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Figure 1 | Overview of a ChIP–seq experiment. Using chromatin immunoprecipitation 
(ChIP) followed by massively parallel sequencing, the specific DNA sites that interact 
with transcription factors or other chromatin-associated proteins (non-histone ChIP) 
and sites that correspond to modified nucleosomes (histone ChIP) can be profiled. The 
ChIP process enriches the crosslinked proteins or modified nucleosomes of interest 
using an antibody specific to the protein or the histone modification. Purified DNA can 
be sequenced on any of the next-generation platforms12. The basic concepts are similar 
for different platforms: common adaptors are ligated to the ChIP DNA and clonally 
clustered amplicons are generated. The sequencing step involves the enzyme-driven 
extension of all templates in parallel. After each extension, the fluorescent labels that 
have been incorporated are detected through high-resolution imaging. On the 
Illumina Solexa Genome Analyzer (bottom left), clusters of clonal sequences are 
generated by bridge PCR, and sequencing is performed by sequencing-by-synthesis. 
On the Roche 454 and Applied Biosystems (ABI) SOLiD platforms (bottom middle), 
clonal sequencing features are generated by emulsion PCR and amplicons are 
captured on the surface of micrometre-scale beads. Beads with amplicons are then 
recovered and immobilized to a planar substrate to be sequenced by pyrosequencing 
(for the 454 platform) or by DNA ligase-driven synthesis (for the SOLiD platform). On 
single-molecule sequencing platforms such as the HeliScope by Helicos (bottom right), 
fluorescent nucleotides incorporated into templates can be imaged at the level of 
single molecules, which makes clonal amplification unnecessary.

Heterochromatin
A region of highly compact 
chromatin. Constitutive 
heterochromatin is largely 
composed of repetitive DNA.

ChIP–seq the genome coverage is not limited by the rep-
ertoire of probe sequences fixed on the array. This is par-
ticularly important for the analysis of repetitive regions 
of the genome, which are typically masked out on arrays. 
Studies involving heterochromatin or microsatellites, for 

instance, can be done much more effectively by ChIP–seq.  
Sequence variations within repeat elements can be 
captured by sequencing and used to map reads to the 
genome; unique sequences that flank repeats are also 
helpful in aligning the reads to the genome. For exam-
ple, only 48% of the human genome is non-repetitive, but 
80% is mappable with 30 bp reads and 89% is mappable 
with 70 bp reads38.

All profiling technologies produce unwanted  
artefacts, and ChIP–seq is no exception. Although 
sequencing errors have been reduced substantially as 
the technology has improved, they are still present, 
especially towards the end of each read. This problem 
can be ameliorated by improvements in alignment algo-
rithms (see below) and computational analysis. There is 
also bias towards GC-rich content in fragment selection, 
both in library preparation and in amplification before 
and during sequencing14,39, although notable improve-
ments have been made recently. In addition, when an 
insufficient number of reads is generated, there is loss of 
sensitivity or specificity in detection of enriched regions. 
There are also technical issues in performing the experi-
ment, such as loading the correct amount of sample: too 
little sample will result in too few tags; too much sample 
will result in fluorescent labels that are too close to one 
another, and therefore lower quality data.

However, the main disadvantage with ChIP–seq 
is its current cost and availability. Several groups have 
successfully developed and applied their own proto-
cols for library construction, which has lowered that 
cost substantially. But the overall cost of ChIP–seq, 
which includes machine depreciation and reagent cost, 
will have to be lowered further for it to be comparable 
with the cost of ChIP–chip in every case. For high- 
resolution profiling of an entire large genome, ChIP–seq 
is already less expensive than ChIP–chip, but depend-
ing on the genome size and the depth of sequencing 
needed, a ChIP–chip experiment on carefully selected 
regions using a customized microarray may yield as 
much biological understanding. The recent decrease in 
sequencing cost per base pair has not affected ChIP–seq 
as substantially as other applications, as the decrease 
has come as much from increased read lengths as 
from the number of sequenced fragments. The gain in  
the fraction of reads that can be uniquely aligned to the 
genome decreases noticeably after ~25–35 bp and is 
marginal beyond 70–100 nucleotides40. However, as the 
cost of sequencing continues to decline and institutional 
support for sequencing platforms continues to grow,  
ChIP–seq is likely to become the method of choice for 
nearly all ChIP experiments in the near future.

Issues in experimental design
Antibody quality. The value of any ChIP data, includ-
ing ChIP–seq data, depends crucially on the quality of 
the antibody used. A sensitive and specific antibody will 
give a high level of enrichment compared with the back-
ground, which makes it easier to detect binding events. 
Many antibodies are commercially available, and some 
are noted as ChIP grade, but the quality of different anti-
bodies is highly variable and can also vary among batches 
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