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Epigenetic modifications are key players in the regulation of a plethora of cellular and 

physiological processes. DNA methylation is one of the most widely studied epigenetic 

modification.  Genomic abnormalities in DNA methylation have been implicated in various 

complex diseases including cancer and autoimmunity. With advent of next generation 

sequencing, investigating DNA methylation patterns at genome-wide scale has become 

increasingly feasible. However, the pace of developing appropriate statistical methods to 

analyze large scale DNA methylation data has been slower. This can be attributed to both 

statistical and computational challenges faced by current methods. 

               In order to overcome these statistical and computational shortcomings, we 

developed ParaDIME, a web application for differential DNA methylation analysis. 

ParaDIME tests CpG dinucleotide sites or pre-defined regions of CpG sites for differential 

DNA methylation using Rao-Scott chi squared test. ParaDIME not only uses a non-

parametric test that accounts for differential sequencing coverage but also uses permutation 

testing to compute exact p values. In order to overcome computation challenges of large 

amount of permutations, we use parallel computing to share the workload and decrease 

execution time significantly. To test ParaDIME in-silico, we initially simulated bisulfite-

sequencing data and tested it against two most widely used methods: MethylSig and 

MethylKit. It performed equal or better at accurately detecting differentially methylated 

regions than both the methods. Especially, at important, low differences of percent 

methylation, ParaDIME performed better than existing tools. In order to test ParaDIME’s 



 

 

 

 

ability to detect biologically relevant differentially methylation regions (DMRs), it was 

then tested on publically available methylation data from chronic lymphocytic leukemia 

patients. Our method was able to detect previously known and experimentally verified 

DMR in CLL, especially DMRs located in Nfatc1 and FOXA2 genes. Additionally, it was 

able to detect other DMRs in genes present in caner related pathways. 

               Due to ParaDIME’s ability to detect biologically relevant DMRs, we employed 

it in an integrative analysis study to identify epigenetically regulated genes in Sjogren’s 

syndrome mouse model, B6.NOD aec1/aec2. We performed reduced representation 

bisulfite sequencing and RNA sequencing on salivary glands of four and eighteen weeks 

old B6.NOD aec1/aec2 compared to age and gender matched C57BL/6 mice. After 

removing age and mouse model effect, we discovered 89 differentially expressed as well 

as differentially methylated genes. Spearman rank order correlation analysis found a 

significant correlation between DNA methylation and gene expression. Autoimmunity 

related genes Klf9 and Nfkbid showed significant negative correlation whereas, other 

genes like Fgf12 and Coll11a2 genes showed significant positive correlation. Subnetwork 

enrichment using MATISSE showed three jointly active connected subnetworks that were 

highly enriched in Immune system related pathways, especially, T cell and B cell activation 

along with cytokine signaling and endocrine system development. 

               Evidence presented in this report presents a novel and a robust differential DNA 

methylation analysis method with high accuracy to detect disease-relevant DMRs. 

ParaDIME is a user-friendly and scalable web application with appropriate test statistic to 

analyze large-scale DNA methylation studies. 
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I. INTRODUCTION 

A. STATEMENT OF PROBLEM 

Epigenetics is defined as heritable alterations in the genome that occur without 

changes in the Deoxyribonucleic acid (DNA) sequence (Goldberg, et al., 2007). These 

modifications contribute to differential gene expression, providing every cell in a 

multicellular organism a unique expression pattern (Romanoski, et al., 2015). DNA 

methylation is one such epigenetic mark that regulates gene expression. In eukaryotes, 

DNA methylation is characterized by a chemical transfer of a methyl group to the C5 

position of the cytosine pyrimidine ring within CpG dinucleotides to create a 5-

methylcytosine (m5C) (von Kanel and Huber, 2013).  This modification is catalyzed by 

several DNA methyltransferase (DNMTs) enzymes, which include DNMT1, DNMT3a, 

and DNMT3b (Chen and Li, 2004).  Interestingly, knocking out DNMTs in mouse models 

leads to embryonic lethality, highlighting the importance of DNA methylation for 

embryonic development of mammalian cells (Okano, et al., 1999).  Additionally, DNA 

methylation in mammals has been shown to be involved in a diverse array of cellular 

functions such as cell differentiation, genomic imprinting, X-chromosome inactivation, 

chromatin stability, cancer, and aging (Bird, 2002). Abnormal patterns of DNA 

methylation are implicated in many disease processes, especially in many human cancers 

(Bergman and Cedar, 2013). Some studies have unequivocally shown the role of DNA 
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methylation in tumorigenesis by inhibiting DNA methylation, for instance, in a mouse 

model for intestinal tumors, inhibition of DNA methylation led to significant decrease in 

the occurrence of adenomas (Laird, et al., 1995), similar mechanism is observed in other 

cancers (Belinsky, et al., 2003; Chen, et al., 2012). However, in certain leukemia mouse 

models, inhibition of DNA methylation seems to promote the disease (Gaudet, et al., 2003). 

Hence, DNA methylation may play a complex role in disease pathogenesis. 

Precise measurement of DNA methylation levels both at specific loci and at a 

genomic scale is very important to obtain a clear picture on their role in the development 

and pathogenesis of various diseases.  Broadly, there are three different ways to measure 

DNA methylation, which include methylation sensitive endonuclease digestion, affinity 

enrichment, and bisulfite conversion. After using one of these methylation-dependent 

methods on genomic DNA, techniques such as probe hybridization and next-generation 

sequencing are used to locate methylated cytosine residues (Laird, 2010). Most widely used 

technique is the chemical treatment of DNA with sodium bisulfite, wherein unmethylated 

Cytosines (C) are converted to Uracil (U), which allows differentiation of methylated 

cytosines from unmethylated cytosines. Although array hybridization can be followed by 

bisulfite conversion, deep sequencing of bisulfite converted DNA remains as the most 

quantitative way to measure DNA methylation at a genomic scale  (Li and Tollefsbol, 

2011). However, whole genome deep sequencing poses data logistic and cost constrains, 

which led to the emergence of reduced representation bisulfite sequencing (RRBS) to 

achieve low complexity DNA by preferential size filtering the regions of the genome by 



19 

 

 

 

digestion of genomic DNA with endonucleases such as BglII (Meissner, et al., 2005). 

