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Box 1. The Four Stages of the Integrative Modeling Cycle.

Advantages

Box 2. Advantages of the Integrative Structure Modeling
Approach.
Using New Information. Integrative modeling makes it easy to take advantage
of new information and new types of information, resulting in a low barrier for
using incremental information that is generally not applied to structure
characterization. Even when a single data type is relatively uninformative,
multiple types can give a surprisingly complete picture of an assembly [9,10].
Maximizing Accuracy, Precision and Completeness. Integrative models fit
multiple types of information, and can thus be more accurate, precise, and
complete than models based on the individual sources.
Understanding and Assessing the Models. By exhaustively sampling the
space of models fitting the information, integrative modeling can find all models
fitting the information, not only one. A full sampling of the models of a structure
can improve the understanding of its function [49]. Because the data are encoded
in scoring functions and the full set of models can be found, integrative modeling
facilitates assessing the input information and output models in terms of
precision and accuracy.
Planning Experiments. Integrative modeling provides feedback to guide
future experiments, by computationally testing the impact of hypothetical
datasets. As a result, experiments can be chosen to best improve our knowledge
of the assembly.
Understanding and Assessing Experimental Accuracy. Data errors present
a challenge for all methods of model building. Integrative modeling can detect
inconsistent data as no models will exist that fit all the data. In addition,
integrative modeling facilitates the application of more sophisticated methods for
error estimation, such as Inferential Structure Determination [16].
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Complex genome organization

chromatin can be distinguished with some certainty, encompassing

interaction map64,111,112. The A or B compartment signal is not simply biphasic (representing just two states) but is
continuous112 and correlates with indicators of transcriptional activity, such as DNA accessibility, gene density, replication
timing, GC content and several histone marks. These indicators suggest that A compartments are largely euchromatic,
transcriptionally active regions.
Topologically associating domains (TADs) are distinct from the larger A and B compartments. First, analysis of embryonic
stem cells, brain tissue and fibroblasts suggests that most, but not all, TADs are tissue-invariant58,59, whereas A and B
compartments are tissue-specific domains of active and inactive chromatin that are correlated with cell-type-specific gene
expression patterns64. Second, A and B compartments are large (often several megabases) and form an alternating pattern
of active and inactive domains along chromosomes. By contrast, TADs are smaller (median size around 400–500 kb; see
zoomed in section of heat map in the figure) and can be active or inactive, and adjacent TADs are not necessarily of
opposite chromatin status. Thus, it seems that TADs are hard-wired features of chromosomes, and groups of adjacent TADs
can organize in A and B compartments (see REF. 50 for a more extensive discussion).
Shown in the figure are data for human chromosome 14 for IMR90 cells (data taken from REF. 59). In the top panel, Hi-C
data were binned at 200 kb resolution, corrected using iterative correction and eigenvector decomposition (ICE), and
the compartment graph was computed as described in REF. 112. The lower panel shows a blow up of a 4 Mb fragment of
chromosome 14 (specifically, 74.4 Mb to 78.4 Mb) binned at 40 kb.

Complex genome organization
Dekker, J., Marti-Renom, M. A. & Mirny, L. A. Exploring the three-dimensional organization of genomes: interpreting chromatin interaction data.
Nat Rev Genet 14, 390–403 (2013).
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a power law scaling between
500 kb and 7 Mb (shaded region) with a slope of –1.08 (fit
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INTRODUCTION
It is well-established that higher order chromatin organization
plays a pivotal role in genome function (Cremer and Cremer,
2001). For more than a century, the organization of chromosomes
and its functional implications in eukaryotes have been extensively studied using light microscopy (Rabl, 1885; Bover, 1909).
Electron micrographs of chromosome spreads have suggested
the presence of loops, with sizes of !90 kbp, that interact with
a postulated nuclear matrix and aggregate during mitosis into

