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Abstract 
Gene expression is known to be affected by interactions between local genetic variation 

and DNA accessibility, with the latter organized into three-dimensional chromatin 

structures. Analyses of these interactions has previously been limited, obscuring their 

regulatory context, and the extent to which they occur throughout the genome. Here we 

undertake a genome-scale analysis of these interactions in a genetically diverse 

population to systematically identify global genetic-epigenetic interaction, and reveal 

constraints imposed by chromatin structure. We establish the extent and structure of 

genotype-by-epigenotype interaction using embryonic stem cells derived from Diversity 

Outbred mice. This mouse population segregates millions of variants from eight inbred 

founders, enabling precision genetic mapping with extensive genotypic and phenotypic 

diversity. With 176 samples profiled for genotype, gene expression, and open chromatin, 

we used regression modeling to infer genetic-epigenetic interactions on a genome-wide 

scale. Our results demonstrate that statistical interactions between genetic variants and 

chromatin accessibility are common throughout the genome. We found that these 

interactions occur within the local area of the affected gene, and that this locality 

corresponds to topologically associated domains (TADs). The likelihood of interaction 

was most strongly defined by the three-dimensional (3D) domain structure rather than 

linear DNA sequence. We show that stable 3D genome structure is an effective tool to 

guide searches for regulatory elements and, conversely, that interacting regulatory 

elements in genetically diverse populations provide a means to infer 3D genome 

structure. We confirmed this finding with CTCF ChIP-seq that revealed strain-specific 

binding in the inbred founder mice. In stem cells, open chromatin participating in the 

most significant regression models demonstrated an enrichment for developmental 

genes and the TAD-forming CTCF binding complex, providing an opportunity for 

statistical inference of shifting TAD boundaries operating during early development. 
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These findings provide evidence that genetic and epigenetic factors operate within the 

context of three-dimensional chromatin structure (Reproduced with permission from 

Kuffler et al., 2023). 
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Chapter 1: Introduction 

 

1.1 Regulation of Gene Expression 

Genotypic variation may affect gene expression by altering either coding or non-coding 

DNA. Alteration of coding regions can affect the gene's expression through directly 

altering the chance of successfully completing transcription. As biological sciences have 

 
Figure 1.1. A graphical abstract describing genetic-epigenetic interactions, and how 
TAD boundaries constrain their occurrence. Reprinted with permission from Kuffler L, 
Fortin HJ, Skelly DA, Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) 
Imputation of 3D genome structure by genetic-epigenetic interaction modeling in mice eLife 
12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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progressed, the field has shifted from a tight focus on genes and their DNA sequence. 

Where previously non-coding regions were once referred to as "junk DNA", we now 

understand that there are many levels of genetic regulation that depend on the genetic 

sequence, protein binding, and chromatin structure of non-coding DNA. Without the 

information contained in these regions and epigenetic factors, cells cannot maintain their 

identity, nor develop and differentiate into new tissues. 

 

Non-coding sequence variation affects regulatory factors that alter chromatin 

accessibility, recruitment of transcription factors, and formation of local 3D genome 

structure that promotes transcription. These are forms of epigenetic modification, a 

broad class of regulatory factors that can more generally include any DNA-protein 

binding, DNA conformation, or DNA modification. Some of these regulatory factors are 

consistent enough in their identity that they can be termed an 'epigenotype'(Waddington, 

2012). 

 

The physical conformation of chromatin provides a vital layer of gene regulation. It is 

common to assay the location and modifications on histones, which provide information 

on both chromatin accessibility, as well as priming or suppression in protein binding and 

transcription(Waddington, 2012). 

 

Nucleosomes are an organizing factor on the level of 146 bp, and act as physical 

barriers to other proteins. These are the most fundamental and therefore lowest order of 

chromatin organization. Higher orders of chromatin organization produce varied effects 

of their own, but were historically not so commonly studied, outside of a few broad 

categories. 
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Since the 1920s, researchers have noticed the difference between highly compacted 

heterochromatin and more open euchromatin(Babu & Verma, 1987; Berger, 2019). With 

the advent of Hi-C, the similar categories of chromatin compartments A and B were 

identified through principle component analysis of chromatin accessibility, above or 

below expected signal strength (Lieberman-Aiden et al., 2009). Cell type-specific 

patterns of chromatin compartments were noted(H. Gong et al., 2021). These 

compartments are on a multi-megabase scale, and were eventually identified as defined 

by a number of chromatin states roughly correlating to euchromatin and 

heterochromatin. 

 

1.2 Regulatory Interactions 

The presence or absence of epigenetic factors are often predicated on underlying 

genotype, and local epigenotype may determine the ability of a genetic variation to affect 

gene expression. These interactions are by definition non-additive, as these factors are 

either dependent on one another, or not fully independent. This is similar to epistatic 

mechanisms in gene-gene networks: regulatory factors may work together, rely on one 

another, interfere with each other's function, or even mixtures of these events. These 

interactions have previously been demonstrated in many contexts(Bekris et al., 2012; 

Gacita et al., 2021; Perez-Martinez et al., 2011). Yet the interacting effects that genetic 

and epigenetic factors produce on gene transcription are rarely studied at a genome-

wide scale, leaving us without global information on a key step between the genetic code 

and the phenotype. 
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This limited scope has likewise limited the conclusions that can be drawn from the 

available literature. These studies are unable to determine whether these interactions 

are common and widespread, or limited to specific genes that are already tractable to 

study by current methods.  

 

1.3 Multi-omics Analysis 

To identify genetic-epigenetic non-additive interactions and characterize their behavior 

on a genome-wide scale, multiple data types are required. Genetic analyses, epigenetic 

analyses, and quantification of gene expression in genetically diverse populations are 

required, but such multiomics datasets are extremely rare. At the start of this project, 

there were no publicly available datasets containing such multi-omics data in genetically 

diverse samples, and no known studies prioritizing their creation. 

 

This limits our ability to comprehend phenotype on a fundamental level. Heritable 

phenotypic variation in genetically diverse populations is a result of both genetic and 

epigenetic factors operating in tandem. Understanding the scope and landscape of these 

interactions on a genome-wide scale is a vital step towards deciphering the genetic 

regulation of gene expression and, in turn, the mechanisms of non-coding variation on 

phenotypic outcomes. This project was undertaken to fill this gap. 

 

Epigenetic analyses must determine the likelihood of a gene interacting with a putative 

regulatory element. To do so, most researchers default to the linear genome distance 

between the two features. This is supported by decades of results showing the 

importance of direct physical interactions between nearby regulatory elements and 

genes(Bartkuhn & Renkawitz, 2008; Carter et al., 2002; Fraser & Grosveld, 1998; 



 

   
 

5 
 

Greenwald et al., 2019), as well as alterations to chromatin compaction and recruitment 

of transcriptional machinery to nearby genes(Workman & Kingston, 1998; You et al., 

2021). 

 

1.4 Local Regulatory Area 

These short-range interactions have led to the concept of a "local area". This is generally 

defined as the region in which direct chromatin contact with regulatory elements is 

expected, or indirect regulatory effects will consistently reach a given gene. Beyond this 

local area, interactions are far less frequent, and considered to either be uniformly 

indirect, random, or another class of distal interaction. 

 

Local areas have been defined in a number of different ways, based off of previous 

experimental findings and the limits of computational power. Many have used 100 to 500 

kb flanking windows around a gene to define a local area(Gate et al., 2018; Liu et al., 

2017; Luo et al., 2016; West et al., 2016). This produces consistent results(Kim et al., 

2014), but the interval size is not linked to any particular biological feature. It is a 

construct of convenience.  

 

Arbitrary limits on analysis scope may be appropriate for research that does not primarily 

focus on local regulatory function, but it limits the completeness and rigor of the result. 

Statistical distributions in biological science are often abstractions of discrete functions, 

rather than a stochastic distribution. One classic cell biology example is the mechanism 

of action potential across the neuromuscular junction. These phenomena were observed 

to have a remarkably precise and replicable quantization of their behavior, which turned 

out to be the result of the packaging of acetylcholine into vesicles of consistent size for 
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transmembrane release(Del Castillo & Katz, 1954). Another example from genetics 

would be the location of recombination hotspots. These regions were identifiable through 

study of linkage disequilibrium, but their mechanism was unknown(Jeffreys et al., 2001). 

These hotspots were found to be the result of PRDM9, a single, fast-evolving 

gene(Baudat et al., 2010; Myers et al., 2010; Parvanov et al., 2010).  

 

1.5 Topologically Associating Domains 

Early epigenetic analysis identified that physical proximity between genes and their 

regulatory elements was often key to their expression(Brown et al., 2006). As a result, 

chromatin looping was identified as a potential insulator and facilitator of gene-enhancer 

interactions(Chambeyron & Bickmore, 2004).  

 

One important chromatin loop structure is the topologically associated domain (TAD). 

TADs were first identified via chromosome conformation capture(Dekker et al., 2002), 

and named in the context of the mouse X-inactivation(Nora et al., 2012). Their definition 

has shifted over time, and differs between model organisms. In older literature, a TAD 

may refer to a region of self-associating chromatin, essentially small, self-contained 

regions of chromatin compartment A that are cell type invariant, building from their initial 

identification around X-inactivation. This loose definition led to different domains of study 

converging on multiple distinct epigenetic features being identified as "TADs", depending 

on the model organism in use(Hou et al., 2012; Le et al., 2013; Sexton et al., 2012). 

 

In mammals, TADs are now usually defined as a loop of DNA held together by cohesin, 

which is stabilized and anchored by the CCCTC-binding factor (CTCF). Cohesin 

complexes attach to DNA, quickly extruding chromatin in a loop(Maji et al., 2020). As 



 

   
 

7 
 

this loop lengthens, it brings genes and regulatory regions transiently into contact. If the 

cohesin encounters CTCF in the correct orientation, extrusion will halt along one 

direction on the strand(Kagey et al., 2010). When CTCF in the opposing orientation is 

encountered on the other end of the extrusion, CTCF will form a homodimer and anchor 

the newly formed TAD loop(Yusufzai et al., 2004). 

 

CTCF can remain bound to chromatin from anywhere between 72 to more than 144 

hours(Khoury et al., 2020), and has eleven zinc finger domains, creating a DNA binding 

site with a potential for variation. This long-lasting binding creates stable domains of 

open chromatin that allows active gene transcription. 

 

CTCF binding creates a boundary between intra-TAD chromatin and extra-TAD 

chromatin, suppressing the ability of regulatory elements to cross this boundary(Hou et 

al., 2008). This behavior has been modeled as a block copolymer, as a potential 

explanation for why TAD compartmental segregation occurs(Nuebler et al., 2018). TADs 

contain more heterochromatin than non-TAD regions, allowing more regulation of and 

initiation of gene transcription. The reason why TAD-internal chromatin is more likely to 

be open is still unclear(Shinkai et al., 2016). However, it has been noted that regions 

containing super-enhancers tend to experience higher degrees of insulation than other 

regions(Y. Gong et al., 2018). 

 

Within TADs, sub-TAD loops can form, sometimes referred to as chromatin 

domains(Shinkai et al., 2016). These can be created by a number of mechanisms, 

including CTCF binding(Tang et al., 2015). These loops are often less stable than TADs, 

acting as transient regulatory mechanisms to affect local gene expression. 
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TADs have been described as mostly cell-type invariant and conserved across species, 

which can be used to argue for a relatively inert, structural role in DNA organization. 

However, these studies identified substantial minorities of differential TAD binding sites, 

and also were subject to limited resolution of TAD binding site occupancy. CTCF binding 

sites are plentiful across relevant genomes, with many remaining unoccupied in any 

given cell type. It is not uncommon to see more than a third of binding sites 

unoccupied(Holzmann et al., 2019). 

 

Other studies have found vital roles for shifts in CTCF binding patterns during embryonic 

development and determining cell fate(Arzate-Mejía et al., 2018). In chickens, mice, and 

humans, the HoxD gene cluster is subject to regulation during embryonic development 

by the shifting of a shared boundary between two TADs that contain the gene cluster(Le 

Caignec et al., 2020; Rodríguez-Carballo et al., 2017; Yakushiji-Kaminatsui et al., 2018). 

This boundary shift exposes the genes to different regulatory elements at different time 

points and in different developing tissues, resulting in orderly forelimb development. 

When this TAD boundary is abolished, congenital disorders of forelimb digit formation 

arise. Further studies have found that CTCF has profound effects during the creation of 

induced pluripotent stem cells, first silencing somatic genes, then encouraging 

enhancer-promoter interactions and increasing chromatin accessibility. This context-

sensitive, genome-wide behavior is indicative of the multifaceted use of this protein in 

the restructuring of both DNA and cell type(Song et al., 2022). 

 

Alteration of TAD structure is also found to produce pathogenic dysregulation in some 

contexts(Y. Gong et al., 2018). Various studies have shown that chromosomal 
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rearrangements that abolish or shift TAD boundaries are more likely to be carcinogenic, 

indicating that a disregulated cell type is created by their alteration(Akdemir et al., 2020; 

Taberlay et al., 2016). The creation of new TADs is also associated with chromosomal 

rearrangements in cancer cells(J. R. Dixon et al., 2018). 

 

Because of the properties described above, TADs are increasingly hypothesized to 

provide physical boundaries for local regulatory function, but functional analysis of 

regulatory interactions within TADs has been limited by the lack of informative genetic 

variation in the studies that led to TAD discovery and the characterization of TAD 

behavior. Individual examples have been demonstrated in the publications described 

above, but these are likewise limited in their scope, and cannot speak to whether these 

patterns hold true genome-wide. 

 

Many authors have argued against the regulatory importance of TADs outside of specific 

applications, particularly in adult organisms. Some publications have shown that when 

CTCF is depleted, TAD structures still form in mammalian genomes(Kubo et al., 2017). 

Some studies contest this, implying that these studies had not fully depleted CTCF that 

was constituently bound to the genome(Wutz et al., 2017). Other authors have 

contended that TAD boundary disruption may be important in the development of some 

cancers(Aitken et al., 2018), but other diseases seem to have no link to TAD-based 

regulation. However, the general use of isogenic models and lack of TAD boundary data 

makes it difficult to judge whether TADs are truly uninvolved in these diseases. 
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1.6 Model Systems 

In many model organisms, reverse genetic approaches like saturation mutagenesis can 

be used to introduce functionally informative genetic regulation. These approaches are 

challenging in mammalian models at scale(Gupta & Varadarajan, 2018; Mason et al., 

2018), requiring more time and with fewer viable results. 

 

Even modern CRISPR-Cas9 based approaches are still limited in their scope and 

application outside of immortalized cell lines and stem cells (Serebrenik & Shalem, 

2018). By comparison, samples from genetically diverse populations permit 

comprehensive study of complex genetic interaction and non-coding regulation on a 

genome-wide scale(Svenson et al., 2012). 

 

Mice are excellent models for these studies, with well-characterized isogenic strains 

available from a variety of subspecies. Many of these strains have deeply sequenced 

genomes with comprehensive variant catalogs. Increasingly complex interbred and 

outbred lines have been created in mice, beginning with two-parent crosses like B6 and 

DBA(Davis et al., 2005), and expanding into more ambitious projects. The Collaborative 

Cross recombinant inbred panel (CC mice) is the result of eight founder strains from 

three subspecies: A/J, C57BL/6J, 129Sv/ImJ, NOD/LtJ, NZO/H1J, CAST/EiJ, PWK/PhJ, 

and WSB/EiJ(The Complex Trait Consortium, 2004). These grandparent strains were 

intercrossed for three generations and then offspring were inbred to create homozygous 

inbred lines. 

 

The CC mice are a powerful tool for reproducibly studying the effects of genetic 

variation, but are subject to some difficulties. Infertility resulted in a loss of more lines 
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than expected (Shorter et al., 2017). This also means that the CC is not ideal for 

studying models of reproductive or developmental dysfunction. There is also unequal 

contribution from the CAST and PWK lines in the remaining CC strains, selection has 

occurred on chromosome X and Y, and in mitochondria(Srivastava et al., 2017). 

 

The lack of heterozygosity in the CC population also cut off study of haplotype effects, 

parental chromosome imprinting, and other benefits of crossing model lines. The 

creation of CC-recombinant intercross mice (CC-RIX) was intended to address this 

problem, creating F1 crosses of CC lines(Y. Gong & Zou, 2012; Zou et al., 2005). 

Because this process is often undertaken by institutions that have their own CC 

colonies, CC-RIX are not necessarily fully comparable to each other, due to differing 

experimental design and lab environments. They allow a higher degree of precision in 

genetic mapping than the CC, but are still limited in their ability to model the diversity of 

a wild population. 

 

Studying wild populations is complicated and expensive, lacking the ability to 

standardize environment. Only some populations are amenable to long-term monitoring 

and dense sampling that allows the creation of genetic pedigrees(Slate et al., 2010). 

This means that mapping heritable traits can be complicated and costly, and resulting 

QTL studies can be of variable quality(Slate, 2004). To simulate wild populations more 

accurately, cheaply, and controllably in mice, the Diversity Outbred mouse project was 

created. 
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1.6.1 Diversity Outbred Mouse Project 

The Diversity Outbred mouse project arose as an offshoot of the Collaborative Cross, 

beginning as a random cross between CC lines, and continuing as a random outcross. 

This creates unique individuals in each litter(Svenson et al., 2012). They contain 45 

million segregating SNPs, creating a more genetically diverse population than humans. 

 

Genotyping is undertaken using the third generation of the Mouse Universal Genotyping 

Array (GigaMUGA)(Morgan et al., 2016). GigaMUGA contains 141,090 SNP probes 

across the genome, intended to be used for the identification of laboratory mice down to 

the substrain level. Because the DO population ultimately traces its roots back to eight 

well-characterized inbred strains, GigaMUGA genotyping data can be used to create 

probability matrices of local haplotype for each DO mouse. With a pseudoprobe grid of 

69,005 predictions, GigaMUGA can resolve haplotype in highly recombinant areas down 

to under 100 bp in some regions(Skelly et al., 2020). 

 

DO mice are not replicable like CC and CC-RIX, but they offer a greater diversity of 

phenotypes than either(Svenson et al., 2012), with similar reliability to inbred mouse 

lines(Tuttle et al., 2018). This includes the study of more developmental 

phenotypes(Katz et al., 2020). DO mice have also allowed for a method of mapping 

increasingly precise quantitative trait associations due to increasingly small linkage 

disequilibrium blocks and balanced allele frequencies (Solberg Woods, 2014). 

 

The ongoing process of random outbreeding produces a mouse population segregating 

millions of precisely-mapped SNPs, with well-balanced allele frequencies, and 

increasingly small blocks of linkage disequilibrium that now approach the size of TADs 
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almost genome-wide(Broman, 2012; Chesler et al., 2016). Genetic mapping depends on 

the ability to distinguish between traits that segregate by genotype. Genotypes 

segregate by recombination. Thus, the more recombination events that separate a case 

from its controls, and the more controls are available, the more precisely one can map a 

trait.  

 

Samples from the DO have been used to create extensive resources and data sets, 

including mouse embryonic stem cell (mESC) lines. A recent study used mESCs derived 

from 19th generation DO embryos by Predictive Biology, grown in the absence of ERK 

inhibition to study the gene regulatory networks that stabilize pluripotent states in vitro. 

This revealed phenotypic variability in features of ground state pluripotency(Skelly et al., 

2020). 2i media allow for the stable preservation of mESC culture, but necessarily limit 

the colonies' abilities to differentiate and display developmental phenotypes. 1i mediums 

allow researchers to explore early differentiation phenotypes and expression 

patterns(Acurzio et al., 2021; Atlasi et al., 2013), while maintaining healthy culture 

conditions. As models of early development, they are well-suited to profiling the effects 

of genetic-epigenetic interactions, and the role of 3D chromatin conformation as a 

regulatory mechanism (Adapted with permission from Kuffler et al., 2023, expanded to 

provide context). 

 

1.7 Project Goals 

Here we determine the extent to which genetic-epigenetic interactions between single 

nucleotide polymorphisms (SNPs) and regions of open chromatin are present, and 

uncover the biological basis of their distribution in three-dimensional (3D) genomic 

organization. Our results show that genetic-epigenetic interactions were found across 
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the genome and involve regulatory elements that would not be identified with single-

omics data. These interacting elements cluster together within TADs bounded by 

previously identified active CTCF binding sites. We infer chromatin structure from 

interaction data, analyze interaction contributions from the main and interaction 

regression elements, identify potential regulatory functions underlying a set of 

interactions, and correlate these interaction behaviors to CTCF binding differences in 

inbred founder lines (Reproduced with permission from Kuffler et al., 2023). 
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Chapter 2: Methods and Materials  

 

2.1 Dataset Selection and DO mESC Generation 

DO mESC production was performed by Predictive Biology. Cultures were grown with 

G3SK inhibitor (1i medium). Bulk RNA and ATAC sequencing were performed and 

normalized as previously described(Skelly et al., 2020).  

