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“If T am not for myself, who will be for me?
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ABSTRACT

A primary goal in human genetics is to understand how genetic variation affects phenotypic
variation observed between different individuals. Elucidating these connections is crucial to
understanding the molecular mechanisms and causes that lead to differences in traits and
diseases among humans, and enables the discovery of therapeutic interventions that can im-
prove human health. Many of the genetic variants associated with trait variation thus far are
in non-coding regions of the genome, emphasizing a need to characterize non-coding sequence
elements through functional genomics approaches. As opposed to variation in protein-coding
sequences, genetic variation at non-coding loci has not been decoded, impeding a rapid un-
derstanding of its downstream functional effects. What is clear is that many non-coding
loci are likely implicated in gene regulation, and understanding precisely what they are and
how they act will require application of a wide variety of functional genomics techniques.
In particular, one emerging technique assesses 3D genome structure, which can help con-
nect regulatory loci to the genes they affect, and is rapidly expanding our understanding of
gene regulatory networks and the noncoding genome. Various epigenetic features, such as
3D genome structure, can now be compared genome-wide across humans and non-human
primates, broadening our understanding of evolution and gene regulation. My thesis work
uses these paradigms to understand the interplay between 3D chromatin organization and
gene expression across evolution. In Chapter [2] T apply RNA sequencing and chromosome
conformation capture sequencing to human and chimpanzee induced pluripotent stem cells,
in order to understand how divergence in 3D regulatory landscapes across these species af-
fects expression divergence. As expected, this work demonstrates that reorganization of 3D
genome structure contributes to gene regulatory evolution in primates. In Chapter [3| I criti-
cally assess existing evidence from other studies that have led many to conclude there is high
evolutionary conservation of topologically associating domains (TADs, a large-scale feature
of 3D genome organization). A thorough examination of the available data suggests such
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a conclusion may be unwarranted. Finally, in Chapter 4] I summarize the insights gained
from this work, assess the state of the 3D genome field in general, and suggest next steps for

future research.
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CHAPTER 1
INTRODUCTION

1.1 The evolution of gene regulation

The study of human genetics seeks to understand the genetic basis behind human pheno-
typic variation. Specifically, human geneticists are interested in characterizing how genetics
impacts differences in traits between species, as well as between individuals within our own
species. Insights gleaned from this field of study are useful not only for understanding and po-
tentially improving human health, but also for furthering our understanding of biology and
evolution more broadly. One particularly compelling approach that addresses both these
aims is to compare genetic and phenotypic variation between humans and closely-related
primate species. Early comparisons between the human and chimpanzee genomes revealed
that the two species share the vast majority (99%) of their DNA, with an especially high
level of conservation in protein-coding sequences [147, 225, 302]. These observations pro-
vided amazing evolutionary insight, suggesting that differences observed between humans
and chimpanzees are not driven by inherent differences in the proteins (genes), but, rather,
by differences in how, when, and where these proteins are expressed—i.e. differences in gene
regulation [147]. More recently, genome-wide association studies (GWAS) within the human
species have connected inter-individual differences in traits and diseases with thousands of
genetic variants, the vast majority of which are non-coding [78, 110]. Additionally, nu-
merous estimates suggest the human genome is comprised of up to 98% noncoding DNA,
much of which is functional, [218] [47, 139, 156, 169], further underscoring the importance of
understanding gene regulation.

The hypothesis that gene regulatory differences may be major drivers of phenotypic
variation was first posited more than 50 years ago [28, 29]. Although there is still some

debate about the extent to which adaptation and speciation are driven by mutations in gene
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regulatory loci vs. mutations in protein-coding genes [119] [36], it is evident that gene ex-
pression variance plays a crucial role in phenotypic divergence within and between species
[35], B11], 107, 92], 277, 328]. Advances in molecular biology and sequencing technologies over
the last several decades have enabled rigorous investigations of gene expression levels and
the regulatory mechanisms affecting them. RNA-sequencing (RNA-seq) represents a major
improvement over prior microarray technology for accurate genome-wide measurement of
gene expression levels and other transcriptomic phenotypes [326, [182], 299 [184]. Simultane-
ously, an array of emerging molecular and computational techniques allow for genome-wide
assessment of different regulatory mechanisms such as DNA methylation, histone modifi-
cation, chromatin state, transcription factor binding, and more [43]. Widespread use of
these techniques is needed, because, in contrast to protein-coding genes, there is no clear
code connecting primary sequence to downstream function for the noncoding portions of
the genome. The outstanding challenges are thus to characterize the different genetic and
epigenetic mechanisms regulating gene expression, to understand their relative evolutionary
contributions to adaptation and speciation, and to ultimately connect them back to variation
in primary DNA sequence.

While my work and this introduction focuses on inter-species primate comparative ge-
nomics in order to understand the evolution of gene regulation, it should be noted that
research on gene expression differences within species has yielded valuable insights, suggest-
ing expression levels are heritable and connected to genetic variation through expression
quantitative trait loci (eQTLs) [181) [108]. These findings further highlight the functional
relevance of gene expression levels as a molecular phenotype affecting higher-order traits,
providing a tractable avenue for understanding the evolution of a wide variety of pheno-
types. In the rest of this introduction, I will review key findings from comparative primate
genomics studies about the evolution of gene regulation, and explain why characterizing the

3-dimensional structure of the genome is a critical next step in understanding the evolution



of gene regulation and the relationships between genotypes and phenotypes.

1.2 Gene regulatory evolution insights from comparative

primate genomics

Why focus on primates? Numerous efforts have made progress in decoding the non-coding
genome and furthering our understanding of gene regulation. In particular, work from the
ENCODE (Encyclopedia of DNA Elements) consortia and many others have helped to iden-
tify and characterize functional regulatory elements across a number of species, including
humans [16, 48| 50, B38]. Inter-species comparative genomics studies have been especially
effective in identifying functional regulatory sequences [208]. In addition to characterizing
specific regulatory loci, studies in model organisms have also revealed that expression diver-
gence between species is primarily driven by mutations in cis-regulatory elements (CREs),
rather than trans elements [289]. The former operate in an allele-specific manner, typi-
cally on the same chromosome, while the latter operate more broadly and can often diffuse
throughout the genome. Although these research endeavors have expanded knowledge on
gene regulatory mechanisms and associated loci more broadly, their use of distantly-related
species precludes the possibility of categorizing their findings as highly conserved or human-
specific [123]. Grounding genetic and epigenetic observations in humans by comparison with
closely-related non-human primates (NHP) is crucial for providing evolutionary context.
Without such comparisons, it is impossible to obtain a comprehensive understanding of how
different loci and mechanisms of gene regulation have evolved in the human lineage, and,
consequently, how these features may affect human-specific phenotypes [239]. In addition to
providing evolutionary context, using NHP in comparative genomics and biomedical research
can yield useful insights into human diseases, which are harder to model in more distantly
related species with more divergent physiologies [238]. There are thus a number of different

ways in which comparative genomics studies utilizing NHP may provide unique insights into
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human evolution and the lexicon of human gene regulation, that cannot be obtained by
focusing exclusively on model organisms and/or more distantly related species.

However, using primate comparative genomics to understand gene regulation still entails
a number of challenges. The paucity of human and chimpanzee primary tissues, as well as
obvious ethical limitations on experimentation in the two species, represent major barriers
in the study of gene regulation [239]. Comparison of biological samples between primate
species is possible with post-mortem collection of flash-frozen tissues, but this approach
is problematic for several reasons. Due to the inherently opportunistic sample collection,
sample sizes are typically quite small, with some studies using only a few individuals from
each species [21), 214, 228]. Additionally, post-mortem tissue samples may be subject to
variance induced by technical factors such as sample collection and shipping [19] 44]. These
issues may be mitigated by utilizing induced pluripotent stem cells (iPSCs), which can
be reprogrammed from and differentiated into a wide variety of different cell types [285],
2841, 279], allowing for controlled experimentation on larger panels of human and NHP cells
[240, 183]. Regardless of the biological samples being compared, care must also be taken
in the study design and analysis methods employed in a comparative genomics setting.
Without careful study design, batch effects may have a strong impact on the data, leading to
inferences and conclusions that are driven more by technical variables than by true biological
differences. In one intriguing recent example, researchers observed gene expression data
from human and mouse clustering by species, rather than by tissue (as would be expected
based on prior research) [50], B19]. A reanalysis of the data found that this unexpected
observation was due to flawed study design confounding sequencing batch with species, and
that the data do indeed cluster by tissue after accounting for sequencing batch effects [105].
With respect to the analysis of comparative genomics data, thoughtful normalization and
orthology-calling techniques must also be employed to ensure comparisons made between

sequences and features lead to valid biological inferences [294] [332], 20, 31]. Intentional study



designs, sample collection methods, and analytical techniques can attenuate many of the
aforementioned limitations.

Even when researchers do well to address technical limitations and minimize confounding
variables, there are still challenges in inferring regulatory evolutionary dynamics from com-
parative primate genomics studies. Numerous models and methodologies exist to infer the
action of natural selection on primary DNA sequence [297]. Such methods are particularly
effective when applied to protein-coding genes, where the functional effect of a mutation
can be understood readily, given our knowledge of the link between sequence codons and
the amino acids they are translated into. However, the links between primary sequence and
trait variation are considerably less clear in the context of epigenetic, regulatory, and other
molecular phenotypes. In these cases, the action of natural selection on the trait in ques-
tion can be inferred and statistically tested based on observed deviations from null models
(e.g. a neutral model with no selection). These types of approaches can be extremely useful
in model organisms, where one can directly measure the necessary parameters (e.g. muta-
tion rate) to generate a reasonable null model [I06]. Unfortunately, these parameters are
difficult to measure even in model organisms, and can often be practically impossible to esti-
mate in humans and NHP. For most functional genomic traits that are studied, there is not
yet a robust, well-formulated null model of no selection. Thus, more ad-hoc and empirical
approaches must be utilized to understand the action of natural selection on intermediate
molecular phenotypes. For instance, if gene expression levels show low variation both within
and between species, it may be inferred that regulation of these genes is evolving under
stabilizing selection (i.e. where expression extremes are selected against). Conversely, if
expression variance is low within species, but mean expression is much higher or lower in
one species compared to others, this may suggest that directional selection shifted regula-
tion in the ancestors of that species [239]. Empirical approaches such as these can therefore

elucidate evolutionary dynamics, but greater care must be taken in interpretation of their



results. In the previous example, more extreme expression in one species may actually be
due to environmental factors and/or reduced action of stabilizing selection on that lineage,
rather than directional selection. Functional follow-up studies, consideration of interspecies
environmental differences, and accounting for different possible evolutionary trajectories can
help exclude alternative explanations for specific evolutionary inferences. Consequently,
when executed and interpreted properly, comparative primate genomics studies have vastly
expanded our understanding of the mechanisms and loci involved in the evolution of gene
regulation.

What have we learned? For many genes, results from comparative studies suggest that
expression levels in primates are evolving under natural selection [142, 21], 27]. One early
study looked at RNA levels in liver tissues from humans, chimpanzees, orangutans, and
rhesus macaques, finding a set of genes with relatively invariant expression levels across
species [107]. If regulatory mutations are in general selectively neutral (as many other mu-
tations have been speculated to be [146]), expression levels for most genes would show more
substantial inter-primate variation. The observed low variance in expression across diverse
primate lineages suggests stabilizing selection has acted on these genes, preventing extreme
expression levels [162]. Other studies comparing RNA levels across primate species have
largely corroborated this notion [21], 219, 27, [42]. It is interesting to note that interspecies
conservation of expression levels is particularly high for genes thought to be critical for defin-
ing cell type identity. In turn, gene expression patterns are more similar in the same tissue
across different species than across different tissues within a species [278]. Taken together,
these results bolster the idea that regulatory changes may be crucial drivers of evolution
and adaptation. Compared to protein-coding sequence mutations, regulatory mutations can
act in a more tissue-specific manner, and are thus less susceptible to pleiotropic effects that
could be deleterious across multiple organs [304, 21].

While most genes show evidence for their expression evolving under stabilizing selection



in primates, there has also been great interest in finding examples of directional selection.
The impact of such examples is fairly intuitive: a strong motivation in comparative primate
genomics is to identify the genetic and epigenetic facets underlying differences between hu-
mans and NHP, in an effort to understand the biology behind human-specific traits and
diseases. The exact proportion of genes whose regulation appears to be evolving under
directional selection in primates differs dependent upon the tissue or cell type being con-
sidered, but still represents the minority of genes [239]. As discussed above, not every
gene showing lineage-specific expression differences compared to other primates is neces-
sarily evolving under positive (directional) selection on its regulation, but many likely are.
Since some of the most striking phenotypic differences between humans and NHP are cog-
nitive, many primate comparative genomics studies have focused on the brain and specific
cell types therein [210, 104]. Results from studies utilizing bulk RNA-seq [271], and from
more recent work examining RNA transcripts in single cells [195] [334], 274], suggest that
interspecies expression variation in tissue location (heterotopy) and timing (heterochrony)
during brain development may play a role in cognitive differences observed between humans
and NHP. There are also examples in other organs of directional selection acting on gene
regulation. An RNA-seq study on livers from 16 species revealed expression changes in some
primate lineages that could be tied to dietary adaptations [219]. A similar study examin-
ing livers, kidneys, and hearts in humans, chimpanzees, and rhesus macaques found subsets
of genes in each tissue displaying lineage-specific expression in humans [2I]. Yet another
study found marked expression differences in blood leukocytes, livers, and brains of humans,
chimpanzees, orangutans, and rhesus macaques [79]. A more recent study assayed RNA
levels in heart, kidney, liver, and lung tissue samples from humans, chimpanzees, and rhesus
macaques, and also found a minority of genes whose expression patterns imply some direc-
tional selection [19]. Specific and functionally validated examples of genes with expression

levels evolving under directional selection are scarce, and it is difficult to confidently connect



them to higher-order phenotypes [8, B01]. More examples will hopefully be discovered and
characterized as our understanding of gene-phenotype connections increases, and as single-
cell and other technologies enable better sampling from different locations, time points, and,
consequently, cell types within a tissue. Regardless, numerous lines of evidence from infer-
ences about directional selection suggest that a complex network of different mechanisms
regulates gene expression. Gene sets with some evidence for directional selection on their
regulation are often enriched for transcription factors [21], [107], are regulated by fewer en-
hancers than genes with more conserved expression patterns [57, [I§], and do not necessarily
display signatures of directional selection in the abundance of their corresponding proteins
[143]. This last observation is particularly intriguing, and suggests that protein levels may
be under more selective constraint than RNA levels and other gene regulatory mechanisms
[298, 4]. An emerging notion from this and other work is that regulatory mechanisms utilize
such buffering and redundancy to ensure appropriate downstream functional outcomes [180].
Together, these findings highlight the importance of measuring a wide variety of epigenetic
features in order to understand the evolution of gene regulation.

Indeed, more recent work has moved from merely characterizing expression differences
across primate species, to attempting to understand variation in regulatory mechanisms
driving these differences. Understanding the regulatory mechanisms and loci responsible for
expression variation should help de-mystify the noncoding portions of the genome, identify-
ing functional elements that may have an impact on human health [52]. One recent study
examined DNA methylation and gene expression in livers, kidneys, hearts, and lungs from
humans, chimpanzees, and rhesus macaques, finding that methylation differences can only
explain a small proportion of expression variation between tissues and species [19]. An earlier
study found similar results when comparing human and chimpanzee livers, hearts, and kid-
neys [214]. Differential abundance of microRNAs, which regulate mRNA transcript decay,

was also observed to account for only a small proportion (<5%) of expression differences



in prefrontal cotex across humans, chimpanzees, and rhesus macaques [124, 272]. Alterna-
tive splicing of genes, which could (in theory) easily introduce regulatory novelty, has also
been shown to have little effect on differential expression between humans and chimpanzees
[32]. Comparable observations have been made for histone marks: one early study exam-
ined H3K4me3 in lymphoblastoid cell lines (LCLs) from humans, chimpanzees, and rhesus
macaques, and found that interspecies differences in this histone modification explain only
7% of interspecies expression variation [31]. These results are perhaps not surprising, given
that only a small minority of loci show human-specific increase or decrease of H3K4me3 in
prefrontal cortex samples from the same species [262]. A later analysis in LCLs from the
same species integrated RNA polymerase I occupancy, H3K4mel, H3k4dme3, H3K27ac, and
H3K27me3, and found that roughly 40% of interspecies gene expression variance can be
explained by these marks combined [331]. Similarly, an even more recent study integrated
a wide variety of histone marks as well as chromatin accessibility and methylation status in
LCLs from great apes and macaques, and found that these features combined can explain
approximately 67% of interspecies expression variance [101]. It would thus appear that the
effect of any single epigenetic mechanism on gene expression is relatively modest, but, in
concert, these mechanisms have a large effect on expression levels.

