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Histone code hypothesis
●

●

More than 100 distinct histone modifcations
described, leading to the ‘histone code
hypothesis’ that specifc combinations of
chromatin modifcations would encode distinct
biological functions.
Individual epigenetic marks act in additive
ways and the multitude of modifcations simply
contributes to stability and robustness.

Data
●
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We applied our model to the largest data set of
chromatin mark information available
38 different histone methylation and
acetylation marks
H2AZ, RNA polymerase II (PolII) and CTCF
Human CD4 T-cells.
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Multivariate HMM
Multivariate HMMs are graphical probabilistic
models that model multiple ‘observed’ inputs as
generated by unobserved ‘hidden’ states, using
transitions between hidden states to model
spatial relationships

Binary data
●
●
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200-bp non-overlapping intervals
Call as to whether each of the 41 marks was detected
as being present or not based on the count of tags
mapping to the interval
Each tag was uniquely assigned to one interval based
on the location of the 5end of the tag after applying a
shift of 100 bases in the 5to 3direction of the tag
The threshold t for mark is the smallest integer t:
P(Poisson(mean) > t) < 10−4

Probabilistic model
●

●
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Fixed number of hidden states K.
In each hidden state, the emission distribution is modelled with a product of independent
Bernoulli random variables. Formally, for each of the K states, and M = 41 input marks, there is
an emission parameter pk,m denoting the probability in state k (k = 1,...,K) that input mark m (m =
1,...,M) has a present call.
Let c C denote a chromosome where C is the set of all chromosomes. Let ct denote an interval
on chromosome c where t = 1,...,Tc corresponds sequentially to the 200 bp intervals on
chromosome c. c1 is the interval corresponding to base pairs 1–200 on chromosome c and Tc is
the number of 200 bp intervals on chromosome c.

●

Let vct ,m be ‘1’ if there is a present call for input mark m and ‘0’ otherwise at location ct.

●

Denote the specifc combination of marks at interval ct as vct (vct ,1,...,vct ,m).

●

●

Let bij denote the probability of transitioning from state i to j where i = 1,...,K and j = 1,...,K.
Parameters ai (i = 1,...,K), probability that the state of the frst interval on the chromosome is i. Let
sc SC be an unobserved state sequence through chromosome c and SC be the set of all
possible state sequences. Let sct denote the unobserved state on chromosome c at location t for
state sequence sc.
Likelihood:

Pros
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Model parameters are directly interpretable as the frequencies of
each mark and each mark combination
Binarization makes model less prone to forming states overftting
potentially insignifcant variations in signal intensity levels
In contrast to models that use a multivariate normal distribution, our
method avoids this strong parametric assumption, which is
generally violated by the often relatively small discrete counts found
in ChIP-seq experiments
In comparison to the models previously inferred based on a
nonparametric histogram strategy, binarization approach uses an
order of magnitude fewer parameters per state, further increasing
model robustness and interpretability.

Model learning
●
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EM with K=2 to 80 with random initialization
If a transition parameter fell below 10−10
during training we set the parameter value to 0
Terminate the training after 300 passes over
all the chromosomes, which was sufficient for
the likelihood to demonstrate convergence

BIC
Greatest BIC is 79 state model

Nested initialization
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Take 79 state model
Remove states iteratively
The procedure would then remove a state such
that the elements in E had in total the least
distance from their closest emission vector
among the remaining states
Distance is 1-p, where p is correlation
These data was used for as init values for next
2 to 80 states model learning

51 states model
●

●

What number of chromatin states provides an appropriate resolution at which
to interpret combinations of chromatin marks and their biological function?
3 approaches for studying how distinguishable the 51 chromatin states:
– How are they separated?
– How increasing numbers of states capture the genome-wide dependencies
between chromatin marks
– Evaluated the consistency of chromatin states in models learned at varying
complexity and across different initializations, quantifed as the correlation of
chromatin mark frequencies obtained for corresponding states across
different models

Posterior probabilities states

Increasing number of states

Associating genomic locations with states
●

●
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Posterior probability distribution over the state of
each interval is computed using a forward-backward
algorithm.
Analysis was based on the ‘soft’ state assignments
of the posterior distribution. We also formed hard
assignments of states to locations by using the
maximum-posterior state assignment at a location.
Both the full posterior and hard assignments are
available on the website
http://compbio.mit.edu/ChromatinStates/.

5 groups
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Promoter-associated states
Transcription-associated states
Active intergenic states
Large-scale repressed states
Repetitive states

Promoter associated states
●

States 1–11, all had high enrichment for
promoter regions: 40–89% of each state was
within 2 kb of a RefSeq TSS, compared with
2.7% genome-wide (P < 10−200, for all
states).

Transcription associated states
12 - 28 transcription-associated states. These
are 70–95% contained within RefSeqannotated transcribed regions compared to
36% for the rest of the genome (Fig. 2b, P <
10−200, for all states).
This group was not predominantly associated
with a single mark, but instead defned by
combinations of seven marks, H3K79me3,
H3K79me2, H3K79me1, H3K27me1,
H2BK5me1, H4K20me1 and H3K36me3

Active intergenic states
States 29–39, including several classes of
candidate enhancer regions, insulator regions
and other regions proximal to expressed genes.
These states were associated with higher
frequencies for H3K4me1, H2AZ, numerous
acetylation marks and/or CTCF and with lower
frequencies for other methylation marks.