 

Expression data was formatted and analyzed as log2-transformed transcripts per million 

(TPM). ATAC-seq data was formatted as trimmed mean of M values (TMM)(M. D. 

Robinson & Oshlack, 2010). Genotyping was performed by Giga Mouse Universal 

Genotyping Array (GigaMUGA)(Morgan et al., 2016). Aneuploidies were removed with 

the argyle R package(Morgan, 2016). R/QTL2 haplotype reconstruction, normalization 

and pseudoprobe processing was carried out as previously described(Skelly et al., 

2020). Samples with XO genotypes were removed, and the union of all samples with the 

required data types resulted in 176 samples (Reproduced with permission from Kuffler et 

al., 2023).  

 

These data were selected for this project due to their unique suitability for the study of 

non-additive genetic-epigenetic interactions. In fact, the generation of these data made 

the project conceivably possible in the first place—no sufficiently large publicly available 

datasets combined ATAC-seq and RNA-seq in any genetically diverse model system at 

the time of the project’s conception. We were aware of this at the time, and considered 

the potential drawbacks. 

 

We would not be able to confirm our findings by recapitulating them in another model 

system, unless another group independently produced a suitable equivalent while we 
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worked on the project. However, we felt that we would be able to perform targeted 

confirmation experiments within mESCs to support our findings. In fact, we were later 

able to perform a systemic confirmation experiment in DO founder mESCs, thanks to 

collaboration with our co-authors (see below, and in Kuffler et al. 2023).  

 

Another potential complication was the culture protocol for the mESCs. The standard 2i 

medium for mESC culture combines inhibition of MEK and GSK3(Silva et al., 2008). This 

allows cells harvested from the inner cell mass of a mouse zygote to be maintained in a 

ground state of pluripotency in most strains, demethylated and with extensive open 

chromatin. The 1i medium is non-standard, meaning that the results would not 

necessarily be comparable to publicly available mESC data. However, we considered 

this to be a strength of the dataset, as it would expose expression phenotypes that we 

would otherwise not see in mESC culture. Given that our intent at the beginning of this 

project was to assay the locations, commonness, and properties of genetic-epigenetic 

interactions, this was useful for us. We would have more variation in gene expression, 

and presumably more variation in chromatin openness. This was confirmed by Skelly et 

al in their identification of significant expression QTLs and chromatin accessibility 

QTLs(Skelly et al., 2020). This essentially enhanced our chances of identifying 

regulatory interactions. Concomitantly active genes are actively worked upon by multiple 

regulatory factors, but these interactions cannot be identified without precisely targeted 

assays to identify the mechanisms at play. We wanted to cast a wider net, and the 1i 

medium was very useful for this. 

 

It was also worth considering the genomic stability of the Diversity Outbred mice. The 

DO population has begun experiencing genetic selection as it has progressed. While the 
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generation of this data predates much of these issues, R2d2 had begun demonstrating 

meiotic drive on chromosome 2, which resulted in a favoring of the WSB allele at that 

locus(Chesler et al., 2016). To avoid factoring this into our initial exploratory data, we 

made sure to examine chromosome 2 separately and in comparison with other 

chromosomes. 

 

Stem cell culture is known to produce a number of effects on genome stability, including 

aneuploidies that can confer growth advantages, leading to aneuploid cells 

outcompeting the original line they were derived from(Enver et al., 2005). Detection of 

these events is not a simple process, and relevant data on these DO mESCs was not 

publicly available at time of processing. However, we received in-progress aneuploidy 

predictions from Alex Stanton (results currently unpublished), and avoided using 

examples from chromosomes that were prone to duplication when assessing the 

location and prevalence of interactions. 

 

With these limitations in mind, we decided that the potential of this dataset far 

outweighed its limitations. Genetically diverse samples with genetic profiling and multiple 

epigenetic data types are very rare, and the well-characterized nature of the DO founder 

strains allowed us a high degree of mapping precision. 

 

2.2 Subsetting Genetic Markers 

Haplotype predictions were represented using the closest SNP to grid points of 

GigaMUGA haplotype probabilities, regularly spaced by genetic distance(Chick et al., 

2016; Kingra et al., 2020). The gigaMUGA array provides 143,259 SNP probes via the 

Illumina Infinium II platform(Morgan et al., 2016). The haplotype probability calculation 
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on this basis created a subset of 68,413 SNPs which were most likely to match the 

actual haplotype for each sample at a given locus (See data repository, linked in section 

2.6 below) (Adapted with permission from Kuffler et al., 2023, edited for clarity). 

 

It is worth noting that these genotypes cannot truly resolve to SNP-level accuracy. While 

the 19 generations of DO outcrossing that preceded the generation of these cultures 

provided a high level of recombination, blocks of linkage disequilibrium created large 

areas of uncertainty in many LD blocks. This is not always the case, with some blocks 

being on the order of a few kilobases in length, and containing low numbers of SNPs. 

Even in these cases, the SNPs we chose to represent the LD blocks were merely 

representative of their local genotype, at the locus we can most confidently predict to 

match the pseudoprobe’s haplotype. The vast majority of genetic variants between the 

DO founder strains are SNPs, and all representative genetic variants fall within this 

category. Therefore in the interest of brevity, this manuscript often refers to “SNP 

effects” when the genetic component of our interaction modelling is discussed. 

 

However, there are other variants within the genomes of the DO that need to be 

acknowledged. The aforementioned R2d2 locus and mESC aneuploidies aside, there 

are also polymorphic regions that show structural variation in copy number, 2006 of 

which are captured in the gigaMUGA panel. While these are accounted for in the 

gigaMUGA panel, they were not considered in these experiments, and can lead to 

background-specific increases or decreases in signal strength during genetic and/or 

epigenetic profiling(Morgan et al., 2016). These have been recently cataloged by Ferraj 

et al., and may be worth integrating into future analyses(Ferraj et al., 2023). 
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2.3 Regression Modelling 

RNA-seq, ATAC-seq and haplotype data were repackaged into SQLite databases and fit 

to a regression model using the R stats::step() function. Essentially, this function 

identifies a line of best fit for a dataset, with the user providing the terms that should be 

considered as potential independent variables, and how they interact. The function then 

assigns constants (“beta coefficients” or “effect coefficients”) to these variables, 

removing terms whose beta coefficients approach zero or are otherwise not needed to 

describe the data.  

 

We modeled the gene expression by linear regression, including a SNP-by-ATAC non-

additive interaction term:  

 

𝑦𝑖 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 + 𝛽3𝑥1𝑥2 + 𝜀𝑖       

 (Equation 1) 

 

where 𝑦𝑖 =RNA abundance (log2TPM), 𝑥1 = SNP, and 𝑥2 = ATAC intensity (TMM) for 

each gene. SNPs were coded as 0 for reference genotype, 1 for heterozygote, and 2 for 

homozygote. No multi-allelic variants were present in the subset. Models passed the 

default Akaike Information Criterion cutoff to retain the β₃𝑥₁𝑥₂ term were deemed to be 

interacting. This means that the R stats::step() function determines whether dropping the 

term would lose too much ability to describe the underlying data, then the term would be 

kept. If it did not meet this threshold, it would be discarded to prevent overfitting(Stoica & 

Selen, 2004). The R stats::step() function aims to select beta coefficients that allow the 

Akaike Information Criterion to equal Mallow’s Cp, which is a function that assesses the 

fit of a regression model(Hocking, 1976). The resultant database was the input for all 
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further analyses (Adapted with permission from Kuffler et al., 2023, wording altered for 

readability). 

 

This is a relatively simple regression model, but it contains more terms than some 

researchers may be familiar with. Simple linear regression often uses only one variable 

term, taking the form 𝑦𝑖 = 𝛽0 + 𝛽1𝑥1 + 𝜀𝑖 . The goal of these analyses is to find the 

values of 𝛽0 and 𝛽1 that best fit the observed data, by attempting to minimize the sum of 

squared residuals. This means that the differences between the predicted and actual 

values of 𝑦 should be minimized. This method is common in genetics, and used for fitting 

linear trends. When multiple terms are modelled, it is often done so in an additive 

manner: more terms are added, assuming they are not only independent from the 

dependent variable (in this case RNA abundance), but also independent from each 

other. This would look something like  𝑦𝑖 = 𝛽0 + 𝛽1𝑥1 + 𝛽2𝑥2 +⋯+ 𝛽𝑛𝑥𝑛 + 𝜀𝑖 . Any 

number of terms can be added to these models. This is appropriate if features are 

expected to only affect the gene, and not each other. All terms function independently, 

assuming that the dependent variable’s value will have a direct relation to the magnitude 

of each term. 

 

However, we wish to examine if the relationship of these independent variables change 

depending on each other’s values. Thus, we added the interaction term 𝛽3𝑥1𝑥2. This 

allows us to model SNP and ATAC-seq effects that produce greater or lesser results 

than expected, when both are present in a single sample. This in itself is not a novel 

technique, nor is it computationally complex. In fact, it was the simplest available method 

of modeling the potential interaction between SNPs and ATAC-seq peaks. This simplicity 

in itself was an asset in this case: we were modeling interactions in a statistical manner, 
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rather than performing targeted experiments to assay physical interaction between these 

regions. We were doing this for the first time on a genome-wide scale. This meant that 

we had to be careful not to overstate the power of our models, and we could not risk 

overfitting that could undercut the biological effects we are attempting to demonstrate. 

Therefore, retaining a linear model with a single extra term was decided to be the correct 

choice. 

 

This regression model was tested with two null models: one where neither potential 

regulators affected a gene's expression (𝛽1 = 𝛽2 = 𝛽3 = 0 in Equation 1), and one where 

both independently affect gene expression (𝛽3 = 0 in Equation 1). The former null model 

was non-standard, more stringent, and intended to determine if there were any true 

effects present in the dataset. This produced results consistent with the latter model, and 

was ultimately discarded. Full model significance (Equation 1) was estimated relative to 

the null model with an F-ratio test. F statistics were calculated with the R function pf(). 

Given the possibility of overfitting and the number of models tested (see Results), a 

Bonferroni adjusted p value cutoff of p < 1x10-7 was chosen (hereafter "significant 

models"). Bonferroni adjustments were calculated via stats::p.adjust() (Adapted 

with permission from Kuffler et al., 2023, edited for clarity).  

 

2.3.1 Significance Cutoff Selection 

One of the complications of performing a novel analysis is the lack of literature to guide 

the selection of a p value cutoff. Too forgiving, and false positives will drown out any true 

signal, too stringent, and your data becomes sparse and the cutoff may appear as if it is 

chosen simply to impress the audience, rather than responding to the features of your 

dataset. We chose our adjusted p value cutoff based on the observed density of our 
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adjusted p values (Fig. 3.1), which we believed confidently indicated an enrichment of p 

values under 1x10-7. We erred on the side of restraint in this initial analysis with this 

figure. We would recommend that as more analyses of this nature are produced, this 

cutoff could be relaxed. 

 

2.4 TAD Data Selection 

mESC TAD data was downloaded from previously published work(J. R. Dixon et al., 

2012) with a liftover from mm9 to mm10 via the UCSC genome browser(Kuhn et al., 

2013). Chromosome information for mm10 was retrieved from the Integrative Genomics 

Viewer(J. T. Robinson et al., 2011) (Adapted with permission from Kuffler et al., 2023 

with edits to readability). 

 

This TAD data set was initially selected as part of a screen of potential biological bases 

for the local regulatory area (see Results). There are inherent caveats in using publicly 

available data when comparing to the DO population. One will never be able to create a 

perfect match to the DO samples themselves, as they are unique individuals. The DO 

does provide a useful basis to start from, however: the DO founders, all of which are 

well-documented and commercially available inbred strains(Svenson et al., 2012).  

 

However, public data does not have the breadth necessary to capture all the DO 

founders, especially in mESCs. Up until recently, mESCs were limited to generation in 

only B6 and 129 strains, which are only two of the eight founders of the DO, and both 

from the same subspecies background(Evans & Kaufman, 1981; Ledermann & Bürki, 

1991; Martin, 1981; Schnabel et al., 2012). In the case of TAD boundary predictions, we 

were only able to find data for B6. This inherently limited the accuracy of our analysis, as 
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we could not identify which TAD boundaries might vary based on genetic background. 

Given the previously published caQTL data from these cells, we knew that there were 

significant and genetically-driven differences in chromatin accessibility with mediating 

effects on gene expression, something that could be explained by differing TAD 

boundaries(Skelly et al., 2020). Without chromatin conformation data, we could not 

determine if this was the case. 

 

We also could not find exact matches for our culture conditions. The 1i medium used 

benefitted us in our search for genetic-epigenetic interactions, but it necessarily means 

allowing the cells to begin priming for differentiation and demonstrating their cell fate 

tendencies. Many TADs are conserved across cell types(McArthur & Capra, 2021), but 

we have no way to determine which are conserved, which are not, and limited ability to 

identify which DO mESC cultures may be heading towards which cell fate. Regardless, 

granular data on this level was not available, but it limited the accuracy we could expect 

from overlaying data from B6 mESCs grown in 2i. 

 

On top of this, the TAD boundary imputation methods used in this publicly available 

dataset had a limited resolution set to a 40kb grid. This was limited by the underlying Hi-

C data, but of course presented a problem for our calculations. CTCF binding sites that 

underpin TADs are ubiquitous across the genome(Ziebarth et al., 2012), and many can 

fall in a region of 40kb. Lacking any other appropriate data source, we took this data and 

performed all calculations based on this 40kb grid. At the time, this was the best 

resolution we could hope to achieve in this analysis. 
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2.5 DNA Motif Analysis 

DNA motif and binding site discovery were performed using MEME Suite tools (MEME, 

STREME, and Tomtom) set to default parameters (See 2.6 for data repository)(Bailey, 

2020; Bailey et al., 2009; Bailey & Elkan, 1994). SNP data were imputed from DO 

founder genomes as reported in release v3 (REL-1303-SNPs_Indels-GRCm238) of the 

Mouse Genome Project through the Sanger Institute(Grant et al., 2011; Keane et al., 

2011) (Adapted with permission from Kuffler et al., 2023 with edits to word choice) 

 

MEME Suite was found to be a generally reliable motif and binding site toolset, with a 

few caveats. Its web interface does not have an API. The servers are relatively reliable, 

but there are no alternate servers, and no ways to access older versions of MEME Suite 

without running them locally. This was not possible for us, as it could not be successfully 

integrated with the local high-performance computing cluster. This limits our ability to 

ensure the motif searches are truly reproducible, but it is theoretically possible for others 

to do so. 

 

2.5.1 Publicly Available CTCF ChIP-seq Analysis 

To investigate CTCF binding in mESCs as a proxy for TAD boundary activity, we 

downloaded the CTCF ChIP-seq in C57BL/6 Bruce4 and 129/Ola E14TG2a.4 mESCs 

from the ENCODE portal(Sloan et al., 2016) with the following identifiers: 

ENCSR000CCB and ENCSR362VNF. These were also used to estimate the locations of 

SMAD3, an optional component of the CTCF complex. CTCF and SMAD3 binding motifs 

were retrieved from HOCOMOCO(Kulakovskiy et al., 2018). with the identifiers 

CTCF_MOUSE.H11MO.0.A and SMAD3_MOUSE.H11MO.0.B. These were overlapped 
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with our ATAC-seq dataset via FIMO(Grant et al., 2011) (Adapted with permission from 

Kuffler et al., 2023 with edits to readability). 

 

As before, these datasets are not ideal models for our DO mESC samples. B6 Bruce4 is 

an mESC line that exhibits significant heterozygosity from B6, and is prone to 

aneuploidy(Gacita et al., 2021). E14TG2a.4 is a widely used cell line, which seemed to 

have no particular complaints associated with it upon investigation(Hooper et al., 1987; 

Stryke, 2003). However, they were grown in feeder free 2i medium, which is again not 

comparable to our 1i samples. 

 

2.6 Generating Novel CTCF ChIP-seq From DO Founders 

We undertook an analysis of CTCF binding site activity by use of chromatin 

immunoprecipitation sequencing (ChIP-seq). Potential options for CTCF ChIP-seq 

alternatives were considered. CUT&RUN ChIP was considered, a variation on standard 

ChIP-seq(Skene & Henikoff, 2017). The opinion of our collaborators was that while 

CUT&RUN required fewer cells, it was less accurate compared to standard ChIP-seq. 

Classic ChIP-seq requires 5-10 million cells per replicate, which was considered 

reasonable. The cells were grown in collaboration with Laura Reinholdt’s lab, and ChIP-

seq protocols were performed by Haley Fortin in Christopher Baker’s lab. 

 

CTCF ChIP-seq was undertaken under previously established protocols(Oomen et al., 

2019), with antibodies tested by Haley Fortin. Three cell lines were run in four isogenic 

DO founder mESC strains: C57BL/6J, CAST/EiJ, PWK/Ph, and WSB/EiJ. Cultures were 

grown in 1i medium. One sequencing run failed, resulting in the loss of one PWK and 

one WSB sample. This was disappointing, but we proceeded ahead. We had already 
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decided to employ an analysis method that did not require three replicates: we would 

count ChIP-seq peaks as evidenced within a strain only if they appeared in two or more 

samples. The loss of two samples lowered our detection chances, but did not affect our 

detection reliability (Adapted with permission from Kuffler et al., 2023, expanded to 

provide details). 

 

FastQC, Bowtie alignment and g2gtools liftover from imputed strain genomes to BL/6J 

were performed using a modification of a now publicly available ATAC-seq pipeline, 

accessed in development 15 December 2020(Sanderson et al., n.d.). Mitochondrial read 

filtering steps were removed. The g2gtools liftover tool is a production of the Chuchill lab, 

and is quite unique in its ability to perform liftovers in either direction between a 

reference genome and a non-reference genome. We used imputed genomes for the 

non-reference strains, to permit direct comparison to B6. Results were filtered to those 

ChIP-seq binding locations that appeared in two or more isogenic strains. The 

mitochondrial read filtering steps were removed due to their lack of relevance for ChIP-

seq. CTCF does not form TADs on mitochondrial DNA, therefore it would not appear in 

the data and would not need to be removed from it (Adapted with permission from 

Kuffler et al., 2023, expanded to provide context). 

 

All study data and scripts are available at Synapse 

(https://doi.org/10.7303/syn26534443).  

 

2.7 Attribution 

Analyses in Chapter 2.2-2.5.1 were performed solely by the author. 2.1 was the work of 

Skelly et al. as previously described. DO founder mESC generation in 2.6 was 
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performed by the lab of Laura Reinholdt. CTCF ChIP-seq generation and initial QC 

analysis was performed by the lab of Christopher Baker, with antibody testing and CTCF 

ChIP-seq preparation performed by Haley Atwell. Code for processing CTCF ChIP-seq 

data was adapted from Sanderson et al., with advice from Michael Lloyd. 
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Chapter 3: Results 

 

3.1 Genetic-Epigenetic Interactions are Pervasive and Enriched Within TAD 

Boundaries 

 

3.1.1 Introduction 

Despite numerous reports showing that genetic variants and chromatin state alter gene 

expression, non-additive interactions between these regulators have not been 

systematically explored. We wanted to determine how commonly genetic-epigenetic 

regulatory interactions are observed on a systemic level, and whether these interactions 

show any bias towards particular locations within the genome. To examine these 

interactions, we used paired transcriptome and chromatin accessibility profiling of 

Diversity Outbred mESCs(Skelly et al., 2020). These DO mESCs incorporate genetic 

backgrounds from eight well-understood isogenic founder strains from three M. 

musculus subspecies, taken from generation 19 of the DO project. Thus, these data 

constitute unique resources that can address questions of genetic-epigenetic regulatory 

interaction (Adapted with permission from Kuffler et al., 2023 with edits to word choice) 

 

3.1.2 Regression Modelling 

To impute non-additive interaction effects on a global scale, we used a method of 

analysis that could be applied to co-occurrence and interaction effects, and could permit 

discrimination between them. To that end, we used regression model fitting (Equation 1) 

alongside model selection using information criteria, to test if gene expression was 

affected by a local haplotype, an open chromatin region, both as independent regulators, 

or both in interaction (Adapted with permission from Kuffler et al., 2023 with edits to word 

choice).  
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Linkage disequilibrium places resolution limits when discerning the activity of genetic 

variants. Thus, we created a subset of our genetic data limited to 68,413 high confidence 

SNPs, spaced evenly by genetic distance to reflect the resolution limit (Methods). We 

collated these haplotypes with 102,173 ATAC-seq peaks and 13,631 genes that had 

RNA-seq coverage within our sample set (Adapted with permission from Kuffler et al., 

2023 with edits to word choice). 

 

We first did this with a null model of RNA ~ 1, i.e. no relation between expression and 

SNP or ATAC. This is the default for most regression analyses, but it was potentially not 

appropriate for our work, as we have an interaction term. We redid it with a null model of 

RNA ~ SNP + ATAC, i.e. no interaction detected. These were found to have minimal 

effect on results. We ran both for every analysis up to Figure 3.7. For consistency with 

the intent of our paper, we used the second null model. 