Today, it is possible to quantitatively study structural features of
genomes at diverse scales that range from a few specific loci,
through chromosomes, to entire genomes (Table 1) [3]. Broadly,
there are two main approaches for studying genomic organization:
light microscopy and cell/molecular biology (Figure 2). Light
microcopy [4], both with fixed and living cells, can provide images
of a few loci within individual cells [5,6], as well as their dynamics
as a function of time [7] and cell state [8]. On a larger scale, light
microscopy combined with whole-chromosome staining reveals
chromosomal territories during interphase and their reorganization upon cell division. Immunofluorescence with fluorescent
antibodies in combination with RNA, and DNA fluorescence in
situ hybridization (FISH) has been used to determine the colocalization of loci and nuclear substructures.
Using cellular and molecular biology, novel chromosome
conformation capture (3C)-based methods such 3C [9], 3C-onchip or circular 3C (the so-called 4C) [10,11], 3C carbon copy
(5C) [12], and Hi-C [13] quantitatively measure frequencies of
spatial contacts between genomic loci averaged over a large

Recent experimental and computational advances are
resulting in an increasingly accurate and detailed characterization
of how genomes are organized in the three-dimensional (3D) space
of the nucleus (Figure 1) [1]. At the lowest level of chromatin
organization, naked DNA is packed into nucleosomes, which
forms the so-called chromatin fiber composed of DNA and
proteins. However, this initial packing, which reduces the length of
the DNA by about seven times, is not sufficient to explain the
higher-order folding of chromosomes during interphase and
metaphase. It is now accepted that chromosomes and genes are
non-randomly and dynamically positioned in the cell nucleus
during the interphase, which challenges the classical representation of genomes as linear static sequences. Moreover, compartmentalization, chromatin organization, and spatial location of
genes are associated with gene expression and the functional status
of the cell. Despite the importance of 3D genomic architecture,
we have a limited understanding of the molecular mechanisms that
determine the higher-order organization of genomes and its
relation to function. Computational biology plays an important
role in the plethora of new technologies aimed at addressing this
knowledge gap [2]. Indeed, Thomas Cremer, a pioneer in studying nuclear organization using light microscopy, recently highlighted the importance of computational science in complementing and leveraging experimental observations of genome organization [2]. Therefore, computational approaches to integrate
experimental observations with chromatin physics are needed to
determine the architecture (3D) and dynamics (4D) of genomes.
We present two complementary approaches to address this
challenge: (i) the first approach aims at developing simple polymer
models of chromatin and determining relevant interactions (both

Citation: Marti-Renom MA, Mirny LA (2011) Bridging the Resolution Gap in
Structural Modeling of 3D Genome Organization. PLoS Comput Biol 7(7):
e1002125. doi:10.1371/journal.pcbi.1002125
Editor: Philip E. Bourne, University of California San Diego, United States of
America
Published July 14, 2011
Copyright: ! 2011 Marti-Renom, Mirny. This is an open-access article
distributed under the terms of the Creative Commons Attribution License, which
permits unrestricted use, distribution, and reproduction in any medium, provided
the original author and source are credited.
Funding: MAM-R acknowledges support from the Spanish Ministry of Science
and Innovation (BFU2010-19310). LM is acknowledging support of the NCI-funded
MIT Center for Physics Sciences in Oncology. The funders had no role in decision
to publish, or preparation of the manuscript.
Competing Interests: The authors have declared that no competing interests
exist.
* E-mail: mmarti@cipf.es

1

July 2011 | Volume 7 | Issue 7 | e1002125

Published: 19 April 2009
Genome Biology 2009, 10:R37 (doi:10.1186/gb-2009-10-4-r37)

