










NRF1 (Fig. 5C), ZNF143 (also known as STAF), and SP1 (GC-box).

However, 49 of the enriched words show low overlap (<10% of high-

posterior sites) with any PWM in TRANSFAC or JASPAR, and hence

these seed-words may represent previously unrecognized or poorly

characterized TF binding sites (Fig. 5D). In fact, two of the novel

words (TCTCGCGAGA and AGGAGGAGGA) have been recently

characterized as regulatory motifs (Guo et al. 2008; Frietze et al.

2010). For some of these words, recent protein-binding microarray

data (Bulyk et al. 2001) may provide clues as to the identity of their

binding partners (see Supplemental material).

We combined these analyses to construct a genome-wide map

consisting of 826,896 putative binding sites, i.e., locations estimated

to be bound by factors recognizing at least one PWM or word. Of

these locations, 431,724 were detected using PWMs and 574,567

using novel words (with 179,395 recovered from both analyses). For

many sites, the likely binding partner is somewhat ambiguous: For

example, the E-box family of TFs (e.g., MYC, MAX, USF1, CLOCK,

ARTNL) all share some overlap in their predicted binding locations

due to their shared DNA sequence preferences (i.e., the canonical

E-box motif, CACGTG). Altogether, the

inferred binding sites span slightly less

than 0.5% of the genome.

We next used this map to study the

properties of the inferred binding sites (Fig.

6). There is great variation in the numbers

of inferred binding sites among transcrip-

tion factors, ranging from a few hundred

(e.g., REST and SRF) to tens of thousands

(e.g., CTCF and SP1), as well as variation

in the extent to which binding sites oc-

cur near transcription start sites. For ex-

ample, 70% and 93% of GC-box and

TCTCGCGAGA sites are within 1 kb of

a TSS, respectively, compared to just 8%

of binding sites for the insulator CTCF.

For each motif, most TF-bound sites fall

near genes that are enriched for a spe-

cific function. Indeed, 98% of the motifs

have at least one significantly enriched

Gene Ontology (GO) category (Falcon

and Gentleman 2007) after Bonferroni

correction. Virtually every motif shows

significant enrichment for nearby bind-

ing sites of other motifs, even when we

account for positional biases with respect

to the TSS. Moreover, 39% of motifs show

enrichment for nearby binding sites of

the same motif (FDR < 5%). These pat-

terns are consistent with the notion of

combinatorial action of specific TFs in the

promoters of eukaryotic genes (Supple-

mental Figs. S6, S15; Pilpel et al. 2001;

Zhu et al. 2005).

Additionally, we find that the pres-

ence of many of these binding sites is

predictive of gene expression levels and

by using a linear model, after performing

variable selection, we identified 96 motifs

that could, together, explain 38% of the

variance in gene expression levels across

all genes (for details, see Supplemental

material). Finally, we used the Novartis

Gene Expression Atlas (Su et al. 2004) to investigate the expres-

sion profile of genes that are putative targets of each TF in LCLs

(Fig. 6). For example, genes that lie close to REST binding sites are

enriched for neural GO categories ( Johnson et al. 2007) and, on

average, are broadly repressed except in neural tissues (Fig. 6;

Supplemental Fig. S13). More generally, we find that the putative

target genes show (1) increased expression levels in LCLs for most

TFs, (2) high expression levels across all tissues for a few TFs (e.g.,

SRF and the novel motif TCTCGCGAGA), and (3) increased ex-

pression in lymphoblasts and closely related dentritic cells for key

lymphoid-related factors such as E2F4, STAT1, PAX5, SPI1, and

EBF1 (DeKoter and Singh 2000; Matthias and Rolink 2005; Nutt

and Kee 2007).

Discussion
We have shown that an integrative approach can infer binding lo-

cations of hundreds of TFs simultaneously using cell-type-specific

assays of chromatin accessibility. We anticipate that this kind of

Figure 5. Application of the CENTIPEDE model across 756 known PWMs and 17,224 10-mers
enriched in DNase I–sensitive regions. (Left panel) The distribution of the conservation Z-score for PWM
motifs (A) and 10-mer derived motifs (B). (C ) This panel shows that NRF1 binding sites are recovered
from both the PWM and 10-mer-based approach. (D) Two examples that appear to be novel binding
site motifs. For these motifs, locations inferred to be bound are strongly conserved, show a clear DNase I
footprint, and show minimal overlap with known PWMs.
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approach will be a valuable tool for mapping functional regulatory

elements across a broad range of tissues and experimental conditions.