 

3.1.3 Random Model Generation And Analysis 

To search for non-additive interaction models, we randomly selected intrachromosomal 

genes, SNPs, and ATAC-seq peaks to test with the interaction model. In total, 102,104 

ATAC-seq peaks, 68,413 SNPs, and 13,631 genes were modeled in 39,021,625 

combinations. The result was 27,509 significant models (Bonferroni adjusted p < 1x10-7), 

or 0.07% of all models, associated with 19,145 ATAC-seq peaks, 14,476 SNPs, and 

1,286 genes (18.75%, 21.16%, and 8.52% of the total input respectively). Full results are 

tallied in Table 3.1. The number of significant results was four orders of magnitude over 

expectations, thus indicating true associations were present (Fig. 3.1A) (Adapted with 

permission from Kuffler et al., 2023, correcting errata and with edits to word choice). 
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To test the structure of our significant results further, we looked at different ways to 

quantify the distance between interacting elements. We took the sum of the distance 

between the gene and both the ATAC-seq peak and the representative SNP, versus the 

distance between the gene and whichever interacting element was closest to it. We 

quantified this both by bp distance, and by the number of TADs between the interacting 

elements. We found that looking at the sum of the distances produced a spread across 

the chromosome, while the minimum distance to an interacting element was tightly 

focused around the gene itself. The locations of significant associations indicated 

interactions were much more likely to occur within the linkage disequilibrium block that 

contains the gene (Fig. 3.1B), matching prior work that the majority of detectable genetic 

effects originate in local regulatory regions(Nelson et al., 2004; Oomen et al., 2019; 

Ronald et al., 2005; Su et al., 2010). This was echoed in the TAD-based distance 

Randomly 
generated 
sample 
database 

Only 
SNP 

effect 

Only 
ATAC 
effect 

Additive 
effect 

Interactive 
effect No effect 

All 
Models 

SNPs (p < 
1x10^-7) 9261 N/A 3627 3836 N/A 68413 

ATAC-seq 
peaks  
(p < 1x10^-7) N/A 670 3486 3735 N/A 102104 

Genes (p < 
1x10^-7) 927 221 823 896 0 13631 

Models 8059819 6952343 228616 560484 21166363 39021625 

Models where 
p < 1x10^-7 14683 2465 4921 5110 0 27509 

% Models 
where 
p < 1x10^-7 0.18% 0.04% 2.15% 0.91% 0.00% 0.07% 

Table 3.1. Counts and percentages within a database of randomly generated 
regression models. Adapted with permission from Kuffler L, Fortin HJ, Skelly DA, 
Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D 
genome structure by genetic-epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. Changes include correction of errata. 
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measurements. Approximately half (49%) of all significant models contained a SNP or 

ATAC peak within 4 Mb of the gene they affected. 

 

  
Figure 3.1. Interacting and additive models are abundant and favor local genes. A. 
Density of Bonferroni Adjusted p-value distribution in randomly sampled intrachromosomal 
models. B. Density of non-additive interacting models where adj. p < 1x10-7, by minimum 
distance between regulatory elements. C. Distribution of model term retention across intra-
TAD models. D & E. Intra-TAD ATAC-seq peak and SNP participation in single-term, additive, 
and non-additive interacting models. Reprinted with permission from Kuffler L, Fortin HJ, 
Skelly DA, Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) 
Imputation of 3D genome structure by genetic-epigenetic interaction modeling in mice eLife 
12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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We hypothesize that the reason why the sum of distances is so much greater is due to 

the fact that these randomly chosen trios of elements may contain co-regulated features. 

For example, an ATAC-seq peak may be present due to the binding of a particular 

protein, which also binds to other sides across the genome. Distant genotype can 

appear significant due to a distal QTL, or it could be due to strain segregation of SNPs 

that is identical to a more local feature. 

 

3.2 TADs Constitute the Boundaries of Local Regulatory Areas  

Due to these results, we investigated what chromatin features might underlie the local 

area we saw for genetic-epigenetic interactions. We hypothesized that TADs might be 

involved in the presence of non-additive interactions, as they are 3D genome structures 

previously seen to enable gene-enhancer interaction. Thus, we created a more focused 

subset of regression models, which tested every potential combination that each gene 

could have with every SNP and ATAC peak that fell within one TAD of its transcription 

start site (Adapted with permission from Kuffler et al., 2023 with edits for clarity).  

 

Models possessing at least one interacting element in the same TAD as the gene were 

found to be 4.5 times more likely to meet our significance cutoff, when compared to 

models that had neither interacting element within the TAD (3.9% versus 0.9%). This 

subset was drawn from our randomly generated data, featuring 3,836 SNPs and 3,725 

ATAC-seq peaks affecting the expression of 896 genes (Table 3.1). ATAC-seq peaks 

that were involved in non-additive interactions favored genes that fell between CTCF 

binding sites previously identified as TAD forming in B6 mESCs (Fig. 3.2A). Regression 

models without interaction terms also show this local, TAD-bounded ATAC-seq peak 
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involvement (Fig. 3.2B). We can therefore state that interacting regulatory elements 

inferred by our regression model are localized to the same TAD as the gene they affect. 

This produces a potential structural reason for local regulatory areas previously 

observed (Adapted with permission from Kuffler et al., 2023 with edits to word choice). 

 

3.2.1 Interacting Elements in Genetically Diverse Samples Escape Conventional 

Discovery Methods 

Our next analysis evaluated whether genetic-epigenetic, non-additive interactions could 

provide information that standard analysis methods cannot. Thus, we subset our 

imputed interacting models, constituting 32.29% of significant intra-TAD models (Fig. 

3.1C), and compared them with models associated with models that featured SNPs 

and/or ATAC-seq peaks that were not interacting. We examined the overlap between 

intra-TAD regression model results by SNP and ATAC-seq peaks by themselves 

(Adapted with permission from Kuffler et al., 2023 with edits to word choice).  

 

These were compared to randomly selected models (Fig. 3.3). In this set, models with 

only SNP effects predominate. We hypothesize that this is because genetic effects are 

often the most easily identified, especially over long distances. Randomly selected trios 

will primarily feature models with extremely distant results, making this essentially akin to 

a search for eQTLs.  
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Figure 3.2. TAD-bound organization is common across interacting and non-
interacting models and include many exclusively interactive regulators A. Density of 
interacting models where adj. p < 1x10-7, by minimum distance between regulatory 
elements, measured in relation to number of TADs between elements. B. Density of 
additive models where adj. p < 1x10-7, by minimum bp distance between regulatory 
elements. C-D. ATAC-seq peak and SNP participation in single-term, additive, and 
interacting models. 
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It is worth noting that while this is a higher raw number of model counts, the method of 

calling models we used will drop terms if it can find a satisfactory fit with fewer terms, at 

which point it applies a p value to the result. The distribution of p values per model type 

 

 
Figure 3.3. Interactions favor local regulators. A. Sum of distance between every 
significant gene-SNP-ATAC trio (in Mbp), showing long-range associations. B. Minimum 
distance between the same, measured in TADs, showing preferential short-range interaction. 

 



 

   
 

36 
 

is thus also instructive, particularly examining what percentage of models reach our p 

value cutoff for significance. When viewed through this lens, interactive effects show the 

highest percentage of confidently called models, followed by additive, SNP-only, and 

ATAC-only (Table 3.2). Many models ended up classed as having no detectable effect, 

but p values were not assigned to these. 

We found 27.10% of SNPs were found in both non-additive interacting models and 

additive models, and 22.59% were shared with models containing no contribution from 

an ATAC-seq peak. In comparison, few models predicted only an ATAC-seq peak 

contribution, and 37.45% of ATAC-seq peaks are exclusive to interacting models (Fig. 

3.1D). This is also in contrast to results from our randomly sampled gene-ATAC-SNP 

trios, which show a preference for SNP-only models (Fig. 3.2C-D). These results 

 

TAD-focused 
sample 
database 

Only SNP 
effect 

Only 
ATAC 
effect 

Additive 
effect 

Interactive 
effect No effect All Models 

SNPs  
(p < 1x10^-7) 7208 N/A 12268 11933 N/A 66214 

ATAC-seq 
peaks  
(p < 1x10^-7) N/A 480 22370 25916 N/A 100805 

Genes  
(p < 1x10^-7) 748 171 1120 1094 N/A 13631 

Models 47724300 20117970 16991360 14262787 52294007 151390424 

Models 
where 
p < 1x10^-7 752027 32720 303285 460804 0 1548836 

% Models 
where 
p < 1x10^-7 1.60% 0.16% 1.78% 3.23% 0.00% 1.02% 

Table 3.2. Counts and percentages within a database of all possible regression models 
where all SNPs and ATAC peaks are within +/- one TAD of the gene they interact with. 
Adapted with permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger SC., 
Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D genome structure by genetic-
epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. Changes include correction of errata. 
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suggest that although genetic variants are the primary driver of variation in expression, 

non-additive interactions with chromatin states further reveal the origins of expression 

variation.  Our findings also suggest that genetic variation and open chromatin data 

cannot be used independently to capture these regulatory features. Conversely, these 

findings suggest that ATAC-seq data alone is a less effective predictor of gene 

expression in a genetically diverse population (Reproduced with permission from Kuffler 

et al., 2023). 

 

3.3 TAD Boundaries Limit Genetic-Epigenetic Interactions 

The specific preference for non-additive interactions within active CTCF binding sites 

warranted further study. We sought to determine if active CTCF binding sites provided 

an appreciable boundary to interactions (Fig. 3.4A), similar to reported segregation of 

enhancer elements(Rodríguez-Carballo et al., 2017). We carried out regression 

analyses across the genome for all possible models involving each gene-SNP-ATAC 

combination within the gene's TAD and nearest flanking TADs or intra-TAD regions. 

Although resolution of causal SNP location limited by linkage disequilibrium, ATAC-seq 

peaks that interact with SNPs could be confidently localized in relation to TAD 

boundaries (Reproduced with permission from Kuffler et al., 2023). 

 

We found that TADs contained more ATAC peaks that interact with local SNPs to affect 

expression of a resident gene (Fig. 3.4B). With a window of 200 kb on either side of an 

active CTCF boundary, we found 52,321 ATAC-seq peaks sharing a TAD with their 

interacting gene, versus 24,145 peaks in different TADs or inter-TAD regions This 

constitutes a significant enrichment of intra-TAD gene-peak interactions (an odds ratio of 

1.27, null expectation p < 2.2x10-16) (Fig. 3.5).  We also identified 29 individual ATAC-
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seq peaks that were involved in more than 200 non-additive interactions each, which are 

distinctly visible within the aggregate view (Fig. 3.4B). These were exclusively affecting 

genes within the same TAD as the interacting ATAC-seq peak, which suggests that our 

results are not due to higher density of open chromatin within TAD structures. This is 

consistent with previous findings that the effects of enhancers and other regulatory 

elements are constrained by TADs(Krijger & De Laat, 2016). (Reproduced with 

permission from Kuffler et al., 2023). 

 

 
Figure 3.4. ATAC-seq peaks that interact with SNPs generally reside within the affected 
gene’s TAD. A. Schematic of a TAD loop, including gene (purple) and density of interacting 
model elements (red). Loop interior is in blue, exterior DNA is gray, and CTCF binding sites 
are in yellow. B. Location of interacting ATAC-seq peaks relative to TAD boundary location, 
merged across all genes. TAD interior denotes the TAD in which the dependent gene was 
found. C. Interacting ATAC-seq peaks by distance from associated gene TSS. Local area 
cutoffs of 100 kb and 500 kb flanking regions are marked. Reprinted with permission from 
Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter 
GW. (2023) Imputation of 3D genome structure by genetic-epigenetic interaction modeling in 
mice eLife 12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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TADs contain greater amounts of open chromatin than intra-TAD DNA (Fig. 3.5). Thus, 

we needed to ensure that these results were not simply a recapitulation of the underlying 

density of open chromatin, and constituted a true enrichment. 

 

Furthermore, our models count each interaction with an ATAC-seq peak, genotype, and 

gene, meaning ATAC-seq peaks may be counted multiple times. Therefore, we also 

needed to not simply compare the locations of interacting elements, but also compare to 

the number of possible interactions each ATAC-seq peak could theoretically be involved 

in. We expected that peaks within the same TAD as the gene they affected would be 

proportionally more likely to have a significant interaction with the gene, compared to an 

ATAC-seq peak outside of that TAD. 

 

 
Figure 3.5. Location of all ATAC-seq peaks relative to TAD boundary location, merged 
across all genes. Reprinted with permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski 
A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D genome 
structure by genetic-epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. 
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Therefore, we compared the ratio of intra-TAD vs. extra-TAD models, first for all possible 

interactions, and then just for those that reached our significance threshold. We found a 

ratio of 1.47 for all models, and 1.55 for significant models. This is a significant 

difference according to a chi-squared test = 5.56, p = 0.018. 

 

3.4 Revising Constraints on Local Regulatory Area Using Genetic Data 

Definitions of local regulatory area are used to establish the scope of analyses.  

Many cell types and animal models do not have publicly available Hi-C or CTCF ChIA-

PET datasets, further limiting many researchers that may want to study genetic-

epigenetic non-additive interactions. Our data supports that TADs may act as a 

biologically-defined boundary. Therefore, we wanted to determine how far the TAD-

defined local area was likely to extend from any given gene. We found that to capture 

95% of inter-TAD genetic-epigenetic interactions at adjusted p < 1x10-7, a window of 

2,071,826 bp upstream and 2,579,188 bp downstream of the gene transcription start site 

(TSS) was required (Fig. 3.4). The density of results using linear DNA sequence does 

not necessarily experience a linear drop-off over this distance, due to variable TAD 

lengths (See Section 3.4.2 and Fig. 3.7E-F). (Reproduced with permission from Kuffler 

et al., 2023). 

 

3.4.1 Comparisons To Previous Local Area Estimates 

We wanted to compare to some of the common definitions of local area that have been 

previously used in the literature. A window of +/- 100kb, usually centered on the 

transcription start site was previously thought to be acceptable. But we found that this 

only captured 14.1% of our significant interacting intra-TAD ATAC-seq peaks. the +/- 
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500kb window predominated when this project began, but that only captured 47.2% of 

significant interacting intra-TAD ATAC-seq peaks. 

 

This means that previous studies of local regulatory areas were likely truncated, missing 

the majority of a gene's local regulatory context. While TADs can range in size, their 

average length in mice has been calculated to be 1.09 Mb, meaning that TADs can 

extend further than the +/- 500kb window could cover. In addition, genes are usually not 

centered within TADs, and thus the gene-centric window makes the incorrect 

assumption that DNA on either side of a gene is always going to be equally likely to 

contain relevant regulatory elements. This will be discussed further in the following 

section. 

 

3.4.2 Interacting ATAC-seq Peaks Overlap With Enhancers, Gene Bodies, Other 

Features 

We next considered the location of these interacting elements with regards to genes and 

known regulatory elements. ATAC-seq peaks involved in non-additive genetic-epigenetic 

interactions were analyzed by overlap with mm10 NCBI RefSeq genes and selected 

Enhancer Atlas 2 datasets (Table 5.1-5.2). 65.22% of peaks on each chromosome fell 

within gene bodies. Normalized for length, exons were especially enriched, with 34.39% 

of peaks falling within exons, half of which fell within the first (or only) exon. 6.19% of 

peaks fall within enhancers curated for ESC R, R1, KH2 embryonic stem cell lines. 

There was no inverse relationship between gene body vs. enhancer peak percentage 

(Fig. 3.6A), indicating that this was not simply reflecting the relative density of genes 

within various TADs across the genome (Reproduced with permission from Kuffler et al., 

2023).  
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It should be noted that these figures are determined by overlap with the features in 

question, meaning that some ATAC-seq peaks fell over multiple features. This resulted 

in double-counts of many ATAC-seq peaks across multiple features.  

 

Therefore, it is worth examining not only the percentage of peaks that fall within a certain 

feature, but also what their density is within those features. Introns can be very long, but 

open chromatin within them may not be as strongly tied to active gene transcription as 

open chromatin within an exon. 

 

The density of interacting ATAC-seq peaks within introns is 0.45, while the density within 

exons is 0.22 per exon. Within the first or only exon, the density is 1.11 ATAC-seq peaks 

 
Figure 3.6. Comparisons of ATAC-seq peak and TAD boundary locations relative to 
genomic features A. Per-chromosome comparison of percentages of interacting ATAC-seq 
peaks in transcripts vs. in enhancers. B. TAD boundary locations relative to distance from 
each gene contained within them, normalized for TAD length. Reprinted with permission from 
Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter 
GW. (2023) Imputation of 3D genome structure by genetic-epigenetic interaction modeling in 
mice eLife 12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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per exon. Single exon genes have 1.21 ATAC-seq peaks on average. Enhancers have 

1.87. 

 

We hypothesize that the density of interacting ATAC-seq peaks within genes themselves 

likely reflects the most classic forms of non-additive interaction, as it is generally 

understood: chromatin must be open over a gene for transcriptional machinery to access 

it. Therefore, open chromatin at a gene has a positive effect on gene expression. A 

genetic variant can affect the likelihood of gene transcription if it falls within a gene body 

or close proximal features like promoter regions. These variants can increase the 

chance of gene expression by making it easier or harder for RNA polymerase to bind or 

successfully transcribe a gene. These effects will only become evident if the gene is 

primed for transcription in the first place, thus the genetic variant is dependent on the 

open chromatin to achieve its effects. 

 

There are also other possible ways that genetic variation and open chromatin within a 

gene could affect gene transcription. Intron-mediated enhancement is one such 

method(Callis et al., 1987; Palmiter et al., 1991). While open chromatin in these areas 

may indicate a primed state rather than active transcription, our bulk ATAC-seq and 

RNA-seq data means that we are more likely to capture the connection between priming 

and transcription compared to single cell data, in which these temporally distinct events 

are separated from each other. 

 

It is also possible that a gene with multiple transcription start or end sites could be made 

more likely to complete transcription if a genetic variant alters the probability of 

transcription for a specific portion of a gene. If an omitted region is associated with 
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transcriptional stalling, then reducing its transcription would increase the number of 

transcripts successfully produced. 

 

However, while these variants may be very interesting, the interactions themselves were 

more likely to be well-characterized already. In later sections, we will transition from 

describing the location of these regulatory features relative to the genes they affect, and 

focus more on the identity of DNA binding sites that overlap with these features, focusing 

on some that do not directly alter transcription. 

 

3.5 Density of Interactions Between Genomic Elements Is Defined By 3D Context  

 If TADs act as a constraint to local interaction, then their 3D looping structure should be 

reflected in the regulatory patterns of genes found within them. At the most basic level of 

TAD structural organization, the CTCF binding site brings distant areas of chromatin into 

close physical association. We analyzed genome-wide distribution of SNP-interacting 

ATAC peaks relative to genes within their respective TADs. This revealed that the gene-

centric increase in regulatory interaction density responded to the 3D context of the TAD 

loop, crossing CTCF boundaries irrespective of linear DNA sequence. This creates a 

distribution of non-additive interactions centered at the gene promoter that reaches its 

minimum halfway around the TAD loop from the gene (Fig. 3.7A) (Reproduced with 

permission from Kuffler et al., 2023).  
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Figure 3.7 TADs provide context for interactions and increase interaction search 
efficacy. A. Counts of intra-TAD ATAC-seq peaks involved in all non-additive interactive 
models, centered on the TSS of the gene affected by the SNP-ATAC interaction. Coordinates 
transformed to a standard scale. B. Example TAD, displaying interacting ATAC peak density 
and gene locations. Peak relevance generally decays relative to intra-TAD distance rather 
than linear chromosomal distance. C-F. A comparison between linear sequence-based and 
TAD-limited search methods for interacting ATAC-seq peaks. C and D compare percentage of 
significantly interacting ATAC-seq peaks at each gene-relative locus. E and F compare 
density of ATAC-seq peaks at each locus. TAD-based search shows a higher density of 
interactions and places limits on search distance due to testing only TAD-internal ATAC-seq 
peaks. Reprinted with permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger 
SC., Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D genome structure by 
genetic-epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. 

 



 

   
 

46 
 

3.5.1 Scaling TADs For Genome-wide Analysis 

To plot and quantify this distribution, we could not use linear DNA sequence or unscaled 

bp distance. This is due to a number of complicating factors regarding TADs and the 

location of genes within them. TADs do not have a fixed length. Therefore, interacting 

ATAC-seq peaks will necessarily tend to be closer than 1.09 Mb away from a gene, 

because the TADs themselves average that distance in length.  

 

Without the scaling factor, we see this distorting effect in action (Fig. 3.8). Interactions 

cluster within a confined plateau around +/- 250kb, with the majority well within +/- 500kb 

from the gene, eventually dwindling to nothing as more and more TADs fall out the 

further one travels from the gene. 

