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Most chromatin interactions are not in linkage
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Chromatin interactions and linkage disequilibrium (LD) are both pairwise measurements between genomic loci that show
block patterns along mammalian chromosomes. Their values are generally high for sites that are nearby in the linear ge-
nome but abruptly drop across block boundaries. One function of chromatin boundaries is to insulate regulatory domains
from one another. Since recombination is depressed within genes and between distal regulatory elements and their promot-
ers, we hypothesized that LD and chromatin contact frequency might be correlated genome-wide with the boundaries of LD
blocks and chromatin domains frequently coinciding. To comprehensively address this question, we compared chromatin
contacts in 22 cell types to LD across billions of pairs of loci in the human genome. These computationally intensive analyses
revealed that there is no concordance between LD and chromatin interactions, even at genomic distances below 25 kilobases
(kb) where both tend to be high. At genomic distances where LD is approximately zero, chromatin interactions are frequent.
While LD is somewhat elevated between distal regulatory elements and their promoters, LD block boundaries are depleted
—not enriched—at chromatin boundaries. Finally, gene expression and ontology data suggest that chromatin contacts
identify regulatory variants more reliably than do LD and genomic proximity. We conclude that the genomic architectures
of genetic and physical interactions are independent, with important implications for gene regulatory evolution, interpre-
tation of genetic association studies, and precision medicine.

[Supplemental material is available for this article.]

Genetic variants ranging from large-scale chromosomal rearrange-
ments to single nucleotide polymorphisms (SNPs) can impact
gene function by altering exonic sequence or by changing gene
regulation. Recent studies estimate that 93% of disease-associated
variants are in noncoding DNA (Welter et al. 2014) and 60% of
causal variants map to regulatory elements (Farh et al. 2015), ac-
counting for 79% of phenotypic variance (Gusev et al. 2014).
Additionally, disease-associated variants are enriched in regulatory
regions (Kundaje et al. 2015), especially those from tissues relevant
to the phenotype (Parker et al. 2013). Functionally annotating
noncoding variants and correctly mapping causal variants to the
genes and pathways they affect is critical for understanding disease
mechanisms and using genetics in precision medicine (Kim et al.
2016a; Liang et al. 2017; Lu et al. 2017; Nishizaki and Boyle 2017).

Regulatory variants can affect phenotypes by changing the
expression of target genes up to several megabases (Mb) away
(Claussnitzer et al. 2015; Kirsten et al. 2015; Javierre et al. 2016;
Won et al. 2016), well beyond their LD block (median length
~1-2 kb) (Supplemental S1B). This prompted Corradin and col-
leagues to conclude that a gene’s regulatory program is not related
to local haplotype structure (Corradin et al. 2016). Even when a ge-
nome-wide association study (GWAS) SNP is in LD with a gene that
has a plausible biological link to the phenotype, the causal variant
may be in a nearby noncoding region regulating a different gene
(Kim et al. 2016b; Mitchel et al. 2016). Highlighting the long range
of regulatory interactions, Mumbach and colleagues found that
only 14% of 684 autoimmune variants in T cells targeted their clos-
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est gene; 86% skipped one or more intervening genes to reach their
target, and 64% of variants interacted with multiple genes
(Mumbach et al. 2017). Won and colleagues found that 65% of en-
hancers in two human brain regions do not interact with their
closest gene, and 40% of genes have tissue-specific interactions
(Won et al. 2016). Thus, many phenotype-associated variants are
in noncoding regions far away and in low LD with the promoters
they regulate, and they may be involved in tissue-specific regulato-
ry interactions that genomic distance and LD do not capture.
Distal noncoding variants can cause changes in gene reg-
ulation and phenotypes via three-dimensional (3D) chromatin
interactions. For example, an obesity-associated FTO variant
(rs1421085) was found to disrupt an ARIDSB repressor motif in
an enhancer for IRX3/IRX5 during adipocyte differentiation, in-
creasing obesity risk (Claussnitzer et al. 2015). A second study
showed that a schizophrenia-associated SNP (rs1191551) regulates
the expression of distal gene FOXG1 in two zones of the developing
human cerebral cortex, rather than targeting the nearby gene
PRKD1 (Won et al. 2016). Another example is a SNP associated
with papillary thyroid cancer (rs965513) in an LD block containing
several enhancer variants that contact the promoter of FOXE1 and
alter its expression (He et al. 2015). In addition, mutagenesis
screens identified multiple distal variants that lead to cancer drug
resistance by decreasing CUL3 expression (Sanjana et al. 2016).
Finally, a common variant linked to five cardiovascular diseases af-
fects the EDN1 gene via an intermediate common contact site con-
taining a cluster of enhancers (Gupta et al. 2017). These validated
causal SNPs demonstrate that regulatory variants can be located
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Chromatin and genetic maps uncorrelated

far from their target promoters in distinct LD blocks (IRX3/IRX5
~1.2 Mb, FOXG1 ~760 kb, CUL3 ~100 kb, FOXE1 ~60 kb, EDN1
~600 kb), and they can operate via more complex mechanisms
than direct SNP-promoter interactions.

