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Abstract

Motivation: ChIP-seq is a powerful technology to measure the protein binding or histone modifica-

tion strength in the whole genome scale. Although there are a number of methods available for

single ChIP-seq data analysis (e.g. ‘peak detection’), rigorous statistical method for quantitative

comparison of multiple ChIP-seq datasets with the considerations of data from control experiment,

signal to noise ratios, biological variations and multiple-factor experimental designs is under-

developed.

Results: In this work, we develop a statistical method to perform quantitative comparison of mul-

tiple ChIP-seq datasets and detect genomic regions showing differential protein binding or histone

modification. We first detect peaks from all datasets and then union them to form a single set of

candidate regions. The read counts from IP experiment at the candidate regions are assumed to fol-

low Poisson distribution. The underlying Poisson rates are modeled as an experiment-specific func-

tion of artifacts and biological signals. We then obtain the estimated biological signals and com-

pare them through the hypothesis testing procedure in a linear model framework. Simulations and

real data analyses demonstrate that the proposed method provides more accurate and robust re-

sults compared with existing ones.

Availability and implementation: An R software package ChIPComp is freely available at

http://web1.sph.emory.edu/users/hwu30/software/ChIPComp.html.

Contact: hao.wu@emory.edu

Supplementary information: Supplementary data are available at Bioinformatics online.

1 Introduction

Coupling chromatin immunoprecipitation (ChIP) and next-

generation sequencing (seq), ChIP-seq is a powerful technology

for profiling protein bindings or histone modifications in the whole

genome scale. Since the introduction of the technology (Johnson et

al., 2007), a large number of experiments were conducted to create

genome-wide profiles for many DNA-binding proteins and different

types of histone modifications under various biological contexts, for

example, by large national consortiums such as ENCODE (Thomas

et al., 2006) and modENCOD (Celniker et al., 2009).

The main goal of analyzing data from a single ChIP-seq experi-

ment is to detect protein binding or histone modification regions,

often referred to as ‘peaks’. The raw data produced from ChIP-seq

experiments are many short DNA segments called ‘reads’. After

aligning the reads to the reference genome, genomic regions with un-

usually large number of reads clustered are often deemed peaks. In

recent years, a number of methods and software tools are developed

for peak detection. Two benchmark studies have also been con-

ducted to compare different peak calling methods (Laajala et al.,

2009; Wilbanks and Facciotti, 2010). With the continuous reduction

of sequencing costs and the rapid accumulation of public data, it is

VC The Author 2015. Published by Oxford University Press. All rights reserved. For Permissions, please e-mail: journals.permissions@oup.com 1889

Bioinformatics, 31(12), 2015, 1889–1896

doi: 10.1093/bioinformatics/btv094

Advance Access Publication Date: 13 February 2015

Original Paper

D
ow

nloaded from
 https://academ

ic.oup.com
/bioinform

atics/article/31/12/1889/214643 by guest on 16 M
ay 2023

http://web1.sph.emory.edu/users/hwu30/software/ChIPComp.html
http://bioinformatics.oxfordjournals.org/lookup/suppl/doi:10.1093/bioinformatics/btv094/-/DC1
``
''
``
''
http://www.oxfordjournals.org/


now a common practice to compare data from different ChIP-seq

experiments, for example, to compare the binding of certain protein

under different biological conditions. Such analysis provides import-

ant information for studying the dynamics of epigenetic regulations.

Results from the analysis can be further associated with other data,

such as gene expressions, to better understand the gene regulation

mechanisms.

The comparisons of ChIP-seq data have been widely performed.

The most straightforward method is the ‘overlapping analysis’,

which is to compare the peaks called from different experiments and

defines ‘common peaks’ or ‘unique peaks’, then represents them by

Venn diagram (Chen et al., 2008). This method, however, is highly

dependent on the thresholds used for calling peaks. Genomic regions

barely over the threshold in one sample but under the threshold in

the other will be declared as unique peaks even if the quantitative

difference is small. Moreover, it completely ignores the quantitative

differences of peaks, that is, genomic regions being peaks in both

samples will be deemed common peaks, even if the quantitative dif-

ference is large. Due to these reasons, quantitative comparison is

more desirable to compare ChIP-seq datasets.