© 2009 Fraser et al.; licensee BioMed Central Ltd.
This is an open access article distributed under the terms of the Creative Commons Attribution License (http://creativecommons.org/licenses/by/2.0), which
permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.
Chromatin
<p>A
suite conformation
of computer programs
signatures
to identify genome-wide chromatin conformation signatures with 5C technology is reported.</p>

rosettes containing !18 loops, resulting in !100 rosettes per average chromosome (Paulson and Laemmli, 1977; Paulson, 1988;
Pienta and Coffey, 1984). Similar rosette-like structures have
been detected in interphase cells (Okada and Commings, 1979).
As a first approach to resolving chromosome conformation,
fluorescence in situ hybridization studies, measuring spatial distances in interphase nuclei between genomic markers as a function of genomic separation, suggested a random walk behavior
(Trask et al., 1991). However, confinement of chromosome
arms and bands to territories indicated the presence of spatial
constraints. More recent observations showed that the spatial
distance depends on the genomic distance according to a power
law with exponents of 0.5 below and 0.32 above a genomic separation of 4 Mbp (Trask et al., 1993; Warrington and Bengtsson,
1994; Sachs et al., 1995; Münkel and Langowski, 1998). The constraints and the scaling behavior suggested a Random-Walk/
Giant-Loop (RW/GL) configuration (Sachs et al., 1995; Yokota
et al., 1995). In the RW/GL model, the 30 nm fiber forms 2 to 5
Mbp loops that are attached to a polymer backbone. The backbone and the chromatin fiber within the loops follow random
walk dynamics. However, distance measurements between
genetic markers with genomic separations of less than 4 Mbp
were incompatible with the RW/GL model, but were consistent
with another topology, named the Multi-Loop-Subcompartment
(MLS) model (Münkel and Langowski, 1998; Knoch, 2002). The
MLS model proposes that the 30 nm fiber is folded into rosettes
of small loops, connected by linkers of variable sizes.
Recently computer models have been developed to evaluate
and test experimental results, designs and hypotheses about the
three-dimensional genome organization (Knoch et al., 2000;
Knoch, 2002). Beyond supporting the chromatin organization
into chromosome territory, arm and band domains, these simulations may reveal how the local, global and dynamic characteristics
of cell nuclei are inter-connected (Knoch et al., 2000; Knoch, 2002).
How genes are regulated by spatial rearrangement has been
a topic of intensive study. In prokaryotes, transcriptional

Abstract
One of the major genomics challenges is to better understand how correct gene expression is
orchestrated. Recent studies have shown how spatial chromatin organization is critical in the
regulation of gene expression. Here, we developed a suite of computer programs to identify
chromatin conformation signatures with 5C technology http://Dostielab.biochem.mcgill.ca. We
identified dynamic HoxA cluster chromatin conformation signatures associated with cellular
differentiation. Genome-wide chromatin conformation signature identification might uniquely
identify disease-associated states and represent an entirely novel class of human disease
biomarkers.

Rationale

Cell specialization is the defining hallmark of metazoans and
results from differentiation of precursor cells. Differentiation
is characterized by growth arrest of proliferating cells followed by expression of specific phenotypic traits. This process
is essential throughout development and for adult tissue
maintenance. For example, improper cellular differentiation
in adult tissues can lead to human diseases such as leukemia
[1,2]. For this reason, identifying mechanisms involved in differentiation is not only essential to understand biology, but
also to develop effective strategies for prevention, diagnosis
and treatment of cancer. Suzuki et al. recently defined the
underlying transcription network of differentiation in the
THP-1 leukemia cell line [3]. Using several powerful genomics approaches, this study challenges the traditional views
that transcriptional activators acting as master regulators
mediate differentiation. Instead, differentiation is shown to
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We describe Hi-C, a method that probes the three-dimensional architecture of whole genomes by
coupling proximity-based ligation with massively parallel sequencing. We constructed spatial proximity
maps of the human genome with Hi-C at a resolution of 1 megabase. These maps confirm the
presence of chromosome territories and the spatial proximity of small, gene-rich chromosomes.
We identified an additional level of genome organization that is characterized by the spatial segregation
of open and closed chromatin to form two genome-wide compartments. At the megabase scale, the
chromatin conformation is consistent with a fractal globule, a knot-free, polymer conformation that
enables maximally dense packing while preserving the ability to easily fold and unfold any genomic locus.
The fractal globule is distinct from the more commonly used globular equilibrium model. Our results
demonstrate the power of Hi-C to map the dynamic conformations of whole genomes.