 

Genes are also not necessarily centrally located within a TAD (see section 3.4.2 for 

 

 
Figure 3.8. Unscaled gene-centric plot of all interactions per ATAC-seq peak. Measured 
in Mbp. The y-axis measures the number of interactions per locus. 
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more details). This distorts the distance between a gene and an interacting feature within 

3D space, when viewed purely by linear distance. If a gene lies next to the start of a TAD 

and an ATAC-seq peak lies next to the end of the TAD, the two features will be brought 

into close proximity in 3D space, and are thus more likely to physically interact and 

engage in regulatory behavior. 

 

Therefore, we had to incorporate the structure of the TAD into our calculations, as well 

as introduce a scaling factor for each TAD. This resulted in a plot which centers the gene 

TSS, placing an equal amount of intra-TAD DNA upstream and downstream of the TSS. 

The coordinates were then set to a standard scale. 

 

 

Figure 3.9 Intra-TAD interacting feature locations by linear DNA sequence. Location of 

interacting elements within TADs, scaled 0-1 to remove falloff over distance. Does not show 

comparable levels of organization versus gene-centric plots (Fig. 3.7A). SNP locations have 

high degrees of inaccuracy due to linkage disequilibrium. For more on interacting ATAC-seq 

location, see Fig. 3.10 
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These centered, scaled graphs allow us to confirm that intra-TAD interactions center 

around genes. This is as expected, but could not be taken for granted. To that end, we 

also created a version of this graph centered on the TAD binding sites, with the standard 

distance scale still intact. This revealed no similar level of organization to interacting 

ATAC-seq location. 

 

3.5.2 Comparing Search Efficiency With TAD Data Versus Without 

We had thus far seen evidence that TADs contained the majority of genetic-epigenetic 

interactions, in a gene-centric manner that spanned TAD binding sites. We were 

interested to determine whether this could be used to improve the speed and efficiency 

of searches for relevant regulatory elements.  

 

Thus, we sought to determine whether gene-centered, TAD-internal searches for 

interacting elements were potentially a more efficient method for searching for non-

additive interactions, when compared to local area searches along the linear DNA 

sequence. We compared the two methods, running a pair of genome-wide, gene-centric 

analyses out to the limit of our TAD-internal search (+/- ~2.5 Mb). We calculated the 

percentage of ATAC-seq peaks within this region that participated in significant 

interactions. (Fig 3C-D). The overall density of ATAC-seq peaks within these regions 

was also compared (Fig. E-F) (Reproduced with permission from Kuffler et al., 2023). 

 

We had previously identified that the majority of interacting regulatory elements lay 

outside of previously reported, arbitrary local area constraints. This was due to the 

length of TADs, and gene placement within them. We therefore wished to go further to 



 

   
 

49 
 

describe more practical reasons why using TADs in analyses of gene regulation is useful 

for researchers. 

 

Despite using a publicly available dataset that only matched the genotype of one of the 

eight DO founder strains, the TAD boundary data we used showed a strong dropoff in 

interaction density at TAD boundaries. Capturing the majority of these interactions 

without TAD data requires searching a large window of linear DNA coordinates. We 

hypothesized that it would likely be more efficient to perform searches within TADs, 

rather than use the linear DNA sequence. 

 

Therefore, we decided to compare the standard search method for epigenetic regulatory 

factors--searching outwards from a gene along the linear DNA sequence--versus our 

TAD only approach. Comparing these approaches posed some challenges, due to the 

differing qualities of the search spaces. 

 

Because we had already calculated the significance of all potential interactions within the 

local TAD area, this was not technically a search, meaning we already knew the extent 

to which we would find TAD-inclusive results. Therefore, we set the limits of the linear 

DNA sequence plot equal to the limits of our most distant intra-TAD interactions. This 

would draw from extra-TAD interactions, thanks to our previous analyses. 

 

To calculate search efficiency, we also needed to examine overall ATAC-seq peak 

density. This allowed us to consider the quantity of significant results as a proportion of 

features examined. We expected that ATAC-seq peak density would remain relatively 
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constant in the linear search, while the intra-TAD search would see a steady decline in 

ATAC-seq peak density the further one goes, as TAD boundaries are reached. 

 

We hypothesized that we would see a higher proportion of interacting peaks in the intra-

TAD search, likely recapitulating the structure seen in Fig. 3.7A. We also expected to 

see a similar distribution in the search along the linear DNA sequence, but with a 

sharper falloff. 

 

We found that TAD-based searches produce consistently higher percentages of 

interacting ATAC-seq peaks across the analysis, and higher ATAC-seq peak density out 

to +/- ~1Mb (Fig. 3.7). TAD-based searches experience a progressive falloff in ATAC-

seq peak density when compared to linear sequence-based searches. This is largely 

due to dropout of smaller TADs from the analysis. This results in more variable 

interaction percentages past ~1Mb from the gene. However, the decreasing number of 

TADs out past +/- 500kb does not fully explain the fluctuations that take place past this 

point. They have symmetry that does not follow a simple curve, and we are uncertain 

why this occurs (Reproduced with permission from Kuffler et al., 2023). 

 

We also found that there was a depression in the proportion of interacting ATAC-seq 

peaks immediately around the gene. We suspect this may be due to the fact that some 

ATAC-seq peaks may be associated with constitutive transcriptional activity, or 

transcriptional priming. These are of course regulatory processes, but they may not be in 

non-additive interactions with any local sequence variants that alter gene expression. 

This is an excellent reminder that our methods are not seeking to capture all regulatory 
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activity, only regulation that is otherwise difficult to access without this multiomics 

approach. 

 

3.5.3 Analyzing Gene Distribution Within TADs 

Linear search results show a consistently lower percentage of interacting ATAC-seq 

peaks, and a lower density of ATAC-seq peaks per locus. This was unexpected, as the 

immediate vicinity of the gene was expected to contain a similar density and non-

additive interaction potential of ATAC-seq peaks when compared to the TAD-based 

search method. We therefore hypothesized that TAD boundaries in close proximity to 

some genes might create this discrepancy (Reproduced with permission from Kuffler et 

al., 2023).  

 

As expected, we calculated that in absolute terms, genes tended to be very close to TAD 

boundaries, with half of all genes lying under 670kb away from the closest TAD 

boundary. However, this calculation requires a normalization of TAD length. The shorter 

a TAD, the less distance there can possibly be between a gene's TSS and the boundary. 

After normalizing for TAD length, we found an interesting distribution. 

 

We found that while the majority of genes were randomly distributed within their TADs, 

12,437 or 24.31% of genes were found to have a TAD boundary close upstream to their 

transcription start site (Fig. 3.6B) (Reproduced with permission from Kuffler et al., 2023). 

 

This can also be visualized as an excess or deficit relative to the mean distribution of 

gene TSS (Fig. 3.9). This highlights some odd features of the distribution, particularly a 

strong bias against transcription start sites immediately downstream of the gene, which 
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is present but not fully mirrored at the other end of the TAD. The inverse is true for the 

preference for gene TSS lying within the final or initial 10% of the TAD's length. 

It is worth noting that our TAD boundary locations have a 40kb window of uncertainty 

due to the resolution limitations of the public dataset we used. It therefore makes 

intuitive sense that genes would be less likely to fall within regions where they may be 

bisected by a TAD boundary. It also makes sense that genes would favor a location that 

implies distant, potentially regulatory DNA sequences are brought into close proximity by 

the TAD loop structure. However, without more precise Hi-C, ChIA-PET, other chromatin 

conformation and/or protein binding data, we could not examine this in greater detail. 

 

3.5.4 ATAC-seq Peaks Are Less Likely To Be Interacting Near Genes 

Interestingly, when examining TAD-internal searches for ATAC-seq peaks there is a 

depletion in the interaction rate of ATAC-seq peaks flanking the gene (Fig. 3.7D), which 

is not noted in raw interaction counts (Fig 3A). It is worth noting that the area of 

 
 
 
Figure 3.10. TAD boundary locations relative to distance from each gene contained 
within them, normalized for TAD length and scaled for deviation from the mean. 
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depression is a window of approximately +/- 500kb, similar to both the standard arbitrary 

window used to define local areas, and the average length of TADs in mice. This would 

indicate that for the region where we have > 50% of TADs remaining, the percentage of 

interacting ATAC-seq peaks is steadily increasing (Adapted with permission from Kuffler 

et al., 2023, edited for clarity). 

 

This may be due to the necessary presence of open chromatin at the promoter and the 

gene body during priming and transcription regardless of interaction. There are also 

genes which are concomitantly active within our samples, and do not show variation in 

expression, thus experiencing activity without detectable regulatory interaction.  

 

Alternatively, these areas may not respond to local regulatory signals and are solely 

responsive to regulators acting in trans, which may be unaffected by local genome 

sequence. Furthermore, given the fact that some regions have large, TAD-spanning 

blocks of linkage disequilibrium, there may be regions where ATAC-seq peaks exist, but 

we were unable to determine with confidence what genotype was present at that 

location, due to its distance from the closest gigaMUGA pseudoprobe. This means that 

there are regions where we were unable to resolve any haplotypes, thus we cannot have 

any interacting models. 

 

Our results indicate that the local area for non-additive genetic-epigenetic interaction is 

not only constrained by TADs, but also shaped according to the overall 3D genome 

structure of the TAD loop. Analytical methods which reflect this are more efficient at 

discovering interacting regulatory elements (Reproduced with permission from Kuffler et 

al., 2023). 
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3.6 Genetic-Epigenetic Interactions Influence Gene Expression More Than 

Epigenetic Factors Alone 

The coefficients estimated by our regression model quantify the effects of the genetic 

and epigenetic features on the expression of each gene (Equation 1). We postulated that 

our ATAC-seq, SNP, and non-additive interaction effects would display patterns that 

corresponded to positive and negative regulatory roles with varying strengths 

(Reproduced with permission from Kuffler et al., 2023). 

 

In previous analyses of SNP-SNP interactions, the importance of relative magnitude of 

interaction effects has been a subject of debate, as single effect terms ("main effects'') 

are normally of greater magnitude than interaction effects(Leon & Heo, 2009; Tyler et al., 

2016). However, in the context of non-additive genetic-epigenetic interactions we 

observed interaction effects of greater absolute value than ATAC-seq effects 70.52% of 

the time, greater than SNP coefficients 13.42% of the time, and greater than both main 

effects 14.00% of the time. This suggests that ATAC-seq peaks are generally a modifier 

of underlying genetics, so the majority of ATAC-seq peak effects are smaller than 

interaction effects. This was supported by the relatively low contribution of ATAC-seq 

peaks to single-effect regression models (Fig 1D). Their quantitative variation produces 

relatively subtle effects. This stands in comparison to the binary presence or absence of 

SNPs, which also directly capture regulatory sequence. 

 

The directionality of effects on gene expression specifies the positive or negative 

influences from SNPs, ATAC peaks, and their combinations. Positive and negative 

effects represent correlation or anti-correlation of SNP presence or ATAC-seq score with 
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gene expression. When all effects have the same sign (positive or negative), the total 

effect is synergistic and the pairwise combination of SNP and ATAC peak alter 

expression beyond the sum of the two. When the interaction effect has the opposite sign 

of the main effects, this indicates redundancy or interference, based on the idea that 

redundant factors create an “or” logic that yields a combined result that is less than the 

sum-based expectation. Alternatively, mixed main effects with interactions can also 

signify a suppression of one outcome in favor of the other, in which the sign of the 

interaction term serves to move the additive expectation nearer to one of the two 

marginal outcomes (Reproduced with permission from Kuffler et al., 2023). 

 

3.6.1 Interacting Model Behavior Indicates Many Interaction Subtypes 

We wanted to assess the potential functions underlying interactions as described above. 

Therefore, we split all significant models by their ATAC-seq, SNP, and interaction signs. 

 

It is worth noting that the positive or negative sign of the interaction term does not 

necessarily correlate with increased or decreased expression of the target gene, when 

compared to the ATAC-seq or SNP effects by themselves. Instead, the interaction term's 

sign indicates a greater or lesser effect of the two main effects in combination, versus 

what would be expected in a purely additive model. For example, if the expected level of 

gene expression without regulatory activity is 1, its level in the presence of an ATAC-seq 

peak is 3, and its expected level in the presence of a non-reference SNP is 3, these 

would be positive main effects, as they both add a score of 2 to gene expression. One 

would expect an additive effect of these two regulatory elements, equaling a result of 5 

in total. If the actual result is a score of 6, that would mean a positive interaction effect, 

as the two factors working in combination exceed expectations. If the actual result is a 



 

   
 

56 
 

score of 4, then the interaction effect is negative, because the contributions of the two 

factors are not performing to expectations. It is worth noting that we cannot determine 

which of the main effects is primarily responsible for the interaction with the other, as the 

regression model is agnostic as to the order or directionality of its terms. 

 

We can also arrange models by the magnitude of their effects. For example, if a gene's 

expression level is 3 in the presence of an ATAC-seq peak, 4 in the presence of the 

SNP, and 6 in the presence of both, that would mean that the SNP effect is largest, then 

the ATAC-seq peak, then the interaction term is smallest, because the presence of both 

factors only adds 1 above the expected additive effect of the two if they were 

independent of each other. This may imply different functions underpinning the models 

depending on which effects are strong than others.  

 

Breaking down these models is a complicated task, and one that we cannot fully 

complete with our dataset as it stands. However, we can describe the properties of the 

models we have, and the frequency with which we encountered them. This analysis can 

be found in the appendix (Chapter 5.3). 

 

This analysis details 64 potential configurations of magnitude and sign that these models 

allow. Out of these possible configurations, 63 contained results. These were not evenly 

distributed across configurations, with some patterns of effect sign heavily favoring 

certain relative magnitudes of effect terms, and vice versa. These gave hints to the 

potential mechanisms that might underlie these models, which are summarized in the 

analysis for those who may wish to explore our data more thoroughly. 
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it is worth noting that in most models, Interaction terms are of greater magnitude than 

ATAC-seq terms, and even outweigh SNP terms a surprising amount of the time. This is 

against expectations--usually main terms predominate, while interaction terms have a 

modulating effect. In this case, ATAC-seq peaks seem to have taken up that role. 

 

This may be due to the nature of the interactions themselves. Perhaps this indicates a 

causal relationship between the SNP and ATAC-seq peak, or colocalization. However, 

neither are accessible from our data. 

 

We found that models indicating redundancy or interference were the most common 

overall, totaling 39.54% of all models (Table 3.3). Synergistic effects were found in 

16.74% of all models. These two observations, suggest that a greater proportion of 

regulatory non-additive interactions attenuate gene expression, rather than 

strengthening it. While ATAC-seq peaks are often correlated with increased gene 

expression(Cao et al., 2018), we were surprised to find that an increase in ATAC-seq 

signal had a negative effect on gene expression in 40.73% of models (Table 3.3). Due to 

the high proportion of ATAC-seq peaks found within gene bodies and the association 

between open chromatin and gene transcription, this result warranted further 

investigation (Reproduced with permission from Kuffler et al., 2023). 

 

Effect Effect sign (all interacting models, adj. p < 1x10^-7) 

ATAC-seq + + + + - - - - 

SNP + + - - + + - - 

Interaction + - + - + - + - 

% of total 16.44% 27.76% 10.75% 4.33% 12.39% 16.26% 11.78% 0.30% 
Table 3.3. Model percentages calculated by distribution of effect signs for all 
significant interacting models. Reprinted with permission from Kuffler L, Fortin HJ, Skelly 
DA, Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D 
genome structure by genetic-epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. 
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3.7 Motif Enrichment Analysis Reveals CTCF Complex Participation in Genetic-

Epigenetic Interactions 

We looked next for potential binding sites or functional motifs underlying our results to 

provide clues as to the mechanistic underpinnings of model effects. We were especially 

interested in the subset of ATAC-seq peaks with negative effects on gene transcription, 

as these results were counter to our expectations. We hypothesized that these areas of 

open chromatin might expose binding sites of repressive regulatory factors (Reproduced 

with permission from Kuffler et al., 2023). 

 

To test this hypothesis, we tested for DNA motif enrichment analysis using MEME Suite 

(Fig. 3.10). We selected the subset of ATAC-seq peaks involved in 10 or more 

significant non-additive interactions, at least 50% of which have negative ATAC-seq 

effects (negative effectors). This subset was compared versus all ATAC peaks and 

against shuffled control sequences via STREME analysis, which finds enriched 

ungapped motifs in provided sequences (Reproduced with permission from Kuffler et al., 

2023). 

 

Results showed the negative effector subset was enriched for 49 motifs (Supplemental 

File 1), including the CTCF binding site (p < 2.0x10-14) and SMAD3 binding site (p < 

1.5x10-8), an optional component of the CTCF complex. These motifs were present, but 

less significantly enriched in positive effectors, or in all significant ATAC-seq peaks. This 

suggested that a portion of negative ATAC-seq effects can be functionally explained by 

altered behavior of CTCF binding sites carried by specific ancestries in the DO. To 

complement this analysis, we also quantified the CTCF motif occupancy in negative 

effectors versus other ATAC-seq peaks. FIMO motif scanning showed that 53.3% of top 
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negative ATAC-seq sequences had at least one CTCF binding motif in them, compared 

to 35.3% in ATAC-seq peaks with positive effectors on gene transcription (See 

deposited data) (Reproduced with permission from Kuffler et al., 2023). 

 

We next examined whether these peak locations contain SNPs that might alter CTCF 

binding potential. Imputing from the founder genomes of the DO population, we analyzed 

the locations of SNPs in CTCF binding motifs associated with regression models versus 

 
Figure 3.11 Motif analysis identifies differences in interacting CTCF binding motifs. A. 
A schematic of our motif analysis through MEME Suite. FASTA files derived from interacting 
ATAC-seq peaks are used to identify enriched motifs, identify protein binding sequences, and 
locate the sequences within the ATAC-seq peaks.  B-C. Binding sites found within significant 
motifs are less protected from genetic variation. SNP counts are shown at each locus in the 
CTCF binding sequence, comparing motifs within interacting ATAC-seq peaks versus all 
CTCF binding sites. Reprinted with permission from Kuffler L, Fortin HJ, Skelly DA, 
Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D 
genome structure by genetic-epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. 
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all CTCF motifs. Out of CTCF motifs within this negative subset, 96.1% of these were 

found to contain a DO founder SNPs, versus 18.0% for positive effect-associated CTCF 

motifs (p < 2.2x10-16). Similar results were found for SMAD3. We also found that across 

all motifs, the density of SNPs favored the start and end of the binding sequence (Fig. 

3.10B). However, in motifs associated with regression models, the density of SNPs was 

approximately equal across all bases (Fig. 3.10C). These bases have previously been 

identified as having high protein-DNA binding energies with the canonical sequence(Cao 

et al., 2018; Zuo et al., 2017) (Reproduced with permission from Kuffler et al., 2023). 

 

Most genomic sequences matching the CTCF binding motif are not known to be bound, 

according to ChIP-seq experiments(Maurano et al., 2015). We wanted to determine the 

overlap between CTCF binding sites found in our data and known active binding sites in 

mESCs. Comparing to available ENCODE CTCF ChIP-seq in C57BL/6 Bruce4 and 

129/Ola E14TG2a.4 mESCs(Shen et al., 2012; The ENCODE Project Consortium, 

2012), we found 2.04% and 1.87% of these overlapped with negative ATAC effect CTCF 

binding sites that contained SNPs, versus 17.45% and 16.20% overlapping with positive 

effect CTCF binding sites that contained SNPs. Expanding the scope to attempt to find 

flanking Smad3 regions netted consistently low results, with a 1 kb flanking window 

returning between 1.20% and 0.41% for Bruce4 and E14TG2a.4 respectively. These 

findings show that the majority of CTCF binding sites found within our significant models 

are not captured in previous analyses of ESCs two different M. musculus musculus 

strains (Reproduced with permission from Kuffler et al., 2023). 
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3.8 Putative Developmental Regulator Platr2 is Regulated By Multiple Redundant 

Elements 

To provide an example of our analytical method and probe a gene previously proposed 

to be important in stem cell development, we examined Platr2 and its TAD. Platr2 is a 

long non-coding RNA gene transcribed in mESCs. Genetic variation in and around this 

gene has been observed to have distal regulatory effects on a number of embryonic 

ectoderm-associated genes in stem cell culture(Skelly et al., 2020). While our interest in 

this project was focused on systems-level effects of non-additive regulator interactions 

and chromatin organization, we felt it was important to produce a specific example of 

these phenomena for those who are more comfortable with individual models, and may 

be interested in applying these analytical techniques to individual genes (Adapted with 

permission from Kuffler et al., 2023, edited for clarity). 

 

Platr2’s TAD contains a high concentration of confidently called regression models in our 

analysis (Fig 3B), with 1,031 models of non-additive SNP-ATAC interaction reaching our 

significance cutoff for resident genes, of which 179 were models of Platr2 expression. 

The TAD is 2,480,372 bp long, and it also contains 22 haplotype markers, allowing a 

certain level of model SNP localization. These haplotype markers range from 2.5 kb to 

411 kb, with a median length of 6.3 kb. 14 of these regions have genotype effects on 

interacting models that affect Platr2. The gene itself lies in a relatively conserved region 

approximately 195 kb and 108 kb away from its flanking predicted LD boundaries. 