New understanding of the 3D genome from high-throughput
chromatin capture (Hi-C) and imaging data suggests that regulato-
ry variants and their target genes commonly have low LD.
Mammalian genomes are partitioned into regions enriched for
chromatin interactions at multiple scales, including topologically
associating domains (TADs, median length 880 kb) (Dixon et al.
2012) and contact domains (sub-TADs, median length 250 kb)
(Rao et al. 2014). While these chromatin domains resemble the
nested block patterns of LD, they have a different origin: insulating
chromatin boundary elements that are rarely crossed by chromatin
interactions versus frequency of recombination events over gener-
ations. Different proteins interact with DNA to mediate these pro-
cesses: PRDM9 in the case of recombination (Baudat et al. 2010),
and structural proteins such as CTCF in the case of chromatin
boundaries (Ong and Corces 2014). Thus, one might not expect
similarity a priori.

On the other hand, there are several reasons to think that Hi-
C and LD maps might be correlated. First, LD is high and chroma-
tin interactions are common at genomic distances <25 kb. Hence,
LD and chromatin contact frequencies might be correlated at this
scale even though some causal SNPs regulate promoters over long
genomic distances where LD is approximately zero. Second, tran-
scribed regions tend to have relatively high LD (McVean et al.
2004; Myers et al. 2005). Extending this finding, Liu and col-
leagues observed that LD is higher than expected in genomic inter-
vals between distal regulatory elements and their interacting
promoters (“recombination valleys”) (Liu et al. 2017). These rela-
tionships between regulatory domains and recombination rates
raise the possibility of a genome-wide association between chro-
matin contact frequency and LD due to the strong enrichment
of regulatory interactions within versus between chromatin do-
mains (Rao et al. 2014). The relative contributions of these differ-
ent factors to the chromatin and genetic architectures of the
human genome are not known.

To comprehensively evaluate the genome-wide correspon-
dence between interphase chromatin contact maps and LD maps,
we conducted a quantitative analysis of billions of pairs of SNPs
from the 1000 Genomes Project (The 1000 Genomes Project
Consortium 2015) combined with high-resolution Hi-C data
from five diverse cell lines (Rao et al. 2014) and promoter capture
Hi-C (PCHi-C) data from 17 primary blood cell types (Javierre
etal. 2016). To link our findings to functional regulatory variation
in a consistent cellular context, we integrated the blood cell chro-
matin interaction data with B cell expression quantitative trait
loci (eQTL) (Fairfax et al. 2012) and blood-relevant phenotypes
from the GWAS catalog (MacArthur et al. 2017). This massive anal-
ysis showed that LD and Hi-C maps are uncorrelated.

Results

To comprehensively compare the genomic architectures of LD and
chromatin contacts, we generated two types of data structures from
publicly available data (Supplemental Table S1). The first includes
LD blocks and pairwise LD between all high-quality, bi-allelic
SNPs across individuals from each of the 1000 Genomes Project su-
per-populations (AFR: African, AMR: Admixed American, EAS: East
Asian, EUR: European, SAS: South Asian) (The 1000 Genomes
Project Consortium 2015). The second records contact frequencies

between all pairs of fragments in 22 human cell types with high-res-
olution Hi-C (Rao et al. 2014) or promoter capture Hi-C (Javierre
et al. 2016) data that measure interactions between baited promot-
ers and promoter interacting regions (PIRs). These chromatin con-
tact data were used to generate lists of statistically significant
interacting regions and distance-matched regions with nonsignifi-
cant interactions for each cell type using methods that account for
expected contact frequencies and adjust for multiple testing.
Significant chromatin interactions from Hi-C were computed using
Juicer (Durand et al. 2016) and represent statistical enrichment of
contacts over a particular choice of local background, whereas
those from PCHi-C were computed using CHICAGO (Cairns et al.
2016) and indicate if a region is likely to be in the same contact
domain with a promoter or not. Due to the resolution of chromatin
interaction assays, we could not compare LD to 3D proximity of
sites separated by <5 kb where both values are expected to be high.
We implemented efficient algorithms to perform computa-
tionally intensive analyses spanning these approximately 1.6 mil-
lion LD blocks, 27 billion SNP pairs, and 3.1 million statistically
significant chromatin interactions (Supplemental Table S1). By an-
alyzing the genome-wide relationship between LD and chromatin
contacts from multiple perspectives, we show that LD is not corre-
lated with chromatin interaction frequency. Our results also dem-
onstrate that chromatin interactions are better than LD and
genomic distance at capturing functional relationships between
noncoding SNPs and the genes and phenotypes they regulate.

