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densities, shifting the strands relative to each other by increasing
distance. All of the examined data sets exhibit a clear peak in the
strand cross-correlation profile, corresponding to the predominant
size of the protected region (Fig. 1d and Supplementary Fig. 1
online). The magnitude of the peak reflects the fraction of tags in
the data set that appears in accordance with the expected binding tag
pattern. In an ideal case, when all of the sequenced tags participate in
such binding patterns, the correlation magnitude reaches a maximum
value. Conversely, the magnitude decreases as tag positions are
randomized (Supplementary Fig. 2 online).

Using variable-quality tag alignments
Although some tags align perfectly with the reference genome, others
align only partially, with gaps or mismatches. Poorly aligned tags may
result from experimental problems such as sample contamination,
correspond to polymorphic or unassembled regions of the genome,
or reflect sequencing errors. For the Solexa platform, the sequencing
errors are more abundant toward the 3¢ ends of the sequenced
fragments, frequently resulting in partial alignments that include
only the portions of the tags near the 5¢ ends. We estimate that this
increase in mismatch frequencies towards 3¢ termini accounts for
41–75% of all observed mismatches in the examined data sets
(Supplementary Fig. 3 online). As it is not unusual to have
450% of the total tags result in only partial
alignment, inclusion of tags that are par-
tially aligned but still informative is impor-
tant for optimizing use of any data set11,12.
We therefore chose to use the length of the
match and the number of nucleotides cov-
ered by mismatches and gaps to classify the
quality of tag alignment (Table 1 and Sup-
plementary Table 2 online).

Given a classification of tags by quality of
alignment, we propose to use the strand
cross-correlation profile to determine
whether a particular class of tags should be

included in further analysis. A set of tags informative about the
binding positions should increase cross-correlation magnitude,
whereas a randomly mapped set of tags should decrease it (Supple-
mentary Fig. 2). Using this approach for the NRSF data set (Fig. 2),
we found that alignments with matches spanning at least 18 bp and
zero mismatches improved the cross-correlation profile. However,
only full-length (25 bp) matches should be considered for tags with
two mismatches. Using this criterion to accept tags increased their
number over the set of perfectly aligned tags by 27% for the NRSF
data set, 30% for the CTCF data set and 36% for the STAT1 data set
(Supplementary Fig. 4 online). The incorporation of these tags
improved sensitivity and accuracy of the identified binding positions
(Supplementary Fig. 5 online).

Controlling for background tag distribution
The statistical significance of the tag clustering observed for a putative
protein binding position depends on the expected background pat-
tern. The simplest model assumes that the background tag density is
distributed uniformly along the genome and independently between
the strands11. In addition to the NRSF ChIP sample, Johnson et al.2

have sequenced a control input sample, providing an experimental
assessment of the background tag distribution. We found that the
background tag distribution exhibits a degree of clustering that is
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Figure 1 Protein-binding detection from ChIP-seq data. (a) Main steps of the proposed ChIP-seq processing pipeline. (b) Schematic illustration of ChIP-seq
measurements. DNA is fragmented or digested, and fragments cross-linked to the protein of interest are selected with immunoprecipitation. The 5¢ ends
(squares) of the selected fragments are sequenced, typically forming groups of positive- and negative-strand tags on the two sides of the protected region.
The dashed red line illustrates a fragment generated from a long cross-link that may account for the tag patterns observed in CTCF and STAT1 data sets.
(c) Tag distribution around a stable NRSF binding position. Vertical lines show the number of tags (right axis) whose 5¢ position maps to a given location on
positive (red) or negative (blue) strands. Positive and negative values on the y-axis are used to illustrate tags mapping to positive and negative strands,
respectively. The solid curves show tag density for each strand (left axis, based on Gaussian kernel with s ¼ 15 bp). (d) Strand cross-correlation for the
NRSF data. The y-axis shows Pearson linear correlation coefficient between genome-wide profiles of tag density of positive and negative strands, shifted
relative to each other by a distance specified on the x-axis. The peak position (red vertical line) indicates a typical distance separating positive- and
negative-strand peaks associated with the stable binding positions.

Table 1 Classification of tag alignments based on the length of the match and the number
of mismatches

16 17 18 19 20 21 22 23 24 25

0 63,388 50,613 34,707 21,230 16,775 14,453 11,068 6,556 54,455 1,234,829

1 16,625 25,991 24,715 23,431 17,540 12,705 31,416 192,975

2 295 3436 7,939 6,042 6,379 16,495

The table gives the number of NRSF data set tags whose best alignment falls within each class, as defined by the
length of alignment (columns) and the number of mismatches (rows). The tags from the NRSF data set were aligned
using BLAT. The number of mismatches includes the number of nucleotides covered by gaps.

