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Abstract
Mapping of transcription factor (TF) binding regions has provided tremendous insight into
our understanding of gene expression regulatory networks. Recent progress in this field can
largely be credited to the application of chromatin immunoprecipitation (ChIP) technologies.
We compared strategies for mapping TF binding regions in mammalian cells using two
different ChIP schemes: ChIP followed by DNA microarray analysis (ChIP-Chip) and ChIP
followed by DNA sequencing (ChIP-PET). In these studies we first investigated parameters
central to obtaining robust ChIP-chip datasets through the analysis of STAT1 targets in the
ENCODE-designated regions of the human genome, and then compared ChIP-chip to ChIPPET. We devised methods for scoring and comparing results among various tiling arrays and
examined parameters such as DNA microarray format (oligonucleotide or PCR product
elements), oligonucleotide length, hybridization conditions, and the use of competitor Cot-1
DNA to determine which among these variables enhances ChIP-chip performance in the
detection of TF binding regions. The best performance was achieved with high density
oligonucleotide arrays, oligonucleotides ≥50 b, the presence of competitor Cot-1 DNA and
hybridizations conducted in microfluidics stations. Furthermore when target identification
was evaluated as a function of array number, 80-86% of targets were identified with 3 or more
arrays. Comparison of ChIP-chip with ChIP-PET revealed a strong concurrence of results for
the highest ranked targets with less overlap for the low ranked targets. With advantages and
disadvantages unique to each approach, we found that ChIP-chip and ChIP-PET are
frequently complementary in their relative abilities to detect STAT1 targets for the lower
ranked targets; each method was able to detect validated targets that were missed by the other
method. Thus the most comprehensive list of STAT1 binding regions is obtained by merging
the results from ChIP-chip and ChIP-sequencing. Overall, this study provides information for
robust identification, scoring and validation of TF targets using ChIP-based technologies.
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Introduction
Identification of transcription factor binding sites is essential for understanding the
regulatory circuits that control cellular processes such as cell division and differentiation
as well as metabolic and physiological balance. Traditionally the pursuit of transcription
factor targets has exposed only a few binding regions at a time. However, a population of
any given transcription factor molecules is expected to coordinate the activity of many
regulatory regions. Hence the identification of additional targets is critical not only to
elucidate transcription factor function, but also to fully understand the manner in which
specific genes are regulated and ultimately to derive gene regulatory networks.

Recent years have witnessed several new approaches for the global mapping of
transcriptional regulatory regions. Such approaches include computational methods that
predict target binding sites by way of motif and gene expression analyses (see for
example Bailey and Elkan 1995; Liu et al. 2001; Liu et al. 2002; Wasserman and
Sandelin 2004) as well as more direct in vivo approaches that require isolation of target
DNA through chromatin immunoprecipitation (ChIP) of the transcription factor of
interest. These ChIP-based strategies identify target binding regions by using the
immunoprecipitated DNA to either probe a DNA microarray that tiles significant regions
of the human genome (ChIP-chip: Horak et al. 2002; Weinmann et al. 2002; Ren et al.
2002; Martone et al. 2003; Euskirchen et al. 2004; Cawley et al. 2004; Odom et al. 2004)
or for direct DNA sequencing (ChIP sequencing: Wei et al. 2006; Impey et al. 2004; Kim
et al. 2005a; Chen and Sadowski 2005; Roh et al. 2005). In ChIP-chip experiments the
DNA associated with a transcription factor of interest is compared to a reference sample,
generally either genomic DNA or any DNA that might be immunoprecipitated with a
negative control antibody. ChIP-chip experiments entail the use of DNA tiling
microarrays that are prepared either by deposition of PCR products or by oligonucleotide
synthesis. These arrays may tile promoter regions, large genomic segments, entire
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chromosomes, or in some cases an entire genome (Martone et al. 2003; Cawley et al.
2004; Kim et al. 2005b; Boyer et al. 2005; Lee et al. 2006). ChIP sequencing
experiments, on the other hand, do not require the use of a reference sample. Sequencing
is performed from individually cloned ChIP fragments (Weinmann et al. 2001; Hug et al.
2004), from concatenations of single 'tags' where each tag is signature derived from a
ChIP DNA fragment (STAGE) (Impey et al. 2004; Kim et al. 2005a; Chen and Sadowski
2005; Roh et al. 2005) or from concatenations of paired-end-ditags cloned from the 5′
and 3′ ends of each ChIP DNA fragment (ChIP-PET) (Wei et al. 2006; Loh et al. 2006).

Although ChIP-based technologies have demonstrated widespread utility, many
experimental parameters important for enhancing the performance of ChIP have not been
adequately explored for mammalian cells. Moreover, a direct comparison of ChIP-chip
and ChIP sequencing has not been performed. Such information is crucial for the large
number of experiments that are performed on subsets of mammalian genomes and will
become even more crucial as these experiments expand to cover entire genomes.

Our goal here was to first evaluate parameters central to ChIP-chip experiments and then
compare targets derived from our most robust ChIP-chip methods to those targets
obtained by ChIP-PET. While many microarray parameters for ChIP-chip appear to
translate well from previously established microarray protocols (see for example Hegde
et al. 2000; Oberley and Farnham 2003; Buck and Lieb 2004; Wu et al. 2006), other
variables are more tenuous. In particular, we focused on addressing the following
questions: 1) Are ChIP-chip results influenced by factors such as array platform and
oligonucleotide length? We note that various research groups have used a range of
microarray formats and feature types such as arrays fabricated by contact printing PCR
products or by using photolithography to synthesize oligonucleotides. Not only may
various lengths of arrayed DNA directly affect hybridization of ChIP DNA, but probe
4

density also affects data analysis, array cost and quality control in array production, all of
which are important considerations for genome-scale experiments. 2) Does the inclusion
of competitor Cot-1 DNA improve the accuracy of ChIP-chip results? We note it is
difficult to completely exclude all repetitive elements from array tiling paths. 3) Lastly
when does one encounter diminishing returns in adding biological replicates to a ChIPchip dataset?

To explore these questions and to compare ChIP technologies we performed chromatin
immunoprecipitations using the sequence specific transcription factor STAT1 (Signal
Transducer and Activator of Transcription). The STAT1 transcription factor is a
cytoplasmic protein that translocates to the nucleus and becomes active as a DNAbinding factor when cells encounter interferons or other peptide signals (reviewed in
Boehm et al. 1997; Bromberg and Chen 2001; Levy and Darnell 2002). STAT1dependent transcription is important for determining immune and inflammatory
responses, antiviral effects, proliferation, apoptosis and differentiation (Levy and Darnell
2002; Boehm et al. 1997). STAT1 was selected by the ENCODE consortium (ENCODE
Project Consortium 2004) as an ideal factor to test the performance of ChIP DNA across
platforms and is a model factor for two main reasons: 1) STAT1 ChIP experiments show
less enrichment than those with more general DNA-binding proteins such as PolII or
chromatin modifications and hence would be expected to more thoroughly test the
performance of various platforms, and 2) STAT1 is inducible, and therefore it offers a
direct biologic control in the form of STAT1 ChIP samples prepared from control cells
not treated with interferon-γ (IFN-γ). STAT1 ChIP-chip studies have been conducted
previously on a chromosome 22 PCR product tiling array (Hartman et al. 2005). In the
study presented herein, chromatin immunoprecipitations were performed to find many
previously unidentified binding regions for STAT1 under IFN-γ stimulation by first
comparing various ChIP-chip experimental parameters and then using the most robust of
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these tiling array experimental designs to assess the performance of ChIP-chip relative to
ChIP-PET.

Our STAT1 mapping studies focus on the ENCODE regions which represent 1% of the
human genome in 44 subregions that sum to 30 Mb (ENCODE Project Consortium
2004). The 44 subregions range in length from 500 kb to 1.9 Mb and were selected to
include loci of biological interest and regions that stratify both gene density and nonexonic conservation with mouse. The final results from the datasets described here have
also been included in the meta-analysis conducted by the ENCODE Transcriptional
Regulatory Elements Subgroup (The ENCODE Consortium 2006). Our studies are
expected to provide useful information for comparing and integrating data generated
from the ENCODE group as well as for future genome-scale studies that map
transcription factor binding regions using ChIP-based methods.

Results
Exploring ChIP-chip Performance: Longer Oligonucleotides Yield Better Signals
In the first phase of these studies we investigated ChIP-chip performance on
oligonucleotide arrays synthesized by maskless photolithography (Nuwaysir et al. 2002).
The results from these maskless arrays could then be compared with datasets generated
using other microarray platforms (PCR product arrays) and a ChIP sequencing
technology (ChIP-PET). For these studies we used chromatin immunoprecipitated
STAT1 DNA, which produces modest signal enrichments relative to ChIP DNA isolated
to study other transcription factors and chromatin modifications. HeLaS3 cells were
treated with IFN-γ to induce STAT1 binding, and then incubated briefly with 1%
formaldehyde to crosslink protein to DNA. The cells were lysed, nuclei were prepared,
and chromatin was sheared to approximately 1 kb final DNA size. STAT1 and its
associated DNA were immunoprecipitated using an anti-STAT1 antibody. Crosslinks
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were reversed and the success of each immunoprecipitation was examined by PCR
analysis using primers to a known STAT1 binding region in the promoter of IRF1
(Interferon Regulatory Factor 1; Hartman et al. 2005) whose locus is included in the
ENCODE regions.