Although RRBS covers most of the gene promoters and CpG islands, it has limited 

coverage of CpG shores and other biologically relevant regions such as intergenic sections 

of the genome (Garrett-Bakelman, et al., 2015). This led to the development of additional 

methods like enhanced reduced representation bisulfite sequencing (ERRBS) that captured 

58% more introns, 54% more exonic regions and an 11.9% more promoter regions when 

compared to traditional RRBS approach (Akalin, et al., 2012). With this immense increase 

in resolution and data volume, came the need to efficiently analyze these measurements 

and answer biologically relevant questions.  

In a typical RRBS data analysis pipeline, the first step is the alignment of bisulfite 

converted reads to the reference genome. However, traditional short read aligners such as 

Bowtie2.0 (Langmead and Salzberg, 2012) treat C to T conversion as mismatches leading 

to incorrect alignment penalty, therefore, specialized bisulfite aligners such as BS-Seeker 

(Chen, et al., 2010) and Bismark (Krueger and Andrews, 2011) are used for read mapping 

and methylation level calling. Next step in the pipeline is to estimate percentage 

methylation of the CpG sites from the read count data. The percentage is calculated as β = 

M / (M + U), where M is the number of reads where a CpG was methylated and U is the 

number of unmethylated reads for that CpG. This results in a percentage methylation value 

(β) that scales from 0 to 1 or 0 to 100%. Use of count data for β estimation leads to unequal 

coverage between samples, wherein samples with larger sequencing coverage will have a 

smaller standard error for the estimates of β. Moreover, the methylation proportion could 
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be affected by other variables such as incomplete bisulfite conversion, spontaneous 

deamination, library preparation, and batch effects (Xu, et al., 2013). Therefore, to test for 

differential methylation using β values, there is a need for a proper statistical method. The 

assumption of normality may not hold true in the case of RRBS data, due to the finite scale 

of β values as well as skewed heteroscedastic distributions (Wahl, et al., 2014). Apart from 

statistical considerations, any method developed to test for differential methylation must 

be computationally efficient, scalable and user-friendly. To overcome these statistical and 

computational challenges, we outlined the following specific aims:  

Specific aim 1A: To develop a statistical framework for genome-wide differential DNA 

methylation analyses. 

 We developed ParaDIME as a web application that uses Rao-Scott chi squared test 

to determine differentially methylated CpG sites and regions using reduced representation 

bisulfite sequencing. Simulated bisulfite sequencing data demonstrated ability of 

ParaDIME to detect DMRs accurately as well its scalable architecture that allows for large-

scale data analysis.  Although in-silico validation showed statistical and computational 

merits of ParaDIME, simulated data lack the heterogeneity of real biological samples. 

Therefore, it was important to evaluate our method using real bisulfite sequencing study 

and determine its ability to identify disease relevant differentially methylated regions. We 

hypothesized that ParaDIME will be able to detect experimentally verified DMRs from a 

previously studied publically available dataset. To test this hypothesis, we outlined the 

following specific aim: 
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Specific aim 1B: To validate proposed pipeline on experimentally verified differential 

methylation in chronic lymphocytic leukemia patients. 

 ParaDIME identified differentially methylated CpG islands and promoter regions 

associated with 709 genes in in B cells isolated from CLL patients and controls. ParaDIME 

detected biologically relevant and previously experimentally verified differentially 

methylated genes in CLL patients. It was also able to detect additional genes in cancer 

related pathways not captured by Pei et al. study. Although, validation using CLL datasets 

showed ParaDIME’s ability to detect disease relevant DMRs, it lacks the comprehensive 

integrative analysis which might include gene expression information from the same 

samples. Therefore, we hypothesized that, when used in an integrative study, it can also 

detect DMRs with potential epigenetic control of differentially expressed genes. To test 

this hypothesis, we outlined the following specific aim: 

 

Specific aim 2: To use ParaDIME and correlate DNA methylation and gene expression in 

Sjogren’s syndrome mouse model. 
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B. REVIEW OF LITERATURE 

Epigenetics 

The term “epigenetics” describes the mechanisms by which cell commitments and lineages 

are specified by factors other than genetic sequence during animal development. Vast body 

of evidence is now available to establish that the epigenome (heritable set of chemical 

modifications to the DNA and DNA-associated proteins in the cell) functions to instruct 

the exclusive gene expression signatures in each cell type (Rivera and Ren, 2013). The 

epigenome regulates gene expression signature in each cell in various ways including but 

not limited to chromosomal architecture reorganization, transcription factor binding to 

DNA, and genomic imprinting (Du, et al., 2015). Mammalian DNA methylation occurs 

primarily at CG dinucleotides. To facilitate this process, there are three DNA 

methyltransferases in mammals. DNMT1 is a maintenance methyltransferase, while 

DNMT3A and DNMT3B are de novo methyltransferases (Robertson and Wolffe, 2000). 

DNA methylation mostly occurs in repetitive genomic regions like long interspersed 

transposable elements (LINES), short interspersed transposable elements (SINES) and 

endogenous retroviruses (Yoder, et al., 1997). On a genome scale, up to 80% of the CpG 

dinucleotides are methylated. However, in CpG rich clusters such as CpG islands and 

active regulatory regions only 10% of the CpG dinucleotides are methylated (Du, et al., 

2015). An increasing number of human diseases are now known to occur due to aberrant 

DNA methylation (Robertson and Wolffe, 2000).  
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Role of DNA methylation in disease, especially in cancer has long been studied, most 

notably, in 1983 for the first time a link between DNA methylation and cancer was 

demonstrated by showing that cancer cell genomes were hypo-methylated when compared 

to normal cells (Gama-Sosa, et al., 1983). More recently, the genomes of cancer cells were 

found to be hypomethylated relative to their normal counterparts (Feinberg and Tycko, 

2004). DNA hypo-methylation is an early and frequent event in cancer development, and 

is known to correlate with severity and metastatic ability of multiple cancer types 

(Widschwendter, et al., 2004). Abnormal tumor suppressor gene silencing has been 

associated with hypermethylation of promoter CpG islands in tumors (Gopalakrishnan, et 

al., 2008). For instance in kidneys, precancerous tissues present with early 

hypermethylation event and then increase in frequency of hypermethylation ultimately 

leads the tissue into a cancerous state (Arai, et al., 2006). In addition to cancer, DNA 

methylation has been extensively studied in autoimmune disorders. Promoter 

hypomethylation has been discovered in target tissue of several autoimmune diseases such 

as systemic lupus erythematosus (SLE) and rheumatoid arthritis (RA) (Absher, et al., 2013; 

Quintero-Ronderos and Montoya-Ortiz, 2012). 