One principle that emerges from these findings and others in model organisms is that
chromatin state and its effects on cis-regulatory elements (CREs) play a major role in the
evolution of gene expression [239, [59]. Many of the aforementioned epigenetic modifications
and mechanisms are associated with how ‘open’ or ‘closed’ chromatin is at a given locus,
making the locus and the CREs it encompasses more or less accessible to transcription
factors and other regulatory machinery [33]. It is therefore important to assess not only
whether a given CRE is conserved, but also if the chromatin state at that locus is compa-
rable across species. A variety of methods exist to assay chromatin accessibility, such as

DNase-seq and ATAC-seq [148], 292], 30]. Broadly, these methods have found that the vast



majority of the genome is not accessible in any given cell type, and that most transcrip-
tion factor binding events occur within regions of open chromatin identified by these assays
[288]. Consequently, regions of open chromatin are often likely to harbor active regulatory
elements [273] 150]. Consortia such as ENCODE have used ChIP-seq and other techniques
to produce copious histone mark and other epigenetic data that, through careful analysis,
have helped identify and characterize different classes of CREs at these putative regulatory
regions[48], [166], 81, 120]. Some of the most well-studied CREs are enhancers, DNA modules
that interface with transcription factors and associated proteins to make contact with gene
promoters, thereby affecting gene expression. Although the measured extent of inter-primate
divergence or conservation in enhancers and other CREs is dependent on the technology used
and the number of species examined [77),280], there are intriguing enhancer differences across
primate species. Enhancers are considerably less conserved amongst primate lineages than
gene expression levels [296] [I§] and less conserved than promoters [291], highlighting their
evolutionary relevance. Surveys of enhancers across primate and mammalian evolution have
found interspecies differences in their activity [149 228, 260], and evidence for high evolu-
tionary turnover of enhancers as compared to promoters [34], 296].

While tremendous work has been done to identify and characterize enhancers and other
CREs, numerous outstanding questions remain. Identification of enhancers is still imperfect
because there is no single epigenetic mark that perfectly predicts enhancer regions. En-
hancers affect gene expression via chromatin looping but also through other mechanisms that
are less well understood (e.g. enhancer transcription), and disease-associated genetic varia-
tion at enhancer regions is difficult to functionally characterize [218]. Although we have been
able to map regulatory quantitative trait loci (QTL, genetic variants with discrete effects on
expression or other intermediate molecular phenotypes), most disease-associated variants in
regulatory regions do not appear as QTL [293]. This is likely due in part to sampling strate-

gies (e.g. not assaying gene expression in the appropriate cell type or condition relevant to
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the disease), but progress in understanding these mutations is also broadly stymied by a lack
of knowledge about which gene(s) a given CRE regulates [293]. Determining CRE targets
is of particular importance both because CREs act in a distance-independent manner (only
40% of enhancers are linked to the nearest gene [51]), and because many CREs are tissue-
specific in their activity [163, 213] B, B09]. Ultimately, CREs’ tissue-specific effects on gene
expression are likely to be principally determined by local chromatin state and by what gene
promoter(s) CREs come into contact with [I00]. Connecting regulatory elements directly
with their targets thus represents a crucial step towards obtaining a complete picture of how
CREs modify expression, and how mutations in CREs affect higher-order phenotypes. My
thesis work addresses this issue by examining expression divergence between humans and
chimpanzees, with a focus on comparative assessment of CRE-gene contacts in 3-dimensional

genoine space.

1.3 The growing importance of the 3D genome

Given the vast wealth of genomic information that each cell has to carry in its nucleus,
eukaryotic genomes must be packaged in a highly complex and structured fashion. At the
highest level, individual chromosomes preferentially occupy discrete regions of the nucleus
(“chromosome territories”), and these territories are fairly conserved across primate lineages
[190, 194], 286]. Early studies of 3D genome structure largely relied on imaging techniques
such as FISH (fluorescence in-situ hybridization), and did well to uncover chromosome ter-
ritories; the advent of molecular methodologies like chromosome conformation capture (3C)
have enabled interrogation of 3D genome structure at even finer scales [60]. Since the incep-
tion of 3C, the technology has developed through a variety of iterations and improvements
that have increased its genomic resolution and throughput [94]. The latest version, known
as Hi-C, pairs the original method’s proximity-based ligation with high throughput next-

generation sequencing to find DNA-DNA contacts genome-wide [167]. These techniques
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have revealed that, beneath the scale of chromosome territories, individual chromosomes are
also partitioned into two types of large-scale “compartments”: A compartments, representing
open and transcriptionally accessible chromatin, and B compartments, representing closed
chromatin [I67, 205]. At an even finer scale, loci within a compartment appear to form
self-interacting regions on the scale of a megabase, termed topologically associating domains
(TADs) [69, 209] 122], 258]. As I discuss further in the third chapter of this thesis, the defi-
nition of a TAD is still changing as Hi-C libraries are more deeply sequenced and new TAD
inference algorithms arise. Regardless, loci within a TAD make contact with one another
much more frequently than they do with loci outside of the TAD, suggesting that TADs
may represented neighborhoods of insulated gene regulation that constrain the possible set
of gene-CRE interactions [5, 282, 257]. Lastly and perhaps most importantly, at the lowest
scale, Hi-C and related techniques have uncovered individual DNA looping interactions that
bring linearly distant CREs into proximity with the genes they regulate [233] [133].
Numerous lines of evidence point to the functional significance of 3D genome organiza-
tion at different scales. Studies have found that a significant fraction of genomic regions
switch between A and B compartments in different ways during organismal development
and cellular differentiation [200], 68, 324], 172]. Such compartment switching can move indi-
vidual loci between permissive and repressed states along differentiation pathways, in part
explaining regulatory differences between different cell types [168] [65]. Some similar results
have been observed in TADs, suggesting TAD locations and intra- and inter-TAD contact
frequencies change during cellular development [39) [68] 93, 24, 40], although the extent of
these alterations is less clear given variance in TAD identification [56]. Despite uncertainty
about the role of TAD variance in cellular differentiation, it is clear that TADs play an
important role in genome organization and function. Genes located within the same TAD
can have strongly correlated expression patterns and are often co-regulated during cell dif-

ferentiation [209] [323], 232]. TAD boundaries are strongly correlated with replication-timing
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domain boundaries [223], and are enriched for insulator elements such as CCCTC-binding
factor (CTCF) [69, 233]. Disruptions to normative TAD structure have also been impli-
cated in a number of human pathologies [174, 127, [91]. Similarly, 3D genome organization
at the lowest scale (i.e. individual gene-CRE loops) affects gene expression and regula-
tion [113], 10, [63] 196], and characterizing these interactions helps connect genetic variation
with human trait and disease variation [49] 193] 325, 199]. While GWAS have done well to
identify variants associated with many human diseases, analysis of chromatin conformation
capture data is often necessary to understand understand how these variants exert their
effects, which genes and loci they interact with, and, consequently, what therapeutic options
may be effective [83]. In one particularly compelling example, researchers long thought that
an obesity-associated mutation in an intron of the FTO gene increased risk of obesity and
type 2 diabetes by affecting the gene itself [I14]. This was not an unreasonable assump-
tion, especially since follow-up studies found FTO expression levels affect body mass in mice
[45], 88, [99]. Only through the application of chromosome conformation capture was it finally
discovered that the variant in question actually regulates the expression of a transcription
factor gene several megabases away, IRX3 [265]. There are countless other examples where
integration of Hi-C data has aided in identification of novel pathways and genes involved in
the progression of various human pathologies [187, [186, 188, 312]. Without a doubt, col-
lecting and analyzing chromosome conformation capture data across species and cell types
represents an exciting novel frontier in broadening our understanding of gene regulation,
development, and evolution.

Overall, there is a dearth of comparative studies examining 3D genome architecture across
species. In Chapter [2] T address this gap by collecting, integrating, and analyzing Hi-C and
RNA-seq data from human and chimpanzee iPSCs. In Chapter [3] I challenge the prevailing
notion that TADs are highly conserved across species by critically analyzing the existing

data that support this claim. Finally, in Chapter [4, I discuss the evolutionary and gene
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regulatory implications of my findings, before providing some perspective on the state of the

3D genome field and recommendations for future research directions.
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CHAPTER 2
REORGANIZATION OF 3D GENOME STRUCTURE MAY
CONTRIBUTE TO GENE REGULATORY EVOLUTION IN
PRIMATES

2.1 Abstract]]

A growing body of evidence supports the notion that variation in gene regulation plays a
crucial role in both speciation and adaptation. However, a comprehensive functional under-
standing of the mechanisms underlying regulatory evolution remains elusive. In primates,
one of the crucial missing pieces of information towards a better understanding of regulatory
evolution is a comparative annotation of interactions between distal regulatory elements and
promoters. Chromatin conformation capture technologies have enabled genome-wide quan-
tifications of such distal 3D interactions. However, relatively little comparative research in
primates has been done using such technologies. To address this gap, we used Hi-C to char-
acterize 3D chromatin interactions in induced pluripotent stem cells (iPSCs) from humans
and chimpanzees. We also used RNA-seq to collect gene expression data from the same lines.
We generally observed that lower-order, pairwise 3D genomic interactions are conserved in
humans and chimpanzees, but higher order genomic structures, such as topologically as-
sociating domains (TADs), are not as conserved. Inter-species differences in 3D genomic
interactions are often associated with gene expression differences between the species. To
provide additional functional context to our observations, we considered previously pub-
lished chromatin data from human stem cells. We found that inter-species differences in

3D genomic interactions, which are also associated with gene expression differences between

1. Citation for chapter: FEres IE, Luo K, Hsiao CJ, Blake LE, Gilad Y. 2019. Reorganization of 3D
genome structure may contribute to gene regulatory evolution in primates. PLoS Genetics 15, e1008278.
doi:10.1371/journal.pgen.1008278
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the species, are enriched for both active and repressive marks. Overall, our data demon-
strate that, as expected, an understanding of 3D genome reorganization is key to explaining

regulatory evolution.

2.2 Introduction

A growing body of evidence indicates that variation in gene regulation plays a key role in
phenotypic divergence between species [29, 147, 35, 107, B11, 21], 135]. Inferring the causal
relationship between inter-species regulatory differences and phenotypic differences between
species remains challenging, but compelling examples of regulatory adaptations have been
published in a large number of species, including primates [224], 8, 30T, 170, 237, 222]. The
molecular mechanisms that underlie regulatory adaptation have also been the focus of much
research. Studies in mice, flies, yeast, and primates have revealed that expression divergence
between species is often driven by mutations or epigenetic modifications within cis-regulatory
elements (CREs), rather than trans elements (e.g. transcription factors [311], 224] [8, B30T,
170} 237, 218, 213]). This makes intuitive sense, because transcription factors can operate
broadly across multiple functional contexts and throughout the genome (affecting many
genes), whereas CREs often have more specific functional outcomes [35, 305].

The ability to measure epigenetic marks, chromatin structure, and other functional ge-
nomic data has enabled us to identify and classify CREs into different types of regulators
with distinct effects on gene expression (e.g. enhancers, silencers, insulators) [3], 48|, 309].
Despite significant advances in our ability to identify and predict the functional role of CREs,
we still lack a comprehensive characterization of the functional relationships between CREs
and the genes they regulate. In many cases, we still do not know which genes are regulated
by which CREs, or when and how often these relationships change. Connecting CREs to
their target genes is crucial for understanding how regulatory architecture changes in re-

sponse to different spatial, temporal and organismal contexts [213], 3 [48], 309, 163, [73] 84].
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Ultimately, the effects of CREs on gene expression are likely to depend on which promoter(s)
they contact, which is inherently related to the 3D structure of the genome [96] 126].

The proximity and frequency of CRE-gene contacts can be measured in vivo using chro-
mosome conformation capture techniques [60]. Chromosome conformation affects how genes
are expressed within a cell [7, 102 155] 26] 72, 121] 132, 234]. For example, 3D genome
structures may bring linearly distant loci into close proximity, connecting genes with CREs
[259, 236l (54, 256] 130, 191], 152]. Expressed genes have been observed to spatially localize
with distant CREs in 3D FISH experiments [236], [252]. The latest chromosome conforma-
tion capture based technique, Hi-C, pairs the original method’s proximity-based ligation with
high-throughput sequencing to identify DNA-DNA contacts on a genome-wide scale [167].
With enough sequencing coverage, Hi-C data can ultimately yield a comprehensive map of
the 3D structure of an entire genome at high resolution [295].

Divergence in 3D genome structure may lead to regulatory evolution and ultimately
to adaptation of new phenotypes. Currently, however, there are only a small number of
comparative Hi-C data sets that can be used to test this notion [245, 233} [69], and even fewer
comparative data sets in primates [58,[160]. Most Hi-C studies to date have focused primarily
on variation in chromatin contact frequencies within a single species [167), 251, [145], [165]. The
few comparative Hi-C studies published to date typically draw comparisons between distantly
related species (such as human and mouse [233][69]), use cancerous or otherwise transformed
cell lines [233], and rely on low resolution genome-wide Hi-C data (typically collecting 100-
600M reads from most samples [245] 69| [71]). These comparative studies typically collect data
in only a single individual from each species, and often compare contacts that are inferred
from Hi-C libraries with large differences in read depth between species, a property that
leads to differences in power to infer 3D genome structures at multiple scales [245] 233 [69].

Thus, to conduct a comparative Hi-C study in primates and address these challenges, we

collected high resolution Hi-C data from iPSCs derived from four human and four chimpanzee
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individuals. The human and chimpanzee genomes share a high degree of synteny [320, 321,
250, 137, 37, [161], thus allowing us to consider a comparison of both low and high order
chromatin interactions. Using our data, we were able to characterize ‘lower-order’ locus-locus
contacts and to infer ‘higher-order’ structural features, such as TADs and TAD boundaries.
We also quantified gene expression levels using RNA-seq data from the same eight cell lines.
We considered our data with existing functional annotations, including histone marks and
chromatin accessibility data, and evaluated the extent to which inter-species variation in
3D genome structure and epigenetic profiles are associated with gene expression divergence

between humans and chimpanzees.

2.3 Results

We performed in situ Hi-C as previously described [233] on a sex-balanced panel of four
human and four chimpanzee integration-free iPSC lines that were previously generated and
quality-checked by the Gilad lab [240]. Using HICUP [306] and HOMER [117] (see Methods),
we obtained genome-wide Hi-C contact maps at 10 kb resolution for all eight individuals, with
each map containing approximately one billion sequencing reads. Since there is currently no
gold standard for Hi-C normalization and statistical modeling, we also used an alternative
method, Juicer [74], to confirm that our results are robust with respect to the choices of
normalization schemes and modeling Figs). We also demonstrated the robustness
of our results by performing certain analyses using different resolutions (from 10 kb to 500
kb). In the main text we report the results obtained using the HOMER pipeline at 10 kb
resolution. Results using the alternative pipelines are shown in the supplement.

We used HOMER to independently classify between 779,503-883,438 contacts (P <0.01)
in the Hi-C data obtained from each individual (genomic coordinates of all contacts in
all individuals are provided in S1-S8 Tables). We define a ‘contact’ as a pair of 10 kb

regions which we observed to be in physical proximity more often than expected by chance.
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Throughout the paper, we refer to Hi-C contacts as ‘lower-order’ or ‘pairwise’ interactions
in order to distinguish them from higher-order, chromosome-scale structures (i.e. TADs and
TAD boundaries).

Our goal was to compare Hi-C contacts between humans and chimpanzees. One intuitive
approach to do so might be to identify the orthologous locations of each contact in the two
species and classify such contacts as shared or unshared. However, this could lead to an
inflated estimate of inter-species differences due to incomplete power to identify contacts
in one species or the other. Instead, we collected the coordinates of all contacts identified
in at least one individual into a single database. For each contact in the database, we
independently identified the pair of corresponding orthologous regions in the human and
chimpanzee genomes (using reciprocal searches, to avoid bias). Using this approach, we
excluded about 18% of contacts because we failed to identify clear orthologous regions in
the genomes of the two species (see Methods and S9 Table). Following the orthology based
filtering, we extracted the normalized contact frequencies (log2 observed:expected read count
ratios) for all pairs of loci in the database, regardless of whether they were classified as
contacts by HOMER. Thus, our analysis is not biased by potential differences in power to
detect contacts in one species over the other. That said, we observed that the variance in
contact frequency was lower for interactions that were independently identified in a greater
number of samples, regardless of species Fig). We thus filtered out interactions that
were independently classified as significant in fewer than four individuals. This approach
allowed us to compare contact frequencies between species for 347,206 interactions while

largely sidestepping the problem of incomplete power.

2.8.1 Inter-species differences in 3D genomic interactions

We used limma [267] to perform pairwise cyclic loess normalization and minimize the effects

of technical variables on our data (2.15| Fig). Following normalization, principal components
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analysis (PCA) and unsupervised hierarchical clustering of the Hi-C data revealed that, as
expected, samples cluster by species (Fig [2.1)).

To identify inter-species differences in contact frequencies, we analyzed the data using a
linear model with fixed effects for species, sex, and processing batch (see Methods). At an
FDR of 5%, we classified 13,572 contacts (about 4%) as having differential normalized contact
frequency between humans and chimpanzees. Analysis of the orthologous regions anchoring
these contacts suggested that approximately 4,000 of these differences might be explained
by large inter-species differences in distance between mates of a contact pair (because read
count is correlated with distance between the mates; see Methods and Fig). We thus
conservatively excluded locus pairs whose distance varied by more than 20 kb across species.
Ultimately, we classified with confidence 9,661 Hi-C contacts (of 292,070; about 3.3%) with
a significant difference in normalized contact frequency between the two species. We refer
to these contacts as inter-species differentially contacting (DC) regions (S10 Table). Our
observations thus suggest that lower-order contacts are generally conserved between humans
and chimpanzees. That said, if we assume that all of the contacts we filtered out (either
due to lack of orthology or because the distance between the anchor regions differed across
species) are in fact DC, divergence in contact frequency would have been observed for 16%
of the Hi-C contacts (assuming similar properties to the current data set). However, we find
it more likely that a large subset of the contacts we excluded are not truly DC, but, rather,
not comparable between the species due to differences in genome assembly quality.