Using this assay we investigated the effects of varying a number of parameters on the
performance of ChIP-chip. These parameters included the type of beads used in the
immunoprecipitation step (magnetic or sepharose), various labeling technologies and
array hybridization conditions. The final ChIP and microarray conditions selected are
reported in the Materials and Methods. No difference in immunoprecipitation efficiency
was observed using magnetic as opposed to sepharose beads. However signal enrichment
and array uniformity were significantly improved when the hybridization solution was
continuously circulated over the array surface using microfluidic chambers; thus all
arrays were subjected to this procedure. We also included unlabeled Cot-1 competitor
DNA in all hybridizations as noted below, except for the experiment where biological
replicates were split and hybridized either in the presence or absence of Cot-1 repetitive
DNA (Supplementary Table 1).

Arrays with oligonucleotides of different lengths (25−60 b) are currently used for ChIPchip experiments (Cawley et al, 2004; Kim et al., 2005b; Boyer et al. 2005). We
systematically examined the contribution of array oligonucleotide length to ChIP-chip
performance. Custom arrays with 36 b, 50 b, 60 b or 70 b oligonucleotides tiling most or
all of the ENCODE regions were designed and synthesized by maskless photolithography
(See Materials and Methods). The oligonucleotides were designed to comprehensively
cover nonrepetitive regions and are tiled end-to-end such that immediately adjacent
genomic DNA segments are represented on the arrays. Thus the short oligonucleotide
arrays have more probes per region, but are expected to exhibit lower signals and
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increased cross hybridization relative to arrays with longer oligonucleotides, depending
upon the exact conditions employed. Lower signals will reduce accuracy when
enrichment ratios are determined (see Discussion). STAT1 ChIP DNA prepared from
nuclear extracts of IFN-γ treated cells was labeled with Alexa647 and hybridized to the
arrays along with Alexa555-labeled STAT1 ChIP DNA isolated in parallel from the
nuclear extracts of uninduced (STAT1-nuclear excluded) cells. Each biological replicate
was labeled and hybridized independently of all other biological replicates in a given
dataset. The 36 b array dataset contained two biological replicates; all other ChIP-chip
datasets contained three or more biological replicates (see Supplementary Table 1). Array
signals representing enrichments in ChIP DNA samples from IFN-γ-treated cells relative
to those ChIP DNA samples prepared from untreated control cells were scored using a
sliding window approach (see Materials and Methods). As shown in Figure 1,
significantly higher signal enrichments for STAT1 target regions were observed from the
arrays containing 50 b oligonucleotides relative to the arrays containing 36 b
oligonucleotides. Increases in oligonucleotide lengths to 60 b and 70 b improved array
performances only marginally compared to the 50 b arrays (data not shown). The reduced
performance of the 36 b arrays was not due to the use of two replicates; a comparison of
signal enrichments from datasets comprised of two biological replicates hybridized to
each of two 36 b and 50 b arrays yielded a similar outcome (see later section and Figure
6). The lower signal enrichments observed with the 36 b arrays were also not likely due
to suboptimal hybridization affinities as several different hybridization conditions were
tested for the arrays at each oligonucleotide length and improved signal enrichments were
not apparent with any of these alternative conditions (See Materials and Methods).
Moreover the expected difference in hybridization temperature for the 36 b array relative
to 50 b array is calculated to be 4°C or less (Bertone et al. 2006). Thus, longer
oligonucleotides enhance performance and for all remaining experiments 50 b arrays
were used.
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Validation of Targets from the 50 b Oligonucleotide Array
Signal enrichment maps are suggestive of binding regions, but in order for array
performance to be properly assessed it is essential to validate the targets identified from
the ChIP-chip experiments. Therefore, we devised a scheme to measure sensitivity and
specificity of the experiments. STAT1 targets were ranked according to their signal
enrichments and fractions of these targets were sampled across the rankings and tested
for enrichment by ChIP-PCR analysis. Primer pairs were designed to different loci and
STAT1 ChIP DNA was used as template in ChIP-PCR validation studies; a two-fold or
greater enrichment in each of at least two STAT1 biological replicate ChIP-PCR
experiments was chosen as a threshold for enrichment. Target validation was plotted as a
function of rank order for each ChIP-chip dataset. As shown in Figure 2A targets at the
top of the rank list validated as true positives whereas the frequency of target validation
diminishes further down the list of rankings. Thus, most of the first 75 targets are
expected to be bona fide targets whereas most of the regions below 100 on the rank list
are negative. Extrapolation of the confirmed positives as a function of rank order for the
entire list suggests that there are approximately 124 positives in the top 200 targets listed
(Table 1). This figure is expected to be an overestimation because many targets lie
immediately adjacent to one another and likely represent enrichments from a single
common target region in many, if not most, cases. If targets are combined into 10 kb
regions then the total number of STAT1 targets is approximately 67 for the ChIP-chip
dataset using the arrays with 50 b end-to-end tiling.

We also compared the accuracy of target detection for the 50 b ChIP-chip dataset as a
function of signal enrichment. As shown in Figure 3 the fraction of validated positives
decreases and the fraction of false positives increases at a very sharp signal enrichment
threshold. Thus there is a very sharp transition at a particular signal enrichment
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(approximately 0.25 on a log2 scale) above which most targets validate as positives.

We next compared the accuracy of STAT1 targets identified from the 50 b array ChIPchip dataset to those identified from the 36 b array ChIP-chip dataset. We selected the
highest 75 ranked targets from the 50 b array data, corresponding to a false positive rate
of 0.26, and cross referenced these with the entire list of 39 targets identified from the 36
b array data. For the 36 b arrays only the top ranked 39 regions had positive signals at a
statistically significant cutoff. We suspect this low number is due to diminished signal
through nonspecific or cross hybridization with shorter oligonucleotides on the 36 b
arrays. The targets of the 50 b and 36 b arrays combined into 84 distinct target regions
(see 'Comparison of Target Lists' in Materials and Methods); 18 were common to both
lists and most of these (8 of the 11 tested by ChIP-PCR analysis) validated as bona fide
targets. The 36 b oligonucleotide array failed to identify 68% (51/75) of the targets
detected with the 50 b oligonucleotide array. Of these 51 targets, 27 were tested by ChIPPCR analysis and the majority of these (20/27) could be validated. In contrast 15 targets
were unique to the 36 b array. 7 of these 15 were tested by ChIP-PCR analysis and none
showed enrichment. If we restrict analysis of the 36 b array to the top 25 targets, thereby
reducing its false positive rate from 0.52 to 0.38, a similar trend is observed
(Supplementary Table 2) and fewer targets specific to the 36 b array are identified
indicating a greater overlap of the top ranked targets between the 50 b and 36 b lists. In
conclusion, based on chromosomal maps of signal enrichments (Figure 1) and target
validations, the 50 b arrays outperformed the shorter 36 b arrays under the conditions we
employed.

Comparison of Oligonucleotide and PCR Product Arrays
Both PCR product arrays and oligonucleotide arrays are used extensively for ChIP-chip
experiments. A recent study analyzing ChIP-chip datasets from yeast revealed that an
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oligonucleotide array format provided better sensitivity and resolution than arrays
containing PCR products (Borneman et al. unpublished). However, the yeast genome is
of much lower complexity and is expected to exhibit much higher signal-to-noise relative
to mammalian DNA. Thus it is conceivable, if not likely, that PCR product arrays could
perform better than oligonucleotide arrays for experiments using mammalian cells. Six
independent biological replica STAT1 ChIP samples were isolated and hybridized to six
PCR product arrays (Supplementary Table 1) in the presence of Cot-1 DNA and
compared to those targets obtained from a dataset using three biological replicates
hybridized with Cot-1 DNA to 50 b oligonucleotide arrays; in many cases the same ChIP
samples were used. As shown in Figure 1, the signal enrichments appeared better for the
oligonucleotide array dataset relative to the PCR product array dataset.

