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Professor Bing Ren, Co-Chair 

 
 
Epigenetic modifications play a pivotal role in gene regulations and thus heavily influence 

phenotypic outcomes. Comparative epigenomics, which incorporates both epigenome and genome 

into interspecies comparison, has become a powerful tool for revealing regulatory features of the 

genome and evolutionary properties of the epigenome. With the rapid growth of the high-

throughput sequencing technologies, a tremendous amount of epigenomic datasets has been 

generated in various species, urging the development of systematic and quantitative approaches to 

the integrative comparison of the genome and the epigenome. 



 xiv 

In this dissertation, I first presented a likelihood approach to testing hypotheses on the co-

evolution of genome and epigenome. By converting evolutionary biology hypotheses into explicit 

probabilistic forms, I was able to establish a class of evolutionary models to quantify the 

dependence of interspecies epigenomic variations on underlying sequence variations between 

orthologous regions. To better facilitate functional annotation of the genome, I further developed 

an algorithm named EpiAlignment based on the evolutionary models, which incorporates both 

sequence and epigenomic data into alignment. A web service was also implemented to make the 

algorithm accessible to the research community at large. Using EpiAlignment, I searched for 

genomic region with similarities in both sequences and epigenomic modification patterns between 

human and mouse, revealing thousands of pairs of cis-regulatory elements with potential 

functional correspondence. In summary, this dissertation work brings mathematical rigor to 

comparative epigenomic studies, laying foundation to functional genomic studies with evolution-

based approaches. 
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INTRODUCTION 

Genomes are much more than just genes. In 2012, the ENCODE project has revealed that 

at least 80% of the human genomic DNA is biochemically active, while only 1.5% consists of 

protein coding sequences (ENCODE Project Consortium 2012). Among these non-coding 

sequences, a substantial fraction has been shown to act as cis-regulatory elements, involving in the 

transcriptional regulation of gene expressions. These cis-regulatory elements are usually 

associated with epigenomic modifications, such as histone modifications and DNA methylation, 

with their chromatin states reflected by the epigenomic patterns in various cellular environments.  

The genome-wide identification of cis-regulatory elements was initially facilitated by 

comparative genomics, which utilized sequence conservation as the primary information to 

annotate regulatory sequences (Bejerano et al. 2004; Pennacchio et al. 2006; Visel et al. 2007; 

Visel et al. 2008). However, this approach performed poorly on less conserved sequences, and 

showed limitations in recognizing regulatory elements among all conserved regions as it took no 

account of genomic functions (Pennacchio et al. 2013). With the development of high-throughput 

technologies, comparative epigenomics, which leverages both sequence and epigenomic 

modifications in interspecies comparisons, has become a more popular way for functional genome 

annotation (Yue et al. 2014). A set of studies have demonstrated that epigenomic modification 

patterns can be largely conserved on orthologous sequences despite the underlying sequence 

conservation (Bernstein et al. 2005; Bernstein et al. 2007). These regulatory sequences identified 

with consistent interspecies epigenomic occupancies often showed regulatory activities, even 

when sequences were only modestly conserved (Roh et al. 2005; Roh et al. 2007; Xiao et al. 2012). 

To date, epigenomic profiling data has been generated and compared across various species, 
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revealing numerous cis-regulatory elements that cannot be discovered with sequence data only 

(Cotney et al. 2013; Reilly et al. 2015; Villar et al. 2015; Lesch et al. 2016; Vermunt et al. 2016). 

These exciting results have illustrated that comparative epigenomics provides a more accurate and 

robust approach to revealing regulatory features of the genome. 

Despite the achievements of the comparative epigenomic studies, there are still several 

fundamental questions that need to be addressed. One important question lies in the evolution of 

epigenome, asking to what extent the interspecies epigenomic variations depend on interspecies 

sequence variations. A set of studies have attempted to clarify the co-evolution properties of the 

genome and the epigenome. Nevertheless, these analyses remained largely observational, resulting 

in diverse opinions on the subject. Some studies supported the opinion that interspecies epigenetic 

variations can be all traced and predicted by interspecies sequence changes (Prescott et al. 2015; 

Lesch et al. 2016), whereas others reported poor correlation between them (Bernstein et al. 2005; 

Reilly et al. 2015; Vermunt et al. 2016).  

To tackle this question, we initiated a likelihood-based approach in Chapter 1, in which 

different hypotheses regarding the co-evolution of genome and epigenome could be converted into 

probabilistic models. By fitting the models to actual data, each model yielded a likelihood, and the 

hypothesis corresponding to the largest likelihood was considered as most supported by the data. 

In this work, we investigated the dependence of epigenomic variations on two types of local 

sequence changes: substitutions, and insertions and deletions (indels). We quantitatively assessed 

the dependence of H3K4me3 variations on substitutions and indels between human and rhesus, 

and separated relative impacts of the two sequence variations within all H3K4me3-marked regions. 

This methodology provided a framework for modeling the epigenome together with the genome, 

as well as a quantitative approach to testing different evolutionary hypotheses. 
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Another question in comparative epigenomics is how to translate results of functional 

genomic studies across different organismal contexts. Existing comparative studies mostly relied 

on ad hoc methods, in which orthologous sequences were first identified, and epigenomic patterns 

on top of the sequences were consecutively compared. In the next two chapters, we aimed to 

develop a systematical approach to incorporating sequence and epigenomic data into interspecies 

comparison. In Chapter 2, we presented EpiAlignment, a web-based tool to align genomic regions 

with both sequence and epigenome information. EpiAlignment takes as input two regions from 

different species, each of which consists of DNA sequence and epigenomic profile derived by 

ChIP-Seq, and outputs the optimal semi-global alignment between the regions. The web service 

incorporates a database of pairwise ChIP-Seq experiments, which contains ChIP-Seq datasets 

curated from major epigenomics consortia and published epigenomic comparative studies. 

EpiAlignment also provides metrics for the evaluation of alignment results, making it a useful tool 

to identify regions with chromosomal and functional similarities across species. In Chapter 3, we 

applied EpiAlignment to analyze H3K27ac-marked regions in 9 matched tissue types and cell lines 

between mouse and human. The analysis uncovered thousands of mouse-human region pairs with 

both sequence and H3K27ac similarities, which could not be matched with the classic sequence-

only alignment algorithm. The putative correspondence between the mouse and human cis-

regulatory elements was further supported by the conserved long-range chromatin and RNA-

chromatin interactions associated with them. Overall, the two chapters provided a novel tool for 

integrative comparison of sequences and epigenomic data, which might facilitate the functional 

annotation of the genome. 

The introduction, in part, is based on material as it appears in Lu J, Cao X, Zhong S. 2018. 

A likelihood approach to testing hypotheses on the co-evolution of epigenome and genome. PLoS 
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Comput Biol 14: e1006673; as well as in Lu J, Cao X, Zhong S. 2019. EpiAlignment: alignment 

with both DNA sequence and epigenomic data. Nucleic Acids Res 47: W11-W19. The dissertation 

author was the primary investigator and author of these papers.  
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CHAPTER 1 

 

A likelihood approach to testing hypotheses on the co-

evolution of epigenome and genome 

1.1 Abstract 

Central questions to epigenome evolution include whether interspecies changes of histone 

modifications are independent of evolutionary changes of DNA, and if there is dependence 

whether they depend on any specific types of DNA sequence changes. Here, we present a 

likelihood approach for testing hypotheses on the co-evolution of genome and histone 

modifications. The gist of this approach is to convert evolutionary biology hypotheses into 

probabilistic forms, by explicitly expressing the joint probability of multispecies DNA sequences 

and histone modifications, which we refer to as a class of Joint Evolutionary Model for the Genome 

and the Epigenome (JEMGE). JEMGE can be summarized as a mixture model of four components 

representing four evolutionary hypotheses, namely dependence and independence of interspecies 

epigenomic variations to underlying sequence substitutions and to underlying sequence insertions 

and deletions (indels). We implemented a maximum likelihood method to fit the models to the 

data. Based on comparison of likelihoods, we inferred whether interspecies epigenomic variations 

depended on substitution or indels in local genomic sequences based on DNase hypersensitivity 

and spermatid H3K4me3 ChIP-Seq data from human and rhesus macaque. Approximately 5.5% 

of homologous regions in the genomes exhibited H3K4me3 modification in either species, among 

which approximately 67% homologous regions exhibited local-sequence-dependent interspecies 
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H3K4me3 variations. Substitutions accounted for less local-sequence-dependent H3K4me3 

variations than indels. Among transposon-mediated indels, ERV1 insertions and L1 insertions 

were most strongly associated with H3K4me3 gains and losses, respectively. By initiating 

probabilistic formulation on the co-evolution of genomes and epigenomes, JEMGE helps to bring 

evolutionary biology principles to comparative epigenomic studies. 

1.2 Introduction 

Milestones of mathematical modeling of DNA evolution were marked by base substitution 

models in early 1980s (Jukes et al. 1969; Kimura 1980; Felsenstein 1981), extension to 

incorporation of sequence insertions and deletions (indels) in early 1990s (Thorne et al. 1991), and 

differential treatments of cis-regulatory sequences in the 2000-2010s (Gerland and Hwa 2002; 

Moses et al. 2004; Siepel and Haussler 2004; King et al. 2005; Mustonen and Lässig 2005; 

Siddharthan et al. 2005; Xie et al. 2008; Gordan et al. 2010). The rise of interspecies transcriptome 

comparisons in 2000s (Ihmels et al. 2005; Khaitovich et al. 2006; Tirosh et al. 2007; Necsulea and 

Kaessmann 2014) inspired a series of transcriptome comparison models and evolution models 

(Khaitovich et al. 2004; Khaitovich et al. 2005b; Cai et al. 2010). Benefits of joint analysis of 

interspecies variations of genomes and transcriptomes (Khaitovich et al. 2005a) demanded and 

eventually led to development of a joint probabilistic evolution model of the genome and the 

transcriptome (Xie et al. 2011). 

Interspecies epigenome comparisons facilitated discoveries of functions of genomic 

sequences (Xiao et al. 2012; Cotney et al. 2013; Xiao et al. 2014; Yue et al. 2014; Lowdon et al. 

2016). However, analyses of epigenome evolution remain observational, leading to divergent 

opinions on the dependence of epigenome conservation on sequence conservation. Some studies 
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reported correlations between genomic and epigenomic changes (Prescott et al. 2015; Lesch et al. 

2016), whereas other studies revealed poor sequence conservation in homologous regions 

demarcated with the same histone modifications (Bernstein et al. 2005; Reilly et al. 2015; Vermunt 

et al. 2016). In much shorter timescale, sequence independent passage of histone modifications 

was observed in multiple generations (Klosin et al. 2017; Zenk et al. 2017). The development of 

evolutionary models for epigenomes would bring mathematical rigor to comparative epigenomics 

and provide a model competition framework for evaluation of different hypotheses.  

In this manuscript, we describe an effort on derivation of the joint probability of a pair of 

homologous genomic sequences and histone modifications on these sequences. We started with 

considering four hypotheses, where interspecies epigenomic variations (1) depend only on local 

sequence substitutions, or (2) depend only on local sequence indels, or (3) depend on both local 

substitutions and indels, or (4) are independent of local sequence substitutions and indels. We 

formulated each hypothesis into a probabilistic evolution model and developed a likelihood 

competition approach for model selection. This model competition approach enabled systematic 

evaluation of the four evolutionary hypotheses on any homologous sequences.   

1.3 Results 

Our goal is to develop a probabilistic form of a pair of homologous genomic regions that 

include the genomic sequences and histone modifications, coupled with each major hypothesis on 

the co-evolution of genome and epigenome. If we denote the pair of homologous genomic regions 

as 𝐴 and 𝐵, our goal is to derive the joint probability 𝑃(𝐴, 𝐵).  For this purpose, we introduce the 

following notations, model assumptions, and alternative hypotheses on evolution of genome and 

histone modifications.  
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1.3.1 Notations  

We introduce three sets of notations, including indices, observed data, and model 

parameters. The indices are ℎ for indexing histone modifications (ℎ = {1, 2, … , 𝐻}), 𝑚 and 𝑛 for 

indexing nucleotide positions in two DNA sequences, respectively, and 𝑘 for indexing nucleotide 

positions in a pair of aligned sequences. 

The observed data are denoted as follows. 𝐴2, 𝐵2 denote a pair of homologous genomic 

sequences. 𝐴3, 𝐵3 denote the states of the ℎ45 histone modification on 𝐴2, 𝐵2. 𝐴, 𝐵 denote a pair 

of homologous regions, including the homologous genomic sequences and the states of each 

histone modification on these sequences, where 𝐴 = {𝐴2, 𝐴6, … , 𝐴7}, and 𝐵 = {𝐵2, 𝐵6, … , 𝐵7}. 

Let 𝑠9	and 𝑠;  denote the lengths of 𝐴2  and 𝐵2 . Let 𝑎2,=  and 	𝑏2,?  denote the 𝑚45  and the 𝑛45 

bases of sequences 𝐴2 and	𝐵2, where 𝑎2,=, 𝑏2,? = {𝐴, 𝐶, 𝐺, 𝑇}. Let 𝑎3,= and 𝑏3,? denote the states 

of the ℎ45 histone modification at positions 𝑚 and 𝑛 in 𝐴3, 𝐵3 , where 𝑎3,= = {0,1}	and 	𝑏3,? =

{0,1}. Let 𝑎2,DE , 𝑏2,DE  denote the nucleotides or indels on the 𝑘45  position of an aligned pair of 

sequences, where 𝑎2,DE , 𝑏2,DE = {𝐴, 𝐶, 𝐺, 𝑇, −}. Let 𝑎3,DE , 𝑏3,DE  denote the states of the ℎ45  histone 

modification on the 𝑘45  position in a pair of aligned sequences, where 𝑎3,DE , 𝑏3,DE = {0, 1, −} . 

Finally, we denote an alignment of two sequences as a 𝑝𝑎𝑡ℎ, that is 𝑝𝑎𝑡ℎ = {𝑎2,DE , 𝑏2,DE }. 

The model parameters include 𝜋J, 𝜋K, 𝜋L, 𝜋M, denoting the equilibrium probabilities of the 

four nucleotide bases. Let 𝜋63 denote the global equilibrium probability, that is the equilibrium 

probability of having the ℎ45 histone modification on any genomic location, and 𝜋23 = 1 − 𝜋63.	Let 

𝜑963  denote the local equilibrium probability, that is the probability of having the ℎ45  histone 

modification on genomic region 𝐴 , and 𝜑923 = 1 − 𝜑963 . Denote sequence deletion rate as 𝜇 , 

insertion rate as 𝜆, and substitution rate as 𝑠. Let 𝜅3 be the rate of switch between 0 and 1, that is 
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installing (0 to 1) or removing (1 to 0) for the ℎ45 histone modification. Let	𝑡 denote evolutionary 

time. 

1.3.2 Model assumptions 

We assume that the state for each histone modification on each genomic location is binary, 

that is, 𝐴5 and 𝐵5 are sequences of 0’s and 1’s with the same lengths as 𝐴2 and 𝐵2 (Figure 1.1). 

For example, a 5nt sequence of ACGTA (𝐴2 = ACGTA) that is within an H3K9me3 peak (denote 

𝐴3W7XYZ=[X  as 𝐴6 ) can be written as 𝐴
2

𝐴6
= A
1
C
1
G
1
T
1
A
1  . For another example, a 10nt sequence 

ACGTAGGGGG (𝐵2 = ACGTAGGGGG) with the first 5 bases covered by an H3K9me3 peak and 

the second 5 bases not covered by any H3K9me3 peak can be written as  𝐵
2

𝐵6
= A
1
C
1
G
1
T
1
A
1
G
0
G
0
G
0
G
0
G
0	, 

where 𝐵6 denotes the states of H3K9me3. Dependencies of epigenomic states on nearby DNA 

bases are reflected in the consecutive 1s inside a peak and the consecutive 0s outside peaks. Thus, 

even though the model we will describe does not explicitly model dependencies of nearby bases, 

peak calling as the preprocessing step for histone modification data accommodated dependencies 

of nearby bases. Our second assumption is the widely adopted Pulley principle, namely that 

genomic evolutionary processes are reversible (Felsenstein 1981). 

1.3.3 Development of a probabilistic framework for epigenome evolution 

With the above introduced notations, our goal is to derive 𝑃(𝐴, 𝐵) =

𝑃(𝐴2, 𝐴6, … , 𝐴7, 𝐵2, 𝐵6, … , 𝐵7) , where 𝐴2, 𝐵2  are homologous genomic sequences and 

𝐴3, 𝐵3	(ℎ = {1,… , 𝐻})  are histone modifications on 𝐴2, 𝐵2. To specify such a joint probability, 

we considered two types of dependency structures. First, descendent genomic sequence depends 

on ancestral sequence, and histone modifications depend on their underlying genomic sequence. 
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The challenge of using such a dependency structure lies in the lack of complete knowledge of how 

genomic sequence determines the histone modifications, and therefore generally speaking 

𝑃(𝐴3|𝐴2) cannot be specified. In the second type of dependency structure, descendent genomic 

sequence depends on the ancestral sequence, and histone modifications on the descent sequence 

depend on the histone modifications on the ancestral sequence. Furthermore, the evolutionary 

changes of each type of histone modification may depend on the underlying genomic sequence 

changes (Figure 1.2A) or not (Figure 1.2B), and conditional on underlying sequence changes the 

evolutionary changes of different histone modifications are independent of each other (conditional 

independence) (see Discussion). We elected to specify the joint probabilities with the second type 

of dependency structure. 

Based on the second type of dependency structure, we have  

𝑃(𝐴, 𝐵) =] 𝑃(𝐴, 𝐵, 𝑝𝑎𝑡ℎ)
^_`3

=] 𝑃(𝐴, 𝐵|𝑝𝑎𝑡ℎ)𝑃(𝑝𝑎𝑡ℎ)
^_`3

(1), 

where 𝑝𝑎𝑡ℎ is an evolutionary path of homologous sequences, corresponding to an alignment of 

𝐴2  and 𝐵2  (Figure 1.1). Any probabilistic expression of sequence alignment can be used for 

𝑃(𝑝𝑎𝑡ℎ), and in the work we employ the widely adopted TKF model as the analytical form of 

𝑃(𝑝𝑎𝑡ℎ) (Thorne et al. 1991). 𝑃(𝐴, 𝐵|𝑝𝑎𝑡ℎ) is the probability of observing a pair of homologous 

sequences and their epigenomes conditional on the sequence alignment. Because all sequence 

information is contained in 𝑝𝑎𝑡ℎ, due to conditional independence, we have:  

𝑃(𝐴, 𝐵|𝑝𝑎𝑡ℎ) = 𝑃(𝐴2, 𝐴6, … , 𝐴7, 𝐵2, 𝐵6, … , 𝐵7|𝑝𝑎𝑡ℎ) 

= 𝑃(𝐴6, … , 𝐴7, 𝐵6, … , 𝐵7|𝑝𝑎𝑡ℎ) 

=a 𝑃(𝐴3, 𝐵3|𝑝𝑎𝑡ℎ)
7

3W6
(2). 

