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Abstract—ChlIP-seq is able to capture the genomic profiles
for histone modification by combining chromatin
immunoprecipitation  (ChIP) with next generation
sequencing. However, enriched regions generated from peak
finding algorithms are evaluated only based on the limited
knowledge acquired from manually examining the relevant
biological literature. This paper proposes a novel
framework of incorporating multiple knowledge sources,
consisting of information extracted from biological
literature, Gene Ontology, and microarray data, in order to
precisely analyze ChlP-seq data for histone modification.
The information is combined in a unified probabilistic
model to rerank the enriched regions generated from peak
finding algorithms. Through filtering the reranked enriched
regions using some predefined threshold, more reliable and
precise results could be generated. The combination of the
multiple knowledge sources with the peaking finding
algorithm produces a new paradigm for ChlP-seq data
analysis.

Index Terms—ChlIP-seq, histone maodification, reranking,
information extraction

1. INTRODUCTION

Histones, acting as spools around which DNA binds, is
the chief protein components of chromatin. Histones are
subject to lots of posttranslational modifications, such as
lysine acetylation, lysine and arginine methylation, serine
and threonine phosphorylation, and lysine ubiquitination
and sumoylation [1]. Histone modifications may alter the
electrostatic charge of the histone resulting in a structural
change in histones or their binding to DNA. Histone
modifications may be the binding sites for protein
recognition modules which recognize acetylated lysines
or methylated lysine, respectively. Overall, histone
modifications affect chromosome function in may ways.
Thus, posttranslational modifications of histones create a
mechanism for the regulation of a variety of normal and
disease-related processes.

ChIP-seq [2], which combines chromatin immunoprec-
ipitation (ChIP) with next generation sequencing, is able
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to capture the genomic profiles for histone modification
and transcription factor (TF). It is characterized by high
resolution, cost effectiveness and no complication.A large
amount of data have recently been generated using the
ChIP-Seq technique, therefore calling for new analysis
algorithms.

To discover the exact locations of TF binding sites
from ChIP-seq data, a number of algorithms, such as
CisGenome [3], MACS [4], PeakSeq [5], QuEST [6], sPP
[7], Useq [8] and SISSRs [9], have been proposed. TF
binding is mainly governed by sequence specificity.
Therefore TF binding sites are typically correlated with
very localized ChIP-seq signals in the genome. On the
contrary, many modification marks consist of broad
domains, which are believed to stabilize the chromatin
state. Moreover, the signals for histone modifications,
histone variants and histone-modifying enzymes are
usually diffuse and lack of well-defined peaks, spanning
from several nucleosomes to large domains
encompassing multiple genes. As such, peak-finding
algorithms employed to find TF binding sites with strong
local enrichment are unsuitable for discovering these
generally weak signals from DNA modification marks.

To the best of our knowledge, only few methods, e.g.
ChIPDiff [10] and SICER [11], have been published
focusing on analyzing ChIP-seq data specifically for
histone modification. ChIPDiff attempts to identify
differential histone modification sites by computationally
comparing two ChIP-seq libraries generated from
different cell types. Instead of partitioning the genome
into bins and computing the fold-change of the number of
ChIP fragments in each bin, ChIPDiff modeled the cor
relation as a hidden Markov model (HMM) where
transmission probabilities were automatically trained in
an unsupervised manner. By inferring the states of
histone modification changes using the trained HMM
parameters, the correlation between consecutive bins is
taken into account. Nevertheless, ChIPDiff fails to
compare more than two ChIP-seq libraries. Instead of
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comparing two ChIP-seq libraries, SICER partition the
genome into non-overlapping windows with fixed size.
Islands (potential ChIP-enriched domains) are identified
as clusters of eligible windows separated by gaps of a
size less than a predetermined threshold. Then, a
clustering method is employed to score each island.