Chromatin interactions and LD have different genomic
architectures

Both LD and chromatin contact frequency measure the strength of
a relationship between pairs of genomic sites. However, these two
measures differ fundamentally in their scales: Chromatin contacts
span much longer distances (Fig. 1). Genetic architecture forms LD
blocks of median length 2 kb (combined 1000 Genomes super-pop-
ulations) in which a percentage of SNP pairs exceed a common
threshold of R?>0:8 (Gabriel et al. 2002). Most SNPs in the genome
are located in LD blocks several kb or less (Supplemental Fig. S1),
though strong LD pairs have a median distance of 13 kb, as they
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Figure 1. LD blocks and strong LD pairs (R? > 0.8) operate across tens of
kb or less, while chromatin interactions and multiscale domains enriched
for chromatin interactions span hundreds of kb. eQTLs lie roughly in be-
tween. Summaries are computed over all super-populations, tissue types,
or cell types in each data set.
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can be located in different blocks. On the other hand, the 3D archi- (Dixon et al. 2012). This difference is evident when contact fre-
tecture of chromatin forms regions enriched for interactions at quency from a particular cell type is plotted alongside LD from
much longer scales, including focal interactions (median 270 kb) any of the 1000 Genomes super-populations, both at the scale of
(Rao et al. 2014) (median 350 kb) (Javierre et al. 2016), contact do- TADs (Fig. 2A) and within smaller contact domains (Fig. 2B) where
mains (median 250 kb) (Rao et al. 2014), and TADs (median 840 kb) chromatin interactions are frequent but LD structure is low or
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Figure 2. An annotated matrix illustrates differences between the genomic scales of LD (The 1000 Genomes Project Consortium 2015) (R?, upper trian-
gle, green) versus Hi-C contact frequency (Rao et al. 2014) (lower triangle, purple). Rows and columns are binned genomic coordinates (hg19 assembly)
with lower bins near the upper left; for example, row 10 column 11 stores the LD between a bin and its neighbor, while row 11 column 10 stores the contact
frequency for the same pair of bins. More frequent contacts (5-kb bins) are darker purple; higher LD (averaged over nonzero LD pairs in 1-kb bins) are darker
green. Contact domains (nested purple squares) and significant interactions (orange squares) were computed from Hi-C data. LD blocks (green squares)
were computed from 1000 Genomes genotypes. While some LD blocks fall within contact domains, there are also many cases where they overlap domain
boundaries. (A) A representative 6.6-Mb locus on Chromosome 4 shows Hi-C contacts (NHEK cells) span much longer distances than LD (EAS super-pop-
ulation). (B) A 600-kb locus on the same chromosome illustrates the complexities of mapping a noncoding SNP (rs17032996) to a target gene. The closest
gene MANBA falls within the same LD block as the SNP. However, Hi-C data shows the SNP contacts the SLC9B2 gene ~460 kb away in NHEK cells, skipping
over intervening expressed gene MANBA. rs17032996 is also an eQTL in B cells (Fairfax et al. 2012) and significantly interacts with SLC9B2 in several blood
cell types (Javierre et al. 2016). (C) In HUVEC cells, the SNP no longer interacts with SLC9B2, and several contact domains are lost.
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limited to smaller LD blocks. Due to this difference in scale, non-
coding SNPs frequently contact genes located hundreds of kb
away without being in LD with those genes (Fig. 2B). These distal
chromatin interactions may differ across cell types, whereas LD
does not (Fig. 2C). A similar example is shown in Supplemental
Figure S2.

To quantify the decay rates of LD versus chromatin contacts
genome-wide, we analyzed all pairs of sites separated by a given ge-
nomic distance with respect to Hi-C contact frequency (Rao et al.
2014) versus LD in 1000 Genomes individuals. This showed that
contact frequency decays with genomic distance much slower
than LD both across (Fig. 3; Supplemental Fig. S3) and within hu-
man populations (Supplemental Figs. S4, S5). Furthermore, statisti-
cally significant chromatin interactions occur between genomic
regions separated by dozens, hundreds, or even thousands of LD
blocks (Supplemental Fig. S6A,B), while most SNP pairs with non-
zero LD cross 0-2 contact domains (Supplemental Fig. S6C). PCHi-
C data shows the same broad trends (Supplemental Fig. S7). In
summary, genetic and physical architectures of human chromo-
somes differ at multiple scales.

