strength of
the target gene’s response. This implies an implicit assumption that all essential genes exhibit
an equal response, which is not necessarily the case [75]. Furthermore, this restricts the
model’s effectiveness to only essential genes and can result in reduced prediction accuracy

for genes with distinct characteristics in terms of protein structure and conservation [100].

2.5.2 Measuring Off-Target Activity of a gRNA

The Off-Target Activity of gRNAs, also known as Guide Specificity, aims to quantify the
level of unintended effects inherent in a given gRNA. In typical experiments, researchers
are primarily concerned with the perturbation effects on the target gene rather than the
broader impact of gRNA perturbation on one or more additional genes. Measuring Off-Target
Activity lags behind On-Target Activity in terms of having a well-defined measurement
method and a standardized scoring system. Nevertheless, this has not discouraged attempts
to experimentally measure it and develop an Off-Target Activity "score" using computational
models, which can broadly be categorized into two major types: alignment-based and ML
score-based models [75, 88].

Detecting Off-Target Activity remains a persistent challenge, with a multitude of methods
continually evolving to address this issue. However, a couple of major methods are typically
employed, including CIRCLE-Seq, GUIDE-Seq, and Discover-Seq. Each of these methods
employs distinct approaches to measure off-target effects. CIRCLE-Seq identifies off-targets
by pinpointing cleavage sites in vitro, utilizing a restriction-enzyme strategy that generates
circularized linear fragments [131]. On the other hand, GUIDE-Seq relies on detecting and
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capturing oligodeoxynucleotide strands in Double-Strand Breaks (DSBs) introduced after
CRISPR induces a double-strand break [132]. In contrast, Discover-Seq employs CHIP-Seq
to identify off-target sites by recognizing MRE11 binding sites. MRE11, a key protein in DSB
repair, stabilizes the DNA and facilitates the repair of double-strand breaks. Additionally,
Discover-Seq has been extended by incorporating DNA-Pkc inhibitors, which impede DNA
repair and enable the identification of Off-Target sites that are typically repaired relatively
quickly [146].

Experimental methods for detecting Off-Target activity are typically used to generate a
training dataset for building models. The initial set of models developed were alignment-
based, relying on setting a threshold (N, the maximum number of allowed mismatches) and
then identifying all potential gRNA binding sites within N mismatches of a given gRNA.
While these models are not heavily relied upon, they are often used to generate limited
datasets for ML score models [75]. The current state-of-the-art Off-Target Activity score is
Evelation, an extension of the CFD score [88]. Evelation was trained using a combination of
alignment and On-Target Activity metrics to predict Off-Target Activity. Initially, Off-Target
sites are grouped into categories based on the number of mismatches (N), with Azithum
used to score On-Target activity. Subsequently, the scores of all individual off-target sites
are aggregated to create a new overall score, ranging from O to 1. This score represents a
normalized rank of gRNAs in terms of the number of Off-Targets and the On-Target activity
of these Off-Targets [88].

Off-Target activity remains a dynamic research area in gRNA library design, necessitating
ongoing refinement and clarification of its definition. However, despite these challenges,
there are straightforward methods for mitigating these limitations. One approach is to employ
multiple gRNAs per gene and subsequently regress out the Off-Target effects. Although this
approach increases the number of gRNAs, leading to larger experiments and higher costs,
these drawbacks are relatively minor compared to the benefits of achieving an enhanced
signal-to-noise ratio through the use of multiple gRNAs [88].

2.5.3 Designing a Custom gRNA Library

When designing a custom gRNA library targeting protein-coding regions, the first thing to
consider is the perturbation strength which can be quantified by estimating the frameshift
probability of the target site. The frameshift probability is the probability that a frameshift
mutation occurs and is the key measure of on-target activity when conducting a screen in
protein-coding regions [126, 5]. The frameshift probability of a given gRNA can be estimated
utilizing machine learning models such as Indelphi, Lindel, or Forecast [126, 24, 5]. While

these models were originally for humans and mice, recent studies in zebrafish have shown
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that despite this, these models can still predict genotype outcomes at target sites in other
species [103]. The target site with the highest frameshift mutation is the ‘best’ target site
regarding on-target activity.

However, the off-target activity of a gRNA should always be accounted for and minimized
by utilizing programs such as Flashfry to search for potential off-target sites quickly. Flashfry
takes an organism’s genome, identifies all of the target sites in the genome by their Protospacer
Ajacent Motif (PAM) site and constructs an indexed database. Users can provide the target
sequences, and it will identify all off-targets with up to a user-specified number of mismatches
(typically, three mismatches are used) [98]. Next, for each predicted off-target, estimate
the frameshift probability as a proxy of target site activity [126, 5]. Ideally, there are no
off-targets for a sequence; this is rarely the case. As such, the gRNAs should be selected
based on having off-targets exclusively in non-coding regions of the genome. Moreover,
if this criterion is not met, they should have minimal frameshift probability. Additionally,
suppose the organism is well-characterised, and it is possible to determine the gene type of
the target gene (i.e. the target gene is a TF). In this scenario, an additional selection criterion
should be considered when selecting gRNAs. If encountering an off-target is unavoidable, it
is preferable for the off-target to be located within a gene that belongs to a different gene type
compared to the target gene. Furthermore, the selected off-target gene should be unlikely
to have a substantial effect on the biological process being studied when perturbed, thereby
minimizing potential undesired impacts.

Designing the gRNA library for a CRISPR screen utilizing the dCas-based perturbation
method is far more difficult as there are no well-established gRNA libraries. Additionally,
there are no clear methods of measuring the on-target activity and any potential variance in
its activity that may occur between target sites [61]. Despite this limitation, it is advisable
to minimise potential off-target effects when selecting gRNAs. This can be achieved by
identifying a gRNA that is free of off-targets or by minimizing their impact through the
avoidance of similar phenomena. For instance, when employing CRISPRIi to perturb en-
hancers in the genome and possessing knowledge of the chromatin accessibility within the
specific biological system, one can opt for a gRNA with an off-target in heterochromatin
regions of the genome if all gRNAs exhibit off-targets. This strategic choice aims to reduce
the interference injected into the phenotypic readout. To facilitate this process, tools such as
Flashfry can be employed to identify off-targets, while new models based on gRNA binding
kinetics can assist in predicting binding activity [98, 41].

The importance and care of selecting the right gRNAs for a CRISPR screen can not
be overstated, especially as the resolution of the phenotypic readout increases. In low-

dimensional readouts such as growth-based assays, off-target effects must be strong and
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perturb an essential gene. As such, perturbing other types of genes while having an effect
is not as large of an issue as high-dimensional screens. As the resolution of the CRISPR
screen increases, so does its sensitivity to the effects off-targets. As such, researchers should
go to great lengths to minimize the effect off-targets can have. If it is impossible to have
no off-target, then intentionally choose gRNAs whose off-targets are orthogonal to what is

being studied, if possible, target unrelated safe loci.

2.6 Conclusion

In the past decade, CRISPR screens have rapidly developed and expanded what can be
perturbed and the resolution of the phenotypic readout. Providing researchers with seemingly
endless choices and options when investigating biological systems. While it is tempting
to pick the most recent CRISPR technologies, this is not always the best approach for
conducting an experiment. Here I went back to basics and reviewed the various reasons to
conduct a CRISPR screen. What options were available for introducing perturbations to a
biological system? What levels of resolutions are available, and their various advantages
and disadvantages. Numerous CRISPR variants have been developed, providing increased
flexibility in introducing perturbations in alternative ways and across protein-coding and
non-coding regions of the genome. Moreover, higher-resolution phenotypic readouts are
becoming increasingly prevalent. However, significant challenges persist in accurately
determining the statistical power of these high-resolution screens. In the following chapter,
I will present an approach to statistically simulating sScCRISPR screens to explore various

experimental designs and identify those that enhance the statistical power of the screen.



Chapter 3

Statistical Simulations of Single Cell
CRISPR Screens

CRISPR-Cas9 is a revolutionary genetic tool with diverse applications in biological research,
from genetic engineering to drug target discovery. However, the resolution of growth-
based assays, the primary use case for CRISPR in a biological research setting, is limited.
scCRISPR screens were developed to address these limitations, but current SCCRISPR screens
are chronically underpowered. To overcome these limitations, I developed crisprPower, a
scCRISPR simulator capable of simulating multiple types of perturbation and propagate
perturbations across Gene Regulatory Networks (GRNs). crisprPower can simulate various
experimental designs and evaluate their statistical power, allowing researchers to optimize

their experiments and improve the reliability and interoperability of their results.

3.1 Introduction

Current scCRISPR screens suffer from chronic underpowering [115]. The main reason for
the limited statistical power stems from the use of single-cell sequencing technologies, which
often produce data with extremely low coverage of the transcriptome or genome [108]. In
addition, single-cell sequencing poses unique statistical challenges due to the change in
the sampling process from sampling with replacement, as observed in bulk sequencing, to
sampling without replacement [56]. This change in the sampling process creates "winner
takes all" effects in single-cell datasets, where the highest expressed genes are the most likely
to be sequenced. Furthermore, when a low- to medium-expressed transcript is observed,
the probability of observing another transcript is decreased due to the effects of sampling
without the replacement [56, 114, 123].
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To understand and overcome the limitations of sScCRISPR screens, I developed crispr-
Power, a statistical scCRISPR simulator capable of simulating cell populations, multiple
types of CRISPR perturbations and propagating the effects of perturbations across these
cell populations” GRNSs. In addition, crisprPower can simulate alternative single-cell RNA
sequencing methods of whole (normal) or targeted transcriptomes. crisprPower enables
researchers to investigate the statistical power of various experimental designs for scCRISPR
screens through simulations.

For a given cell population, a simulated GRN is generated through a multi-step process,
where the core interactions between TFs are first sampled via modular sampling from a
real GRN. Once a TF network is sampled, downstream effect genes (E-Genes) are added
to the network via weighted sampling. The higher the out-degree of a TF, the greater the
probability of an E-gene attached to it. This process allows crisprPower to create realistic
GRNs containing both power-law and modular structures, as is frequently observed in
biological networks.

Next, genes are parameterized by sampling their mean expression and dispersion either
from a user-provided scRNA-seq dataset or a pre-fitted distribution. Additionally, adjust-
ments to the mean expression are made based on the user-specified sequencing depth for
cells. Finally, regulatory interactions are estimated using linear regression as a part of the
crisprPower framework. This enables the propagation of perturbation effects throughout the
network. Through the simulation of various experimental designs and subsequent analysis of
the outcomes, researchers gain a deeper understanding of the factors influencing the power
of their screens. This knowledge allows them to optimize their experiments to achieve more
favourable outcomes.

In summary, crisprPower is a user-friendly and powerful tool that streamlines the process
of designing and evaluating the statistical power of sScCRISPR screens. It enables researchers
to explore various experimental designs and assess the statistical power of their screens
beforehand, thereby helping them to optimize their experiments and enhance the reliability

and interpretability of their results.

3.2 Methods

3.2.1 Types of Genes Simulated in crisprPower

crispPower supports two broad gene categories: Transcription Factors (TFs) and Effect
genes (E-genes). TFs are genes that directly regulate gene expression by promoting or
inhibiting gene expression. TFs play a central role in controlling the dynamics of the GRN
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and maintaining its "homeostasis’. While E-genes are regulated by and respond to the effects
of TFs, they are genes that are not directly involved in regulating gene expression but are
affected by the expression of other genes. Within the category of E-genes, there are five broad
subclasses based on their Gene Ontology (GO) terms: TFs, Receptors, Ligands, Kinases, and
Other Genes (a catch-all category for other genes). These subclasses allow researchers to

evaluate the power of screens on a more specific and refined set of gene types.

3.2.2 Sampling Gene Regulatory Network

A network is an abstract representation consisting of nodes and edges. In the context of
GRN:Ss, genes serve as nodes, while the edges between them (typically from a TFs to another
gene) represent regulatory interactions. An adjacency matrix is a matrix containing entries
of 1 and 0, indicating the presence or absence of an edge connecting node i to node j. In
directed networks, the orientation of the matrix is significant. Specifically, I define an edge
as going from node i to node j if there is a 1 entry at row i, column j. Node degree refers
to the number of edges connecting a specific node in a directed network, such as a GRN.
Nodes in GRNs can have both incoming and outgoing degrees, corresponding to the number
of edges directed towards or away from the node in question. When referring to the degree
of a node, particularly a TF, I specifically focus on its out-degree.

The first step in constructing a simulated GRN involves sampling a core TF regulatory
network using a greedy sampling algorithm known as modular sampling, which was initially
developed by Marbach et al. 2009. This method, known as modular sampling, incrementally
expands a subnetwork of TFs to achieve a desired size, starting from a seed node. The seed
node can be randomly or manually selected from a source GRN. Prior to generating the
simulated GRN, I sample from a collection of authentic GRNs obtained from GRNdb [42].
These real GRNs serve as the source network for sampling the core TF regulatory network in
crisprPower.

Using the same method as utilized by Marbach et al. 2009for calculating graph modularity,
I am also adopting their rationale for defining and utilizing modularity. First, modularity,
as defined by Marbach et al., refers to the difference between the number of edges within a
subnetwork and the expected number of edges in a randomized network. The goal of using
modularity to sample nodes is to extract diverse sets of subnetworks with a user-specified size
while maintaining reasonably high modularity. The formula for calculating graph modularity
(Q) developed by Marbach et al. 2009is:

1 kik j

:Ei,j(Aij—%)S(ci,Cj) (31)

Q
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a) Selecting Seed Node b) First Round of Sampling ¢) Second Round of Sampling

Fig. 3.1 This example demonstrates the evolution of modular sampling in successive rounds,
focusing on a 3-node subnetwork. a) The whole network is displayed, and the sampled seed
node is highlighted in green. b) Two potential directions of modular sampling are depicted,
with light blue nodes representing one path and light pink nodes representing another. c) The
final step of modular sampling illustrates the preference for nodes that increase the number
of edges in the subnetwork.

The modularity of a subnetwork is calculated based on the adjacency matrix (A) of the
source network and the total number of edges (/) in the source network. Here, A;; represents
an entry in the adjacency matrix, where A;; = 1 indicates a directed edge from node i to
node j. The degrees of nodes i and j in the source network are represented by k; and &,
respectively. To determine whether a given node is included in the subnetwork during a given
calculation of modularity, we use the variable c. ¢; and c; represent whether node i and node
J» respectively, are part of the subnetwork during this calculation of modularity. To evaluate
if nodes i and j belong to the subnetwork, the function §(c;, ¢ j) is used, which returns 1 if
both nodes are in the subnetwork and —1 otherwise.

To add a node to the sampled subnetwork, first, identify all neighbours of the node in
the source network. A neighbour is defined as a node that is directly connected to at least
one node in the current core TF regulatory network. Next, calculate the modularity (Q) of
the subnetwork if a particular neighbour was to be added to the subnetwork, repeating this
process for all neighbours. Then select the neighbouring node that increases the modularity
of the subnetwork the most. If multiple neighbours result in the same modularity, choose one
randomly and add it to the subnetwork. Finally, Repeat this process until the desired number
of nodes is sampled. By utilizing modular sampling to construct the core TF regulatory
network, crisprPower captures the modular regulatory structures observed in real GRNs,
resulting in a simulated GRN that reflects the structure and function of a real GRN. The
sampled core TF regulatory network is a subset of the source GRN utilized during modular
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a) Initial Core TF Network  b) Two E-Genes Attached c¢) All Nine E-Genes Attached

Fig. 3.2 The figure showcases the potential evolution of preferential attachment after sampling
a core TF regulatory network. E-genes are attached preferentially based on the out-degree of
the TFs. The illustration consists of three panels: a) The initial TF regulatory network. b)
The first few rounds of preferential attachment of E-Genes. c) All nine E-genes are attached,
with TFs possessing a higher out-degree receiving the majority of E-Genes.

sampling. This means that the edges connecting the TFs in the regulatory network remain
consistent with those observed in the source GRN.

The second step of constructing a simulated GRN is the attachment of E-genes to the
core TF regulatory network. crisprPower allows users to specify both the number of E-genes
to be attached and the maximum number of regulating TFs for an E-gene (default is set to
3). To do this for each E-gene, crisprPower first samples the number of regulating TFs ().
Then it samples from the list of TFs ¢ times using a weighted sampling without replacement
procedure; the out-degree of each TF as its weight (see figure 3.2). The weighted sampling
of TFs allows crisprPower to simulate the preferential attachment dynamics that are observed
in real GRNs where genes are more likely to attach themselves to highly connected TFs than
poorly connected TFs [11].

The utilization of a two-step process involving modular sampling to identify core TF
regulatory elements and weighted sampling to attach E-genes to highly connected TFs pref-
erentially enables crisprPower to preserve the observed modular and hierarchical structures
found in real GRNs [11, 95, 119]. The capture of the GRN structure is vital for simulating
how perturbations propagate throughout an entire GRN. This feature is particularly important
when studying the impact on and off-target activities have on the noise profile of scCRISPR

screens and the subsequent impact on the screens’ results. By accurately reflecting the
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modular and hierarchical structures of the GRNs, crisprPower ensures the reliable generation
of representative simulated benchmarks for real biological systems (see Figure 3.1). For the

complete pseudo-code implementation, please refer to Algorithm 1.

Algorithm 1: Sampling Sythentic GRNs
Input: Source GRN, Number of TFs, Number of E-genes, Maximum TFs per E-gene
Output: simulated GRN
Initialise Core TF Regulatory Network by selecting a node randomly or manually;
while Size of subnetwork < Number of TF's to sample do
Identify all neighbours of the subnetwork in the source GRN;
foreach Neighbour do
Add the neighbour to a temporary subnetwork;
Compute the modularity Q of the temporary subnetwork;
end
Select the neighbour that maximizes the modularity Q;
Add the selected neighbour to the subnetwork;

o X N AW N =

end

Attach E-Genes to Core TF Regulatory network via weighted sampling;

foreach E-gene do

Initialize an empty set of regulating TFs;

for i from 1 tot do
Sample a TF from the list of TFs using weighted sampling with replacement;
Add the sampled TF to the set of regulating TFs;

end

Attach the set of regulating TFs to the E-gene in the simulated GRN;

e T T e O Y
® N AW N = O

end
return simulated GRN

[ ST
S e

3.2.3 Modelling Gene Expression
Parametric Assumption of Gene Expression Model

crisprPower utilizes a Negative Binomial (NB) distribution to model gene expression within a
specific cell population. NBs have a long history of being used for modelling biological count
data [121, 90, 116]. The NB distribution is commonly used for analyzing biological count
data due to its flexibility and is equivalent to the gamma-poisson compound distribution,
which combines a gamma component to capture the variability in the mean count and a
Poisson component to model the random fluctuations around that mean. This compound

distribution provides a flexible framework to account for a wide range of possible distributions
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when analyzing gene expression or other types of biological counts [116]. The gamma-
poisson model accommodates both under-dispersed and over-dispersed count data, which are
frequently encountered in biological studies [90].

crisprPower utilises a particular interpretation of NBs as a steady-state distribution of a
bursting transcriptional kinetic model of gene i, which was shown by Amrhein et al. that an
NB is the steady-state expression distribution of bursting transcription model. Under this

interpretation, it has been shown that assuming a steady state leads to a bursting transcription

burst;
deg;

transcription bursting over degradation and p; = (1 + burst sizeg)_1 parameterized by the

model, where the NB is parameterized as NB(r;, p;), with r; =

representing the rate of

expected burst size for a given gene. In R, an NB is fitted using the ’ecological’” parameterisa-
tion where t and 6 (which is the dispersion parameter) are estimated. To utilise the bursting
model interpretation of NB, I need to convert p and 0 to r and p. This can be done in the
following manner:

6;
- 3.2
L (3.2)
ry = Gi (33)

By making this assumption and interpreting the NB in this manner, I gain a clear set
of rules for how gene expression distributions change due to alternations in regulatory
interactions or are perturbed. Studies on transcriptional kinetics have shown that TFs do not
appear to regulate or alter the burst size of a given gene; instead, they primarily influence
the bursting rate through complex interactions with enhancers and promoters [78, 92, 93].
Therefore, the propagation of perturbations and the regulatory influence of TFs on mean
expression must be interpreted in terms of modifying the burst rate of a given gene while the

burst size remains constant.

