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Abstract 
A major challenge in DNA methylome analysis is the accurate identification of differentially 

methylated regions (DMRs) in the genome. Accurate detection of DMRs is critical as localized 

changes in DNA methylation are observed in disease, development and various states of cellular 

stress. Furthermore, these changes are often associated with functionally important regions of the 

genome, including promoters and enhancers. Therefore, sensitive and specific identification of 

regions of the genome that exhibit differentially methylated states between different conditions 

among two or more groups of samples requires efficient, sensitive, and specific algorithms. 

Although various tools have been proposed to tackle this challenging problem, they are still largely 

limited in precision and accuracy. Most of the current DMR identification methods suffer from 

limitations such as inaccurate DMR boundary detection, a high volume of spurious DMRs, and an 

inability to identify DMRs in time series data. Additionally, the accuracy of DMR identification 

is often limited by missing methylation values in the samples. This thesis addresses the above 

limitations with the development of two new computational tools capable of sensitive and accurate 

identification of DMRs between two or more samples. The first tool involved the development of 

a DMR identification method named HOME that utilizes novel Histogram Of MEthylation based 

features that exploit the inherent difference in methylation between DMRs and non-DMRs to 

robustly discriminate between them using a support vector machine (SVM) classifier. The 

versatility of HOME was established by examining two distinct datasets of mammalian and plant 

data. The former was used to identify DNA methylation dynamics during intestinal stem cell (ISC) 

aging in mammalian data, while the latter was used to identify DMRs across Arabidopsis 

germination. In the stem cell aging study, we observed a strong association between 

hypermethylated DMRs in aged ISCs and the Wnt signaling pathway that is found to be 
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downregulated during aging. This indicates that the reduced canonical Wnt signaling input 

detected at a transcriptional level likely results from changes in the methylation status of the 

associated genes. Moreover, HOME identified many hypermethylated DMRs in aged ISCs in key 

transcription factor (TF) binding sites, potentially controlling the majority of the age-specific ISC 

TF network. This finding signifies the association of DNA methylation with key TFs in aged ISCs.  

The plant germination methylome analysis illustrated the added functionality of HOME as a tool 

for identifying DMRs across time-course datasets. HOME identified many DMRs, predominantly 

in the CHH context, as the seed epigenome transitioned from an embryo-like state to a vegetative 

seedling state. Closer investigation of these DMRs, along with an analysis of small RNAs, suggests 

passive DNA demethylation by the RNA-directed DNA methylation (RdDM) pathway during 

germination and post-germination. Moreover, combined analysis of identified DMRs and TFs 

supports the hypothesis that many new TF binding sites are generated during vegetative growth. 

The second tool involved the development of an algorithm named DeepMpute for the imputation 

of missing methylation values using a convolutional neural network. The results demonstrate that 

the imputation of missing methylation information before DMR identification, especially in 

shallow sequenced methylomes, can help in the identification of accurate DMRs. Taken together, 

the broad applicability of these newly developed computational methods to identify accurate and 

biologically significant DMRs for a wide range of organisms, among multiple groups and/or time 

points, will have a significant impact upon expanding our knowledge of how DNA methylation 

dynamics affect cell development, differentiation and disease states. 
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1Chapter 1 

Introduction 

1.1 The epigenome 

Multicellular organisms are typically composed of numerous different cell types, which generally 

contain the same genome sequence, but carry out distinct functions based on differential usage of 

subsets of the genomic information. This prompts the question of how each cell type controls the 

differential usage of genetic information to generate functionally distinct cellular activities. 

Covalent modifications of DNA or the histone proteins around which DNA is wrapped constitute 

additional layers of information that can control the cellular utilization of the underlying DNA 

sequence. These covalent marks are generally referred to as “epigenetic” modifications, and the 

state of these modifications throughout the genome is called the “epigenome”. Distinct epigenomic 

landscapes are critical in mediating the highly distinct transcriptional patterns and therefore 

functional and morphological features observed between different cell types, such as neurons and 

cardiomyocytes. Both cell types contain the same genome, but display vastly differential patterns 

of gene expression, resulting in a differential output of the genome that contributes to the 

generation of functionally distinct cell types (Barrero, et al., 2010; Bogdanovic and Lister, 2017; 

Boland, et al., 2014; Perino and Veenstra, 2016; Smith and Meissner, 2013).  

A modern definition of epigenetics has been given by Bird (2007), who described it as a 

“structural adaptation of chromosome regions to register, signal or perpetuate altered states of gene 

expression” (Bird, 2007). Epigenetic marks such as DNA methylation and histone post-

translational modifications (methylation, acetylation and ubiquitination, among others) can alter 

chromatin compaction, which in turn has the potential to regulate gene expression (Ehrenhofer-
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Murray, 2004). Cytosine DNA methylation, which involves the direct chemical modification of 

DNA by the covalent addition of a methyl group at the 5th-carbon of the cytosine ring to form 5-

methylcytosine (5mC) (Bird, 2002), and referred to as DNA methylation hereafter, is a highly 

abundant epigenomic mark and is the main focus of this thesis.  

1.2 Roles of DNA methylation in genome regulation 

DNA methylation is catalysed by a family of DNA methyltransferases (DNMTs) that utilize S-

adenylmethionine (SAM) as the methyl donor (Li and Zhang, 2014). Mammals have five known 

DNMTs: DNMT1, DNMT3A/B, DNMT3L, and a recently discovered DNMT3C in rodents 

(Barau, et al., 2016). DNMT1 plays an important role in maintaining DNA methylation patterns 

during DNA replication and methylates hemimethylated sites at newly synthesized DNA (Goll 

and Bestor, 2005; Jeltsch, 2006). This maintenance of DNA methylation patterns by DNMT1 

makes DNA methylation potentially stable and heritable through multiple cell divisions. 

DNMT3A/B are responsible for de novo methylation of unmethylated DNA and are known to be 

important for genome regulation and development (Chen and Li, 2004; Okano, et al., 1999). 

Recently, a previously known pseudogene, DNMT3C, was functionally characterized in the rodent 

genome (Barau, et al., 2016). DNMT3C evolved via duplication of DNMT3B and it selectively 

methylates the promoters of evolutionarily young retrotransposons in the male germ line (Barau, 

et al., 2016). DNMT3L has no active methyltransferase domain but functions as a regulator of 

DNMT3A and DNMT3B (Bourc'his, et al., 2001; Hata, et al., 2002). However, in contrast to the 

above mentioned functional division of DNMTs into maintenance vs de novo methylation 

machinery, many studies have shown the overlap and cross talk between DNMT functions (Egger, 

et al., 2006; Gagliardi, et al., 2018; Hervouet, et al., 2018; Riggs and Xiong, 2004). In plants, there 
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are three well characterised DNA methyltransferases: Methyltransferase 1 (MET1), 

Chromomethylase 2 and 3 (CMT2/3) and Domains Rearranged Methyltransferase 2 (DRM2) 

(Finnegan and Kovac, 2000). MET1 is equivalent to mammalian DNMT1, being responsible for 

maintenance of DNA methylation at CG dinucleotides after genome replication. CMT2/3 are 

known to maintain DNA methylation in non-CG sequence contexts (CHG and CHH) (Law and 

Jacobsen, 2010; Stroud, et al., 2014; Zemach, et al., 2013). The de novo DNA methylation activity 

in plants is controlled by the RNA directed DNA methylation (RdDM) pathway and involves 

DRM2, PolIV and PolV dependent non-coding RNAs, small interfering RNA (siRNAs), and 

chromatin modifications (He, et al., 2011; Law and Jacobsen, 2010; Matzke and Mosher, 2014). 

DRM2 can establish de novo methylation at cytosines in both CG and non-CG contexts (Cao and 

Jacobsen, 2002; Law and Jacobsen, 2010). 

The deposition of methyl groups can regulate gene expression both directly and indirectly. 

The state of DNA methylation can both positively or negatively influence the binding of 

transcription factors (TFs) to the DNA, and thus can directly influence transcription (Hughes and 

Lambert, 2017; Yin, et al., 2017). In general, the TFs that prefer binding to methylated cytosine 

are involved in developmental processes such as embryo and organ development, whereas, the TFs 

inhibited by DNA methylation are involved in cell proliferation and differentiation (Yin, et al., 

2017). In addition, DNA methylation can indirectly promote the binding of specific methyl-CG 

binding domain (MBD) proteins that in turn recruit co-repressor molecules to alter chromatin state 

and silence transcription. Briefly, MBD proteins initiate recruitment of the associated nucleosome 

remodeling and deacetylase (NuRD) complex. The recruited histone deacetylase removes acetyl 

groups from acetylated histone tails and causes chromatin condensation and packaging of DNA 

into a structure that is inaccessible to transcription factors and machinery (Bird, 2002; Cramer, et 
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al., 2017; Jamaluddin, et al., 2007; Klose and Bird, 2006). Thus, it has been suggested that the 

cross-talk between histone modifications and DNA methylation may contribute to the 

compartmentalization of the genome into transcriptionally active (Euchromatin) and inactive 

regions (Heterochromatin). Moreover, these two chromatin states relies on the complex interplay 

between many epigenetic factors, including histone modifications, DNA methylation, and the 

incorporation of histone variants (Coleman-Derr and Zilberman, 2012; Vaissiere, et al., 2008). 

Furthermore, DNA methylation has been found to play major roles during development, in 

establishing the correct gene expression profile for cellular differentiation, as well as suppression 

of transposable elements, embryogenesis, X-inactivation, genomic imprinting and tumorigenesis 

(Bender, 2004; Bird, 2002; Messerschmidt, et al., 2014; Reik, 2007; Suelves, et al., 2016; 

Zamudio, et al., 2015; Zhang and Xu, 2017). 

Changes in DNA methylation can lead to the pathogenesis of several human diseases, 

including cancer (Klutstein, et al., 2016; Koch, et al., 2018; Reik, 2007). Cancers are characterized 

by a global loss of DNA methylation (hypomethylation) at intergenic regions and gene bodies. 

Additionally, this global hypomethylation is coupled with de novo methylation (hypermethylation) 

at promoter regions, which can cause inappropriate repression of transcription (Berdasco and 

Esteller, 2010; Kelly, et al., 2010). Consequently, the growing examination and understanding of 

DNA methylation and its role in various diseases is very important. However, analysis of DNA 

methylation presents various challenges, as the modification is highly dynamic in space and time 

(Farlik, et al., 2016; Jones, 2012; Lister, et al., 2013; Roadmap Epigenomics, et al., 2015; Schultz, 

et al., 2015). 
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1.3 DNA methylation dynamics and complexity 

DNA methylation displays a diversity of distribution patterns in different organisms such as plants 

and animals. In plants, DNA methylation exists in all three cytosine sequence contexts: symmetric 

(methylated on both DNA strands) CG and CHG methylation (where H = A, C, or T), and 

asymmetric (methylated on only one DNA strand)  CHH methylation (Henderson and Jacobsen, 

2007). In animals, DNA methylation is generally found in the symmetric CG context, however 

non-CG methylation (CHG, CHH) has been found to be prevalent in embryonic and pluripotent 

stem cells, brain and relatively low level in other human tissues such as lung, spleen, esophagus 

etc (Lister, et al., 2013; Lister, et al., 2009; Schultz, et al., 2015; Ziller, et al., 2011). Moreover, the 

distribution of CGs is not uniform across the genome. For example, the mammalian genome is 

mostly depleted of CGs, occurring at only ~20% of the expected frequency (Bestor, et al., 2015; 

Jones, 2012). Intergenic sequences, introns, and 3’UTRs are depleted in CGs, whereas coding 

exons display a high density of CGs (Louie, et al., 2003). Promoter regions display a bimodal 

distribution of CGs, and are classified as CG-rich and CG-poor promoters (Bestor, et al., 2015). 

Enhancer regions exhibit very low CG density compared to other genomic regions and are 

commonly marked by levels of 5mC ranging from 10 to 50% (Bestor, et al., 2015; Luo, et al., 

2018; Stadler, et al., 2011). Furthermore, in both plants and animals, the centromeric and 

pericentromeric regions of chromosomes, as well as other repetitive regions, are heavily 

methylated (Zhang, et al., 2006). In contrast, promoter regions of actively expressed genes mostly 

lack DNA methylation (Weber and Schubeler, 2007; Zhang, et al., 2006). Gene-body DNA 

methylation and expression levels are shown to be non-monotonic and bell-shaped; mid-level 

expressed genes have the highest levels of gene-body methylation, whereas low and high 
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expressed genes both have low levels of methylation (Cokus, et al., 2008; Jjingo, et al., 2012; 

Lister, et al., 2008; Zhang, et al., 2006; Zilberman, et al., 2007). 

 DNA methylation patterns also vary within similar cell types, during development and 

cellular differentiation. For example, widespread differences in DNA methylation patterns have 

been observed between neuron subtypes and is shown to be associated with their function and 

development (Luo, et al., 2017; Mo, et al., 2015). These differences in DNA methylation at global 

scale between the neuronal cell is observed to be more prevalent in a non-CG context (Kozlenkov, 

et al., 2016; Luo, et al., 2017; Mo, et al., 2015; Yao, et al., 2016). Apart from the global methylation 

level changes, myriad localized changes in DNA methylation patterns have been observed between 

distinct cell types (Mo, et al., 2015; Stadler, et al., 2011). In a global survey of the mouse 

methylome, Stadler et.al. observed three distinct classes of DNA methylation states: fully 

methylated regions (FMRs), unmethylated regions (UMRs), and low-methylated regions (LMRs). 

According to this study, most of the mouse genome was found to be FMRs, consistent with the 

fact that the majority of the CGs in the mammalian genome are methylated (Stadler, et al., 2011). 

Unmethylated CG islands (CGIs) were identified as UMRs, and interestingly LMRs showed very 

distinct characteristics from CGIs, such as lower CG density, shorter length, and were found to 

frequently be located upstream of transcription start site (TSS) (Stadler, et al., 2011). LMRs were 

found to be evolutionarily conserved, and many were found to be active enhancers. Moreover, 

these LMRs were observed to be highly dynamic during differentiation and result from TF binding 

(Stadler, et al., 2011). Similarly, localized hypomethylation patterns, in neurons and other cell 

types, have been shown to strongly associated with transcription factor binding and enhancer 

activation (Baubec, et al., 2013; Luo, et al., 2017; Mo, et al., 2015). The localized methylation 

level differences observed between cell types and various conditions and are referred to as 
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differentially methylated regions (DMRs). DMRs are often located at important regulatory regions 

such as promoters and enhancers (Mo, et al., 2015; Stadler, et al., 2011). Furthermore, DMRs are 

often found to be associated with chromatin accessibility (Mo, et al., 2015). DNA methylation 

patterns also change extensively during mammalian development. The genome undergoes two 

waves of global demethylation during mammalian life cycle, occurring during germ cell 

development and early embryogenesis (Messerschmidt, et al., 2014; Zeng and Chen, 2019). The 

dynamic remodeling of DNA methylation during mammalian development is important to reset 

the life cycle for the new generation (Messerschmidt, et al., 2014; Zeng and Chen, 2019). 

Furthermore, a global reduction in methylation level is often observed during cellular 

differentiation (Lee, et al., 2014; Suelves, et al., 2016). Interestingly, the comparison of the 

methylomes of differentiated and undifferentiated cell lines at the regional level have identified 

many DMRs that display an increase in methylation during differentiation (Laurent, et al., 2010; 

Lister, et al., 2009; Suelves, et al., 2016). These DMRs are found to be associated with important 

regulatory factors and are associated with genes involved in pluripotency and development 

(Laurent, et al., 2010; Lister, et al., 2009; Suelves, et al., 2016). 

1.4 Importance of DMR identification 

As highlighted above, DMRs are often associated with cis-regulatory regions such as promoters 

and enhancers and can be used to gain insights into spatiotemporal regulation of gene expression. 

TF binding often enhances chromatin accessibility and is generally associated with decreased 

regional DNA methylation level (Mo, et al., 2015; Thurman, et al., 2012). The coordinated analysis 

of TF binding and DMRs can help in putative identification of genomic regions that play an 

important role in genome regulation. Furthermore, the strong association between chromatin 
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accessibility and DNA methylation can be used to develop accurate DMR identification tools (See 

Chapter 2). Thousands of DMRs were observed during most conserved phylotypic stages of 

embryonic development and were found to be associated with developmental hypo-methylation 

(Bogdanovic, et al., 2016). Combined study of these DMRs and chromatin marks identified these 

DMRs as developmentally activated enhancers (Bogdanovic, et al., 2016). Hon et. al. identified 

many tissue specific DMRs in adult mouse tissues, most of which were found in distal cis-

regulatory elements and marked enhancers that were dormant in adult tissues but active in 

embryonic development (Hon, et al., 2013). Similarly, a recent study by Jadhav et. al. showed that 

enhancers that are active only during development and are often undetectable by accessible 

chromatin or modified histones can be identified by the presence of hypomethylated DNA alone 

(Jadhav, et al., 2019). As mentioned above, DNMT1 faithfully copies DNA methylation marks to 

the newly synthesized strand during the cell cycle and therefore the hypomethylated DNA state is 

stably preserved from embryonic tissues to adult organs. This hypomethylated DNA can therefore 

be used to gain insight into the tissue-specific developmental enhancers (Jadhav, et al., 2019). 

Thus, DMR identification can inform about the regulatory programs taking place in the cell state, 

and likely also the history of regulatory events that have occurred during the differentiation, 

development, and maturation to get to that cell state (Hon, et al., 2013; Jadhav, et al., 2019). 

Moreover, accurate identification of DNA methylation can help in decoding enhancer activity and 

chromatin accessibility states from DNA alone, in cases where, for example, the cells are dead and 

chromatin is disrupted, as will be the case in many post-mortem or biobanked samples (Piao, et 

al., 2017; Wiench, et al., 2011).  

Furthermore, changes in DNA methylation are implicated in a number of diseases 

including various cancers (Weber, et al., 2005), autoimmune diseases (Jeffries, et al., 2011), and 
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developmental disorders (Sparago, et al., 2004). Thus, DMRs can not only serve as potential 

biomarkers but may also be targets for epigenetic therapy (Li, et al., 2017; Zhao, et al., 2014). 

Clearly, DMRs are associated with functionally relevant regions of the genome, hence robust 

approaches to identify them from genome level data are critical for the investigation of their 

dynamics and potential functional roles. 

1.5 Genome-wide profiling of DNA methylation 

1.5.1 Experimental methods  

DNA methylation identification requires methylation dependent pretreatment of DNA such as 

enzyme digestion, affinity enrichment, or bisulfite conversion, to distinguish between methylated 

and unmethylated cytosines (Laird, 2010). For the enzyme digestion method, methylation sensitive 

restriction enzymes such as HpaII and SmaI are used, which are unable to cut methylated DNA, 

and hence the enzymatic digestion patterns can provide a read-out of DNA methylation (Laird, 

2010; McClelland, 1981). Additionally, methylation dependent restriction enzymes, which require 

methylated cytosines for cleavage can also be used for DNA methylation identification (Rand, et 

al., 2013). These enzyme digestion methods are cost effective and easy-to-use but are limited by 

enzyme recognition sites and methylation sensitive enzymes are prone to false-positive results 

caused by incomplete digestion (Laird, 2010). An alternative method for DNA methylation 

identification is affinity enrichment, where the DNA is fragmented and immunoprecipitated with 

a methylation specific antibody or methyl-binding proteins (Brinkman, et al., 2010; Weber, et al., 

2005). This technique is referred as Methylated DNA immunoprecipitation (MeDIP) and the 

methylation enriched DNA fragments can subsequently be analyzed by PCR for locus-specific 

studies or by microarrays (MeDIP-chip) and massively parallel sequencing (MeDIP-seq) for whole 
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genome studies. Such protocols are fast, cost effective and require only a small amount of DNA 

starting material. However, the major limitation of affinity enrichment methods is that they do not 

provide single-base resolution detection of DNA methylation, as more than a single methylated 

cytosine is required for binding. Consequently, unmethylated regions cannot be distinguished from 

non-covered regions (Harris, et al., 2010). 

A major breakthrough for the single-base resolution detection of DNA methylation was the 

development of the bisulfite conversion method (Frommer, et al., 1992). This method involves the 

use of sodium bisulfite to convert cytosines, but not methyl cytosines into uracil, with the 

subsequent PCR amplification of the bisulfite treated DNA replacing the uracil with thymine. 

Thereafter, comparison of the converted sequence with the original sequence can provide single-

base resolution information about cytosine methylation patterns. The two widely used bisulfite 

conversion-based techniques for high coverage of genome-wide DNA methylation patterns 

include reduced representation bisulfite sequencing (RRBS) (Meissner, et al., 2005) and whole-

genome bisulfite sequencing (WGBS) (Cokus, et al., 2008; Lister, et al., 2008). RRBS employs 

restriction enzymes such as MspI which cuts at CG sites and is insensitive to CG methylation for 

digestion of DNA prior to adaptor ligation and the bisulfite conversion step, to enrich for CG rich 

regions in the genome. RRBS is cost effective and provides highly accurate methylation 

information of CG-dense regions such as CGIs. On the downside, RRBS shows very low coverage 

in CG-poor regions and does not interrogate CG-deficient regions which are often lowly 

methylated regions in the genome such as functional enhancers, intronic regions and intergenic 

regions (Wreczycka, et al., 2017). WGBS, on the other hand, provides comprehensive detection at 

single-base resolution of DNA methylation sites and is often considered as a “gold standard” for 

assaying DNA methylation. In WGBS, the genomic DNA is first randomly fragmented to 200 bp. 



Chapter 1 

11 
 

The sequencing library is then prepared by ligating the DNA fragments to methylated universal 

adaptors before or after treatment with sodium bisulfite. Thereafter, the library is PCR amplified 

followed by high-throughput sequencing. To gain insights into regions outside CGIs, targeted 

approaches such as RRBS and MeDIP-seq are often insufficient, and WGBS is required for 

comprehensive coverage of the genome (Yong, et al., 2016). WGBS provides the ability to assess 

the methylation state of almost all CG sites, including regions with low CG density such as 

partially methylated regions, distal regulatory elements, and gene deserts (Yong, et al., 2016). Due 

to the ability of WGBS to provide single base resolution, it can help in accurate identification of 

DMR boundaries. Moreover, it can be used to identify global methylation level changes and the 

exact methylation sequence context (e.g. CG, CHG, or CHH). WGBS was first performed on the 

Arabidopsis genome, allowing the first characterization of the methylation level and context at 

single base resolution throughout an entire genome (Cokus, et al., 2008; Lister, et al., 2008). These 

studies also identified genes with promoter methylation, methylation patterns at repetitive 

sequences, enzymes involved in CG, CHG and CHH methylation, and local sequence effect on 

methylation state (Cokus, et al., 2008; Lister, et al., 2008). Since then, WGBS has been used for 

profiling the methylome of a wide variety of organisms to explore the landscapes and dynamics of 

DNA methylation more broadly throughout different species (e.g. plants, algae, fungi, insects and 

vertebrates) (Bewick, et al., 2017; de Mendoza; Law and Jacobsen, 2010), as well as by major 

epigenome consortia, such as NIH Epigenome Roadmap, ENCODE, and Blueprint (Adams, et al., 

2012; Bernstein, et al., 2010; Consortium, 2012; Gent, et al., 2013; Hsieh, et al., 2009; Lister and 

Ecker, 2009; Lister, et al., 2013; Lister, et al., 2009; Payelleville, et al., 2018). Moreover, WGBS 

has been used to provide novel insights into relatively uncharted regions of the epigenome, such 

as enhancers and transposable elements, to study the impact of genetic variation on DNA 
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methylation, and to study epigenome reprogramming of induced pluripotent stem cells and germ 

line epigenome reprogramming in plants and animals (Heyn, et al., 2016; Lister, et al., 2011; 

Schmitz, et al., 2013; Stuart, et al., 2016). However, the analysis of WGBS data is challenging and 

requires various preprocessing and processing steps, as described below. 