Chromatin contact frequencies have low concordance with LD
across genomic distances

Contact frequency and LD could still be correlated at shorter geno-
mic distances where LD is more often nonzero. To explore this pos-
sibility, we analyzed the concordance of frequent Hi-C contacts
(top 25% of contact frequencies) and strong LD values (R*>0:8)
for pairs of sites separated by distances ranging from 5 kb to 1.2
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Both (A-E) Hi-C contact frequency (Rao et al. 2014) and (F) LD are anti-correlated with ge-
nomic distance (Spearman’s correlation between —0.50 and —0.71 for Hi-C across cell lines; it is —0.52 for
LD). LD decays toward zero at much shorter genomic distances than contact frequency, with high LD
SNP pairs concentrated below 50 kb. In contrast, Hi-C contacts are common up to and exceeding the
median length of contact domains (250 kb) or TADs (840 kb). All plots display nonzero values from their
respective data sets. Contact frequencies (panels A-E) vary in approximate proportion to sequencing
depth and number of replicates per cell line (Supplemental Table ST). Panel Fincludes 836 million bi-al-
lelic SNP pairs on Chromosome 14, which is representative of other chromosomes. Supplemental Figure
S3 shows decay up to 2 Mb, while this figure highlights decay up to 100 kb. Supplemental Figure S4
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Mb (Methods). As expected, chromatin interactions and strong
LD co-occur most often for pairs of sites <10 kb apart, ranging
across super-populations from ~10% (AFR) to 40% (EAS) of site
pairs, while being fairly consistent across cell types within a su-
per-population. This level of concordance is similar to what is ex-
pected if there is no association between the two variables (Fig. 4),
and it decays rapidly with genomic distance as significant chroma-
tin interactions continue to occur but average LD approaches
zero in each super-population (Fig. 3). Frequent Hi-C contacts
and strong LD do co-occur significantly more than expected at ge-
nomic distances beyond 100 kb, consistent with recombination
valleys between regulatory elements and target genes at this geno-
mic distance (Liu et al. 2017). However, this effect is very small in
magnitude, and both the observed and the expected rate are close
to zero. In other words, frequent Hi-C contacts over 100 kb have
higher LD than distance-matched noninteracting sites, but most
Hi-C contacts are not in LD. Together, these patterns suggest
that concordance between frequent chromatin interactions and
LD is largely driven by the genomic architecture of LD.

LD is not elevated in significant chromatin interactions

Next, we compared LD and chromatin structure focusing on stat-
istically significant chromatin interactions, as these might harbor
high LD SNPs even if less frequent chromatin contacts are rarely
genetically linked. For each statistically significant and distance-
matched nonsignificant interaction, we computed the maximum
LD between pairs of SNPs occurring on opposing fragments. The
log ratio of interacting versus noninteracting fragment LD is close
to 0 across all super-populations and cell
types (Fig. 5; Supplemental Table S2), in-
dicating no elevation of LD at interacting
regions. In addition, LD is very low be-
tween noncoding regions and interact-
ing promoters in PCHi-C data, with
2%-7% of interacting fragments located
within the same LD block (Table 1).
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In our final comparison of LD and chro-
matin interaction maps, we examined
patterns of LD around chromatin do-
main boundaries. For each super-popula-
tion, we evaluated the distribution of LD
block sizes as a function of distance to
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domain boundaries tend to be spanned
by some of the longest LD blocks in the
human genome (Supplemental Fig. S8A,
B). To further explore this pattern, we
compared the median distance between
GM12878 contact domain boundaries
and their nearest LD block boundary to
the distribution of median distances after
permuting LD block locations. For all
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Figure 4. Frequent Hi-C contacts (top 25%) and strong LD (R?>0.8) co-occur <50% of the time at
short genomic distances. Concordance is cut nearly in half at 40 kb, where most LD has decayed to 0,
and is nearly 0 at many scales where statistically significant chromatin interactions occur. Maximum con-
cordance and rate of decay vary by super-population, with AFR having only ~12% concordance at short
genomic distances. LD is elevated compared to expectation at the longest genomic distances, although
the effect size is small and median LD is close to zero.

LD is low between distal regulatory SNPs
and their genes

Genetic variants associated with statisti-
cally significant differences in a gene’s
expression (eQTLs) provide evidence of
functional relationships between regula-
tory regions and genes separated by
long genomic distances. Indeed, target
genes of GTEx eQTLs (GTEx Consortium
2017) and blood eQTLs (Fairfax et al.
2012) have median distances of 49 and
113 kb, respectively. Combined with
our other findings, these distances sug-
gest that a distal eQTL and its target
gene are likely to have zero LD and thus
be separated by a large number of LD
blocks (though this is not universally
true). We therefore compared the fre-
quency of eQTLs among noncoding re-
gions that interact with gene promoters
versus distance-matched regions that do
not, using B cells where both PCHi-C
(Javierre et al. 2016) and eQTL (Fairfax
et al. 2012) data are available. Across su-
per-populations, we found that statisti-
cally significant chromatin interactions
are highly enriched for eQTLs across ge-
nomic distances up to 2 Mb (Figs. 1, 6;
Supplemental Fig. S9), consistent with
previous studies (Kirsten et al. 2015). In
contrast, regions in strong LD with a pro-
moter are only enriched for eQTLs at ge-
nomic distances <200 kb, and the odds
ratios for these proximal eQTLs are small-
er (~4 versus ~20). Thus, both distal and