Fitting Genes Mean and Dispersion

When a user provides a sScRNA-Seq reference dataset of a cell line or biological setting (i.e.
tissue), crisprPower utilizes this data to generate a half-normal sampling distribution for
each gene class and fit a mean-dispersion curve. To accomplish this, crisprPower follows a
series of steps. First, it takes a count matrix X from a single-cell dataset and normalizes it
using the ’poscount’ library size normalization method from the DESeq package [90]. Next,
it empirically estimates the mean and variance in expression directly from the normalized
counts and uses them to estimate the gene expression dispersion. Then a mean-dispersion

curve is fitted using Maximum Likelihood Estimation (MLE) to estimate the asymmetric
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dispersion (aDisp) and extra Poisson (ePois) properties from the observed data. This approach
enables me to model dispersion as a parameter dependent on a gene’s mean expression [121].
The estimated aDisps and ePois enable the estimation of gene dispersion given its mean,
allowing crisprPower to sample mean expression and calculate the corresponding dispersion
based on the properties of the mean-dispersion curve. This specific use case was originally
developed by Schmid et al.. For a detailed implementation of each step, refer to Algorithm 2.

Once crisprPower has estimated the mean expression and fitted the mean-dispersion curve
of a given dataset, a half-normal distribution is then estimated using MLE. The half-normal
distribution was chosen over a gamma distribution because, after 100 random sampling and
fitting mean expressions across all genes, it had the consistently lowest Akaike Information
Criterion score. A half-normal distribution is a probability distribution that resembles a
normal distribution with y = 0 and is truncated at zero, so x >= 0. It only takes positive
values, with a higher concentration of values closer to zero and decreasing density as values
increase. A mean expression is first sampled from a half-normal distribution for a given gene

using the following notation: pi, ~ .4 (u, o). Then, the gene dispersion can be estimated as

aDisp+-ePois
Hg

sampling distribution and mean-dispersion curve fitted using the Human Cell Atlas on ICA

Bone Marrow Dataset [59].

disps, = , as proposed by Schmid et al.. By default, crisprPower uses a reference

Estimating Target Panel Mean Expression

Targeted Panels represent a promising technology in single-cell sequencing, aiming to address
the sparsity issues encountered in sSCCRISPR screens [114, 123]. However, due to the scarcity
of single-cell targeted panel data, it is not possible to establish a half-normal sampling
distribution for targeted panels. Recognising that targeted panels primarily influence the
observed mean expression distribution, I chose to predict the mean expression of a specific
gene in the targeted panel based on its mean expression in the whole transcriptome, given the
scarcity of targeted panel data. Mechanistically generating targeted panel data is currently
not supported by any existing models. Consequently, I had to infer the mean expression of
targeted panels using paired target panel and whole transcriptome datasets from Schraivogel
et al.. To achieve this, I trained a linear regression model on the log-transformed mean
expression of matched targeted panel and whole transcriptome data from the 11000 gene sets,
obtained from Schraivogel et al.. With this regression model, it becomes feasible to forecast
a gene’s mean expression in the targeted panel based on its mean expression in the whole

transcriptome.
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Algorithm 2: Estimate Mean-Dispersion Curve
Input: X with i genes by j cells
Result: ePois, aDisp
1 normalise X using "poscount’ from Love et al.;
2 calculate row-wise mean and variance of count matrix;

Yioax o Xhlu—he)’
3 I'Ll - . n B GL - d n_] ;

4 calculate gene dispersion using mean and variance in a row-wise manner;

2
s dispsli] = %;

¢ Initialize coefficients ePois = 0.1, aDisp = 1;

7 for i< 1to 10 do

8 fori< 1tondo

9 Calculate residuals: residualsli] < %,

coe fs[l]—i—m

10 if (residuals]i] > 1 x 107*) and (residualsi] < 15) then

1 | Add i to the set of good indices: y < yU{i};

12 end

13 end

14 | ePois,aDisp < glm(y ~ I(1/x), family = Gamma(l/ink = identity”), start =
coefs)

15 if ePois < 0 or aDisp < 0 then

16 ‘ Parametric dispersion fit failed;

17 end

18 end

19 return ePois, aDisp;

Simulating Mean Expression based on Excepted Cell Library Size

To allow users to simulate different Expected Cell Library Sizes, I integrated an NB General
Linear Regression (GLM) model, originally employed by Hafemeister and Satija. In their
study, they established a linear relationship between the mean expression of genes (E x;;]) of
gene i in cell j and the log-transformed cell library size (m;) of a given dataset. This was
achieved using a base 10 logarithmic transformation, where the y-intercept is estimated as S,
and the slope between cell library size and gene mean expression is 8 (as shown in Equation
3.4). In addition to fitting the crisprPower expression distributions to a given dataset, an NB
GLM model is also fitted to model the relationship between mean expression and cell library
size. This allows crisprPower to predict a new mean expression for a specific gene based on
a user-provided cell library size. Once the new mean expression is estimated, crisprPower

estimates a new gene dispersion using the previously fitted mean-dispersion curve.
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logo(E[xi;]) = Bo+ B1 x logo(m;) (3.4)

3.2.4 Simulating CRISPR Perturbations
CRISPR Knockouts

CRISPR knockouts’ perturbation effects upon a given gene’s expression are simulated
using a Zero-Inflated NB (ZINB) distribution, where the probability of a zero occurrence
is determined by the gRNA’s on-target activity at a specific target site [126, 5]. The ZINB
distribution is chosen because it effectively captures the probabilistic nature of knockouts, as
the occurrence of a knockout for an individual gene in a given cell is random. Knockouts
can be mathematically described as a zero-inflation process, where either a gene is knocked
out and expresses zero transcripts or it retains the capability to express transcripts as usual
without any changes to the underlying distribution.

Let p,.r, represent the probability of zero occurring in the ZINB distribution. The on-
target activity of the gRNA at the target site determines this probability, denoted as a. Hence,
Dzero 18 @ function of a, i.e., pzro = f(a). The remaining non-zero counts in the ZINB
distribution follow an NB distribution, which accounts for the variability in gene expression
due to knockouts.

Overall, the CRISPR knockout perturbation effects can be mathematically described as:

0, with probability p_e,,

Probability of Knockout = 3.5

NB(rgq,pg), with probability (1 — peer),
Where the NB distribution models the non-zero expression counts in the presence of a
knockout.

CRISPR Interference

CRISRPi introduces a deterministic perturbation by inducing a heterochromatin state via
its transfused repressor domain at the TSS of a target gene; as such, the perturbation being
introduced is fundamentally different from CRISPRko and relies upon reducing the gene
burst rate [68, 7]. The reduction in bursting rate is directly linked to the binding probability
of a gRNA at a particular target site, determined by the gRNA’s on-target activity. A higher
binding probability results in a more significant decrease in the gene’s bursting rate.

When analyzing a perturbed gene, we can analytically calculate its effect on the gene

expression distribution as rg, = rgc(1 — ag), Where rg, is the new perturbed r, parameter, r,.



3.2 Methods 33

is the original control r, parameter, and a, represents the on-target activity of a specific gRNA
at the target site. The parameter p, remains unchanged due to the parametric assumption
of the assumed gene expression model CRISPRi does not alter the burst size. Instead, it
functions by obstructing polymerase access, thereby reducing the burst rate. These values
correspond to the new NB distribution’s estimated mean and dispersion parameters for

simulating the CRISPR interference scenario affecting the given gene.

3.2.5 Parameterize Regulatory Interactions of Transcription Factors

The regulatory effect of a given TF upon a given gene is estimated in the following manner
as seen in Algorithm 3. First, the mean gene expression of the regulated gene and the
TFs involved in regulation was obtained. Subsequently, the noise was introduced into the
data by sampling from a normal distribution. Where the distribution’s mean was set to the
gene’s mean expression, while the standard deviation was determined by a noise coefficient
(default value is 0.001). Multiple samples (default value is 100) were drawn from the
distribution, generating noisy mean expression values for both the regulated gene and the TFs.
Third, linear regression was utilised to determine the strength of the regulatory interaction
between the regulated gene and each TF. The 3 coefficients were estimated for each regulator,
indicating the magnitude and direction of the regulatory effect. These coefficients could
be positive or negative, signifying an activating or repressive influence of the TF on the
regulated gene, respectively. Finally, a regulatory coefficient matrix is created, consisting of
G rows and T columns, where each row represents a gene and each column represents a TF.
Each value in the matrix contains a 8 coefficient value. If no regulation occurs, the index is
filled with a zero.

3.2.6 Propagation of Perturbations through the GRN

Simulating the effect of perturbing a given gene relies upon crisprPowers ability to propagate
the perturbation effect throughout the GRN in a realistic manner. To do this, I developed
a modified version of the network signal propagation algorithm originally purposed by
Kamimoto et al. (see Algorithm 4), where the effect of a perturbation is represented as the
iterative updating of mean expression of downstream genes. The GRN is represented by two
matrices, X and C. Matrix X is a G x T matrix, where G represents the number of genes
and T represents the number of TFs in the GRN. Each element (g,7) of the matrix contains
the mean expression of the TF or zero. If a TF does not regulate a particular gene, its value

is set to zero. Matrix C is also a G x T matrix, where each element (g,#) represents the f3
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Algorithm 3: Parameterising Regulatory Interactions of GRN
Input: y, Gene Mean Expression, t; TFs Mean Expression, € Noise Parameter
Result: Regulatory coefficient matrix C

1 foreach Gene do
2 sample noise means for both regulated gene and TFs involved in regulation;
3 y~ N (.ug 78) ;
4 foreach TF do
5 | X ~ N (U, €)
6 end
7 Perform linear regression to determine regulatory interaction strength;
8 y=XB+e
9 end
10 Create a regulatory coefficient matrix C with dimensions G x T’;
1 foreach gene do
12 foreach TF do
13 if regulation occurs then
14 \ Set the Cy; to the corresponding 8 coefficient of TF;
15 end
16 else
17 ‘ Set Cy to zero;
18 end
19 end
20 end

coefficient of the TF or zero. Similarly, if a TF does not regulate a given gene, its value is set
to zero. The B coefficients are estimated through linear regression in the preceding step.

To propagate a perturbation throughout the GRN, the algorithm iterates N times which
will propagate the perturbation N degrees from the perturbed node (by default, N is set to
5). During each iteration, element-wise multiplication of matrices X and C is performed,
representing the influence of TFs on gene expression. Subsequently, the mean expressions of
TFs are updated based on any changes in the network. Row sums are computed for the rows
of matrix X corresponding to TFs, and the non-zero column values in matrix X are updated
with the new TF mean expression.

After completing the propagation loop, a final element-wise multiplication of matrices X
and C is performed. The resulting matrix is then subjected to row summation, yielding the
new mean expression U, of genes in the GRN. Bursting rate parameters r, for each gene are

calculated using the formula: ry = ;11 g ii , where p, denotes the probability of bursting for the

gene.



3.3 Results 35

Algorithm 4: Propagation Perturbation across Simulated GRN
Input: X,C, N
Output: L,

forn < 1toN do
Perform element-wise multiplication: X < X ® C;
Calculate row sums for TFs: S < RowSum(X);
Update non-zero column values in X with new TF mean expression;
Perform element-wise multiplication: X < X ® C;
end
Calculate row sums for genes: R <— RowSum(X);
Ug < R;
Calculate bursting rate parameters: rg < ‘]L = f; g ;

o 0 N N R W N =

10 return [, rg;

3.3 Results

3.3.1 Validating Statistical Characteristics of Gene Regulatory Network

Power-law dynamics are frequently observed throughout biological networks, from protein-
protein interactions to metabolic networks. A common feature that defines power-law
dynamics is the emergence of "hubs’ or central nodes with a disproportionate number of
edges in comparison to other nodes in the network [11]. In GRNs, essential or cell state
essential TFs frequently form hubs that play a greater-than-expected role in maintaining
the regulatory state of the GRN in a given cell type. Networks that are controlled by these
dynamics exhibit ’small world’ effects where due to the network’s hubs, most nodes are only
a few degrees away from the furthermost node relative to its position [11, 19]. In biological
networks, ’small-world’ effects allow for the rapid response to environmental stimuli. In
addition, in biological networks, power laws govern the existence of network motifs that
carry significant functional implications for the network. These motifs introduce regulatory
logic and redundancy, both of which are advantageous properties that experience positive
selection during evolution. [11, 38, 6]. As such crisprPowers’ ability to recapitulate these
networks accurately is crucial for ensuring realistic simulations of CRISPR perturbations.
Accurately representing the modularity observed in biological networks is crucial for
simulating perturbations realistically. To recreate this property, a modular sampling algorithm
was implemented using GeneNetWeaver [119, 95]. This algorithm randomly samples a seed
node from a true GRN with only TF-to-TF interactions. It iteratively adds nodes to the
network based on which neighbours increase its modularity. To validate this, I utilized

crisprPower to simulate GRNs of various sizes. Subsequently, I applied the Louvain graph
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Statistical Charactertics of Synthetic GRNs
a) Modularity of GRNs b) Out-Degree Distribution of GRNs
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Fig. 3.3 Confirming that CrisprPower simulated GRNs exhibit similar properties of modular-
ity observed in real GRNSs.

clustering algorithm to identify communities within GRNs [15]. I then calculated the graph
modularity using these communities. Furthermore, I repeated this process with real GRNs
from the GRNdb for comparison [42]. Simulated GRNs generated through this process
have near-identical modularity to real GRNs, with simulated GRNs having a slightly wider
range and lower mean in terms of modularity see figure 3.3a. Such minimal difference in
modularity indicates that crisprPower can accurately simulate GRN modularity observed in
real GRNs.

While modularity allows crisprPower to replicate network motifs and redundancy within a
regulatory network, power-law distributions govern the number of genes regulated by a given
TF, thereby controlling the scale of first-degree perturbation effects. To assess crisprPowers
simulated GRNs power-law dynamics, I simulated a hundred networks with a max number
of 400 TFs, 5000 E-Genes, and 5 regulating TFs max per E-gene in order to be on par with
the size of real GRNs. I then plotted the Kernel Density Estimate (KDE) of the out-degree
distribution of both real and simulated GRNSs in figure 3.3. While both distributions exhibit
power law dynamics in their out-degree distributions, it is clear that crisprPowers differ from
real GRNs. Specifically, simulated GRNs had a greater density of TFs with out-degrees
between 0-50 than real GRNs. While, in the 50-200 out-degree range, simulated GRNs had
fewer TFs within this out-degree range than excepted. It is not until we got to TFs of 200
out-degrees or more in the right tail of the out-degree distribution we see similar behaviour
between simulated and real GRNs. This general shift to the left while exhibiting power law
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characteristics differs from observed real GRNs. As such, crisprPower can simulate power
law dynamics, but it differs from those observed in real GRNs.

Comparing the statistical characteristics of simulated and real GRNs showed that crispr-
Power can simulate characteristics of real GRNs doing particularly well with simulating
modularity. While capable of simulating power-law dynamics, the simulated networks do
not perfectly match the observed power-law dynamics of the source networks. Instead, the
simulated networks exhibit a slightly lower power-law dynamic, which results in a smaller
right tail in the power-law distribution (see Figure 3.3b). This discrepancy indicates that
further refinement is needed in terms of simulating preferential attachment. These differences
in power law will result in structural differences that impact crisprPowers’ ability to simulate
how a perturbation is propagated through a network. Specifically, crisprPower simulated
GRN will contain many of the functional motifs and redundancies observed in the core
regulatory network of TFs and other biological networks but will differ in terms of the
perturbation scale when TFs are perturbed, which could artificially inflate or deflate the

perceived importance of TF.

3.3.2 Validating CRISPR Perturbations

scCRISPR screens primarily use one of two CRISPR perturbation methods: Knockout or
Interference. Each method has pros and cons, requiring their own independent model to
simulate the perturbations’ immediate effect upon a target gene expression distribution.

Knockouts provide a theoretically more permanent perturbation by inducing a frameshift
relying upon the NHEJ pathway to induce these mutations [126]. To simulate this process,
CrisprPower utilizes a ZINB where the on-target activity f(a,) is assumed to be a conser-
vative estimate of the probability of zeros p..., = f(a,) for a given target gene. At the
same time, the NB component of the ZINB represents the cells where a knockout failed to
occur due to the probabilistic nature of the mutations in the NHEJ pathway and is sampled
1 — pg. I plotted the scaled gene expression Probability Mass Function (PMF) of five TFs
across four simulated on-target activities of 0, 0.25, 0.5, and 0.75 to visualise how Knockouts
affect a target gene distribution. As seen in figure 3.4, as the on-target activity increases, we
don’t observe a shift in the gene expression distribution but rather an overall decrease in the
probability of sampling from the original gene expression distribution, which corresponds
with an increase in the number of zeros.

