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Despite the large evolutionary distances betweenmetazoan species,
they can show remarkable commonalities in their biology, and this
has helped to establish fly and worm asmodel organisms for human
biology1,2. Although studies of individual elements and factors have
explored similarities in gene regulation, a large-scale comparative
analysis of basic principles of transcriptional regulatory features is
lacking.Herewemapthegenome-widebinding locationsof165human,
93wormand52 fly transcription regulatory factors, generating a total
of 1,019 data sets from diverse cell types, developmental stages, or
conditions in the three species, of which 498 (48.9%) are presented
here for the first time. We find that structural properties of regu-
latorynetworks are remarkably conserved and that orthologous reg-
ulatory factor families recognize similar bindingmotifs in vivo and
show some similar co-associations. Our results suggest that gene-
regulatory properties previously observed for individual factors are
general principles ofmetazoan regulation that are remarkably well-
preserveddespite extensive functional divergence of individual net-
work connections. The comparative maps of regulatory circuitry
provided here will drive an improved understanding of the regula-
tory underpinnings ofmodel organismbiology andhow these relate
to human biology, development and disease.

Transcription regulatory factors guide the development and cellular
activitiesofall organisms throughhighlycooperative anddynamic control
of gene expression programs. Regulatory factor coding genes are often
conservedacrossdeepphylogenies, theirDNA-bindingproteindomains
are preferentially conserved at the amino-acid level, and their in vitro
binding specificities are also frequently conservedacross largedistances3,4.
However, the specific DNA targets and binding partners of regulators
can evolvemuchmore rapidly thanDNA-binding domains, making it
unclearwhether the in vivo binding properties of regulatory factors are
conserved across large evolutionary distances.
Comparisons of the locationsof regulatorybinding across species has

been controversial, with some studies suggesting extensive conserva-
tion1,2,5–10, whereas others suggest extensive turnover11–14. Although it
is generally assumed that across very large evolutionary distances reg-
ulatory circuitry is largely diverged, there exist highly conserved sub-
networks15–18. Thus, confusion exists in the level of regulatory turnover
between related species, possibly owing to the small number of factors
studied. Moreover, despite recent observations of the architecture of
metazoan regulatory networks a direct comparisonof their topology and
structure—suchas clusteredbinding andregulatorynetworkmotif—has
not been possible owing to large differences in the procedures employed
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Figure 1 | A large compendium of regulatory binding across distant
metazoans. Data from modENCODE and ENCODE consortia used in the
analyses. Inner circles show the fraction of data sets presented here for the first
time. For each organism the major contexts are shown in a different hue in
the two outer circles. Asterisks, data sets that are not one of the main contexts.
Each factor that underwent ChIP is shown in themiddle circle and the count is

in parentheses (a factor can be represented in multiple contexts). The outer
circle shows every data set, scaled by the number of peaks. Red, polymerase;
light shades, transcription factor; dark shades, other. ChIP of a total of 165,
93 and 52 unique factors across all conditions and cell lines in human,
and developmental stages in worm and fly, respectively.
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to assay regulatory factor binding in distinct species. Here we present a
systematic and uniform comparison of regulation using many factors
across distantly related species to help address these questions on a scale
not previously possible.
To compare regulatory architectureandbinding acrossdiverseorgan-

isms, the modENCODE and ENCODE consortia mapped the binding
locations of 93Caenorhabditis elegans regulatory factors, 52Drosophila
melanogaster regulatory factors and 165 human regulatory factors as a
community resource (Fig. 1 and Supplementary Table 1). These regu-
latory factor bindingdata sets represent a substantial increase over those
previously published forworm (194newdata sets for a total of 219) and

human (211 new, 707 total) and a substantial improvement in data
quality in fly with a move from chromatin immunoprecipitation with
DNAmicroarray (ChIP-chip) to ChIP followed by sequencing (ChIP-
seq) (93 new, 93 total)2,8,19,20. Themajority of regulatory factors are site-
specific transcription factors (83 inworm, 41 in fly, and 119 in human),
althoughgeneral regulatory factors suchasRNAPol IIwere also assayed.
All regulatory factors were analysed by ChIP-seq according tomod-

ENCODE/ENCODEstandards: antibodieswere extensively character-
ized, and at least two independent biological replicateswere analysed21.
Worm regulatory factors were assayed in embryo and stage 1–4 larvae
(L1–L4 larvae), fly regulatory factors in early embryo, late embryo and
post embryo, andhumanregulatory factors inmyelocytic leukaemiaK562
cells, lymphoblastoidGM12878 cells,H1 embryonic stemcells, cervical
cancer HeLa cells, and liver eptiheliumHepG2 cells. Binding sites were
scoredusingauniformpipeline that identifies reproducible targetsusing
irreproducible discovery rate (IDR) analysis (Extended Data Fig. 1)22

and quality-filtered experiments (seeMethods). These rigorous quality
metrics insure that thedata setsusedhere are robust.All datapresentedare
available at http://www.ENCODEProject.org/comparative/regulation/.
To explore motif conservation, we examined the 31 cases in which

we had members of orthologous transcription-factor families profiled
in at least two species (Extended Data Fig. 2a and Methods). Sequence
enriched motifs were found for 18 of the 31 families and for 12 ortho-
logous families (41 regulatory factors), the same motif is enriched in
both species (Extended Data Fig. 2b, c). For 18 of 31 families (64 of 93
regulatory factors), the motif from one species is enriched in the bound
regions of another species (one-sidedhypergeometric,P5 3.33 1024).
These findings indicate that many factors retain highly similar in vivo
sequence specificity within orthologous families, a feature noted previ-
ously across studies working on smaller numbers of factors.
Next, we usedRNA-seq data3 to determinewhether targets of ortho-