1352 VOLUME 26 NUMBER 12 DECEMBER 2008 NATURE BIOTECHNOLOGY

A N A LY S I S

©
20

08
 N

at
ur

e 
Pu

bl
is

hi
ng

 G
ro

up
  h

ttp
://

w
w

w
.n

at
ur

e.
co

m
/n

at
ur

eb
io

te
ch

no
lo

gy

Kharchenko	
  PV,	
  Tolstorukov	
  MY,	
  Park	
  PJ.	
  2008.	
  Nat	
  Biotechnol.	
  

Cross	
  CorrelaNon	
  

4	
  



Figure 4. (Legend on next page)
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April 2012, 478 ChIP-seq data sets had been submitted to GEO
at accession ID PRJNA63441, with submission of all current
ENCODE data to be completed by June 2012. UCSC houses the
ENCODE data (Rosenbloom et al. 2011) and modMine houses
the modENCODE data (Contrino et al. 2011).

Box 4 provides a detailed description of the data and experi-
mental and analytical details to be shared so that others can re-
produce both experiments and analyses. Shared information includes
the experimental procedures for performing the ChIP, antibody in-
formation and validation data, as well as relevant DNA sequencing,
peak calling, and analysis details. For ENCODE experiments that do
not meet the guidelines described above, data and results may be
reported, with a note indicating that the criteria have not been met
and explaining why the data are nevertheless released.

Discussion
The ENCODE and ModENCODE standards and practices presented
here will be further revised as the protocols, technologies, and our
understanding of the assays change. Updated versions will be re-
leased and made available at http://encodeproject.org/ENCODE/
experiment_guidelines.html. We have begun to address the central
but vexing issue of immune reagent specificity and performance
by establishing a menu of primary and secondary methods for
antibody characterization, including performance-reporting prac-
tices. We also developed and applied global metrics to assess the

quality of several aspects of an individual ChIP-seq experiment:
Library complexity can be measured by the nonredundant fraction
(NRF); immunoenrichment can be measured by the fraction of reads
in called peaks (FRiP) and by cross-correlation analysis (NSC/RSC);
and replicate significance can be measured by IDR. We related these
global quality measures to more traditional inspection of ChIP-seq
browser tracks (Fig. 5) and discuss below how different aspects of
data quality interact with specific uses of ChIP-seq data.

How good can a ChIP-seq experiment be?
Thus far, the most successful point-source factor experiments
for ENCODE have FRiP values of 0.2–0.5 (factors such as REST,
GABP, and CTCF) (Fig. 4C) and NSC/RSC values of 5–12. Al-
though these quality scores and characteristics were routinely
obtained for the best-performing factor/antibody combinations,
they are not the rule; for most transcription factors, the ChIP
quality metrics were substantially lower and more variable (Fig. 7).
We believe that multiple issues contribute to the variability; the
quality of antibody (affinity and specificity) is surely important, but
epitope availability within fixed chromatin, sensitivity of the anti-
body to post-translational modifications of the antigen, how long and
how often the protein is bound to DNA, and other physical charac-
teristics of the protein–DNA interaction likely also contribute. Further
work with epitope-tagged factors, for which the antibody is not
a variable, should begin to sort among the possibilities.

Figure 6. The irreproducible discovery rate (IDR) framework for assessing reproducibility of ChIP-seq data sets. (A–C ) Reproducibility analysis for a pair
of high-quality RAD21 ChIP-seq replicates. (D,E ) The same analysis for a pair of low quality SPT20 ChIP-seq replicates. (A,D) Scatter plots of signal scores
of peaks that overlap in each pair of replicates. (B,E ) Scatter plots of ranks of peaks that overlap in each pair of replicates. Note that low ranks correspond
to high signal and vice versa. (C,F ) The estimated IDR as a function of different rank thresholds. (A,B,D,E ) Black data points represent pairs of peaks that pass
an IDR threshold of 1%, whereas the red data points represent pairs of peaks that do not pass the IDR threshold of 1%. The RAD21 replicates show high
reproducibility with ;30,000 peaks passing an IDR threshold of 1%, whereas the SPT20 replicates show poor reproducibility with only six peaks passing
the 1% IDR threshold.
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How good does a ChIP-seq experiment need to be?

We have observed that some biologically important sites can have
modest ChIP-seq signals (Fig. 4B), while some sites with very high
enrichment fail to give positive functional readouts in follow-up

experiments. Given this, the best practical guidance for setting
thresholds of sensitivity, specificity, and reproducibility will depend
on how the data are to be used. Below, we outline four different
common ChIP uses, ranging from more relaxed to stringent in
their requirements toward data quality and site-calling sensitivity.