Across all DC regions, 55% exhibited a higher contact frequency in chimpanzees, while
45% showed a higher frequency in humans (Fig , see Fig and Fig for examples).
We observed that some chromosomes were associated with greater asymmetry in inter-species
contact frequencies than others (Fig ) Greater asymmetry seems to be present more
often in chromosomes with large inter-species rearrangements. Specifically, in our data, 8 of

the 9 chromosomes with known large-scale pericentric inversions between the species (1, 4, 5,
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A PCA on Normalized Hi-C Contact Frequency

4004 A
A
5 200 - Bat::h
g A ® o 2
©
SIS .
< ®  Species
Z e Chimp
8 -200 1 A 4 Human
a
A
-200 0 200
PC1 ( 24 % of variance)
B Pairwise Pearson Correlation Clustering @ 10kb

=

1.0

0.9

0.8

0.7

0.6

<>
&7 &7 Q7 Q7

SR I SR S I S

o7 (&% (&%

Figure 2.1: General patterns in Hi-C data. (A) Principal components analysis (PCA)
of HOMER-normalized interaction frequencies for the union of all contacts in humans (tri-
angles) and chimpanzees (circles). PC1 is highly correlated with species (r = 0.98; P <
107°). (B) Unsupervised hierarchical clustering of the pairwise correlations (Pearson’s 12) of
HOMER-normalized interaction frequencies at 10 kb resolution. The first letter in the labels
demarcates the species (H for human and C for chimpanzee), and the following symbols
indicate sex (male, M or female, F') and batch (1 or 2).
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9, 12, 15, 16, 17, and 18; [320, [321], 138, 206, 302} 64]) show particularly strong asymmetry
in inter-species contact frequencies. We also observed asymmetry in inter-species contact
frequencies in human chromosome 2, a fusion of the ancestral chromosomes giving rise to
chimpanzee chromosomes 2A and 2B [302], as well as in chromosome 7, which has the highest
number of un-localized sequences of any chromosome in the panTro5 genome.

Next, we turned our attention to higher-order chromosomal structures by characterizing
TADs in each species. Previous studies indicate that the human and chimpanzee genomes
share a high degree of synteny [320, 3211, 250], [137, 37, [161], a property we confirmed by tiling
each genome into various bin sizes and using a reciprocal best hits liftOver method to identify
syntenic regions (see Methods and Fig). To infer steady-state TAD structures, we pooled
reads across all individuals within each species to create ‘high-density consensus’ Hi-C maps
for humans and chimpanzees [74]. We used the Arrowhead algorithm at 10 kb resolution
[74] to independently infer 11,298 TADs in humans and 10,505 TADs in chimpanzees (see
Methods). We then used liftOver to identify orthologous genomic regions that corresponded
to these TADs, and removed 10% of domains for which orthology could not be identified
(S11 and S12 Tables list the TADs identified in each species; S13 Table lists the orthologous
locations of the combined TADs). Once orthology has been established, for each TAD, we
considered the domain conserved in humans and chimpanzees when 90% of the TAD interval
overlapped reciprocally between species (see Methods). Using this approach, we found that
only ~43% of TADs discovered in humans and chimpanzees are shared (Fig[2.4A).

The observation that TADs are generally not as conserved as practically all other regula-
tory phenotypes studied in humans and chimpanzees was unexpected. We thus thoroughly
tested the robustness of this inference. To do so, we performed a large number of alternative
analyses. We analyzed the data at different resolutions (from 10 kb to 500 kb—each time
repeating the reciprocal liftOver analysis). We analyzed the data by considering, instead of

pooled data, TADs identified independently in a single and in up to 4 individuals within each
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Figure 2.2: Linear modeling reveals large-scale chromosomal differences in contact
(A) Volcano plot of logs fold change in contact frequency between humans
and chimpanzees (x-axis) against Benjamini-Hochberg FDR (y-axis), after filtering non-
orthologus regions (results for unfiltered data are plotted in S9 Fig).
the species in which the contact was originally identified as significant. (B) Per-chromosome
volcano plot using the same legend as in A. P-values provided for a binomial test of the null
that inter-species differences in contact frequencies are evenly distributed. The percentage
of contacts with significant higher frequency in each species is noted.
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Figure 2.3: Examples of DC and non-DC interactions. (A) PyGenomeTracks plots
[232] of a chromosome 8 interaction between bins 130kb away for human (left panel) and
chimpanzee (right). The bin pair tested is indicated by a black star, and was found to be DC
between species. (B) Same as A, but for a conserved (non-DC) interaction on chromosome
17 separated by 100kb.
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Figure 2.4: Higher-order chromosomal structure in humans and chimpanzees. (A)
Across different resolutions (x-axis), we plotted the number of shared and species-specific
domains (y-axis) identified with Arrowhead [74] using the consensus map from each species
(alternative approaches plotted in 2.19-2.21] Figs). (B) Same as A, but for TAD boundaries
instead of the domains themselves. Boundaries were defined as 15kb flanking regions at the
edges of inferred Arrowhead domains. (C) Unsupervised hierarchical clustering of pairwise
comparison of TADs across all individuals. These proportions were obtained using Arrow-
head TAD inferences on each individual at 10kb resolution. Proportions indicated by color
scale on right. Similar plots using analysis at different resolution are available in and
2.21| Figs. (D) Similar to C, but for TAD boundaries instead of the domains themselves.
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species (Fig and Fig), and we did this across the different resolutions. We analyzed
the data by classifying conservation based on the approach of Rao et al. [233] instead of
relying on an overlap of 90% of the domain; we analyzed the pooled data using panTro6 as
a reference genome rather than the panTro5 assembly Fig). We analyzed the data by
focusing on boundaries instead of the entire domains (Fig and ); we used multiple
alternative definitions of boundaries, and repeated this analysis across all resolutions and
with boundaries identified in different numbers of individuals within species Fig). Fi-
nally, we identified TADs using an alternative algorithm, TopDom [261], and repeated all of
the alternative analyses mentioned above using this algorithm Fig).

The results of many of these alternative analyses are reported in the supplement and
2.19H2.21| Figs). All of the alternative analyses produced consistent results and an inference
that TADs and TAD boundaries are much less conserved between humans and chimpanzees
than any other regulatory phenotype studied to date [214] 262, 32, 291, 228, 144]. The
Arrowhead analysis of TADs that are independently identified in four individuals within
either species, at 10 kb resolution, where conservation is classified based on the less stringent
approach of Rao et al. [233], resulted in the highest estimate of conservation, with 78% of
domains and 83% of boundaries shared between the species and Fig). The
restriction to TADs or boundaries identified in all 4 individuals of either species results
in far fewer features that can be examined and Figs), yet even in this analysis
conservation of domains and boundaries is modest (see Fig and Fig for examples).

2.3.2  The relationship between inter-species differences in contacts and

gene 6217]?7“6882071

We previously collected RNA sequencing data from the same human and chimpanzee iPSC
lines [217]. We jointly analyzed the Hi-C and RNA-sequencing data to learn how often

inter-species differences in 3D genomic contact frequencies are associated with inter-species
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Figure 2.5: Examples of conserved and divergent TADs.(A) A region on chromosome 1
with examples of both conserved and divergent Arrowhead [74] TAD inferences (black lines).
Both the larger TADs seen in the chimpanzee map (right) appear to be conserved in the
human map (left), whereas several of the TADs inferred in the human map are noticeably
absent from the chimpanzee map. (B) A region on chromosome 11, once again showing
examples of conserved and divergent Arrowhead TAD inferences (black lines). All the TADs
seen in the human map (left) appear conserved in the chimpanzee map (right), whereas three
smaller TADs inferred in the chimpanzee map are not found in the human map, suggesting
divergence.
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differences in gene expression. We first identified 7,764 orthologous genes for which we have
expression and Hi-C data anchored at a region that overlaps the gene’s transcription start site
(TSS; see Methods). A single genomic region that overlaps a TSS can have multiple contacts
to other genomic regions. For the purpose of our analysis, we conservatively considered only
the contact that shows the highest inter-species divergence for each gene.

We did not observe a correlation between gene expression and contact frequency when we
considered data from all 7,764 genes. However, when we focused on the 1,401 genes classified
as differentially expressed (DE) between humans and chimpanzees (at FDR < 0.05), we
observed an excess of both positive and negative correlations between inter-species differences
in gene expression and inter-species differences in Hi-C contacts Fig). Indeed, genes
whose TSS is associated with inter-species DC are more likely to be DE between species
(x? test; P = 0.01; Fig [2.6/A and [2.6B). The association between Hi-C contacts and gene
expression divergence was somewhat stronger if instead of focusing on the contact with the
highest divergence, we obtained a summary P-value [189] for testing the null hypothesis that
there are no differences between the species in any of the contacts associated with the TSS
for a given gene (P = 0.001; and Fig).

A combined analysis of functional genomic data does not allow us to infer a direct causal
relationship between chromatin contacts and gene expression patterns. Nevertheless, in-
dependent evidence strongly suggests that changes in 3D genomic structure can affect in-
teractions between regulatory elements and promoters [233, [66, [41], 134], 173], which may
ultimately drive differences in gene expression levels [234] [66, [41) 134, 173, 263, 207]. We
thus sought to quantitatively estimate the extent to which inter-species DC might explain
gene expression differences between the species in our data. To do so, we estimated and com-
pared the effect of species on expression before and after accounting for the corresponding
contact frequencies (see Methods; [9]).

Specifically, we performed a mediation analysis using linear models to assess the effect
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Figure 2.6: Differentially contacting Hi-C loci show enrichment for differentially
expressed genes. A) Enrichment of inter-species differentially expressed (DE) genes with
corresponding differences in Hi-C contact frequencies (DC) between the species. The pro-
portion of DC genes that are significantly DE (y-axis) is shown across a range of DC FDRs
(x-axis). Colors indicate different DE FDR thresholds, and dashed lines indicate the pro-
portion of DE genes expected by chance alone. (B) P values of Chi-squared tests of the null
that there is no difference in proportion of DE genes among DC genes (y-axis), shown for a
range of DC FDRs (x-axis). In both panels, DC regions were chosen to have the minimum
FDR supporting inter-species difference in contact frequency. We plotted results using the
weighted p-value combination instead of the minimum FDR in Fig.
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of contact on expression divergence (95% confidence interval based on the Monte Carlo test
of significance; see Methods). For approximately 8% of DE genes (116/1401) we were able
to reject the null hypothesis that the indirect effect is zero Fig). Taken together,
these data suggest that a subset of inter-species differences in gene expression levels can be

explained by divergence in Hi-C contacts.

2.3.8 The chromatin and epigenetic context of inter-species differences in

3D genome structure

Finally, we reasoned that species-specific contacts (i.e. significant DC regions) would be more
likely to involve active, functional regulatory elements. This seems intuitive if one assumes
most genomic contacts are functionally relevant, and not simply the result of pure noise. To
test this hypothesis, we assessed the overlap between our Hi-C data and publicly available
chromHMM annotations based on histone modification data from human embryonic stem
cells [48]. We assigned each Hi-C locus to an epigenetic state based on its maximum weighted
base pair overlap with 15-state chromHMM annotations (see Methods and Fig). Our
approach to classify Hi-C regions with a functional assignment based on majority sequence
overlap is arbitrary, but our conclusions are robust with respect to alternative approaches
to analyze the Hi-C data and Figs).

We found marked differences in the chromHMM annotations between genomic regions
that are inferred to physically contact a promoter and those that do not contact a promoter
(Fig and ) For example, genomic regions in physical contact with a promoter are
enriched with genic enhancer annotations (X2 test; P = 0.0002, S14 Table), as might be
expected. Perhaps more novel is the observation that inter-species DC regions were also
enriched with genic enhancers, in contrast to regions that did not differ in contact frequency
between the two species (P = 0.04, S14 Table). We note that this latter observation is not

robust with respect to different annotations of enhancers, and we do not find this association
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if we simply combine all regions annotated as ‘enhancers’ in the data set.

We repeated the enrichment analysis of Hi-C regions using existing human iPSC histone
mark data, including H3K27ac, H3K4mel, and H3K4me3, and h1-hESC histone mark data,
including H3K27me3 and DNase I hypersensitivity sites (DHS [48]). As expected, Hi-C
regions in contact with a promoter showed greater overlap with DHS peaks than Hi-C regions
that did not contact a promoter (t-test, P < 2.2 * 10716, Fig). When we focused on
contacts involving a promoter, we found that inter-species DCs that are also associated with
DE genes showed the largest overlap with DHS peaks, followed by DE genes that were not
associated with DC regions (P = 0.01). Regions that were not associated with either DC or
DE showed the least amount of overlap with DHS (P = 0.0006; Fig).

Remarkably, apart from the heterochromatic, repressive marker H3K27me3 (where the
sign of the effect was the same, but the enrichment was not significant), Hi-C regions that
are DC and are also associated with DE genes are more likely to overlap all other histone
marks in our data set compared with Hi-C regions that are not DC and are not associated
with a DE gene (all enrichment P < 0.03; Fig and [2.7D, and Fig). In
other words, inter-species DCs associated with DE genes are more likely to occur in genomic
regions that are marked by histone modification, and are thus likely to have a regulatory

function.
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Figure 2.7: Overlap of epigenetic signatures and Hi-C contacts. (A) Hi-C loci
that do not make contact with promoters are ranked in order of decreasing DC FDR (x-
axis). The y-axis shows cumulative proportion of chromHMM annotation assignments for
all Hi-C loci at the given FDR or lower. (TssA-Active TSS, TSSBiv-Bivalent/Poised TSS,
BivFInk-Flanking Bivalent TSS/Enh, EnhBiv-Bivalent Enhancer, ReprPC-Repressed Poly-
Comb, ReprPCWk-Weak Repressed PolyComb, Quies-Quiescent/Low, TssAFInk-Flanking
Active TSS, TxFInk-Transcription at gene 5" and 3’, Tx-Strong transcription, TxWk-Weak
transcription, EnhG-Genic Enhancers, Enh-Enhancers, ZNF/Rpts-ZNF genes and repeats,
Het-Heterochromatin). (B) Same as A, but only considering Hi-C loci making contact with
promoter bins. Results of separating promoter-contacting bins between DE and non-DE
genes can be seen in m Fig. (C) Density plot of the base pair overlap between different
classes of Hi-C contact loci and H3K27ac. Histone mark data were obtained from ENCODE
in experiments carried out in human iPSCs. We grouped contacts into 4 classes, indicated
by color: those that show differential contact between species, those that show differential
expression between species, those that show both, and those that show neither. We used
pairwise t-tests to compare differences in the mean overlap among the four classes of Hi-C
loci. (D) Same as C, but performed on H3K4me3 data obtained from ENCODE, collected
in hESCs. Results with other histone marks can be seen in [2.25| Fig.
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2.4 Discussion

In general, we observed lower-order, pairwise chromatin contacts in iPSCs to be conserved
between humans and chimpanzees. We believe that this observation is intuitive, though
we acknowledge that with only four individuals from each species, and given the challenges
in identifying orthologous regions, we are likely to somewhat underestimate the degree of
divergence in pairwise chromatin contacts.

In contrast to the conservation of lower order pairwise contacts, we did not find higher-
order chromatin structures, such as TADs and TAD boundaries, to be generally conserved
between human and chimpanzee iPSCs. Because this observation seems to contradict pre-
vious reports suggesting that TADs are strongly conserved across species [233, [69], we per-
formed a large number of alternative analyses to demonstrate the robustness of our infer-
ence. Even in our most lenient analysis, we observed that only 78% of domains are shared
between humans and chimpanzees—a much lower conservation than observed for any other
regulatory phenotypes between these two species (when similar sample sizes are considered;
[214), 262, [32], 291], 228]).

While all of the alternative analyses supported our inference, these analyses also demon-
strated the known difficulty of robustly inferring TADs and TAD boundaries based on Hi-C
data alone [232] [50]. Indeed, the algorithms used to infer TADs and TAD boundaries them-
selves are not very robust, as has been discussed previously [56, 89]. Given our observations
and the difficulty obtaining robust definitions of TADs and TAD boundaries, we carefully
examined the previous evidence for high conservation of TADs between species.

The conclusion of our literature analysis is that the evidence for strong domain conserva-
tion is weak, and thus that our inference does not actually contradict previous data. A few
of the studies typically cited as providing evidence for strong conservation of TADs across
species did not actually perform a genome-wide assessment TADs, but inferred conservation

based on a few examples [245, 116, 1T1]. Rudan et al. [245], for instance, reported functional
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conservation of TAD boundaries in liver cells from rhesus macaque, dog, rabbit, and mouse,
but did not report the number or proportion of conserved regions they observed. Instead,
they presented correlations of 0.5 between contact frequencies across these species in sub-
sets of contacts binned by the distance between mates, without further considering TADs or
boundaries.

In contrast to studies that focused on specific examples, Dixon et al. [69], who originally
described megabase-sized TADs at 40 kb resolution, reported that TAD boundaries were
conserved in human and mouse embryonic stem cells. At a greater sequencing depth and
finer resolution (1 kb), Rao et al. [233] observed TADs with a median size of 185 kb, and
similar to Dixon et al., concluded that the domains were conserved in human and mouse
B-lymphoblasts. However, the evidence for conservation in both studies is not strong. First,
the actual conservation reported, though described as high, seems in fact to be modest:
Dixon et al. reported that 54% of human boundaries are shared with mouse (76% if the
comparison is reversed), and Rao et al. reported that 45% of mouse domains are shared
with human. Second, and more importantly, in both studies, conservation estimates were
made unilaterally, by considering the proportion of TADs identified in the species for which
they had less data that are also identified in the species for which they had more data. This
approach results in an overestimate of sharing of domains because only the very strong TADs
can be identified in the species with less data, and these are more likely to be shared across
species. Indeed, if we perform a similar analysis using our own data (assessing sharing of the
top 10% of TADs identified in one species), we observe a much higher conservation (85%).
Conversely, if we use the data from Rao et al. to estimate reciprocal TAD sharing across
species, conservation is even lower than originally reported, at ~30% instead of 45%.