super-populations, the observed median distance is significantly proximal eQTLs are more accurately mapped to their promoters
longer than expected (Supplemental Fig. S8C). These results with PCHi-C data than with genomic distance or LD. These results

show that LD block boundaries do not coincide with chromatin emphasize that eQTLs are often in 3D proximity to their target
domain boundaries, and LD is, in fact, elevated across chromatin promoters regardless of genomic distance, despite having low or
boundaries. zero LD.
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Figure 5. The maximum pairwise LD between SNPs located on the fragments of statistically significant and distance-matched nonsignificant chromatin
interactions (interaction LD) was computed for five Hi-C and 17 PCHi-C data sets. The log ratio of mean interaction LD for significant versus nonsignificant
interactions quantifies how well LD acts as a proxy for chromatin interactions; a log ratio greater than 0 indicates significant interactions are enriched for SNPs
in strong LD. However, the log ratio is near O for all cell types and super-populations, indicating that LD is not a sufficient proxy for chromatin interactions.
Supplemental Table S2 provides numeric values for this figure; log ratios smaller or larger than 0 are the result of relatively small differences in weak LD.
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Table 1. Accuracy of LD and closest gene heuristics compared to
chromatin interactions

Cell Closest LD LD LD LD LD
type gene (AFR) (AMR) (EAS) (EUR) (SAS)
Mon 9.9% 2.1% 4.3% 5.5% 5.0% 4.8%
Mac0 9.4% 1.7% 3.5% 4.4% 4.2% 4.0%
Macl 10.1% 2.1% 4.4% 5.4% 5.1% 4.9%
Mac2 10.4% 2.2% 4.6% 5.6% 5.5% 5.2%
Neu 9.8% 2.5% 5.1% 6.3% 6.0% 5.4%
MK 11.9% 3.0% 5.9% 7.4% 6.9% 6.6%
EP 10.9% 2.4% 4.8% 6.0% 5.7% 5.4%
Ery 8.7% 2.8% 5.7% 7.0% 6.7% 6.3%
FoeT 7.0% 2.0% 4.1% 5.1% 4.8% 4.6%
nCD4 8.8% 2.4% 5.0% 6.3% 5.9% 5.6%
tCD4 7.9% 2.0% 4.1% 5.2% 4.9% 4.7%
aCD4 9.3% 2.3% 4.9% 6.2% 5.8% 5.5%
naCD4 8.6% 2.0% 4.3% 5.4% 5.1% 4.8%
nCD8 8.4% 2.4% 4.8% 6.1% 5.7% 5.4%
tCD8 9.2% 2.7% 5.3% 6.7% 6.2% 5.9%
nB 9.0% 2.2% 4.4% 5.8% 5.4% 5.1%
tB 8.7% 2.2% 4.2% 5.6% 5.2% 4.9%

We evaluated the accuracy of two heuristics for assigning gene targets
to noncoding regions using baited promoters and PIRs from statistically
significant PCHi-C interactions in 17 blood cell types (Javierre et al.
2016) as ground truth. These chromatin interactions target the closest
promoter 7%-12% of the time. Across super-populations, they target a
gene in the same LD block as the PIR 2%-7% of the time. Cell type ab-
breviations are defined in Supplemental Table STA.

Mapping noncoding variants to genes with Hi-C produces more
functional enrichments than genomic distance or LD

If regulatory interactions are common at large genomic distances
where LD is approximately zero, then GWAS SNPs linked to genes
via Hi-C should include more true gene targets than using closest
genes or genes in LD with the SNP (even though noncoding SNPs
can tag causal coding SNPs). If true, then the set of genes associated
with GWAS hits via Hi-C should also share more functional anno-
tations. To test this idea, we examined the magnitude and statisti-
cal significance of Gene Ontology (GO) enrichments for genes
associated with all GWAS SNPs for a given phenotype via PCHi-
C interactions (all blood cell types, all genes with PIRs overlapping
the SNP) (Javierre et al. 2016), genomic distance (closest promoter
to the SNP), or genetic distance (all promoters in the same LD block
as the SNP). These statistical tests account for differences in the
numbers of genes associated with SNPs by each method and are ro-
bust to correlations between GO terms (Methods). Most blood-rel-
evant phenotypes in the GWAS catalog (MacArthur et al. 2017)
had the largest number of significantly enriched GO terms using
blood cell PCHi-C assignment (Fig. 7A,B) compared to LD or clos-
est gene approaches. LD-based assignment occasionally produced
a limited number of terms with more significant adjusted P-values
than those from PCHi-C assignment (Fig. 7B). Nonetheless, using
LD resulted in fewer GO terms associated with the phenotype and
a lower area-under-the-curve than PCHi-C. As a negative control,
we examined GWAS SNPs for phenotypes not relevant to blood
and found few significant GO terms (Fig. 7C), as expected. With
these negative control phenotypes, the closest gene and LD ap-
proaches sometimes have a number of significant GO enrichments
while PCHi-C does not (Fig. 7D), confirming that PCHi-C enrich-
ments are tissue-specific. These results highlight the need for chro-
matin interaction data collected in the cell type of interest to avoid
false positive GO enrichments and to harness the power of chro-
matin structure for functional assignment.