The quantitative comparison of ChIP-seq can be performed by

comparing the read counts among different experiments, which is

similar to RNA-seq differential expression (DE) analysis. However,

it is a more complicated problem due to several reasons. First, the

data from the IP experiments are affected by the genomic back-

ground, such as chromatin structures and DNA sequence. These

backgrounds are non-uniform across the genome, and could be

highly variable across different experiments. The backgrounds,

measured by control experiments, need to be taken into account in

quantitative comparison of multiple ChIP-seq datasets. Another

complication arises from the different signal to noise ratios (SNRs)

of the experiments. Many technical or biological artifacts contribute

to SNRs. For example, sample with less binding sites will have taller

peaks because reads are allocated into narrower genomic regions.

Moreover, different SNRs may result from differences of antibody

qualities, experimental protocols or lab technician skills, etc.

Therefore, correctly accounting for SNRs is important in quantita-

tive comparison of ChIP-seq. In addition, considerations for biolo-

gical variance and experimental designs remain, similar to that in

DE analysis of RNA-seq.

Quantitative comparison of ChIP-seq (often referred to as ‘differ-

ential binding’ problem) has gained some interests recently, and sev-

eral methods have been proposed for two-condition comparison.

There are two methods take the approach to model the differences

of normalized read counts from two IP experiments: ChIPDiff (Xu

et al., 2008) applies hidden Markov model on the differences to

identify differential histone modification regions, and DIME

(Taslim et al., 2009, 2011) uses a finite exponential-normal mixture

model on the differences to detect differential binding sites.

However, neither the control experiment nor the biological repli-

cates are considered in these methods. Moreover, these methods do

not account for SNRs and cannot be easily extended for multiple

condition comparison. MAnorm (Shao et al., 2012) and ChIPnorm

(Nair et al., 2012) consider different SNRs. Both methods normalize

the data before comparison: MAnorm performs normalization

based on MA-plot, and ChIPnorm uses quantile normalization. But

again, neither considers control data at the normalization step, and

these methods cannot be easily extended to handle more compli-

cated experimental designs.

There are two software packages provide functionalities to con-

sider the control data: DBChIP (Liang and Keles�, 2012) and

DiffBind (Stark and Brown, 2013). Both methods directly apply

existing methods and software package developed for RNA-seq DE

analysis. They start from a list of candidate regions which are unions

of peaks called for each individual experiment. These regions are

then treated like genes, and RNA-seq DE methods are directly

applied for comparison. To account for the control experiment, the

software provide option to subtract the normalized control counts

from IP counts, then round the differences and use them as inputs

for the software. There are several problems with this approach.

First, the underlying assumption of the methods is that the back-

ground noise and biological signals are additive, which is not always

true based on our real data observation (details in later section).

Second, these methods don’t consider the SNRs from different ex-

periments. Finally, most RNA-seq DE methods are developed based

on negative binomial distribution assumption of the gene counts.

Subtracting control from IP counts then rounding will likely to vio-

late that model assumption, which lead to incorrect statistical

inferences.

In this work, we develop a comprehensive and rigorous statis-

tical method, named ‘ChIPComp’, to perform quantitative compari-

son of multiple ChIP-seq data from experiments with narrow peaks,

including data for most of the protein binding, some histone modifi-

cations if the modification regions are narrow, and the DNase-seq

experiments. ChIPComp takes into consideration of (i) genomic

background measured by the control data; (ii) SNRs in different ex-

periments; (iii) biological variances from the replicates and (iv) mul-

tiple-factor experimental designs. We demonstrate using simulations

and real data analyses that ChIPComp provides more accurate and

robust results compared with existing methods.

2 Methods

We use a two-step procedure for the quantitative comparison of

ChIP-seq datasets. In the first step, we apply existing peak calling al-

gorithm to each individual dataset to identify peaks. We then obtain

the union of peaks called from all datasets as the candidate regions

for quantitative comparison. Since the first step peak calling method

is well developed, we will only present the method for quantitative

comparison in this section.