After discovering enriched regions using a peak
finding algorithm, validation of the results is typically
performed based on some limited knowledge acquired
from biomedical literature, such as experimentally
validated genes relating with the histone modification. It
is also possible to validate the correctness of the
discovered enriched regions through QPCR (real-time
Quantitative Polymerase Chain Reaction detecting system)
experiments; but this is too costly and labor intensive and
is therefore seldom adopted in practice. Thus, the
prevailing approach of validating the discovered enriched
regions is the former method which wuses limited
knowledge acquired from biomedical literature. However,
it suffers from the following drawbacks:

e Amount of knowledge for validation. Most
knowledge for validation are obtained by hand-
curated the relevant experimental results described
in biomedical literature, which is laborious, time
consuming, and error-prone. Moreover, it has been
demonstrated that biomedical literature is growing
at a double-exponential pace, it thus becomes
extremely hard for biologists to be updated with
the most up to-date knowledge from biomedical
literature.

e Source of knowledge for validation. Existing
approaches mainly use knowledge extracted from
biomedical literature for validation. It is worth to
exploit knowledge from other sources, such as re-
sults from microarray data analysis, or knowledge
inferred from Gene Ontology.

e Handling of contradictory knowledge. It is
possible that the results discovered by peak
finding algorithms are contradictory to the
knowledge obtained from biomedical literature.
There lack of effective methods in handling such a
situation.

This paper explores an efficient way to improve the
precision of genomic-wide chromatin modification
profiles. A framework of incorporating information
extraction into a probabilistic model for reranking
discovered enriched regions (candidate histone
modification sites) is comprehensively investigated. To
improve the histone modification sites discovery results,
the external knowledge sources, such as information
extracted from biomedical literature, microarray data, and
Gene Ontology, are employed to re-score enriched
regions. The rationale be hind this is that biomedical
literature, microarray data, and Gene Ontology are
reliable resources for describing the gene expression level
in some specific cell lines, while the histone
modifications are major epigenetic factors regulating
gene expression. Therefore, there is some casual
relationship between histone modifications and the
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knowledge sources which can be used to improve the
accuracy of discovered histone modification sites.

II. RELATED WORK

This section presents the existing work in two areas,
information extraction for genes regulated by histone
modification, and reranking based on multiple knowledge
sources.

A. Information Extraction for Genes Regulated by
Histone Modification

Large amount of experimental and computational
biomedical data, specifically in the areas of genomics and
proteomics have been generated along with new
discoveries, which are accompanied by an exponential
increase in the number of biomedical publications
describing these discoveries. In the meantime, there has
been great interest with scientific communities in
literature mining tools to sort through this abundance of
literature and find the nuggets of information such as
protein-protein interactions, gene regulation and so on,
which are most relevant and useful for specific analysis
tasks.

To mine information from the biomedical literature,
two steps are crucial. One is named entity recognition
(NER) which recognizes names of biomedical entities,
such as gene, proteins, cells and diseases. The other is
information extraction. In general, current approaches for
biomedical information extraction can be divided into
three categories, computational linguistics-based methods,
rule-based methods and machine learning and statistical
methods.

Corinna [12] developed an approach for identifying
histone modifications in biomedical literature with
Conditional Random Fields (CRFs) and for resolving the
recognized histone modification term variants by term
standardization.

Many systems [13—17], examples including EDGAR
[18], BioRAT [19], GeneWays [20] etc.,have been
developed to extract protein-protein interaction from text.
To the best of our knowledge, there are no existing
approaches focusing on mining the gene information
regulated by histone modification.

B. Reranking based on Multiple Knowledge Sources

Recently, reranking algorithms have been quite
popular for data mining and natural language processing.
The idea behind reranking is that some information which
is crucial for generating ranking scores is not
incorporated in the ranking algorithm used. Therefore,
there is a need for a reranking algorithm to rerank results
by incorporating these information.