Applying previously introduced notations, we have: 
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𝑃(𝐴3, 𝐵3|𝑝𝑎𝑡ℎ) = 	𝑃(𝐵3|𝑝𝑎𝑡ℎ, 𝐴3)𝑃(𝐴3|𝑝𝑎𝑡ℎ) 

=a 𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c
efg(^_`3)

DW6
(3), 

where len(𝑝𝑎𝑡ℎ) is the length of the aligned sequence pair 𝐴2, 𝐵2 (first lane, Figure 1.1). Taking 

Equations (1) – (3) together, we have obtained a probabilistic statement of the observing a pair of 

homologous sequences and their respective histone modifications. Hereafter, we call Equations (1) 

– (3) the LCZ model. The LCZ model is fully specified when 𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c  and 

𝑃(𝑎3,DE |𝑎2,DE , 𝑏2,DE ) are specified. 

1.3.4 Translation of alternative evolutionary hypotheses into probabilistic models 

We restricted this work to considerations of two types of sequence changes, namely 

substitutions and indels. A total of four possible evolutionary hypotheses can be posed, that are (1) 

epigenome changes are independent of local sequence changes (Model N), (2) epigenome changes 

depend on local sequence substitutions but are independent of local sequence indels (Model M), 

(3) epigenome changes depend on local sequence indels but not local sequence substitutions 

(Model I), and (4) epigenome changes depend on both local substitutions and indels (Model B, 

Figure 1.2C). The four models based on these hypotheses could be summarized as a mixture model 

of four components. We described the detailed probabilistic form to express each hypothesis and 

the joint model in Methods and Materials. Furthermore, we will describe a likelihood comparison 

approach for testing which hypothesis fits actual data, and whether different genomic regions 

conform to a single evolutionary model.  
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1.3.5 Development of an MLE algorithm for parameter estimation 

We implemented a maximum likelihood estimation (MLE) algorithm for model fitting. 

The input data for the MLE algorithm are a list of pairs of homologous regions, hereafter termed 

homologous pairs, each of which contains two homologous sequences, and on each position of 

each sequence a binary indicator of state of each histone mark. The model parameters include 

equilibrium probabilities 𝜋 and 𝜑, birth and death rates 𝜆 and 𝜇, substitution rate 𝑠, and the rate of 

change for each histone modification 𝜅3. Our MLE calculation algorithm was a downhill simplex 

algorithm. The key for application of downhill simplex algorithm is being able to evaluate the 

likelihood function with given model parameters, which requires summing over all possible 

evolutionary paths between the two sequences. This was achieved by dynamic program algorithms 

(see Methods).  

1.3.6 Evaluation with simulation datasets 

We tested performances of the models and the MLE algorithm with simulation data. First, 

we tested the convergence by comparing the estimated parameters at each iteration with the true 

parameters (Panel A in Figure S1.1). We simulated data with 8 sets of model parameters (Table 

S1.1, Methods) under each of the 4 models (Model M, N, B, I), resulting in a total of 32 datasets. 

Each dataset contained 100 pairs of 500bp-long homologous sequences and one histone 

modification on each sequence. We ran the MLE estimation algorithm twice with two initial values 

on each simulation dataset. Regardless of the initial values, the estimated parameters converged to 

true values in all simulated datasets (Panel A in Figure S1.1), and the negative log-likelihood 

function decreased monotonically (Panel B in Figure S1.1).  

For a more comprehensive test, we simulated 10 datasets under each of the 4 models with 

each of the 8 sets of model parameters (Table S1.1), resulting in a total of 320 datasets. For each 
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dataset we ran the MLE algorithm to convergence and quantified the difference between the 

estimated parameters ( 𝜃 ) with true values ( 𝜃∗ ) with percent error ( 𝑒 ), defined as 𝑒 =

(𝜃 − 𝜃∗) 𝜃∗⁄ × 100%. We summarized the percent errors from all the simulations for each true 

value (Figure S1.2). Regardless of the true values for 𝑠, 𝜇,	𝜅, most of the percent errors of all 

simulations were contained within 20% (|𝑒| < 20%). Greater variation of 𝑒 was observed when 

the true values were very small (0.01). As the true values increased to 0.1 or 1, nearly all percent 

errors were contained within 10% (|𝑒| < 10%). We note that the estimated 𝜅 (rate of H3K4me3 

switch) from real data was much larger than 0.1 (Table S1.2), and thus in the range where the 

estimated values nearly always converge to true values. 

Next, we tested the capability of identifying the underlying model by comparison of 

likelihood functions. We generated 5 datasets (columns, Figure S1.3) under each hypothesis 

(Hypothesis M, N, I, or B, Figure S1.3), resulting in a total of 20 datasets. For each dataset, we 

computed the likelihood using every model (Model M, N, I, or B), resulting in four computed 

likelihoods (four dots in each column, Figure S1.3). In all simulation datasets, the model that 

resulted in the largest likelihood corresponded to the actual hypothesis from which the data were 

generated, suggesting that the true model corresponding the correct hypothesis could be identified 

by likelihood comparisons.  

1.3.7 Rates of sequence changes and H3K4me3 change between humans and rhesus 

monkeys 

Our overriding question is whether interspecies changes of histone modifications depend 

on genomic sequence changes, and whether such dependence is invariant in the entire genome. 

Toward this goal, we used H3K4me3 changes in primate spermatids as a testbed system. We 

approached the above question with two major steps. First, we estimated sequence change rates 
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and H3K4me3 change rate, and assessed the sensitivity of these estimates to model assumptions 

and to data processing procedure. We retrieved public epigenomic data from rhesus macaque and 

human in round spermatids (GSE68507) (Lesch et al. 2016). We estimated the sequence change 

rates (𝑠, 𝜇) and H3K4me3 change rate (𝜅) from each of the four models. We did not separately 

provide 𝜆 in results because 𝜆 was determined by homologous sequence lengths and 𝜇 (Thorne et 

al. 1991). Our estimation of  𝑠, 𝜇, and 𝜅 were based on the union of H3K4me3 marked regions 

(Lesch et al. 2016) and all DNase hypersensitive regions from 95 human cell lines (Thurman et al. 

2012), that had a total of 2,824,711 homologous genomic regions. The four models yielded nearly 

the same estimates for each parameter, where sequence substitution rate 𝑠 was approximately 0.07, 

deletion rate 𝜇 was approximately 0.04, and H3K4me3 change rate 𝜅 was approximately 0.75 

(Table S1.2). Executing the MLE algorithm 3 times with different initial values converged to 

nearly the same estimated values. These values were in line with the reports of large amounts of 

interspecies histone modification changes on homologous sequences, in the same cell type 

(Mikkelsen et al. 2010). To assess the sensitivity of these estimates, we re-estimated the parameters 

with randomly sampled subsets of the homologous genomic regions (Table S1.2), and also with 

re-defined peak regions by applying different thresholds in ChIP-Seq peak calling (Table S1.3). 

The estimated parameters by large were insensitive to these alternations, with an expected 

exception that 𝜅  exhibited a modest decrease when stringency for peak calling drastically 

increased. This was because when few peaks were called from either species (q-value = 0.001, 

Table S1.3), the histone modification would not appear to have changed (no modification in either 

species).  
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1.3.8 Epigenome-to-genome dependency in evolution is not uniform across the genome 

Next, we compared the four evolutionary hypotheses on every homologous sequence pair 

and derived a genome-wide catalogue of the correspondence between genomic region and the best 

fit evolutionary model. Nearly the entire mappable portion of the human genome (effective 

genome) has homologous sequence in rhesus macaque genome. Approximately 5.5% of the 

homologous sequences were covered by H3K4me3 peaks in either species, accounting for 132,294 

homologous pairs. For every pair, we computed the likelihood under each of the four models and 

classified each homologous pair to one of the models according to the largest likelihood. A total 

of 73% of homologous pairs were classified to Model M, I, or B, where histone modification 

variation was dependent on local DNA sequence changes (Figure 1.3A). Most of these 

homologous pairs were classified to Model B, where histone modification variation was dependent 

on both local sequence substitution and indel. On the other hand, a total of 27% of homologous 

pairs were classified with Model N, where histone modification variation did not depend on 

underlying DNA sequence changes. These results were in line with the idea that the evolutionary 

changes of the underlying sequences might not completely determine all evolutionary changes of 

the epigenome.  

1.3.9 Separating contributions of substitutions and indels to epigenome-to-genome 

dependence 

We asked whether sequence substitution or indel better accounts for epigenome-to-genome 

dependence in evolution. Toward this goal, we derived two metrics 𝑟=t` and 𝑟u?v to quantify the 

degrees of dependence of histone changes on substitutions and on indels, respectively (Methods). 

These metrics were derived from a variation of likelihood-ratio test, where 𝑟=t`  quantifies the 

overall fit of a homologous pair to Models N or I (independent of substitutions) versus to Models 
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M or B (substitution dependent), and 𝑟u?v quantifies the overall fit to Models N or M (independent 

of indels) versus to Models I or B (indel dependent). We quantified 𝑟=t`  and 𝑟u?v  for every 

homologous pair and used a scatterplot to visualize the degrees of H3K4me3-to-substitution 

dependence (𝑟=t`, y axis) and H3K4me3-to-indel dependence (𝑟u?v, x axis, Figure 1.3B) of all the 

analyzed homologous pairs (132,294 in total). Overall, the homologous pairs exhibited greater 

variations of 𝑟u?v  than 𝑟=t` . The majority of homologous pairs exhibited 𝑟=t`  close to 0, for 

example 110,400 (83%) homologous pairs exhibited |𝑟=t`| < 0.004. Data of these homologous 

pairs could not clearly infer H3K4me3-to-substitution dependence. A greater number of 

homologous pairs exhibited non-zero 𝑟u?v, including 8,965 homologous pairs with 𝑟u?v > 0.01, in 

which H3K4me3 changes were likely attributable to indels. Nearly no homologous pair exhibited 

H3K4me3 variation that solely depended on substitution (2nd quadrant, Figure 1.3B), and in some 

homologous pairs neither substitution or indel appeared to relate to interspecies variation of 

H3K4me3 (3rd quadrant in Figure 1.3B, Figure S1.4). An alternative normalization method was 

also used to derive 𝑟u?v  and 𝑟=t` , whereas the evaluation of H3K4me3-to-substitution and 

H3K4me3-to-indel dependencies was not sensitive to different normalization approaches 

(Methods, Figure S1.5). 

1.3.10 Contribution of transposon induced indels to DNA-dependent H3K4me3 changes 

We asked to whether indels induced by different transposon families exhibited similar 

impacts to interspecies variation of epigenome. To this end, we first classified species-specific 

transposon insertions into three groups: insertions with no change to H3K4me3 (conserved peak), 

transposon insertion together with addition (transposon-induced peak) or removal (transposon-

disrupted peak) of H3K4me3 (Figure 1.4A). Next, for each group we identified the number of 

contributing transposons from every transposon family.  
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Of the top 10% homologous pairs exhibiting the largest degree of independence between 

H3K4me3 variations and local indels (4,139 regions, 𝑟u?v < −0.0169), 182 (4.4%) contained 

species-specific transposons. Among these species-specific transposons that did not appear to 

interfere with H3K4me3, the endogenous retrovirus 1 (ERV1) family of long terminal repeats 

(LTR) was the most abundant transposon family, accounting for 107 (59%) of the conserved peaks 

(Figure 1.4B). This trend did not change when we altered the percentage cutoff of 𝑟u?v to 5% and 

2% (Figure S1.6, Table S1.4). 

Among the top 10% homologous pairs exhibiting the largest extent of DNA-dependent 

H3K4me3 changes (9,091 regions, 𝑟u?v > 0.099), 854 homologous pairs contained transposon-

induced peaks, and 376 homologous pairs contained transposon-disrupted peaks. The ERV1 

family was the most abundant transposon family with transposon-induced peaks, accounting for 

655 (77%) of all transposon-induced peaks (Figure 1.4C). The enrichment level of the ERV1 

family within transposon-induced peaks was 2.31-fold greater than expectation, with the highest 

confidence among all transposon types (odds ratio = 2.31, p-value of chi-square test = 1.06 ´ 10-

6). This trend did not change when we altered the percentage cutoff of |𝑟u?v| to 5% and 2% (Figure 

S1.6 and Figure S1.7). The promoter region of the SLC30A8 gene was an example in case (Figure 

1.4E). This promoter region harbors two homologous pairs, with one in the upstream regions of 

human and macaque transcription start sites (pink regions, Figure 1.4E) and the other in the 

downstream of TSSs in both species (orange regions, Figure 1.4E). An ERV1 transposon was 

inserted in the human upstream region, on which there was a clear H3K4me3 peak, whereas the 

macaque upstream region did not contain the ERV1 sequence and did not exhibit H3K4me3 (pink 

regions, Figure 1.4E). Furthermore, another ERV1 sequence was inserted in the downstream 
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region in macaque where H3K4me3 was installed, whereas the human homologous sequence did 

not have the ERV1 sequence and did not harbor any H3K4me3 peak (orange regions, Figure 1.4E).  

Unlike transposon-induced peaks that were primarily concentrated to ERV1, transposon-

disrupted peaks were primarily contributed from the L1 family, accounting for 213 (57%) of all 

transposon-disrupted peaks (Figure 1.4D). The association of the L1 family with transposon-

disrupted peaks was 8.60-fold greater than expectation (odds ratio = 8.60, p-value of chi-square 

test = 5.1 ´ 10-22). These H3K4me3 losses were not likely due to the low mappability of L1 

transposable elements, as the flanking regions of the L1 transposons still showed considerably 

lower H3K4me3 signals compared with their homologous regions after we masked the L1 

transposons (Figure S1.8). This trend did not change when we altered the percentage cutoff of 

|𝑟u?v| to 5% and 2% (Figure S1.6 and Figure S1.7). A case in point was at the ZNF630-AS1 

promoter, where a L1 transposon (a, Figure S1.9) was inserted specifically in the macaque 

promoter between two ERVL-MaLR family repeats (b, c, Figure S1.9), which was coupled with 

disappearance of H3K4me3. In summary, ERV1, ERVK, L1 and SVA were the most abundant 

transposons near H3K4me3 peaks. Transposon-induced peaks were most strongly associated with 

ERV1 transposons, and transposon-disrupted peaks were most strongly associated with L1 

transposons. 

1.4 Discussion 

Current comparative epigenomic studies relied on ad hoc analytical methods that were to 

a considerable extent detached from the core of evolutionary biology. Therefore, a theoretical 

foundation for comparative epigenomics is in demand. Here, we initiated a class of probabilistic 

evolutionary models for the genome and epigenome. We provided approaches to explicitly express 
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probabilistic functions of genomic sequences and epigenomic data based on evolutionary 

hypotheses, thus allowing for data-driven tests of hypotheses of epigenomic evolution. With the 

methodology, we quantitatively assessed the relative impacts of sequence substitutions and indels 

to H3K4me3 changes throughout the genome between human and macaque and identified a set of 

genomic regions where interspecies H3K4me3 changes were primarily attributable to species-

specific transposon insertions. 

A central question in studies of epigenome evolution is whether interspecies changes of 

histone modification are independent of evolutionary changes of DNA. If the answer is partially 

yes, that is, in some specific genomic regions interspecies changes of specific histone 

modifications are dependent of evolutionary changes of DNA, then the next important question is 

whether interspecies changes of histone modifications depend on specific types of DNA sequence 

changes. This second question can be phrased as a set of competing hypotheses, that interspecies 

changes histone modifications 1) depend only on local sequence substitutions; 2) depend only on 

local sequence insertions and deletions; 3) depend on both; 4) depend on neither (in which case 

they may still have a certain degree of dependency on other effects, such as trans effects from 

sequences, and/or other types of sequence variations).  

To test the above hypotheses, the likelihood approach is perhaps the most popular approach, 

that is to convert each hypothesis into a probabilistic form, and plug in observed data into each 

probabilistic form, resulting in a likelihood for each hypothesis which is typically interpreted as 

the compatibility of data to each hypothesis. The hypothesis corresponding to the largest likelihood 

is considered most supported by observed data. Therefore, we focused this work on how to convert 

hypotheses into probabilistic forms. Our deliverable, which we called "an evolutionary model" is 

a mathematical framework to convert each evolutionary hypothesis and multi-species data into a 
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probability. This framework would be applicable to different epigenomic modifications and/or 

various tissue types/cell lines with corresponding data. 

In this work, we used the H3K4me3 variations between human and rhesus as a testbed for 

the models. We found that a large number of H3K4me3 changes were dependent on local sequence 

changes. Given that H3K4me3 is usually found overlapping active regulatory elements enriched 

with transcription binding sites, the dependence might have an association with the alteration of 

underlying motif sequences. Our models could also be applied to epigenomic marks less associated 

with regulatory elements to study the dependence between their variations and local sequence 

changes. 

1.4.1 Gene context for regions with different classification 

We asked whether region pairs classified to different models were located in different 

genomic contexts. For this purpose, we measured the distances between region pairs and their 

nearest genes. Among the 35,667 regions classified to Model N, 76% and 21% were located within 

the 5kb flanking regions around transcription start sites (TSSs) of genes in human and rhesus, 

respectively, suggesting that the majority of regions with H3K4me3 variation not driven by local 

sequence variations might function as active promoters of their putative target genes. Fewer 

regions were found close to TSSs in rhesus due to the lack of annotated genes in rhesus monkeys 

(6,485 genes from the NCBI RefSeq gene annotation). The 96,627 regions with local-sequence-

dependent H3K4me3 changes, on the other hand, were considerably farther from TSSs, indicating 

that epigenomic marks on distal regulatory sequences of genes may be prone to be subject to 

sequence changes (Figure S1.10). The distributions of distance to transcription end sites (TESs) of 

genes hardly exhibited any differences, as both types of regions were located 5kb to 50kb away 

from the TESs. 
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1.4.2 Epigenome altering transposons possess specific motifs 

We identified associations of transposon insertions to both gains and losses of H3K4me3 

peaks. While H3K4me3 losses were associated with a variety of transposon families, the ERV1 

family of transposons were enriched in H3K4me3 gains. The latter might be a result of species-

specific recruitment of transcription factors. In line with this idea, ERV1 was the most notable 

transposon family involved in species-specific binding of pluripotency regulators OCT4 and 

NANOG in embryonic stem cells (Kunarso et al. 2010). Our de novo motif search revealed a total 

of 31 DNA motifs that were enriched in ERV1 transposons as compared to other LTRs (Homer p-

value < 10-40), where the most significant motifs resembled the binding motifs of NFYB (a.k.a. 

CCAAT box, Homer p-value < 10-94), HOXC13 (p-value < 10-90), BARX1 (p-value < 10-89), and 

LIN28A (p-value < 10-84). According to gene expression data of 37 human tissues from Genotype-

Tissue Expression (GTEx) (Consortium et al. 2017) and Human BodyMap 2.0 that were 

normalized and visualized by Genecards (www.genecards.org), Nfyb was expressed in nearly all 

human tissues, whereas Hoxc13, Barx1, and Lin28a were all most strongly expressed in testis. 

Lin28a exhibited 10 times greater expression in testis than in any other analyzed human tissues. 