logous regulatory factors are specifically expressed at similar develop-
mental stages between fly andworm.As a class, orthologous regulatory
factors (both assayedhere andnot) are significantly expressed at similar
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Figure 2 | HOT regions are dynamically established across stages and cell
types. HOT regions contain binding sites for a large number of factors. a, A
total of 2,948, 2,283, and 46,348 HOT regions exist, of which 29.1%, 13.7%
and 9.7% are constitutive in worm, fly and human respectively. A large fraction
of HOT regions are shared across multiple contexts but the majority of
HOT regions are specific to a single context. b, Constitutive human HOT
(cHOT) regions show strong enrichment for promoters while cell-type specific
(GM12878 (GM), H1hesc (H1), HepG2 (HG), HelaS3 (HL), K562 (K5)) HOT
regions show more enhancer enrichment (see also Extended Data Fig. 3).
The cell type/context of the classes is indicated on top. Matched indicates that
the classes are derived from the specific cell type analysed in each set.
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Figure 3 | Regulatory network
motif usage is conserved across
distant metazoans. a, Statistics of
the transcription regulatory
networks in human, worm, fly and
their hierarchical organization. b, An
example of the hierarchical network
for worm. c, Network motif
enrichment. The human, worm and
fly networks are mostly consistent
in terms of motif enrichment. The
motif feed-forward loop is the most
enriched motif in all three networks.
d, Different transcription factors
have different tendencies to appear as
top, middle and bottom regulators in
a FFL. The lists of human, worm,
fly transcription factors with
corresponding tendencies are
displayed.
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stages (ExtendedData Fig. 3a–c). However, expression of orthologous
targets of orthologous regulatory factors in worm and fly shows little
significant target overlap (ExtendedDataFig. 3d) and the largemajority
of orthologous regulatory factorsdidnot showconserved target functions
(ExtendedData Fig. 4a–c), suggesting extensive re-wiring of regulatory
control acrossmetazoans.Nevertheless, human andwormorthologous
regulatory factors weremore likely to show conserved target gene func-
tions than non-orthologous regulatory factors (ExtendedData Fig. 4d,
Wilcoxon test P , 3.9 3 1026), highlighting regulatory factors with
conserved target functions.
Regulatory factor binding isnot randomlydistributed throughout the

genome, but rather, in all three species, approximately 50% of binding
events are found in highly-occupied clusters, termed high-occupancy
target (HOT) regions1,2,5,8,10. HOT regions show enhancer function in
integrated transcriptional reporters11 and are stabilized by cohesin15,17.
HOT regions show no significant enrichment with non-specific anti-
bodies (ExtendedDataFig. 5), in contrast to recentworkusing rawsignal19

rather than IDR peaks, although the possibility that they are artefacts
has been raised.
BycomparingHOTregions across different developmental times and

cells types, we find that 5–10% of HOT regions are constitutive, indi-
cating that HOT regions are dynamically established, rather than an
intrinsic property of specific regions. In humans we find that approxi-
mately90%of constitutiveHOTregions fallwithinpromoter chromatin
states compared to only approximately10–20%of context-specificHOT
regions (Fig. 2a and ExtendedData Fig. 6). Instead, approximately 80–
90%of context-specificHOTregions fallwithin enhancer states.More-
over, these context-specific HOT regions are specifically enriched for
enhancers in matching cell types or developmental stages. For exam-
ple, 80%ofGM12878-calledHOTregions fallwithinGM12878-specific
enhancers but only approximately 10%ofGM12878-calledHOTregions

fall within enhancers called in other cell-types (Fig. 2b). These patterns
remain similar for all cell types (Extended Data Fig. 7), suggesting the
two types of HOT regions are established concordantly and dynam-
ically between cell types, though these patterns are weaker in the worm
and fly data.
We constructed regulatory networks in each species by predicting

gene targets of each regulatory factor using TIP23 and used simulated
annealing to reveal the organization of regulatory factors in three layers
of master-regulators, intermediate regulators, and low-level regulators
(Fig. 3a, b). The algorithm found only 7% of regulatory factors at the
top layer of the network in fly and 13% in worm, compared to 33% in
human. We also found that more edges are upward flowing in human
(30%) than worm and fly (22% and 7%). This suggests differences in
the global network organization with more extensive feedback and a
higher number of master regulators in human.
Wenext assessed the local structure of regulatorynetworks, by search-

ing for enriched sub-graphs known as network motifs (Fig. 3c). We
found that the samenetworkmotifsweremost and least enriched in the
three species. In each case, themost abundantwas the feed-forward loop
(FFL), while the least abundantwere cascademotifs, and both divergent
and convergent regulation. Moreover, specific regulatory factors were
enriched for origin, target, or intermediate regulators in these FFLs in
each species (Fig. 3d). Surprisingly, the number of feed forward loops
(FFLs) varied by developmental stage in both worm and fly, with L1
stage inwormand late-embryo stage in fly showing thehighest number
of FFLs (Extended Data Fig. 8), suggesting increased filtering fluctua-
tions and accelerating responses in these stages24.
We asked whether the three species showed conserved regulatory

factor co-associations.We first focusedonglobal co-associationswhere
two factors co-associate frequently regardless of context, either by inter-
molecular interactions or independent recruitment (Extended Data
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Figure 4 | Transcription-factor co-association. Many instances of
transcription-factor co-association are under very specific contexts and
probably not observed in a simple genome-wide co-association study. a, We
combined the patterns of orthologous factors and genomic regions from two
organisms to train a SOMwhere each ‘hexagon’ contains genomic regions from
either organismwith the same binding pattern of orthologous factors for worm
(b) and fly (g). Each hexagon is shaded by the frequency of the pattern in the
pairs of organisms. We show an example of binding patterns of 4 hexagons
from the human–fly (c–d) and the human–worm (e–f). Names above the
heatmaps are human factor names, and those below are their orthologue