T

he three-dimensional (3D) conformation of
chromosomes is involved in compartmentalizing the nucleus and bringing widely
separated functional elements into close spatial
proximity (1–5). Understanding how chromosomes
fold can provide insight into the complex relationships between chromatin structure, gene activity,
and the functional state of the cell. Yet beyond the
scale of nucleosomes, little is known about chromatin organization.
1
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Long-range interactions between specific pairs
of loci can be evaluated with chromosome conformation capture (3C), using spatially constrained
ligation followed by locus-specific polymerase
chain reaction (PCR) (6). Adaptations of 3C have
extended the process with the use of inverse PCR
(4C) (7, 8) or multiplexed ligation-mediated amplification (5C) (9). Still, these techniques require
choosing a set of target loci and do not allow
unbiased genomewide analysis.
Here, we report a method called Hi-C that
adapts the above approach to enable purification
of ligation products followed by massively parallel sequencing. Hi-C allows unbiased identification of chromatin interactions across an entire
genome.We briefly summarize the process: cells
are crosslinked with formaldehyde; DNA is digested with a restriction enzyme that leaves a 5′
overhang; the 5′ overhang is filled, including a
biotinylated residue; and the resulting blunt-end
fragments are ligated under dilute conditions that
favor ligation events between the cross-linked
DNA fragments. The resulting DNA sample contains ligation products consisting of fragments
that were originally in close spatial proximity in
the nucleus, marked with biotin at the junction.
A Hi-C library is created by shearing the DNA
and selecting the biotin-containing fragments
with streptavidin beads. The library is then analyzed by using massively parallel DNA sequencing, producing a catalog of interacting fragments
(Fig. 1A) (10).
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We created a Hi-C library from a karyotypically normal human lymphoblastoid cell line
(GM06990) and sequenced it on two lanes of
an Illumina Genome Analyzer (Illumina, San
Diego, CA), generating 8.4 million read pairs that
could be uniquely aligned to the human genome
reference sequence; of these, 6.7 million corresponded to long-range contacts between segments >20 kb apart.
We constructed a genome-wide contact matrix
M by dividing the genome into 1-Mb regions
(“loci”) and defining the matrix entry mij to be the
number of ligation products between locus i and
locus j (10). This matrix reflects an ensemble
average of the interactions present in the original
sample of cells; it can be visually represented as
a heatmap, with intensity indicating contact frequency (Fig. 1B).
We tested whether Hi-C results were reproducible by repeating the experiment with the same
restriction enzyme (HindIII) and with a different
one (NcoI). We observed that contact matrices for
these new libraries (Fig. 1, C and D) were
extremely similar to the original contact matrix
[Pearson’s r = 0.990 (HindIII) and r = 0.814
(NcoI); P was negligible (<10–300) in both cases].
We therefore combined the three data sets in
subsequent analyses.
We first tested whether our data are consistent
with known features of genome organization (1):
specifically, chromosome territories (the tendency
of distant loci on the same chromosome to be near
one another in space) and patterns in subnuclear
positioning (the tendency of certain chromosome
pairs to be near one another).
We calculated the average intrachromosomal
contact probability, In(s), for pairs of loci separated by a genomic distance s (distance in base
pairs along the nucleotide sequence) on chromosome n. In(s) decreases monotonically on every
chromosome, suggesting polymer-like behavior
in which the 3D distance between loci increases
with increasing genomic distance; these findings
are in agreement with 3C and fluorescence in situ
hybridization (FISH) (6, 11). Even at distances
greater than 200 Mb, In(s) is always much greater
than the average contact probability between different chromosomes (Fig. 2A). This implies the
existence of chromosome territories.
Interchromosomal contact probabilities between pairs of chromosomes (Fig. 2B) show
that small, gene-rich chromosomes (chromosomes
16, 17, 19, 20, 21, and 22) preferentially interact
with each other. This is consistent with FISH
studies showing that these chromosomes frequently colocalize in the center of the nucleus
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Although extremely powerful, several observations indicate
that implementation of new technologies will be required to
gain a full appreciation of how cells differentiate. First, gene
expression is controlled by a complex array of regulatory DNA
elements. Each gene may be controlled by multiple elements
and each element may control multiple genes [4]. Second, the
functional organization of genes and elements is not linear
along chromosomes. For example, a given element may regulate distant genes or genes located on other chromosomes
without affecting the ones adjacent to it [4,5]. Third, gene regulation is known to involve both local and long-range chro-
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require the concerted up- and down-regulation of numerous
transcription factors. This study provides the first integrated
picture of the interplay between transcription factors, proximal promoter activity, and RNA transcripts required for differentiation of human leukemia cells.
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Layered on top of information conveyed by DNA sequence and
chromatin are higher order structures that encompass portions of
chromosomes, entire chromosomes, and even whole genomes1–3.
Interphase chromosomes are not positioned randomly within the
nucleus, but instead adopt preferred conformations4–7. Disparate
DNA elements co-localize into functionally defined aggregates or
‘factories’ for transcription8 and DNA replication9. In budding
yeast, Drosophila and many other eukaryotes, chromosomes adopt
a Rabl configuration, with arms extending from centromeres adjacent to the spindle pole body to telomeres that abut the nuclear
envelope10–12. Nonetheless, the topologies and spatial relationships
of chromosomes remain poorly understood. Here we developed a
method to globally capture intra- and inter-chromosomal interactions, and applied it to generate a map at kilobase resolution of
the haploid genome of Saccharomyces cerevisiae. The map recapitulates known features of genome organization, thereby validating
the method, and identifies new features. Extensive regional and
higher order folding of individual chromosomes is observed.
Chromosome XII exhibits a striking conformation that implicates
the nucleolus as a formidable barrier to interaction between DNA
sequences at either end. Inter-chromosomal contacts are anchored
by centromeres and include interactions among transfer RNA
genes, among origins of early DNA replication and among sites
where chromosomal breakpoints occur. Finally, we constructed a
three-dimensional model of the yeast genome. Our findings provide a glimpse of the interface between the form and function of a
eukaryotic genome.
Chromosome conformation capture (3C) and its derivatives have
been used to detect long-range interactions within and between chromosomes13–20. We developed a method for identifying chromosomal
interactions genome-wide by coupling chromosome conformation
capture-on-chip (4C)14 and massively parallel sequencing (Fig. 1 and
Supplementary Methods). Because all 3C-based technologies are
encumbered by low signal-to-noise ratios18,21, we established the
method’s reliability by assessing: (1) random intermolecular ligations
from each of five control libraries (Fig. 2a, Supplementary Tables 1
and 2 and Supplementary Methods); (2) restriction site-based biases
(Fig. 2b, Supplementary Figs 1 and 2 and Supplementary Table 3); (3)
reproducibility between independent sets of experimental libraries
that differed in DNA concentration at the 3C step, which critically
influences signal-to-noise ratios (Supplementary Table 1, Fig. 2b and
c and Supplementary Fig. 2); (4) consistency between the HindIII and
EcoRI libraries (Supplementary Figs 3–5 and Supplementary Tables
4–8), and (5) a set of 24 chromosomal interactions using conventional 3C (Fig. 2d, Supplementary Fig. 6). These results show that our
method is reliable and robust (detailed in Supplementary Methods).
We established yeast genome architecture features using interactions
from the HindIII libraries at a false discovery rate (FDR) of 1%, and

