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Abstract

As next generation sequencing technologies continue to mature and find ap-
plications across genomics, it has become clear that the scale and scope of
generated data far exceeds our ability for manual interpretation. Machine
learning has shown remarkable success in finding patterns in this data and
generating biologically testable hypotheses. In this thesis, I develop and apply
machine learning methods which use NGS data to answer outstanding questions
in population and functional genomics.

An understanding of the genetic history of global populations has been
hindered by a lack of methods capable of inferring directional migration over
time. I use a sequential Monte Carlo approach (a particle filter) to sample
from the posterior distribution of ancestral recombination graphs and infer likely
population size and migration histories from whole genome sequencing data. I
apply this particle filter to global sequencing biobanks and uncover an abundance
of migration from the ancestors of non-Africans into Africa between 40 and
70 thousand years ago. I show that latent directional migration has broader
implications for the inference of population size in gold-standard approaches and
explore this migration in the context of African pre-history.

On a cellular rather than population scale, I apply latent Dirichlet allocation
to NGS-based chromatin accessibility assays in order to model shared and distinct
regulatory pathways between different cell types. I demonstrate the method’s
utility by recovering known regulatory biology in erythroblast development. I
apply this topic modelling approach to understand cis-regulatory element usage
in a treatment-resistant leukemia caused by the MLL-AF4 oncoprotein. The
results highlight a previously uncharacterized class of enhancer elements depleted
in DOT1L-deposited H3 lysine 79 methylation and enriched for PAF1c binding.

In this thesis, I have developed and applied machine learning approaches to
identify patterns in large genomics databases and answer biological questions
on both population and cellular levels.
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across genomics, it has become clear that the scale and scope of generated data far
exceeds our ability for manual interpretation. Machine learning has shown remark-
able success in finding patterns in this data and generating biologically testable
hypotheses. In this thesis, I develop and apply machine learning methods which use
NGS data to answer outstanding questions in population and functional genomics.

An understanding of the genetic history of global populations has been hindered
by a lack of methods capable of inferring directional migration over time. I use a
sequential Monte Carlo approach (a particle filter) to sample from the posterior
distribution of ancestral recombination graphs and infer likely population size and
migration histories from whole genome sequencing data. I apply this particle filter
to global sequencing biobanks and uncover an abundance of migration from the
ancestors of non-Africans into Africa between 40 and 70 thousand years ago. I
show that latent directional migration has broader implications for the inference
of population size in gold-standard approaches and explore this migration in the
context of African pre-history.

On a cellular rather than population scale, I apply latent Dirichlet allocation
to NGS-based chromatin accessibility assays in order to model shared and distinct
regulatory pathways between different cell types. I demonstrate the method’s utility
by recovering known regulatory biology in erythroblast development. I apply this
topic modelling approach to understand cis-regulatory element usage in a treatment-
resistant leukemia caused by the MLL-AF4 oncoprotein. The results highlight a
previously uncharacterized class of enhancer elements depleted in DOT1L-deposited
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identify patterns in large genomics databases and answer biological questions on

both population and cellular levels.



Contents

[List of Figures| X
[List of Tables| xiii
(I  Machine Learning and Next Generation Sequencing] 1
(1.1 "The Evolution of Next Generation Sequencingl . . . . . . . ... .. 2
(1.1.1  Next generation sequencing methods| . . . . . . . ... ... 3

(1.2 Modern Human Origins and Whole Genome Sequencing] . . . . . . 5!
(1.2.1 A Model to Describe the Evolution of a Sequence] . . . . . . 6

[1.2.2  Whole Genome Sequencing tfor Population Genomics| 7

[1.2.3  Using Machine Learning to Infer the Ancestral Recombination |

Graph from WGS Datal. . . . . . .. .. ... 9

[1.2.4 "T'he Sequential Coalescent with Recombination Model[. . . . 12

[1.2.5  Directional Migration Inference using a Particle Filter|. . . . 13

(1.3 Functional Genomics and Machine Learning| . . . . . . .. ... .. 14
(1.3.1 NGS-based Functional Assays| . . . . . . .. ... ... ... 14

(1.3.1.1 Assay for transposase-accessible chromatin with |

| high throughput sequencingf . . . . . . . .. .. .. 14

(1.3.1.2  Chromatin immunoprecipitation followed by sequenc- |

[1.3.2  Specific Machine Learning Applications for Functional Genomics| 19
[.3.2.1 Identifying Signal Enrichment (Peak Calling) with |

[ Machine Learningl . . . . ... .. ... ... ... 19
1.3.2.2 Chromatin State Annotation| . . . ... ... ... 19

(.4 Thesis Aimsl . . . . . . . . 20

5 ALG i . \Trica T e 2 F ATS | 23
2.1 Introductionl . . . . . . . . .. 24
[2.1.1  Out of Africa and the peopling of Eurasia] . . . .. ... .. 26

2.2 Methods . . . .. . .. 28
[2.2.1 A Particle Filter for Demographic Interence] . . . . . . . .. 28

[2.2.2  Multiply Sequential Markovian Coalescent| . . . . . . . . .. 29

)



Contents Vil

[2.2.3 Interring population size and migration rates in the Simons |

Genome Diversity Panell . . . . . ... ... ... ... .. 31

[2.2.4  Statistical Analysis of Migrated Segments . . . . . . . . .. 33
[2.2.5  Length Distribution of Isolated Segments| . . . . . . . . . .. 33
2.2.6  Drift Statisticsl . . . . ... ... oo 34
[2.2.7  Simulation proceduref . . . . . . .. ... 34
[2.2.8 Isolating Anciently Admixed Segments| . . . . . . . .. ... 36
[2.2.9  Sequence Data and Preparation| . . . . . . .. ... ... .. 37
[2.2.10 Integrated Migration Fractionl . . . . . . . . ... ... ... 37

3 Resulfsd. . . . . .. 38
[2.3.1 Substantial Migration from Eurasian to African Ancestors| . 38

[2.3.2  Validation in a physically phased subset ot the Human Genome |
Diversity Panel (HGDP)| . . . .. ... ... ... ... ... 39
[2.3.3  Comparisons between the HGDP and a subset of the SGDP| 43

[2.3.4  Simulation demonstrates power to infer large directional |

migration pulses|. . . . . . .. ..o oL 45

[2.3.5  Migration Pre-dates East-West FEurasian Divergence|. . . . . 47
[2.3.6  Directional Migration Explains Excess Interred African Ge- |
netic Diversity 100kyal . . . . . .. ... .. ... ... ... 51

2.3.7 lLess Gene Flow to Central and South African Hunter-Gatherers 54
[2.3.8  No Evidence for Excess Neanderthal Ancestry| . . . . . . .. 55

2.4 Discussionl . . . . . . .o 61
[2.5 Acknowledgments| . . . . . ... oL 65

[3 Identitying co-accessible regulatory regions using topic modelling| 73
BI TIntroductionl . . . . . . . . . . ... 74

[3.1.1  Transcriptional regulation through chromatin accessibility] . 75

[3.1.2  Regulation of key stages within hematopoiesis and erythropoiesis| 77

[3.1.3 Identitying regulatory programs in large databases|. . . . . . 79
(3.1.4 Latent Dirichlet Allocationl. . . . . . . .. .. .. ... ... 81
[3.1.4.1  'The generative model| . . . . . . . ... ... ... 81

[3.1.42 Parameter inferencel . . . . . . . . ... ... .. 83

[3.1.5  The LDA algorithm and cisTopic] . . . . ... ... ... .. 84
[3.1.6  Aims of this chapter| . . . . . . . ... ... ... ... ... 85

3.2 Methods . . . . . . . 85
[3.2.1 Single Cell ATAC-seq Dataset Generation| . . .. ... ... 85
[3.2.2  Construction ot Pseudo-bulk ATAC-seq Dataset| . . . . . . . 86
[3.2.3  Peak Calling from Coverage Data] . . . . . . ... ... ... 86

[3.2.4  Running LDA with cisTopic| . . . .. ... ... ... .... 86




Contents vitL

[3.2.5  Bayesian Hyper-parameter Optimization| . . . . . . . . . .. 87
[3.2.6 Bulk LDA (BLDA) Method| . . . .. ... ... ....... 87
[3.2.7  Computing the average fold enrichment of topics for groups| 88
[3.2.8  Co-enrichment of topics] . . . . . .. ... ... ... .... 88
B3 Resulld. . . .. .. 89

[3.3.1  Bulk LDA recapitulates patterns from single cell ATAC-seq|. 89
[3.3.1.1  Identitying differentially accessible peaks with EdgeR| 89

[3.3.1.2 LDA captures realistic regulatory patterns in known |

single cell systems| . . . . . . ... ... ... ... 90

[3.3.1.3  Extending LDA to Pseudo-bulked Single Cells| . . . 94

[3.3.2  Bulk LDA describes Erythropoiesis| . . . . . . . . ... ... 98

[3.3.2.1  Isolating key-word regions from region-topic loadings{103

[3.3.2.2  Motif enrichment within key-word regions| . . . . . 106

[3.3.2.3  BLDA identifies relevant pathways active in Ery- |

| thropoiesis| . . . . . . .. .. ... L. 106
(3.4 Discussionl . . . . . ..o 112
[3.5 Data and Code Availability]. . . . . . . ... ... ... ... .... 113
[3.6 Acknowledgments| . . . . . ... oL 113

4 Topic modelling identifies novel PAF1c-bound enhancer elements |

[ in MLL-AF4 leukemia patients| 114
4.1 Introductionl . . . . . . ... 115
M2 Resulfd. . . . . . . 119

[4.2.1 Data Processing and Peak Calling|. . . . ... ... ... . 120

[4.2.2  An MLL-AF4 specific accessibility blacklist|. . . . . . . . .. 121

[4.2.3  Difterential Accessibility between B cell Precursors and MLIL- |

[ AFdcelld. . . . .. .o 123
[4.2.4  Topic modelling for MLL-AF4 leukemial. . . . . . . ... .. 124

[4.2.4.1  Five topic one-hot encoding replication|. . . . . . . 127

[4.2.4.2  BLDA replication with five topics| . . . . . . . . .. 129

[4.2.4.3  Sample-specific key-word regions across replications| 131

[4.2.5 Annotating reproducibly identifiable patient-related regions|. 133

[4.2.5.1  Histone modifications and transcription factor bind- |

ing in the patient-related regions| . . . . . . . . .. 133

4.2.5.2 Known annotations in EnhancerAtlas. . . . . . .. 138

[4.2.6  Accessibility of patient-related regions within the ENCODE |

[ Consortium Blood Cell Collectionl . . . . . . . .. ... ... 138

[4.2.7  Accessibility of patient-related topics within [ymphopoiesis| . 140
4.3 Discussion| . . . . . .. 142




Contents 0

44 Methods . . . . . . . 150
[4.4.1 Sequencing data]. . . . . . ... ... ... ... ... 150
[4.4.2  Preparation of the ENCODE blood cell dataset| . . . . . .. 150
443  DBlacklist constructionl. . . . . . . ... .00 151
[4.4.4  Peak Calling with LanceOIron| . . . . . . ... .. ... .. 151
[4.4.5 Coverage Metrics| . . . . . . . . . . .. ... ... ... 151
[4.4.6  Topic modelling| . . . . . . . ... ... 0L 151
[4.4.7  Differential accessibility analysis|. . . . . . . ... ... ... 152
4.4.8 Motif enrichment with motifscanl . . . . ... ... .. ... 152
[4.4.9  Bootstrapping statistical significance| . . . . . . . . . . . .. 152

[4.5 Acknowledgments| . . . . . ... oL 153

6 Conclusionl 154

[>.1 Extending the SMC2 particle filter] . . . . . . ... ... ... ... 154

[5.2  An ancestral back-migration in the context of African pre-history| . 156

[>.3  Better discrimination between closely related cell types with topic

| modellingl . . . ... 158
0.4 Novel Enhancers in MLI-AF4 Leukemial . . . . ... ... .. ... 161
[>.5 Concluding Remarks| . . . . . ... ... ... ... ... ...... 162

APDP C

(A Demographic Models| 165
[A.1 DSeed model for SMCOSMC Inferencel . . . . . . . ... .. ... ... 165
[A.2  Migration Simulations| . . . . . .. ... ... ... 165

[A.2.1 African Population Size| . . . . . . ... .. ... 165
[A.2.2 Eurasian Population Size| . . . . . . . .. ... 166

[References| 167



List of Figures

(.1 ATAC-seq protocol schematic adopted from [91].[. . . . . . . . . .. 15
(1.2 Typical eukaryotic ChIP-seq defined active enhancer, promoter, and |
gene body histone modifications from Gates, Foulds, and O’Malley |
TLOB[. . o o o 18

2.1 SMCSMC seed demographic modell . . . . . . .. ... ... .... 30
[2.2  Effective Population size model used for simulations.| . . . . . . .. 35
2.3 SMCSMC finds directional migration from the ancestors ot Furasians |
[ to the ancestors of Africansl . . . . .. ... .. ... ... . .... 40
[2.4  Timing and average maximum rate of directional migration in HGDP |
and SGDPl. . . .. .. 41

[2.5  Full directional migration inference results from SGDP| . . . . . .. 42
[2.6  Demographic inference in a matched subset of the SGDP| . . . . . . 45
2.7 Simulation Study| . . . ... 47
[2.8  Effective population size inference in the Simons Genome Diversity |
Project from SMCSMC and MSMC2| . . . .. ... ... ... ... 48

[2.9  Migration inference is comparable between phasing strategies|. . . . 49
[2.10 Integrated Migration Fraction in the SGDP| . . . . . ... ... .. 50
[2.11 Estimates of individual population sizes incorporating di- |
rectional migration. Using SMCSMC the effective population size of |
global populations in the Simons Genome Diversity Panel is inferred |
while simultaneously fitting directional migration estimates.| 52

[2.12 Effective Population Size Inference| . . . . . . . . . ... ... ... 53
[2.13 Simulated migration backwards from effectively Furasian to effec- |
tively African populations| . . . . . . . ... ... ... 55

[2.14 Simulated bidirectional migration between effectively Eurasian and |
effectively African populations| . . . . . . ... ... ... ... ... 56

[2.15 Simulated migration forwards from effectively African to eftectively |
Eurasian populations| . . . . . ... ... .. 57

[2.16 Analysis of the length of putatively migrated segments.| . . . . . . . 59
[2.17 f3 statistics show evidence for shared drift with Eurasians.| . . . . . 60
[2.18 f3 statistics show evidence for Eurasian admixture.| . . . . . .. .. 61



List of Figures xi

[2.19 African introgressed segments are more similar to Eurasians but show |

L no Neanderthal or Denisovan enrichment.). . . . . ... ... .. .. 62
[3.1 Hematopoiesis schematic| . . . . . . ... ... ... .. ... ... 78
[3.2  Erythropoiesis schematic| . . . . . . . ... ... ..o 79
[3.3  Hyperparameter log-likelihood surface for two hyperparameters.| . . 90

[3.4  Single cell log likelihood for different values ot the topic modelling |

[ hyperparameters o and 5 for various numbers of topics being modelled.| 92

[3.5  Topic loadings for 4, 5, 6, 7, and 8 topic instances of the LDA inference |

[ procedure using optimal hyperparamters as decided in Figure|3.4}] . 93
[3.6  Analysis of single cell dataset with peaks called by MACS2.| . . .. 94
[3.7  Inferred topic loadings using optimized hyperparameters and a prior: |

| defined for both the OHE and BLDA methods using pseudo-bulked |

[ scATAC-seq data.|. . . . . . . . . . . ... ... 98
[3.8  Total number of selected "key-word" regions for a given topic number |

[ between the two pseudo-bulk approaches, the two peak calling |
| methods (thresholded and non-thresholded LanceOTron) and single |
[ cell analyses.|. . . . . . . ... o 99

[3.9  Number of overlapping regions between the top 100 differentially |

[ accessible regions determined by EdgeR and key-word regions selected |
| by taking the top 1% of a fitted gamma distribution for several LDA |

[ analyses.| . . . . . . L 99
[3.10 Peak calling in erythropoiesis dataset.|. . . . . . . . .. ... .. .. 101
[3.11 Inferred topic loadings for erythropoiesis dataset.| . . . . . . . . .. 102

[3.12 Similarity of cell types based on the number of times they are co- |

[ enriched for a topic, summarized over all numbers of inferred topics.| 103

[3.13 Number of identified regions above the facetted percent point function |

| of a Gamma distribution with inferred parameters using SciPy.|. . . 104

[3.14 Distribution of the region-topic distribution from a candidate topic |

| from Figure|3.13] topic 8. . . . . . ... o000 105
[3.15 Cell-topic distribution for k =8 topic.| . . . . ... ... .. .... 107
[3.16 All identified motifs for £ = 8 topic analysis.| . . . . . . . .. .. .. 108

[3.17 Accessibility at two keyword regions for topic 2 among cells in the |

| erythropoietic differentiation trajectory.. . . . . . . . . . . . .. .. 110

.1 Major domains and protein interactions of MLL (KMT2A) and their |
| loss during in the fusion protein.|. . . . . . . . ... ... ... ... 116
[4.2  Peak calling of MLL-AF4 and B Cell Precursor cells with LanceO'Iron.[122
4.3 In an unfiltered LDA analysis of MLL-AF4 and B cell precursor cells, |
[ blacklisted regions made up the majority of identified keyword regions.[123




List of Figures xii
[4.4  Inferred topic loadings for £ =5, ..., 12 topics comparing MLL-AF4 |
| cells to B cell precursors.| . . . . . . ... ... ... ... ..., 126
[4.5 Ten replicates of topic modelling using one-hot encoded input.| . . . 128
[4.6  len replicates of topic modelling using RPKM normalized input, aka |
[ BLEDAL . . . 129
[4.7  Regions highly annotated on each of the five topics in replicate 0 for |
| the BLDA topic modelling.|. . . . . ... ... ... ... .. ... . 131
[4.8 A subset of patient specific regions are highly reproducible across |
| replicates and are enriched for IncRNA genes.| . . . . . . . . .. .. 132
4.9 MLL-AF4 regions compared to reference genes.| . . . . . .. .. .. 134
[4.10 Number of intersections between 76 randomly selected putative en- |
| hancer sites (accessible regions which overlapped with both H3K4mel |
| and H3K27ac chromatin peaks) in 5000 random samples compared to |
| the observed quantities in the reproducible patient regions (plotted |
| in red as a vertical line).| . . . . . ... oL 135
[4.11 Coverage tracks tor ChlP-seq marks, RNA-seq, and ATAC-seq for |
| patient 11911 as well as PB cell for comparison.| . . . . . . . . . .. 136
[4.12 Log RPKM for five regions in a putative enhancer cluster identified |
| through topic modelling in ENCODE blood cells versus patients and |
| MLL-AF4 cell types.| . . . . . . . . .. . 139
[4.13 Topic modelling for ENCODE blood cell collection with MLL-AF4 |
| and BCP samples for £ = 10,15,20,25,30.f . . . . . ... ... ... 141
[4.14 Zoomed in plot looking at only the most related cell types to the |
[ MLIL-AF4 and BCP in the ENCODE blood cell collection for £ = 10 |
| and k£ = 15 using both one-hot encoding and RPKM normalization.| 142
[4.15 Activity of 75 reproducibly identified patient-related regions within |
| the inferred £ = 15 BLDA analysis in all of the ENCODE blood cell |
[ collection. . . . . . . . . 143
[4.16 Average normalised read count under 76 patient-related regions in a |
| collection of cells from early hematopoiesis to terminal [ymphopoiesis.[144
[4.17 Read coverage over 76 patient-related regions in a collection of ATAC- |
[ seq experiments from early hematopoiesis to terminal lymphopoiesis.| 145
[>.1 Inferred coalescent intensity tunction as calculated in Albers and |

McVean |174] and exported from the web interface at https://

human.genome.dating/ancestry/ for Ju hoan North and Luhya

individuals from the Simons Genome Diversity Panel.| . . . . . . ..

157


https://human.genome.dating/ancestry/
https://human.genome.dating/ancestry/

List of Tables

[2.1 Sample identifiers| . . . . . . ..o 67
[2.2  Tests tor significance between integrated migration fractions within |
African populations in the SGDP . . . . ... ... ... 68

2.3  Tests for difference between integrated migration fractions in the |
SGDP averaged over African language tfamilies| . . . . . . . . . . .. 69

[2.4  Linear model predicting integrated migration fraction in the SGDP.| 70
[2.5 Linear model predicting integrated migration fraction in the HGDP.| 70
[2.6  Summary of the length distribution for putatively migrated segments |
[ indifferent African individuals . . . . .. ... ..o 0000 71
[2.7 Putatively migrated segments ot a Yoruban are closer to Out of |
Africa groups than a comparable Yoruban. . . . . . . .. ... ... 71

[2.8  No difference in allele sharing with Vindija Neanderthal over Mbuti |
baseline . . . . . .. 71

[2.9 No difference in allele sharing with Vindija Neanderthal.| . . . . . . 71
[2.10 No increased afhinity to Vindija Neanderthal over Altai, as would be |
expected if the source of any Neanderthal ancestry was FEurasian.| 72

[3.1  Five topic single cell inferred topic loadings and the proportion of |
their selected regions which overlap 100 established differentially |
accessible regions.| . . . . . ... ..o 95

[3.2  Optimal LDA hyperparameters for pseudo-bulked scATAC-seq pa- |
rameterized by a priori defined topic numbers and two different read |
quantification methods.|. . . . . . . . ..o oL 96

3.3  Genes from Mello et al. [232] represented in the closest genes set of |
500 keyword regions for each of the eicht BLDA topics grouped by |
functionl . . . . . . .. 111

[4.1  Average coverage in peak regions for each sample calculated with |
megadepth.| . . . . . ... 121

4.2 Enriched genic regions along with their corrected FDR P value (Q- |
value) from the top 500 regions differentially accessible between |
MLL-AF4 cells and BCP using edgeR.| . . . . ... ... ... ... 125

4.3  ChlP-seq peak overlaps with reproducible patient regions.| . . . . . 136



List of Tables T




Glossary

ALL acute lymphoblastic leukemia. [TT5] [T17], [119] [124], [127], [143] [147], [I50]

AMH anatomically modern human. [f]

AML acute myeloid leukemia.
ARG Ancestral Recombination Graph. [7], 2] [64]

ATAC-seq Assay of Transposase Accessible Chromatin sequencing. 2 [14], [75] [76]
BT}, [85], 112} [IT5]

BCP B-cell precursor. [119] [120], [121], 123, [125], [127], [130], [T38], [139] [141], [144], [146]

146

BLDA bulk latent dirichlet allocation. 21} 22} [I58] [I60]

CAHG Central African Hunter Gatherer.

ChIP-seq Chromatin immunoprecipitation followed by sequencing. [133]
134

CRE cis-regulatory element. [16] [74]
CwR coalescent with recombination. [7} [9)

DNA deoxyribonucleic acid. [2], [74]

DOT1L disruptor of telomeric silencing 1-like. [I§|
EBV Epstein-Barr Virus.

HGDP Human Genome Diversity Panel.

HMM hidden Markov model. [9]
HSC hematopoietic stem cell. [75] [77], [112] [I16]

IBD Identity by Descent. [25]

Tv



Glossary Ui

IICR inverse instantaneous coalescence rate. [
IMF Integrated Migration Fraction.

InDel insertion or deletion. [
kya kiloanni (thousands of years) before present.

LD linkage disequilibrium. [7]
LDA Latent Dirichlet Allocation. 80| [81], (86}, [87], [112} [158]
IncRNA long non-coding RNA. [133]

LSC leukemia stem cell. 145

MCMC Markov chain Monte Carlo. [I0]
MLL mixed lineage leukemia gene. [18]
MLL-FP MLL fusion protein. [I15]
MRCA most recent common ancestor. [6]

MSMC Multiply Sequentially Markovian Coalescent. A program developed in [3]..

[0, [13]
mtDNA Mitochondrial DNA. [24]

N, Effective Population Size.
NGS Next Generation Sequencing. [24] 25] 28]

OHE One-hot Encoding. [96]

Oo0A Out of Africa. [T56] [157]

PCR polymerase chain reaction. [7]
PSMC pairwise sequentially Markovian coalescent. []

PWM Position weight matrix.
RNA ribonucleic acid. 3l

SAHG South African Hunter Gatherer.



Glossary Uil

SBL sequencing by ligation. [4]

SBS sequencing by synthesis.

scATAC-seq Single cell ATAC-seq. 4]
SCRM sequential coalescent with recombination model.
SFS site frequency spectrum.

SGDP Simons Genome Diversity Panel.

SMC sequentially Markovian coalescent. [J]

SMCSMC Sequential Monte Carlo for the Sequentially Markovian Coalescent. [I3]
@a @7 @7 @7 @7 @

SNP single nucleotide polymorphism.

SRS short-read sequencing.

TF Transcription factor. [70]
TFBS Transcription factor binding site. [74]
TMRCA Time to Most Recent Common Ancestor. 25

TSS transcription start site. [I7]

WGS whole genome sequencing. [3| [ [7] [8] 21,



In the beginning there was nothing, which exploded.
— Terry Pratchett, Lords and Ladies

Machine Learning and Next Generation
Sequencing

Genomics has taken front and center stage recently in the search for knowledge
about our physiology and our humanity. Much of this growth from the time of
Mendel’s peas to the current era of rapid development and global vaccination
against deadly disease with messenger RNAs has come at the heels of technological
developments in sequencing technologies. As we continue to explore the questions
raised by the first efforts to understand what it is that makes up humanity at
a molecular level, the availability of massively high-throughput sequencing has
allowed for the study of our species, from its history to its pathology. Cost lowers
every year, and with it, so too does the barrier to entry into genomics research.
The resulting explosion in sequencing data, concurrent with a famously exponential
increase in computational processing power, has changed the way that we conduct
research and philosophically approach hypothesis testing. Algorithms designed
to learn patterns directly from petabytes of freely available data may be used to
formulate biological hypotheses. This thesis broadly aims to extend the use of
machine learning for next generation sequencing data in two different ways. Firstly,
by learning demographic parameters from whole genome sequencing data, and

secondly by learning cellular regulatory programs from collections of accessible
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chromatin experiments. We apply the first method to detect a substantial back
migration in the ancient past, and the second to identify a subset of novel enhancer
elements active in childhood MLL-AF4 leukemia patients. These methods both
address open questions in the field, and provide novel insight into human origins
and the dysregulation of functional genomics leading to cancer.

This chapter is structured as follows. I begin by introducing next generation
sequencing and its development. Next, I give context to the long-standing problem
of demographic inference and how the NGS revolution has set the stage for the use
of large-scale machine learning algorithms. I also briefly describe the mathematical
model underpinning these methods and other comparable approaches. We then pivot

to discussing the application of next generation sequencing to functional genomics

and the development of [Assay of Transposase Accessible Chromatin sequencing]

(ATAC-seq)} [Chromatin immunoprecipitation followed by sequencing (ChIP-seq)|

I describe previous approaches for learning from these data applied to identifying

signal enrichment and differentially active regulatory regions.

1.1 The Evolution of Next Generation Sequencing

The order of bases in the human genome simultaneously encodes the instructions for

protein synthesis and all information about the genealogical history of an individual.

Despite an understanding of the three-dimensional structure of [deoxyribonucleic acid]

in the early 1950s, the first protein-coding gene sequence was not completed

until 1972 [4}, [5]. By this point, a sequencing method developed by Fred Sanger
and colleagues was giving rise to the first generation of sequencing technologies [6].
Sanger sequencing, and its more modern incarnation Sanger sequencing by capillary
electrophoresis, remains an important technique for clinical genomics and is the gold
standard for accuracy in regard to base calling [7]. This thesis is concerned with
the analysis of data resulting from sequencing technologies, and not the mechanism
of sequencing itself, so descriptions here will be brief. Sanger sequencing combines
denatured single-stranded DNA molecules and a solution of nucleotides with small

amounts of chain-terminating dideoxynucleotides to produce fragments of varying
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lengths, which can then be separated by molecular weight through electrophoresis
and read either manually from a slab gel or automatically through a capillary [8, 9].
In many ways, modern NGS techniques are natural extensions of the original

Sanger sequencing method. The first step in an NGS workflow is library preparation

[10]. This step involves gathering DNA or [ribonucleic acid (RNA)| from the

experimental design being employed, such as [whole genome sequencing (WGS)|

fragmenting the product to a desired length and attaching oligonucleotide adaptors
to both the 3" and 5’ ends of the sequence. Adaptors are attached either through
ligation, where adaptors are ligated to end-repaired inserts, or by "tagmentation"
where a single transposase enzyme fragments and ligates adaptors in a single step [11].

Preparing and assessing the quality of a library is a crucial step in the process of NGS.

1.1.1 Next generation sequencing methods

There are two main methods for [short-read sequencing (SRS)|currently applied. They

include:

1. [Sequencing by synthesis (SBS)|is used by technologies like Illumina Novaseq

6000. After library preparation, fragmented sequences with annealed primers
are allowed to hybridize to fixed anchor sequences on the surface of a glass
sequencing chip. In a process called bridge amplification the reverse primer
anneals to an adjacent anchor sequence and polymerase enzymes synthesize
the original fragment of DNA. The bridges are broken to form single stranded
sequences, and the process is repeated to form clusters of clones, each
representing a single fragment of the original fractionated DNA. Reversibly-
terminated fluorescently labeled nucleotides are incorporated to the solution,
and the sequencing chip is imaged to determine the consensus nucleotide
incorporated for each cluster of fragments. The termination domain is washed
away and the process repeated for a given insert length. Additions to this
protocol can include a subsequent step where partial bridge amplification
followed by the synthesis reaction sequences the insert from the 5’ rather than

the 3’ end and the incorporation of sample specific or microfluidics-based
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barcodes which encode the source of the insert. Protocols for sequencing by

synthesis are taken from Illumina [12].

2. [Sequencing by ligation (SBL)|is primarily used in SOLiD sequencing from

Life Technologies and shares many similarities with sequencing by synthesis,
including the preliminary fractionation, annealing of sequencing primers, and
hybridization with anchors on the surface of the sequencing chip. Rather than
allowing individual bases to join the single stranded insert, however, sequencing
by ligation allows DNA ligase enzymes to join entire oligonucleotides, relying
on the reduced efficiency of the ligase for mismatching sequences. These
labelled oligos are fluorescently dyed and when imaged provide information
on several of the first bases in the unknown sequence of the insert. Depending
on the specific protocol, oligose are cleaved and the process repeated outwards
from the anchor sequence. Details of the sequencing protocol were taken from

Slatko, Gardner, and Ausubel [13].

Other sequencing methods exist for specific situations, and have been categorized
into “third” and “fourth” waves depending on their capabilities [13]. A notable
example is Oxford Nanopore sequencing, which is able to provide read lengths up to
theoretically hundreds of kilobases; currently, the technology is suitable for resolving
structural variants [14}, |15]. The per-base error rate is higher than with SBS or SBL
techniques, but is steadily improving year over year |[16]. These new and evolving
techniques have an extensive literature dedicated to their uses and applications,
which are not within the scope of this brief review or this thesis, but show huge
promise for future applications in population and functional genomics.

After imaging each of the clusters on the flow cells, both protocols must identify
nucleotides and their associated confidence in a process known as base calling. The
result is a collection of similarly sized contiguous “reads” from the unknown DNA,
each annotated with its sequencing primer and optionally a barcode with additional
information about the sample that it derives from (in the case of library multiplexing).

The next steps in analyzing NGS data are almost entirely computational, and differ
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between sequencing applications. In general, these steps aim to filter and control
the resulting base calls such that errors in analysis due to sequencing artifacts

are minimized. These include, but are not limited to, errors in base calling and

small [insertion or deletions (InDels)| poor quality reads, and adaptor or sequencing

primer contamination in the final data [13]. Tools such as FastQC provide an
accessible interface for performing common quality control procedures on raw data
from sequencing platforms, assessing and marking reads which fail per-base and
per-sequence error-rate, quality metrics, GC-content, length, segment duplication,
and kmer counts [17]. These marked reads can be removed along with sequencing
adaptors using Trimmomatic or CutAdapt among others [18| |19]. This previously
esoteric process has been greatly simplified in recent years due to large amounts
of work from software developers, expanding the accessibility of NGS technologies
to areas which have otherwise not been focused on the use of command line
tools. The last major step before the procedure branches off to application specific
analysis involves identifying the likely origin of each fragment of DNA from the
human genome. The combination of thorough statistical models as well as software
implementations such as the burrows-wheeler aligner (BWA) and Bowtie, among
others, has made paired read mapping (notwithstanding mutations) a largely solved
problem [20, [21]. These computational steps represent a minimal path to usable
sequencing reads for further analysis, however each one of these steps involves
critical analysis of the data and interpretation that is not the subject of this review.

From this point onwards, we separate the discussion of sequencing technologies
and associated machine learning techniques into two sections relevant to the two

applications discussed in this thesis.

1.2 Modern Human Origins and Whole Genome
Sequencing

Recently, the decreased cost and increased availability of WGS] technologies has
allowed for the study of populations previously unrepresented in the genomic record

[22-26]. At the same time, mathematical descriptions of how mutations arise
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and spread within populations have allowed for the development of algorithms to

infer influential aspects of the origins, dispersal, and interactions of

modern humans (AMHs)| throughout history [27]. Here I introduce the background

necessary to understand how the mathematical modelling of ancestry has allowed

for demographic inference from whole genomes.

1.2.1 A Model to Describe the Evolution of a Sequence

The transmission of genetic material from parent to offspring encodes a record of
all ancestral events written in a string of four bases. This process can be modelled
by the coalescent, a mathematical formulation of genetic ancestry that makes
predictions about patterns of variation as a consequence of a series of unobserved
trees along the genome of an individual called the gene genealogy. Introduced in
a series of seminal papers by Kingman, Hudson, and Tajima in the early 1980s,
the coalescent is a stochastic process describing the n — 1 coalescent events where

lineages from a population of size n find their common ancestor backwards in time

until only a single lineage called the most recent common ancestor (MRCA )| remains

[28-31]. In contrast to the classical population genetics that dominated the early
20th century, coalescent theory is mostly concerned with a retrospective view of
ancestry backwards from the current generation [32]. In the simplest case of the
original coalescent formulation, it can be shown for reasonable assumptions that
in the limit of population size N, a time to coalescence for a pair of lineages is
exponentially distributed with a mean of 1. The times for each lineage to coalesce

(in units of generations) are independent and exponentially distributed as

for © = 2,...,n and approximates the Wright-Fisher forward-in-time models in
this same limit (derivations found in Wakeley [33, Chapter 3.2]). The coalescent
provides an elegant framework to describe the relative likelihood of the marginal
trees at each position of the genome given information about genetic variation in

a population, however the standard coalescent has proved not powerful enough
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for many applications. Motivated by the observation of autocorrelation in allele
frequencies along the genome, also known as linkage disequilibrium, the importance
of recombination in the human genome motivated Griffiths and Marjoram [34] to
extend the gene genealogy to include breakpoints where the marginal trees are

permitted to change due to potentially differing ancestral origin for each haplotype

in a model called the |coalescent with recombination (CwR)| The resulting latent

data structure of piece wise constant genealogical trees along the genome, broken up

with ancestral recombination breakpoints, is known as the [Ancestral Recombination|

|Graph (ARG)| The ARG is an explicit representation of the structure underlying

empirical [linkage disequilibrium (LD)| and both represents a record of the ancestral

process for each marginal tree and provides the scaffold against which mutational
process plays out. Developing increasingly accurate methods to understand the
ancestral events leading to present day population structure is fundamental to

modern population genomics.