We see ChIP-seq and CENTIPEDE as being complementary

tools. ChIP-seq can provide exhaustive information about binding

for factors of special interest, including sites that may be missed by

CENTIPEDE as they contain no recognizable motif. Additionally,

ChIP-seq can avoid the ambiguity of motif-based approaches when

multiple factors share a similar motif. However, since ChIP-seq is

applied to one factor at a time, it currently does not scale well to

studying large numbers of factors under varying conditions.

In contrast, approaches like CENTIPEDE can accurately profile

many factors using a single experimental assay. The CENTIPEDE

predictions provide precise resolution of binding locations and

potentially quantitative measurement of binding occupancy. One

important direction for future work is to explore whether the spec-

ificity of the DNase-footprint profile can be used to infer which

factor(s) are present at a particular location when a motif site can be

bound by multiple factors.

Of course, maps of transcription factor binding sites are but

a first step toward understanding the architecture of gene regulation.

Further experimental work is required to determine which inferred

binding sites are functional and which genes they regulate. In the

foreseeable future, we can anticipate high-resolution maps of

regulatory sites for many different cell types—this will represent

one important step toward a better understanding of how DNA

sequence information encodes the information required for gene

regulation.

Methods

Data
Candidate binding sites were identified using either pre-estimated
position weight matrices (PWMs) from TRANSFAC and JASPAR da-
tabases or words that we determined to be enriched in hypersensitive
sites. For a given PWM or word, we scanned the human genome
sequence (hg18) for all matches above a specified threshold and
considered each match to be a candidate binding site. For each can-
didate, we extracted genomic information that would be included in
the model prior: sequence conservation (Pollard et al. 2010); quality
of the PWM match; and distance to the nearest transcription start
site; as well as experimental data in a 200–400-bp window around the
site to be used in the likelihood—DNase I sensitivity and ChIP-seq
data on seven histone modifications, all from LCLs. The experi-
mental data were publicly available from the ENCODE Project (The
ENCODE Project Consortium 2007; McDaniell et al. 2010) and, in
the case of the DNase I data, supplemented with additional data
from our group. See Supplemental material for further details.

The CENTIPEDE model

We use a probabilistic framework known as a hierarchical mixture
model, which is described briefly here, and in greater detail in

Figure 6. Characteristics of the binding sites for 41 selected motifs. For each motif, we show the total number of inferred active sites (posterior
probability > 0.99); the percentage of active sites that are within 1 kb of the nearest TSS; the most enriched GO category of the genes with a TSS within 5 kb
of an active site; and the most enriched nonoverlapping element within 100 bp of the motif; the average shift in mean expression for genes containing an
active binding site of each element in their promoter region (5 kb from TSS) in the linear model; the difference from average expression of the putative TF
targets across nine tissues (Su et al. 2004); a Z-score measuring the enrichment/depletion of seven histone modification marks in the 400-bp region around
the bound instances of each motif relative to unbound instances.
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Supplemental material. The likelihood for a motif match l is
written:

PðDlÞ = PðZl = 1 jGlÞ PðDl jZl = 1Þ + PðZl = 0 jGlÞ PðDl jZl = 0Þ; ð1Þ

where Dl and Gl represent the observed experimental data and the
prior information around the motif match. The data Dl are assumed
to be generated from one of two underlying distributions that form
the mixture model. One distribution corresponds to the bound state
of transcription factors (Zl = 1), while the other distribution corre-
sponds to the unbound state (Zl = 0).

For each potential binding location l, we calculate a prior
probability pl = P(Zl = 1|Gl) that the site is bound by a TF. This prior
probability is modeled using a logistic function:

log
pl

1� pl

� �
= b0 + b1 3 PWM Scorel + b2 3 Cons: Scorel + b3

3 TSS Proximityl: ð2Þ

Here, ‘‘PWM Score’’ is a log-likelihood ratio of the probability of a
given sequence under the PWM model, compared to a random se-
quence model. The ‘‘Cons. Score’’ is the average phastCons con-
servation score for the nucleotides within the motif match (Pollard
et al. 2010). ‘‘TSS proximity’’ is the inverse of the distance to the
nearest TSS in kilobases plus one.