To determine whether targets identified by oligonucleotide and PCR product arrays
overlap, the results from the oligonucleotide arrays and the PCR product arrays were
scored using a sliding window scheme and the on-line microarray processing tool
ExpressYourself, respectively (see Materials and Methods). The top 75 ranked targets
taken from the 50 b oligonucleotide array data and the top 75 ranked targets taken from
the PCR product array data were merged to form a union of regions that could be used as
the basis for comparing the two ChIP-chip datasets (Table 2 and see 'Comparison of
Target Lists' in Materials and Methods). 6 targets overlapped between the 50 b
oligonucleotide array and the PCR product array target lists (Table 2, lower panel). The
different platforms were compared as a function of their rank order on the target lists. As
shown in Figure 4, the positives at the very top of the rank order lists largely agree and
less concurrence is observed for targets with lower rankings. If we restrict analysis of the
PCR product array dataset to the top 33 targets, thereby reducing its false positive rate
from 0.64 to 0.40, a similar trend is observed (Supplementary Table 3).
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To ascertain if targets from the PCR product array and the 50 b oligonucleotide array
validated at a similar rates, and to determine if the two platforms exhibited similar
sensitivities and specificities, targets were selected and tested for validation across a wide
range of rank orders using ChIP-PCR analysis. Two or more independent biological
replicates were required to show enrichment with each biological replicate assayed
separately (See Materials and Methods). As shown in Figure 2B, the frequency of
validated targets (i.e. the positive predictive value) from the PCR product array data was
diminished relative to the 50 b oligonucleotide array data (Figure 2A) indicating that the
PCR product array dataset contains more false positives. In addition the sensitivity of the
PCR product array format was lower.

To investigate these differences in array performance, we examined regions that were
specific to one of the target lists and that were tested for enrichment by ChIP-PCR (Table
2). 7 targets that were identified by the PCR product array dataset and validated by ChIPPCR analysis were not present on the target list from the 50 b oligonucleotide array
dataset. Inspection of these regions revealed 6 of the 7 targets contained a combination
of repetitive elements and AT-rich sequences that likely resulted in low signal
enrichments on the oligonucleotide arrays. In contrast, 21 targets identified from the
oligonucleotide array dataset and validated by ChIP-PCR analysis were not found using
the PCR product arrays. 2 of the 21 were adjacent to positive regions detected by the
PCR product arrays, but we could not identify aspects of sequence composition that
might cause the other 19 targets to escape detection in the ChIP-chip experiments
performed with the PCR product arrays.

The Presence of Competitor Cot-1 DNA in the Hybridization Improves Signal-toNoise
Highly repetitive sequences comprise 50% of mammalian genomes and can be potential
12

targets as well as a source of noise. We therefore investigated the value of including
unlabeled Cot-1 repetitive DNA in the hybridizations because the addition of Cot-1 DNA
might be expected to decrease nonspecific hybridization (DeRisi et al. 1996) and improve
the accurate detection of transcription factor targets. To make this comparison, 6
biological replicates were divided after labeling and hybridized on 12 arrays in plus and
minus Cot sets, employing 50 b arrays with 38 b spacing (See Materials and Methods).
The addition of an excess of Cot-1 DNA produced a modest improvement in signal-tonoise. Figure 5 illustrates this point for a region on chromosome 15 where several peaks
and often the overall background were noticeably reduced. The 3 false positives in this
region (pink arrows) had high signal enrichments in the experiment lacking Cot-1 DNA,
but had low signal enrichments in the experiment containing Cot-1 DNA. Target b in
Figure 5 (which lies in a region containing a gene duplication, orange bars) was
confirmed by ChIP-PCR analysis. It was ranked 22nd on the target list for STAT1 ChIP
DNA hybridized in the absence of Cot-1 DNA and slipped just below the threshold on
the ranked target list (to 95th) when the matching sample pairs were hybridized in the
presence of Cot-1 DNA.

An inspection of 22 targets specific to the Cot-absent dataset revealed that 13 targets had
highly repetitive elements in their regions and 8 targets had segmental duplications.
When the same sliding window scoring method was applied to the Cot-absent and Cotpresent datasets, a significant number of additional targets was found in the Cot-absent
ranked target list (181 targets) relative to the Cot-present ranked target list (3 targets) at
the equivalent threshold of 3.5 fold enrichment. Importantly validation of targets revealed
a much higher accuracy for the STAT1-associated regions identified in the presence of
Cot-1 DNA than in the absence of Cot-1 DNA. Targets specific to either the Cot-present
or Cot-absent datasets were sampled from among the top 75 ranked targets identified
(Table 3) and tested for enrichment by ChIP-PCR analysis. The experiment containing
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Cot-1 DNA detected 15 validated positive regions specific to that dataset at a false
positive rate of 0.25, whereas the experiment lacking Cot-1 DNA detected only 2
validated positive regions specific to that dataset at a false positive rate of 0.83 (Table 3).
Thus, more accurate results can be obtained through inclusion of Cot-1 DNA in ChIPchip hybridizations.

The Value of Adding More Biological Replicate Experiments
Researchers typically perform multiple biological replicate experiments for microarray
datasets, although a systematic analysis of how replicas improve accuracy and
reproducibility of targets has not been previously investigated. We therefore examined
the value of performing multiple replicate experiments. The top 50, 100 and 200 targets
were taken from the 50 b every 38 b experiment performed in the presence of Cot-1
DNA, using the targets determined in the previous section for 6 biological replicates
corresponding to 6 arrays (Supplementary Table 1). As noted above, the top 50 targets
have the highest frequency of enrichment in ChIP-PCR validations and those near the
bottom of the list (e.g. ranked 150-200) have the lowest frequency of positive validation.
The efficiency of target detection from among all targets identified in this Cot-present
dataset was determined using a single biological replicate on one array, and then
progressively increasing the number of biological replicates, with each replicate
hybridized to a separate array. As shown in Figure 6, 50-70% of all targets from the 6array Cot-present dataset can be identified even with a single array. As expected a higher
fraction of the targets are identified using the top 50 target list relative to the top 200
target list since the largest fraction of positive regions resides at the highest rankings as
shown in the ChIP-PCR validation studies. The scheme of 3 arrays corresponding to 3
independent biological replicates, which is typical for most published ChIP-chip
experiments, identified most (80-86%) of the final targets included in the 6-array dataset.
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Comparison of ChIP-Chip to ChIP-PET
DNA sequencing is an alternative readout for detecting immunoprecipitated DNA (Wei
et al. 2006; Impey et al. 2004; Kim et al. 2005a; Chen and Sadowski 2005; Roh et al.
2005). In ChIP sequencing, a ChIP-enriched fragment is represented by either a single
internal 20 bp tag sequence (ChIP-STAGE) or a 36 bp paired-end-ditag (ChIP-PET in
which the ditag is constructed from 18 bp 5′ and 3′ signature sequences extracted from
each end of the ChIP DNA fragment, thus demarcating the full length of the sonicated
ChIP fragment). The binding sites are then deduced by the frequency with which tags are
extracted from ChIP DNA fragments relative to the background expectation. The
advantage of using paired-end-ditags over single tags is that the PETs mark the start and
end of each ChIP fragment. When PET fragments are mapped to the reference genome
(e.g. the human NCBIv35 [hg17] build of the genome sequence), the identity of each
individual ChIP fragment can be inferred by the PET mapping location and binding sites
can be accurately defined by the common regions within clusters of overlapping PETs.
Furthermore, duplicate PET fragments arising from random fragment amplification
events during cloning can be easily distinguished and removed by treating these multiple
PETs that map to an identical location as a single fragment.

725,877 PETs were sequenced from STAT1 ChIP DNA isolated from IFN-γ induced
cells. 66% of the PETs map to unique locations in the genome and represent 327,838
distinct ChIP DNA fragments ranging from 0.1 to 6 kb. Of these unique paired-endditags only those PET fragments with 5′ and 3′ ends <6 kb apart were considered. The
PET-defined ChIP fragments that overlapped with each other were grouped into clusters:
clusters of two overlapping fragments are termed as PET-2, clusters of 3 overlapping
fragments as PET-3, and clusters of 3 or more overlapping fragments as PET3+ etc. The
frequency of each cluster throughout the ENCODE regions is shown in Table 4. The
ENCODE region with the most overlapping fragments lies upstream of IRF1 and is a
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PET-33 cluster (Figure 7A). To assess the reliability of each class of PET-clusters as a
readout for ChIP enrichment, Monte Carlo simulation was performed to determine the
frequency of clusters expected by random chance (Table 4; see Materials and Methods).
Based on the frequency of PET clusters generated at random, greater than 46% of PET-3
clusters and greater than 88% of PET4+ clusters are likely to represent bona fide binding
targets.

Comparison of signal maps derived from ChIP-chip and Chip-PET data reveals
appreciable agreement between the two approaches (Figure 7) and the concurrence is
highest for those targets with the highest signal (Table 5). Since the ChIP-PET
sequencing experiment inherently covers all of the ENCODE regions, we only considered
those 75 PET3+ clusters whose sequence was represented on the 50 b every 50 b array
tilepath (Supplementary Table 1 and Materials and Methods) for a true comparison
between the two platforms. Of these 75 PET3+ clusters, there were 11 PET5+ clusters
(those with the highest enrichment), 9 of which were also identified in the 50 b every 50
b array ChIP-chip dataset (Table 5). For the remaining 64 PET-3 and PET-4 clusters,
only 5 overlap the targets lists for the 50 b every 50 b array dataset, giving an overall
concurrence of 14 targets (Table 6).