1.2.2 Whole Genome Sequencing for Population Genomics

For the majority of the twentieth century, population genetics was driven by
developments in mathematical modelling rather than insights from real data. This

situation changed radically with exponentially increasing data size as

ichain reaction (PCR)|and small-scale DNA-sequencing, polymorphism data, and

finally population level sequencing experiments shifted the focus of the field to

be primarily driven by data [35-37]. Though analyses based on [single nucleotide|

ipolymorphisms (SNPs)|are still a mainstay in the field (e.g. many studies have used,

adapted, and extended the formal statistical methods for the analysis of genome-wide
polymorphism data presented in Patterson et al. [38] such as [39-47]), many recent
efforts focus on the use of [WGS| to accurately survey the distribution of genetic
variation across global populations and even ancient humans such as Neanderthals
126, 48-51]. WGS presents several attractive properties over polymorphism data for
population level genetics [52]. Most obviously, the ability of WGS to discover not only

selected and imputed variants allows for a better understanding of the distribution
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of variation across the genome. An additional benefit is the ability for researchers
to move beyond the standard reference panel and identify structural variation and
private polymorphisms in understudied population such as South Africans [53].
Though these analyses are technically challenging, a clear understanding of the
actual structure of the genome for specific populations can help to avoid unnecessary
read mapping artefacts and better represent the underlying evolutionary process.

Methodologically, WGS] typically follows the steps laid out above Section [I.1.1]
however an important aspect to consider in regard to population genomics analyses
is the phasing strategy employed. Humans are diploids, meaning that one set of
chromosomes is inherited paternally and the other maternally. At its core, the
NGS protocol does not phase, or delineate the nucleotide content of the two sets of
chromosomes. Estimating the phase of sequence variation is a critical step in many
population genetics pipelines as haploid pieces of individual genomes (haplotypes
or haploblocks) are passed down from generation to generation. There are many
strategies for estimating the phase of a sequence (Choi et al. [54] studied and
compared eleven such methods in regard to a single well-characterized genome),

however experimental phasing strategies such as those employed in a subset of

the dataset presented in Bergstrom et al. [50] (the [Human Genome Diversity|

IPanel (HGDP))), still represent the gold standard. Bergstrom et al. [50] employed

a linked-read sequencing technology based on microfluidics to computationally
reconstruct long haplotypes and structural variants (method is adapted from [55]).
As the authors note, however, long read sequencing may enable cheaper, faster,
and more accurate resolution of phase in diverse populations in the future. Other
studies have opted for the approach of using statistically phased genomes in their
analyses despite the known bias in parameter estimates as a consequence of errors
in statistical phasing (see Steinriicken et al. [56, Supplemental section 7| and
Raghavan et al. [57] for a simulation study which explores this). Choi et al.
[54] found that a combination of computational strategies are able to approach
experimental levels of accuracy without the need for expensive re-sequencing,

so it is likely that in the near future a combination of innovation in long read
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sequencing and statistical phasing methods will ameliorate the systematic issues
caused by inaccurate phasing in demographic inference. Phasing and its accuracy
are important factors to consider when interpreting the inferred parameter values
from machine learning methods which aim to infer demographic parameters and

the ancestral recombination graph as a whole.

1.2.3 Using Machine Learning to Infer the Ancestral Re-
combination Graph from WGS Data

Stochastic simulation under the |[CwR] model backwards in time is computationally
efficient, as the per-generation coalescent and recombination rates are simply a
Markovian function of the ancestral lineages present in that generation [58]. However,
for reasons of computational efficiency, in many applications it is desirable to simulate
trees along the genome rather than backwards in time. Under the CwR model,
the marginal trees along the genome have a complex, non-Markovian relationship,
with each tree depending on every tree preceding it in the sequence [59]. A
desire for a computationally tractable method for simulating genealogies along the

genome lead McVean and Cardin [60] to extend the work of Wiuf and Hein [59] to

develop a Markovian approximation of this process called the [sequentially Markovian|

lcoalescent (SMC)| greatly simplifying the problem of demographic inference along

the genome and leading to the first true inference algorithm for piece wise constant

population size inference known as the [pairwise sequentially Markovian coalescent]

(PSMC)| [61]. The key innovation put forward by PSMC was to approximate

the continuous state space for the Markov chain with a more reasonably size

finite set of topologies and discretised time intervals where coalescent events may

occur allowing for description with a discrete-state hidden Markov model (HMM)|

Inference is then performed using the Baum-Welch algorithm, a specialization of
the expectation maximization (EM) algorithm for HMMs, estimating the piece
wise constant ancestral coalescent rates given a fixed mutation and recombination

rate. The coalescent rate in a particular era is inversely proportion to the ancestral

population size at that point in time, making the [inverse instantaneous coalescence]
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rate (IICR)| (the inverse of the coalescent rate) a reasonable estimator for the
effective population size (N,) in panmictic populations [62]. In this way, the m
functions as a machine learning model using the observed mutations to maximize
the probability of generating the inferred tMRCAs given a specific set of coalescent
rates discretized over time. With an explicit and tractable likelihood function
to work with, modern machine learning and statistical inference methods such
as IMSMC]| (with extensions such as MSMC2 and MSMC-IM) have become gold
standard approaches for studying the deep histories of global populations through

their inferred N, [63-65]. At the same time, machine learning methods are moving

beyond summaries of the underlying data (such as the tMRCA, site frequency]

ispectrum (SFS)| principal component analyses, and haplotype maps) to inferring

the entire underlying ARG for a group of samples. The first method to do so on

a genome-wide scale was ArgWeaver, which used a [Markov chain Monte Carlo|

sampler to asymptotically sample from the posterior distribution of single
panmictic population ARGs conditioned on observed genetic variation [66]. An
extension of this method, ArgWeaver-D is also capable of inferring ARGs from
WGS data conditioned on a user-specified topology, including migration, however
it requires a fixed topology from which to effectively infer branch lengths [67].
Relate uses a modified version of the N and M [6§] to efficiently construct a
distance matrix between samples in the dataset; a tree is constructed from this non-
symmetrical distance matrix and branch lengths are estimated using a coalescent-
aware MCMC [69]. A different approach is taken by tsInfer, which uses a heuristic
algorithm to infer ancestral haplotypes and their most likely path to the current
haplotypes through an error-prone copying process [70]. These three examples
represent the current gold standard machine learning algorithms to maximize the
likelihood of a set of marginal trees given observations about genetic variation.
We here focus on the general problem of inferring demography from several
whole-genome sequences, which is informative about demographic events in all but
the most recent epochs [61, [71]. A promising approach which so far has not been

applied to this problem is to use a particle filter. Particle filters have many desirable
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properties [72-74], and applications to a range of problems in computational biology
have started to appear [75H78]. Like MCMC methods, particle filters converge to the
exact solution in the limit of infinite computational resources, are computationally
efficient by focusing on realisations that are supported by the data, do not require
the underlying model to be approximated, and generate explicit samples from the
posterior distribution of the latent variable. Unlike MCMC, particle filters do not
operate on complete realisations of the model, but construct samples sequentially,
which is helpful since full genealogies over genomes are cumbersome to deal with.

To use particle filters, we use a formulation of the coalescent model in which the
state is a genealogical tree at a particular genome locus, which “evolves” sequentially
along the genome, rather than in evolutionary time. To avoid confusion, in this
context “time” by itself refers to the variable along which the model evolves, while

evolutionary (coalescent, recombination) time refers to an actual time in the past

on a genealogical tree. For this purpose, we use the [sequential coalescent with|

irecombination model (SCRM)| (Section |1.2.4]) |79].

Originally, particle filters were introduced for models with discrete time evolution
and with either discrete or continuous state variables |74, |80]. In our model, the
latent variable is a piece wise constant sequence of genealogical trees along the
genome, with trees changing only after recombination events that, in mammals,
occur once every several hundred nucleotides. The observations of the model
are polymorphisms, which are similarly sparse. Realizations of the discrete-time
model of this process (where “time” is the genome locus) are therefore stationary
(remain in the same state) and silent (do not produce an observation) at most
transitions, leading to inefficient algorithms. Instead, it seems natural to model
the system as a Markov jump process (or purely discontinuous Markov process,
[81]), a continuous-time stochastic process with as realisations piece wise constant
functions z : [1, L] — T, where T is the state space of the Markov process (the
space of genealogical trees over a given number of genomes) and L the length over

which observations are made (here the genome size).
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1.2.4 The Sequential Coalescent with Recombination Model

The first model of the CwR process that evolves sequentially rather than in the
evolutionary time direction was introduced by Wiuf and Hein [59], opening up
the possibility of inference over very long sequences. Like Griffiths’ process, the
Wiuf-Hein algorithm operates on an ARG-like graph, but it is more efficient as
it does not include many of the non-observable recombination events included in
Griffiths’ process. The Sequential Coalescent with Recombination Model (SCRM)
[79] further improved efficiency by modifying Wiuf and Hein’s algorithm to operate
on a local genealogy rather than an ARG-like structure. Besides the “local” tree over
the observed samples, this genealogy includes branches to non-contemporaneous
tips that correspond to recombination events encountered earlier in the sequence.
Recombinations on these “non-local” branches can be postponed until they affect
observed sequences, and can sometimes be ignored altogether, leading to further
efficiency gains while the resulting sample still follows the exact CwR process.
An even more efficient but approximate algorithm is obtained by culling some
non-local branches. In the extreme case of culling all non-local branches the SCRM
approximation is equivalent to the SMC’ model 82, [83]. With a suitable definition
of “current state” (i.e., the local tree including all non-local branches) these are all
Markov processes, and can all be used in the Markov jump particle filter; here we
use the SCRM model with tunable accuracy as implemented in [79].

The state space T of the Markov process is the set of all possible genealogies at

a given locus. The probability measure of a complete realisation x can be written as

7 (x) = exp {—/B(ms)p(s)ds} {ﬁ exp {—/:jbu(xsj)C(U)dU}P(Sj)C(Tj)] (ds)le!(du)?l.

. ] (1.1)
Here x is the sequence of genealogies along the genome; |z| is the number of
recombinations that occurred on x; b, () is the number of branches in the genealogy
at locus s at evolutionary time u; B(z,) = [I°% ") b,(z,)du is the total branch
length of z,; p(s) is the recombination rate per nucleotide and per generation at

locus s, so that p(s)B(z;) is the exit rate of the Markov process in state z; (s;,v;)
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is the locus and recombination time of the jth recombination event; 7; > v; is the
coalescence time of the corresponding coalescence event; and C(u) = 1/2N,(u) is the
coalescence rate in generation u. process”) for more details. The distribution 7, (x)
has a density with respect to the Lebesgue measure (ds)?!(du)?*, because each of
the |z| recombination events is associated with a sequence locus, a recombination
time, and a coalescent time.

Mutations follow a Poisson process whose rate at s depends on the state
zs via u(s)B(xs) where u(s) is the mutation rate at s per nucleotide and per
generation. Mutations are not observed directly, but their descendants are; a
complete observation is represented by a set y = {(s;, A4;)}j=1,.|yy € Y where
s; € [1,L) is the locus of mutation j, and A; € {0,1}* are the wildtype (0) and
alternative (1) alleles observed in the S samples. The conditional probability

measure of the observations y given a realisation x is

1 |y y
wGIX =)= e {~ [Baousas}|I1 P(Ajmj,u(sj))] (@) (1.2)

J=1

where P(Al|zs, ) is the probability of observing the allelic pattern A given a
genealogy x, and a mutation rate p per nucleotide and per generation; this

probability is calculated using Felsenstein’s peeling algorithm [84].

1.2.5 Directional Migration Inference using a Particle Filter

Full details of the formulations necessary for the implementation of a particle filter
for demographic inference may be found in [1]. The focus of this thesis, and an aspect
of this work which has been previously unexplored in [1] is the use of this particle

filter for inferring directional migration. In this thesis, we characterize the use of

ISequential Monte Carlo for the Sequentially Markovian Coalescent (SMCSMC)| for

this purpose in two large biobanks, the [Simons Genome Diversity Panel (SGDP)|

and [HGDP] [48, 50]. We discuss the inferences in the context of African pre-history
and make explicit comparisons to the [MSMC| model [3].
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1.3 Functional Genomics and Machine Learning

Another aspect of the field impacted by advancements in NGS technologies is
functional genomics. Concerned with deciphering the genomic code by which
genes and their networks are regulated, NGS techniques have allowed for the
efficient profiling of transcription and epigenetic processes with unprecedented
resolution [85-89]. As research groups and consortia are increasingly sharing
their data publicly using tools such as the Gene Expression Omnibus (https:
//www.ncbi.nlm.nih.gov/geo/) and the Sequence Read Archive (https://www,
ncbi.nlm.nih.gov/sra), massive amounts of data on many cellular systems are
now freely available. Tools are needed to simplify and reduce the dimensionality of
these datasets so that expert knowledge can be used to understand the biological
processes underlying them. This section introduces the fundamental NGS techniques
used in functional genomics (as relevant for this thesis) and how machine learning

is being used to draw biological insight from them.

1.3.1 NGS-based Functional Assays

NGS techniques have been adopted to study many facets of a cell’s genome, usually
by strategically fragmenting the sequence to predominantly represent regions of
interest. These techniques are frequently applied to examine the epigenome, the
collection of all heritable changes to chromatin that do not affect the underlying
nucleotide sequence [90]. Here I discuss two individuals techniques that detect
chromatin accessibility and protein-DNA interactions. These assays have direct
relevance to the analyses performed in this thesis. There exist more techniques that

are not discussed here, or which are introduced in this thesis where relevant.

1.3.1.1 Assay for transposase-accessible chromatin with high throughput
sequencing

In 2015 Buenrostro et al. [91] introduced [ATAC-seq| (Figure [1.1). The goal of

the method is to assess the substantial heterogeneity in physical compaction of

the genomic sequence, referred to as chromatin accessibility [92]. Chromatin is a


https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/geo/
https://www.ncbi.nlm.nih.gov/sra
https://www.ncbi.nlm.nih.gov/sra
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Figure 1.1: ATAC-seq protocol schematic adopted from

complex of DNA and proteins used to organize the genome, and its fundamental
unit is the nucleosome . The nucleosome is a complex of DNA wrapped around
a protein octamer of four core histones numbered as H2A, H2B, H3, and H4
. These histones are frequently the target of post-translational modifications
which confer additional functional information about the sequence, as described in
the next section on ChIP-seq. In general, a higher density of nucleosomes along
a sequence leads to more compact DNA within the nucleus . The physical
compaction of DNA, a necessary process due to the almost two meters of DNA
packed into a five micron nucleus, has been shown to be a key factor in the
regulation of transcription by either allowing or blocking transcriptional machinery
physical access to the sequence , . A more thorough exploration of chromatin
accessibility as it relates to the topics explored in this thesis is presented in the
introduction of Chapter 3 in Section [3.1.1}

The ATAC-seq assay is conceptually a simple adaptation of the typical NGS
procedure, and as previously mentioned relies on strategic sheering of the genome
(in this case, targeted amplification) followed by sequencing. Here, a hyperactive
Tnb transposase enzyme preferentially accesses the sequence not wrapped in

nucleosomes, inserting sequencing adaptors that can be directly amplified. This
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results in fragments of DNA whose length follows a bimodal distribution, with
the majority derived from the space between nucleosomes and tending to be short,
and the minority spanning a nucleosome and thus having a fragment length of at
least ~150 base pairs [97]. Since the amplified pieces of sequence predominantly
appear in regions without nucleosomes, identifying "accessible" regions (for a given
threshold) is an exercise in statistical detection of regions with signal enriched
over the background.

The concept behind ATAC-seq is similar to previous assays for chromatin
accessibility such as MNase-seq and DNAse-seq which use micrococcal nucleases,
and DNAse 1 enzymes to fragment the sequence respectively [93]. FAIRE-seq, a
successor to DNAse-seq introduced in Giresi et al. [98], performs a fundamentally
different fragmentation by isolating DNA that is not able to be cross-linked to
nucleosomes. In contrast to MNAse-seq and DNAse-seq, ATAC-seq requires far
fewer experimental steps and isolated cells, allowing for efficient study of small
populations of cells (as shown by Buenrostro et al. [91]) while comparisons with
FAIRE-seq show substantial bias in the latter towards enhancer and intronic
elements and a smaller enrichment of signal over the sequencing background [99].
This makes ATAC-seq an experimentally efficient procedure for generating high
coverage chromatin accessibility tracks in low to moderate numbers of cells. DNAse-
seq was adopted enthusiastically by consortia such as ENCODE Project Consortium
[100] and substantial effectively-legacy data exists from this assay, however more
recent efforts in the same groups (i.e. Moore et al. [101]) are focusing on ATAC-seq
for this task. The analysis of ATAC-seq data therefore remains a valuable task,
especially as the number of generated datasets continues to increase year over year

(Yan et al. [97] demonstrates this up until 2019).

1.3.1.2 Chromatin immunoprecipitation followed by sequencing

Both the combinatorial binding of transcription factors and post-translational

modification of histone proteins are key players in the complex logic of gene

expression [102]. Transcription is regulated by a large number of [cis-regulatoryl|
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lelements (CREs)| categorized by function and distance to the ftranscription start|

site (T'SS)| These include promoters and promoter-proximal elements, enhancers,

silencers, insulators, and boundary elements for topologically associated DNA
domains (reviewed in Wittkopp and Kalay [103]). Many transcription factors bind
to specific patterns in DNA called “motifs”, however the majority have either a
non-specific binding sequence or none at all, leading to the desire for an experimental
approach to determine where specific transcription factors are bound in specific
cellular contexts [104]. At the same time, specific covalent modifications to histone
proteins have been shown to be enriched at active enhancer and promoter elements,
indicating their involvement in the recruitment of proteins for transcriptional
activation. For the purposes of this thesis, only a handful of the many histone
modifications are necessary for the putative identification of enhancer and promoter
regions (Figure . In the following and throughout, the nomenclature for histone
modifications is the histone that is modified (Histone H3 = H3), the residue that
is modified (lysine residue 4 = K4), and the actual modification (mel = mono-
methylation, me3 = tri-methylation, ac = acetylation) such that, for example,
mono-methylation of the fourth lysine residue on histone protein H3 would be

denoted as H3K4mel [105]. A summary of important histone modification follows.

H3K4mel is found predominantly at enhancer elements [105]. Recent evidence
suggests that H3K4mel can also be found in promoter elements, with a bimodal
pattern flanking H3K4me3 in active promoters and unimodal peak, coinciding with

H3K4me3 and H3K27me3, proximal to the in poised promoters [106].

H3K4me3 is typically believed to be the distinguishing mark of promoter elements
[105]. Typically, the dynamic regulation of methylation between DNA methylation,
H3K4mel, and H3K4me3 is able to alter to state of a region from functionally
inactive to enhancer or promoter elements respectively [107]. Interestingly though,
H3K4me3 occasionally is observed on putative “super enhancers”, especially in

some cancers, though this relationship is the subject of much debate [10§].
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Active enhancers Active genes
H3K4me3
H3K27ac H3K9ac
H3K4mel H3K27ac

H3K79me2/3 H3K36me3

NDR NDR

Figure 1.2: Typical eukaryotic ChIP-seq defined active enhancer, promoter, and gene
body histone modifications from Gates, Foulds, and O’Malley . H3K4me3 and
H3K9ac typically load onto active promoter regions, while H3K79me2/3 and H3K36me3
are found on the actual gene body being transcribed. H3K27ac loads onto both active
promoters and enhancers, while H3K4mel is found predominantly on the latter. These are
all generalizations, and represent typically observed patterns. NDR = nucleosome-depleted
(accessible) regions, NDR = nucleosome depleted region (i.e. accessible chromatin).

H3K27ac is an activity marker found at both active enhancers and promoters

[105).

H3K79me2/3 as in, either the di or tri methylation of H3K79, is uniquely

deposited by the |[disruptor of telomeric silencing 1-like (DOT1L)| protein, and is

often found within the body of actively transcribed genes and is associated with
transcriptional elongation [109, [110]. While not usually found at enhancer elements,

recent evidence strongly suggests a role for DOT1L mediated H3K79 methylation in

enhancer-promoter interactions in cancers caused by [mixed lineage leukemia gene]

(MLL)| fusion proteins, which is of interest to results later in this thesis [111].

H3K27me3 functions as a repressive mark for gene expression and is found
at silencer elements [105] [112].
These marks vary across the genome depending on a large number of biological
factors; ChIP-seq provides an empirical tool to measure their presence.
ChIP-seq combines chromatin immunoprecipitation (ChIP) with NGS sequencing
to identify protein-DNA interactions on a genome-wide scale . ChIP involves

the covalent crosslinking of DNA to any associated proteins followed by the random
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fragmentation of the genome; specific antibodies are used to “pull down” regions
bound by a specific protein or histone modification, and the remainder are washed
away [114], 115]. The remaining fragments of DNA are annealed to sequencing
primers and amplified. The effect of this procedure is to enrich sequenced regions for
areas of the genome bound by a specific protein. Typically, ChIP-seq experiments
are paired with an “input” run, in which the pull down step is not performed, in
order to assess the genomic background of enriched regions. These are typically
removed from the analysis and peak calling as they represent technical artefacts

and not biologically relevant DNA-protein complexes.

1.3.2 Specific Machine Learning Applications for Functional
Genomics

1.3.2.1 Identifying Signal Enrichment (Peak Calling) with Machine
Learning

One of the key tasks after performing ATAC-seq or ChIP-seq is to determine regions
which are enriched for signal over the background [97]. Many approaches have
been developed for this task (partially reviewed and benchmarked in R et al. [116])
based on statistical models typically modelling signal-to-noise ratios according to a
Poisson distribution. This model appears to correctly discriminate visually enriched
peak regions, though both the false positives and false negative identifications are
frequently thought to be bottlenecks in analyses that rely on discretized region
sets. Recently, a deep learning based peak called was proposed which appears to
exceed the performance of the gold standard approach, MaCS2 [117-119]. The
model relies on a wide-and-deep convolutional neural network trained on a manually
curated set of 8463 peaks from various ENCODE Project Consortium [100] datasets
and 8503 noise regions [117, |120].

1.3.2.2 Chromatin State Annotation

After sequencing and discretizing histone modifications into peak regions, a re-
searcher may wish to annotate the genome of their cell type of interest with putative

states (i.e. active or poised enhancer or promoter, heterochromatin, etc.). Due to
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the high dimensionality of the data (a number of chromatin marks each with a
genome-scale coverage track), this is a difficult task to perform manually. Ernst and
Kellis [121] discovered that by modelling the chromatin state along the genome as
a Markovian process, inference of putative states can be efficiently performed with
standard approaches such as[HMMs ChromHMM and extensions have remained
standard approaches for chromatin state annotation and the identification of putative
enhancer regions across cell types of interest |122]. However, latent states require
manual annotation which is often non-trivial, and in the case of niche cell types it is
often difficult to generate the required ChIP-seq data for manual annotation. The
alternative approach, using an imputation program such as ChromImpute leads to
variable quality of input data heavily depending on the sequence specificity of the
given mark [122]. Topic modelling represents an attractive alternative that relies
solely on accessible chromatin to annotate shared and distinct regulatory elements,
and has been successfully used for single cell ATAC-seq data [123]. ATAC-seq
is comparably cheaper and easier to assay in niche cell populations, and a wide

array of public reference data is available from consortia. However, a satisfying

adaptation of the cisTopic [Latent Dirichlet Allocation (LDA)| approach has never

been attempted for bulk ATAC-seq in specific populations of cell types. In order to
determine shared and distinct regulatory elements in closely related cell types, topic
modelling represents a viable approach which has previously been demonstrated

effective in a single cell context.

1.4 Thesis Aims

The overarching goal of this thesis is to develop machine learning methods to
interpret next generation sequencing data and apply them to two specific questions.
The two sections above give background information on the motivation for solving
the problem of inferring directional migration from whole genome sequencing
data (Section and identifying shared and distinct regulatory elements in
closely related celltypes (Section . For this second question, we develop a topic
modelling approach based on [LDA]for bulk ATAC-seq data. We apply this approach
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to a specific form of leukemia with a poorly understood regulatory landscape and
uncover a specific set of enhancer elements with novel histone modification profiles.
This thesis both represent methodological advances in two different subfields and
the contribution of novel results, namely the identification of an ancient back-
migration and a subset of PAF1c bound enhancer elements in MLL-AF4 leukemia.

A summary of the chapters follows.

Chapter 2 describes the [SMCSMC| method for sampling from the posterior
distribution of conditioned on genomic variation from [WGS|data and inferring
demographic parameters including population-specific effective population size and
directional migration rates over time. I use simulation to demonstrate the accuracy

and limitations of inference and apply the method to analyse individuals from

the [SGDP| and [HGDP| In doing so, I discover a substantial back-migration from

the ancestors of non-Africans to the ancestors of present day Africans between 40
and 70 thousand years before present. The remainder of the chapter investigates
the dynamics and magnitude of this migration, and explores its ramifications

on human origins.

Chapter 3 introduces the [bulk latent dirichlet allocation (BLDA)| method for

performing topic modelling on bulk ATAC-seq data. This method is a direct
extension of the cisTopic LDA approach taking into account a quantitative rather
than binary signal for read density at peak regions. I show that BLDA is as
effective in statistically pseudobulked ATAC-seq samples as cisTopic is in single
cell ATAC-seq data. Additionally, I show that LanceOTron’s deep learning peak
caller results in cleaner inference in a range of topic modelling applications. I
use the developed approach on a curated set of sorted cell types representing the
differentiation pathway of hematopoiesis and erythopoesis and show that BLDA is
superior to a naive implementation of cisTopic, and additionally recovers known

regulatory programs active in these cell types.
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Chapter 4 applies the previously developed BLDA| method to a set of MLL-AF4
driven leukemia patients and cell lines and demonstrates a unique and shared set of
differentially accessible chromatin regions when compared to a specifically selected
set of closely related B cell progenitors. These differentially accessible regions
are hypothesized to represent unique regulatory programs that distinguish the
cells. T isolate key regions of these regulatory topics and show that they are highly
robust against the stochastic inference procedure. I model these cell types alongside
blood cells from the ENCODE consortium and demonstrate their distinctiveness. I
compare these regions against ChIP-seq for known histone modifications and show
that they are marked as putative enhancers without the DOT1L signature typical
of enhancers in MLL-AF4 leukemia, and additionally bound by PAF1lc. I show
that these regions share activity profiles with certain hematopoietic progenitor
cells and elaborate on future experimental validation to elucidate their exact

function in MLL-AF4 leukemia.

Chapter 5 discusses the contribution of these results to their respective areas

and suggests further work.
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2.1 Introduction

The history of a population shapes its patterns of genetic diversity. A nuanced
understanding of the historical relationships between global populations has been
hindered by both the lack of availability genomic sequencing data and methodological
barriers. With the recent completion of several repositories of genomic variation
across the globe, and the advances presented in the previous chapter allowing for
tractable inference of directional migration rates, here I aim to investigate ancient

contributors to extant genomic variation using machine learning and sequence data.

Before the era of [Next Generation Sequencing (NGS), an understanding of

diverse populations was mostly based on combinations of variants in Y chromosome

and [Mitochondrial DNA (mtDNA)|. Genotype frequency data from microarrays has

been used more recently, and will be discussed in the following section. As the Y
chromosome and mtDNA do not recombine, each comprise a single genealogical
tree dating back to a common ancestor. This attractive analytical property allowed
geneticists in the late twentieth century to study the evolution of these two lineages in
great depth, leading to an extensive catalog of variation within so-called haplogroups
(see https://isogg.org/tree/index.html). As is inherited maternally
and Y chromosome DNA is inherited paternally, they represent unique viewpoints
into sexually dimorphic anthropological processes (for a review, see Kivisild [124]).
Results from haplogroup analyses have motivated many important discoveries,
however caution must be taken when interpreting the results of a single tree in light
of the whole of human history [125]. While these single trees are constrained by the
overall demographic process, they are not representative of it due to incomplete
lineage sorting. With recent access to high quality [WGS| data, we are able to

efficiently sample many more of the marginal trees along the genome. Therefore,


https://isogg.org/tree/index.html
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for the general case of investigating population structure across the globe in light
of human history, the nuclear genome must be focus of our study.

Before the advent of [NGS| patterns in genomic diversity have been investigated
through differences in allele frequencies between subpopulations. Metrics such as
the fixation index are often used to summarize differences between subsets of the

population, either in terms of their relative variances, their probability of

by Descent (IBD)| or their [Time to Most Recent Common Ancestor (TMRCA )|

[126]. Modern adaptations and extensions of Wright’s F statistics include so-called
drift statistics, which quantity the degree to which two populations share genetic
drift [127]. These statistics can be built up to create intricate descriptions and
statistical tests for shared drift, (f3) admixture (D, f;), number of introgression
events (qpWave) and even entire global topologies of population differentiation with
branch lengths (qpAdm) [128]. These approaches form a highly useful toolkit for
studying easy to gather polymorphism data, but do not attempt to recapitulate
the processes by which this variation is produced. Critically, they do not attempt
to reconstruct demographic parameters over time. In order to explore this much
larger parameter space, machine learning is necessary.

How a given set of individuals are related at a particular locus is represented
by a phylogenetic tree. Because of past recombination events, this tree changes
along the genome, resulting in a series of trees that may be represented in a data
structure known as the ancestral recombination graph. [129]. All information about
the genealogical history of a set of individuals can be encoded in their ARG, and
having access to the ARG would help immensely when making statements of a
population’s demographic history. However, the ARG cannot be observed directly
[130]. Recently, methods which use stochastic inference techniques have been able
to directly sample from the posterior distribution of marginal genomic trees and
produce representations of probable ancestral recombination graphs [129-131].

Currently, no analytical methods for inferring ARGs are known, and it seems
likely that none exist. Therefore, several researchers have developed approximate

statistical inference techniques, such as ArgWeaver-D, tsInfer, Relate, and [SMCSMC]|
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[1,129-131]. T extend the approach taken by to infer directional migration
rates simultaneously with effective population size, enabling a unique viewpoint
into the ancient past.

A particularly interesting time in human history is the end of the Middle
Paleolithic approximately ~60 ka BP, which saw the divergence of the most deeply
sampled lineages of human genetic variation, introgression from multiple archaic
sources, and the expansion of anatomically modern humans Out of Africa. As
archaeological evidence and ancient DNA from this period are scarce, inference of
demography from present-day genetic data is potentially very informative, though
technically challenging. Here, we use the previously developed approach, SMCSMC,
to infer population size and directional migration in a unique and dynamic period
of ancient human development.

This chapter is structured as follows. Firstly, I give an introduction to pertinent
historical and anthropological theories relating to this period of time to orient the
reader. Secondly, I introduce competing approaches for the inference of ancestral
recombination graphs and motivate the usage of SMCSMC for this application.
Following this, I outline my contributions to this area of research, which involve
the identification and characterization of a putative directional migration from the

ancestors of modern day Eurasians to the ancestors of modern day Africans.

2.1.1 Out of Africa and the peopling of Eurasia

An abundance of archaeological and genetic evidence has shown that the continent
of Africa is the historical source of all modern humans [132]. It contains more
genetic sequence diversity than any other region of the world, so much so that on
average, the two haplotypes that comprise a single African genome are less similar
than two haplotypes taken anywhere outside the continent. [48]. Evidence from
climate science suggests that a combination of a gradual shift away from aridity
in Northern Africa as well as short term dry-wet cycles may have motivated both
global and local range expansions [133], |134]. The most pertinent of these range

expansions is the migration Out of Africa and into Eurasia, an event which has
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formed the basis of modern population structure around the globe. The individual
migrants involved in this event probably diverged from sister populations within
the continent for many tens of thousands of years before their eventual dispersal
into the Levant and beyond |3} 50]. The population which formed this successful
range expansion out of Africa experienced at least one, and potentially multiple,
breeding events with Neanderthals [135]. Eventually, the group split into two
distinct subpopulations around the time of the Ust’-Ishim individual, approximately
45 ka BP |136]. One of these populations went East, forming the basis of for
East Asians and Aboriginal Australians, while the other went West, forming the
initial Upper Paleolithic European hunter-gatherers |39, 41]. These were not the
only derivative groups from the original Out of Africa, as another earlier diverged
population popularly known as “Basal Eurasians” are thought to have branched
before the initial contact with Neanderthal populations and contribute to later
European population structure |[137]. From this point on, diversification occurred
on a highly regional basis, beyond the scope of this brief review.

Little is known about population structure within Africa prior to the expansion
of agriculturalists and pastoral groups [138] [139]. Recent evidence from the handful
of successfully sequenced ancient African genomes hint at large-scale population
movements and admixture from multiple highly divergent, extinct populations, with
complex affinities to current groups [140-142]. The majority of structure in the
continent is derived from events in the Holocene, including the spread of Bantu
languages from Western Central Africa both East and South, as well as admixture
from pastoralists in the Near East and Western Eurasia [138]. Eastern Africans
are the most closely related group to the ancestral Out of Africa migrants, though
they show particularly high levels of ancestry related to neolithic populations
from Iran and the Levant consistent with multiple waves of back-migration in
the Holocene [39]. Evidence for recent admixture from Eurasian sources is well
established, however the lack of ancient African DNA from the Pleistocene has
confounded efforts to uncover interactions between the earliest inhabitants of the

continent. While the migration event associated with establishing current global
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population structure has been confidently dated between 60-80 ka BP,
|African Hunter Gatherer (CAHG)| and [South African Hunter Gatherer (SAHG)|

such as the Mbuti and KhoeSan (without implying linguistic unity, defined as
southern African hunter-gatherers who speak non-Bantu languages which include a
click consonant) may have diverged from other groups 200-250 ka BP [141] |143].
In the intervening millennia, fossils identified as AMH have been found in China
about 80-120kya, Sumatra about 63-73 ka BP, and artifacts from Australia 65 ka
BP [144H146]. Support for multiple migrations across Eurasia additionally comes
from climate science, where four distinct periods of warming may have provided
vegetated migration routes out of Africa (OoA) as early as 120 ka BP [134]. The
extent of contributions to modern day populations from “ghost” populations is
unknown, though controversially suggested in Australasia and South East Asia
[42, 48| [147H149] and Africa [130] |141, 150-153]. To a large degree, the fate of
these anciently diverged populations and their contributions, if any, to modern
day populations remains an open question. Using an extension to [SMCSMC] I
aim to use machine learning to investigate ancient contributions to modern day

population structure within global datasets.

2.2 Methods
2.2.1 A Particle Filter for Demographic Inference

Details of the Sequential Monte Carlo for the Sequentially Markovian Coalescent
(SMCSMC) algorithm have been previously published [154] (see the URLs for
an implementation). Briefly, SMCSMC builds an approximation of the posterior
distribution of genealogical trees conditional on observed mutations along the
genome using a particle filter, a method also known as sequential Monte Carlo
sampling. It does so by simulating a number of sequences of genealogical trees
(particles) under a fixed set of demographic parameters 6 using the sequential
coalescent sampler SCRM [79]. Simulated recombination events may change the local
trees along the sequence. Particles are then weighted according to their conditional

likelihood given observed polymorphisms. To avoid sample depletion, the set of
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particles is regularly resampled, which tends to remove and duplicate particles
with low and high weight respectively. To further increase the efficiency of the
procedure, the resampling procedure targets not the partial posterior distribution
that includes polymorphisms up to the current location, but also includes a "look-
ahead likelihood" term that approximates a particle’s likelihood’s dependence on
subsequent polymorphisms, while ensuring that the estimate of the posterior tree
distribution remains asymptotically exact. From a sample of trees from the posterior
distribution, Variational Bayes (VB) or Stochastic Expectation Maximization (SEM)
is used to update the estimates of demographic parameters 0. This is repeated over
a given number of iterations, or until the estimate of € has converged.