The CCAAT box is capable of recruiting ASH2L, a component of the MLL histone 

methyltransferase complex responsible for H3K4 methylation (Fossati et al. 2011). These results 

suggested a model for ERV1 mediated induction of species-specific H3K4me3 in spermatids. 

ERV1 harbored binding motifs of testis-expressed transcription factors as well as the CCAAT box. 

Species-specific ERV1 sequences recruited testis-induced HOXC13, BARX1, LIN28A that 

helped to recruit NFYB and the MLL complex, which in turn established species-specific 

H3K4me3 peaks (Figure 1.4F). Finally, the human-specific and macaque-specific insertions of 

two copies of ERV1 appeared to have induced H3K4me3 in respective insertion regions, near the 
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Slc30a8 promoter in both species (Figure 1.4E), providing a potential example of convergent 

evolution mediated by species-specific transposon insertions. 

We also directly compared the motif enrichment between local-sequence-dependent 

regions and local-sequence-independent regions. The analysis didn’t reveal any motif with 

enrichment higher than 6% in regions depending on local sequence variations, and there was no 

clear evidence showing that any motifs were uniquely processed by these regions. 

1.4.3 Epigenome-to-genome dependency between human and mouse 

In the comparison between human and rhesus H3K4me3-marked regions, we classified 

human-rhesus homologous region pairs to different models and separated the effects of 

substitutions and indels within each region pair. We repeated the analyses between human and 

mouse, which were more evolutionary distant. We applied the four models to a total of 79,865 

human-mouse homologous region pairs with H3K4me3 signals, using public ChIP-Seq datasets 

from human and mouse round spermatids (GSE68507). 82% region pairs were classified to Model 

B, I and M, exhibiting local-sequence-dependent H3K4me3 variations. Most of the region pairs 

(72%) were classified to Model B, where H3K4me3 variations depended on both local sequence 

substitutions and indels. The rest 18% region pairs were classified to Model N, where H3K4me3 

variations were independent of local sequence changes (Panel A in Figure S1.11).  

Given the farther evolutionary distance between human and mouse, the human-mouse 

region pairs contained more sequence substitutions compared with the human-rhesus region pairs. 

Therefore, unlike the human-rhesus region pairs among which the majority showed |𝑟=t` | close to 

0, the human-mouse region pairs exhibited greater variations of |𝑟=t` |, and H3K4me3 variations 

in most of the homologous region pairs were associated with both substitutions and indels. 

Nonetheless, similar to that between human and rhesus, we still observed a group of regions in 
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which |𝑟u?v | were much larger than |𝑟=t` |, meaning that H3K4me3 variations within these regions 

could be majorly attributed to insertions (Panel B in Figure S1.11).  

We asked if transposon insertions were also partially responsible for the H3K4me3 

variations between human and mouse. Among the top 10% homologous pairs showing the largest 

extent of insertion-dependent H3K4me3 changes (5,784 regions, 𝑟u?v > 0.03), 217 contained 

transposon-induced peaks, and 678 homologous pairs contained transposon-disrupted peaks. 

Consistent with the human-rhesus comparison, the L1 family was the most enriched transposon 

family in transposon-disrupted peaks with an odds ratio of 3.67 (p-value of chi-square test = 

1.3´10-8) (Figure S1.12). Two examples in case were shown in Panels C and D in Figure S1.11, 

in which L1 insertions occurred in mouse and human along with H3K4me3 losses. On the other 

hand, the ERV1 family exhibited a weaker association with transposon-induced peaks in human 

and mouse (odds ratio = 1.68, p-value of chi-square test = 0.058) compared with that in human 

and rhesus. We postulated that this was due to different rates of ERV1 enrichment in human and 

mouse. Indeed, the ERV1 insertion accounted for 62% transposon-induced peaks in human, 

whereas only 6.9% in mouse. Another family of the LTR class, ERVK, appeared to be the most 

abundant transposon family in transposon-induced peaks in mouse, and were found in 55% of the 

mouse transposon-induced peaks. Interestingly, this was in line with previous transcription factor 

ChIP-Seq analyses in mouse embryonic stem cells, which revealed that a number of mouse-

specific ERVK subfamilies were strongly enriched for multiple TF-binding sites, and might 

function as cis-regulatory elements (Sundaram et al. 2017).  

1.4.4 Locality and causality of epigenome-to-genome dependency 

Our models N, I, M and B were designed to evaluate the dependency of the epigenome on 

the local genomic sequences. If regions showed higher likelihood value in the dependent 
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components of the models, some local effects of sequence evolution upon the epigenetic marker 

might be inferred, as was shown by the examples in the transposon-related analysis result. It was 

known that the evolution of sequence itself was affected by multiple factors, such as sequence 

contexts, transposon insertions and chromatin structures (Higasa and Hayashi 2006; Prendergast 

et al. 2007; Washietl et al. 2008; Sasaki et al. 2009). Additionally, sequences changes might also 

affect the nucleosome positioning, which in-turn influenced the locations of epigenomic marks 

(Bernstein et al. 2004). Therefore, while some regions showed high dependence on local sequence 

changes, the underlying biological mechanism for said dependence could be different. However, 

regardless of the detailed mechanisms of sequence evolution at different locations, their 

downstream effects, i.e. the sequence change and related epigenomic dependency, would still be 

captured in our models.  

On the other hand, epigenomic variations might also be affected by multiple other sources. 

Potential mechanisms included trans-acting effects from sequences far from the orthologous 

regions, such as RNA-DNA interactions (Wang et al. 2011), possible inheritance of epigenetic 

states, and other potential factors. The relevant studies, however, were limited to certain molecules 

and genomic regions. It was unclear if the mechanism was applicable throughout the genome, and 

genome-wide data of multiple species were lacking for the purpose of evolutionary studies. 

Therefore, although the potential effects of these factors were included in the independent-part of 

our models, it was unlikely to distinguish their contribution due to the lack of prior knowledge and 

genome-wide data.  

Given the modular structure of the framework, the models could be further expanded to 

incorporate the potential mechanisms in the future when they are better understood. Further 

distinguishing the underlying mechanism for the epigenome-to-genome dependency and 
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quantitatively describing their relative contributions would be worthwhile efforts in future 

evolutionary model development. 

1.4.5 Rationale for model assumptions, limitations and potential extensions 

We chose to initiate the genome-epigenome joint evolutionary models from base-to-base 

independence models. This choice was a result from reviewing the history of DNA evolution 

models. It is now generally accepted that the substitution rate on each DNA base depends on its 

sequence context, such as inside or outside of codons or transcription factor binding sites. However, 

DNA evolution models started from modeling each base independently (Jukes et al. 1969; Kimura 

1980; Felsenstein 1981). Such seemingly “incorrectness” does not dwarf the paramount 

importance of the classic models in the history of evolutionary biology. Independence models 

transformed comparative studies into quantitative analyses, which enabled accumulation of 

empirical knowledge and eventually fostered development of sequence-context dependent models. 

Learned from history, although we have also derived sequence-context dependent models on paper, 

we chose to implement, test, apply, and present the independence model. Our main concern of 

sequence-context dependent models is the lack of sufficient empirical knowledge at this point of 

time (Charlesworth and Jain 2014; Burggren 2016; Yi 2017). Implementing dependent models 

would utilize immature sequence-context assumptions, which without repeated empirical tests and 

consensus of the field could turn out to be misleading. The initial models presented here, hopefully 

would equip epigenome comparison with quantitation and thus enable accumulation of empirical 

knowledge. 

Moreover, although these evolution models were independent models, we used widely-

accepted procedures during data preprocessing, such as peak-calling for histone-modification-

related data sets. Those specific procedures took the dependence among neighboring bases into 
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account. Therefore, when we applied the models, our sample space did not contain any data points 

contradictory to actual observations (for example, histone modifications that only happened at one 

or a few intermittent bases or had a pattern not matching any possible nucleosome configuration), 

as those cases would be excluded by the data preprocessing pipeline. With this constraint, the 

mathematical approximation of epigenetic modifications in the models, which distributed 

epigenetic signals to individual nucleotides, would have little effect. 

In our models, two types of sequence changes, substitutions and indels, were explicitly 

considered in the hypotheses. More complex structural variations in the genome, such as inversions, 

translocations, while not explicitly described in the models, could still be tackled via a multi-step 

approach: using contemporary comparative genome analysis tools to obtain corresponding 

syntenies across species first, then applying our models to regions with epigenomic modifications 

within those syntenies. On the other hand, the dependence between nucleotides could be modeled 

in future improvements by refining the DNA evolutionary model. Such improvements would 

provide a more direct approach to modeling epigenome-genome pairs with more complex 

variations. 

As an initial attempt in modeling epigenomic evolution, nucleosome positioning was not 

included in our models due to limited availability of nucleosome occupancy datasets, especially 

the scarcity of comparable nucleosome occupancy data across species (Yue et al. 2014; Kundaje 

et al. 2015; Stunnenberg et al. 2016; Dekker et al. 2017). In order to incorporate nucleosomes in 

future expansions, more relevant comparative studies and empirical knowledge are also required 

so that nucleosome occupancies can be mathematically linked among multiple species, especially 

in vertebrates. 
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The current model is limited to two-species comparison. Consequently, genomic and 

epigenomic gains and losses were not distinguishable between the two species due to the lack of 

outgroups. Therefore, the extension of the framework to enable multi-species comparison would 

be a promising goal worth further effort. This improvement may demand the explicit expression 

of a joint probability of multispecies (>=3) DNA sequences and epigenomic modifications, as well 

as an algorithm for the optimization of the joint probability. The data processing procedure would 

also need to be expanded for the identification of proper homologous regions shared by multiple 

species. With outgroups included, sequence mutations may be assigned to specific lineages, and 

their contribution to the epigenomic variations can be further studied. 

Except for the conditional independence assumption, other assumptions in our modeling 

work were either investigated by prior DNA evolution literature or widely used in analyses of 

ChIP-Seq data, that is, each ChIP-Seq peak could be assigned to a beginning and an ending position 

and DNA inside the beginning and ending positions were considered associated with the histone 

modification. We foresee two future improvements to further reduce model assumptions. First, in 

this work we have only considered binary states of histone modifications. To remove this 

assumption, 𝑎3,DE  and 𝑏3,DE  can be allowed to take any finite discrete numbers, in which case the 

form of Equation (4) does not change and hence the forms of the rest of the models do not change. 

Second, the conditional independence assumption can be removed. To model the dependent 

changes of two histone modifications, for example H3K4me2 and H3K4me3, the two 

modifications can be coded with the same index (ℎ) and let 𝑎3,DE 	and	𝑏3,DE  to take the following 

form: 

𝑎3,DE , 𝑏3,DE = }

0	,
1	,
2	,
3	,

								

H3K4me2 = 0, H3K4me3 = 0
H3K4me2 = 1, H3K4me3 = 0
H3K4me2 = 0, H3K4me3 = 1
H3K4me2 = 1, H3K4me3 = 1

(4). 
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In parallel to the plethora of evidence on DNA-dependent installation and removal of 

histone modifications, a smaller but increasing amount of data suggest trans-generation DNA-

independent inheritance of histone modifications (Klosin et al. 2017; Zenk et al. 2017). It remains 

unclear how many generations could DNA-independent epigenetic inheritance endure, or more 

importantly whether it is preserved in evolutionary timescale. By initiating probabilistic models of 

epigenome-genome evolution, this work begins to offer a quantitative framework to test different 

hypotheses related to epigenomic evolutionary changes. With the expansion of knowledge, more 

relevant hypotheses can be incorporated into the framework, which may enable the comparison of 

the contribution of cis-effects, trans-effects and transgenerational inheritance, and hence help to 

address the questions above. Future developments of epigenome-genome evolution models may 

also begin to address questions including whether any evolutionary selection acts on the 

epigenome independently of the genome, and whether any selection forces were received jointly 

by genome and epigenome. Therefore, we anticipate integrated analyses of genome-epigenome 

data to expand the domain of evolutionary biology, and the development and deployment of 

epigenome-genome evolution models to be essential for this expansion. 

1.5 Materials and Methods 

1.5.1 Modeling dependencies of epigenomic changes on sequence mutations  

Model N. Model N assumes that epigenomic changes are independent of both substitutions 

and indels (Model N, Fig 2). We model evolutionary process of epigenomic changes as a Poisson 

process, in which the transition probability in time 𝑡 is:  

𝑔_�,�� ,��,�
� (𝑡) = �

𝑒���` + 𝜋��,��
3 �1 − 𝑒���`� ,		 𝑎3,DE = 𝑏3,DE

𝜋��,��
3 �1 − 𝑒���`� ,  𝑎3,DE ≠ 𝑏3,DE

(5), 
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where 𝑎3,DE  and 𝑏3,DE  are binary states of the ℎth histone modification on the 𝑘th position of 

an alignment, and 𝜋��,��
3  is the equilibrium probability of having the ℎth histone modification on the 

𝑘th position, namely 𝜋63 = 𝑃b𝑏3,DE = 1c and 𝜋23 = 𝑃b𝑏3,DE = 0c. This probabilistic form is similar 

to the substitution model of DNA evolution (Felsenstein 1981). On a position without indel (𝑎2,DE ≠

" − "	and	𝑏2,DE ≠ " − "), we have: 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = 𝑔_�,�� ,��,�
� (𝑡) (6), 

and 
𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = 𝜋_�,��

3 × 𝑔_�,�� ,_�,�
� (0) = 𝜋_�,��

3 (7). 

In order to model epigenomic changes on insertions and deletions, we introduce four 

parameters 𝜑923 , 𝜑963  and 𝜑;23 , 𝜑;63  to represent local equilibrium probabilities of epigenomic 

states 0 and 1 in genomic regions 𝐴 and 𝐵, respectively (𝜑923 = 1 − 𝜑963  and 𝜑;23 = 1 − 𝜑;23 ). 

Unlike global equilibrium probabilities 𝜋23  and 𝜋63 , which are estimated from all homologous 

regions in the entire genomes, local equilibrium probabilities are estimated from each genomic 

region. On an insertion in the descendent sequence (𝑎2,DE = " − "	and 𝑏2,DE ≠ " − "), the transition 

probability is modeled as a mixture of the two transitions: 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = 𝜑923 𝑔2,��,�� (𝑡) + 𝜑96
3 𝑔6,��,�� (𝑡) (8), 

where 𝑔
2,��,�
′ (𝑡)  is the transition probability from the state 0  to the observed state 𝑏3,D

′ , and 

𝑔
6,��,�
′ (𝑡) is the transition probability from the state 1 to the observed state 𝑏3,D

′ . Because there is 

no place for histone mark on the 𝑘th position in the ancestral sequence (𝑎3,DE  is not observed), we 

denote:  

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = 1 (9). 
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On a deletion in the descendent sequence (𝑎2,DE ≠ " − "	and	𝑏2,DE = " − "), based on the 

reversibility of the evolutionary process we model the transition as a mixture of two transitions:   

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = 𝜑;23 𝑔2,_�,�� (𝑡) + 𝜑;63 𝑔6,_�,�� (𝑡) (10). 

For the completeness of the model, we denote: 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = 1 (11). 

Taken together, 𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c and 𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c are given by: 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = }

𝑔_�,�� ,��,�
� (𝑡)	, 𝑎2,DE , 𝑏2,DE ≠ " − "

𝜑923 𝑔2,��,�� (𝑡) + 𝜑963 𝑔6,��,�� (𝑡)	, 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "
1	, 𝑎2,DE ≠ " − "		𝑎𝑛𝑑	𝑏2,DE = " − "

(12), 

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c =

⎩
⎨

⎧ 𝜋_�,��
3 	, 𝑎2,DE , 𝑏2,DE ≠ " − "

𝜑;23 𝑔2,_�,�� (𝑡) + 𝜑;63 𝑔6,_�,�� (𝑡)	, 𝑎2,DE ≠ " − "		𝑎𝑛𝑑	𝑏2,DE = " − "
1	, 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "

(13). 

At this point, all the terms in the LCZ model have been specified. Equations (11) and (12) 

specify Model N, where epigenomic changes are independent of sequence changes.  

Model M. In this model, epigenomic changes are dependent of sequence substitutions but 

independent of indels (Model M, Fig 2). On a matched (no substitution) base at the 𝑘th position in 

the alignment, namely 𝑎2,DE = 𝑏2,DE , the epigenomic change is modeled with the Poisson process 

𝑔_�,�� ,��,�
� (𝑡) (Equation (4)), whereas on a position with substitution (𝑎2,DE ≠ 𝑏2,DE and 𝑎2,DE , 𝑏2,DE ≠

" − "), the descendent epigenomic state is modeled by global equilibrium probabilities,  

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = 𝜋��,��
3 (14). 

On indels, the epigenomic changes is modeled with the same approach as in Model N. 

Taken together, Model M is specified as:  
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𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c =

⎩
⎪
⎨

⎪
⎧

𝑔_�,�� ,��,�
� (𝑡), 𝑎2,DE = 	𝑏2,DE

𝜋��,��
3 	, 𝑎2,DE ≠ 	𝑏2,DE 	𝑎𝑛𝑑	𝑎2,DE , 𝑏2,DE ≠ " − "

𝜑923 𝑔2,��,�� (𝑡) + 𝜑963 𝑔6,��,�� (𝑡)	, 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "
1	, 𝑎2,DE ≠ " − "		𝑎𝑛𝑑	𝑏2,DE = " − "

(15), 

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c =

⎩
⎨

⎧ 𝜋_�,��
3 	, 𝑎2,DE , 𝑏2,DE ≠ " − "

𝜑;23 𝑔2,_�,�� (𝑡) + 𝜑;63 𝑔6,_�,�� (𝑡)	, 𝑎2,DE ≠ " − "		𝑎𝑛𝑑	𝑏2,DE = " − "
1	, 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "

(16). 

Model I. In this model, epigenomic changes depend only on sequence indels but not on 

substitutions (Model I, Figure 1.2). On a position that is not indel (𝑎2,DE ≠ " − "	and	𝑏2,DE ≠ " − "), 

we use the same Poisson process (Equation (4)) as that in Model N to model the epigenomic 

changes.  

On an insertion in the descendent sequence (𝑎2,DE = " − "	and 𝑏2,DE ≠ " − "), the transition 

probability becomes invariant of 𝑡:  

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = 𝜋��,��
3 (17), 

and since 𝑎3,DE  is not observed, we denote: 

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = 1 (18). 

Similarly, on a deletion in the descendent sequence (𝑎2,DE ≠ " − "	and	𝑏2,DE = " − "), we 

have:  

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = 𝜋_�,��
3 (19), 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = 1 (20). 

Altogether, 𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c and 𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c are given by: 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = }

𝑔_�,�� ,��,�
� (𝑡)	, 𝑎2,DE , 𝑏2,DE ≠ " − "

𝜋��,��
3 	, 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "

1		, 𝑎2,DE ≠ " − "		𝑎𝑛𝑑	𝑏2,DE = " − "

(21), 

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = �
𝜋_�,��
3 	, 𝑎2,DE ≠ " − "

1	, 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "
(22). 
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Model B. Model B assumes that epigenomic changes depend on both sequence 

substitutions and indels (Model B, Fig 2). Similar to Model M, the epigenomic change is modeled 

with the Poisson process 𝑔_�,�� ,��,�
� (𝑡) on a matched base (𝑎2,DE = 𝑏2,DE ), whereas on a position with 

substitution (𝑎2,DE ≠ 𝑏2,DE  and 𝑎2,DE , 𝑏2,DE ≠ " − "), the descendent epigenomic state is modeled by 

the equilibrium probabilities. On indels (𝑎2,DE = " − "	or	𝑏2,DE = " − "), the epigenomic state is 

modeled using the equilibrium probability following Equations (16) – (19). 

