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Chromosome territories
Each territory is the domain  
of a nucleus occupied by a 
chromosome.

Polycomb bodies
Discrete nuclear foci containing 
Polycomb proteins and their 
silenced target genes. Polycomb 
bodies have been observed in 
Drosophila melanogaster and 
human cells by imaging  
and in situ hybridization.

touch, they can form areas in which intermingling 
occurs, providing opportunities for potentially func-
tional interactions between loci located on different 
chromosomes9. Third, transcription does not occur 
diffusely throughout the nucleus but happens at sub-
nuclear sites enriched in RNA polymerase II and other 
components of the transcription and RNA-processing 
machinery10–12. This implies that actively transcribed 
genes tend to co-localize, possibly in specific groups 

related to their transcriptional regulators13. Finally, 
transcriptionally inactive segments of the genome also 
tend to associate with each other and often can be found 
localized at the nuclear periphery14, around nucleoli15,16 
or, in Drosophila melanogaster, at subnuclear structures 
such as Polycomb bodies17–19. These observations point to 
a spatially and functionally compartmentalized nucleus, 
in which subnuclear positioning of loci is correlated 
with gene expression.
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a  3C: converting chromatin interactions into ligation products

b  Ligation product detection methods

Crosslinking of
interacting loci Fragmentation Ligation &0#�RWTKȮECVKQP

3C

One-by-one
All-by-all

PCR or 
sequencing

4C

One-by-all

Inverse PCR
sequencing

5C

Many-by-many

Multiplexed LMA
sequencing

ChIA–PET

r�DNA shearing
r�Immunoprecipitation

Many-by-many

Sequencing

r�Biotin labelling
   of ends 
r�DNA shearing

Hi-C

All-by-all

Sequencing

Box 1 | 3C-based methods

In chromosome conformation capture (3C)-based methods (see panel a of the figure), cells are crosslinked with 
formaldehyde to link chromatin segments covalently that are in close spatial proximity. Next, chromatin is fragmented by 
restriction digestion or sonication. Crosslinked fragments are then ligated to form unique hybrid DNA molecules. Finally, 
the DNA is purified and analysed. The different 3C-based methods differ only in the way that hybrid DNA molecules, each 
corresponding to an interaction event of a pair of loci, are detected and quantified (see panel b of the figure). In classical 
3C experiments, single ligation products are detected by PCR one at the time using locus-specific primers. Given that 3C 
can be laborious, most 3C analyses typically cover only tens to several hundreds of kilobases. 4C (also known as ‘circular 
3C’ or ‘3C-on-chip’) uses inverse PCR to generate genome-wide interaction profiles for single loci48,105,106. 5C combines 3C 
with hybrid capture approaches to identify up to millions of interactions in parallel between two large sets of loci: for 
example, between a set of promoters and a set of distal regulatory elements46,107,108. 4C approaches are genome-wide but 
are anchored on a single locus. 5C analyses typically involve two sets of hundreds to thousands of restriction fragments to 
interrogate up to millions of long-range interactions that can cover up to tens of megabases and that can be contiguous 
or scattered among loci of interest throughout the genome. The Hi-C method was the first unbiased and genome-wide 
adaptation of 3C and includes a unique step in which, after restriction digestion, the staggered DNA ends are filled in 
with biotinylated nucleotides (as shown by the asterisks)64. This facilitates selective purification of ligation junctions that 
are then directly sequenced. Hi-C provides a true all-by-all genome-wide interaction map, but the resolution of this map 
depends on the depth of sequencing. When several hundred million read pairs are obtained, as is currently routine, 
chromatin interactions in the mouse or human genome can be detected at 100 kb resolution.