To further investigate the targets that were unique to either the ChIP-ChIP or ChIP-PET
target lists, validation experiments were performed. 10 of the targets identified by ChIPPET3+ cluster regions and missed in the 50 b every 50 b array ChIP-chip dataset were
selected for ChIP-PCR validation and shown to be bona fide targets (Table 6). Repetitive
DNA elements appeared to obstruct the identification of 6 of these 10 targets in the 50 b
every 50 b ChIP-chip data experiments. These repetitive regions had the following
characteristics: 1) 4 regions did not have the area of highest PET signal measured on the
tiling arrays because highly repetitive elements were centered on the PET overlap spans
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and hence these nucleotides were removed from the array tile path. An example of this is
shown in Supplementary Figure 1A for a PET-5 target on Chr21. 2) Repetitive regions
were similarly noted for 2 target regions where a combination of AT-rich and
RepeatMasked sequences were congruent with the PET overlap spans. This case
includes the other validated PET-5 cluster (Supplementary Figure 1B). The remaining 4
PET3+ targets not detected by the 50 b array were missed for no apparent reasons.

Investigation of the 15 confirmed targets that were detected in the 50 b every 50 b array
ChIP-chip dataset but that were not on the PET3+ list (Table 6) revealed that 7 resided
nearby a ChIP-PET target but were on the shoulder relative to the site of maximal signal.
5 of the 7 targets corresponded to the IRF1 locus, which has one of the strongest signals
in the genome (Figure 7A). Thus these array targets correspond to a single common
target region. 4 of the remaining 8 ChIP-chip targets from the 50 b every 50 b array
dataset intersected PET-2 clusters; we presume increased sequencing depth would have
detected these STAT1 binding regions.

We also inspected those regions that did not show enrichment by ChIP-PCR analysis
(11 negatives specific to the 50 b every 50 b array dataset and 5 negatives specific to the
ChIP-PET experiment, Table 6) to ascertain what sequence features might contribute to
the identification of these targets as false positives. Of the 11 false positives from the 50
b every 50 b array ChIP-chip dataset, 6 are either largely or entirely comprised of simple
repeats, one additional target region occurs as a segmental duplication, another lies near a
strong target in the IRF1 5′ noncoding region and no unusual features that may be
uniquely attributable to ChIP-chip performance could be established for the other 3. All
5 ChIP-PETs that were not enriched in ChIP-PCR validation experiments (Table 6) were
PET-3 clusters. As indicated by the Monte Carlo simulation (Table 4), approximately
50% of PET-3 clusters are expected to be false positives arising from random
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background. Another possible explanation for the ChIP-PET false positives could be
nearby repetitive genomic regions that lead to mapping artifacts. One of the 5 ChIP-PET
false positives does reside in a repetitive region and may have been misassigned during
mapping to the hg17 reference sequence. In another example (shown in Supplementary
Figure 2), the false positive in the region chr5:131963298-131964597 [hg17] was initially
called a PET-3, although of the 3 PETs that overlapped, 2 of the DNA fragments in this
cluster have an almost identical mapping (within 2 bp from each end) and were likely
derived from the same ChIP fragment. In summary, these results indicate that ChIP-chip
and ChIP-PET exhibit considerable agreement, particularly on the strongest targets. Each
approach is capable of identifying validated targets not found by the other technique.

Discussion
The combination of sequenced genomes and ChIP-based technologies has inspired
progress for the comprehensive detection of mapping transcription factor binding regions
in vivo. While most efforts have focused on ChIP-chip strategies, ChIP-sequencing is
gaining popularity as a parallel method. In this manuscript we performed STAT1
chromatin immunoprecipitations from IFN-γ stimulated cells and used the resulting ChIP
DNA to map STAT1 binding regions by both microarray hybridizations and DNAsequencing. Furthermore we investigated parameters for executing robust ChIP-chip
experiments and devised methods for comparing results across array and sequencing
platforms. Based on the outcome of these studies, we determined that reliable ChIP-chip
results can be obtained using maskless high density arrays containing longer rather than
shorter oligonucleotides and also by including Cot-1 DNA as a competitor to improve
hybridization accuracy. In cross referencing STAT1 targets obtained by ChIP-chip with
those detected by ChIP-PET we found regions that overlapped between ChIP-chip and
ChIP-PET, as well as enriched regions specific to only one of these methods. Thus the
sequencing of ChIP DNA fragments is shown to be a valuable and alternative strategy for
18

target identification.

The ChIP-chip conditions applied here for STAT1 can be extended to other transcription
factors or DNA-interacting proteins that are constitutively present in the nucleus. In these
experiments the hybridization reference samples are either total genomic DNA or ChIP
DNA prepared using normal serum. Examples of other factors we have analyzed by
ChIP-chip on 50 b maskless ENCODE tiling arrays include the chromatin remodeling
proteins BAF155 and BAF170, as well as the transcription factor c-Jun; the binding
profiles all three of these proteins are part of the ENCODE meta-analyses and their tracks
are available in the UCSC browser (The ENCODE Consortium 2006). As with STAT1
we labeled unamplified ChIP samples of BAF155, BAF170 and c-Jun in order to avoid
possible biases that may arise during PCR or other amplification methods, and these
unamplified ChIP samples exhibited good signal enrichments in our hybridizations.
ChIP-chip experiments using unamplified samples have been performed by others
(Weinmann and Farnham 2002; Kondo et al. 2004; Testa et al. 2005; Rada-Iglesias et al.
2005).

For the maskless array platforms, longer oligonucleotides most likely improve
performance because more specific hybridization signals can be obtained relative to array
designs with shorter oligonucleotides. Increased specificity through reduced cross
hybridization and potentially stronger signals can be achieved with longer
oligonucleotides. This in turn should lead to more accurate measurements and thus more
accurate ratios of immunoprecipitated DNA relative to control DNA. Extending this
logic, PCR product arrays have even longer DNA fragments as array elements and in
theory should provide superior results to oligonucleotide arrays. This is not the case,
probably for several reasons. First, multiple probes on high density oligonucleotide
arrays allow for a number of independent measurements across a region of interest. If
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any individual probe performs poorly (for example due to secondary structure, cross
hybridization or AT-rich regions) then sampling over multiple probes using a sliding
widow approach (see Materials and Methods) can still provide useful signals. Indeed, we
have found that signals generated by one or a few oligonucleotides are not usually
trustworthy. Second, PCR product arrays probably have many fewer copies of a region
of interest attached to the arrays which may reduce signal and in turn should affect the
accuracy of the measurements. Third, repetitive sequences on PCR product arrays may
reduce signal-to-noise ratios. Finally, a small fraction of PCR products (5-10%) amplify
from regions other than those intended (Rinn et al. 2003). This will lead to
misassignment and the targets will not be validated.

A recent comparison of tiling oligonucleotide array platforms for mapping transcribed
regions revealed that high density 25 b arrays outperformed longer oligonucleotide arrays
that were tiled at a lower density (Emanuelsson et al. 2006). The ChIP-chip study
presented here reveals better performance for the longer oligonucleotide arrays when the
arrays have similar densities. The better performance of the 25 b array format for
mapping transcribed regions relative to the longer oligonucleotide arrays is more directly
attributable to the higher density rather than oligonucleotide length.

Our validation strategy involved analyzing regions sampled across a range of targets
ranked by signal enrichments, as well as analyzing sequences that were ranked below the
applied target threshold. This approach allows for a reasonable estimate of the accuracy
of the results. By extending the validation frequency as a function of rank, we can
extrapolate and determine the sensitivity of the experiment at a particular threshold. It
should be noted however, that positives which are unable to be detected by a specific
protocol cannot be assessed for sensitivity using this validation method. Nonetheless,
this strategy is expected to provide the best approach available for determining these
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measurements.

Our study reveals that ChIP-chip and ChIP-PET generally yield similar results,
particularly for the strongest signals. However, targets that are uniquely identified by one
of these technologies are also captured and many of these targets could be validated as
positives by ChIP-PCR analysis. Targets exclusive to either ChIP-chip or ChIP-PET fall
into several classes: 1) Many unique targets arise from the manner in which positives are
scored. Current ChIP-chip scoring methods merge stretches of probes showing signal
enrichments into short windows (we used 1.3 kb) and thus adjacent segments are often
part of a single larger target region (> 1.3 kb), whereas ChIP-PET clusters were
connected if the PETs share 1 bp overlap with no restriction on the length of each cluster
region. Grouping adjacent ChIP-chip targets will alleviate this problem, particularly for
highly enriched segments where these incidents occur most frequently. 2) Other targets
solely identified by one platform can often be attributed to neighboring repetitive
sequences. RepeatMasked sequences are eliminated during the array design process in the
ChIP-chip experiments. Consequently targets that lie within or immediately adjacent to
genomic repeats are more likely to be missed; real binding sites across short repeat
regions may be missed due to the array design but detected by PET sequencing.
Conversely, repetitive regions may also lead to false positives through cross hybridization
to real targets (in ChIP-chip) or by the occasional misassignment of a tag containing
repetitive DNA elements (in ChIP-PET). 3) Simple repeats can also lead to problems for
reasons that are not understood. Since both ChIP-chip and ChIP-PET identify unique,
validated targets, the use of these technologies in an integrated fashion is anticipated to
produce optimal sensitivity and specificity for detecting binding targets.