Interference perturbs a given target gene deterministically by inducing a heterochromatin
state at the TSS via the transfused repressor domain [68]. Due to the differences underlying
the perturbation mechanism crisprPower simulates the direct effect of interference as a
modulation of the target genes’ transcription burst rate r,. Where the on-target activity a, is
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CRISPR Knockouts Effect on Gene Expression PMF
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Fig. 3.4 Showing CRISPR Knockout perturbation effects on target gene expression distribu-
tion as on-target activity increases. From left to right, the simulated on-target activity is O,
0.25, 0.5, and 0.75. As observed in the distribution above, Knockouts do not fundamentally
alter the distribution of a gene expression; instead, it simply inflates the number of observed
Zeros.
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assumed to represent that reduction of the burst rate in the following manner ry = rg(1 —ay).
To visualise the direct effects Interference has upon a target gene expression distribution, I
plotted the PMF under varying on-target activity of 0, 0.25, 0.5, 0.75 as seen in figure 3.5 as
the on-target activity of an Interference based perturbation increase there is an observable
shift in the gene expression distribution continuously to the left, closer to zero, with an ever
greater constraint on the variance. Differing of Knockouts, these counts should be observed
in all cells with a given gRNA. They should be easier to identify and infer the on-target
activity of Interference compared to Knockouts.

crisprPower is a powerful tool that can simulate perturbations induced by either knockouts
or interference. As illustrated above, the models employed to simulate these perturbations
showcase distinct characteristics with increasing on-target activity. These dissimilarities
are attributed to underlying mechanistic variations that crisprPower effectively captures.
Moreover, crisprPower has the ability to model and analyze both the processes involved, as

well as the disparities in statistical characteristics between these two methods.
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CRISPR Interference Effect on Gene Expression PMF
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Fig. 3.5 Showing CRISPR interference perturbation effects on target gene expression distri-
bution as on-target activity increases. From left to right, the simulated on-target activity is
0, 0.25, 0.5, and 0.75. As shown in the distribution above, interference shifts an expression
distribution left while constraining variance until it becomes zero.
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3.3.3 Validating Propagation of Perturbations

I demonstrated interference and knockout effects on target gene expression distribution in
the previous section. However, this is the immediate perturbation; the observed scale of
perturbing a target gene will vary depending upon the genes it regulates downstream. To
simulate these effects, crisprPower must be able to effectively propagate the effects of the
perturbation throughout the network based on regulatory interactions and the strength of
these interactions. I simulated a small GRN with 10 TFs and 300 E-Genes to validate this.
For visualizing the effects, I specifically plotted three E-Genes that exhibit the strongest
activating regulatory influence (indicated by the largest positive 8 coefficient) by a given
transcription factor (TF). I conducted a ’perfect’ perturbation of three TFs based on the
node’s centrality and propagated their perturbation across the GRN (Fig. 3.6). The three
chosen TFs represent varying levels of centrality within the GRN. Consequently, they exhibit
different perturbation scales, which can be conceptualized in relation to the number of
downstream edges away from the target gene that can be influenced. I term this phenomenon
"perturbation degree," wherein the number of degrees indicates the maximum number of
edges through which the perturbation on a specific target gene can be observed in terms of
differential expression. For instance, a target gene with zero-degree perturbations refers to a

gene where only its expression distribution is altered when perturbed. While a one-degree
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Propagation of Perturbations Across Gene Regulatory Network
a) First Degree Perturbations b) Second Degree Perturbations  ¢) Third Degree Perturbations
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Fig. 3.6 llustrating the propagation of perturbations across a GRN based on the centrality
of TFs and their impact on downstream E-Genes’ expression distribution. a) Perturbing an
isolated and less influential TF demonstrates limited downstream effects. b) A moderately
important TF immediately induces perturbations in its regulated genes. c) Perturbing a central
TF results in widespread differential expression throughout most of the GRN, showcasing
the extensive influence of highly central TFs.

perturbation occurs when both the target gene and its immediately downstream regulated
genes exhibit differential expression. As the number of perturbation degrees increases, the
scale of perturbation expands across the GRN leading to a greater number of genes being
differentially regulated as a consequence.

The simulation of ’perfect’ perturbations showcases the capability of crisprPower to
simulate both the perturbation of a target gene and its propagation across a GRN. In Figure 3.6,
from left to right, we observe how a perturbed TF (highlighted by a red circle) immediately
exhibits differential expression, subsequently perturbing the genes it regulates. Furthermore,
as more central TFs are perturbed, the scale of the perturbation increases.

In Figure 3.6a, we can observe that when an edge TF is perturbed, it solely affects the
genes it directly regulates. However, as we move closer to central TFs, an increasing number
of downstream genes exhibit differential expression. Additionally, Figure 3.6¢ provides an
example of how the modularity within GRNs influences the propagation of perturbations.
The presence of a collider feature in the GRN causes perturbation of the central TF to impact
only the right side of the GRN, while the left side shows limited to no perturbation at all.

3.4 Discussion

scCRISPR screens are a novel experimental method that provides researchers with a high-
throughput and high-resolution view of cellular perturbations [1, 36]. With such a detailed

view of cellular systems being perturbed, the quest to map phenotype to genotype has never
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been more exciting or feasible. While significant effort has gone into improving the experi-
mental protocol of scCRISPR screens, such as moving away from guide barcodes to direct
readout of gRNAs in cells, and new single-cell sequencing methods are being developed,
there remain fundamental questions about the experimental design of scCRISPR screens and,
more importantly, the statistical power these screens possess [114, 101, 121]. crisprPower
was developed to address these questions. crisprPower is a statistical simulator capable
of simulating different experimental protocols, such as Whole or Targeted transcriptome,
Interference or Knockout and how these perturbations propagate across a GRN network.

To validate crisprPower’s performance, I first investigated the statistical characteristics of
the simulated GRNSs it generates and compared them to real GRNs. The two key characteris-
tics of biological networks are modularity and power-law dynamics [6, 95]. Modularity is a
crucial aspect of biological networks, accounting for the regulatory logic and redundancy
observed in biological networks. To confirm that I observed the same characteristics in the
simulated GRNs used in simulations, I calculated and compared their modularity to that
observed in real GRNs. crisprPower’s simulated GRNs showed similar modularity to that
observed in real GRNs. However, when it came to simulating power-law dynamics, the
simulated networks exhibited slightly different types of power-law behaviour than real net-
works. This suggests that further refinement is necessary to simulate preferential attachment
in crisprPower accurately. These differences in power-law dynamics can lead to structural
disparities, affecting crisprPower’s ability to simulate how perturbations propagate through
the network accurately. In particular, the simulated GRNs generated by crisprPower contain
many of the structural motifs observed in GRN and other biological networks. However, the
perturbation scale of TFs in the simulated GRNs differs from that observed in real networks,
potentially leading to artificial inflation of the importance of TFs.

Next, I explored crisprPower’s ability to generate Knockout or Interference perturbations
as a function of on-target activity by confirming the expected shift in the target genes expres-
sion distributions. I simulated Knockouts and Interferences using two different mathematical
models due to the differences in mechanisms inducing the perturbations. Knockouts induce
permanent perturbations by causing frameshift mutations through the NHEJ pathway. crispr-
Power employs a ZINB model to simulate this process, where the on-target activity represents
the probability of observing zeros in the target gene expression. This is reflective of the
probabilistic nature of CRISPR Knockouts. A target gene is deterministically perturbed for
interference by inducing a heterochromatin state at the TSS through a transfused repressor
domain. crisprPower models the direct effect of interference by modulating the target gene’s
transcription burst rate. To validate that crisprPower can simulate these differences, I plotted

the PMF of multiple increasing on-target activities for both perturbation methods. I observed
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distinct but excepted shifts in target gene expression based upon the perturbation method,
with both methods inducing greater differential expression as on-target activity increased.

Finally, I demonstrated crisprPower ability to simulate the perturbation of both a target
gene and its propagation across a GRN. The simulations of ’perfect’ perturbations showcased
the capability of crisprPower to accurately model the immediate and downstream effects of
perturbing TFs within the GRN. The results depicted in Figure 3.6 provide valuable insights
into the propagation patterns of perturbations throughout the network. It is evident that the
perturbation scale varies depending on the centrality of the perturbed TFs. When a less
central TF is perturbed, the differential expression primarily affects the genes it directly
regulates. However, as we move towards more central TFs, more downstream genes exhibit
differential expression, indicating a broader impact. This phenomenon of perturbation
degree, denoting the number of degrees of separation from the target gene that experiences
differential expression, highlights the interconnected nature of the GRN and the potential for
cascading effects. It is worth noting that the modularity within the GRN also plays a role in
the propagation of perturbations. The presence of a collider feature, as observed in Figure
3.6¢, can confine the perturbation to specific regions of the GRN while leaving other regions
unaffected. This underscores the influence of the GRN’s structural characteristics on the
propagation of perturbations and raises important considerations regarding off-target effects.

In conclusion, scCRISPR screens have given researchers an unprecedented high-resolution
view of cellular perturbations. crisprPower is a novel statistical simulator that enables re-
searchers to explore the statistical power of these screens. By generating realistic GRNs
that exhibit both modularity and power-law dynamics, crisprPower can simulate CRISPR
perturbations such as Knockout and Interference and propagate these perturbations across
the GRN. This simulator allows researchers to search for optimal experimental designs that
maximize the statistical power of their scCRISPR screens. The validation studies show
that crisprPower can generate realistic perturbation responses, allowing researchers to map
phenotype to genotype more accurately. In summary, the crisprPower simulator provides
researchers with a valuable tool to optimize the statistical power of scCRISPR screens by
simulating realistic perturbations and establishing a ground truth for the development of
methods to accurately map genotype to phenotype.



Chapter 4

Experimental Design of Single Cell
CRISPR Screens

Single-cell CRISPR screens offer a high-throughput and high-resolution tool for researchers
to perturb biological systems, allowing them to dissect and reconstruct regulatory interactions
of biological systems. However, despite their tremendous promise, current SCCRISPR
screens suffer from a lack of statistical power. Using the crisprPower simulator, I investigated
and compared how the statistical power of a scCRISPR screen varies based on alternative
experimental design choices. While current scCRISPR suffers from a lack of power, simple
changes such as using a targeted panel and CRISPR Knockouts can dramatically increase the

statistical power of the screen for relatively little or no extra cost.

4.1 Introduction

scCRISPR screens utility has been limited to niche use cases where the biology under
investigation involves essential genes, pathways, large-scale experiments with hundreds to
thousands of cells per target gene, or immediate readout scenarios such as promoter and
enhancer gene linkage experiments [97, 50, 115]. Although significant progress has been
made in resolving many issues related to scCRISPR screens protocols, several questions still
persist regarding the primary cause of their limited statistical power and how to overcome it.
Is the issue primarily related to experimental design? Are we not optimizing our experiments
sufficiently to maximize the likelihood of observing an effect, such as ensuring adequate
sequencing depth or increasing the number of cells analyzed? Could the choice of a specific
CRISPR variant for inducing perturbations yield better results compared to others? Is
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it possible to modify single-cell sequencing protocols to enhance power? Or is this a
fundamental limitation that is inherent to scCRISPR that cannot be overcome?

To gain deeper insights into the power issues associated with scCRISPR screens and
facilitate their broader applicability in biological contexts, I employed crisprPower to con-
duct simulations and evaluate the statistical power of various experimental designs. By
manipulating the number of cells per perturbation, ranging from 1 to 1000, I compared
the performance of CRISPRko and CRISPRi. Additionally, I investigated the potential
enhancement of statistical power in sScCRISPR screens through the utilization of single-cell
sequencing methods that employ targeted panels. While existing sScCRISPR screen designs
suffer from chronic underpowering, there exist practical and readily accessible means to
enhance the statistical power of screens. These improvements hold the promise of enabling
scCRISPR screens to deliver high-throughput and high-resolution insights into the cellular
response to perturbation, unlocking their full potential.

4.2 Methods

4.2.1 Simulating CRISPR Perturbations via CrisprPower

To assess the effect of various publically available scCRISPR screen experimental protocols
and novel designs, specifically experiments that utilized alternative sequencing protocols, on
the statistical power of the experiment and the ability to observe a given perturbation effect, |
conducted simulations comparing sScCRISPR performance in terms of power using either
a targeted and whole transcriptome. To conduct these simulations, I utilized crisprPower’s
gene expression model, a novel statistical scCRISPR simulator that can simulate CRISPR
perturbations. I did not utilise simulated GRNs; instead, I directly sampled mean expression

and estimate dispersions from fitted expression distribution.

4.2.2 Estimating On-target Activity Distribution

To sample the On-Target Activity of CRISPRko, I fitted the predicted on-target activity scores
of all gRNAs across the Human Genome. I downloaded the University of California Santa
Cruz (UCSC) genome browser data on gRNA target sites and used the Python package fitter
to fit a beta distribution using MLE. The on-target activity score provided by the UCSC
genome browser for a gRNA target site was the Fusi score for measuring the on-target activity
of gRNAs [37, 104]. Fusi scores are no longer state of the art metric for estimating on-target
activity; instead, a new score developed by DeWeirdt et al. 2022 is the current state of the

art. However, the accessibility of the Fusi Score via the UCSC genome browser and its



4.2 Methods 45

availability for all gRNAs within protein coding regions of the genome enables an endeavor
to estimate the "global’ On-Target Activity Distribution of gRNAs. However, it’s crucial to
acknowledge that since all current state-of-the-art On-Target activity scores are normalized
ranks, they do not fully represent the probability of Knockouts or Occupancy as defined in
crisprPowers’ CRISPR perturbation model.

4.2.3 Calculating Statistical Power of Perturbation

Statistical power is the probability of correctly rejecting the null hypothesis in a hypothesis
test or detecting an effect if it exists. It can be calculated using parametric or non-parametric
methods. Non-parametric approaches, like empirical-based methods, are effective but slower
as they rely on general changes in moment statistics such as the mean. In contrast, parametric
methods are faster and account for the unique properties of a specific distribution.

In this particular scenario, [ employed a parametric method to calculate the statistical
power of CRISPR perturbation in an NB distribution, simulated using crisprPower. This
approach allowed me to account for changes beyond just the mean and incorporate the
variance introduced by CRISPR perturbations. The equation I utilized to compute the
statistical power is derived from the work of Cundill and Alexander. Their equation was
originally developed to determine the required sample size (N) for an experiment with a
desired power (p), considering the mean values (U1, Uprey) and dispersions (Ocgi, Oprin) Of
the control and perturbed samples, as well as the significance level (@) (with a default value
of 0.05).0Q.y1 represents the percentage of samples belonging to the control condition and
Oprt Tepresents the percentage of samples belonging to the perturbed condition. To calculate
the sample size, Cundill and Alexander transformed both « and p to the corresponding
standard normal deviates, denoted as Zl_% and Z; _, respectively. These standard normal
deviates represent critical values associated with the chosen significance level and power.

The original equation proposed by Cundill and Alexander is presented as follows:

1 1 2
(Zl—% ‘|—Zl—p) X \/(@Gctrlz) + (%cyprtb)

Hetrl — Mprtb

VN =

4.1)

While Cundill and Alexander do not provide a method for directly calculating the power
p of a specific experimental condition for a given sample size (as shown in Equation 4.1), I
have extended their work and derived a new formula by isolating Z; _, (see Equation 4.2).
This new formula enables me to estimate the statistical power for a particular experimental
condition, such as CRISPR perturbation, based on the number of cells per perturbation and
changes in NB distributions mean and variance between control and perturbed conditions. In
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the equation as the same equation above, N represents the number of samples, [l represents
the control sample mean, [, represents the perturbed sample mean, Gcztrl represents the
control sample variance, szrtb represents the perturbed sample variance, Q is the percentage
of samples belonging to a given condition. Where Q. represents the percentage of samples
belonging to the control condition and Qp, represents the percentage of samples belonging
to the perturbed condition, and o represents the statistical significance threshold. Finally,
after calculating Z; _, it can be transformed from an estimated standard normal deviate to
the cumulative distribution function (CDF) to obtain the statistical power of the experiment.
By utilizing this derived formula, it is possible to determine the power of the experiment
based on the sample size, as well as the control and perturbed NB parameters. The equation I

derived is presented as follows:
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4.2.4 Datasets

For this analysis, I used the 40,000 cells from the Human Cell Atlas on ICA Bone Marrow
Dataset to fit the mean expression distributions of both the overall distribution of cell popula-
tions and specific gene classes using crisprPower [59]. The advantage of utilizing this dataset
lies in its substantial size, convenient accessibility, and diverse representation of biological
settings. Notably, the dataset encompasses up to 35 distinct cell populations, encompassing
major types such as granulocytic, monocytic, lymphoid, erythroid, megakaryocytic, and
eosinophil populations. These populations originate from eight different donors spanning
various age ranges, with a minimum of 9,800 cells obtained from each donor [59]. Overall,
the ease of access to this publically available data (via SeuratData), excellent experimental
design by the Human Cell Atlas, and diversity in a biological context provide an ideal dataset
to generate simulations from.

4.3 Results

4.3.1 Quantifying the Statistical Power of scCRISPR Screens

To determine the overall statistical power of a given scCRISPR screen that has already
been conducted is extremely context-specific and, while informative about the experiment,
provides us with little useful information that can be used to direct further improvements
to the design of scCRISPR Screens. crisprPower is a scCRISPR screen statistical simulator
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Statistical Power of Knockouts per Quantile of Expression Distribution
a) On-Target Activity of 0.55 b) On-Target Activity of 0.75 c) On-Target Activity of 0.95
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Fig. 4.1 Statistical power of CRISPRko perturbations in scCRISPR Screens as the number of
cells increases from 1 to 1000. Each quantile has been coloured and is rank order from the
highest mean expression in the 4th quantile to the lowest mean expression in the 1st quantile.

that offers the capability to simulate an extensive range of design options, spanning from
near-perfect to the worst experimental designs, allowing for a comprehensive exploration
of the entire space of potential experimental designs of sScCCRISPR screens. To quantify
the statistical power of scCRISPR screens, I decided to start with the perfect sScCRISPR
screen experiment where the excepted unique molecular count per cell (also known as the
cell library size) is 14000, and the number of cells perturbation varies from 1 to 1000. In
addition, I simulated CRISPRko as the perturbations at min (0.55), mean (0.75), and max
(0.95) values of the estimated on-target activity distribution of gRNAs and estimate the power
of a knockout using Equation 4.2.

There is an overall mean expression distribution for a given cell population where genes
can be ranked from highest to lowest mean expression. To understand how differences in
mean expression affect the probability of observing the perturbation effect of a given gene, |
split the distribution by quantile. I sampled a hundred mean expression values per quantile to
be simulated across the different on-target activity levels and at the near-perfect scCRISPR
screen experimental design mentioned above. Next, I estimated the statistical power as the
number of cells per perturbation increased from 1 to 1000 for each sample mean expression.
I plotted a series of power curves to visualize the change in statistical power as the number

of cells increased, with each quantile getting a curve (see figure 4.1).
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Statistical Power of Knockouts per Quantile of Expression Distribution
a) On-Target Activity of 0.55 b) On-Target Activity of 0.75 c) On-Target Activity of 0.95
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Fig. 4.2 Comparing the statistical power of targeted and whole transcriptomes as the number
of cells increases from 1 to 1000. The solid line is the power curve of the whole transcriptome,
and the dashed line is the power curve for a targeted transcriptome. Each quantile has a
unique colour and is rank-ordered from the highest mean expression in the 4th quantile to
the lowest mean expression in the 1st quantile.

The results are remarkably striking, revealing a concerning lack of statistical power in
the majority of published scCRISPR screens unless they target an essential set of genes or
pathways. The extent of this underpowering is quite surprising; I initially expected scCRISPR
screens to be moderately underpowered, possibly requiring around 250 cells. However, the
simulation results have shown a different reality, indicating that even for a perfect knockout,
a minimum of 500 cells is necessary, as depicted in Figure 4.2. As anticipated, the on-target
activity of a gRNA has the most significant impact on the power of a sScCRISPR screen.
When the average gRNA on-target activity is approximately 0.55, the experiment lacks the
ability to detect any changes unless a minimum of 600 cells or more are used per perturbation,
as shown in Figure 4.1a. Even with an increasing number of cells beyond 600, the experiment
is likely to detect only effects in the 4th quantile, remaining unable to identify perturbation
effects in genes from the other three quantiles.