confirmed them with interactions from the EcoRI libraries at the
same threshold.
From our HindIII libraries, we identified 2,179,977 total interactions at an FDR of 1%, corresponding to 65,683 interactions between
distinct pairs of HindIII fragments. We used these data to generate
conformational maps of all 16 yeast chromosomes. The overall propensity of HindIII fragments to engage in intra-chromosomal interactions varied little between chromosomes, ranging from 436
interactions per HindIII fragment on chromosome XI to 620 interactions per HindIII fragment on chromosome IV (Supplementary
Table 9). These results indicate broadly similar densities of selfinteraction (intra-chromosomal interaction) between chromosomes
and indicate that the density of self-interaction does not vary with
chromosome size (Supplementary Fig. 7).
Some large segments of chromosomes showed a striking propensity to interact with similarly sized regions of the same chromosome.
For example, two regions on chromosome III (positions 30–90 kilobases (kb), and 105–185 kb) showed an excess of interactions (Fig. 3
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Figure 1 | Schematic depiction of the method. Our method relies on the 4C
procedure by using cross-linking, two rounds of alternating restriction
enzyme (RE) digestion (6-bp-cutter RE1 for the 3C-step digestion and 4-bpcutter RE2 for the 4C-step digestion) and intra-molecular ligation. At step 7,
each circle contains the 6-bp restriction enzyme recognition site originally
used to link the two interacting partner sequences (RE1). Diverging from 4C,
we relinearize the circles using RE1, then sequentially insert two sets of
adaptors, one of which permits digestion with a type IIS or type III
restriction enzyme (such as EcoP15I). Following EcoP15I digestion,
fragments are produced that incorporate interacting partner sequence at
either end, which can be rendered suitable for deep sequencing (see
Supplementary Methods).