1.5.2 Computational methods 

The high-throughput sequencing of bisulfite converted DNA produces vast quantities (millions to 

billions) of short-read sequences that require processing using computational methods. Accurate 

estimation of DNA methylation at the single nucleotide level is essential for precise DMR 

identification and correct biological interpretation. Several intrinsic technical biases are present in 

bisulfite sequencing that need to be addressed, such as incomplete bisulfite conversion of DNA, 

PCR duplicates within the library, overhang end-repair, and low base quality reads (Laird, 2010). 

Therefore, several steps are required for WGBS data processing, as described below, to ensure 

successful bisulfite conversion of DNA, testing for contamination and assessment of base sequence 

quality: 

1) Preprocessing: Preprocessing of WGBS data involves adapter trimming and removal of 

low base quality reads which may impact methylation level estimation. These basic quality 

checks can be done using tools such as FASTQC (Andrews, 2010) followed by removal of 

low quality bases on sequence ends and adapter trimming using trimming programs such 

as Trim Galore (Krueger, 2015) and Trimmomatric (Bolger, et al., 2014). 

2) Alignment: After preprocessing, the reads are aligned to a reference genome in order to 

identify the methylation level at any particular cytosine in the genome. Alignment of reads 

generated from bisulfite converted libraries is a challenging task, as they show a different 

base distribution consisting of a relatively small fraction of Cs compared to the other three 
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nucleotides (A, T, G). Therefore, specific analysis strategies have been developed for 

handling this unbalanced base composition. The two main types of algorithms for handling 

the alignment of bisulfite sequencing reads include wildcard and three-letter aligners 

(Bock, 2012). The wildcard aligners such as BSMAP (Xi and Li, 2009) and GSNAP (Wu 

and Nacu, 2010) allow bisulfite mismatches by replacing Cs in the reference genome with 

the wildcard Y nucleotide, which matches both Cs and Ts in the read. Other wildcard 

aligners such as Last (Frith, et al., 2012) use a modified alignment scoring matrix that can 

tolerate C-T mismatches. On the other hand, three-letter aligners such as BS-Seeker2 

(Krueger and Andrews, 2011) and Bismark (Chen, et al., 2010) carry out mapping of only 

a three-letter alphabet (A, G and T) by converting all Cs into Ts on both the reference 

genome and the bisulfite-converted reads. Thereafter, three-letter aligners use conventional 

aligners such as Bowtie (Langmead, et al., 2009), Bowtie2 (Langmead and Salzberg, 2012) 

and BWA (Li and Durbin, 2010) for mapping. 

3) PCR duplicate removal and methylation calling: Following read alignment, PCR 

duplicates should be removed, as these duplicates generated due to PCR amplification bias 

may cause an error in the downstream analysis. A simple way to remove PCR duplicates 

is by removing reads that have identical mapping positions. This can be done using the 

“samtools rmdup” command or the “MarkDuplicates” tool in Picard. Thereafter, DNA 

methylation is estimated by counting the number of methylated and unmethylated bases in 

reads mapped to the reference genome. DNA methylation calling can be done using the 

“methylation_extractor” script from Bismark or the “call_methylation” script provided in 

BS-Seeker2. Moreover, molecular barcodes, referred to as Unique Molecular Identifiers 

(UMIs), can also be used to identify PCR duplicates in high throughput sequencing (Islam, 
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et al., 2014; Kivioja, et al., 2011). By inserting UMIs during library preparation prior to 

the PCR amplification step, PCR duplicates can be identified as they will have both 

identical mapping position and the same UMI (Smith, et al., 2017).  

4) Post quality control after methylation calling: Quality should be assessed post 

methylation call. Any methylation biases present along the read length can be checked by 

a methylation bias plot produced by Bismark methylation extractor. Furthermore, the 

bisulfite non-conversion rate should also be estimated to avoid false-positive results due to 

the interpretation of the unconverted unmethylated cytosines as methylated. This can be 

done by adding spike-in sequences with a known unmethylated sequence (e.g. lambda 

phage or PhiX genome) to the library prior to bisulfite treatment. Thus, the bisulfite non-

conversion rate can be estimated by calculating the total percentage of unmethylated 

sequences with C reads. For a good quality experiment, the typical non-conversion rate 

should be < 2%. 

Once the methylation calling is complete the next step is usually to locate DMRs between two or 

multiple samples. Because of the aforementioned reasons (section: 1.4 Importance of DMR 

identification) investigating differential methylation is usually one of the primary goals of bisulfite 

sequencing and is the main focus of the computational developments and applications described 

within this thesis. 

1.6 DMR identification 

Accurate identification of DMRs between groups is a challenging task, as four main characteristics 

need to be considered. 
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1) Spatial correlation: Previous studies have shown that DNA methylation levels of 

neighboring cytosines show strong spatial correlation (Lister, et al., 2009; Stadler, et al., 

2011). Therefore, leveraging the information from neighboring CG sites can improve DMR 

identification and can also reduce sequencing coverage requirements. Moreover, as the CG 

sites are not evenly distributed in the genome, it is also important to consider their relative 

distance while adjusting for spatial correlation. 

2) Sequencing depth: Sequencing depth refers to the total read coverage at a particular CG 

site and is directly related to the confidence in the accuracy of the methylation level 

measurement at that CG site. Therefore, it is crucial that DMR identification methods take 

sequencing depth into account. 

3) Biological variation: To identify significant DMRs between groups, it is necessary to 

account for the biological variability present within samples of the same group. This can 

be challenging especially for small group sizes. Ignoring biological variability can lead to 

high false-positives in DMR identification. 

4) Size variability: The size of a DMR may vary from a few bases to thousands of bases 

(Bock, 2012; Sun, et al., 2014; Wen, et al., 2016). It is therefore important to develop an 

algorithm that accurately predicts DMR boundaries for a wide range of differently sized 

DMR regions, as well as different density/sparsity of DNA methylation that can be 

encountered, for example between DNA methylation context (CG vs CH) or between 

species (e.g. vertebrates versus invertebrates). 

Currently, there are several methods available that attempt to account for these characteristics, but 

suffer from various limitations, as described below. 
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1.7 Limitations with current DMR identification tools 

As recent advances in sequencing technologies have enabled the measurement of DNA 

methylation at single nucleotide resolution throughout almost the entire genome, several 

computational tools have been developed for the identification of DMRs. These algorithms can be 

categorized based on the concept used: 

1) Logistic regression: Methods such as Methylkit (Akalin, et al., 2012) models differences 

in methylation level at a given base/region using logistic regression when biological 

replicates are available. In the absence of a biological replicate, it uses the Fisher Exact test 

with p-values being corrected using a sliding linear model or false discovery rate (FDR) 

based method. Since, Methylkit mainly focuses on identifying differentially methylated 

cytosines (DMCs) in bisulfite sequencing data, another extended version of Methylkit was 

developed specifically to find DMRs, named eDMR (Li, et al., 2013). eDMR uses bimodal 

normal distribution to model the gap between two neighboring cytosines. Thereafter, it 

estimates the DMR boundaries using a weighted cost function. However, both methylkit 

and eDMR apply logistic regression model on all replicates of a group together and 

therefore do not consider biological variation present between the replicates (Klein and 

Hebestreit, 2016). Failure to account for inherent biological variability between replicates 

will overestimate the methylation level difference presents between the compared groups, 

leading to a high false positive rate (Robinson, et al., 2014; Shafi, et al., 2017).  

2) Smoothing: Smoothing based methods such as BSmooth (Hansen, et al., 2012) considers 

the spatial correlation present between neighboring CG sites and uses local averaging to 

estimate methylation levels. BSmooth first performs local likelihood smoothing over a 

fixed window across the genome of a single sample. Thereafter, it uses signal-to-noise 
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statistics to find DMCs between two groups. Finally, the DMCs are merged together based 

on criteria such as maximum distance between consecutive CG sites, minimum number of 

CG sites and a selected cut off based on the signal-to-noise statistics. Consequently, 

BSmooth takes biological variability into account and reduces the requirement for high 

sequencing coverage by employing these smoothing techniques. However, BSmooth also 

requires biological replicates and is therefore not applicable to single replicate datasets, 

which are still often produced given the high cost of the WGBS assay. Additionally, 

smoothing based methods have a major drawback in that they are not able to detect sharp 

changes in methylation level, which are frequently encountered for example at enhancers 

and transcription factor binding sites (Shafi, et al., 2017). Moreover, the large window size 

used for smoothing can be disadvantageous for accurate identification of DMRs in 

genomes where methylation levels fluctuate over short regions and for genomes which 

show sparse methylation patterns such as plants and invertebrates (Huh, et al., 2017).  

3) Beta-binomial: A considerable number of beta-binomial based methods have been 

developed for identifying DMRs, such as MOABS (Sun, et al., 2014), RADMeth 

(Dolzhenko and Smith, 2014), DSS (Feng, et al., 2014; Park and Wu, 2016; Wu, et al., 

2015) and GetisDMR (Wen, et al., 2016). Broadly, the beta-binomial approach models the 

binomial nature of methylation data (methylated or unmethylated) while considering both 

sequencing and biological variance. The sequencing variance is captured by binomial 

distribution and biological variance is captured by beta distribution. The beta distribution 

is parameterized by both the group mean (average methylation level of all samples in a 

group) and a dispersion parameter that captures variability in methylation level relative to 

the group mean. Although all four tools mentioned above use beta-binomial based 
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methods, they each differ in the way they specifically identify DMRs. For example, DSS 

uses a Wald test to identify DMCs, which are grouped into DMRs based on user-defined 

thresholds such as P-value cutoff, merge distance between neighboring cytosines, a 

minimum number of cytosines, and the length of DMRs. Conversely, MOABS determines 

DMCs using a metric called “credible methylation difference” which incorporates both the 

biological and statistical significance of a methylation level difference. Thereafter, DMCs 

are grouped into DMRs using the Hidden Markov Model (HMM). RADMeth on the other 

hand uses a log-likelihood ratio test to identify DMCs, which are combined into DMRs 

based on a weighted Z-test. Finally, GetisDMR uses a local Getis-Ord statistic which 

utilizes Z-scores from neighboring cytosines to identify DMRs. The main limitation of 

beta-binomial based methods described above is that they do not account for spatial 

correlation present between CG sites (Shafi, et al., 2017). As mentioned above, methylated 

CG sites tends to occur in clusters (Stadler, et al., 2011), and therefore algorithms that take 

into account the spatial correlation present between the neighboring CGs will be more 

efficient and accurate (Eckhardt, et al., 2006; Shafi, et al., 2017). 

4) Binary segmentation: Methods such as Metilene (Juhling, et al., 2016) use a circular 

binary segmentation approach to identify DMRs where the genome is first pre-segmented 

into sub-segments based on available methylation information. The pre-segmented regions 

are then recursively scanned and further segmented based on the mean methylation 

difference. The segmentation is terminated when there is either no improvement in the 

statistical test or when a segment has fewer CGs than a defined threshold. This dependence 

on user-defined segment size is the main limitation of Metilene, as it can lead to high false-

positive or false-negative results (Shafi, et al., 2017). Moreover, similar to other methods, 
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it does not take into account the spatial correlation present between CG sites (Shafi, et al., 

2017). 

5) Machine Learning: One of the most widely used machine learning algorithms for 

identifying DMRs is the HMM. HMM is an algorithm used for representing probability 

distributions over a sequence of observations (output) that are associated with unobserved 

(hidden) states. The state is not directly visible, but the output, dependent on the state, is 

visible. The hidden states and the output sequence are connected by emission probabilities. 

The transition probabilities represent the probability of transition from one state to other 

state. In essence, HMM is used when we know the sequence of observations or output but 

do not know the underlying sequence of states or input that generated it. As in the case of 

DMR detection, we know the methylation level at each cytosine but we do not know the 

underlying methylation state (hypermethylated, hypomethylated, or no change) and 

therefore the HMM is a natural method to consider. In this case, the transition probability 

models the distance distribution between neighboring cytosines and the emission 

probability represents the likelihood of cytosine being differentially methylated or not. 

DMR identification tools such as COMET (Saito, et al., 2014), HMM-Fisher (Sun and Yu, 

2016) and HMM-DM (Yu and Sun, 2016) are based on HMM. Specifically, COMET 

divides methylation states into three categories based on the direction of differential 

methylation: UP (hypermethylation), DOWN (hypomethylation) or no change. The DMRs 

themselves are called using a dynamic programming algorithm. The limitation of COMET 

is that it pools the samples/replicates of a group together for DMR calling and therefore 

does not consider biological variability, which may lead to high false-positive results. Like 

COMET, HMM-DM also divides methylation states into three categories, Hyper 
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(hypermethylated), Hypo (hypomethylated), or EM (equally methylated). HMM-DM uses 

first-order HMM, which assumes that the transition probability between states depends 

only on the immediately preceding state. The DMCs are modeled using the Markov chain 

Monte Carlo (MCMC) method and then grouped into DMRs based on user-defined 

thresholds. HMM-Fisher on the other hand, estimates three methylation states: N (Not 

methylated), P (Partly methylated), or F (Fully methylated). The DMCs are identified using 

Fisher’s exact test, which are then grouped into DMRs if the distance between consecutive 

cytosines is <100bp. 

All the methods based on HMM discussed above either use user-defined thresholds for 

identification of DMRs or use a transition probability assumption that is prone to producing 

false positive DMRs (Gong and Purdom, 2019). Moreover, they use unsupervised learning 

for parameter estimation of emission probability. For example, COMET utilizes beta-

binomial mixture model and expectation-maximization for learning the parameters of the 

model. HMM-Fisher uses truncated normal distribution and empirical estimation for 

learning the parameters. HMM-DM use beta-binomial model and Bayesian method for 

parameter estimation. However, several studies over the past have shown that the use of 

supervised learning algorithms such as Support Vector Machines (SVM) can substantially 

improve the performance of the machine learning task (A. Castellani, 2004; Du, et al., 

2006). The use of labelled training data, derived from reliable ground-truth datasets, can 

guide the learning process and therefore can make more accurate predictions than an 

unsupervised approach. In this thesis, I will explore the use of supervised learning methods, 

with particular focus on SVM, for the DMR identification problem. SVM provides a 

promising approach for the sensitive identification of DMRs, as identifying regions of 
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differential methylation within genomic data can be considered as a classification problem 

in machine learning. SVM is based on statistical learning theory and is widely used in 

classification problems (Cortes, 1995). In order to separate the two classes (for example, 

DMR and non-DMR), SVM seeks to find an optimal boundary (or hyperplane) between 

the data points in the two classes. It constructs a hyperplane or set of hyperplanes in a high- 

or infinite-dimensional space and then maximizes the margin around separating 

hyperplanes. The decision function is fully specified by a subset of closest training data 

points called the support vectors (Figure 1.1).  

Given training data (xi, yi) for i = 1...N, with xi belongs to Rd and yi belongs to {-1,1}, 

where xi belongs to d dimensional real vector and yi are the labels i.e. either 1 or -1. 

Hyperplane is defined by: 

 f (xi) = <w, xi> + b 

Where, w is the weight vector and b is the bias. 

The goal is to learn a classifier f (x) such that 

 f (xi) { ≥ 0 yi = +1  

< 0 yi = -1} 

The objective of training an SVM model is to find w and b that maximize the margin of 

separation between data points (Figure 1.1). 
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Figure 1.1: Support Vector Machine. The decision boundary (or separating 

hyperplane) is shown in red, the support vectors are the points that are indicated with 

circles, and the margin is the region between the two blue lines. Slack variables ξ are >0 

for points that are on the incorrect side of their margin boundary, and zero otherwise. y 

is the decision value, where the sign of y indicates the class that is predicted. Source: 

(Bishop, 2006). 

 

Like any other supervised learning approach, the efficacy of SVM is dependent upon the quality 

and composition of the training set used to train the SVM model. Moreover, feature design and 

selection also play a critical role in the accuracy of the SVM model. Therefore, the efficient feature 

selection and design along with high quality training data is necessary for accurate identification 

of DMRs, and is a key objective of the research described in this thesis. 
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1.8 Justification and aims 

As discussed above, DNA methylation is an important epigenetic modification that is known to 

play a critical role in gene regulation, cell differentiation, development, X-chromosome 

inactivation, and imprinting, amongst other functions. DNA methylation patterns are highly 

complex and dynamic, and display diverse distribution patterns among different species. Within 

the same species, it varies extensively throughout genome and through development and 

maturation. The variations in DNA methylation patterns between samples is often associated with 

functionally important regions such as promoters and enhancers. Therefore, accurate and precise 

identification of these DMRs between samples is required in order to investigate their functional 

roles. The existing methods for DMR identification suffer from various limitations such as 

inaccurate DMR boundaries and high false positive and false negative rates (detailed in Chapter 

2). In this thesis, I aimed to develop a robust and accurate DMR identification tool using machine 

learning that overcomes the limitations of the aforementioned methods and tools, and apply it to 

real world datasets to gain new insights into DNA methylation dynamics. I also aimed to enhance 

the accuracy of DMR identification before and after imputation of missing DNA methylation, and 

for this I have developed an imputation algorithm using deep learning. 

The primary aims of my thesis are: 

Aim 1: Given the limitations in current DMR identification tools, as highlighted above, the first 

aim of my thesis was to develop an accurate and robust DMR finder. I approached the problem of 

identifying DMRs from the perspective of a binary classification problem in machine learning. For 

this, I proposed novel “Histogram of Difference in Methylation” based features that were used for 

training the SVM classifier to recognize the DMRs. However, due to the lack of real-world truth 

data for DMRs and non DMRs, I devised a novel approach of generating the training dataset for 
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DMRs and non-DMRs using complementary biological datasets, such as differential Assay for 

Transposase-Accessible Chromatin using sequencing (ATAC-seq) peaks or differentially 

expressed genes between samples, which are known to be highly associated with differential DNA 

methylation states. Chapter 2 describes the novel DMR identification tool I developed, named 

HOME, and its comparison with other known DMR finders using a biological and simulated 

dataset. 

Aim 2: After developing the new DMR identification tools, I applied it on novel diverse biological 

datasets, to perform more rigorous testing of the method and gain new insights from the biological 

datasets. For this aim, I used two new biological datasets. Dataset 1 was obtained from Intestinal 

stem cells and Paneth cells from young and adult mice with the aim of exploring changes in DNA 

methylation patterns with aging (presented in Chapter 3). Dataset 2 was a time-series dataset from 

Arabidopsis thaliana, through which the role of DNA methylation in germination was explored 

(presented in Chapter 4). 

Aim 3: To enhance the performance of the newly developed DMR identification tool, I explored 

the benefits of imputation of methylation levels at missing or low covered cytosines in DMR 

prediction accuracy. There is a limit to which DMR accuracy can be improved, given the inherent 

biases in sequencing coverage. Consequently, imputation of methylation level at missing or low 

covered CG sites may be an effective approach to improve DMR prediction accuracy. Therefore, 

in this aim I developed an algorithm for imputation of missing methylation level data using deep 

neural networks and tested DMR identification accuracy before and after imputation, as presented 

in Chapter 5. 

Finally, in Chapter 6 I provide an overall discussion of the results of the research presented in this 

thesis, and important directions for future research in this area.  
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2Chapter 2 

HOME: A histogram based machine learning approach 

for effective identification of differentially methylated 

regions 
 
The following chapter was published in the journal BMC Bioinformatics and is presented as it 

appeared in the publication. 

 

Akanksha Srivastava, Yuliya V Karpievitch, Steven R Eichten, Justin O Borevitz, Ryan Lister 

(2019) HOME: A histogram based machine learning approach for effective identification of 

differentially methylated regions. BMC Bioinformatics. doi:10.1186/s12859-019-2845-y 

2.1 Introduction  

DNA methylation plays an important role in the regulation of various cell functions including 

genomic imprinting, X-chromosome inactivation and cellular differentiation (Khavari, et al., 2010; 

Messerschmidt, et al., 2014; Richardson, 2002). However, analysis of DNA methylation presents 

various challenges as the modification is highly dynamic in space and time (Jones, 2012; Lister, 

et al., 2013). DNA methylation levels vary between distinct genomic features such as promoters, 

enhancers, gene bodies, transposable elements, and repeat elements (Bogdanovic, et al., 2016; 

Jones, 1999; Kass, et al., 1997; Law and Jacobsen, 2010; Lister, et al., 2009; Meissner, et al., 2008; 

Stadler, et al., 2011). Furthermore, widespread variation in the distribution of DNA methylation 

has been observed between different cell types, cell lines, tissues, individuals and species (Eichten, 

et al., 2016; Heyn, et al., 2013; Kawakatsu, et al., 2016; Kundaje, et al., 2015; Niederhuth, et al., 

https://bmcbioinformatics.biomedcentral.com/articles/10.1186/s12859-019-2845-y
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2016; Schultz, et al., 2015). Moreover, the distribution of DNA methylation is not uniform across 

all cytosines in the genome. In mammals, DNA methylation predominantly occurs in the CG 

dinucleotide context, however multiple studies have uncovered the presence of non-CG (CH, 

where H=A, T, or C) methylation in certain cell types including embryonic stem cells and brain 

cells (Lister, et al., 2013; Lister, et al., 2009; Varley, et al., 2013; Xie, et al., 2012). In contrast, 

DNA methylation in plants occurs in all sequence context, namely CG, CHG, and CHH (Law and 

Jacobsen, 2010). Furthermore, CH methylation is often found at much lower levels compared to 

CG methylation, as measured by the proportion of reads displaying methylation, making the 

accurate analysis of CH DNA methylation more challenging given the typical sequencing depth 

of experiments to date.  