To add the ability to infer time-varying migration rates, we exploit the capabilities
of SCRM to simulate ARGs under complex demographic scenarios, and collect
sufficient statistics (migration opportunity, and number, time and direction of
simulated migration events) for each particle.

We use SMCSMC to infer effective population sizes and migration matrices in
pairs of unrelated individuals from the phased release of the Simons Global Diversity
Panel. We set a uniform recombination rate of 3 x 107 and a neutral mutation rate
of 1.25 x 1078, both in units of events per nucleotide per generation; previous results
indicate that modeling recombination hotspots minimally affects results [155]. To
reduce the number of iterations to convergence, we initialise the particle filter with
an approximation of human demographic history (Figure . We seed the model
with an initial constant symmetric migration rate of 0.0092 (M, ;; proportion per
generation of the sink population replaced by migrants from the source backwards
in time). We arrive at this value through simulation (data not shown).

Unless otherwise noted, the directionality of migration is given forwards in time.

That is, from population A in the past to population B in the future.

2.2.2 Multiply Sequential Markovian Coalescent

We use MSMC2 to estimate the effective population size of pairs of African and

Eurasian individuals using default configurations and scripts provided in msmc-tools
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Figure 2.1: Demographic model used as initialisation for SMCSMC analysis visualised
using PopDemog [156]. The width of the coloured blocks represents the effective population
size at that time.

(see URLSs) [3,157]. We use a fixed recombination rate in line with our SMCSMC
analysis and skip ambiguously phased sites. Twenty iterations are performed by
default. We additionally compute the relative cross-coalescent rate to examine
relative gene flow by transforming the coalescent rates generated by MSMC2 as
indicated in the software documentation.

A brief example is given below, where I estimate coalescence rates within
population 1 (Eurasians), population 2 (Africans), and between them given properly

formatted input.

msmc2 -I 0,1 --fixedRecombination --skipAmbiguous -t 1 -o {
output_prefix} {input_string}
msmc2 -I 2,3 --fixedRecombination --skipAmbiguous -t 1 -o {

output_prefix} {input_string}
msmc2 -I 0-2,0-3,1-2,1-3 --fixedRecombination --skipAmbiguous -t
1 -o {output_prefix} {input_stringl
python combineCrossCoal.py {input[2]} {input [0]} {input[1]} > {
output [0]}

In order to convert between SMCSMC style input (seg files) and MSMC style

input files, we use a custom script found here.


https://github.com/Chris1221/ancient_african_admixture/blob/master/pipelines/real_data/py/smc2-to-msmc.py
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2.2.3 Inferring population size and migration rates in the
Simons Genome Diversity Panel

This section describes analysis of the SGDP with both SMCSMC and MSMC.
SMCSMC version 1.0.1 was installed from the conda package manager (also found
at https://github.com/luntergroup/smcsmc/releases/tag/v1.0.2), MSMC2
version 2.1.2 was installed from GitHub (found at https://github.com/stschiff/
msmc2/releases/tag/v2.1.2) and all analyses were performed on the Oxford
Biomedical Research Computation cluster.

We download pre-phased sequencing data from https://sharehost.hms.harvard.
edu/genetics/reich _lab/sgdp/phased_data/| and mask for the strict accessibil-
ity mask from the 1000 genomes project. We additionally mask for any sites absent
Chimpanzee ancestry due to a known issue with the phasing algorithm [157]. We
perform this masking in vcftools. We use the SMCSMC] python package function
smcsmevef _to_seg to convert the sequence data from VCF to seg file format, a
format very similar to MSMC format. Furthermore, we provide a script to convert
from seg file format to MSMC file format as well. Unless otherwise noted, the names
of individuals used in this paper are the first in their population (i.e. an individual
named Yoruban is S_Yorubal in the SGDP nomenclature, full list in Table [2.1]).
We select two diploid individuals from each population in Africa and infer piece
wise constant population size and directional migration rates. Specifically, we

use the following options for SMCSMC:

smc2 -c —-chunks 100 -no_infer_recomb -nsam 4 -I 2 2 2 -mu 1.25e-8
-rho 3e-9 -calibrate_lag 1.0 -EM \${EM} -tmax 3.5 -alpha 0.0 \
-apf 2 -NO 14312 -Np ${Np} -VB ${DEMOGRAPHIC_MODEL}
-P 133 133016 31*x1 -arg -o ${0UTPUT} -segs ${SEGS}

In order, we invoke the use of a QSUB cluster with -c and split our analysis
into 100 chunks. We do not infer recombination sites along with the demographic
model in order to reduce runtime. Four haploid samples, two from each population,
are analyzed with a fixed mutation rate of 1.25 x107%, a fixed recombination
rate of 3 x107Y, and accumulating events for one unit of survival time along the

sequence. We use a given number of epochs for parameter units, and bound the


https://github.com/luntergroup/smcsmc/releases/tag/v1.0.2
https://github.com/stschiff/msmc2/releases/tag/v2.1.2
https://github.com/stschiff/msmc2/releases/tag/v2.1.2
https://sharehost.hms.harvard.edu/genetics/reich_lab/sgdp/phased_data/
https://sharehost.hms.harvard.edu/genetics/reich_lab/sgdp/phased_data/
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upper limits of the trees at 3.5 times the effective population size (set to 14312). We
use the look-ahead likelihood to guide the resampling process for a given number of
particles Np and use variational Bayes in place of the default stochastic expectation
maximization algorithm. Parameters are inferred over 31 equally spaced intervals
from 133 to 133016 generations in the past, and the sampled posterior ARGs are
reported. The choice of these parameters is discussed in depth in [1].

The demographic model used to seed inference is given on page [I65] We
visualise this demographic model in the POPdemog package in Figure [156].
This demographic model has been designed to roughly mimic human population
size history without overly biasing the results from inference.

Each SMCSMC analysis gives a final output file detailing migration and coales-
cent events, their rates, and their opportunities which denote the total opportunity
for an event to occur during a particular epoch. Output files are trimmed to
only visualise the final iteration of variational Bayes inference and assessed for
convergence. Times and rates are interpreted differently than scrm output. Rates
are in units of 4N, per generation (defined here as 29 years as per [158]), while
times are given in generations.

We implement the above in a Snakemake pipeline. Sample size and relative cross-
coalescent rates are transformed as described in the documentation using the same
parameter values for mutation rate and generation time used for SMCSMC analysis.

Migration during the last 100ky is integrated into a metric we call the

IMigration Fraction (IMF)| This is related to the cumulative migration fraction

(CMF) as introduced in MSMC-IM [157], except the quantity is integrated in a
particular epoch. IMF is calculated as a function of time F(t) = e~ o POt given
an upper bound T'. A practically identical solution can be found from first principles.
Consider p proportion of the population are replaced every generation. Start with
0 individuals from the source Ny .. population in the sink population Ng;,., each
generation replace p proportion of the sink population with the source. We track

the proportion of the population which are replaced by the source P.
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= PNsink + pNsink(1 — p

P((Nsink — PNsink) — P(Nsink — PNsink))
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— p) + PNaini(1 = p)(1 — p)

(
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(

)
)+
)+
)

- pNsink + pNsmk 1

In practice, both methods give essentially identical proportions for all con-

sidered questions.

2.2.4 Statistical Analysis of Migrated Segments

We run SMCSMC with the -arg flag to report the posterior estimate of the
ancestral recombination graph. We use this to isolate segments of the African
genome where predicted migration events occurred between 50 and 70kya and used
these segments to calculate drift statistics. The isolation procedure is implemented
in smcsmec.find_segments, and involves sequentially reconstructing marginal trees
and keeping track of which contain migration events in a particular epoch. We

isolate segments from the marginal trees of all SGDP comparisons.

2.2.5 Length Distribution of Isolated Segments

Under the Markovian model of the SMC’, the length of admixed tracts L is an
exponential process with scale factor 2N (1 —m) (1 — e TI2N ), with a proportion
m of the sink population being replaced with the source T generations in the
past and an effective population size of N [83|159]. This gives an approximate
mean length [(1 —m)r(T —1)]" with recombination rate r in units of Morgans,

which is well approximated by (r7)~*(1 — m) [160]; we use this approximation
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to derive expected distribution of fragment sizes. When analysing populations
with SMCSMC, we fix the recombination rate at 3 x 107? uniformly across the
genome, in line with that used by tt MSMC in simulations [3]. This value is a
conservative underestimate, accounting for the presence of recombination hotspots
and SMCSMC’s inability to deconvolve recombinations in these areas, effectively
underestimating the true r. For estimates of ancestral tract lengths, we use the
more universally accepted value of 1 x 1078, equivalent to a one percent chance

of a cross-over per megabase and per generation |161].

2.2.6 Drift Statistics

Patterson’s drift statistics were calculated with ADMIXTOOLS [127] and the admixr
package [128] in R. We converted the above sequence data to Eigenstrat format with
vcf2eigenstrat formerly distributed with admixr. We merged SGDP and archaic
Eigenstrat datasets with convertf and mergeit implemented in ADMIXTOOLS.
Here, Yoruba-1 is used as a representative of Western African groups, and used
for ascertaining putatively migrated segments. Yoruba-2 is used as a comparison
individual from the same populations. In this way, we look for evidence above

another individual in the same population of similarity to Eurasians.

2.2.7 Simulation procedure

Coalescent simulations were performed under the sequential coalescent with re-
combination model (SCRM) [79]. 1 gigabase (Gb) of sequence was simulated. In
addition to branches in local genealogical trees, SCRM retains non-local branches in
the ancestral recombination graph (ARG) within a user-specified sliding window. In
the limit of a chromosome-sized windows SCRM is equivalent to the coalescent with
recombination, while for a zero-length window it is equivalent to the sequentially
Markovian coalescent (SMC’) [82, [83]; we use a 100kb sliding window to approximate
the CwR and improve accuracy over SMC’ while retaining tractable inference.
We modelled migration as a 10ky pulse of constant migration rate resulting

in an integrated migration fraction (IMF) of 0 to 0.593. The migration pulse
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was centered at various times between 40 and 70 kya. Due to the amount of
compute required, we then used SMCSMC to infer the demographic parameters
using a reduced set of 5000 particles and 5 iterations of the VB procedure. To
aid convergence, we started inference at a reasonable approximation of human
demographic history (Figure . We modelled N, and migration rates as piece-
wise continuous functions and set 32 exponentially spaced epochs from 133 to 133016
generations in the past. To convert evolutionary rates to years we set a generation
time of 29 years [158]. For computational efficiency, individual genomes were split
into 120 chunks and processed in parallel, with sufficient statistics collected and

processed together in the VB steps.

10105 16706
Time

Figure 2.2: Effective Population size model used for simulations. Following the simulation
procedure in Section [2.2.7 the population size model is plotted per epoch, with the
effectively African population plotted in blue and the effectively non-African population
in black.

Times are in units of 4Nyg while population sizes are in units of Ny. For
g = 29, Ny = 14312, the demographic model is as shown in Figure 2.2l Exact
specifications are given in Appendix [A]

The demographic model which we have assumed for both population’s effective
sizes has been shown to recapitulate similar inference to real data (data not shown).
The migration parameter must be initiated at a given magnitude; further back in
time, the particle filter is less able to identify lineage’s true populations, and the
inference of migration rates becomes essential uniform. Thus, we see a “drop-oft”
effect, where in the ancient past, the inference remains at the initiation value,
and as more certainty about different histories is obtained, the migration values

recapitulate real information. Thus, the choice of an appropriate parameter for
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the initial migration rate is a crucial step in SMCSMC analysis, and here we chose
to arrive at this value through simulation.

We simulate back-migration scenarios of varying total migration proportions
from 0 (no migration) up to 60% population replacement. For each simulation,
we initiate the particle filter at either 0, 1, or 5 units of ﬁ proportion replaced
per generation (which are the units used internally by scrm and ms for simulation).
SMCSMC is then used to infer effective population size and migration histories
in five iterations with 5000 particles. As a cautionary note, these simulations
are almost certainly not fully converged, and are used as an indication of power.
However, these low resolution attempts are indicative of a “quick” overview of the
abilities of the algorithm. With 600 cores available, each of the cases (forward,
backward, or bidirectional) was able to run in approximately 20 hours.

Generally, beginning with a higher migration rate seems to recover a higher
proportion of the simulated migration. However, as in the case of a 60% replacement
simulated 40kya, beginning with 5 4 Ny rather than 1 4V, recovers similar proportions
of backwards migration (0.502 vs 0.52) yet the higher migration rate finds 0.301
Furasian migration rather than 0.195. The higher initial migration rates thus
slightly reduce power (though, not in all cases, and for fully converged solutions,
we would expect both proportions to be similar up to noise) while additionally
finding an increased migration in the opposite direction. Beginning with a zero rate
leads to highly unstable estimates of the migration rate and effective population

size, and we exclude it from our analysis.

2.2.8 Isolating Anciently Admixed Segments

To investigate shared genetic drift in sequences putatively inherited from an ancient
migration, we study a single sample from the posterior in detail. We sample
genealogical trees with migration events from the posterior distribution estimated
by the particle filter under the final, converged, demographic parameters. With
the caveat that no single instance of an evolutionary history will be definitively

“true”, inferred coalescence and migration events within inferred marginal trees are
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representative of the underlying demographic processes [67]. This makes individual
events in segments of the genome good candidates for analysis in aggregate. We
scan along the sequence and identified marginal trees with migration events from
the source (Eurasian) population to the sink (African) population (forward in time)
within the desired time period along with the beginning and end position of that
tree in the genome sequence. In this process, we ignore recombination events that

alter a tree in such a way that the migration event is retained.

2.2.9 Sequence Data and Preparation

We downloaded whole genome sequence (WGS) data from the phased release of
the Simons Genome Diversity Panel and converted it to .seg file format using
scripts provided (See URLs). We apply two masks to the data. First, we mask the
data with the strict accessibility mask provided by the 1000 genomes project (see
URLs). Second, we mask any sites absent chimpanzee ancestry, to address a known
variant issue in the data that resulted in artificially long runs of homozygosity
[157]. We develop a Snakemake [162] pipeline for efficiently analysing sequence data
with both SMCSMC and MSMC2. We assume a mutation rate of 1.25 x 10~% and
a recombination rate of 3 x 107 (events per nucleotide per generation), in line
with recent literature [163} [164]. The number of particles, and the number of VB
iterations, are set per analyses, and are reported in figure captions. Unless otherwise
noted, the names of individuals used in this paper are the first in their population
(e.g. an individual named Yoruban is S_Yoruba-1 in the SGDP nomenclature); a

complete list of sample identifiers is provided in Table [2.1]

2.2.10 Integrated Migration Fraction

The IMF, the total fraction of a particular population A replaced during a particular
time period from T} to T generations in the past is found as follows. Let p(t) be the
instantaneous rate of migration out of A per unit of time in the backward direction

(i.e. into A forwards in time), and F'(t) the fraction not migrated in the epoch [T, t],
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— 1
then L F(t) = —p(t)F(t) with solution F(t) = e Iz, p(t)dt, so that the IMF is given

by 1— F(T}). The integral is calculated as a finite sum since p is piece-wise constant.

2.3 Results

2.3.1 Substantial Migration from Eurasian to African An-
cestors

We use SMCSMC to analyse pairs of individuals from the SGDP and simultaneously
infer migration rates and effective population sizes (N.) under a two-island model
with directional migration. Population sizes and migration rates are modeled as
piece-wise constant across 32 exponentially spaced epochs from 133 to 133016
generations in the past, corresponding to 3.8 thousand to 3.8 million years ago
(3.8kya—3.8Mya) using a generation time g = 29 years [158]. We find that the
method infers high rates of migration from descendants of the OoA event (‘non-
Africans’) to Africans, but not in the opposite direction, in the period 30-70kya
corresponding to the Late Middle Paleolithic (Figure . In populations from
the Niger-Kordofanian and Nilo-Saharan language groups, comprising the majority
of the population on the African continent, the peak inferred migration rate from
Eurasian populations (2.5-3.0 x 107 and 3.5-4.0 x 107, in units of proportion of
the target (ancestral African) population replaced per generation) most frequently
falls in the epochs spanning 35-45kya, while peak migration rates in the opposite
direction are substantially lower (0.5-1.0 x 10™%) and occur earlier, in the epochs
spanning 55-70kya (Figure[2.4). Populations in the Afroasiatic language group show
evidence of large amounts of directional migration in the Holocene (Figure ,
which is consistent with previous findings of relatively recent European introgression
into these populations [138], 165].

We track the overall peak of migration rate in different populations (Fig-
ure ,b). The most common backwards migration peak falls in the epoch
between 35-45kya in the Nilo-Saharan and Niger-Kordofanian groups. Forwards
migration has an earlier peak, in the epoch spanning 55-70kya. This result must

be interpreted in light of the simulation results presented below.
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We model the migration adjusted N, in Eurasian populations, averaged over
African partners, and African populations averaged over Eurasian partners (Fig-
ure 2.11]). The resulting curves largely represent our prior knowledge of world
history, with an early divergence of Papuans consistent with the timing proposed
in [147], and a second bottleneck of populations inhabiting North America such
as the Karitiana and Pima. Because we do not explicitly infer population split
times, and there is no clear summary metric as proposed by MSMC2 in the case of
directional migration, more fine-scale trends are difficult to identify. The African
population size models show more discrepancy between populations, including an
OoA-like bottleneck in Afroasiatic populations, and a large historical population
size in hunter-gatherer groups such as proposed in [141].

To assess the impact of errors introduced by statistical phasing, as is the case
for the SGDP, we repeated the analyses above on a subset of physically phased
individuals from the Human Genome Diversity Project (HGDP) [4§]

2.3.2 Validation in a physically phased subset of the Human
Genome Diversity Panel (HGDP)

Phased data is not essential for demographic inference using SMCSMC; however,
the use of phase alongside the look-ahead likelihood allows for more efficient
convergence. The Human Genome Diversity Project collected 929 genomes from a
diverse collection of human populations [50]. 36 of these genomes, two each from nine
Eurasian and four African populations, were physically phased by use of linked-read
sequencing technologies. This resource allows us to validate our inference both in an
independent dataset, and evaluate the effect of phasing errors on SMCSMC inference.

To analyse these data, the same Snakemake pipeline was used with minor
adjustments in wildcard constrains to account for differences in sample names. 120
chunks of the genome were run in parallel for reasons of computational efficiency,
while fixed recombination rate and mutation rates were held at the same values
as the SGDP analysis, and an identical demographic model was used to initiate

the analysis. Three replicates of the analysis were performed to assess the impact
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Figure 2.3: Migration rate inference. a. Inferred migration between an African individual
and a Han Chinese individual in the SGDP. Three replicates were performed, with the
median estimate plotted and the range shaded. Solid lines show inferred migration from
Eurasians to Africans (forward in time) while dotted lines show the reverse migration.
The SMCSMC analysis used 10000 particles to estimate the posterior distribution of
marginal trees, and 25 iterations of variational Bayesian inference to achieve converged
parameter estimates. The shaded grey regions represent a time period where simulation
shows SMCSMC has very little power to infer migration (details found in Section .
b. The same analysis as in a. except using individuals from the physically phased
subset of the HGDP, showing similar differences between populations but systematically
lower migration overall. Three replications were performed to estimate error and the
standard deviation is shaded. The same SMCSMC settings were used as in a. c. Relative
cross-coalescence rate (RCCR) estimated by MSMC in three different populations in
the SGDP, supporting gene flow between Eurasians and Yorubans not shared by Mbuti
or Khoe-San. 40 iterations were used to achieve parameter convergence. d. The same
analysis as in ¢. but performed on individuals in the physically phased subset of the HGDP,
similarly supporting shared gene flow between the Yoruban and Eurasians not shared by
Mbuti or Khoe-San. e, f and g. Inferred migration rates from data simulated under a
two-island model with, from left to right, a backward Eurasia-to-Africa, a bidirectional,
and a forward migration pulse lasting 10 ka BP (dashed vertical lines) and replacing 40%
of the recipient population(s) approximately 60kya. The migration rate from Africa to
Eurasia is not well estimated by SMCSMC (Figure Figure and Section ,
but SMCSMC is well powered to infer migration from Eurasia to Africa in this period.
h. Integrated total migration fraction (IMF) over the last 100 thousand years stratified
by language phyla in the SGDP and comparison Eurasian population used to estimate
migration. Afroasiatic (Mozabite, Saharawi, and Somali), Nilo-Saharan (Dinka, Luo,
and Masai), Niger-Kordofanian (BantuHerero, BantuKenya, BantuTswana, Biaka, Esan,
Gambian, Luhya, Mandenka, Mbuti, and Mende), and San (Khomani San and Ju hoan
North) are grouped as in [165]. Similar levels of migration are inferred from French and
Han Chinese to all language groups, with significantly less migration from Papuan groups
(p < 0.05, two-tailed paired t-test, Table . Outliers in the Niger-Kordofanian group
are the Mbuti.
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Figure 2.4: Timing and average maximum rate of directional migration in HGDP and
SGDP. a Migration is inferred in evenly spaced epochs on the log scale from 3.8 thousand
to 3.8 million years ago. For each population in the SGDP, we record the epoch with
the highest inferred directional migration rate (the “peak” of migration) and plot this
as a histogram. Backwards migration refers to migration from Eurasians to Africans,
whilst forward represents the reverse. b In the epochs of highest migration identified
in a., we record the inferred rate per population and plot these as a boxplot. Whiskers
represent 1.5 times the interquartile range. The migration rate is given in proportion of
the population replaced per generation. ¢ and d represent the same analyses as in a. and
b. calculated for the Human Genome Diversity Panel, rather than the SGDP.

of stochastic sampling variation on inference. We infer both effective population
size and directional migration in each of these 9x4 comparisons between Eurasian
and African populations (Figure 2.9h). The resulting inference allows us to verify
and validate many observations from the SGDP.

Firstly, we calculate the timing of the migration peak and its magnitude, and
find the estimates largely in line with the SGDP inference (Figure 2.4k,d). For
instance, inferred backwards migration in the Yoruban and Biaka populations peak

at 40-50kya, while the Mbuti and San show earlier migration peaks around 50-60kya
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Figure 2.5: Inference of directional migration in the Simons Genome Diversity
Project. The SMCSMC particle filter was used to infer directional migration rates in both
directions from one of three Eurasian populations (French, Han, and Papuan) to one of 18
African populations. 5000 particles were used to approximate the ancestral recombination
graph with 10 iterations of variational Bayesian inference to update demographic parameter
values. Panels represent a. Nilo-Saharan, b. KhoeSan, c¢. Afroasiatic, and d. Niger-
Kordofanian language families. Alongside the SMCSMC inference, we use MSMC2 to
infer the relative cross coalescent rate (RCCR) with default settings and 20 iterations for
convergence.
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(Figure ) The migration rate at the peak shows the same qualitative trends as
the SGDP, with the peak in the Yoruban (approximately 2.5 x 107*) far exceeding
the peaks in the Biaka, Mbuti, or San (between 0.1 — 0.175 x 10™*) (Figure )
This replication in the HGDP confirms the presence of a large directional migration
in the Late Middle Pleistocene, and demonstrates that statistical errors in phasing
the SGDP are not large contributors to the qualitative trends observed.

We integrate migration between 40-70kya to obtain the inferred IMF for each
of the comparisons in the HGDP (Figure ) Differences amung the African
populations mirror those in the SGDP, though the proportions are uniformly
smaller (main text). However, the migration rates backwards into Africa are
apparent in all comparisons, and the order of populations IMF remains the same.
Differences between individual Eurasian donor populations are small and, with the
exception of the Papuan, insignificant. A discussion of the Papuan comparisons
appears in the subsequent section.

To compare the HGDP inference with the SGDP inference, we construct a set

of the SGDP with the same donor populations as the HGDP.

2.3.3 Comparisons between the HGDP and a subset of
the SGDP

Previously, inference in the SGDP has relied on three candidate Eurasian donor
populations. However, the physically phased subset of the HGDP provides a higher
resolution view into global migration patterns with nine Eurasian populations
represented. In order to compare effectively between the inferences made in these
two datasets, we find representatives from these nine Eurasian populations in
the SGDP dataset and use them as donor populations to the same four African
populations (Yoruban, San, Mbuti, and Biaka), effectively recreating the analysis
done in the physically phased subset of the HGDP. We select the Khomani San
as a representative of the San, and only use one of the Papuan populations in the
HGDP to compare (Highlands, as opposed to Sepik), creating the same 8x4 analysis

table for both data sets. We infer the effective population sizes and migration
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rates using both SMCSMC and MSMC, with analysis details effectively identical
to the original comparisons listed above (Figure . We average over inferences
to visually compare trends between the two datasets, in the same populations and
compute the inferred IMF between 40-70kya (Figure .

In both the HGDP and the SGDP, MSMC estimates of African population size
are higher than SMCSMC estimates in the ancient past (80 — 300kya) (Figure 2.9p).
By modelling directional migration, we are able to account for excess genetic
diversity in the ancestral African population in both datasets. Uncertainty in
the estimates increases substantially nearer to the present, as would be expected
with the SMCSMC method.

We summarise migration from 40-70kya in the HGDP similarly to the SGDP. The
total inferred migration is lower in the HGDP than in the SGDP (Figure 2.9p). We
use this comparison setup to additionally test the differences between Papuan donors
and the remainder of Eurasians. We construct a linear model predicting IMF based
on an indicator variable of Papuan/not Papuan and the receptor donor population,
and find that in both the SGDP and the HGDP, Papuans show approximately 2%
less IMF than other donor populations (Table ﬁ Table . While this difference
is small, it is highly significant. However, the demographic scenario causing this
difference in inferred IMF is not obvious; it is possible that the Papuan group had
begun to diverge from the donating population prior to the admixture event, or
alternatively that differences in archaic admixture between Eurasian and Papuan
groups make up the difference in affinity.

However, the qualitative patterns in inferred directional migration rates between
populations are similar in both datasets (Figure 2.9¢). In both datasets, the
highest rates are found in the Yorubans, follow by the Biaka, then the Mbuti
and San. The MSMC curves are interestingly dissimilar between the different

data sets, with a much steeper ascent around the period of our inferred migration

in the HGDP than the SGDP.
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Figure 2.6: Demographic inference in a matched subset of the Simons Genome Diversity
Panel. a. SMCSMC and MSMC2 inferred effective population size of several populations
in the Simons Genome Diversity Panel. These samples were selected to match, as closely
as possible, those in the physically phased subset of the Human Genome Diversity Project
panel. b. Inferred migration using SMCSMC in the Simons Genome Diversity Panel
along with the scaled relative cross-coalescent rate estimated by MSMC2. 10,000 particles
were used to approximate the ancestral recombination graph in the SMCSMC particle
filter and 25 iterations were used to update demographic parameters. 20 iterations were
used for MSMC2.

2.3.4 Simulation demonstrates power to infer large direc-
tional migration pulses

We asked whether SMCSMC has power to detect a large back-migration event in
the Late Middle Paleolithic and distinguish it from other demographic scenarios.
To answer this we used SCRM to simulate a gigabase of sequence data under
a two-island demographic model, with effective population sizes chosen to be

comparable to typical African and Eurasian populations as inferred from real data.
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To this we added a 10ky pulse of forward, backward or bidirectional migration of
varying strengths, with the midpoint of the migration pulse within the range 40 to
70kya. To quantify the inferred amount of migration we calculate the integrated
migration fraction (IMF), defined as one minus the probability that a lineage in
the destination (e.g. African) population traced backwards in time remains in that
population across a given epoch according to the migration model (see Methods).
For the simulations, we chose the most recent 100kya as epoch, and used scenarios
with IMFs ranging from 0 to 0.593. For each simulation we report the inferred IMF
in both the forward and backward direction (Figure 2.7). We find that SMCSMC
has good power to detect backward migration pulses up to 60kya (median ratio
of inferred and true IMF, 0.91), while power drops off at 70kya (IMF ratio 0.46).
In the pure backward migration case, some forward migration is falsely inferred,
but this is always substantially less than the inferred backward migration (median
ratio inferred forward to true backward IMF, 0.37; true migration peak < 60kya).
However, in the case of true forward migration as well as bidirectional migration,
roughly equal mixtures of forward and backward migration are inferred (Figure .
We conclude that in the epoch 40-70kya the forward and bidirectional scenarios
are difficult to distinguish from each other, but both can be distinguished from
backward migration, the only scenario resulting in substantially different inferred
backward and forward migration.

To validate the existence of the migration pulse, though not its direction, we
next analyzed the same data using MSMC, which is widely used to estimate gene
flow in the ancient past by estimating the relative cross-coalescent rate (RCCR)
between two populations |3, [165-167]. We use the updated implementation MSMC2
recommended by the authors and first published in [147]. Each of the SMCSMC
analyses are repeated using MSMC2 to estimate effective population size and RCCR
(Figure Figure , Figure . Consistent with previous analyses conducted
with MSMC2, our estimates show high RCCR in the Late Middle Pleistocene
in both the SGDP and the HGDP (Figure [2.3f,d) [50, [165]. These observations
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Figure 2.7: Simulation study. SCRM was used to simulate 1 gigabase sequence data for
two diploid individuals under three different migration models. Migration was simulated
backwards (from a Eurasian-like population to an African-like population), forward (the
reverse), and symmetrically (equal migration in both directions). The amount of migration
indicates the proportion of the sink population replaced by the source over a 10ky period
centered at 40, 50, 60, or 70kya. The total IMF inferred by SMCSMC over the last 100ky
is plotted and compared to the true simulated amount. For reference, the inferred IMF
in either direction across 0-100kya for a Yoruban and Han individual is given in dashed
lines. 5 iterations of variational Bayes and 5000 particles were used for inference. The

effective population size model and additional details are given in Section m

confirm the existence of a substantial pulse of ancient gene flow between Eurasians

(Han Chinese) and Africans.

2.3.5 Migration Pre-dates East-West Eurasian Divergence

To assess whether the inferred back-migration shows variation across the descendants
of the O0A event, we repeated the analyses using three representative non-African
groups in the SGDP: Han Chinese, French European, and Papuans. Since simu-
lations show that SMCSMC has little power to detect migration predating 70kya,
and to exclude Holocene migration, the epoch we use to calculate real-data IMFs
comprise the period of peak inferred migration up to the period of diminishing

power (30-70kya); we use this epoch for all subsequent analyses. Inferred IMFs
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Figure 2.8: Inference of historical effective population size in the Simons Genome
Diversity Project. The SMCSMC particle filter was used to infer directional migration
rates and effective population size in both directions from one of three Eurasian populations
(French, Han, and Papuan) to one of 18 African populations. 5000 particles were used to
approximate the ancestral recombination graph with 10 iterations of variational Bayesian
inference to update demographic parameter values. Panels represent a. Nilo-Saharan,
b. KhoeSan, c. Afroasiatic, and d. Niger-Kordofanian language families. Alongside the
SMCSMC inference, we use MSMC2 to infer the same values with default settings and 20
iterations for convergence.
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Figure 2.9: Inference of directional migration is comparable between data sets and
phasing strategies. We used SMCSMC to simultaneously infer directional migration rates
and effective population size in the 36 genome physically phased subset of the Human
Genome Diversity Panel. We match these 36 genomes with comparable individuals in the
Simons Genome Diversity Panel (with the exception of one Papuan population, which has
no comparable population in the SGDP) and perform an identical analysis. a. Average
N, estimate across four populations in the physically phased subset of the HGDP and
the subset of SGDP used to compare with HGDP inference. Inference of population
size is averaged over eight Eurasian populations, with the bars representing standard
deviation. For MSMC2, the time indexes were averaged to have consistent start and
stop times for the steps. b. Inferred integrated migration fraction (IMF) from Africa
to Eurasians (forwards) and from Eurasians to Africans (backwards) between 40 and 70
kya (see Methods). c. Directional migration inference in African populations averaged
over Eurasian partners in the two data sets. Shaded regions denote standard deviations.
For MSMC, the time indexes were averaged to have consistent start and stop times for
plotting.
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Figure 2.10: Integrated migration fraction 40-70kya in SMCSMC analysed SGDP
populations. Directional migration was integrated by finding the cumulative probability
of an individual migrating during the specified epoch. Directional migration backwards
from Eurasia to Africa and forwards from Africa to Eurasia (both forward in time) are
reported separately. Displayed is the average values from three technical replicates.

are not significantly different between Han Chinese and European populations
in non-Afroasiatic populations (p=0.14, two-tailed paired t-test; Figure and
Figure , Table , consistent with migration occurring before the European-
East Asian split approximately 40kya . The contribution of this admixture
event to extant African genetic variation is substantial; the estimated IMFs indicate
that for individuals in the major African language groups, approximately a third
of ancestral lineages trace their ancestry through the proto-Eurasian population
(Niger-Kordofian group, 0.35 £ 0.04; Nilo-Saharan groups, 0.41 £ 0.03; Table .
When we estimate these proportions using a Papuan sample to represent non-
African descendants we find slightly but significantly smaller values compared to
estimates using either the Han Chinese or European populations (mean difference
of 0.029 £ 0.002, p=9.2x107%, and 0.025 4 0.004, p=2.3 x 107!, paired t-tests,
Table Table . Similarly, in the HGDP, inferred migration in both Papuan
groups (Sepik and Highlands) was 0.025 4+ 0.004 (p=1.4 x 107%) lower than French

and Han (Table [2.5). We comment on this observation in the Discussion.
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2.3.6 Directional Migration Explains Excess Inferred African
Genetic Diversity 100kya

Previous studies looking at [Effective Population Size (/V,)| in human ancestral

populations have consistently reported inflated inferences in African populations
approximately 100kya, often hypothesized to be due to unaccounted-for population
substructure within Africa 3}, |155]. We use SMCSMC to analyze African individuals
paired with an individual from one of three non-African populations (Han Chinese,
French European, and Papuans) and infer for the African ancestral population
under a two-island model with directional migration. Each analysis was repeated
three times to assess the contribution of stochastic sampling to the inferences
(Figure , Figure , per population N, in Figure . SMCSMC infers
substantially lower African N, than MSMC in the period 80kya—300kya. In addition,
while MSMC inferences show convergence of African and Eurasian ancestral N,
estimates only around 300kya, inferences from SMCSMC indicate convergence at
150kya (Fig. Figure [2.12h), closer to the hypothesized time of the diversification
of the ancestral lineages prior to the main out-of-Africa migration episode [134,
147]. The same analysis on physically phased samples from HGDP show that
these results are not driven by errors due to statistical phasing (Figure and
Section . When we used SMCSMC to infer both African and European N,
under a single-population model without migration, /N, estimates were comparable
to those from MSMC (Figure 2.12p), indicating that the SMCSMC inferences are

not driven by methodological biases particular to SMCSMC.
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Figure 2.11: Estimates of individual population sizes incorporating directional
migration. Using SMCSMC the effective population size of global populations in the Simons
Genome Diversity Panel is inferred while simultaneously fitting directional migration
estimates. Averages are plotted by epoch, with shaded regions denoting the standard
deviation. a. Estimates of Furasian population sizes when averaged over Eurasian
donor populations. This analysis uses the eight Eurasian populations matched to HGDP
populations averaged over the four matched African populations. B. Estimates of African
population sizes when averaged over Eurasian recipient populations. This analysis uses
the three donor Eurasian populations used for the majority of the analyses in the main
text (French, Han, and Papuan) along with the given African populations. Before
approximately 250kya, the populations share the same population size within the model,
and are not plotted. 10,000 particles are used to approximate the ancestral recombination
graph in the SMCSMC particle filter and 15 iterations are used to update demographic
parameter values.
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Figure 2.12: Effective population size inference. a. Analyzing a Nigerian Yoruban and
a Han Chinese individual from the Simons Genome Diversity Panel jointly in a two-island
model with directional migration using SMCSMC yields markedly lower N, estimates and a
more recent apparent split time, than when the same data are analyzed using MSMC with
a model that does not explicitly include migration. Analyses for SMCSMC repeated three
times; range of the estimates shaded. b. When each individual is analysed separately,
using a model not including migration, N, estimates from SMCSMC are similar to those of
MSMC2. (Joint estimate from a included for comparison.) ¢, d, and e. Inferred Eurasian
and African N, from data simulated under a two-island model with, from left to right, a
backward FEurasia-to-Africa, a bidirectional, and a forward migration pulse lasting 10ky
(dashed vertical lines; same data as for Figure [2.3e-g). Particularly for the backward
migration case, inferred N, under a two-island model tracks the true values (black) well,
while inferred N, under a single-population model are inflated around the split time.
All SMCSMC analyses used 10000 particles and 25 variational Bayesian iterations; MSMC
analyses used 40 iterations (Section .