In order to study DNA methylation in various diseases, several methods for measuring 

DNA methylation at specific genomic loci exist. These methods range from 

immunoprecipitation or methyl binding protein enrichment based methods (Jacinto, et al., 

2008; Serre, et al., 2010) to digestion with methylation-sensitive restriction enzymes 

(Frommer, et al., 1992). In the affinity-based methods, methylated regions of the genome 
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are enriched using antibodies specific for 5mC or by using methyl-binding proteins with 

high affinity for methylated DNA. Enriched DNA is then used in a hybridization array such 

as CpG array or DNA fragments are sequenced using NGS technologies (Laird, 2010). 

Although, these methods offer quick measurement of DNA methylation on a genome-wide 

scale, these methods do not capture single CpG DNA methylation information. Extensive 

technical and computational modifications are required due to non-normal distribution of 

CpG dinucleotides on the genome. In contrast, chemical treatment or conversion of DNA 

does not require any recognition sequence. Emerging as a gold standard in measurement 

and comparison of genomic DNA methylation is sequencing of bisulfite-converted DNA 

(Frommer, et al., 1992). Therefore, in this report we will discuss bisulfite conversion 

followed by sequencing as a major method to measure DNA methylation on a genome-

wide scale. 

 

Reduced Representation Bisulfite Sequencing 

General principle of bisulfite sequencing involves the treatment of DNA with sodium 

bisulfite, which converts cytosines (C) into uracils (U), however, methylated cytosines 

(mC) are protected from this chemical conversion. PCR amplification of bisulfite 

converted DNA reads U as thymines (T), yielding PCR product where unmethylated C 

appear as T and mC appear as C. Comparison of bisulfite converted DNA with the original 

sequence can be used to infer the methylated loci on the genome (Krueger, et al., 2012). 

However, whole genome bisulfite sequencing has cost and data logistic limitations. To 
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reduce the cost of bisulfite only CpG-rich regions are enriched by methylation-insensitive 

restriction enzyme digestion of genomic DNA (Meissner, et al., 2005).  This approach of 

is known as reduced representation bisulfite sequencing (RRBS).  It represents a minor 

fraction of the genome (i.e. about 2.5% of the human genome) while reducing the amount 

of sequencing required.  RRBS data are informative for the majority of CpG islands. A 

typical RRBS protocol consists of the following steps: 

 

1. MspI digestion: Use methylation-insensitive restriction enzyme to digest genomic 

DNA, MspI being the most commonly used enzyme.  

2. End repair and A-tailing: MspI leaves sticky end after the double stranded cleavage 

making it necessary to end-repair the resultant strands. Additionally, add adenosine 

(A) to both the strands in order to facilitate next step of adapter ligation. 

3. Methylated adapter ligation: Attach methylated adapters to the DNA fragments.  

4. Gel size selection: Use gel electrophoresis to filter fragments of a specific sizes. 40-

220 base pairs sized DNA fragments are representative of the majority of CpG 

islands and promoters (Gu, et al., 2011). 

5. Bisulfite conversion: Treat size selected DNA fragments chemically for bisulfite 

conversion. 

6. PCR amplification: Use primers against sequence adapters to PCR amplification of 

the bisulfite converted DNA fragments. 
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7. Sequencing: The fragments are then sequenced using next generation sequencing 

platform.  

8. Sequence alignment and analysis: Due to MspI digestion leading to all fragments 

ending in C and bisulfite conversion leading to bias in the natural frequencies of C 

and T special statistical considerations have to be made in order to align bisulfite 

treated DNA to its original version. Many methods account for these skewed 

frequencies (Chen, et al., 2010; Krueger and Andrews, 2011).  
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Figure 1: Overview of a typical RRBS protocol 
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Existing Methods 

In order to analyze bisulfite-sequencing data, it is important to estimate DNA methylation 

levels from the sequencing reads. First, align sequencing reads back to the reference 

genome and then count proportion of Cs and Ts for all reads that mapped to a C in the 

genome. Calculate absolute DNA methylation levels as the number of observed Cs by the 

total number of Cs and Ts i.e. the ratio of methylated reads to total number of reads. Then 

apply various statistical tests in order to test CpG sites or regions for differential 

methylation. Two most widely used methods to analyzed RRBS data are MethylSig (Park, 

et al., 2014) and MethylKit (Akalin, et al., 2012), both of which are available as R libraries. 

MethylSig uses a beta-binomial model across the samples in each group for CpG site or 

tiled regions. It takes into account the within group biological variation and the group 

methylation level at each CpG site or region. Then test difference in methylation using a 

statistical test based on the likelihood ratio test. It is important to note that MethylSig may 

not be able to identify regions in context of a subgroup for CpG sites that are very 

heterogeneous in both groups. On the other hand, MethylKit uses logistic regression test to 

compare proportion of methylated Cs across the case and the control groups. It also uses 

Fisher’s exact test in case no replicates are present. Apart from the fact that logistics 

regression is a parametric model, sample size is an important aspect of logistic regression 

and sample sizes tend to be smaller in many RRBS experiments.  Although MethylKit 

allows users to visualize pre-processed and processed DNA methylation data, it requires 
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working knowledge of R programming language, which might not be ideal for biologists, 

with limited programming knowledge, who employ RRBS to answer biological questions.  

 

Rao-Scott Chi Squared Test 

In a case control study, Pearson’s Chi-squared test is a suitable method to use a 2 X 2 

contingency table to test for differential methylation (Table 1).  This method has some 

crucial drawbacks. Firstly, using read count by itself might lead to spurious results due to 

differential sequencing coverage of the samples. Sequencing some samples, more than 

others causes differential coverage due to the nature of the experimental protocol. 

Secondly, chi-squared test does not account variability in methylation levels between 

subjects. However, Rao-Scott chi-squared test is a design adjusted Pearson’s chi-squared 

test where original counts are used to calculate design effect. Rao-Scott chi-Squared test 

was first presented as a method for analysis of clustered binary data (Rao and Scott, 1992). 

It can be easily applied to binomial count data generated by bisulfite sequencing data (Xu, 

et al., 2013).  
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 Methylated Reads Unmethylated Reads 

Case Xm Xum 

Control Ym Yum 

 

Table 1: 2 x 2 contingency table for methylated reads, where Xm is sum of methylated 

reads in case group, Xum is sum of unmethylated reads in case group, Ym is sum of 

methylated reads in control group and Yum is sum of unmethylated reads in control group. 