On-target activity, however, appears to have diminishing returns, as is evident in minor
differences in the power curves of CRISPRko with 0.75 and 0.95 on-target activity (see
in figure 4.1b and 4.1c). While the increase in on-target activity exhibits a substantial

difference between the on-target activities of 0.55 and 0.75, it is comparatively smaller than
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the difference observed between an on-target activity of 0.55 and 0.95 (see figure 4.1b and
4.1c). Specifically, once on-target activity is greater than 0.75; it is possible to observe the
perturbation effects of genes in the 4th quantile with 400 cells per perturbation. At the same
time, the 3rd quantile is observable once approximately 600 to 700 cells are observed per
perturbation, with the 2nd and 1st quantiles being simply unobservable even with 1000 cells
(see figure 4.1b). For CRISPRko of 0.95, it is possible to observe the 2nd quantile with 800
to 900 cells per perturbation (see figure 4.1c).

This is good news, as the excepted on-target activity of most gRNAs in the genome
used for CRISPRko is 0.75. Despite this good news, the power curves for on-target activity
are depressingly low, indicating that it is currently not possible to see any effects until a
minimum of 400 cells per perturbation for the 4th quantile, a minimum of 600 cells to see
effects in the 3rd quantile, to observe the effects of genes in the 2nd quantile requires a 1000
cells. However, despite having over 1000 cells, there is no hope of seeing anything in the
4th quantile. These results highlight the significant limitations of scCRISPR screens using
the current single-cell sequencing protocols, even in simulations with maximum CRISPRko
on-target activity. It is evident that scCRISPR screens are severely underpowered, and this
issue is further exacerbated when using gRNAs with on-target activity performance closer to

the expected levels.

4.3.2 Comparing Statistical Power: Targeted vs Whole Transcriptome

While no one has quantified the statistical power of scCRISPR, it is known that, in general,
the method is underpowered to address these issues. Targeted panels were merged with
scRNA-Seq to enrich for specific genes of interest in perturbation screens and to reduce cost
via a decrease in sequencing [123, 114]. There are two types of experimental protocols for
targeted panels: custom PCR Primer and antibody pulldown-based enrichment. Each of these
methods has its pros and cons; further research into their efficiency is required; at the core,
however, each method attempts to overcome the experimental and statistical limitation of
using the whole transcriptome as a readout in single-cell perturbation screens.

I reran my simulations using crisprPower again, assuming a near-perfect experimental
design of an average cell library size of 14000 for the whole transcriptome and an average cell
library size of 2000 and the number of cells per perturbation being dynamically adjustable
from 1 to 1000. Again I sampled 50 genes’ mean expression values from each quantile of the
mean expression distribution that was simulated across the min, mean, and max (0.55, 0.75,
0.95) of on-target activity distribution. The only major difference was that I simulated both
whole and targeted transcriptomes predicting the log-transformed mean expression of the
targeted gene using crisprPowers linear regression model that was fitted using Schraivogel
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Statistical Power of Knockouts per Quantile of Expression Distribution
a) On-Target Activity of 0.55 b) On-Target Activity of 0.75 c) On-Target Activity of 0.95
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Fig. 4.3 Comparing the statistical power of targeted and whole transcriptomes as the number
of cells increases from 1 to 300. The solid line is the power curve of the whole transcriptome,
and the dashed line is the power curve for a targeted transcriptome. Each quantile has a
unique colour and is rank-ordered from the highest mean expression in the 4th quantile to

the lowest mean expression in the 1st quantile.

et al. paired targeted and whole transcriptome dataset. I then calculated the statistical power
of the perturbation per on-target activity and quantile as the number of cells increased from 1
to 1000.
The difference in the statistical power between the targeted and whole transcriptome
is stark (see figure 4.2). Target transcriptomes outperformed whole transcriptomes by a
substantial margin with a clear increase in statistical power and are now able to observe
perturbation effects across all of the quantiles in targeted transcriptomes with only 250
cells across all of the simulated on-target activities. While in comparison to the whole
transcriptome, where perturbation effects in the 4th quantile a barely observable, let alone in
the remaining quantiles. In fact, the difference between targeted and whole transcriptomes is
so substantial that the power curves of the targeted transcriptome quickly reach the upper
right corner of the power curves in 4.2 when simulating 1 to 1000 cells.
To assess the difference in performance between the quantiles, it’s necessary to replot the
power curves this time with increasing from 1 to 300 cells of the power curve plot (see Figure
4.3). When comparing target transcriptomes power curves in from this perspective, there are

clear but excepted differences in performance driven by the quantiles of mean expression
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Statistical Power of Knockouts per Gene Class
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Fig. 4.4 Statistical power of CRISPR perturbations in both targeted and whole transcriptomes
for the expression distribution of a gene class from 1 to 1000 cells. Similar to previous
figures, solid lines are the power curve for whole transcriptome, and dashed lines represent
targeted transcriptomes. gene class specific expression distributions were fitted from ICA

Human Cell Atlas Data.

distribution and the on-target activity of the gRNA. For an on-target activity of 0.55, the
simulations suggest that a minimum of 250 cells is needed to observe the majority of all
perturbation effects in the experiment, with fewer cells required for the higher quantiles. For
the on-target activities of 0.75 and 0.95, it is possible to observe the perturbation effects
across all quantiles with only 150 cells. These results suggest that, on average, a sScCRISPR
screen using targeted transcriptomes requires approximately 150-200 cells per target gene to
ensure the observability of perturbations. These findings provide compelling evidence that
targeted panels greatly enhance the statistical power of scCRISPR screens and enable the

detection of perturbation effects across a wide range of mean expression levels.

4.3.3 Comparing Statistical Power: Targeted vs. Whole Transcriptome
by Gene Class

Previously, I have focused on measuring the statistical power across the quantiles of a
given cell population mean expression distribution. While normal scCRISPR screens are
chronically underpowered, targeted panels offer a solution to this issue. However, the
question remains how does this apply to specific gene classes? To gain deeper insights into the
practical implications of the enhanced statistical power provided by targeted transcriptomes,
I conducted a new single-cell sequencing experiment. Instead of utilizing quantiles, 1
employed the pre-defined gene classes from crisprPowers, namely Transcription Factors,
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Statistical Power of Knockouts per Gene Class
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Fig. 4.5 Statistical Power of CRISPR perturbations in both targeted and whole transcriptomes
for the expression distribution of a gene class from 1 to 300 cells. Similar to previous figures,
solid lines are the power curve for the whole transcriptome, and dashed lines represent
targeted transcriptomes. Gene class specific expression distributions were fitted from ICA

Human Cell Atlas.

Kinases, Ligands, Receptors, and Other Genes, based on GO Terms. The "Other Genes" class
encompasses all the genes that could not be classified into any of the other gene classes. For
each gene class, I sampled 100 mean expression values from its mean expression distribution
fitted from the ICA Human Cell Atlas dataset using crisprPower. I only considered the
minimum, mean, and maximum on-target activity of CRISPRko (0.55, 0.75, 0.95). Finally, 1
plotted the power curve from the result simulations from 1 to 1000 and a zoomed-in version
from 1 to 300 cells.

The results of this analysis follow a similar trend to the mean expression quantiles that
were studied previously. Target panels are a more effective experimental method to improve
the experiment’s statistical power with substantial improvements over whole transcriptome
readouts see Figure 4.4. However, when comparing the zoomed figures of 4.5 and 4.3, it
is clear that there is an overall decrease in the statistical power in the gene classes when
compared to the quantiles of the overall mean expression distribution. This is most likely
because the quantiles of a cell population’s mean expression distribution will contain a
mixture of genes from the various classes there. As such, highly expressed genes will
shift the overall mean expression higher when fitting the data, increasing the likelihood of
observing the perturbation. When fitting gene class specific mean expression distribution,
these mixtures are removed, which results in a decrease in the statistical power which is more

representative of actual biology.
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Regardless, the decrease in statistical power, while significant, is not dramatic. Instead
of needing a min 250 cells to see all effects when accounting for gene class, a minimum of
300 cells are needed to observe all of the perturbation effects and vary with gRNA on-target
activity. When perturbing gene classes with an on-target activity of 0.55, 300 cells are
needed to observe all of the perturbation effects regardless of gene class (see figure 4.5a).
While perturbing genes with the excepted on-target activity of 0.75 tightens the power curves
substantially, suggesting that only 200 cells are required to observe perturbations across all
of the gene classes. Finally, the perfect perturbation activity of 0.95 once again reflects the
previously observed trend that there is no significant increase in statistical power beyond
0.75. Overall though the results reflect our previous observations that target panels are better,
there is a diminishing return in on-target activity beyond the mean of 0.75.

scCRISPR screens are commonly employed to perturb a specific set of genes belonging
to a particular gene class or pathway. This has practical implications in screen design,
as it necessitates accounting for only one or two gene classes, potentially reducing the
number of cells required substantially. Simulating scCRISPR screens using gene classes
offers the advantage of extracting class-specific recommendations for experimental design.
For instance, assuming an on-target activity of 0.75 or greater, a screen that is aimed at
investigating ligands and receptors only needs 50 to 70 cells. While a screen focused on
perturbing kinases or TFs would require far more cells per target gene, from 150 to 200
cells. It is important to note that all these class-specific recommended cell counts will vary
depending on the biological context of the screen. Therefore, conducting pilot experiments or
simulations is crucial to obtain an overall representation of the biological system. Using the
data from the pilot experiment crisprPower can be utilised to estimate the required number

of cells per class.

4.3.4 Knockouts or Interference: which is more powerful?

In the previous analyses, my focus was on determining the optimal single-cell sequencing
procedure by comparing target panels to whole transcriptome outputs across a general and
gene class-specific fitted mean expression distribution. Additionally, I simulated perturbations
based on the assumption that CRISPRko would be the selected perturbation method. However,
it’s essential to acknowledge that CRISPRi, another commonly used CRISPR-based method,
is also employed in sScCRISPR Screens as an alternative approach. CRISPRi offers several
appealing characteristics in comparison to CRISPRko, especially in its deterministic nature
induced by a transfused protein with default activity. Unlike CRISPRko perturbations,
CRISPRI does not rely on cellular DNA repair mechanisms to induce the perturbation. This
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Statistical Power of Knockouts vs Interference per Quantile of Expression Distribution
a) On-Target Activity of 0.55 b) On-Target Activity of 0.75 c) On-Target Activity of 0.95
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Fig. 4.6 Comparing the statistical power of CRISPRi vs CRISPRko using a targeted tran-
scriptome as the number of cells increases from 1 to 300. In this comparison, the on-target
activity is the same for both perturbation methods. The solid lines plot the power curve of
CRISPRko, and the dashed line plots the power curve for CRISPR interference.

attribute allows for direct measurement of perturbation effects on both target genes and
off-targets, as observed in the transcriptional readout.

While this offers researchers the appealing potential to rapidly and reliably identify
off-target effects in the experiment, its superiority over CRISPRko in terms of generated
statistical power remains uncertain. To investigate this, I conducted a series of simulations of
CRISPRko and CRISPRI perturbations using the previously employed perfect experimental
design. The focus was on comparing the differences in statistical power based on the quantile
overall mean expression distributions of a cell population.

In the first round of simulations, I assumed that the on-target activity of both CRISPRko
and CRISPRi were the same in order to compare the performance of underlying perturbation
mechanisms. It is immediately apparent that when the on-target activity of these perturbation
methods is the same CRISPRko is more potent than CRISPRi across all the quantiles across
all quantiles see figure 4.6. Quantile-specific differences exist regarding the superiority of
CRISPRko over CRISPRi, with the 4th quantile exhibiting the greatest disparity and the 1st
quantile showing the least. This pattern is consistent across all simulated on-target activities.
At an on-target activity of 0.55, both CRISPRko and CRISPRi require the same number of

cells (see figure 4.6a). However, this quickly changes when the on-target activity reaches
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Statistical Power of Knockouts vs Interference per Quantile of Expression Distribution
a) Knockouts 0.55 vs Interference 0.95 b) Knockouts 0.75 vs Interference 0.95 c) Knockouts 0.95 vs Interference 0.95
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Fig. 4.7 Comparing the statistical power of CRISPRi vs CRISPRko using a targeted transcrip-
tome as the number of cells increases from 1 to 300. In this comparison, the on-target activity
differs for CRISPRko on-target activity varies from 0.55 on the right to 0.95 on the left.
While CRISPRI on-target activity is kept the same at 0.95 as this is the excepted on-target
activity of this perturbation method. The solid lines plot the power curve of CRISPRko, and
the dashed line plots the power curve for CRISPRi.

0.75 or higher. In comparison to CRISPRi, CRISPRko only requires 150 cells to observe
all perturbation effects as seen in 4.6b and 4.6¢c. As the on-target activity increases, the
performance gap between CRISPRko and CRISPRi widens further. It is important to note
that this comparison is unrealistic, as CRISPRi perturbation is deterministic and depends
on the proximity of the target site to the Transcription Start Site of a given gene. Typically,
CRISPRI exhibits an on-target activity of 0.95.

To compare a more realistic CRISPRi on-target activity, I plotted the power curves for
both CRISPRko for the 0.55, 0.75, and 0.95 vs 0.95 for CRISPRI (see figure 4.7). Even
in this more realistic comparison regarding the excepted on-target activity of these meth-
ods, CRISPRko consistently outperforms CRISPRIi in all cases except in the minimum
gRNA on-target activity of 0.55 (4.7a). Once the on-target activity of CRISPRko surpasses
0.75, a significant and consistent trend emerges, reaffirming previous observations. Specifi-
cally, screens utilizing CRISPRko exhibit a greater amount of statistical power compared
to CRISPRi-based screens when the on-target activity exceeds 0.75 across all quantiles,
with the 4th quantile exhibiting a slight advantage (4.7b). This superior performance of

CRISPRko becomes more pronounced as the on-target activity increases to 0.95, with even
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the 4th quantile demonstrating a significant increase in statistical power over CRISPRi (4.7¢).
Overall, these results demonstrate that even in a more realistic scenario with near-perfect
perturbations using CRISPRi, CRISPRko-based screens remain inherently more powerful
due to the permeant nature of CRISPRko’s, in comparison to CRISPRi perturbations where
the perturbation only occurs while CRISPR is bound to the target site.

While these results are initially shocking, it becomes clear once the underlying perturba-
tion mechanisms are considered in greater detail. CRISPRko induces a permanent alteration
to the DNA sequence of a gene that will always prevent it from being expressed; despite the
probabilistic nature of CRISPRko, a permanent perturbation will consistently outperform
an induced perturbation. CRISPRI is an induced perturbation that only occurs so long as
it’s bound to the target site as a transfused transcriptional repressor mediates it. These
results indicate that CRISPRko induces a more significant perturbation effect than CRISPRIi,
reflected in the greater power of CRISPRko simulations. However, there are still use cases

for CRISPR1, such as concerns for off-target effects and non-protein coding genomic regions.

4.4 Discussion

scCRISPR screens are a novel high-throughput high-resolution experimental protocol with
tremendous promise in empowering researchers to investigate biological systems. However,
despite the initial excitement and developments, it is clear that these screens suffered from
numerous issues in their experimental protocols and were underpowered. Much of the
research done in scCRISPR screens has previously focused on improving experimental
protocols by switching from gRNA barcodes to direct capture of gRNA and improving
the lentiviral backbone used. Little research has been done on determining the overall
statistical power of scCRISPR screens and how various experimental design choices in
single-cell sequencing experiments affect these screens’ statistical power. Finally, while
these developments have dramatically improved scCRISPR screens, they are still chronically
underpowered.

In this study, I quantified the statistical power of sScCRISRP screens using the analytical
simulator crisprPower under varying experimental conditions and highly optimal experimen-
tal protocol based on previously published experimental methodology. My initial simulations
focused on a normal single-cell sequencing experiment that generates a whole transcriptome
readout under idealistic circumstances. Specifically, I simulated a near-perfect single-cell
sequencing experiment where up to 1000 cells per perturbation and an average cell library
size of 14000. Even under this idealistic and costly experimental design, I observed that it

was impossible to observe the effects of perturbations for most genes without a minimum of
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600 cells for a given target gene. Indicating that scCRISPR screens are underpowered and
practically useless in their current experimental workflow. Any proposed results observed
are noise and can not be definitively said to mean anything unless an essential gene/pathway
was being investigated or the study had at least 600 cells per perturbation.

Targeted transcriptomes for single-cell sequencing experiments are recent developments
initially aimed at reducing the cost of the experiments through reducing sequencing. There
are two primary methods of creating a targeted panel; the first uses PCR primers called
Targeted Panel Sequencing (TAP-Seq), and the second is based on antibody pulldown of
hybridized probes. TAP-Seq works by modifying the 10x Genomics workflow at the cDNA
amplification step. Instead of amplifying the cDNA using 10x protocol, custom PCR primers
are designed using the TAPseq R package to amplify only a specific subset of the desired
transcriptome [123]. While the antibody pulldown method works by adding a step into
the 10x protocol after cDNA amplification, hybridization probes are added to the amplified
cDNA designed to target a specific subset of the transcriptome. After 24 hours, the hybridized
probes are pulled using antibodies, and this pulled pool of DNA is then sequenced, thereby
enriching the desired subset of the transcriptome. Although these are two distinct methods
for this study, I treated them as the same. In simulations, comparing Targeted to Whole
transcriptomes demonstrated that targeted panels could dramatically reduce the number
of cells required to observe a perturbation. Specifically, when simulating a targeted panel
of 1000 genes, I observed that only 75-100 cells, on average, were required to observe a
perturbation effect. Through careful choice of a transcriptome subset (for instance, targeting
the L.1000), researchers can observe statistically significant results in SCCRISPR screens.

In previous simulations, I have explored the statistical power of experimental designs in
terms of the overall mean expression distribution of a given cell population. However, this
doesn’t relate to specific gene classes. As such, I reran by Targeted vs Whole Transcriptome
fitting individual mean expression distributions using Human Cell Atlas on ICA Bone Marrow
Dataset for interesting sets of gene classes: TFs, Ligands, Receptors, Kinases, and E-Genes.
The results of this simulation followed a general trend similar to previous simulations that
Targeted transcriptomes outperformed Whole transcriptomes substantially. Still, they did
suggest that around 150 to 200 cells are needed to observe effects across all gene classes.
However, suppose only all of the targets come from a particular gene class, such as Ligands or
Receptors in this dataset. In that case, the overall number of cells required decreases to 30-50
cells per perturbation. Indicating that experimental design has some flexibility depending
upon the target genes being perturbed when using a targeted panel. These simulations’ results

suggest that a Targeted Transcriptome should always be used over a Whole Transcriptome.
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Targeted transcriptomes are essential to have a powered scCRISPR screen. Previous
simulations perturbations simulated CRISPRko, but how does using CRISPRIi affect the
statistical power of the screen? I simulated and compared the statistical power of both
CRISPRko and CRISPRi and observed that CRISPRko were more potent than CRISPRi
under all circumstances. The performance difference reflects the underlying method of
introducing the perturbation. CRISPRko induces a frameshift mutation which knocks the
target gene out of frame, thereby preventing gene expression. While CRISPRI is binding
at the target’s TSS and repressing the gene’s expression via a transfused repressor. This
results in a more deterministic but fundamentally leaky perturbation as CRISPRi perturbation
only occurs so long as it binds to its target site. As it cycles through binding and unbinding,
transcripts can be expressed in the interlude. Yet despite CRISPRko’s superior performance
over CRISPRY, this doesn’t necessarily mean it should be used in all experiments. CRISPRko
only outperforms CRISPRI in the protein-coding sequences of the genome. If scCRISPR
screens are being used to determine promoters-gene linkage, enhancers-gene linkage, or
another non-coding section of the genome, CRISPRI is still an invaluable tool. When utilizing
CRISPRY, it is still necessary to have a Targeted transcriptome to ensure that the screen has
sufficient statistical power.

scCRISPR screens are an exciting new experimental protocol with tremendous promise
in helping researchers bridge the gap and map genotype to phenotype in biological systems.
However, despite recent improvements in technology, there still underpowered. In this study,
I first quantified the statistical power of various scCRISPR Screen experimental protocols and
methods of introducing perturbation. My results indicate a statistical power and cost-effective
scCRISPR screen is possible if a Targeted Transcriptome is used. CRISPRko should be used
whenever possible over CRISPR1, but there are still cases in the non-protein coding part of

the genome.