names. Dark shaded boxes indicate binding of that factor. c, A binding pattern
shared at equal frequency between human and fly with only CTCF and
SETDB1 (CTCF and SuVar3-9 in fly) binding. d, A binding pattern that occurs
more frequently in human shows ELF1, RNA Pol II, STAT and TBP binding.
e, A binding pattern at similar frequencies in human and worm that is an
example of a HOT region. f, A pattern more frequent in humans than worms
shows RNA Pol II, E2F, FOS, MYBL2, HDAC1, MXI1, FOXA and TBP
binding. h, Co-localization patterns that occurmore frequently near promoters
(,500 bp) in humans are highly likely to also occur at promoters in worm
(80%) and fly (100%).
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Fig. 9). With the exception of a small number of conserved global reg-
ulatory factor co-associations (for example, SIN3AwithHDAC1,HDAC2
andNR2C2 in fly andhuman25–27, andMXI1withE2F1, E2F4 andE2F6
in worm and human), the majority of global co-associations were not
conserved in the contexts and species pairs analysed.
As regulatory factor co-association at distinct binding regions is local

and contextual (that is, different combinations of factors co-associate
at different genomic locations), we next used an approach to detect co-
association at distinct regions of the genome based on conserved pat-
terns of regulatory factor binding. Thismethoduses self-organizingmaps
(SOMs) to analyse co-associationpatterns at specific loci bybetter explor-
ing the full combinatorial space of regulatory factor binding than tra-
ditional co-association approaches (Fig. 4a–c)28. We demonstrate that
co-associations at distinct genomic regions reveal amore complex view
of regulatory structure and bring forth categorical enrichments that are
lost in a larger, genomic context.
We examined whether specific contextual co-associations are con-

served for orthologous regulatory factors by using binding data from
eachorganismal pair; that is, human–wormandhuman–fly (Fig. 4b, g).
Specific regulatory factor co-associations were observed; most are con-
served to varying degrees across each organism with very few that are
entirely organism-specific (Fig. 4b, g). These co-associations result in
expected sets of factors such as the previously noted SIN3A1HDAC
co-association. In addition,we findnewco-associations such as the pat-
tern in Fig. 4f for human–worm, which in worm is highly enriched for
GOtermsassociatedwith sexdetermination.We further examinedwhich
co-associations are conserved at distinct gene locations (that is, proximal
and distal).We founddistinct combinations of conserved co-associations
in relation to transcription start site (TSS) regions. Interestingly, virtu-
ally all TSS-proximal co-associations in human remain TSS-proximal
in worm (approximately 80%) and fly (approximately 100%), indicat-
ing that co-associations that occur at promoters are often highly con-
served (Fig. 4h). Conversely, co-associations at distal regions are much
less conserved.
Our results, obtainedusinga large resourceof regulatorybinding infor-

mation, suggest that there is little conservation of individual regulatory
targets and binding patterns for these highly divergent metazoans: C.
elegans,D.melanogaster andH. sapiens.However,wedo find strong con-
servation ofoverall regulatory architecture, both innetworkmotif usage
and in concentrated regulatory binding at dynamically establishedHOT
regions.Weobserve an increased conservationof in vivo sequence pref-
erences and some target gene functions,with context-specific regulatory
factor partners still observed at specific loci in these distal comparisons.
These findings are consistent with previous results indicating that the
gene targets of regulation are typically quite divergent and are likely to
account formanyof thephenotypic differences among species12–14,16,29,30,
despite conserved sequence preferences.We significantly extend these
observations, both in thenumber of regulators studied and in the range
of regulatory properties studied, and provide specific examples of con-
served anddiverged regulatory functions. Lastly, beyond its potential for
comparative studies of gene regulation, the primary data sets provide
invaluable new information of genome-wide transcription-factor bind-
ing informationboth inhuman, and in twoof themost importantmeta-
zoan models of human biology, development, and disease.

Online Content Methods, along with any additional Extended Data display items
andSourceData, are available in theonline versionof thepaper; referencesunique
to these sections appear only in the online paper.
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METHODS
Adataportal hasbeencreated for themodENCODEprojectwheredata fromall stages
of analysis in this project are available (http://ENCODEProject.org/comparative/
regulation/).

Experimental methods for D. melanogaster ChIP-seq assay. Transgenic lines
containing GFP-tagged transcription factors within their endogenous genomic con-
texts were produced as described previously1,31. Chromatin was collected and chro-
matin immunoprecipitation was performed as described previously20. Multiplexing
allowed for sequencing of between 4 and 12 samples per lane on an Illumina Hi-
Seq for aminimum of 5million reads per sample. NewGFP-tagged lines aremade
available at the Bloomington Stock Center. Tagged line stock numbers are: Abd-B
stock 38625; Eip74EF stock 38636; Lola stock 38660; N stock 38665; Stat92E stock
38670; usp stock 38672.

Experimentalmethods forC. elegansChIP-seq assay.C. elegansChIP-seq assays
were performed as described in32, with a few modifications. In brief, transgenic
worms containingGFP-tagged transcription factors were grown to the desired devel-
opmental stage under controlled conditions and cross-linked with 2% formalde-
hyde. Cell extracts were sonicated to yield predominantly DNA fragments in the
range of 200–500 bp. The sonicated lysates were immunoprecipitated in either 5%
or 1% Triton using anti-GFP antibody. Sequencing libraries were prepared from
the two independent biological replicates of immunoprecipitation-enriched and
input DNA fragments. Libraries were multiplexed using four 4-bp barcodes33 and
sequenced on Illumina Genome Analyzer II.