In principle, ChIP-chip should be more sensitive than ChIP-PET. At a positive predictive
value >95%, a computer simulation of targets reveals that 10 million tag reads are
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necessary to identify 55% of four-fold enriched targets (unpublished, a more thorough
analysis will appear in a subsequent paper). ChIP-chip is capable of detecting two-fold
enrichments. One main advantage of ChIP-PET is that it can potentially identify targets
that lie in repetitive, but not identical regions; these may be able to be distinguished by
DNA sequencing but not by array methods due to cross hybridization effects. However, if
a very small unique target region is flanked by large adjacent repeats, these binding
regions may be difficult to detect using ChIP-PET since the ends of immunoprecipitated
fragment may reside in repetitive DNA. ChIP-chip should give direct and accurate
readout of immunoprecipitation efficiencies. Interestingly, enrichment signals derived
from microarray experiments tend to be significantly depressed relative to values
confirmed by quantitative ChIP-PCR analysis, a phenomenon observed previously
(Bernstein et al. 2005).

Our studies suggest that a number of design parameters can be modified to enhance the
performances of ChIP-chip and ChIP-PET. For ChIP-chip future generations of array
design may incorporate the following improvements: 1) It should be possible to more
accurately retrieve targets that lie next to repetitive sequences by increasing the number
of oligonucleotide tiles adjacent to repeats. This increased density should facilitate their
detection. 2) The judicious choice of nonidentical oligonucleotides should improve array
performance. 3) Finally the use of isothermal arrays, where the oligonucleotides on the
array vary in length to give a more uniform annealing temperature, should improve
performance (Urban et al., 2006). For ChIP-PET, slight modifications to the mapping
algorithm should eliminate those few instances where nearly identical ChIP fragments
were double counted in determining the ChIP-PET cluster number (see example in
Supplementary Figure 2).

Another desirable feature of ChIP-PET is that it is inherently whole genome and can
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theoretically find all targets present in genomic sequences. Currently both ChIP-PET and
whole genome ChIP-chip are expensive due to the considerable cost of high throughput
sequencing and whole genome oligonucleotide arrays. However, both of these
technologies are expected to exhibit dramatic decreases in cost in the near future as new
sequencing technologies become available (Margulies et al 2005; Shendure et al 2005;
Service 2006) and as array densities continue to increase. Thus, both ChIP-chip and
ChIP-sequencing technologies will become substantially more cost-effective and their
mutual combination would maximize accuracy.

In summary, insights garnered from our experiments should be useful for robust mapping
of transcription factor binding sites, both by implementing methods and reagents that
currently are available as well as applying the findings of our results to improve future
generations of ChIP-based technologies. Given the ever increasing number of
transcription factor mapping experiments that are performed (Bieda et al. 2006; Scacheri
et al. 2006; Beima et al. 2006; Loh et al. 2006; Lee et al. 2006) the proceeds reported in
this work are expected to be invaluable for the large number of studies that are
anticipated.
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Materials and Methods
STAT1 chromatin immunoprecipitations
HeLaS3 cells (ATCC) were cultured in suspension in spinner flasks in S-MEM (GIBCOInvitrogen #11380-037) supplemented with 2 mM L-glutamine (GIBCO-Invitrogen
#25030-081), 10% fetal bovine serum (GIBCO-Invitrogen #16140-071), and antibiotics
(Antibiotic-Antimycotic, GIBCO-Invitrogen #15240-062) at 37°C and 5% CO2. ChIP
samples for a given biological replicate were prepared from distinct cell cultures grown,
harvested and processed on separate days from all other biological replicates. For each
biological replicate we grew on the order of 12 x10^8 cells which were split into IFN-γ
treated and untreated halves for STAT1 ChIPs. These sample preparations yielded
enough DNA to be distributed across many of the platforms and ChIP-PCR validations.
STAT1 ChIP samples were prepared from IFN-γ stimulated HeLaS3 cells and ChIP DNA
quality was verified as previously described (Hartman et al. 2005). Briefly HeLaS3
cultures were divided in half and were either induced with 5 ng/ml human recombinant
IFN-γ (R&D Systems #285-IF), or left untreated, for 30 min at 37°C, 5% CO2 and then
fixed with 1% formaldehyde final concentration at room temperature for 10 min.
Fixations were quenched by addition of glycine to 125 mM final concentration (from 2 M
glycine stock in 1 x PBS) and cells were washed twice in cold 1 x Dulbecco's PBS
(GIBCO-Invitrogen #14190-144). Cells were swelled for 10 min in hypotonic lysis buffer
(20 mM Hepes, pH 7.9, 10 mM KCl, 1 mM EDTA, pH 8, 10% glycerol, 1 mM DTT, 0.5
mM PMSF, 0.1 mM sodium orthovanadate, and Roche protease inhibitors #11-697-498001) and lysed by dounce homogenization (using pestle B). Nuclear pellets were
collected and lysed in 1 x RIPA buffer (10 mM Tris-Cl, pH 8.0, 140 mM NaCl, 1%
Triton X-100, 0.1% SDS, 1% deoxycholic acid, 0.5 mM PMSF, 1 mM DTT, 0.1 mM
sodium orthovanadate, and Roche protease inhibitors). Nuclear lysates were sonicated
with a Branson 250 Sonifier (Output 20%, 100% duty cycle) to shear the chromatin to
approximately 1 kb in size. Clarified lysates were incubated overnight at 4°C with anti-
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STAT1 alpha p91 (C-24) rabbit polyclonal antibody (Santa Cruz Biotechnology #sc345). Protein-DNA complexes were precipitated with RIPA-equilibrated protein A
agarose beads (Upstate #16-156) and immunoprecipitates were washed three times in 1 x
RIPA, once in 1 x PBS, and then eluted from the beads by addition of 1% SDS, 1 x TE
(10 mM Tris-Cl at pH 7.6, 1 mM EDTA at pH 8), and incubation for 10 min at 65°C.
Crosslinks were reversed overnight at 65°C. All samples were purified by treatment first
with 200 µg/ml RNase A (Qiagen #19101) for 1 h at 37°C, then with 200 µg/ml
Proteinase K (Ambion #2548) for 2 h at 45°C, followed by extraction with
phenol:chloroform:isoamyl alcohol and precipitation at -70°C with 0.1 volume of 3 M
sodium acetate, 2 volumes of 100% ethanol and 1.5 µl of pellet paint co-precipitant
(Novagen #69049-3). ChIP DNA prepared from 1 x 108 cells was resuspended in 50 µl
of ultrapure water (GIBCO-Invitrogen #10977-015).

BAF155, BAF170 and c-Jun chromatin immunoprecipitations
ChIP DNA samples for BAF155, BAF170 and c-Jun were prepared and hybridized
according to protocols nearly identical to those used for the STAT1 ChIP samples.
Antibodies used were anti-BAF155 (H-76) rabbit polyclonal antibody (Santa Cruz
Biotechnology #sc-10756), anti-BAF170 (H-116) rabbit polyclonal antibody (Santa Cruz
Biotechnology #sc-10757) and anti-c-Jun rabbbit polyclonal antiserum (Upstate #06225). Reference DNA samples were ChIP DNA prepared using normal rabbit IgG (Santa
Cruz Biotechnology #sc-2027) for the BAF155 and BAF170 experiments and total
genomic DNA for the c-Jun experiment. Biological replicates were prepared from distinct
cell cultures, were labeled separately and were hybridized without pooling as one
biological replicate per array. Datasets were created using maskless arrays (Nuwaysir et
al. 2002) with 50 b every 38 b spacing (NimbleGen Systems of Iceland, LLC). ChIP
DNA was directly labeled (per manufacturer’s protocol) by Klenow random priming with
Cy5 nonamers (ChIP DNA prepared using protein specific antibody) or Cy3 nonamers
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(total genomic DNA or ChIP DNA prepared using normal rabbit IgG). Full experimental
details and microarray data series are available at the Gene Expression Omnibus
<http://www.ncbi.nlm.nih.gov/geo/> with the following accession numbers: BAF155
{GSM1496, GSM1497, GSM1498, GSM1499}; BAF170 {GSM1500, GSM1501,
GSM1502, GSM1503}; and c-Jun {GSM78080, GSM78081, GSM78082}. Ranked target
lists are available at <http://encode.gersteinlab.org/data/Euskirchen_etal/>.

ChIP sample preparation and labeling
Biological replicates are defined as STAT1 ChIP DNA prepared from distinct cell
cultures grown, harvested and processed on separate days. ChIP DNA samples from
individual biological replicates were labeled separately and hybridized separately
(without pooling) as one biological replicate per array (Supplementary Table 1). In many
cases the same biological replicates were hybridized to each of the array platforms. For
the experiment comparing hybridizations in the presence and absence of Cot-1 DNA, 6
biological replicates were divided after labeling and hybridized over 12 arrays in plus and
minus Cot sets.