Other 3C variants have recently been described that differ in molecular details but that all generate comprehensive and 
genome-wide interaction maps28,47,57,75. Interestingly, technology development has now gone full circle back to 3C: the 
classical 3C method is no longer used only for analysing interactions one at the time by PCR but is now also used for 
genome-wide interaction mapping as the resulting complete 3C DNA ligation mixture can be directly sequenced on 
modern deep-sequencing platforms57. Finally, various approaches combine 3C with chromatin immunoprecipitation  
to enrich for chromatin interactions between loci bound by specific proteins of interest109,110. For instance, the  
chromatin interaction analysis by paired-end tag sequencing (ChIA–PET) method allows for genome-wide analysis of 
long-range interactions between sites bound by a protein of interest. Because ChIA–PET data represent a selected subset 
of interactions that occur in the genome, the three analysis approaches described in this article cannot directly be 
applied to this data type. LMA, ligation-mediated amplification.
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intervening genes

Long-range elements control genes through 
physical contact with promoters

Some Promoter-regulatory element interactions are 
cell specificTypical mammalian genome: 3x109 bp (≈ 900,000 HindIII fragments) 
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Promoter Capture HiCHiC

From: Nagano et al. Genome Biol. (2015)
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10- to 20-fold enrichment in promoter-involved interaction detection

Regulatory elements that interact frequently with specific promoters stand out clearly as 
interaction peaks
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2. PCHiC: sequencing, HICUP & CHiCAGO

Cell Type Biological Replicates Processed Reads Capture Unique Valid Reads Significant Interactions

Megakaryocytes 4 2,696,317,863 653,848,788 150,203

Erythroblasts 3 2,338,677,291 588,786,672 144,771   

Neutrophils 3 2,241,977,639 736,055,569 131,609

Monocytes 3 1,942,858,536 572,357,387 151,389

Macrophages M0 3 2,125,716,849 668,675,248 163,791    

Macrophages M1 3 2,067,485,594 497,683,496 163,399

Macrophages M2 3 2,055,090,022 523,561,551 173,449

Naïve B 3 2,127,262,739 629,928,642 171,439

Total B 3 1,874,130,921 702,533,922 183,119

Fetal Thymus 3 2,728,388,103 776,491,344 145,577

Naïve CD4+ 4 2,797,861,611 844,697,853 192,048

Total CD4+ 3 2,227,386,686 836,974,777 166,668

Unstimulated Total CD4+ 3 2,034,344,692 721,030,702 177,371

Stimulated Total CD4+ 3 1,971,143,855 749,720,649 188,714 

Naïve CD8+ 3 1,910,881,702 747,834,572 187,399

Total CD8+ 3 1,849,225,803 628,771,947 183,964

Endothelial Precursors 3 2,308,749,174 420,536,621 141,382

53 37,297,499,080 11,299,489,740 2,816,292
* HICUP *CHiCAGO

• 2CCNM-BN-TN-NWFDCP
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Total unique interactions 708,007

Promoter-promoter 67,781

Promoter-other end 640,226

Total unique other ends 247,962

Promoters 15,646

Non-promoter 232,316
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Median of 4 interactions per promoter fragment and cell type

55% of PIRS interacted with a single promoter fragment

Median linear distance between interacting regions of 331 Kb

10% of interactions were between fragments greater than 1 Mb apart

5,103 mapped across chromosomes 
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Cell Type Biological Replicates Processed Reads Unique Valid Reads

Megakaryocytes 2 521,346,903 180,753,223

Erythroblasts 2 477,032,218 191,539,678

Neutrophils 2 521,316,968 270,784,205

Monocytes 2 514,780,999 223,883,910

Macrophages M0 2 509,022,370 237,153,171

Naïve B 2 544,208,352 275,087,329

Naïve CD4+ 2 507,479,090 261,813,418

Naïve CD8+ 2 477,096,972 241,624,219

16 4,072,283,872 1,882,639,153

3. HiC and Reciprocal Capture System Validation

Cell Type Biological Replicates Processed Reads Capture Unique Valid Reads

Megakaryocytes 2 893,997,658 59,026,262 

Erythroblasts 2 869,224,459 60,939,193 

Unstimulated Total CD4+ 2 782,404,919 81,037,708 
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8 3,398,920,834 261,367,984 