For example, documents can be represented in the
vector space model used in information retrieval. In
traditional information retrieval, given a query q,
retrieved documents are presented in a decreasing order
of the ranking scores with respect to the content
information. In addition to content, documents are
interconnected to each other through an explicit or latent
link. Thus, many recent methods take into account link-
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based information. However, one of the issues is that
those ranking algorithms typically treat the content and
link information separately, and each document is
assigned a score independent of other documents for the
same query. Reranking algorithm leverage the
interconnection between documents/entities to improve
the ranking of retrieved results [21].

Reranking approaches in the natural language
processing domain attempt to improve upon an existing
probabilistic parser by reranking the output of the parser.
Reranking has benefited applications such as name-entity
extraction [22], semantic parsing [23] and semantic
labeling [24]. Most reranking approaches are based on
discriminative models while base parers are mostly based
on generative models. The reason behind is that
generative probability models such as hidden Markov
models (HMMs) or hidden vector state (HVS) models
provide a principled way of treating missing information
and dealing with variable length sentences. On the other
hand, discriminative methods such as support vector
machines (SVMs) enable us to construct flexible decision
boundaries and often result in performance superior to
that of generative models. The combination of generative
and discriminative models could leverage the advantages
of both approaches.

III. PROPOSED FRAMEWORK

The overall process of the proposed framework is
shown in Figure 1 which takes the form of the three main
processes. Firstly, millions of short reads generated from
the deep sequencing platform are mapped to reference
genome. After peak finding, enriched regions are
discovered. Secondly, information extraction based on a
statistical model aims to extract information about genes
which are regulated by histone modification. Information
about the environment for these regulations will also be
extracted. The extracted information will be combined
with the external knowledge sources such as gene
ontology and results mined from microarray data to form
inputs to a probabilistic model, which is then employed
for re-ranking the discovered enriched regions.
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A. Information Extraction based the Conditional HVS
model

In order to extract genes regulated by histone
modification, they need to be first identified through
named entity recognition. After that, the genes regulated
by histone modification can be extracted through relation
extraction. For the first step, CRFs or SVMs can be
employed to recognize genes regulated by histone
modifications. For the second step, we are particularly
interested in relation extraction from biomedical literature
based on the Hidden Vector State (HVS) model. The
HVS model was originally proposed in [25] and has been
successfully applied in biomedical domain for protein-
protein interactions extraction [26, 27].

Given a model and an observed word sequence W
=(W; ... Wr ), semantic parsing can be viewed as a
pattern recognition problem and the most likely semantic
representation can be found through statistical decoding.
If assuming that the hidden data take the form of a
semantic parse tree C then the model should be a push-
down automata which can generate the pair <W,C>
through some canonical sequence of moves D = (d; ...
dr). That is

T
PW,C) =] P(di|di—y---di) (1)
t=1

When considering a constrained form of automata
where the stack is finite depth and <W,C> is built by
repeatedly popping O to n labels off the stack, pushing
exactly one new label onto the stack and then generating
the next word, it defines the HVS model in which
conventional grammar rules are replaced by three
probability tables. Given a word sequence W, concept
vector sequence C and a sequence of stack pop operations
N, the joint probability of P (W,C,N) can be decomposed
as

T
P(W.C.N) =[] P(nilei—1) Pled[L][en]2 - D)) P(wy|er)
t=1
(2)
where C,, the vector state at word position t, is a vector
of D, semantic concept labels (tags), i.e. C=[ C{1], C;
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Fig. 1 The framework of incorporating multiple knowledge resources for analyzing ChlP-seq Data.
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Fig. 2 Example of a parse tree and its vector state eguivalent.

[2], .. C; [D¢]] where C[1] is the preterminal concept label
and C, [D,] is the root concept label (SS in Fig. 2), nt is
the vector stack shift operation at word position t and take

values in the range O, . . . , D and C,[1] = Cw,is the new
preterminal semantic tag assigned to word w; at word
position t.