Previous studies have found a group of genes regulated in trans by expression 

quantitative trait loci (eQTLs) mapped to Platr2(Skelly et al., 2020). These target genes 

are associated with embryonic ectoderm, indicating Platr2 may act as a regulator of 
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stem cell state. These factors made it a target of interest for further exploration (Adapted 

with permission from Kuffler et al., 2023, edited to add further analysis).  

 

 

 

When the direction of effects for Platr2 were analyzed, the distribution showed a shift 

toward models where ATAC and SNP effects agreed with each other, but not with the 

interaction term (Table 3.4). As discussed above, this potentially indicates functional 

 

Effect Effect sign (Platr2 interacting models, adj. p < 1x10^-7) 

ATAC-seq + + + + - - - - 

SNP + + - - + + - - 

Interaction + - + - + - + - 

% of total 4.31% 38.55% 1.13% 12.47% 12.47% 9.07% 21.77% 0.23% 
Table 3.4. Model percentages calculated by distribution of effect signs for the gene 
Platr2. 

A. 

 
B. 

 
Figure 3.12. Smad3 and Ctcf binding sites within motifs identified in Platr2’s TAD. A-B. 

Smad3 and Ctcf binding sites within motifs identified in Platr2’s TAD. Reprinted with 

permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger SC., Reinholdt LG, 

Baker CL, Carter GW. (2023) Imputation of 3D genome structure by genetic-epigenetic 

interaction modeling in mice eLife 12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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redundancy or interference between haplotype and chromatin openness at these sites. 

Motif enrichment analysis of interacting ATAC-seq peaks identified a sequence at 16 

sites which contain Smad3 binding motifs, and another sequence at 15 sites that contain 

CTCF binding motifs (Fig. 3.11A-B), which may suggest modulation of CTCF binding 

strength. These results suggest that Platr2 may have differential regulation patterns 

governed by changes in TAD formation (Reproduced with permission from Kuffler et al., 

2023). 

 

Publicly available data could not suffice to analyze and confirm this. Data available 

through ENCODE is limited to B6 and 129 ESCs. These are both from the same 

subspecies. The cell culture preparations were also different from each other, and 

different from our own DO mESCs. The 1i medium used for the DO mESCs is not 

standard, and allows more potential for samples to begin priming for differentiation 

according to their lineage bias in cell culture.  

 

To test our hypothesis, we performed CTCF ChIP-seq on mESCs derived from four of 

the eight DO founder strains, including representatives from the three subspecies 

contributing to the DO population. C57BL/6J was also included as the standard 

reference (Adapted with permission from Kuffler et al., 2023, edited for clarity). 

 

Difficulties were encountered in sequencing. One batch of three samples failed to enrich 

for unknown reasons, leading to only two samples in B6, PWK, and WSB. These were 

rerun. Upon running quality control checks, it was found that the rerun PWK sample 

appeared to actually be a spurious B6 sample of unknown cell line. This was discarded. 

Initial QC of the data appeared to show that the WSB and B6 reruns had successfully 
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enriched, and analysis proceeded. However, PCA analysis of ChIP-seq binding intensity 

showed that the rerun WSB was largely driving PC1. Upon closer examination, this 

sample had failed to enrich. It was discarded. The loss of these samples did not change 

our analysis method going forward: we had already decided to primarily analyze ChIP-

seq peaks that appeared in at least two samples. Losing a sample in a given strain 

necessarily lowers our detection capability, but does not impact the significance of 

consensus peaks used in our analysis (see Methods, Chapter 2.6). 

Subsequent ChIP-seq binding intensities clustered by strain in PCA, and were separated 

by subspecies as expected (Fig. 3.12). Notably, PC2 (18.3% of explained variation) 

separates by subspecies, but PC1 (38.4% of explained variation) does not. It separates 

sample CAST1 from CAST2 and CAST3, and clusters B61, B63, and WSB1 together, 

 
Figure 3.13. Principle component analysis of CTCF ChIP-seq binding intensity. 
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separately from WSB2 and B62. This might seem to be a batch effect, but the sample 

IDs do not actually cluster by sequencing run or any other batch-related factor we have 

been able to determine (Adapted with permission from Kuffler et al., 2023, edited for 

clarity and to expand context). 

 

We undertook a number of exploratory analyses at this time. We wanted to learn the 

properties of our data, and understand how to best proceed with predictions of the CTCF 

ChIP-seq results from our DO data. 

 

Across all samples, 65,541 peaks made it to our significance threshold (found in at least 

two samples in at least one strain), or 68.21% of results. We found 23,887 of these 

overlapped with CTCF binding sites that had been previously identified, or about 1/3 rd 

overlap. 16,951 overlap with CTCF ChIP-seq previously retrieved from ENCODE, and 

among those, 7,880 that overlap with significant, interacting ATAC-seq peaks in our DO 

mESC data. About 80% of these are found in all four strains. 

 

We wanted to examine this subset first, because it overlapped with the most publicly 

available data, and had potential links to our DO mESC data. While most of these ChIP-

seq peaks were found in all four strains, the variability of CTCF’s binding intensity in 

these locations could also be used to indicate the consistency of CTCF occupancy in a 

given locus. Binding intensity variance ranged from 1.4 to 28.5 in peaks found in all four 

strains, with a median of 10.9 and a mean of 11.1. This indicates a potentially interesting 

level of differential binding strength between strains. This then could be used to subset 

the data further, to ChIP-seq peaks with highly differential binding intensity. As a 
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temporary cutoff for exploration, a variance level of 10 or greater was used. This left 478 

peaks, 84.9% found in all four strains. 

 

At this point, we reassessed whether this level of stringency was needed in subsetting 

our data. Subsetting with all these conditions could allow us to point to precedent for our 

data, but it also would bias toward what is already available in the literature, namely data 

from B6 mESCs grown in 2i medium, and peaks that were strong enough to pick up by 

techniques that may be increasingly out of date. 

 

Still, it was not immediately clear what metric should be used to show that CTCF binding 

in the DO founders is predictable by DO samples. One initial idea was to correlate CTCF 

binding with SNP and ATAC-seq presence or absence, in CTCF ChIP-seq peaks that 

overlap with DO ATAC-seq peaks. The theory in mapping a correlation to both SNP and 

ATAC-seq peak occupancy was to tie ChIP-seq results to both of the main factors of the 

interacting models, and show that the all three were linked, possibly even characterizing 

expression of individual genes as examples of putative CTCF presence or absence in 

our DO samples, and attempt to find causative SNPs. Each of these had to be subset to 

DO samples where the haplotype was exclusively drawn from the four founder strains 

that we had generated ChIP-seq data for. 

 

We found a large proportion of CTCF binding in high correlation or anti-correlation with 

ATAC-seq and RNA-seq presence (Fig. 3.13). A number of these binding sites 

themselves candidate SNPs in them, which were manually examined to determine 

whether their haplotype split along lines that matched the CTCF ChIP-seq in the region. 
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This produced several results that showed promise, but it was not a systems-level or 

comprehensive analysis. The ATAC-SNP to ChIP-seq correlation was also difficult to 

clearly explain and were increasingly divorced from the underlying biology that we were 

trying to represent. We therefore stepped back and reassessed again. We wanted to 

identify what the relationship was between interacting regions in DO samples and DO 

founder ChIP-seq, specifically to the strain-specific patterning of CTCF binding. 

Therefore, we narrowed our focus to whether we could correlate DO genotype to CTCF 

binding in regions that overlapped with interacting ATAC-seq peaks. 

 

To approach this relationship between the two datasets, we had to first make sure that 

we could identify and align ChIP-seq results to CTCF binding motifs. The motif is 13-20 

bp long, depending on how many highly variable bases are retained on the main binding 

sequence’s flanks. The CTCF ChIP-seq peaks are significantly longer than this, and 

could theoretically include multiple CTCF binding sites. Therefore, we had to identify the 

CTCF binding sites that were bound in our data, and the location of SNPs within them. 

 
Figure 3.14. Histogram of correlation between ATAC-seq-RNA-seq presence with CTCF 
binding. 
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To begin examining this relationship, we wanted to recreate the SNP density histogram 

in Fig. 3.10C, looking at SNPs in CTCF binding sites within our CTCF ChIP-seq results. 

Aligning the plot to the center of the ChIP-seq peak produced unexpectedly messy 

results, with a broad plateau dense SNPs before falling off at +/- 100 bp (Fig. 3.14). 

 

This indicated that the CTCF binding sites were not actually centered within the ChIP-

seq peaks. Therefore, we plotted the difference between the center of the ChIP-seq 

peak and the center of overlapping CTCF binding sites identified by FIMO. We found a 

relatively tight distribution of CTCF binding sites within the ChIP-seq peaks. The median 

distance from the center of the ChIP-seq peak to an overlapping CTCF binding site was 

zero, with half of all results lying between -30.5 to 32 bp. The other half included some 

highly eccentric outliers, ranging from -588 to 918 bp away from the peak center. This 

was puzzling, given the accuracy of the median result. 

 

 
Figure 3.15. Histogram of CTCF binding site SNPs within ChIP-seq peaks, centered on 
the ChIP-seq peak center point. 

 

DO SNPs per base in all ChIP-seq peaks 
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We theorized that this wide range of locations might be due to multiple CTCF binding 

sites identified by FIMO within the ChIP-seq peaks, some of which might not be bound. 

Another option was potential non-canonical binding sites, which FIMO would not 

capture. We therefore wanted to determine how many CTCF binding sites were 

appearing under these ChIP-seq peaks. This would also give us some clues as to 

whether these regions use adjustments in TAD binding as a regulatory mechanism—

Following findings in developmental biology(Rodríguez-Carballo et al., 2017), we would 

expect to see multiple local CTCF binding sites in areas where TAD binding sites are 

adjusted to selectively expose local genes to different enhancers. 

 

We found that in all ChIP-seq peaks, FIMO identified 57,150 CTCF binding sites in 

96,083 ChIP-seq peaks, indicating 0.5950 canonical CTCF binding sites per CTCF 

ChIP-seq peak. When subset to the intersection with interacting ATAC-seq peaks, 9,831 

binding sites were found in 7,803 peaks, or 1.260 binding sites per ChIP-seq peak.  

 

This potentially indicated a number of explanations. The low proportion of binding sites 

per peak could indicate off-target antibody binding, despite comprehensive testing of 

available antibodies had been performed prior to sample processing. Processing of the 

raw data might also have skewed results toward more or fewer binding sites per peak. 

The latter seemed unlikely, because the initial “narrowPeak” files were not employed for 

this analysis, instead erring in favor of data derived from files that include the region of 

uncertainty around the narrowPeak results. These were further merged to combine 

overlapping peaks. This would bias toward picking up more local CTCF binding sites 

within a single merged peak. That could explain the greater number of CTCF binding 
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sites within the subset that interacts with ATAC-seq peaks, but that would only make 

sense if the whole dataset also contained greater than one binding site per peak. 

 

This indicated that there was a true enrichment in the number of CTCF binding sites per 

ChIP-seq peak, if they overlapped with interacting ATAC-seq peaks. The low binding site 

per peak levels across the dataset remains unexplained. We theorize it could possibly 

come from non-canonical binding of CTCF. There is a similar protein, CTCF-like (Ctcfl), 

which theoretically could be binding to these cryptic regions identified by the ChIP-seq. 

However, Ctcfl is primarily active in the cytoplasm of spermatocytes, rather than in the 

nucleus of somatic cells. Thus, it does not seem to be the mechanism in play(Loukinov 

et al., 2002). Ctcf contains 11 zinc finger domains, which provides it with a high degree 

of flexibility in binding. The protein also forms complexes with multiple optional 

components and interacts with other DNA binding proteins(Wei et al., 2022; Weth & 

Renkawitz, 2011). While not an established role, some of these optional interactions 

could affect the binding affinity of CTCF. 

 

We then investigated the density of CTCF binding sites per ChIP-seq peak in overlap 

with interacting ATAC-seq peaks. In this subset, 66% of ATAC-seq peaks with CTCF 

binding sites had one binding site, 24% had two binding sites, 7% had 3, 2% had 4 or 

more, and one peak had 14 binding sites within it. That peak contained five separate 

interacting ATAC-seq peaks. 

 

This opened up an avenue of further exploration and interest. While genetic variants are 

the most classical way to differentiate between strains, the use of epigenotype has 

become more tenable as an alternative in this case. ATAC-seq peaks are not a binary 
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present/absent feature, but these ATAC-seq peaks already have beta coefficients that 

indicate their effects on gene expression. If a cluster of CTCF binding sites does have 

regulatory function to expose local genes to different enhancers, we would expect to see 

that ATAC-seq peaks would be associated with increase or decrease in a gene’s 

expression, based on whether the DNA is open when the gene is exposed to enhancers 

by shifting TAD boundaries. This could not be recapitulated with our SNP beta effects 

except in very specific loci, due to linkage disequilibrium. This leaves ATAC-seq peak 

beta effects as a potential means to assay a CTCF binding site cluster for differential 

effects on gene expression. 

 

We pulled out two CTCF cluster regions where ATAC-seq peaks overlap with CTCF 

binding sites, which allowed us to look at their effects on gene expression as a potential 

function of which CTCF binding sites they overlap with (Fig. 3.15). In one region with two 

ATAC-seq peaks overlapping with CTCF binding sites, the closer ATAC-seq peak had a 

mostly positive effect on the expression of local genes, while the further ATAC-seq peak 

had a highly negative effect on gene expression. In the other region plotted, three ATAC-

seq peaks overlap with CTCF binding sites that are active in the DO founder samples. 

Two of the ATAC-seq peaks have minimal difference between their effects, while the 

remaining one has a significantly lower effect on gene expression. These differential 

effects of ATAC-seq peaks overlapping with CTCF binding sites are potential indicators 

of the direct involvement of TAD boundaries in regulation of local gene expression. 

 

These results are very tantalizing, but limited in scope. To confirm their effects, one 

would need to at least run RNA-seq on the DO founder samples as well, to confirm this 

particular hypothesis, possibly even employ locally targeted 3D chromatin assays to 
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ensure that CTCF isn’t just binding, it truly is forming chromatin loops. Combined with 

the lack of systemic reach to this particular combination of data, this is an interesting and 

promising piece of data, but does not provide the comprehensive evidence our systems-

level approach requires. 

 

 

 
Figure 3.16 Violin plots of two CTCF binding regions A-B. ATAC-seq peak effects in 
ATAC-seq peaks that overlap CTCF binding sites in our ChIP-seq data in two different TADs. 
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One potential way to look at how our DO data informs and is informed by the CTCF 

ChIP-seq is to look at how often SNPs show up within the CTCF binding sites that 

overlap with ChIP-seq peaks, and whether that is correlated with the presence and sign 

of non-additive interactions. We could therefore determine whether SNPs are associated 

overall with increased or decreased presence of CTCF binding. We analyzed the data 

together to determine the overlap between these subsets. We determined that if a SNP 

is found in a given strain, a ChIP-seq peak will only be found in that strain 29.6% of the 

time. When subsetting to only those that overlap with negative effector ATAC-seq peaks, 

that drops to 25%. However, that sub-group is only composed of about a hundred loci, 

limiting confidence in whether there is an actual significant difference. 

 

Despite this, considering this method of analysis brought us to a new idea that gave us 

direction toward a potential solution to how we could truly examine the relationship 

between observed effects in the DO, and CTCF binding in the DO founders. Previous 

analysis methods had been too complicated or locally-targeted. The most recent 

analysis method was both too unfocused to provide meaningful distinctions between 

groups, and too stringent in other ways to provide much data. Therefore, we looked at 

another way to describe the relationship between CTCF ChIP-seq and the DO mESCs. 

 

If our DO data truly does imply genetically-determined differential CTCF binding, then we 

would expect to see strain-specific differences in CTCF peak occupancy. Consensus 

peaks were identified from replicates of each strain. Fifty-two percent of CTCF ChIP-seq 

peaks were shared across all four strains, with the remaining 48% found in three or 

fewer strains (Fig. 3.16A).  The limited number of samples could potentially bias our 

results toward peaks being found in fewer strains. This could potentially be explored by 
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using peaks found in only one sample, but still produce a bias toward CAST and B6-

unique peaks. Temporary use of peaks appearing in one sample for PWK and WSB only 

would not be a rigorous test, and bias the results to an unknown degree.  

 

One potential alternative is to look at the range of binding intensities for consensus 

ChIP-seq peaks, found across all strains. ChIP-seq is a bulk analysis, so binding 

intensity can show the probability of finding a protein bound at a locus within the sample. 

If CTCF binding is disrupted by strain-specific genetic factors, then its binding intensity 

will vary. These are also less likely to be affected by the differing numbers of samples, 

as they all appear in two or more samples each.  

 

Thus, we analyzed differences in CTCF binding intensity. A range of binding intensities 

were found at individual loci, with 13% having a variance in fold enrichment greater than 

10. (Fig. 3.16B). This gave us confidence that there was truly differential binding of 

CTCF in our samples. 

  

3.10 Non-Additive Interactions are Predictive of CTCF Binding Patterns 

With our ChIP-seq data indicating the presence of strain-specific CTCF binding, we 

hypothesized this differential binding could be predicted from our regression models. We 

anticipated that inbred founder strain CTCF ChIP-seq would have more SNP effects at 

binding sites with open chromatin in non-additive interactions with local genotype, as 
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Figure 3.17. CTCF ChIP-seq analysis shows predicted strain-specific differences in 
binding intensity. A. Percentage of ChIP-seq peaks in surveyed strains. B. Variance (log10) 
in binding intensity fold enrichment for all ChIP-seq peaks. C. Percentage of significance in 
association between DO genotype at CTCF peaks and CTCF binding intensity on inbred 
ChIP-seq samples, in various subsets. Reprinted with permission from Kuffler L, Fortin HJ, 
Skelly DA, Czechanski A, Munger SC., Reinholdt LG, Baker CL, Carter GW. (2023) 
Imputation of 3D genome structure by genetic-epigenetic interaction modeling in mice eLife 
12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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opposed to binding sites without interactions. Both interacting and non-interacting areas 

contain genetic variation and ATAC-seq peaks, but our models indicated interacting 

areas had more effects on local gene expression and genetic variability in CTCF binding 

sites. More specifically, we expected negative effector ATAC-seq peaks to have the 

greatest predictive power, as we believed their negative effects on local gene expression 

arise from strain-specific differences in CTCF binding and loop formation, whereas 

positive effects on gene expression may come from non-localized SNPs in other binding 

sites (Reproduced with permission from Kuffler et al., 2023). 

 

To test these hypotheses, we retrieved CTCF ChIP-seq locations and identified biallelic 

SNPs found in the four inbred DO founder strains we used for our ChIP-seq 

experiments. After some consideration of potentially using hierarchical clustering 

methods to preserve the relatedness of CTCF ChIP-seq peaks across samples, the 

correlation of SNP genotype to CTCF binding site occupancy in the DO founders was 

assayed using an unpaired sample Student's t-test (Fig. 3.16C). This method was 

intended to determine if ChIP-seq peak intensity at a given CTCF binding site was split 

by biallelic SNP genotype. This would allow us to cast a wide net to examine these 

phenomena, removing levels of pre-processing that potentially limited our predictive 

power, most notably how we’d been folding all CTCF ChIP-seq samples from a given 

strain into one consensus result that might not accurately reflect its constituents. This 

allowed us to be sensitive to how individual samples behaved at a given ChIP-seq peak. 

If a SNP has a tuning effect on CTCF occupancy, then one might see peaks of less 

consistent strength on a sample-by-sample basis, beyond what might be expected by 

technical batch effects (Adapted with permission from Kuffler et al., 2023, expanded to 

provide context). 
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The proportion of results below p < 0.05 in all CTCF ChIP-seq peaks was 16%, 

establishing a baseline of predictive power for SNPs genome-wide. Subsetting to those 

CTCF binding sites found in ATAC-seq peaks increased the proportion of significant 

correlation to 31%. This was expected, as open chromatin in the vicinity of CTCF binding 

sites is associated with binding site occupancy(Li et al., 2019; Oomen et al., 2019) 

(Reproduced with permission from Kuffler et al., 2023). 

 

To test whether our theory that non-additive interacting regression models held greater 

predictive power of CTCF binding intensity, we subset CTCF binding sites in ATAC-seq 

peaks with significant effects on local gene expression. Binding sites associated with 

non-additive interacting models had 37% correlation. This outperformed additive models, 

which had 32% correlation (Reproduced with permission from Kuffler et al., 2023). 