To more directly support the interpretation that the lower African NN, inferred
by SMCSMC is due to appropriate modeling of directional migration, we again used
coalescent simulation with SCRM to investigate various migration scenarios and their
effects on inferred African N,. Using the simulation framework as above, we examine
N, estimates inferred under a two-island model with migration, and in addition
N, separately inferred for each of the two simulated populations under a single-

population model (Section [2.2.7). Focusing on single-population inferences, we
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found that for simulated African populations that had received substantial migration
from the simulated Eurasian population either through backward or bidirectional
migration, inferred N, values indeed were substantially inflated compared to true
values (Fig. Figure [2.12,d), while this effect was not seen when forward (African-to-
Eurasian) migration was simulated (Fig. Figure 2.12). Similarly, single-population
Eurasian N, estimates were inflated in the presence of forward and bidirectional
migration, but not backward migration (Figure Figure. In contrast, when
using a model that includes migration, inferred African N, do not show inflation in
any of the three scenarios (Fig. Figure -e). We conclude that the inferences from
SMCSMC and MSMC are compatible with substantial back-migration from ancestral

Eurasians into Africans, but not substantial bidirectional or forward migration.

2.3.7 Less Gene Flow to Central and South African Hunter-
Gatherers

We infer substantial Eurasian back-migration into all African groups, however the
inferred IMFs for individuals from Khoe-San populations are significantly lower than
for any other group (difference with Niger-Kordofians, 0.14 & 0.02, p = 4.4 x 107
difference with Nilo-Saharans, 0.2040.03, p = 6.9x 1077, two-tailed t-test, Table.
To further support this observation we used MSMC to estimate the relative cross-
coalescent rate (RCCR) for several populations, and find evidence for gene flow
between Yorubans and Eurasians that is not shared with the Khoe-San individuals
in either the SGPD and the HGDP (Figure ,d). These results are consistent
across Eurasian donor populations (Figure . The Khoe-San individuals are
particular outliers, whose ancestors are inferred to have experienced approximately
half the amount of admixture seen in Nilo-Saharan and Niger-Kordofanian groups
(Figure [2.10). In addition, we find that the Mbuti and Biaka, both Central African
hunter-gatherer populations, show levels of Eurasian gene flow that are intermediate
between levels observed in the Khoe-San and Yorubans (Figure ,b, Table .
This is mirrored by inferred IMFs for Central African Hunter Gatherers, which are

significantly lower than other Niger-Kordofanian groups (difference —0.08 + 0.03,
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Figure 2.13: Simulated migration backwards from effectively Eurasian to effectively
African populations. One gigabase of simulated sequence data was generated with SCRM
for two diploid individuals from different populations using a 100kb sliding window
approximation of the coalescent with recombination and a demographic model similar to
Eurasians and Africans specified in Section [2.2.7] The timing, representing the midpoint of
a 10ky migration episode, and the integrated migration fraction (IMF) were systematically
varied. In this scenario, only backwards migration was simulated. The left panel displays
the recovered directional migration, with red lines representing migration backwards from
Eurasia and blue representing migration forwards to Eurasia. The timing of the migration
episode is demarcated with dotted red lines. The right panel displays the inferred
effective population size of both populations. Additionally, the effective population size
of the African-like population was modelled separately, without simultaneously inferring
migration. 5000 particles were used in the SMCSMC particle filter to approximate the
ancestral recombination graph and 5 iterations of variational Bayesian inference were
used to updated demographic parameter values.

p = 1.2 x 1073, Table Table , possibly reflecting the proposed early split
times of the Mbuti and Biaka from the remainder of ancestral African populations

between 60 and 200kya [139} |141].

2.3.8 No Evidence for Excess Neanderthal Ancestry

Previous studies have proposed that a backflow from Eurasia may have brought
Neanderthal ancestry into African populations [169]. To assess whether the proposed

Late Middle Paleolithic back migration might have introduced Neanderthal material,
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Figure 2.14: Simulated bidirectional migration between effectively Eurasian and
effectively African populations. One gigabase of simulated sequence data was generated
with SCRM for two diploid individuals from different populations using a 100kb sliding
window approximation of the coalescent with recombination and a demographic model
similar to Eurasians and Africans specified in Section [2.2.7] The timing, representing
the midpoint of a 10ky migration episode, and the integrated migration fraction (IMF)
were systematically varied. In this scenario, migration between these two populations was
simulated with equal rates. The left panel displays the recovered directional migration,
with red lines representing migration backwards from Eurasia and blue representing
migration forwards to Eurasia. The timing of the migration episode is demarcated with
dotted red lines. The right panel displays the inferred effective population size of both
populations. Additionally, the effective population size of the African-like population was
modelled separately, without simultaneously inferring migration. 5000 particles were used
in the SMCSMC particle filter to approximate the ancestral recombination graph and 5
iterations of variational Bayesian inference were used to updated demographic parameter
values.

we analyzed a Yoruban and a French individual using SMCSMC to draw a sample

from the posterior distribution of ARGs, isolated the marginal trees containing

an inferred back-migration event in the epoch 30-70 kiloanni (thousands of years)

[before present (kya), and reported the inferred admixture tracts. This analysis

relies on a sample from the distribution of likely ancestral events, which makes
interpreting particular genomic segments challenging. However, along the genome

we expect that segments which contain inferred migration events in this period
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Figure 2.15: Simulated migration forwards from effectively African to effectively Eurasian
populations. One gigabase of simulated sequence data was generated with SCRM for two
diploid individuals from different populations using a 100kb sliding window approximation
of the coalescent with recombination and a demographic model similar to Eurasians and
Africans specified in Section 2277 The timing, representing the midpoint of a 10ky
migration episode, and the integrated migration fraction (IMF) were systematically varied.
In this scenario, only forwards migration was simulated. The left panel displays the
recovered directional migration, with red lines representing migration backwards from
Eurasia and blue representing migration forwards to Eurasia. The timing of the migration
episode is demarcated with dotted red lines. The right panel displays the inferred
effective population size of both populations. Additionally, the effective population size
of the African-like population was modelled separately, without simultaneously inferring
migration. 5000 particles were used in the SMCSMC particle filter to approximate the
ancestral recombination graph and 5 iterations of variational Bayesian inference were
used to updated demographic parameter values.

will be enriched for segments truly descended from ancient admixture. Here we
study drift within these segments across global populations.

To assess whether the identified segments are plausible under the demographic
model in question, we confirmed that their length distribution is consistent with
the IMF and timing of the migration inferred by SMCSMC. We take the isolated
segments (Figure 2.16h) and compute the mean track length (Table [2.6]). We use
the approximation that the mean segment length should be approximately equal to

(1 =m)r(T — 1))~ to determine that, if the migration happened in one pulse, our
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empirical distribution would suggest either a recent timing or a very large pulse
(Figure ) However, we heavily caveat any interpretation of these data with
the fact that they are explicitly generated under a model of a given migration
proportion. The fact, therefore, that they are of a consistent length with a large
migration is more evidence for the model producing internally-consistent tracts
than any external validation of the results in this article.

The assumption that migration has occurred in a single wave is largely unrealistic.
We used expectation maximization to investigate if a mixture of exponential
distributions explained the observed tract lengths better than a single distribution.
We found that in some cases, two or three exponential distributions were better
supposed by the data, however the differences in log likelihoods was negligible and
the support for the different distributions was approximately inversely proportional
to their number (data not shown). We found no strong support for multiple waves
of migration from this analysis.

As expected, we found that these African segments with putative Eurasian
ancestry tend to be more closely related to a Eurasian sample than another
representative of the same African population (Table Figure Figure
in a global dataset of modern and ancient individuals compiled by the Reich group
(see URLs). Within these African segments that are likely enriched for material
with Eurasian ancestry, we then used D statistics [127] to identify enrichment for
Neanderthal material compared to an African background.

We first use f3 statistics to look for evidence of admixture between the African
and various Eurasian groups. Thus, we calculate f3(Yoruba-1, Eurasian group,
Yoruba-2) for Papuans, French, Han Chinese, and the Vindija Neanderthal. We
calculate this statistic in all available markers, and additionally for the segments
isolated from the three Eurasians separately (Figure . These statistics show,
firstly, that ascertaining in a particular group influences the shared drift with that
group. This is exemplified by the non-significant shared drift with Papuans in
French and Han ascertained segments. Secondly, these statistic show significant

levels (|Z] > 2) of drift between the test individual and Eurasian populations, while
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Figure 2.16: Analysis of the length of putatively migrated segments. a. Theoretical
length distribution of admixture tract rate parameter under varying migration and
admixture timing assuming that L = ((1 —m)r(T — 1))~ 1, given L length, m symmetrical
migration rate, r recombination rate in events per nucleotide, and 7' time in generations
. Shaded region denotes empirical range (with San at the bottom end, and Yoruban
at the top end, Table of fragments observed in the Simons Genome Diversity Panel.
b. Following the reconstruction of the ancestral recombination graph using different
African and non-African individuals using the SMCSMC particle filter, we use a sample of
the posterior distribution of marginal trees to reconstruct putatively migrated segments
(see Methods). We plot the length distribution of admixture tracts between individuals
in the SGDP using 50 bins. Length is given in megabases (Mb). Isolated from SMCSMC
estimated ancestral recombination graphs. Migration rate is given in terms of proportion
of the sink population replaced per generation.
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Figure 2.17: f5 statistics show evidence for shared drift with Eurasians. Following the
reconstruction of putatively migrated segments from the inferred ancestral recombination
graph, we use the Reich Human Origins data set to investigate admixture using drift
statistics using ADMIXTOOLS and admixr (see URLs). Tests are separated into all markers,
and those ascertained through SMCSMC runs with the French, Han, and Papuans as a
comparison Eurasian group. The f3 statistics estimate is plotted, along with 95% C.I.
computed via a block jackknife. Statistics which are significantly larger than zero are
coloured blue, indicating shared drift.

also showing no increase in Neanderthal allele sharing (f; = 0). To find statistical
evidence of admixture, we compute f3(Yoruba-2, Eurasian, Yoruba-1) for the same
Eurasian groups. We find statistical evidence for admixture in each of the groups
examined, for all ascertainment schemes (Figure [2.18).

We use D statistics to examine more nuanced scenarios. We find that the two
Yorubans share more alleles than other groups in Africa (D(African group, Yoruba-
1; Yoruba-2, Chimp) is significantly negative with |Z| > 3), but the individual
of interest is closer to Out of Africa (OoA) groups such as the Han, French,
and Papauns (D(OoA, Yoruba-2; Yoruba-1, Chimp) is significantly negative with
|Z| < 3) than to its partner Yoruban (Table 2.7). This implies that SMCSMC
has identified segments of the African Genome which are more closely related to
Oo0A populations than to fellow Africans.

In summary, we find no evidence for gene flow with a Vindija Neanderthal on the

Mbuti baseline, or when compared to a different Yoruban (Table Table . We
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Figure 2.18: f3 statistics show evidence for Eurasian admixture. Following the
reconstruction of putatively migrated segments from the inferred ancestral recombination
graph, we use the Reich Human Origins data set to investigate admixture using drift
statistics using ADMIXTOOLS and admixr (see URLs). Tests are separated into all markers,
and those ascertained through SMCSMC runs with the French, Han, and Papuans as a
comparison Eurasian group. The f3 statistics estimate is plotted, along with 95% C.I.
computed via a block jackknife. Statistics which are significantly less than zero indicate
statistical evidence for admixture, and are coloured blue.

additionally find no evidence for increased affinity to the Vindija Neanderthal when
compared to the Altai, as would be expected if the material were descended from
admixing Eurasians (Table 2.10). However, we find that restricted to the identified
segments, D statistics have power to detect evidence for the known admixture from
Vindija into a French individual (Figure , suggesting that lack of power does
not explain the lack of evidence we find for Neanderthal admixture into Africans. In
addition, we find no differences in affinity to Neanderthals or Denisovans between
the variants which fall in segments and the whole genome (Figure [2.19d). Taken
together, this suggests that Eurasian-derived segments of the African genomes

are not enriched with Neanderthal material.

2.4 Discussion

We have developed an approach for estimating demographic parameters and ARGs

from whole genome sequence data, which can handle inference in complex demo-
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Figure 2.19: African introgressed segments are more similar to Furasians but show
no Neanderthal or Denisovan enrichment. a. D(Test Yoruban, Comparison Yoruban;
Test population, Chimpanzee) calculated for all populations in the Reich Human Origins
dataset (see URLs). D statistics in the putatively migrated segments are higher across
the board in 3589 ancient, 6472 present day individuals. b. The same D statistic
but computed for all African populations and individuals sampled from the Paleolithic.
Neanderthal and Denisovan samples (marked with red bar) show low affinity to a Yoruban
in putatively migrated segments. c. Histogram of D statistics computed in a. showing
clear inflation of statistics calculated in segments (red) versus all markers (blue). d.
Subset of individuals from a. involving Neanderthal (n = 6), Denisovan (n = 1), and
a unique mixture individual (n = 1) with statistics calculated in segments (red) and
all markers (blue) for all n = 17 African individuals indicating no difference in this
population.

graphic models, and implemented this in the software program SMCSMC [154]. We
used SMCSMC to investigate ancient migration rates and population substructure,
and found evidence for a substantial admixture from ancestors of present-day
Eurasian populations into African populations in the Late Middle Paleolithic.
Our analysis suggests that a population ancestral to present-day Eurasians
contributed as much as a third of the genetic material in many modern African
populations. We find no difference in inferred admixture proportions when using

French Europeans or Han Chinese as extant representatives of the donor population,
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indicating that the admixing population must have split from the out-of-Africa
population before the East/West Eurasian divergence, implying a lower bound on
the timing of the admixture of approximately 40kya [168]. It appears that our
results suggest that the migrating population was more similar to present-day French
and Chinese populations than to Papuans. However, up to 5% of the genomes of
some present-day Papuans have been suggested to derive from archaic introgressions
[170], and these contributions will have reduced the inferred levels of admixture
into Africans when using Papuans as a representative of the Eurasian ancestors.
The alternative explanation, of an earlier divergence of Papuans and Eurasian
ancestors, is possible but contested; in light of documented Eurasian admixture
into Oceania, the effects of this early isolation are likely to be small relative to the
large confounding effects of Denisovan admixture [45, [147].

The proposed period of admixture has biased previous inferences of the African
population sizes. We show that including directional migration into the model
resolves previously unexplained high inferred N, in the period 80 to 300kya. It
is well known that effective population size estimates are biased in the presence
of population substructure and migration [62, |155]. We use simulations to show
that the proposed admixture event indeed causes an increase in estimated N, in
analyses that do not explicitly model migration. Correctly modeling of directional
migration recovers the correct ., and allows us to infer a more recent split time
between the two populations than indicated by previous analyses, although we did
not attempt to formally estimate this time of divergence.

We found that not all populations in Africa have been equally affected by the
proposed migration event. While the ancestors of Niger-Kordofanian and Nilo-
Saharan populations show evidence of similar levels of Eurasian admixture, the
ancestors of Central African and South African hunter-gatherer populations show
markedly lower levels. The date of genetic diversification of both the Central Hunter
Gatherers and Khoe-San (SAHG) is contested [141], but a date of 100kya has been
proposed [171], providing a putative upper bound on the main admixture event.

Our simulations indicate that SMCSMC has little power to detect the impact of
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migration events occurring more than 70kya, providing an additional upper bound
on the time of the migration episode, or the fraction of it that left a sufficiently
distinct imprint on extant genetic material.

Compared to the remainder of the Niger-Kordofanians and Nilo-Saharans on
the one hand, and the SAHG populations on the other, the Mbuti and Biaka show
intermediate levels of admixture. Of these populations, the Biaka show slightly
higher levels of admixture than the Mbuti, which is likely due to the well-documented
admixture from Western African groups not shared with the Mbuti [172]. The
lower levels of admixture in Mbuti and Biaka compared to Niger-Kordofian and
Nilo-Saharan populations imply at least partial diversification of the former at the
time of the migration, placing an upper bound on the timing. However, dating the
diversification of these groups is difficult. Recent estimates using f statistics place
the split concurrent with the San in a large-scale early expansion 200-250kya [141],
while older data consistently report an earlier split time between 50 and 90 kya
[173]. Further clarity on the early structure and diversification of hunter-gatherer
populations are necessary to interpret their interactions with Eurasian migrants. The
Afroasiatic populations on the other hand show high levels of admixture, which also
appears to be of much more recent origin, and it appears likely that this is the result
of extensive admixture from Eurasian populations during the Holocene [138] [165].

It has previously been suggested that Furasian back-migration may be respon-
sible for Neanderthal material in Africans [169]; however, we find no evidence for
enrichment of Neanderthal-like material in putatively Eurasian-derived genomic
segments in Africans based on a sample from the posterior distribution of [ARGs
We expect that this sample is representative of the underlying demographic
process across the whole genome; we find no evidence of shared drift between
African populations and representative Neanderthal samples in isolated admixture
segments across the entire genome. This observation indicates that Neanderthal
introgression into Eurasians occurred after the African introgression event we study
here, or that further population structure in the Eurasian ancestral population

precluded substantial transmission of Neanderthal material into Africa.
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Our findings are consistent with several other published observations. Migration
rate estimates using MSMC-IM revealed high levels of admixture at times comparable
to our results [157]. The coalescent intensity function additionally shows similar
histories between sub-Saharan African and Eurasian groups with high coalescent
intensity in epochs consistent with our inference and those of MSMC-IM, supporting
both an early split between the groups and a substantial replacement of genetic ma-
terial more recently than ~ 100kya [174]. Evidence has been mounting for multiple
migrations into the Eurasian continent, possibly mediated by climatic drivers [134,
148]. Eurasian backflow during the Holocene has been well established [132, [175],
but earlier migrations have also been proposed before based on observations of the
spatial distribution of Y chromosome and mitochondrial haplogroups [176{182]. At
the same time, evidence has been mounting for extreme heterogeneity in the history
of sub-Saharan Africans, with several unsampled populations theorised to have
contributed at various points in the past [130, |141} [150]. In light of these recent
studies, the observations in this paper add to a growing body of evidence for complex
population structure and migration surrounding the Out of Africa event leading to

a substantial replacement of the African population in the Late Middle Paleolithic.
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Name ID Source
French S French-1 SGDP
Han S Han-1 SGDP
Papuan S_Papuan-1 SGDP
BantuHerero S BantuHerero-1 SGDP
BantuKenya S_ BantuKenya-1 SGDP
BantuTswana S BantuTswana-1 SGDP
Biaka S_Biaka-1 SGDP
Dinka B Dinka-3 SGDP
Esan S Esan-1 SGDP
Gambian S Gambian-1 SGDP
Ju hoan North S Ju hoan North-1 SGDP
Khomani San S Khomani San-1 SGDP
Luhya S_ Luhya-1 SGDP
Luo S Luo-1 SGDP
Mandenka S Mandenka-1 SGDP
Masai S Masai-1 SGDP
Mbuti S Mbuti-1 SGDP
Mende S Mende-1 SGDP
Mozabite S Mozabite-1 SGDP
Saharawi S Saharawi-1 SGDP
Somali S Somali-1 SGDP
Yoruba S Yoruba-1 SGDP
Druze HGDP00562 HGDP
Han HGDPO00774 HGDP
Karitiana HGDPO01013 HGDP
PapuanHighlands HGDP00549 HGDP
PapuanSepik HGDP00542 HGDP
Pathan HGDP00224 HGDP
Pima HGDP01043 HGDP
Sardinian HGDP00670 HGDP
Yakut HGDP00946 HGDP
Yoruba HGDP00930 HGDP
San HGDP01029 HGDP
Mbuti HGDP00450 HGDP
Biaka HGDP00460 HGDP
Vindija Vindija.DG Prufer et al. 2017
Altai Altai_ published. DG Pruefer et al. 2013
Denisovan Deniosva,_ published.DG  Myers et al 2012

67

Table 2.1: Sample IDs of the individuals used in this article and relevant resources.
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Language Family =~ Comparison Family Mean Difference (95% CI) Adjusted P
Niger-Kordofanian  Nilo-Saharan -0.053 (-0.081-0.025) 1.11e-03
Niger-Kordofanian Khoesan 0.143 (0.125-0.161) 4.39e-14
Niger-Kordofanian Afroasiatic -0.125 (-0.142-0.107) 1.67e-15
Nilo-Saharan Niger-Kordofanian 0.053 (0.025-0.081) 1.11e-03
Nilo-Saharan Khoesan 0.196 (0.169-0.223) 6.91e-09
Nilo-Saharan Afroasiatic -0.072 (-0.098-0.045) 1.23e-04
Khoesan Niger-Kordofanian -0.143 (-0.161-0.125) 4.39e-14
Khoesan Nilo-Saharan -0.196 (-0.223-0.169) 6.91e-09
Khoesan Afroasiatic -0.268 (-0.284-0.252) 3.62e-13
Afroasiatic Niger-Kordofanian 0.125 (0.107-0.142) 1.67e-15
Afroasiatic Nilo-Saharan 0.072 (0.045-0.098) 1.23e-04
Afroasiatic Khoesan 0.268 (0.252-0.284) 3.62e-13
CAHG Niger-Kordofanian -0.084 (-0.119-0.049) 1.18e-03

Table 2.2: Differences in African IMF in the SGDP. The integrated migration fraction
(IMF) in the epoch 30-70kya is calculated as per the Methods section for all comparisons in
the Simons Genome Diversity Project (SGDP), and a two tailed ¢-test is used to statistically
test for differences between the inferred migration in African language groups. Averaged
over three technical replicates to account for the influence of stochastic sampling variation.
P values corrected for multiple testing using the Bonferroni method. Abbreviations:
CAHG, Central African Hunter-Gatherers (include Mbuti and Biaka); CI, Confidence

Interval.
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Language Family  Partner Population Mean AFR IMF (SD) Mean EUR IMF (SD)

Afroasiatic All 0.477(0.015) 0.176(0.038)
Afroasiatic French 0.477(0.006) 0.207(0.044)
Afroasiatic Han 0.492(0.01) 0.168(0.032)
Afroasiatic Papuan 0.462(0.011) 0.153(0.024)
Khoesan All 0.209(0.013) 0.044(0.006)
Khoesan French 0.217(0.007) 0.051(0.003)
Khoesan Han 0.217(0.002) 0.042(0)
Khoesan Papuan 0.193(0.006) 0.04(0)
Niger-Kordofanian ~ All 0.352(0.04) 0.088(0.017)
Niger-Kordofanian  French 0.36(0.039) 0.102(0.015)
Niger-Kordofanian Han 0.363(0.04) 0.083(0.013)
Niger-Kordofanian Papuan 0.334(0.038) 0.078(0.013)
Nilo-Saharan All 0.405(0.033) 0.107(0.016)
Nilo-Saharan French 0.414(0.037) 0.123(0.016)
Nilo-Saharan Han 0.417(0.036) 0.106(0.01)
Nilo-Saharan Papuan 0.385(0.029) 0.093(0.008)

Table 2.3: Integrated Migration Fraction (IMF) in either direction averaged over African
language groups. SMCSMC was used to infer directional migration and effective population
size between populations in the Simons Genome Diversity Project. The total migration
between each African and non-African population was integrated in the epoch 30-70kya
(see Methods) and averaged over language family. Abbreviations: Integrated Migration
Fraction (IMF), Standard Deviation (SD), EUR (Eurasian), AFR (African)
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Estimate Std. Error t value Pr(>|t])
(Tntercept)  0.3807  0.0036 105.42 1.79e-47

Papuan -0.0271 0.0017 -15.60 7.44e-18
BantuKenya 0.0051 0.0050 1.02  3.16e-01
BantuTswana -0.0410 0.0050 -8.13 9.49e-10
Biaka -0.0598 0.0050 -11.87 3.53e-14

Dinka 0.0160 0.0050 3.17  3.05e-03

Esan -0.0016 0.0050 -0.32 7.51e-01
Gambian -0.0073 0.0050 -1.44  1.58e-01

Ju hoan North -0.1603 0.0050 -31.79 1.82e-28
Khomani San -0.1653 0.0050 -32.80 5.96e-29
Luhya 0.0118 0.0050 2.34  2.46e-02

Luo 0.0123 0.0050 2.45  1.94e-02
Mandenka 0.0032 0.0050 0.63 5.34e-01
Masai 0.0719 0.0050 14.25 1.32e-16

Mbuti -0.1171 0.0050 -23.22 1.17e-23

Mende -0.0071 0.0050 -1.42  1.65e-01
Mozabite 0.1060 0.0050 21.02  3.63e-22
Saharawi 0.1097 0.0050 21.75 1.12e-22
Somali 0.0995 0.0050 19.73 3.12e-21
Yoruba -0.0013 0.0050 -0.26  7.97e-01

Table 2.4: Linear model predicting integrated migration fraction in the SGDP. The
integrated migration fraction (IMF) in the epoch 30-70 kya is obtained as per the Methods
section in the Simons Genome Diversity Project. A binary variable representing Papuan /
not Papuan Eurasian donor and categorical variable representing African population were
used to predict the IMF in a simple linear model. When adjusted for the different African
populations, Papuans contribute less IMF than do other Eurasian partners (French and
Han).

Estimate Std. Error t value Pr(>|t])

(Intercept) 0.3392 0.0037  92.92 1.72e-39
Papuan  -0.0252 0.0042 -5.95 1.43e-06
San  -0.1942 0.0050 -38.94 6.85e-28

Mbuti  -0.1410 0.0050  -28.27 1.07e-23
Biaka  -0.0883 0.0050  -17.69 9.33e-18

Table 2.5: Linear model predicting integrated migration fraction in the HGDP. The
integrated migration fraction (IMF) in the epoch 3070 kya is obtained as per the Methods
section in the physically phased subset of the Human Genome Diversity Project. A binary
variable representing Papuan / not Papuan Eurasian donor and categorical variable
representing African population were used to predict the IMF in a simple linear model.
When adjusted for the different African populations, Papuans contribute less IMF than
do other Eurasian partners (French and Han).
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African Population Mean (SD) Total (Mb) Mean (SD) Total (Mb) Mean (SD) Total (Mb)
Mbuti 172.204 (189.255) 939.371 165.822 (182.549) 850.335  163.352 (181.607) 756.320

Biaka 172.332 (184.183) 1057.083  169.296 (185.457) 1052.004 170.149 (185.853) 1044.036
Khomani San  173.06 (188.492) 671.125 169.005 (183.871) 706.777 166.33 (175.899) 597.125
Ju hoan North 175.415 (195.979) 747.618 171.909 (187.835) 711.186 161.146 (175.476) 656.024
Luhya 177.303 (193.164) 1370.729  181.025 (197.94) 1403.123  175.821 (192.259) 1211.762

Esan 177.483 (191.148) 1364.132  178.429 (190.819) 1426.180 170.451 (183.886) 1270.204
Gambian 177.804 (195.646) 1333.529 177.099 (191.542) 1304.155 173.892 (185.544) 1213.071

Luo 178.653 (192.447) 1368.481 175.618 (192.833) 1361.917 180.635 (201.159) 1348.798
BantuHerero 179.691 (194.451) 1354.869 176.473 (188.855) 1327.779  178.544 (198.496) 1310.511
BantuTswana 180.309 (195.176) 1150.551 174.826 (188.153) 1159.796  172.542 (192.6) 1096.674
Mende 182.087 (200.591) 1256.580 177.24 (197.23) 1288.533  169.901 (182.944) 1191.515
Yoruba 184.255 (199.949) 1283.151 176.276 (193.69) 1361.031 169.867 (181.948) 1275.701
BantuKenya 184.419 (200.395) 1265.297 173.485 (191.175) 1269.739  179.415 (189.784) 1214.104
Mandenka 185.35 (206.972) 1411.440 176.908 (194.337) 1328.754  172.03 (182.984) 1265.625
Masai 186.769 (209.675) 1353.890 182.366 (198.06) 1483.361 181.22 (199.255) 1438.160
Mozabite 194.378 (214.029) 1318.273  193.469 (211.945) 1557.040 188.867 (210.994) 1532.842
Saharawi 197.668 (218.662) 1383.280 196.156 (217.233) 1406.245 195.045 (217.263) 1585.907

Table 2.6: Summary of the length distribution for putatively migrated segments in
different African individuals. Means and standard deviations are given in kilobases (kb)
while the total length of all segments is given in megabases (Mb).

Statistic D Z
D(KhomaniSan-1, Yoruba-1, Yoruba-2, Chimp) -0.181 -28.403

D(Mbuti-1, Yoruba-1, Yoruba-2, Chimp) -0.135 -19.554
D(Papuan-1, Yoruba-1, Yoruba-2, Chimp) -0.026  -3.422
D(French-1, Yoruba-1, Yoruba-2, Chimp) -0.006  -0.866
D(Han-1, Yoruba-1, Yoruba-2, Chimp) 0.001 0.072
D(KhomaniSan-1, Yoruba-2, Yoruba-1, Chimp) -0.187 -28.109
D(Mbuti-1, Yoruba-2, Yoruba-1, Chimp) -0.130 -19.323
D(Papuan-1, Yoruba-2, Yoruba-1, Chimp) -0.008  -1.003
D(French-1, Yoruba-2, Yoruba-1, Chimp) 0.030  4.355

D(Han-1, Yoruba-2, Yoruba-1, Chimp) 0.056 8.037

Table 2.7: Putatively migrated segments of a Yoruban are closer to Out of Africa groups
than a comparable Yoruban.

Statistic D Z
D(Mbuti-1, Yoruba-1, Vindija, Chimp) -0.001 -0.141
D(Mbuti-1, Yoruba-2, Vindija, Chimp) -0.003 -0.306

Table 2.8: No difference in allele sharing with Vindija Neanderthal over Mbuti baseline.

D Z
0.000 0.012

Statistic
D(Yoruba-2, Yoruba-1, Vindija, Chimp)

Table 2.9: No difference in allele sharing with Vindija Neanderthal.
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Statistic D 7
D(Vindija, Altai, Yoruba-1, Chimp) 0.024 1.095
D(Vindija, Altai, Yoruba-2, Chimp) 0.034 1.526
D(Vindija, Altai, Mbuti-1, Chimp) 0.002 0.103
D(Vindija, Altai, KhomaniSan-1, Chimp) 0.023 1.008

Table 2.10: No increased affinity to Vindija Neanderthal over Altai, as would be expected
if the source of any Neanderthal ancestry was Eurasian.



It’s easier to be terrified by an enemy you admire.
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3.1 Introduction

The physical accessibility of in part determines which and how many
transcription factor proteins are able to bind to the [DNA] On the other hand,
the binding of certain transcription factors, especially pioneer factors, has the
ability to alter the accessibility of the chromatin |[183]. The complex and dynamic
interplay between these opposing forces regulates the process of transcription,
controlling the expression of genes in a dynamic and contextual way , .
Recent methods have permitted the profiling of chromatin accessibility on a genome-
wide scale, however the role of the physical compaction of the genome and specific
remains a poorly understood predictor of cell identity outside of niche
model systems . Understanding the dynamics of chromatin accessibility both

between and within cell systems is of relevance to understanding the effect of

sequence mutations that disrupt [Transcription factor binding sites (TFBSs)|and

which alter the availability of the entire CRE] Additionally, a thorough catalog of
relevant and distinct accessible elements within a pathological cell system would
allow for improved prioritization of dysregulated transcription factors and their
genomic consequences. In this chapter, I aim to improve the characterization of
regulatory programs through modelling chromatin accessibility with high throughput
sequencing. The resulting method, BLDA, represents a viable approach to identify
key regions of accessible chromatin that are both shared between similar cell types

and discriminatory of others. I show that this method has similar power to identify
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important regions when compared to single cell ATAC-seq, and demonstrate its

use on the well-characterised developmental stages between hematopoietic stem|

cells (HSCs)| and mature erythrocytes. The results here demonstrate that topic

modelling is a reliable method for general purpose discrimination of important

accessible regions in arbitrary collections of bulk experiments.

3.1.1 Transcriptional regulation through chromatin acces-
sibility
Beginning with a single copy of the diploid genome, sequential cellular differentiation
creates upwards of ~40 trillion individual cells with unique functions across organ
systems and functional niches [187]. Each of these cells contains essentially the same
genetic code yet performs entirely different roles in the body, indicating the presence
of an immensely intricate regulatory process dictating how genes are expressed in
certain cellular contexts. As explored in Section [1.3.1.1] a portion of this cell type
specific regulation of expression is explained by DNA binding proteins, yet where
and how these proteins are able to bind is dictated by the physical accessibility
of the underlying sequence [95]. Within the nucleus, DNA is packaged into a
highly compact and organized structure known as chromatin. The construction of
chromatin involves wrapping molecules of DNA around histone proteins. Typically,
147 base pairs of DNA wrap around an octomer of histone proteins to form the
fundamental subunit of chromatin called a nucleosome [183]. Nucleosomes can act as
a barrier to RNA polymerase II mediated transcription as well as many transcription
factors [99]. The exception to this rule are pioneer factors, which bind instead
to closed chromatin and recruit chromatin remodellers to alter its accessibility,
priming it for functional activities and the binding of other transcription factors
[183, [188]. Other factors such as the post-translational modifications of histone
proteins and higher order organization of chromatin also contribute to functional
chromatin accessibility [105]. As a consequence of these facts, nucleosomes tend to
be found at lower densities within active regulatory regions; this makes the relative

accessibility of a region an indicator of its regulatory capacity [99].
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The accessible genome comprises between 2 and 3 percent of the actual sequence

in humans, but represents approximately 90 percent of regions bound by

tion factor (TF)|[189]. The accessibility of a[TF|binding site does not in and of itself

dictate that it will bind, but represents a regulatory capacity at the accessible site
[99)]. bind to sequence competitively with histones and other chromatin binding
proteins to dynamically modulate the organization and placement of nucleosomes
[190]. While closed chromatin is generally not amenable to binding by other
than the previously described pioneer factors, permissive chromatin is sufficiently
dynamic to allow for some binding [93]. Accessibility therefore exists on a continuum
that is dynamically reorganized in part based on the cellular context and its battery
of expressed transcription factors. Profiling the accessible regions of the genome in

a particular cellular context provides a window into active regulatory programs.