High-throughput sequencing methods such as whole genome bisulfite sequencing (WGBS) 

have been developed to provide detection and quantitative measurement of DNA methylation at 

single base resolution throughout whole genomes (Cokus, et al., 2008; Lister, et al., 2009). Sodium 

bisulfite treatment of genomic DNA converts cytosines, but not methylcytosines, into uracils, and 

during subsequent PCR amplification of the bisulfite treated DNA the uracils are replaced by 

thymines. High-throughput sequencing of bisulfite converted DNA and alignment to a reference 

genome enables the methylation level of any covered cytosine to be computed by counting the 

number of methylated and unmethylated bases in reads that cover that cytosine position. Sensitive 

and accurate DMR detection from such data is important in characterization of the differences and 

dynamics of DNA methylation state, exploration of potential roles in genome regulation, and as 

disease biomarkers (Guo, et al., 2017). However, accurate DMR detection remains a significant 

challenge. Most of the existing DMR identification methods such as bsseq (Hansen, et al., 2012), 

RADMeth (Dolzhenko and Smith, 2014), MACAU (Lea, et al., 2015) and BiSeq (Hebestreit, et 
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al., 2013) are more appropriate to identify DMRs when two or more replicates are available for 

each of the treatment groups (Shafi, et al., 2017). Other methods such as Comet (Saito, et al., 2014) 

and swDMR (Wang, et al., 2015) have been developed to identify DMRs for single replicate 

treatment groups. Two of the recently developed methods, DSS and DSS-single (Feng, et al., 2014; 

Wu, et al., 2015) (referred to as DSS hereafter), and Metilene (Juhling, et al., 2016) can be used 

for single or multiple replicate treatment groups and have been shown to outperform the 

aforementioned methods. However, both of these methods are limited to DMR identification 

between two treatment groups and cannot be directly used for more complex experimental designs 

with multiple groups and/or time points. Moreover, multiple characteristics need to be considered 

for accurate prediction of DMRs, including spatial correlation present between neighboring 

cytosine sites, sequencing depth that takes into account sampling variability that occurs during 

sequencing, and biological variation among replicates of treatment groups (Eckhardt, et al., 2006; 

Hansen, et al., 2012; Jaffe, et al., 2012; Shafi, et al., 2017). Most of the DMR identification tools 

described above do not consider either all or some of the characteristics required for accurate 

prediction of DMRs. 

To overcome these limitations we have developed HOME, a novel DMR finder that takes 

into account important characteristics such as cytosine spatial correlation, sequencing depth, and 

biological variation between replicates for predicting accurate DMRs for both single and multiple 

replicate treatment groups. HOME utilizes high quality orthogonal datasets such as differential 

ATAC-seq peaks or differentially expressed genes that are available for samples, for which 

accompanying DNA methylome data is utilized to generate the training data. Moreover, HOME is 

computationally very efficient for predicting DMRs in the CH context, where the number of 

potential sites of methylation in the genome are significantly greater than in the CG context. 
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Furthermore, HOME has the functionality to identify DMRs in time-series data to accurately 

identify temporal changes in DNA methylation state. A detailed comparison of HOME with the 

most commonly used method, DSS, and a recently developed method, Metilene, demonstrates that 

HOME achieves high performance on both simulated and biological data. HOME outperforms 

both DSS and Metilene by predicting more accurate DMR boundaries and having lower false 

positive and false negative rates. 

2.2 Methods 

HOME approaches the problem of DMR identification as a binary classification, classifying a 

region as DMR or non-DMR using a Support Vector Machine (SVM) classifier (Cortes, 1995). 

Due to the lack of a biological dataset with known DMRs and non-DMRs, we generated a training 

dataset using publicly available DNA methylome datasets. We generated two separate training 

datasets using different approaches, as described below: 

1. Complementary datasets approach: here we used publicly available DNA methylomes 

and associated complementary datasets from the same biological samples such as 

differential Assay for Transposase Accessible Chromatin sequencing (ATAC-seq) peaks 

and RNA-seq data that has been shown to have strong correlation with DNA methylation 

(Mo, et al., 2015). ATAC-seq peaks mark the regions of open chromatin that are strongly 

associated with low methylation levels (Mo, et al., 2015). Therefore, differential ATAC-

seq peak locations between treatment groups can be used to determine locations of potential 

DMRs, allowing selection of a training set based on orthogonal data. Similarly, highly 

expressed genes are often associated with low methylation levels and silenced genes are 

often associated with high methylation levels. Consequently, differentially expressed gene 
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locations between treatment groups can be used as potential locations of DMRs. The 

regions excluding the differential ATAC-seq peaks or differentially expressed genes can 

be used as potential non-DMRs. 

2. Ensemble approach using existing DMR finders: here we followed a coarse-to-fine 

approach, where we first used consensus regions identified by multiple existing DMR 

finders, for predicted DMRs, to produce potential DMR and non-DMR training sets. Then, 

the training sets were further fine-tuned by visual inspection for accurate boundaries and 

methylation level change. A similar approach was used to prepare training and testing 

datasets in chromatin immunoprecipitation sequencing (ChIP-seq) peak identification 

(Hocking, et al., 2017; Rye, et al., 2011). Moreover, similar approaches for training data 

curation are regularly used in the field of computer vision and machine learning (Lingren, 

et al., 2014; Sagonas, et al., 2016). 

As both of the above approaches produced very similar results on both simulated and biological 

datasets, henceforth we describe only the complementary dataset approach.   

2.2.1 Training data generation 

We used publicly available WGBS DNA methylation data along with available complementary 

ATAC-seq or RNA-seq data generated from the same biological samples to construct the training 

data (Mo, et al., 2015). We produced two training datasets, for CG and CH methylation contexts, 

as they exhibit different methylation characteristics. For the CG context, we used differential 

ATAC-seq peaks between excitatory pyramidal neurons (EX) and vasoactive intestinal peptide-

expressing interneurons (VIP) as potential DMRs. To identify the differential ATAC-seq peaks, 

fastq files were adapter and quality trimmed and aligned to the mm10 reference genome with 

bowtie2 (Langmead and Salzberg, 2012). As suggested by Buenrostro et al., fragment ends were 
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offset by +4 base pairs on the positive strand and -5 on the negative strand (Buenrostro, et al., 

2013). Duplicate reads were removed with Picard and peaks were identified with MACS2 (Zhang, 

et al., 2008). Differential ATAC-seq peaks between EX and PV samples were detected with 

MACS2 bdgdiff.  

To select robust and accurate training data, we used the differential ATAC-seq peaks that 

exhibit high average methylation difference (>0.3) and that were within the size range of 500 - 

2500 bp. For non-DMRs, we used regions excluding the differential ATAC-seq peaks and that 

exhibit low average methylation difference (<0.1). Furthermore, we only selected the non-DMR 

regions that lie within the size range of 500 - 2500 bp. Note that while we perform the filtering of 

the ATAC-seq peaks to obtain more confident DMRs and non-DMRs for the training set, it does 

not bias the training set in recognizing the DMRs and non-DMRs of any particular size or pattern. 

This is because the cutoffs are applied at the region level on the entire differential and non-

differential ATAC-seq peaks and we use all the individual cytosines within the selected regions as 

independent training samples for training the classifier (details in section: “2.2.2 Histogram feature 

computation and training”). The distribution of methylation level difference for all the CGs in the 

training dataset before and after filtering is shown in Figure 2.1 (A-D). 
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Figure 2.1: Distribution of average methylation difference between EX and VIP before and 

after thresholding. A) Distribution of average methylation difference between EX and VIP for 

CGs in DMRs and B) non-DMRs for all the ATAC-seq peaks without thresholding. C) 

Distribution of average methylation difference between EX and VIP for CGs in DMRs and D) 

non-DMRs for the filtered ATAC-seq peaks. 

 

For CH training data, differential ATAC-seq peaks did not exhibit a clear methylation 

difference between DMRs and non-DMRs. Therefore, we used RNA-seq data showing 

differentially expressed genes between EX and VIP neurons as DMRs. We selected differentially 

expressed genes with the size range of 500 - 5000 bp and average methylation difference >0.05 as 

DMRs. For non-DMRs, we selected regions not containing differentially expressed genes and size 

between 500 - 5000 bp with an average methylation difference <0.02. The details on the number 

of training DMRs and non-DMRs used for CG and CH context are provided in Table 2.1 and Table 
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2.2, respectively. It is critical to note that for classifier training, each individual cytosine site (in 

the selected DMR and non-DMR) is an independent training sample. 

Table 2.1: Number of selected DMRs and non-DMRs and cytosine sites used for training in CG 
context. 
 

Training data CG  CG sites used for training 

DMRs = 20,668 188,362 

non-DMRs= 12,586 154,546 

  
Table 2.2: Number of selected DMRs and non-DMRs and cytosine sites used for training in CH 
context. 
 

Training data CH  CH sites used for training 

DMRs = 12 11,925 

non-DMRs= 34 15,086 

 
Thereafter, the important information, including the methylation difference and the measure of 

significance for the difference in methylation level, are combined to generate histogram features 

for each cytosine site in generated DMRs and non-DMRs. 

2.2.2 Histogram feature computation and training 

HOME uses novel histogram based features for identification of DMRs. The algorithm starts by 

combining the Watson and Crick strand counts for mc and t for the CG context. For the CH context, 

no strand combination is performed. Next, the algorithm computes the methylation level difference 

between the two samples and estimates the p-value for the difference at each cytosine. For CH 

training data, which has biological replicates within each treatment group, p-values are computed 

using weighted logistic regression to model methylation levels in relation to the treatment groups 
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and variation between replicates. More specifically, at a given cytosine site, we model methylation 

level through weighted logistic regression model. We used z-test for p-value estimation for CG 

training which has only one sample per treatment group. The underlying null hypothesis for 

modeling p-values for both tests described above is that methylation levels are the same among 

treatment groups for a given cytosine. The alternative hypothesis is that there is a difference in 

methylation levels among the treatment groups. To account for uneven read coverage, HOME uses 

a logistic function to compute the weights for all cytosines for weighted logistic regression. The 

weights are computed from t, such that the range of weight is between 0 and 1 when calculating 

the p-value. More specifically, if the coverage is low for a particular cytosine, its weight will be 

lower compared to a cytosine with high coverage. Thereafter, the absolute difference in 

methylation level at each cytosine is weighted by its p-value (p) to compute a bin value (b) as 

shown in eq. 2.1 below.  

 2.1 

 

Where,  and  are the methylation levels of treatment groups under comparison and 

exponentiation of the 1-p allows smaller p-values to contribute more to the produced bin value 

than larger (insignificant) p-values. To account for the spatial correlation between the neighboring 

cytosines, moving average smoothing (default: 3 cytosines) is performed for each chromosome 

separately, on values of b to compute final bin value . Thereafter,  is scaled to range (0,1), for 

each chromosome, as shown in eq. 2.2 below. 

bs=(bs- bs_min)/(bs_max - bs_min)                                                                   2.2 

 

http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Db=%7Cm_%7B1%7D-m_%7B2%7D%7C.e%5E%7B1-p%7D
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dm_%7B1%7D%20%0A%0A%0A
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dm_%7B2%7D%20%0A%0A%0A
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Db_%7Bs%7D
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Db_%7Bs%7D
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The final bin values ( ) are then binned into a histogram of 10 bins with the width of 0.1, to 

generate the proposed novel histogram based features for each cytosine, in generated DMRs and 

non-DMRs. We tested different bin sizes of 5, 10 and 20, and selected a bin size of 10 based on 

ROC curve for DMRs and non-DMR training data (Figure 2.2A and B). We used DMRs and non-

DMRs from chromosome 2, 4, 6, 8, and 10 for testing and remaining chromosomes for training. 

The histogram feature is computed for every individual cytosine present in each DMR and 

non-DMR training data. For a given cytosine, to compute the histogram feature, a fixed window 

of size w centered around it is used where w is the number of cytosines in a window (w is set to 11 

for CG and 51 for CH context). We tested different window sizes of 5, 11, 21 and 51 and selected 

a window size of 11 for CG context as the ROC curve was very similar for window sizes of 11, 21 

and 51 (Figure 2.2C and D). Similarly, we selected a window size of 51 for the CH context. To 

capture the spatial correlation between neighboring cytosine sites, for each window, the bin values 

bs are binned using a weighted voting approach such that for a given cytosine, its contribution v to 

the bin is computed as a weighted distance from the center cytosine which is normalized by the 

maximum allowed distance as shown in eq. 2.3 below. 

 

2.3 

 

 

where,  is the location of the cytosine being binned,  is the location of the center cytosine of w, 

and  (default: 250bp) is the normalization constant signifying the maximum allowed distance 

from the center cytosine. Consequently, the cytosines close to the center cytosine will have higher 

weights and will contribute more to the histogram feature. On the other hand, if the distance 

http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Db_%7Bs%7D
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dv%20=%20/left/%7B%20/begin%7Bmatrix%7D%201-/frac%7B%7Cl-l_%7Bc%7D%7C%7D%7Bd%7D/right)%20&%20/text%7Bif%20%20%7D%7Cl-l_%7Bc%7D%7C%20%3Cd%20//%20%200%20&%20/text%7Botherwise%7D%20//%20%20%20%20/end%7Bmatrix%7D
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dl
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dl_c
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dd
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between the cytosine being binned and the center cytosine of the window is larger than , then that 

cytosine will have zero contribution.  

 

Figure 2.2: ROC curves of tested parameters for feature generation. A) ROC curve for 

DMRs and B) non-DMRs for the numbers of bins tested for feature generation. C) ROC curve 

for DMRs and D) non-DMRs for the window sizes tested for feature generation. 

 

Next, for a given cytosine, a histogram feature is computed by using  and v for each cytosine in 

the window. More specifically,  defines the bin of the histogram in which the contribution will 

http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Dd
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Db_%7Bs%7D
http://api.gmath.guru/cgi-bin/gmath?/dpi%7B480%7Db_%7Bs%7D
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be placed and v defines the value of that contribution. Subsequently, the histogram feature vector 

is normalized such that the feature vector sums to unity.  

The schematic of the method described above is illustrated with an example DMR and non-

DMR selected from the training dataset in (Figure 2.3A-H). The proposed histogram based features 

(Figure 2.3D and H) show a clear demarcation between DMRs and non-DMRs. In particular, the 

distributions of non-DMRs show low mean values for the bins representing the higher difference 

in methylation level (>0.3), indicating low number of votes falling in the bins that correspond to 

higher methylation differences (Figure 2.3I). In contrast, DMRs exhibit higher differences in 

methylation level and have consistently higher mean for bins that correspond to higher methylation 

differences (Figure 2.3I). This indicates that the histogram based features are highly discriminative 

between treatment states, which makes the problem of DMR detection suitable for machine 

learning analysis.  
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Figure 2.3: Feature generation overview. A) Methylation level of sample 1 (S1) and sample 

2 S2) for a DMR from the training set. The overlapping fixed size window is used around 

individual cytosine (C) in the DMR for feature extraction. B) Extracted features: p-value and 

difference in methylation level for each CG site. C) Histogram of scores computed from the 

extracted features and D) histogram of normalized scores. E) Methylation level of S1 and S2 for 

a non-DMR from the training dataset. The overlapping fixed size window is used around 
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individual C in the DMR for feature extraction. F) Extracted features: p-value and difference in 

methylation level for each CG. G) Histogram of scores computed from the extracted features 

and (H) histogram of normalized scores. I) Mean and standard deviation of histogram features 

for complete training data for DMRs (blue) and non-DMRs (pink). J) Testing and DMR 

prediction on new datasets. 

 

2.2.3 Training via SVM 

The algorithm then uses the normalized histogram feature vectors described above to train a 

classifier based on the label (DMR or non-DMR) provided for each individual cytosine. We tested 

various classifiers such as Random forest, SVM with linear kernel and SVM with RBF kernel 

(Breiman, 2001; Karpievitch, et al., 2009; Pedregosa, et al., 2011) and selected a linear classifier 

based on the ROC curve (Figure 2.4A and B). Moreover, linear SVM is computationally very 

efficient and showed comparable performance to the more computationally expensive non-linear 

RBF kernel and random forest classifier (Figure 2.4A and B). However, note that the most crucial 

aspect of the training is the use of the novel highly discriminative normalized histogram based 

feature vectors that robustly discriminate between DMRs and non-DMRs. Hence, any other 

classifier of choice can be used instead of linear SVM without any significant changes to the 

proposed method. 
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Figure 2.4: ROC curve for DMRs and non-DMRs for the classifiers tested for training. 

2.2.4 Testing and DMR prediction on new datasets 

HOME requires input files containing basic information of methylation, including chromosome 

numbers, genomic coordinates, type of cytosine (CG, CHG, CHH), and mc and t for cytosines.  

2.2.4.1 Pairwise  

HOME can be used to predict DMRs from methylomes of two treatment groups with single or 

multiple replicates. To predict the DMRs, the normalized histogram features are computed for 

each cytosine on a particular chromosome, which are then provided to the trained SVM model to 

obtain the prediction scores that are normalized using the logistic function from the generalized 

linear model (GLM) to lie in the range [0,1]. Individual cytosines are grouped together into 

preliminary DMRs based on the prediction scores (default: >0.1) and the distance between 

neighboring cytosines (default: <500bp). A low prediction score (<0.1) from the classifier for a 

cytosine site indicates low confidence in the site being differentially methylated and a high 

prediction score (>0.1) indicates high confidence in a site being differentially methylated. To 

produce the final DMRs, our method performs a boundary refinement of the preliminary DMRs 
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such that boundaries are trimmed until k consecutive cytosines (default: 3) have the value of the b 

(Eq. 2.1) greater than or equal to the defined threshold (default: 0.1). 

2.2.4.2 Time-series and multi-group comparisons  

HOME can be used to predict DMRs from time-series and multi-group studies. Given a number 

of time points or treatments, n, a total of  pairwise combinations are possible. HOME computes 

SVM prediction scores for each of these pairwise combinations in the same manner as for pairwise 

method described above. The prediction scores are then normalized to lie in the range [0,1] using 

the logistic function from the generalized linear model (GLM) to allow further analysis among all 

pairwise comparisons. The scores are summed for each cytosine to get a final score. The cytosines 

are then grouped into DMRs.  

In summary, once the SVM has been trained, the histogram based features for new 

methylomes can be computed, and HOME scans the entire methylome to provide a prediction 

score (between 0 and 1) from the SVM classifier for each cytosine site. Then, the individual 

cytosine sites are grouped together into DMRs based on the user defined prediction score cutoff 

and the distance between neighboring cytosines. The testing and DMR prediction on new dataset 

is shown in Figure 2.3J. Here, we independently applied HOME to both CG and CH contexts, and 

compared its performance to two other commonly used DMR finders, Metilene and DSS, using 

both simulated and biological data. Furthermore, we also show that HOME can be used for time-

series DMR analysis on biological data. 

 

http://api.gmath.guru/cgi-bin/gmath?%7B%7D%5EnC_2
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2.3 Results  

2.3.1 Analysis of simulated DNA methylation data 

The DMRs were simulated with the assumption that the methylation level of cytosine sites follows 

a beta binomial distribution. Equal numbers of DMRs and non-DMRs (2142) were simulated with 

two distinct beta binomial settings, each increasing in their difficulty for identification. The 

number of CGs in simulated DMRs were 49,442 and the number of CGs in simulated non-DMRs 

were 1,395,693. The length distribution of the simulated DMRs and non-DMRs is shown in Figure 

2.5.  

 

Figure 2.5:  Length distribution of simulated DMRs and non-DMRs. 
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For each setting two treatment groups were simulated, each with three replicates and 5 random 

simulations were performed to get more accurate results. The read coverage for replicates was 

taken from WGBS datasets of neuronal and non-neuronal cell types (Lister, et al., 2013). For both 

settings, the methylation level of cytosine sites in DMRs were generated from a beta distribution 

of (6,1.5) and a beta distribution of (1.5,6) for the two treatment groups, respectively. For the first 

setting (class 1), the non-DMR portion of the genome displayed a fixed methylation level (0.7), 

with only DMRs showing variation from this value. In the second setting (class 2), non-DMR 

cytosine methylation level was simulated from beta parameters (2,2), such that the methylation 

level was not fixed for either DMRs or non-DMRs. As shown in Figure 2.6, class 1 showed no 

variation in methylation level for non-DMRs between groups, and therefore DMRs are easier to 

identify for this class compared to class 2, which show variation both within and outside the DMR 

boundaries.  
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Figure 2.6: Browser representation showing the quality and boundary accuracy of 

predicted CG DMRs by HOME, DSS and Metilene on two simulated classes. The horizontal 

bars indicate the DMRs. Simulated DMRs (black) and the scale are the same for both classes. 

 

To explain the difference between simulated class 1 and class 2 further, we plot the absolute 

methylation difference for both classes at the level of individual CGs (Figure 2.7A and B). For 

class 1, there is a marginal overlap in absolute methylation difference between CGs in the DMRs 

and non-DMRs (Figure 2.7A). Whereas, for class 2 there is a significant overlap in the absolute 
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methylation difference between CGs in the DMRs and non-DMRs (Figure 2.7B) and it is therefore 

much harder to detect DMRs of class 2 than class 1. The simulation method described above is 

similar to approach taken previously (Dolzhenko and Smith, 2014).  

 

Figure 2.7: Distribution of absolute methylation difference for simulated classes. A) 

Absolute methylation difference distribution of simulated DMRs and non-DMRs for class 1 and 

B) class 2. 

 

We performed an extensive parameter search to identify settings for each DMR finder that resulted 

in the best performance (Table 2.3). Simulated DMRs are predicted by all the DMR finders for 

Class 1, however, HOME is more accurate in predicting the boundaries, compared to DSS and 

Metilene. Predicted DMRs by DSS and Metilene, for class 2 DMRs, are either fragmented or have 

inaccurate boundaries, whereas, HOME identifies all DMRs with more accurate boundaries 



Chapter 2 

45 
 

(Figure 2.6). 

Table 2.3: Tool parameters for simulated data. Parameters selected based on best results 

after testing is highlighted. 

DMR 
finders 

                                          Parameters tested  

                   Class 1                          Class 2 

HOME  ● All parameters kept as 
default. 

● Score cutoff set to 0.3 and 
pruncutoff set to 0.2 and all 
other parameters kept as default. 

● Score cutoff set to 0.6 and 
pruncutoff set to 0.4 and all 
other parameters kept as default. 
 

● All parameters kept as default. 
● Score cutoff set to 0.3 and 

pruncutoff set to 0.2 and all 
other parameters kept as default. 

● Score cutoff set to 0.6 and 
pruncutoff set to 0.4 and all 
other parameters kept as 
default. 

DSS  ● All parameters kept as default. 
● Pval set to 0.01, delta set to 0.1 

and all other parameters kept 
as default. 

● Pval set to 0.01, delta set to 0.2 
and all other parameters kept as 
default. 
 