An example parse tree is illustrated in Figure 2 which
shows the sequence of HVS stack states corresponding to
the given parse tree. State transitions are factored into
separate stack pop and push operations constrained to
give a tractable search space. The result is a model which
is complex enough to capture hierarchical structure but
which can be trained automatically from only lightly
annotated data.

The HVS model computes a hierarchical parse tree for
each word string W, and then extracts semantic concepts
C from this tree. Each semantic concept consists of a
name-value pair where the name is a dotted list of
primitive semantic concept labels. For example, the top
part of Figure 2 shows a typical semantic parse tree and
the semantic concepts extracted from this parse would be
in Equation 3

HistoneM = H3 acetylation

HistoneM.HistoneM = H3K4me3

HistoneM.HistoneM.REL.GENE = IL17

HistoneM.HistoneM.REL.GENE = IL17f 3)

The HVS model parameters are estimated using an EM
algorithm and then used to compute parse trees at run-
time using Viterbi decoding. In training, each word string
W is marked with the set of semantic concepts C that it
contains. For example, if the sentence shown in Figure 2
was in the training set, then it would be marked with the
four semantic concepts given in equation 3. For each
word wk of each training sentence W, EM training uses
the forward-backward algorithm to compute the
probability of the model being in stack state ¢ when wk is
processed. Without any constraints, the set of possible
stack states would be intractably large. However, in the
HVS model this problem can be avoided by pruning out
all states which are inconsistent with the semantic
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concepts associated with W. The details of how this is
done are given in [25].

The original HVS model takes a form of a generative
model which makes it difficult to incorporate background
knowledge or non-local features. We propose to represent
the model as a conditionally trained graphical model
similar to the CRFs. The HVS model can be viewed as a
graphical model. Assuming the vector state stack depth is
limited to be 4, that is, there are at most 4 semantic tags
(states) relating to each word position. C, is the vector
state corresponding to the word W,. S, is the stack shift
operation which consists of popping N, semantic tags
from the previous vector state C.; and pushing one pre-
terminal semantic tag to the stack and thus producing C..

Given a word sequence W, concept vector sequence C
and a sequence of stack pop operations N, the conditional

HVS model takes the form
T

: S 1 . -
Ps(C.NW) = ——exp(}_ > Mefrlcemr.ne. W)

w t=1 &k

T
+ Z Z prgr(ce[1], ci[2 - - D], Wit)
t=1 k

T
+) 0 vrhelen Wi 1) (4)
t=1 k

where ® = <A;, Ay, ...; U1, M2, ...} VI, Vo, ...> 18 the
parameter vector of the conditional HVS model. fi, g, hy
are arbitrary feature functions over their respective
arguments, and Ay, L, V¢ are the corresponding learned
weights for each feature function.

Inference for the conditional HVS models can be
performed efficiently with dynamic programming.
Parameter estimation can be performed with standard
optimization procedures such as iterative scaling,
conjugate gradient descent, or limited memory quasi-
Newton method(L-BFGS).

B. Reranking based on a Probabilistic Model

To rerank the enriched regions generated from a peak
finding algorithm, we need to first select some essential
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features based on the multiple knowledge sources.
Suppose the enriched region R and its related gene G, its
information extracted from text Ir, results mined from
microarray data Iy, and information inferred from Gene
Ontology Iy are defined as follows:

e Information extracted from Text IT , for the pair <
Histone Modification, G>, is defined as the
probabilistic score that is generated from the
conditional HVS model.

e Results mined from Microarray, Iy is defined as
the expression level results obtained from
microarray data for G.

e Information inferred from Gene Ontology Io
describes the trust level of inference that this gene
is regulated by the histone modification. I is
defined as the score of inference based on gene
ontology.

Overall, it can be observed that the higher the value of
It, Iy, and Io, the strong confidence of the correctness of
the enriched region.