Several methods exist to experimentally determine chromatin accessibility. The
majority of recent methods use an enzymatic reaction to selectively fragment the
genomic sequence and next-generation sequencing to comprehensively survey the
genome for the enrichment of fragments. Examples of these approaches include
DNAse-seq, [ATAC-seq, MNase-seq, FAIRE-seq, and NOMe-seq, reviewed in Klemm,
Shipony, and Greenleaf [185] and Meyer and Liu [191]. Of these, DNAse-seq is the
most sensitive but requires a large number of cells to generate reliable libraries for
sequencing [192]. ATAC-seq is a reliable method for characterising accessibility,
applicable to systems with as few as 500 cells for bulk, or even on a per-cell basis
[193] [194]. Datasets generated with ATAC-seq have been growing exponentially
year over year, representing in 2019 several times more data generated than any
other approach for assaying chromatin accessibility [195]. Thus, methods for the
interpretation of large compendiums of ATAC-seq form a useful complement to

the method’s growing adaptation.
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3.1.2 Regulation of key stages within hematopoiesis and
erythropoiesis

Of the ~40 trillion cells in a typical human body, approximately 90% derive from
the hematopoietic lineage [187]. The process of differentiation from to mature
blood cells is therefore of immense importance to health and disease. In adults,
hematopoiesis begins from which exist in a relatively quiescent state within
the bone marrow, maintaining the capability for self-renewal and multipotenency
[196]. Because this differentiation process occurs throughout life, hematopoiesis
represents an ideal model system to understand the properties of stem cell biology,
the dysregulation of which is intricately linked with oncogenesis [197]. These cells
give rise to all other phenotypically distinct blood cells through a hierarchical
cascade of differentiation (Figure . Several intermediary points in this process
are relevant to this chapter, including the initial priming of the stem cells into
multipotent progenitor cells (MPPs). This involves, among other things, active
polycomb repression of lineage specification genes such as Ebf! and Paz5 in MPP
cells [198|. Lineage commitment represents a decision point, where continuing
specification will exclusively occur within a specific branch of the hematopoietic
differentiation tree. In this chapter, we use erythropoiesis as a model system to
biologically validate the model we introduce.

The regulation of chromatin accessibility plays a central role in the differentiation
trajectory of erythrocytes [186 [199]. Erythropoiesis refers to the process of
successive differentiation from pluripotent stem and progenitor cells through several
morphologically and functionally distinct stages to form enucleated erythrocytes
(also known as red blood cells). Here we focus on the process up until erythroblasts,
the penultimate step in erythropoiesis and the last before enucleation. Ludwig
et al. [200] used FACS sorting on CD71, CD235a, CD49d, and BAND3 surface
markers to identify eight distinct stages of development. Their analysis using both
ATAC-seq and RNA-seq is the most complete representation of this differentiation
trajectory to date. The authors identify myeloid progenitors (MyP), colony
forming units - erythroid (CFU-E), pro-erythoblasts with two stages (ProEl,
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Figure 3.1: Summary of important cell types arising during hematopoiesis from HSCs
to phenotypically and functionally distinct cell types. Adapted from Hu and Shilatifard
199]. HSC = hematopoietic stem cell.

ProE2), basophilic erythoblasts (Baso-E), polychromatic erythroblasts (Poly-E),
orthochromatic erythoblasts (OrthoE), and orthochromatic reticulocyte (Ortho/Ret)
as key cell stages. A detailed explanation of the molecular biology of each stage is not
the focus of this thesis, however interested readers may consult texts such as Sinclair
. After augmenting their dataset with hematopoietic progenitor cells created by
Corces et al. , the authors found that accessible elements clustered into several
groupings. Some were predominantly active in the earliest stages of hematopoiesis,
while others were broadly accessible across lineage commitment and intermediate
erythropoiesis, while others still acted primarily in terminal erythropoiesis. These

broad groupings allowed the authors to identify several factors of interest which
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Figure 3.2: Key stages of erythropoiesis from Sinclair \| Blast forming units are not
represented in the Ludwig et al. [200] dataset, while erythroblasts replace erythrocytes as
the end point of the process for our purposes.

may act differentially; we investigate these factors such as TMCC2, UROS, and
RHAG as well as other well known markers like TALI, KLF5 and GATA1 later
in this chapter. In this chapter, we recreate this dataset by augmenting the eight
erythroid cell type presented in Ludwig et al. with the hematopoietic stem
and progenitor cells from Corces et al. to create a dataset of chromatin

accessibility throughout erythropoiesis.

3.1.3 Identifying regulatory programs in large databases

The task of identifying co-accessible sets of regulatory elements usually falls on
differential peak accessibility analyses . Many methods exist for this task,
including MACS2, DiffBind, csaw, voom, limma, edgeR, and DESeq2 203-208).
A comprehensive review of their relative performances was undertaken by Reske,

Wilson, and Chandler [209]. In general, these methods work by grouping similar
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experiments, usually taken to be biological replicates, and finding peak regions
whose deviation overcomes some level of statistical significance. These tools are
highly refined and benchmarked for applications with two cell types of interest.
However, using differential accessibility in large systems with multiple consistent
subpopulations poses technical issues. As an example, edgeR is able to estimate
coefficients for a general linear model and find significant differences in accessibility
for a particular cluster. However, the estimation of statistical significance relies
on estimating variance with biological replicates, and the user is warned not to
attempt significance testing without performing replicates [206]. Though this places
no hard constraint on the data to be analysed, clustering in large datasets is
imperfect. The estimation of the variance is therefore critically reliant on the
homogeneity of the cluster, which may vary between clusters. This makes the
interpretation of differentially accessible elements between clusters in large datasets
difficult. Secondly, it is difficult to use differential accessibility testing to find
patterns unique to combinations of clusters, as the estimated coefficients tend to
relate to enrichment in a specific cluster, or between all of them. One alternative
is to look at the pairwise differential accessibility between clusters and search for
patterns in the identified regions. This is, however, onerous and to our knowledge
no dedicated method exists for the task.

Recently, Bravo Gonzalez-Blas et al. [123] proposed the use of topic modelling to

study collections of accessible regions in single cell [Single cell ATAC-seq (scATACq
Topic modelling, specifically represents a viable method for the unsuper-

vised identification of key regions of accessible sequence in large databases, while
simultaneously identifying the distribution of their associated regulatory programs.
The method learns groupings of differentially accessible elements and where they tend
to be active, in aggregate. However, the use of LDA in large collections of ATAC-seq
data has not been explored. As the amount of available ATAC-seq data grows year
over year, analyses of large compendiums of cellular variation in accessibility form
a useful complement to sparse single cell analyses. On the one hand, single cell

analyses are well powered to identify fine-scale groupings of regulatory elements



3. Identifying co-accessible regulatory regions using topic modelling 81

active in sub-populations of similar cell types. On the other, analysis of dense bulk
ATAC-seq with high read depths allows for a thorough investigation of pathways
active across large groupings of cells. In this chapter, we investigate the use of LDA

for identifying regulatory programs and their distribution in bulk [ATAC-seq|

3.1.4 Latent Dirichlet Allocation

A detailed methodological motivation of is beyond the scope of this chapter,
however here I present in general terms a typical formulation of the generative

model and inference from real data.

3.1.4.1 The generative model

LDA is interested in the generation of a corpus of D documents, composed of n words.
It was introduced in Blei, Ng, and Jordan [210|. In brief, each document d =1...D
can be described as a collection of weights on k£ topics. An example in the realm of
natural language processing would be books and their respective genres (i.e. fiction,
science, etc.). In the specific application here presented, the corpus represents the
dataset of sequencing experiments, with each document representing a single ATAC-
seq sample. The words are individual accessible regions, which are determined and
discretized through peak calling on respective samples. The inference procedure is
unsupervised, and there is no annotation or metadata given to discriminate amongst
samples, unlike later adaptations like structured topic modelling [211].

The generative process is as follows. For a fixed number of topics k, each

document d is given a distribution on its topic weights 6,
04 ~ Dir(a),d=1,...,D
Each word n in document d is generated from a particular topic z4, where zg4,
Zan ~ Discrete(0,)
and the word itself is chosen from

p(wdn|zdn7 C)
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which is a multinomial probability conditional on the topic allocation zg,. The other
dependency is on ¢, here defined as a k x N matrix where (;; = P(w; = 1]z; = 1),
or the conditional probability of a word given a topic allocation. This is a fixed
quantity that will be estimated.

The Dirichlet distribution is convenient in this case, as draws from Dir(a)
represent points on the (£ — 1) simplex where parameter « is a k-vector of positive
reals. A simplex is a multidimensional generalization of the triangle. The parameter
vector « is also known as the concentration parameter which, in the case of
symmetric Dirichlet distributions where o; = «;Vi,j € 1...k determines the
sparsity of the draws from the distribution. In the limit of extremely high positive
values of the concentration parameter, draws from the distribution tend to be
approximately uniform draws over the probability space, while at values less than
one and approaching zero the distribution is degenerate [212]. In addition, the
Dirichlet distribution is the conjugate prior to the multinomial distribution, a fact
which is exploited for efficient inference algorithms. Explicitly, the probability

density function of the Dirichlet distribution here considered is given by

— F(Zle Oéi) 0041—1
Hf:lr(ai> '

which leads to an overall joint distribution and probability of an overall corpus

p(0|a) et

as given in Blei, Ng, and Jordan [210].

This traditional set up for LDA does not allow for any control over the sparsity
of word allocations to topics. For that, an extension called Smoothed LDA replaces
the ¢ matrix of conditional word probabilities with a second Dirichlet distribution,
parameterized by 3. As a side note, all the applications of LDA in this chapter
are concerned with symmetric Dirichlet distributions, where each of the entries of
the a and 3 k-vectors are the same. This modified generative procedure proceeds
identically, except that a seperate draw is made for each topic representing the

distribution on its words from

U~ Dir(p),k=1,...,K
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, and drawing a word conditional on its topic assignment is instead generated as

Wapn, ~ Discrete(i,, )

where 1., intuitively represents the topic-word distribution. In the case here
considered, it represents the importance of a particular region of accessible chromatin

to a regulatory program z.

3.1.4.2 Parameter inference

The joint distribution of latent parameters 6, z conditional on w, o,  does not admit
analytical inference as the posterior probability is intractable, as noted in Blei,
Ng, and Jordan [210]. They proposed an approach based on variational Bayesian
inference, however it has become commonplace to integrate out # and approach the
problem of inference using collapsed Gibbs sampling [213H215]. Gibbs sampling is an
extension of the approach for sampling from the posterior distribution when,
as is the case here, analytical inference is not possible. Gibbs sampling is closely
related to the Metropolis-Hastings algorithm, and relies on constructing a Markov
chain with the previously described posterior as its equilibrium distribution. In this
way, inference about parameters is deduced from direct samples of the posterior. This
is philosophically very similar to the approach taken in Chapter 3, where samples of
the posterior distribution of genealogies conditioned on mutations were used to draw
inference about demographic parameters such as directional migration. The details
of the inference procedure are not of direct relevance to the results presented in this
chapter, and a more detailed description can be found in Qiu et al. [213] and others.

Here, the posterior distribution of interest concerns the most likely values of 6
and v, that is the topic weight vectors on each of the different ATAC-seq experiments
and the topic distribution on each of the constituent accessible regions, conditioned

on observed regions within ATAC-seq experiments and given parameters «, 3.



3. Identifying co-accessible regulatory regions using topic modelling 84

3.1.5 The LDA algorithm and cisTopic

The basis of this chapter is the cisTopic algorithm, and some expansion on its basic
formulation is necessary. cisTopic is introduced in Bravo Gonzélez-Blas et al. [123],
and is primarily intended for use on data resulting from a combination
of sequencing data and associated peak calls. In general, this data is either encoded
in a count matrix or it is internally converted to one. A count matrix M, for the
purposes of this chapter, refers to a C' x R matrix where element M., equals the
number of reads (or fragments) overlapping region r in cell ¢, for regionsr =1,..., R
and cells ¢ = 1,...,C. Each region r is selected on the basis of statistical peak
calls, typically performed with software such as Macs2 or similar, on the aggregated
signal. This count matrix M is then subjected to binarization on the
basis of some threshold 7', where T is the minimum number of counts necessary for
a region to be declared accessible. This threshold reflects the low sequencing depth
of data, and the difficulty in comparing cells quantitatively based on
read counts alone without some correction for depth. This threshold is set to 1 by
default in the stable version of the algorithm implementation. It is necessary to
provide symmetric hyperparameters a and (3, which cisTopic prefers to normalize
by the total number of topics and provide an a-per-topic value rather than an
a-per-sey value with which to do inference. We follow this convention in this thesis,
providing unnormalized a values whenever relevant and raw g values.

The corrected count matrix is used for the inference of the cell-topic distribution
and the region-topic distribution, previously represented by 6 and v respectively as
the distribution of topics over documents and the distribution of words over topics.
Topic loadings for both the cell and region loadings are normalized to the range [0,
1]. Key regions which are important to the topic may be selected in one of two ways.
Firstly, by fitting a gamma distribution to the normalized region-topic loadings on
a per-topic basis and selecting a percent point threshold of the resulting density’s
tail (i.e. the top 1 percentile of the fit gamma distribution). Alternatively, a given

number of top regions may be selected based on the rank of the region-topic loadings.
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Selecting the right number of topics for a particular analysis is not straight
forward. cisTopic implements an optimized version of collapsed Gibbs sampling
by using WarpLDA, an algorithm for constant time inference [216]. An advantage
of WarpLDA is that it returns the second derivative of each value for k. As log-
likelihood values increase with increasing k, cisTopic makes use of these values to
automatically select a value for k£ based on a range given by the user. A proof that

this procedure produces optimal values of k is not readily available.

3.1.6 Aims of this chapter

The overarching aim of this chapter is to investigate the use of LDA for bulk
[ATAC-seq As noted above, the method represents a significant advancement
above differential accessibility, and shows theoretical promise for the analysis of
the growing collections of sequencing data in diverse cell systems. In doing so, I
adapt the existing cisTopic method for bulk samples. Specifically, I investigate the
performance of bulk LDA when compared to established inference using
cisTopic. I also investigate whether the method infers meaningful topic loadings on a

well understood system with ground truth values to compare against, erythropoiesis.

3.2 Methods
3.2.1 Single Cell ATAC-seq Dataset Generation

A single cell ATAC-seq dataset was compiled from data generated in Buenrostro
et al. [194] for three cell types: K562, GM12878, and HIESC. These cell types were
selected as a subset which represents maximal diversity in accessible chromatin
within the larger dataset.

For each labelled cell type, we collected accession numbers within the NCBI
sequence read archive. These include records SRR1780163 through SRR1780354
(K562), SRR1779683 through SRR1779778 (GM12878), and SRR1779589 through
SRR1779683 (H1ESC). Sequencing reads were merged and adapters were trimmed
with cutadapt v 2.10 using the following adapter sequences (-a CTGTCTCTTATACACATCT
-A CTGTCTCTTATACACATCT) [217]. Quality of the merged dataset was verified with
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fastqe and aligned to hgl9 using bowtie2 [218], [219]. Cell specific barcodes were
added to the resulting alignment file within the CB tag using pySam [220]. Peak

calling was performed using MACS2 and LanceOTron using default parameters

[119] 221] as detailed in [subsection 3.2.3|and count matrices were constructed as

detailed in [subsection 3.2.4] A more thorough discussion of our choice to compare

MACS2 and LanceOTron may be found in Section (1.3.2.1]

3.2.2 Construction of Pseudo-bulk ATAC-seq Dataset

In order to construct a pseudo-bulk dataset, entries for each of the single cells were
merged into a single alignment file. Cell barcodes were replaced with a cell-type
marker and peak calling was similarly conducted with macs2 and LanceOTron 119,

221).

3.2.3 Peak Calling from Coverage Data

We compare two methods of peak calling.

A public implementation of the LanceOTron can be found at https://github.
com/chris1221/lanceotron. LanceOTron relies on a pre-trained neural network.
We use the supplied weights in wide and deep fully trained v5_03.h5 along
with the standard scaler values from the same implementation. We allow the network
to identify candidate peaks and assign a peak score, thresholding our selected
peaks on a peak score of at least 0.5 as in the implementation of LanceOTron

at https://lanceotron.molbiol.ox.ac.uk/.

3.2.4 Running LDA with cisTopic

We used the implementation of in cisTopic [123]. cisTopic is intended for
use on single cell ATAC-seq experiments, however the input format is amenable
to any quantitative data observed on a cell by region basis. To construct the
input data to cisTopic, we create a bespoke pipeline that firstly calls peaks from
ATAC-seq experiments, and secondly harmonizes these peaks while constructing

a count matrix. A count matrix is a sparse matrix where the rows are cells, or


https://github.com/chris1221/lanceotron
https://github.com/chris1221/lanceotron
wide_and_deep_fully_trained_v5_03.h5
https://lanceotron.molbiol.ox.ac.uk/
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in the case of this thesis, cell types in the form of ATAC-seq samples, and the

columns are individual peak regions.

3.2.5 Bayesian Hyper-parameter Optimization

[LDA] requires a set of three hyperparameters to be supplied, alpha, beta, and
the number of topics. This chapter investigates applications of LDA to prob-
lems of several scales, so the choice of hyperparameters is not easily chosen, at
least in an unbiased way. We approach this issue by using a Bayesian Opti-
mization approach to learn the best set of hyperparameters for a given set of
ATAC-seq experiments. We wrote a typical cisTopic analysis in python via rpy2
(https://rpy2.github.io/doc/latest/html/index.html) and used the BayesianOp-
timization library (https://github.com/fmfn/BayesianOptimization) to opti-
mize a target function for a given set of hyperparameters. This task was facilitated by
the use of Dask to compute several hundred possible combinations simultaneously

[222]. The target function to optimise is based on the specific application, as

discussed in [section 3.9 section.

3.2.6 Bulk LDA (BLDA) Method

The BLDA method is a small extension to cisTopic which aims to incorporate
a proxy of how accessible each peak region is in a particular experiment. This
makes it in some ways more similar to the traditional approach to LDA within
natural language processing, which gives an integer value for the number of times a
particular word appears in a text. To create the RPKM normalized count matrix
and run the inference, we use functions from the blda python package available on
Github at https://github.com/Chris1221/blda. The construction of the count
matrix requires linked coverage files and their associated peak calls. The pipeline
is agnostic to the type of coverage file (either BAM files or RPKM normalised
bigWig tracks can be provided) and peak calls can be made by any software which
outputs delineated, non-overlapping genomic regions. Hyperparameter optimization

is conducted according to Section and a modified version of cisTopic is run using


https://github.com/Chris1221/blda
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rpy2. The modification to cisTopic, found at https://github.com/Chris1221/
cisTopic, relaxes a constraint to provide the 1da package’s collapsed Gibb’s sampler
with a binary sparse matrix. Several other functions from the cisTopic function are

applicable directly to the situation of bulk LDA after the data has been altered.

3.2.7 Computing the average fold enrichment of topics for
groups
To get a measure for the number of topics to use in a particular model, we compute
the average fold enrichment. This is done with a two-step process. First, a one-
tailed student’s T test is performed for each of the grouping of cells. The cells are
split into one of the cell types, with the remainder forming the comparison group.
The null hypothesis here is that the means do not differ, or that the comparison
group is significantly smaller than the group under question. The P values are
corrected for the number of comparisons using Bonferroni correction (multiplying
by the number of effective tests, which in this case is the number of tests) and
the significant associations are reported. Second, the differences in the estimated
means are divided to form a fold change metric amongst the subset of significant
topic associations. We take the median of these values to form the average fold
change metric for a particular set of topics being modelled. The median is selected

to avoid extreme results overly biasing the statistic.

3.2.8 Co-enrichment of topics

The number of times two topics ¢ and j are co-enriched is defined to be the
count of occurrences where a single cell type has a topic loading for ¢ and j
exceeding some pre-defined threshold. After some experimentation, we decide to
use a threshold of 0.25, where the two co-enriched topics collectively form half

of the normalised topic loadings.


https://github.com/Chris1221/cisTopic
https://github.com/Chris1221/cisTopic
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3.3 Results

LDA has previously been shown to be highly effective at detecting true patterns
in shared accessibility in single cell data. Here, I create a dataset of known cell
types in order to set baseline expectations about the capabilities of LDA in a single

cell system before moving on to studying bulk samples.

3.3.1 Bulk LDA recapitulates patterns from single cell
ATAC-seq

I generated a dataset of three labelled cell types, as per Section [3.2.1] This dataset
comprises three cell types which have substantial differences in their accessible

DNA. K562 is an erythro-leukemic cell model of chronic myelogenous leukemia

from a fifty-three-year old female donor [223]. GM12878 is an [Epstein-Barr Virus|
(EBV)|immortalized B-lymphocyte cell line cultured from a female member of the
international HapMap project CEPH panel [224]. Finally, HIESC are a human

embryonic stem cell line collected from a healthy male donor of unknown age [225].
The dataset comprises 96 GM12878 cells with a total of 1928090 reads, 96
H1ESC cells with 4192100 reads in total, and 192 K562 cells from two biological
replicates with a total of 5269388 reads.
We generate coverage tracks for the merged single cell dataset using deepTools
and peaks are called using both MACS2 and LanceOTron as per Section [226].
MACS?2 identifies 10,075 statistically significant peak regions, while MACS2 finds

12,994, 8337 of which are common between the two approaches.

3.3.1.1 Identifying differentially accessible peaks with EdgeR

The R package edgeR is used to set a baseline expectation for differentially accessible
regions of the genome between the clusters. edgeR is selected as it was recently
shown to have the overall highest sensitivity for identifying differential peaks from
properly normalized ATAC-seq data. We took the single cell dataset and created
a count matrix with all true counts across different cells. We inputted these into

edgeR and estimated dispersion coefficients as recommended in the tutorial, fitting
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Figure 3.3: Hyperparameter log-likelihood surface for two hyperparameters. Alpha and
beta parameters are given as symmetric hyperparameters of the Dirichlet distribution,
where alpha is normalized according to the number of topics.

a generalized linear model according to the true cell identities which assume are
known in this case. We identify the top 100 differentially accessible regions based on
this analysis, and use these to study the results from our topic modelling approaches.

We investigate topic modelling in three separate scenarios. Firstly, we ran
cisTopic as intended, using the single cell data. Secondly, we created pseudo-bulk
alignment files for each of the clusters and run cisTopic normally. Thirdly, we
adapted cisTopic to accept normalized read count. This allowed us to validate
our baseline assumption that LDA is able to capture similar information within

bulk sequencing experiments.

3.3.1.2 LDA captures realistic regulatory patterns in known single
cell systems

For the first case, we model the system of 384 cells with 4, 5, 6, 7, and 8 topics

to assess the best biological fit to the system. For each pre-set number of topics,

hyperparameters are selected using Bayesian optimization. The best value for «
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was not well estimated, with considerable noise and no clear peak; this is in contrast
to the [ value, which showed higher log-likelihoods at higher values approaching
1 (Figure [3.4)). Consistent with this, a high value is selected for 8 in each case. /3
controls the number of regions loaded to a topic. With a number of cells much
larger than the number of topics, especially in the present scenario, a high value of 3
represents a prior on more regions loaded to each of the small number of topics. This
indicates that a relatively high number of regions are differentially accessible between
the different clusters. The relatively uncertain distribution of alpha log-likelihoods
represents an ambiguity in the likelihood from different Dirichlet distributions.
Draws with a low alpha tend to represent topic loadings which are specific to
individual cells, and accordingly the flat likelihood surface may indicate that there
are multiple ways of assigning the topics to cells with relatively equal likelihoods.

We investigate the loading of these topics on each of the cells in the collection
(Figure . As the number of topics modelled increases, some cell systems split
more readily than others. H1IESC, for instance, has two enriched topics in even
the smallest four topic model. For each of the number of topics, we calculate the
median fold enrichment (Section and find that five and six topics produce
very similar median fold enrichments (5.81 versus 5.82 respectively). To reduce the
complexity of the model, and acknowledging that a model with more parameters

will tend to fit data better, we choose the study the case with five topics.

Choice of peak caller influences the inference of topic loadings We
additionally investigate the role that peak calling has on the inference of topics.

Peaks were called with Macs2 instead of LanceOTRon, resulting in a larger
number of peaks identified in general, with 4657 being uniquely identified by Macs2
(Figure ) We repeated the above analysis, including the hyperparameter search,
topic inference, and calculation of median fold enrichment was conducted using
MACS?2 instead of LanceOTron, as detailed in Section [3.2.3] Several differences are
apparent in both the optimized hyperparameters and the inferred topic loadings
(Figure [3.6]). Slight bias towards lower « values is observed in this dataset, and the
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Figure 3.4: Single cell log likelihood for different values of the topic modelling
hyperparameters « and S for various numbers of topics being modelled. Alpha and
beta parameters are given as symmetric hyperparameters of the Dirichlet distribution,
where alpha is normalized according to the number of topics

same trend towards preferring higher values of /3 is replicated here Figure [3.6B, C.
However, when looking at the inferred topics, we find lower median fold enrichment
in general (Figure [3.6D, E). From this we conclude that LanceOTron has identified
a more specific set of accessible regions for the purposes of this study, and use
it in all analyses going forward.

LDA produces both a distribution of topic loadings on cells as well as topic
loadings on regions. In order to identify regions putatively identified with the cell
types through the topic loadings, a decision must be made about how to discretise the
continuous loadings to a set of enriched regions. The cisTopic package accomplishes
this by fitting a gamma distribution to the topic loadings, and identifying regions

within the top user-defined percentile of this distribution. By default, this is set
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Figure 3.5: Topic loadings for 4, 5, 6, 7, and 8 topic instances of the LDA inference
procedure using optimal hyperparamters as decided in Figure Inset shows average
fold change amongst enriched topics for each of the number of topics modelled. Enriched
topics are identified by a one-tailed student’s t test for difference between a known cell
cluster and the remainder of cells.

to the top 5% of the distribution. Here we investigate how to set this parameter

value and the influence it has on the resulting post-hoc analyses.

Enrichment of differentially accessible regions within identified topics To
assess whether the identified topic loadings represent similar trends to the baseline
differential accessibility analysis, we fit a gamma distribution to the shape of each
topic loading and take the top 2.5 percentile of the distribution as representative

so-called "keywords" or key regions. We use bedtools to overlap these key regions
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Figure 3.6: Analysis of single cell dataset with peaks called by MACS2. A. The number
of peak calls made by both callers, with their overlapping portion displayed in the center
of the Venn diagram. B. Likelihood surface for the optimization of the « hyperparameter.
C. Likelihood surface for the optimization of the 8 hyperparameter. D. Median fold
enrichment for topics inferred under optimal hyperparameters. E. Inferred topic loadings
on single cells using optimal hyperparameters.

with the 100 differentially accessible regions from the edgeR analysis and find that
61 of the 100 regions are shared with the top 415 selected key regions (Table [3.1]).
Given that there are 10074 regions in total, this represents a significant (P <
0.00001, x* = 827.33) enrichment of differentially expressed regions in the selected

regions from the LDA procedure.

3.3.1.3 Extending LDA to Pseudo-bulked Single Cells

We investigate whether the approach implemented in cisTopic is appropriate for use
in bulk ATAC-seq experiments. This change represents a deviation in the intended
system for the approach. Practically, the difference between the single cell case and

the bulk one is the difference between a wide, sparse count matrix and a dense one
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Topic | Total Selected Regions | Intersecting Regions
1 104 15

2 3 0

3 194 29

4 3 1

5 111 19

Table 3.1: Five topic single cell inferred topic loadings and the proportion of their
selected regions which overlap 100 established differentially accessible regions. Overall, 61
of the 100 regions were found in the top 415 regions.

with fewer observations. An attractive property of using Gibb’s sampling to infer the
posterior cell-topic distribution is its ability to efficiently deal with sparsity in the
region-topic distribution. However, it is not clear to what degree this sparsity is a
requirement for the procedure to obtain biologically relevant topics, each representing
a proxy of co-accessible regulatory elements. In this section, I take the well-
characterized single cell dataset from the previous section and study the analogous
bulk sequencing case by artificially creating bulk samples from the individual known
cell types. We denote these new bulk cells as pseudobulked samples.

We combine all reads from each known cell type into pseudo-bulked alignment
files using pySam. Peak calling is performed separately on each of the pseudo-bulked
samples using LanceOTron, as described in the single cell case. We additionally
explore the role of thresholding on LanceOTRon peak calls by creating a subset
of calls with at least 0.5 peak score. This is a recommendation made by the web
interface to the peak caller. Before thresholding, 517620, 395953, and 455886
peaks were identified in the HIESC, GM 12878, and K562 cells respectively. After
merging, 1063153 regions were used for the complete analysis. After thresholding
on a peak score of 0.5, 7524, 4945, and 6722 peaks were found in the GM12878,
H1ESC and K562 cells respectively. After merging, there were 16210 regions in
total used for the thresholded case.

We take two approaches to constructing the count matrix. The first is the
already described cisTopic method, where peak regions are merged and annotated
by contributing cell types, leading to a binary sparse matrix where the entries 7, j

represent overlapped peak j in cell type i. We denote this case as "one-hot encoded"
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Method Number of topics Best Alpha Best Beta
One-hot encoding 4 123.68822 0.0382351
One-hot encoding 5 466.58752 0.0665157
One-hot encoding 6 450.96735 0.0756824
One-hot encoding 7 337.58572 0.0769945
One-hot encoding 8  100.35205 0.0872716
RPKM Normalization 4 40.38505  0.2350854
RPKM Normalization 5  285.51986 0.3011584
RPKM Normalization 6  285.70995 0.4163319
RPKM Normalization 7 366.02309 0.3825605
RPKM Normalization 8  101.26750 0.3455916

96

Table 3.2: Optimal LDA hyperparameters for pseudo-bulked scATAC-seq parameterized
by a priori defined topic numbers and two different read quantification methods.

as the representation is analogous to one-hot encoding factor levels within a design
matrix. This approach is justified with the single cell case as read depth is much
lower per cell, and a quantification of relative read support for a particular peak
region is highly variable. In the case of bulk ATAC-seq however, a difference in
read support for different regions can imply varying degrees of accessibility, a key
feature of closely related cell types or differentiation processes. To reflect this in
the model, we propose an extension of the cisTopic method which we call bulk
LDA (BLDA). In this extension, we normalize read counts according to the floor of
their reads per kilobase pair and million reads (RPKM) normalized value, giving an
integer value of effective number of times the "word", or region, is represented in the
particular dataset. This approach has the advantage of incorporating quantitative
information about differential peak strengths across experiments, and more closely
mimics typical applications of LDA within natural language processing. Here we
investigate whether the quantitative extension of cisTopic for bulk ATAC-seq is
able to better recapitulate the single cell case.

We decided hyperparameters through Bayesian Optimization with four through
eight topics, the same as the single cell case for consistency for both approaches
separately. We have omitted the likelihood surfaces and provided the optimal
parameters after 500 iterations in Table [3.2] We run classic LDA for the
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I[Encoding (OHE)|and our extended BLDA cases using the selected hyperparameters

and compare the inferred topic loadings between the approaches (Figure . Given
the small number of dense cells which share a high proportion of peak regions, in
both the entire peak dataset and the thresholded one the BLDA method produces
sharper and more defined topic loadings onto the individual pseudo-bulk cells.
The cell-topic distribution is not noticeably different between the thresholded and
non-thresholded peak calls (A versus B, Figure . The OHE case for this data
was unable to produce topics which differentiated between the difference cell types,
while the RPKM normalization may have allowed the inference procedure to select
regions which varied in their accessibility (left versus right, Figure .

To investigate to what degree the BLDA procedure found regions which were
differentially accessible across pseudo cell-types, we compare the "key word" regions
to the regions selected by edgeR in Section [3.3.1.1 We use cisTopic’s built in
procedure for selecting important contributory regions to topic definitions, fitting
a gamma distribution to the shape of the region-topic distribution for each topic
and selecting regions which lie in the top 1% of that distribution. Doing this,
we find a difference in the number of regions identified between the thresholded
and non-thresholded LanceOTron peak calls, which we expect given the selection
procedure (Figure . More peaks are also uniformly selected for the BLDA
method, though we expect that this is due to the lack convergence in the classic
LDA set up, rather than a systematic difference based on the method.

However, we find that the key-word regions are not equally specific with regards
to the "ground-truth" differentially accessible regions from edgeR. Taking the top
100 regions from the edgeR analysis, we overlap them with all key-word regions
in a given analysis (Figure [3.9).

Firstly, we find a clear difference between OHE and BLDA in their ability to
identify truly differentially accessible regions (First versus second panel of Figure.
Considering the case of thresholded peak calls, OHE identifies almost none of the
known differentially accessible peaks, while the BLDA method identifies slightly

fewer than the original single cell experiment. This supports the assertion that
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Figure 3.7: Inferred topic loadings using optimized hyperparameters and a priori defined
for both the OHE and BLDA methods using pseudo-bulked scATAC-seq data.

bulk LDA is a comparable approach to single cell LDA for datasets consisting

of a small number of dense cells.

3.3.2 Bulk LDA describes Erythropoiesis

Having established that BLDA is able to identify realistic patterns in bulk data,
we investigate a well-characterized biological system. Erythropoiesis, the process
by which red blood cells are produced, involves known differentiation stages with

defined marker genes. This allows us to compare the topics inferred from BLDA
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with expectations based on the biology of the system.

To create a dataset of bulk ATAC-seq data to study erythropoiesis, we download
and process raw sequencing data from Ludwig et al. [200] and Corces et al. [202]
using gene expression omnibus datasets GSE115684 and GSE74912 respectively.
Raw reads were assessed for quality with FastQC and aligned using. Coverage tracks
were created using DeepTools and peak calling was performed using LanceOTron
using the same score cutoff as previously described. The number of peaks iden-
tified this way varied considerably across cell types (Figure ) Accessible
regions of the genome generally increase from hematopoietic stem cells (HSCs)
to common myeloid progenitors before decreasing in Megakaryocyte—erythroid
progenitor cell. Erythrocyte colony forming units (CFUE) and orthochromatic
erythroblasts (OrthoE cells) have especially accessible chromatin, with nearly 50,000
accessible regions. As it is known that nuclear chromatin condenses in preparation
for enucleation in terminally differentiated immature erythroblasts, accesibility and
the number of identified peak regions are greatly decreased in erythroblasts here as
well [186]. There is relatively low sharing of accessible regions outside of a central
differentiation "block" between ProE and BasoE cells (Figure [3.10B). This too is
consistent with our expectation, as terminal differentiation is known to significantly
alter the expression of many hundreds of genes [186]. It is now well understood to
what degree the differential usage versus differential accessibility of key regulatory
elements shapes normal differentiation of human cells [227, 228]. Here we use the
previously characterized bulk LDA to identify groupings of accessible regions which
are associated with specific stages in erythropoiesis.