 

 

In this method, for each CpG site i, site-wise analysis starts with calculating the 

number of methylated reads, Mi, such that, Mi = PM * coverage, where PM is proportion 

of methylation and coverage is the number of reads covering the CpG site. To account for 

unequal coverage of ith site in cases and controls, we adjust methylation count Mi and total 

coverage Ci using a design effect. To calculate adjusted overall methylation level βi (Figure 

2), the adjusted Mi and Ci are used.  Subsequently, we test ith site for differential 

methylation using adjusted Chi-squared test statistic, which follows a chi-squared 

distribution with one degree of freedom. 
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Figure 2: Workflow to calculate Rao-Scott chi-squared test statistic for a case control 

study. 
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Gene Expression 

Global gene expression is a method to study the entirety of RNA species in a cell or tissue 

samples making it a remarkably powerful and quantitative molecular biology tool in 

biomedical sciences. It not only assists in answering question of sub cellular biological 

mechanisms but also helps in diagnosis, prognosis, and drug discovery and development 

pipeline. National Center for Biotechnology Information Gene Expression Omnibus 

(GEO) is a public database that has archives gene expression data submitted by 15,000 

laboratories with approximately 40,000 studies, pointing at the obvious popularity and 

wide spread use of gene expression technology (National Center for Biotechnology 

Information (U.S.), 2013). Microarrays and RNA-sequencing are the two major methods 

used in measurement of gene expression in biological samples (Loven, et al., 2012). Single 

stranded nucleic acid strand hybridization is the critical physiochemical process that is used 

in microarray technology (Schena, et al., 1995). Messenger RNA samples isolated from 

target cells or tissues are converted to complimentary DNA (cDNA), which is further 

hybridized with millions of pre-attached oligonucleotides probes, that represent known 

gene sequences,  on a glass slides or chips (Trevino, et al., 2007). The design of microarrays 

slides or chips leads to an obvious limitation of representation of genes in the form of 

oligonucleotide probes that are limited by the existing knowledge of genes sequences of 

the organism under study. DNA microarrays are unable to measure RNA species that are 

unavailable as oligonucleotides on the chip. Therefore, DNA microarrays are only useful 
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to study gene expression of known regions of the genome leaving out non-coding region 

and splice variants of known genes. In addition to the limitation of probes, another 

limitation is the use of colorimetric method to quantify level of gene expression. This semi-

quantitative measurement poses challenges in downstream statistical analysis as well as 

reproducibility issues.  

With the entry of next-generation DNA sequencing (NGS) technologies, RNA analysis 

through cDNA sequencing at massive scale (RNA-seq) revolutionized the field of 

transcriptomics. This new method eliminated the challenges encountered by hybridization-

based methods. A typical RNA sequencing experiment uses input RNA population which 

is then converted into a cDNA fragments along with sequencing adaptors and barcode 

sequences (Fu, et al., 2014). Massively parallel setting sequences the resultant fragments. 

Based on the sequencing technology used, these sequencing reads  size can range anywhere 

between 30 bp and 400 bp (Wang, et al., 2009). After completion of the sequencing assay, 

next step is to map short reads back to a reference genome to estimate the level of 

expression for all the genes. This method has several benefits over hybridization methods. 

Firstly, due to the use of sequencing, RNA-Seq is not limited by a predefined set of 

oligonucleotide probes making it a powerful tool to estimate gene expression in organisms 

for which no prior genomic knowledge is present. Secondly, single base resolution 

sequencing technology of RNA-Seq is able to differentiate alternative splice sites, intronic 

regions and exonic boundaries along with identification of disease relevant mutation such 

as single nucleotide polymorphisms. (Cloonan, et al., 2008; Marioni, et al., 2008) 
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Chronic Lyphocytic Leukemia 

Chronic lymphocytic leukemia (CLL) is the most common adult leukemia with a vastly 

inconsistent prognosis where some patients with very low survival of few months after the 

diagnosis to others with  a survival of two decades or more (Rozman and Montserrat, 1995). 

CLL manifests by uncontrolled clonal proliferation of  neoplastic B lymphocytes (Rozman 

and Montserrat, 1995). Working group sponsored by the National Cancer Institute has 

suggested  diagnosis guidelines for CLL which requires the following: lymphocyte count 

of greater than or equal to 5000 per cubic millimeter and a typical cell-surface phenotype 

of B cells inlcuding the presence cell surface markers CD19, CD5, and CD23, weak 

expression of CD20 and CD79b, and either kappa or lambda immunoglobulin light chains 

(Rawstron, et al., 2008). 

Various studies of  genetic mutation landscape have revealed  high molecular heterogeneity 

of CLL (Malek, 2013). In addition to  the genetic component, the role of epigenetic 

mechanisms have also been implicated in oncogenesis (Baylin and Jones, 2011). Although 

the methylation landscape of  CLL  has been observed to be stable over time, with changes 

characterized over the course of disease progresssion (Cahill, et al., 2013). However, other 

studies have shown evidence suggesting important role of epigenetic modifications in 

development and progression of CLL (Chen, et al., 2009). In addition, aberrant gene 

expresssion due to abnormal promoter methylation of genes, microRNAs and long non-

coding RNAs have been implicated in CLL (Guieze and Wu, 2015). 
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Sjogren’s Syndrome 

Sjögren's syndrome (SjS) is an autoimmune disease that involves autoimmune destruction 

of the salivary and/or lacrimal glands, which over time leads to phenotype of dry eyes and 

dry mouth (Fox and Kang, 1992; Hansen, et al., 2005).  Incidence of SjS in general 

population is 1-3% (Hammi, et al., 2005). SjS is extremely gender biased with number of 

affected women surpassing men by a ratio of 9:1 along with severity of the disease higher 

in females than males in both patients and some murine models (Brennan and Fox, 1999; 

Cihakova, et al., 2009; Jacobson, et al., 1997). Like many other autoimmune diseases, the 

exact cause of SjS remains elusive. Additionally, it is a multifaceted and a complex 

disorder (von Bultzingslowen, et al., 2007). The course of disease has four different yet 

overlapping events. Primary event is an initiation by an extraneous factor, which precedes 

injury to epithelial cells in the target tissues. This leads to infiltration of lymphocytes in to 

the target tissues. Finally, increased activity of B lymphocyte and cytokine production 

leading to full-fledged autoimmune destruction of the glands (Konttinen and Kasna-

Ronkainen, 2002). Several studies have found many risk factors associated with SjS. For 

instance, a study found genetic predisposition as a risk factor for SjS within a family (al-

Hashimi, 2001; Jonsson, et al., 2002). Another study implicated viral infection as an 

initiation factor after investigating SjS like symptoms after cytomegalovirus infection in a 

mouse model. (al-Hashimi, 2001; Bayetto and Logan, 2010). In addition to the initiating 

event, pathogenesis of autoimmune destruction is well known. Majority of patients with 

primary SjS have been found to have Ro ⁄ SSA  (Sjogren's syndrome antigen A ) and La ⁄ 
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SSB (Ro ⁄ SSA  (Sjogren's syndrome antigen B) auto-antibodies (Iwasaki, et al., 2003). 