2.1 The data model
Suppose there are D datasets and N candidate regions. For candi-

date region i (i ¼ 1; 2; . . . ;N) in dataset j (j ¼ 1; 2; . . . ;D), let Yij be

the observed IP counts. We assume that Yij follow a Poisson distribu-

tion with underlying rate lij, which is a function of the background

kij and ChIP signal Sij, e.g. lij ¼ f ðkij; SijÞ. Here kij represents the

background signals caused by technical or biological artifacts. The

observed read counts from the control experiment can be considered

as realizations of the backgrounds, and can be used for estimating kij

(details of the estimation procedure is presented in later section). Sij

represents the non-control-related signals in the IP sample. Further,

we assume that Sij ¼ bjsij, where bj is a constant representing the

SNR from dataset j, and sij measures the relative biological signals

(e.g. protein binding or histone modification strength up to a

constant).

Now consider a set of general, multiple-factor experiments with

design matrix X. At candidate region i, the logarithm of the relative

biological signals are assumed to be from a linear model:

log ðsijÞ ¼ xjbi þ �ij; �ij � Nð0; r2
i Þ

where xj is the jth row of X, and bi is a vector of coefficient for the

ith candidate region. �ij is a random term accounting for the
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variations among biological replicates. Putting all pieces together,

we have the following model for data at the candidate regions:

Yijjlij � PoissonðlijÞ

lij ¼ f ðkij;bjsijÞ

logðsijÞ ¼ xjbi þ �ij; �ij � Nð0; r2
i Þ

(1)

Under this setup, the quantitative comparison for factor k at can-

didate region i can be achieved by testing: H0 : bik ¼ 0.

2.2 Estimate the background signal from control data
Obtaining good estimates of the background signal kij is the crucial

first step. Some existing methods (e.g. DBChIP or DiffBind) simply

treat the counts from control experiment as background signals.

However, the background noises are generated by artifacts such

as chromatin structures and DNA sequence contexts, therefore,

the noises fluctuate in genomic regions much wider than the

peaks. Using the read counts at peaks regions only to estimate

background is inaccurate and has large variances. The spatial

correlations of the read counts from control experiment can be

utilized to obtain better background estimates. Here we adopt

the smoothing technique used in MACS (Zhang et al., 2008) to

obtain estimated background, denoted by k̂ ij. Once k̂ ij’s are ob-

tained, we treat them as known and constant for the rest of the

procedures.

2.3 Model the IP-background relationship
The most important component for the proposed data model is to

characterize the relationship of IP and background signals, which is

the f function. The approaches taken by DBChIP and DiffBind, e.g.

subtracting the normalized control data, implicitly assume that the

IP signal is the sum of the background and biological signals, or

lij ¼ kij þ sij. Another possible solution for quantitative comparison

is to put the IP and background data into a 2�2 table at each candi-

date region, and then use v2 or Fisher’s exact test for hypothesis

testing. The underlying assumption for such approach is that the

background and biological signals are multiplicative, e.g.

lij ¼ kij � sij.

To discover the true IP-background relationship, we obtain

several public ChIP-seq datasets from ENCODE project (a descrip-

tion of the data is provided in the Section 4) and perform explora-

tory analyses. For peaks in an experiment, we obtain the read counts

from IP experiments and estimate backgrounds from control, then

plot the IP counts versus backgrounds in the logarithm scale.

Figure 1 shows such scatterplots from two ChIP-seq dataset:

H3K27 acetylation (H3K27ac) in K562 cell line and RNA polymer-

ase II (PolII) binding in HelaS3 cell line. These figures reveal several

important aspects for the IP-background relationship. First, the IP

and background signals are positively correlated, as expected.

Second, the IP-background relationship is neither additive nor multi-

plicative. The relationship is non-linear in the log scale. Finally, the

IP-background relationship is different in different datasets, demon-

strated by the different slopes of the scatterplots in two datasets.