𝑃b𝑏3,DE |𝑎3,DE , 𝑎2,DE , 𝑏2,DE c = }

𝑔_�,�� ,��,�
� (𝑡), 𝑎2,DE = 𝑏2,DE

𝜋��,��
3 𝑎2,DE ≠ 𝑏2,DE 	𝑎𝑛𝑑	𝑏2,DE ≠ " − "

1	, 𝑎2,DE ≠ " − "		𝑎𝑛𝑑	𝑏2,DE = " − "

(23), 

𝑃b𝑎3,DE d𝑎2,DE , 𝑏2,DE c = �
𝜋_�,��
3 , 𝑎2,DE ≠ " − "

1 𝑎2,DE = " − "		𝑎𝑛𝑑	𝑏2,DE ≠ " − "
(24). 

1.5.2 A unified evolutionary model incorporating all four hypotheses 

We express the probability of two homologous genomic regions as a mixture of the four 

models, thus obtained a general probabilistic model that do not depend on any of the specific 

hypothesis as follows:   

𝑃(𝐴, 𝐵) = 𝑃(𝐴, 𝐵|𝑀)𝑃(𝑀) + 𝑃(𝐴, 𝐵|𝑁)𝑃(𝑁) + 𝑃(𝐴, 𝐵|𝐼)𝑃(𝐼) + 𝑃(𝐴, 𝐵|𝐵)𝑃(𝐵) (25), 

where 𝑃(𝐴, 𝐵|𝑀), 𝑃(𝐴, 𝐵|𝑁), 𝑃(𝐴, 𝐵|𝐼), and 𝑃(𝐴, 𝐵|𝐵) are the four probability density functions 

for Models M, N, I, and B, respectively.  

1.5.3 Dynamic programming algorithms 

Model I and Model B 

The dynamic programming algorithm was built on top of the parameter estimation 

algorithm for the TKF model (Thorne et al. 1991). We implemented a simplification of the 

procedure (Heinz et al. 2010), which has been shown to vastly reduce the runtime of the algorithm. 
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In the algorithm, the computation of the probabilities of sequence changes was adopted from the 

TKF model. The computation of the probabilities of epigenomic modifications was integrated into 

the recursive procedure by including (1) the products of equilibrium probabilities of epigenomic 

modification states, namely ∏ 𝜋��,�	
37

3W6 ; (2) the changes of epigenomic modification states on 

matches and mismatches, namely ∏ 𝐺b𝑎3,=, 𝑏3,?, 𝑎2,=, 𝑏2,?c7
3W6 . 

Since 𝑃(𝐴, 𝐵) = 𝑃(𝐴)𝑃(𝐵|𝐴), and 𝑃(𝐴) can be directly computed, only the computation 

of 𝑃	(𝐵|𝐴)  requires dynamic programming. Denote the (𝑠9 + 1) × (𝑠; + 1)  matrix in the 

dynamic programming algorithm by 𝐿, 𝐿 was computed following rules listed below. 

Boundary conditions 

𝐿2,2 = 𝑝6EE(𝑡) (26) 

𝐿=,2 = 	𝑝6EE(𝑡)	𝑝2E (𝑡)= (27) 

𝐿2,? = 𝑝?�6EE (𝑡)a 𝜋�¡,�a𝜋��,�	
3

7

3W6

¢
?

uW6

(28) 

Recursive procedure 

										𝐿=,? = 𝑝2E (𝑡)𝐿=�6,? + 𝜆𝛽𝜋�¡,¤  a𝜋��,¤
3

7

3W6

¢ 𝐿=,?�6

+ ¥𝑓_¡,§,�¡,¤(𝑡)𝑝6(𝑡)a𝐺b𝑎3,=, 𝑏3,?, 𝑎2,=, 𝑏2,?c
7

3W6

+ b𝑝6E (𝑡)

− 𝜆𝛽𝑝2E (𝑡)c𝜋�¡,¤a𝜋��,¤
3

7

3W6

¨ 𝐿=�6,?�6																																																																								(29) 
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All of the functions 𝑝, 𝑝E, 𝑝EE were given by the TKF model (Thorne et al. 1991). For Model 

I, the term 𝐺b𝑎3,=, 𝑏3,?, 𝑎2,=, 𝑏2,?c was 𝑔_�,§,��,¤(𝑡). For Model B, the term was the same as for 

Model I on matched bases, while it became 𝜋��,¤
3  on mismatches. 

Model N and Model M 

The dynamic programming algorithm was implemented using a similar idea as for Model 

I and B, except that the computation of 𝑃(𝐴3) became part of the recursive procedure, and the 

function 𝐺 changed. Given equations (13) and (14) in the main text: 

𝛷;b𝑎3,DE c = 𝜑;23 𝑔2,_�,�� (𝑡) + 𝜑;63 𝑔6,_�,�� (𝑡) 

𝛷9b𝑏3,DE c = 𝜑923 𝑔2,��,�� (𝑡) + 𝜑96
3 𝑔6,��,�� (𝑡) 

The matrix 𝐿 was computed following rules listed below. 

Boundary conditions 

𝐿2,2 = 𝑝6EE(𝑡) (30) 

𝐿=,2 = 	𝑝6EE(𝑡)	𝑝2E (𝑡)=a𝛷;b𝑎3,2c	
7

3W6

(31) 

𝐿2,? = 𝑝?�6EE (𝑡)a 𝜋�¡,�a𝛷9b𝑏3,2c
7

3W6

¢		
?

uW6

(32) 
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Recursive procedure 

					𝐿=,? = 𝑝2E (𝑡)  a𝛷;b𝑎3,=c
7

3W6

¢ 𝐿=�6,? + 𝜆𝛽𝜋�¡,¤  a𝛷9b𝑏3,?c
7

3W6

¢ 𝐿=,?�6

+ ¥𝑓_¡,§,�¡,¤(𝑡)𝑝6(𝑡)a𝜋_�,§	
3 𝑔_�,§,��,¤(𝑡)	

7

3W6

+ b𝑝6E (𝑡) − 𝜆𝛽𝑝2E (𝑡)c𝜋�¡,¤a𝛷9b𝑏3,?c𝛷;b𝑎3,=c
7

3W6

¨ 𝐿=�6,?�6																													(33) 

The term 𝐺b𝑎3,=, 𝑏3,?, 𝑎2,=, 𝑏2,?c was 𝑔_�,§,��,¤(𝑡) for Model N (same as Model I). The 

term for Model M was the same as for Model N on matched bases, while it became 𝜋��,¤
3  on 

mismatches (same as Model B). 

1.5.4 Maximum likelihood estimates 

The MLE of 𝜋 and 𝜑 are calculated by frequency estimates. Due to the relationship 𝜆 =

ª×(«¬�«)
«¬�«�®

 (Thorne et al. 1991), the MLE of 𝜆 is determined as long as the MLE of 𝜇 is determined. 

Evolutionary time 𝑡 is set to 1. The remaining parameters 𝜇, 𝑠, and κ, collectively denoted as 𝜃, 

are obtained by minimizing the negative log-likelihood function, 

𝑙(𝜃|𝐴, 𝐵) = −ln 𝑝(𝐴, 𝐵|𝜃) (34). 

We used simplex downhill algorithm for this optimization. In each iteration, a number of 

new parameter sets 𝜃gf° were generated. The algorithm iteratively evaluated each 𝑙(𝜃gf°|𝐴, 𝐵) 

and compared it with 𝑙(𝜃±e²|𝐴, 𝐵) to select the best one, until the minimum was achieved. We 

developed a dynamic program algorithm to evaluate 𝑙(𝜃|𝐴, 𝐵) for each model.   
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1.5.5 EM algorithm 

We proposed an EM algorithm for the maximization of equation (25). The algorithm 

iteratively updates the prior probability of the four models 𝑃(𝑁), 𝑃(𝐼), 𝑃(𝑀), 𝑃(𝐵), as well as the 

model parameters 𝜇, 𝑠, and κ, collectively denoted as 𝜃. Let 𝑁 denote the number of region pairs. 

Let 𝛼Y denote the prior probability of the model 𝐾, where 𝐾 = {𝑁, 𝐼,𝑀, 𝐵}. The algorithm starts 

from some initial guesses 𝛼µ¶ and 𝜃· and iterates the following steps until convergence: 

E-step: update the prior probabilities: 

𝛾µ¹¶ =
𝛼º𝛫	𝑃𝐾 �𝐴

(𝑖), 𝐵(𝑖)½𝜃¾�

∑ 𝛼º𝛫	𝑃𝐾 �𝐴
(𝑖), 𝐵(𝑖)½𝜃¾�Y

(35) 

𝛼µYnew =
∑ 𝛾µ¹¶Á
uW6
𝑁

(36) 

 
Μ-step: update the model parameters and prior probabilities by maximizing the log-

likelihood function with the prior probabilities 𝛼µ¶: 

𝜃·new = argmax
Ä

]ln �]𝛼º𝛫	𝑃𝐾 �𝐴
(𝑖), 𝐵(𝑖)|𝜃¾�

Y

Å
Á

uW6

(37) 

1.5.6 Generating simulation datasets 

In the simulation test, we used only one histone modification. The equilibrium probabilities 

were set to 𝜋Æ = 𝜋Ç = 𝜋È = 𝜋É = 0.25, 𝜋2 = 0.9, 𝜋6 = 0.1. The simulation data contains 100 

500-base-long sequence pairs unless otherwise specified. 

Model I and Model B 

The simulation data was generated based on the corresponding hypotheses of models. The 

ancestor was first generated by drawing bases and histone modification states randomly based on 
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the equilibrium probabilities. The alignment path was then generated based on the TKF model. On 

insertions, the bases and epigenomic modification states were drawn based on the equilibrium 

probabilities. On matches, the bases and histone modification states were determined based on the 

substitution probabilities. On mismatches, the bases and histone modification states were also 

determined based on the substitution probabilities for Model I, while they were drawn based on 

the equilibrium probabilities for Model B. 

Model N and Model M 

For each region pair, the ancestral sequence was first generated by drawing bases randomly 

based on the equilibrium probabilities. Local equilibrium probabilities 𝜑23, 𝜑63 were drawn from a 

beta distribution 𝐵	(1.5, 6.Ê(6�ËÌ)
ËÌ

) and assigned to the ancestral region. After that, the path was 

determined based on the TKF model. On insertions, the descendent nucleotides were drawn based 

on the equilibrium probabilities, and the histone modification states were drawn based on the local 

equilibrium probabilities. On matches, the bases and histone modification states were determined 

based on the substitution probabilities. On mismatches, the bases and histone modification states 

were also determined based on the substitution probabilities for Model N, while they were drawn 

based on the equilibrium probabilities for Model M. 

1.5.7 ChIP-Seq data analyses 

ChIP-Seq data pre-processing 

ChIP-Seq datasets were mapped to human genome assembly hg38, rhesus macaque 

genome assembly rheMac8 and mouse genome assembly mm10 using bowtie2 with default 

settings. Duplicated reads and reads with MAPQ<6 were then removed from the data. Peaks were 

identified using MACS2 with the “broadpeak” option (Zhang et al. 2008).  
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Generating candidate regions for parameter estimation 

Peak regions identified in rhesus and mouse RS H3K4me3 ChIP-Seq data were first 

remapped to human genome using liftOver with minMatch=0.5 (Kuhn et al. 2006). For each pair 

of species (human vs. rhesus and human vs. mouse), three files were merged: (1) The DNase I 

hypersensitivity peak clusters derived from 95 human cell lines; (2) H4K3me3 peaks identified in 

the human RS H3K4me3 ChIP-Seq data; (3) remapped H3K4me3 peaks identified in the rhesus 

or mouse RS H3K4me3 ChIP-Seq data.  

Human-rhesus merged regions were trimmed to no longer than 500bp, and remapped to 

rhesus macaque genome using liftOver with minMatch=0.5 to find their homologous regions. The 

H3K4me3 ChIP-Seq data was distributed to these region pairs based on the identified peak regions. 

8,000 regions were randomly sampled for parameter estimation. The four models were fitted 

separately using the MLE algorithm. Human-mouse homologous regions were identified by 

remapping merged regions to mouse genome directly using the liftOver chain file with single gaps 

up to 10bp. 10,000 region pairs were randomly sampled for parameter estimation. The models 

were fitted using the EM algorithm. 

For region classification, only human and rhesus H3K4me3 peaks were merged. The 

merged regions were trimmed to no longer than 2,000bp, and remapped to rhesus genome using 

liftOver with minMatch=0.1. Remapped regions with less than 90% realigned successfully were 

extended to the length of the original ones. The H3K4me3 ChIP-Seq data was then distributed to 

these region pairs based on the identified peak regions. 

Homologous region classification 

For model comparison and homologous region classification, regions with H3K4me3 in 

either species were merged, trimmed, and remapped to the other species to find their homologous 
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regions. For each homologous pair, four likelihoods were obtained using the four models. Each 

homologous pair was categorized to one model by the largest likelihood.  

Separating evolutionary impacts of sequence substitutions and indels  

We leveraged the four models to evaluate the relative impacts on interspecies epigenomic 

variations from substitutions and that from indels. By integrating out substitution’s impacts from 

the probabilistic models, we obtained the overall impacts of indels, and vice versa. We introduce 

the binary variable 𝑚𝑢𝑡  to indicate independence 𝑚𝑢𝑡 = 0  and dependence 𝑚𝑢𝑡 = 1  to 

substitutions, and binary variable 𝑖𝑛𝑑  to indicate independence of dependence to indels. The 

probability of observing a region pair given 𝑚𝑢𝑡 or 𝑖𝑛𝑑 can be expressed as a combination of 

likelihoods yielded by different models:  

𝑃(𝐴, 𝐵|𝑚𝑢𝑡 = 0) =] 𝑃(𝐴, 𝐵, 𝑖𝑛𝑑|𝑚𝑢𝑡 = 0)
u?v

=] 𝑃(𝐴, 𝐵|𝑖𝑛𝑑,𝑚𝑢𝑡 = 0)𝑃(𝑖𝑛𝑑)
u?v

(38) 

= 𝑎𝑃Á(𝐴, 𝐵) + (1 − 𝑎)𝑃Î(𝐴, 𝐵) (39) 

The coefficient 𝑎 was estimated using the frequency of regions within which epigenomic 

changes are independent to indels. Similarly, we also have  

𝑃(𝐴, 𝐵|𝑚𝑢𝑡 = 1) = 𝑎𝑃Ï(𝐴, 𝐵) + (1 − 𝑎)𝑃;(𝐴, 𝐵) (40) 

𝑃(𝐴, 𝐵|𝑖𝑛𝑑 = 0) = 𝑏𝑃Á(𝐴, 𝐵) + (1 − 𝑏)𝑃Ï(𝐴, 𝐵) (41) 

𝑃(𝐴, 𝐵|𝑖𝑛𝑑 = 1) = 𝑏𝑃Î(𝐴, 𝐵) + (1 − 𝑏)𝑃;(𝐴, 𝐵) (42) 

The coefficient 𝑏 was estimated using the frequency of regions within which epigenomic 

changes are independent to substitutions.  

We proposed two normalized likelihood ratios, 𝑟u?v and 𝑟=t` to assess the effect of indels 

and substitutions:   

𝑟u?v =
𝑙(𝑖𝑛𝑑 = 1) − 𝑙(𝑖𝑛𝑑 = 0)
|𝑙(𝑖𝑛𝑑 = 1) + 𝑙(𝑖𝑛𝑑 = 0)|

, 𝑟=t` =
𝑙(𝑚𝑢𝑡 = 1) − 𝑙(𝑚𝑢𝑡 = 0)
|𝑙(𝑚𝑢𝑡 = 1) + 𝑙(𝑚𝑢𝑡 = 0)|

(43) 
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where 𝑙(𝑖𝑛𝑑) = log 𝑃(𝐴, 𝐵|𝑖𝑛𝑑) , 𝑙(𝑚𝑢𝑡) = log 𝑃	(𝐴, 𝐵|𝑚𝑢𝑡). In equation (43), the likelihood 

differences were normalized to the absolute values of the sums of the likelihoods in order to 

eliminate the effects of various region lengths. 𝑟u?v  and 𝑟=t`  represented the dependency of 

epigenomic changes on indels and substitutions. The extent of independence increased as the ratios 

increased. 

An alternative normalization approach was also evaluated, where the likelihood differences 

were normalized to the region pair lengths, which was defined as the sum of both regions in a pair: 

𝑟u?v =
𝑙(𝑖𝑛𝑑 = 1) − 𝑙(𝑖𝑛𝑑 = 0)

𝑠9 + 𝑠;
, 𝑟=t` =

𝑙(𝑚𝑢𝑡 = 1) − 𝑙(𝑚𝑢𝑡 = 0)
𝑠9 + 𝑠;

(44) 

The two approaches were compared to assess if the results were sensitive to different 

normalization methods. 

Searching for species-specific transposon insertions 

We selected local-sequence-independent regions with the top 10%, 5% and 2% 𝑟u?v values 

and local-sequence-dependent regions with the top 10%, 5% and 2% |𝑟u?v| values for transposon 

analyses. We downloaded RepeatMasker files for corresponding genome references as transposon 

annotations. Transposons that could be remapped to the other species were removed to exclude the 

ones shared by the two species. For each region pair, transposons covered 50% of the region or 

with 50% covered by the region were kept. Transposons longer than 500bp within the two regions 

were compared, and the ones with identical family, class and name were removed to keep species-

specific transposon insertions. Regions with species-specific transposon insertions were kept and 

classified into three categories: conserved peak regions, transposon-induced peak regions and 

transposon-disrupted peak regions. Families and classes of species-specific transposon insertions 

were then summarized in each category. Here we designated gains and losses to reflect the 
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relationship between species-specific peak regions and insertions in the sequence. A species-

specific epigenomic peaks was designated as “epigenomic gain” if it overlapped with a transposon 

insertion in the same species, or “epigenomic loss” if the transposon insertion occurred in the other 

species. 

Odds ratios were used to measure the enrichment levels of different transposon families 

within transposon-induced and transposon-repressed peaks. For transposon-induced peaks, region 

pairs with transposon-involved peaks were selected as the union set. For each transposon family, 

a contingency table was built to reflect whether the particular type of transposon overlapped with 

a transposon-induced peak. For transposon-disrupted peaks, region pairs within which transposon 

insertions occurred at the opposite side of peaks were selected as the union set, and the contingency 

table was built based on whether the specific type of transposon insertion occurred together with 

a peak removal. Odds ratios were computed based on the contingency tables, and the significance 

levels were assessed using 95% confidence intervals and chi-square tests. 