● All parameters kept as default. 
● Pval set to 0.01, delta set to 0.1 

and all other parameters kept as 
default. 

● Pval set to 0.01, delta set to 0.2 
and all other parameters kept 
as default. 
 

Metilene  ● All parameters kept as default. 
● Delta set to 0.2 and all other 

parameters kept as default. 
● Delta set to 0.3 and all other 

parameters kept as default. 
 

● All parameters kept as default. 
● Delta set to 0.2 and all other 

parameters kept as default. 
● Delta set to 0.3 and all other 

parameters kept as default. 

 

Precise definition of DMR boundaries is essential for accurate downstream analysis and 

biological interpretation of differential methylation, for example when associating DMRs to 

regulatory regions such as promoters or enhancers to explore potential connections between 

methylation changes and local chromatin state and transcription. Imprecise DMR boundary 
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identification will result in the inappropriate inclusion in the DMR of cytosine sites that are not 

differentially methylated, or exclusion of bona fide differentially methylated cytosines. 

Consequently, mean methylation levels calculated for all cytosines within a DMR would be 

inaccurate, and analysis of genomic or chromatin features at the DMR boundaries would be 

imprecise. We evaluated the DMR boundary accuracy for all three DMR finders by calculating the 

true positive rate (TPR) and positive predictive value (PPV) for the range of overlap (50-100%) 

between simulated and predicted DMRs. To measure the boundary accuracy, the fraction of 

overlap in bp between simulated and predicted DMRs was calculated using BEDtools intersect 

(Quinlan and Hall, 2010) with the fraction of overlap (-f) and reciprocal overlap (-r) features. As 

defined by BEDtools, -r feature requires that the fraction of overlap be reciprocal for A and B. 

That is, if -f is 0.90 and -r is used, this requires that B overlap at least 90% of A and that A also 

overlaps at least 90% of B. In our case A was simulated DMR and B was predicted DMR. TPR is 

defined as the number of overlaps between simulated and predicted DMRs out of total simulated 

DMRs. PPV is defined as the number of overlaps between simulated and predicted DMRs out of 

all predicted DMRs. Both HOME and Metilene showed higher TPR and PPV compared to DSS 

for both classes (Figure 2.8). For class 1, HOME and Metilene showed comparable performance 

for both TPR and PPV for 50-90% overlap between simulated and predicted DMRs (Figure 2.8). 

However, HOME outperformed Metilene in both TPR and PPV for 90-100% overlap between 

simulated and predicted DMRs. This demonstrates that HOME predicts more accurate boundaries 

compared to DSS and Metilene. For Class 2, HOME showed higher TPR compared to DSS and 

Metilene for 50-95% overlap between simulated and predicted DMRs (Figure 2.8). HOME showed 

higher PPV for all overlap ranges between simulated and predicted DMRs. Overall, HOME 

predicted the DMR boundaries with very small margin of error compared to both DSS and 
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Metilene.  

 

Figure 2.8: The performance assessment in terms of true positive rate (TPR) and positive 

predictive value (PPV) for both classes. The plots show mean and standard deviation of TPR 

and PPV for 5 random simulations. The evaluation was performed in terms of percent reciprocal 

overlap ranging from 50-100% between simulated and predicted DMRs by HOME, DSS and 

Metilene for two classes. 

2.3.2 Analysis of performance on biological datasets 

2.3.2.1 Pairwise differential methylation analysis  

We compared the performance of HOME with DSS and Metilene for the CG context on published 

WGBS data (Mo, et al., 2015) for two neuronal cell types: excitatory pyramidal neurons (EX) and 

parvalbumin-expressing fast-spiking interneurons (PV), each with two replicates. The runtime for 

DSS and HOME was very similar (~2 hours), while Metilene completed in ~4 min. Among the 

DMR finders that were compared, DMRs identified by HOME were less fragmented and exhibited 

more accurate boundary detection compared to the DMRs produced by the other finders (Figure 

2.9A), despite equivalent DMR merging parameters being used for each finder. DMRs predicted 

by HOME showed consistently higher methylation level differences inside the DMR boundaries 
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when compared to the other finders (Figure 2.9B). For closer inspection of the above observation, 

the mean and standard deviation of the absolute methylation level difference between analyzed 

samples for the 5 CG sites immediately inside and outside the DMR boundary is shown (Figure 

2.9C). The mean methylation level difference for the boundary CG site and CG sites inside the 

DMRs is higher for HOME than DSS and Metilene (Figure 2.9C), while the mean methylation 

level difference for the CG sites immediately outside the DMR boundaries is lower for HOME as 

compared to DSS and Metilene. This demonstrates the higher DMR border detection precision of 

HOME on real biological datasets, as also observed for the simulated WGBS data (Figure 2.8). 

 



Chapter 2 

49 
 

 

Figure 2.9: Quality assessment of CG-DMRs predicted in mammalian WGBS data 

by HOME, DSS and Metilene. A) Browser representation showing the quality and 

boundary accuracy of predicted CG context DMRs for the PV specific gene Syt2. B) 

Heatmap of methylation level difference for all predicted DMRs by HOME, DSS and 

Metilene. The DMRs are sorted by length. The bin size is 200 bp for all heatmaps. C) 

Mean and standard deviation of absolute methylation difference for all predicted CG 

DMRs for 5 CGs upstream and downstream of the DMR start (left) and stop (right) 

marked as 0, respectively. D) Heatmap of methylation level difference for uniquely 

predicted DMRs by HOME, DSS and Metilene. 
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A more detailed comparison of the DMRs uniquely predicted by each finder showed that 

DMRs uniquely identified by HOME consistently had a higher methylation level difference for 

the CG sites located within the DMRs (Figure 2.9D). In contrast, DMRs uniquely predicted by 

DSS and Metilene consistently had a lower methylation difference for the CG sites within the 

DMRs. Furthermore, the boundaries of the DMRs identified by HOME are more precise compared 

to DSS and Metilene (Figure 2.9D). To investigate the biological significance of the uniquely 

predicted DMRs, we tested whether the uniquely predicted DMRs identified by each finder are 

located in the genomic regions that are relevant to neuronal development and function. For this 

analysis, phenotype and gene expression annotations provided by the Genomic Regions 

Enrichment of Annotations Tool (GREAT) were used (McLean, et al., 2010). Briefly, among the 

top 20 terms produced by GREAT for gene expression and phenotype, we counted the enrichment 

terms related to neuronal development and function for uniquely predicted DMRs by each finder. 

The significance of enrichment terms was ranked according to the binomial distribution-based P-

values obtained from GREAT. A similar approach for exploring biological functions of DMRs has 

been performed previously (Wen, et al., 2016). The parameter details used for the analysis are 

provided in Table 2.4. Among the top 20 terms for phenotype annotation, 85% of terms for DMRs 

uniquely predicted by HOME were directly related to neural system functions. In contrast, terms 

related to neural systems for DMRs uniquely predicted by DSS and Metilene were 60% and 10% 

respectively. For associated gene expression annotations provided by GREAT, we found that 

uniquely predicted HOME DMRs were located on or near to genes related to neuronal 

development and function. Among the top 20 terms for gene expression annotation, 70% of terms 

for unique HOME DMRs were directly related to neural system function. Terms related to neural 

systems for unique DMRs by DSS and Metilene DMRs were 35% and 15%, respectively (Table 
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2.1). The details of phenotype and gene expression annotations are summarized in Figure 2.10.  

 

Table 2.4: Biological annotations of unique DMRs predicted by HOME, DSS and Metiene 

on the PV and EX methylome data. The top 20 terms were counted for neural system 

function related terms using the mouse phenotype annotation and MGI gene expression 

annotation. 

DMR 
finders 

Best results were 
obtained for below 
threshold 

No. of DMRs 
after 
thresholding 

Phenotype 
(%) 
(terms 
counted out 
of 20 ) 

Expression 
(%) 
(terms 
counted out 
of 20 ) 

HOME No. of Cs > 5 and delta > 
0.2 

4721 85 70 

DSS No. of Cs > 5 and delta > 
0.25 

3066 60 35 

Metilene delta > 0.15 2495 10 15 
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Figure 2.10: Biological annotations of unique DMRs prediction by HOME, DSS and 

Metiene on the PV and EX methylome data. The top 20 terms using the mouse phenotype 

annotation and MGI gene expression annotation are shown (neural system function related terms 

are highlighted in orange). Note that the maximum terms listed by GREAT are shown in case 

the terms listed are < 20. 
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To investigate the incidence of false positive DMRs predicted by each finder, we permuted 

the labels among the EX and PV WGBS samples to generate two artificial datasets: (1) EX 

replicate 1 and PV replicate 1 (comprising treatment group 1) versus EX replicate 2 and PV 

replicate 2 (comprising treatment group 2), and (2) EX replicate 1 and PV replicate 2 versus EX 

replicate 2 and PV replicate 1 (comprising treatment groups 1 and 2 respectively). Due to 

randomness in the shuffled data, it is expected that there will be shorter regions with contiguous 

methylation level differences occurring by chance, and these short regions will be identified by all 

methods as DMRs. However, it is also expected that there will be significantly fewer long DMRs 

in the shuffled data, because as the length of the DMRs increases the likelihood of obtaining such 

DMRs due to random chance decreases rapidly. These shuffled datasets were analyzed with 

HOME, DSS and Metilene, and as expected the number of DMRs predicted by each method in 

comparison to the unshuffled data was significantly reduced (Figure 2.11A and B). In addition, 

DMRs identified by HOME in the shuffled data were smaller and contained low number of CGs. 

In contrast, the DMRs identified by DSS and Metilene were longer and had a higher number of 

CGs per DMR and therefore are more likely to be false positive DMRs (Figure 2.11A and B). 
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Figure 2.11: Distribution of length and number of CGs for shuffled and unshuffled data. 

A) Distribution of length of DMRs and B) distribution of number of CGs for predicted DMRs 

by HOME, DSS and Metilene for unshuffled data (EX rep1 & rep2 vs PV rep1 & rep 2) and 

shuffled data (EX rep1 & PV rep1 vs EX rep2 & PV rep2). 

 

To test the performance of HOME for detecting differential methylation in the CH 

sequence context, we used WGBS datasets of neuronal and non-neuronal cell types isolated from 

the frontal cortex of 7 week old male mouse prefrontal cortex (Lister, et al., 2013). Because of a 

high computational runtime requirement for both DSS and Metilene for CH context analysis, the 

run did not complete after 12 days of execution and had to be terminated, being deemed an 

unfeasible analysis to undertake with these methods given reasonable timeframes for analysis. 

Therefore, the results are only shown for HOME (runtime: 4 days). A genome browser view of a 

representative genomic region showed that the CH DMRs predicted by HOME between neurons 

(NeuN+) and glia (NeuN-) were regions of contiguous hyper- or hypo-methylation (Figure 2.12A). 

The directionality of the DMRs (hyper/hypo) are defined with respect to NeuN+ cells. We 

observed a high number of hyper-methylated DMRs (429,421) in NeuN+ cells as compared to a 
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very low number of hypo-methylated DMRs (21,829) (Figure 2.12B). These findings are 

consistent with previously published results, where CH methylation accumulates to a high level in 

neurons compared to glia (Lister, et al., 2013; Mo, et al., 2015). CH DMRs predicted by HOME 

have accurate boundaries with higher inter-sample methylation level difference at and within DMR 

boundaries, and low methylation level difference immediately outside the DMR boundaries 

(Figure 2.12B). Although the observed methylation difference in hypo-methylated NeuN+ DMRs 

was very low (<0.02), gene ontology analysis using GREAT showed that these DMRs were located 

in genomic regions related to neuronal development and function (Figure 2.12C), suggesting that 

the HOME CH DMRs are biologically relevant.  
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Figure 2.12: Quality assessment of CH-DMRs predicted in mammalian WGBS data. A) 

Genome browser representation of the quality and boundary accuracy of HOME predicted CH 

context DMRs for neurons (NeuN+) and glia (NeuN-) methylation data. Top panel represents 

hyper-methylated DMRs in NeuN+ and bottom panel represents hypo-methylated DMRs in 

NeuN+. B) Heatmap of methylation level difference for hyper-methylated HOME DMRs and 

hypo-methylated HOME DMRs. C) Biological annotations of hypo-methylated HOME DMRs 

in NeuN+ cells displaying the top 20 terms using the mouse phenotype annotation and the MGI 

gene expression annotation (neuron, or glia, and brain tissue related terms are highlighted in 

orange). 
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To assess the generalizability of HOME performance for species that have very distinct 

methylation patterns and distributions compared to mammals, we next tested the performance of 

HOME on Arabidopsis WGBS data, comparing DNA methylation in wild-type (WT) and 

CHROMOMETHYLASE 2 mutant (cmt2), a well characterised mutant that exhibits differences in 

CH methylation (Stroud, et al., 2014). CMT2 is a functional non-CG methyltransferase, known to 

mediate DNA methylation at both CHG and CHH context in vitro and in vivo (Stroud, et al., 2014; 

Zemach, et al., 2013). We compared the performance of HOME with DSS, which has previously 

been used for DMR prediction in plant WGBS datasets (Crisp, et al., 2017; Eichten, et al., 2016). 

Note that we used the same model that was trained on the mammalian WGBS dataset for predicting 

the DMRs between cmt2 and WT, to assess whether the trained model is generalizable. HOME 

took 12 min to predict CG DMRs compared to 27 min for DSS. For CHG context DMRs, both 

HOME and DSS showed similar execution time of 27 min, while HOME was >3 times faster 

compared to DSS for DMR prediction in the CHH sequence context, taking 2 and 7 hours, 

respectively. 

The heatmap for all predicted DMRs by HOME and DSS showed that HOME DMRs are 

more accurate in boundary prediction than DSS, predominantly for the CG and CHG contexts 

(Figure 2.13A). Moreover, for the CHG context, HOME detected a large number of DMRs 

(n=13,402) of a large median length DMRs (593 bp), whereas DSS only predicted small number 

of DMRs (n=3,083) with a short median length (133 bp), indicating that HOME is more sensitive 

for DMR detection over a greater range of sizes. For the CHH context, the mean and standard 

deviation of 5 cytosines upstream and downstream of the predicted DMRs start and stop sites, 

respectively, showed that the methylation level difference is high within the DMR and low just 

outside the DMRs for HOME (Figure 2.13B). In contrast, DMRs predicted by DSS showed similar 
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mean and standard deviation of methylation level difference both inside and outside the DMR 

boundaries (Figure 2.13B). These results indicate more accurate boundary prediction by HOME 

for all contexts. Furthermore, the heatmaps of DMRs predicted uniquely by HOME exhibit more 

accurate boundaries than DSS for all sequence contexts (Figure 2.13C).  
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Figure 2.13: Qualitative analysis of predicted DMRs by HOME and DSS in plant WGBS 

data. A) Heatmap of methylation level difference for all predicted HOME and DSS DMRs, 

between cmt2 and WT, for CG, CHG and CHH contexts. B) Mean and standard deviation of 

absolute methylation difference for all predicted CHH DMRs by HOME and DSS for 5 CGs 

upstream and downstream of the DMR start (left) and stop (right) marked as 0, respectively. C) 

Heatmap of methylation level difference for uniquely predicted HOME and DSS DMRs, 

between cmt2 and WT, for CG, CHG and CHH contexts. 
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We further examined the genomic distribution of the DMRs uniquely predicted by HOME 

and DSS. Over 60% of HOME CG DMRs were present in gene bodies, while only a small fraction 

(<30%) of CHG and CHH DMRs overlapped with gene bodies (Table 2.5). These results are 

consistent with the distribution of DNA methylation in plant genes, where gene bodies mainly 

exhibit CG methylation (Cokus, et al., 2008; Lister, et al., 2008; Stroud, et al., 2014). Compared 

to HOME CG DMRs, a smaller fraction (58%) of CG DMRs predicted by DSS overlapped with 

gene bodies (Table 2.5). Non-CG methylation plays an important role in silencing transposable 

elements (TEs) (Stroud, et al., 2014). Thus, it is expected that most of the non-CG DMRs detected 

between WT and cmt2 will overlap with TEs, given the role of CMT2 in mediating methylating of 

TEs, particularly long TEs, in the non-CG context. We found that > 70 % of CHG DMRs and 50% 

of CHH DMRs predicted by HOME overlapped with TEs, and only 21% of the CG DMRs 

intersected with TEs (Table 2.5). On the other hand, DMRs predicted by DSS showed a similar 

percentage overlap with TEs to HOME for CG and CHG. However, DSS showed significantly less 

overlap with TEs for the CHG context (Table 2.5). Previous studies have shown that cmt2 exhibits 

loss of non-CG methylation predominantly at long TEs (>1kb) (Stroud, et al., 2014). Hence, we 

further inspected the location of uniquely predicted DMRs in TEs. The overall genomic 

distribution of long TEs (>1kb) and short TEs (<1kb) in the genome is 20% and 80%, respectively. 

A higher percentage of CHG and CHH DMRs predicted by HOME overlapped with long TEs than 

with short TEs (Table 2.6). The fraction of TEs (long and short) that overlapped with HOME CG 

DMRs was very small (<7%). For CHH DMRs both HOME and DSS exhibited a similar overlap 

with TEs. Most CHG DMRs predicted by DSS did not overlap either long or short TEs, while a 

larger fraction of long TEs overlapped CG DMRs predicted by DSS, compared to short TEs (Table 

2.6). Our results suggest that DMRs predicted by HOME fit better with the known biological 
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function of cmt2, than DMRs predicted by DSS.  

Table 2.5: Percentage of uniquely predicted DMRs by HOME and DSS in gene bodies and 

TEs for CG, CHG and CHH contexts. 

Gene body TE 

DMR finders CG CHG CHH CG CHG CHH 

HOME 67% 16.7% 29% 21% 72% 50% 

DSS 58% 31.7% 15% 27% 48% 52% 

 

Table 2.6: Percentage of short (<1kb) and long (>1kb) TEs that overlap with uniquely 

predicted DMRs by HOME and DSS, for CG, CHG and CHH contexts. 

Long TE (>1 kb) Short TE (<1 kb) 

DMR finders CG CHG CHH CG CHG CHH 

HOME 6% 69% 13% 0.9% 34% 8% 

DSS 13% 3% 12% 2% 0.3% 4% 

2.3.2.2 Time-series differential methylation analysis 

An additional feature of HOME is the ability to predict DMRs in time-series data. The HOME 

time-series analysis algorithm can be successfully used for identification of DMRs in datasets 

where DNA methylation varies over time or between development stages, for example, during 

seed germination (Narsai, et al., 2017), cell reprogramming (Lee, et al., 2014; Lister, et al., 2011), 

and mammalian brain development (Lister, et al., 2013). Current methods can be used to call 

pairwise DMRs for each combination of groups in time-series data, and thereafter the DMRs could 
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be merged to obtain final predicted time-series DMRs. However, taking this approach, the 

complexity of all possible combinations increases and becomes tedious for users, as the number 

of groups increases in time-series data. With HOME, we provide an easy and convenient way to 

compare many time points with a single command. Moreover, the output of the HOME time-series 

module contains many useful metrics that allow users to trace methylation changes through time 

and determine the stability or stochasticity of the methylation state in the DMRs. For example, the 

output summarizes the mean methylation level difference and directionality of methylation level 

change, for each pair combination in the time-series data. 

We tested the performance of HOME on another time-series dataset of mouse embryonic 

fibroblast (MEF) reprogramming to induced pluripotent stem cells (iPSCs) (Knaupp, et al., 2017). 

The dataset contains 6 time points: MEF, day 3, day 6, day 9, day 12 and iPSCs. The browser 

representations in Figure 2.14, show that HOME is able to identify DMRs with gradual 

methylation changes effectively. 
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Figure 2.14: Browser representations of CG DMRs predicted by HOME in time-series 

WGBS data. Six time points: mouse embryonic fibroblast (MEF), day 3, day 6, day 9, day 12 

and induced pluripotent stem cell (iPSC). 

2.4 Discussion 

Here we present a novel histogram of methylation based machine learning method to detect DMRs 

from single nucleotide resolution DNA methylation data. Our method treats the problem of DMR 

detection as a binary classification problem and requires a high quality training dataset. Due to the 

lack of a biological dataset with known DMRs and non-DMRs, we generated our own training 

dataset using publicly available DNA methylomes and complementary datasets such as differential 

ATAC-seq peaks or differentially expressed genes. HOME showed more accurate DMR prediction 

and precise DMR boundary identification compared to both DSS and Metilene. The key features 

of HOME are: (i) novel histogram based features which combines important information such as 

methylation level difference, measure of significance for the difference in methylation, and 

distance between neighbouring cytosines; (ii) a robustly trained model that is effective for a wide 

variety of species; (iii) a flexible method that can be used for prediction of DMRs in both CG and 
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CH contexts with high border accuracy; and (iv) a tool that can identify DMRs in time-series data. 

The most important qualities of any DMR finder are accurate prediction of DMR 

boundaries and low number of spurious DMRs (false positives). HOME outperforms both DSS 

and Metilene in both of these measures. One of the reasons underlying the low false positive rate 

of HOME is the use of biological training data for DMRs and non-DMRs to train the classifier. In 

addition, the histogram based features can robustly discriminate between DMRs and non-DMRs, 

thereby reducing the probability of detecting spurious DMRs. Histogram based features are also 

able to capture the information present around each cytosine site with the use of weighted voting, 

thereby, enabling accurate identification of the DMR boundaries.  

HOME accounts for biological variation present between the replicates and uneven read 

coverage through weighted logistic regression while computing the p-value. The spatial correlation 

present among neighboring cytosine sites is captured by moving average smoothing and the use 

of weighted voting for histogram based features. We demonstrate that HOME can be used to 

predict accurate DMRs in both CG and non-CG (CHG and CHH) sequence contexts for both 

mammalian and plant WGBS methylome data by using the same training data. Although the 

classifier was trained on mammalian WGBS data for CG and CH contexts, HOME can accurately 

predict DMRs in plants and for specific non-CG contexts (CHG and CHH), demonstrating its 

versatility. However, if users wish to retrain the HOME model on their own data, it can easily be 

done from the approach mentioned above (see Methods section). 

Finally, another standout feature of HOME is the prediction of DMRs in time-series data. 

Time-series DNA methylation experiments are commonly used to study a wide range of biological 

processes such as development (Lister, et al., 2013) and stress responses (Dowen, et al., 2012). 