Experimental methods for human ChIP-seq assay. Human ChIP-seq was per-
formed using the overall method outlined in ref. 21. In brief, 2 3 107 cells were
cross-linked using 1% formaldehyde at room temperature followed by treatment
with 125mMglycine. The cross-linked cells were resuspended in hypotonic buffer
and the cells were lysed by Dounce homogenization. The resulting nuclear extract
was sonicated to obtain DNA fragments in the target size of 200–500 bp. Immu-
noprecipitationwas performed overnight at 4 uCusing 2 mg of antibody. The tran-
scription factor–antibody complexeswere collected using proteinA andProtein G
agarose beads. The immunoprecipitation-enriched DNA (transcription-factor
antibody as well as control IgG) was used to prepare sequencing libraries similar
to the methods used for C. elegans ChIP-seq library preparation. A single sample
was run per lane of the Illumina Genome Analyzer II.

Uniform processing of transcription factor ChIP-seq data sets.We used a uni-
form processing pipeline to identify high-confidence binding events (peaks) for a
large collection of ChIP-seq data sets in three species from the modENCODE and
ENCODEconsortia;worm(C. elegans), fly (D.melanogaster) andhuman (H. sapiens).
For human, we analysed 707 distinct ChIP-seq data sets (with at least two replicate
experiments) representing 165 unique regulatory factors (generic and sequence-
specific factors). Thedata sets span91humancell types and someare in various treat-
ment conditions. These data sets were generated by production groups located at
the following universities: The Broad Institute, StanfordUniversity, YaleUniversity,
University of California Davis, Harvard University, HudsonAlpha, University of
Texas (Austin) andUniversity ofWashington. Forworm,we analysed220distinct
ChIP-seq data sets (with at least two replicates) spanning 93 unique regulatory
factors in 11 developmental stages. For fly, we analysed 93 distinct ChIP-seq data
sets (with at least two replicates each) spanning 52 unique regulatory factors in 17
developmental stages.

Readmapping. For each experiment,mapped reads in the form of BAMfiles were
downloaded from the ENCODE University of California Santa Cruz Data Coor-
dinationCenter (http://encodeproject.org/ENCODE/downloads.html) and themod-
ENCODE Data Coordination Center (http://www.modencode.org/). These BAM
files were generated by the individual data production labs using differentmappers
and mapping parameters. In order to standardize the mapping protocol, we used
custommappability tracks to filter outmulti-mapping reads and only retain unique
mapping reads that is, reads thatmap to exactly one location in the genome.Wealso
filtered all positional and polymerase chain reaction (PCR) duplicates.

Quality control.A number of quality metrics for all replicate experiments of each
data setwere computed (ref. 21, andA.K., unpublishedobservations). Inbrief, these
metricsmeasureChIP enrichment and signal-to-noise ratios, sequencing depthand
librarycomplexity andreproducibilityofpeakcalling.Thesemeasureswill be reported
at the ENCODE portal at http://encodeproject.org/ENCODE/qualityMetrics.html.
Data sets that did not pass theminimumquality control thresholdswere discarded
and not used in any analyses. Data sets that passedmost but not all quality metrics
were flagged.

Peak calling. All ChIP-seq experiments were scored against an appropriate con-
trol designated by the production groups (either inputDNAorDNAobtained from
a control immunoprecipitation). For human andwormdata sets, we used the SPP
peak caller to identify and score (rank) potential binding sites and peaks34. How-
ever, for fly data sets, we instead used theMACS (v.2) peak caller35. Most of the fly

data sets used the NexTera sample preparation protocol which resulted in non-
canonical distribution of reads around binding sites and lower signal to noise ratios.
These characteristicsmade themunsuitable for usewith the SPPpeak caller which
specifically models peak shape and penalizes peaks with non-canonical stran-
ded distribution of reads around binding sites. The MACS v.2 peak caller does
not directlymodel suchpeak structure and is thusmore immune to non-canonical
read distributions.

To obtain optimal thresholds, we used the irreproducible discovery rate (IDR)
framework to determine high confidence binding events by leveraging the repro-
ducibility and rankconsistency of peak identifications across replicate experiments
of adata set22 (A.K., unpublishedobservations).Codeanddetailed step-by-step instruc-
tions to call peaks using the IDR framework are available at https://sites.google.
com/site/anshulkundaje/projects/idr.

For worm and human data sets, the SPP peak caller34 was used with a relaxed
peak calling threshold (FDR5 0.9) to obtain a large number of peaks (maximumof
300,000 forhumanand30,000 forworm) that span true signal aswell as noise (false
identifications). Peaks were ranked using the signal score output from SPP (which
is a combination of enrichment over control with a penalty for peak shape). The
IDR method analyses a pair of replicates, and considers peaks that are present in
both replicates to belong to one of two populations: a reproducible signal group or
an irreproducible noise group. Peaks from the reproducible group are expected to
show relatively higher ranks (ranked based on signal scores) and stronger rank-
consistency across the replicates, relative topeaks in the irreproducible groups. Based
on these assumptions, a two-component probabilistic copula-mixturemodel is used
to fit the bivariate peak rank distributions from the pairs of replicates22.

The method adaptively learns the degree of peak-rank consistency in the signal
component and the proportion of peaks belonging to each component. Themodel
can then beused to infer an IDR score for every peak that is found inboth replicates.
The IDR score of a peak represents the expectedprobability that the peak belongs to
the noise component, and is basedon its ranks in the two replicates.Hence, low IDR
scores represent high-confidence peaks. An IDR score threshold of 2% for human
data sets and 5% forwormdata setswas used to obtain anoptimal peak rank thresh-
old on the replicatepeak sets (cross-replicate threshold). If a data set hadmore than
two replicates, all pairs of replicates were analysed using the IDR method. The
maximum peak rank threshold across all pairwise analyses was used as the final
cross-replicate peak rank threshold.