Motif analysis 

Sequence motifs were identified within the LTR-ERV1 transposons found in the 

transposon-induced peaks with 𝑟u?v > 0.01  (target transposons). All LTR transposons in the 

ERV1 family longer than 500bp were used as background (background transposons). The De novo 

motif discovery was performed using Homer (Heinz et al. 2010) with default parameters.  
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1.6 Figures 

 

Figure 1.1 Data types and annotations. 

A pair of homologous sequences (𝐴2, 𝐵2) are aligned, where −, | (black) and | (red) are indels, 
matches and mismatches, respectively. Base locations on each original sequence are indexed by 
𝑚 and 𝑛 (indices on sequence). Base locations after sequence alignment are indexed by 𝑘 (indices 
on path). Peak regions of two histone modifications 𝐴6, 𝐵6, and 𝐴®, 𝐵® are shown as yellow and 
blue bands, respectively. A given histone modification on a given sequence, for example 𝐴6, is 
recorded by binary values on each base, with 1 being inside a peak and 0 being outside the peaks. 
Insert: notations and values of a specific position. On the 8th position of sequence 𝐴2, the base is 
A (𝑎2,=WÐ = A). This base becomes the 9th base after alignment (𝑎2,DWZE = A). This base is inside 
a peak of the first (yellow) histone modification (𝑎3W6,=WÐ = 1) but outside any blue peaks 
(𝑎3W®,=WÐ = 0). If we use the base index after sequence alignment (𝑘), that include indels, the 
above notations and values become 𝑎6,DWZE = 1 and 𝑎®,DWZE = 0. 
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Figure 1.2 Dependency structures reflecting different evolutionary hypotheses. 

(A) Interspecies changes of the ℎth histone modification (𝐴3 → 𝐵3 ) depend on local genomic 
sequence changes (𝐴2 → 𝐵2 ). (B) Interspecies epigenomic changes do not depend on local 
sequence changes. (C) A 2×2 table summarizing assumed dependencies to specific types of 
sequence changes in each model. Upper (bottom) row: models assuming independence 
(dependence) of sequence substitutions. Left (right) column: models assuming independence 
(dependence) of sequence indels. 
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Figure 1.3 Classifications of homologous genomic regions into four models. 
(A) Proportions of human-macaque homologous regions classified into each model. (B) 
Scatterplot of all homologous regions showing the degree of dependence to indels (𝑟u?v, x axis) 
versus the degree of dependence to substitutions ( 𝑟=t` , y axis). Actual data for selected 
homologous regions (red circles) are given in Fig 4E, S4 and S9 Figs. Insert: the numbers of 
homologous regions in each quadrant. 
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Figure 1.4 Classes of interspecies covariations of transposons and H3K4me3 peaks. 
(A) Three classes of covariations of transposon and H3K4me3 peaks. Shaded bands between two 
species indicate homologous sequences. Light green sequence: insertion of a transposon in Species 
1. (B-D) Transposon copy number of each transposon family in conserved peaks (B), transposon-
induced peaks (C) and transposon-disrupted peaks (D). (E) A homologous genomic region where 
interspecies variation of H3K4me3 peaks was associated with ERV1 insertions. Pink bands: a pair 
of homologous sequences in humans (upper panel) and macaque (lower panel), with a human-
specific insertion (ERV1:LTR12C) as well as a human-specific H3K4me3 peak. Orange bands: 
another pair of homologous sequences, with a macaque-specific copy of ERV1 (ERV1:LTR12) 
and macaque-specific H3K4me3 peaks. (F) A model for ERV1-induced H3K4me3 peaks. Species 
specific ERV1 sequence (light blue region in Species 2) harbors motifs for Nfyb, Barx1, Hoxc13 
and Lin28a, and induces testis-expressed proteins (orange) to help to recruit Nfyb and the MLL 
complex (purple). 
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1.7 Supplementary Information 

1.7.1 Supplementary figures 

 

Figure S1.1 Parameter deviation values and log likelihood values vs. iteration. 

(A) The logarithms of the ratios of estimated parameters (𝒔, 𝝁, 𝜿) to the true values (𝒔∗, 𝝁∗, 𝜿∗) vs. 
iteration number. All estimated parameters converged to the true values (logarithms of the ratio 
equaled to zero) over iterations. (B) The logarithms of the ratios of true likelihood values to 
calculated likelihood values vs. iteration number. This showed that all negative logarithms of 
calculated likelihood decreased monotonically over iterations to a value close to the true, meaning 
that the optimization algorithm was working as intended.   



 49 

 

Figure S1.2 Percent error of estimated parameters. 
Each panel shows the percent error of parameters for one specific model. In one panel, every 
column represents 10 simulation tests under one simulation condition (as shown in Table S1.1). 
The estimated parameter of which the percentage error is plotted is labeled below the column. The 
color of the column shows the true value of the estimated parameter. 

  



 50 

 

Figure S1.3 Comparison of negative logarithms of likelihood with different models upon 
datasets based on different hypotheses. 
Each column corresponds to a simulation dataset. Models corresponding to the hypotheses of the 
datasets showed highest logarithm of likelihood, showing that those models fit the corresponding 
datasets best. 
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Figure S1.4 An example of both types of sequence changes (substitution and indel) 
contributing to the independency of epigenetic variation. 
Within the regions shown in the figure, substitutions and indels both contributed to sequence 
changes between the two homologous sequences, whereas the H3K4me3 peak remained conserved. 
Neither substitution nor indel appeared to relate to interspecies variation of the peak. 

 

 

 

 

Figure S1.5 Scatterplot of all homologous regions showing the degree of dependence to 
indels (x-axis) versus the degree of dependence to substitutions (y-axis). 

The two metrics 𝒓𝒊𝒏𝒅  and 𝒓𝒎𝒖𝒕  were derived following equation (43), in which the likelihood 
differences were normalized by region pair lengths. 
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Figure S1.6 Counts of class and family of transposons among different types of peak 
regions with the largest 5% and 2% |rind|. 
The number of class and family of transposons among different types of peaks (up to bottom): 
conserved peaks; transposon-induced peaks; transposon-disrupted peaks. 
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Figure S1.7 Relative levels of enrichment of each transposon type within transposon-
induced and transposon-disrupted peaks between human and rhesus. 
Log odds ratio > 0 or < 0 corresponds to an increased or decreased level of enrichment. Error bars 
represent 95% confidence interval of log odds ratios. *: p-value of chi-square test < 0.05. **: p-
value of chi-square test < 0.01. ***: p-value of chi-square test < 0.001. 
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Figure S1.8 H3K4me3 ChIP-Seq intensities within the LINE-L1-disrupted H3K4me3 peaks 
with L1 insertions masked.  
(A) Demonstration of a L1-disrupted H3K4me3 peak. Shaded bands between two species indicate 
homologous sequences. Sequence with hatch pattern: insertion of a LINE-L1 transposon in Species 
1, which was excluded in the analyses. (B) Log fold changes of H3K4me3 ChIP-Seq read counts 
between egions without L1 insertions and their corresponding homologous regions. (C) Log 
H3K4me3 ChIP-Seq intensities within regions without L1 insertions (left column) and flanking 
regions of the L1 insertions (right column). 

 

 

Figure S1.9 Examples of epigenetic variations with sequence changes between human and 
rhesus. 
A pair of homologous regions exhibiting indel-associated H3K4me3 loss. The insertion of a LINE-
L1 transposon (a) in rhesus macaque between two ERVL-MaLR family repeats (b, c) is associated 
with the loss of an H3K4me3 peak.  
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Figure S1.10 Distance characteristics of regions classified into different models. 
Panels A, B, E and F show distributions of distance between the region pairs and transcription start 
sites (TSSs) of their nearest genes, while Panels C, D, G and H show distributions of distance 
between the region pairs and transcription end sites (TESs) of their nearest genes. Panels A, C, E 
and G represent the region pairs with local-sequence-independent H3K4me3 variations, while 
Panels B, D, F and H represent the region pairs with local-sequence-dependent H3K4me3 changes. 
Panels A through D depict the regions in human while Panels E through H depict the regions in 
rhesus monkey. 
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Figure S1.11 Classifications of human-mouse homologous genomic regions.  
(A) Proportions of human-mouse homologous regions classified into each model. (B) Scatterplot 
of all homologous regions showing the degree of dependence to indels (𝒓𝒊𝒏𝒅, x axis) versus the 
degree of dependence to substitutions (𝒓𝒎𝒖𝒕, y axis). Actual data for selected homologous regions 
(red circles) were given in panel (C) - (F). (C-D): Examples of regions with local-sequence-
dependent H3K4me3 changes, within which the insertions of LINE-L1 transposons are associated 
with H3K4me3 loss in mouse and human, respectively. (E-F): Examples of regions with local-
sequence-independent H3K4me3 variations. (E): The H3K4me3 variation is independent of both 
substitutions and indels. (F): The H3K4me3 variation is independent of large sequence insertions. 

  



 57 

 

Figure S1.12 Enrichment levels of each transposon type within transposon-induced and 
transposon-disrupted peaks between human and mouse. 
(A) Counts of different transposon families within different types of peak (B) Odds ratios between 
different transposon families and transposon-involved peaks. Log odds ratio > 0 or < 0 corresponds 
to an increased or decreased level of enrichment. Error bars represent 95% confidence interval of 
log odds ratios. *: p-value of chi-square test < 0.05. **: p-value of chi-square test < 0.01. ***: p-
value of chi-square test < 0.001. 

  



 58 

1.7.2 Supplementary tables 

Table S1.1 Parameters used for simulation. 
A total of 8 datasets (Simulation column) were simulated with corresponding parameters (Columns 
s, μ, and κ) under each model. Other parameters are given in Material and Methods.  

Simulation s μ κ 
1 0.01 0.1 0.05 
2 0.1 0.1 0.05 
3 1 0.1 0.05 
4 0.5 0.01 0.05 
5 0.5 0.1 0.05 
6 0.5 0.1 0.01 
7 0.5 0.1 0.1 
8 0.5 0.1 1 

 

Table S1.2 Evolutionary parameters estimated from sampled regions. 
Three randomly sampled subsets of all homologous region pairs were used to estimate parameters 
for all four models. Parameters remained close to each other among all subsets. 

 Sampled subset π1 s μ κ 

Model N 
#1 0.0694 0.0717 0.0478 0.7695 
#2 0.0675 0.0731 0.0457 0.7732 
#3 0.0667 0.0715 0.0502 0.7509 

      

Model I 
#1 0.0694 0.0733 0.0464 0.7498 
#2 0.0675 0.0745 0.0444 0.7374 
#3 0.0667 0.0731 0.0487 0.7500 

      

Model M 
#1 0.0694 0.0700 0.0491 0.7392 
#2 0.0675 0.0715 0.0469 0.7434 
#3 0.0667 0.0699 0.0515 0.7202 

      

Model B 
#1 0.0694 0.0731 0.0465 0.7501 
#2 0.0675 0.0743 0.0445 0.7356 
#3 0.0667 0.0729 0.0488 0.7494 
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Table S1.3 Parameters estimated using different MACS2 q-value cutoffs. 

MACS2 peak calling q-value cutoff π1 s μ κ 
0.1 (default) 0.067 0.0745 0.0444 0.737 

0.05 0.059 0.0745 0.0444 0.721 
0.01 0.05 0.0745 0.0444 0.656 

 
 

Table S1.4 Number of insertion-involved homologous region pairs selected with different 
rind percentage cutoffs. 

 
Percentage cutoff for |𝒓𝒊𝒏𝒅| 

2% 5% 10% 
Sequence-

dependent regions 829 2,070 4,140 

Sequence-
independent  1,819 4,546 9,092 
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CHAPTER 2 

 

EpiAlignment: alignment with both DNA sequence and 

epigenomic data 

2.1 Abstract  

Comparative epigenomics, which subjects both epigenome and genome to interspecies 

comparison, has become a powerful approach to reveal regulatory features of the genome. Thus 

elucidated regulatory features surpass the information derived from comparison of genomic 

sequences alone. Here, we present EpiAlignment, a web-based tool to align genomic regions with 

both DNA sequence and epigenomic data. EpiAlignment takes DNA sequence and epigenomic 

profiles derived by ChIP-Seq from two species as input data, and outputs the best semi-global 

alignments. These alignments are based on EpiAlignment scores, computed by a dynamic 

programming algorithm that accounts for both sequence alignment and epigenome similarity. For 

timely response, the EpiAlignment web server automatically initiates up to 140 computing threads 

depending on the size of user input data. For users’ convenience, we have pre-compiled the 

comparable human and mouse epigenome datasets in matched cell types and tissues from the 

Roadmap Epigenomics and ENCODE consortia. Users can either upload their own data or select 

pre-compiled datasets as inputs for EpiAlignment analyses. Results are presented in graphical and 

tabular formats where the entries can be interactively expanded to visualize additional features of 

these aligned regions. EpiAlignment is available at https://epialign.ucsd.edu/. 
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2.2 Introduction 

Epigenomic modifications contribute to the implementation of genomic functions in 

defining cell identity, coordinating organismal development (Bernstein et al. 2007; Maunakea et 

al. 2010), and regulating personal cognition and behavior (Renthal et al. 2007; Nestler 2009). A 

set of recent efforts have established the proof of principle that comparative analyses of 

interspecies epigenomes can lead to functional annotation of non-coding regulatory genomic 

sequences (Zhang and Meaney 2010; Yue et al. 2014). These regulatory sequences could not be 

discovered by sequence comparison alone, due to obscure sequence conservation that is likely a 

result of intricate interplays of negative and positive selections on nested sequence segments (Xiao 

et al. 2012; Cotney et al. 2013). Subsequent studies have clarified the evolutionary properties of 

primate (Zhou et al. 2014; Vermunt et al. 2016), vertebrate (Lesch et al. 2016) and teleost 

epigenomes (Tena et al. 2014), and have revealed co-evolution properties of the genomes and the 

epigenomes (Xiao et al. 2014; Lowdon et al. 2016; Ponting 2017; Venuto and Bourque 2018). 

Specialized probabilistic models (Lu et al. 2018) and computational tools (Cao and Zhong 2013; 

Cao et al. 2018) have been developed for comparative epigenomic analyses. The most recent 

efforts have expanded interspecies comparisons to incorporate the 3-dimensional organization of 

the genome (Dixon et al. 2012; Vietri Rudan et al. 2015; Yang et al. 2019). These efforts highlight 

how comparative epigenomics, an emerging field, leverages evolutionary patterns of epigenomes 

to functionally annotate genomes. The rapid growth of functional genomic data also provides 

ample resources for comparative studies. To date, major epigenome consortia including the 

RoadMap Epigenomics Project and the ENCODE Project have produced thousands of high-

throughput functional genomic datasets in more than 80 tissue types of several species. Given the 
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advances in analytical methods and the explosive growth of epigenomic data, a computational tool 

for the integrative comparison of the genome and the epigenome is in demand. 

Here we present the EpiAlignment web server, a pairwise alignment tool for both the 

genome and the epigenome. EpiAlignment aligns two genomic regions from two species based on 

their DNA sequences and epigenomic modifications. The web server provides a database of 

pairwise ChIP-Seq datasets for users’ convenience, which contains peak files of 56 human and 70 

mouse ChIP-Seq experiments from 15 matched tissue types and cell lines. Users can either upload 

their own data or select pre-compiled datasets as inputs for EpiAlignment analyses. 

EpiAlignment supports two alignment modes: the one-vs-one mode (default) and the 

many-vs-many mode, corresponding to two types of analyses. In the one-vs-one mode, the user-

defined genomic region from one species (query region) is aligned to the user-defined genomic 

region in the other species (target region) to identify a continuous subset of the target region with 

the best similarity to the query region. The similarity is evaluated based on both genomic and 

epigenomic data in the query and the target regions (Figure 2.1A). The many-vs-many mode aligns 

each query region in one species against all the user-defined target regions in the other species to 

find the best match (Figure S2.1). The EpiAlignment scores and best matches are reported in 

graphical and tabular formats (Figure 2.1B). The aligned regions can be further visualized in the 

UCSC genome browser (Kent et al. 2002) and the Genomic Interaction Visualization Engine 

(GIVE) (Cao et al. 2018) by following links provided in the result tables. 
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2.3 Methods and Implementation 

2.3.1 EpiAlignment algorithm 

The EpiAlignment algorithm aims to identify the optimal alignment between two genomic 

regions, denoted by A and B, with information from both the genome and the epigenome. Each 

genomic region contains two types of data, namely the DNA sequence and the epigenomic profile, 

denoted by 𝐴Ü, 𝐵Ü  and 𝐴[, 𝐵[  respectively. Thus 𝛢 = {𝛢Ü, 𝐴[} , and 𝐵 = {𝐵Ü, 𝐵[} . 𝐴[  and 𝐵[ 

consist of epigenomic states on the underlying DNA bases, which are represented by binary states 

(1,0). The epigenomic state equals to 1 within regions marked by epigenomic modifications and 0 

outside such regions (Figure S2.2).  

We denote an alignment between the two genomic regions by α. The following target 

function is employed to evaluate the quality of α: 

𝑇(𝛼, 𝐴, 𝐵) = 𝑇b𝛼, b𝛢Ü, 𝐴[c, (𝐵Ü, 𝐵[)c = 𝑆b𝛼, 𝐴Ü, 𝐵Üc + 𝑤𝐸(𝛼, 𝐴[, 𝐵[)  

where 𝑇(𝛼, 𝐴, 𝐵) is the final EpiAlignment score, 𝑆b𝛼, 𝐴Ü, 𝐵Üc is the sequence alignment score of 

the two sequences, 𝐸(𝛼, 𝐴[, 𝐵[) is the similarity score of the two epigenomic profiles, and w is the 

epigenome weight. We adopt the TKF model (Thorne et al. 1991) for the computation of 

𝑆b𝛼, 𝐴Ü, 𝐵Üc, while 𝐸(𝛼, 𝐴[, 𝐵[) is computed using our recently developed genome-epigenome 

co-evolution Model I (Lu et al. 2018). In the alignment process, EpiAlignment scores each pair of 

nucleotide bases from two sequences, rewarding matches and penalizing mismatches and gaps. On 

top of aligned bases, EpiAlignment rewards matched epigenomic states (1-1 and 0-0) and penalizes 

mismatches (1-0 and 0-1) (Figure S2.2). By integrating the sequence and epigenomic scores 

together, the algorithm maximizes the target function to identify the optimal alignment 𝛼opt =

argmax
ã
𝑇(𝛼, 𝐴, 𝐵). 
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2.3.2 Database for pairwise ChIP-Seq experiments 

The EpiAlignment web server contains a database of pairwise ChIP-Seq experiments, 

which contains ChIP-Seq datasets curated from the RoadMap Epigenomics Project (Roadmap 

Epigenomics Consortium 2015), the ENCODE Project (ENCODE Project Consortium 2012; 

Davis et al. 2018), the mouse ENCODE Project (Yue et al. 2014) and published epigenomic 

comparative studies (Lesch et al. 2016). The current release of EpiAlignment includes 56 human 

datasets and 70 mouse datasets, obtained from 3 cell lines, 8 adult tissue types and 4 embryonic 

tissue types (Table 2.1). Human and mouse tissue types were matched by their bio-sample meta-

data, including tissue/organ type, life stage and donor status. 