HOME is an efficient method to directly predict accurate DMRs in studies with multiple 
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timepoints. This added functionality of HOME will greatly facilitate and expand the study of 

epigenome dynamics in numerous biological systems and disease models. Taken together, HOME 

is a highly effective and robust DMR finder that accounts for uneven cytosine coverage in WGBS 

data, accounts for biological variation present between the samples in the same treatment group, 

predicts DMRs in various genomic contexts, and accurately identifies DMRs among any number 

of treatment groups in experiments with or without replicates.  
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3Chapter 3 

Identification of DNA methylation changes during 
Intestinal stem cell and Paneth cell aging using HOME 
  

This chapter includes the DNA methylation analyses that I did as a co-author on the following 

manuscript that is currently under review in eLife Journal. Briefly, my contribution in this study 

includes quality control and processing of raw reads from WGBS datasets for Intestinal Stem Cells 

(ISCs) and Paneth cells. I identified the DMRs using HOME and performed the analyses such as 

gene ontology analysis and motif analysis for the identified DMRs. I also contributed to writing 

and figure generation for the manuscript. The wet-lab experiments and RNA-seq analysis used in 

this chapter are required for the understanding of the results and were done by the co-authors. 

 

Christian M. Nefzger*, Thierry Jardé*, Akanksha Srivastava, Fernando J. Rossello, Jan 

Schroeder, Katja Horvay, Mirsada Prasko, Jacob M. Paynter, Joseph Chen, Chen-Fang Weng, Yu 

B.Y. Sun, Xiaodong Liu, Eva Chan, Nikita Deshpande, Y Jinhua Li, Jahnvi Pflueger, Anja S. 

Knaupp, Kirill Tsyganov, Susan K. Nilsson, Owen J.L. Rackham, Ryan Lister, Helen E. Abud and 

Jose M. Polo. The age-altered transcription factor network potentiates metabolic decline and 

intestinal stem cell dysfunction. 

3.1 Introduction 

Stem cell aging is marked by the decline in stem cell function and loss in their ability to regenerate. 

Along with intrinsic alterations within stem cells and/or niche environmental defects, the decline 

in function and loss in regenerative power of stem cell is often associated with epigenome 
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alterations (Beerman and Rossi, 2015; Goodell and Rando, 2015; Li, et al., 2011). These 

epigenome changes can be amplified by stem cell self-renewal process and can also be heritably 

transmitted to differentiated progeny. Histone modifications and DNA methylation that are known 

to regulate transcription and gene expression can cause a change in the transcriptional machinery 

during stem cell aging (Przybilla, et al., 2014). A number of past studies have shown global and 

regional changes in DNA methylation levels during stem cell aging (Beerman, et al., 2013; Sun, 

et al., 2014). Compared to cell types that normally reside in a quiescent state, such as skeletal 

muscle satellite stem cells and hematopoietic stem cells, relatively little is known about what 

occurs during aging of highly proliferative somatic stem cell compartments. 

The intestinal epithelium is one of the most rapidly cycling tissues in the body, being renewed 

every 3-5 days (van der Flier and Clevers, 2009). Epithelial renewal is driven by ISCs that reside 

at the bottom of the crypts and produce rapidly dividing transit amplifying cells that subsequently 

differentiate into all terminally differentiated absorptive and secretory cell types vital for intestinal 

function (Beumer and Clevers, 2016). Cycling ISCs are interspersed with Paneth cells that supply 

key niche signals such as WNT3A, EGF, BMP and Notch ligands that together with the supporting 

mesenchyme provide a niche environment (Sailaja, et al., 2016; Sato, et al., 2011) as illustrated in 

Figure 3.1. 

The canonical Wnt signaling pathway plays important roles in the regenerative capacity of stem 

cells and is transduced through beta-catenin/TCF4 (Krausova and Korinek, 2014). It involves Wnt 

proteins that binds to the cell receptors to initiate the Wnt signaling pathway. The communication 

between the niche environment and the ISCs is regulated by Wnt signaling. Due to aging, the self-

renewal capacity of the ISCs can be disturbed by a decrease in Wnt signaling. A recent study has 

reported a reduced regenerative response to injury associated with a reduction in Wnt signaling in 
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the ISC compartment (Nalapareddy, et al., 2017). However, the potential cause of a decrease in 

Wnt signaling in aged ISCs and the role of DNA methylation in the aging process of ISCs have 

not yet been determined. 

 

 

Figure 3.1: The Intestinal Stem Cell Niche. ISCs (pink) are located above the Paneth cells, as 

measured from the crypt base. Mesenchymal cells (green) adjacent to the ISCs function as the 

niche and provide key signaling such as Wnt and Notch. Source (Sailaja, et al., 2016). 

 

In order to assess the role of DNA methylation in ISC aging, we measured genome wide DNA 

methylation status (WGBS) in ISCs and Paneth cells from young (2-3mth) and aged (22-24mth) 

female wild-type C57BL/6 mice. We used HOME to identify the differentially methylated regions 

(DMRs) in ISCs and Paneth cells between young and aged mice. Moreover, we also used HOME 

to identify DMRs during differentiation of ISCs to Paneth cells. The results revealed widespread 

changes in the methylation state of genomic regions during aging of ISCs and Paneth cells. We 

observed that the age-related DMRs are inherited by Paneth cells from the parental ISCs upon 
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differentiation. Furthermore, these results indicate that the reduced canonical Wnt signaling 

detected during aging of ISCs is likely caused by the change in the DNA methylation levels. 

3.2 Material and methods 

3.2.1 Intestinal cell isolation 

The small intestine tracts were isolated from young (2-3mth) and aged (22-24mth) female wild 

type C57BL/6 mice. The isolated small intestine was flushed with PBS and opened longitudinally. 

The tissue was then scraped with a glass coverslip to remove villi, cut into 5-mm pieces and washed 

with PBS five times (20 inversions of the tube per wash). Following incubation for 30 min at 4°C 

in 4mM EDTA-PBS, intestinal crypts were released from small intestinal tissue fragments by 

mechanically pipetting with a 10ml pipette in PBS and repeating this step twice. After 

centrifugation (1500 rpm for 5 min at 4°C), the pellet was resuspended in PBS and strained using 

a 70-μm cell strainer (BD Biosciences). Following centrifugation (1500 rpm for 5 min at 4°C), the 

collected crypts were incubated for 30 minutes at 4°C in DMEM/F12 – 10% serum (Gibco), 

pelleted again by centrifugation (1500 rpm for 5 min at 4°C) and then dissociated in TrypLE 

Express (Invitrogen) supplemented with 10 μM Rock inhibitor (Y-27632, Abcam) and 2.5µg/ml 

DNAse 1 (Sigma-Aldrich) for 4 minutes at 37°C. The dissociated cells were strained using a 70-

μm cell strainer and were washed twice with PBS and collected by centrifugation at 4°C at 1500 

rpm for 5 minutes. Cellularized intestinal epithelial were labelled with antibodies and ISCs isolated 

by FACS. ISCs were defined as CD31-/CD45-

/CD24med/CD166+/CD44high/GRP78low/EphB2high/Epcam+ and Paneth cells were defined as 

CD31-/CD45-/CD24high/CD166+/UEA1+/Epcam+ following SM6 gating strategy (Nefzger, et 

al., 2016).  
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3.2.2 Whole Genome Bisulfite Sequencing by MethylC-Seq 

Genomic DNA was isolated with the DNeasy Blood and Tissue Kit (QIAGEN, Cat#69504) 

according to manufacturer’s instructions. Libraries were prepared using NxSeq AmpFREE Low 

DNA Library kit (Lucigen, Cat#14000-1). Briefly, 200 ng sample genomic DNA with 0.5% (w/w) 

unmethylated lambda phage DNA (Thermo Fisher Scientific Cat#SD0011) was fragmented with 

a Covaris S220 sonicator to a mean length of 200 bp. Fragments were end-repaired, A-tailed, and 

ligated to methylated Illumina TruSeq adapters (BIOO Scientific, Cat#BIOO-511912) followed 

by bisulfite conversion using the EZ DNA-methylation Direct kit (Zymo Research, Cat#D5024). 

Library fragments were then subjected to 5 cycles of PCR amplification with KAPA HiFi Uracil+ 

DNA polymerase (KAPA Biosystems, Cat#KP-KK2801). Single-end 100 bp sequencing was 

performed on a HiSeq 1500. 

3.2.3 RNA sequencing and analysis 

RNA was extracted with Qiagen’s RNeasy micro kit from 2-3*104 FACS isolated cells. For 

generation of sequencing libraries, 25ng of RNA (RIN value >8) were submitted to Single primer 

isothermal amplification (NuGen). 2-3 biological replicates per condition were sequenced using 

the HiSeq 3000 sequencing platform (Illumina, San Diego, CA, USA). Each library was single-

end with a 50-100 nt read length. The targeted number of sequencing reads per sample was 30 

million. Raw sequencing reads were assessed for overall quality using FASTQC 

(http://www.bioinformatics.babraham.ac.uk/projects/fastqc/). Sequencing specific adaptors and 

low quality reads (Phred score of 3 consecutive bases below 15, minimum read length of 36nt) 

were filtered and hard trimmed using Trimmomatic [v 0.30] (Bolger, et al., 2014). Where RNA-

sequencing reads were 100 nt length, a crop to a length of 50 bp was performed (Trimmomatic [v 
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0.30] (Bolger, et al., 2014). Sample reads were aligned to the mouse genome (GENCODE 

GRCm38 primary assembly) using STAR version 2.4.2a (Dobin, et al., 2013). Transcript 

quantification was performed using featureCounts (exonic regions of GENCODE’s vM15 

annotation version), (Liao, et al., 2014) and transcripts with more than 5 sequencing reads and 1 

count per million of mapped reads in at least one sample were used for further analysis, previously 

library-size normalized using the TMM method (Robinson and Oshlack, 2010). Differential gene 

expression analysis was performed using limma voom with sample quality weights (Phipson, et 

al., 2016; Ritchie, et al., 2015). 

3.2.4 DNA methylation analysis 

Single-end reads were trimmed using Trimmomatic-V0.32, to remove adaptor contamination and 

poor quality reads (Bolger, et al., 2014). Trimmed reads were then aligned to reference mouse 

genome (mm10) using BSSeeker2 with default parameters (Guo, et al., 2013). Reads mapping to 

multiple locations were removed using sambamba-v0.5.9 (Tarasov, et al., 2015). Thereafter, 

bs_seeker2-call_methylation.py module was used to call methylation levels. DMR identification 

was done using HOME version 0.4 (Srivastava A, 2017). Briefly, the HOME-pairwise module was 

used with --delta 0.3 and --minc 5 and the rest of the parameters were kept as default for DMR 

calling. Gene ontology analysis was done using GREAT for hyper and hypo-methylated DMRs 

(McLean, et al., 2010). Genome context of the DMRs was determined using Goldmine (Bhasin et 

al. 2016). The heatmaps for hyper- and hypomethylated DMRs were generated using deepTools 

(Ramirez, et al., 2014). First, the computeMatrix module of deepTools was used to compute the 

matrix from the ∆mCG in DMRs. The matrix was generated for 1 kb upstream and downstream 

of DMRs centre. Thereafter, plotHeatmap module of deepTools was used to plot the heatmap. 
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3.3 Results  

To study the effect of aging on small intestinal tissue, ISCs and Paneth cells that constitute the 

niche environment around ISCs were isolated from young (2-3mth) and aged (22-24mth) female 

wild-type C57BL/6 mice. The isolated cells were purified using an antibody based FACS isolation 

method (Nefzger, et al., 2016). The genome-wide DNA methylation analysis of the purified ISCs 

and Paneth cells reveals several interesting findings, as detailed below. 

3.3.1 Widespread DNA methylation changes are observed during 

stem cell aging 

The total number of DMRs identified by HOME between young and old ISCs and Paneth cells 

were ~18,000 and ~19,000 respectively. Conversely, the number of DMRs identified during 

differentiation of ISCs to Paneth cells for both young and old stages were ~2,000 - 3,000 (Figure 

3.2A and B). Moreover, the DMRs observed during differentiation were shorter (10-500bp) 

compared to DMRs observed during stem cell aging (10-1500bp) (Figure 3.2A). These data 

indicate that the number of age related changes in DNA methylation is nearly an order of 

magnitude higher in both ISCs and Paneth cells than the methylation changes that occur during 

differentiation of ISCs into Paneth cells. Moreover, previous studies showed that only a limited 

number of DMRs, with very small changes in methylation level, were observed during 

differentiation of ISCs (Kaaij, et al., 2013; Sheaffer, et al., 2014). Most importantly, according to 

the above studies, most of these DMRs were located in intergenic regions and were shown to be 

enhancers of proliferation genes that regulate stem cell division and differentiation (Kaaij, et al., 

2013; Sheaffer, et al., 2014). Furthermore, both old ISCs and Paneth cells exhibited increased 

DNA methylation levels at ~7,000 regions and showed decreased DNA methylation levels at 
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~13,000 regions during aging, indicating that the loss of DNA methylation is more pronounced 

than gain of DNA methylation. Interestingly, the differentiation process from ISCs to Paneth cells 

does not erase age-related differentially methylated regions. The DNA methylation changes 

detected in aged ISCs were also present in aged Paneth cells, showing that Paneth cells inherit the 

age-related DNA methylation signature from the parental ISCs (Figure 3.2C). Notably, the DMRs 

for all the comparisons were located mainly in intergenic and intronic regions (Figure 3.2D). We 

hypothesize that these intergenic and intronic regions may harbor important regulatory sequences, 

such as enhancers, which might be affected by methylation, or methylation changes might be a 

result of enhancer activation during ISC aging and differentiation. In the future, the use of 

complementary datasets such as ATAC-seq, DNase I hypersensitivity mapping, and chromatin 

immunoprecipitation and sequencing (ChIP-seq) data for chromatin marks associated with 

enhancers (monomethylation of histone H3 at lysine 4, H3K4me1) and active enhancers 

(acetylation of histone H3 at lysine 27 (H3K27ac) will help in confirmation of the above 

hypothesis. Taken together, these analyses reveal widespread DNA modifications in both ISCs 

and Paneth cells during aging.  
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Figure 3.2: Aging produces widespread changes in DNA methylation. A) The number and 

average length of the DMRs for pairwise comparisons. B) The distribution of hyper- and 

hypomethylated DMRs for the pairwise comparisons. C) Heat map representation of hyper- and 

hypomethylated DMRs identified in aged ISCs compared to young ISCs. Each horizontal 

heatmap window represents 100 base pairs. D) Genomic distribution of identified DMRs for the 

pairwise comparisons. 
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3.3.2 Wnt signalling pathway components were modified at both the 

epigenome and transcriptome levels in aged ISCs  

To determine the potential biological processes that are responsible for the decline in ISC function 

with aging, gene ontology (GO) analysis was performed using Genomic Regions Enrichment of 

Annotations Tool (GREAT) (McLean, et al., 2010). GREAT is a statistical tool that is used to infer 

the biological functions of genomic regions based on the functions of their predicted associated 

target genes. Briefly, GREAT assigns a regulatory domain that includes a basal domain (5 kb 

upstream and 1 kb downstream from its transcription start site) and an optional extension (1Mb in 

either direction but only up to the basal region of the closest domains) for each gene. Each genomic 

region is associated with all genes whose regulatory domains it lies (McLean, et al., 2010). 

Thereafter, the gene ontology enrichment is computed for associated genomic regions based on 

the binomial test, which accounts for variability in length of regulatory regions (McLean, et al., 

2010). GO analysis of hypermethylated DMRs in old ISCs showed that genes present on or near 

these hypermethylated DMRs were associated with Wnt signalling. Conversely, the genes 

associated with hypomethylated DMRs in old ISCs were related to a more diverse range of GO 

categories, with the most significant one being changes in interferon gamma signalling followed 

by alterations in lipid metabolism (Figure 3.3A).  

Mimicking the GO analysis for hypermethylated DMRs in old ISCs, analysis of differentially 

expressed genes (DEGs) in young and old ISCs revealed that genes downregulated during aging 

are associated with beta-catenin/TCF complex assembly required for canonical Wnt signalling 

(Figure 3.3B). Having defined that Wnt signalling pathway components were modified at both the 

epigenome and transcriptional levels in aged ISCs (Figure 3.3A and B), it was examined whether 

enhancement of Wnt signalling could restore stem cell function. ISCs isolated from young and 
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aged small intestinal tissues were exposed to increasing concentrations of the Wnt agonists 

WNT3A and CHIR 99021 during organoid establishment. Increasing the Wnt activation only 

partially restored the regenerative potential of isolated aged ISCs (data not shown). This might 

imply that alterations in Wnt signalling pathways are only a contributing factor to the age-related 

decline in regenerative capacity. However, the reduction in expression of key canonical Wnt 

signalling components was associated with hypermethylation of corresponding gene loci. As 

mentioned above, the DMRs were found to be located mainly in intergenic and intronic regions 

(Figure 3.2D), which may, in fact, posses gene-regulatory domains, or enhancers (Kaaij, et al., 

2013; Sheaffer, et al., 2014). Moreover, the active enhancers, bounded by TFs, are known to show 

hypomethylation, and the inactive enhancers are mostly hypermethylated (Calo and Wysocka, 

2013; Kaaij, et al., 2016; Spitz and Furlong, 2012). Therefore, this might suggest that the decrease 

in Wnt signalling during aging is a result of hypermethylation of the enhancers of corresponding 

Wnt genes. 
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Figure 3.3: A) Gene ontology analysis for genes associated with DMRs that exhibit a gain (red) 

or loss (green) in DNA methylation status in an age-dependent manner in 22mth old ISCs. B) 

Gene ontology analysis for genes that are down (red) or up (green) regulated in 22mth old ISCs 

compared to 2mth old ISCs. 

3.3.3 DNA methylation changes are associated with transcriptional 

changes during aging 

DNA methylation has the potential to affect TF binding, which can then cause transcriptional 

changes (Domcke, et al., 2015). To investigate the TF binding sites within the DMRs with potential 

regulatory function, TF binding site enrichment analysis was performed for the subset of DMRs 

in the intergenic regions and +/-10 kb of the TSS. The analysis was carried out using 

Hypergeometric Optimization of Motif EnRichment (HOMER) (Heinz, et al., 2010). Briefly, 

HOMER is differential motif discovery algorithm, which takes two sets of sequences, such as 

DMRs and reference DNA sequence, and identifies TF binding motif enrichment in one set relative 

to the other. Interestingly, many known methylation sensitive TF binding motifs, such as IRF2, 
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ELF3, ETV2, GABPA, and CDX4, were found to be enriched in hypomethylated DMRs in both 

old ISCs and Paneth cells (Yin, et al., 2017). TFs known for high affinity for binding methylated 

CG sites, such as GATA3, CUX2, and HOXA9, were found to be enriched in hypermethylated 

DMRs in both old ISC and Paneth cell (Yin, et al., 2017). This points toward an interesting 

association between DMRs with potential regulatory function and the methylation sensitive TFs. 

However, in the future this requires further investigation using complementary datasets such as 

ChIP-seq. 

To identify the key TFs that could be responsible for aging phenotype and that show a change in 

their expression level, an algorithm called Mogrify was used (Rackham et al., 2016). Mogrify was 

developed to predict the TFs required for direct cell fate conversion. Briefly, Mogrify uses the 

information of differentially expressed genes and gene-regulatory networks, calculates a score for 

each TF, and outputs a set of key TFs predicted to be responsible for a given cell fate conversion. 

Using Mogrify, a set of TFs, including Nfe2l2, Irf1, Fosb and Egr1, were identified as responsible 

for the aged ISC state. Nfe2l2 was found to be upregulated during aging, whereas the other three 

TFs (Irf1, Fosb and Egr1) were downregulated during aging (Figure 3.4A). Nfe2l2 is associated 

with a protective response against oxidative stress (Vomund, et al., 2017), indicating that the 

upregulation of this factor is likely an adaptive response to changes in cellular metabolism rather 

than a driver of these alterations. Irf1 is a known mediator of interferon signalling (Taniguchi and 

Takaoka, 2002), which matches the previous observations that some of the age related changes in 

DNA methylation status were related to interferon gamma signalling (Figure 3.3A). Fosb is an 

early response gene, and as part of the heterodimeric activating protein-1 transcription factor, 

implicated in controlling proliferation, differentiation and transformation (Gazon, et al., 2017). 

Finally, Egr1 orchestrates the expression of growth factors/receptors, matrix proteins and 
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regulators of cell growth, controls differentiation, apoptosis and stress responses and has been 

implicated in modulating wound healing and tissue repair in the liver (Liao, et al., 2004; Wu, et 

al., 2009). Interestingly, the hypermethylated DMRs in aged ISCs were observed within or near 

gene bodies of Irf1, Fosb and Egr1, and hypomethylated DMRs in aged ISCs near Nfe2l2 (Figure 

3.4B). Of note, the majority of DEGs showed no detectable changes in DNA methylation status 

within or close to the gene body (Figure 3.4C). This shows association of DNA methylation with 

TFs that might be the key drivers and are responsible for the majority of the transcriptional 

alterations observed between old and young ISCs. 
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Figure 3.4: A) Expression levels of Egr1, Fosb, Irf1 and Nfe2l2 for 2mth and 22mth old ISC 

samples. B) UCSC DNA methylation tracks (in green) for key transcription factors that are 

down- and up-regulated in aged ISCs. DMRs between 2mth and 22mth old ISC samples are 

indicated by black bars and associated regions are marked by a red frame. C) Overlap between 

identified genes found associated with DMRs using GREAT in aged ISCs and genes that are 

differentially expressed in aged ISCs, respectively. 

3.4 Discussion 

Decline in intrinsic stem cell function and/or supportive niche signals have been identified as 

fundamental changes that occur during aging in several organs (Cakouros and Gronthos, 2019; 
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Goodell and Rando, 2015; McClay, et al., 2014). In this study, the effects of aging was investigated 

within a vital tissue that rapidly renews throughout life via a population of stem cells, the intestinal 

epithelium. Classical studies on aging in the mouse intestinal epithelium provided some evidence 

of morphological changes with age (Kirkwood, 2004; Martin, et al., 1998), with more recent 

studies describing a potential role for Wnt signalling (Nalapareddy, et al., 2017). This work utilises 

a wild type mouse strain and an extensive range of experimental techniques to define the epigenetic 

and transcriptional changes that induce key signalling and metabolic alterations and underpin the 

age-related changes in the intestinal epithelium. Using HOME, many interesting associations were 

observed between key signaling pathways such as Wnt signaling and interferon gamma signalling. 

Wnt signaling pathway components were observed to be modified at both the epigenomic and 

transcriptional level. However, treatment with Wnt agonists could not overcome the organoid 

establishment defects of aged ISCs compared to their younger counterparts, and indicates that the 

reduced Wnt signalling state could only be a contributing factor to the regenerative decline of aged 

ISCs. Interestingly, we observed many hypermethylated DMRs in the genes associated with Wnt 

signaling pathways. These DMRs were mainly observed in intergenic and intronic regions, which 

could possess gene-regulatory domains or enhancers. Furthermore, many methylation sensitive 

TFs were observed to be enriched in the DMRs located in the potential regulatory regions, 

suggesting a role of DNA methylation in aging.  