Any thresholds based on reproducibility of peak calling between biological rep-
licates are bounded by the quality and enrichment of the worst replicate. Valuable
signal is lost in cases for which a data set has one replicate that is significantlyworse
in data quality than another replicate. Hence, we used a rescue strategy to overcome
this issue. In order to balance data quality between a set of replicates,mapped reads
were pooled across all replicates of a data set, and then randomly sampled (without
replacement) to generate two pseudo-replicates with equal numbers of reads. This
sampling strategy tends to transfer signal from stronger replicates to the weaker
replicates, thereby balancing cross-replicate data quality and sequencing depth.
These pseudo-replicates were then processed using the same IDR pipeline as was
used for the true biological replicates to learn a rescue threshold. For data sets with
comparable replicates (based on independentmeasures of data quality), the rescue
threshold and cross-replicate thresholds were found to be very similar. However,
fordata setswith replicates of differing data quality, the rescue thresholdswere often
higher than the cross-replicate thresholds, andwere able to capturemore peaks that
showed statistically significant and visually compellingChIP-seq signal in one rep-
licatebut not in the other.Ultimately, for eachdata set, the best of the cross-replicate
and rescue thresholds were used to obtain a final rank threshold. Reads from rep-
licate data sets were then pooled and SPP was once again used to call peaks on the
pooled data with a relaxed FDR of 0.9. Pooled-data peaks were once again ranked
by signal-score. The final rank threshold (best of cross-replicate and rescue thresh-
old) was then used to threshold the ranked set of pooled-data peaks.

For fly data sets,we used a slightlymodifiedversionof the above pipeline. For each
replicate experiment of a data set, we used theMACS v.2 peak caller35with a relaxed
P value thresholdof 13 1023 to obtain amaximumof 30,000peaks (replicate sets).
Peaks were ranked based on their P values. Reads from the replicate experiments
were then pooled and once again MACS v.2 was used with a P-value threshold of
13 1023 to obtain a relaxed set of peaks (pooled set). We only retained peaks in
the pooled set that overlapped at least one peak in both replicate sets (replicate-
reproducible peaks). For each replicate-reproducible peak in the pooled set, we
obtained a pair of P values corresponding to the overlapping peaks in each of the
replicate sets. If a peak in the replicate-reproducible set overlapped multiple peaks
in a replicate-set then theP value of the replicate-set peakwith themaximal overlap
with thepooled-setpeakwasused. Thus,weobtain two independent rankings based
on P values from each replicate for the same set of replicate-reproducible peaks
(using peak coordinates learned on the pooled set). The pair of ranked lists for
the replicate-reproducible peaks were then used as input to the IDR framework as
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described above to learn cross-replicate rank thresholds at an IDR of 5%. The
above protocol was repeated for pseudo-replicates to obtain a rescue rank thresh-
old at an IDR of 5%. The better of the two rank thresholdswas used to truncate the
replicate-reproducible peaks in the pooled set to obtain the final set of optimal rank
consistent and reproducible peaks.

All peak sets were then screened against specially curated empirical blacklists for
each species. In brief, these blacklist regions typically show the following charac-
teristics: unstructured and extreme high signal in sequenced input-DNA and con-
trol data sets as well as open chromatin data sets irrespective of cell-type identity;
an extreme ratioofmulti-mapping touniquemapping reads fromsequencing exper-
iments; overlap with specific types of repeat regions such as centromeric, telomeric
and satellite repeats that often have few uniquemappable locations interspersed in
repeats.

Identification of HOT and XOT regions. To identify regions with higher than
expected bindingoccupancies, we first determined for each specific context in each
organism the number and size distributionof observed binding sites for each factor
assayed, aswell as the total number and sizedistribution of binding regions inwhich
these binding sites from all factors are clustered. For each target case (context per
species evaluated), we first analysed the number and size distribution of target bind-
ing regions (in which factor binding sites are concentrated). For each target case
simulation,we randomly selected an equivalent number of randombinding regions
with a matched size distribution. Next, for each factor assayed (in the target case),
we evaluated the number and size of observed binding sites, and simulated an equi-
valent number and size distribution of target binding sites, restricting their place-
ment to the simulated binding regions.We collapsed simulated binding sites from
all factors into binding regions, verifying that these cluster into a similar number of
simulated binding regions as the target binding regions. For each target case simul-
ation, the occupancy (number of peaks), density (peaks per kb), and complexity
(diversity of factors) in the simulatedbinding regions are annotated. This procedure
was repeated 1,000 times for each case (human5 5 contexts; worm5 5 contexts;
fly5 3 contexts). For each target case, we constructed expected binding region occu-
pancy distributions from the corresponding 1,000 simulations. We determined the
cutoffs at which fewer than 5% and 1% of the simulated binding regions have higher
occupancies (Extended Data Fig. 2). We classified observed binding regions with
occupancies higher than the 5% and 1% cutoffs as high-occupancy target (HOT)
and extreme-occupancy target (XOT) regions, respectively. As such, HOT regions
include XOT regions.

GO enrichment analysis. To evaluate the functional role of regulators we per-
formedGO enrichment analysis on the targets of binding of each ChIP-seq exper-
iment. In brief, we applied ChIPpeakAnno to assign factor binding to genic targets
and to evaluate the enrichment of genic targets for GO ontologies using standard
procedures36.We required aminimumof 20 peaksperChIP-seq experiment to eval-
uate enrichment and report Benjamini–Hochberg corrected P values of enrichment
(hypergeometric testing).We reportGO terms inwhichat least oneChIP-seq exper-
imentwas significantly enriched (correctedP, 0.05). The specific enrichments for
each human, worm and fly ChIP-seq experiment are provided in Supplementary
Tables 2, 3, and 4, respectively.

To compare the functional conservation of regulatory binding between tran-
scription-factor orthologues,we evaluated the overlap inGO term enrichments for
orthologous factors between species. Specifically, for each species comparison, we
calculated the significance of the overlap in GO term enrichments for all ChIP-seq
experiments involvingorthologous factors assayed in the two species.Overlap enrich-
ment and depletion P values between ChIP-seq experiments of each species were
determined using directional Fisher’s exact tests and were Benjamini–Hochberg-
corrected. To generate a final overlap score, we selected the most significant of the
enrichment and depletion scores, reporting the2log10(P value of enrichment) or
the log10(P value of depletion).