Peak calls were merged to create two count matrices. The first represents
the typical cisTopic analysis method, one-hot encoding each peak region from its
derivative cell type. The second is our BLDA method, using an integer value of
RPKM normalised read count for each identified accessible region. We optimise
the hyperparameters as before, and run inference for between 8 and 20 topics.
The number of topics was chosen to demonstrate, on the lower end, how LDA

will group similar cells when it is forced to, and on the upper end if there is any
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Figure 3.10: Peak calling in erythropoiesis dataset. A. Number of identified peak regions
by cell type using LanceOTron and a score threshold of 0.5. B. The number of peaks
shared between cell types.

remaining structure after each cell is allowed its own topic. We find that, similar to
pseudo-bulked scATAC-seq data, the BLDA method consistently produces cleaner
and better defined topic loadings for individual cell types (Figure . While this
larger and more realistic dataset allows the OHE strategy to pick out some topics
which differentiate between cell types, the patterns tend to be strongly constrained
to certain grouping such as the erythroid precursors or lineage committed cells.
The BLDA method on the other hand distinguishes highly cell-specific topics. The
number of topics which are shared across multiple cell types varies considerably
as the model is given more freedom with increasing number of topics. Even at
low numbers, highly differentiated cell types like CD4 and CD8 T cells show
distinct, highly enriched topics. Conversely, topics are almost always identified
which are enriched in closely related intermediary cell types. We quantify the
number of times two cell types share an enriched topic, taking a cell-normalised
topic loading threshold of 0.25 to indicate enrichment (Figure . Two blocks
of co-enriched cell types are obvious, one beginning from erythroid progenitors
(ProE) and ending with basophilic erythroblasts (BasoE), the second beginning
with BasoE and ending with Erythroblasts (Ery). It is rare for a cell type in either
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Figure 3.11: Inferred topic loadings for erythropoiesis dataset. On the left hand side,
One-hot encoded LDA, on the right bulk LDA with RPKM normalization. Facets indicate
the number of modelled topics. Cells are indicated in reverse differentiation pseudotime,
with each facet ordered on the Y axis as CD8, CD4, CLP, LMPP, Erythroblast, Ortho/Ret,
OrthoE, PolyE, BasoE, ProE2, ProEl, CFUE, Prok, MEP, CMP, MPP, and HSC. See
Figure for a detailed exploration for k = 8.

one of these clusters to share topic loadings with the other. Additionally, topics are
occasionally shared between sequential stages of early differentiation, i.e. between
hematopoietic stem cells and multi-potent progenitors (MPPs), but these topics

never overlap with lineage committed cell stages.
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Figure 3.12: Similarity of cell types based on the number of times they are co-enriched
for a topic, summarized over all numbers of inferred topics. Topics inferred using BLDA
for the erythropoiesis dataset as described in the Methods section. For a description of

the cell types, see Section

3.3.2.1 [Isolating key-word regions from region-topic loadings

Certain regions are inferred to be uniquely important for a topic. We follow
the convention within the LDA literature in calling these samples key-words, as
the observations within a document are typically denoted as words. There is no
theoretical definition of a key-word region, therefore a threshold on the region-topic
distribution must be empirically chosen to represent the most important regions.
The cisTopic method normalizes the distribution of loadings within a topic such that
it falls in the range 0-1 and theoretically follows a Gamma distribution, though the
parameters for this distribution must again be inferred empirically. In this section, we
attempt to identify sensible thresholds for key-word regions based on topic loadings.

To decrease the number of variables that need to be studied, for this section
we will focus on the BLDA inference. Based on the qualitative results from the
previous section, quantitative input to the LDA inference algorithm produces more
specific topics which are shared amongst related cell types in realistic ways. This

specificity is important for the identifications of key-word regions.
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Figure 3.13: Number of identified regions above the facetted percent point function of a
Gamma distribution with inferred parameters using SciPy.

Additionally, we begin our analysis by focusing on only one value for the number
of topics. For the analysis with k£ = 16 topics, SciPy was used to estimate the
parameters of a Gamma distribution for the region-topic distribution for each of the
16 topics. Four thresholds were used to select the top 2.5, 1, 0.1, and 0.01% of the
inferred Gamma distribution. The number of selected regions ranged considerably
across the topics (Figure . From this we conclude that a gamma distribution
may not fit each of the topics equally well, as the proportion of peaks that were
selected based on the threshold does not reflect the theoretical expectation.

To investigate further, descriptive statistics are used to identify candidate
distributions. We use a Cullen a Frey graph to examine one of the poorly fit topics
from Figure topic 8 (Figure . 1000 bootstraps of the data indicate two
potential distributions, gamma and log-normal (top left of Figure . Maximum
likelihood is used to estimate parameters for these distributions, and the empirical
versus theoretical density, percentiles, and cumulative distribution functions are
plotted (top right, bottom left, and bottom right of Figure respectively).
Though it appears as though the density at least visually matches the gamma
distribution, the larger empirical percentiles of the data do not match either a
gamma or log-normal distribution (bottom left of Figure . It seems likely that
the skew of the data is causing the under-representation of selected key-word regions.

This lack of fit to a theoretical gamma distribution presents several avenues for
exploration. One option would be to fit a mixture distribution, explaining different
portions of the data with different parameters for the distributions. However, this

would make it difficult to estimate a certain proportion of the overall distribution,
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Figure 3.14: Distribution of the region-topic distribution from a candidate topic from
Figure topic 8. Top left shows a comparison of 1000 bootstrapped values of the
data against descriptive statistics for several common distributions. Top right shows the
empirical histogram of the data compared against the two distributions nominated from
the Cullen and Frey graph fitted via maximum likelihood estimation. Top left shows
empirical versus theoretical percentiles from the two fitted distributions, while bottom
right shows the empirical cumulative distribution function.
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which is the goal of the exercise. Instead, we opt to take the simpler route and
simply take a fixed number of the highest region-normalised topic loadings. This
guarantees a sufficient sample size for further analyses like motif identification and
pathway enrichment, while not making the analysis overly complex for replication

across the different k£ values of topics.
3.3.2.2 Motif enrichment within key-word regions

The top 100, 250, and 500 regions from each region-topic distribution are selected and
MotifScan (https://motifscan.readthedocs.io/en/latest/) is used along with
the JASPAR database of [TFBS| motifs to identify regions matching known

weight matrix (PWM)|and find over-representation in the set of regions. A control

set of regions is constructed by taking the negative intersection between the original
merged dataset of regions and the selected regions, in order to better represent both
accessible DNA and relevant common motifs for the system. A second control set
is constructed by taking the union of all regions selected as key-word regions. This
second set investigates motifs which are enriched relative to other selected regions.

The smallest k topics forces sharing between similar cell types (Figure .
For each topic, the enrichment of all in the JASPAR database is calculated
for each count of top regions, and each control strategy (Figure . Some topics
in this particular instance are of interest. Topic 6 spans the early developmen-
tal stages between hematopoietic stem cells and multi-potent progenitors, and
shows enrichment for known factors like MEIS1, whose expression is required for

erythropoiesis in HSCs [229-231].
3.3.2.3 BLDA identifies relevant pathways active in Erythropoiesis

A combination of the motifs identified as well as the groupings of regions allows
for a deeper interrogation of the uncovered biology.

Ludwig et al. [200] identified several regions of the genome with substantial
impacts on the process of Erythropoiesis. Of these, there are no overlaps between
UROS, CCND3, VEGFA, and TMCC2 in the set of selected keyword regions.
However, the promoter region for the Rh associated glycoprotein (RhAG), which


https://motifscan.readthedocs.io/en/latest/
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Figure 3.15: Cell-topic distribution for k& = 8 topic. A. Loadings across cell types ordered
by differentiation trajectory. B. Loadings by topic across differentiation pseudo-time.

is not accessible in HSC, MPP, or CMP cells, shows a progressive increase in

accessibility throughout erythropoiesis, as shown in Figure A keyword region

for topic 2 is located in its promoter. Topic 2 mirrors the accessibility patterns

of RhAG, showing which also is shown to be inactive in early hematopoiesis

and

increasing in accessible after lineage commitment, peaking in BasoE cells.

Other examples of individual regions which mirror topic loading patterns are

readily apparent, such as the RSHDM4 locus, which is also a key region for

topic 2 (Figure [3.17D)).
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Topic

Numbers 100 Regions

2 Bach1:Mafk, MEIS1,
GATAL:TALL, ZNF354C,
MEIS3

3 AhrzAmnt, THAP11, SP4,

SP2,5P1, ZBTB14,
KLF16, TFDP1, KLFS,
NRF1, KLF15, SP8, SP3,
NFYC, NFYA, KLFL1,

HINFP, TFAP2E, Gmebl,

KLF14,
FOSLL:JUND(var.2),
KLF3, EGR3, ZNF354C,
ZBTBTA, Arnt, E2F6,
EGRI, ZNF263,
FOSL2::JUND(var.2),
CREM, ZBTB33, NFYB,
FOXIL, FOXLI, FOX04,
FOXOB, FOXP3,
JUNB(var.2), NR2C1,
KLF13, ELK4, Pax2,
KIf12, 2fx, VY2, TCFLS,
EGR4, JDP2(var.2),
FOS::JUN(var.2),
CREB3L4(var.2),
BARHLL, ZBTBTB,
ZBTBTC, KLF6, INSML,
ATF3

5 ZNF354C, Arid3a,

MEIS1, NFATC2, NFKB2,

FOXIL, FOXL, FOXO4,
FOXO8, FOXP3

6 Arid3a

7 MEISL

8 GATAL:TALL

AllReference Regions.

250 Regions

GATA3, ZNF354C

GATAL:TALL, Bach1:Mafk, ZNF354C, MGA, TBXI,
TBXLS, TBX4, TBXS, MEIS1, Nfe2l2, VOR, Arnt,
‘GATA3, Zfx, NFE2L1, RHOXFL, HLTF, HIC2

AhrzAmt, THAPLL, KLF5, SP4, NRF1, SP2, TFDP1,
SP1,ZNF354C, ZBTB14, KLF16, TFAP2E, ELK4,
Gmeb1, SP3, Arnt, KLF15, EGRI, Pax2, NFYA,

ZBTBTA, NFYC, HINFP, ETV3, SP8, NFYB, Zfx, EGR,

YY2, EGR3, CREM, KLFLL, YY1, ETVS, JUNB(var.2),
ZBTB33, E2F6, KLF3, KLF14, KIf12, ZNF263, SP9,
TCF12(var.2), TCF3, ZEBL, FOSL1:JUND(var.2),
ELKL, FOXI1, FOXL1, FOX04, FOXO6, FOXP3,
FOSB:JUNB(var.2), BHLHE22(var.2),

500 Regions

ZNF354C, GATAL:TALL, GATA3, KIfL, ZNF460, GATA2, KIf12
GATAL:TALL, ZNF354C, GATA3, Bach1:Mafk, MEISL, VDR, Zfx, GATAS,

MGA, TBX1, TBX15, TBX4, TBXS, Nfe2(2, Arnt, SP2, Nr2f6(var.2), Rarg,
KIfL, SP4, ZNF450, NFE2L1, NR4A2, MYC, HLTF, KLF10, MAX, HIC2

Ahr:Arnt, THAPLL, SP4, NRFL, KLFS, ZNF354C, TFDPL, ELK4, SP1, SP2,

ZBTB14, HINFP, Arnt, SP3, KLF16, Gmeb1, ZBTBTA, ETVS, Pax2,
TFAP2E, EGR, ETV3, NFYC, NFYA, KLF15, Zfx, YY1, NFYB, KLF3, SP8,
EGR1, KIf12, KLF14, CREM, KLFL1, ZNF263, E2F6, ZBTB33,
JUNB(var.2), FOSL1::JUND(var.2), ELK1, EGR3, ERF, FEV, ZBTBTS,
FOSL2::JUND(var.2), ETS1, CREB3L4(var.2), SP9, YV2,
FOSB::JUNB(var.2), ELK3, FOSL1::JUN(var.2), TFE3, ETVG, ATF3, ATF7,
KLF6, E2F4, ELF4, NR2C1, KLF10, TCF12(var.2), GLIS2,

JUN:JUNB( 1C3, BARHLL, HOXA9, KLF13, TFEB, JDP2(var.2),

FOSLL::JUN(var.2), ZBED1, CREB3L4(var.2), GLIS2,

ERF, FEV, NR2C1, EGR4, JDP2(var.2), ETS1, ELK3,
ELF2, SPDEF, ETV6, CREB3, FOSL2::JUND(var.2),
WtL, E2F4, JUN:JUNB(var.2), KLF10, ELF4, KLF13,
ZBTBTB, RFXT, EBFL, TFE3, BARHLL, Atf1, MEISL,
ETS2, MAZ, ARNT:HIF1A, ELFS, NFATC2, ZIC3,
KLF6, ATF3, ATF7, FOSL2::JUN(var.2), TFES,
HOXA9, ATF6, TCFLS, Mixip, NHLHL, INSM1,
BHLHEA1, ZBTBTC, FOS::JUN(var.2), BSX, EN1,
15X, MSXL, MSX2, Msx3, RAX2, SHOX, Shox2, TLX2,
UNCX

NFYA, SOX4

Arid3a, ZNF354C, FOXIL, FOXL1, FOXO4, FOXO6,

FOXP3, NFATC2, GABPA, ELFL, MEIS1, SOXIS, Arnt,

Sox5, ELK4, NFKB2

Arid3a, GATA3, MEISL

ZNF354C, MEIS1, HAND2, Ascl2

Arid3a, GATA3, SOX18, Sox5

FOSL2::JUN(var.2), ELF2, BHLHE22(var.2), ZBED1, ZBTBTC,
ARNT:HIF1, SPDEF, KLF2, Dux, Wtl, EGR4, TCF3, CREB3, ZEBL, Arntl,
FOXI1, FOXLL, FOX04, FOXO6, FOXP3, CENPB, BHLHEA1,
TFAP2C(var.2), FLIL, FOS::JUN(var.2), RFXT, MAZ, ERG, ZBTBS, NHLH1,
ELF5, E2F1, MLX, Atf1, FOSB::JUN, MEISL, XBP1, Znf281, CTCFL,
ARNT2, MLXIPL, ETS2, SREBF2(var.2), MZF1(var.2), EBF1, MITF, THAPL,
Crebs, ZNF143, TFEC, FOSL2::JUNB(var.2), E2F3, CREB3L4, ATF6,
NFATC2, MYC, RBP, Stat4, GLIS1, NR2C2(var.2), RELB, ZNF449, USF2,
2ZFP42, ASCLL, ZNF341, PAXS, BSX, ENL, ISX, MSX1, MSK2, M3, RAX2,
SHOX, Shox2, TLX2, UNCX, ZICS, MTFL, NHLH2, Mixip

Arid3a, NFYA, Ahr:Amt

ZNF354C, Arid3a, FOXI1, FOXLL, FOXO4, FOXO6, FOXP3, NFATC2,
GABPA, MEISL, ELK4, FOXGL, Foxj2, FOXN3, FOXO3, AhrzAmt, ELF1,
S0x5, NFKB2, SOX15, Art, EHF, MGA, TBX1, TBX15, TBX4, TBXS, EGRL,
ELF3, Nr2e3, Foxj3, Nobox, ETV4, ZBTB33

Arid3a, GATA3, NFATC2, Sox5, MEISL, SP4

MEISL, Ascl2, ZNF354C, MYOG, GABPA, Arid3a, HAND2, SNAI3,
POUGF2, NR4A2

Arid3a, GATA3, Sox5, GATAL:TALL, POU3F4, POUSFLB, NFATC2,
SOX18, KLF5, SP4

100 Regions

AhrzAmt, THAPLL,
SP4,SPL, KLF5,
SP2, NRF1, KLF16,
2ZBTB14, TFOPL,
KLF15,5P8, 5P3,
HINFP, KLF3,

FOSLLLJUND(var2),

KLFLL, NFYA, NFYC,
KLF14, ELKA,
TFAP2E, KLF13,
ZBTB7A, Gmebl,
CTCFL, EGR3, E2F6,
NR2C1, NFYB,
ZBTB33, ZNF263,

FOSL2:JUNDIvar.2),

CREM

AhrzAmt

using topic modelling

108

All Selected Regions

250 Regions

Arid3a

GATAL:TALL, BachL::Mafk, Zfx,

Nfe2(2, MGA, TBX1, TBX1S,
TBX4, TBXS

AhrzArnt, THAPLL, KLFS,
NRFL,5P4, SP2, SPL, TFDPL,
KLF16, ELK4, ZBTB14, 5P3,
TRAP2E, KLF15, HINFP,
ZBTB7A, Gmeb1, ETV3, EGRI,
ETV5, SP8, Pax2, KLF3, EGR3,
YY1, NFYA, NFYB, NFYC, KLF14,
2fx EGR2, Amt, KLFL1, CREM,
JUNB(var2), ELKL, Y¥2,
ZNF354C, SP9, ZBTB33, ZEBI,
E2F6, ELF2, KIf12,
CREB3LA(var.2), ERF, FEV,
TCF12(var.2),
FOSL1::JUND(var.2), TCF3,
ETS1, ZNF263, ELK3,
FOSL2:1JUND(var.2), KLF13,
ELF4, ETV6,
FOSB::JUNB(var.2),
FOSL1::JUN(var.2), ATF3,
‘SPDEF, RFX7, NR2CL, GLIS2,
E2F4, ZBTBTB, EGR4,
JDP2(var.2), ETS2, BHLHEA41,
WtL, ATF7, TFEB, KLF10, MAZ,
FOSL2::JUN(var.2), ZBEDL,
CTCFL, BHLHE22(var.2)

AhrzAmt, TFAP2E

GABPA, ELFL

SP1, Ahr:Amt, SP4, THAPLL

SP4, Ahr:Amt, KLFS

500 Regions

GATAL:TALL, GATA3, KIfL, FOXIL, FOXLI, FOXO4,
FOXO6, FOXP3, NFATC2, Arid3a

GATAL:TALL, Bach1:Mafk, Zfx, SP4, SP2, Nfe2(2,
GATAS, KLF10

AhrzAmt, NRFL, THAP11, SP4, KLFS, TFDP1, HINFP,
ELK4, SP1, ZBTB14, SP2, SP3, KLF16, ETVS, ZBTBTA,
ETV3, Gmebl, Amt, EGR2, KLF3, TFAP2E, ZNF354C,
KLF15, Pax2, Zfx, NFYC, YY1, NFYB, EGRL, ELK1, NFYA,
P8, KIf12, KLF14, CREM, E2F6, ERF, FEV, ZBTBTB,
ATF3, KLF11, ELK3, ETS1, CREB3L4(var.2), EGR3,
JUNB(var.2), FOSL2::JUND(var.2), ZBTB33, SP9, ATFT,
ZNF263, NR2C1, ELF2, YY2, ELF4, SPDEF, ZIC3,
FOSB::JUNB(var.2), E2F4, FOSL1:JUN(var.2), ETV6,
FOSLL::JUNDI(var.2), BARHLL, TFE3, TFEB, GLIS2,
KLF13, FOSL2:JUN(var.2), JOP2(var.2), TCF12(var.2),
KLF10, ZBTBTC, ARNT:HIF1A, TFAP2C(var.2),
BHLHE22(var.2), CENPB, E2FL, CTCFL, BHLHE4L,
EGR4, ZEBL, JUN::JUNB{var.2), Wtl, FOS::JUN(var.2),
CREB3, MAZ, Arntl, HOXA, FLIL, MLX, TCF3, KLF6,
Crebs, MLXIPL, ZBED1, ETS2, FOSL2::JUNB(var.2),
ELF5, FOSB::JUN, ERG, RFX7, NHLHL, Dux, ZBTBS,
SREBF2(var.2), KLF2, THAPL, MITF, Atf1, CREB3L4,
2FP4, GLIS1, TFEC, EBF1, ARNT2, XBP1, ZNF143,
RELB, MZF1(var.2), Znf281, GATAL:TALL, GATA3,
BATF::JUN, JDP2

NFATC2, ZNF354C, EGR2, Arnt, ELK4, SP3, KLF3,
THAPLL, KLF15, Gmeb1, KLF16, SP1, TFDPL, TFE3,
ZBTBTA, SP2, NRFL, GATAL:TALL, KLF5, SP4,
Ahr:Amt

GABPA, ELFL, FOXG1, Foxj2, FOXN3, FOXO3, ETV4,
GATAL:TALL

Arid3a, SP2, TFDP1, KLF3, ZBTB7A, NFYB, ETVS, Zfx,
KLF16, THAPL1, KLF10, KIf12, ELK4, SP3, ETV3, KLFS,
NRFL, SP1, Ahr:Arnt, SP4

Ascl2, HINFP, SP3, KLF15, TFDP1, KIf12, SP1, KLF16,
SP2, THAPLL, NRFL, KLF5, SP4, Ahr::Arnt

GATA3, ZBTBTA, KLF1S, ZBTB14, HINFP, 5P8, SP2,
TFDPL, ELK4, KLF16, SPL, Zf, NRFL, THAPLL, Arnt,
ZNF354C, SP3, KLF5, Ahr:Art, SP4

Figure 3.16: All identified motifs for k = 8 topic analysis. The top 100, 250, and 500
topics were selected and enrichment was calculated either against all peak regions, or
against all selected key-word regions.

To comprehensively survey the closest annotated protein coding genes, bedtools
was used to find the nearest genic regions to each of the key regions for the

different topics. Mello et al.

recently surveyed differentially accessible genes
throughout different phases of erythoiesis. These genes are compared against the
nearest genic regions for the top 500 keyword regions from each of the topics. The
results illustrate a close match between topic activation patterns and the underlying
biology of blood cell differentiation.

Topic 1, active in early lineage commitment, include critical proteins for

erythropoiesis such as STAT5A and STK3. STATba is predominantly expressed

in early erythropoiesis . The regions are enriched for the binding motifs of
GATA2, GATA3, KLF1, and KLF12. GATAS is typically associated with lymphoid
precursors and committed T cells, recent results indicate a more ubiquotous role

within hematopoiesis . The topic shows no overlap with genes involved in
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apoptosis, unlike later topics.

Topic 2 represents the main inferred mid-to-late erythropoiesis grouping of
regulatory elements. It contains the majority of important proteins involved in
iron homeostasis and mitochondrial transportation (SLC25A38), heme production
(ALAS2), regulation of cellular differentiation (SP1). In addition, SP1 represents
the first protein involved with enucleation. An gene set enrichment analysis showed
subenrichment for "Positive regulation of erythrocyte differentiation", indicating
that a significant portion of the genes identified relate to erythropoiesis. Additional
terms identified include "tetrapyrrole biosynthetic process', "tetrapyrrole metabolic
process', and "pigment metabolic process".

Topic 3 peaks in activity amongst orthochromatic erythroblasts, and also has
some representation in early hematopoiesis, as well as committed T cells. Topic 3
includes NRF1, a knockout of which leads to embryonic lethality due to impaired fetal
liver erythropoiesis [234]. GLRX5, predominantly expressed in late erythropoiesis by
poly and orthochromatic erythroblasts (Fig 1c [233]) is also amongst the nearest key
genes, along with FOXO3 and PPP2R1A [232]. Topic 3 also shows enrichment for a
large number of motifs, indicative that a number of identified peak regions are not
directly involved in protein coding but are intergenic enhancer elements (Figure|[3.16]).

Early hematopoiesis is represented by topics 6 and 8, which are only associated
with a handful of genes associated with erythropoiesis (Table . HIP1 is known
to be crucial to successful hematopoiesis and LYN is involved in the successful
proliferation of hematopoetic cells [235, 236]. Motifs in these regions include
ARID3a, known to be expressed in HSCs, and MEIS1, also involved in early
hematopoiesis 229, 230, 237].

These results indicate that BLDA has identified regions which correspond to
realistic regions of differential accessibility throughout the process of erythropoiesis.
Though the method is not specific, in that many important regions are not

represented amongst the results.
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Figure 3.17: Accessibility at two keyword regions for topic 2 among cells in the

erythropoietic differentiation trajectory.
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Category Topic 1 Topic 2 Topic 3 Topic 4 Topic 5 Topic 6 Topic 7 Topic 8
Anti-apoptosis CTSB MKL1, BCL2L1, CITED2, PGAP2, PDPK1 HSPA9, NFKB1

CTSB, NR3C1 TNFAIP3
Cellular component ACTN4, KPNB1 CDH1, KPNBI1, PSMBI1, RB1CC1 ACTN4 VIM PSMB1 DBNL
involved in apopto- GSN
sis
Erythroblast enu- SP1
cleation
Erythrocyte differ- STAT5A ALAS2, SLC25A38, CITED2, BPGM HCLS1, NCKAPI1L LYN BPGM, DYRK3
entiation BPGM, ERCC2
Hematopoiesis & GFI1B, ZBTBI16, BCL11A, SP1, GLRX5, PPP2R1A TTCTA IKZF1 ZBTB16, LYN IKZF1, CDKS6, ZBTB16
regulation of cell TXNRD2 TXNRD2 TTCTA
differentiation
Heme metabolism ALAD, BLVRB, ALAD, ALAS2, ALAD FECH

TMEM14C BLVRB, FECH,

HMBS, SLC25A38,

SPTA1, UROD
Induction of apop- LGALS1, MAPKI, KAT2B, RBM38, BCLAF1, CULS3, KAT2B, RBM38, MAP3KS5, HIP1 HIP1 MAP3K5
tosis SPN, DAPK2, TP53BP2, PPP2R1A, HIP1 APP

SAP30BP, VAV1 AKAP13, ERCC2 STK17B,
TP53BP2, BTGI1,
NMT1

Iron homeostasis UROD FBXL5, SLC25A28
Oxygen homeosta- ACTN4, MLH1 HMBS, STAT5B, CAT, CITED2, ACTN4, PTK2B ECE1, NFKBI1, IPCEF1 CAT, IPCEF1
sis/ response to hy- ERCC2, NRF1, MLHI1, OXSR1, NR4A2
poxia or to oxida- PTK2B PARKT

tive stress
Primitive
hematopoiesis

STK3

Table 3.3: Genes from Mello et al. | represented in the closest genes set of 500 keyword regions for each of the eight BLDA topics
grouped by function.

buwjopow 21doy buisn suorbos fiuogopnbos 2)q1s$9200-00 burfifiguopy &

ITr



3. Identifying co-accessible regulatory regions using topic modelling 112

3.4 Discussion

Recently, the use of to characterize chromatin accessibility in varied cell
systems has resulted in an excess of high quality data. However, it is currently
difficult to integrate these data and perform inference for common regulatory
programs. In this chapter, I adapted the cisTopic approach for using [LDA] to
simultaneously infer weighted collections of co-accessible regions and the cell types
in which they are active. I show that the method, BLDA, is able to identify a similar
number of differentially expressed regions (as defined by EdgeR) as the established
pipeline in a collection of pseudobulked single cell experiments with
known cell types. The modification was essential to its comparative success, as
a naive implementation of the cisTopic algorithm using region thresholding and
one-hot encoding did not identify any of the same differentially accessible regions
as the single cell analysis. BLDA additionally identified topics which were much
more specific to target cell types than the naive implementation, as is expected in
a purpose-built dataset of dissimilar cell types (Figure . This simple dataset
shows that BLDA is able to recreate some of the success of the single cell method
in bulk samples, so I next turn to a well understood system of differentiating cell
types. Erythropoiesis, the process by which differentiate into red blood cells,
or here more specifically immature erythroblasts which have not yet undergone
enucleation, has an extensive literature documenting genes which are up and down
regulated at various check points [200]. We take sequencing data from Ludwig et al.
[200] and Corces et al. [202] and create a pseudo-timed differentiation trajectory
incorporating hematopoietic precursors and erythropoietic check points, as well as
stages of the lymphoid differentiation pathway incorporating CD4 and CDS8 positive
T cells. I show that in this system as well, the BLDA method out performs a naive
implementation of cisTopic, identifying specific topic loadings that are enriched
for the regulatory biology of erythropoiesis. Inferred topics identify regions of the
genome which are shown to be differentially accessible in similar patterns to topic

loadings across pseudo-time such as Figure [3.17a] and Figure [3.17D]
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Having established that BLDA has power to find biologically enriched pathways
within topic loadings, the next chapter applies the algorithm to large scale datasets
of ATAC-seq experiments like ENCODE and uses them to investigate cell types

with relatively unknown regulatory grammar.

3.5 Data and Code Availability

Single cell sequencing experiments from [194] are available via SRA, and scripts for
performing peak calling and pseudobulking are distributed with the BLDA package
at https://github.com/Chris1221/BLDA. This package also contains functionality
for creating count matrices from BAM files and bigWig tracks in order to run the
adapted analysis pipeline. A modified version of cisTopic necessary for running
these analyses is available at https://github.com/Chris1221/cisTopic_bulk.

Data for the erythropoiesis developmental trajectory is available from GEO,
with more details about specific file formats available from the original publications
Corces et al. [202] and Ludwig et al. [200].

An implementation of LanceOTron peak caller for batch data is available from
https://github.com/Chris1221/Lance0Tron.

A Snakemake pipeline for replicating the entirety of the analyses presented in
this chapter is available in the chapter 3 subdirectory of https://github.com/

Chris1221/thesis_lda repository.
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Once you’ve got a task to do, it’s better to do it than
live with the fear of it.

— Joe Abercrombie, The Blade Itself

Topic modelling identifies novel

PAF1c-bound enhancer elements in
MLL-AF4 leukemia patients
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4.1 Introduction

Substantial advances in the treatment and supportive care of children with

llymphoblastic leukemia (ALL)| have resulted in over 90% of patients surviving

beyond five years of diagnosis . Despite this progress, several subsets of high-
risk paediatric have remained mostly resistant to current treatment regimes
[238]. Chromosomal translocations of the [MLI] (also known as MLL1 or more
recently k-methyl transferase 2A (KMT2A)) gene are a major cause of incurable
paediatric and infant leukemias, and represent between 5-10% of cases across
all age groups [239). MLL translocations fuse the MLL gene in frame with over 100
different partner genes, creating novel fusion proteins (MLL-FP) such as MLL-AF4
[240]. The [MLL fusion protein (MLL-FP)| changes the transcriptome sufficiently

to cause leukemogenesis. This disease represents one of the rare instances where a
single genetic change is sufficient to cause cancer, in essence a single oncoprotein
directing the performance of all ten canonical hallmarks of cancer , . An
understanding of this minimal set of carcinogenic regulatory pathways is therefore
of generalisable interest, and a study of this system has already yielded actionable
insights into other, more prevalent, diseases. Examples include BET, LSD1, and
Menin inhibitors, each originally shown to be effective in cellular and xenographed
murine models of MLLr leukemia [243-246]. However, the active regulatory programs
involved in this disease are only just beginning to be elucidated, and the extent
to which create or reuse existing pathways is not well understood. One

method to assess the complement of active regulatory elements defining a certain

cell type is through NGS-based chromatin accessible assays such as [ATAC-seq| |184,
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Figure 4.1: Major domains and protein interactions of MLL (KMT2A) and their loss
during in the fusion protein.

247]. In this chapter, I adopt the previously developed machine learning topic
modelling approach to study and subsequently character patterns in accessible
regulatory elements within MLL-AF4 patients.

MLL is expressed ubiquitously throughout haematopoiesis, playing an crucial
role in maintaining normal numbers of progenitors and ensuring the availability of
adult [240] |248 249]. Its deletion is embryonically lethal in mice, illuminating
its role in stage specific control of gene expression [250]. Much of the original
work of characterizing its function as a transcriptional regulator came from model
systems due to a close homology to Trithorax in Drosophila and similar activity to
SET1 (aka COMPASS) in yeast [251]. In wild-type MLL, a C-terminal SET domain
confers histone 3 lysine 4 (H3K4) methyltransferase activity while the N-terminal
contains a CXXC domain which binds to unmethylated CpG islands [252-256]. In
the chromosomal translocation event, many of the functional domains of the MLL
protein are lost, including four PHD fingers and the SET domain, leaving three AT
hooks and the CXXC to determine the binding preferences (Figure [4.1])
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In[MLL-FP|driven leukemias, the N-terminus instead associates with one of up to
one hundred and twenty C-terminal proteins, conferring a huge range of functional
activities and interrupting its normal function as a H3K4 methyltransferase [253].
The fusion (MLL-FP) is able to recruit new co-factors such as DOT1L, whose
aberrant methylation profile at H3K79 sites is highly discriminatory for genes
activated by the fusion protein and believed to be crucial for the transforming
activity of MLL-FPs [257, [258]. Identifying distinct pathways that the fusion
protein activates requires the identification of a potential cell of origin to compare
against. Previous research has shown that, especially in infants, caused by
represent an early B cell developmental block [259, |260]. Despite initially
promising results in cell lines, clinically targeting DOT1L has not been generally
effective in leukemia patients, though some early evidence suggests that targeting
DOTIL alongside other key cofactors like menin may show more success [261].
This demonstrates the resiliency and redundancy in MLL-FP driven leukemias,
and the need to understand the full complement of epigenomic changes involved
in leukemia maintenance against the backdrop of developmentally normal early B
cell progenitors. An understanding of these pathways may also lead to a better
understanding of oncogenic pathways more generally.

Recent research points to disturbances in the epigenetic regulation of gene
expression as a potential mechanism for leukemogenesis [262]. The amount of
expressed gene product in a specific cellular system represents a complex interplay
between DNA binding transcription factors occupying sequences at enhancers
and promoter elements [254]. The ability of these transcription factors to bind
is due in part to the physical accessibility of the chromatin at these elements
[99]. The fundamental unit of eukaryotic chromatin, the nucleosome, is regulated
and enzymatically modified by a variety of protein complexes that both promote
the recruitment of additional regulatory proteins and mobilize nucleosomes to
allow polymerase direct access to the sequence [199, 263|. These nucleosomes
consist of octomers of histone proteins, whose terminal regions (known as “tails”)

are frequently post-translationally modified through methylation, ubiquitylation,
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phosphorylation, and acetylation [105]. A summary of relevant histone modifications
for this investigation is presented in Section [1.3.1.2] Emerging evidence suggests an
intricate relationship between the histone modifications present at a genomic region
and its ability to recruit proteins involved in many stages of transcription [104,
107}, 1190, 264]. The deposition and removal of these histone marks is orchestrated
in a cell type specific manner, such that enhancer and promoter elements active
in a sample may be identified at scale by examining the enrichment of specific
histone modifications. For instance, enhancer elements are stereotypically marked
with H3K27ac (acetylation of the 27th lysine residue on the H3 histone) and
H3K4mel, while promoters show the same H327ac but higher enrichment of
H3K4me3 [265]. In theory, the presence of both transcription factors and regulatory
histone modifications at a particular genomic location can be experimentally assessed
by (as described in Section . However, a full investigation into
differentially active enhancers and promotors would require performing ChIP-seq
independently for each transcription factor and chromatin modification in each cell
type of interest. This is infeasible for all but the most heavily studied cellular models.
However, a useful alternative exists in the form of ATAC-seq (see Section .
A cell’s accessible chromatin is reflective of its active regulatory landscape, making
ATAC-seq a powerful method to identify potential cell type specific enhancer and
promoter elements which can be followed up with more careful study through
ChIP-seq for relevant histone modifications [186, (189} 266).