Figure 7. Analysis of ENCODE data sets using the quality control guidelines. (A–C) Thresholds and distribution of quality control metric values in human
ENCODE transcription-factor ChIP-seq data sets. (A) NSC, (B) RSC, (C ) NRF. (D) IDR pipeline for assessing ChIP-seq quality using replicate data sets. (E,F ) Thresholds
and distribution of IDR pipeline quality control metrics in human ENCODE transcription factor ChIP-seq data sets. (Dashed lines) Current ENCODE thresholds
for the given metric, which are NSC > 1.05 (A); RSC > 0.8 (B); NRF > 0.8, N1/N2 $ 2 (where N1 refers to the replicate with higher N) (E ); Np/Nt $ 2 (F ).
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3.  Pooled	
  self-­‐consistency:	
  REP0_PR1/REP0_PR2	
  (REP0	
  =	
  REP1	
  U	
  REP2) 	
   	
   	
   	
   	
  Np	
  

4	
  IDR	
  outputs:	
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IDR	
  



1.  Replicate	
  consistency:	
   	
   	
   	
  Nt 	
   	
   	
  “numPeaks_Rep1_Rep2”	
  
2.  Replicate	
  self-­‐consistency:	
   	
   	
  N1,	
  N2 	
   	
  “numPeaks_Rep1_pr”	
  &	
  “numPeaks_Rep2_pr”	
  
3.  Pooled	
  self-­‐consistency:	
   	
   	
  Np 	
   	
   	
  “numPeaks_Rep0_pr”	
  

IDR	
  outputs:	
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Self-­‐consistency	
  

flags	
   Np/Nt	
   Batch	
   Comments	
  
IPs:	
   DAF-­‐16_L4_XE1464_a-­‐GFP_Rep1	
   DAF-­‐16_L4_XE1464_a-­‐GFP_Rep2	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
Inputs:	
   DAF-­‐16_L4_XE1464_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_pr	
   5493	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_Rep2	
   4092	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep2_pr	
   5144	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep0_pr	
   6611	
  	
  	
   	
  	
   	
  	
   1.62	
   20130129	
  	
  	
  
optThresh	
   6611	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
conThresh	
   4092	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
IPs:	
   EFL-­‐1_YA_YL479_a-­‐GFP_Rep1	
   EFL-­‐1_YA_YL479_a-­‐GFP_Rep2	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
Inputs:	
   EFL-­‐1_YA_YL479_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_pr	
   1471	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_Rep2	
   1600	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep2_pr	
   1064	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep0_pr	
   1886	
  	
  	
   	
  	
   	
  	
   1.18	
   20130129	
  	
  	
  
optThresh	
   1886	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
conThresh	
   1600	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
IPs:	
   AMA-­‐1_YA_YL489_a-­‐GFP_Rep1	
   AMA-­‐1_YA_YL489_a-­‐GFP_Rep2	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
Inputs:	
   AMA-­‐1_YA_YL489_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_pr	
   183	
  	
  	
   	
  	
   Rep1_pr/Rep2_pr	
   	
  	
   20130129	
  double-­‐flag	
  
numPeaks_Rep1_Rep2	
   169	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep2_pr	
   407	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep0_pr	
   524	
  	
  	
   	
  	
   	
  	
   3.10	
   20130129	
  double-­‐flag	
  
optThresh	
   524	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
conThresh	
   169	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  

ConservaNve	
  and	
  OpNmal	
  final	
  peak	
  calls:	
  
	
  OpNmal	
  threshold	
  =	
  MAX[numPeaks_Rep1_Rep2,	
  numPeaks_Rep0_pr]	
  
	
  ConservaNve	
  threshold	
  =	
  numPeaks_Rep1_Rep2	
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Self-­‐consistency	
  

flags	
   Np/Nt	
   Batch	
   Comments	
  
IPs:	
   DAF-­‐16_L4_XE1464_a-­‐GFP_Rep1	
   DAF-­‐16_L4_XE1464_a-­‐GFP_Rep2	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
Inputs:	
   DAF-­‐16_L4_XE1464_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_pr	
   5493	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_Rep2	
   4092	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep2_pr	
   5144	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep0_pr	
   6611	
  	
  	
   	
  	
   	
  	
   1.62	
   20130129	
  	
  	
  
optThresh	
   6611	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
conThresh	
   4092	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  

IPs:	
   AMA-­‐1_YA_YL489_a-­‐GFP_Rep1	
   AMA-­‐1_YA_YL489_a-­‐GFP_Rep2	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
Inputs:	
   AMA-­‐1_YA_YL489_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep1_pr	
   183	
  	
  	
   	