Generation of orthologue list. Analysis was performed on twelve Drosophila
species (D.melanogaster,D. simulans,D. sechellia,D. yakuba,D. erecta,D. ananassae,
D. pseudoobscura,D. persimilis, D.willistoni, D.mojavenis, D. virilis, D. grimshawi)
using the September 2010 release of FlyBase, five Caenorhabditis species (C. elegans,
C. brenneri, C. briggsae, C. japonica, C. remanei) using WormBase WS220, and two
mammals (H. sapiens,Mus musculus) and one out-group species (Saccharomyces
cerevisiae) using Ensembl release 61.

Gene familieswere definedusing EnsemblCompara gene families for theprimary
species (human, mouse,D. melanogaster, C. elegans, S. cerevisiae), and these clus-
ters were supplemented by genes from the additional fly and worm species using
BLAST37. For each gene family, we aligned the peptide sequences usingMUSCLE38.
From this alignment, we built an initial gene tree using RAxML39 with the PRO
TGAMMAJTTmodel, then corrected for topological uncertainty using TreeFix40,
and finally accounted for possible incomplete lineage sorting using DLCoal41.
For DLCoal, we used species tree parameters from literature for the main species
and assumed that the remaining fly and worm species take the parameters of

D. melanogaster or C. elegans, respectively. To infer homologues, we considered
two genes as orthologues (paralogues) if their most recent common ancestor is a
speciation (duplication) node. To improve orthologue calls, we filtered out dupli-
cations was zero consistency score42. Finally, we remapped Ensembl identifiers to
release 65.

Froma total of 31,751 identified gene families within the three genomes, our data
sets here capture 242,with 34 families having a transcription factor fromat least two
species (100 transcription factors, 459data sets), and6 families fromall three species
(24 transcription factors, 130 data sets). Overall, we found 14 pairs of homologous
factors between worm and fly (corresponding to 12 transcription factors in worm
and 12 in fly), 41 pairs between worm and human (23 and 36 transcription factors,
respectively) and 28 pairs between fly and human (17 and 24 transcription factors,
respectively). 14 orthologous triplets were in common for all three organisms (cor-
responding to 10 transcription factors in human, 8 in fly, and 6 in worm).

Many of these factors are quite divergent in sequence among the specieswith the
exception of RNA polymerases II and III, histone deacetylases, and TBP. Multiple
experiments in different stageswere available formany factors and someof the com-
mon factors are expressed at analogous times for worm and fly3.

Motif enrichment.We restrict our analysis to the entire genome excluding HOT
regions, unmappable and blacklist regions, 39 untranslated regions (UTRs), coding
exons, and several other exons for human (ribosomal RNAs, small nucleolar RNAs,
and other miscellaneous RNAs, small nuclear RNAs, microRNAs) and worm (all
available). These background regions are randomly split into two groups: one for
motif discovery and another for ranking the enrichment of the discovered motifs.
Transcription factors that have more than five available data sets in a species have
five data sets randomly selected for analysis. Motif discovery is conducted on the
top 200 peaks for each data set that overlap the discovery background using five
discovery tools:AlignACE43 (v.4.0with default parameters),MDscan44 (v.2004with
default parameters), MEME45 (v.4.7.0 with -maxw 26 and -nmotifs 6), Weeder46

(v.1.4.2 with option large), and Trawler47 (v.1.2 with 200 random intergenic blocks
for background). For each species and factor family, the top threemotifs are selected
after rankingby the enrichment in thedata sets for that species and excludingmotifs
for which a similar motif has already been selected (Pearson r. 0.7). These dis-
covered motifs are augmented with all known literature motifs for factors in that
gene family48–50.

Enrichments are computed by taking the fraction of motif instances that are
inside the bound regions anddividing that by the fraction of shufflemotif instances
inside (where thebound regions are filteredagainst the background regions, defined
below). They are also corrected for small counts by using aWilson’s binomial con-
fidence interval (with Z5 1.5) around each fraction and taking the extremewhich
leads to the enrichment closest to 1.Motifs are considered enriched if this corrected
enrichment is at least 1.5-fold.

The discovered motifs, their enrichments, and the underlying annotations are
available at http://www.broadinstitute.org/,pouyak/motif-disc/integrate-cold/.

Enrichment of orthologous transcription-factor expression.Tomatch the devel-
opmental stages of D. melanogaster and C. elegans, we first estimated the expres-
sion levels of orthologous genes between fly and worm at different developmental
stages by applying Cufflinks51 to modENCODE time course RNA-seq data.We next
identified stage-associated genes—genes highly expressed at that stage but not always
highly expressed across all stages—for every fly andwormdevelopmental stage. Then
for every possible pair of fly and worm stages, we counted the number of ortho-
logous gene pairs between their stage-associated genes,whichwould be used to test
against the null hypothesis that the fly and worm stages have independent stage-
associated genes. For the resulting p values, we applied Bonferroni correction and
used the correctedP values todecidewhich fly andwormstages ‘match’ (havedepen-
dent stage-associated genes).