Moreover, some other autoantibodies have been discovered such as those specific to 

muscarinic M3 acetylcholine receptors (M3R) in lacrimal and salivary gland of both 

patients with SjS and mouse models (Gao, et al., 2004; Kovacs, et al., 2005; Nguyen, et 

al., 2000). M3R is responsible for relaying signal from efferent nerves to the gland cells. 

M3R specific autoantibodies will prevent these nerve signals leading to decrease in saliva 

production (Fox and Stern, 2002; Waterman, et al., 2000). In recent times, C57BL/6.NOD-

Aec1Aec2 (B6AC) murine model on non-obese diabetic (NOD) background has been 

developed, wherein these mice present with Sjögren's syndrome like symptoms but not  

diabetic phenotype (Cha, et al., 2002). Global gene expression signatures of salivary gland 

and lacrimal gland of these mice at several age points were studied (Killedar, et al., 2006; 

Peck, et al., 2011). Apart from gene expression, recent studies have looked into the role 

DNA methylation in pathogenesis of SjS. For instance, a study investigated naive CD4+ T 

cells from 11 patients with primary SjS matched healthy controls using hybridization-based 

technology. This study highlighted the role for DNA methylation in SjS and delineated 

disease relevant DNA methylation abnormalities in genes and pathways related the 

pathogenesis of SjS (Altorok, et al., 2014). A recent integrative study used genome-wide 

DNA methylation study using HumanMethylation450K BeadChips for whole blood, 

CD19+ B cells and minor salivary gland biopsies along with gene expression in CD19+ B 

cells by RNA-sequencing (Imgenberg-Kreuz, et al., 2016). However, we are not aware of 
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any integrative study performed in B6AC mice using RRBS and RNA sequencing on whole 

salivary gland. 

 

 

II. MATERIALS AND METHODS 

Simulations 

Datasets for accuracy 

To test the accuracy of ParaDIME we simulated various RRBS datasets using previously 

published method (Lacey, et al., 2013). We simulated 54 different data sets (each 

containing 2 groups with 10 samples in each group) with two different DMR lengths of 

either 100bp or 200 bp. The proportion of differentially methylated CpG sites within these 

DMRs were simulated at 0.25, 05 and 1. Additionally, methylation difference between each 

DM CpG site was set at 10%, 30% and 50% (Figure 3). The accuracy of ParaDIME was 

compared with MethylSig (Park, et al., 2014) and MethylKit (Akalin, et al., 2012). Custom 

R scripts with pre-defined regions were used in both the methods to test for DMRs between 

two simulated groups. Accuracy of all three methods was calculated using the following 

formulae: Accuracy = (TP + TN) / (TP + TN +F P + FN); where TP = True Positives, TN 

= True Negatives, FP = False Positives and FN = False Negatives. True positive rate was 

calculated as TPR = TP / (TP + FP). The true negative rate was calculated as TNR =   TN 
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/ (TN + FN). The false positive rate was calculated as FPR = FP / (FP + TN).  False negative 

rate was calculated as FNR = FN / (FN + TP). 

Datasets for performance 

To test the performance of ParaDIME, we simulated three additional datasets (2 groups) 

with increasing number of CpG sites. We simulated 100K, 500K and 1 million sites per 

sample with three samples in each group. To test ParaDIME performance and scalability, 

we simulated these datasets with methylation difference between CpG sites set at 20 

percent. In addition, the number of sites differentially methylated in these DMRs were also 

set to 20 percent. 

 

Chronic Lymphocytic Leukemia 

Dataset 

We downloaded RRBS data for chronic lymphocytic leukemia from publicly available 

database Gene Expression Omnibus (GEO) from dataset GSE3269 (Pei, et al., 2012).  We 

probed CD19+ B-cells from CLL patients and normal control samples for DNA 

methylation levels using RRBS. We used 11 patients and 3 normal controls while removing 

cell line controls from the analysis. Cell line controls pose tissue/cell type inconsistency. 

We remove cell line controls from the analysis to keep tissue/cell type consistent and for 

better biological interpretation of results. Normal controls include one sample each for 

CD19+ normal B-cell, CD19+/CD27+ memory B-cell, and CD19+/CD27- naïve B-cells.  



39 

 

 

 

Differential DNA Methylation Analysis of CLL 

Site wise 

To detect differentially methylated loci between CLL patients and normal controls we used 

ParaDIME site wise analysis setting. We used 10 compute nodes after uploading 11 control 

and 3 normal sample files to test each CpG loci for differential methylation using Rao-

Scott test statistic. We used permutation testing to adjust for multiple hypothesis testing 

and significantly, differentially methylated CpG loci were filtered using an adjusted p-

value (mention adjustment method in this bracket) cutoff of 0.01. List of DM loci was 

annotated using human genome assembly 18(hg18) also known as NCBI36.1. 

Region wise 

To detect differentially methylated regions between CLL patients and normal controls we 

used ParaDIME region wise analysis setting. Using 11 control and 3 normal sample files, 

the samples were pre-annotated using CpG island coordinates (downloaded from UCSC 

genome browser) for hg18. ParaDIME was setup to use 10 compute nodes while testing 

each CpG island for differential methylation using Rao-Scott test statistic. We used 

permutation testing to adjust for multiple hypothesis testing. Significantly differentially 

methylated CpG islands were filtered using adjusted p-value cutoff of 0.01.   