We use the above parameters It , IM and Iy to

calculate Score, the overall score of the enriched region R.

Based on these scores, enriched regions generated from
peak finding are reranked. It should be noted that up to
this point, the relationship between Score and the above
parameters is not apparent and it could be linear or non-
linear. We thus investigate several ways to describe this
relationship by constructing three models including a log-
linear regression model, neural networks, and support
vector machines.

1. Log-linear Regression Model

For the log-linear regression model, Score is defined as

log Score = Byt + B Ins + 810 + 5o, (5)

which is a combination of the above three defined
parameters. To estimate the coefficients p = (Bt, pm, o,
Bo), the method of least squares is applied and the
coefficients B are selected to minimize the residual sum
of squares
M
RSS(3) = Z(logb}:orf’ —BeIpi = Bondari — Boloi— B0)?
= (6)
where M is the number of training data and log Score’ is
the true value of Score.
2. Neural Networks
The central idea of neural networks is to extract linear
combinations of the inputs as derived features, and then
model the target as a nonlinear function of these
features. The model based on neural networks has the
form

M
Score = Z gm(wl X) (7)

m=1

where X = (It , Iy, [o) and omym =1, 2, . .. ,M is unit
3-vectors of unknown parameters.

3. Support Vector Machines

Support vector machines produce nonelinear

boundaries by constructing a linear boundary in a large,
transformed version of the feature space.
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The model based on support vector machines has the
form:

Score = h(X)T 3+ 3¢ (8)
where h,,(X),m =1, ... ,M are basis functions and X =
(IT 9 IM9 IO)

IV. EXPERIMENTAL RESULTS

The proposed framework of analyzing ChIP-seq data
based on multiple knowledge sources for histone
modification are evaluated in two parts, information
extraction and re-ranking based on multiple knowledge
sources.

The information extraction system works as follows.At
the beginning, abstracts are retrieved from MED-LINE
and split into sentences. Gene names, other biological
terms are then identified based on a pre-constructed
biological term dictionary. And histone modifications are
identified using a classification model. After that, each
sentence is parsed by the semantic parser employing the
conditional HVS model. Finally, information about genes
related to histone modification is extracted from the
tagged sentences using a set of manually-defined simple
rules. An example of the procedure is illustrated in Figure
3.

To investigate the performance of the information
extraction system, abstracts from PubMed and
PubMedCentral are selected. Based on the search
keyword “h3k4me3”, 211 abstracts are retrieved. In the
similar way, 731 abstracts are retrieved from PubMed
based on the search keyword “histone h3 lysine 4
methylation”. Abstracts about “h3k9ac” and “h3k27me3”
are also retrieved in the similar way. These abstracts are
split intosentences. The sentences with at least one gene
or protein name and histone modification are kept and
other sentences are filtered out. All the kept sentences are
collected as the input for the information extraction
system. After the parsing process described in Section 3,
a list of histone modification-gene name pairs are
generated. An example of the histone modification and
gene name pair is given in Figure 3. To evaluate the
precision of the extracted pair of histone modification and
gene, some annotators qualified to PhD level worked on
the abstracts and the extracted pair. Evaluation results
show that the information extraction system achieved as
high as 73.2% on precision, in which extracted pairs can
be further annotated by some experienced researchers to
ensure there correctness with little efforts.

To investigate the performance of the proposed
framework, we worked on the ChIP-seq data for histone
modification “H3K4Me3”, “H3K9Ac”,and “H3K27Me3”
in three cell lines, EB, MK and HUVEC. The data were
generate from Dr. Willem Ouwehand’s research group in
the Department of Haematology of the University of
Cambridge. The short reads are mapped to the reference
genome using the Maq program. After mapping, the
enriched regions are generated based on some peaking
finding programs. Here, SISSRs [9] is employed. Part of
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the enriched regions and their related genes for
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“H3K9Ac” in EB cell line are listed in Table 1.