Hi-C

Reciprocal Capture Validation



Cell Type Biological Replicates Processed Reads Unique Valid Reads

Megakaryocytes 2 521,346,903 180,753,223

Erythroblasts 2 477,032,218 191,539,678

Neutrophils 2 521,316,968 270,784,205

Monocytes 2 514,780,999 223,883,910

Macrophages M0 2 509,022,370 237,153,171

Naïve B 2 544,208,352 275,087,329

Naïve CD4+ 2 507,479,090 261,813,418

Naïve CD8+ 2 477,096,972 241,624,219

16 4,072,283,872 1,882,639,153

3. HiC and Reciprocal Capture System Validation

Cell Type Biological Replicates Processed Reads Capture Unique Valid Reads

Megakaryocytes 2 893,997,658 59,026,262 

Erythroblasts 2 869,224,459 60,939,193 

Unstimulated Total CD4+ 2 782,404,919 81,037,708 

Stimulated Total CD4+ 2 853,293,798 60,364,821 

8 3,398,920,834 261,367,984 

Hi-C

Reciprocal Capture Validation



Cell Type Biological Replicates Processed Reads Unique Valid Reads

Megakaryocytes 2 521,346,903 180,753,223

Erythroblasts 2 477,032,218 191,539,678

Neutrophils 2 521,316,968 270,784,205

Monocytes 2 514,780,999 223,883,910

Macrophages M0 2 509,022,370 237,153,171

Naïve B 2 544,208,352 275,087,329

Naïve CD4+ 2 507,479,090 261,813,418

Naïve CD8+ 2 477,096,972 241,624,219

16 4,072,283,872 1,882,639,153

3. HiC and Reciprocal Capture System Validation

Cell Type Biological Replicates Processed Reads Capture Unique Valid Reads

Megakaryocytes 2 893,997,658 59,026,262 

Erythroblasts 2 869,224,459 60,939,193 

Unstimulated Total CD4+ 2 782,404,919 81,037,708 

Stimulated Total CD4+ 2 853,293,798 60,364,821 

8 3,398,920,834 261,367,984 

Hi-C

Reciprocal Capture Validation



4. Promoter Interactomes Are Lineage and Cell Type Specific
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4. Promoter Interactomes Are Lineage and Cell Type Specific

PCA of CHiCAGO interaction scores across
all biological replicates of the 17 cell types

Hierarchical	clustering	of	the	17	cell	types	based	on	
their	CHiCAGO interaction	scores	

1st CONCLUSION: The cell-type specificity and lineage relatedness 
of promoter interactomes suggests that 3D chromatin organization 
undergoes widespread and coordinated remodeling during lineage 

specification, dynamically reshaping transcriptional decisions. 



5. Promoter-Interacting Regions Are Enriched for Regulatory Chromatin Features

Significance of PIR enrichment for histone marks expressed 
in terms of Z scores

Enrichment of PIRs for active distal enhancers

Observed to expected ratios for each 
combination of enhancer activity and the 

presence or absence of interaction
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5. Promoter-Interacting Regions Are Enriched for Regulatory Chromatin Features

Promoter	interactions	and	chromatin	features	in	the	b-globin	locus	



Promoter	interactions	and	chromatin	features	in	the	b-globin	locus	

5. Promoter-Interacting Regions Are Enriched for Regulatory Chromatin Features

2ND CONCLUSION: The dynamic nature of enhancer-promoter 
interactions is preferentially coupled with the cell type specific 

activity of the regulatory elements they connect. 



6. Enhancer Activity Associates with Lineage-Specific Gene Expression

Plot of log2-gene expression 
as a function of the number of 
interacting active enhancers 
where the promoter is active

k-means clustering of of ‘‘gene 
specificity scores’’ for genes 

based on the cell-type 
specificity of their interactions 

with active enhancers

Mean gene specificity score for each of the 
clusters plotted against analogous mean gene 
specificity scores based on expression data for 

nCD4, MK, Ery and Neu cells
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6. Enhancer Activity Associates with Lineage-Specific Gene Expression

Plot of log2-gene expression 
as a function of the number of 
interacting active enhancers 
where the promoter is active

k-means clustering of of ‘‘gene 
specificity scores’’ for genes 

based on the cell-type 
specificity of their interactions 

with active enhancers

Mean gene specificity score for each of the 
clusters plotted against analogous mean gene 
specificity scores based on expression data for 

nCD4, MK, Ery and Neu cells

3rd CONCLUSION: These results support a direct functional role of 
the identified enhancer-promoter interactions in transcriptional 

control.