As experimental data Dl, CENTIPEDE can combine multiple
types of experiments D

ðkÞ
l (here k indexes different experiments,

such as read counts from DNase-seq and from histone modifica-
tion ChIP-seq). For example, with three experiments,

P D
ð1Þ
l ;D

ð2Þ
l ;D

ð3Þ
l jZl

� �
= P D

ð1Þ
l jZl

� �
P D

ð2Þ
l jZl

� �
P D

ð3Þ
l jZl

� �
: ð3Þ

The underlying assumption is that the different experiments
D
ðkÞ
l can be considered conditionally independent given that the

underlying state Zl is known. We next specify the distribution to be
used for each data type P(D

ðkÞ
l jZl); each with its own set of pa-

rameters for different k and state, Zl = 0 and Zl = 1.
For a given experimental data type (e.g., DNase-seq), the col-

lection of reads in a region (200 bp) around the motif matches l can
be represented by an L 3 S matrix X = {Xls}. Each row Xl,. = (Xl,1,. . .,
Xl,S) corresponds to motif-match location l, and each column s in-
dexes the DNase I cut position relative to the center and strand of this
motif match. The total number of reads in the region is defined as

Rl = +
S

s=1

Xl; � ð4Þ

The total number of reads is modeled with negative binomial
distributions,

PðRl jZl = 1Þ = Negative Binomial ðRl ja1; t1Þ

=
Gða1 + RlÞ
Rl!Gða1Þ

t
a1

1 ð1� t1ÞRl ð5Þ

PðRl jZl = 0Þ = Negative Binomial ðRl ja0; t0Þ

=
Gða0 + RlÞ
Rl!Gða0Þ

t
a0

0 ð1� t0ÞRl ;
ð6Þ

which depend on a1, t1 for the bound class and a0, t0 for the un-
bound class. While Poisson distributions may seem like the natural
choice for the underlying process, the two-parameter negative bi-
nomial distribution allows us to more accurately model the variance
in sequence read rate (Supplemental Fig. S7). With these two dis-
tributions, we can capture open versus closed chromatin in DNase I
hypersensitivity assays or enrichment of certain histone modifi-
cations associated with enhancers or repressors measured by ChIP-

seq assays. If the positional distribution P(Xl,�|Rl, Zl) is not important
(or not very informative), we can leave it unspecified (i.e., any
configuration is equally likely). This is the option we chose for the
histone modification ChIP-seq assays based on preliminary analysis
showing that the read locations were only weakly informative for
these data (Supplemental Fig. S11). In contrast, for DNase I the
positional information can be very informative as DNase I leaves
a distinctive cleavage pattern (footprint) when Zl = 1 (Fig. 4; Sup-
plemental Fig. S8). The spatial distribution of reads surrounding
the binding site is modeled with a multinomial distribution

PðXl;: jZl = 1;RlÞ = Multinomial ðXl;: jRl; fl1; . . . ;lSgÞ

= Rl!
YS

s=1

l
Xl;s
s

Xl;s!

 !
;

ð7Þ

where the ll gives the probability that a read is obtained from po-
sition index s and Rl ls is the expected value of Xl,s given Rl. For Zl = 0,
the TF is not bound, so no specific footprint is expected. In this case,
we find it works well to simply model the cut-site distribution as
uniform (ls = 1/S).

PðXl;� jZl = 0;RlÞ = Multinomial ðXl;� jRl;f1=S; . . . ;1=SgÞ

= Rl!
YS

s=1

S�Xl;s

Xl;s!

 !
:

ð8Þ

The parameters of the CENTIPEDE model ðb1; b2; . . . ;

a0; t0; a1; t1; l1; . . . ; lS; a00; t00; a01; t01; . . .Þ are estimated by maxi-
mizing the likelihood function using an expectation maximization
(EM) algorithm (for details, see Supplemental material). Once the
model has converged, the posterior probability pl is used to infer
whether a TF is bound at location l. The form of this probability,
pl, can be more easily interpreted in terms of the posterior odds:

pl

1� pl

=
pl

1� pl

� � ð1� t1ÞRl t
a1

1 GðRl + a1Þ=Gða1Þ
ð1� t0ÞRl t

a0

0 GðRl + a0Þ=Gða0Þ

 !