ChIP-Seq experiments for the H3K4me3, H3K27ac and H3K4me1 were selected in the 

current release because of their prominent role in enhancer and promoter activities. For each ChIP-

Seq experiment, only the results containing stable pooled peak regions from multiple isogenic 

biological replicates and passing the quality control criteria of the consortia were included in the 

final pairwise database.  

2.3.3 Database for evolutionarily-related genes. 

EpiAlignment provides a database of evolutionarily-related genes, namely gene clusters, 

to assist users in functional comparison. The gene clusters were identified by grouping paralogous 

genes in each species and linking orthologous genes across species. The database contains a total 

of 2,607 pre-identified gene clusters, including 8,000 human genes and 10,211 mouse genes. 

Genes without annotated paralogues are not included in the database. The gene clusters are indexed 

by the gene names and aliases obtained from NCBI annotation database. When users provide a 

partial name or an Ensembl ID of the gene, EpiAlignment will list all clusters containing the  

gene(s) with a matching gene name, alias or Ensembl ID for users to choose from. 
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2.4 Web Server Description 

2.4.1 Overview 

EpiAlignment provides two major alignment modes: the one-vs-one mode and the many-

vs-many mode. The default one-vs-one mode attempts to find a best-matching part for a query 

region in its corresponding target region. It is useful in cases where target regions are much longer 

than query regions, and best matches of the query regions cannot be easily determined in the target 

species with sequence homologies only. The many-vs-many mode, on the other hand, was 

designed to identify the best match for a query region among a set of target regions. It is more 

useful when the query region corresponds to multiple candidates with potentially similar functions, 

such as promoters of paralogous genes. 

2.4.2 Input 

EpiAlignment requires two types of inputs from users in both modes: (1) a pair of peak 

files from ChIP-Seq experiments, and (2) query and target regions to be aligned, both from two 

species. With the genome assemblies specified, users can either upload their own peak files or 

select a pair of epigenomic datasets from the database of pairwise ChIP-Seq experiments. Details 

of each ChIP-Seq experiment can be viewed on the ENCODE or the GEO website by following 

the links provided in the database. The query and target regions can be provided in various ways 

depending on the alignment mode used (Table 2.2).  

Specifying query regions. In both modes, query regions can be provided as genomic 

coordinates in BED6 format. Gene symbols or Ensembl IDs are also accepted if gene promoters 

are used as input regions. In the latter case, users need to specify which range around gene 
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transcription start sites (TSSs) will be defined as promoter regions. By default, the (-1,000, +500) 

flanking regions around TSSs are used. 

Specifying target regions. In the one-vs-one mode, target regions can be defined based on 

homologous relationship. Users only need to specify the number of base pairs by which the query 

regions will be increased. The web server will extend each query region and remap it to the target 

species. The remapped region will be used as the target region. Target regions can also be provided 

as a list of genomic coordinates in BED6 format. In this case, query and target regions have to be 

paired, with corresponding lines in the two lists specifying query-target region pairs.  

In the many-vs-many mode, the target regions can be specified in the same way as query 

regions in the “Target regions” box, or by selecting a group of evolutionarily-related genes. Users 

can search for a preset gene cluster by typing a gene symbol or an Ensembl ID in the searching 

bar. All gene promoters in the selected cluster will be used as target regions. The counts of query 

and target regions can be different in this mode as they will be aligned all-against-all. 

With the query and target regions defined, the user may adjust the epigenome weight and 

alignment parameters (Table S2.1). This step is optional as default parameters are provided on the 

webpage. Finally, the user can initiate the alignment by clicking the “Submit” button. 

2.4.3 Selection of the epigenome weight 

Users may adjust the epigenome weight (w) to leverage DNA sequence and epigenomic 

information in the alignment. The algorithm considers only sequence when w = 0, while it 

increasingly relies on epigenomic information as w rises. 

A major consideration of selecting the weight is to what extent the epigenomic contribution 

entirely overrides the sequence contribution. Specifically, even with completely different 

epigenomic modification patterns, regions with highly conserved sequences are not expected to be 
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aligned to random locations with consistent epigenomic patterns (random epigenomic peak). We 

simulated this case to study the effects of various weights (Supplementary Information). We 

identified mouse genomic regions marked by H3K4me3, H3K27ac or H3K4me1 in all tissue types 

included in our pairwise ChIP-Seq experiment database, among which around 50% had their 

human orthologous regions identified using liftOver. For each histone mark, 5,000 mouse regions 

were randomly selected as queries for the analysis, and their human orthologues were extended as 

target regions. We assigned simulated epigenomic signals (“1”s) to each mouse region, whereas 

no signal (“0”s) to its human orthologous counterpart. We also assigned epigenomic signals (“1”s) 

to a random location near the human orthologue, namely a “decoy”. The decoy simulated a random 

peak within the human target region (Figure S2.3A). 

We first assessed the sequence similarities of each mouse query region to its human 

orthologue and the decoy with sequence-only alignment (w = 0). We denoted the sequence 

alignment score (S score) between the mouse query and its human orthologue by Sortho, and the S 

score between the mouse query and the decoy as Sdecoy. The Sortho distributions were similar among 

mouse sequences marked by the three histone modifications, with the first quartiles overlapping 

with the background distribution generated with random mouse and human sequences (Figure 

S2.3B). 

We then asked with what w value, the decoys would overtake the orthologues. Toward this 

goal, we ran EpiAlignment with w varying from 0.01 to 0.3. With each w, we defined a mouse 

query region as “misaligned” if the decoy rather than the orthologue was identified as the best hit 

by EpiAlignment. When w is close to 0, only the least conserved mouse regions were aligned to 

the decoys. As w increased, more conserved mouse regions with higher Sortho scores started to be 

misaligned, and the differences between their Sortho and Srand scores enlarged. When w exceeded 
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0.15, mouse regions with Sortho scores above the medians began to be misaligned (Figure S2.3C). 

Thus, w values larger than 0.15 are not recommended. 

In real analysis, w also determines whether a location with lower sequence identity but 

higher epigenomic similarity will overtake the best sequence match when epigenomic information 

is incorporated. The user may increase w to include hits with lower sequence similarities, or 

decrease w to limit the results to hits with S scores comparable to the best sequence matches. For 

each alignment result, the contribution of sequence and epigenomic similarity can be further 

scrutinized with metrics provided on the result page to filter out hits undesired.  

2.4.4 Output 

The user will be redirected to the result page after successfully submitting the data. The 

result page will refresh automatically until the task is done. A URL to the page will also be sent to 

the user if an email address was provided. 

In both modes, EpiAlignment will return two types of alignment results, yielded with (w > 

0) and without (w = 0) epigenomic information. For each query region, best matches identified in 

the two alignments are named “EpiAlignment hit” and “Sequence-only hit” respectively, with 

alignment scores denoted by 𝑇Epi, 𝑇Seq  when w > 0, and 𝑆Epi, 𝑆Seq  when w = 0. All scores are 

calibrated to 1,000 bp (i.e., alignment score per kilobase), and are thus comparable across 

alignment results of different region pairs. Alignment results are presented in an interactive table 

on the result page. Users may click on each row to open an expandable panel and view more details. 

Output of the one-vs-one mode. In this mode, each expandable panel contains a chart 

presenting alignment scores along the target regions and a result evaluation panel, which consists 

of four parts: 
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• Overview: this part shows alignment scores of the two hits. A badge will be displayed if the 

coordinates of the two hits don’t overlap, suggesting that the query region is aligned to 

another location after taking epigenomic information into account.  

• Sequence evaluation: this part evaluates sequence similarities between the query region and 

the two hits. For every hit, a signal-to-noise ratio (SNR) is provided comparing its sequence 

alignment score to those of arbitrary locations within the target region (Supplementary 

Information). An SNR no larger than 1 indicates that the hit’s sequence similarity to the 

query is indistinguishable from random sequences nearby, and thus the sequence similarity 

scarcely contributes to the overall similarity at the location. Ranges of sequence alignment 

scores yielded with random sequences and mouse-human orthologous sequence pairs are 

also provided for reference (Supplementary Information). 

• Epigenome evaluation: this part evaluates the epigenomic alignment scores (E) between the 

query and the hits, defined as 𝐸Epi = 𝑇Epi − 𝑆Epi and 𝐸Epi = 𝑇Epi − 𝑆Epi. A theoretical range 

of E is provided based on the query epigenomic profile, where the maximum and the 

minimum can be achieved when all epigenomic states are rewarded or penalized, 

respectively. Within the range, a larger E value suggests higher epigenomic similarity, and 

vice versa. 

• Expression values of surrounding genes: this panel shows expression levels of genes 

(FPKM values) within 100kb flanking regions of the query and target regions.  

Output of the many-vs-many mode. In this mode, the expandable panels contain sequence 

alignment score ranges yielded with random and orthologous human-mouse promoter pairs for the 

evaluation of sequence similarities (Supplementary Information). Beside the table, two heatmaps 

will be returned illustrating alignment scores between query regions (rows) and target regions 
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(columns). For each query region, the EpiAlignment hit will be considered as “altered” from the 

Sequence-only hit if the two hits are different regions, and the epigenomic profile contributes 

positively within the EpiAlignment hit (𝑇Epi > 𝑆Epi) but negatively within the Sequence-only hit 

(𝑇Epi < 𝑆Epi). In this case, the EpiAlignment and Sequence-only hits are highlighted by green and 

gray boxes respectively. If input regions are defined with gene symbols or IDs, the gene expression 

levels will be provided in FPKM values and presented in a bar chart next to the heatmaps when 

the data are available.  

In both modes, all genomic regions can be viewed individually in the UCSC genome 

browser by clicking the icon beside each genomic coordinate, or in region pairs in GIVE by 

clicking the icon at the beginning of the rows. Users may select ChIP-Seq data from custom tracks 

and navigate in the browsers to further investigate genomic contexts of the regions.  

2.4.5 Runtime and computational performance 

The time complexity of the algorithm is O(mn) where m and n are the lengths of regions to 

be aligned. The architecture of EpiAlignment utilizes parallel computing of up to 140 worker 

threads. A load-balancer powered by Nginx is set up at the front of the service to route requests 

from multiple users to an appropriate state-less Node.js handler, which can allocate region pairs 

among available worker threads to achieve parallel computing. 

We performed a simulation test of concurrent jobs running on the EpiAlignment server in 

the default mode with different job sizes (10 and 20 region pairs per job, with 2,000 bp query 

regions and 20,000 bp target regions). For both sizes, a single job took about 1.25 minutes to finish. 

The computational resources on the server were not saturated for small-sized jobs and the runtime 

were merely increased to 2 minutes with 10 concurrent jobs. When the job size doubled, 

EpiAlignment showed resource saturation at 5 concurrent jobs and the runtime increased 
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moderately to 4 minutes for 10 jobs running simultaneously (Figure S2.4). In all cases the 

workload was balanced among available workers, yielding nearly the same runtime for all 

concurrent jobs. 

2.5 Data Applications 

2.5.1 EpiAlignment recapitulates previously identified regulatory sequences 

We built the EpiAlignment web server to formalize the previously validated comparative 

epigenomics method (Xiao et al. 2012) and make this method accessible to researchers at large. 

Our previous analysis revealed that the genomic sequences with moderate interspecies sequence 

conservation and conserved H3K27ac histone modification often exhibited enhancer activities 

(Xiao et al. 2012). The analysis relied on an ad hoc method, which was subsequently improved 

into a probabilistic model (Lu et al. 2018). This probabilistic model serves as the theoretical 

foundation of the target function used in EpiAlignment.  

We tested whether EpiAlignment could recapitulate the main finding of our previous 

analysis. Back in 2011, other work reported lack of correlation between the temporal histone 

modification changes on promoters and the temporal changes of gene expression in a 

differentiation process (Wu et al. 2011). Thus, it was not trivial to identify putative regulatory 

sequences that exhibited correlated temporal histone modification changes with the expression 

changes of their nearby genes (Xiao et al. 2012). In this test, we aligned all 76,094 human 

H3K27ac-marked regions in embryonic stem (ES) cells to the mouse genome with H3K27ac ChIP-

Seq data of human and mouse ES cells. 9,418 human H3K27ac peaks were aligned to mouse 

regions marked by H3K27ac, among which the 4,015 hits with SNR larger than 1.5 were kept for 

downstream analysis. Of the 4,015 mouse regions, 64% retained the H3K27ac peaks through cell 
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differentiation day 6 (1→1), 33% lost the H3K27ac peak during cell differentiation (1→0), and 

the rest 3% showed non-monotonic H3K27ac trends. The peaks were then assigned to the nearest 

genes within their 50kb surrounding regions. The genes with nearby conserved H3K27ac peaks in 

undifferentiated cells exhibited an overall decrease of expression during the differentiation process 

(blue and red lines, Figure S2.5). However, the genes near the conversed H3K27ac peaks in 

undifferentiated cells that lost H3K27ac during differentiation (1→0, red line) exhibited greater 

decrease of expression than those that did not lose H3K27ac during differentiation (1→1, blue line, 

Figure S2.5). Thus, EpiAlignment identified the genomic sequences that exhibited correlated 

histone modification changes with the expression changes of their nearby genes. EpiAlignment 

recapitulated the main results of our previous paper (Xiao et al. 2012). 

2.5.2 Case studies 

Two examples with sample inputs were provided on the EpiAlignment website intended to 

illustrate the usage of the two alignment modes. 

Case Study 1. This case study demonstrates how to find regions with similar chromosomal 

structures using the default mode. The promoter regions of human gene LDAH and its orthologous 

mouse gene Ldah are both marked by H3K4me3 in round spermatids, whereas the underlying 

sequences are poorly conserved. With liftOver (Hinrichs et al. 2006), a sequence homology-based 

tool, the mouse promoter was mapped to a human intronic region approximately 10 kb from human 

LDAH promoter, and the result human region showed no H3K4me3 occupancy. We used the 

H3K4me3-marked region in mouse Ldah’s promoter as the input query region (chr12:8,207,583-

8,209,349) and aligned it against the -20,000 ~ +20,000 neighborhood of its orthologous region in 

human. The H3K4me3 ChIP-Seq datasets of human and mouse round spermatids were selected 

from the database (GEO accession ID: GSM1673960 and GSM1674016) as epigenomic 



 79 

information (Lesch et al. 2016). The sequence-only alignment (w = 0) revealed two hits with 

similar alignment scores. The downstream one corresponded to LDAH’s promoter, while it showed 

an alignment score slightly lower than the best sequence match. With the H3K4me3 information, 

the best hit shifted to LDAH’s promoter, and EpiAlignment successfully matched the two promoter 

regions together (Figure 2.2). Given the orthologous relationship between the two genes, it is more 

reasonable that their promoters share similar functions. 

We repeated the analyses with the same query and target regions using human and mouse 

testis H3K4me3 ChIP-Seq data (ENCODE accession ID: ENCSR611DJQ and ENCSR000CCW). 

EpiAlignment identified the corresponding promoter pairs (blue shaded area, Figure S2.6A), 

whereas sequence-only alignment misaligned the mouse query to an intronic sequence (pink 

shaded area). Furthermore, we repeated this analysis with human and mouse testis H3K27ac ChIP-

Seq data (ENCSR136ZQZ and ENCSR000CCU). Again, EpiAlignment correctly aligned the 

promoter sequences whereas sequence-only alignment failed to align them (Figure S2.6B). This 

case illustrated how EpiAlignment could be used to identify functional genomic sites with both 

sequence and epigenomic similarities in regions lacking sequence conservation. 

Case Study 2. We asked whether best matches of promoter pairs derived by EpiAlignment 

and sequence-only alignment always agreed. If they did not agree, which promoter alignment 

would be consistent with orthologous gene pairs. Toward this goal, we aligned the promoter of the 

human SLCO4A1 gene against the promoters of mouse genes within the solute carrier organic 

anion transporter family using the many-vs-many mode. The H3K4me3 ChIP-Seq datasets of 

human and mouse B-lymphocytes (ENCSR057BWO and ENCSR000CGK) were selected as the 

epigenomic input data. We used the gene symbol SLCO4A1 to define the query region. In the 

“Target regions” box, we selected “Search a gene cluster” and typed “SLCO4A1” to search for a 
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gene cluster containing its homologous genes. The resulting “Cluster_6635” was selected from the 

pop-up panel as input. This cluster contained 16 mouse genes, among which Slco4a1 was the 

orthologue of SLCO4A1. 

With sequence data alone, SLCO4A1’s promoter was aligned to Slco3a1’s promoter instead 

of its orthologue, whereas after incorporating the H3K4me3 data, the promoters of SLCO4A1 and 

Slco4a1 were successfully matched (Figure 2.3A, B). The alignment score between the 

orthologous promoters increased after taking epigenomic data into account, suggesting consistent 

H3K4me3 occupancies within them. The visualization of results showed that SLCO4A1’s and 

Slco4a1’s promoters both harbored H3K4me3 peaks, whereas Slco3a1’s promoter exhibited little 

H3K4me3 signals (Figure 2.3C). Moreover, SLCO4A1 and Slco4a1 were both expressed in B-

lymphocytes In line with their orthologous relationship, whereas all other mouse genes exhibited 

no or little expression (FPKM < 1) (Figure 2.3D). This example presented a case where promoters 

of orthologous genes could be paired using EpiAlignment, but not with sequence data only. 

2.6 Discussion 

Integrative analyses of the genome and the epigenome can provide insights for the 

annotation of regulatory sequence, especially in regions lacking sequence conservation. We have 

developed EpiAlignment, a cross-species alignment tool incorporating both the genome and the 

epigenome. By assessing structural similarities between functional genomic sites, the tool may 

assist researchers in identifying functional correspondence across species, which provides a 

starting point for downstream experiments and analyses. The interface of EpiAlignment is 

designed to be user-friendly and does not require users to be experienced in computational biology. 

It also shows versatility in providing different alignment modes and supporting various input types. 
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Users may easily use the one-vs-one mode on orthologous neighborhoods of regulatory elements 

to refine their annotations, or search for a pre-defined gene cluster and align them with the many-

vs-many mode to study the potential functional correspondence among evolutionarily-related 

genes. 

Given that EpiAlignment uses peak files from epigenomic experiments to assess 

epigenomic signatures within regions, its output can be affected by the peak-calling results. 

Therefore, we only included stable peak files from ENCODE experiments with isogenic biological 

replicates pooled in our database for pairwise ChIP-Seq experiments. When using custom data, 

users may adjust thresholds for peak-calling and examine the genomic regions surrounding the 

peaks in genome browsers for better performance. Peak significance may be incorporated into the 

target function in the future to improve the robustness of the results. 