For PCR product arrays (gift of Bing Ren, UCSD) and maskless arrays with 50 b every
50 b and 36 b every 36 b spacings (both oligo length arrays manufactured by NASA
Ames Research Center), ChIP DNA from 1 x 108 cells was random primed with Klenow
(enzyme and primers from BioPrime DNA Labeling System, Invitrogen #18094-011) and
Aminoallyl-dUTP (Sigma #A0410) was incorporated. Next Alexa Fluor dyes (Invitrogen
#A32755; Alexa647 for ChIP DNA isolated from IFN γ-stimulated cells and Alexa555
for ChIP DNA isolated from unstimulated cells) were coupled to the Aminoallyl-dUTP.
Coupling reactions were terminated with hydroxylamine. Alexa555- and Alexa647coupled ChIP DNA samples were combined and recovered using a CyScribe GFX
Purification Kit (Amersham #27-9606-02) according to the manufacturer’s protocol. The
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recovered probe was further purified by ethanol precipitation with 0.1 volume of 3M
sodium acetate (pH 5.2).

During the course of our studies we tested a number of different labeling technologies
including the MICROMAX tyramide signal amplification method (NEN Life Science
Products), 3DNA dendrimer technology (Genisphere) and anti-biotin and anti-fluorescein
coated Resonance Light Scattering (RLS) particles (Genicon Sciences). These were
tested primarily using PCR product arrays. For detection of STAT1 targets, the labeling
methods reported here were the most consistently positive in terms of signal, array
uniformity, reproducibility, time efficiency and cost effectiveness.

For maskless arrays (Nuwaysir et al. 2002) with 50 b every 38 b spacing (NimbleGen
Systems of Iceland, LLC) ChIP DNA from 1 x 108 cells was directly labeled (per
manufacturer’s protocol) by Klenow random priming with Cy5 nonamers (ChIP DNA
isolated from IFN γ-stimulated cells) or Cy3 nonamers (ChIP DNA isolated from
unstimulated cells).

Microarray hybridizations
All arrays were hybridized with mixing in MAUI hybridization stations from BioMicro
Systems (Salt Lake City, UT) for 16−18 h at 42°C. Before deciding on the hybridization
protocols described below we tested a number of experimental parameters. The
oligonucleotide arrays were hybridized at temperatures ranging from 14 to 33°C below
their estimated melting temperatures (Tm), using the formula described in (Sambrook et
al. 1989) and assuming 44% GC content for the ENCODE tiling arrays. Hybridization
buffers varied from 0.825 to 1.0 M [Na+] and from 0−40% formamide, final
concentrations. Note that optimal hybridizations are performed at ~25°C below the
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estimated melting temperatures although hybridization rates are only modestly affected
by conditions 15−30°C below the Tm (Wetmur and Davidson 1968).

PCR product arrays were prehybridized in 5x SSC/ 25% formamide/ 0.05% SDS/1%
BSA for 1 h at 42°C. Labeled ChIP DNA was precipitated and resuspended in 60 µl of 5x
SSC/ 25% formamide/ 0.05% SDS with 5 µg of human Cot-1 DNA (Invitrogen #15279011) per array. The PCR product arrays were washed in 42°C 2x SSC/0.1% SDS, room
temperature 0.1x SSC/0.1% SDS, and 0.1x SSC.

Labeled ChIP DNA for maskless arrays (Nuwaysir et al. 2002) with 50 b every 50 b and
36 b every 36 b spacings (both oligo length arrays manufactured by NASA Ames
Research Center) was precipitated with 30 µg of human Cot-1 DNA (Invitrogen #15279011) per array and pellets were resuspended in 45 µl of hybridization buffer (final
concentrations: 40% formamide, 5x SSC, 0.1% SDS, and 0.2x TE). Arrays were washed
once with 42°C 0.2% SDS/0.2x SSC, once with room temperature NSWB (6x SSPE,
0.01% Tween-20, 1 mM DTT), twice with 0.2x SSC, and twice with 0.05x SSC.

For maskless arrays (Nuwaysir et al. 2002) with 50 b every 38 b spacing (NimbleGen
Systems of Iceland, LLC) labeled ChIP DNA was hybridized in buffer containing 20%
formamide, 1.2 M Betaine, and 0.1 µg/µl herring sperm DNA per manufacturer’s
protocol. The plus Cot-1 experiments included 10 µg of human Cot-1 DNA (Invitrogen
#15279-011) per array. Arrays were washed in 42°C 0.2% SDS/0.2x SSC, room
temperature 0.2x SSC, and 0.05x SSC.

ChIP-PET experiment
The STAT1 ChIP-PET library was constructed as previously described (Wei et al. 2006).
Briefly, the ChIP enriched DNA fragments were cloned into the cloning vector pGIS3 to
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generate the ChIP DNA library. Purified plasmid from the ChIP DNA library was
digested with MmeI to release the internal fragments and a signature tag from each
terminal of the original ChIP DNA insert were self-ligated to form a 'single-ditag library'.
50 bp paired-end-ditags (PETs) were released by BamHI, PAGE-purified and
concatenated to clone into pZErO-1 to form the final ChIP-PET library for sequencing.

PET sequences were extracted from the raw reads and mapped to human genome
sequence assembly [hg17]. The process of PET extraction and mapping is essentially the
same as previously described for cDNA analysis (Ng et al. 2005). The mapping criteria
are that both the 5′ and 3′ signatures must have a minimal 17 bp match, be present on the
same chromosome and same strand, in the correct orientation (5′→3′), and within 6 kb of
genomic distance.

Mapping simulation of overlapping PET clusters
A Monte Carlo simulation was performed to assess the background level of overlapping
PET sequences when mapped to the genome. In the simulation, we first randomly
selected 4007 unique genomic DNA segments from 44 ENCODE regions (similar to the
average fragment size from STAT1 ChIP DNA) and then determined how many
fragments overlapped with others. This process was repeated 10,000 times to compute the
percentage of randomly selected DNA fragments that overlapped. The results are
summarized in Table 4. Based on this simulation, we estimated that 463 PETs (97% of
total) would result in two overlapping PETs (PET-2), 47 in PET-3, 3 in PET-4, and so
forth due to random chance. In contrast, the numbers of experimentally generated
overlapping PETs are significantly higher than the estimated background. Therefore, it is
highly likely that overlapping PETs resulted from the immunoprecipitation of STAT1associated DNA rather than from random events.
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STAT1 Target Validations
Primers were designed to amplify 200-350 bp fragments from regions throughout the
rank ordered target lists as well as regions where array signals were below cut-off values.
ChIP DNA from either 4 x106 IFN γ-stimulated or unstimulated cells was amplified in 40
µl reactions with 1 µM of target specific primer pairs and 1 x Qiagen Master Mix
(Qiagen # 201203). For each primer pair parallel reactions were run with 0.2 µg HeLaS3
genomic DNA to ensure that a sample set would yield a single band of the expected size.
Some primer pairs required addition of PCR additives, either Betaine or Qiagen Q
solution at varying concentrations. Cycling conditions were as follows: 5 min at 94°C, 29
cycles of 30 sec at 94°C, 30 sec at 52°C, 30 sec at 72°C, and a final extension period of
10 min at 72°C. The entire completed PCR reactions were loaded on 1.5% agarose gels
and only those primer sets in which entire sample volumes were loaded were analyzed
further. Each plate of PCR reactions included positive and negative controls, and all
reactions from a plate were loaded on the same gel. Densitometric analyses were made
using ImageJ software <http://rsb.info.nih.gov/ij/>. For each primer pair, enrichments
were calculated for yield from IFN γ-stimulated cells relative to yield from unstimulated
cells. To qualify as a validated region, enrichments had to be consistently greater than 2fold from each of two or more biological replicates. In many cases more than two
biological replicates were tested and for some regions validation results were quantified
from multiple primer pairs (in separate reactions) to eliminate any primer artifacts. In
total 280 regions were tested for validation. Primer sequences used in the ChIP-PCR
assays are available at <http://encode.gersteinlab.org/data/Euskirchen_etal/>.

Design of Genomic Tiling Microarrays
All tiling arrays were designed using the sequence from the ENCODE regions based on
human genome build NCBIv34 [hg16]. For analysis coordinates from all array designs
were remapped on to human genome build NCBIv35 [hg17] using liftOver from the
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UCSC Genome Browser (Hinrichs et al. 2006). The 50 b every 50 b tiling array was
custom designed with 192,040 50 b oligoneucleotides tiling the forward strand
approximately every 50 b (end-to-end) across the following ENCODE regions; ENm001014, ENr114, ENr132, ENr233, ENr321, ENr331 and ENr333. The 36 b every 36 b tiling
array was also custom designed using 382,454 36 b oligonucleotides tiling one strand
approximately every 36 b (end-to-end) across all the ENCODE regions excluding
ENr112, ENr121, ENr131, ENr211, ENr222, ENr313, ENr324, ENr334. Both of these
arrays were designed using the tiling array design tool http://tiling.gersteinlab.org
(Bertone et al. 2006). The 50 b every 38 b array uses 382,885 50 b oligonucleotides to tile
the forward strand of all ENCODE regions with average overlap between
oligonucleotides of 38 b. The PCR product array (supplied by Bing Ren, UCSD) uses
24,341 PCR amplicons of average size 620 bp to tile all of the nonrepetitive ENCODE
regions. Relative coverage of the ENCODE regions for each of the array formats is
shown in Supplementary Table 1.