This emphasizes the importance of building individual background

model for each dataset separately.

Based on these observations, we use a smooth function to model

the IP-background relationship in logarithm scale. The IP-background

response function in dataset j is described by the following model:

log lij ¼ gjðlogkijÞ þ log Sij ¼ gjðlogkijÞ þ log bj þ log sij

Here gj is a experimental specific smooth function. This model

assumes that at a candidate region, the IP signal is the sum of

background-related noise (which is a smooth function of logkij),

SNR and biological signal in the logarithm scale.

2.4 The final model
Plugging in the IP-background model, the data model as described

in Eq. 1 can be written as:

Yijjlij � PoissonðlijÞ

log lij ¼ gjðlog kijÞ þ log bj þ log sij

log sij ¼ xjbi þ �ij; �ij � Nð0; r2
i Þ

(2)

This model implies that at a candidate region in an experiment,

the underlying rates for the read counts are from a lognormal distri-

bution. The mean of the distribution depends on the genomic back-

ground, the SNR for the experiment, and the true biological signal.

In this model, the observed data are Yij from IP experiment.

Background kij can be estimated from the control experiment data,

and gj can be estimated from IP-background model. b are param-

eters of interests that one wants to make inference about.

2.5 The procedures for quantitative comparison
In our approach for quantitative comparison of ChIP-seq datasets,

the quantities to be compared across experiments are the log biolo-

gical signals logsij. For each dataset, we first obtain the signals by

removing the estimates of background-related noises and SNRs

from observed read counts from IP experiment, and then perform

statistical tests. The differential protein binding or histone modifica-

tions regions are defined based on test results. The rest of this sec-

tion provides detailed descriptions of the estimation and hypothesis

testing procedures.

2.5.1 Estimating gj and bj

At a candidate region, the IP signals from different experiments

might exhibit quantitative differences. These differences could be

due to differences in biological signals, or simply because different

experiments have different backgrounds, SNRs or the IP-

background responses. In order for data from different experiments

to be comparable, a proper baseline is needed for normalization. A

common normalization approach for ChIP-seq comparison uses the

total number of reads under the peaks for adjustment. However,

this approach only works for correcting technical artifacts.

Biological differences such as different number of peaks cannot be
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Fig. 1. Scatterplots of IP counts versus estimated background signals from

the peak regions, in logarithm scale. The red dashed line is the result from

cubic smoothing spline fitting (Color version of this figure is available at

Bioinformatics online.)
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corrected by this approach. For example, even if the total numbers

of reads from all peaks are identical in two conditions, the peak

height can still be different due to different number of peaks.

We make a crucial assumption that there exists a subset of all

candidate regions, where the averages of logarithm biological signals

are identical in all datasets conditional on the background signals.

This is a similar assumption used by MAnorm, and by some meth-

ods for gene expression microarray data normalization where the

expressions of house keeping genes are assumed constant across con-

ditions. Denoted such set by A, A 2 f1; 2; . . . ;Ng. By default, A is

chosen as the common peaks from all datasets, or can be specified

by user.

Further, we define a new function gj
0ðlogkijÞ ¼ gjðlogkijÞ þ logbj

to absorb the SNR into the background noise function. We take the

following approach to estimate gj
0 functions. For each individual

dataset, we first obtain the IP counts (Yij) and estimated background

signals (k̂ ij) for all peaks in A. Next, a cubic smoothing spline is fit-

ted for logYij versus logk̂ ij. The fitted spline function is deemed ĝj
0.

2.5.2 Hypothesis testing

The hierarchical model in Eq. 2 essentially describes the data as log-

normal-Poisson compound distribution. The hypothesis testing can

be performed using either likelihood ratio or Wald-based test.

However either method requires numerical integration to obtain the

marginal likelihood of b, which are computationally too intensive to

be practically useful given large number of candidate regions.