EpiAlignment can be further enhanced in several aspects in the future. First, the database 

for pairwise ChIP-Seq experiments can be expanded to include more comparable datasets of 

different experiment types, including DNase-Seq, ATAC-Seq and MeDIP-Seq. Species other than 

human or mouse can also be supported in future updates when sufficient epigenomic data are 

available. Further expansion of the algorithm may allow EpiAlignment to align with multiple 

epigenomic marks simultaneously to better reflect the interactions among different epigenomic 

modifications. Moreover, while the current release of EpiAlignment does not support genome-

wide alignments due to speed constraints, future investments in computational hardware and 

algorithm developments may improve the speed performance and enable alignments against the 

entire genome. 
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2.7 Figures 

 

Figure 2.1 Overview of EpiAlignment. 
(A) Demonstration of the default alignment mode. The query region (up, dark gray box) and the 
target region (down, gray bar) are provided by the user as inputs, together with the epigenomic 
data (purple). The sequence similarity to the query region varies along the target region (grayscale 
in the “sequence similarity” bar). Within the target region, the gray box with dotted border 
represents the best sequence match with the highest sequence similarity, and the gray box with 
solid border represents a sub-region with moderate sequence similarity. In the analysis, 
EpiAlignment yields scores accounting for both sequence and epigenomic similarities (shades of 
red in the bottom bar), revealing the best match (red box with solid border) with overall similarity 
over the best sequence match (red box with dotted border). (B) The EpiAlignment workflow. 
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Figure 2.2 One-vs-one mode results. 
(A) The interactive table containing coordinates of input regions and best matches. Users can click 
on each row to expand it and view the result evaluation panel. Users may also visualize the query 
and target regions together in GIVE by clicking the icon at the beginning of each row (solid red 
box), or individually by clicking the icon behind each coordinate (dotted red box). (B) 
Visualization of the query and target regions in GIVE, together with alignment scores along the 
target region. Upper: screenshot of GIVE showing the query region (blue shaded area at top) as 
well as the EpiAlignment hit (blue shaded area) and the Sequence-only hit (pink shaded area) 
within the target region (bottom). Human and mouse chained alignments are added to demonstrate 
the sequence alignability across the two species. Lower: alignment scores along the target region, 
produced by EpiAlignment (top) and sequence-only alignment (bottom). X-axis: genomic 
coordinates aligned to the GIVE view. Y-axis: alignment scores. 
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Figure 2.3 Many-vs-many mode results. 
(A) The interactive table containing coordinates of input regions and best matches, alignment 
scores and links for visualization. The user may sort the table by each column by clicking on the 
column name. (B) Heatmaps of alignment scores on the result page. Rows: query regions. Columns: 
target regions. Color-scale in the cells: alignment scores of query-target region pairs. Green box: 
the best match identified by EpiAlignment. Gray box: the best match identified by sequence-only 
alignment. “H” in the cell: the target region with the highest alignment score in the row. (C) 
Visualization of the regions in GIVE. Top: the genomic context of the input query region (blue 
shaded area). Bottom: the genomic context of the best matches found by EpiAlignment (left, blue 
shaded area) and by sequence-only alignment (right, pink shaded area). (D) A bar chart of 
expression values of query and target genes on the result page. 
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2.8 Tables 

Table 2.1 Number of ChIP-Seq datasets in the database for pairwise ChIP-Seq 
experiments. 
Rows: cell types or tissues of different life stages. Columns: datasets of different histone 
modifications, separated by species. Empty cells in the table represent absence of comparable 
datasets in the corresponding tissue / cell types. 

Tissue/cell type 
H3K4me3 H3K27ac H3K4me1 

human mouse human mouse human mouse 
Adult B-lymphocytes 2 3 1 1 1 2 
Adult erythroid cells 2 3 1 1   
Adult kidney 2 1 2 1 2 1 
Adult liver 3 1 2 1 4 1 
Adult spleen 2 1 3 1 3 1 
Adult testis 1 1     
Adult cerebellum 1 1     
Adult lung 1 1   1 1 
Adult small intestine 2 1 2 1 1 1 
Adult round spermatids 1 2     
Embryonic stem cells 1 2 1 1 1 2 
Embryonic heart 1 8   2 8 
Embryonic kidney 1 3   1 3 
Embryonic lung 2 3   3 3 
Embryonic stomach 1 3 1 3 1 3 
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Table 2.2 Alignment modes and supported target region types. 

Alignment 
mode 

Supported target 
region type Description 

One-vs-one 
mode 

Homologous regions 
For each query region, search for the best-matching 
sub-region in the neighborhood of its homologous 
region. 

Genomic coordinates For each query region, search for the best-matching 
sub-region within a designated target region. 

Many-vs-
many mode 

A gene cluster 
Align each query region against all isoform promoters 
in a group of evolutionarily-related genes to identify the 
best-matching promoter. 

Genomic coordinates 
or gene names 

Align each query region against all target regions to 
identify the best match. 
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2.9 Supplementary Information 

2.9.1 Supplementary methods 

Generating simulation data for weight selection. 

Mouse regions marked by H3K4me3, H3K27ac or H3K4me1 were first identified in all 

tissue types included in the pairwise ChIP-Seq experiment database of the web server. The 

identified mouse regions were merged by histone modifications, split into fragments no longer 

than 2,000 bp to generate potential genomic functional sites in mouse. These regions were then 

remapped to the human genome using liftOver with minMatch = 0.5 to find their human 

orthologues. For each of the three histone marks, 5,000 mouse-human orthologous region pairs 

were randomly selected as query regions for downstream analyses. All human regions were 

extended to 4-fold of their original lengths by random distances upstream and downstream to 

generate target regions for alignment. Within each region pair, simulated epigenomic signals 

(“1”s) were assigned to all bases in the mouse query region. Epigenomic signals (“1”s) were also 

assigned to a random location with the same length within the human target region, whereas the 

rest of the human region were assigned with “0”s. The mouse and human regions were aligned 

with weights varying from 0 to 0.1 with step length 0.01, and from 0.15 to 0.3 with step length 

0.05. The sequence-only alignment (w = 0) was repeated with three sets of randomly selected 

region pairs to make sure that the results were insensitive to random sampling. 

Besides, 15,000 mouse regions were randomly selected from the mouse genomic functional 

sites and aligned to 6kb-long human regions randomly selected from the entire genome. The 

averaged sequence alignment scores along the target regions were then used to generate the 

background distribution. 
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Calculating signal-to-noise ratio (SNR) 

After alignment, the target region is divided into 500bp bins, within each of which the 

maximum and minimum of sequence-only alignment scores are computed. The 25th percentile of 

the minima and 75th percentile of the maxima are used as the lower and upper bound of background 

noise, denoted by l and u respectively. Let S denotes the sequence-only alignment score between 

the query region and a hit, the hit’s SNR is then computed as the following: 

𝑆𝑁𝑅 =	
2𝑆 − (𝑢 + 𝑙)

𝑢 − 𝑙  

Generating reference distributions for sequence evaluation  

In both modes, two sequence-only alignment score (S score) distributions are provided 

within the expandable for users’ reference. 

In the one-vs-one mode, the background distribution is identical with that generated in the 

simulation test (see “Generating simulation data for weight selection”), whereas the S score 

distribution of conserved mouse-human region pairs was generated with all mouse-human 

orthologous region pairs (approximately 15,000 pairs) used in the simulation test, regardless of 

histone modifications. 

In the many-vs-many mode, the background distribution was generated by aligning 10,000 

pairs of randomly-paired mouse and human promoters. The S score distribution of orthologous 

mouse-human promoter pairs was generated using all promoter pairs whose corresponding human 

and mouse genes are unique orthologues to each other. Only genes included in the database for 

evolutionarily-related genes were used (4,685 pairs in total). 
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2.9.2 Supplementary figures 

 

Figure S2.1 Demonstration of the many-vs-many mode. 

Left: query and target regions are provided as inputs by the user, together with the epigenomic 
data (purple). Sequence similarities vary among the query and target regions (grayscale in bars). 
Each query region is aligned against all target regions (dashed double-headed arrows). Right: The 
EpiAlignment output. The alignment score is shown in red color for each pair of query region (row) 
and target region (column). 

 

 

 

 

Figure S2.2 Demonstration of data types and scoring scheme. 
An alignment between a pair of DNA sequences (Ag, Bg) with epigenomic profiles on top of them 
(Ae, Be) is shown. Indels, matches and mismatches in the sequence alignment are represented by 
−, | (black) and | (red), respectively. Peak regions of the epigenomic modification are shown as 
blue bands. The epigenomic profiles, Ae and Be, are represented by binary values on each base, 
with 1 being inside a peak and 0 being outside the peaks. Insert: scoring scheme for epigenomic 
states on aligned bases, with matched states being rewarded (green) and mismatched states being 
penalized (red). 
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Figure S2.3 Simulation tests for epigenome weight selection. 
(A) Structure of a region pair generated in the simulation test. Red boxes: a selected mouse region 
(above, used as the query region) and its human orthologous region (below), with the red shading 
showing the orthologous relationship between them. Gray band: the flanking region of the human 
orthologue, used as the target region. Blue bars: simulated epigenomic signals assigned to the 
mouse query region and a random region other than the human orthologue, namely a “decoy” 
(dotted). (B) Distributions of sequence alignment scores (S score) between mouse regions marked 
by H3K4me3, H3K27ac or H3K4me1 and their human orthologues (Sortho score) as well as random 
human genomic regions. (C) Sequence-only alignment scores Sortho and Sdecoy of misaligned mouse 
regions under different weights (w). Each w corresponds to an individual set of misaligned mouse 
regions. The distributions of Sortho (red) and Sdecoy (blue) scores of the misaligned regions are plotted 
on y-axis. Solid colored lines represent medians of the S scores, and shaded areas represent the 
ranges of S scores between the 10th and 90th percentiles. S scores of all mouse-human orthologous 
region pairs (black) and random region pairs (gray) are plotted for reference, with solid lines and 
dotted lines representing the medians, the 25th and the 75th percentiles of the S scores, respectively. 
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Figure S2.4 Web server runtime analysis. 

Runtime (y-axis) of EpiAlignment with different numbers of concurrent jobs (x-axis) and job 
sizes (blue and orange). Each dot represents the runtime of one job run. 

 

 

 

 

Figure S2.5 H3K27ac changes and gene expression changes during embryonic stem (ES) 
cell differentiation. 
The lines represent log expression changes of genes associated with a set of mouse regions 
identified by EpiAlignment. All mouse regions are marked by H3K27ac in undifferentiated mouse 
ES cells on day 0, and are categorized into two classes: regions with retained H3K27ac during ES 
cell differentiation (1→1), and regions with lost H3K27ac (1→0). Log expression values of their 
nearest genes on cell differentiation day 4 and day 6 are normalized against day 0 and plotted on 
y-axis. The error bars represent standard errors of the mean. 
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Figure S2.6 Alignment results of the mouse gene Ldah’s promoter using epigenomic data of 
adult testis. 
Result tables and GIVE browser views of the alignments using ChIP-Seq data of (A) H3K4me3 
and (B) H3K27ac in adult testis from the ENCODE Project. 
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2.9.3 Supplementary tables 

Table S2.1 EpiAlignment parameters. 

Parameter Description 
Theoretical 

range 
Default 
value 

w Epigenome weight. The epigenome alignment score 
is multiplied by w in the target function. 

(0, +∞) 0.1 

s 
DNA base substitution rate. With a smaller s, larger 
reward and penalty scores will be assigned to 
matched and mismatched DNA bases, respectively. 

(0, +∞) 0.3 

μ 
DNA base deletion rate. With a smaller μ, a larger 
penalty will be assigned to insertions and deletions. (0, +∞) 0.3 

κ 

Switching rate between the binary epigenomic states 
0 and 1. With a smaller κ, larger reward and penalty 
scores will be assigned to matched and mismatched 
epigenomic states, respectively. 

(0, +∞) 0.5 

πA , πC , πG , πT Equilibrium probabilities of the four nucleotide 
bases. 

(0, 1) 0.25 

π1 
Equilibrium probability of the epigenomic state “1”, 
i.e. the probability of having epigenomic state “1” on 
a genomic location. 

(0, 1) 0.1 
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CHAPTER 3 

 

Mapping regulatory sequences with both the genome and 

the epigenome 

3.1 Abstract 

The quantification of sequence conservation has been used to annotate functional genomic 

sites. However, this strategy shows limited capability of pinpointing cis-regulatory elements due 

to variations in genomic functions and evolutionary constraints on sequences along the genome. 

The epigenome, on the other hand, contains both structural and functional information. Hence, 

comparative analyses integrating the genome and the epigenome has emerged as a more accurate 

way to annotate non-coding regulatory sequences. Here, we present an effort on mapping cis-

regulatory elements with both DNA sequences and epigenomic data. By searching for cis-

regulatory elements with similarities in both sequences and H3K27ac occupancies between human 

and mouse, we matched a total of 3,682 pairs of cis-regulatory elements, which could not be 

uncovered by sequence-only alignment method. These cis-regulatory sequence pairs largely 

agreed with the long-range chromatin interactions as well as RNA-chromatin interactions, which 

supported the potential functional correspondence between them. 

3.2 Introduction 

Sequence similarity has been the primary information used for inferring evolutionary 

conservation and annotating non-coding cis-regulatory elements (Bejerano et al. 2004; Pennacchio 
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et al. 2006; Visel et al. 2007; Visel et al. 2008). Whereas comparative genomics has successfully 

revealed hundreds of highly conserved functional genomic sites, it considers little genomic 

functions, making it hard to distinguish cis-regulatory elements from other conserved non-coding 

sequences in genome-wide analyses (Pennacchio et al. 2013). The approach is also limited by the 

observation that the majority of cis-regulatory elements lack primary sequence conservation 

(Cooper and Brown 2008; Blow et al. 2010; May et al. 2011). These genomic locations usually 

contain both conserved and neutrally evolving sequence segments, thus cannot be readily detected 

by conventional sequence alignment methods (Fisher et al. 2006; Hare et al. 2008). Additionally, 

the activity of cis-regulatory elements can be distinct in different tissue types, life stages, or 

environmental conditions. These variations complicate the discovery and the verification of cis-

regulatory elements, which cannot be achieved with sequence information alone. 

The epigenome, on the other hand, contains both structural and functional information. The 

patterns of epigenomic modifications are known to associate with dynamic changes of chromatin 

states along the genome in various cellular environments, reflecting cis-regulatory activities of 

underlying DNA sequences. Recently, with the ChIP-Seq technology, a cohort of studies in 

comparative epigenomics have depicted landscapes of epigenomic marks across primates (Zhou 

et al. 2014; Vermunt et al. 2016), mammalians (Cotney et al. 2013; Reilly et al. 2015; Villar et al. 

2015) and vertebrates (Schmidt et al. 2010; Lesch et al. 2016) in various tissue types. These 

interspecies comparisons have illustrated that epigenomic modification patterns can be largely 

conserved on orthologous sequences, even at locations with modest sequence conservation level 

(Bernstein et al. 2005; Bernstein et al. 2007; Xiao et al. 2012). The genomic sites with moderately 

conserved sequences but consistent interspecies epigenomic signals have showed enhancer 

activities in reporter gene assays, suggesting that they are functionally important despite the of 
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underlying sequence similarities (Roh et al. 2005; Roh et al. 2007). These results demonstrate that 

incorporating both sequence and epigenomic information into similarity search may lead to a more 

accurate way for annotating non-coding cis-regulatory sequences, as well as provide an alternative 

view of interspecies similarity more relevant to genomic functions.   

In this manuscript, we describe an effort on matching cis-regulatory elements across 

species with an integrative comparison on the genome and the epigenome. Toward the goal, we 

used our previously developed tool, EpiAlignment, which can align a pair of genomic regions with 

both sequence and epigenomic data (Lu et al. 2019). EpiAlignment takes two input regions from 

different species, namely the query region and the target region, and aims to find a sub-region 

within the target region exhibiting the highest sequence and epigenomic similarities to the query. 

In addition to the scoring scheme adopted from classic sequence alignment algorithms, 

EpiAlignment also rewards matched epigenomic states while penalizes mismatched ones, thus 

compromising between alignments of DNA sequences and epigenomic states. The algorithm uses 

an epigenome weight w to leverage sequences and epigenomic modifications in the alignment, 

which increasingly depends on epigenomic data with w increases. The algorithm is equivalent to 

sequence-only alignment methods when w equals to 0. We applied EpiAlignment to map human 

H3K27ac-marked regions to the mouse genome in 9 matched tissue and cell types. The analysis 

revealed a total of 3,682 human regions for which the EpiAlignment and sequence-only alignment 

results didn’t agree. These EpiAlignment-derived regions exhibited similarities of both sequences 

and H3K27ac occupancies to the human query regions, indicating that they might share similar 

regulatory functions in corresponding tissue types. The putative functional significance of 

EpiAlignment hits was further supported by conserved long-range chromatin interactions and 

RNA-chromatin interactions associated with them. With EpiAlignment, this effort provided a 
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systematic way to identify cis-regulatory elements with similar structures and potential functional 

correspondence across species. 

3.3 Results 

3.3.1 Tissue-specificity of human H3K27ac marked regions 

Our goal is to deliver a functional correspondence map of cis-regulatory elements between 

human and mouse. In this study, we focused on genomic sites marked by H3K27ac, a histone 

modification known to label active promoters and enhancers. We retrieved epigenomic data for 

H3 lysine 27 acetylation (H3K27ac) of human and mouse in all 9 matched tissue types and cell 

lines produced by the ENCODE Project (ENCODE Project Consortium 2012; Davis et al. 2018), 

the mouse ENCODE Project (Yue et al. 2014) and the RoadMap Epigenomics Project (Roadmap 

Epigenomics et al. 2015) (see Table S3.1 for tissues and cell lines) . A total of 584,288 H3K27ac-

marked regions (H3K27ac peaks) were identified in the human tissues / cell types by the consortia. 

We first examined the tissue-specificity of the H3K27ac peaks. Given that the location of 

ChIP-Seq peaks might vary within the same enhancer region in different tissues, we extended each 

H3K27ac peak region by 200bp on both ends. The 584,288 human H3K27ac peaks corresponded 

to 166,880 non-overlapping human genomic regions, of which 62% were unique to one tissue type 

(Figure 3.1A). We also repeated the analysis with each peak region extended by 500bp and 1kb on 

both ends. Whereas the number of tissue-specific H3K27ac peaks decreased slightly as extended 

regions were more likely to overlap with each other, more than half of the regions were still found 

uniquely in one tissue (Table S3.2). In each tissue type, around 18% peak regions exhibited tissue-

specific activities (Figure 3.1B).  
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We then investigated the genomic contexts of the shared and tissue-specific H3K27ac 

peaks. 43% of the shared peaks were located in the (-2,000, +2,000) flanking region of genes’ 

transcription start sites (TSS), suggesting that the majority of them might function as promoters 

(Figure 3.1C). This was in line with the prominent role of promoters in initiating transcription of 

genes, which made them more likely to be active in multiple tissues. The tissue-specific H3K27ac 

peaks, on the other hand, were less enriched in promoter regions. 80% of the regions were located 

in intra- and intergenic regions, suggesting that most of them were enhancers, which usually 

performed cis-regulatory functions in particular tissues (Figure 3.1C). Taken together, these results 

suggested that cis-regulatory activities, especially enhancer activities, could be largely specific to 

tissue types, and therefore would be better to be mapped in matched tissue types with genomic 

functions considered. 