4.5 Caveats and Limitations

Several limitations are inherent in crisprPower, although most are minor. For instance,
using linear regression to model regulatory interactions assumes that these interactions are
fundamentally linear and disregards non-linearity, which is an obvious oversimplification.
Nonetheless, these approximations serve as reasonable representations to simulate the broader
effects of CRISPR perturbations in scCRISPR. However, there are two implicit assumptions
that are significantly related to crisprPower’s ability to simulate targeted panels, which arise
from using linear regression to predict the mean expression of genes within such panels.
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Firstly, it should be noted that the current version of crisprPower assumes a targeted
panel consisting of 978 genes, which corresponds to the number of genes in the 11000 gene
set. I initially developed crisprPowers target transcriptome model in this manner because it
was easy to estimate using Schraivogel et al. data. This limitation means that the tool cannot
simulate a targeted panel of any other size, rendering it non-generalizable to different target
panel sizes, such as a 100-gene panel or any other size.

Second, crisprPower assumes that the gene expression composition of the panel is the
same as the 11000 gene set. Target panels are designed to address the issue of sparsity in
datasets; they are able to address this by reducing the number of genes being sequenced
to a specific set of genes. However, even after selecting a specific gene set, variations in
mean expression can still result in sparsity if the composition of the gene transcripts varies
significantly. This is because the underlying sampling process of single-cell experiments
remains unchanged.

For instance, consider a target panel comprised of one gene with low expression and four
genes with high expression. In this scenario, sparsity would be observed in the low-expressed
gene due to the larger number of available transcripts for sequencing highly expressed genes.
Conversely, a target panel consisting of five low-expression genes would exhibit minimal
sparsity since all genes have an equal chance of being sequenced. The statistical power of
the targeted panel will vary depending on the alterations in the number of genes and the
composition of the expressed transcripts within those genes.

I do not believe these limitations of crisprPower fundamentally alter the results that
targeted transcriptomes have greater statistical power than whole transcriptomes. Rather
they affect the general usability of crisprPower as a software package to design new targeted
panels for experiments in other biological settings. Due to these limitations, users cannot
simulate a custom selection in terms of the number of genes or the composition of gene
expression in the targeted panel for their experiment.

The use of target transcriptomes is currently limited, and it is unlikely researchers will
conduct pilot experiments using this technology as it limits the overall resolution of the
experiment. This presents a significant challenge that must be addressed to ensure the
generalisability of crisprPower and improved experimental design of scCRISPR screens. In
order to overcome this limitation, a mechanistic simulator that can flexibly incorporate wet
lab methods for manipulating the transcriptome, even in the absence of a reference dataset, is
needed. By developing such a simulator, these limitations can be effectively tackled, leading
to broader applicability and increased usability of crisprPower.



Chapter 5

Mechanistic Simulations for Improved
Single Cell Sequencing Experimental
Design

A diverse array of specialized single-cell sequencing protocols is being continually developed
to tackle specific challenges and cater to various applications. One such method is targeted
transcriptomes, initially devised to address the limitations of sScCRISPR screens by enhancing
their statistical power. Nevertheless, the limited availability of datasets and their restricted use
in a particular set of biological and experimental contexts pose a challenge to the design of
optimal experiments across different settings. Moreover, the design of targeted transcriptomes
involves multiple experimental parameters to consider, including the selection of genes for
the panel and the composition of gene expressions. Existing simulators lack the capability to
dynamically simulate these diverse conditions and their effect on the statistical properties of
an experiment’s observed counts. Consequently, a new mechanistic framework for simulating
these emerging protocols is imperative. Minerva is a new wet-lab-aware mechanistic single-
cell simulator capable of simulating various experimental designs of target transcriptomes

and more.

5.1 Introduction

Minerva was designed from first principles to simulate single-cell datasets based on the
sampling process of each single-cell experiment: capture chemistry, RT-PCR, cDNA Ampli-
fication, and Sequencing. The capture chemistry phase includes the use of capture probes
designed to specifically target the Poly(A) tails of mRNA molecules. Once captured, the



5.1 Introduction 61

molecules undergo conversion into copy DNA (cDNA) via Reverse Transcription PCR (RT-
PCR), where due to the inherent inefficiencies of the reaction, up to 50% the captured mRNA
molecules can be destroyed, effectively reducing the pool of captured molecules by half
[70, 64, 142]. Following RT-PCR, the cDNA is amplified through PCR and subsequently
sequenced. Throughout these stages, the inherent differences in the relative composition of
transcripts among genes within a cell are further exacerbated as each step applies a sampling
without replacement process. Consequently, a feedback loop arises, amplifying the imbal-
ances between highly expressed and lowly expressed genes [110, 71]. This phenomenon
is responsible for technical dropouts in single-cell sequencing experiments and presents
challenges in accurately detecting low counts of specific genes.

Targeted transcriptomes have been developed to enhance the effectiveness of scCRISPR
screens by focusing amplification and sequencing upon a specific set of genes. This is
typically achieved through one of two methods either using custom PCR primers during
cDNA amplification to selectively amplify the panel genes or employing a probe-based
antibody pulldown after cDNA amplification to enrich the panel genes [123, 114]. Regardless
of the chosen method, targeted transcriptomes are fundamentally manipulate the probabilities
of sequencing a particular gene’s transcripts in a binary manner based on whether the gene is
enriched or not. One of the main challenges with target transcriptomes lies in the composition
of the panel genes, as variations in their expression can significantly impact the statistical
properties of the experiment, rendering the manipulation ineffective. However, if binary
manipulation is possible, there is no inherent reason why a continuous manipulation of
the sequencing probability of a gene’s transcripts can not be done. By manipulating gene
weights continuously, it may be possible to resolve the issues encountered with targeted
transcriptomes and has the potential to eliminate technical sparsity from single-cell datasets.
Transcriptomes whose probability of sequencing a given transcript is manipulated in a
continuous manner I referred to as *weighted transcriptomes’.

Minerva improves upon existing simulations by incorporating experimental manipu-
lations such as amplification or enrichment protocols and modelling degradation during
RT-PCR and is capable of simulating whole, targeted, and weighted transcriptomes. In
this chapter, I validate Minerva’s accuracy by comparing its output to both state-of-the-art
simulators, SPARsim and Splatter, as well as real world data. This analysis highlights
Minerva’s capabilities in accurately simulating typical single-cell experiments. Furthermore,
I demonstrate Minerva’s effectiveness in simulating targeted panels, commonly used for
enhancing sensitivity in single-cell experiments. Minerva also serves as a valuable tool for
exploring theoretical experiments, allowing users to manipulate parameters and explore the

statistical characteristics of these experimental protocols, such as weighted transcriptomes.
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5.2 Methods

5.2.1 Properties of Noncentral Hypergeometric distributions

Minerva utilizes Noncentral Hypergeometric distributions to model the sampling process of
single-cell experiments, which involves weighted sampling without replacement. Specifically,
Minerva employs the Fisher Noncentral Hypergeometric (FNH) distribution to model the
sampling processes for capture chemistry and cDNA amplification. To provide an intuition
of the behaviour of this distribution and highlight the differences from its sibling distribution,
the Wallienus Noncentral Hypergeometric (WNH), I will explain what Noncentral Hypergeo-
metric distributions are, how they extend the Hypergeometric distribution, and present the
mean, variance, and PMF of the FNH.

Differences between the Wallienus and Fisher Noncentral Hypergeometric distributions

The Hypergeometric distribution models a specific sampling process known as sampling
without replacement. When discussing the Hypergeometric distribution and its related
noncentral distributions, it is common to use a visual analogy of drawing balls from an urn,
where the urn contains all the available balls for sampling. In this analogy, the number
of balls in the urn is represented by N, and there are K populations whose individual
populations, denoted as m, add up to N. Unlike the binomial distribution and most statistical
distributions, when a ball is drawn, it is removed from the urn and not replaced. Noncentral
Hypergeometric distributions are an extension of the Hypergeometric distribution that can
accommodate weighted sampling scenarios. In these scenarios, each population has a weight
o that alters the probability of a class being sampled, with an increasing weight leading to a
higher probability of selection [81, 86, 10].

There are two primary types of Noncentral Hypergeometric distributions: the WNH
distribution and the FNH distribution [45]. The main distinction between the WNH and
FNH distributions lies in the sampling process of the model. In the case of the WNH
distribution, sampling is done sequentially, meaning that the ordering of sample draws affects
the probability of sampling the next ball drawn based on the ball drawn and its assigned
weight. In addition, because the WNH sampling process is sequential, it is possible to
determine a desired sample size or the number of balls to be drawn in advance [45, 46].
The FNH distribution assumes no dependence between draws. Therefore, when sampling
from an FNH distribution, all balls are drawn simultaneously from the urn without any prior

knowledge of how many balls will be sampled [45, 46].
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An insightful metaphor to understand these differences was proposed by Fog in his work
on Biased Urn Theory. He likened the sampling process of the WNH distribution to fishing
with a fishing rod, where only one fish can be caught at a time. The probability of catching
a particular fish species increases with its weight. In this scenario, the desired number
of fish to catch can be decided in advance. While the FNH distribution models a process
where a fishing net is used. The fishing net is cast into a lake, left for a period of time, and
then pulled back in. The probability of catching a specific fish species improves with its
weight, but it is impossible to know how many fish will be caught in advance. Based on the
differences between these two distributions, I chose to utilize the Multivariant version of the
FNH (MFNH) due to no dependence between samples, as the fishing net metaphor fits the

single-cell sequencing scenario to a greater extent than the WNH.

Parameters and Functions of the Fisher Noncentral Hypergeometric Distribution

The FNH distribution is parameterized as follows: for a simple univariate FNH distribution,
it is characterized by two populations, denoted as m and m,, both of which are non-negative
integers (m,my € N). The total number of elements in the populations is represented by N,
which is the sum of m and mj, i.e., N = mj +mj. Each population has a weight, denoted as
@, which is a positive real number (@ € R, ). Where an increase in the weight increases the
probability of drawing a specific population. When the weights are close to one, the FNH
distribution collapses into the hypergeometric distribution. Finally, there are n samples to be
drawn x is the number of balls from the m; population sampled, where 7 is an integer within
the range [0,N).

my "12 o~
The terms Py, P;, and P, are used in the calculation of the mean and variance of the FNH
distribution. They are defined as follows:

Pk _ xf( <m1) ( mZy) C()yyk (52)

Y=Xmin Y n—

The mean of the FNH distribution, denoted as %, is calculated using P; divided by F.

2
The variance of the FNH distribution, denoted as % — (%) , is calculated using P> divided

by Py minus the square of %. Please note that xp,j, and xpyax represent the minimum and

maximum values of x in the summation.
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The Multivariant Fisher Noncentral Hypergeometric distribution (MFNH) is a generaliza-
tion of the Fisher Noncentral Hypergeometric distribution to the case where K > 2, with K
being the number of populations in the Biased Urn. The parameters of the MFNH distribution
are denoted by m = (my,...,my;) € NK, where my, represents the number of balls in population
k. Additionally, the total number of balls in the Biased Urn is given by N = Zszl my, and the
number of balls sampled from the Biased Urn is denoted by n where n € [0,N). The weight
of each population is represented by @ = (@1, ..., @) € Rﬁ.

The Probability Mass Function (PMF) for the MFNH is defined as follows:

K m,
Py = Z H ( >w])€’k 53)
(V1) €S k=1 \Vk

Where P(x1,...,x;) is the joint probability of observing x; balls from population k, and
is given by:

1 K B
P(xi, o) = I1 (m") o (5.4)

k=1 \ Xk
The mean of the MFNH distribution, denoted by g, is calculated as follows:
myr

= 5.5
173 rot 1 (5.5)

where r is the unique positive solution to the equation:

K
Y me=n (5.6)
k=1

These equations define the MFNH distribution and allow for the analysis of biased

sampling processes involving multiple populations.

5.2.2 Modelling Cell-Specific Parameters

To model the various sources of variance within a single-cell experiment requires a ground
truth to start from, which in Minerva starts with estimating cell specific parameters. Within
the modelling framework, there are five key parameters for cell j: the excepted mRNA
content of the cell population p that cell j belongs to, capture chemistry efficiency c;, RT-
PCR efficiency rj, its sequencing saturation s;, U;, and ®;, which is, given gene i, mean

expression and dispersion, for a given cell population p.
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Estimating Excepted mRNA Size of Cell Populations

Minerva treats cells as samples from a cell population and that the mRNA content of cells
from a given cell population will (the total number of transcripts within a cell) randomly
fluctuates around the expected mRNA content of the population. This biological characteristic
is of significant importance as it can have a profound impact on the observed counts and
subsequent processes in a single-cell experiment [136, 18]. To identify cell populations
from a given dataset, Minerva employs the state-of-the-art single-cell quality control (QC),
normalization, and cell population identification pipeline described by Luecken and Theis.

Briefly, QC is performed by filtering out cells with a mitochondrial percentage of UMIs
greater than 10% and cells with library size larger than three median absolute deviations.
Once the filtered cells’ library sizes are normalized, Minerva utilizes the pooled size factor
normalization method developed by L. Lun et al.. Next, the genes exhibiting the top
10% of variance are selected to identify cell populations and undergo PCR to reduce the
dimensionality to 50 dimensions. Once compressed, a K-nearest neighbours (KNN) graph is
constructed based on the Euclidean distance between cells in the reduced space. Finally, the
Louvain community detection algorithm is applied to identify the cell populations [91, 15].

Once the cell populations have been identified, I employ a slightly modified version of
the heuristic developed by Ye et al. to estimate the expected mRNA content of each cell
population. Instead of estimating cell-specific sampling efficiencies, I estimate the expected
mRNA content of the cell population itself.

To estimate the expected cell library size of a population (L), which serves as a proxy
for the mRNA content of that population relative to others, I make the following assumptions.
Suppose a cell library is smaller or larger than other cell populations. In that case, it indicates
that the mRNA content of the cell population is expected to be smaller or larger compared
to the others. Based on this assumption, I estimate the simulated mRNA content of a cell
population using the user-defined minimum mRNA content (C,;;,) and maximum mRNA
content (Cpqy) in conjunction with the library size.

First, I perform a logarithmic transformation (base 10) on all expected library sizes and
determine the minimum observed library size (O,,i,) and the maximum observed library size
(Omayx)- Then, I calculate a library size weight using the equation shown in equation 5.7 to
obtain the library weight (/,,) for each cell population. Finally, I estimate the expected mRNA
content (E[C,]) of a cell population using equation 5.8, as demonstrated in the equations

below:

E[Lp] — Omin

[ =
" Omax - Omin

(5.7)
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E[Cy] = (1 —1y) * Cpin + Ly * Cinax (5.8)

Sampling Cell Specific Capture Chemistry efficiency

The capture chemistry efficiency of a cell is considered to be a random variable that is
not specific to a particular cell population. Instead, it is a technical variable that exhibits
random fluctuations around the expected capture chemistry efficiency of a specific single-cell
sequencing protocol. In order to simulate this process, Minerva utilizes sampling from a beta
distribution. The parameters o and B¢ are user-defined and determine the shape of the beta
distribution. The expectation of the beta distribution should be the reported or desired value
of the expected capture chemistry efficiency of the experiment.

cj ~ Beta(ac, Bc) (5.9

Sampling Cell Specific RT-PCR

The RT-PCR efficiency of a cell is considered to be a random variable that is not specific
to a particular cell population. Instead, it is a technical variable that exhibits random
fluctuations around the expected RT-PCR efficiency of the RT-Polymerase used in the
experiment. To simulate this process, Minerva employs sampling from a beta distribution,
which is parameterized by user-defined parameters ag and Bg. By default, these parameters
are set to 18, 18, resulting in a beta distribution with an expectation of 0.5. While users
have the flexibility to modify these parameters, it is worth noting that manipulating RT-PCR
efficiency is not recommended unless you are simulating an improved RT-PCR.

rj NBeta(OcR,ﬁR) (5.10)

Sampling Cell Specific Sequence Saturation

For a given cell, cell-specific sequencing saturation occurs, where sequencing saturation
represents the percentage of unique transcripts observed in the counts obtained from the
sequencing. I consider cell-specific sequencing saturation as a randomly fluctuating variable.
However, unlike capture chemistry efficiency and RT-PCR, I simulate it based on the sampling
efficiency of the cell. The sampling efficiency (p;) of cell j is calculated by dividing the cell’s
library size (L;) by its population’s expected mRNA content (C},), as shown in equation 5.11.
Using the previously sampled values of ¢; and r;, I calculate a cell’s sequencing saturation

(s) as the ratio of p; over the product of ¢; and r;, as demonstrated in equation 5.12.
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Fig. 5.1 This illustration depicts a step-by-step cell workflow, starting from cell lysis and cap-
turing mRNA transcripts, leading to the creation of the final end sequencing pool. Throughout
the process, there is a progressive reduction in the amount of information as the number of
transcripts decreases at each step. Notably, RT-PCR, a common technique, typically results
in approximately 50% loss of captured transcripts. Following that, the successfully converted
cDNA molecules are labelled with UMIs (Unique Molecular Identifiers) and amplified using
PCR, generating the sequencing pool from which the reads are ultimately sequenced.

Lj
pj=—L (5.11)
CP
s;= P (5.12)
cj*rj

Estimating Gene-Specific Parameters for a Given Cell Population

To estimate the gene expression distributions for a given cell population, Minerva employs
methods that have been previously utilized by crisprPower in Chapter 3. For more detailed
information on this, please refer to the "Fitting Genes Mean and Dispersion’ subsection of
Chapter 3’s methods and Algorithm 2.

Once the mean expression and dispersion values are estimated, Minerva proceeds to
scale the mean expression so that the sum total of all genes’ mean expression is equal to the
expected mRNA content. This scaling enables the biological variance samples to fluctuate
randomly around the expected mRNA content cell population, thereby providing a more

realistic simulation of transcriptional behaviour in a single-cell experiment.