Transcription-factor co-association (intervalStats).Wedetermined the similar-
ity in binding sites between ChIP-seq experiments applying recently developed
interval statistics methods that allow calculation of exact P values for proximity
between binding sites52. Using this method, we performed all pairwise comparisons
ofChIP-seq experiments for eachorganism, evaluating binding similarity in 114,582
human comparisons, 34,782 worm comparisons, and 3,906 fly comparisons. For
each species, we restrained interval analyses to the promoter domains by excluding
binding intervals outside promoter regions. To exclude the possibility of promis-
cuous binding regions and generate more conservative co-association estimates,
we excluded binding sites from XOT regions in each specific context from these
analyses. Promoter regions were defined as 5,000 bp upstream to 500 bp down-
stream of human TSSs, and 2,000 bp to 200 bp downstream of worm and fly TSSs.
Focusing co-association analyses on the promoter domains serves to focus co-
association evaluations on transcriptional regulatory interactions and to account
for the known biases in binding at TSSs and producesmore conservative estimates
of co-association significance. For each comparison, the intervals of the query ChIP-
seqexperiment are compared individually against all reference intervalsof thealternate
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ChIP-seq experiment, calculating the probability that a randomly located query
interval of the same length would be at least as close to the reference set. For each
comparison,wecompute the fractionofproximalbindingevents inpromoterdomains
that are significant (P value,0.05). Because these comparisons are asymmetric—
depending on the assignment of experiments as query or reference sets—we report
the mean values of the complementary (inverted) comparisons.
Transcription-factor co-association (SOM).Using the orthologous factors between
human-worm or human-fly, we defined a cis-regulatory module as the maximum
overlapping block of the intersection of all transcription-factor binding peaks on
either genome.We require aminimumof two transcription factors bound in a cis-
regulatorymodule to be considered for further analysis in the self-organizingmap
(SOM). Several window sizes were examined for co-association (500 bp, 1 kb, and
DNase hypersensitive sites53) with similar results found in each case.
We binarized each cis-regulatory module as either bound (1) or not bound (0)

by overlap with peaks from each transcription factor. This results in the cis-reg-
ulatorymodules being represented as a binary vector of the number of dimensions
being the count of orthologous transcription-factor families. These vectors, which
map back to specific genomic locations, are now directly comparable across spe-
cies. These are used as input to the SOMand resulting descriptions of each neuron
are also described in this form.
For each SOM trained, we followed the rules described previously in ref. 28. In

brief, these rules are: the SOM is initialized as a random toroid; the SOM is hex-
agonal; the SOM is trained for 100 epochs (that is, complete iterations through the
data set); the SOMupdate radius was one-third of themap size with a learning rate
(alpha) of 0.05 (these were linearly decreased throughout the training process); the
best out of 1,000 trials, based on lowest quantization error, were selected for anal-
ysis (defined as the average Euclidean distance of all CRMs to their best matching
neuron).
The training described above is performed in R using a variant of the ‘kohonen’

package available from CRAN54. Minor modifications were performed to the R
package to allow for better handling of the large data sets inmemory. Furthermore,
significant changes to the graphical output of the package were made to allow for
the improved figures displayed here and on the supplementary website. Final opti-
mal seeds for the training were human–worm SOM: 49,027 and human–fly SOM:
60938. One hundred epochs of training resulted in stabilization of the classifica-
tion error, and of the 1,000 iterations of the SOM there was minimal divergence
with the best SOMhaving less than 0.3% difference in error than the average error
of thenon-optimal SOMs. Final SOMsizeswere 25318 and17314 for thehuman–
worm and human–fly SOMs respectively and average CRM distance to the best
matchingneuronwas 0.429 and0.308 for human–wormandhuman–fly respectively.
Interactive SOMs can be accessed at http://ENCODEProject.org/comparative/

regulation/Worm/SOM/ and http://ENCODEProject.org/comparative/regulation/
Fly/SOM/.
Regulatory-network construction.The targets of individual transcription factors
in human, worm and fly were identified using TIP23. The regulatory networks are
the superposition of all the regulatory edges in the three species respectively. For the
analysis of transcription factor–transcription factor regulatorynetworks (Fig. 3a, c, d),
we used a Q-value threshold of 0.1 in all three species. For the analysis including
various target genes, a Q-value threshold of 0.01 was employed. In Fig. 3a, b, the
hierarchical organizationwas constructed by assigning the nodes in three levels such
that an energy functionbasedon thenumberof feedback edgeswasminimized. For
enrichment analysis (Fig. 3c, d) the null model is an ensemble of randomnetworks
with the same degree distribution as the network of interest. In part d, the tendency
of a transcription factor at a particular position of a FFL is obtained by counting

how often it appears at the position in the network of interest, and how often in
appears at the same position in the null model.
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Extended Data Figure 1 | Outline of data-processing pipeline. All data
sets were processed using a uniform processing pipeline with identical
alignment and filtering criteria and standardized IDR peak calling using SPP
(human 1 worm) and MACS2 (fly).
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Extended Data Figure 2 | Motifs. a, Thirty-two transcription-factor gene
families with a binding data set for at least two species (names abbreviated).
Cross enrichment indicates the enrichment of motifs from one species in the
data sets of another. For 13 families, we observed no cross enrichment (red).
For 7 families (blue) we observed cross enrichment and for an additional
12 (green) we also had matching motifs. For two cases marked by an asterisk a
known fly motif matches the human motif but no worm motif matches.
b, PRDM1 (also known as Blimp-1 in worm) gene family. We discovered a

motif in worm data sets that matches literature-derived known motifs from
human and fly. c, All three motifs are highly similar and enriched in human
PRDM1 and worm blmp-1 data sets. Cell-type and treatment are indicated
for each data set in parenthesis. Enrichments in each box are the fraction of
motif instances that are inside the bound regions and dividing that by the
fraction of shuffled motif instances. Additional motifs known and discovered
for these and other data sets are included in Supplementary Information.
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Extended Data Figure 3 | Orthologous expression in worm and fly.
a, Fly–worm stage alignment of expression using all fly–worm orthologues.
b, Alignment of fly–worm stage using all transcription-factor orthologues.
c, Alignment of fly–worm stage using transcription-factor orthologue that has
undergone ChIP. d, Alignment of fly–worm stage using proximal genes to
transcription-factor binding sites that has undergone ChIP. The stage-mapped
data exhibit two sets of collinear patterns between the two species (distinct
diagonals). In the bottom diagonal, expression from worm embryos and larvae
are matched with fly embryos and larvae, respectively. Worm adults are