 

ATAC-seq peaks can be associated with significant effects on multiple genes, potentially 

in combination with multiple SNPs, resulting in some ATAC-seq peaks associating with 

multiple significant regression models. Interestingly, we found that among ATAC-seq 

peaks over CTCF binding sites, those associated with additive models were a subset of 

ATAC-seq peaks with non-additive interacting models. This means that any ATAC-seq 

peaks that had effects on local gene expression and were localized to CTCF binding 

sites always had interaction effects with the local genotype, and these models are more 

predictive of CTCF binding intensity (Reproduced with permission from Kuffler et al., 

2023). 
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These results matched our expectations. ATAC-seq peaks co-localized with a candidate 

polymorphism affecting CTCF binding would be more likely to affect gene expression in 

a non-additive fashion, as the polymorphism would only affect CTCF binding based on 

chromatin state at the binding site or any nearby priming factors. This is in contrast to 

additive models, where genetic effects and ATAC-seq effects are predicted to be 

independent of each other and are thus less likely to be co-localized (Reproduced with 

permission from Kuffler et al., 2023). 

 

Subsetting those ATAC-seq peaks that were negative effectors in interacting regression 

models produced a 41% correlation. This outperformed ATAC-seq peaks with a positive 

effect, which had 32% correlation. This was in line with our previously stated predictions 

and suggested that non-additive interactions can be used to evaluate and predict local 

3D chromatin structure (Reproduced with permission from Kuffler et al., 2023).  

 

The fact that there was a lower proportion of SNPs correlating with ChIP-seq peaks in 

regions with positive effects on gene expression was also in line with predictions. 

Positive effects are what we would expect if a TAD is successfully forming, opening 

chromatin, and allowing enhancers to activate. SNPs that do not significantly disrupt a 

TAD binding site are going to be more numerous than SNPs that actively strengthen a 

TAD binding site’s ability to bind CTCF, therefore we cannot expect to see as strong a 

correlation in these regions. 

 

Lastly, we aimed to determine if areas with the greatest number of DO regression 

models supported our hypothesis, or if a larger amount of chromatin openness and 

segregating haplotypes would result in a leveling effect on DO genotype’s predictive 
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power on CTCF binding. We subset results to regions associated with a greater than 

average number of regression models. We found a wider correlation gap in this subset, 

with 46% correlation in negative effectors versus 30% in positive effectors. This 

suggests that our regression model provided detailed data in dense regions of genetic-

epigenetic interaction, thus reinforcing our previous findings (Adapted with permission 

from Kuffler et al., 2023 with edits to word choice). 

 

3.11 Attribution 

Analyses in chapter 3.1.2-3.8 were performed solely by the author. 3.1.1 was the work of 

Skelly et al. as previously described. DO founder mESC generation in 3.9 was 

performed by the lab of Laura Reinholdt. CTCF ChIP-seq generation and initial QC 

analysis was performed by the lab of Christopher Baker, with antibody testing and CTCF 

ChIP-seq preparation performed by Haley Atwell. Code for processing CTCF ChIP-seq 

data was adapted from Sanderson et al., with advice from Michael Lloyd. 
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Chapter 4: Discussion 

 

Integrating analysis of multi-omics data in a genetically diverse population allows for 

greater specificity and modeling of complex regulatory interactions. Populations that 

segregate natural genetic variation provide dense sequence perturbations from which 

gene expression variance can be modeled. This contrasts with experimental designs 

that rely on a limited number of engineered perturbations in isogenic cells or animals. By 

collecting genetic, epigenetic, and transcriptomic data from the same cellular panel, 

models can be inferred without confounding factors such as different experimental 

protocols and environments. Our approach to integrating genetic and functional 

genomics data from 176 Diversity Outbred mouse embryonic stem cell lines allowed us 

to systematically probe how genetic and epigenetic variation interact to jointly influence 

local gene expression (Reproduced with permission from Kuffler et al., 2023). 

 

4.1 Overview of Findings 

We integrated ATAC-seq peaks and SNPs via an interactive regression model of their 

effects on gene expression to determine how often these factors are independent of 

each other, and how often they interact. From this, we were able to infer the wide-scale 

presence of local interactions between these regulatory mechanisms. This method is 

well-suited for outbred populations, which are not compatible with methods used for 

analyzing inbred cohorts, such as differential expression or variance between samples. 

While similar interactions have been observed in isolated contexts and in co-localized 

SNPs and ATAC-seq peaks(Krijger & De Laat, 2016; Kumasaka et al., 2016), this marks 

the first time that the phenomenon has been observed genome-wide, with the genetic 

mapping resolution provided by outbred, heterozygous samples (Reproduced with 

permission from Kuffler et al., 2023). 



 

   
 

81 
 

 

From our analysis of genetic-epigenetic interactions we have put forth several key 

findings regarding the interactivity, structure, and function in the regulation of gene 

expression. We discovered that patterns of genetic-epigenetic interaction reflect the 

structure of topologically associating domains. Our model inferred the presence of 

frequent interactions between genotypic variation and open chromatin, with a strong 

preference for coordinates internal to known TADs in mESCs. We demonstrated this 

inference in several ways, including the clustering of highly interacting areas of open 

chromatin within TADs, and clustering of interactions based on inter-TAD distance rather 

than linear DNA sequence. Interacting ATAC-seq peaks were found to cluster within 

gene bodies and annotated enhancers. These findings confirm that TADs generally 

define the local area for interactions. While open chromatin density is higher within 

TADs, we found that open chromatin density is less important for interactivity than TAD 

boundaries are. Furthermore, linear proximity cannot be used to identify association 

between genes and regulatory features. SNPs or areas of open chromatin that are 

segregated by a TAD boundary may be incapable of affecting expression of a nearby 

gene. Conversely, a distant SNP or ATAC peak may be placed near a gene within a 

TAD loop (Reproduced with permission from Kuffler et al., 2023). 

 

Interaction effects were further classified based on the magnitude and direction of their 

effects on gene expression. These models contained an unexpectedly high proportion of 

increased ATAC-seq peak effects associated with reduced gene expression. Upon 

further investigation, these were found to be enriched for CTCF binding sites, which 

were further enriched for genetic variation in Diversity Outbred mice, particularly in the 

core sequence of CTCF binding sites (Fig. 3.10B-C). This indicates that these CTCF 
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binding sites may be differentially bound in different samples, resulting in downregulation 

of transcription, either by cutting off access to nearby enhancers or by abolishing TAD 

structure (Reproduced with permission from Kuffler et al., 2023). 

 

We further analyzed the interplay between direction of effect for SNPs, ATAC-seq 

peaks, and their interactive components (see Appendix), allowing us to make 

hypotheses about the functional significance of various interactions. Models where all 

effects are positive or negative suggest the open chromatin region and genetic variant 

enhance each other's effectiveness in increasing or decreasing gene expression. These 

synergistic effects are indicative of two regulatory factors working together to produce a 

greater change in gene expression, beyond what either could produce independently. 

Functional redundancy or interference can be inferred from models where the SNP and 

ATAC-seq peak have a positive effect on gene expression and the interaction effect is 

negative, or vice versa. Redundancy is rather common in our genetic-epigenetic 

interactions, while synergistic effects are relatively rare. This appears to align with 

previous analyses of purely genetic interactions in other mouse crosses (A. L. Dixon et 

al., 2007; Tyler et al., 2016). Other models are more cryptic, but contain variation in beta 

coefficients associated with these models (Fig. 4.1), suggesting that functional subtypes 

that can be investigated within each group (See Appendix, section 5.3) Our approach 

can be directly extended to specific gene targets (Adapted with permission from Kuffler 

et al., 2023, expanded to provide further context).  

 

Mediation analysis in the DO by Skelly et al. revealed several mESC genes that act as 

mediators of downstream gene networks(Skelly et al., 2020). Our analysis identified 

several genetic-epigenetic interactions in the area of one mediator gene, Platr2, and 
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provided a targeted list of SNPs and ATAC-seq peaks that may influence the gene's 

expression (Fig. 3.7B). ATAC-seq peaks were enriched for Smad3 binding sites, a 

component of the CTCF binding complex. This provides further regulatory information 

and potential targets for experimental manipulation (Adapted with permission from 

Kuffler et al., 2023, edited for clarity).  

 

Through DNA motif analysis, we identified distal regulatory activity via our interaction 

modeling. This permits functional analysis of protein factors on gene activity that is 

otherwise undetected by this method, such as regulatory proteins with no local QTL. 

This means that while interaction models may achieve the best resolution in areas of low 

linkage disequilibrium, they can still be used to identify and infer regulatory action of key 

conserved proteins in trans (Reproduced with permission from Kuffler et al., 2023). 

 

 
Figure 4.1. Relative effect magnitudes of all significant intra-TAD models. Split by effect 
signs. Model signs are listed in the order ATAC, SNP, Interaction, and positive (p) or negative 
(n). Reprinted with permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger 
SC., Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D genome structure by 
genetic-epigenetic interaction modeling in mice eLife 12:RP88222 
https://doi.org/10.7554/eLife.88222.1. 
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4.1.1 Overview of CTCF ChIP-seq Experiments 

Genetically diverse populations in mice still contain significant linkage disequilibrium 

blocks which affect genetic resolution. This limited our ability to identify the causal SNPs 

for the purposes of this paper, but as demonstrated with our analysis of Platr2's local 

regulatory area, the variable genetic distance across the DO genome sometimes permits 

us sufficient resolution to analyze whether interacting elements are colocalized or not. 

 

Our CTCF ChIP-seq experiments found strain-specific differences in CTCF binding, 

including clusters of CTCF binding sites. ATAC-seq peaks within these clusters showed 

differential effects on gene expression. We also found that previously identified CTCF 

binding sites in negative effector ATAC-seq peaks are more likely to contain SNPs that 

can predictably CTCF binding potential (Adapted with permission from Kuffler et al., 

2023, edited for clarity). 

 

4.2 Implications of Results and Future Directions 

Our results have several implications for genetic analysis of gene expression in 

genetically diverse populations. Experiments performed in cell cultures or isogenic 

models often fail to produce replicable results in other tissues or human trials(Seyhan, 

2019). Genetic-epigenetic interactions may underpin some of these failures, particularly 

those that have initially shown strong SNP effects(Mak et al., 2014). Thus, it is important 

to consider generating datasets with a combination of genetic mapping, gene 

expression, and appropriate epigenetic data, either on a local or genome-wide scale. At 

present, publicly available data that matches these criteria is not available. As research 

expands towards greater coverage in wild populations and humans, accessibility is likely 

to increase. Furthermore, ATAC-seq could be substituted for other experimental 

datasets, such as H3K4me3 ChIP-seq. 
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In future, our study would benefit from the generation of more precise mapping of active 

CTCF binding sites, across more genetic backgrounds. Public databases only include 

CTCF mESC data from two inbred strains, and the enrichment of CTCF binding sites in 

our interacting ATAC-seq peaks suggest that other strains and subspecies may have 

different active CTCF binding sites. Mouse strains have previously been shown to have 

different strengths in CTCF binding in specific regulatory loci, resulting in altered gene 

expression(Van Ruiten & Rowland, 2021). More comprehensive CTCF profiling in the 

DO founder strains would permit us to determine whether TAD boundary alteration 

underlies changes in chromatin accessibility in any of our interactions, whether there are 

interactions that were obscured in some samples by the blocking effect of a TAD 

boundary, and whether there are some TADs that are more tolerant of boundary shifts 

than others (Reproduced with permission from Kuffler et al., 2023). 

 

Small changes in TAD boundary location are previously indicated to be involved in 

developmental and differentiation processes(Andrey et al., 2013; Li et al., 2019; Su et 

al., 2010), and other studies have shown that chromatin rearrangement that alters TAD 

boundaries is linked to cancer development(Aitken et al., 2018; Akdemir et al., 2020; J. 

R. Dixon et al., 2018). However, many publicly available datasets of CTCF binding 

activity have limited resolution and/or coverage. With CTCF binding sites scattered 

across the genome, there could be further subtle shifts in local regulatory areas that 

have previously gone unnoticed, particularly in developmental contexts or across 

different tissues. 
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Male and female samples were not separated during this analysis. Therefore, we have 

not assayed whether there are any sex effects among these non-additive interactions, or 

interactions that are only detectible when the samples are split by sex. Given that TADs 

were first identified in X-chromosome inactivation(Nora et al., 2012), it is almost 

inevitable that there would be some sex effects we did not see with pooled samples. 

 

TAD locations and functions are known to be conserved between species(Krefting et al., 

2018). Movement of TAD boundaries with profound regulatory effects have also been 

conserved in humans, mice, and chickens(Le Caignec et al., 2020; Rodríguez-Carballo 

et al., 2017; Yakushiji-Kaminatsui et al., 2018). These conserved mechanisms have 

been established in TADs that are relatively ubiquitous, or have easily assayable effects. 

We do not know if similar movement of TAD boundaries is used in active regulation on a 

broader scale. And we know even less about how the movements of TAD boundaries 

may affect genetic-epigenetic interactions in these areas. Regulatory regions are more 

highly variable and faster-evolving than genes themselves(Merkin et al., 2012; Shibata 

et al., 2012; Villar et al., 2015). We would expect enhancers to be at least as variable, 

but what might be conserved between species, if anything? What paralogs may 

develop? Are there patterns to paralog development? We do not have answers to these 

questions at this time. 

 

It would be possible to produce an equivalent statistical inference of non-additive 

regulatory interactions with the use of other epigenetic factors. While ATAC-seq peaks 

have a well-defined role that can be assayed relatively easily, one could substitute this 

with histone modifications, methylation, or DNA binding of relevant proteins. The ability 

to localize an epigenetic signal to a relatively specific locus allowed us the chance to 
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characterize the patterning of these interactions in their 3D chromatin 

context(Kulakovskiy et al., 2018; Maurano et al., 2015; Shinkai et al., 2016).  

 

While we hypothesize the potential function and role of different interaction subsets 

based on their effect sizes and signs, we did not focus on confirming these during the 

project thus far. We found that there were differences between the enrichment of CTCF 

binding sites under positive effector ATAC-seq peaks versus negative effector peaks 

(Fig. 3.10). We also found that negative effector peaks were more likely to contain SNPs 

that had predictive power for CTCF binding in DO founder mESCs, indicating likely 

colocalization between interacting factors in these regions. Thus, it seems likely that we 

would find patterns of different mechanisms underlying different subsets of interacting 

models. 

 

Analyzing these models would require some level of predictive SNP effect analysis, as 

we are limited by linkage disequilibrium in our ability to determine whether any given 

SNP is the driver of a genetic effect in an interaction. It would be easiest to start in those 

regions with extremely small linkage disequilibrium blocks, where the number of 

potential SNPs is likely to be more manageable. Confirmation by reciprocal biallelic SNP 

introduction between two strains of DO founder mESCs with locally targeted ATAC-seq 

and RNA-seq would be a good way to confirm such an analysis. 

 

As we noted in Fig. 3.1D-E, a portion of the SNPs and ATAC-seq peaks that are 

involved in significant regression models are only observed in interacting models. While 

those that fall exclusively or inclusively in single-term or additive regression models may 

have been previously identified for their regulatory role, it is likely that the more 
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complicated effects of the exclusively interacting regulatory factors have not been 

characterized. Exploratory analysis might yield interesting results for these factors. 

Some of these may be colocalized and thus interacting by default, but others may 

represent attenuating or tuning factors on local regulation that are previously 

undescribed. 

 

4.2.1 TAD Profiling 

Despite all we were able to draw from publicly available Hi-C derived TAD boundaries, 

the resolution on the boundaries was relatively poor. With 40kb windows of TAD 

boundary prediction and CTCF binding sites appearing prolifically across the genome, it 

would be very hard to determine which binding sites were in use from this data. Previous 

publications and our own ChIP-seq experiments have shown that there can be 

differential CTCF binding based on genetic variants or different time points, and these 

can be important for orderly embryonic development. Hi-C results have become more 

precise since the generation of the data set we accessed, and there are now other 

options available. ChIP-PET protocols for CTCF have been established(Handoko et al., 

2011), though they are still a difficult process that requires specialist training. Another 

option could be to combine Hi-C with CTCF ChIP-seq, which would allow identification of 

active CTCF binding sites that overlap with Hi-C signals. This could provide both TAD 

and sub-TAD resolution, something we were not able to differentiate in our ChIP-seq 

experiment. 

 

And indeed, these differences in CTCF function can be very important in defining and 

shaping local regulatory areas. Our ChIP-seq analysis did not distinguish the difference 

between TAD versus sub-TAD loops, and between more transiently binding CTCF 
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versus more long-lasting. While some of this could be inferred from ChIP-seq signal 

strength, another option for more precise experimental determination of CTCF function 

would be to perform an RNAi knockdown or similar assay(Khoury et al., 2020), 

combined with ChIP-seq. Doing so would allow one to assay how long it takes for bound 

CTCF to detach from the DNA, giving a measure of how transient its regulatory role is in 

normal cell function. While such experiments have been done with CTCF, there has 

been no known effort to compare whether the patterns of CTCF binding longevity are 

universal, or whether they are affected by genotype or cell type. Given the sometimes 

extreme fold change in CTCF ChIP-seq enrichment we observed across our DO founder 

samples, we would expect to see some differential length of occupancy in some CTCF 

binding sites that are technically ubiquitous across these strains. 

 

4.2.2 Effects of Local Sequence and Interaction With ATAC-seq 

One aspect of potential analysis that we spent little time on is how the TAD-dependent, 

gene-centric distribution of interacting elements overlaid with local regulatory features in 

the DNA sequence. We identified the density of interacting ATAC-seq peaks overlapping 

with enhancer and gene features, but we went no deeper with this analysis (Table 5.1 

and 5.2). While ATAC-seq peak locations have been surveyed before, we have 

demonstrated that interacting ATAC-seq peaks are more likely to contribute to 

meaningful regulation of gene expression, and can be analyzed in a more nuanced 

fashion. While individual genes are likely to vary widely in the mechanisms underpinning 

the effects of their interacting ATAC-seq peaks, there may also be more patterns of 

particular systems that are preferentially involved in these interactions. 
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We have potential explanations for why the percentage of ATAC-seq peaks involved in 

interactions is depressed around the gene itself (Fig. 3.7E), but we do not have a 

complete sense of why this is. This could potentially be accomplished without further 

laboratory experiments, particularly because this analysis only considered interacting 

ATAC-seq peaks. Comparing the distribution of ATAC-seq peaks that fall in additive or 

single-term models, we could potentially see different patterns that would elucidate more 

on the matter. Combined with further analysis of whether those ATAC-seq peaks fall in 

different distributions around enhancers, promoters, exons and introns, it could be 

possible to identify the likely cause of the distribution seen in Fig. 3.7E. We would expect 

to see a different distribution, based on the fact that ATAC-seq peaks that overlap with a 

gene may be more closely related to ongoing gene expression itself, and thus not 

require an interaction term to describe their behavior. However, it may be more difficult 

to explain why there is symmetry in the fluctuations in Fig. 3.7E past +/- 500kb. Again, 

this could be explained by looking at other regression models these ATAC-seq peaks 

could feature in, but the decreasing number of TADs long enough to contribute to the 

results limits the ability to draw conclusions from the data. 

 

We performed an analysis of motifs within interacting ATAC-seq peaks, which revealed 

important overlaps with CTCF binding sites (Fig. 3.10). However, we did not deeply 

investigate the other binding sites identified via these analyses. Given the fact that these 

DO mESCs were grown in a 1i medium and stem cells of different strain backgrounds 

have different tendencies toward differentiation in culture, there should be differential 

developmental pathways activated in these samples, by different DNA binding proteins. 

During the proposal for this project, we performed a basic transcriptomic analysis that 

identified some differential expression of developmental markers, but this does not tell 
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us where they are acting, how they may be affecting gene expression in trans, and how 

they are interacting with local genetic variation to do so. Many core regulators of 

development are protected from recombination and sequence variation. Instead of 

assaying their local regulatory environment through our interaction analysis, we may be 

able to better characterize what they do once they’re at work. Single-cell sequencing 

approaches could help identify cell populations and facilitate these analyses. 

 

4.2.3 CTCF Binding Clusters and Founder RNA-seq 

The clusters of active CTCF binding sites we identified in our ChIP-seq analysis also 

deserve further examination. We have seen from previous literature that shifts in 

individual TAD boundaries can be vital for tissue differentiation during development. With 

the ChIP-seq drawn from DO mESCs that are known to react differently to cell culture 

conditions(Skelly et al., 2020), it is reasonable to assume that there are distinct cell 

colony morphology phenotypes that differentiated these samples. Furthermore, our 

analysis limited the number of closely-spaced CTCF binding sites would be detected as 

differential, as we merged overlapping ChIP-seq peaks. Should we have more time to 

disambiguate and analyze these regions, we could examine the nuances of CTCF 

binding site clusters, functional enrichment of associated local genes, whether the 

patterns of their activation are cell type-specific, and whether we can detect any signal of 

this in our DO mESC data. Another option for confirmation would be to perform RNA-seq 

on the founder mESCs. Samples were frozen and are being held in case this analysis be 

needed, thus it would be relatively simple and inexpensive to get further confirmation.  