Analysis of Microarray Data
For each hybridization the files (in .pair file format) to the two channels corresponding to
the ChIP DNA and reference DNA, were uploaded to the TileScope pipeline for highdensity tiling array data analysis <http://tilescope.gersteinlab.org> for normalization and
scoring (Zhang et al. submitted 2006). The pipeline first performs intra- and inter-slide
scaling (between biological replicates) using quantile normalization, the results of which
are then integrated using a sliding window approach (a window of size 1000 bp in
genomic space was used to integrate neighboring probes from replicate arrays). For each
window centered at the genomic coordinate of each oligonucleotide probe, the
pseudomedian signal (median of pairwise averages of the log2 ratio of test to reference
signals for all oligonucleotide probes within the window), as well as a p-value measuring
the likelihood that the region is bound by the transcription factor (using a Wilcoxon
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paired signed rank test comparing test signal against reference signal for all
oligonucleotide probes in the window) are computed. In an iterative fashion regions with
the highest signal (and p-values less than 10-4) were selected. In order to ensure that the
shoulders of other target regions are not identified as distinct binding regions we required
that the centers of target regions be spaced at least 1300 bp apart. This procedure
generated a ranked list of non-overlapping target regions of size 1300bp. For each set of
arrays the top 200 regions were scored in this fashion where possible. (For the 36 b array
dataset we were only able to extend the rank list to the top 39 targets, beyond which the
regions did not show enriched signal at the statistically significant cutoff used). The data
from the PCR product arrays were analyzed with the on-line microarray processing tool
ExpressYourself (Luscombe et al. 2003). This microarray data series is available at the
Gene Expression Omnibus <http://www.ncbi.nlm.nih.gov/geo/> with accession number
GSE2714. The ranked target lists are available at both <http://dart.gersteinlab.org/> as
well as at <http://encode.gersteinlab.org/data/Euskirchen_etal/>.

Comparison of Target Lists
As described above target lists are rank lists of non-overlapping target regions of uniform
size 1300 bp. In order to fairly compare the ChIP-chip data against the ChIP-PET
experiment, the ChIP-PET targets were likewise converted into 1300 bp regions centered
on the ChIP-PET cluster. Also, comparisons were done for targets identified in regions
common to both platforms because the 50 b every 50 b array does not tile all of the
ENCODE regions (Supplementary Table 1). When computing the overlap between any
two lists of regions (whether the data are from ChIP-chip or ChIP-PET), the number of
entries in the first list intersecting the second is not necessarily the same as the number of
the second list intersecting the first (this discrepancy typically happens in loci where
multiple target sites are located in a short genomic span). In order to avoid this ambiguity
we chose to first merge the two lists under comparison to form a list of union regions
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comprising the union of targets from both lists. Then using the union set of regions as a
basis, one can compute the number of regions belonging to only one of the two original
lists, or union regions that came from both lists. One important note is that some union
target regions occurring in more complicated loci tend to be longer and might only
contribute one joint region to the counts of number of union regions shared by both lists,
even though the region might correspond to multiple entries on each of the original two
lists. Regions that have been tested for validation can also be compared against these
union target regions to assess validation rates for union regions that were detected on
only one of the two lists or by both datasets. This is how the data in Tables 1, 2, 3, 6, S2
and S3, were generated.
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Figure Captions
Figure 1
Comparison of signal tracks. Signal enrichment tracks are plotted for the 50 b, 36 b and
PCR product array platforms for two different loci. Signals of STAT1 bound regions in
IFN-γ-stimulated cells relative to untreated cells were derived from multiple biological
replicates with one replicate hybridized per array (Materials and Methods and
Supplementary Table 1). Annotations above the coordinate axis are for genes on the
forward strand and those below are for reverse strand genes Signal enrichment tracks are
plotted to the same scale for the platforms displayed, from 0 to 2.5 in panel A and from 0
to 1.3 in panel B. A. The IRF1 locus and flanking regions on chromosome 5 (coordinates
131,770,000 to 131,870,000 from build NCBIv35 [hg17]). B. The loci on chromosome
21, which contain the cytokine receptors, IFNAR2, IL10RB and IFNAR1 (coordinates
33,500,000 to 33,680,000). C. Targets which have been validated by ChIP-PCR (shown)
are indicated by symbols a through f. The lanes are labeled for ChIP DNA from IFN-γstimulated cells, ChIP DNA from unstimulated cells and for HeLaS3 genomic DNA. Fold
enrichments, as calculated for several biological replicates (see Materials and Methods)
are indicated for each target (a through f) and for a negative control region (−).

Figure 2
Validation frequency as a function of rank order for the 50 b every 50 b array and PCR
product array platforms. For each ChIP-chip dataset (derived from multiple biological
replicates with one replicate hybridized per array, Supplementary Table 1) we identified
the target regions above a threshold. The targets were tested and divided into true
positives (TP) and false positives (FP) based on a ChIP-PCR validation assay (as
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described in Materials and Methods). Sensitivity (defined as TP/(TP+FN) where FN are
the number of false negatives) and specificity (defined as TN/(TN+FP) where TN are the
number of true negatives) of the target list at this threshold are difficult to accurately
estimate since the total number of actual binding sites (TP+FN) as well as the number of
true negatives (TN) are not known, and other methods for direct, in vivo identification
binding independent of ChIP methods do not exist. Nonetheless, the positive predictive
value (defined as TP/(TP+FP)) for ChIP-chip experiments can be estimated using data
from ChIP-PCR validations as described in the Materials and Methods. A. The number of
targets confirmed by validation, true positives (green line) as well as the number targets
that did not validate, false positives (red line) is plotted as a function of target rank
(ordered by signal enrichment) for the 50 b every 50 b array platform (from 3 biological
replicate arrays). The positive predictive value (blue line) is also shown as a function of
rank. B. The number of true positives (green line), the number of false positives (red line)
and the positive predictive value (blue line) are shown as a function of rank for the PCR
product array platform (data from 6 biological replicate arrays).

Figure 3
Validation frequency as a function of signal for the 50 b every 50 b array dataset. The
data from Figure 2A were analyzed as a function of array signal enrichment for the 50 b
every 50 b array platform. Signal enrichment is defined as the log2 ratio of signal
intensity of the ChIP DNA over the signal intensity of the reference DNA sample (for
STAT1 this is the log2 ratio of intensities for IFN-γ stimulated against unstimulated ChIP
DNA samples). A target region is identified as a 'peak' in a signal enrichment track (see
Figure 1; for details see Materials and Methods) and is assigned its maximal signal
enrichment, the height of the peak. The number of true positives is the green line, the
number of false positives is the red line and positive predictive value is the blue line as in
Figure 2A. The horizontal scale in this figure is in the opposite orientation to the
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horizontal scale displayed in Figure 2; high signal enrichment which appears to the righthand side in Figure 3, corresponds to higher rank which is to the left in Figure 2. At a
log2 signal of approximately 0.25 the number of false positives increases sharply to the
left.

Figure 4
Agreement between the ranked target lists for the 50 b every 50 b array and the PCR
product array platforms. Each dataset is comprised of multiple biological replicates with
one replicate hybridized per array (Supplementary Table 1). The vertical axis is the
number of targets common between the two rank lists up to a certain rank (the horizontal
axis). The agreement increases steeply for the highest ranked targets and then starts to
plateau.

Figure 5
The effect of Cot-1 DNA in determining STAT1 targets. Signal enrichment tracks are
shown for datasets of paired samples (see Materials and Methods and Supplementary
Table 1) that were hybridized either in the presence of Cot-1 DNA (top track) and or in
the absence of Cot-1 DNA (lower track), both on the 50 b every 38 b array platform.
Annotations above the coordinate axis are for genes on the forward strand, and
annotations below the coordinate axis are for genes on the reverse strand. Signal
enrichment tracks are plotted to the same scale from 0 to 3.3 for the Cot-present and Cotabsent datasets. Targets with labels 'a' and 'b' are identified by both experiments (ChIPPCR gel images are shown). Three targets (pink arrows) appeared only in the Cot-absent
experiment and were identified as false positives by ChIP-PCR validation (gel images not
shown). The orange bars indicate a region of segmental duplication, which is a potential
cause of the false positives (due to cross hybridization with confirmed target 'b'). For the
ChIP-PCR validations displayed, the lanes are labeled for ChIP DNA from IFN-γ
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stimulated cells, ChIP DNA from unstimulated cells and for HeLaS3 genomic DNA. The
fold enrichments are indicated and were calculated for several biological replicates (see
Materials and Methods).