7. Expression Quantitative Trait Loci Provide Evidence for PIR Regulatory Function

The proportion of SNPs that are eQTLs for the 
PIR-connected gene compared with the 

equivalent proportion at matched random 
regions in Monocytes

Example of a single common eQTL SNP 
identified for two genes (ARID1A and ZDHHC18) 

with the opposite directionality of effect. 
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7. Expression Quantitative Trait Loci Provide Evidence for PIR Regulatory Function

The proportion of SNPs that are eQTLs for the 
PIR-connected gene compared with the 

equivalent proportion at matched random 
regions in Monocytes

Example of a single common eQTL SNP 
identified for two genes (ARID1A and ZDHHC18) 

with the opposite directionality of effect. 

4th CONCLUSION: eQTLs provide functional and statistically 
supported evidence for a regulatory role of the PCHi-C-identified 
promoter interactions and demonstrate their potential to link non-

coding regulatory variants with target genes. 



8. Promoter Interactions Prioritize Target Genes of Disease-Associated SNPs

Enrichment of GWAS summary statistics at PIRs 
by tissue type. Axes reflect blockshifter Z scores 

for two different tissue group comparisons

Blockshifter enrichment Z scores of GWAS summary 
statistics in PIRs by individual tissue type using 

endothelial cells as a control. 



8. Promoter Interactions Prioritize Target Genes of Disease-Associated SNPs

Example of the COGS gene 
prioritization method in 1p13.1 

RA susceptibility region
Bubble plot of traits with significant enrichment (p.adj < 0.05) in one 

or more pathways from the Reactome pathway database. 
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The ‘‘core autoimmune disease network’’ containing the 421 highest-scoring genes prioritized for autoimmune 
disease obtained from GeneMania
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According to ImmunoBase: 

-76% of the were not previously implicated as 
causal candidates for autoimmune diseases 

- 65% fall outside of known disease susceptibility 
regions 

The ‘‘core autoimmune disease network’’ containing the 421 highest-scoring genes prioritized for autoimmune 
disease obtained from GeneMania



The ‘‘core autoimmune disease network’’ containing the 421 highest-scoring genes prioritized for autoimmune 
disease obtained from GeneMania

8. Promoter Interactions Prioritize Target Genes of Disease-Associated SNPs

5th CONCLUSION: these results reveal large numbers of newly 
identified potential disease genes and pathways and demostrate the 

power of PCHi-C for large-scale interpretation of GWAS data 



9. Take Home Messages

- We have combined HiC technology with sequence capture to enrich HiC material for interactions
involving ~22,000 known promoters in primary human cells.

- Using a peak-calling algorithm (CHiCAGO), we have detected 2.816.292 putative regulatory interactions
across 17 primary human cell types (708,007 unique interactions) at a single-restriction fragment
resolution.

- Long-range promoter interactions preferentially link active promoters and enhancers, and are highly cell-
type specific while preserving the lineage relationships between cell types.

- Patterns of promoter interactions recapitulate the haematopoieitic lineage tree, consistent with a robust
and dynamic nuclear architecture.

- There’s a strong and cell-specific enrichment of eQTLs and GWAS SNPs at promoter-interacting regions,
affirming the potential of PCHi-C data to connect non-coding regulatory variants with their putative target
genes.

- We have connected non-coding disease-associated variants to their target promoters, identifying dozens
of new disease-candidate genes and/or gene pathways.

- Taken together, this work presents the first large-scale resource of promoter interactomes from primary
cells and demonstrates its power to reveal insights into global genomic regulatory mechanisms and gene
pathways underlying disease pathologies.
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10. Questions



bmjavierre@carrerasresearch.org

Hunting	for	enthusiastic	PhD students	and	postdocs!