 

Analyzing RNA-seq data in the DO founders would also allow us to compare to our DO 

mESC RNA-seq, allowing for a means to further confirm our interaction models. While 
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we would not have access to founder ATAC-seq data, we would know the genotype and 

expression levels for the founder strains. This could be used to predict a dividing line: 

genes whose expression could be primarily explained by genetic effects alone, versus 

those genes that could primarily be explained by interactions. One would expect 

genotype to be more predictive in the former case over the latter.  

 

This could potentially be handled in a very granular fashion, observing the effects of 

local founder contributions to a gene’s expression in the DO, reconstructing what the 

gene expression levels should be in a founder strain. This could then be compared to 

the actual result. At the same time, unless ATAC-seq data is also generated, one could 

not as strongly predict the results in regions where models including ATAC-seq effects 

were common. ATAC-seq peaks can be correlated to genotype(Waddington, 2012), but 

they are also linked to cell fate and other dynamic processes. 

 

4.2.4 TAD Cell-Type Specificity and Disease 

On this note of cell fate, it would be informative to learn which genetic-epigenetic 

interactions remain consistent across cell types and model systems. Those that do 

would likely be tied to core regulatory processes such as cell cycle, and could serve to 

better identify the regulatory mechanisms that underpin why a cell enters the cycle and 

why it exits. However, those interactions that are cell type-specific would be extremely 

useful to understand. The regulatory landscape of any cell type contains vital aspects of 

its identity, and much of it is still opaque to researchers. However, evidence suggests 

that TAD boundaries and their manipulation are important in defining a number of cell 

types(Barrington et al., 2019; Rodríguez-Carballo et al., 2017). 
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Disorders and diseases that produce aberrant cell types such as foam cells associated 

with plaque formation(Maguire et al., 2019), symptoms of diabetes(Ding et al., 2006), 

and cancers are all associated with regulatory dysfunction(Aitken et al., 2018; J. R. 

Dixon et al., 2018; Taberlay et al., 2016). It is unclear whether they would follow 

interaction models seen in healthy cells and simply display different input variables, or 

whether they would establish entirely new interaction models. 

 

4.2.5 Other Interacting Elements And 3D Structures 

We also believe it would be informative to examine interactions between different 

classes of epigenetic regulators, particularly if one wished to examine genes that are 

protected from recombination and genetic variation. In mESCs, our ability to resolve 

regression models around may core developmental regulators was limited, due to this 

protected status. The activity of these genes are not being adjusted by genetic variation, 

but they do still have to change their expression level to pass through differentiation 

Directly and comprehensively assaying interactions between epigenetic regulatory 

factors could be key to understanding their behavior, and the broader context in which 

their regulatory mechanisms operate. 

 

Other 3D chromatin structures may also be of interest. We exclusively examined local 

chromatin structure in the form of TADs, but much of the transcription of vital proteins 

takes place within the structure of the nucleolus, or at the nuclear pore complex. This 

provides a very different transcriptional environment for these genes. It is unclear how 

this affects TAD dynamics and the refresh rate of CTCF binding, and we do not know 

how it may shape local genetic-epigenetic interactions. Are certain subtypes of 

interactions favored in these regions? Are they more or less prolific than in other 
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regions? Are there more or fewer models of any kind, when factors not assayed in our 

data may be influencing gene expression? These are all questions that could be 

explored if broader chromatin structure were taken into account in future experiments. 

 

4.2.6 TADs as Active Regulators 

The role of TADs in responses to environmental challenge in terminally differentiated 

cells has not been explored. TAD boundaries are refreshed relatively slowly, on the 

order of hours or days rather than the immediate, acute responses that are tracked in 

many environmental challenge studies(Khoury et al., 2020). On the more long-term and 

permanent level of response, many chronic diseases have environmental contributions 

and triggers, including diabetes, obesity, asthma, and chronic effects from environmental 

toxicants. These would be particularly suitable for studying changes in 3D chromatin 

structure, and also how that may effect local regulatory interactions. 

 

While we know TAD boundary alterations can result in differentiation into new cell types, 

it is not clear what mechanism might block them from returning to their previous 

configurations, should environmental pressures upon the cell be transient. Perhaps 

TADs could also be capable of a certain level of dynamic response, similar to the more 

transient sub-TAD loops.  

 

This may be a more long-term goal, as a suitable cell model and challenge would have 

to be identified, as well as the correct assay to interrogate TAD formation. Hi-C the most 

well-established, possibly combined with CTCF ChIP-seq or ChIA-PET. On the other 

hand, monitoring cells over time could call for live imaging of chromatin 

contacts(Brandão et al., 2021). While the resolution would not be as good, continuous 
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monitoring of chromatin conformation could provide excellent support and context for 

any particular region identified as a strong candidate.  

 

Developmental diseases are also a field where 3D chromatin conformation has not been 

given much consideration. This is despite the proven disorders of development that have 

been demonstrated when TAD boundary control of regulation is disrupted(Le Caignec et 

al., 2020; Rodríguez-Carballo et al., 2017). These TAD boundaries are dynamic and 

important regulatory factors that can affect gross morphology of a developing organism, 

but they have received only limited study thus far. The literature seems to indicate that 

most studies tend to acknowledge the potential of regulatory disruption of 3D chromatin 

conformation only when CTCF binding sites themselves are disrupted by mutation. This 

is the proximal and most pressing cause of these disorders, but it also means that 3D 

chromatin conformation is often neglected in this context. 

 

4.2.7 Computational and Analytical Methods 

It is worth noting that our analysis of non-additive genetic-epigenetic interactions used a 

fundamentally simple method. The novelty in our findings was not due to our methods, 

as regression modeling is an extremely simple technique. This should indicate to the 

reader that the field of study for this topic is wide open for further advancement, but 

should potentially be approached with a certain level of conservative methodology. A 

new subject does not always call for new techniques. It may call for simple ones that are 

easier to interpret, rather than introducing complications into the analysis of an 

uncharacterized system. This is, in effect, an exploratory project. Once a baseline is 

established, more advanced techniques become appropriate. 
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At this point, more advanced techniques could be applied to identifying patterns within 

the regression models themselves, rather than necessarily looking for a more complex 

model of interaction. However, we do see directions in which such analyses could go. 

One early aim of this project was to continue on from our establishment of non-additive 

regulatory interactions as a genome-wide local phenomenon, and then attempt to 

identify its distal effects. This ultimately was not pursued, though it was attempted. The 

complexity of how one would computational define distal regulation through an 

interaction proved difficult to tackle. 

 

Out-of-the-box network analysis methods at the time of the project were poorly 

documented and poorly maintained. Hierarchical Hotnet was initially selected as an 

analysis method, but its dependencies were no longer fully functional. Hotnet also 

expected potential pathways to be built into the graph from the start. Running 

exploratory analysis with all potential gene-gene interactions represented was found to 

be computationally prohibitive. Therefore, we would have to use pre-existing networks. 

In genetics, this mostly takes the form of protein-protein or gene-gene interaction 

networks, which have been identified through experimental techniques. But these 

publicly available graphs are not based on the cell types and experimental conditions 

used in our analysis. This would limit our ability to do more than confirm already 

detected associations between genes, rather than predict novel, distal interaction 

effects. 

 

The shape of our data also caused complications. While one can think of an interaction 

as a single event, it is composed of multiple factors, which may or may not be present in 

a given sample. Each gene can be affected by multiple interactions, which can often co-
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exist within a sample. How then should one represent the influence of these interactions 

on distal genes? 

 

This is the problem we encountered when we attempted to determine a suitable method 

for identifying distal effects of interactions. Traditional networking models usually work 

on an edge and node structure, which expects that an edge connects only two 

nodes(Trudeau & Trudeau, 1993). But with each sample having a freely varying set of 

genotype, ATAC-seq peak magnitude, and RNA-seq score, how then can a traditional 

network approach represent this? 

 

We explored the potential use of hypergraphs, wherein multiple nodes can be joined by 

a single edge(Haussler & Welzl, 1987). Theoretically this could be done in a directional 

manner, testing each gene’s mediation of all other’s expression, but this still does not 

represent the interaction between SNP and ATAC-seq peak as we have previously 

defined it. A method like this might be able to determine if co-occurrence was linked to 

downstream gene expression, but not how it does so. Additive models might actually be 

the only ones detectable via this method. Interaction terms could be added as a sort of 

filtering node that modifies the SNP and ATAC-seq peak effects, but this continues to 

layer on more complicated structure and data types into a single system that may not be 

fit for purpose. However, we were not able to budget enough time to approach this 

method more practically. 

 

Network analysis could still be leveraged for distal interaction effects. With the heavy 

focus on computational neural network development in the past five years, techniques 

carried over from machine learning could be leveraged to pursue this. In the meantime, 
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one potential way to search for interaction effects could simply be to employ the 

regression modeling technique we already used: Subset to those genotypes and 

chromatin effects that were found to be interacting to affect local gene expression, and 

then set the dependent variable to a distal gene’s expression. Any significant results 

could potentially be the result of indirect regulation via local genes. However, steps 

would need to be taken to identify whether specific ATAC-seq peaks in particular were 

truly involved in these interactions, or whether their apparent effects were due to co-

activation of a binding site local to the distal gene.  

 

In any case, we unfortunately did not have the time to pursue this line of inquiry. We 

believe it is an important step to take. Local gene regulation does not directly give rise to 

phenotype, it is mediated through cascading effects through gene networks, protein-

protein interactions, and a host of other cellular processes. Our analysis has been able 

to better define the complex space of local regulatory interaction, but more of that 

complexity needs to be carried forward to understand biological processes on even a 

cell-wide scale, let alone tissue- or organism-wide phenotype. 

 

Returning to the subject of 3D chromatin organization, it should also be noted that one 

technique that was extremely helpful during this project had to do with how the data was 

visualized. The standard method of representing 3D chromatin contacts privileges the 

linear genome sequence—in either heat map or contact loop graph forms, the DNA is 

arranged in a straight line, which preserves linear bp distance between genome 

features. While this is useful to visualize the sometimes complex and overlapping or 

nesting structures seen in 3D chromatin structure, it also obscures the basic unit of 

chromatin organization that we were most interested in for this project. TADs are 



 

   
 

99 
 

rendered quite abstract by these graphs. In the process, one can obscure the continuity 

of local regulatory areas across TAD boundaries, or the physical proximity between a 

gene and an enhancer. 

 

A deliberate decision was made to avoid these graphs in the course of this project, 

which allowed us to examine these 3D structures with some sense of the physical 

proximity and continuity of these structures. When we rendered TADs in a linear format, 

we did so around a different organizing principle: we centered the gene in the TAD, 

regardless of whether this created a discontinuity in the chromosome sequence. This 

allowed us to not only view the 3D context of the gene and its local regulatory area, but 

to also focus on this most functional unit of the genome. In future, we would like to 

incorporate sub-TAD looping structures into our visual understanding of these regions. 

Just as visualization of 3D protein structures can help researchers understand their 

method of function, so too might more precise mapping of 3D genome structure give us 

a greater sense of regulatory action, even possibly the dynamism with which these 

processes are carried out. 

 

While no computational tools are yet available, it would be useful to expand such 

modeling of TAD and sub-TAD structure to visualization of 3D genome structure in 

motion: what does a particular TAD look like when gene transcription is being promoted 

and initiated? When it’s being repressed? Does it perhaps have multiple ways to reach 

functionality, and how physically stable are they? If there are multiple active sites (i.e. 

genes), are they all activated together, or are there particular configurations used to 

activate individual ones? All these are questions we often ask about proteins or non-

coding RNA, but we rarely do the same for chromatin, despite knowing its physical 
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dynamism as a complex, organized structure, with set binding sites and predictable 

points of self-contact. 

 

4.3 Summation 

Overall, this study demonstrates that genetic-epigenetic interaction analysis can reveal 

3D genome structure through the positioning of interacting genome features. We see in 

this how genetics and genome structure can inform each other. These findings imply that 

including TAD boundaries and TAD loops in analyzing genomic features affecting gene 

expression, such as chromatin states and genetic variants, can maximize and 

contextualize results (Reproduced with permission from Kuffler et al., 2023).  

 

4.4 Attribution 

Figures presented in Chapter 4 were created solely by the author. Analyses were 

conducted by the author. Consultation on hypergraph methods was done with Matt 

Mahoney. 
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Chapter 5: Appendix 

5.1 Breakdown of Interacting ATAC-seq Peak Locations Relative to Gene Features 
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chr_1 1898 1231 64.86 1161 61.17 163 8.59 553 29.14 

chr_10 1210 842 69.59 803 66.36 157 12.98 460 38.02 

chr_11 1770 1263 71.36 1170 66.10 285 16.10 819 46.27 

chr_12 721 491 68.10 465 64.49 87 12.07 244 33.84 

chr_13 1101 626 56.86 594 53.95 88 7.99 281 25.52 

chr_14 1104 706 63.95 664 60.14 87 7.88 304 27.54 

chr_15 795 536 67.42 499 62.77 85 10.69 288 36.23 

chr_16 584 346 59.25 329 56.34 57 9.76 180 30.82 

chr_17 1852 1191 64.31 1139 61.50 196 10.58 592 31.97 

chr_18 627 425 67.78 412 65.71 59 9.41 207 33.01 

chr_19 660 476 72.12 459 69.55 103 15.61 263 39.85 

chr_2 2604 1706 65.51 1628 62.52 250 9.60 778 29.88 

chr_3 1425 915 64.21 850 59.65 173 12.14 494 34.67 

chr_4 1567 965 61.58 900 57.43 130 8.30 462 29.48 

chr_5 1886 1249 66.22 1184 62.78 202 10.71 618 32.77 

chr_6 1112 691 62.14 649 58.36 107 9.62 339 30.49 

chr_7 2039 1390 68.17 1303 63.90 274 13.44 864 42.37 

chr_8 1524 916 60.10 868 56.96 148 9.71 464 30.45 

chr_9 836 569 68.06 530 63.40 116 13.88 309 36.96 

chr_X 601 399 66.39 372 61.90 97 16.14 282 46.92 

Total 25916  

Table 5.1. Interacting ATAC-seq peak locations found in gene features 
Reprinted with permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger SC., 
Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D genome structure by genetic-
epigenetic interaction modeling in mice eLife 12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
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chr_1 350 18.44 113 5.95 233 12.28 14 0.74 637 33.56 

chr_10 240 19.83 69 5.70 207 17.11 11 0.91 354 29.26 

chr_11 389 21.98 106 5.99 369 20.85 28 1.58 479 27.06 

chr_12 119 16.50 27 3.74 120 16.65 8 1.11 229 31.76 

chr_13 166 15.08 43 3.91 121 10.99 11 1.00 459 41.69 

chr_14 179 16.21 28 2.54 131 11.87 10 0.91 390 35.33 

chr_15 164 20.63 49 6.16 126 15.85 9 1.13 245 30.82 

chr_16 102 17.47 124 21.23 73 12.50 9 1.54 200 34.25 

chr_17 301 16.25 151 8.15 258 13.93 13 0.70 619 33.42 

chr_18 74 11.80 30 4.78 106 16.91 30 4.78 195 31.10 

chr_19 165 25.00 70 10.61 116 17.58 11 1.67 175 26.52 

chr_2 461 17.70 111 4.26 342 13.13 24 0.92 870 33.41 

chr_3 287 20.14 71 4.98 242 16.98 26 1.82 492 34.53 

chr_4 226 14.42 126 8.04 186 11.87 22 1.40 546 34.84 

chr_5 338 17.92 63 3.34 262 13.89 12 0.64 623 33.03 

chr_6 209 18.79 44 3.96 154 13.85 11 0.99 402 36.15 

chr_7 454 22.27 60 2.94 382 18.73 25 1.25 638 31.29 

Table 5.2. Interacting ATAC-seq peak locations found in gene features and elsewhere. 
Reprinted with permission from Kuffler L, Fortin HJ, Skelly DA, Czechanski A, Munger SC., 
Reinholdt LG, Baker CL, Carter GW. (2023) Imputation of 3D genome structure by genetic-
epigenetic interaction modeling in mice eLife 12:RP88222 https://doi.org/10.7554/eLife.88222.1. 
 

5.2 Breakdown of Regression Models 

This section is devoted to a comprehensive breakdown of interacting models, as 

subdivided by their effect term sizes and magnitudes. As each of these subtypes 

indicates potential functional distinctions between models, providing predictions for what 

they may mean and where to expect the genetic contribution to come from can help in 

mapping and identifying functional features for those interested in examining individual 

interactions in-depth. 

 

Abbreviations are used for ATAC-seq (A), SNP (S) and Interaction (I) terms. Each 

section is organized first by effect sign, and then split by the magnitude of each. 
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5.3 SNP + ATAC +, Interaction + 

Number of models: 67735 

% of all models: 16.44% 

% relative magnitudes of each term (individual terms listed largest to smallest): 

49% SIA, 28% SAI, 5% ASI, 4% AIS, 10% ISA, 3% IAS 

Notes: 

While there are ~4% more results for this model than the average, it is worth noting that 

this is the classic sort of interaction that is often used as an example: two primary effects 

interacting to strengthen each other. However, this model type does not predominate.  

 

What is especially notable about this model is its distribution of relative effect 

magnitudes: SNPs predominate as the most common strongest effect, but interaction 

effects take a notable second place, and are consistently stronger than ATAC-seq 

effects. This is contrary to what would normally be expected: main effects, as the least 

complex terms in a regression model, are usually expected to predominate. These are 

effects we are directly registering from our data, with no further processing required. But 

in this case, ATAC-seq peaks are less likely to have strong effects by themselves, 

compared to interactions with SNPs. 

5.3.1 SNP-dominant Models 

If SNP effects are strongest, then the genetic variant is in a region with strong regulatory 

capacity, strengthening gene expression. 52493 models (77%) fall in this subset. 

5.3.1.1 Interaction Term Second  

 If the interaction term is the next strongest, this may be due to colocalization of SNPs 

and ATAC-seq peaks, which would necessarily make any ATAC-seq peak behavior an 
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interaction with the SNP. It may also be that the two factors are not colocalized, residing 

in features that are complementary in their action, which are capable of acting on their 

own but with only limited effectiveness. 33223 models (49%) follow this pattern.  

5.3.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, then the two are likely not colocalized, 

and are capable of effectively acting independently of each other, but their mechanisms 

are supportive of each other. 19270 models (28%) follow this pattern.  

5.3.2 ATAC-dominant Models 

ATAC-seq is strongest: If ATAC effects are strongest, then it may be that it lies over a 

genetically stable, powerful enhancer or possibly the gene body. 5888 models (9%) fall 

in this subset. 

5.3.2.1 Interaction Term Second  

If the interaction term is the next strongest, colocalization with a SNP that improves 

regulatory performance of the area is possible, or the factors are non-overlapping but 

complementary. 3514 models (5%) follow this pattern.  

5.3.2.2 SNP Term Second  

If the SNP term is the next strongest, then the SNP and ATAC-seq peak are likely not 

colocalized and are capable of acting independently, but can support each other. 2374 

models (4%) follow this pattern.  

5.3.3 Interaction-dominant Models 

Interaction term is strongest: This may result from colocalization that renders one main 

effect so dependent on the other that they are far less capable to increase gene 

expression without both appearing together. Another potential mechanism would be 

effects in two stages of the same regulatory pathway, such as transcription initiation. 

9354 models (13%) fall in this subset. 
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5.3.3.1 SNP Term Second  

If the SNP term is the next strongest, it may be causative of the ATAC-seq peak, 

upstream in a regulatory pathway. 7012 models (10%) follow this pattern.  

5.3.3.2 ATAC Term Second  

If the ATAC term is next strongest, it may be upstream in the regulatory pathway 

affected by the SNP, or the SNP may be in a less profoundly influential location. 2342 

models (3%) follow this pattern.   

5.4 SNP -, ATAC -, Interaction - 

Number of models: 1230 

% of all models: 0.30% 

% relative magnitudes of each term (individual terms listed largest to smallest): 

43% SIA, 50% SAI, 1% ASI, <1% AIS, 4% ISA, 2% IAS 

One might naïvely suspect that models where main effects reinforce each other would 

predominate, but that turns out to not be the case. While models where all effects are 

positive make up about 1/6th of all significant models, results with all negative effects are 

the rarest model type by a wide margin. 

 

The latter are almost entirely SNP-driven, with 93% of all models having SNP effects as 

the largest contributor. We can't say more about the magnitudes, especially with a 

relatively small subset of the data, but it indicates that this is a SNP-driven behavior. We 

will see this several times, but not with such an even split between the magnitudes of the 

other two terms. 

5.4.1 SNP-dominant Models 

If SNP effects are strongest, then the genetic variant disrupts a region with strong 

regulatory capacity. 1144 models (93%) fall in this subset. 
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5.4.1.1 Interaction Term Second  

If the interaction term is the next strongest, the two main effects work together strongly 

to decrease gene expression. This may indicate that they are colocalized to a repressive 

region of some kind, which is made more effective by the presence of the SNP. This 

may also mean that they are in two different regions that work together to shut down 

gene expression. 531 models (43%) follow this pattern.  