  	
   Rep1_pr/Rep2_pr	
   	
  	
   20130129	
  double-­‐flag	
  
numPeaks_Rep1_Rep2	
   169	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep2_pr	
   407	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
numPeaks_Rep0_pr	
   524	
  	
  	
   	
  	
   	
  	
   3.10	
   20130129	
  double-­‐flag	
  
optThresh	
   524	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
  	
  	
  
conThresh	
   169	
  	
  	
   	
  	
   	
  	
   	
  	
   20130129	
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Dataset	
  

SUBMIT	
  

SAM.stats	
  

WIG	
  traces	
  

CC	
  analysis	
  

IDR	
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A	
  final	
  word:	
  Nextera	
  and	
  Nugen…	
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N
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  li
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ep

	
  

	
  	
   SPP	
  peak	
  calls	
   MACS2	
  peak	
  calls	
   	
  	
   Np/Nt	
  (SPP)	
   Np/Nt	
  (MACS2)	
  
IDR-­‐filtered	
  SPP/MACS2	
  myc-­‐
GFP_WA_myc_S2	
  (nugen	
  libraries:pooled	
  
ChIPs)	
   	
  	
   	
  	
   	
  	
   	
  	
   	
  	
  

IPs:	
  
2012-­‐1512_121109_SN1070	
  
_0094_BD1F1FACXX_6_sequence	
  

2012-­‐1513_121109_SN1070	
  
_0094_BD1F1FACXX_1_sequence	
   	
  	
   	
  	
   	
  	
  

Inputs:	
  
myc-­‐GFP_WA_myc_	
  
S2_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
  

numPeaks_Rep1_pr	
   3902	
   5781	
  	
  	
   	
  	
   	
  	
  
numPeaks_Rep1_Rep2	
   3698	
   4766	
  	
  	
   	
  	
   	
  	
  
numPeaks_Rep2_pr	
   4172	
   6582	
  	
  	
   	
  	
   	
  	
  
numPeaks_Rep0_pr	
   5364	
   6104	
  	
  	
   1.45	
   1.28	
  
optThresh	
   5364	
   6104	
  	
  	
   	
  	
   	
  	
  
conThresh	
   3698	
   4766	
  	
  	
   	
  	
   	
  	
  
IDR-­‐filtered	
  SPP/MACS2	
  myc-­‐GFP_WA_myc-­‐
NE_S2	
  (nextera	
  libraries:pooled	
  ChIPs)	
   	
  	
   	
  	
   	
  	
   	
  	
   	
  	
  

IPs:	
  
2012-­‐1451_121031_SN1070	
  
_0093_BD1F3RACXX_1_sequence	
  

2012-­‐1452_121031_SN1070	
  
_0093_BD1F3RACXX_1_sequence	
   	
  	
   	
  	
   	
  	
  

Inputs:	
  
myc-­‐GFP_WA_myc-­‐	
  
NE_S2_Input_Rep0.tagAlign.gz	
   	
  	
   	
  	
   	
  	
   	
  	
  

numPeaks_Rep1_pr	
   391	
   2015	
  	
  	
   	
  	
   	
  	
  
numPeaks_Rep1_Rep2	
   815	
   2468	
  	
  	
   	
  	
   	
  	
  
numPeaks_Rep2_pr	
   402	
   2209	
  	
  	
   	
  	
   	
  	
  
numPeaks_Rep0_pr	
   705	
   2193	
  	
  	
   	
  	
   0.89	
  
optThresh	
   815	
   2468	
  	
  	
   	
  	
   	
  	
  
conThresh	
   815	
   2468	
  	
  	
   	
  	
   	
  	
  

N
ug
en

	
  li
br
ar
y	
  
pr
ep

	
  
N
ex
te
ra
	
  li
br
ar
y	
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ep

	
  

Both	
  datasets	
  pass	
  IDR.	
  
	
  
However,	
  Nugen	
  results	
  in	
  2.5x	
  
more	
  peaks	
  than	
  Nextera	
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1.  Anshul’s	
  document	
  on	
  Thresholding	
  ChIPseq	
  datasets	
  using	
  SPP	
  and	
  IDR:	
  
hxps://sites.google.com/site/anshulkundaje/projects/idr	
  

2.  Anshul’s	
  “phantompeakqualtools”	
  documentaNon	
  for	
  using	
  cross-­‐correlaNon	
  analysis	
  to	
  
assess	
  the	
  quality	
  of	
  ChIP-­‐seq	
  datasets:	
  
hxps://code.google.com/p/phantompeakqualtools/	
  

3.  Official	
  ENCODE	
  quality	
  metrics	
  (not	
  always	
  appropriate	
  for	
  fly/worm):
hxp://genome.ucsc.edu/ENCODE/qualityMetrics.html#chipSeq	
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