Discussion

Chromatin interactions and LD are both pairwise measurements
between genomic loci that show block patterns along mammalian
chromosomes. Given their similar structure, it might be tempting
to speculate that LD blocks correspond to or are contained within
three-dimensional chromatin domains. On the other hand, there
is growing awareness that regulatory interactions need not be in
LD or nearby on the genome, with many recent examples of distal
enhancers and eQTLs documented in the literature. We also know
that chromatin domains and LD blocks have different origins
(PRDM9-mediated recombination versus CTCF-mediated insula-
tion of regulatory regions). Despite these compelling hypotheses
and examples, the correlation of LD and chromatin interaction
maps has not been quantified systematically genome-wide until
now. To address this question, we developed diverse, computa-
tionally efficient statistical analyses to compare genome-wide
LD and chromatin interaction maps across different length scales.
Leveraging five cell lines (Rao et al. 2014), 17 human primary
blood cell types (Javierre et al. 2016), and five super-populations
from the 1000 Genomes Project (The 1000 Genomes Project Con-
sortium 2015), we discovered that human LD maps are not corre-
lated with chromatin interaction maps at genomic distances of
5 kb or more.

The main factor driving these differences is the frequency of
chromatin interactions over genomic distances where the genetic
linkage between SNPs is close to zero. Significant chromatin inter-
actions often span hundreds or sometimes thousands of LD blocks.
This result does not contradict the existence of recombination val-
leys between distal regulatory regions and their promoters at ~100-
200 kb (Liu et al. 2017). This is because (1) regulatory interactions
are a subset of all distal chromatin interactions, and (2) despite
higher than expected LD within regulatory domains, most distal
regulatory SNPs and their target promoters have zero LD. Even at
genomic distances where contact frequencies and LD are both
high on average, the correlation between their block patterns is
weak. Furthermore, some of the largest LD blocks in the human
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Figure 6. (A) B cell eQTLs (Fairfax et al. 2012) are significantly enriched
in statistically significant B cell PCHi-C interactions (Javierre et al. 2016) at
both proximal (<200 kb) and distal (200 kb to 2 Mb) distances from their
promoters, with an odds ratio of ~20 (natural log odds ratio of ~3). (B)
eQTLs are significantly enriched only at proximal distances and with small-
er odds ratios (~4) when conditioning on bait fragments containing the
closest gene to the promoter-interacting fragment, or (C) conditioning
on interacting fragments being in strong LD (maximum pairwise R?>0.8
for any super-population) with bait fragments. Whiskers are 95% confi-
dence intervals.
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promoters is available in limited cell
types and can be expensive to generate.
This has slowed the adoption of chroma-
tin interaction data as a new paradigm
for mapping noncoding variants (e.g.,
GWAS loci) to genes. Our findings under-
score the importance of generating or
computationally predicting chromatin
structure across many more cell types.
In addition to highlighting the
need for incorporating chromatin inter-
actions into functional assignment, the
discordance between chromatin contact

GO Term (sorted by g-value)
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frequency and LD has evolutionary im-
plications. One consequence is that en-
tire TADs or sub-TADs do not typically
segregate as single haplotypes in human
populations, enabling independent se-
lection on regulatory variants versus the
promoter and coding variants of their tar-
get genes. Furthermore, large LD blocks
that span chromatin domain boundaries
indicate that regulatory and coding vari-
ants from one domain can segregate
with variants from the adjacent domain.
The fact that haplotype breakpoints do
not align with chromatin boundaries
may indicate that recombination is dele-
terious at these functional elements.
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These findings are different from ob-
servations regarding fixed structural dif-

phenotypes from the GWAS catalog (MacArthur et al. 2017). Methods for functional assignment of SNPs
include using the closest gene, all genes within the same LD block (EUR super-population), and promoter
capture bait genes with a SNP located in the promoter-interacting region of a statistically significant
blood cell chromatin interaction (Javierre et al. 2016). Gray horizontal lines indicate false discovery
rate (FDR) cutoffs of 1%, 5%, and 10%. (A,B) In blood-relevant phenotypes, PCHi-C bait genes interact-
ing in 3D with GWAS SNPs typically show more enrichment for a larger number of terms than same-LD-
block or closest gene approaches, whose enrichment is affected by large numbers of false positives and
negatives. (C,D) For non-blood phenotypes, chromatin interactions in the wrong cell type can have little
or no enrichment. Statistically significant enrichments are occasionally detected with the closest gene
and same-LD-block approaches, perhaps reflecting the cell-type specificity of PCHi-C over these

ferences between genomes of various
mammals, which tend to preserve TADs
with breakpoints enriched at TAD bound-
aries (Krefting et al. 2018; Lazar et al.
2018). We therefore conclude that, while
chromatin domains are functional geno-
mic entities maintained as syntenic units
over evolutionary time, recombination is

approaches.