1
Institute for Stem Cell and Regenerative Medicine, University of Washington, Seattle, Washington 98195-8056, USA. 2Department of Medicine, University of Washington Seattle,
Washington 98195-8056, USA. 3Department of Genome Sciences, University of Washington, Seattle, Washington 98195-5065, USA. 4Graduate Program in Molecular and Cellular
Biology, University of Washington, Seattle, Washington 98195-5065, USA. 5Howard Hughes Medical Institute.
*These authors contributed equally to this work.

289

1
©2010 Macmillan Publishers Limited. All rights reserved

The three-dimensional folding of the A-globin gene
domain reveals formation of chromatin globules
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What Does Technology Show Us?

This is an ‘‘Editors’ Outlook’’ article for PLoS
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SUMMARY

The immunoglobulin heavy-chain (Igh) locus is organized into distinct regions that contain multiple variable (VH), diversity (DH), joining (JH) and constant
(CH) coding elements. How the Igh locus is structured
in 3D space is unknown. To probe the topography of
the Igh locus, spatial distance distributions were determined between 12 genomic markers that span the
entire Igh locus. Comparison of the distance distributions to computer simulations of alternative chromatin arrangements predicted that the Igh locus is
organized into compartments containing clusters of
loops separated by linkers. Trilateration and triplepoint angle measurements indicated the mean relative 3D positions of the VH, DH, JH, and CH elements,
showed compartmentalization and striking conformational changes involving VH and DH-JH elements
during early B cell development. In pro-B cells, the
entire repertoire of VH regions (2 Mbp) appeared to
have merged and juxtaposed to the DH elements,
mechanistically permitting long-range genomic interactions to occur with relatively high frequency.

Downloaded from www.sciencemag.org on January 7, 2010

advent of fluorescent in situ hybridization imaging and
chromosome conformation capture methods, the availability of experimental data on genome three-dimensional
organization has dramatically increased. We now have
access to unprecedented details of how genomes
organize within the interphase nucleus. Development of
new computational approaches to leverage this data has
already resulted in the first three-dimensional structures
of genomic domains and genomes. Such approaches
expand our knowledge of the chromatin folding principles, which has been classically studied using polymer
physics and molecular simulations. Our outlook describes
computational approaches for integrating experimental
data with polymer physics, thereby bridging the resolution gap for structural determination of genomes and
genomic domains.
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physical and biological) that explain experimental observations; (ii)
the second approach aims at integrating diverse experimental
observations into a system of spatial restraints to be satisfied,
thereby constraining possible structural models of the chromatin.
The goal of both approaches is dual: to obtain most accurate 3D
and 4D representation of chromatin architecture and to understand physical constraints and biological phenomena that determine
its organization. These approaches are reminiscent of the proteinfolding field where the first strategy was used for characterizing
protein ‘‘foldability’’ and the second was implemented for modeling
the structure of proteins using nuclear magnetic resonance and
other experimental constraints. In fact, our outlook consistently
returns to the many connections between the two fields.