 

 



40 

 

 

 

Sjögren's syndrome 

Animal Model 

We bred and maintained C57BL/6J (B6) and C57BL/6.NOD-Aec1Aec2 (B6AC) mice 

under SPF conditions within Lab Animal Services at the Augusta University, Georgia. We 

provided the animals with water and food ad libitum and maintained them on a 12 h light–

dark schedule. For this study, we euthanized six female mice at 4 and 18 weeks of age 

(Figure 4). The Augusta University, IACUC, approved both breeding and use of these 

animals. 

RNA Sequencing 

We weighed freshly excised salivary gland tissue and snap froze it in liquid nitrogen. 

Frozen tissues were shipped to University of North Carolina Microbiome Core Facility for 

RNA isolation and sequencing. RNA was isolated from each C57BL/6J (n=6) and 

C57BL/6.NOD-Aec1Aec2 (n=6 females) mice at 4 and 18 weeks of age (Figure 4) with 

QIAGEN’S RNAeasy mini kit using manufacturer’s instructions. For mRNA preparation, 

cDNA synthesis, library preparation and barcoding, Illumina TruSeq Stranded mRNA 

sample preparation kit (Catalog No: RS-122-2103) was used with manufacturer’s 

instructions. We pooled samples in equimolar amounts; each pool was sequenced 

separately in order to achieve desired sequencing depth. Sequencing was performed using 

Illumina HiSeq single end 50 base pair V4 chemistry (Figure 5). 
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Differential gene expression analysis of SjS 

We acquired raw sequencing data from University of North Carolina Microbiome Core 

Facility in Fastq file format. Next, we performed quality control assessment using 

FASTQC version 0.10.1. Reads were mapped to mouse reference genome mm10 using 

Bowtie 2 (version 2.2.5) (Langmead and Salzberg, 2012). Bowtie 2 generated BAM file 

for each sample, which were subsequently indexed using Samtools. In accordance with the 

experimental design, all four groups were tested for differential gene expression using 

DESeq2 (version 1.10.0) implemented in R (Love, et al., 2014). We used DESeq2 to 

estimate gene counts followed by gene count normalization. Test for differential gene 

expression was performed and results were filtered at false discovery rate (FDR) adjusted 

p-value of 0.1 (Figure 6). 

Reduced representation bisulfite sequencing 

We weighed freshly excised salivary gland tissue and snap froze it in liquid nitrogen. DNA 

was isolated from salivary gland using QIAGEN’S DNeasy mini kit using manufacturer’s 

instructions. Concentration of DNA was estimated using Thermo scientific Nanodrop 

spectrophotometer and DNA samples to epigenomics core at Weill Cornell medical 

college. We performed extended RRBS (Akalin, et al., 2012) and sequenced bisulfite 

converted DNA using Single end 50 base pair chemistry on Illumina Hiseq (Figure 7). 

Sequence data (base call files or bcl files) generated from the sequencer are demultiplexed 
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and converted to FASTQ files using the Illumina CASAVA 1.8.2 pipeline. We generated 

methylation frequency files using an in-house pipeline (Garrett-Bakelman, et al., 2015).   

Differential DNA methylation analysis of SjS 

We acquired raw and processed ERRBS sequencing data from epigenomics core at Weill 

Cornell medical college. Next, we converted methylation frequency files into a format 

accepted by ParaDIME using in-house R script (Appendix A). This script converted 

frequency of C’s and frequency of T’s into β values. Here, β = (Freq of C) / (Freq of C + 

Freq of T). In accordance with the experimental design, all four groups were tested for 

differential DNA methylation using ParaDIME, which was employed with nine compute 

nodes for CpG islands and promoter regions (1 kb upstream and 200 bp downstream of 

transcription start site of know refseq genes) for mm10 reference genome for mus 

musculus. We called regions with FDR greater than 0.1 as significantly differentially 

methylated regions.   

Subnetwork Enrichment 

We used Module Analysis via Topology of Interactions and Similarity Sets (MATISSE) to 

identify jointly active connected subnetworks (JACS) for differentially expressed and 

differentially methylated genes in Sjögren’s syndrome. Pearson correlation (r) matrix of 

differentially expressed genes was used as weight matrix (r computation was implemented 

as custom code in C#). We downloaded Mouse Interactome (Protein-Protein interactions) 
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from BIOGRID 2016 version. MATISSE (Ulitsky and Shamir, 2007) was run in custom 

mode with r2 weight matrix and the relevant interactome (Mouse). Minimum seed size was 

5, maximum seed size was limited to 50, minimum module size was set at 5 and maximum 

module size was limited to 100. MATTISE was used to determine subnetworks from 

Sjögren’s syndrome. 

Integrative Analysis 

To correlate DNA methylation with gene expression, we performed integrative analysis on 

89 genes that were both differentially expressed and differentially methylated in SjS. We 

removed genes with potential age or mouse model effect. We calculated “Spearman rank 

order” correlation between average β values for all the samples in SjS group as well as 

controls and normalized gene expression counts estimated by DESeq2 for SjS group and 

age matched controls. We used genes with significant positive or negative correlation (p 

value < 0.01) between gene expression and DNA methylation for further analysis. 
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Figure 3: To test the accuracy   of ParaDIME, we simulated various RRBS datasets. 2 

groups with 10 samples in each group were simulated with two different DMR lengths of 

100bp and 200 bp. We simulated the proportion of differentially methylated CpG sites 

within these DMRs to be 0.25, 05 and 1. Additionally, methylation difference between 

each DM CpG site was set to 10%, 30% and 50%. 
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Figure 4: Experimental design for comparison of difference in gene expression and DNA 

methylation between 4 and 18-week-old female Sjogren’s syndrome model (B6AC) and 

control (B6).  
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Figure 5: Flowgram representing RNA sequencing protocol used to compare difference 

in gene expression between age matched Sjogren’s syndrome model (B6AC) and control 

(B6). Section highlighted in orange performed at UNC microbiome core. 
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Figure 6: RNA sequencing pre-processing and differential gene expression analysis 

pipeline.  
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Figure 7: Flowgram representing RRBS protocol used to compare difference in DNA 

methylation between age matched Sjogren’s syndrome model (B6AC) and control (B6). 

Section highlighted in orange performed at Weill-Cornel Epigenomics core. 
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III. RESULTS 

Implementation 

ParaDIME is a freely available web application for differential methylation analysis of 

genome-wide DNA methylation data. It tests single CpG sites or pre-defined regions for 

differential methylation using Rao-Scott chi-square test. It uses parallel architecture to 

perform permutation testing in order to estimate the null distribution of the test statistic. It 

is available for use at http://bioanalysis.genomics.gru.edu/ParaDIME/. We designed 

ParaDIME in ASP .NET using C# and source code is available free on request.    