Further, with limited number of biological replicates, it is desirable

to borrow information across different candidate regions to improve

the estimation of biological variances and hence statistical inference,

similar to that in many other high-throughput data analysis methods

(Smyth, 2005; Wu et al., 2013; Feng et al., 2014). Such information

sharing is usually achieved by adding another hierarchy in the

model, for example, imposing a parametric distribution on the bio-

logical variances (r2
i ). That will further increase the complexity of

the model and make the model fitting more difficult. To overcome

these difficulties, we use following approximate procedures to fit the

model and perform hypothesis testing at each candidate region.

We first obtain dlogðsijÞ as

dlog sij ¼ logðYij þ c0Þ � ĝj
0ðlogk̂ ijÞ

Here c0 is a small constant (0.5) added to the IP counts to avoid

having Yij¼0. The estimated dlog sij can be viewed as ‘normalized

relative log fold changes’. They are quantities representing log fold

changes between IP signals and background noises. They are further

normalized to remove SNRs, and are values relative to the average

logsij’s from peaks in A and with similar background. Under our

model assumptions, these quantities are directly comparable across

datasets.

We then fit linear regression of dlog sij on X, and obtain the esti-

mates for coefficient b and residual variances r2
i . To overcome the

small sample size problem, we apply existing variance shrinkage

method developed for microarray analyses (Smyth, 2005) to obtain

the shrunk estimates of r2
i , denoted by � r�2

i . For statistical infer-

ence, an approximate estimate of the variances of bb with consider-

ation of the read counts can be derived as:

dvarðbÞ ¼ ðX0XÞ�1X0R̂XðX0XÞ�1:

Here R is a diagonal matrix with the diagonal elements being

varð dlog sij Þ. The detailed derivation of R̂ is provided in the

Supplementary Materials. In a nutshell, R takes into consideration

of both the biological variances r2
i and the uncertainty of logðsijÞ

point estimation affected by the read count Yij.

Hypothesis testing of H0 : bik ¼ 0 can be perform via Wald test,

with the test statistics being t ¼ cbik=
dvarðbijÞ. The test statistics ap-

proximately follows normal distribution under null hypothesis.

P-values and false discovery rate (FDR) can be obtained using ca-

nonical procedures (Benjamini and Hochberg, 1995).

In real data analyses, however, we found that the results from

the Wald test are often influenced by the read counts, because candi-

date region with larger counts have greater power to detect differ-

ences. At these regions, the statistical significance is usually greater,

e.g. with smaller P-values, even when the effect size is small. This is

undesirable since the statistical significance doesn’t necessarily imply

biological significance. To overcome this problem, we provide an

alternative approach in Bayesian framework. Assuming a non-

informative prior on bik, e.g. PðbikÞ / 1, the following posterior

probabilities are used to rank candidate regions:

Prðjbikj > cjYij; ĝ; k̂ ijÞÞ (3)

Here c is a user specified threshold. In two-group comparison

case, c represents the log fold change of biological signals. Under the

normality assumption of b̂ ik, the posterior probability can be ob-

tained from normal p-values and used to rank the candidate regions.

We find that this procedure often provides better results in real data

analyses.

The above procedures are developed for data with biological rep-

licates. When replicate is unavailable in the comparison, ChIPComp

will use the difference in the estimated biological signals between

two conditions, e.g. dlogðsi1Þ � dlogðsi2Þ, to rank the candidate

regions.

3 Implementation

The proposed method is implemented in an R package ChIPComp,

which is currently available at http://web1.sph.emory.edu/users/

hwu30/software/ChIPComp.html, and being prepared to submit to

Bioconductor (Gentleman et al., 2004). The function takes detected

peaks from all datasets and the aligned sequence files as inputs, and

reports a list of genomic regions showing differential binding or his-

tone modification, with estimated P-values and FDRs.

4 Results

4.1 Data description
Both simulation and real data analysis results are based on a number

of public ChIP-seq datasets. We obtain several public ChIP-seq data-

sets generated by ENCODE consortium Thomas et al. (2006),

including three cell lines (HelaS3, GM12878 and HUVEC) for RNA

polymerase II binding (PolII), and three cell lines (H1, K562 and

HelaS3) for H3K27 acetylation (H3K27ac). Both the aligned se-

quence files (aligned to human reference genome build hg19, in

BAM format) and peak calling results are obtained from ENCODE.