matched with fly early embryos and fly female adults, possibly owing to the
orthologous gene expression in eggs of both species; worm dauers are matched
with fly late embryo to L1 andL3 stages, which is similar to the position of dauer
stages in the worm lifecycle (between worm L1 and L4 stages). In the upper
diagonal, worm middle embryos are matched with fly L1 stage; worm late
embryos arematched with fly prepupae and pupae stages; worm L4male larvae
are matched with fly male adults. This collinear pattern may be attributable to
fly genes with two-mode expression profiles and many-to-one fly-worm
orthologous gene pairs. Formore details, please refer to the companion paper55.
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Extended Data Figure 4 | Comparison of GO enrichment of orthologous
transcription-factor pairs. A comparison of GO enrichment of orthologous
transcription-factor pairs for all contexts in human versus worm (a), human
versus fly (b), and worm versus fly (c) is shown. Red boxes indicate level of

similar GO enrichment. ‘Plus’ signs mark orthologous transcription-factor
pairs with white ‘pluses’ indicating the most significant enrichment for an
orthologue pair. d, Orthologous factors are more enriched for matching GO
terms than non-orthologous factors.
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ExtendedData Figure 5 | HumanHOT enrichments are not overly enriched
for control DNA. HOT regions do not represent assembly or ChIP-ability
artefacts. a, Scatter plot of IgG immunoprecipitation or input verseus
transcription-factor occupancy. Scatterplot is shaded by density of points. Red
dash line represents HOT threshold and black dashed line represent a 13
enrichment. Black line represents the line of best fit for the scatter plot
(R25 0.0045). b, A scatterplot of density (number of transcription-factor peaks
per kb) rather than total number of peaks in a region shows a similar trend.
c, Barplot of fraction of regions with high IgG enrichment for HOT and
non-HOT (RGB) regions using the same threshold (1.53), as ref. 19 revealed

little similarity betweenHOT regions and artefact ChIP regions. d, The fraction
ofHOT (red) and non-HOT (blue) regionswith high IgG enrichment is plotted
as a function of threshold. Black line represents no enrichment (IgG to
input ratio5 13) and grey dashed line represents the enrichment cutoff (1.53)
used in b and in Fig. 7 of ref. 19. e, Comparison of IgG (IgG to input ratio)
and RNA Pol II enrichment (RNA PolII to input ratio) shows a different trend
from Fig. 3a of ref. 19. e, Nearly all (99.967%) of our uniformly processed RNA
Pol II binding sites have immunoprecipitation to input ratios of greater than
23, with a median enrichment of approximately 203.
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Extended Data Figure 6 | HOT regions were identified in all organisms.
a, To identify HOT region for each context, we first analysed the number and
size distribution of target binding regions (in which factor binding sites are
concentrated). For each target case simulation, we randomly select an
equivalent number of randombinding regionswith amatched size distribution.
Next, for each factor assayed (in the target case), we evaluated the number and
size of observed binding sites, and simulated an equivalent number and size
distribution of target binding sites, restricting their placement to the simulated

binding regions. We collapsed simulated binding sites from all factors into
binding regions, verifying that these cluster into a similar number of simulated
binding regions as the target binding regions. We identify regions at a 5%
(HOT) and 1% (XOT) occupancy threshold based on this simulated data.
b, Binding of regulatory factors covers different fractions of the genomes of fly,
human, andworm.Coverage is shown for constitutiveHOT(cHOT, red),HOT
(yellow), and non-HOT (RGB, green) regions. Coverage for XOT regions is
given in brackets.
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Extended Data Figure 7 | HOT enrichments with context-specific enhancer
enrichments. a, b, Histonemarks for HOT regions (represented by points and
smoothed to show density) at proximal (a) and distal sites (b) show similar
trends of histonemark enrichment in their flanking regions. Enhancer calls for
a specific developmental stage (c, e) or cell type (d) (labelled over each set of bar

graphs) match HOT regions from that cell type and not HOT regions from
another cell type. Each set of six bar graphs represents the same set of HOT
regions called constitutively HOT or specific to each of the five cell types.
ConstitutiveHOT (cHOT) regions are significantly enriched at promoters with
the remaining regions overlapping enhancer regions.
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Extended Data Figure 8 | The number of feed forward loops in different
stage-specific networks. The number of FFLs in a stage is normalized by the
number of transcription factors in the corresponding stage-specific network.

Although the sets of transcription factors may differ, the number of
transcription factors in each stage stays roughly the same.

LETTER RESEARCH

Macmillan Publishers Limited. All rights reserved©2014



Extended Data Figure 9 | Co-associations. Evolutionary retention and
change in transcription-factor co-associations. The pairwise co-association
strengths between orthologous transcription factors are shown for human–
worm orthologues (a, b) and human–fly orthologues (c, d). For each pair of
species-specific orthologues across multiple samples, the co-association
strength, measured as the fraction of significant co-binding events between
experiments, is shown (IntervalStats52). a, Human co-association matrix for
human–worm orthologues. b, Worm co-association matrix for human-worm
orthologues. c, Human co-associationmatrix for human–fly orthologues. d, Fly
co-association matrix for human–fly orthologues. e, Comparison of human–
worm transcription-factor orthologue co-associations. The co-association

strength of human–worm orthologues in human (x axis) is plotted against
the co-association strength in worm (y axis). Lines depict 1 (solid) and 1.5
(dashed) standard deviations from the mean score. Factors in blue represent
enrichments due to paralogous transcription factors in human that tend to be
highly co-associated. f, Comparison of human–fly transcription-factor
orthologue co-associations. Co-association strength in human (x axis) is
plotted against co-association strength in fly (y axis). For transcription-factor
orthologues assayed in multiple developmental stages and/or cell lines, the
maximal co-association between contexts was selected for the comparative
analyses (e, f).
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