Thus, based on our analysis of the literature, we believe that the common notion that
TADs are highly conserved in their placement across species is not well supported. Indeed,

recent evidence from yeast [290], different Drosophila tissues [242], and plant species [71]
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suggests that TADs and TAD-like domains may not be particularly conserved, which raises
questions about the stability of these higher-order structures and the significance of their
role in the evolution of gene regulation across different lineages. However, the extent (or
lack) of inter-species TAD conservation is difficult to falsify with existing data, partially
because there is no standard method for identifying TADs, nor for comparing them across
species [50, 89]. The ability to reliably identify TADs also depends on the quality of the
genome assemblies used, the approach for inferring synteny, sequencing depth and coverage,
and various other parameters. We acknowledge that our estimates of inter-species differences
in TADs may be somewhat inflated due to incomplete power to detect TAD structures in
each genome. Unfortunately, the outputs of the available algorithms do not allow us to
directly address this potential caveat in the same way we addressed incomplete power in the
comparative analysis of lower-order interactions.

More generally, as many studies indicated [56], B15], 247], including ours, it is difficult to
reconcile the visual examination of contact maps with TADs inferred based on algorithms.
In our case (Fig and Fig), we found many examples where visual inspection naively
suggests high conservation, but the algorithms do not indicate sharing of domains or bound-
aries. This is not surprising; a previous comprehensive analysis of numerous TAD algorithm
inferences found very little concordance when compared to manual visual annotations of
TADs [56]. Obviously, comparing all TAD inferences based on manual visual assessment
is not feasible. Yet, the lack of stability of TAD algorithms means that it is possible that
a better computational analysis will emerge and will indicate that domains or boundaries
are indeed conserved. Currently, however, neither our own nor previously published data

provides support for strong conservation of these structures.
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2.4.1 Contribution of variation in 3D genome structure to expression

divergence

We considered our Hi-C data along with gene expression data previously collected from the
same cell lines [217] and assessed the extent to which inter-species variation in 3D genome
contacts could potentially explain gene expression divergence between species. Previous
studies have observed that spatial co-expression of genes is associated with chromatin in-
teraction profiles [7, [72], 121], 252] [75]. A number of studies have focused on differentially
expressed genes following a treatment or perturbation and observed that such genes are often
associated with corresponding differences in nearby chromatin contacts [60, [41]. Consistent
with these reports, we found an enrichment of inter-species differences in pairwise chromatin
contacts that involve promoters of differentially expressed genes between the species. Our
observations are robust with respect to a range of data processing decisions and the statisti-
cal cutoffs we used. Under the common assumption that changes in chromatin contacts are
more likely to explain differences in gene expression than vice versa, our results support the
notion that species-specific 3D genomic contacts play an important role in the evolution of
gene regulation.

Our observation that inter-species differences in pairwise genomic contacts are associ-
ated with regulatory evolution more than differences in large scale TAD boundaries is also
consistent with previous reports. For example, Rao et al. [234] found that the degrada-
tion of cohesin, one of the proteins involved in maintaining TAD boundaries and large-scale
loops, is associated with only modest effects on gene expression. In contrast, a number of
other studies found strong correlations between differences in fine-scale genomic contacts
and differences in the expression of nearby genes [233] [134].

Previous studies have identified a wide variety of regulatory phenotypes that contribute to
inter-primate differences in gene expression levels [301], 170, 222] 214 [33T], 22] [31]; 3D genome
conformation is only one of the putative upstream factors in the evolution of gene regulation.
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Our results argue for a model whereby inter-species differences in pairwise contact frequen-
cies are among the main drivers of expression divergence between humans and chimpanzees.
Given the low 10-kb resolution of our Hi-C data, it is likely that we have underestimated
the contribution of inter-species variation in 3D genome structure to gene expression diver-
gence between species. Future comparative Hi-C studies that sequence deeply enough to
obtain higher, sub-kilobase resolutions, will allow researchers to resolve variation in contact

frequency at even smaller scales, augmenting predictive power.

2.4.2 Functional annotations

Finally, we considered our data in the context of functional chromatin annotations available
for the human genome. Previous studies have shown that 3D contact maps produced by
Hi-C can be accurately recapitulated by epigenetic marks [221] B33]. Other reports have
found enrichments for various chromatin accessibility and histone marks among interactions
inferred from chromosome conformation capture data [244] 241].

Our results corroborate and expand upon these findings. The differences we observed in
chromHMM state assignments in our comparisons (namely, more active and less repressive
states in promoter-involved contacts and contacts overlapping differentially expressed genes),
provide additional support for the functional relevance of our inferences. We acknowledge
that these differences could potentially be more pronounced with higher-resolution Hi-C
data and with chromHMM inferences made from ChIP-seq experiments in the same cell
lines. While our study design does not allow us to directly infer causality between chromatin
interactions and gene expression, the functional enrichments we observed for different epi-
genetic marks suggest that 3D genome conformation may be one of the upstream elements
in the chain of events driving the evolution of gene expression. Although this notion is in-
tuitive to us and is consistent with our data, it is still possible that differences in epigenetic

marks are the true drivers of divergence in gene expression levels and/or chromatin contacts
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between humans and chimpanzees.

Future studies integrating similar data types could explore these possibilities by exam-
ining epigenetic marks across species (only human data were available to us), which would
enable researchers to polarize the regulatory differences in orthologous sequences between
humans and chimpanzees. This would also allow for a sharper definition of the functional

classes of inter-species differences in lower-order chromatin contacts.

2.5 Materials and methods

2.5.1 FEthics statement

We collected human fibroblasts with written informed consent obtained from all human
participants under University of Chicago IRB protocol 11-—0524. We obtained fibroblasts
from chimpanzees from the Yerkes Primate Research Center of Emory University under
protocol 006—12, in full compliance with IACUC protocols [240]. All experimental methods

are in accordance with the Helsinki Declaration.

2.5.2  Induced pluripotent stem cells (iPSCs)

As described previously, the Gilad lab has derived panels of both human and chimpanzee
iPSCs via episomal reprogramming [240]. To ensure their quality, we validated iPSCs from
both species as pluripotent at high passages (>10). Quality control checks included an em-
bryoid body assay confirming their ability to differentiate into all three germ layers, qPCR of
endogenous transcription factors associated with pluripotency, PCR to confirm the absence
of exogenous pluripotency genes (both from residual episomal plasmid or genomic integra-
tion), and PluriTest [197], a bioinformatics classifier that assesses pluripotency based on
gene expression data [240]. In the current study, we grew all cell lines in the same incubator

in two passage-matched batches, which were also balanced across species and sex, in order
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to avoid batch effects in our data.

2.5.8 In-situ Hi-C library preparation and sequencing

We performed in situ Hi-C with the restriction enzyme Mbol, as previously described [233] on
the iPSCs from both species. We grew cells in feeder-free conditions [204] to approximately
80% confluence before adding formaldehyde to crosslink the proteins mediating DNA-DNA
contacts. We flash-froze pellets of 5 million cells each before beginning the in situ Hi-C
protocol [233]. We used Mbol to cut the DNA at each of its 4-bp recognition sites (GATC)
throughout the genome. Ligation of proximal fragments with T4 DNA ligase yielded chimeric
DNA molecules representing two distinct loci. Libraries were created in two balanced batches
identical to the cell growth batches and sequenced (100bp paired-end) on an Illumina Hi-Seq
4000 at the University of Chicago Genomics Core Facility. To avoid batch effects resulting
from differences in flow cells, libraries were sequenced across three lanes, each on separate

flow cells balanced for species.

2.5.4 Hi-C read mapping, filtering, and normalization

We preprocessed, mapped, and filtered the resulting FastQ sequence files using HICUP ver-
sion 0.5.9 [306]. We also used HiCUP to truncate the reads at ligation junctions. Thereafter,
we used bowtie2 version 2.2.9 [I57] to independently map the two mates of paired-end se-
quences to either the hg38 or panTro5 genomes, and removed reads with low quality scores
(MAPQ < 30). We carried out further HICUP filtering as previously described based on
an in silico genome digest in order to remove experimental artifacts [306]. We then used
HOMER version 4.9.1, a foundational statistical analysis suite for Hi-C data [117], to tile the
genome into a matrix of 10 kb bins and assign reads to their corresponding intersecting bins.
We subsequently used HOMER to normalize Hi-C contact bins as previously described [117],

accounting for known technical biases in Hi-C data. Finally, we called statistically significant
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interactions independently in each individual using HOMER, based on a null expectation
of read counts falling into bins in a cumulative binomial distribution [I17]. We retained
interactions with an unadjusted P value < 0.01, the default recommendation by HOMER.
As other studies have noted [74], a traditional multiple testing correction paradigm is overly
conservative for Hi-C data due to the high number of tests, and because the spatial nature

of the data means that individual tests are highly correlated (and thus not independent).

2.5.5 Creation of a union lst of orthologous Hi-C contacts across species

In order to ensure that the contact frequencies we compared across species were from repre-
sentative orthologous sequences in humans and chimpanzees, we used liftOver with a recip-
rocal best hits method [300, [140] to transfer interaction bin coordinates across both genomes.
For each called contact, we used liftOver to independently map the coordinates of the two
anchor bins in the other species’ genome, obtaining coordinates in both genomes for all con-
tacts. We then rounded the coordinates to the nearest 10 kb bin, in order to align properly
with a Hi-C bin. We required both anchor bins to have orthologous bins in the other species
in order to retain a contact for comparison; statistics on the number of called contacts and
the number retained after our liftOver procedure are available in S9 Table. In order to
assess the extent of contacts lost due to lack of orthology, we also compared the retention
of genome-wide 10 kb bins in both genomes with the retention of unique 10 kb bins found
within each of our individuals. We found that our Hi-C bins tended to have a higher rate of
orthologous mappability across species (S9 Table). For all contacts in this union list, we then
extracted the HOMER-normalized interaction frequencies from each individual’s 10 kb Hi-C
matrix. Including interactions discovered in fewer than 4 individuals increased the variance
in our data Fig). Therefore, we retained only the Hi-C contacts that were indepen-
dently discovered by HOMER in at least 4 individuals, for a total of 347,206 interactions.

As we describe in the next section, we also later filtered out contacts where the distance
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between bins showed a difference of > 20 kb across species, retaining 292,070 interactions.

2.5.6  Linear modeling of Hi-C interaction frequencies

In an effort to quantify inter-species differences in the Hi-C interaction frequency values, we

used the following linear model:

Yij = Bo + Bspsi + Bszxj + Bpeebi + €55 (2.1)

Y;; represents the observed Hi-C interaction frequency of a contact from individual j in
species i. 3y is the intercept. Bsp, Bsz, and By are effect sizes for species, sex, and batch,
respectively, with their corresponding variables s;, z;, and b;, and an error term ¢;;. We
used the R/Bioconductor package limma [267, [159] to test for inter-species differences in
Hi-C interaction frequency. We applied Benjamini-Hochberg multiple testing correction and
found 13,572 interaction pairs where the species term is significant at a 5% false discovery
rate (FDR).

Initial visualization of the linear modeling results for the species term revealed a stark
asymmetry Fig) suggesting that on a global level, the contacts identified as significant
in chimpanzees were much stronger than those identified in humans. This was surprising
to us; we reasoned that this asymmetry could be due to a technical factor. For example,
liftOver conversion of genome coordinates between species to identify orthologous bins can
create differences in both the Hi-C locus size and in the genomic distance between mates
of a contact pair (mate-pair distance). We investigated the impact of these two factors on
the proportion of contacts classified as differential across species in our data. We discovered
that while changes in Hi-C locus size had little effect on the proportion of interspecies DCs,
differences in mate-pair distances > 20 kb across species created a noticeable inflation in this
proportion at an FDR of 5% Fig). We believe this makes intuitive sense, as bins that

are farther apart will have fewer read counts due to the proximity-based ligation in Hi-C.
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Thus, a mate-pair distance difference across the genomes could induce what appears to be
a differential contact, because the contact inherently has more read support in the species
where the mates are closer. However, we note that it is impossible to ascertain the relative
biological and/or technical relevance of the differences seen in these contacts. We thus took a
conservative approach to minimize false positives and removed contacts with a >20 kb mate-
pair distance difference between species from our downstream analyses Fig), accepting

that the number of inter-species differences we observe may be underestimated.

2.5.7 Identification of orthologous topologically associating domains

(TADs) and boundaries

We chose to perform TAD analyses on both individual-level data and on representative
species consensus data. For our analysis comparing TAD boundaries on species consensus
Hi-C maps, we combined all the preprocessed Juicer files from all our individuals within
a species and used the juicer_mega.sh script [74] to create higher density contact maps for
each species. We then ran the Arrowhead algorithm across resolutions to infer TADs, and
then we extended the edges of TADs 7.5 kb in each direction to create 15 kb boundaries
(accounting for imprecision in boundary inference). We used a reciprocal best hits liftOver
strategy [300, 140] to obtain orthologously mappable TADs and boundaries. To confirm high
synteny of large-scale linear genomic intervals between the species, we employed this same
orthology analysis on genome-wide tilings of the hg38 and panTro5 genome assemblies, with
varying window sizes created with bedtools [229] makewindows Fig). In the case of
TADs, we then assessed number of domains found in one species that were also found in the
other species (conserved domains) with reciprocal bedtools [229] intersect —c —f 0.9 -r calls.
These parameters will only define a domain as overlapping if there is a domain in the other
species such that each domain shares 90% of their interval with the other. We used the larger

of the two estimates of shared TADs across the species as the conserved domain count (to
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be conservative), and divided this by the sum of the conserved and species-specific domains
identified in order to assess conservation. As an alternative analysis, we also employed the
method previously described by Rao et al. [233]; namely, we called a TAD conserved in one
species if it and a TAD from the other species displayed a Euclidean distance less than the
smaller of 50 kb or half the given TAD’s size. We analyzed boundary conservation using
bedtools intersect —c, considering any overlap as indication of conservation (i.e. even a single
base pair overlap of boundaries meant a boundary was classified as conserved).

To examine individual-level data and to ensure robustness of our results, we separately
used both Arrowhead [74] and TopDom [261] (with window = 20) across resolutions to call
TADs independently in each individual sample. Though we performed essentially the same
analyses on both outputs, it should be noted that Arrowhead provides nested TADs only,
from which we inferred boundaries as described above, whereas TopDom provides separate
domain and boundary inferences. We used a reciprocal best hits liftOver method [300], 140]
to obtain a set of orthologous domains and boundaries. We assessed interspecies conservation
by performing left outer joins (bedtools intersect —loj) of each individual’s domains against
all the others, once again requiring 90% reciprocal overlap. We then took the average species-
specific and shared domain counts across these individual comparisons to produce a single
estimate of conservation and Figs). The individuals’ pairwise percentages of shared
domains were used in hierarchical clustering analysis (Fig , and Figs). We also
once again checked the robustness of our results using the conservation calling method from
Rao et al. [233] described above. In the case of boundaries, we reasoned that, given the
nested nature of the TADs, as well as variance between individuals in their exact placement,
it would make sense to merge the boundaries (using bedtools merge) in order to obtain a
list of unique boundary elements. We added a column of individual identifiers to each set
of boundaries and then merged all together, thereafter assessing conservation by examining

what percentage of boundaries were independently found in both species out of the total set
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of unique boundaries. We also applied hierarchical clustering analysis to individual pairwise
percentages of shared boundaries in this union merged file (Fig [2.4D, and Figs).
Further descriptions of these analyses can be found on our GitHub repository (/data/TADs

folder), and 10 kb individual Arrowhead inferences are available in S17-524 Tables.

2.5.8 Differential expression analysis

Previously, the Gilad lab generated RNA-seq expression data on the same iPSC lines from
this study (GEO accession GSE110471 [217]). We computed reads per kilobase per million
mapped reads (RPKM) for every gene, as the orthologous genes are not constrained to be the
same length across species. We retained 11,074 genes that had at least half of the individuals
(2 observations) in each species with loggRPKM > 0.4. We then used the limma-voom
pipeline with precision weights [267, [159] to test for differential expression across species,
using a linear model including a species effect and a sex effect. Using this approach, we

found 2,086 differentially expressed genes (at 5% FDR).

2.5.9 Broad integration of Hi-C and gene expression data

We obtained the overlap between our gene expression data and our Hi-C data by applying
bedtools overlap [229] to the Hi-C loci and the first exon of each gene. Using a curated
file of orthologous gene coordinates between humans and chimpanzees [217], we extracted a
one-base-pair interval at the beginning of each first exon to use as a proxy for transcription
start sites (TSSs).

As described in the main text, the difference in dimensionality between the two datasets
presented a challenge. While every gene has only one expression value per individual, a given
Hi-C locus can and frequently does make contact with many other loci. When a given gene
overlapped a Hi-C locus making multiple contacts, we chose the contact with the smallest

species term FDR (i.e. the most species-specific contact) in our DC analysis to represent the
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interaction frequency for that gene. Accordingly, we interpreted the FDR~adjusted P value
for the chosen contact as the gene’s differential contact significance. To examine correlations
between normalized Hi-C contact frequency and loggRPKM gene expression, we considered
the correlation between gene expression values across all 8 individuals with the corresponding

interaction frequency values across the same 8 individuals.