Large-scale repressed states
States 40–45 marked large-scale repressed and heterochromatic regions,
representing 64% of the genome. The two most frequently detected
modifcations in total for all the states in this group were H3K27me3 and
H3K9me3.
State 40, covering 13% of the genome, was essentially devoid of any detected
modifcations, states 41–42 (25% of the genome) had a higher frequency for
H3K9me3 than H3K27me3, whereas states 43–45 (26% of the genome) had
a higher frequency for H3K27me3.
States 41–42 as compared to states 43–45 showed a stronger depletion for
genes, promoters and conserved ele- ments and stronger association with
nuclear lamina regions27 and the darkest-staining chromosomal bands28

Repetitive states
States 46–51 showed strong and distinct enrichments for specifc repetitive
elements. State 46 had a strong enrichment of simple repeats, specifcally
(CA)n, (TG)n or (CATG)n (44, 45 and 302-fold, respectively), possibly due to
sequence biases in ChIP-based experiments.
State 47 was characterized specifcally by H3K9me3 and enriched for L1 and
LTR repeats. State 48–51 all had higher frequencies of H4K20me3 and
H3K9me3 and were heavily enriched for satellite repeat elements.
States 49–51 showed seemingly high frequencies for numerous modifcations,
but also strong enrichments in sequence reads from a nonspecifc antibody
(IgG) control, suggesting these enrichments are due to a lack of coverage for
the additional copies of these repeat elements in the reference genome
assembly

Results

Genome distribution

Emission matrix

Transition probabilities

Multi Dimensional Scaling

Predictions
We next set out to study the predictive power of
chromatin states for the discovery of functional
elements.
We focused on two classes of elements that
beneft from ample experimental information
independent of chromatin marks, TSS and
transcribed regions

Prediction results
We also found that chromatin states revealed candidate promoter and transcribed regions
not in RefSeq, but further supported by independent experimental evidence.
Candidate promoters overlapped with CAGE tags and intergenic PolII, and candidate
transcribed regions overlapped GenBank mRNAs (Fig. 5c) and EST data.
A number of promoter and transcribed states outside known genes were also strongly
enriched for not previously described protein-coding exons predicted using evolutionary
comparisons of 29 mammals (Lin and M.K., unpublished data).
We note that some candidate promot-ers may represent distal enhancers, sharing
promoter-associated marks potentially due to looping of enhancer to promoter regions

Data 2
●

The gene annotations used were the RefSeq annotations 41 as of December 14, 2008 obtained from the UCSC
genome browser browser and are based on hg18.

●

The sequence data for computed nucleotide frequencies, CpG islands, repeats and conservation data were also
obtained from the UCSC genome browser.

●

The conservation data were based on PhastCon conserved elements using the 44-way vertebrate alignment
(Lindblad-Toh, K. et al., Broad Institute, unpublished data ).
Transcription factor binding enrichments were computed for 18 experiments from numerous publications .
The DNaseI hypersensitivity data was obtained from the UCSC genome browser.
The nuclear lamina data of human fbroblasts was obtained from ref. 27. The zinc-fnger genes were defned as
those that had ‘ZNF’ at the beginning of the gene symbol in the RefSeq gene table.
For published coordinates that were in hg17 we converted them to hg18 using the liftover tool from the UCSC
genome browser.
For expression data we averaged the two replicates. After averaging the two replicates we performed a natural
log transform of the average values. We then standardized all values by subtracting the mean log transformed
value and then dividing by the s.d. of the log transform values. The genome coordinates of each probe set were
obtained from the UCSC genome browser. Each 200 bp interval that overlapped a probe set obtained the
transformed expression score. If multiple probe sets overlapped the same 200 bp then the average of the
expression values associated with these were taken.
We generated transcription factor motif enrichments as described 48, extended for position-weight matrices
(PWMs) (Kheradpour, P., MIT, and M.K., unpublished data) based on the hard state assignments.
Gene ontology enrichments were based on the hard state assignment of the interval containing the RefSeq
annotated TSS of the gene. Enrichments were computed using the STEM software (v.1.3.4) and the Bonferroni
corrected P-values are reported 4
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Further work
Mapping and analysis of chromatin state dynamics in
nine human cell types
Jason Ernst1,2, Pouya Kheradpour1,2, Tarjei S. Mikkelsen1, Noam Shoresh1, Lucas D. Ward1,2, Charles B. Epstein1, Xiaolan Zhang1, Li Wang1, Robbyn Issner1, Michael Coyne1,
Manching Ku1,3,4, Timothy Durham1, Manolis Kellis1,2* & Bradley E. Bernstein1,3,4*

Discussion
●
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How does binarization influence on the result?
Biolabs enrichment detection models gives on
average 40% diff in enrichment detection with
Poisson cuttoff

●

Comparison with Bayesian Networks?

●

Computationally effective comparing with BN