genome span chromatin domain boundaries. This suggests that
chromatin boundaries may be recombination cold spots for some
of the same reasons as regulatory domains (e.g., methylation or
closed chromatin in the germ line) (Liu et al. 2017). Together, these
results clarify on a genome-wide scale that human recombination
patterns and interphase chromatin organization are largely
uncorrelated.

This study has important implications for associating non-
coding variants with genes, downstream phenotypes, and molec-
ular mechanisms. Our results verify on a genome-wide scale that
variants have great potential to regulate genes beyond their LD
block. This holds consistently across super-populations and cell
types. Hence, mapping candidate regulatory variants to the closest
gene or other genes in the same LD block will typically miss most
chromatin interactions between the variant and gene promoters.
In addition, LD is the same in all cell types whereas within-TAD
regulatory interactions vary across cell types (Fig. 2; Supplemental
Fig. S2; Rao et al. 2014). However, genomic distance is easy to
compute and thus continues to be used despite its known short-
comings. In contrast, chromatin interaction data of sufficient res-
olution (~1-5 kb) for linking specific regulatory variants to

largely independent of interphase chro-

matin structure. This creates novel haplo-
types of the genomic elements within TADs on which selection
can operate.

Methods

In order to perform large scale analyses, some caveats were neces-
sary in order to place reasonable bounds on compute time and
memory, even in a high-performance computing environment.
For example, LD was computed between SNP pairs up to 2 Mb
apart and stored if LD was 0.01 or greater. Also, the resolution
of Hi-C and PCHi-C data prevented examining correlations be-
tween chromatin interactions and LD at genomic distances below
5 kb.

Hi-C data (Rao et al. 2014) was obtained from the NCBI Gene
Expression Omnibus using accession GSE63525, including con-
tact domains, statistically significant interactions, and sparse
contact matrices along with coefficients for normalization and
expectation. Promoter capture Hi-C data (Javierre et al. 2016)
was obtained from Open Science Framework (https://osf.io/
u8tzp). These data sets were aligned to hg19 by their respective
authors and were not realigned to hg38 to facilitate direct
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comparison with their results. Given the observed levels of statis-
tical significance, we do not expect these results to depend on
the use of hg19.

Analyses utilized BCFtools 1.6 (Li 2011), BEDTools 2.27.1
(Quinlan and Hall 2010), PLINK 1.90b5 (Changet al. 2015), pandas
0.22.0 (McKinney 2012), Matplotlib 2.1.1 (Hunter 2007), seaborn
0.8.1 (http://doi.org/10.5281/zenodo.883859), ggplot 2.2.1
(Wickham 2009), and GNU Parallel 20171222 (Tange 2011).
Python 3.6.4 was provided by the Miniconda distribution; R
3.4.3 (R Core Team 2018) was compiled from source using gcc 7.2.1.

Linkage disequilibrium

Bi-allelic SNPs from phase 3 of the 1000 Genome Project were first
converted to PLINK’s binary BED format (-make-bed -allow-
extra-chr -biallelic-only), and the pairwise LD computed
(-r2 dprime) for all SNPs with a minimum MAF of 5% (-maf
0.05) located within 2 Mb of each other (-1d-window-kb
2000). The number of pairwise comparisons allowed within a
window was increased (-1d-window 10000), and the default R?
filter lowered from 20% down to 1% (-1d-window-r2 0.01).
Pairs below this threshold were assigned R*=0. LD computa-
tions were performed separately for each super-population by
using the 1000 Genomes panel file (integrated call samples
v3.20130502.ALL.panel) and the -filter flag.

LD blocks were computed using PLINK (utilizing the algo-
rithm from Gabriel et al. 2002) with the -blocks no-pheno-
req no-small-max-span -blocks-max-kb 2000 flags. Blocks
were computed separately for each super-population using the
same —filter flag and panel file.

Interacting versus noninteracting LD

For each 1000 Genomes super-population, bi-allelic SNPs with
a minimum MAF of 5% were intersected with either Hi-C
(Rao et al. 2014) or promoter capture Hi-C (Javierre et al. 2016)
fragments using the bedtools pairtobed command with the
-type both flag. For each pair of interacting fragments, the max-
imum LD between SNPs on different fragments was computed.
The mean of this maximum pairwise LD was computed separately
for statistically significant and nonsignificant interactions in order
to compute a ratio.