In this chapter, I concentrate on the most frequent fusion partner of MLL,
AF4 (also known as AFF1) [240]. AF4 belongs to a higher-order protein complex
implicated in transcriptional regulation and involving many of the most frequently-
fused MLL partners [267]. Recent evidence has suggested that the MLL-AF4 fusion
protein is involved in a feed-forward gene regulatory network (GRN) involving
transcription factors such as RUNXI1 alongside some which have no previously-
described function [268, 269]. Outside of well-characterized direct binding events
where MLL-AF4 is able to regulate the expression of key genes such as proto-

oncogene MyC and BCL2, the direct and indirect regulation of transcription by
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the fusion protein remains an active area of research [268]. An investigation into
the patterns of accessible chromatin in leukemic samples would provide insight into
the differential usage of enhancer and promoter elements as well as the pathways
which may drive their use. Recently, a well-characterized set of CD19" lymphoid
progenitors was identified in infants [270]. These include a CD10" ProB (PB)
cell type resembling adult progenitors and a completely novel Pre-ProB (PPB)
CD10™ cell type almost undetectable in adult bone marrow and with a gene
expression profile resembling blasts [270]. These cells represent the earliest
identified committed lymphoid progenitors. The authors suggest that these cells
are a candidate for the cell of origin for this leukemia. As such, they represent the
closest known reasonable system to represent developmentally "normal" lymphoid
cells early in their differentiation.

This chapter aims to use topic modelling to describe regulatory programs within
four MLL-FP driven leukemia patients, contrasting them against these two closely
related healthy fetal cell types, PB, and PPB. We also compare these samples
against two cellular models of MLL-AF4, RS4;11 and SEM, both derived from
relapsed lymphoblastic leukemias in thirty-two and five-year-old patients respectively
[271]. T use the previously developed BLDA method to identify key-word regions
discriminative of the different groupings of samples, and study their epigenomic
properties. This amounts to an investigation into the accessible regulatory regions

and pathways active in this uniquely difficult to treat form of leukemia.

4.2 Results

The focus of this chapter is an in depth investigation into using topic modelling
for MLL-AF4 cells. Here, we aim to discover novel pathways that differentiate
MLL-AF4 cells and normal [B-cell precursor (BCP), We do this by firstly identifying

a reasonable number of topics to analyse further based on patterns in topic sharing
that we observe. Secondly, we select a specific number of topics and replicate the
analysis a number of times. We do this to assess the contribution of stochasticity

to the inference procedure. Gibbs sampling is an approach based on Monte Carlo
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sampling, and as such the quality of the sampled posterior distribution can depend
on the starting conditions and the convergence of the algorithm. By explicitly
taking into account several repetitions of the inference algorithm we attempt to
minimize the effect of chance on identified key regions.

We created a unified dataset of open chromatin from cancerous and normal
ATAC-seq experiments. We collect four MLL-AF4 patient samples along with
two MLL-AF4 cell lines and use latent Dirichlet allocation through BLDA to infer
latent weighted collections of regions which may be distinct from the regulatory

regions active in six normal lymphoid precursor cells.

4.2.1 Data Processing and Peak Calling

Motivated by its superior performance compared to MACS2 for LDA in Chapter
3, we use LanceOTron to define peaks representing accessible sequence from the
different samples [221]. The number of called peaks differed significantly between
experiments (Figure ) The most peaks were found in SEM and RS4;11, and
the fewest were identified in Patient 2. We suspected that the low number of peaks
identified in Patient 2 was the result of poor sequencing quality. To confirm this, we
use megadepth to calculate the average read coverage under identified peak regions
[272] (Table [4.1)). Unexpectedly, patient 2 showed comparable read coverage to
the other samples, while Patient 3 had anomalously low read coverage under the
identified peak regions. The number of peaks in Patient 3 was comparable to those
found in SEM and RS4;11. The remainder of the samples have high coverage values
sufficient to identify high quality peaks. Because of the lower quality, we interpret
the results of analyses involving Patients 2 and 3 with caution.

We compared two methods, BLDA and cisTopic. cisTopic uses as its input a
binary accessibility matrix, while BLDA uses a quantitative measure of relative
coverage. To understand the structure of input to cisTopic, we plotted the number
of shared peak regions between the samples (Figure . Patient samples were
well differentiated from and the cell lines. Consistent with the number of

available peak calls, patient 2 shared the fewest peaks with the other samples. This
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Sample Identifier Sample Alias Coverage

Patient 11911 Patient 1 884.3
Patient 21940 Patient 2 801.0
Patient 26754 Patient 3 478.8
Patient 27800 Patient 4 809.2
PPB_ 95R PPB 1 1361.5
PPB_75 PPB 2 1610.6
PPB 23 PPB 3 1295.9
PB_95R PB 1 1776.3
PB 75 PB 2 1242.6
PB 23 PB 3 1405.6
RS4:11 RS4:11 701.8
SEM SEM 725.3

Table 4.1: Average coverage in peak regions for each sample calculated with megadepth.

is explainable by the low numbers of accessible regions in patient 2 in general.
Between the two cell lines, SEM shared significantly more peaks with the BCP)]
than RS4;11 does (paired T-test P=2.56e-4). Surprisingly, there was no evidence
for increased sharing within either PPB or PB cells (T-test P=0.595). These
patterns of sharing will be important when interpreting the raw differential peak

topic modelling versus the qualitative BLDA results.

4.2.2 An MLL-AF4 specific accessibility blacklist

Cell lines maintained in culture accumulate genetic differences over time, some of
which may be advantageous to their survival in culture [273]. Latent structural
differences between the cell lines in question and the reference genome pose a
particularly concerning confounding factor to the interpretation of topic modelling;
differences in mappability between regions reflected in abnormal peaks unrelated
to biological differences between cell types would contaminate pathway and motif
enrichment analyses. To address concerns associated with structural diversity in
the RS4;11 and SEM cell lines that were used in our analyses, we constructed a
list of regions whose enrichment is solely due to technical issues such as biases

in mappability.
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Figure 4.2: Peak calling of MLL-AF4 and B Cell Precursor cells with LanceOTron. A.
Raw number of peak calls per cell. B. Number of shared peak calls between pairs of cells.

As a proxy for regions with mappability and other technical issues, we collected
reference tracks for ChIP-seq experiments conducted on these cells. Briefly, these
input tracks represent sonicated DNA that has not been pulled down with an
antibody, and therefore devoid of biological meaning. Peak calling is performed
using Macs2 with an extremely stringent Q value cutoff, 0.00001, in order to preserve
as much of the accessible genome as possible while eliminating the most obvious
signals of technical artifacts. The resulting merged blacklist contains 21068 short
regions (average + standard deviation length = 483 + 342 base pairs) covering 10.1
megabases of sequence in total. This blacklist is combined with the blacklist of
accessible regions from the ENCODE project . The combined list covers 21.3
megabases of sequence, which we exclude from all subsequent analyses.

To justify this approach and the necessity of removing blacklisted regions, we
perform the entire LDA analysis using unfiltered data, inferred topic loadings not
shown. We performed region selection using the top 100, 250, and 500 regions in
each topic for k = 5, ..., 10 topics and found the strict overlap between the identified
regions and those identified as being a part of either the ENCODE blacklist, or
the ENCODE blacklist plus our custom MLIL-AF4 blacklist (Figure . Overall,
between 20.1% and 48.8% of the selected regions for different values of k£ and the
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Figure 4.3: In an unfiltered LDA analysis of MLL-AF4 and B cell precursor cells,
blacklisted regions made up the majority of identified keyword regions. Plotted is the
total number of regions overlapping either of the two blacklists for a given k value and
the top number of regions indicated in the facet label.

thresholds overlapped with ENCODE blacklisted regions. Between 51.1% and 74.5%
of the same additionally overlapped with the custom-made MLL-AF4 blacklist.
This is compared to an overall overlap of 5998 ENCODE blacklist regions from
249903 total regions for the analysis (2.4%) and 83434 total regions overlapping
with the MLL-AF4 blacklist (33.3%). The blacklisted regions were therefore over-
represented in the keyword regions, as expected. This analysis reaffirms the need

to filter blacklisted regions.

4.2.3 Differential Accessibility between B cell Precursors
and MLL-AF4 cells

After filtering out regions which overlapped with either the ENCODE or MLL-AF4
blacklist, we construct a count matrix using RPKM normalized read counts to test
for baseline differential accessibility. We initially test for differential accessibility
between the MLL-AF4 samples (Patients 1 through 4, RS4;11, and SEM) and
the m (PPB 1-3, PB 1-3). edgeR is used to identify differentially accessible
regions between the two groups based on read counts. Overall, 27970 of the total

64162 regions were differentially accessible at a Q value threshold of 0.05. This is,
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however, too large a number to reasonably analyse in depth, so we select the top
100, 250, and 500 differentially accessible regions, all of which achieved statistical
significance of Q-value less than 0.05. We use GREAT to conduct an association
analysis between these regions and pre-defined biological pathways [275]. The
background against which enrichment should be calculated is set to be union of all
peak regions from the samples, in order to mitigate the inherent bias of analyzing
accessible regions in the genome. All three subsets were enriched for Gene Ontology
pathways, including peptidyl-threonine phosphorylation (4.97 fold enrichment, Q =
2.0e — 7), peptidyl-threonine modification (4.31 fold enrichment, Q = 2.4 x1079),
peptidyl-serine phosphorylation (2.59 fold enrichment, Q = 0.019) and nucleic acid
phosphodiester bond hydrolysis (2.62 fold enrichment, Q = 0.017). The regions were
also enriched for proximity to several genes, all of which with a corrected FDR Q
value lower than 0.05 are shown in Table [£.2] Some of these genes are of immediate
interest, including RHOU which promotes adhesion of T-cell cells via 3
integrin, potentially implicating the protein in known impaired transendothelial
migration potential of various kinds of leukemia cells [276, 277]. It is difficult
to comprehensively survey this list of genes because their relationship with the
identified regions is purely statistical. We have no mechanistic reason to believe

that they are truly associated with disease.

4.2.4 Topic modelling for MLL-AF4 leukemia

Similar to the above cases, peak calling is performed with LanceOTron and a score
threshold of 0.5, as recommended. We construct a count matrix using the normalized
read counts under each peak with BLDA as well as a one-hot encoded matrix for
comparison. Hyperparameters alpha and beta are set for a given number of topics
k using Bayesian optimization and loadings are inferred using cisTopic and BLDA.

We infer topic loadings for k = 5,...,12 topics (Figure [4.4). The upper end
of this range was chosen as the number of cells in the analysis. Increase in topic
number above this point are of questionable utility, as they force more structure on

the data than is present naturally. In both the OHE and BLDA approaches, topics
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Gene Q Value Fold Enrichment
REXOI1L1P 1.41e-33 62.85
PSKH2 3.70e-30 67.37
FOXD4L5 1.29e-15 61.60
CBWD6 2.08e-10 52.50
FRG2B 4.75e-09 74.86
RNF187 4.61e-09 51.33
RHOU 8.52e-07 28.52
FAM27E3 8.54e-07 39.06
DUX4L3 7.51e-06 128.32
FOXD4L4 3.36e-05 102.66
FOXD4L2 7.39e-05 29.61
SERF1A 1.94e-04 73.33
SMN2 3.55e-04 64.16
DUX4L4 6.23e-04 128.32
SPATA31A5 2.12e-03 42.77
ANKRD30B 1.19¢-02 28.52

Table 4.2: Enriched genic regions along with their corrected FDR P value (Q-value)
from the top 500 regions differentially accessible between MLL-AF4 cells and BCP using
edgeR.

are identified that differentiate between the MLL-AF4 and cells. However,
the topics identified by BLDA tend to be more specific, loading onto some specific
cells like Patients 1 and 2, SEM/RS4;11, PPB, or PB predominantly. No such
structure is identified in the cisTopic (right hand) case. For all values of k£ however,
at least one topic is identified for the OHE case which is predominantly active
in the MLL-AF4 cells over the [BCPL

Higher values of k£ appear to impose too much structure on the data. This
is evident for the BLDA case, which identifies one topic enriched for each cell
type (except patient 2) at £ = 12. The OHE case interestingly deals with the
over-parameterization problem differently, preferring to retain the structure seen in
lower values of k£ but assign many different topics with very low loadings within
these groups. Though neither of these results are unexpected, the level of granularity
for BLDA and non-specificity for OHE make it difficult to study the co-accessible

regulatory elements shared between similar cell types. For that reason, we primarily
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Figure 4.4: Inferred topic loadings for k = 5,...,12 topics comparing MLL-AF4 cells to
B cell precursors. RPKM normalised refers to the count matrix used to infer the topic
loadings by BLDA, while one-hot encoding simply annotates which regions are called
as peaks by LanceOTron. Topic loadings are normalised such that the sum of all topics
within a cell equals one.
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are interested in the analyses for smaller values of k.

We select the simplest model for further analysis. We base our decision on
the extremely specific topic loadings identified in the BLDA case (a single topic
representing the cell lines, another involved in patients, with some sharing between
them) as well as the common structure identified in PB cells separate from PPB
cells with a single topic explaining the shared accessibility profile between them

both. We repeat the analysis ten times for both BLDA and OHE.

4.2.4.1 Five topic one-hot encoding replication

The k£ = 5 OHE analysis consistently identifies at least one topic which is active
in all of the MLL-AF4 cells and none of the samples (Figure [4.5)). Patient
2 is usually the most active representative of this group within that topic. Some
replicates (i.e. replicates 2, 5, 6, 7, 8, 9) also find topics active in all of the m
and few of the MLL-AF4 samples. There is no obvious substructure within the
[BCP| samples. We manually annotate each topic as "enriched in MLL-AF4 cells’,
"enriched in [BCP]', or neither and perform enrichment for each of the two specific
sets relative to the other topics. Motifs found in the MLL-AF4 specific topics in the
top 100, 250, and 500 regions include SP4, KLF5, EGR1, and KLF15 (Figure ,
C, D). Ahr::Arnt, ZNF354C, Arid3a, and Arnt are identified but found broadly
between MLL-AF4 and [BCP| regions. The latter were additionally enriched for
BHLHE22 and EBF1 which is a marker for B cell lineage commitment [277] along
with PAX5 which is occasionally identified in specific regions (data not shown).
The list of motifs presented is reasonably unspecific, though there is evidence that
EGRI1 has deep functional relationships with many hematological malignancies
including [278]. The fact that there is at least one known system specific
transcription factor whose motif is enriched for each set of samples is reassuring. It
is additionally reassuring that these important motifs were identified in each of the
ten replicates in their respective sets. Even in this low-resolution OHE setup, the

technique has some power to robustly identify relevant biology across replicates.
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Figure 4.5: Ten replicates of topic modelling using one-hot encoded input. A. Inferred
topic loadings on each of the samples for all 10 replicates, sorted by median topic activation.
B, C, and D show the top 5 motifs identified in IV of the replicates in the top 100, 250,
and 500 regions of manually annotated MLL-AF4 specific topics. E, F, and G show an
equivalent for BCP specific topics.
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Figure 4.6: Ten replicates of topic modelling using RPKM normalized input, aka BLDA.
A. Inferred topic loadings for each of the 12 samples and all 10 replicates, sorted by
standard deviation of topic loading. B. Mean versus standard deviation of specificity,
here defined as the contribution of the most enriched topic to that sample divided by
the sum of that topics enrichment to all other samples. Averaged over replicate. C. The
number of instances where a sample has a topic identified above a loading value of 0.1
versus the number of instances where any topic is annotated above 0.5. Values represent
contribution of a particular topic to a particular cell, such that the sum of topic loadings
within a particular cell equals 1.

4.2.4.2 BLDA replication with five topics

The inferred topic loadings in the BLDA case are also reproducible across replicates
(Figure ) In each of the 10 replicates, one topic loads preferentially onto Patients
1 and 2, and to a lesser degree onto patients 3 and 4. Another loads preferentially
onto RS4;11 and SEM, which are also models of the same MLIL-AF4 leukemia but
do not demonstrate the exact same patterns as the patients. The remainder are
somewhat divided between a common co-accessibility program amongst all samples

(i.e. topic 3 in replicate 5), specifically loading onto PPB (i.e. topic 5 in replicate
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6), or PB (Topic 5 in replicate 0). In general, each of the replicates has at least one
topic that falls into each of these categories, though the loadings onto the [BCP|are
less consistent than the MLL-AF4 cells. The topics loading onto RS4;11 and SEM
were highly specific to those two samples, in contrast to the BCPs whose specificity
was much lower, and additionally much more variable (Figure [4.6B). The BCPs
additionally had many topics annotated to them at low levels, but very few with a
higher annotation level of 0.5 (Figure ) This is in contrast to Patients 1 and 2,
who had both a large number of highly specific topics across the replicates, and
also a very low number of non-specific topics. From this we conclude that similar
topics are able to be found consistently across replicates.

Having established a high degree of specificity for individual topics to the
expected annotations of the samples, we investigate the regions making up the
topics. We briefly focus on a single replicate, indexed as 0 in Figure 4.6 An
interesting avenue for exploration is the degree to which the topics are made up
of similar regions. If they were, it would represent a shared core of co-accessible
elements. The alternative, of completely separate underlying regions, is equally
interesting. An understanding of the region-topic distribution over cell types will
aid in the interpretation of the key regions for particular topics. We transform
each region-topic vector to Z-scores by subtracting the mean and dividing by the
standard deviation of the distribution, and count the number of regions with a
Z-score over 3 (98.8 percentile of a theoretical standard normal distribution) in
each of the topics (diagonal of Figure ) We additionally count the regions
with a Z score of 3 or higher in both of two different topics and find generally
low region sharing overall, except in the case of topics 2 and 5 where 330 regions
were enriched for both(off-diagonal elements of Figure [4.7]A). Topics 2 and 5 in this
replicate were enriched for PB cells and all BCP respectively. The regions selected
as a part of this set had higher read counts in BCP samples than MLL-AF4 samples
(Figure [£.7B). This indicates a high degree of co-accessibility between important
regions in PB and PPB cells. In contrast to this, few regions were shared between

the two MLL-AF4 topics. The regions with topic 1 loadings over a Z score of three
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Figure 4.7: Regions highly annotated on each of the five topics in replicate 0 for the
BLDA topic modelling. A. Region-topic loadings were converted to Z scores by subtracting
the mean of the distribution and dividing by the standard deviation. Regions with a
Z score of 3 or more were selected, and the number of shared highly loaded regions is
plotted. The number identified per topic is plotted on the diagonal. B. RPKM values
for the 330 regions highly loaded for both topics 2 and 5. In this replicate, these topics
were enriched in BCPs. C. RPKM values for regions highly loaded with topic 1, which
primarily loads onto patient samples. D. RPKM values for the 6 regions highly loaded
with topic 3, which is enriched in RS4;11 and SEM samples.

were more accessible in the patient samples, though this was not a statistically
significant difference (Figure [4.7[C). However, the small number of important regions
for the RS4;11/SEM topic were more accessible in these cell types (Figure .

4.2.4.3 Sample-specific key-word regions across replications

We sought to understand how reproducibly these regions were identified between
replicates. Regions robustly identified as being associated with a topic that
loads highly onto a desirable set of samples represent key candidates for further
investigation. We identified the top 100, 250, and 500 regions for each topic in
each replicate, and found how many of these regions are shared between 8, 9,

or all of the replicates (Figure ) Patients have the highest key-word topic
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Figure 4.8: A subset of patient specific regions are highly reproducible across replicates
and are enriched for IncRNA genes. A. For each of the 100, 250, or 500 top regions per
manually annotated sample specific topic, the number of regions occurring in eight or
more, nine or more, or all of the ten replicates is plotted. B. The intersection of all regions
identified across replicates for each set of sample-specific topics. C. RPKM profile for the
76 regions identified in A as being highly reproducible. D. Gene type annotation from
refseq for closest annotated genes for the same regions.

reproducibility across replicates, with 76 of the top 100 identified in every single
replicate. The patient group has the lower number of unique regulatory elements
identified for any threshold (Figure ) Amongst the 76 reproducibly identified
regions, average expression is almost threefold higher in patients than the remainder
of samples (mean of patients = 11321.8, mean of other = 4291.5, Student’s T-test
P value for difference < 2.2e-16). These regions therefore represent a prioritized
set that is both important for the highly-specific topic modelling approach and

identified in each of the ten replicates.
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4.2.5 Annotating reproducibly identifiable patient-related
regions

We begin our characterization of these regions by finding their closest annotated

gene body. 32 of the 76 regions lie directly within genic regions. The remainder

tend to be found within 50kb of the nearest gene, but the distance is highly

variable and some regions are as far as 200kb from their closest gene (Figure )

This distance distribution fits well to our expectations if the regions represented

intergenic enhancer elements. The closest annotated genes are, interestingly,

mon-coding RNAs (IncRNAs)| and are found in a much higher frequency than

expected in 76 randomly samples genes (Figure ,C). Though this result is
suggestive, are very challenging to correctly annotate, with efforts being
confounded by both technical artifacts and methodological complications [279)]
see Figure 1 for an overview of challenges associated with IncRNA annotation)].
There is, however, growing evidence that cancer cells, including leukemic blasts,
may hijack the large and poorly understood IncRNA transcriptome to influence
differentiation, energy metabolism, malignant proliferation, apoptosis, and the drug
resistance of leukemia cells [280, Table 1]. It is possible, therefore, that the regions
identified represent influencing the expression of functional IncRNAs involved
in each individual patient’s leukemia. However, none of the IncRNAs identified
match with those in Table 1 of Gao et al. [280], so their potential functions will

remain the subject of further investigation.

4.2.5.1 Histone modifications and transcription factor binding in the
patient-related regions

Histone proteins within nucleosomes may be post-translationally modified by the

addition of several chemical groups which collectively serve to regulate transcription

and the recruitment of transcription factors. The presence of specific histone modi-

fications at a particular location of the genome can be determined experimentally

using [ChIP-seq, where peak regions give an estimate of the presence or absence

of a particular modification. There are many histone modifications, and their
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Figure 4.9: MLL-AF4 regions compared to reference genes. A. Distance of the 76
reproducible patient regions to their nearest annotate TSS, minus the regions which are
sitting in genic regions. B. Frequencies of gene categories in refSeq versus the sample of
closest patient genes. C. Frequency of IncRNAs in 5000 random samples of 76 regions
from refSeq, showing that the observed frequency of IncRNA is in the far tail of this
distribution.

combinatorial method of action makes it difficult to interpret the exact ramifications
of their presence . However, specific combinations of histone modifications
have been successfully used to demarcate the genome and identify putative active
and repressed enhancers and promoters. A small number of important histone
modifications and transcription factor binding sites were characterized in these
samples using (see Methods).

We called peaks on each of the ChIP-seq tracks using LanceOTron and intersected
the peaks with the reproducible set of patient regions. We additionally drew 1000
random samples from the set of accessible regions used in this section, creating an
empirical P-value, to understand the relative enrichment of these ChIP-seq signals
versus the genomic background of accessible sequence. Within the available ChIP-
seq data, regions are relatively enriched for H3K27ac, H3K4mel, and H3K4me3
(Table . They are depleted in K379me2, and there is evidence that we see more
binding of MLL to these regions than we would expect by chance, especially in
patient 11911, where we additionally see increased binding of AF4, PAF1c, and
RUNXI1. The relative abundance of H3K27ac and H3K4mel indicate that these

elements may be acting as enhancers. Interestingly, H3K4me3 also appears to be
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Figure 4.10: Number of intersections between 76 randomly selected putative enhancer
sites (accessible regions which overlapped with both H3K4mel and H3K27ac chromatin
peaks) in 5000 random samples compared to the observed quantities in the reproducible
patient regions (plotted in red as a vertical line).

statistically enriched in this sample, albeit to a lower degree. This may indicate a
mix of enhancer and promoter elements, or the possible implications of controversial
“super-enhancers”. We describe this result in more depth in the Discussion. However,
it is not clear whether the high abundance of PAF1c, RUNX1, and MLL marks
are due to general enrichment in enhancer regions or are somehow associated with
these regions functionally. As patient 11911 is the only available sample with all of
these chromatin marks and transcription factors available, we elect to study this
patient specifically. We create a set of putative enhancer elements by selecting 18101
regions from the total 64162 accessible regions that overlap with both H3K27ac
and H3K4mel peaks. We then perform a similar analysis to before, selecting
5000 sets of 76 regions at random and observing the proportion of the putative
enhancer elements that are additionally bound by MLL, AF4, PAF1c, and RUNXI.
The resulting distributions show that none of the 5000 random samples are as
highly enriched for MLL, PAF1c, or RUNXI as the reproducible patient regions
(Figure . MLL binding is enriched by approximately 50% over the mean of
the distribution (67 versus 44.8), RUNXI binding is 63% higher than the mean (48
versus 29.3), and PAF1c is enriched by nearly 70% (52 versus 30.6). We discuss

the relevance of these factors in the Discussion section.
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are highlighted in orange, with the highlight extending slightly beyond their borders for
visual clarity.

Patient ID  H3K27ac  H3K4mel  H3K4me3  H3K79me2  MLL AF4 H3K27me3 PAFlc RUNXI1
26754 57 (0) 60 (0) 31 (0) 2 (0.968) 42 (0) 4 (0.631)

11911 66 (0) 72 (0) 32 (0) 2 (0.975) 67 (0) 13 (0.004) 1 (0.933) 52 (0) 48 (0)
27800 60 (0) 61 (0) 38 (0) 3 (0.956)

25911 23 (0) 24 (0)

Table 4.3: ChlIP-seq peak overlaps with reproducible patient regions. The number
shown in the column represents the number of the regions overlapping with the specified
ChIP-seq mark (out of a total of 76). We construct an empirical P-value for this overlap
value (displayed in brackets for each value) by taking 5000 random samples of 76 accessible
regions from the complete set of peaks and finding the proportion exceeding the observed
count for each sample. Zero values indicate that none of the random samples overlapped
with the ChIP-seq mark more than the observation.
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Region Function Gene Cell line reference
chr1:239881927-239883919 Promoter CHRM3-AS2
AC098826.5; GM19238;
chr2:133023823-133025309 Enhancer gggggfl’ gi\ﬁifjjtsi’ci;‘&famf‘Slet’
LYPD1 Pancreatic__islet
ARLG; HT29;
chr3:97628722-97630587 Enhancer ég;llgézlyl’ gigg:PCS,thl,Thymus;
MINA HT29,Mesendoderm,NB4,PC3
IFT80; HT29;
RP11; HT29,NB4;
TRIM59; HT29;
SCARNAT; HT29;
chr3:160554953-160556142 Enhancer ARL14; HT29;
RP11; HT29,NB4;
PPMIL; HT29,NB4;
RP11; HT29,NB4;
NMD3 NB4
IL1RAP; HFF,hMADS-3,HT29,Keratinocyte, MCF10A,
melanoma,Mesendoderm,NB4,PC3,T98G,ZR75-30;
GCNT1P3; hMADS-3,Keratinocyte, MCF10A ,melanoma,NB4;
7SK; hMADS-3,Keratinocyte, MCF10A ,melanoma,NB4;
. MTAPP2; HT29,Keratinocyte,Mesendoderm,T98G;
chr3:190303470-190305623 Enhancer CLDNT1; HT29.Keratinocyte, MCF10A,PC3;
LEPRELIL; Keratinocyte, MCF10A, ,Mesendoderm;
CLDN16; Keratinocyte,NB4;
CCT6P4; Keratinocyte,NB4;
TMEM207; NB4;
RP11 NB4
RP11; HFF,ZR75-30;
LNX1; HFF;
RP11; HFF,ZR75-30;
chrd:54721244-54722456 Enhancer gg{iz’ ggg%g;ggg
PDGFRA; HFF;
RPL21P44; ZR75-30;
MORF4L2P1 ZR75-30
SPCS3; HFF;
chr4:177823634-177824977 Enhancer RP11; HFF,LHCN-M2,SK-N-SH__ RA;
NEIL3 Keratinocyte, MCF10A
chr5:82663769-82665217 Enhancer TMEMI167A ZR75-30
PRR16; HFF;
chr5:119723091-119724865 Enhancer CTD; HFF,LHCN-M2;
RP11 melanoma,
) RP3; ME-1;
chr6:141130170-141131796 Enhancer RP11 ME-1
chr6:161161634-161163661 Enhancer PLG GM12891,Namalwa
chr7:11870320-11872428 Promoter THSDTA
chr7:81474664-81476523 Enhancer MIR1255B1 NB4
MRPL9P1; ESC_ neuron,SK-N-SH_RA;
chr8:77492793-77494807 Enhancer ZFHX4; ESC__neuron;
RP11 ESC__neuron,SK-N-SH_ RA
chr9:42018481-42020192 Promoter LOC102724238,LOC554249, KGFLP2
chr9:46686996-46688539 Promoter KGFLP1,LOC554249,LOC102724238
AK3P5; FT246, HFF, hMADS-3,HT29, LHCN-M2,ZR75-30;
RP11; FT246,FT33, HFF,hMADS-3 HT29,Keratinocyte, LHCN-M2,ZR75-
30;
chr10:33654161-33655412 Enhoncer  BP1L 31:"(;[“246,FT33,HFF,}1MADS»3,HT29,Keratmocyte,LHCN—M2,ZR75—
ITGBI1; FT246,FT33, HFF,hMADS-3, HT29,Keratinocyte, LHCN-M2,ZR75-
30;
RP11; FT246,FT33,HFF,hMADS-3,HT29,Keratinocyte, LHCN-M2,ZR75-
30;
RP11; FT246,FT33,HFF,hMADS-3,HT29,Keratinocyte, LHCN-M2,ZR75-
30;
NRP1; FT246,FT33,HFF,hMADS-3,LHCN-M2;
AL353600.1 hMADS-3
chr10:58119756-58122125 Promoter ZWINT
chr12:24531253-24532422 Enhancer BCAT1 hMADS-3,Mesendoderm
chr13:54602807-54604709 Enhancer Iﬁﬁfﬁ%%éi% Mzzgﬁjzgziz
chr13:84710151-84712348 Promoter LINCO00333
TPP2; GM19238,GM19239, HFF ,Namalwa;
KDELCI; GM19238,GM19239,HFF ,Namalwa;
chr13:103658908-103660657 Enhancer BIVM; GM19238,GM19239,HFF,Namalwa;
ERCC5; GM19238,GM19239,HFF,Namalwa;
TEX30 HFF,Namalwa
CTD; Mesendoderm;
chr14:38593423-38595439 Enhancer SSTR1 Mesendoderm

Table 4.4: EnhancerAtlas 2.0 results for the 76 reproducibly identified patient regions.
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4.2.5.2 Known annotations in EnhancerAtlas

We searched EnhancerAtlas 2.0 (Citation) for regions matching ours, and found
that 17 out of the 76 regions were known enhancers, and 6 were known promoters
(Table . The functionality validated active cell types varied considerably, from
enhancers for GPR39 and LYPD1 in pancreatic islet cells to more similar TMEM207
and RP11 enhancers in pro-myelotic leukemia cell line NB4. In this list as well, non-
coding RNA targets are also over-represented. RP11, for example, was identified as
functionally validated target of 10 of the 17 enhancers. Though RP11 represents a
class of otherwise unannotated genes, rather than a protein of its own, many subtypes
of RP11 are in fact non-coding RNAs (CITATION). As previously mentioned, these
regions are clearly marked as putative enhancer regions, though it is not immediately
obvious which genes they may be regulating. Interestingly, some regions co-occur
in clusters such as the one on Chromosome 13 in Figure [{.11} Here, five regions
are found together, each marked with enhancer marks H3K4mel and H3K27ac as
well as the transcription factors MLL and PAF1c. The second of these five regions
is annotated as an enhancer for TPP2, KDELC1, BIVM, ERCC5, and TEX30 in
GM EBV-immortalized cells as well as a fibroblast cell line HFF-1. Whether the
remainder of the enhancers are novel in the MLL-AF4 patients remains to be shown

experimentally, however there is no clear accessibility in these regions for BCPs|

4.2.6 Accessibility of patient-related regions within the
ENCODE Consortium Blood Cell Collection

To investigate this further, we collect all of the blood related cell types in the
ENCODE consortium’s list of available ATAC-seq experiments. We exclude any
DNAse-seq experiments due to known systematic differences as well as the unproven
ability of the method to transfer between accessibility protocols [263]. Without an
obvious way to show that differences between DNase-seq and ATAC-seq are not a
result of modelling systematic differences, we restrict the analysis to 143 samples
within the ENCODE database with available coverage tracks in BigWig format

and which are annotated as being associated with the blood tissue system. This



4. Topic modelling in fetal MLL-AFJ Leukemia 139

chr13:81447361-81448406 chr13:84710151-84712348 chrl3:87775745-87777406 chr13:88758553-88760522 chr13:89571306-89573207

40
30

204

Jd |1.l..ll' | b mi. ||l A

6o 3 6 9 0o 3 6 9 0o 3 6 9
Log RPKM

Bin count

[ scr [ mii-aFaceis [l other ExcoDE Patients

Figure 4.12: Log RPKM for five regions in a putative enhancer cluster identified through
topic modelling in ENCODE blood cells versus patients and MLL-AF4 cell types.

data is downloaded and peak called using LanceOTron as before, excluding regions
in the ENCODE blacklist as well as the MLL-AF4 specific blacklist developed in
Section [£.2.2] We additionally use liftOver to transfer genomic coordinates from the
native GRCh38 to hgl9 to match the other samples’ build. The dataset contained,
in total, 326427 regions and 155 ATAC-seq experiments. We begin our validation
by examining the previously identified regions in the entire ENCODE blood data
set. Interestingly, the five regions contained in the previously described putative
enhancer cluster are all most accessible in patients compared to any other cell type
in the ENCODE blood cell type collection, suggesting that their function may be
new in these patient samples (Figure . In fact, 74 of the 76 patient regions were
the most accessible in patient samples, with the other two being more accessible
in BCPs and MLL-AF4 cells rather than the ENCODE dataset.

We perform topic modelling on the entirety of the ENCODE dataset alongside
the MLL-AF4 and [BCP| samples. Hyperparameter optimization is difficult in this
system, purely due to computational considerations. Therefore we select reasonable
hyperparameters based on the defaults for single-cell analyses, setting alpha to 50
and beta to 0.1, as is the recommended default for cisTopic. We run the analysis
modelling k& = 10, 15, 20, 25, 30 and examine the output (Figure . The relative
sparsity of the topic loadings above k = 15 leads to each of the patients and BCP

cells essentially being enriched for a seperate topic, which makes interpretation
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difficult. The £ = 10 and k£ = 15 cases both model the structure of the system well,
however, especially amongst the most closely related cell types (left-hand side of
Figure . The one-hot encoding does not decipher any different structure within
the MLL-AF4 and BCP population for either of the two k values, only loading a
single topic strongly and a second weakly to the entirety of the set (right-hand side
of Figure [4.14). Some interesting discrepancies between the k = 10 and k = 15 case
include an active B cell topic in k = 15 which loads weakly onto BCP cells but not
MLL-AF4 samples. Additionally, patients 3 and 4 share a topic with MLL-AF4
cell lines in the k£ = 10 analysis but not in the k = 15 version.

One of the key questions that remains to be answered is whether the unique
regulatory regions identified in the previous section are still enriched in the patient
topics. We took the top 100 annotated regions from topic 6 in the k = 15 case
and found that the top 100 regions in the ENCODE analysis included 55 of the
76 reproducible patient regions. The trend across all topics for these regions
was consistent with this, most of which were predominantly involved in topic 6
(Figure ) Of the 21 regions not within the top 100 regions for topic 6, their
accessibility remained strongly associated with topic 6 (Figure ) However,
three other topics were more represented in this set, namely topics 4, 5, and 12.
These topics are involved in a variety of cell types, and interestingly Topic 4 is more
active in patients 3 and 4 than in patients 1 and 2, which is the opposite of the
trends previously observed. Topic 5, of which at least one of the patient-related
regions has a Z-score over 30, is active in CD4 negative natural killer and T-cells, as
well as K562 cancer cells. Together, these results imply that the regulatory regions
previously identified are a mix of regions uniquely active in MLL-AF4 patients and

a minority which may be re-used from other cell types.