Importantly, HOME identified DMRs in aged ISCs that were inherited by aged Paneth 

cells, revealing the stability of age-related DNA methylation alterations. These irreversible 

changes in DNA methylation in the stem cells that are passed to their daughter cells could 

potentially limit the capacity of progenitor cells, and therefore these stable DMRs could be targeted 

for reversal in the future. Moreover, HOME identified hypomethylated DMRs in aged ISCs within 
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or near gene bodies of three key TFs (Egr1, Irf1, Fosb), that potentially control the majority of the 

age-specific ISC transcription factor network. This finding signifies the association of DNA 

methylation with key TFs. Overall, these associative studies of the identified DMRs indicate that 

DNA methylation changes might play an important role in aging. It is possible that age-induced 

DNA methylation changes at key genes shift the TF network to a state of reduced metabolic output, 

which then acts as a primary switch for the decreased regenerative potential of ISCs. However, 

future studies involving the manipulation of methylation are required to determine whether the 

identified changes in methylation were causal for changes in transcription. Moreover, we also 

observed the DMRs in the potential regulatory regions were associated with methylation sensitive 

TF binding motifs. It will be intriguing to investigate in the future these regulatory regions through 

the use of additional experiments such as ATAC-seq, ChIP-seq, and targeted epigenome editing, 

which might help further clarify whether changes in methylation state at regulatory elements 

driving transcriptional changes during aging (Avrahami, et al., 2015).  
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4Chapter 4 

Identification of DNA methylation changes during an 

Arabidopsis thaliana germination time course using 

HOME 

 
This chapter includes the DMR analyses that I did as a co-author on the following manuscript 

published in Genome Biology journal. Briefly, my contribution to this study includes DMR 

identification using HOME time series module. I also contributed to the analysis of the identified 

DMRs and contributed to writing the manuscript. The wet-lab experiments, RNA analysis and 

identification of key transcription factors mentioned in this chapter were done by the co-authors. 

 

Reena Narsai, Quentin Gouil, David Secco, Akanksha Srivastava, Yuliya V. Karpievitch, Lim 

Chee Liew, Ryan Lister, Mathew G. Lewsey and James Whelan. Extensive transcriptomic and 

epigenomic remodelling occurs during Arabidopsis thaliana germination. Genome biology 

doi:10.1186/s13059-017-1302-3. 

4.1 Introduction 

Seeds are essential for crop productivity and are an important part of our diet. They can remain 

dormant for years before becoming highly metabolically active as the seed germinates and 

transitions into a seedling. Seeds constantly perceive specific cues, such as the presence of water, 

light, temperature and nutrients, which trigger molecular responses and enable germination to 

progress (Bewley, 1997). Alterations in the levels of small RNAs (sRNAs), transcripts or DNA 

https://genomebiology.biomedcentral.com/articles/10.1186/s13059-017-1302-3
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methylation affect seed dormancy, seed viability, germination and seedling development (Das, et 

al., 2015; Stamm, et al., 2017; Xiao, et al., 2006). These layers of regulation interact extensively, 

with the result that a complex network of inputs contributes to germination and successful seedling 

establishment.  

Small-interfering RNAs (siRNAs) are the type of sRNA that has been shown to have regulatory 

roles during development in plants (Martinez and Kohler, 2017). siRNA of 23–24 nt are involved 

in the RNA-directed DNA methylation (RdDM) pathway, recruiting the de novo methyltransferase 

DOMAINS REARRANGED 2 (DRM2) to methylate cytosines in all contexts (Matzke and 

Mosher, 2014). While 20–22-nt siRNAs primarily mediate post-transcriptional gene silencing 

through cleavage of their complementary targets, they are also able to direct DNA methylation 

(Cuerda-Gil and Slotkin, 2016). The 24-nt siRNAs are produced by RNA-dependent RNA 

polymerase 2 (RDR2) and Dicer-like 3 (DCL3), and incorporated into Argonaute 4 (AGO4) and 

AGO6 (Matzke and Mosher, 2014). In addition, two key plant-specific RNA polymerases, Pol IV 

and Pol V, play important roles in the RdDM pathway (Onodera, et al., 2005; Wierzbicki, et al., 

2008). DNA methylation influences chromatin structure and has a constitutive role in 

transcriptional regulation of genes and repeats. DNA methylation profiles also display tissue 

specificity (Kawakatsu, et al., 2016), are remodelled during plant sexual reproduction (Calarco, et 

al., 2012; Ibarra, et al., 2012; Park, et al., 2016), and react to biotic and abiotic stresses (Deleris, et 

al., 2016; Hossain, et al., 2017; Secco, et al., 2013). DNA methylation is maintained through 

mitotic and meiotic replication by DNA methyltransferases with distinct sequence affinities. 

MET1 maintains CG methylation, CMT3 performs CHG methylation (where H is any nucleotide 

but G) and CMT2 methylates several CHH cytosine contexts to variable extents (Du, et al., 2015; 

Gouil and Baulcombe, 2016). During germination, DNA demethylation has been observed in 
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pepper (Portis E, 2004), wheat (Meng FR, 2012) and rice (Narsai, et al., 2017). DNA 

demethylation could be the result of a passive process that occurs due to failure to maintain DNA 

methylation when DNA methyltransferase become inactive or dysfunctional during the cell cycle 

following DNA replication (Zhang and Zhu, 2012; Zhu, 2009). Moreover, active DNA 

demethylation could occur independently of DNA replication and be initiated by a family of DNA 

glycosylases, including Demeter (DME), Repressor of silencing 1 (ROS1), Demeter-like 2 

(DML2), and Demeter-like 3 (DML3) (Penterman, et al., 2007; Zhu, 2009). Loss-of-function 

mutations in genes involved in DNA methylation, such as MET1, and demethylation, such as 

DEMETER, result in embryo-defective phenotypes in Arabidopsis (Ruhl, et al., 2012; Xiao, et al., 

2006), indicating that the regulation of DNA methylation in the seed is essential for normal 

development. 

To reveal the molecular networks governing seed germination in Arabidopsis, we assayed genome-

wide sites of DNA methylation (MethylC-seq), the transcriptome (RNA-seq) and the cellular 

sRNA population (sRNA-seq) over an extensive time course, from before seed desiccation through 

stratification and germination to post-germination (Figure 4.1). Using HOME, we identified 

extensive epigenetic remodelling between the seed and post-germinative seedling, with CHH 

hypomethylation detected at 12,654 loci. The interaction of identified DMRs during germination 

time course with broad transcriptional remodelling and sRNA dynamics revealed many interesting 

associations that have not been examined previously. This study provides an unprecedented view 

into the dynamics and interactions of the epigenome and transcriptome during seed germination.  
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Figure 4.1: Overview of time course examined in this study. Transcriptomes and sRNAs were 

analysed at all time points. H denotes freshly harvested seeds, collected before two weeks of 

dry, dark ripening. DNA methylation was analysed at 0 h (after ripening), 48 h S, 6 h SL, 24 h 

SL and 48 h SL. Bottom panel shows the growth process during seed germination. Adapted from 

Zhao et.al (Zhao, et al., 2012). 
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4.2 Material and methods 

4.2.1 Arabidopsis growth and tissue collection  

For the time course of germination (Col-0 only; Figure 4.1), Arabidopsis plants were grown to 

maturity at 22 °C under long-day conditions and seeds were collected (freshly harvested – H) from 

this single batch of plants. The seeds were then kept for two weeks under dry, dark conditions to 

ripen before being collected (for 0 h samples) and then plated onto MS media plates (containing 

3% sucrose). Samples were collected after 1 h of cold (4 °C) dark stratification (S), 12 h S and 48 

h S before being transferred to continuous light (SL) (at 22 °C) and collected after 1 h (SL), 6 h 

SL, 12 h SL, 24 h SL and 48 h SL. Three biological replicates were collected.  

4.2.2 Genomic DNA extraction and MethylC-seq 

Genomic DNA (gDNA) was extracted from the seeds/seedlings using the Qiagen DNeasy Plant 

mini kit. Purified gDNA (600 ng) was used for MethylC-seq library preparation after spiking in 

0.5% lambda DNA (N6-methyladenine-free) (New England BioLabs) (Urich, et al., 2015). Three 

biological replicates were conducted per time point. Following bisulfite conversion and 

purification, the adapter-ligated DNA molecules were sequenced using the Illumina HiSeq 1000, 

following manufacturer’s instructions.  

4.2.3 DMR detection 

DMRs were identified using HOME (v0.1). Briefly, single-end MethylC-seq reads were trimmed 

with trimgalore (v0.4.2) and mapped to TAIR10 genome with Bismark v0.16.3 (Krueger and 

Andrews, 2011) and default parameters. Deduplicated reads (deduplicate_bismark) were used to 

generate genome-wide cytosine reports (bismark_methylation_extractor, bismark2bedGraph, 
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coverage2cytosine). The processed data were then used to identify time series DMRs for the three 

contexts (CG, CHG and CHH) using HOME-time series module with default parameters. We 

further filtered out regions whose maximum absolute difference in methylation during the time 

course was lower than 20%. Hierarchical clustering of the methylation differences relative to the 

first time-point (0 h) distinguished hypermethylated and hypomethylated regions.  

4.2.4 DMR analysis 

Overlaps between DMRs, differential sRNA loci and genomic features were computed with the 

Genome Association Tester (GAT) v1.0 and default parameters (Heger, et al., 2013). Bootstraps 

of overlaps were generated on the whole TAIR10 genome. 

4.2.5 Small RNA-seq protocol 

For sRNA analysis, 1 μg of total RNA was used for library preparation with the Small RNA sample 

preparation kit (Illumina). Three biological replicates were conducted per time point. Briefly, 

Illumina RNA adapters were sequentially ligated to the small RNA molecules. These adapter-

ligated samples were reverse-transcribed and PCR-amplified before gel purification for size 

selection (15–30-nt inserts) (Secco, et al., 2013). The libraries were multiplexed and sequenced 

for 96 cycles using the Illumina HiSeq 1000, as per the manufacturer’s instructions.  

4.2.6 Small RNA analysis 

Small RNA-seq reads were trimmed with trimgalore (v0.4.2) and sequences of 18–24 nt in length 

were mapped and clustered onto the Arabidopsis TAIR10 genome with ShortStack v3.6 (Axtell, 

2013). The read counts on all 87,000 defined clusters were subjected to differential analysis with 

DESeq2 v1.10.1 (Love, et al., 2014). Small RNA loci were considered to vary during the time 
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course when the adjusted p value of the likelihood ratio test (reduced model, no effect of time vs. 

full model, time factor with ten levels) was < 0.01. Differential loci were classified into four 

clusters by hierarchical clustering based on the Euclidean distance of the regularised logarithm of 

counts. 

4.2.7 RNA isolation and RNA-seq  

For the samples collected from the time course of germination (Col-0 only; Figure 1A), the 

Ambion Plant RNA isolation aid and RNAqueous RNA isolation kit were used for RNA isolation. 

RNA quality and integrity were determined using the Nanodrop 1000 Spectrophotometer and 

Agilent Bioanalyser. Only high-quality RNA samples (Abs260/280 nm ratios of 2.0–2.1) were 

used for RNA-seq library generation with the Illumina TruSeq Total RNA sample prep kit. RNA-

seq libraries were multiplexed and loaded per lane into the Illumina HiSeq flow cell v3. All 

sequencing protocols were carried out as per the manufacturer's instructions using the Illumina 

HiSeq 1000 and HiSeq control software. Gene-level differential expression RNA-seq reads were 

trimmed with trimgalore v0.4.2 and mapped onto the Arabidopsis TAIR10 genome with the 

Araport11 transcriptome annotation using HISAT2 v2.0.5 (Kim, et al., 2015). Gene counts were 

extracted with featureCounts v1.5.1 (Liao, et al., 2014) and analysed with DESeq2 v1.10.1 (Love, 

et al., 2014). Genes were considered differentially expressed during the time course when the 

adjusted p value of the likelihood ratio test (reduced model, no effect of time vs. full model, time 

factor with ten levels) was < 0.01. Expression levels of the DE loci were classified into clusters by 

hierarchical clustering based on Euclidean distance.  
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4.3 Results  

To determine the interactions between genome and epigenome during germination, genome-wide 

sites of DNA methylation (MethylC-seq), the transcriptome (RNA-seq) and the cellular sRNA 

population (sRNA-seq) were assayed over an extensive time course, from before seed desiccation 

through stratification and germination to post-germination (Figure 4.1).  

4.3.1 Extensive DNA demethylation occurs towards the end of seed 

germination and in the post-germinative seedling 

Closer examination of the changes in DNA methylation throughout germination was undertaken 

by application of HOME to the time series data. Genome-wide DNA hypomethylation was 

observed, predominantly in the CHH context, as the seed epigenome transitioned from an embryo-

like state to a vegetative seedling state. Specifically, the number of DMRs identified by HOME 

were 52, 228 and 12,654 for the CG, CHG and CHH contexts, respectively (Figure 4.2A). Analysis 

of these DMRs in all contexts over the germination time course revealed limited changes in the 

level of DNA methylation between the dry seed, after stratification (48 h S), and subsequently 

after 6 h exposure to light (6 h SL, Figure 4.2A). However, DNA methylation levels subsequently 

decreased after 24 h SL and further still after 48 h SL, by which time extensive hypomethylation 

was observed (Figure 4.2A). The observed DNA demethylation could occur by a passive process 

due to lack of maintenance of methylation during DNA replication, or by an active process that 

involves the enzymatic removal of methylated cytosine (Li, et al., 2018; Zhu, 2009). Moreover, 

comparison of the methylation levels of the DMRs with publicly available methylomes of the A. 

thaliana embryo, endosperm, and three-week-old leaf samples demonstrate that the methylation 

profile of the seed up to 24 h SL is most similar to the embryo samples, whereas the emerging 
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seedling adopts a profile that closely resembles that observed in leaves (Figure 4.2B). Interestingly, 

cell division and DNA replication starts at the onset of post germination or seedling emergence 

(Nonogaki, 2010). Therefore, this coincidence of DNA demethylation with the onset of DNA 

replication and cell division in cells of the seed argues for a mechanism of passive demethylation 

rather than active demethylation. 
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Figure 4.2: A) Heatmaps showing DNA methylation levels (as a percentage) in differentially 

methylated regions in CG, CHG and CHH contexts. B) Hierarchical clustering of methylomes 

from germination time course and publically available data from methylomes of A. thaliana 

embryo, endosperm and three-week-old leaf samples, based on the Euclidean distance of 

methylation levels, agglomerated by complete linkage. 
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4.3.2 Changes in the activity of the RdDM pathway trigger decreases 

in DNA methylation levels 

DNA methylation in plants is known to be established and maintained by two major pathways: the 

CMT and RdDM pathways (Anderson, et al., 2018; Stroud, et al., 2014). As mentioned above, the 

observed DNA demethylation was mainly in the CHH context, which is known to be controlled 

by DRM2 and CMT2 (Stroud, et al., 2013; Zemach, et al., 2013). DMR2 is recruited by siRNAs, 

which are major components of RdDM pathway (Zhong, et al., 2014). siRNAs are a subset of 

sRNAs that are known to have a regulatory role during development in plants (Chen, 2009; Singh, 

et al., 2018). In our analysis of the sRNA, 12% of the total identified sRNA were observed to be 

differentially regulated during the germination time course. The analyses considered all sRNAs of 

20–24 nt, including the 20–22 and 23–24 nt siRNAs. Using hierarchical clustering, the 

differentially regulated sRNA loci were separated into four clusters with qualitatively distinct 

expression profiles. Small RNA loci from clusters A and B showed stable abundances of sRNAs 

until 12 h SL, after which sRNA levels starkly decreased (for cluster A) or increased (for cluster 

B) (Figure 4.3A). The sRNAs from loci in cluster C transiently increased in abundance during 

stratification and until 6 h in the light, while the loci in cluster D were characterised by a 

progressive increase in sRNAs throughout the time course (Figure 4.3A). Clusters A and B 

contained predominantly 23–24 nt sRNAs (77% and 74% of loci, respectively; Figure 4.3B). A 

much smaller proportion of loci in clusters C and D contained predominantly 23–24 nt sRNAs 

(27% and 35% of loci, respectively; Figure 4.3B) compared to clusters A and B. Significant 

overlap occurred between the DMRs and sRNA loci (by cluster) (Figure 4.3C); in particular, the 

CHH hypomethylated DMRs displayed a two-fold enrichment in sRNA loci from cluster A (with 

decreasing levels of sRNAs) and a four-fold enrichment in sRNA loci from cluster B (with 
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increasing levels of RNA). In addition, of the 12,439 CHH hypomethylated DMRs, 98.8% 

overlapped sRNA loci that predominantly contained 23–24-nt siRNAs. Given the role of 24-nt 

siRNAs (dominant in clusters A and B) in mediating RdDM, these data strongly suggested that the 

large decrease in DNA methylation was due to change in activity of the RdDM pathway, rather 

than the CMT pathway. 
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Figure 4.3: A) Heatmap of sRNA abundance for loci with differential sRNA accumulation (p-

adj < 0.01) during the time-course. sRNA levels shown are the regularised log2 expression 

values (normalised by locus). B) Dominant sRNA size class in the four clusters, differentially 

expressed loci (DE) and for all loci (all). Loci where less than 80% of the reads are in the 20–

24-nt range are classed as “N”. C) Overlap of DMRs and sRNA loci (by cluster). Non-significant 

enrichments are transparent. Numbers indicate the number of overlaps. 
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4.3.3 Passive loss of DNA methylation occurs at the seed-to-seedling 

transition stage 

Although a significant overlap was observed between the DMRs and sRNA loci, the reduction in 

DNA methylation could not be attributed to a decrease in sRNA levels at the majority of loci: only 

17% of CHH hypomethylated DMRs overlapped with sRNA loci from cluster A (downregulated 

sRNAs), while 18% overlapped sRNA loci from cluster B (upregulated sRNAs); and at 61% 

DMRs the sRNA levels did not vary significantly (Figure 4.3C). This suggests a more complex 

mechanism for the observed DNA demethylation during seed to seedling transition stage. 

Inspecting the expression levels of the DNA methylation machinery revealed that most of the 

genes of RdDM pathway were upregulated at two days in the light, including the major subunits 

of Pol IV and Pol V (NRPD1 and NRPE1), while DRM2 remained well expressed (Figure 4.4). 

Furthermore, inspecting the components of active DNA demethylation showed that the expression 

of the demethylases DME and DML2 increased, although the expression of the major demethylase 

ROS1 was much lower than in the dry seeds (Figure 4.4). This again suggests the passive loss of 

DNA methylation.  
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Figure 4.4: Expression of the methylases, demethylases and Pol IV/V main subunits. Tpm: 

Transcripts per million. 
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4.3.4 TFs identified as potential germination regulators are 

negatively affected by DNA methylation 

To assess whether the failure to maintain high levels of DNA methylation may be due to the 

protection of the DNA by TFs, we quantified the overlap of DMRs with the known binding sites 

of the TFs from the families that dominated the end of the time course. In order to identify the key 

TFs driving the transcriptional dynamics during seed germination, DREM (Dynamic Regulatory 

Events Miner (Schulz, et al., 2012)) modeling of the RNA-seq time course was performed. DREM 

defines transcriptional modules comprising transcripts with similar expression changes between 

time points. It then searches for TF-binding events enriched among the gene-encoding transcripts 

within modules. DREM takes known TF–gene interactions as an input, which were provided from 

a comprehensive set of genome-wide target genes for 287 TFs, derived using published DNA 

affinity purification (DAP)-seq (O'Malley, et al., 2016). The key TFs identified using DREM that 

were observed to be downregulated during the first 12 h of stratification, were NAC (NAM, 

ATAF1,2, CUC2), bZIP (basic-leucine zipper) and AP2EREBP TFs. NAC TFs are a diverse 

family involved in a range of developmental programs, stress and defence responses (Olsen, et al., 

2005), but their role in germination has not been characterised so far. bZIP TFs is a known 

transcriptional activator that represses germination and that is progressively downregulated over 

the course of germination (Finkelstein and Lynch, 2000; Huang, et al., 2016). The model also 

identified AtHB13 as a regulatory TF during germination, which is significantly upregulated at the 

later stages of germination. AtHB13 is involved in the seed to seedling transition (Silva, et al., 

2016), with the loss of function of AtHB13 resulting in increased primary root length. As the seeds 

were transferred to light after two days of stratification, TFs from the DOF (DNA-binding with 

one finger) family were inferred to play prominent roles in the upregulation of several transcription 
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modules, which is consistent with their known roles in growth and development (Yanagisawa, 

2004). Finally, the WRKY family of TFs annotates a number of modules. WRKY TFs are involved 

in many different processes including germination (Rushton, et al., 2010).  

Overall, 25% (3150) CHH DMRs overlapped the key TF binding sites described above, 

only slightly less than expected by chance (Table 4.1). However, the different families of TFs 

displayed great disparities in their overlaps with DMRs: the binding sites of AP2EREBP factors 

were strongly depleted in DMRs (32-fold compared to chance), which may be due in part to their 

binding motifs containing a CCG/CGG motif (O'Malley, et al., 2016) (and thus constituting 

MET1/CMT3 targets rather than RdDM sites). Conversely, the binding sites of DOF and HB TFs 

were slightly enriched in DMRs (1.3-fold and 1.5-fold, respectively, corresponding to 782 and 

1330 DMRs) see Table 4.1. Overall, three-quarters of the CHH DMRs did not overlap binding 

sites of TFs, which would suggest that protection by TFs does not play a major role in the passive 

loss of DNA methylation at the seed-seedling transition stage. However, the binding data are not 

comprehensive, and other TFs may bind more DMRs, so the full extent of the contribution of TF 

binding to loss of DNA methylation remains to be determined. The DNA demethylation taking 

place in the emerging seedling may generate new TF binding sites, thereby re-shaping the 

regulatory network that governs vegetative growth. This is supported by the observation that the 

promoter of a TF involved in germination under salt stress, MYB74, loses DNA methylation 

during salt stress and that this results in increased expression of the MYB74 gene (Xu, et al., 2015). 

MYB74 over-expressing plants also displayed hypersensitivity to salt during seed germination 

(Xu, et al., 2015). During germination in our study, MYB74 shows significant induction in the 48-

h seedling (48 h SL), while a region in its promoter targeted by siRNAs exhibited decreased 

methylation (Figure 4.5A). This suggests that DNA demethylation at the end of germination may 
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generate binding sites for transient TFs such as MYB74 that might play a critical role in seed to 

seedling transition (Lefevre, et al., 2003; Palacios, et al., 2010; Tagoh, et al., 2004). 

 

Table 4.1: Overlap between CHH DMRs and Key TF binding sites identified using DREM 

model. 