Abstract: Over the last decade, and especially after the
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The 3D Structure of the Immunoglobulin
Heavy-Chain Locus: Implications
for Long-Range Genomic Interactions

We developed a general approach that combines chromosome
conformation capture carbon copy (5C) with the Integrated
Modeling Platform (IMP) to generate high-resolution threedimensional models of chromatin at the megabase scale.
We applied this approach to the ENm008 domain on human
chromosome 16, containing the a-globin locus, which is
expressed in K562 cells and silenced in lymphoblastoid cells
(GM12878). The models accurately reproduce the known
looping interactions between the a-globin genes and their
distal regulatory elements. Further, we find using our approach
that the domain folds into a single globular conformation in
GM12878 cells, whereas two globules are formed in K562
cells. The central cores of these globules are enriched for
transcribed genes, whereas nontranscribed chromatin is more
peripheral. We propose that globule formation represents a
higher-order folding state related to clustering of transcribed
genes around shared transcription machineries, as previously
observed by microscopy.
Currently, efforts are directed at producing high-resolution genome
annotations in which the positions of functional elements or specific
chromatin states are mapped onto the linear genome sequence 1.
However, these linear representations do not indicate functional or
structural relationships between distant elements. For instance, recent
insights suggest that widely spaced functional elements cooperate to
regulate gene expression by engaging in long-range chromatin looping interactions. The three-dimensional (3D) organization of chromosomes is thought to facilitate compartmentalization2,3, chromatin
organization4 and spatial sequestration of genes and their regulatory
elements5–7, all of which may modulate the output and functional
state of the genome. A general approach for determining the spatial
organization of chromatin can aid in the identification of long-range
relationships between genes and distant regulatory elements as well as
in the identification of higher-order folding principles of chromatin
in general.
Chromosome conformation capture (3C)-based assays use formaldehyde cross-linking followed by restriction digestion and intramolecular

ligation to study chromatin looping interactions7–12. 3C-based assays
have been used to show that specific elements such as promoters,
enhancers and insulators are involved in the formation of chromatin
loops5,7,13–16. The frequencies at which loci interact reflect chromatin
folding7,17, and thus comprehensive chromatin interaction data sets
can help researchers build spatial models of chromatin.
Previously, chromatin conformation has been modeled using
polymer models8,18 and molecular-dynamics simulations19, which
have proven valuable for understanding general features of chromatin
fibers, including flexibility and compaction20,21. However, such methods
only partially leverage the current wealth of experimental data on chromatin folding. Recently, experimentally driven approaches, in combination with computational modeling, have resulted in low-resolution
models for the topological conformation of the immunoglobulin
heavy chain22, the HoxA23 loci and the yeast genome24. However,
those methods were limited by the resolution and completeness of the
input experimental data22, by insufficient model representation, scoring and optimization23, or by limited analysis of the 3D models24.
To overcome such limitations, we developed a new approach that
couples high-throughput 5C experiments9 with the IMP25. We applied
this approach to determine the higher-order spatial organization of
a 500-kilobase (kb) gene-dense domain located near the left telomere of human chromosome 16 (Fig. 1a). Embedded in this cluster
of ubiquitously expressed housekeeping genes is the tissue-specific
A-globin locus that is expressed only in erythroid cells. This 500-kb
domain corresponds to the ENm008 region extensively studied by the
ENCODE pilot project (Fig. 1b)1.
The A-globin locus has been used widely as a model to study the
mechanism of long-range and tissue-specific gene regulation15,26–30.
The A-globin genes are upregulated by a set of functional elements
characterized by the presence of DNase I–hypersensitive sites (HSs)
located 33 to 48 kb upstream of the Z gene. One of these elements, HS40,
is considered to be of particular importance31,32. This element can act
as an enhancer in reporter constructs and its deletion greatly affects
activation of the A-globin genes33. HS40 is bound by several erythroid
transcription factors including GATA factors and NF-E2 (ref. 34).
Notably, previous 3C studies have demonstrated direct long-range
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