5.2.3 Theoretical Model of Single Cell Experiments

Single-cell experiments are an invaluable approach for analyzing gene expression of cell
populations in heterogeneous biological settings and processes. However, the outcomes of
single-cell experiments can be affected by a diverse set of sources of variability [142, 91]
(see Figure 5.1). This requires the use of a hierarchical model that effectively captures the

different levels of biological and technical variance. In addition, to variability, it is important
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to model the specific type of sampling without replacement that occurs in these experiments,
where all transcripts are sampled simultaneously without any dependence between draws
[139, 18, 136]. To develop a precise theoretical model for single-cell experiments, it is
essential to thoroughly consider and address each source of variability and sampling bias
within Minerva’s model.

The first crucial aspect to consider is biological variability, which encompasses the
inherent stochastic differences between cells and represents the true expression distribution
Iaim to estimate in an experiment. To model this variability, I utilized a Gamma distribution,
its extensive use in modelling biological variance in both differential analysis and simulator
methods, as demonstrated in previous studies [8, 90, 96, 139, 14]. The Gamma distribution
offers significant flexibility, allowing it to effectively capture variations in both highly and
lowly expressed genes, regardless of whether they have large or small variances. Once the
gamma distribution parameters for all genes are estimated from single-cell data, Minerva
scales them to a given cell population’s expected mRNA content, thereby enabling these
gamma distributions to simulate true transcript counts.

The second crucial factor to consider is the technical variability originating from the
capture chemistry step in single-cell experiments. Capture chemistry is the step of a single-
cell experiment that is continuously being improved upon. For example, previous versions
like 10xv1 chemistry captured only 10% of the mRNA molecules, while the current 10xv3
chemistry captures approximately 30% [142]. Capture chemistry involves a sampling without
replacement process within the experimental protocol, where only a fraction of the mRNA
molecules within a given cell is captured. Furthermore, it serves as the initial step in
the experiment where enrichment or amplification techniques can be applied, potentially
introducing a weighted sampling process.

To accurately model the sampling process in the capture chemistry step of single-cell
experiments, the chosen sampling distribution must accommodate sampling without replace-
ment while allowing for the potential application of weights. While the Hypergeometric
distribution has been used previously, it does not precisely reflect the sampling process
that occurs during capture chemistry and lacks the flexibility of weighted samplings [14].
However, the MFNH distribution fits Minerva’s use case as it captures the sampling without
replacement process in which the draws are independent, and it can account for variations
in the probability of sampling different classes within the specified distribution by utilizing
a “weight’ parameter. Where increasing the weight increases the probability of sampling
the corresponding transcript [45, 46]. By utilizing the MFNH distribution, Minerva can
effectively model both the sampling without replacement process in the experiment and the

manipulation of a gene’s probability of being sequenced.
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The next significant source of variation to consider is the RT-PCR step, where captured
mRNA molecules are converted into cDNA for downstream amplification in single-cell ex-
periments. RT-PCR is a critical and pivotal step in the experiment, and it is the primary cause
of sparsity in the resulting data. This inefficiency leads to the degradation of approximately
50% of the captured molecules, resulting in a significant reduction in the counts, which
affects the detection of low-expressed genes. To model this step, Ican employ a binomial
downsampling approach [18, 136]. Where n of represents the count of captured molecules
for a given gene, and p represents the RT-PCR efficiency. By sampling from a binomial
distribution with these parameters to simulate the sequencing pool count, where the sampled
value indicates the number of unique molecular identifiers (UMIs) that remain for cDNA
amplification and subsequent sequencing.

Finally, cDNA amplification bias is another source of variability that arises from biases
introduced during the PCR amplification step, leading to differences in cDNA production
and gene expression measurements. To simulate the impact of cDNA amplification and
sequencing, it is important to consider the nature of the core reaction driving both of these
steps is PCR. PCR exhibits stochastic exponential behaviour, which introduces variability in
its efficiency on a per-gene basis, influenced by factors such as GC content and temperatures
[71]. In the context of single-cell sequencing experiments, the presence of unique molecular
identifiers (UMIs) attached to mRNA molecules ensures the deduplication of reads and the
identification of unique transcripts [64, 94]. However, issues arise when trying to detect
poorly amplified transcripts due to the Polya process PCR follows, which can result in a
decrease in the number of UMIs observed for the affected transcripts, making them more
challenging to detect within a given cell [110]. Another important aspect to consider during
cDNA amplification which is the second opportunity in a single cell experiment to introduce
customized amplification and enrichment protocols, similar to the capture chemistry step
discussed earlier. To capture these effects and potential experimental alterations, I once
again utilise the MFNH distribution. Using the MFNH distribution, Minerva can incorporate
weights to represent experimental alterations applied during cDNA amplification. Higher
primer concentrations, for example, can increase the odds of a transcript being sequenced,
providing a more accurate representation of the single-cell experimental process.

The resulting hierarchical model utilized by Minerva is a Gamma-MFNH-Binomial-
MFNH model. Each individual distribution captures both biological and technical processes

occurring at various steps of a single-cell experiment:
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Xj~T (@7 i i)
M;~MFNH(n=Pj,m=Xj,0=M,)
Sj~Binom(n =M;,p =r;j)

Y; ~ MFNH(n=Lj;,m=5S;,0=S5,)

This model accounts for the estimation of biological variance that researchers aim to
quantify, as well as the potential experimental manipulations that can take place during
different stages of the experiment.

Modelling Biological Variability

Let N be the number of genes and M be the number of cells to simulate, describing the entire
count matrix or single experimental condition. Let X;; be a random variable representing the
expression level of gene iincell j (i=1,...,N;j=1,...,M). LetY;; be a random variable
representing the count value (read or UMI count) of gene i in cell j. In a real scenario, only
vij (the observed value of Y;;) is known, while x;; (the realization of X;;) is unknown and to
find it is often the primary objective in a SCRNA-seq experiment.

In Minerva, a given gene i, the expression levels X;; are modelled using a gamma
distribution. Where y; is the "average" expression level of gene i and ®; is a parameter

describing the biological variability in the expression level of gene i:

1
Xij Nr(a,ui-‘bi) (5.13)

Modelling Capture Chemistry

Next, the previously sampled biological variance for cell j is sampled to create its capture
molecule pool M; using the MFNH parameterized by the X; gene expression vector, the size
of cell j capture molecule pool P; which is calculated in the following manner P; =) X *c;,
and M,,, which is a vector containing weights that represent any potential experimental
enrichment of a particular set of transcripts being applied at the capture chemistry step of
the simulation. By default, M,, contains all one, which simulates no biasing of the sampling
process. Sampling the MFNH creates the vector M, which is the Captured Pool of X;. This
can be expressed formally as:
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M;~MFNH(n=P;,m=Xj,0=M,) (5.14)

Modelling Reverse Transcription of mRNA

The captured transcripts in M are now transformed into a cell j sequencing pool, denoted
as S;. This pool represents the number of transcripts successfully converted into cDNA
molecules. To simulate this conversion process, I sample cell j capture pool vector M; using
a Binomial distribution. Here, the number of trials denoted as n, corresponds to the individual
gene’s molecule count M;;, while the success probability, denoted as p, is parameterized by
the cell j RT-PCR efficiency r;. Itake one sample per gene, and the resulting sampled value
represents the number of mRNA molecules for a specific gene creating the sequence pool
vector S; which represents mRNA converted to cDNA, as shown in the following equation:

S~ Binom(n=M;j,p =r;) (5.15)

Modelling cDNA Amplification

Finally, the cDNA molecules in the §; are sampled to create cell j observed counts Y;. To do
this sample, an MFNH distribution that is parameterised so that §; are the populations, L;
is the number of samples to draw, which is calculated by L; =) S; *s;, and S, is a weight
vector representing any potential experimental enrichment of a particular set of transcripts
being applied during cDNA amplification. By default, S,, contains all ones, which simulates

no biasing of the sampling process. This is expressed formally as:
YJ-NMFNH(n:Lj,m:Sj,OZSW) (5.16)

Simulating Target Transcriptomes

Targeted transcriptomes are simulated by modifying the S,, during the cDNA amplification
step in Minerva. When a gene is part of a panel, its weight is set to a default value of 30.
If a gene is not part of the targeted panel, its weight is set to 1. This approach allows for
flexibility and enables Minerva to simulate slight off-target effects, although these effects
may differ and vary for each gene from the weights currently used. The default weights of
30 for target panel genes were selected utilising Mean Square Error to assess the distance
between the log-transformed observed means of Minerva’s simulated transcriptomes and the

observed mean expression of targeted panel data from Schraivogel et al. (see Fig 5.2).
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Identifying Optimal Weights for Simulating Targeted Transcriptomes
a) Simulated Target Panel Performance b) Simulated Target Panel Performance
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Fig. 5.2 Identifying the Optimal Weights for Simulating Target Transcriptomes via Mean
Square Error Comparison between Minerva’s Observed Mean Counts and Schraivogel et al.
11000 Target Panels Observed Mean Counts. a) Displays all of the weights tested from 1 to
50 and b) focuses along the y-axis to show the elbow stops between the weights 25 and 30.

Simulating Weighted Transcriptomes

In Minvera’s model, there are two steps in the single-cell sequencing experiment where
enrichment protocols can be applied: capture chemistry and cDNA amplification. Depending
on the type of experiment being planned to simulate, it will alter how and when gene-specific
odds are applied. To compute the weights for a weighted transcriptome, it is necessary
to have either a reference dataset or a pilot experiment from which an observed relative
frequency can be obtained. Currently, the weighted transcriptomes are calculated using a

target frequency, denoted as 7. This target frequency is determined as the reciprocal of the

1
nGenes

number of non-zero expressed genes (t = ) in the pilot experiment or reference dataset.

To simulate a weighted transcriptome where only one of the steps is to conduct either
weighted chemistry or library experiment. In this case, the weight for gene wy, is calculated
by dividing the desired target relative frequency by the observed relative frequency of gene
f¢- The relative frequency of a gene is calculated by dividing a given gene’s mean expression
U by the sum of all genes’ mean. This can be calculated rather straightforwardly using the

following equations:
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Mg
fe=wn (5.17)
¢ i=1 Hi
t
W, = — (5.18)
8 fg

To calculate gene-specific weight for an experiment that weighs All Steps (Capture
Chemistry and cDNA Amplification) of a single-cell experiment, I first calculate the weighted
mean (M,,) as described above. Next, in order to determine the weights during cDNA
amplification (S,,), an estimate of the expected number of captured molecules (E[S;]) is
required. To calculate this, multiply the expected number of captured molecules in E[M;] by
0.5, which represents the expected RT-PCR efficiency. Subsequently, use the formulas 5.17
and 5.18 to calculate S,,.

5.2.4 Evaluation of Model Performance
Datasets

To assess the influence of alternative single-cell experimental protocols, particularly those
involving weighted transcriptomes, on the observed count data and our ability to capture
the true expression distribution, simulations were performed on four experimental protocols
using seven single-cell datasets from diverse biological contexts. For the purposes of this

chapter and Chapter 6, the datasets in Table ?? were used.

Dataset Name Biological Setting Protocol Cell Count | Chapter
BaronData [12] Pancreatic islets inDrop 8569 | 5&6
MacoskoData [94] | Retina cells Drop-Seq 49300 | 5& 6
JessaData [65] Pediatric brain tumors 10x 61595 | 6
KotliarovData [76] | Immune system 10x v2 58654 | 6
WuData [137] Adult kidney snDrop-Seq 17542 | 5&6
ZhaoData [141] Immune cells 10x 68100 | 6
ZeiselData [140] Nervous system 10x v1 160796 | 6
ZilionisData [145] | Tumor-infiltrating myeloids | inDrop 173954 | 6

Table 5.1 Datasets Used for Simulating Data: Protocol, Biological Setting, Cell Count, and
Chapter (5 or 6).
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Assessment Metrics

To evaluate the performance of Minvera and compare it to count matrices generated by other
simulators and real datasets, I employed comparison methods similar to those used in Baruzzo
et al.. The performance was assessed by comparing the statistical properties of simulated
counts with real count matrices in terms of gene sparsity, dispersion, and log-transformed
mean expression on a per dataset and cell population basis.

Gene sparsity was measured as the fraction of zeros observed in cells belonging to a
specific cell population. Gene dispersion was calculated as the variance of the normalized
counts for each gene within a cell population. Finally, genes’ mean expression values were
calculated and subsequently log-transformed.

For the analysis of gene sparsity and dispersion, I estimated the distributions using KDE
and visualised them using violin plots. These plots effectively illustrate the variations in
these statistical characteristics across different simulators and real datasets. Additionally, I
generated a two-dimensional KDE estimate to explore the relationship between sparsity and

log mean expression.

Evaluating Minerva Against the State-of-the-Art

I compared the performance of Minerva with two other state-of-the-art simulators: SPARSim
[14] and Splatter [139]. Both of these simulators were used with their default parameters.

Minerva was directly inspired by SPARSim, as it was developed to improve the limi-
tations of SPARSim by simulating more of the technical steps of single cell experiments
and allowing for experimental manipulation [14]. SPARSim is a simulator that uses a
Gamma-Multivariant Hypergeometric Distribution to model single-cell data, with a gamma
distribution for biological variance and a multivariant hypergeometric distribution for techni-
cal variability.

Splatter, a well-known and widely used scRNA-Seq simulator based on a Gamma-
Poisson hierarchical model [139], has been widely employed in the field. However, a notable
limitation of Splatter is its inability to account for the dynamics of a sampling process,
which both SPARSim and Minerva can naturally accommodate. In Splatter, gene mean
expression levels are simulated from a Gamma distribution, and the corresponding count
values are generated using a Poisson distribution. The simulator also incorporates high-
expression outlier genes and enforces a mean-variance trend, previously utilized in bulk
RNA-Seq simulations [139]. Additionally, Splatter employs a logistic function to describe
the relationship between gene expression level and sparsity per gene, enabling the simulation
of dropout events.



5.3 Results 75
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Fig. 5.3 Comparison of gene sparsity between simulators (Minerva, SPARSim, and Splatter)
and real scRNA-Seq datasets across multiple datasets and cell populations. Violin plots show
the distribution of sparsity for each dataset and cell population.

5.3 Results

5.3.1 Statistical Comparison of Minerva to Datasets and Other Simula-

tors

scRNA-Seq simulations are a valuable tool for researchers studying gene expression at the

single-cell level. However, accurately capturing key features of real scRNA-Seq data is
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essential for simulations to be useful. In this study, I performed a statistical comparison of
Minerva, a novel scRNA-Seq simulator that I developed, to two other simulators: SPARSim
and Splatter. My primary objective was to assess the performance of these simulators in
capturing three key relationships found in real scRNA-Seq data: the distribution of sparsity,
the distribution of the genes dispersion, and the relationship between a gene’s sparsity and
mean expression (which decreases in sparsity as mean expression increases). The specific
metrics used for comparison were a series of violin plots, which quantified and visualized
the representations of the relationships.

Minerva consistently captures the distribution of sparsity by gene per cell population
across various datasets, as evidenced by the near-identical violin plots and substantial overlap
with real datasets. This ability to accurately model gene sparsity is also observed in SPARsim
and Splatter. Nevertheless, the fidelity of simulated data sparsity is influenced by factors such
as sequencing depth, capture chemistry, and biological context. Notably, when utilizing the
Zhao et al. data as input, none of the simulators perform exceptionally well when compared
to real data. SPARsim and Minerva tend to underestimate sparsity, whereas Splatter tends
to overestimate it (see Figure 5.3, first row). Conversely, in the Baron et al. dataset, all
simulators accurately reflect gene sparsity (see Figure 5.3, third row). These findings
collectively demonstrate that Minerva is capable of simulating gene sparsity across diverse
biological settings; however, the quality of the dataset significantly impacts its simulation
capability.

The second comparison focused on gene dispersion, which quantifies the biological
variability of genes. In this comparison, both Minerva and SPARSim outperformed Splatter
significantly. Splatter consistently displayed an overestimation of gene dispersion or ex-
hibited a distinct bimodal distribution with a cluster of high dispersion and another cluster
with no gene dispersion. This is evident in its distribution, which consistently deviated from
the real data and the other simulators across all datasets and cell populations (see Figure
5.4). While Minerva and SPARSim exhibited comparable performance overall, there were in-
stances where Minerva’s performance appeared slightly superior to SPARSim’s. Specifically,
across most cell populations of Macosko et al., SPARSim consistently underestimated gene
dispersion (third row of Figure 5.4). Conversely, Minerva did not exhibit any pronounced
discrepancies in modelling gene dispersion compared to other simulators, although minor
differences were observed between the simulated gene dispersion of Minerva and the real
data in Zhao et al. (see the first row of Figure 5.4). These findings suggest that Minerva
accurately captures gene dispersion compared to real datasets and other simulators.

The final comparison delves into the relationship between gene sparsity and mean ex-

pression, which is a crucial aspect of sScRNA-Seq data. To evaluate the performance of the
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Dispersion by Condition and Simulator
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Fig. 5.4 Comparison of gene dispersion between simulators (Minerva, SPARSim, and Splat-
ter) and real scRNA-Seq datasets across multiple datasets and cell populations. Violin plots
show the distribution of gene dispersion for each dataset and cell population.

three simulators, I utilized kernel density estimates for each dataset and cell population,
representing the probability of a given value through a series of topologically shaded colours
(as depicted in figure 5.5). This analysis reveals that, once again, while Splatter roughly
captures the overall characteristics, it does not reproduce them perfectly or as effectively
as Minerva. Splatter’s kernel density is concentrated and shifted towards higher sparsity
and lower mean expression per gene compared to real datasets. In contrast, Minerva and
SPARSim closely resemble the kernel distribution of real data. However, SPARSim’s kernel
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Fig. 5.5 Comparison of the relationship between gene sparsity and mean expression between
simulators (Minerva, SPARSim, and Splatter) and real scRNA-Seq datasets across multiple
and cell populations. 2-dimensional kernel density plots show the distribution of these
variables for each dataset and cell population.

exhibits a set of unexplained outliers in the Baron et al. Baron et al. and Macosko et al.
datasets, while Minerva does not have such outliers (see the second row of figure 5.5).
Moreover, all simulators overestimate the majority of the mean expression distribution in
comparison to real data for Zhao et al.. However, each simulator demonstrates different
behaviour: Splatter significantly underestimates mean expression, while both Minerva and

SPARSim overestimate it, although Minerva’s overestimation is the closest to the real data
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among the three (see the first row of figure 5.5). These findings affirm that Minerva adeptly
models the relationship between gene sparsity and mean expression across diverse biological
settings and experimental contexts.

These results demonstrate that Minerva is a highly effective simulator for scRNA-Seq
data, accurately capturing key features such as sparsity distribution, gene dispersion, and
the relationship between gene sparsity and mean expression. Minerva performed on par
with its primary rival SPARSim, and surpassed the state-of-the-art simulator Splatter across
these major metrics. These findings suggest that Minerva is a reliable and accurate tool for

researchers who wish to simulate gene expression at the single-cell level.