TF family DOF HB WRKY NAC AP2 other combined 

binding sites 13552 20271 7054 11934 8326 50283 88952 

CHH DMRs 
overlapping binding 
sites 

782 1330 109 152 7 1267 3150 

log2fold enrichment 0.3767 0.5736 -1.4747 -1.7479 -5.5289 -0.7469 -0.2759 

p-value 0.001 0.001 0.001 0.001 0.001 0.001 0.001 

 

4.3.5 Epigenome regulation may have a time-specific role in the seed-

to-seedling transition 

A total of 9541 and 7242 genes were upregulated and downregulated, respectively, between the 

12 h SL and 48 h SL time points. In total, 1053 and 799 genes had CHH hypoDMRs in their 

promoters (from 1 kb upstream to 200 bp downstream of the transcriptional start site). Though 

there was no strong bias for upregulation of genes with hypomethylated promoters, and overall the 

DMRs were only very slightly enriched in promoter regions (Figure 4.5B), notably more than 1800 

DEGs showed hypomethylation in their promoters. Although the upregulation of genes through 

promoter DNA hypomethylation does not appear to be a major mechanism of gene regulation 

during germination, it may play a role for a specific set of genes. Alternatively, changes in 
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promoter activity may impair the recruitment of the RdDM machinery and thus contribute to the 

loss of methylation at these sites. 

 

Figure 4.5: A) AtMYB74 expression, methylation, and sRNA profile during seed germination. 

The corresponding nearby differential methylation and sRNAs in the promoter region is seen, 

as well as the RNA expression for this gene in the AnnoJ genome browser. Note, only the 0 h 

and 48 h SL samples are shown. B) Overlap between DMRs and genomic features. Non-

significant enrichments are transparent. Numbers indicate the number of overlaps. 

4.4 Discussion 

The DMRs identified by HOME revealed extensive DNA demethylation that occurred between 

the seed and post-germinative seedling, corresponding with the onset of DNA replication and cell 

division. DNA methylation data from five time points of germination time course including dry 

seed, after stratification (48 h), and subsequently after 6 h, 24 h and 48h exposure to light were 

analysed simultaneously using HOME timeseries module. As highlighted in Chapter 2, this 

provides an easy and convenient way to compare many time points together. The integrative study 
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of the identified DMRs together with transcriptome and sRNA provided many novel and 

interesting insights. The observed DNA demethylation occurred almost exclusively in the CHH 

context and at RdDM loci. Rather than complete removal of methylation, most DMRs underwent 

a quantitative reduction in DNA methylation. At most DMRs, no changes in sRNA abundance 

were recorded, although about 10% of DMRs could be associated with decreases or increases in 

sRNAs. Combined with the high expression of the RdDM machinery at this stage, these results 

suggest that the decrease of methylation in the seedling is mostly passive and due to lesser 

efficiency of the RdDM machinery compared to the period of seed development. Indeed, 

comparison of the methylation profiles of our time points with publicly available datasets for the 

embryo, endosperm, and three-week-old leaf samples demonstrate that the hypermethylated seed 

up to 12 h SL is most similar to the embryo samples, whereas the emerging seedling adopts a 

profile that closely resembles the one that is observed in leaves. This is consistent with what is 

known about the epigenetic reprogramming of the zygote, with increased RdDM activity supported 

by companion-cell-derived sRNAs (Calarco, et al., 2012; Martinez and Kohler, 2017). 

More than 1800 demethylated regions correspond to promoters that change in activity 

during the seed–seedling transition. Although the upregulation of genes through promoter DNA 

hypomethylation does not appear to be a major mechanism of gene regulation during germination, 

it may play a role for a specific set of genes. Alternatively, changes in promoter activity may impair 

the recruitment of the RdDM machinery and thus contribute to the loss of methylation at these 

sites. 

DNA methylation affects the ability of many TFs to bind DNA (O'Malley, et al., 2016). 

The majority of TFs identified as potential germination regulators by the DREM model are 

negatively affected by DNA methylation (O'Malley, et al., 2016). Consequently, the DNA 
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demethylation taking place in the emerging seedling may generate new TF binding sites, thereby 

re-shaping the regulatory network that governs vegetative growth. Furthermore, the overlap of 

DMRs with the promoters of differentially expressed genes revealed that epigenetic regulation 

might have a time-specific role in the transcriptomic changes of the seed-to-seedling transition. 

Overall, the DMRs identified using HOME helped in providing a deeper and more comprehensive 

understanding of seed germination.  
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5Chapter 5 

DeepMpute: Imputation of missing methylation values 

using deep convolutional neural networks 

5.1 Introduction 

WGBS is currently the most widely used method for studying DNA methylation at single base 

resolution throughout entire genomes. However, due to the high cost of sequencing, experiments 

with a large number of biological replicates are often limited to relatively shallow sequencing. 

Moreover, there are significant inherent biases in sequencing coverage, which further limits the 

accuracy of downstream analysis (Benjamini and Speed, 2012; Dohm, et al., 2008; Olova, et al., 

2018). These biases include genomic regions harbouring CG islands, including various regulatory 

regions such as promoters and 5’UTRs, as well as repetitive elements that show significantly lower 

coverage compared to the overall average coverage for the genome (Wang, et al., 2011). 

Furthermore, different sequencing platforms show bias for different genomic regions (Rieber, et 

al., 2013). Given the significant biases in coverage, simply sequencing a sample at a greater depth 

is not feasible to attain sufficient coverage of these regions. Thus, an alternative method to 

overcome the sequencing bias and cost limitations of WGBS involves computational strategies 

whereby CG sites with missing or low coverage are frequently removed or imputed to assist in the 

accuracy of any downstream analysis such as DMR identification (Hansen, et al., 2012; Ziller, et 

al., 2015). Many current imputation algorithms have been developed, but they exhibit a variety of 

limitations, such as predicting methylation status as a binary signal (methylated or unmethylated) 

(Bhasin, et al., 2005; Bock, et al., 2006; Das, et al., 2006; Fan, et al., 2008; Fang, et al., 2006; Kim, 
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et al., 2008; Zheng, et al., 2013). Moreover, many of the previously developed methods are limited 

to imputation of methylation status for specific regions such as CG islands, instead of genome 

wide prediction (Bock, et al., 2006; Fan, et al., 2008; Fang, et al., 2006; Kim, et al., 2008; Previti, 

et al., 2009; Zheng, et al., 2013). This is important, because a large fraction of DNA methylation 

differences between distinct cell states are located in intergenic or intronic putative regulatory 

regions such as enhancers, and changes in DNA methylation are known to regulate enhancer 

activity in some cases (Bogdanovic, et al., 2016; Domcke, et al., 2015; Hon, et al., 2013). To 

overcome this, newer imputation tools have been developed based on machine learning algorithms. 

Machine learning algorithms such as a random forest, extreme gradient boosting 

(BoostMe) and Hidden Markov Model (METHimpute) have been used for the prediction of 

continuous methylation level at single CG site resolution (Taudt, et al., 2018; Zhang, et al., 2015; 

Zou, et al., 2018). The random forest based algorithm developed by Zhang et al. used 124 features, 

including neighboring cytosine methylation information and general genome annotation features 

such as promoter regions, gene bodies and CG islands, as well as tissue specific genomic features 

such as ATAC-seq, chromatin states, histone marks, and transcription factor binding sites (TFBS) 

to train the classifier. Although the other two algorithms (BoostMe and METHimpute) provide the 

functionality to use DNA sequence and tissue specific features, Zhang et al. showed that 

neighboring cytosine information is largely sufficient to impute the missing methylation level. 

With the exception of BoostMe, none of the aforementioned methods use the methylation 

information available across replicate data. Leveraging information from available replicates can 

greatly improve the prediction accuracy of methylation level. BoostMe incorporates this 

information using the average value from the available replicates to train the classifier. However, 

it only considers the methylation level from the nearest non-missing position from both the sample 
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under investigation and the available replicates. This can be greatly improved by considering a 

larger window size, instead of just the nearest non-missing position (Kapourani and Sanguinetti, 

2016; Kapourani and Sanguinetti, 2019; Mayo, et al., 2015; Vanderkraats, et al., 2013).  

Further improvements have been demonstrated with predictive tools that utilized deep 

learning algorithms. Deep learning has been shown to outperform classical machine algorithms 

especially in the cases where a huge amount of training data is available such as the case with 

missing methylation level prediction. An algorithm named “DeepCpG” uses deep neural networks 

for the imputation of missing methylation values in single cell data (Angermueller, et al., 2017). 

DeepCpG has been shown to outperform the random forest approach for imputation using just two 

features, DNA sequence and neighboring cytosine information. It extracts high level features from 

the DNA sequence and neighboring cytosines using bidirectional gated recurrent network (GRU) 

(Cho, 2014) and Convolutional Neural Network (CNN) (Krizhevsky, et al., 2012). However, 

DeepCpG is trained and tested on single cell data and requires retraining for methylation level 

prediction on bulk datasets. Furthermore, it mainly focuses on predicting methylation status 

(methylated or unmethylated) and probabilities, which can be used as an indicator of methylation 

level. It was hypothesised that the prediction of continuous methylation level by treating the 

problem of imputation as a regression can substantially improve the accuracy for bulk methylation 

data. Additionally, DeepCpG does not consider the coverage at the target CG site used for training 

the network. It was hypothesized that taking into account the coverage information while training 

the network will provide increased precision in the corresponding methylation level prediction. 

To tackle the various limitations described above for current methylation prediction 

algorithms, a novel algorithm named DeepMpute is developed. This new predictive algorithm uses 

CNN to extract high level features from a wide window of neighboring cytosine sites both within 
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a sample and across replicates. DNA sequence, general and tissue specific features were also tested 

for improvement in prediction accuracy. DeepMpute uses novel regression and classification loss 

to impute continuous missing methylation levels accurately. Importantly, it also performs the 

simultaneous prediction of missing methylation level and coverage, which to the best of my 

knowledge, is not addressed by any other prediction algorithms. Finally, it is shown that this 

simultaneous prediction can be used as a direct input for downstream analysis such as DMR 

identification. It is demonstrated by identification of many novel DMRs after imputation using 

DeepMpute.  

5.2 Methods 

5.2.1 Algorithm detail 

Briefly, three types of features (CG features, DNA features and genomic features) were 

used for the imputation of missing methylation levels and coverage. CG features consist of 

neighboring cytosine information around the target cytosine, which includes genomic position, 

methylation level and coverage from all available replicates. To include the additional DNA 

sequence information surrounding the target CG sites, a window of DNA sequence centered 

around the target cytosine is provided. Similarly to the random forest algorithm, general genomic 

features such as CG islands, promoter regions and gene bodies, as well as tissue specific genomic 

features such as ATAC-seq, histone marks and TFBS were also used. The generation of these 

features and the network details are described below.  

5.2.1.1 Input features  

CG features  
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For training, the CG features were constructed from available non-missing methylation levels, 

coverage and genomic positions around the target cytosine. A fixed window of k CGs (k = 51) 

centered around the target cytosine is used to construct the features based on all available replicates 

(Figure 5.1). The window size of 51 is the same as used by DeepCpG (Angermueller, et al., 2017). 

To capture the spatial correlation present between neighboring cytosines, the genomic positions of 

each cytosine is transformed into the genomic distance d from the target cytosine as shown in eq. 

5.1. 

 

5.1 

 

Where, l is the genomic position of the cytosine, 𝑙  is the genomic position of the target cytosine, 

and  (default: 250bp) is the normalization constant signifying the maximum allowed distance 

from the centre cytosine. Furthermore, the coverage is normalized in the range [0,1] as shown in 

eq. 5.2.  

 

5.2 

 

 

Where, h is the modified coverage at an individual cytosine, ℎ   is the initial coverage, and ℎ  is 

the maximum allowed coverage (default: 100). Thereafter, the normalized data (methylation level, 

genomic distance and coverage) from a window for n replicates is transformed into a three 

dimensional input feature (3 x k x n). The missing values at multiple target CG positions were 

simulated to generate the training data and extract the input features as described above. Thereafter, 
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a CNN is trained to learn the mapping from the input feature (X) to the training label (Y), which 

is set to be the known methylation level value at that target CG position. The training pipeline is 

described in Figure 5.1. 
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Figure 5.1: Training overview with an example. A) A fixed window of 51 centered around 

the target cytosine is used to construct the features. Input data (X) consists of genomic positions 

(pos), coverage (h) and methylation level (ml). For training the true methylation value is used 

as labels (Y). B) X for all available replicates (n Reps) is used to train the deep learning network 

using Y.  
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DNA Feature 

As highlighted by Angermueller et. al (Angermueller, et al., 2017), DNA sequence motifs are often 

associated with DNA methylation levels, and models trained using both CG features and DNA 

features performed best in their study. Moreover, Angermueller et. al also showed that the accuracy 

for predicting methylation level was highest with large DNA sequence windows of up to 1001 bp 

(Angermueller, et al., 2017). Therefore, the DNA feature of a 1001 bp long DNA sequence centred 

on a target CG site was selected. A fixed window of k nucleotides (k = 500) left and right of the 

target cytosine is used to construct the DNA feature. The four nucleotides (ACGT) and the 

unidentified nucleotide (N) are one-hot encoded before it is used as input for CNN. One-hot 

encoding is a way of representing the data in binary form, which helps in better learning by the 

training model (Alipanahi, et al., 2015; Zhou and Troyanskaya, 2015). Here the nucleotides N, A, 

C, G and T are encoded as: N = [1, 0, 0, 0, 0], A = [0, 1, 0, 0, 0], T = [0, 0, 1, 0, 0], G = [0, 0, 0, 1, 

0] and C = [0, 0, 0, 0, 1]. 

 

Genomic features 

Zhang et.al. observed that including the genomic contexts, and tissue-specific regulatory 

annotations such as DNase1 hypersensitivity sites, histone modification marks, and TFBS as 

features for training RF improves prediction of methylation values (Zhang, et al., 2015). Similar 

to CG features, genomic features in a window of k Cs (k = 51) around the target CG sites were 

extracted. The genomic features were constructed from general genomic and epigenomic features 

that are available for annotated genomes such as promoter regions (1500 bp upstream and 500 bp 

downstream of the TSS), gene bodies, the shore and shelf of CG islands, and complementary data 

available along with methylation data such as tissue/cell specific genomic features including 
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ATAC-seq, histone modifications (H3K4me1, H3K4me3, H3K27ac, H3K27me3) and TFBS. 

These features are represented in the binary form for presence and absence for the target cytosine.  

5.2.1.2 Output labels 

One of the unique characteristics of DeepMpute is the simultaneous prediction of methylation level 

and coverage, which can be directly used to improve the accuracy of downstream analysis such as 

DMR prediction. To establish this dual functionality, two types of approaches were considered for 

the imputation of missing methylation level and coverage. In the first approach, the problem of 

imputation was considered as a regression problem, where simultaneously prediction of 

methylation level and coverage were made as continuous output. In the second approach, the 

problem of imputation was treated as a regression plus classification task and methylation levels 

were grouped into 12 classes, as shown in Table 5.1. By comparing these two modes of imputation, 

is was found that providing methylation classes along with the true methylation level outperforms 

the first approach (see details in Results section: 5.3.2). Consequently, the output is a 14 

dimensional vector where the first two dimensions are the methylation level and the coverage, and 

the next 12 dimensions denote the class probabilities for methylation level.  

 

Table 5.1: Methylation level classes for classification task 

Class Methylation level 

0 0 

1 (0, 0.1] 

... ... 

10 (0.9, 10) 

11 1 
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5.2.1.3 Training network 

CNN was used for training which takes three-dimensional data as its input, passes it through 

multiple convolutional layers, pooling layers and fully connected layers to get the output (Figure 

5.2A). Each of these concepts are described below. 

  

Convolutional layers 

The convolutional layer is always the first layer in any CNN architecture. It extracts features from 

the input layer using “convolution” operations, the results of which are passed to the next layer. 

The convolution operation preserves the spatial structure of the input by using small regions 

(filters) of the input data for learning. Often multiple filters are used to learn different features 

from the input. Using an increasing number of filters across consecutive convolutional layers helps 

the CNN architecture to learn more detailed features and makes the network robust. The filter 

parameters (weights and biases) are learned during the training process. The output of the 

convolutional layers is then passed through a non-linear activation function. Rectified linear unit 

(ReLU) was used as the activation function because it has been shown to outperform other non-

linear activation functions such as tanh and sigmoid (Krizhevsky, et al., 2012). The ReLU 

transforms the output from a convolutional layer into a max pooling layer (0, x) as shown in eq. 

5.3.  

 5.3 

 

Max pooling layer 

Max pooling keeps the maximum value from each filter. A pooling layer is used to downsample 

the size of output from the previous layer while retaining the most informative features. This 
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reduces the number of training parameters and speeds up the training process. It also prevents the 

model from over-fitting the data and makes it robust against any minor variations of the input data. 

 

Fully connected or dense layer 

In the fully connected or dense layer, every single neuron is connected to every single neuron in 

another layer. It is usually used at the end of the network to combine the local signal from previous 

convolutional and pooling layers into a global signal to perform the classification and regression 

task. 

 

Loss function 

A loss function calculates the error between the predicted output and the true labels. For a 

regression task, such as in this case where continuous methylation level and coverage prediction 

is required, generally mean square error (mse) is used as a loss function (eq. 5.4).  

 

5.4 

 

Where, s is the total number of samples, y is the true label and  is the predicted label. For a multi-

class classification task, usually cross-entropy loss is used after computing the class probabilities 

using a softmax function (eq. 5.5 and 5.6).  

 

5.5 
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5.6 

 

Where, j is the number of classes, y is the true label and  is the predicted label. 

In this work, a novel loss function combining both classification and regression loss is defined (eq. 

5.7).  

 5.7 

 

Where w is the weight for cross-entropy loss. This weight was empirically set to 1 which means 

that equal weight for mse and cross-entropy loss was used for the final training network. 

5.2.1.4 Training approaches  

A modular approach was followed, where a separate CNN models using CG features, DNA 

features and genomics features were trained respectively, as shown in Figure 5.2A. Each module 

can be used separately for predicting the missing methylation level and coverage information, and 

provides a 14 dimensional output as shown in Figure 5.2B. Different combinations of modules 

(Figure 5.2C) were tested to see if they varied in their level of accuracy for predicting missing 

methylation level and coverage (see details in Results section: 5.3.4). 
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Figure 5.2: Network architecture and training. A) The CG module takes methylation level, 

genomic positions and coverage as input from all available replicates (n) in a window size of 51 

cytosines. The DNA module takes input from the surrounding DNA sequence, and the genomic 

module takes input from the available genomic features. All three modules use 5 convolutional 

layers (Conv1-5), 2 pooling layers (Pool1 and 2) and 2 fully connected (Fc1 and 2) layers, with 

different filter sizes. The Conv and Pool layers identify the important features for imputation of 

methylation values and the Fc layers combines these features together to make the prediction. 

B) The output from each module is 14 dimensions, derived from combined regression (R) and 

classification (C) loss function. The Multi-loss function, which consists of MSE loss for 

regression and cross-entropy loss for classification, is used to calculate the error between the 

predicted output and the true labels. C) The output from CG, DNA and genomic modules is 

concatenated and passed to two fully connected layers to learn interactions between the outputs. 
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5.3 Results  

The performance and versatility of DeepMpute is demonstrated by using mammalian and plant 

datasets. The mammalian dataset consisted of methylation data from excitatory pyramidal neurons 

(EX) of mice (replicate 1: 13.6 X average coverage; replicate 2: 13X average coverage) (Mo, et 

al., 2015), while the plant dataset was taken from the Brachypodium distachyon reference genome 

Bd21 (Replicate 1: 8.8X; replicate 2: 10.1X; replicate 3: 11.2X; replicate 4: 14.7X; replicate 5: 

12X) (Eichten, et al., 2016). Despite the relatively high average coverage per replicate, both 

datasets contain substantially high missing, or less informative, CG sites. For instance, replicate 1 

and 2 of the EX dataset has 12% and 16% of missing or low covered (< 3 reads) CG sites, 

respectively. By comparison, the Bd21 dataset has approximately 50% missing methylation values 

for one or more replicates, and 12% of the CG sites are not even covered in any of the replicates. 

A separate CNN models were trained using the plant and mammalian datasets and the results are 

described below. Note that half of the chromosomes were used for training and the other half for 

testing and validation. For the mammalian dataset, chromosomes 1, 3, 5, 7, 9, 11, 13, 15, 17 and 

19 were used for training, while chromosomes 4, 8, 12, 16 and 18 were used for testing and 2, 6, 

10 and 14 were used for validation. For the plant dataset, chromosome 1 and 2 were used for 

training, while chromosome 3 and 4 were used for testing, and chromosome 5 was used for 

validation. Briefly, the validation set is used for tuning the hyperparameters such as the 

architecture of the model and also to avoid overfitting. Test data is used to check the accuracy of 

the trained model (Guyon, 1997). For training, 100,000 CG sites were used from each of the 11 

classes described in Table 5.1. For validation 20,000 CG sites and for testing 30,000 CG sites were 

used for each of the 11 classes. To test the performance of the networks as described below, the 

predictions were done for individual CG sites of the test data.  
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5.3.1 Model generalizability 

An important attribute of any trained network is the ability to generalize well on an unseen dataset. 

The performance of various networks trained on single and multiple replicate datasets were tested, 

and the network with best performance was selected. For example, as shown in Table 5.2, 3 

separate networks were trained using 2 replicates of the mouse EX dataset and then calculated the 

root-mean-square error (RMSE) for the test dataset. RMSE is an indicator of how close the 

observed data points are to the model's predicted values i.e. how well the model performs. RMSE 

is an absolute value, and a value of 0 would indicate a perfect fit to the data (Hyndman, 2006). 

Network 1 was trained using a single replicate and the performance was subsequently calculated 

in terms of RMSE on a single replicate and 2 replicates. The RMSE for Network 1 on dataset 

consisting of a single replicate was lower than RMSE on the dataset consisting of 2 replicates 

(Table 5.2). Similarly, the RMSE for the Network 2 trained using 2 replicates was lower when 

tested on a 2 replicate dataset than the RMSE when tested on a single replicate dataset. However, 

when Network 3 was trained using both single replicate and 2 replicate datasets, low RMSE for 

both the single replicate and 2 replicate datasets was observed. Therefore, Network 3 trained on 

both the single and two replicate datasets was selected, as it showed improved generalizability. 

Similar results were obtained for the plant datasets, where the network trained using all the 

replicates showed the lowest RMSE. This analysis shows that the network trained using all 

available replicates is robust and will give accurate results not only for datasets with same number 

of replicates, but also for datasets containing fewer replicates.  
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Table 5.2: RMSE for networks tested. 