Basic usage 

Input for ParaDIME includes three different types of files, namely, Methylation data files, 

group assignment file and annotation file in case of region wise analysis (Figure8). 

Methylation data file must contain chromosome name, start and end coordinates for 

methylation sites, coverage, and proportion of methylation at site and strand designation 

(Figure 9). All the above-mentioned parameters are required except strand designation 

which can be represented as a dot (".") if "+" or "-" strand orientation is not known. Along 

with methylation files, ParaDIME accepts a group assignment file that assigns samples to 

a specific group (Figure 9). This version of ParaDIME only accepts integers as group 

assignment letters. In the case of region-wise analysis, an additional annotation file that 

specifies genomic co-ordinates names of the regions is necessary. For convenience, we 

have already provided the users with an option to choose from pre-defined annotation files 
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for human as well mouse reference genomes for known CpG islands and promoter regions 

(1kb upstream and 200 bp downstream of transcription start sites) for all known genes 

(Figure 8). For regions that are not included in predefined list, users can upload custom 

annotation file for downstream region-wise analysis. Example files with appropriate 

formats are available on ParaDIME webpage. Post upload routine; users can decide the 

number of parallel nodes to employ to perform the analysis (Figure 10). Currently, 

ParaDIME offers a maximum of 9 compute nodes to be selected for parallelization. Based 

on the type of analysis required user can select from one of two options, namely, site-wise 

analysis or region-wise analysis (Figure 10).      
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Figure 8: Screenshot of ParaDIME upload page-showing inputs needed for analysis along 

with pre-annotated regions for user convenience. User can download sample input files. 
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Figure 9: A) Input file format for methylation data for ParaDIME. B) Input file format for 

sample assignment file.  
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Figure 10: Screenshot of ParaDIME analysis options page-showing options for analysis 

wherein user can select number of compute nodes and type of analysis. User can save these 

options for downstream analysis. 
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Simulation Study 

To test accuracy and performance of our method we simulated RRBS data using a 

previously described method (Lacey, et al., 2013). For accuracy tests, we modelled RRBS 

data on a case versus control design where 10 samples in each group. We simulated 

differentially methylated regions to be either 100bp or 200bp long. To test how the amount 

of DM CpG sites within a region affect the DMR detection accuracy of our method, we 

simulated 25%, 50% and 100% of CpG sites within these DMRs as differentially 

methylated. To further access, how difference in proportion of methylation affects the 

accuracy of our method, we simulated these differences for each DM CpG to be very low 

difference of 0.10, or a medium difference of 0.30 or a high difference of 0.50.  For 

consistency, a fixed number of DMRs (10 differentially methylated regions between cases 

and controls) were simulated. Henceforth, we used the genomic co-ordinates of these 10 

known DMRs along with 10 known non-DMR for pre-annotation in ParaDIME.  

We compared the DMR detection accuracy of ParaDIME with MethylSig (Park, et 

al., 2014) and MethylKit (Akalin, et al., 2012), which are most widely used R libraries for 

DMR detection that have the ability to test pre-defined regions for differential methylation. 

In all simulated conditions, ParaDIME performed as well or better than existing methods 

to identify DMRs (Figure 11). To compare the accuracy parameters, we assessed the false 

positive rate for DMR detection for all the methods and found out that ParaDIME and 
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MethylSig have significantly lower false positive rate as compared to MethylKit, making 

them statistically more efficient (Figure 12).  

 

 

Figure 11: Bar graph showing accuracy comparison of ParaDIME with MethylKit and 

MethylSig using simulated RRBS data. We simulated two different DMR lengths of 100bp 

and 200 bp with the proportion of differentially methylated CpG sites within these DMRs 

to be 0.25, 05 and 1. Additionally, methylation difference between each DM CpG site was 

set to 10%, 30% and 50%.    
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Figure 12: Bar graph showing false positive rate comparison of ParaDIME with MethylKit 

and MethylSig using simulated RRBS data. We simulated two different DMR lengths of 

100bp and 200 bp with the proportion of differentially methylated CpG sites within these 

DMRs to be 0.25, 05 and 1. Additionally, methylation difference between each DM CpG 

site was set to 10%, 30% and 50%.    
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Similarly, ParaDIME and MethylSig showed true positive rate close to one showing its 

statistical efficiency (Figure 13). ParaDIME showed higher true negative rates for all the 

simulations, especially at lower difference in percent methylation and lower proportion of 

DM CpGs in a DMR (Figure 14). 

We also tested performance of ParaDIME to handle varying levels of data loads. 

For this test, we simulated three additional datasets with case versus control design wherein 

three samples in each group. We simulated these data sets with increasing data loads of 

100,000 CpG sites, 500,000 CpG sites, 1,000,000 CpG sites and 2,000,000 CpG sites in 

each sample. Additionally, we introduced methylation proportion difference between these 

CpG sites to be a low to moderate difference of 0.20. The number of CpG sites with this 

difference in a DMR were set to 20 percent. As expected, the increase in execution time is 

linear and co-relates with the increase in amount of data load increase (Figure 15). 

Since, permutation testing is the most resource intensive part of the algorithm; we 

developed a parallel architecture to overcome the computational challenge that arises to 

due to large number of permutations. To evaluate the scalability of our algorithm, we tested 

ParaDIME by varying data loads and different number of compute nodes. The overall 

downward trend for all load types in the execution time shows that adding more compute 

nodes decreases the execution time of ParaDIME, showing linear scalability for both site 

wise and region wise analyses (Figure 16).   
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Figure 13: Bar graph showing True positive rate comparison of ParaDIME with MethylKit 

and MethylSig using simulated RRBS data. We simulated two different DMR lengths of 

100bp and 200 bp with the proportion of differentially methylated CpG sites within these 

DMRs to be 0.25, 05 and 1. Additionally, methylation difference between each DM CpG 

site was set to 10%, 30% and 50%.    
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Figure 14: Bar graph showing True negative rate comparison of ParaDIME with 

MethylKit and MethylSig using simulated RRBS data. We simulated two different DMR 

lengths of 100bp and 200 bp with the proportion of differentially methylated CpG sites 

within these DMRs to be 0.25, 05 and 1. Additionally, methylation difference between 

each DM CpG site was set to 10%, 30% and 50%.    
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Figure 15: Execution time of ParaDIME (site wise) with differing volumes of data with 

increasing number of nodes employed.   
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Figure 16: A) Execution time of ParaDIME (site wise) with differing volumes of data 

with 10 nodes employed. B) Execution time of ParaDIME (region wise) with differing 

volumes of data with 10 nodes employed. 
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Chronic Lymphocytic Leukemia Study 

 

To validate ParaDIME’s ability to detect biologically relevant DMRs, we used publically 

available reduced representation bisulfite sequencing data for chronic lymphocytic 

leukemia with 11 CLL patient samples of purified B cells and 3 controls B cell samples. 