2.5.10 Enrichment of differential expression in differential contacts

We examined the enrichment of differential expression in genes with differential contact (Fig
and Fig) across a continuous range of DC FDRs and a discrete range of DE FDRs
(1%, 2.5%, 5%, 7.5%, and 10%). We used Pearson’s chi-squared test to quantify significance
of the enrichment at each FDR (Fig and Fig). We also examined the reciprocal
enrichment; that is, DC enrichment amongst DE genes and Fig).

2.5.11 Assessing the quantitative contribution of Hi-C' contact frequencies

to gene expression levels

We assessed the hypothesis that expression divergence may be mediated by contact frequency
using linear models [9]. The intuition behind this approach is that the effect of species (X)
on expression (Y) can be partitioned into its indirect effect on expression mediated through
contact frequency (M) and its direct effect on expression. Therefore, a significant indirect
effect would suggest that expression divergence is causally mediated by contact frequency.
To test our mediation hypothesis, we computed the indirect effect of species on expression
(X = M — Y: causal effect of X on Y through M) by taking the product of the effect of
species on contact frequency (a: X — M) and the effect of contact frequency on expression
after controlling for species (5: M — Y). The indirect effect (a*3) is conceptually equivalent
to the difference between the effect of species on expression and the effect of species on

expression after controlling for contact frequency, but is more mathematically tractable and
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commonly used in mediation analyses [269, 268 178]. We obtained « as the species effect
size in a simple linear model attempting to predict Hi-C interaction frequency based solely
on a species term. We estimated 3 as the contact frequency effect size in a linear model
predicting expression based on both species and contact frequency per gene. To determine
statistical significance of the indirect effect, we applied the Monte Carlo test of significance
to construct the 95% confidence interval. The primary benefits of the Monte Carlo method
are that it requires no distributional assumptions of the data and is robust against type I
error in small samples [179, 227, 226]. Thus, we choose the Monte Carlo test over Sobel
test, the conventional approach to significance testing of mediation, which relies on the data

following normal distribution [269] 268].

2.5.12  Integration with epigenetic annotations

We obtained chromHMM 15-state model peak calls in human iPSC cells from ENCODE [4§]
(S15 Table). We subsequently found the overlap between the human coordinates of our or-
thologous Hi-C contact loci and the chromHMM peak calls and quantified the extent of base
pair overlap between each locus and all overlapping chromHMM peaks. We assigned each
individual locus a single chromHMM annotation based on the peak with the highest base
pair overlap with that locus. However, the distribution of overlaps of different chromHMM
annotation peaks with our Hi-C bins were quite variable in size. To account for this, we
normalized each annotation’s overlap length in each locus by multiplying it by the reciprocal
of its mean base pair overlap across all our bins Fig). After removing duplicate Hi-C
loci, we then assigned individual loci to chromHMM annotations based on these normalized
base pair overlaps. We started with a small set of the top ten most differentially contacting
loci (i.e. the ten lowest FDR loci from our Hi-C linear modeling), and tabulated propor-
tions of which annotations were represented amongst them. We then iteratively added the

next-lowest FDR contact (i.e. two Hi-C loci at a time) to this tabulation, re-calculating
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proportions on the new set of contacts. We ran this same cumulative proportions analysis
separately on contacts not overlapping promoters, contacts overlapping promoters, contacts
overlapping promoters of DE genes, and contacts overlapping promoters of genes that were
not DE (Fig and 2.7B, Fig).

We also obtained data on H3K4mel, H3K4me3, and H3K27ac collected in human iPS-
18A cells, and data on H3K27me3 and DNase hypersensitivity sites collected in H1-hESCs,
all from ENCODE [48] (S15 Table). We used bedtools intersect [229] to find the base pair
overlap between each of these different marks and our Hi-C contact loci. We then removed
duplicate Hi-C loci from the dataset and used a pairwise t-test to identify significant differ-
ences in the overlapping distributions for different sets of Hi-C classes (based on differential

contact and differential expression, Fig and [2.7D).
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2.7 Supplementary Figures
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Figure 2.8: S1. Regulatory landscapes cluster by species, Juicer. (A) Principal com-
ponents analysis (PCA) of Juicer vanilla coverage (VC)-normalized interaction frequencies
for the union of all contacts in humans (triangles) and chimpanzees (circles). PC1 is highly
correlated with species (r = 0.89; P = 0.0004). (B) Unsupervised hierarchical clustering of
the pairwise correlations (Pearson’s 12) of Juicer VC-normalized interaction frequencies at
10 kb resolution. The first letter in the labels demarcates the species (H for human and C
for chimpanzee), and the following symbols indicate sex (male, M or female, F) and batch

(1 or 2).
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Figure 2.9: S2. Linear modeling reveals large-scale chromosomal differences in
contact frequency, Juicer. (A) Volcano plot of logy fold change in contact frequency
between humans and chimpanzees (x-axis) against Benjamini-Hochberg FDR (y-axis), after
filtering non-orthologous regions. Data are colored by the species in which the contact was
originally identified as significant. (B) Per-chromosome volcano plot using the same legend
as in A. P-values provided for a binomial test of the null that inter-species differences in con-
tact frequencies are evenly distributed. The percentage of contacts with significant higher
frequency in each species is noted. Of note is that many of the same chromosomal asymme-
tries in contact strength observed here are in the same chromosomes as those observed in
the HOMER-normalized data (Fig[2.2)).
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Figure 2.10: S3. Differentially expressed genes show enrichment for differential
Hi-C contacts, Juicer. (A) Enrichment of inter-species differentially expressed (DE) genes
with corresponding differences in Hi-C contact frequencies (DC) between the species. The
proportion of DC genes that are significantly DE (y-axis) is shown across a range of DC
FDRs (x-axis). Colors indicate different DE FDR thresholds, and dashed lines indicate the
proportion of DE genes expected by chance alone. (B) P values of Chi-squared tests of the
null that there is no difference in proportion of DE genes among DC genes (y-axis), shown for
a range of DC FDRs (x-axis). In both panels, DC regions were chosen to have the minimum
FDR supporting inter-species difference in contact frequency. (C) Same as A, but this time,
a weighted p-value combination technique [I89] was used to integrate each Hi-C bin’s DC
FDR across all of its contacts. (D) Same as B, but for the weighted p-value combination
instead of the minimum FDR contact.
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Figure 2.11: S4. Dynamics of chromHMM state among significant Hi-C con-
tacts, Juicer. (A) Hi-C loci that do not make contact with promoters are ranked
in order of decreasing DC FDR (x-axis). The y-axis shows cumulative proportion of
chromHMM annotation assignments for all Hi-C loci at the given FDR or lower. (TssA-
Active TSS, TSSBiv-Bivalent/Poised TSS, BivFInk-Flanking Bivalent TSS/Enh, EnhBiv-
Bivalent Enhancer, ReprPC-Repressed PolyComb, ReprPCWk-Weak Repressed PolyComb,
Quies-Quiescent /Low, TssAFInk-Flanking Active TSS, TxFInk-Transcription at gene 5’
and 3’, Tx-Strong transcription, TxWk-Weak transcription, EnhG-Genic Enhancers, Enh-
Enhancers, ZNF /Rpts-ZNF genes and repeats, Het-Heterochromatin). (B) Same as A, but
only considering Hi-C loci making contact with promoter bins. (C) Same as B, but only
considering Hi-C loci making contact with promoters of genes that are not differentially ex-
pressed (DE). (D) Same as C, but only considering Hi-C loci making contact with promoters
of genes that are differentially expressed (DE).
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Figure 2.12: S5. Overlap of activating and repressive histone marks among Hi-
C contacts, Juicer. (A) Density plot of the base pair overlap between different classes
of Hi-C contact loci and H3K27ac. Histone mark data were obtained from ENCODE in
experiments carried out in human iPSCs. We grouped contacts into 4 classes, indicated
by color: those that show differential contact between species, those that show differential
expression between species, those that show both, and those that show neither. We used
pairwise t-tests to compare differences in the mean overlap among the four classes of Hi-
C loci. Unlike in the HOMER-normalized data, we do not observe statistically significant
differences in overlaps with H3K27ac between different locus classes. This may reflect the
previous observation that the hiccups algorithm for assigning statistical significance of loops
in Hi-C data is much more conservative than HOMER's significance calling method [89]. (B)
Same as A, but performed on H3K4me3 data obtained from ENCODE, collected in hESCs.
(C) Same as A and B, but performed on H3K4mel data obtained from ENCODE;, collected
in human iPSCs. (D) Same as A, B, and C, but performed on H3K27me3 data obtained
from ENCODE, collected in human iPSCs.
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Effect of Contact on Expression Divergence in DE genes
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Figure 2.13: S6. Gene expression variance is explained by chromatin contacts
for 5% of DE genes, Juicer. Plot of the species effect size in DE genes between models
before (x-axis) and after (y-axis) conditioning on contact frequency. The Monte Carlo test of
significance was used to construct the 95% confidence interval and evaluate the significance
of the indirect effect (species’ effect on expression mediated through contact). Amongst
DE genes, 5% (15/299) of genes showed a statistically significant effect of Hi-C contacts on
expression levels (i.e. their 95% confidence interval does not include zero).
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Figure 2.14: S7. Variance in interaction frequency as a function of the number
of individuals in which a significant interaction is independently discovered. (A)
Boxplots of variance in contact frequency across all 8 individuals on the y-axis, binned by
the number of individuals in which an interaction is independently called significant on the
x-axis. (B) Same as A, but zoomed in on the y-axis to visualize finer-scale variation.
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Figure 2.15: S8. Distributions of HOMER-normalized interaction frequencies are
remarkably similar across species. (A) Histogram of loga(observed /expected) HOMER-
normalized interaction frequencies in all four human samples used in this study, after applying
pairwise cyclic loess normalization with limma [267]. (B) Same as A, but in chimpanzees.
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Figure 2.16: S9. Volcano plot asymmetry quality control. (A) Volcano plot of logs fold
change in contact frequency between humans and chimpanzees (x-axis) against Benjamini-
Hochberg FDR (y-axis). This plot shows data only filtered for independent discovery in
at least 4 individuals. Data are colored by the species in which the contact was originally
identified as significant. (B) Scatter plot of sets of Hi-C contacts, with proportion of contacts
significant in our linear modeling of interaction frequency shown based on color. Contacts
are binned by mate-pair distance differences (y-axis) and bin size differences (x-axis). Circle
size is proportional to the size of the set of Hi-C contacts falling into each criteria. Red
indicates that the data were filtered out after this step, and blue/purple indicates that the
data were retained for further analysis. (C) Volcano plot as in A, but after removing contacts
with large mate-pair distance differences across the species.
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Figure 2.17: S10. Further visual examples of DC and non-DC interactions; con-
served and divergent TADs. (A) PyGenomeTracks plots [232] of a chromosome 19
interaction between bins 80 kb away for human (left panel) and chimpanzee (right panel).
The bin pair tested is indicated by a black star, and was found to be DC between species.
(B) Same as A, but for a conserved (non-DC) interaction on chromosome 1 separated by
100kb...(continued on next page)
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Figure 2.17: (continued from previous page) (C-H) Examples of contact maps (created with
PyGenomeTracks [232]) and Arrowhead-inferred TAD structures (black lines) in humans
(left) and chimpanzees (right), across a number of different chromosomes. In most examples,
inference based on the algorithm indicates shared and species-specific domains, yet these are
difficult to ascertain based on visual inspection, as discussed.
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Figure 2.18: S11. Synteny of large scale linear genomic intervals between human
and chimpanzee. (A) Across different window sizes (x-axis) for a genome-wide tiling of
hg38, we plotted the number of total and syntenic linear intervals (y-axis), identified using
the reciprocal best hits liftOver method [300], [140] we employed throughout the paper. (B)
Same as A, but for a genome-wide tiling of panTro5.
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Figure 2.19: S12. Higher-order chromosomal structure in humans and chim-
panzees with alternative analysis choices. (A) Across different resolutions (x-axis),
we plotted the number of shared and species-specific domains (y-axis) identified with Ar-
rowhead [74] on Juicer VC-normalized Hi-C maps from each individual. We called domain
conservation here based on the method of Rao et al. [233] (highly similar results were ob-
served with our 90% reciprocal overlap method, described in the text and available in the
github repository associated with the paper)...(continued on next page)
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Figure 2.19: (continued from previous page) Domain count values represent the average
interspecies sharing across all individuals, with no filtering for domain robustness (that is,
assessing all domains discovered and orthologously mappable). Under this analysis paradigm
we observe relatively low sharing across species (~60% at 10kb). (B) Same as A, but this
time, only considering TADs that were found across all 4 individuals within either one of
the species (fixed TADs). Restricting to this subset increases the percentage of conservation
to 78%, although the set of TADs being examined is much smaller. (C) Same as A, but
for boundaries instead of domains. Boundaries were defined as 15kb flanking regions at
the edges of inferred Arrowhead domains. Because the TADs called by Arrowhead are
nested, we merged boundaries here to obtain unique genomic intervals, rather than counting
boundaries repeatedly. We then considered boundaries shared between individuals if they
had any overlap. (D) Same as B, but for boundaries instead of domains (i.e. considering
only boundaries fixed within species). Here, the highest estimate of conservation we obtain is
83% of boundaries conserved across species at 10kb resolution. (E) Unsupervised hierarchical
clustering of the pairwise proportions of shared TADs between all individuals in our study at
a variety of resolutions, using the Rao et al. [233] methodology for calling conservation. The
first letter in the labels demarcates the species (H for human and C for chimpanzee), and
the following symbols indicate sex (male, M or female, F) and batch (1 or 2). Heatmaps are
not necessarily symmetric because different numbers of TADs were discovered in different
individuals; rows represent an individual’s shared proportion of TADs (individual total) with
each other individual. Highly similar clustering results were observed when using our domain
conservation calling paradigm (shown in github repository associated with paper). (F) Same
as E, but for boundaries instead of domains.
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Figure 2.20: S13. Higher-order chromosomal structure in humans and chim-
panzees with alternative analysis choices and genome builds. (A) Across different
resolutions (x-axis), we plotted the number of shared and species-specific domains (y-axis)
identified with Arrowhead [74] using the consensus map from each species. To call a do-
main as conserved here, we required that the Euclidean distance between the domain across
species be less than the minimum of 50kb or 50% the length of the TAD, based on the
conservation calling method employed by Rao et al [233]. Results are highly similar to those
seen in Fig [2.4)A. (B) Same as A, but for TAD boundaries instead of the domains them-
selves. Boundaries were defined as 15 kb flanking regions at the edges of inferred Arrowhead
domains. In this case, conservation was called if there was any base pair overlap between
boundaries. Unlike in Fig[2.4B, boundaries were merged before calling conservation, in order
to find unique boundary elements. This difference in analysis paradigms could have impor-
tant consequences with a nested TAD caller such as Arrowhead [74], but results are highly
similar to those seen in Fig[2.4B. (C) Same as A, but this time, performed on ‘high-density
consensus’ Hi-C maps that have been mapped to the hg38 and panTro6 genomes (rather
than panTro5). Results are highly similar despite the improvement in genome quality build.
(D) Same as B, but this time, on the hg38 and panTro6 genome assemblies.
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Figure 2.21: S14. Higher-order chromosomal structure in humans and chim-
panzees with alternative algorithms (TopDom). (A) Across different resolutions (x-
axis), we plotted the number of shared and species-specific domains (y-axis) identified with
TopDom [261] on HOMER-normalized Hi-C maps from each individual. We called domain
conservation here based on the method of Rao et al. [233] (highly similar results were ob-
served with our 90% reciprocal overlap method, described in the text and available in the
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Figure 2.21: (continued from previous page) Domain count values represent the average
interspecies sharing across all individuals, with no filtering for domain robustness (that is,
assessing all domains discovered and orthologously mappable). Under this analysis paradigm
we observe relatively low sharing across species (maximum of 30% at 25 kb). (B) Same as
A, but this time, only considering TADs that were found across all 4 individuals within
either one of the species (fixed TADs). Restricting to this subset increases the maximum
percentage of conservation to 42% at 25 kb resolution, although the set of TADs being
examined is much smaller. (C) Same as A, but for TopDom [261] boundary inferences instead
of domains. We considered boundaries shared between individuals if they had any overlap.
(D) Same as B, but for boundaries instead of domains (i.e. considering only boundaries fixed
within species). Here, the highest estimate of conservation we obtain is 76% of boundaries
conserved across species at 50 kb resolution. (E) Unsupervised hierarchical clustering of
the pairwise proportions of shared TADs between all individuals in our study at a variety
of resolutions, using the Rao et al. [233] methodology for calling conservation. The first
letter in the labels demarcates the species (H for human and C for chimpanzee), and the
following symbols indicate sex (male, M or female, F) and batch (1 or 2). Heatmaps are
not necessarily symmetric because different numbers of TADs were discovered in different
individuals; rows represent an individual’s shared proportion of TADs (individual total) with
each other individual. Highly similar clustering results were observed when using our domain
conservation calling paradigm (shown in github repository associated with paper). (F) Same
as E, but for boundaries instead of domains.
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Figure 2.22: S15. Correlations between Hi-C and expression. Density of Pearson cor-
relations between RPKM expression values and logg HOMER-normalized contact frequencies
across all 8 individuals. Solid lines indicate different sets of the observed data and dotted
lines represent 10 permutations of the data. The Hi-C contact frequency chosen is that with
the minimum FDR from linear modeling of contact frequency on species (see main text). The
strong bimodal distribution of correlations between expression and contact suggests many
instances where a contact difference between the species can lead to an increase (enhancer)
or decrease (suppressor) of expression in the species where the contact is stronger.
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Figure 2.23: S16. Gene expression variance is explained by chromatin contacts
for 8% of DE genes. Plot of the species effect size in DE genes between models before
(x-axis) and after (y-axis) conditioning on contact frequency. The Monte Carlo test of
significance was used to construct the 95% confidence interval and evaluate the significance
of the indirect effect (species’ effect on expression mediated through contact). Amongst DE
genes, 8% (116/1401) of genes showed a statistically significant effect of Hi-C contacts on
expression levels (i.e. their 95% confidence interval does not include zero).
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Figure 2.24: S17. Using a weighting scheme for chromHMM annotations increases
the proportion of transcriptional and enhancer-like annotations. (A) Histogram
showing the number of Hi-C loci (y-axis) assigned to each chromHMM annotation (x-axis) us-
ing maximum base pair overlap to assign each locus to a state. In the legend, ‘.” denotes that
no annotation was found for a given bin. (TssA-Active T'SS, TSSBiv-Bivalent/Poised TSS,
BivFInk-Flanking Bivalent TSS/Enh, EnhBiv-Bivalent Enhancer, ReprPC-Repressed Poly-
Comb, ReprPCWk-Weak Repressed PolyComb, Quies-Quiescent/Low, TssAFInk-Flanking
Active TSS, TxFInk-Transcription at gene 5" and 3’, Tx-Strong transcription, TxWk-Weak
transcription, EnhG-Genic Enhancers, Enh-Enhancers, ZNF/Rpts-ZNF genes and repeats,
Het-Heterochromatin). (B) Same as A, only here, we assigned annotations after weighting
chromHMM elements’ overlaps with Hi-C loci by the reciprocal of their mean overlap in
all our loci. This approach increases the number of 10kb Hi-C bins that are assigned to
chromHMM annotations associated with transcriptional and enhancer activity (i.e. TssA,
TssBiv, TssAFInk, EnhG, Enh).
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Figure 2.25: S18. Overlap of epigenetic signatures and Hi-C contacts. (A) Density
distribution of the base pair overlap between DHS peaks downloaded from ENCODE and
our Hi-C loci. Plot is split between Hi-C loci that contact a promoter and those that do not.
Inlay is a violin plot of the same distributions, with lines and numbers indicating pairwise
t-tests of the mean, and their corresponding significance levels. (B) Density plot similar to A,
but only considering Hi-C loci involved in contact with a promoter, and separating contacts
into 4 classes, indicated by color: those that show differential contact between species, those
that show differential expression between species, those that show both, and those that show
neither. We used pairwise t-tests to compare differences in the mean overlap among the four
classes of Hi-C loci. (C) Same as in B, but for the active histone mark H3K4mel. (D) Same
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Figure 2.26: S19. Dynamics of chromHMM state among significant Hi-C con-
tacts overlapping DE or non-DE genes. (A) Hi-C loci that make contact with
promoters of genes that are not differentially expressed (DE) across species are ranked
in order of decreasing DC FDR (x-axis). The y-axis shows cumulative proportion of
chromHMM annotation assignments for all Hi-C loci at the given FDR or lower. (TssA-
Active TSS, TSSBiv-Bivalent/Poised TSS, BivFInk-Flanking Bivalent TSS/Enh, EnhBiv-
Bivalent Enhancer, ReprPC-Repressed PolyComb, ReprPCWk-Weak Repressed PolyComb,
Quies-Quiescent /Low, TssAFInk-Flanking Active TSS, TxFInk-Transcription at gene 5’
and 3’, Tx-Strong transcription, TxWk-Weak transcription, EnhG-Genic Enhancers, Enh-
Enhancers, ZNF /Rpts-ZNF genes and repeats, Het-Heterochromatin). (B) Same as A, but
only considering Hi-C loci making contact with promoters of genes that are differentially
expressed (DE).
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Figure 2.27: S20. Reciprocal enrichments of differential expression and differential
contact. (A) Enrichment of inter-species differentially contacting (DC) loci in genes with
corresponding differences in expression (DE) between the species. The proportion of DE
genes that are significantly DC (y-axis) is shown across a range of DE FDRs (x-axis). Colors
indicate different DC FDR thresholds, and dashed lines indicate the proportion of DC loci
expected by chance alone. (B) P values of Chi-squared tests of the null that there is no
difference in proportion of DC loci among DE genes (y-axis), shown for a range of DE
FDRs (x-axis). In both panels, the DE genes overlapping Hi-C loci were chosen to have the
minimum FDR supporting inter-species difference in expression. (C) Similar to Fig , but
using a weighted p-value combination technique [I89] to integrate DC FDR across regions,
instead of using the minimum FDR DC region. Once again, we observe enrichment of inter-
species differentially expressed (DE) genes with corresponding differences in Hi-C contact
frequencies (DC) between the species. The proportion of DC genes that are significantly DE
(y-axis) is shown across a range of DC FDRs (x-axis). Colors indicate different DE FDR
thresholds, and dashed lines indicate the proportion of DE genes expected by chance alone.
(D) P values of Chi-squared tests of the null that there is no difference in proportion of DE
genes among DC genes (y-axis), shown for a range of DC FDRs (x-axis).
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CHAPTER 3
A TAD SKEPTIC: IS 3D GENOME TOPOLOGY CONSERVED?