4.2 Simulation
We first perform several simulation studies, based on parameters

estimated from real data, to evaluate the performance of

ChIPComp. All simulations are for two-condition comparison, with

10,000 candidate regions, and 20% of these regions are true differ-

ential regions. Data are simulated based on two different data gen-

erative models: the proposed data model as described in Eq. 2; and

an additive model where the underlying IP rates (lij) are sums of
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background (kij) and biological signals (sij). The additive model is

the underlying assumption of DBChIP and DiffBind. We include the

additive model in order to demonstrate that the proposed model

work fine even under this assumption.

For the simulation results shown here, the simulation parameters

are sampled from the real data estimates from H3K27ac and PolII.

Parameters include background rate (kij), biological signals (sij), and

the IP-background relationship (g0j) for the proposed model. For non

differential candidate regions, the biological signals are made identi-

cal for two conditions. For differential regions, we randomly sample

biological signals from real data for two conditions independently,

so that they are different.

Since the differential analyses of ChIP-seq data is often used as a

hypothesis generating tool, the goal is to have as many true positives

as possible in the top-ranked candidate regions. We compare the

proportions of true positives (i.e. true discovery rate, or TDR) in the

top-ranked regions from different methods. The methods in com-

parison include the ChIPComp using the posterior probability in Eq.

3, MAnorm, edgeR with and without subtracting controls, and

DIME. Both DBChIP and DiffBind require aligned read files as in-

puts, which pose difficulties in simulations. Since both methods are

based on existing RNA-seq DE detection methods, we use edgeR to

approximate their performances in simulations.

Figure 2 compares the TDR curves of differential peak detection

from different methods in several simulation scenarios. Figure 2(a)

and (b) shows the results when data are generated from the pro-

posed model. In these cases, ChIPComp provides the best perform-

ance among the methods in comparison, and the gain of accuracy

could be significant. It also shows that when data are generated

from proposed model, subtracting control does not necessarily pro-

vide better results, that is, edgeR with and without subtracting con-

trol perform similarly. Figure 2(c) and (d) shows the results when

data are generated from the additive model. Not surprisingly, edgeR

with subtracting control provides the best results. However,

ChIPComp performs the second best and significantly outperforms

all other method. These simulation results show good performance

of ChIPComp. The results from the additive model further demon-

strate its robustness.

Another commonly used distribution assumption for sequencing

read counts is negative binomial distribution, or the

Gamma–Poisson compound distribution. The difference is that it as-

sumes the underlying Poisson rate follows Gamma distribution in-

stead of lognormal. We perform additional simulations when data

are generated from negative binomial distribution (results shown in

Supplementary Fig. S3). The TDR curves show that the proposed

method is robust to that distribution assumption, and ChIPComp

still performs the best overall.

Furthermore, we perform an additional ‘null’ simulation when

there are no differential peaks. The data are generated from the pro-

posed model using the same settings as the previous simulation.

Because there are no differential peaks, the result P-values

should follow uniform distribution. Figure 3 shows the histogram of

P-values from different method, Results from edgeR ignoring con-

trol reports many false positives. P-values from MAnorm and edgeR

subtracting control are heavily skewed toward 1 and tend to be

over-conservative (number of false positives under different P-value

threshold are shown in Supplementary Table S1). Overall,

ChIPComp provides the most uniform P-value distribution, which

again indicates that the statistical inference will be the most accur-

ate. Similar simulation is conducted when data are generated from

additive model (results shown in Supplementary Figure S1 and

Table S2). Again, p-values from ChIPComp are more uniform com-

pared than others when data are generated from additive model.

We further investigate the FDR for different estimated models.

For each candidate region, one minus the posterior probability ob-

tained from Eq. 3 can be viewed as local FDR. Based on the connec-

tion between the local FDR and the classical global FDR (Efron,
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Fig. 3. Histogram of P-values reported from different methods, based on null

model that there’s no differential regions. The data are generated from the

proposed model
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2004), the local FDR can be converted to the global FDR. Figure 4

shows the comparison of global FDR estimates from different meth-

ods, when data are generated from the proposed and additive model.