5.4.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, then the two are likely not colocalized, 

and are capable of effectively acting independently of each other, but their mechanisms 

are supportive of each other. 613 models (50%) follow this pattern.   

5.4.2 ATAC-dominant Models 

If ATAC effects are strongest, then it may be that it lies over a genetically stable, 

powerful repressor or possibly an area where transcription tends to stall. Only 11 models 

(1%) fall in this subset. 

5.4.2.1 Interaction Term Second  

If the interaction term is the next strongest, it is possible that colocalization with a SNP 

that improves regulatory performance of the area of open chromatin, or the factors are 

non-overlapping but complementary. 9 models (1%) follow this pattern.   

5.4.2.2 SNP Term Second  

If the SNP term is the next strongest. 2 models (0%) follow this pattern.   

5.4.3 Interaction-dominant Models 

This may result from This may result from colocalization that renders one main effect so 

dependent on the other that they are far less capable to decrease gene expression 

without both appearing together. Another potential mechanism would be effects that 
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have complementary negative effects on gene expression, making it extremely effective 

in lowering gene expression. 75 models (6%) fall in this subset. 

5.4.3.1 SNP Term Second  

If the SNP term is the next strongest, it may be causative of the ATAC-seq peak, 

upstream in a regulatory pathway, such as transcription initiation or closing of other local 

chromatin. 53 models (4%) follow this pattern. 

5.4.3.2 ATAC Term Second  

If the ATAC term is next strongest, it may be upstream in the regulatory pathway 

affected by the SNP, or the SNP may be in a less profoundly influential location. 22 

models (2%) follow this pattern. 

5.5 SNP +, ATAC +, Interaction - 

Number of models: 114383 

% of all models: 27.76%  

% relative magnitudes of each term (individual terms listed largest to smallest): 

63% SIA, 29% SAI, 4% ASI, 4% AIS, <1% ISA, <1% IAS 

This is the most common type of interaction by a wide margin. It indicates some form of 

interference or redundancy, where the main effects do not produce as much of a result 

as expected when they're added together. While in mathematical terms these variables 

are all 'independent', in biological terms they are not: because the SNP and ATAC-seq 

peak interact with each other in some way, they are necessarily dependent on each 

other to produce an interaction. But where and how this interaction takes place is not 

specified by the model. For example, it could be that the ATAC-seq peak and SNP are 

found in two different enhancers, which activate the same or competing regulatory 

mechanisms. 
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As seen before, the vast majority are SNP-driven, with the majority of models being SNP 

> Interaction > ATAC. SNPs dominate so strongly that there are essentially no models 

where interactions are the most powerful effect, which no other subset recapitulates. 

However, interaction terms still beat out ATAC-seq peaks as the second most powerful 

component. 

5.5.1 SNP-dominant Models 

If SNP effects are strongest, then the genetic variant is in a region with regulatory 

capacity, strengthening gene expression, but not as much as expected in combination 

with an ATAC-seq peak, indicating interference. 104,452 models (92%) fall in this 

subset. 

5.5.1.1 Interaction Term Second  

If the interaction term is the next strongest, it means that the two main effects are 

strongly interfering with each other. It may be that the two factors are not colocalized, 

residing in features that act upon the same target mechanism. 71,698 models (63%) 

follow this pattern.  

5.5.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, then the interference effect is weak, 

either due to partial physical interference or the regulatory factors kept relatively non-

competitive by usually not activating at the same time. 32,754 models (29%) follow this 

pattern.  

5.5.2 ATAC-dominant Models 

If ATAC effects are strongest, then it may be that it lies over a genetically stable, 

powerful enhancer, and the SNP lies in an interfering regulatory region. 9,287 models 

(8%) fall in this subset. 
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5.5.2.1 Interaction Term Second  

If the interaction term is the next strongest, the two regulatory factors are non-

overlapping but interfering. Colocalization with a SNP that improves regulatory 

performance of the area is possible, but would require the two to function via some sort 

of opposing methods. 4,855 models (4%) follow this pattern.  

5.5.2.2 SNP Term Second  

If the SNP term is the next strongest, then the SNP and ATAC-seq peak are likely not 

colocalized and are most effective when acting independently, but do not cause strong 

interference with each other. 4,432 models (4%) follow this pattern.  

5.5.3 Interaction-dominant Models 

This is very rare, indicating that very few cases of interference are so strong as to 

actually overpower the positive effects of their individual parts. These would be 

interesting to examine, to identify their validity and what they act upon. 644 models (1%) 

follow this pattern.  

5.5.3.1 SNP Term Second  

If the SNP term is the next strongest, the SNP's presence by itself provides a relatively 

large increase to gene expression, but the mechanism of this regulation may profoundly 

disrupt another regulatory function that involves open chromatin (or vice versa), causing 

transcription to be suppressed when both are present. 220 models (>1%) follow this 

pattern.  

5.5.3.2 ATAC Term Second  

If the ATAC term is next strongest, the function may be much the same as above, with 

the SNP lying in a less profoundly influential location. 424 models (>1%) follow this 

pattern.  
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5.6 SNP -, ATAC -, Interaction + 

Number of models: 48550 

% of all models: 11.78% 

% relative magnitudes of each term (individual terms listed largest to smallest): 

62% SIA, 18% SAI, <1% ASI, <1% AIS, 14% ISA, 5% IAS 

Interestingly, the percentage of the results that involve interference is not symmetrical--

results with negative main effects and a positive interaction effect are far less common 

than their inverse. Perhaps this is due to the relative scarcity of repressors that act by 

holding open an area of DNA, but as we will see later, that may not be the case. The 

presence of these models may also be explained by the general principle that 

transcription can always theoretically be increased, but it cannot go lower than zero--two 

extremely strong repressive regulators may be completely redundant. 

 

As before, SNPs dominate, but with a surprisingly strong contribution from Interaction 

terms. 

5.6.1 SNP-dominant Models 

If SNP effects are strongest, then the SNP is in a relatively strong negative regulatory 

area, possibly but not necessarily co-localized with the ATAC-seq peak. However, the 

interaction term shows that there is a floor for how low they can collectively push, either 

by interference or redundancy. 38,840 models (80%) follow this pattern. 

5.6.1.1 Interaction Term Second  

If the interaction term is the next strongest, the effects described above are especially 

pronounced. 29,919 models (62%) follow this pattern.  
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5.6.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, the SNP and ATAC-seq peak are 

effective negative regulators, but are still encountering the conditions described above. 

8,921 models (18%) follow this pattern.  

5.6.2 ATAC-dominant Models 

If ATAC effects are strongest, the reverse of the situation described above 

predominates, with two negative regulatory factors encountering interference or 

redundancy issues with a powerful ATAC-seq peak predominating. This appears to be 

exceedingly rare, with only 212 models (0%) following this pattern. 

5.6.2.1 Interaction Term Second  

If the interaction term is the next strongest, the effects described above are especially 

pronounced. 51 models (0%) follow this pattern.  

5.6.2.2 SNP Term Second  

If the SNP term is the next strongest, the interaction effect is weak, but still indicates 

some level of interference or redundancy between the two main effects. 161 models 

(0%) follow this pattern.  

5.6.3 Interaction-dominant Models 

 If the interaction term is strongest, this can be interpreted a couple of ways, depending 

on the actual magnitude of the interaction effect relative to the combined total of the SNP 

and ATAC effects. Redundancy is no longer a consideration, these models push into 

actual interference that completely overrides the negative effects of one or both negative 

main effects. If it overpowers both, then you are left with an actual *increase* in gene 

expression relative to baseline, perhaps indicating that a positive regulatory pathway is 

triggered by the co-activation of the SNP and ATAC-seq peak's regions. 9,498 models 

(20%) of models follow this pattern. 
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5.6.3.1 SNP Term Second  

If the SNP term is the next strongest, then the SNP is the primary negative regulator, 

which will pull down gene expression if the ATAC-seq peak's region isn't active. 6,966 

models (14%) follow this pattern.  

5.6.3.2 ATAC Term Second  

If the ATAC term is next strongest, the reverse of the above occurs. 2,532 models (5%) 

follow this pattern.  

5.7 SNP-, ATAC +, Interaction + 

Number of models: 44300 

% of all models: 10.75% 

% relative magnitudes of each term (individual terms listed largest to smallest): 

44% SIA, 18% SAI, 9% ASI, 8% AIS, 14% ISA, 7% IAS 

In these models, the positive effects of open chromatin override a negative SNP effect. 

This could be from the effects being localized to two different regulatory features, with 

the ATAC-seq peak's region functionally overriding the SNP's region. Another option is 

that the ATAC-seq peak and SNP could be colocalized to the same 

enhancer/promoter/etc., but the effect of the genetic variant is not sufficiently disruptive 

to abolish the positive effect of the result. 

 

SNPs do not have as strong a hold over these models, resulting in a more mixed set of 

these. Interactions are again the second-strongest term, in contravention of conventional 

expectations of main effect dominance. Depending on the relative strengths of the terms, 

the interaction could ultimately end up pulling expression into the positive, or remain 

depressed compared to its baseline expression without any factors. 
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5.7.1 SNP-dominant Models 

If SNP effects are strongest, then it may lie in a relatively strong regulatory region, which 

is modified or interfered with by the ATAC-seq region. 27,389 models (62%) follow this 

pattern. 

5.7.1.1 Interaction Term Second  

If the interaction term is the next strongest, the disruptive effects of the ATAC-seq peak 

are more strongly felt. 19,386 models (44%) follow this pattern.  

5.7.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, the disruptive effects are not especially 

strong, when compared to the strength of the ATAC-seq peak itself. 8,003 models (18%) 

follow this pattern.  

5.7.2 ATAC-dominant Models 

If ATAC effects are strongest, then it's overriding the SNP's negative pull. While this 

doesn't happen a majority of the time, it is still surprisingly common, given how rarely the 

ATAC-seq effect overrides the other effects: 7,554 models (17%) follow this pattern. 

5.7.2.1 Interaction Term Second  

If the interaction term is the next strongest, the strong ATAC-seq signal is also 

accompanied by a strong interaction, possibly indicating that the two main effects are 

colocalized, and opening the local chromatin overrides the negative effect of the SNP, 

creating a more positive result than expected. 3,985 models (9%) follow this pattern.  

5.7.2.2 SNP Term Second  

If the SNP term is the next strongest, the above model still may apply, but with less 

intense results. 3,569 models (8%) follow this pattern.  



 

   
 

114 
 

5.7.3 Interaction-dominant Models 

If the interaction term is strongest, the main effect regions may not be relatively strong 

regulators in their own right, and their overall positive effect is the result of interference 

that favors the ATAC-seq regulatory pathway. 9,357 models (21%) follow this pattern. 

5.7.3.1 SNP Term Second  

If the SNP term is the next strongest, the ATAC-seq peak is a weak regulator on its own, 

but may be the initiator of a regulatory mechanism that overrides the SNP effect. 6,389 

models (14%) follow this pattern.  

5.7.3.2 ATAC Term Second  

If the ATAC term is next strongest, the above mechanism still holds, but the SNP effect 

appears to be more weakly modifying local behavior. 2,968 models (7%) follow this 

pattern.  

5.8 SNP+, ATAC-, Interaction- 

Number of models: 67021  

% of all models: (16.26%) 

% relative magnitudes of each term (individual terms listed largest to smallest): 

83% SIA, 17% SAI, <1% ASI, 0% AIS, <1% ISA, <1% IAS  

The same sort of pattern as the subsection above seems to follow for the inverse 

arrangement, where a negative ATAC-seq peak seems to override a positive SNP. 

Interestingly, these are more common than the other way around--a negative SNP 

overriding a positive ATAC-seq peak. Unlike the previous category, these models are 

extremely SNP-driven. This is only somewhat surprising, because ATAC-seq peaks are 

generally associated with positive effects, rather than negative ones. However, given the 

high proportion of negative SNP effects overall in this analysis, it is notable that this 

category in particular is almost devoid of strongly regulatory ATAC-seq peaks. 
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5.8.1 SNP-dominant Models 

If SNP effects are strongest, the SNP is rendered less effective as a positive regulator by 

the presence of the ATAC-seq peak. This may be because the ATAC-seq peak lies in a 

region that renders the SNP's region less functional, but does not entirely preclude it 

from use. 66,987 models (100%) fall within this category. 

5.8.1.1 Interaction Term Second  

If the interaction term is the next strongest, the ATAC-seq peak's local regulatory 

behavior is not particularly strong on its own compared to the SNP, but its function has a 

strong modulating effect on the overall increase in gene expression. 55,344 models 

(83%) follow this pattern.  

5.8.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, then the modulatory effect is weaker, 

producing a n effect that is not as significant as the ATAC-seq peak's negative effect on 

gene expression by itself. 11,643 models (17%) follow this pattern.  

5.8.2 ATAC-dominant Models 

If ATAC effects are strongest, the ATAC-seq peak is highly negative by itself, and 

creates an interaction effect that takes the SNP's co-occurrence and turns it to an overall 

negative effect. Only 3 models (<1%) follow this pattern. 

5.8.2.1 Interaction Term Second  

If the interaction term is the next strongest, then the negative effect of the ATAC-seq's 

co-occurrence with the SNP would override the positive effect it might have had. 

However, no models follow this pattern.  
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5.8.2.2 SNP Term Second  

If the SNP term is the next strongest, the overall effect of interaction is weakly negative, 

possibly due to minor interference by the ATAC-seq peak, which drives the overall 

negativity of the model. Only 3 models (<1%) follow this pattern.  

5.8.3 Interaction-dominant Models 

 the interference by the ATAC-seq peak is profound, overriding the positive effect of the 

SNP. 31 models (<1%) follow this pattern. 

5.8.3.1 SNP Term Second  

If the SNP term is the next strongest, the ATAC-seq peak by itself is weakly negative, 

but it interferes significantly with the region where the SNP effect takes place. 21 models 

(<1%) follow this pattern.  

5.8.3.2 ATAC Term Second  

If the ATAC term is next strongest, a strongly negative ATAC-seq peak has a 

compounding negative effect on gene expression when the SNP is present, indicating 

potential disruption of a larger regulatory mechanism. 10 models (<1%) follow this 

pattern.  

5.9 SNP-, ATAC+, Interaction- 

Number of models: 17853  

% of all models: (4.33%)  

% relative magnitudes of each term (individual terms listed largest to smallest): 

11% SIA, 49% SAI, 19% ASI, 17% AIS, 1% ISA, 2% IAS 

This is particularly odd when you consider one of the most simple configurations of 

interacting elements: a SNP under an ATAC-seq peak. If an ATAC-seq peak would 

normally have a positive effect on gene expression by exposing an enhancer, and a 

SNP within that enhancer has a negative effect, one might expect to see an interaction 
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like this. Perhaps this is due to the fact that one would need a SNP that has an 

especially negative effect on protein binding to create a negative interaction effect, or 

that disruption of enhancer binding would disrupt the ATAC-seq peak as well.  

 

After the their generally weak showings in many other model sets, it is worth noting the 

percentage of ATAC-dominant models in this rare group. 

5.9.1 SNP-dominant Models 

If SNP effects are strongest, the SNP is a strong negative regulator by itself, likely 

directly disrupting some important step in facilitating gene expression. The ATAC-seq 

peak may be co-localized with it, explaining its inability to function as expected. It also 

has a strong negative effect by itself, meaning that it does not necessarily need open 

chromatin for its negative effect to be felt, or it also disrupts the chances of chromatin 

being opened in the first place. 10,656 models (60%) follow this pattern. 

5.9.1.1 Interaction Term Second  

If the interaction term is the next strongest, the effects of the interaction are particularly 

strong, with the ATAC-seq peak's intended functionality comprehensively undermined. 

1,889 models (11%) follow this pattern.  

5.9.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, the open chromatin still signals some 

level of function, but it is not enough to override the negative effect of the SNP. 8,767 

models (49%) follow this pattern.  

5.9.2 ATAC-dominant Models 

If ATAC effects are strongest, the ATAC-seq peak is strongly positive in spite of either 

interference with its function or active disruption of the sequence it contains. Overall 
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results may be positive, but if they are, they are less so than expected. 6,522 models 

(36%) follow this pattern. 

5.9.2.1 Interaction Term Second  

If the interaction term is the next strongest, the SNP does not have a strongly negative 

effect by itself, indicating that it needs the ATAC-seq peak for the implications of its 

disruption to be felt. 3425 models (19%) follow this pattern.  

5.9.2.2 SNP Term Second  

If the SNP term is the next strongest, the SNP may be able to stand on its own as a 

negative regulator, but it has some detectable disruptive effect on the ATAC-seq region. 

3,097 models (17%) follow this pattern.  

5.9.3 Interaction-dominant Models 

The SNP is likely co-localized, and strongly undermines the ATAC-seq peak's 

functionality. Another possibility is that the two main effects are within the same 

regulatory pathway, with the ATAC-seq peak and SNP modifying overall function of the 

pathway. 675 models (3%) follow this pattern. 

5.9.3.2 SNP Term Second  

If the SNP term is the next strongest, the SNP is a strong negative regulator by itself, 

indicating that it may be able to disrupt ATAC-seq peak formation, and undermine its 

effect when it is present. Another possibility is that the SNP is present elsewhere, 

disrupting the regulatory process in another pathway even when the ATAC-seq peak is 

absent. 263 models (1%) follow this pattern.  

5.9.3.3 ATAC Term Second  

If the ATAC term is next strongest, the SNP is not a strong regulator, but it causes 

disproportionate disruption to the ATAC-seq peak's function. This likely means they are 
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co-localized, as the SNP does not function much without the ATAC-seq peak. 412 

models (2%) follow this pattern.  

5.10 SNP+, ATAC-, Interaction+ 

Number of models: 51040  

% of all models: (12.39%)  

% relative magnitudes of each term (individual terms listed largest to smallest): 

62% SIA, 18% SAI, <1% ASI, <1% AIS, 14% ISA, 5% IAS 

The inverse of the previous model type is far more common, a negative ATAC-seq effect 

seemingly overpowered by a positive SNP. This further adds to the cryptic nature of 

these models, both in terms of the non-reciprocal nature of these two model types, but 

also simply due to to the relative rarity of both effects: SNPs that disrupt regulatory 

mechanisms in a way that increases gene expression is less likely to happen than a 

SNP that decreases gene expression. The ATAC-seq peaks seem even less likely. 

While not the most powerful effectors in this subset, the fact that they have this effect is 

not as expected, based on general findings about ATAC-seq peaks. 

5.10.1 SNP-dominant Models 

If SNP effects are strongest, its positive effect stands strong by itself, but is buoyed 

further by the presence of the normally repressive ATAC-seq peak. Perhaps the open 

chromatin that would normally have a repressive effect also exposes the SNP, or a 

related part of its regulatory pathway. 40,740 models (80%) follow this pattern. 

5.10.1.1 Interaction Term Second  

If the interaction term is the next strongest, the interaction described above is influential 

in bolstering the SNP's action, perhaps through one of the ways described above. 

30,437 models (62%) follow this pattern.  



 

   
 

120 
 

5.10.1.2 ATAC-seq Term Second 

If the ATAC-seq effect is the next strongest term, the interaction is of lesser importance, 

meaning that the SNP is more likely to be largely independent from the ATAC-seq peak, 

and possibly engaging in more distant regulatory interference. 10,303 models (18%) 

follow this pattern.  

5.10.2 ATAC-dominant Models 

If ATAC effects are strongest, the negative effect of the open chromatin is uncommonly 

strong, which is also unexpected. Accordingly, 503 models (1%) follow this pattern. 

5.10.2.1 Interaction Term Second  

If the interaction term is the next strongest, the ATAC-seq peak and SNP may be co-

localized, with the SNP's positive effect only really felt when the chromatin is open, at 

which point it has a throttling effect on the local regulatory feature(s). 189 models (<1%) 

follow this pattern.  

5.10.2.2 SNP Term Second  

If the SNP term is the next strongest, the SNP itself seems to be largely independent of 

the ATAC-seq peak, with the interaction modifying the negative effects of the ATAC-seq 

peak. 314 models (<1%) follow this pattern.  

5.10.3 Interaction-dominant Models 

If the interaction effects are strongest, the SNP is only partially functional without the 

usually repressive ATAC-seq peak, which may indicate co-localization that decreases 

the chance of the chromatin opening in the first place, and undermines repressive 

function in the area when it does open. 

5.10.3.2 SNP Term Second  

If the SNP term is the next strongest, the effect described above is particularly acute. 

7,158 models (14%) follow this pattern.  
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5.10.3.3 ATAC Term Second  

If the ATAC term is next strongest, localization may be one explanation, due to the low 

effects of the SNP without the ATAC-seq peak. However, the SNP may not disrupt the 

local repressive function as strongly. Alternatively, if the ATAC-seq peak is not co-

localized with the SNP, the SNP could be downstream a regulatory pathway from the 

ATAC-seq peak, and thus less effective without it. 2,639 models (5%) follow this pattern.  

 

5.11 Attribution 

Analyses in chapter 5 were performed solely by the author. 
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