Raw chromatin interaction data was processed by tools that
assess the statistical significance of interactions between pairs of
loci. Hi-C data was processed by Juicer (Durand et al. 2016), while
PCHi-C was processed by CHiCAGO (Cairns et al. 2016). These
tools have several differences (detailed in their respective publica-
tions) including whether loci are first binned to improve statistical
power, as well as models for the null distribution of chromatin
contacts. Statistically significant Hi-C interactions (positives)
were generated from binned contact matrices using the Juicer pipe-
line at 10% false discovery rate (FDR) (GEO accession GSE63525).
Binned interactions were shuffled along the same chromosome
(bedtools shuffle -chrom) to obtain distance-matched nonsig-
nificant interactions (negatives). PCHi-C positives and negatives
were obtained from a list of interactions scored by the CHiCAGO
pipeline (https://osf.io/u8tzp). Following the original paper, inter-
actions with a score less than five were treated as negatives and
were distance-matched to positives using quantile binning of in-
teraction distance.

Hi-C versus LD concordance

Observed over expected Hi-C values were computed using formu-
las from Rao et al. (2014) applied to VC-normalized contact counts
at 5-kb resolution for each cell line. For comparable resolution, LD

per 5-kb genomic bin was computed for each 1000 Genomes su-
per-population using the 75th percentile of pairwise LD values
in the bin. This was more robust to outliers and heavily zero-
skewed LD distributions than the average or median.

Concordance was computed based on whether a bin’s LD val-
ue was strong (R?>0:8) and its chromatin contact frequency was
strong (above the 75th percentile of contact frequencies) for all
bins located in nonoverlapping genomic windows of fixed
size. This was repeated for window sizes of 5, 10, 20, 40, 80, 160,
320, 640, and 1280 kb to examine concordance across multiple
scales and without variation introduced by different TAD-calling
algorithms.

eQTL statistics

B cell eQTL coordinates (Fairfax et al. 2012) were intersected with
naive B cell promoter capture Hi-C interactions (Javierre et al.
2016); the eQTL was required to overlap the promoter-interacting
region and the eQTL target was required to overlap the bait frag-
ment. The presence or absence of an interacting eQTL was stored
in a binary vector. Next, the closest gene to each promoter-
interacting fragment was computed using BEDTools closest and
Ensembl gene annotations. The presence or absence of the closest
gene in the corresponding bait fragment was stored in a binary vec-
tor. Next, the statistical significance of chromatin interactions
(thresholded using a CHiCAGO score of 5) was stored in a binary
vector. Finally, a vector stored the maximum pairwise LD between
fragments for each super-population.

eQTLs were tested for enrichment in (1) statistically signifi-
cant chromatin interactions, (2) interactions where the bait was
the closest gene, and (3) interactions where the maximum pairwise
LD between fragments was greater than 0.8 for any super-popula-
tion. Interactions were quantile binned by distance up to 2 Mb to
prevent zero-count entries in the contingency table. Odds ratios, P-
values, and confidence intervals were computed using logistic re-
gression (R’s glm function with family=‘binomial’ and the
confint function) for each distance bin.

Gene Ontology enrichment

The promoter-interacting region of statistically significant PCHi-C
interactions (Javierre et al. 2016) was intersected with SNPs for the
30 most abundant phenotypes in the GWAS catalog (release 2018-
01-31) (MacArthur et al. 2017). For each phenotype and each GO
term, a Fisher’s exact test was computed on a 2 by 2 contingency
table counting if the interaction contained a GWAS SNP for the
phenotype in its PIR and whether or not the interaction’s bait
gene was annotated with that GO term. Fisher’s exact test is signif-
icant if more genes interact with a GWAS SNP and have the GO
term than expected given the counts of genes with and without
GWAS SNPs as well as the counts of genes with and without the
GO term (i.e., conditional on the marginal totals in the 2 by 2 ta-
ble). This makes the resulting P-value conditional on gene counts,
facilitating comparisons across phenotypes and GO terms. Fisher’s
exact test is also possible and has reasonable power when gene
counts are low. To correct for multiple hypothesis testing, we ap-
plied the Benjamini-Hochberg false discovery rate adjustment to
the resulting P-values. For comparison, this was repeated for the
closest gene to each GWAS SNP, as well as all genes in the same
LD block as the GWAS SNP. We note that the hierarchical structure
of GO will result in correlations between tests for related GO terms.
The Benjamini-Hochberg adjustment is robust to this type of clus-
tered dependence (positive regression dependence). While the
number of significant GO terms is expected to be higher in parts
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of the GO hierarchy with more nested terms, this inflation should
affect all three ways of mapping GWAS SNPs to genes equally.

Software availability

Source code is available as Supplemental File S1 and from GitHub
(https://github.com/shwhalen/loopdis).
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