5.3.2 Statistical Comparison of Minerva Targeted Transcriptome to
Datasets

Targeting panel sequencing is an innovative sSCRNA-Seq technique developed to enhance the
representation of genes expressed at low levels. By concentrating cDNA amplification and
sequencing on a specific gene panel, this technique enables comprehensive characterization
of their expression distribution. To the best of my knowledge, Minerva stands as the sole
simulator capable of effectively simulating this data type. Here I examine the ability of
Minerva to simulate gene sparsity, dispersion, and the relationship between sparsity and
mean expression using whole transcriptome data obtained from Schraivogel et al.. In
this study, targeted transcriptome data was paired with whole transcriptome data, which
enabled me to compare Minerva’s simulated targeted transcriptomes to a ground truth. The
primary objective is to validate Minerva’s capability to accurately reproduce the statistical
characteristics specific to targeted transcriptome data derived from whole transcriptome
datasets.

Initially, I conducted a comparison between the gene dispersion distribution of real
targeted transcriptome data and Minerva’s simulated targeted transcriptome using the paired
whole transcriptome as a reference (see Figure 5.6a). The results depicted in Figure 5.6
indicate that Minerva’s simulated targeted transcriptome successfully generates realistic gene
sparsity when compared to the real targeted transcriptome data. Both the Minerva simulated
and targeted transcriptome data display a significant reduction in sparsity, which aligns
with the primary objective of targeting panel sequencing. However, there are discernible
differences. Specifically, Minerva’s simulated targeted transcriptome exhibits an elongated
violin plot with a lower density of genes exhibiting near 100% sparsity. This observation
suggests that Minerva’s approach to simulating targeted transcriptomes, particularly in terms

of probe efficiency and off-target behaviour, may differ from real targeted transcriptomes.
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Comparing Statistical Characteristics of Minerva's Targeted Panels
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Fig. 5.6 Comparison of gene dispersion between real TAP-Seq data, whole transcriptome
scRNA-Seq data, and simulated data from Minerva. Violin plots show the distribution of
gene dispersion for each condition.

Next, I conducted a comparison between the gene dispersion in real targeted transcriptome
data, whole transcriptome data, and the simulated targeted transcriptome generated by
Minerva. The results of this comparison revealed excellent performance from Minerva, as
the simulated data nearly perfectly matched the targeted transcriptome data. The violin
plots in Figure 5.6b show that Minerva’s simulated data exhibit a slightly higher dispersion
estimate than the real targeted data, which is likely due to miscalibration in the off-target
effects and probe efficiency during the simulation process with Minerva. Despite these slight
differences, both the simulated and targeted panels exhibited an overall increase in gene
dispersion. This increase can be attributed to a more accurate estimation of a gene’s mean
expression, usually resulting from a better representation of the gene due to an increase in
the number of detected UMIs. Consequently, more of the expression distribution can be
observed. These results demonstrate the effectiveness of Minerva in simulating targeted
panel sequencing data and highlight the potential benefits of this technique for improving the

accuracy of gene expression measurements.
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Fig. 5.7 Comparison of the relationship between gene sparsity and mean expression between
real TAP-Seq data, whole transcriptome scRNA-Seq data, and simulated data from Minerva.
2-dimensional kernel density plots show the distribution of these variables for each condition.

Finally, I examined the relationship between gene sparsity and mean expression in the
targeted transcriptome, both real and simulated, in comparison to the whole transcriptome.
To accomplish this, 1 generated 2-dimensional kernel density plots. The results of this
analysis, illustrated in Figure 5.7, reveal a substantial overlap in density between the Minerva
simulated data and the targeted transcriptome data. Furthermore, significant differences are
observed between both the real and simulated targeted transcriptomes when compared to the
whole transcriptome. It is important to note, however, that Minerva tends to overestimate
mean expression, and the reduction in sparsity is only slightly apparent, as indicated by the
slight shift to the left and downward when compared to the real targeted transcriptome data.

Overall, our comparisons in this subsection demonstrate the effectiveness of Minerva
in simulating targeted panel sequencing data and the potential benefits of this technique for
scRNA-Seq studies. Minerva can accurately capture the relationships between gene targeting,
sparsity, dispersion, and mean expression, making it a valuable tool for researchers studying

gene expression at the single-cell level.
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5.3.3 Weighted Sampling of Gene Transcripts

Now that Minerva has been validated and proven to accurately replicate the statistical
properties observed in current single-cell experiments and binary manipulations of sequencing
probabilities in targeted transcriptomes, the next feature of Minerva to explore are the
various theoretically possible single-cell experiments involving continuous manipulations
of sequencing probabilities. One of the significant challenges faced in current single-cell
experiments is the technically-induced gene sparsity, which disproportionately affects genes
expressed at low to medium levels. Unfortunately, many biologically interesting gene types,
such as transcription factors, kinases, receptors, and others, fall into this category. As a
result of their low expression, these genes often remain concealed, making it arduous for
single-cell experiments to accurately characterize them. The hierarchical model used by
Minerva for simulating each technical step of the experiment reveals two significant stages:
Capture Chemistry and cDNA Amplification, during which the sequencing probabilities can
be altered. These stages give rise to a range of theoretically possible experimental protocols,
namely Non-Weighted, Weighted Library, Weighted Chemistry, and Both Steps Weighted.
A Non-Weighted experiment corresponds to a standard single-cell sequencing approach
that is presently in use. Weighted Library involves manipulating the ratio of PCR amplified
reads, achieved through antibody pull-down or custom PCR probes. This method focuses
on adjusting the read-to-UMI ratio to increase or decrease the probability of sequencing
a specific UMI-labeled transcript. In a Weighted Chemistry experiment, the manipulation
relies on probe-based modifications of mRNA molecule capture probabilities. Lastly, All
Steps of experiments involve manipulating both the probability of capturing a molecule and
the read-to-UMI ratio. To explore the potential of these experimental protocols, I employed a
simple heuristic for calculating transcript weights, as previously described in the methods

section of this chapter. The weights are derived based on pre-set target frequencies, which I

1

set to nGenes

as simple default heuristic to use for calculating new gene-specific weights.

Weighted Transcriptomes reduces gene sparsity in single-cell datasets

In the first study, I compared the impact of continuously weighted experimental protocols on
the distribution of gene sparsity observed in simulated counts in comparison to Non-Weighted
single-cell experiments. Notably, all experimental protocols that continuously manipulated
sequencing probabilities exhibited significant reductions in gene sparsity compared to the
standard Non-Weighted protocols (refer to Figure 5.8). Among these protocols, Weighted
Chemistry and Both Steps Weighted simulated counts displayed the most substantial de-
creases in observed sparsity, in contrast to Weighted Library counts. This finding aligns with
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Fig. 5.8 Exploring how different Experimental Protocols alter the sparsity in Single Cell Data
across multiple cell populations. The current state of sScRNA-Seq experimental protocols
involves the Non-Weighted Experiment Type. The other experimental protocols are proposed
as theoretically possible experimental protocols, wherein gene transcripts are weighed to
capture chemistry, cDNA amplification, or both.

the fact that these methods augment the number of gene transcripts subjected to RT-PCR.
It is important to note that RT-PCR is recognized as the most inefficient aspect of a Single
Cell Experiment. As such, any increase in the number of transcripts per gene enhances
the probability of being sequenced. On average, RT-PCR exhibits on average only 50%
efficiency, thereby limiting the capacity to bias cDNA amplification steps during or after
PCR to minimize sparsity relative to the number of transcripts that passed through RT-PCR
[124]. Consequently, it is evident that the most effective approach to achieve the greatest
reduction in gene sparsity is to focus primarily on enhancing or manipulating the Capture
Chemistry and RT-PCR steps within single-cell experiments.

Weighted Transcriptomes preserve gene dispersion in Single Cell Datasets

In a second study, I explored how the weighted experimental protocols may warp the gene
dispersion compared to current Non-Weighted protocols (see Figure 5.9). Surprisingly, there
appears to be little to no substantial general warping of the gene dispersion in continuously
manipulated protocols. This is most likely due to the increased representation of low and
medium expressed genes and the nature of sampling without a replacement process. However,
it is still possible that highly expressed genes may still suffer from an artificially reduced
gene dispersion. Such potential warping of gene dispersion will also vary based on when

the weighting is applied in the experiment. Despite these concerns, the results are extremely
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Fig. 5.9 Investigating the impact of various experimental protocols on Gene Dispersion
Estimates in Single Cell Data across multiple cell populations. This figure demonstrates
that the gene dispersion distributions remain consistent across the different experimental
protocols, suggesting that the application of a weighing protocol in the experiment does not
significantly affect the overall gene dispersion distribution across multiple simulated cell

types.

promising and suggest that weighted methodologies can enrich low and medium expressed
genes while preserving their dispersion.

Weighted Transcriptomes reduces sparsity and increases gene mean expression in Single
Cell Datasets

For the third comparison, I conducted an investigation into how continuous manipulations of
sequencing probability impact the relationship between gene sparsity and mean expression.
Notably, all weighted methods exhibited simultaneous increases in mean expression and
reductions in sparsity (refer to Figure 5.10). Particularly in the lower range of mean expression
for all weighted protocols, there was a noticeable shift towards the left and downward
direction. However, the degree of improvement varied among the weighting protocols.
While the Weighted Library protocol did elevate the mean expression of genes and decrease
sparsity, the overall pattern of the mean sparsity distribution observed in the Non-Weighted
Experimental protocol remained unchanged, especially in terms of the distribution tail of
highly expressed genes (see Figure 5.10).

The Weighted Chemistry protocols exhibited more significant changes compared to the
Non-Weighted and Weighted Library distribution. The Weighted Chemistry protocols demon-

strated substantial reductions in sparsity and a narrower distribution of mean expression,
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effectively removing the tail of highly expressed genes observed in Weighted Library and
Non-Weighted data. This result can be attributed to the weighting applied to the Capture
Chemistry stage (see Figure 5.10). Importantly, despite the sparsity reduction, gene disper-
sion was preserved. These findings suggest that the Biasing of Capture Chemistry step in
single-cell experimental protocols can enrich low-expressed genes while maintaining gene
dispersion. However, it is important to note that these protocols inherently impose limitations
and degradation on the detectable mean expression of highly expressed genes, which in turn
may influence gene dispersion as well.

After manipulating the weights for both Capture Chemistry and cDNA amplification,
which I refer to as "Both Steps Weighted," 1 observed a significant increase in the mean
counts of transcripts and a substantial reduction in gene sparsity to a greater degree than
Weighted Chemistry protocols. This is clearly illustrated by the decrease/elimination of the
lower observed mean counts tail in Fig 5.10. However, this enhancement comes at the highest
cost compared to other weighted protocols, significantly constraining highly expressed genes,
which enables a more pronounced reduction in observed mean expression in the most highly
expressed genes compared to other protocols due to the applied weighting across multiple
steps. Consequently, Both Steps Weighted Single Cell Experiments effectively minimize

gene sparsity but may restrict the observed mean counts of highly expressed genes.

Weighted Transcriptomes increase the overall observable number of genes in Single
Cell Datasets

A significant limitation of current single-cell experiments is that the number of observable
genes is primarily limited to genes with a high mean expression. This functional exclusion
hampers proper characterization of gene distributions of medium to low expressed genes
due to the inherent "winner takes all" effects of sampling without replacement. My hypoth-
esis was that continuous manipulation of the probability of sequencing a transcript should
increase the number of observed genes compared to Non-Weighted experiments. To test
this, I examined how the number of genes with a non-zero count increased as a function of
experimental sequencing saturation. I found that, across all weighted protocols, there was a
general augmentation in the number of genes with non-zero counts, regardless of sequencing
saturation, compared to Non-Weighted experiments (refer to Figure 5.11). Biasing cDNA
Amplification demonstrated an initial significant increase in the number of observable genes,
particularly in lower sequencing saturations. However, as sequencing saturation increased,
the observed count of Weighted libraries eventually plateaued and approached that of the
Non-Weighted experiment. This suggests that there is an effective limit to the ability of cDNA
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Fig. 5.10 Exploring how different experimental protocols alter the sparsity and the log-
transformed mean gene expression in Single Cell Data across multiple cell populations. The
figure demonstrates that each of the weighted experimental protocols leads to a decrease in
gene sparsity and an increase in mean expression. However, there are distinctions in terms
of the overall distribution location among the weighted transcriptomes. Specifically, the
weighted library protocol appears to have the least impact compared to both the Weighted
Chemistry and Both Steps Weighted protocols.

Amplification Biasing protocols to enhance the observability of low and medium-expressed
genes effectively (see Figure 5.11).

While Weighted Chemistry and Both Steps Weighted protocols exhibited a substantial
increase in the number of detectable genes compared to both Weighted Library and Non-
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Fig. 5.11 Investigating the impact of different experimental protocols on the number of
observable genes in a dataset across multiple cell populations as a function of sequencing
saturation. This figure illustrates that using weighted experimental protocols enhances the
number of observable genes, particularly as the sequencing saturation of the experiment
increases. Significant differences are observed in the number of genes observed when
employing various weighted protocols. The Weighted Library protocol exhibits the least
increase, eventually reaching a plateau. Comparatively, the Both Steps Weighted protocol
performs better than the Weighted Library but is not as effective as the Weighted Chemistry
protocol. There could be several reasons for these discrepancies, including the possibility of
utilizing an inappropriate method for calculating transcript weights.

Weighted protocols from the outset, this increase persisted as sequencing saturation increased,
eventually plateauing closer to a sequencing saturation of 0.9 and 1 (see Figure 5.11). There
is a significant difference that can be observed between Both Steps Weighted protocols and
Weighted Chemistry protocols in terms of the number of detectable genes as a function
of sequencing saturation, particularly in the first two cell populations. However, in cell
populations three and four, Weighted Chemistry appears to have outperformed Both Steps
Weighted in terms of the number of observed non-zero genes; it remains unclear why this is
the case and whether the issues are related to inherited differences in the cell populations or

if there may be an issue with the heuristic used for calculating the weights of the protocols
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(see Figure 5.11). Despite this, the overall results indicate that single-cell experiments
employing Both Steps Weighted protocols can achieve the most significant reduction in
sparsity, increased observed mean expression, and the largest increase in the number of
non-zero expressing genes. However, it’s worth noting that fine-tuning the optimal weights

may be necessary to harness these benefits fully.

5.4 Discussion

Single Cell Biology has a variety of simulators available that aim to simulate different
statistical and biological phenomena, creating a rich ecosystem for the field. Although they
share the purpose of benchmarking, these simulators differ in their focus. For instance,
Splatter and SPARsim are designed to benchmark normalization and clustering methods.
Other simulators address specific problems, such as benchmarking cellular trajectories using
Dyngen or incorporating a range of data modalities (scRNA-Seq, scATAC-Seq, spatial
transcriptomics) and biological phenomena (gene regulatory networks, cellular trajectories)
using scMultiSim [139, 14, 21, 83].

Minerva was specifically developed with a distinct purpose compared to other simulators.
Its primary objective is to enable the simulation of both binary and continuous experimental
manipulations of sequencing probability. It achieves this by utilizing a wet lab-aware
hierarchical model capable of accurately capturing the statistical characteristics of single-cell
data while taking into account potential experimental manipulations. This unique feature
empowers users to explore the theoretical landscape of single-cell experiments and swiftly
identify experimental protocols that generate the statistical properties they desire. Minerva’s
wet lab-aware hierarchical model allows for the simulation of various types of single-cell
experiments, including targeted or weighted transcriptomes, using normal scRNA-Seq as
input. This capability enables efficient exploration and search for experimental protocols that
optimise single-cell data by reducing sparsity and enhancing the observed mean count of
genes.

To validate Minerva’s performance, I conducted a series of computational experiments,
assessing its ability to simulate single-cell data across different biological contexts. First, |
compared its simulation of normal whole transcriptome scRNA-Seq data against Splatter
and SPARsim simulators and real scRNA-Seq data. Where I observed that Minerva was able
to faithfully recapitulate the statistical characteristics of normal scRNA-Seq data. However,
it is important to note that the quality of the simulated datasets can vary depending on the
quality of the real data provided as input. Next, I evaluated Minerva’s capability to simulate

a novel single-cell experimental method of targeted transcriptomes. I found that it could do
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so without any priors beyond the target gene list. Once validated, I further explored the space
of theoretically possible single-cell experiments to search for experimental protocols that
could reduce sparsity and increase detectable mean expression in genes with low expression.

Using Minerva, I conducted an investigation into three weighted experimental protocols:
Weighted Library, Weighted Chemistry, and Both Steps Weighted. These protocols all involve
some form of enrichment during the experiment, but the timing and impact of the enrichment
on the data can vary significantly. Across all three methods, sparsity was effectively reduced,
and detectable mean expression was increased. In order of performance from least to
the greatest increase, in reduction of sparsity and observed mean count Weighted Library,
Weighted Chemistry, and Both Steps Weighted with each of these protocols outperforming the
previous one significantly. This discrepancy can be attributed to the timing of the enrichment
during the experiment, specifically before or after the RT-PCR stage. Depending on when the
enrichment is applied, there are dramatic differences in the performance of these protocols
in terms of reducing sparsity and increasing detectable mean expression of low-expressed
genes.

RT-PCR is only about 50% efficient in converting mRNA transcripts into cDNA, making it
functionally similar to a filter or shedder, which removes nearly half of the captured transcripts
from being sequenced in a single-cell experiment. This has a greater impact on the lowest
expressed genes. In addition, sampling without the replacement process that occurs in the
Capture Chemistry step is the greatest challenge facing single-cell experiments and is largely
responsible for the winner takes all effects observed. This step follows a Hypergeometric
Distribution and is disadvantageous for low-expressed genes as their transcripts are less
likely to be sampled again. However, by manipulating the probability of transcripts being
sampled again via experimental protocols, Capture Chemistry follows an MFNH distribution.
The Weighted Chemistry and Both Steps Weighted experimental protocols can ensure and
increase the number of transcripts for a given gene that is captured, increasing the number of
transcripts that can be sequenced. This is in contrast to the Weighted Library protocol, which
can only work with transcripts that have passed the RT-PCR step.

The Weighted Library Experimental protocol is fundamentally at a disadvantage com-
pared to Weighted Chemistry, and Both Steps Weighted because its experimental manipula-
tion occurs after RT-PCR. Instead of enriching mRNA transcripts, the Weighted Library step
alters the ratio of reads to UMI during or after PCR, shifting the nature of the enrichment
from sampling without replacement to sampling with addition, also known as the Polya urn
problem. This subtle shift is because I am biasing a PCR reaction with uniquely labelled
transcripts, which means I am altering the sequencing library’s composition. This increases

the probability of observing low-expressed gene transcripts that have made it through RT-
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PCR but does not enrich the transcripts that were not captured. Despite these limitations,
Weighted Library protocols have their uses as they are easier to implement in a Single Cell
Experiment than weighting Capture Chemistry.

The field of Single Cell Biology has a rich ecosystem of simulators that simulate various
statistical and biological phenomena. Minerva stands out as a wet-lab-aware simulator,
taking into account experimental manipulations and how they would alter the statistical
characteristics of single-cell data. Computational experiments validated Minerva’s ability
to faithfully recapitulate the statistical characteristics of normal and targeted transcriptome
single-cell experiments. I then explored the theoretical space of single-cell experiments to
search for protocols that could reduce sparsity and increase detectable mean expression in
low-expression genes. This revealed that biasing the Capture Chemistry step was the greatest
factor in improving experimental performance. While biasing the library preparation step
also improved experimental performance, it was to a lesser degree. Regardless, biasing the
library preparation is simpler than biasing the Capture Chemistry.