3.1 Abstractll

The notion that topologically associating domains (TADs) are highly conserved across species
has practically become an axiom in the field of 3D genome research. But what exactly do
we mean by ‘highly conserved’, and what are the actual comparative data that support
this notion? To address these questions, we performed a historical review of the relevant
literature, and traced numerous citation chains to reveal the primary data that were used as
the basis for the widely accepted conclusion that TADs are highly conserved across evolution.
A thorough review of the available evidence suggests the answer may be more complex than

what is commonly presented.

3.2 What are TADs?

Some of the most fascinating features to have emerged from research into 3D genome con-
formation are topologically associating domains (TADs). Originally discovered through the
analysis of Hi-C data [69] 209 122], 258], TADs appear on a chromatin contact map as large
squares of enhanced contact frequency rising off the diagonal. The original method for algo-
rithmic TAD inference used a ‘directionality index’ [69] to define TADs as segments of the
genome that are more connected to each other than to other regions. In turn, TAD bound-
aries were defined as segments of the genome that are characterized by a sharp transition
between upstream and downstream highly connected regions. Originally applying direc-
tionality index to Hi-C data at the relative low resolution of 40 kb, early studies reported

that TADs are non-overlapping, highly self-interacting megabase-scale structures. More re-

1. Citation for abbreviated version of this chapter: Eres, Ittai E, and Gilad, Y. A TAD Skeptic: Is 3D
Genome Topology Conserved? Manuscript in review at Trends in Genetics.
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cent studies, using higher-resolution contact maps, as well as different inference algorithms,
have revealed TAD structures at much smaller scales, and often nested within each other
[220, [15 233]. The precise nature of these features is still a matter of debate, with various
definitions of TADs shifting as new algorithms arise and new discoveries are made about
the mechanisms behind TAD formation (e.g. loop extrusion and compartmentalization)
[220], 233, 86, [67, 323, 21T, 05], 246]. Previous studies have found relatively low concordance
of TADs defined by different algorithms and across various resolutions and parameters, fur-
ther impeding a robust definition of these structures [56], 89, 335]. While efforts have been
made to functionally delineate between TADs at different scales [67, 11, 264, 283], most
studies, especially those who rely solely on Hi-C data, do not make these distinctions.
Regardless of the challenge of defining TADs, it is clear that these 3D structures play
an important role in genome organization and function [15], [67, 1T}, [5, 90, B13] 68|, 62, 266].
Studies assessing the direct transcriptional effects of TADs have found mixed results, with
some locus-specific work suggesting a strong impact of TAD disruption on gene expression
[173, 118, 115, 158], while other genome-wide results imply only mild effects on expression
[103), 336, 82, 234]. Despite some uncertainty about the magnitude of regulatory changes
induced by TAD disruptions, multiple independent lines of evidence suggest TADs are func-
tionally relevant. Genes located within the same TAD can have strongly correlated ex-
pression patterns and are often coregulated during cell differentiation [209] 323, 232]. TAD
boundaries are strongly correlated with replication-timing domain boundaries [223], and
are enriched for insulator elements such as CCCTC-binding factor (CTCF) [69, 233]. Dis-
ruptions in normative TAD structures have also been implicated in a number of human
pathologies [174], 127, O1]. While precise and robust TAD and boundaries definitions are
still elusive, a general feature that is robust to the specific definition is that loci within a
TAD make contact more frequently with other loci in the same TAD than with loci outside

it. The common paradigm is that TADs represent insulated neighborhoods, constraining
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the possible set of interactions between cis regulatory elements (CREs) and target genes
[5, [90L 68, 62, 266], 282 287]. It is believed that TADs are critical features of the genome,
serving to sustain specific sets of regulatory interactions while preventing ectopic interactions
between regulatory elements and the wrong target genes [5l, 282 257].

Numerous other papers and reviews have delved into the history and functionality of
TADs. Previous papers and reviews discuss the variance in algorithmic identification of
TADs, the inconsistency of TAD calls at different resolutions, and the lack of robust approach
to identify TAD boundaries based on Hi- C data [67, 11, (56} [89] 335], 264}, /5, 00, 253, 243, 94], 6] .
The notion that TADs are highly conserved across species and cell types is prevalent and
often considered a foregone conclusion. Determining TAD variability across cell types is
important for understanding the extent to which 3D genome structure affects differential
gene regulation during development, enabling the regulatory and functional novelty observed
in different cell lineages. In turn, assessing TAD conservation across evolution could help
reveal the regulatory loci and mechanisms responsible for speciation and adaptation. We
do not discuss further the issues related to similarities and differences in TADs across cell
types and tissues, which have been previously discussed [5], 247, 248| 251, 327, 23], [55]. In
this review, we wish to specifically focus on the notion that TADs and their boundaries are
highly conserved across species.

Many studies are cited as reporting this conclusion, but it is difficult to trace the origin
of this claim. If TADs and their boundaries are indeed highly conserved across spices,
the origin of regulatory novelty must be elsewhere. However, if genome organization is
not highly conserved, it is possible that changes in TADs and insulation boundaries may
play an important role in underlying adaptation and speciation through changes in gene
regulation. In other words, the answer to the question of TAD conservation has important
implications for evolutionary research. We thus set out to thoroughly review the evidence

for TAD conservation and we found that, in fact, only a few studies collected relevant data
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and provide direct evidence to support this notion.

3.3 Conservation in Context

In order to evaluate the evidence for conservation of TADs, it is important to consider what
we actually mean when we refer to conservation of genetic and epigenetic features across
species. At the level of a single feature—a single locus for example—conservation is easily
defined when the state of the feature is identical across species. More generally, however,
when studies refer to genome-wide properties, they typically do not use a specific standard
for the definition of conservation. When studies refer to a general property (for example,
chromatin accessibility) as conserved, it implies that this property evolves under natural
selection to maintain similarity across species. However, very few studies formally test this
hypothesis. In fact, for most functional genomic traits that are comparatively studied, we
have not yet formulated as null model of ‘no selection.” Without a formal test, what do
we typically mean when we conclude that a molecular trait is conserved? In most studies,
conservation simply means ‘highly similar’ across species. While this is typically not a formal
process, the degree of similarity, or variance, is evaluated and benchmarked based on other
relevant comparisons. For example, if the level of observed variation in a trait is similar
within and between species, the trait is typically deemed highly similar across species and
therefore conserved. If variation between species is consistently low regardless of the time
to the most recent common ancestors of the species, the trait is likely to be conserved. If
different molecular features show a range of inter-species variability, the features with the
lowest, variance across species are assumed to be conserved. All of these examples point to
ad-hoc definition of conservation, but this does not mean that they are wrong.

Let us consider specific examples. Comparative studies have reported that genome-
wide, the overlap of histone modification H3K4me3 locations in humans and chimpanzees is

around 70% [31]. Remarkably, the genome-wide overlap of H3K4me3 locations in humans
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and mouse is also around 70% [310]. With these figures, not much could be said about
the conservation of H3K4me3 locations in primates, but we might be more comfortable
suggesting that H3K4me3 locations are quite conserved between human and mouse. That
said, the best genomic context for evaluating the degree of conservation in these comparisons
may be other histone modifications, but even the minimal context provided here illustrates
the importance of benchmarking similarity values in order to understand what they imply
about conservation across species.

To date, comparative studies of chromatin conformations and TADs did not put forward
a formal null model with which to evaluate levels of conservation. Instead, statements
regarding the conservation of TAD and boundaries were made by using the ad-hoc rationale
we discussed above. With this in mind, we now turn to critically examine the existing

evidence for evolutionary conservation of TADs.

3.4 Indirect evidence for conservation

The notion that TADs and are highly conserved appears to be supported by a number of
studies. One class of such studies, however, does not perform direct comparative assessment
of TADs and boundaries across species. Instead, the indirect inference of TAD conservation
is based on comparative functional genomic data that are independently associated with
TADs. The most common approach in this class of studies is to directly map TADs in
one species, then infer the locations of TADs in other species based on genomic features
that are associated with TADs, such as CTCF binding sites, high gene density, or regions
of active transcription [69] 209} 245, 141, [61]. To date, however, no single genomic feature
can be used to effectively predict TAD locations and boundaries. Thus, the inference of
TAD conservation based on other functional genomic features is indirect and might not be
accurate.

One of the most commonly cited studies supporting TAD conservation, Rudan et al. 2015
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[245], used such an indirect inference approach. Rudan et al. 2015 [245] collected comparative
Hi-C data in liver cells from mouse, macaque, rabbit, and dog, but most of their comparative
inference was based on the placement and orientation of CTCF binding sites. The authors
conclusion that there is “extensive genome-wide interspecies conservation of chromosome
structure” was based on comparisons of a broader set of contacts, not specifically of TADs.
In fact, Rudan et al. did not report the total number of TADs identified in each species
(only in mouse and dog), nor did they directly estimate the proportion of TADs that are
found to be conserved across species. Instead, they used an indirect measure, estimating
the interspecies correlations of inferred insulator activity [270] at different distances from
orthologous genes. Rudan et al only reported species pairwise comparisons that involved
the mouse data, resulting in Spearman correlations that ranged from 0.34 to 0.61. These
correlations values may indicate some degree of conservation of 3D genome structure, but
it is difficult to conclude from these analyses that TADs are indeed highly conserved across
species. Moreover, Rudan et al. data collection was uneven across species, with ~275 million
reads sequenced from mouse, ~150 million from rabbit, ~100 million from macaque, and
~550 million for dog. The large differences in read count result in a difference in the power
to identify 3D genome structures across species and hence complicate the interpretation of
the reported results.

There are other widely cited studies that concluded that TADs are highly conserved based
on indirect evidence. Harmston et al. 2017 [I16], for instance, identified genomic regulatory
blocks (GRBs, regions with a high density of conserved noncoding elements) in human,
opossum, chicken, and spotted gar. They reported that GRBs are often quite conserved
across species. Using previously collected Hi-C data from human and Drosophila, Harmston
et al. have shown that GRBs often fall within TADs and/or have edges proximal to TAD
boundaries in these two species. Based on these data, the authors concluded that TADs

are generally conserved ancient features of the genome and that TAD boundaries are largely
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invariant between all the species in their study. However, the data reported by Harmston et
al. shows that only about a third of the TADs were associated with GRBs; thus, even if one
accepts the indirect inference based on GRBs as correct, up two thirds of TADs may still
not be conserved in these species, as no direct evidence for TAD conservation was presented
in this study. Indeed, in their concluding statement, Harmston et al. are careful to note
that only the subset of GRB-associated TADs appears to be ancient conserved structures.
However, this paper is often cited as providing strong evidence for general TAD conservation
across species.

Similarly, Krefting et al. 2018 [I53] considered TADs that were previously directly iden-
tified in humans [69, 233] along with genomic rearrangement breakpoints they identified
in 13 species. Based on observed enrichment of these breakpoints at TAD boundaries and
depletion within TAD bodies, the authors made relatively strong claims about TAD sta-
bility across evolutionary timescales. However, no direct comparison of TADs was made
across species; the conclusions are essentially only based on the inter-species comparison
of the rearrangement breakpoints. Given this, that the enrichments observed were only in
comparison to TADs found in humans, and a fair amount of inconsistency in the degree
of enrichment observed between the two different TAD sets used, we do not believe strong
claims of conservation are warranted. Motivated by the findings of Harmston et al. 2017
[T16], the same study also examined correlation of gene expression for orthologous genes in
humans and mice within TADs associated with GRBs vs. orthologous genes in non-GRB
associated TADs. While they found that gene expression within GRB-associated TADs is
significantly slightly more correlated than the expression of non-GRB TAD genes, they also
noted that more than 60% of hESC TADs don’t overlap GRBs, perhaps suggesting that
only a small subset of TADs are actually conserved. The authors should be commended for
making note of this, as well as including the caveat that the enrichment they observe may be

due to chromatin accessibility differences between TAD boundaries and TAD bodies. Still,
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the majority of the paper makes claims of TAD conservation across evolutionary timescales,
which simply are not supported due to inconsistent enrichments across different TAD sets
and a lack of TAD inferences in any species aside from humans.