When data are from the proposed model, ChIPComp provides ac-

curate FDR estimation. DIME performs well too but all other meth-

ods have poor performances. From other methods, the estimations

of the FDR in the top-ranked regions are too liberal and give overly

optimistic results. When data are generated from additive models,

none of the methods provide very accurate FDR estimation, but

ChIPComp still has the best performance relatively.

All simulation results demonstrate that ChIPComp is more ac-

curate and robust compared to existing methods. It provides better

ranking and statistical inference in detecting differential peaks. It is

also fairly robust against model mis-specification, for example,

when data are from additive model.

4.3 Real data results
We further evaluate the performance of ChIPComp in several real

datasets. The analyses are based on two-condition comparisons. Since

the gold standards for quantitative differences between ChIP-seq data

are not available, we utilize other data to create ‘silver standard’ to

compare different methods. It was known that PolII binding and

H3K27ac are positively correlated with gene expressions. We obtain

the gene expression data from RNA-seq experiments for these sam-

ples (also from ENCODE), and then use them to create silver stand-

ard for comparison. To be specific, in a two-condition comparison,

we first perform differentially expression (DE) analyses on the RNA-

seq data using edgeR. Genes with FDR less than 0.01 are deemed DE,

with FDR greater than 0.2 are deemed non-DE, and the rest are

deemed unknown. Next, we keep candidate regions that are within

1000 base pairs of the transcriptional start sites (TSS) of a gene.

Finally, a region will be deemed differential or non-differential for the

protein binding or histone modification between two conditions if its

corresponding gene is DE or non-DE.

Since there are three cell lines (HelaS3, GM12878 and HUVEC)

for PolII and another three cell lines (H1, K562 and HelaS3) for

H3K27ac, we perform following pairwise two-condition compari-

sons: HelaS3 versus K562, H1 versus K562, H1 versus K562 for

H3K27ac; HelaS3 versus HUVEC, GM12878 versus HelaS3,

GM12878 versus HUVEC for PolII. The performance of the pro-

posed method is compared with MAnorm, DBChIP ignoring or sub-

tracting control, and DIME. DiffBind essentially uses the same

algorithm as DBChIP (apply existing RNA-seq DE methods), so

they are not included in the comparison. We use c¼1 in ChIPComp

to generate and rank the differential binding regions for the results

presented below.

Figure 5 shows the detection accuracies from all the compari-

sons. For H3K27ac comparisons, ChIPComp performs best except

that DIME slightly outperforms at a small number of top peaks in

HelaS3 versus K562 and H1 versus HelaS3. However, DIME fails

badly in the H1 versus K562 comparison. In practice, we found that

DIME is sometimes unstable, perhaps due to the convergence prob-

lem in EM algorithm. Compared with other methods, gains of detec-

tion accuracies from ChIPComp is usually over 10%. For

comparisons in PolII binding data, ChIPComp and DIME are the

best performers across three cell lines. Overall, these real data ana-

lyses demonstrate that ChIPComp provides the most accurate and

robust results compared with other methods. In addition, we notice

that subtracting control, based on the assumption of additive model,

does not necessarily provide better performance than ignoring con-

trol from the results of DBChIP. In H1 versus K562 comparison for

H3K27ac data, ignoring control actually provides much better per-

formance than subtracting control. This is consistent with the results

from simulation studies, and further demonstrates that simply sub-

tracting control from IP is not an optimal way to use the data from

control experiment in quantitative comparison of ChIP-seq data.

Although the posterior probability threshold c could have some

impacts on the performance of ChIPComp, the overall performance
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Fig. 4. Comparison of FDR estimations from different methods, based on

simulation. X-axis shows the FDR reported from different methods, and y-

axis shows the observed FDR (Color version of this figure is available at

Bioinformatics online.)
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Fig. 5. Comparison of differential peak accuracies from real datasets. All re-

sults are for two-condition comparisons on different histone modification or

protein binding, as marked in figure titles (Color version of this figure is avail-

able at Bioinformatics online.)
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of ChIPComp remains stable with reasonable choice of c value.