In addition, in naive, Th2, Th17, and iTreg cells the 3' untranslated region (UTR ) of the

a) Ifng gene was preferentially marked by H3K27me3.
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Fig. 3

An example of extracting genes related to histone modification.

TABLE 1
AN EXAMPLE OF ENRICHED REGIONS AND THEIR RELATED GENES GENERATED FROM THE PEAK FINDING ALGORITHM

Enriched Region

Score of the region

Related genes id (gene name)

chrX (18352600, 18354399)

chr15 (62903200, 62905399)
chir20 (41752800, 41753399)
chirl (232808400, 232813799)

71.0736603736
250.57069433

18.7817973246
1256.27502925

ENSG00000008086 (CDKL3)
ENSG00000140451 (PIF1)
ENSG00000101057 (MYBL2)
ENSG00000168264 (IRF2BP2)

For the enriched regions ranked and selected by the
peak finding algorithm, there are several possible changes
of the score as shown in Table 2. As the purpose of
analyzing ChIP-seq is to do some novel discovery,
regions with type II or IV with final re-ranking medium
score are paid more attention. In the following, two
examples are given to illustrate how the regions with type
IT and IV are discovered. They also show the feasibility
of our proposed framework.

For the regions with type II, a region at position from
87046200 to 87062199 on chromosome 16 is assigned a
score of 1178 based on the number of short reads mapped
to the regions. The ChIP-seq data are generated for
H3K9Ac in EB cell line. The gene related to the region is
ENSG00000179588 (ZFPM1). However, we can not find
the pair of H3K9Ac and ZFPMI1 in the list of pairs
generated from the information extraction system. Based
on the search keyword “ZFPM1” and “Histone”, no
results are even retrieved from the PubMed. Moreover,
no information from microarray data or gene ontology are
found to support the high score region. Based on our
proposed framework, the region’s score is decreased and
more attention will be paid to the region and the related
gene.

For the regions with type IV, a detailed example is
shown in Figure 4. Firstly, thousands of enriched regions
are discovered from ChIP-seq data based on a peak
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finding algorithm. Among the output regions, one region
is initially not considered as an enriched region because
of its low score generated from the peak finding
algorithm. However if we check the related gene against
other biologists’ findings based on the microarray data,
experimental results described in biomedical literature,
and the Gene Ontology, the region would be enriched by
H3K27em3. Especially, based on the sentence The results
from these studies showed that H3K27me3 is associated
primarily with the INK4A, and not the ARF, locus in the
explanted fibroblasts, the pair of H3K27me3 and INK4A
is extracted based on the information extraction system
mentioned above. Generating such an error may be
ascribed to the peak finding algorithm’s inability of
processing diffuse data. By employing the reranking
model, the region is assigned a new score which will be
considered as an enriched region. From this example, we
speculate that employing the reranking model based on
the multiple knowledge sources can improve the recall
and reliability of the enriched region detection results.

V. CONCLUSION

In this paper, we have presented a novel framework of
incorporating multiple knowledge sources in order to
precisely analyze ChIP-seq data for histone modification.
Information extracted from text, Gene Ontology, and
knowledge mined from microarray data are combined in
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TABLE 2
ENRICHED REGIONS BEFORE AND AFTER RE-RANKING
Region’s score generated by Peak information from multiple knowledge Region’s score (After

finding algorithm (Before re-ranking)

SOUTCES

re-ranking)

High score (I)
High score (II)

Information supports the high score
Informartion weakens the high score

High score
Medium score

or no information supports the high

SCore

Low score (III)
Low score |le\-' )

Informartion supports the low score
Information weakens the low score

Low score
Medium score

or no information supports the low

score
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Fig. 4

a unified probabilistic model to rerank the enriched
regions detected from peak finding algorithms. By
filtering the reranked enriched regions, more reliable and
precise results are generated. A case study has been
presented to illustrate its feasibility. In future work we
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