Figure 6
The value of adding biological replicates to a ChIP-chip dataset. For the six 50 b every 38
b arrays that were hybridized in the presence of Cot DNA the reproducibility of target
lists for the top 50 (green), 100 (red) and 200 (blue) binding regions was examined as a
function of the number of biological replicates analyzed. Each biological replicate is
hybridized to a separate array. The agreement is compared against the target list
identified by using all six arrays. We see that greater than 80% agreement is obtained
when three or more biological replicates are used.

Figure 7
Comparison of ChIP-chip and ChIP-PET. Signal tracks for the ChIP-chip dataset from
the 50 b every 50 b platform are shown and compared to ChIP-PET signals (the vertical
axis corresponds to the number of overlapping ditags at a given genomic coordinate). A.
The IRF1 locus on chromosome 5 (coordinates 131,842,000 to 131,865,000 from build
NCBIv35 [hg17]). The orange arrows indicate the validated ChIP-chip targets from the
50 b array experiment that were on the shoulders of ChIP-PET clusters in the IRF1
region. B. The region on chromosome 21 (coordinates 33,500,000 to 33,700,000)
containing the cytokine receptors IFNAR2, IL10RB and IFNAR1. Significant
concurrence is observed between the signal readouts from each methods.

Table Legends
Table 1
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Comparison of ranked target lists for the top 75 targets from the 50 b every 50 b array
dataset with the top 39 targets from the 36 b every 36 b array dataset. The upper panel
displays the false positive rates (FPR) calculated for each list considered separately. The
lower panel displays the results after merging the list of the top 75 targets from the 50 b
arrays with the list of the top 39 targets from the 36 b arrays. The comparison is
performed (see Materials and Methods for full details) by first creating the union of the
two separate lists and then counting the number of union target regions specific to either
the 50 b array dataset or the 36 b array dataset, or those targets identified by both
platforms. In each of these three categories the union regions that were tested for
validation are displayed as well as the associated false positive rate (FPR).
Supplementary Table 2 is a similar comparison between the 50 b and 36 b array data with
a more restrictive list of targets (top 25 targets) from the 36 b array (with a lower false
positive rate). The FPR is defined as the TN/(TN+TP) where TN are the true negatives
and TP are the true positives from the STAT1 ChIP-PCR analysis for target validations.
Note that the FPR plus the PPV (positive predictive value as discussed in Figure 2) sum
to 1.

Table 2
Comparison of ranked target lists for the top 75 targets from the 50 b every 50 b array
dataset with the top 75 targets from the PCR product array dataset. The upper panel
displays the false positive rates (FPR) calculated for each list considered separately. The
lower panel displays the results after merging the list of the top 75 targets from the 50 b
array dataset with the list of the top 75 targets from the PCR product array dataset. As for
Table 1, this comparison is performed, by first creating the union of the two separate lists
and then counting the number of union target regions specific to either the 50 b arrays or
the PCR product arrays or those targets identified by both platforms. In each of these
three categories the union regions that were tested for validation are displayed as well as
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the associated false positive rate (FPR). Supplementary Table 3 is a similar comparison
between the 50 b and PCR arrays with a more restrictive list of targets (top 33) from the
PCR product array (with a lower false positive rate).

Table 3
Comparison of ranked target lists for paired samples hybridized either in the presence or
absence of Cot-1 DNA on the 50 b every 38 b array platform. Datasets were generated
from 6 biological replicates that were split post labeling and hybridized in parallel in plus
and minus Cot-1 DNA sets on 12 arrays using the 50 b every 38 b array platform. The top
75 target regions were then identified for both datasets and compared. The upper panel
displays the false positive rates (FPR) calculated for each list considered separately. The
lower panel displays the results after merging the target lists of the top 75 ranked regions
taken from each dataset. As for Table 1 this comparison is performed, by creating the
union of the two separate lists and counting the number of union target regions specific to
the Cot-present list, specific to the Cot-absent list, or those targets identified by both. In
each of these three categories the union regions that were tested for validation are
displayed as well as the associated false positive rate.

Table 4
Monte Carlo simulation of the expected number of PET clusters from the ENCODE
regions as a function of the PET cluster size. For overlapping PETs, clusters greater than
5 are expected to have very low false positive rates. PET-3 and PET-4 clusters are
simulated to have higher false positive rates.

Table 5
ChIP-PET5+ targets compared to the rank list from the 50 b every 50 b array dataset
(considering only those ChIP-PET5+ targets with coverage common to the 50 b array
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tilepath, Supplementary Table 1). For each PET cluster, its location as well as the cluster
overlap region (coordinates are build NCBIv35 [hg17]) are displayed as well as the ranks
of targets from the 50 b array dataset that overlap the PET cluster. Since the PET clusters
range in size from 1,376 bp to 13,368 bp they can overlap multiple ChIP-chip targets, all
of which are 1,300 bp in size. Only 2 of the 11 PET5+ clusters are not detected by ChIPchip on this 50 b array platform.

Table 6
Comparison of the ranked target list for the top 75 targets from the 50 b every 50 b array
dataset and 75 PET3+ targets from the ChIP-PET experiment. A fair evaluation could
only be made for the 75 PET3+ clusters that were covered by the 50 b every 50 b array
tilepath (see Materials and Methods and Supplementary Table 1). The upper panel
displays the false positive rates (FPR) calculated for each dataset considered separately.
The lower panel displays the results after merging the list of the top 75 targets identified
by the 50 b arrays with the 75 PET3+ targets identified by ChIP-PET. Additionally the
ChIP-PET targets are all sized to be 1,300 bp (centered on the overlap region) in order to
perform a fair comparison. As for Table 1 this comparison is performed, by first creating
the union of the two separate lists and then counting the number of union target regions
specific to either the 50 b array targets or the PET3+ clusters, or those targets identified
by both platforms. In each of these three categories the union regions that were tested for
validation are displayed as well as the associated false positive rate.

Supplementary Table 1
Summary of datasets used for the analyses presented in platform comparisons. For each
array platform the number of features, oligonucleotide length, genomic coverage and
number of biological replicates performed is listed. Biological replicates are defined as
STAT1 ChIP DNA prepared from distinct cell cultures grown, harvested and processed
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on separate days. ChIP DNA samples from individual biological replicates were labeled
separately and hybridized separately (without pooling) as one biological replicate per
array. In many cases the same biological replicates were hybridized to each of the array
platforms.

Supplementary Table 2
Similarly to Table 1 the target lists from the 50 b every 50 b and the 36 b every 36 b array
datasets are compared, but with the target list restricted to only the top 25 targets for the
36 b arrays in order to compare lists of higher accuracy. Again the upper panel displays
the false positive rates (FPR) calculated for each list considered separately. The lower
panel displays the results after merging the list of the top 75 targets from the 50 b arrays
with the list of the top 25 targets from the 36 b arrays.

Supplementary Table 3
Similarly to Table 1 the target lists from the 50 b every 50 b and the PCR product array
datasets are compared, but with the target list restricted to only the top 33 targets for the
PCR product arrays in order to compare lists of higher accuracy. Again the upper panel
displays the false positive rates (FPR) calculated for each list considered separately. The
lower panel displays the results after merging the list of the top 75 targets from the 50 b
arrays with the list of top 33 targets from the PCR product arrays.

Supplementary Table 4
Primer pairs used to validate regions sampled across the various ranked targets lists are
available at <http://encode.gersteinlab.org/data/Euskirchen_etal/>. The coordinates listed
are based on human genome build NCBIv35 [hg17]. The PCR product sizes shown are
the results of In Silico PCR run at <http://genome.ucsc.edu/cgi-bin/hgPcr>.
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Supplementary Figure 1
Genomic features of the two PET-5 regions that were not detected in the 50 b every 50 b
ChIP-chip dataset (Table 5). These regions validated by ChIP-PCR (gel images shown
on the right). A. Chromosome 21 between coordinates 32,815,161 and 32,816,460
[hg17]. B. Chromosome 20 between coordinates 33,366,674 and 33,367,973 [hg17]. For
both chromosomal regions, sizable lengths of repetitive sequence (as identified by
RepeatMasker) coincided with the PET overlap spans, thus likely impairing the ability of
the arrays to detect these targets due to decreased probe density. The ChIP-PCR lanes are
labeled for ChIP DNA from IFN-γ stimulated cells, ChIP DNA from unstimulated cells
and for HeLaS3 genomic DNA. Fold enrichments as calculated for several biological
replicates (see Materials and Methods) are indicated.

Supplementary Figure 2
Example of a ChIP-PET-3 cluster that was reassigned to a ChIP-PET-2 cluster. This
target in the region chr5:131963298-131964597 [hg17] could not be confirmed by ChIPPCR analysis. Closer inspection revealed an unusual instance of 2 overlapping PETs that
have an almost identical mapping (with 2 bp difference) and were likely derived from the
same ChIP fragment.
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