In another comparable approach, Lazar et al. 2018 [160] chose to compare human and
gibbon genomes in LCLs, given the large number of chromosomal rearrangements and high
DNA sequence identity (96%) between the two species. The authors cite previous studies
to substantiate the claim that TADs are largely conserved across species [69] 245], and ulti-
mately conclude that most TADs have been maintained as ‘intact modules’ during genomic
divergence between humans and gibbons. Such claims may be overstated, given that this
work did not undertake a direct comparison of TAD locations between the species, instead
largely focusing on the overlap of multiple species” TAD boundaries with 67 rearrangement
breakpoints identified in the gibbon genome (in comparison to human). Though their results
indicate a higher overlap of TAD boundaries across multiple species with gibbon breakpoints
above what would be expected at random, they do not, to us, indicate strong conservation of
the TADs themselves across species. Our interpretation is further supported by the study’s
finding that only 19 of the 67 breakpoints (~28%) overlapped TAD boundaries in all other
species compared (human, rhesus, mouse, dog, and rabbit). Conversely, the authors found
almost no evidence for new TADs being created between humans and gibbons based on
rearrangement breakpoints, but we note again that this analysis is focused on the break-
points rather than the TADs, and that the absence of evidence does not indicate evidence
of absence.

Finally, we wish to highlight one exemplary study that also did not perform a direct
assessment of TADs across species, but was measured in its conclusions and made a significant
methodological contribution to comparative analysis of 3D genome topology. Yang et al.
2019 [316] represents one of the only papers with an explicit aim of comparing 3D genome

organization across a number of primate species, and sequenced a similar number of Hi-C
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reads from LCLs in chimpanzees, bonobos, and gorillas, in addition to examining previously-
published human Hi-C data in the same cell type [233]. The analysis framework they present
for interspecies comparison—phylo-HMRF (hidden markov random field)— is sorely needed
for interspecies comparative Hi-C. The robustness of the method is also underscored by
the proximity between its identified boundaries of Hi-C evolutionary pattern blocks and
previously-inferred TAD boundaries [233]. We speculate that the authors focused on this
overlap, rather than directly inferring TADs in the novel primate Hi-C datasets collected,
because direct TAD inference and comparison would not be robust, just as general TAD
inference is not robust. Despite similar sequencing depth across species, TAD detection would
likely be confounded by differences in reference genome quality, a consideration the authors
apparently took quite seriously, given that all Hi-C reads in the method are ultimately
mapped back to the human reference genome. To our knowledge, this is one of the only
papers presenting an analytical framework for interspecies Hi-C comparison, with the other
being more focused on similarity of genomic contacts within orthologous TADs between
species, rather than the locations of the TADs [212]. As both of these methods are relatively
recent, they have not yet been more broadly applied to a wide range of Hi-C datasets across
different species, but we look forward to such analyses being used in the future in our own
work and that of others.

In summary, all of the studies we discussed in this section did not directly identify TADs
in multiple species, could not perform a direct inter-species comparison of TADs, and thus
these studies do not provide direct evidence for the notion that TADs are highly conserved.
In order to truly understand the extent of conservation of these structures, we must infer
and examine them across a number of species, and assess if a given TAD in one species has a
corresponding counterpart in others. Otherwise, claims of conservation speak to conservation
of features of TADs and 3D genome topology more broadly, rather than conservation of the

individual structures themselves.
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3.5 Direct but anecdotal evidence for conservation

The second class of studies that are widely cited as providing evidence for general TAD
conservation provide only anecdotal evidence. These are studies that provide direct and
strong evidence for conservation of TADs, but only in a small number of well-studied cases.
It is thus difficult to generalize from these studies and conclude with confidence that TADs
are generally highly conserved across species.

Woltering et al. 2014 [308], for example, found that Hox loci across zebrafish and mouse
tend to have similar TAD structure, and Gomez-Marin et al. 2015 found comparable TAD
structures across a number of species at the Six loci [I11]. Both of these studies, as well as a
number of others [266] 173, 97, 98], focus on loci that are highly conserved and/or thought
to be critical for normal organismal development. Though these findings underscore the
functional importance of TADs, they do not provide evidence for broad and general TAD
conservation. In particular, the focus on a subset of candidate loci that are more likely to
contain conserved features makes it difficult to generalize these observations to a genome-
wide scale. Thus, though these studies infer TAD conservation based on direct functional
data, they do not provide strong support for the widely accepted notion that TADs are

highly conserved.

3.6 Direct evidence for the conservation of TADs

We now turn to the relatively small body of research that studied TAD conservation by
directly identifying TADs and boundaries in multiple species. This direct approach seems
the most obvious. In fact, it would be challenging to find another example in the genomics
field where a widely accepted conclusion was mostly supported by indirect evidence and
inference. In the case of comparative studies of TADs, only a few studies collected direct

comparative data.
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Dixon et al. 2012 [69] collected Hi-C data and inferred TADs in human and mouse.
This study was groundbreaking as it was one of the first to discover TADs and propose
an algorithm to infer them from Hi-C contact maps (directionality index). This study is
often cited as providing the first evidence that TADs are highly conserved between humans
and mice. The authors collected 475 million sequencing reads from mouse Hi-C libraries
but only 330 million reads from human. TAD boundaries were considered conserved if they
had any overlap in the other species, with 76% of mouse TAD boundaries found in humans
but only 54% of human boundaries found in mice. If one considers the entire dataset of
TAD boundaries identified in both human and mouse (rather than the reported unilateral
overlaps), ~31% of boundaries are shared across the two species.

These results were and still are interpreted as evidence for strong TAD conservation.
To provide some context, we considered other functional annotations in human and mouse.
There is about 60-75% overlap of loci marked by histone modification in humans and mice
[310], and between half to two-thirds of candidate regulatory regions are conserved in the two
species [319]. Considering the observed proportion of overlapping TAD boundaries in human
and mouse in this context, we believe that there is evidence for some level of conservation,
but arguably, this cannot be considered strong evidence that TADs are generally highly
conserved across species.

Another study that performed a direct comparative assessment of TADs is Rao et al. 2014
[233]. The authors collected ~6.5 billion Hi-C sequencing reads from human but only ~1.4
billion reads from mouse. The difference in read depth resulted in a striking difference in the
power to infer TADs in the two species, with more than 9000 domains identified in human
but only ~3000 domains found in mouse. The authors considered entire domains conserved
if the center of a domain in one species was within 50 kb of an annotated domain in the
other species (or within half the domain size, for domains smaller than 100 kb). Ultimately,

Rao et al. 2014 reported that 45% of mouse domains (where they had considerably less
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power to identify TADs) were also present in human. Again, there may be some evidence
for conservation, but it is difficult to conclude based on these data that TADs are highly
conserved.

As far as we know, Dixon et al. 2012 and Rao et al. 2014 are two of the only studies
that concluded that TADs are highly conserved based on a direct analysis of TADs and
boundaries in more than one species. Both works used human and mouse, and utilized an
unbalanced sequencing study design across species, which makes the interpretation of the
results somewhat challenging. Regardless, even if we accept the observation of Dixon et al.
2012 and Rao et al. 2014 at face value, the reported overlap of TADs and boundaries in

human and mouse arguably does not indicate that these features are highly conserved.

3.7 On the other hand...

There are a few studies that suggest that TADs may not be particularly conserved across
species. Berthelot et al. 2015 [I7] considered the order of orthologous genes to identify
genomic rearrangement breakpoints in the genomes of human, mouse, dog, cow, horse, and
a genomic reconstruction of the Boreoeutherian last common ancestor. In an attempt to
understand the non-random genomic distribution of these breakpoints, the authors consid-
ered the overlap of rearrangement breakpoints with TADs that were previously identified in
human [69]. Because the basal set used for comparisons was breakpoints rather than TAD
boundaries, this is another example of a study that relied on indirect inference. In con-
trast to the results described from Lazar et al. [I60], the authors did not find evidence for
strong overlap of TAD boundaries and breakpoints, reporting that only 8% of the identified
breakpoints overlap with TAD boundaries. This would suggest that TADs do not generally
contribute to the locations of genomic rearrangements.

Berthelot et al. 2015 [17] is also notable for its interpretation of the results of Dixon et

al. 2012 [69]. While the vast majority of papers cite Dixon et al.’s study as providing strong
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evidence that TADs are highly conserved, Berthelot et al. cite the same study to provide
evidence for some TAD divergence between humans and mice. That the results of Dixon et
al. 2012 can be interpreted by different groups both as supporting conservation of TADs or
lack thereof highlights our notion that the foundation for the claim that TADs are highly
conserved is not strong.

The notion that TADs may not be particularly conserved is also supported by our own
study, in which we directly inferred TADs in humans and chimpanzees [80]. Our initial
analysis found only ~43% of TADs conserved between these species, but across many differ-
ent parameters (e.g. resolution, window size, genome assembly), and different downstream
analysis decisions, we found that no more than 78% of domains and 83% of TAD boundaries
were shared between humans and chimpanzees—a much lower percentage than what has
been seen across these species for a number of other functional regulatory phenotypes.

The notion that TADs may not be particularly conserved is also supported by recent
results from Hi-C data across three distantly related Drosophila species. Renschler et al.
2019 [235] inferred TADs and genomic rearrangements across three Drosophila species, and
found significant overlap above what would be expected by chance alone. However, the
percentages of TAD boundaries overlapping a rearrangement breakpoint were relatively low
(ranging from 13-21% of boundaries depending on the comparison). The proportion of
overlapping TADs was even lower, at 10%.

Other findings, particularly in plants, also suggest that TAD positions may not be con-
served across species. Dong et al. 2017 [71], for instance, collected Hi-C data from maize,
tomato, sorghum, foxtail millet, and rice, and found relatively little conservation of TADs
across these species. Although plants lack a homolog for CTCF, a transcription factor
strongly implicated in the maintenance of TAD boundaries [115] 245] [141], 111], the authors
observed TAD-like domains in contact maps across all species, and found that they share

many epigenetic features with TADs inferred in mammals. Xie et al. 2019 [313] used a
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similar method to assess TAD conservation in two different mustard plants, Brassica rapa
and Brassica oleracea, and reported that about 25% of all TADs are found in both species.

It should be noted that the existence of TADs in plants, worms, yeast, and other non-
mammalian species is a matter of active debate [23]. While chromatin conformation capture
experiments have revealed self-interacting TAD-like structures in many of these species,
their characteristics and mechanisms of formation often differ substantially from those of
mammalian TADs [283] I]. In many cases, these species lack homologs for insulator proteins
thought to be essential to the formation of mammalian TADs (e.g. CTCF) [283]. More
samples and more deeply sequenced Hi-C libraries from these species, as well as a deeper
understanding of possible mechanisms of TAD-like feature formation, will be necessary to

thoroughly assess conservation of TAD structures across all of evolution.

3.8 Concluding remarks and future perspectives

It is important to note that we are not taking a strong position ‘for’ or ‘against’ the notion of
TAD conservation. Based on the available evidence, we conclude that there is currently no
satisfying answer to the question of just how conserved TADs are across evolution. While the
results from certain studies suggest some degree of conservation, others often lead to much
lower estimates, and flawed study designs and variable analytical choices further obscure the
issue. Although many studies state that TADs are conserved across species, there are only
sparse data supporting or refuting this claim. In our mind, there is no strong basis for the
common and often unchallenged notion that TADs are highly conserved.

One of the largest factors affecting our ability to assess evolutionary TAD conservation
is the lack of any ‘gold standard,” either for inferring TADs or for comparing them across
species. As others have noted, TADs are variously and poorly defined, and it seems likely
that stable TADs observed in Hi-C data represent statistical features that emerge from

averaging more dynamic interactions across millions of cells [307]. The few studies that did
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directly compare TADs across species made somewhat arbitrary choices about how to call
these features conserved.

We struggled with this and many other aforementioned issues in our own work examining
3D genome structure across humans and chimpanzees [80]. Despite our own results suggest-
ing a fair degree of TAD divergence between the species, we were unable to find many clear
visual examples where divergent TAD inferences were obvious, based on the contact map.
This once again emphasizes the need for specific, robust analytical methods to compare 3D
genome topology and infer TADs across species . Unfortunately, evolutionary TAD conser-
vation may remain an open and evolving question until we arrive at a more precise definition
of TADs and converge on a set of truly robust methods for TAD inference and comparison.

To be clear, we do not disagree with the notion that a subset of TADs, particularly those
involved in the regulation of key developmental loci or found near genomic rearrangement
breakpoints, are likely to be highly conserved across species. We simply disagree with the
conclusion often made, based on TAD subsets and existing interspecies comparative data,
that TADs are highly conserved across species. Certainly, the existing evidence suggests
that TADs as functional units of 3D genome organization exist and have similar epigenetic
features across many different species. In mammals, a copious amount of chromatin contact
data suggests some degree of conservation of TAD structure. However, the existing direct
comparative data and analyses do not, in our opinion, provide enough evidence to claim
strong conservation of TAD positioning across evolution. It is also worth noting that the
semantics around both conservation of TAD features and TAD placement are somewhat
misleading, as use of the term “conservation” implies some selective constraint, and, as
discussed, no formal null model has been proposed for TAD evolution. The use of different
terms such as “sharing” of epigenetic features or “identity” of individual TADs in their
placement may be worthwhile in a field already rife with nomenclature issues.

Future studies hoping to assess 3D genome conservation across species should attempt
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to use a wide variety of TAD algorithms and parameters, as well as new interspecies Hi-C
analytical methods to assess 3D genome conservation [316] 212]. Research addressing this
question should also take great care to sequence a similar number of reads across species,
and check the robustness of their results across different analytical decisions for calling TADs
and their boundaries conserved. TADs represent one intriguing feature of 3D genome archi-
tecture, and evolutionary conservation of other features (e.g. regulatory loops) is even less
clear. In order to understand regulatory dynamics overall, we must refine our understanding

of TADs, and agree on how to infer and compare them across species and cell types.
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CHAPTER 4
CONCLUSION

4.1 Evolutionary and gene regulatory implications of this work

The field of human genetics has already accomplished much in connecting genetic variation
to complex trait and disease variation between individuals. Outstanding challenges remain
in characterizing the mechanisms of action for all these variants, and understanding the
relative contributions of these different mechanisms to speciation, adaptation, and inter-
individual trait variation. Although our understanding is rapidly expanding, we are still
far from obtaining a comprehensive picture of gene regulation. The findings detailed herein
corroborate the idea that assessing 3D genome structure is a crucial next piece of the puzzle.
In Chapter 2] collaborators and I measured 3D genome structure and gene expression across
human and chimpanzee induced pluripotent stem cells (iPSCs), revealing that differences
in 3D genome structure may contribute to differential gene expression across these species.
We found that, at the lowest scale (i.e. individual gene regulatory DNA loops), human
and chimpanzee chromatin contacts are fairly conserved. This would imply that, at least in
iPSCs, individual gene-cis-regulatory element (CRE) interactions do not vary significantly
between humans and chimpanzees. However, this does not necessarily mean that the origins
of regulatory novelty must lie elsewhere. Chromatin state in iPSCs is generally more open
and ‘permissive’ than in differentiated cell types [275], and thus we may expect lower diver-
gence in gene-CRE loops across species in iPSCs than in other cell types. Interestingly, we
also observed evidence for large sets of species-biased differences in loop strength on indi-
vidual chromosomes that have experienced large-scale rearrangements between humans and
chimpanzees. This suggests that such rearrangements may help drive interspecies regulatory
novelty in 3D chromatin interactions, although more functional follow-up will be required to

confirm this notion, given conflicting results from some other comparative studies [160} [153].
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In theory, changes to gene-CRE interactions could be a major driver of phenotypic divergence
amongst primates, but studies comparing more individuals across a variety of cell types will
be required to confirm this notion.

Regardless of the precise level of conservation/divergence in DNA looping, we found
ample evidence for pairs of loci exhibiting differential contact (DC) across species. When
we overlapped these data with RNA-seq data assessing gene expression levels, we observed
strong correlations between interspecies contact and expression differences for differentially
expressed (DE) genes overlapping our Hi-C loci. The fact that we did not observe simi-
larly strong correlations for non-DE genes implies that variation in chromatin contacts plays
a role in DE. Further corroborating this notion, we observed a significant enrichment for
DE amongst genes we classified as DC across species—and vice versa. As previously stated,
the observational nature of the study meant we could not directly infer a causal relation-
ship between DC and DE. However, our mediation analysis found that up to 8% of DE
genes may have a significant portion of their expression variation explained by variation in
chromatin contacts. Placed in the context of other studies that observed perturbations in
chromatin contact affecting gene expression [173] 263], our findings suggest that species-
specific differences in 3D genomic contacts are indeed a driver of species-specific expression.
This conclusion is also supported by our observation that, compared to contacts not in-
volving a promoter, promoter-associated contacts are enriched for more active chromHMM
state assignments. The intuitive conclusion from this result is that loci making contact
with a promoter are likely involved in active regulation of the corresponding gene. Sim-
ilarly, we observed that joint DE/DC loci identified in our study are enriched for a wide
variety of functional epigenetic marks as compared to non-DE/DC loci. Under the common
paradigm that most chromatin is not accessible and thus not active in any given cell type
[288], these functional annotation enrichments suggest that the identified joint DE/DC loci

represent functionally relevant stretches of DNA between the species. Based on all these
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results, it may be tempting to speculate that 3D genome conformation is one of the most
basal elements laying the groundwork for a broad cascade of events dictating gene regula-
tion. Unfortunately, this conclusion seems somewhat premature absent a bevy of mechanistic
perturbation studies, and given more recent conflicting results about the order and nature
of events with respect to genome conformation and observed differences in gene expression
[131], 103, 82, 129, 2 14]. Although cause and consequence are still difficult to disentangle
in this framework, there is no doubt that 3D genome conformation is an important facet
affecting the evolution of gene regulation.