3.3.2 Identifying cis-regulatory activity correspondence between human and mouse in 

matched tissue types 

We applied the EpiAlignment algorithm to align human H3K27ac-marked regions to the 

mouse genome. Among the 584,288 identified human H3K27ac peak regions, approximately 27% 

was unable to be remapped using liftOver (Hinrichs et al. 2006), a sequence homology-based tool, 

due to the lack of sequence conservation. Among the rest regions whose orthologous sequences 

could be identified, around 64% showed inconsistent H3K27ac signals with their mouse 

homologous regions (Table S3.3). We kept the human H3K27ac peaks with non-remappable 

sequences or non-conserved H3K27ac signals as input query regions for alignment. Assuming that 

sequence similarities indicated homologies in larger scales, we mapped every query region against 

the (-20,000, +20,000) homologous neighborhood instead of the entire mouse genome to reduce 
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the computational time (Figure 3.2A). Each human query region was aligned for twice, with (𝑤 =

0.05) and without the epigenomic data (𝑤 = 0).  

We then compared the two hit regions of each human query region, yielded by 

EpiAlignment (“EpiAlignment hit”) and the sequence-only alignment (“Sequence-only hit”). With 

the epigenomic data incorporated, 77% of the EpiAlignment hits remained the same as in 

sequence-only alignment, whereas the rest 23% shifted to different locations from the best 

sequence matches (shifted hits), suggesting that alternative hits with higher chromosomal 

similarities were identified with the contribution of the epigenome. To ensure that sequence 

identities still contributed to the overall similarities within these shifted hits, we used a previously 

designed signal-to-noise ratio (SNR) metric to further evaluate the sequence similarities between 

each query and its EpiAlignment hit, which compared the hit’s sequence alignment score (signal) 

to the overall scores within the target region (background noise). Only the shifted EpiAlignment 

hits with SNR larger than 1.5 were selected. We further remapped the shifted EpiAlignment hits 

to the human genome and kept the ones that could be aligned back to the original human queries, 

namely the mutually mappable shifted hits, for downstream analyses (Supplementary methods). A 

total of 3,682 shifted EpiAlignment hits in the 9 tissue and cell types passed the two criteria (Figure 

3.2B, Figure S3.1). Among them, 37% were found within the (-2,000, +2,000) flanking regions of 

genes’ TSSs, whereas the rest were located near genes’ transcription end sites (TESs, 9%), 

intragenic regions (38%) or intergenic regions (16%), suggesting that these regions might function 

as enhancers. These EpiAlignment hits exhibited sequence-only alignment scores 15% smaller 

than that of the Sequence-only hits, whereas 2-fold greater than that of background sequences, 

suggesting that sequence similarity still had a substantial contribution to the overall chromosomal 

similarities in these regions (Figure S3.2). 
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3.3.3 EpiAlignment-identified cis-regulatory elements interact with orthologous sequences 

in human and mouse via long-range chromatin interactions 

We next asked whether the EpiAlignment hits were prone to possess similar functions to 

the human query regions compared with the Sequence-only hits when the two alignment results 

did not agree. We reasoned that the potential functions of regulatory sequences can be partially 

reflected by their interactions with other cis-regulatory elements. Thus, regulatory sequences 

interacting with orthologous regulatory sequences between two species were likely to have 

functional correspondence. To this end, we used human and mouse ES cells as the testbed system 

and compared the long-range chromatin interactions involving the human query regions and their 

hits. We retrieved the public Proximity Ligation Assisted ChIP-sequencing (PLAC-Seq) data 

against H3K4me3 from human and mouse ES cells (Fang et al. 2016; Dekker et al. 2017). Long-

range chromatin interactions with distances between two ends longer than 10kb were then 

identified using FitHiC (Ay et al. 2014), yielding 1,240,640 and 496,927 significant interactions 

(FDR<0.01) in human and mouse, respectively. We then assigned the interactions to the query and 

hit regions and compared their interacting partners. We considered an interaction to be  

“conserved” if the query and its hit interacted with orthologous sequences in the two species 

(Figure 3.3A). 

Of the 174 human query regions, 162 showed conserved interactions with at least one of 

its two hits (EpiAlignment hit, Sequence-only hit or both). Among them, 91 (56%) had 

EpiAlignment hits exhibiting conserved interactions stronger than Sequence-only hits, whereas 

only 46 (28%) had their Sequence-only hits exhibiting higher conserved signals (Figure 3.3B). In 

the conserved interactions, EpiAlignment hits also associated with a larger number of conserved 

interacting partners compared with Sequence-only hits. Among the 2,084 conserved mouse 

partners involved, 808 interacted uniquely with the EpiAlignment hits, while only 431 interacted 
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with the Sequence-only hits solely (Figure 3.3C). The conserved interacting partners overall 

showed stronger interactions with the EpiAlignment hits (Figure 3.3D), with 50% conserved 

partners exhibiting stronger interactions with EpiAlignment hits, whereas 30% exhibiting stronger 

interactions with Sequence-only hits. Taken together, the results suggested that long-range 

chromatin interactions among regulatory sequences largely agreed with the EpiAlignment results, 

which supported the possible functional correspondence between the human query regions and the 

EpiAlignment hits. Given that the PLAC-Seq were performed against H3K4me3, this was unlikely 

resulted from the bias to the specific histone mark pulled-down in the experiments.  

One example in the case is the human H3K27ac-marked regions located upstream of the 

NOCT gene. This human region failed to be mapped to the mouse genome using liftOver as 

sequence homology between human and mouse was indefinable at the location. Using 

EpiAlignment, the region was aligned to different locations upstream of the mouse Noct gene with 

and without H3K27ac data. PLAC-Seq data revealed that the human enhancer exhibited 

interactions with the promoters of NOCT, NAA15 and the intron of ELF2 in its (-400,000, +400,000) 

flanking region. In mouse, the Sequence-only hit only interacted with one orthologue of the human 

interacting partners, whereas the EpiAlignment hit interacted with 2 out of the 3 orthologues with 

a 5.21-fold greater PLAC-Seq signal (Figure 3.3E). Specifically, the EpiAlignment hit exhibited a 

unique conserved interaction to the promoter of NOCT’s mouse orthologue, suggesting that the 

EpiAlignment hit, rather than the best sequence match, might share similar regulatory function 

with the human enhancer. This example demonstrated that EpiAlignment was able to identify 

regions with potential similar regulatory function at locations lacking sequence conservation. 
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3.3.4 EpiAlignment-identified cis-regulatory elements interact with RNA of orthologous 

genes in human and mouse 

Recent studies have shown that beside chromatin interactions, genomic sequences may also 

interact with RNA molecules transcribed from distant sequences. These RNA attachments have 

been found associated with the majority of promoter regions, showing a positive correlation with 

active histone marks. Here, we asked if the human-mouse region pairs identified by EpiAlignment 

also showed RNA attachments. If yes, whether the RNA molecules were transcribed from 

orthologous genes in the two species. Toward this goal, we captured RNA-chromatin interactions 

in human and mouse ES cells using iMARGI, a recent-developed technology to globally reveal 

RNA-genome interactions from unperturbed cells (Sridhar et al. 2017). A total of 83.4 and 49.2 

million read pairs were successfully mapped to the human and mouse genomes, respectively, 

among which 56.2 and 37.4 million read pairs had distances between two ends longer than 200kb. 

We then assigned the DNA sides of the long-range interactions to the query and hit regions and 

compared their RNA partners across the two species. We considered a pair of query-hit regions to 

have “conserved” RNA attachments if their RNA partners were transcribed from annotated 

orthologous genes (Figure 3.4A). 

All 174 human query regions with shifted hits exhibited RNA attachments. The query 

regions were associated with 12,255 different human RNAs, of which 8,038 (66%) were 

transcripts of protein coding genes. The rest RNAs included long non-coding RNAs, pseudogene 

transcripts, miRNAs, snoRNAs, snRNAs and other unclassified non-coding transcripts. Among 

the 174 human query regions, 84 had conserved interacting partners with at least one of their hits 

in human (EpiAlignment hit, Sequence-only hit or both), of which 39 (46%) had EpiAlignment 

hits exhibiting stronger conserved RNA attachments, whereas 28 (33%) had Sequence-only hits 

exhibiting higher conserved signals (Figure 3.4B). This result suggested that RNA-chromatin 



 107 

interactions supported the correspondence between the human and mouse regions matched by 

EpiAlignment. 

One example in the case is shown in Figure 3.4C, in which the human H3K27ac-marked 

region close to the TSS of C18orf21 was aligned to the end of mouse Rprd1a with sequence data 

alone. The Sequence-only hit was attached by one orthologue of the human query’s RNA partners 

(LBR), supported by 1 iMARGI read pair only. With H3K27ac data, the region was successfully 

matched to the promoter region of mouse gene 2700062C07Rik, the annotated mouse orthologue 

of C18orf21. The EpiAlignment hit shared 3 RNA partners with the query region (GALNT1, 

LUC7L2, PSAT1), supported by 11 iMARGI read pairs in human and 3 iMARGI read pairs in 

mouse. Together with the gene homology, the long-range interaction data suggested the functional 

correspondence between the human query and the EpiAlignment hit. 

3.4 Discussion 

An important question in functional genomic studies is how to translate results across 

different organismal contexts. Recent studies have shown that the integrative comparison of 

genomes and epigenomes can facilitate the functional annotation of non-coding regulatory 

sequences, especially at locations lacking selective constraints. In this manuscript, we provided a 

systematic approach to map cis-regulatory elements with both sequence and epigenomic data. 

Using EpiAlignment, our previously developed alignment tool, we analyzed H3K27ac-marked 

regions in 9 matched tissue types and cell lines between human and mouse, revealing thousands 

of pairs of cis-regulatory elements that couldn’t be uncovered with sequence data alone. We further 

illustrated that the potential correspondence between the EpiAlignment-derived human and mouse 

regions were largely in line with the long-range chromatin and RNA-chromatin interaction data. 
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Overall, our analysis provided a pool of cis-regulatory elements with putative functional 

correspondence between human and mouse for future experimental verifications and functional 

studies. 

The EpiAlignment algorithm incorporated both sequence and epigenomic data into 

alignment. Hence, instead of finding the best sequence match and consecutively comparing 

epigenomic patterns on the aligned sequences, EpiAlignment identified genomic regions with both 

sequence and epigenomic similarities. By using a semi-global approach, EpiAlignment directly 

searched for the best hit within the target region without depending on local sequence homologous 

relationship, and thus could handle query regions lacking pre-identified sequence homologies. 

Taken together, EpiAlignment was demonstrated as a useful tool for mapping regions with 

chromosomal similarities that could not be uncovered with sequence data alone. 

In this study, we only included one histone modification in the alignment to reduce 

computational time. Previous studies have shown that some epigenomic modifications may exhibit 

co-appearance on regulatory sequences, reflecting different chromatin states of underlying 

regulatory sequences. For example, H3K27ac and H3K4me1/2/3 usually co-appear on active 

promoters / enhancers, and H3K4me3 and H3K27me3 can co-localize on promoter regions to 

poise the expression of target genes. Hence, it would be interesting to align genomic regions with 

multiple histone modifications to better depict the interspecies chromosomal similarity. As an 

alternative of ChIP-Seq datasets, chromatin states characterized from multiple chromatin 

signatures by pattern discovery algorithms, such as chromHMM (Ernst and Kellis 2012; Ernst and 

Kellis 2017), could also be used as input for EpiAlignment. In this way, genomic sequences can 

be aligned together with their chromatin states, which may better reflect their functional 

similarities in different species. 
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In our current alignment scheme, we only considered the location with the highest 

EpiAlignment score as EpiAlignment hit. Nevertheless, given the semi-global approach of the 

algorithm, EpiAlignment is capable of generating alignment scores between a query and arbitrary 

locations along a target region. Therefore, EpiAlignment may be further expanded to report 

multiple hits exhibiting chromosomal similarity to the query. The enhanced approach may help to 

identify functional genomic sites with more than one counterpart in other species, resulting from 

duplication events. In summary, we anticipate that by integrating sequence and epigenomic 

together, EpiAlignment may facilitate the functional annotation of the genome and reveal the 

evolutionary mechanism of cis-regulatory elements. 
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3.5 Figures 

 

Figure 3.1 Tissue specificity of human H3K27ac peaks. 
(A) Numbers of tissues in which human H3K27ac peaks were found. (B) Percentages of tissue-
specific H3K27ac peaks in different human tissues. (C) Genomic contexts of shared and tissue-
specific H3K27ac peaks. 
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Figure 3.2 Overview of the EpiAlignment analysis.  
(A) Depiction of the alignment scheme. human H3K27ac-marked regions were used as query 
regions (upper, gray box). Each query was extended by 20,000 bp in both directions and remapped 
to the mouse genome to define the target region (lower, gray bar). The sequence similarity to the 
query along the target region is illustrated by the grayscale, and the combined similarity of 
sequence and H3K27ac is illustrated by shades of red. The EpiAlignment and Sequence-only hits 
revealed with and without H3K27ac data are represented by solid and dotted boxes within the 
target region, respectively. (B) Numbers of mutually mappable shifted hits identified in different 
tissue types and cell lines. 
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Figure 3.3 Comparison of EpiAlignment results and long-range chromatin interactions 
identified by PLAC-Seq (PLAC-Seq interactions). 
(A) Demonstration of the comparison. PLAC-Seq interactions associated with query regions and 
their hits are represented by blue arcs. In species 2, interactions involving EpiAlignment hits and 
Sequence-only hits are shown by solid and dashed arcs, respectively. The orthologous relationship 
between PLAC-Seq interacting partners across species is determined using liftOver. (B) 
Proportions of human query regions classified by conserved PLAC-Seq signals within their hits. 
Blue: EpiAlignment hits exhibit higher conserved PLAC-Seq signals. Orange: Sequence-only hits 
exhibit higher signals. Gray: two hits exhibit equal signals. (C) Venn diagram of conserved PLAC-
Seq interacting partners associated with EpiAlignment hits and Sequence-only hits. (D) 
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Normalized differences of conserved PLAC-Seq signals between EpiAlignment and Sequence-
only hits. (E) A human query region that shared stronger conserved PLAC-Seq interactions with 
its EpiAlignment hit than with the Sequence-only hit. Conserved PLAC-Seq interactions are 
shown in their human (upper) and mouse (lower) genomic contexts, with the interaction strength 
indicated by a red color scale. Orthologous interacting partners are labeled with 1 and 2. 

  



 114 

 

Figure 3.4 Comparison of EpiAlignment results and long-range RNA-chromatin 
interactions identified by iMARGI. 
(A) Demonstration of the comparison. RNA-chromatin interactions associated with query and hit 
regions are represented by blue arcs. In species 2, RNA attachments on EpiAlignment hits and 
Sequence-only hits are illustrated by solid and dashed arcs, respectively. RNA molecules are 
linked across species based on the homologous relationship of their genes. (B) Proportions of 
human query regions classified by conserved RNA attachments within their hits. Blue: 
EpiAlignment hits exhibit stronger conserved RNA attachments. Orange: Sequence-only hits 
exhibit stronger conserved attachments. Gray: two hits exhibit equal conserved attachments. (C) 
A human query region that shared more conserved RNA attachments with the EpiAlignment hit 
than with the Sequence-only hit. The DNA sides of iMARGI read pairs associated with conserved 
RNA attachments on the query and the hits are shown, labeled by the gene name of their RNA 
sides. RNAs attached on the EpiAlignment hit and Sequence-only hit in mouse are colored in blue 
and pink, respectively. 
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3.6 Supplementary Information 

3.6.1 Supplementary methods 

Identifying query regions with shifted shifts. 

Each query region was aligned using EpiAlignment for twice, with w = 0.05 and w = 0 

(Sequence-only alignment). We compared the locations of the two hits yielded in the two 

alignments, and kept the queries of which the two hits didn’t overlap. After that, EpiAlignment 

hits with SNRs of sequence-only alignment scores larger than 1.5 were further selected and 

mapped back to the human genome with w = 0.05. We considered an EpiAligment hit as 

“remappable to the original query” if the EpiAlignment score between them is no smaller than 85% 

of the highest EpiAlignment score achieved in the alignment. Only the remappable hits and their 

queries were included in the downstream analyses. 
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3.6.2 Supplementary figures 

 

Figure S3.1 Human query regions with different EpiAlignment hits and Sequence-only hits 
(shifted hits). 
(A) Genome-wide distribution of the human query regions with shifted hits in different tissues and 
cell lines. (B) An example of shifted hit identified in erythroid cells. Top: EpiAlignment and 
Sequence-only alignment scores along the target region. Solid arrow: EpiAlignment hit. Open 
arrow: Sequence-only hit. Bottom: genomic contexts of the query, EpiAlignment hit (blue) and 
Sequence-only hit (pink). 
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Figure S3.2 Distributions of sequence-only alignment scores.  
Mouse query regions with shifted hits in human were used to generate the distributions. In each 
panel, boxplots represent sequence alignment scores between mouse query regions and Sequence-
only hits (top), EpiAlignment hits (middle), as well as background scores (bottom). Background 
scores were generated using sequence alignment scores of arbitrary locations along the entire target 
regions. 
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3.6.3 Supplementary tables 

Table S3.1 ENCODE accession numbers of ChIP-Seq datasets used for EpiAlignment. 

Tissue / cell line 
ENCODE accession numbers 

Human Mouse 

Embryonic stem cell ENCSR880SUY ENCSR000CGQ 

Embryonic stomach ENCSR743DDX ENCSR316CNR 

Adult B-lymphocyte ENCSR000AKC ENCSR000CGJ 

Adult erythroid ENCSR000AKP ENCSR000CEV 

Adult kidney ENCSR438SPO ENCSR000CDG 

Adult liver ENCSR678LND ENCSR000CDH 

Adult small intestine ENCSR655XLM ENCSR000CCQ 

Adult spleen ENCSR726HTS ENCSR000CDJ 

Adult testis ENCSR136ZQZ ENCSR000CCU 
 
 
 
 

Table S3.2 Tissue-specific H3K27ac peaks identified with different extended lengths. 

Extended length 200 500 1000 

Non-overlapping genomic regions 166,880 135,411 112,063 

Tissue-specific H3K27ac peaks 103,672 78,024 60,610 

Percentage of tissue-specific H3K27ac peaks 62.1% 57.6% 54.1% 
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Table S3.3 H3K27ac-marked regions identified in different human tissue types and cell 
lines. 

Tissue / cell line 
Human 

H3K27ac-
marked regions 

Regions with 
non-

remappable 
sequences 

Regions with 
inconsistent 

H3K27ac 
signals 

Input regions 
for 

EpiAlignment 

Embryonic stem cell 61,809 19,542 15,393 44,367 

Embryonic stomach 86,952 18,524 15,164 57,614 

Adult B-lymphocyte 56,210 17,650 15,021 39,113 

Adult erythroid 51,531 16,676 19,852 32,539 

Adult kidney 53,837 10,855 35,106 29,571 

Adult liver 66,188 16,389 27,906 41,091 

Adult small intestine 55,024 14,262 33,470 30,749 

Adult spleen 111,127 35,447 11,280 83,241 

Adult testis 41,610 9,527 13,710 26,003 
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