Minerva proves to be a powerful tool for efficient exploration of the theoretical Single Cell
Experiment space, enabling the evaluation of the resulting data’s statistical characteristics
and facilitating the identification of experimental protocols with the potential to enhance
overall performance. However, there remain numerous questions surrounding the impact
of weighted transcriptomes on the statistical properties of gene expression distributions. A
significant concern is their potential to alter the observed gene dispersion of genes with high
mean expression, potentially leading to the loss of vital information. Furthermore, there may
exist various less obvious and subtle manipulations and alterations that could occur in low to
medium-expressed genes within weighted transcripts. To mitigate these potential issues, a
thorough Exploratory Data Analysis (EDA) of weighted transcriptomes becomes essential to

ensure the integrity of the data.



Chapter 6

Examining the Statistical Properties of
Weighted Single Cell Data

Single-cell experiments provide a valuable means to examine biological systems at a high
resolution, enabling the identification and study of rare cell populations and their responses
to perturbations. However, the characterization of individual cell transcriptomes is limited by
inefficiencies in experimental protocols and shallow sequencing. To address this, I developed
Minerva, a wet-lab-aware single-cell simulator that facilitates the exploration of continuous
manipulation of sequencing probabilities. In the previous chapter, I introduced a new class of
weighted single-cell experiments specifically designed to enrich low and medium expressed
genes. Now I will explore how these experimental manipulations impact the resulting
datasets’ statistical properties and what biases they might introduce. To address this question,
I used Minerva to simulate weighted transcriptomes and investigated the statistical properties
of three different protocols. The results showed no evidence of significant alterations in the
statistical characteristics of observed counts nor a degradation in the ability of regular single-
cell bioinformatic methods to identify cell populations. In addition, I observed that weighted
datasets contained more information compared to Non-Weighted single-cell experiments,
enabling a more comprehensive characterization of low and medium expressed genes. This
demonstrates the potential of weighted transcriptomes to enhance our understanding of

cellular heterogeneity and gene expression dynamics at the single-cell level.

6.1 Introduction

Weighted single-cell experiments represent a theoretical, experimental protocol that involves

continuous manipulation of sequencing probability. These experiments are specifically
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designed to enrich low and medium expressed genes, thereby enhancing our ability to
characterize and observe these genes more effectively. In Chapter 5, I have shown that these
types of experimental protocols effectively remove sparsity from single-cell datasets and
increase the observed mean expression. However, a more comprehensive examination of
the statistical properties of the weighted single-cell datasets is necessary. Specifically, 1
need to investigate whether the heteroscedasticity of the mean-variance relationship of gene
expression remains preserved. This is crucial because enrichment protocols have the potential
to alter the statistical properties and information content of these datasets. Confirming or
disproving that weighted single-cell experiments’ statistical characteristics are like normal
single-cell datasets will determine whether novel normalization methods are needed and
whether the statistical assumptions of current single-cell bioinformatics methods are being
violated.

Here I will show that in weighted single-cell experiments, most genes across the expres-
sion distribution exhibit no alteration or effects of manipulating the mean-variance relation.
In addition, weighted datasets contain more information than non-weighted state-of-the-art
single-cell experiments, allowing us to better characterize the true expression distribution
from the observed counts. Finally, I validated that current single-cell normalization meth-
ods’ can remove technical variance and identify cell populations in weighted datasets. No
degradation in performance was observed. These results suggest that weighted single-cell
experiments do not alter the statistical characteristics of genes observed counts and pro-
vide more information on the transcriptome than the current state-of-the-art Non-Weighted

single-cell experimental protocols.

6.2 Methods

6.2.1 Simulating Data

I utilized Minerva, a Single Cell Simulator incorporating wet-lab parameters to simulate
the statistical characteristics of single-cell data. Through this simulation, I examined how
different experimental protocols, including targeted or weighted transcriptome approaches,
can influence the resulting data. For the specific datasets I used, please refer to Table 5.1 in
Chapter 5.
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6.2.2 Describing the Observed Count Distributions
Moment-Based Statistics

To assess the effects of weighted transcripts and identify any potential distortions they may
apply to observed count distributions, I calculated the first (mean) and second (variance)
moments of each gene’s observed count distribution for a given cell population within a
dataset. Single-cell count matrices follow a gene-by-cell format, where the counts of a given
row represents the expression count of a particular gene in all cells, and the count in a given
column represents the expression count of all genes in a particular cell. To calculate the
mean and variance, I first subset the count matrix for a given cell population, creating a cell
population count matrix. A cell population is a set of J cells that belong to a given population.
Using this cell population count matrix, I estimated the empirical mean y and variance 62
for a given gene i by iterating through the rows of the expression matrix X, where X; ; is the

expression count of gene i in cell k.

1 J
J:
1 J
of = — Z 6.2)

Once all the genes’ mean expressions were calculated, I determined which quantile a
given gene belonged to. To do this is first removed all genes with a mean expression less
than 0.001. A small subset of extreme outliers was on the low end of the estimated mean
expression. Preventing them from skewing the quantiles to be lower than they were. Next,
I ranked the order to mean expression from lowest to highest and calculated the empirical
Cumulative Frequency Distribution (eCFD) [33]. I determined with 25th, 50th, and 75th
percentiles where and assigned genes to a given quantile. Determining the quantile a gene
belongs to allows me to explore the effects weighted transcriptomes have upon the gene
mean and variance as a greater level of resolution, as their effects may not be the same across

all of the quantiles of the mean expression distribution.

Calculating the Log Fold Change in Weighted Transcriptomes

To compare how the different weighting protocols increased and decreased mean gene
expression and variance, I calculated the log-fold change of both the mean and variance
between a given weighted transcriptome and the Non-Weighted transcriptome using the

following formula:
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log fold change of stat = log(weighted stat) — log(non-weighted stat) (6.3)

This log-fold change was calculated on a per-gene, cell population, and dataset basis.
Once calculated, I then fitted a Kernel Density Estimate (KDE) to visualize the changes that
occurred and determine the overall directionality of weighted transcriptomes’ effects on gene

expression and variance.

Measuring the Strength of the Relationship Between Observed and True Count

While comparing moments can be informative and provide observational evidence of how the
observed count distribution has changed, it does not indicate the amount of information the
observed count distribution contains about the true count distribution between the observed
and true data. Therefore, I also calculated the mutual information between the observed
counts of each experimental method and the true gene expression distribution per cell
populating in a given dataset. The formula for calculating mutual information between two
random variables A and B is:
p(a,b)

I(A,B) = CE‘EB p(a,b)log, @) (6.4)

Where A is the observed counts of each experimental method, and B is the true gene
expression for a given cell population in a given dataset. p(a,b) is the joint probability
distribution of A and B, and p(a) and p(b) are the marginal probability distributions of A and
B.

Calculating mutual information allowed me to explore the mutual dependency between
the simulated observed and biological variance counts and better understand how different
experimental protocols influence the observed counts of single-cell experiments [28]. Mutual
Information is a non-linear measurement of the relationship between the observed and
biological variance count distributions; this allows me to capture a wider range of the
relations between the two [28]. Although Mutual Information cannot indicate whether the
relationship is positive or negative, this is of little consequence for this analysis. I am most
interested in whether weighted transcriptomes have more information about the biological
variance of a gene’s expression distribution than non-weighted transcriptomes from current

single-cell protocols.
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6.2.3 Assessing Performance of Normalization Methods
Normalization Methods

Normalization is a critical step in the downstream analysis of Single Cell Data Analysis.
There are various approaches for normalizing single-cell data, including delta, residual, and
count-based normalization [17, 4]. The delta approach is a log-transformation of count
data that addresses the issue of zero counts by adding a small pseudo count (e.g., 0.001)
to the count matrix, allowing for the application of the log transformation [17, 4]. The
optimal use case for applying the delta transformation is when the variance primarily depends
on the mean. Within a biological context, it provides a quick and easy way of removing
heteroskedasticity. Mathematically, the delta transformation can be written as:

x;j =logy(xij*sj+ o) (6.5)

Where x;; is the count for gene i in cell j, s; is the cell specific scaling factor to adjust
x;j by, a is the pseudo count, and x;; is the transformed value used for downstream analysis.
Here, we tested variations of the delta approach, including the Sum Pooled Factor and 10k
scaling log transformation.

Residual-based normalization methods stabilize variance by fitting a null model on a
gene-specific level that was originally proposed by Hafemeister and Satija. The motivation
for developing these methods comes from the inability of the delta approach to deal with
genes with an extremely low mean expression (typically with a mean less than 0.01) [55, 4].
Once the null model is fit, the observed count data is transformed into a residual, typically
a Pearson residual, which is then used for downstream analysis. The Pearson residual is
calculated as the difference between the observed count and the expected count based on the
null model, normalized by the variance of the expected count where 6 is gene dispersion.

Mathematically, the Pearson residual can be calculated as follows:

Xij — Hi

Tij = m

Where x;; is the observed count for gene i in cell j, £;; is the expected count based on the

(6.6)

null model, and Var(%;;) is the variance of the expected count. I utilized the SCTransform
package developed by Hafemeister and Satija to conduct residual-based normalization.
Finally, count-based normalization, developed by Townes et al., involves taking the
observed counts and directly applying GLM-PCA to uncover latent structures for subsequent
downstream analysis. Through a comparison of these orthogonal methods for normalizing

weighted single-cell datasets and an assessment of their effectiveness in accurately identi-
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fying differentiating features between cell populations, I aim to determine the capability of
current single-cell bioinformatic methods in removing technical variance from weighted

transcriptomes.

Adjusted Rand Index

scRNA-Seq is primarily utilized to discover novel cell populations and subpopulations,
heavily reliant on the ability of current single-cell bioinformatics methods to identify genes
with the highest variance. These high-variance genes are then used as features for dimen-
sionality reduction and population visualization. However, the introduction of weighted
transcriptomes has the potential to modify the statistical properties, possibly leading to a
decrease in the performance of existing single-cell methods. To investigate whether weighted
transcriptomes alter or diminish the performance of these methods, I employed the Adjusted
Rand Index (ARI). The ARI is a statistical measure that quantifies the similarity between two
clustering results. It takes into account all pairs of data points and calculates the proportion
of pairs assigned to the same cluster in both results, normalized by the maximum possible
agreement based on chance [112]. In this case, the two clusters being compared are the
clusters identified by a normalization method and the ground truth cell population simulated
by Minerva.

The ARI can be calculated using the contingency table, where n;; is the number of data
points simultaneously assigned to cluster C; in the first clustering result and to cluster C; in
the second clustering result. Let a; be the total number of data points assigned to cluster C;
in the first clustering result, and b; be the total number of data points assigned to cluster C;

in the second clustering result. Then, the ARI is given by the following formula:
N TG ENIG
38 () + L (DI -G L ()G

Where n is the total number of data points, the ARI ranges between -1 and 1, where

(6.7)

a value of 1 indicates perfect agreement between the two clustering results, 0 indicates
agreement no better than chance, and a negative value indicates disagreement worse than
chance [112].

ARI is an established method for evaluating the performance of clustering algorithms
and their results. In previous studies, ARI has been used to assess the performance of
single-cell normalization methods in unweighted single-cell experiments [130]. ARI has
been used previously to evaluate the performance of normalization methods because single-
cell normalisation aims to remove the technical variance introduced during the experiment,

enabling users to identify clusters driven by biological variance. Here I am using ARI to
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Mean Vs Variance Relationship Per Type of Experiment
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Fig. 6.1 Two-Dimensional KDE of Mean-Variance by Dataset and Type of Transcriptome.
The Real transcriptome is the mean and variance of the gamma distribution used by Minerva
to simulate biological variance. While all of the others are different types of single-cell
experiments. Non-Weighted is a normal single-cell experiment and the rest apply a different
weighting protocol to enrich for low expressed genes.

assess the effect a weighted transcriptome has on the ability of current standard Single Cell

Normalization methods to remove the technical variance and identify biological clusters.

6.3 Results

6.3.1 Assessing the Effects of Weighted Transcriptomes on Gene Ex-

pression Mean and Variance

Weighted Single Cell Experiments is a theoretically plausible experimental protocol I pre-
viously developed where the probability of sequencing a gene transcript is manipulated
depending on its relative frequency in the transcriptome. This results in highly expressed
genes being unenriched while low and medium expressed genes are enriched, which im-
proves the overall visibility of the transcriptome in Single Cell Experiments. Moreover, this
approach increases the number of observable genes and the observed mean expression of the
enriched low to medium expressed genes while potentially constraining the mean expression
and variance of highly-expressed genes. However, the extent of these effects is unclear.
Do they affect only a few or a lot of genes? Are there varying degrees to which genes are
affected?



98 Examining the Statistical Properties of Weighted Single Cell Data

To address these questions, I used Minerva, a wet lab-aware simulator that allowed me
to simulate normal and weighted single-cell experiments across eight publicly available
datasets. These datasets spanned various biological contexts, from pediatric brain cancer to
the pancreas, and utilized different droplet-based single-cell isolation techniques (i.e., Drop-
seq, 10x, and inDrop). Simulating across various biological and technical contexts allowed
me to determine the true effects of weighted transcriptomes on observed gene expression
by searching for general changes across these settings. The mean-variance relationship
is of utmost importance and requires thorough examination, as it characterizes the gene
expression distribution key aspect for downstream bioinformatic methods in both single-cell
and bulk RNA-Seq data analysis. These methods heavily rely on assumptions related to
this relationship. Notably, it is assumed that as the mean expression increases, so does
the variance, with the variance often surpassing the mean (known as heteroskedasticity).
Additionally, for identifying cell populations, genes with high variance are believed to
contain multiple unique distributions, each associated with specific cell populations. In
biological settings, it is widely acknowledged that variance is frequently larger than the
mean and tends to increase as the mean expression rises. If the observed count statistics in
weighted transcriptomes deviate from this relationship, it would undermine the validity of
most statistical assumptions used in current techniques for analyzing single-cell data [8].

To explore the effects of weighting a transcriptome, I first estimated the mean and variance
of the simulated, Non-Weighted, and weighted transcriptomes on a per cell population and
dataset basis. I then visualized these relationships using a two-dimensional KDE, creating
a density estimation of the joint distribution of gene expression’s mean and variance. The
first observation is that the Non-Weighted single-cell data does not follow the mean-variance
relationship observed in the simulated biological variance mean-variance (see Figure 6.1),
suggesting that Non-Weighted single-cell data does not fully reflect the true statistical
behaviours of genes’ biological variance but rather follows a more constrained shadow of
the true transcriptome. This is most likely attributed to the technical noise introduced during
single-cell experiments, where transcripts undergo multiple rounds of downsampling. As
a result, the statistical properties of low to medium-expressed genes are altered, leading
to reductions in both the mean and variance of gene expression. Despite this, the overall
heteroskedasticity of the mean-variance relation observed in the simulated biological variance
was observed in Non-Weighted transcriptomes.

When comparing the various weighted transcriptomes (Weighted Library, Weighted
Chemistry, and Both Steps Weighted), it was observable that their mean-variance relationship
all followed the same general trend as the Non-Weighted transcriptome. However, in this rela-

tionship, there appeared to be certain constraints, with the upper right outliers demonstrating
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Kernel Density Estimate Distribution of Mean Expression per Experimental Protocol
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Fig. 6.2 One-Dimensional KDE of Mean Expression by Dataset and Quantile. Only the
Observed Mean expression distribution was plotted to compare weighted transcriptomes to
the Non-Weighted transcriptome.

a regression to the mean effect. This observation aligns with the expectation that weighted
transcriptomes would limit the count variance of genes with high mean expression (see
figure 6.1). The impact of different experimental protocols for weighting the transcriptome
on the count variance of highly expressed genes varied, primarily depending on whether
the weighting step occurred before or after the RT-PCR stage in the single-cell experiment.
Weighted Library transcriptomes had the largest outliers among the weighted transcriptomes
and were the closest to the Non-Weighted transcriptomes compared to Weighted Chemistry
and Both Steps Weighted. Whereas the Weighted Chemistry and Both Steps Weighted
outliers were far more constrained. Despite this, the area with the greatest density appears to
follow the same trend as the Non-Weighted transcriptome. This suggests that genes in the
upper percentile are constrained, but the bulk of genes with a high mean expression appear to

be unaffected.
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Kernel Density Estimate Distribution of Variance per Experimental Protocol
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Fig. 6.3 One-Dimensional KDE of Variance by Dataset and Quantile. Only the Observed
Mean expression distribution was plotted to compare weighted transcriptomes to the Non-
Weighted transcriptome.

To better understand how the effects of weighted transcriptomes may constrain a gene’s
mean and variance, I explored the distribution at a higher resolution. To do this, I estimated
the eCDF of the gene expression distribution of a given cell population in a dataset for an
experimental protocol. Using the eCDF I grouped genes into quantiles by converting their
mean expression distribution into an empirical percentile. Next, I estimated one-dimensional
KDEs for both the mean and variance per quantile and dataset (see figures 6.2 and 6.3).
Both the mean and variance of all experimental protocols, including both weighted and Non-
Weighted transcriptomes, exhibited a similar pattern. The only notable distinction observed
in the weighted transcriptomes was a higher mean and variance in the first and second
quantiles compared to Non-Weighted transcriptomes. In the third quantile, the expression
distribution of all weighted transcriptomes closely resembled, if not identical to, that of the

Non-Weighted transcriptome in terms of both mean and variance. Additionally, in the fourth
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Log Fold Change Mean Expression per Dataset by Quantile
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Fig. 6.4 One-Dimensional KDE of the genes’ mean expression Log Fold Change by Dataset
and Quantile. The Log Fold Change in mean expression was computed using the Non-
Weighted gene mean expression as the baseline. The KDE estimates displayed in the
figure illustrate the distribution representing the overall alteration in gene mean expression
compared to the Non-Weighted Transcriptomes.

quantile, the mean and variance of weighted transcriptomes exhibited greater constraints,
resulting in a thinner right tail compared to the Non-Weighted transcriptome. These findings
suggest that the mean-variance relationship is largely preserved across most genes in the
weighted transcriptomes.

It is important to highlight that the KDE distributions depicted in figures 6.2 and 6.3
indicate that weighting the transcriptome does not significantly alter the moments of the
distribution. However, it should be noted that the purpose of weighting methods is to enrich
genes that were previously unobserved. In order to confirm that weighted transcriptomes
effectively enrich genes, I computed the LFC of both moments in the weighted transcriptomes
compared to the Non-Weighted transcriptome. I then visualized the distribution of LFC
for both moments by fitting a one-dimensional KDE. An expected outcome of weighting
transcriptomes is a notable increase in the mean expression of genes within the 1st and
2nd quantiles. Simultaneously, the variance in gene expression is anticipated to increase as
well, owing to the inherent heteroscedasticity property of gene expression distributions. As

shown in figures 6.4 and 6.5, the mean and variance are both positively skewed, indicating
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that weighted transcriptomes enrich the observed counts of genes. What was unexpected
was the observation that the increase in both the mean and variance of gene expression
occurred across all quantiles. This finding suggests that cell populations’ transcriptomes are
predominantly influenced by a small number of highly expressed genes.

In the third and fourth quantiles, the left tail (represe