Since the default c value is 1, we try using different c values (0.5

and 2), and obtain similar TDR curves as using default c value

(Supplementary Figures S4 and S5). We also plot the TDR curves

by using p-values from hypothesis test instead of the posterior prob-

abilities to rank peaks, and find similar results (Supplementary

Figure S6).

In addition, we examine the FDR estimation accuracies from all

methods in real datasets, using gene expression as gold standard.

We plot the observed versus reported FDR from different methods

(Supplementary Figure S7). In general, none of the methods provide

very accurate FDR estimation, but ChIPComp still has the best per-

formance overall.

Furthermore, we generate the ROC curves and use area under

the curve (AUC) as another criteria to compare the performance of

different methods (Supplementary Figure S8). Overall ChIPComp

has the highest AUC value.

5 Discussion

In this work, we develop a novel statistical method to perform

quantitative comparisons of multiple ChIP-seq datasets and de-

tect differential protein binding or histone modification regions.

Statistical methods of differential analysis for other sequencing

data such as RNA-seq have been well developed. The comparison

of ChIP-seq data, however, is more complicated because of dif-

ferent background noises and SNRs in distinct experiments.

Existing methods either ignore the data from control experiments

(such as MAnorm or DIME), or directly apply RNA-seq methods

without proper normalization (such as DBChIP or DiffBind). The

proposed method describes the data by a rigorous statistical

model with the considerations of control data, SNRs, biological

variations, and general experimental designs. Statistical test pro-

cedures are developed for detecting differential regions.

Simulation and real data analyses results demonstrate that

ChIPComp provides more accurate and robust results compared

with existing methods.

The essence of the method is to extract biological signals

from different experiments and then compare. The process in-

volves estimating and removing biological and technical arti-

facts, and normalization of the biological signals. To ensure that

the estimated biological signals are comparable across different

experiments, proper references are needed for normalization and

put the biological signals in a common baseline. In that regard,

the proposed method relies on two important assumptions.

First, the ChIP-seq datasets in comparison need to have a non-

trivial number of common peaks. In fact, when there are very

few common peaks among datasets, a simple overlapping ana-

lysis of the peak will be adequate. Second, it is assumed that

there’s no global difference in the true biological signals for the

common peaks across all datasets, which is the same assumption

used by MAnorm. This assumption provides a common baseline

for different datasets for comparison. Similar assumption has

been used in DE analysis for many years: a majority of the

genes show no DE.

The hypothesis test is performed based on the log biological sig-

nals, which is derived based on log counts. When the counts at can-

didate regions are very small, this procedure could bring some biases

and high variance. To overcome that, we added a small constant in

the counts to ‘squeeze’ the lower end of the log count distribution,

and carefully derived the variances for estimated parameters to take

the raw counts into consideration. A similar approach has been pro-

posed in a recently developed RNA-seq DE method, voom (Law et

al., 2013), and proved to have good performance.

The proposed method describes the count data from replicated

samples through a lognormal-Poisson model. More often, these data

are described by negative binomial, which is a Gamma–Poisson

compound distribution. In our model, the underlying Poisson rate is

assumed to follow a lognormal, instead of Gamma distribution.

This is mainly motivated by methodological convenience. However,

when the shape parameter in Gamma distribution is reasonably

large, the Gamma and lognormal distributions become very similar.

Simulation results show that the results from ChIPComp is robust

and still provides good results when the data are from negative bino-

mial. So we believe that our method will perform well in real data

settings.

The method is specifically designed for comparison of ChIP-seq

with short peaks, including most of the protein binding data, some

histone modification data and DNase-seq. For histones modification

data with long peaks/blocks such as H3K9me3, the method is not

directly applicable. However the problems presented in those data

are similar: consideration of backgrounds, different SNRs, biolo-

gical variances, etc. To design method working for the quantitative

comparison of data with long peaks is our research plan in the near

future.
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