Beyond exploring regulatory loop conservation and its effects on expression, the data
collected in Chapter [2| also enabled us to examine higher-order chromatin structure, such
as topologically associating domains (TADs), across the species. We found relatively weak
conservation of TAD structures as compared to regulatory loops and other epigenetic phe-
notypes previously compared between humans and chimpanzees. While this might point
to TAD variation as a significant source of regulatory novelty, we were unable to find con-
crete examples of interspecies TAD differences affecting differential expression. This does
not, however, preclude a significant role for TAD variation in speciation and interspecies
expression divergence; as I discuss further below, this lack of signal could be due to TADs
being poorly defined and difficult to robustly infer [56]. Regardless, the observed low inter-
species TAD conservation was surprising, given the prevailing notion in the field that TADs
are highly conserved across species [69, 233]. In large part, this incongruence motivated our
critical assessment of the evidence for evolutionary TAD conservation, detailed in Chapter 3|
A thorough review of the available data suggest that, while there is certainly some evidence
for TAD conservation across mammalian species, it is not compelling enough to claim TADs
are highly conserved. The validity of this notion is important to consider because, if true,
it implies that TAD variation does not play a significant role in speciation. As addressed

further in the final section of this chapter, analytical and definitional issues stymie a robust
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assessment of interspecies TAD variation and preclude a thorough understanding of TADs’
impact on gene expression. This much is evident from the fact that, although the TAD infer-
ence algorithms we employed found numerous differences between the species, visualizations
of the corresponding contact maps did not appear significantly different between humans and
chimpanzees. Thus, the results of our own TAD comparisons do not necessarily conflict with
previous findings. It is possible that differences in TADs play a significant role in differences
observed between primate species, but it is difficult to support or refute this notion with
any confidence, given the current state of the field. Despite this, my thesis work has broadly
confirmed the idea that 3D genome organization is an integral feature affecting the evolution
of gene regulation. At the same time, it is important to understand the limitations of this

work, and consequently, avenues for future research.

4.2 Limitations and next steps

There are a number of limitations to this research program that should be considered to
inform avenues for future research. For one, the true extent of interspecies divergence in
gene-CRE interactions may be higher than our estimate, given the underpowered nature
of the Hi-C assay [13] and our limited number of individuals from each species. Still, our
analysis was carried out in a robust quantitative fashion that is likely to give more accu-
rate estimates of inter-species conservation than simplistic approaches other studies have
used (i.e. assessing conservation via a venn diagram of overlap in significant chromatin
contacts per-species) [69), 233]. Directly testing each contact identified as significant in any
individual for inter-species differences allowed us to largely sidestep the issue of incomplete
power, avoiding an overinflated estimate of divergence. While numerous methods have been
proposed to quantitatively compare regulatory loop strength across different biological con-
ditions [I71 216 [70l 85, 233], sparse novel techniques have only very recently emerged for

running similar comparisons across species [316], 212]. When we began analyzing the data
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collected in Chapter 2| these techniques had not yet been published, but applying them to
these and similar data in the future would be of great interest for robustly assessing primate
divergence in regulatory chromatin looping. In a similar vein, the sequencing depth in our
own study allowed for assessment of chromatin contacts at a 10 kb resolution, but a compre-
hensive picture of inter-primate differences in chromatin loops will require deeper sequencing
to enable sub-kilobase resolution and analysis of finer-scale loops. Lastly and as noted above,
our comparisons were only performed in iPSCs, which tend to have more permissive regula-
tory landscapes than differentiated cell types [275]. Comparison of 3D chromatin structure
across species in other cell types would thus be highly desirable, and may reveal greater
divergence in gene-CRE loops than that observed in our own work. Ideally, this would be
performed on isogenic samples to reduce the confounding effects of genetic variation, which
could be accomplished by differentiating the same iPSC lines into a variety of terminal cell
types.

Another important limitation to consider is that, when examining functional enrichments,
we only overlapped our DE/DC loci with publicly-available epigenetic data from humans.
The precise functional significance and evolutionary impact of these loci could be more thor-
oughly assessed and polarized in the future by adding chimpanzee epigenetic mark data. Such
an analysis would be particularly interesting for assessing which DC loci have undergone dif-
ferential CRE evolution between species, and thus are more likely to have species-specific
effects on gene regulation. The mediation analysis we utilized to assess the impact of DC on
DE could be expanded to include epigenetic mark data across species, improving power to
predict gene expression differences [136]. More broadly, our analyses integrating Hi-C data
and RNA-seq data could be improved in a number of ways that may find more expression
variation explained by chromatin contact variation. As is also the case for assessment of
conservation, deeper sequencing could provide better resolution of individual gene-CRE in-

teractions, making it easier to tease out the effects of chromatin contact on expression. At
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the 10 kb resolution we used, there were instances of multiple genes being assigned to the
same Hi-C bin, likely obscuring interesting signals that could be observed in finer-scale data.
Similarly, greater signals of association between chromatin contact and expression might
have been observed if the RNA-seq and Hi-C data were collected concomitantly. Although
our RNA-seq data came from the same cell lines, they were collected previously by different
researchers culturing the cells in slightly different conditions. Concomitant collection would
be more likely to maintain (and thus detect) weaker links between chromatin conformation
and gene expression that may have been concealed in our own data. In some sense, our
observational collection of these data across species represents an experimental paradigm
for ‘natural perturbation’ of chromatin structure and gene expression. At the same time,
a thorough understanding of DC affecting DE would require more precise targeted pertur-
bations, altering regulatory loop strength in one species and expecting to see corresponding
expression ‘rescue’ to comparable levels observed in the other species.

Our inferences regarding conservation of TAD structure could also be improved upon
with functional and perturbational follow-up studies. As mentioned in the previous section,
our algorithmic inference of TAD divergence often appeared fairly conserved upon visual
inspection. This is probably largely due to issues with TAD identification (discussed fur-
ther below), but could be mitigated with further functional characterizations. In particular,
divergence in TAD structure could be more confidently characterized by also collecting ChIP-
seq for CCCTC-binding factor (CTCF), a protein centrally involved in anchoring chromatin
loops and demarcating TAD boundaries [233] 336], 220, 69, 209]. Overlaying these data with
Hi-C data could help differentiate between instances of TAD divergence that are reflective
of true biology (i.e. their boundaries show differences in CTCF binding across species),
and divergence that is driven by technical issues (i.e. minimal difference in CTCF bind-
ing, but the inference algorithm fails to detect a TAD in one species where it nonetheless

appears present). Situations falling into the former category could be further validated
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and characterized via CRISPR-based perturbations to the differential CTCF binding site in
both species. Specifically, one could abrogate the binding site in the species where CTCF is
strongly bound, verify reduced binding via ChIP-seq, and observe subsequent effects on TAD
structure and corresponding gene expression. Carrying out the reciprocal experiment (i.e.
creating a binding site in the species where CTCF is not bound) would also be useful. In
both instances, these perturbations should drive TAD structure and local gene expression to
appear more similar to the species where CTCF binding was not altered. If this expectation
ends up being incorrect, that is in and of itself an extremely interesting result, and could spur
further research into the mechanisms driving TAD formation and divergence across species.
Furthermore, integrating the other data types collected with CTCF occupancy differences
across species would add another intriguing layer of regulation that could help explain in-
dividual instances of DC and DE, and their effect on one another. Lastly, although it has
been examined in some previous studies within a single species [248, 247, 251 68], estimating
TAD sharing between tissues and cell types across primate species would be of great interest
for elucidating the role these structures may play in differentiation and development, and
how this may differ across evolution. Unfortunately, as I discuss in Chapter |3| and elaborate
upon below, robust inferences regarding TAD conservation, function, and tissue-specificity

are still severely hampered by imprecise and variable TAD definitions.

4.3 The state of the 3D genome field, challenges, and future

perspectives

3D genomics is an exciting and relatively young field of epigenetic research. While the nov-
elty of the field allows for high-impact discoveries and inferences, it also presents unique
challenges. Hi-C is regarded as a revolutionary technology enabling genome-wide assessment
of 3D genomic contacts, but it is also known to have a poor signal:noise ratio [154], B17].

This has improved somewhat as researchers have transitioned away from dilution Hi-C to
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in-nucleus Hi-C, reducing the number of spurious interchromosomal trans reads [203], but
still remains a problem. Several factors contribute to this issue. The method creates chimeric
molecules by ligating proximal restriction fragments together, and the number of possible
pairwise fragment interactions is very high, regardless of the restriction enzyme used. This
means that, in order to achieve statistical power to detect significant contacts, reads from
Hi-C data must typically be binned into fixed-size intervals tiling the genome [215]. Even
when sequencing depth is great enough to achieve individual restriction fragment resolu-
tion, these fragments are often not the same size, resulting in differences in power to infer
contact at different loci [314]. Differences in restriction fragment length, chromatin accessi-
bility, and GC content also affect the efficiency of ligation, restriction enzyme cutting, and
sequence amplification, respectively, exacerbating power differences between restriction frag-
ments [314]. In addition, proximity ligation can introduce spurious ligation products (e.g.
self-circularized ligations) that add more noise, as they do not actually represent chimeric
molecules connecting two linearly distant loci in physical proximity [12]. That Hi-C data
have many sources of systematic bias is evident from the plethora of studies proposing
models to analyze Hi-C and address these biases, both explicitly (normalizing for specific
sources of bias) and implicitly (normalizing the data to achieve equal visibility across loci)
[3141 1251, 128, 233, 53, 151, 168, 276, 306], 255, 249]. A very recent paper proposed a different
method with enhanced crosslinking to assess chromatin organization that seems less noisy
than Hi-C data, but its full utility is difficult to ascertain before it sees more widespread use
[318]. Future research should endeavor to use this and other methods that may arise to com-
prehensively assay 3D genome structure with fewer sources of bias, but, for the time being,
Hi-C remains the dominant technique. Newer techniques could also be useful for character-
izing cell-to-cell variability in 3D genome structure; single-cell methods exist for Hi-C, but
they are plagued by issues with data sparsity, genome coverage, and incomplete power, even

moreso than bulk Hi-C [230] 231, 201, 202}, 330]. Studies using clustering and deconvolution
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of single-cell and bulk Hi-C data, respectively, may help improve the utility of single-cell
Hi-C, better connect these data with bulk data, and define specific cell subpopulations with
similar 3D regulatory interactions [329, 254], 322] [177].

In much the same way that there is no single agreed upon method to address Hi-C biases
and normalize the data, the field also lacks a ‘gold standard’ method for assessing significant
chromatin contacts. A wide variety of statistical paradigms have been proposed, but no single
method stands out. Studies comparing significance calling algorithms typically recommend
researchers choose an algorithm that will work well for their downstream analyses, given
differences in the quantity and characteristics of significant loops identified by each option
[89, [6l, I75]. There is thus a pressing need to converge upon a ‘gold standard’ method for
identification of significant interactions. Sadly, such a convergence does not appear likely
any time soon, since the field cannot even agree upon a standard format for storing Hi-C
data, let alone analyzing it [215], I85]. In the meantime, much as was done in Chapter ,
studies seeking to examine significant chromatin contacts should utilize a number of different
algorithms, in order to ensure their resulting inferences are robust. It is important to note
that the field of 3D genome research has at least arrived at a (relative) consensus definition
of what constitutes a significant interaction: a pair of loci with Hi-C reads connecting them
more often than would be expected by chance, given their linear genomic distance. The
lack of agreement seems centered primarily on how to statistically assess the significance
of these interactions, and, relatedly, what is an appropriate null model for ‘no significant
contact.” Similarly, although finer demarcations of A/B compartments have been observed
with higher-resolution Hi-C data [233], the field appears to largely agree upon the broad
nature of A/B compartments (active/inactive chromatin), and the class of methods used
to identify them (i.e. principal components analysis and clustering) [192]. Thus, although
sometimes disparate methods exist to quantify the 3D genome at these two scales (chromatin

loops and A/B compartments), there is at least some consensus about the foundational
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definitions of these features. As alluded to in Chapter [3] no such consensus exists with
respect to TADs.

Indeed, many of the aforementioned issues with TADs stem from the lack of a clear def-
inition. When TADs were first discovered, they were defined in an analytical (rather than
biological) fashion: as large squares of enhanced contact frequency arising off the diagonal
in Hi-C maps [69, 209, 122], 258]. At the relatively low resolution of these original studies
(40 kb), TADs emerged as megabase-scale, non-overlapping, highly self-interacting regions
of the genome. Importantly, loci within a TAD not only make contact with other loci in
the same TAD more often, but appear somewhat insulated from making contacts with loci
outside of the TAD. TADs were systematically inferred with a hidden Markov model based
on a ‘directionality index’ that quantified the degree of upstream or downstream contact
bias at each Hi-C bin, under the intuition that TAD boundaries should display sharp tran-
sitions in this bias state [69]. While subsequent studies achieved improved Hi-C resolution
with greater sequencing depth and identified nested and overlapping TADs at much smaller
scales, they were still defined based on technical features of the data [233]. Despite the dis-
covery that TADs exist at different scales, many novel TAD inference algorithms proposed
in the years since have not made these distinctions, and are generally billed as TAD predic-
tors, irrespective of scale [56]. Some TAD inference algorithms have been built for analysis
of specific TAD sizes and hierarchies [233], 303], but most have not. This is problematic
because different resolutions and algorithmic parameters are necessary for robust detection
of different hierarchies of TADs: a low-resolution Hi-C experiment might easily be able to
detect megabase-scale TADs (sometimes termed “meta-TADs” [93]), but will not have suf-
ficient power to detect smaller TADs at the scale of several hundred kilobases (sometimes
termed “sub-TADs” [220]). Overall, identification of TADs remains an outstanding issue,
as highlighted by a number of studies that have found low concordance between different

TAD algorithms [56, 335, 89]. It may be tempting to blame these issues on the algorithms
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themselves, but the core of the problem truly resides in the definition of a TAD.

In the years since their discovery, TADs have been functionally characterized in many
ways. TAD boundaries are enriched for CTCF and cohesin binding sites [69, 233 25], active
histone marks, and transcription start sites (T'SS) of housekeeping genes [283 [122] 232].
The functional significance of TADs is highlighted by these findings, as well as the obser-
vations that genes within the same TAD exhibit strongly correlated expression patterns
[200, 232, 282], and that enhancer-promoter contacts largely occur within the same TAD
[24], 2811, 266, [62]. There has also been great interest in elucidating the mechanisms behind
TAD formation. Outstanding questions remain, but accumulating evidence suggests these
structures are largely formed via two mechanisms: loop extrusion, and compartmentalization
[2111, 95| 246l 242] [76]. Despite all these functional and mechanistic characterizations, the
definition of a TAD has not changed much. Some recent reviews have proposed refining TAD
definitions based on scale, overlap with other 3D chromatin features, and putative mecha-
nisms of formation [67, [I1], but the field has not yet widely adopted these distinctions.
Such delineations will be crucial to furthering our understanding of 3D genome structure
and its regulatory effects moving forward, particularly in light of recent observations from
imaging and single-cell studies that suggest TADs are much more dynamic than originally
thought [109, 87]. These and other findings imply that TADs identified from bulk Hi-C
data may be statistical artifacts that emerge from averaging chromatin conformation in
millions of cells [307], further underscoring the need for updated TAD definitions that re-
flect differences in specific factors and/or mechanisms involved in their formation. In the
future, I suggest researchers combine mechanistic, functional, and single-cell techniques to
thoroughly characterize different classes of TADs, ideally giving them different names. This
would be a tremendous boon in helping define a ‘ground truth’ for TADs, against which to
test the output of various inference algorithms. It may be infeasible to functionally char-

acterize TADs genome-wide, but perhaps higher-resolution research and more widespread
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use of the distinctions already proposed could reveal facets of the data that are sufficient
for distinguishing different classes of TADs from one another in silico. These efforts could
be greatly aided by employing techniques such as HiChIP, that enable simultaneous assess-
ment of chromatin contact and protein binding genome-wide [198]. While a few studies have
utilized HiChIP to examine 3D genome architecture as mediated through TAD-associated
proteins [198] 164, [176], more similar research will be needed to lay the groundwork for a
biology-based definition of TADs. Until then, future studies assessing TAD structure should
consider utilizing a wide array of different algorithms, in order to establish a confident set
of TADs. Simultaneously, I hope more work emerges using CRISPR and other techniques
to carry out perturbational follow-up experiments assessing the impact of specific TADs on
gene regulation across a variety of cell types, conditions, and species. When it comes to
TADs, a vast frontier of exciting discoveries clearly remains.

3D genomics has done much to expand our understanding of the evolutionary and de-
velopmental aspects of gene regulation, but more precise definitions and robust methods
will be necessary to ensure continued impact moving forward. As the cost of sequencing
continues to decrease, more studies will hopefully be able to assess chromatin conformation
in larger panels with more individuals. One recent seminal work using 20 individuals found
quantitative trait loci (QTL) that affect several facets of higher-order 3D genome structure,
dependent upon the genotype at the QTL [I12]. The significance of such studies will only
grow as we continue to appreciate the full extent of genomic structural variation between
human individuals [46]. In conclusion, I am proud to have been a part of this research
community during my PhD, and know that, as the 3D genome field evolves and technology
continues to improve, it will help fulfill a central promise of human genetics: to understand

the connection between genetic variation and phenotypic variation.
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