Networks Test data (single replicate) Test data (2 replicates) 

Network 1 
(Trained on single replicate) 

0.169 ± 0.125 0.583 ± 0.342 

Network 2 
(Trained on 2 replicates) 

0.181 ± 0.132 0.155 ± 0.120 

Network 3 
(Trained on both single and 2 replicates) 

0.169 ± 0.125 0.153 ± 0.119 

 

5.3.2 Combined classification and regression loss function improve 

performance 

One of the novel features of DeepMpute is that it uses combined classification and regression loss 

function for accurate imputation of missing methylation level and coverage. Regression alone can 

be used for continuous prediction of methylation level and coverage, however, it was observed 

that using classification loss function along with the regression loss resulted in lower RMSE. When 

treating the problem as regression, the RMSE was 0.194±0.111, whereas when treating the 

problem as classification plus regression the RMSE was 0.158±0.126. This shows that adding 

classification as an auxiliary task in addition to regression for estimating the network parameters 

during training supports the network in converging to a better solution as compared to only a 

regression trained network.  

 



Chapter 5 

123 
 

5.3.3 Simultaneous prediction of methylation level and coverage by 

deepMpute 

DeepMpute can be used for simultaneous prediction of missing methylation level and coverage at 

single base resolution, which can be directly used as an input by DMR finders. The model 

performance was tested for separate and simultaneous prediction of methylation level and 

coverage on the test data described above. The RMSE for prediction of coverage along with 

methylation level was lower compared to the RMSE for separate predictions (Table 5.3). 

Moreover, the RMSE for methylation level remained unaffected for either separate or joint 

prediction with coverage.  

Table 5.3: Methylation level and coverage prediction 

Networks RMSE (Methylation level) RMSE (Coverage) 

Network trained separately 0.158 ± 0.126 0.019 ± 0.017 

Network trained jointly 0.158 ± 0.124 0.018 ± 0.017 

 

5.3.4 CG features are robust and give comparable performance to 

DNA and genomic features 

The performance of the CG module was tested along with DNA and genomic module on the 

prediction accuracy of the methylation level for the test data. It was observed that the RMSE for 

different combinations of modules was similar, and that providing additional information such as 

DNA and genomic features along with CG features did not improve the performance (Table 5.4). 

To investigate if there is any improvement in specific genomic regions, the RMSE for these 

combinations in different genomic contexts were computed. However, no significant improvement 
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in RMSE was observed (Figure 5.3). This shows that the selected CG features were robust and 

provide the largest influence in predicting the missing methylation levels. However, this 

conclusion is only relevant for the datasets tested. It is possible that DNA and genomic features 

could be beneficial in some other datasets and can support the CG features for better prediction of 

missing methylation levels.  

Table 5.4: RMSE for Methylation level prediction using different features. 

Features RMSE for Methylation level 

CG 0.158 +/- 0.126 

CG + DNA 0.157 +/- 0.123 

CG + Genomic 0.159 +/- 0.123 

CG + DNA + Genomic 0.158 +/- 0.123 

 



Chapter 5 

125 
 

 

Figure 5.3: RMSE for combinations of features (Genomic and DNA) along with CG 

features in various genomic regions or genomic regions that featured reads or peaks of 

those different genome annotations. 

 

5.3.5 DeepMpute outperforms DeepCpG for missing methylation 

level prediction 

The performance of DeepMpute was compared with DeepCpG on the test dataset described above. 

To undertake a fair comparison, DeepCpG was trained using the same datasets that was used for 

training DeepMpute. It was observed that DeepMpute showed better performance than DeepCpG 

in predicting the continuous methylation levels, particularly for methylation levels in the range 0.2 

- 0.8, as shown in Figure 5.4A. Note that the heatmap in Figure 5.4A is shown for 10,000 randomly 

selected regions from the test data for each class described in Table 5.1. To compare the 

performance of DeepMpute with DeepCpG on the entire test data (~33k), the RMSE is computed 
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for each test data and then sorted and plotted as shown in Figure 5.4B. The x-axis represents the 

RMSE for each test data and the y-axis represents the fraction of samples or test data (i.e. the 

percentage of samples 0 to 100%). DeepMpute showed more area under the curve than DeepCpG, 

and therefore performed better on the test data (Figure 5.4B). The reason for the better performance 

of DeepMpute compared to DeepCpG could be due to the fact that DeepMpute uses both 

regression and classification loss while training and is specifically developed for predicting 

continuous methylation levels. Moreover, DeepMpute can additionally predict coverage along 

with the methylation level, in contrast to DeepCpG which can only predict methylation level, and 

hence cannot be used subsequently for DMR prediction using the many DMR identification 

algorithms that require coverage information. 

 

 

Figure 5.4: A) Heatmap of true labels and predicted methylation levels by DeepMpute and 

DeepCpG. B) RMSE plot for DeepMpute and DeepCpG. 

 

5.3.6 Improvement in DMR prediction accuracy after imputation  

DNA methylation has been shown to vary across diverse Brachypodium distachyon reference lines 

such as Bd21-3, Bd3-1, Bd30-1, BdTR12c, Koz-3, and Bd1-1 (Eichten, et al., 2016). To test the 
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DMR prediction accuracy before and after imputation of missing methylation data, previously 

published datasets from two Brachypodium distachyon reference lines, Bd21 and Bd1-1 were used 

(Eichten, et al., 2016). Both Bd21 and Bd1-1 datasets contains five replicates each, with a high 

amount (~ 50%) of missing methylation values for one or more replicates. Thousands of DMRs 

(n=13,869 for chromosome 1 in the CG context) were reported previously using DSS between 

Bd21 and Bd1-1 reference lines (Eichten, et al., 2016). Note that here only chromosome 1 and the 

CG context was used for the comparison, however, the process could be easily extended for other 

chromosomes and DNA methylation contexts. DSS uses moving average smoothing to account 

for missing methylation levels (Feng, et al., 2014) and therefore by comparing the DMRs predicted 

by DSS and HOME after imputation using DeepMpute, indirect comparison of prediction accuracy 

by smoothing and deep neural networks is made. DeepMpute is used to impute the missing 

methylation levels and coverage for Bd21 and Bd1-1. The number of CG sites imputed for each 

replicate is shown in Table 5.5. DeepMpute accurately imputes the missing methylation levels and 

coverage based on the methylation level information from surrounding CG sites, as shown in 

Figure 5.5A and B. After imputation, ~20,000 CG-DMRs were identified between Bd21 and Bd1-

1 for chromosome 1 using HOME.  

 

Table 5.5: No. of CGs imputed for methylation level and coverage using DeepMpute. 

Reference 
lines 

Replicate 1 Replicate 2 Replicate 3 Replicate 4 Replicate 5 

       Bd1-1 2,188,129 2,319,654 1,806,218 2,180,189 1,844,439 

       Bd21 1,344,516 1,262,092 1,506,615 966484 1,181,698 
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Figure 5.5: Quality of imputation by deepMpute. A) Heatmap showing methylation levels 

and B) coverage for part of the genome before and after imputation for five replicates. 

 

Further comparison of the CG-DMRs identified by HOME after imputation with published CG-

DMRs identified using DSS for the same datasets was made. By using HOME, ~7,000 unique CG-

DMRs were found after imputation by DeepMpute, which were not reported before. The median 

length of these uniquely predicted DMRs were 200 bp and the median number of CG sites were 8 

(Figure 5.6A and B). The Integrative Genomics Viewer (IGV) (Robinson, et al., 2011) browser 

representation in Figure 5.6C shows that after imputation of missing methylation levels, HOME 

effectively identified DMRs between Bd21 and Bd1-1 with gradual methylation changes. The 

heatmap for all unique DMRs predicted after imputation showed consistently high methylation 

level difference between Bd21 and the Bd1-1 reference lines (Figure 5.6D). Overlapping these 
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unique DMRs with annotated genomic features, including genes, promoters and TEs, is was found 

that the uniquely predicted DMRs where enriched in TEs and depleted in genes and promoters 

(Table 5.6). The overlap between the genomic features and uniquely identified DMRs were 

calculated using Genomic Association Test (GAT) (Heger, et al., 2013). GAT is a tool for 

computing the significance of the overlap between multiple sets of genomic intervals. GAT 

implements a sampling algorithm, where it uses the segment of interest (in this case unique DMRs) 

and creates the randomized sample segments from the reference genome. These sample segments 

are then used to calculate the expected overlap. The observed overlap is contrasted with the 

expected overlap and an empirical p-value and fold change is determined. It is well known that 

CG methylation is present over heterochromatic regions enriched with transposable elements 

(TEs) and repeats (Cokus, et al., 2008; Lister, et al., 2008; Stroud, et al., 2013). Moreover, a similar 

observation is made recently in Maize, where the authors reported enrichment of CG-DMRs in 

TEs and depletion in genes and promoters (Mager, et al., 2018). Moreover, HOME DMRs 

identified before imputation were compared with HOME DMRs identified after imputation. The 

total number of unique DMRs identified after imputation were 10,994. The heatmap and genomic 

distribution of these DMRs were very similar to the above mentioned results. This shows that 

HOME was able to identify new DMRs after the imputation using DeepMpute. 

 

Table 5.6: No. of uniquely identified DMRs overlap with genomic features.  
 

Genomic features Observed Expected Fold 
enrichment 

P-value 

TE 1943831 1230212 1.580 0.001 

Genes 1333041 1971663 0.676 0.001 

Promoters 635104 955863 0.664 0.001 
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Figure 5.6: Quality analysis of unique DMRs predicted by HOME after imputation. A) 

Length and B) number of CG site distribution of DMRs. C) Bowser representation of unique 

DMRs.  D)  Heatmap of all DMRs uniquely predicted by HOME after imputation. 
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Furthermore, the quality of unique DMRs identified by DSS that were not identified by HOME 

after imputation was investigated. In total, there were 3810 DMRs uniquely identified by DSS. 

The median length of these unique DSS DMRs was 141bp and the median number of CG sites 

was 11 (Figure 5.7A and B). However, no significant change in methylation level were observed 

within these DMRs (Figure 5.7C and D). This result shows that imputation of missing methylation 

level by DeepMpute was more accurate than moving average smoothing used by DSS for 

imputation. Therefore, the imputation of missing methylation level using DeepMpute, not only 

identifies novel DMRs but also reduced the number of false positive DMRs. 
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Figure 5.7: Quality analysis of unique DMRs predicted by DSS that were not predicted by 

HOME after imputation. A) Length and B) number of CG site distribution of DMRs. C) 

Bowser representation of a DMR. D) Heatmap of all unique DMRs predicted by DSS that were 

not predicted by HOME after imputation.  
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5.4 Discussion 

WGBS data often suffers from biases due to coverage depth variability (Olova, et al., 2018). 

Accurate imputation of methylation level using advanced computation approaches such as deep 

learning provides a promising approach to mitigate these biases while also identifying important 

genomic features (Angermueller, et al., 2017). In this chapter, it was shown that the available 

methylation information from the shallow sequenced methylomes from multiple replicates can be 

used to accurately impute missing methylation levels and coverage. The newly developed 

algorithm described in this chapter, named DeepMpute, uses CNN to extract high-level 

information from available CG sites of a sample to simultaneously predict missing methylation 

level and coverage. It was shown that the CG features including methylation levels, genomic 

positions, and coverage where the most important features required for imputation of methylation 

level. The DNA features and complementary genomic features such as ATAC-seq and chromatin 

modifications did not give any boost in the imputation performance. This is important as the user 

only needs to provide the available CG features methylation for training and prediction. Moreover, 

the complementary dataset such as ATAC-seq and chromatin modifications are not always 

available and their collection could be a substantial undertaking. 

With the use of the novel regression plus classification approach, DeepMpute can accurately 

predict continuous methylation levels. Although, the majority of CG sites in the genome show 

bimodal distribution of methylation pattern (methylated or unmethylated), the intermediate 

methylation level is shown to be conserved and regulatory regions such as enhancers often have 

intermediate levels of methylation in a population measure (Bell, et al., 2016; Elliott, et al., 2015; 

Sharifi-Zarchi, et al., 2017). Moreover, intermediate methylation in a population of cells has been 

shown to be a predominantly tissue specific signature that is enriched in genes, enhancers, and 
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evolutionarily conserved regions (Elliott, et al., 2015; Roadmap Epigenomics, et al., 2015; Zou, et 

al., 2018). Therefore, accurate identification of intermediate methylation levels is important. It was 

shown that DeepMpute outperforms DeepCpG in the accuracy of methylation level prediction, 

especially for intermediate methylation levels (0.2 - 0.8). Furthermore, DeepMpute can be used 

for simultaneous imputation of methylation level and coverage, which can be directly used as an 

input by any DMR identification tool. It was shown that by using DeepMpute for imputation of 

methylation level and coverage followed by DMR identification tools (HOME or DSS), many 

novel DMRs can be identified. Moreover, DMR calling after imputation using DeepMpute results 

in a low number of false positive DMRs.  

The results in this chapter are based on pilot experiments conducted using mouse and 

Brachypodium data. In the future, further experiments need to be performed using other species, 

to validate the results. Moreover, here DeepMpute is trained for CG context and tested in the same 

context. Further experiments are required to train and test the network using other contexts such 

as CHG and CHH. Moreover, the DMRs identified after imputation using DeepMpute could be 

validated further using subsampling experiments where the methylation level in the known DMRs 

and non-DMRs will be randomly removed and then imputation will be performed and DMR finder 

will be re-run to determine if the same DMRs and non-DMRs are predicted or not. Overall, with 

the use of these pilot experiments, it was established that the use of CNN to extract the high level 

features from the CG features can help in the imputation of methylation level and coverage. The 

imputed methylation level and coverage can be used directly in downstream analysis such as DMR 

identification.  
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6Chapter 6 

Discussion and future research 

6.1   General discussion 

DNA methylation is an important epigenetic modification that is essential for normal cell and 

tissue development. Aberrant DNA methylation levels are often associated with various diseases 

and disorders. Although a range of analysis can be performed to assess global changes in DNA 

methylation levels, these tools are less well suited for the identification of region specific changes 

between samples in order to identify DMRs. DMRs are often associated with functionally 

important genomic regions such as enhancers and promoters (Bogdanovic, et al., 2016; Chong, et 

al., 2016; Lister, et al., 2009; Stadler, et al., 2011). Therefore, to obtain new biological insights, 

accurate prediction of DMRs is a key task in the analysis of whole genome bisulfite sequencing 

data. Although several tools have been developed to identify DMRs between treatment groups, 

there are major limitations with the existing DMR finders. These current tools generally lack 

sensitivity and specificity in predicting DMRs due to lack of boundary accuracy and high DMR 

fragmentation rate. Importantly, most current methods are designed to detect DMRs only in the 

CG context, while methylation in non-CG context has been shown to play an important role in cell 

development and differentiation in plants and animals (Lister, et al., 2013; Lister, et al., 2009; 

Stroud, et al., 2014). In addition, most existing DMR identification algorithms are limited to DMR 

predictions between only two treatment groups, requiring researchers to perform many multiple 

comparisons. Moreover, the accuracy of DMR identification is often limited by the large amount 

of missing methylation values in the samples. My research presented in this thesis addresses the 
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above limitations, with the development of new computational tools capable of sensitive and 

accurate identification of DMRs between two or more samples. 

I have developed a new machine learning based computational method that uses a novel 

Histogram Of MEthylation (HOME) based feature that takes into account the inherent difference 

in the distribution of methylation levels between DMRs and non-DMRs to robustly discriminate 

between the two using a Support Vector Machine (Chapter 2). I treated the problem of DMR 

identification as a binary classification task in machine learning by generating highly 

discriminative and robust features for DMRs and non-DMRs. One of the main innovative ideas of 

this approach is the generation of accurate training data that is the preliminary requirement for 

successful employment of any supervised or semi-supervised learning algorithm. For this, I have 

used publicly available DNA methylomes and associated complementary datasets from the same 

biological samples such as differential Assay for Transposase Accessible Chromatin sequencing 

(ATAC-seq) peaks or RNA-seq data that has been shown to have strong correlation with DNA 

methylation (Mo, et al., 2015). The other major contribution of this approach is the use of 

histogram-based features that combine together various critical information that impacts DMR 

detection such as the differences in methylation, the significance of this difference and the spatial 

distance between neighboring cytosines. Although the applicability of HOME to real biological 

datasets (Chapter 3 and 4) showed that it can identify novel biological significant DMRs in both 

CG and non-CG contexts, it is not free of limitations. 

First, HOME uses a limited number of features (methylation level differences, the 

significance of these differences, and spatial correlation between the CGs) for training an SVM. 

Although these features are shown to be robust and a model trained on mammalian data generalizes 

well on plant datasets (Chapter 2 and Chapter 4), these are handcrafted features. These handcrafted 
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features may be missing or incorrectly measuring the actual features important for identification 

of DMRs (Taghavi Namin, et al., 2018). Previous studies have shown that the use of deep learning 

for feature selection or a hybrid approach that uses both hand crafted features and deep learning 

for feature selection generally outperforms the handcrafted feature generation approach (Ni, et al., 

2019; Taghavi Namin, et al., 2018; Xia, et al., 2018). In future, the use of raw methylation data for 

feature generation using deep learning networks or hybrid approach can be explored for 

identification of DMRs.  

Second, HOME requires two or more samples for DMR identification. The other similar 

domain where the functionality of HOME can be extended and tested is for identification of 

hypomethylated regions such as LMRs and UMRs that are known to be enriched for functional 

regulatory elements such as promoters and enhancers (Stadler, et al., 2011). The machine learning 

algorithm can be trained using the similar histogram based features or features can be automatically 

generated using deep learning from raw data to identify the change point in methylation level 

within the same methylome for UMRs and LMRs. Incorporating this additional module in HOME 

would be very helpful along with DMR locations for the user (Jeong, et al., 2014). 

Third, HOME does not account for missing methylation values in the methylomes and only 

considers the covered CG positions for DMR identification. This limitation is addressed in this 

thesis. In Chapter 5, I showed that the imputation of missing methylation values before DMR 

identification, especially in shallow sequenced methylomes, can help in the identification of 

accurate DMRs with a low false positive rate. 

I developed an algorithm based on CNN, called DeepMpute (Chapter 5), that can be used 

for simultaneous imputation of methylation values and coverage. DeepMpute uses combined 

regression and classification loss to impute continuous methylation levels and coverage, which can 
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be directly used as an input by any DMR finder. Based on the mammalian and plant datasets used 

for testing the performance of DeepMpute, I observed that CG features computed from 

neighboring CG sites are the most informative features and DNA and genomic features did not 

provide any significant boost in performance. A limited gain in performance was similarly 

observed by Boostme and DeepCpG. This is important as the user does not require the additional 

features, generation of which would be a substantial task. However, this observation may be 

specific to the datasets currently tested and it is likely that performance gain can be observed using 

DNA and genomic features along with CG features for some other datasets.  

DeepMpute showed a higher accuracy in predicting missing methylation levels compared 

to DeepCpG, especially for intermediate methylation levels, which is known to be conserved and 

a biologically significant signature of enhancers. I show that by using DeepMpute prior to DMR 

identification by HOME, for our dataset with a high level of missing methylation values, many 

novel DMRs could be identified. Moreover, HOME identified many novel DMRs after running 

DeepMpute compared to the DMRs identified by DSS, which uses moving average smoothing for 

the imputation of missing methylation values. However, these observations are based on the 

preliminary experiments and require more in-depth analysis of the identified DMRs. Further 

confirmatory experiments such as subsampling experiments where the methylation level in the 

known DMRs and non-DMRs is randomly removed and then imputed using DeepMpute followed 

by DMR identification needs to be conducted. Moreover, improvement in DMR identification after 

applying DeepMpute should be tested for the non-CG context as well in the future.  

Furthermore, there are many open leads for future research. DeepMpute is trained and 

tested specifically for WGBS data. However, the principles and concepts used in the DeepMpute 

can be easily applied to other platforms such as Illumina HumanMethylation450 BeadChip (450K) 
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and/or Illumina HumanMethylationEPIC BeadChip (EPIC) data with retraining. DeepMpute does 

not include any interpretability of the network output. Previous studies have shown that the filters 

of the convolutional layers in the network can be used to identify sequence motifs (Angermueller, 

et al., 2017; Aoki and Sakakibara, 2018). A motif is usually represented as a position weight matrix 

that describes the score (probability) of each nucleotide at each position in the conserved pattern. 

The learned filters of CNN can be considered a position weight matrix for representing a motif. 

Therefore, the natural extension of DeepMute can be to identify the sequence motifs related to 

DNA methylation. 

The other limitation of DeepMpute is it does not include a measure for uncertainty in its 

prediction. This might make it challenging for a user to judge how accurate the output predictions 

for methylation level and coverage are. Bayesian neural networks can be used to solve this issue, 

which involves having a prior distribution over the model weights and using data to learn the 

posterior distribution. However, Bayesian neural networks are computationally very expensive 

(MacKay, 1992). Another approach would be to use dropout which is used for regularization and 

generalization of the model (Srivastava, et al., 2014). Dropout can be used as approximate 

Bayesian inference and as an estimator of uncertainty in prediction (Gal and Ghahramani, 2016). 

As DeepMpute already uses dropouts in the network, this approach is straightforward to 

implement.  

6.2 Conclusion 

Overall, in this thesis, I present two novel computational tools and algorithms which can be used 

for identification of accurate DMRs and imputation of DNA methylation. The DMR identification 

tool, HOME, uses a classical machine learning approach and handcrafted features to predict 
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accurate DMRs. I show the superior performance of HOME compared to other current methods 

by testing them side by side on biological and simulated datasets for both mammalian and plant 

data. The former was exemplified by the identification of novel and biologically significant DMRs 

from a new biological dataset of ISCs and Paneth cells. The latter was used to demonstrate how 

HOME expands upon these current methods by demonstrating accurate DMR identification for 

non-CG contexts and for time-course data. This was illustrated with the use of HOME on 

Arabidopsis germination time course data, identifying DMRs predominantly in the CHH context, 

while also highlighting DMRs associated with transitional germination points. However, the 

success of HOME in identifying accurate DMRs is limited when datasets contain a significant 

amount of missing methylation information. Therefore, I developed a CNN based algorithm, 

DeepMpute, that utilizes the available neighboring methylation and coverage information from the 

surrounding CG sites, to impute the missing methylation values and coverage. I demonstrate that 

many novel DMRs could be identified in a dataset with a high amount of missing information by 

using DeepMpute before running HOME. Moreover, I show that the combined use of DeepMpute 

and HOME for the identification of DMRs resulted in a lower false positive rate compared to DSS, 

which uses smoothing for the imputation of missing methylation values. DeepMpute allows for 

the simultaneous prediction of methylation level and coverage and hence can be used to input 

missing information before DMR prediction. Alternatively, it can be used as standalone software 

for the accurate imputation of missing methylation values. Together, the methods and algorithms 

described in this thesis may facilitate other analyses to unravel the complexity of DNA methylation 

and its many biological roles. Moreover, the novel algorithms developed in this thesis can be 

tailored and applied to other biological problems, where similar gain is expected over conventional 

approaches.  
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