4.2.7 Accessibility of patient-related topics within lymphopoiesis

To determine the similarity of patient-related regions to other lymphoid progenitors,
we collected a dataset of cells undergoing lymphopoiesis from to activated

B cells spanning the dataset from Corces et al. [202], the data that we collected
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Figure 4.13: Topic modelling for ENCODE blood cell collection with MLL-AF4 and
BCP samples for k = 10, 15, 20, 25, 30. Lines delineating classes of cells are approximate.
See Figure for details. EBV = Epstein-Barr Virus.

from patients and [BCP|as well as two samples from the ENCODE consortium. We
find the average normalised read counts under the patient-related regions to be
highly enriched for the patient samples, with some small enrichment for BCP| and
early hematopoietic progenitors. Individual regions such as the putative enhancer
cluster described in Figure 4.11] show a similar pattern, with some accessibility in
early progenitor cells which is mostly lost by terminal differentiation (Figure .

Some regions appear to be accessible relative to the background in early progenitors,
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Figure 4.14: Zoomed in plot looking at only the most related cell types to the MLL-AF4
and BCP in the ENCODE blood cell collection for k£ = 10 and k = 15 using both one-hot
encoding and RPKM normalization.

though the read coverage under the peak is much higher in the patient samples

than in any other cell type.

4.3 Discussion

This chapter proposes the use of topic modelling to prioritise accessible regulatory
regions in a poorly understood but difficult to treat subsets of leukemias. One

of the primary goals of this research was to learn more about in MLL-
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Figure 4.15: Activity of 75 reproducibly identified patient-related regions within the
inferred £ = 15 BLDA analysis in all of the ENCODE blood cell collection.

AF4 leukemias. It is currently unknown whether MLL-AF4 leukemias entirely
reuse available regulatory regions in different ways, create novel which
are unknown in other cellular texts, or if they co-opt enhancers and promoters
from different cellular contexts. Four childhood MLL-AF4 patients were studied
alongside two cell models of the same leukemia. To contrast these cancerous cells
and model "normal"’, non-cancerous, developmental biology, we include a newly
identified lymphoid committed fetal-specific cell type whose transcriptional profile
closely matches known infant (pre-proB cells). We additionally include a
transcriptionally distinct but closely related lymphoid progenitor, ProB (PB) cells,
which have known analogues in adults, but are derived from fetal sources. We
show that there are distinct accessibility patterns in the four different subsets of
cells, each represented by a topic which loads uniquely onto that subset. We show

that these topics encode reproducibly identified accessible regions that differentiate
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Figure 4.16: Average normalised read count under 76 patient-related regions in a
collection of cells from early hematopoiesis to terminal lymphopoiesis. Patient and
ProB/PreProB cells are described in this chapter, whereas B cell and Activated B Cell
samples are lifted over from GRCh38 in the Encode Consortium with CrossMap. The
remainder of the samples are from Corces et al.

between MLL-AF4 cancerous samples and developmentally normal [BCP] even
at the stringent threshold of 100 individual regions per topic. The alternative
topic modelling approach tested against, the one-hot encoding input method used
by cisTopic, did not demonstrate any ability to differentiate between cell models
and patient samples or PB versus PPB but did broadly differentiate between the
cancerous and normal cell types, indicating at least a partial role of regions which
are entirely accessible or not in the accessibility program of leukemia samples
(Figure . This bears relevance to the question of differential regulatory element
usage versus differential accessibility at the same regulatory element. The fact
that both methods are able to distinguish between the samples means that, on a
broad level, there is at least some differential regulatory element usage between
fetal MLLr leukemia and the fetal PPB cells.

Interestingly, BLDA also identified topics of regulatory elements accessible
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Figure 4.17: Read coverage over 76 patient-related regions in a collection of ATAC-
seq experiments from early hematopoiesis to terminal lymphopoiesis. Patient and
ProB/PreProB cells are described in this chapter, whereas B cell and Activated B
Cell samples are lifted over from GRCh38 in the Encode Consortium with CrossMap.
The remainder of the samples are from Corces et al. Track specific normalisation values
are displayed on the left-hand side of each track, where patient 1 the maximum value
represents 1210 RPKM, HSCs represent 127, MPPs 120, etc.

in Pre-ProB cells not shared with ProB cells, helping to illuminate fetal-specific
lymphopoiesis trajectories (Figure , Figure ) A large number of these regions
(102 for PPB and 158 for PB) were consistently identified across every replicate in
the top 500 regions. These regions will be the focus of more mechanistic studies
trying to understand chromatin remodelling in fetal lymphopoiesis and how it differs
from the same differentiation process in adults. Understanding this process in detail

is crucial to the study of fetal leukemiagenesis. These results will be particularly

applicable to the study of leukemia stem cells (LSCs)|and how they are transformed

from developmentally normal cells; is it unclear whether the pathways involved in
self-renewal and maintenance of LSCs may be shared with PPB cells. In this case
the topic modelling approach allows for a fine-grained dissection of known pathways
and their relative contributions to different cell types. However, the aim for this
chapter was explicitly to examine the regulatory regions involved in patients. The

remainder of the fine-grained results will be examined in depth as time allows.
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BLDA identified a topic in each replicate that was uniquely enriched in the
patient samples, most strongly in patients 1 and 2. For values of k larger than 10, this
topic starts to split in two, with one represented strongly in patients 1 and 2 as before
but the second represented more strongly in patients 3 and 4 (Figure . Values of
k this large, however, seem extremely unreliable in practice, and it is unlikely that
regions would be consistently prioritized after replication. This is demonstrated
by the extremely dispersed nature of the topics in [BCP]samples and the lack of a
central topic explaining core regulatory features shared by the entire group, which
we expect to see in this case. The reasons for the consistent lack of enrichment for
this topic in patients 3 and 4 are difficult to explain, but may revolve around either
patient heterogeneity or sample quality. The first is an area of active research, with
well known results showing very little consensus between patient derived models for
different MLL-FPs even in terms of distinct chromatin binding |282]. These previous
results urge caution when interpreting observations within samples deriving from a
single fusion partner. The heterogeneity within the patient population with regards
to chromatin accessibility and binding efficiency of the MLI-AF4 fusion protein as
well as important downstream chromatin remodellers like RUNX1 is not well studied.
However, in the case that substantial heterogeneity exists, and if it is important
for treatment efficacy and differential prognosis, topic modelling appears to be a
promising approach for dissecting these differences. The alternative explanation is
differences in patient sample quality, which is difficult to describe quantitatively in
this case. Though the sequencing appears to have reasonable coverage under each
of the peak regions, known difficulties with preparing and isolating the necessary
cells from the patients may have prevented a completely unbiased view into their
accessible chromatin. The third possibility for these differences may be differential
genome instability and mutational background within the patients. Though well
established that MLLr cancers tend to not carry with them many functional
cooperating mutations, mutations in key pathways such as FLT3 (frequently up-
regulated in MLLr leukemias) have been described in pediatric and adult AML
leading to extremely poor prognosis [283H285]. The genetic background of these
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samples is unknown, and further work is necessary to understand the contribution
of genetic differences to the epigenetic profile of MLL-AF4 driven leukemias.

Patient heterogeneity makes differential accessibility analysis such as the one
we attempted to perform very challenging. The genes identified with the edgeR
analysis bear no strong relationship to known MLLr pathways, though some such
as RhoU and SERF1A from Table may have suggestive links to [2861-28].
The fundamental strength with the topic modelling approach is the ability to look at
variation in accessibility both collectively, between the cell lines and each individual
patient, as differentially. Few regions, it seems, are uniformly different in accessibility
between the different categories. This is reinforced by the inferred topic loadings,
which separate well on the different categories and suggest that fundamentally
different regulatory biology underlies the cell lines versus the patients, and that
substantial heterogeneity exists even within each of those subclasses. Within the
context of this sample, understanding the role of these regions is additionally
confounded by the fact that they are derived from blastic, malignant cancer cells.
Practically, this means that they may contain somatic mutations not represented in
the reference panel. At present, there is no reliable, published, method for calling
mutations from peak-based NGS experiments. Even if this data were available, it
would be difficult to differentiate between accessibility as a consequence of cellular
environment and differential evolution from that caused by genetic differences. In
the future, this may be improved with the incorporation of more patient samples
with similar demographics and disease profiles.

The regions picked out with the topic modelling approach appear to be mostly
functional in this cellular context. Many of them have been previously annotated
as enhancer or promoter elements in distantly related cell types, indicating their
functional potential (Table . Additionally, the profile of histone modifications
and bound transcription factors within one of the specific patients indicates a large
over-abundance of MLL binding alongside RUNX1 and PAF1c even when compared
with other regions enriched for H3K4mel and H3K27ac (Table Figure [4.10)).

Interestingly, these regions are not enriched for AF4 binding, indicating that they
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may in fact be bound by wild-type MLL, though to different levels than the
comparable [BCP| The alternate possibility is that AF4, being a difficult mark to
pull down with antibodies, is being found less frequently due to technical bias. To our
knowledge, the former possibility has not been previously observed, and raises the
possibility that the MLL-FP may alter the binding profile of wild-type MLL within
the genome. These regions are depleted for H3K79me2 marks, which is unexpected
given that MLL typically controls the methylation of K79 through the recruitment
of DOT1L. Recent work has shown that H3K79 methylation conferred by DOT1L is
essential for a subset of enhancer elements to form promoter interactions in MLI-AF4
leukemia, and that inhibition of DOT1L destroys these essential connections [289).
As the only known H3K79 methyltransferase, we can be confident that the function
of regions is not dependent on DOT1L recruitment, and therefore representing a
completely separate class of MLL-bound but DOT1L-depleted enhancer elements
that have, to our knowledge, not been previously described [290]. In addition,
the majority of these regions of the genome are still specifically associated with
the MLL-AF4 patients against the backdrop of a large set of blood cells from the
ENCODE project, and they remain the most accessible cell types for all but two
of the regions. This is suggestive evidence that these regions may be specifically
active in these patients, at least within the hematopoietic niche. Within the
context of lymphopoiesis, a portion of these regions appear to be enriched above
the background, and may be functional within certain hematopoietic precursors
(Figure . However, the actual reads under each region are predominantly found
in patients, indicating that even if these regions are functional in hematopoetic
precursors, they may be more accessible and active in the patients. Further work
will investigate these regions in the context of the entire ENCODE accessibility
dataset. Though the initial results do not suggest that this is the case, as the set
of cell types that these regions are previously annotated in are extremely diverse,
evidence for a shared or co-opted regulatory program from a distantly related

cell type would be extremely exciting.
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The next steps to validate these regions and their roles in the regulatory biology
of MLL-AF4 will be necessarily experimental. In order to understand which, if
any, genes are being regulated by these regions, Capture-C assays will need to be
performed within these specific samples. Motif enrichment within these regions,
and indeed within most of the annotated sets of regions, has not been particularly
illuminating as to their pathways. To understand their role in a DOT1L-independent
regulatory program, their enhancer-promoter interactions should be assessed with
and without the use of inhibitors such as EPZ-5676. Though the possibility that these
regulatory regions work completely independent of this key co-factor is remote, the
implications for current research into therapeutic DOT1L suppression make them key
candidates to understand the resistance mechanisms employed by cancer cells. The
other crucial and specific aspect of these enhancers is their association with PAF1c,
more typically understood as an elongation factor associated with RNA polymerase 2
[291H294]. Very recent evidence from mouse models indicates that PAF1c occupancy
may be associated with super-enhancers and is crucial for maintaining the self-

renewal capacity of mouse embryonic stem-cells [295]. Additionally, it is known

that PAF1c is involved in the regulation of key genes involved in [acute myeloid]

leukemia (AML)| such as HOXA9 and MEISI, so its coordinated activity across

these enhancers is of interest to the central regulatory axis of leukemia.

In summary, this chapter has adopted a topic modelling approach that we
previously developed to model chromatin accessibility patterns in MLL-AF4 patients
when compared to healthy fetal-specific lymphoid precursors. We identified a subset
of regions bound by wildtype MLL but not involving DOT1L recruitment. These
regions were uniquely accessible in these patients against the background of the
hematopoietic niche, but there is evidence that a subset function as enhancers
and promoters in distantly related cell types. This result demonstrates that that
oncogenic regulatory pathways active in MLL-AF4 leukemia may be a mixture
of existing pathways from distantly related cell types along with entirely novel
enhancers. Further work will focus on characterizing the interactions of these regions

with genes and ways in which their leukemia-specific functions may be interrupted.
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These regulatory elements represent key targets for investigation in the search for

therapeutic targets to a deadly and impactful disease.

4.4 Methods
4.4.1 Sequencing data

Patient samples were acquired from the United Kingdom BioBank as liquid biopsies
from four confirmed MLL-AF4 [ALI] patients.

Two commercial cell lines were used in this analysis. SEM cells, a MLL-AF4 B
cell cell line were purchased from DSMZ (https://www.dsmz.de). SEM cells
were cultured in Iscove’s modified Dulbecco’s medium (IMDM) with 10% fetal bovine
serum (FBS) and 1x GlutaMAX, with cell density maintained between 5x105/mL
and 2x106/mL. RS4;11 cells were purchased from ATCC (https://www.atcc.org)
and cultured in RPMI-1640 with 10% FBS and 1x GlutaMAX, with cell density
maintained between 5x105/mL and 1.5x106/mL. Cells were confirmed to be free
of mycoplasma.

ATAC-seq was performed on these samples following the protocol laid out in
Buenrostro et al. [194]. ChIP-seq was generated by Alastair Smith in the Milne
Group.

Three instances of pre-proB and three proB cells were isolated by O’Byrne et al.
[270]. We downloaded ATAC-seq data as an RPKM normalised coverage track from

the Gene Expression Omnibus (accession number GSE122989).

4.4.2 Preparation of the ENCODE blood cell dataset

Using the online ENCODE consortium web portal, all available data was subsetted
into released human ATAC-seq samples which were a part of the “blood” organ
system (https://www.encodeproject.org/matrix/?type=Experiment&status=
released&assay_title=ATAC-seq&replicates.library.biosample.donor.organism.
scientific_name=Homo+sapiens&biosample_ontology.organ_slims=blood) re-
sulting in 161 cell types. Data was downloaded as normalised coverage tracks and

lifted over to hgl9 from GRCh38 using CrossMap [296].
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https://www.atcc.org
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4.4.3 Blacklist construction

The ENCODE blacklist was downloaded from https://github.com/Boyle-Lab/
Blacklist/tree/master/lists as described in Amemiya, Kundaje, and Boyle
[274].

To account for additional technical artefacts in MLL-AF4 cell lines, we collected
input tracks for ChIP-seq experiments and performed peak calling with MACS2
to identify regions enriched for technical artifacts [119]. To reduce the amount of
excluded sequence, we selected a stringent P-value threshold of 1 x107%, resulting

in approximately 10 megabases of additional sequence to exclude.

4.4.4 Peak Calling with LanceOTron

Peak calling on coverage data for ATAC-seq and ChIP-seq was performed with
LanceOTron v1.0.1 [221]. LanceOTron was installed from Pypi here https://pypi.
org/project/lanceotron/1.0.1/ and used with the flags -¢ 0.5 and —format
bed to select only regions exceeding a peak score of 0.5 and outputting the data

as a bed file for further analysis.

4.4.5 Coverage Metrics

Megadepth was used to construct coverage metrics [272]. Peak regions were used as
an annotation (flag -a) in order to only consider coverage under regions expected

to be well represented.

4.4.6 Topic modelling

Count matrices were constructed from paired coverage data and LanceOTron
peak calls using the BLDA python package, available at https://github.com/
Chris1221/blda. For BLDA analyses, the format was given as "bigwig", while
OHE matrices were constructed with the "dummy" option. Matrices were used
directly for topic modelling with a modified version of cisTopic available at https://
github.com/Chris1221/cisTopic_bulk. Bayesian hyperparamter optimization is
described in Section and more detail on the BLDA method is given Section [3.2.6]


https://github.com/Boyle-Lab/Blacklist/tree/master/lists
https://github.com/Boyle-Lab/Blacklist/tree/master/lists
https://pypi.org/project/lanceotron/1.0.1/
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https://github.com/Chris1221/blda
https://github.com/Chris1221/blda
https://github.com/Chris1221/cisTopic_bulk
https://github.com/Chris1221/cisTopic_bulk
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4.4.7 Differential accessibility analysis

edgeR was used to perform a naive differential accessibility analysis [206]. The
count matrix previously constructed for BLDA was imported and samples were
grouped into either healthy (PPB/PB) or MLL-AF4 (patients/cell lines). We
followed the edgeR user guide, and make our analysis code public at https://

github.com/chris1221/thesis_lda.

4.4.8 Motif enrichment with motifscan

Motifscan was used to identify enriched motifs [297]. We follow the usage instructions
and create a local instance of the latest version of the JASPAR database [298]. After
experimentation (data not shown) we select the most stringent selection threshold

(P-value < 1 x1079) for position weight matrix identification within sequences.

4.4.9 Bootstrapping statistical significance

Bootstrapping was used to construct empirical distributions in several instances
throughout the chapter. Firstly, to identify the number of we downloaded
the list of annotated transcripts from RefSeq (from https://hgdownload.cse.ucsc.
edu/goldenpath/hgl9/database/) and discarded transcript level annotations,
leaving all remaining genes and pseudogenes. We sampled from this list 5000
times with replacement and counted the number of time a selected gene was
annotated as a [ncRNA] This formed an empirical distribution of annotations,
against which we compared the observed count.

Secondly, we used bootstrapping to set our expectation for ChIP-seq peak
overlaps in Table by drawing n=76 samples without replacement from the total
union set of accessible regions (n=61,739) and use bedtools with the -u flag to
count the number of the samples regions overlapping with a given ChIP-seq peak
file |187]. To calculate an empirical P-value from this distribution, we count the
number of random samples with intersections meeting or exceeding the observed

value and divide by the total number of samples (5000 in this case).


https://github.com/chris1221/thesis_lda
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A similar procedure is followed for Figure [4.10], except pre-filtering on regions
that strictly overlap with both H3K4mel and H3K27ac (n=30,165).
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"I’'ve made peace with myself."
"Good for you. That’s the hardest war of all to win."
"Didn’t say I won. Just stopped fighting."

—— Joe Abercrombie, Best Served Cold

Conclusion

With a year-over-year increase in the amount of publicly available NGS| data, there
is a need for machine learning methods to interpret biologically meaningful patterns
and generate hypotheses for further study. This thesis introduces two new methods,
SMCSMC and BLDA. I use these two new methods to analyse existing NGS data
and draw novel conclusions about human history and the regulatory landscape
of MLL-AF4 leukemia respectively. In this chapter, I discuss the implications of
both the methods developed and the results generated. I finish with a statement
on the overall applicability of machine learning to sequencing data and what I

believe to be fruitful directions for further study.

5.1 Extending the SMC2 particle filter

Inferring the [ARG] from a sample of individuals has been a longstanding goal in
population genetics. Recently, four approaches have been developed that directly
tackle this problem using modern methodologies and data. The [SMCSMC]| method,
introduced in Henderson et al. [1] with further exposition in this thesis, is unique in
its ability to infer time dependent directional migration rates due to its “first-class”
treatment of migration as a distinct node in each marginal tree. Though this

is certainly an attractive property of the algorithm, its distinct and incredibly

15
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flexible implementation can allow for the inference of essentially any process which
admits simulation along the sequence. This includes, for example, background
selection. This process of reducing a loci’s diversity as a consequence of linkage
with selected alleles has the potential to directly impact demographic inference
due to the general assumption of selective neutrality. Johri et al. [299] starkly
demonstrate this principle in regard to MSMC and fastsimcoal2 and there is no
reason why SMC2 would fare better in these comparisons. With modifications
of the which allow for the simulation of purifying selection (e.g. [300]) and
unifying programs for performing population genetics simulations such as Adrion
et al. [301], inference from a sample of ARGs generated with the particle filter could
be expanded to include additional parameters for selection.

Increasing the number of populations in the model would also massively increase
its applicability to real world problems. This is possible with the method as it is,
though the implementation would be non-trivial. In my opinion, this and other
related problems could be solved by incorporating a standard backend solution
for simulating and storing ARGs such as tskit (https://github.com/tskit-dev/
tskit). Along with reducing the computational task of implementing different
simulation models on the back ends, this would provide interoperability with the
current gold-standard format for inferred ARGs. I have made preliminary efforts
in this direction by providing a script to convert a sample of the inferred ARGs
to the tskit format (and Speidel et al. |[69] have done the same), however issues
with compatibility between the encoding of migration nodes in SMC2’s trees has
limited the usefulness of this approach.

Another beneficial implementation-specific extension would be offloading com-
putationally expensive steps to a graphical processing unit (GPU) implementation
of a particle filter. Recent work has shown incredible computational gains in time-
sensitive industrial applications such as robotics and manufacturing on the order of
10x runtime improvements simply by switching architectures [302+304]. As SMC2 is
an asymptotically exact inference procedure in the limit of compute time, performing

10x the iterations in the same amount of time would improve (i) the resolution of
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existing analyses, (ii) the ability to infer from a larger number of haplotypes, (iii)
the ability to infer a larger number of populations as stated above, and (iv) the
ability to infer more recent events than 10 kya. Though this represents a significant
amount of opportunity cost in terms of the time spent implementing the algorithm
within the context of GPU libraries, the particle filter methodology is an excellent
fit for many problems in population genetics and significantly speeding up the

inference procedure would greatly simplify many outstanding problems in the field.

5.2 An ancestral back-migration in the context
of African pre-history

In Chapter 2, I applied SMC2 to two databases of global genetic variation and

detected a large surplus of directional migration from populations deriving from

the [Out of Africa (OoA )| migration event backwards to those still living in Africa.

The observation of this event is not unprecedented, as explored in the Discussion
section of that chapter, however the data from single-tree inference in Y chromosome
and is only able to state lower-bounds on the timing and is completely
unable to estimate the proportion of the genome impacted. Since posting the study
as a preprint, two independent groups (Montinaro et al. [305] and Wang et al.
[306]) have replicated our findings. Replication with independent methodologies
lends confidence as to the robustness of the results. The estimates of magnitude
from SMC2 are imprecise as demonstrated by simulation, however we expect a
large scale back migration to become a commonly modelled feature of African
pre-history in future demographic simulations.

One of the most interesting questions arising from this investigation is the
identity of the participants in the migration. One suggestion is that the participants
may be descended from the unobserved ancestral basal Eurasian branch. These
individuals are theorized to have diverged from the [OoA| population around the
same time as Neanderthal admixture was taking place approximately 55 kya before
contributing to several Western Eurasian lineages [307, 1308]. This would explain

the lack of similarity that we see in the isolated segments to Neanderthals, despite



5. Conclusion 157

Scaled coslescent ntensity

oL e

=
E
B

LR L IR T LRI T

ILRII IR T S URTIRRTE L
nne
mm
(B}
1

LRI U LN

5 EEIREE RS R T

g
[

To%00006000

(a) Ju hoan North (b) Luhya

Figure 5.1: Inferred coalescent intensity function as calculated in Albers and McVean
[174] and exported from the web interface at https://human.genome.dating/ancestry/
for Ju hoan North and Luhya individuals from the Simons Genome Diversity Panel.
Shared coalescent intensity with other African individuals is found at the top of each
figure within the yellow bar on the right hand side.

their putatively Eurasian identity, and line up well with the assumed timeline of
the migration. The actual dynamics of the migration itself is better phrased as an
anthropological or archaeological question, and fine-tuning the resolution of the
timing, magnitude, and participants aside, an interdisciplinary approach will be
fruitful when investigating this event in the future.

The deep pre-history of Africa is poorly understood. Two populations are
theorized to have diverged from the remainder of extant groups in the ancient
past, though the actual timing of their divergences is contentious and similar to
accepted estimates of the divergence ~120kya |141]. The degree to which large-
scale events such as this migration and other previously unmodelled events such
as archaic introgressions (such as that observed by Durvasula and Sankararaman
[150]) have contributed to inferred population structures is not well understood.
The coalescent intensity function as proposed in Albers and McVean [174], for
example, shows similarities between essentially all African groups including the
San and with regards to their coalescent histories around the time of our

identified migration event. It is unlikely that this dip in coalescent intensity before
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the migration is due to mass population bottlenecks from super volcano activities,
as was previously suspected [309]. Populations identified here as receiving less
genetic material from the migration (Khomani San, Ju Hoan, Mbuti, Biaka) show
much attenuated coalescent intensity with other African populations between their
supposed diversification and this migration. It is not clear how the San and other
distantly related populations became recipients of a smaller amount of introgressed
material. It is also not clear whether their differential acquisition of OoA genetic
material may be sufficient to cause the entirety of African similarities before this
period, implying a much larger role for population migrations in human history
and explaining the significance of identifying a large portion of the genome as
being derived from the migration.

Much more work is needed to understand the place of this migration in African

pre-history and to unravel the tangled web of deep relationships within the continent.

5.3 Better discrimination between closely related
cell types with topic modelling

Identifying shared groupings of active and accessible regulatory elements between
closely related cell types is a difficult problem in functional genomics. It is especially
relevant for cancers which have an unknown cell of origin, such as MLL-fusion
driven leukemias. In Chapter 3, we adapt the cisTopic model for the case
of bulk ATAC-seq data. NGS data is becoming increasingly available, and large
panels of cell type specific accessibility variation are available from large consortia
such as ENCODE Project Consortium [100]. The approach, which we called ,
uses a quantitative value for each peak region rather than a binary activity score
as is appropriate for the single cell case. I demonstrate that the approach is
superior to a naive implementation of cisTopic in several applications including
pseudobulked data and a bespoke erythropoesis dataset. Though these comparisons
are reassuring, and lend confidence to the results being generated, they do not
constitute adequate benchmarking against gold-standard approaches. Identifying

such approaches was difficult, as to our knowledge topic modelling has never
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been applied to bulk ATAC-seq data, and the closest class of approaches such as
ChromHMM is not appropriate to answer the problems that we set out to address.
This is true for two reasons. Firstly that chromHMM infers the most likely state of
the genome but does not identify which states are statistically shared or distinct
between different cell types. Secondly, because the performance of chromHMM
to call distinct state paths in extremely closely related cell types (such as those
studied in Chapter 4) is not well understood; extensions such as Marco et al. [310]
are evaluated on datasets such as cell lines from the ENCODE project which are
known to be extremely diverse. Explicit comparisons between these methods and
their ability to identify differentially active regions (most directly assayed through
simulation studies) should be performed to establish topic modelling as a viable
approach for this class of problem.

Though empirically, our results are consistent with biological expectations, there
remain many unanswered questions about the fine-scale details of the implementa-
tion. One such question is the choice of normalization method for read data, which
has been shown to starkly impact the ability of peak-calling algorithms to identify
enriched regions in ATAC-seq data [Reske2020a]. We chose RPKM as a respected
and reasonable first attempt, however experimentation is needed to determine
the optimal method to compare amongst experiments from different centers and
different protocols. This leads directly to the unanswered question of the effects
of potential latent batch effects, for which I suggest a solution in the following
paragraph. The inclusion of many cell types in analyses such as this necessarily
increases the complexity of the topic model involved, however another unanswered
question is the optimal granularity of a model for a specific purpose; is it better, for
instance, to include all available cell types, or to select a few reasonable candidates
for comparison? Part of the answer to this question lies in the number of topics that
the model is able to reproducibly identify, which is a facet of these investigations
not currently appreciated in the text mining literature. I suggest that reproduction
of topics across many stochastic inference instantiations may be a reliable way

of increasing the signal-to-noise in key-word region identification. However, the
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methods for actually selecting the number of topics and hyperparameter values were
rudimentary in this thesis, and a more complete solution would involve inferring
these values simultaneously with topic loadings.

There have been many innovations in the field of topic modelling in recent years.
The performance of on pseudo-bulked and real data is encouraging, and
encourages the use of improved methodologies with the ability to incorporate more
data and address the issues raised above. One such class of model is hierarchical
which is a simple extension of the LDA method that treats the number of topics
as an unknown variable to be inferred along with topic loadings. The choice of k for
the applications in this thesis was highly non-trivial, and an automated procedure
guaranteed to select a reasonable k& would be extremely beneficial for situations
where the similarity structure of data is unknown. Additionally, structured topic
models introduce the ability to intelligently learn associations between provided
metadata and the probability of a topic occurring in a document. This has natural
application to controlling for batch effects between disparate experimental sources
as well as introducing prior information on the biological relationship of samples.
This structured model would also be an ideal environment to combine ATAC-seq
and DNAse-seq experiments while acknowledging and controlling for systematic
differences. Another innovation can be drawn from the world of single cell analysis,
where the ArchR pipeline chooses to discard entirely the concept of peak regions
of accessibility and instead works directly with a windowed view of the genome.
This approach has the benefit of removing any ambiguity involved in estimating
enriched regions and working directly with the underlying data, though at the cost
of significant compute cost. For smaller analyses however, this may lead to more
refined estimates of important regions, edge conditions notwithstanding.

The BLDA method represents a preliminary attempt to use topic modelling
for a difficult problem in functional genomics. The work in this thesis provides
a foundation for further study into the potential for this kind of methodology in

determining shared and distinct regulatory regions between similar cell types.
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5.4 Novel Enhancers in MLL-AF4 Leukemia

Despite recent progress in treatment options for childhood and infant leukemias,
cancers driven by MLL translocations remain mostly incurable and show far worse
outcomes than similar cancers without the MLL driver. In Chapter 4, I apply the
BLDA method to a collection of ATAC-seq experiments from MLL-AF4 patients
and cell lines alongside closely related healthy pre-proB (PPB) and proB (PB)
cells. I show highly enriched topics consistently load onto the cancerous cells and
that across stochastic replication they consistently contain a subset of associated
regions for any threshold. ChIP-seq association shows that these regions are
active enhancers in the MLL-AF4 patients, some of which have been previously
annotated in distantly related cell types and some of which have not. I explore
the relationship to other bound transcription factors such as RUNX1 and PAF1c
in the discussion of Chapter 4.

Due to the impacts of COVID, there are many aspects of this project which
remain as future work. The first concerns computational analyses which I was
unable to complete. These include full-scale analysis of the entirety of the ENCODE
dataset and an in depth study of the identified regulatory patterns across cell types.
Though this analysis would be of broad interest, it was never performed due to
the weeks-long runtimes required. The second concerns experimental validation.
In order to pursue these associations, capture-C experiments must identify first
which promoters are interacting with these enhancers in these particular cell types.
Additionally, if a sufficiently encouraging pathway involving these enhancers can
be identified, experimental deletion can identify if their presence is necessary for
leukemogenesis. One interesting pathway for experimental validation with clinical
applications concerns the possibility that these enhancer elements represent a
DOT1L rescue pathway. It has been previously shown that DOT1L inhibition is not
sufficient to eliminate leukemia blasts in vitro, despite strong interaction between
the fusion protein and the DOT1L protein and a proven subset of enhancers whose
promoter interactions are dependent on H3K79me2. The enhancers identified in this

thesis appear to be statistically depleted for H3K79me2, indicating that DOT1L is
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not necessary for their function. In order to study their use in a putative DOT1L
rescue pathway, their accessibility should be assayed before and after treatment
with a DOT1L inhibitor such as EPZ-5676. This would demonstrate their utility
and motivate further study in possibly novel mechanisms of action in this leukemia.
One interesting possibility is that the enhancer regions are being recruited not
by the fusion protein but by wild-type MLL. This is suggested by the ChIP-seq
associations, which show high enrichment of MLL binding at these sites without
any enrichment for the fusion protein C terminus AF4. Though it is possible, and
indeed likely, that this difference is due to inefficient antibodies for AF4 pull down,
the independent action of the wild type MLL protein on the regulatory landscape
of cancer cells represents an interesting possibility for further study, especially as
the binding sites of the fusion protein are typically seen to represent a subset of
the binding sites of the wild-type protein.

Overall this analysis represents an initial investigation of distinct regulatory
elements in MLL-AF4 patients. I used the BLDA method to nominate potential
regions and used external data to show that they are functional within this
cellular context. These regions represent strong candidates for functional validation.
Furthermore, this analysis demonstrates the potential of the BLDA method to

identify distinct and interesting regulatory regions in extremely similar cell types.

5.5 Concluding Remarks

This thesis has introduced, developed, and applied new methods for the analysis
of next generation sequencing data. Two different problems are approached
through the lens of machine learning. The first method, SMC2, represents an
algorithmic implementation of an intricately designed statistical model with decades
of motivation in population genetics. Despite this, our results demonstrate that large-
scale events can be missed by conventional analyses which fail to fully parameterize
migration. The second method, BLDA, represents an incremental upgrade on a
general method which contains no deep relationship to the biology which it models,

yet still yields actionable insights into the pathology of an incurable leukemia. The
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diversity of approaches here demonstrated show the potential for machine learning

algorithms of all kinds in this growing field.
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Demographic Models

Generally, these models can be implemented in either scrm or ms through they

have been written with the former in mind.

A.1 Seed model for SMCSMC Inference

We seed the particle filter with a demographic model of population size and uniform

symmetric migration rate, given by the following scrm command:

-ej 0.2324 2 1 -eM 0 1 -eN 0.0 6 -eN 0.0037 4.4 -eN 0.0046 3 -eN 0.0058 2 -eN 0.0073 1.4
-eN 0.0092 0.85 -eN 0.093 1.2 -eN 0.12 1.7 -eN 0.15 2.2 -eN 0.19 2.5 -eN 0.24 2.4
-eN 0.30 2.0 -eN 0.37 1.7 -eN 0.47 1.4 -eN 0.59 1.2 -eN 0.74 1.0 -eN 0.93 0.91 -eN 1.2 1.6

A.2 Migration Simulations
The following models were used for population sizes:

A.2.1 African Population Size

—-en 0.00000000 1 36.9124479 -en 0.00229999 1 14.8978177 -en 0.00299994 1 7.04453213
-en 0.00391291 1 3.68961222 -en 0.00510371 1 2.06587476 -en 0.00665692 1 1.21617010
-en 0.00868280 1 0.75362392 -en 0.01132521 1 0.49927968 -en 0.01477178 1 0.36258332
-en 0.01926724 1 0.29687253 -en 0.02108190 1 0.28637149 -en 0.02513079 1 0.28071694
-en 0.03277878 1 0.31028768 -en 0.03915210 1 0.36107482 -en 0.04275426 1 0.39815181
-en 0.05576555 1 0.57528787 -en 0.07273654 1 0.88701054 -en 0.09487226 1 1.36014053
—en 0.12374449 1 1.92573639 -en 0.16140334 1 2.36832894 -en 0.21052280 1 2.45284038
—-en 0.27459066 1 2.16222564 -en 0.35815613 1 1.71146032 -en 0.46715286 1 1.32388966
-en 0.60932028 1 1.09778746 -en 0.79475315 1 1.04669123 -en 1.03661833 1 1.16969768
-en 1.35208972 1 1.45788656 -en 1.76356769 1 1.80077313 -en 2.30026970 1 1.89942369
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A.2.2 Eurasian Population Size
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