3
YS

s=1

ðSlsÞxs;l

 !
; ð9Þ

illustrating that the posterior odds are equal to the product of the
prior odds (given by the logistic model) and the likelihood ratios
(LRs) for the models corresponding to each type of data observed.
This easily extends to multiple independent types of experimental
data, each with its independent set of parameters as described in
Supplemental material.

Validation of predicted binding sites

We downloaded publicly available ChIP-seq data from the ENCODE
project corresponding to six transcription factors. Receiver opera-
tion curves (ROCs) were used for assessing the accuracy of pre-
diction performance for each motif instance. The set of ChIP-seq
positives was formed by those motif instances that fall inside a ChIP-
seq peak, and the set of ChIP-seq negatives by those containing
a lower or equal fraction of mappable reads from the ChIP-seq as
compared to the ‘‘Control’’ experiment. For REST, SRF, and GABPA,
we used the ChIP-seq peaks as reported by ENCODE, while for the
other three factors (CTCF, JUND, and MAX), ChIP-seq peaks were re-
extracted using MACS (the same peak-calling algorithm that was
used for the initial three; for details, see Supplemental material). We
note that, in order to draw an ROC curve, motif instances that are
neither ChIP-seq positives nor ChIP-seq negatives are not taken into
consideration because otherwise the ‘‘gold-standard’’ data would
become contaminated with potentially misclassified borderline
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instances. For this reason, we also considered a correlation approach
that takes into account all locations (except those for which >20% of
the possible DNase reads in the surrounding 200 bp would not map
uniquely—i.e., motifs in or near repetitive regions). For each motif
instance, we extracted the total number of reads from the ChIP-seq
and the ‘‘control’’ experiments and measured the Pearson correla-
tion between the square root of the total number of reads and the
CENTIPEDE posterior log-odds.

For motifs where ChIP data were unavailable, we used sequence
conservation to assess whether the model was correctly detecting TF
binding. For this, we withheld the phastCons score when fitting our
model and defined a test statistic (conservation Z-score) that mea-
sured the significance of the logistic regression of the phastCons
score of the motif on the posterior probability of binding (for full
details, see Supplemental material).

Novel motif discovery

To identify novel DNA motifs with evidence of protein binding, we
examined 10-mers that are enriched in the most DNase I–sensitive
regions of the genome. To identify the most sensitive regions, we
considered a 200-bp window centered on every single base pair in
the genome and selected positions with more than 200 DNase-seq
reads in the window. In total, 6.4 Mb (0.21% of the human genome)
met this criterion, and on average each 10-mer occurred 12.2 times
within this region (where a k-mer and its reverse complement are
combined). We defined an ‘‘enriched’’ set of 10-mers as being those
words that occurred more than 50 times in these DNase I–sensitive
regions (corresponding to the top three percentile of the distribu-
tion). In addition, we constructed a ‘‘control’’ set of 20,000 10-mers
that occurred six or fewer times (corresponding to the bottom 50
percentile) in these regions.

For each word in the enriched set, we ran the CENTIPEDE
model on all the matches of the word in the genome. For the control
words, we identified all locations in the genome matching at least 9
bp of the original 10-mer. We then used a rejection sampling strat-
egy to match the distribution of DNase I HS to that for the enriched
words. This sampling procedure was used to control for the corre-
lation of DNase I regions with functional elements.

Additional downstream analyses

Several techniques were used to analyze the regulatory map com-
posed of the predicted binding sites for all the motifs (for more de-
tails, see Supplemental material). We used hierarchical clustering to
identify motifs whose predicted binding sites overlap substantially
and most likely describe the same TF, or a TF family that shares se-
quence preference. For each pair of motifs that do not overlap, we
also tested for colocalization using a two-sample Poisson test and
controlling for the potential overrepresentation of motifs near TSSs.
To evaluate the potential impact of the predicted binding sites on
gene regulation, we considered that a gene was the target of a TF if it
contained a high posterior binding site within 5 kb of its annotated
TSS. The sets of genes that were targets of the same TF were analyzed
using Gene Ontology, and the impact of TFs on gene expression was
evaluated using a linear regression model. We also calculated general
trends of enrichment/depletion of histone modification at predicted
TF binding locations using a logistic regression model.
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