We used ParaDIME region wise analysis where the samples where pre-annotated using 

CpG Island and Promoter region co-ordinates for human reference genome 18.  

Figure 17: Distribution of Significant (5% FDR) DM Sites across various genomic 

elements in Chronic Lymphocytic Leukemia patients. 
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ParaDIME was setup to use 9 compute nodes while testing each CpG island and promoter 

for differential methylation. We performed the analysis using Rao-Scott test statistic. We 

used Permutation testing to adjust for multiple hypothesis testing. Significantly 

differentially methylated CpG islands and promoters were filtered using FDR adjusted p-

value cutoff of 0.05. In this analysis, we tested 1,194,112 CpG sites in 24,465 CpG Islands 

and 29,154 promoters. As expected majority of significantly differentially methylated CpG 
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Figure 18: A) Heat map of significantly differentially methylated CpG Islands in 

Chronic Lymphocytic Leukemia patients and normal controls. B) Heat map of 

significantly differentially methylated promoters in Chronic Lymphocytic 

Leukemia patients and normal controls 
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sites were present in intronic and intergenic regions of the genome (Figure 17). ParaDIME 

detected 485 differentially methylated CpG islands with methylation difference greater 

than 10 percent methylation. These differentially methylated CpG Islands were present in 

332 known genes (Figure 18). Similarly, we detected 597 significantly differentially 

methylated promoters that present in 414 genes (Figure 18). We merged gene lists from 

both differentially methylated CpG Islands and promoters leading to a final list of 709 

differentially methylated genes. 

To assess biological relevance of these discoveries, panther pathway analysis was 

performed showing genes enriched in cancer related pathways (Table 2). As expected 

ParaDIME was able to detect biologically relevant as well as disease specific genes. It was 

also able to find experimentally verified DMRs by Pei et al. (Table 2). To investigate the 

ability of ParaDIME to find biologically relevant DMRs, we compared DMRs found by 

ParaDIME and original Pei et al. study. Our data shows that 36 genes were shared between 

both the studies, however, ParaDIME was able to detect additional DMRs that were 

enriched in cancer related pathways showing its ability to detect disease relevant DMRs 

(Figure 19). These differentially methylated genes in CLL were not only enriched in well 

studied Wnt-signaling and angiogenesis pathways but also novel Gonadotropin releasing 

hormone receptor (GnRHR) pathway, Tryptophan biosynthesis and Ionotropic and 

metabotropic glutamate receptor pathways  that are being investigated for their role in 

oncogenesis. 
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Gene Pathway ParaDIME Result 

Wnt5A, Wnt5B Wnt Signaling Promoter/CGI  

Hypermethylated 

TGFb1 Insensitivity to anti-growth signal Promoter  

Hypomethylation 

MMP9 Sustained Angiogenesis Gene body  

Hypermethylation 

ARNT Sustained Angiogenesis Promoter  

Hypomethylation 

SOX8,SOX9,SOX17 Wnt Signaling Promoter/CGI  

Hypermethylation 

NFATc1 B cell receptor signaling CGI  

Hypomethylation 

FOXA2 Developmental Biology CGI   

Hypermethylation 

JAG2 Notch signaling CGI  

Hypomethylation 

 

Table 2: Representative genes differentially methylated in various cancer pathways. 

ParaDIME and Pei et al share genes in red. 
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PANTHER Pathways Homo sapiens Input 

Fold  

Enrichment P value 

Wnt signaling  

pathway 309 19 2.24 1.17E-03 

Gonadotropin releasing  

hormone receptor pathway 225 15 2.43 1.74E-03 

Metabotropic glutamate  

receptor group III pathway 66 7 3.86 2.63E-03 

Angiogenesis 154 11 2.6 4.14E-03 

Tryptophan  

biosynthesis 6 2 12.13 1.22E-02 

Cadherin signaling  

pathway 170 10 2.14 2.09E-02 

Ionotropic glutamate  

receptor pathway 57 5 3.19 2.17E-02 

 

Figure 19: Panther Pathway over representation test results of differentially methylated 

gene by ParaDIME that we not captured by Pei et al. 

 

 

 

 

Pei et al. ParaDIME Shared 

363 673 36 

399 709 
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Sjögren’s syndrome 

To find genes with potential epigenetic control in Sjögren’s syndrome we performed RRBS 

and RNA sequencing of salivary gland of B6AC mouse model and B6 control mice (Figure 

20). Two age groups were selected, 4 and 18 weeks old, with 6 mice in each group. We 

decided to use 18wks old mice because they develop lymphocytic infiltrates in salivary 

glands around 16 weeks of age (Peck, et al., 2011). Total RNA was isolated from salivary 

glands and used for extended reduced representation bisulfite sequencing (RRBS).  

RNA sequencing  

RNA sequencing of salivary gland of all four groups was performed using Illumina HiSeq 

paired end 50 base pair V4 chemistry. For all the four groups, between 70-80 million reads 

were sequenced (Figure 21). After quality control using FastQC (Andrews, 2010), we 

mapped the reads to human genome hg19 using bowtie, which is a quality aware short read 

mapping tool (Langmead and Salzberg, 2012). We used DESeq2 to estimate read counts 

for all 24 samples. We performed differential DNA methylation analysis using DESeq2 for 

all four comparisons (Figure 22). Since B6AC mice develop disease with age, to isolate 

potential disease effect genes, we first used our experimental design to filter genes with 

potential age effect. We found and removed 169 genes with potential age effect from 

further analysis. 320 potential disease specific genes were taken to downstream analysis 

(Figure 23).  
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Figure 20:  Integrative analysis experimental design for Sjögren’s syndrome mouse model 

and controls. 
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Moreover, because of comparison between two different mouse models i.e. 18 week B6AC 

SjS mouse model and B6 controls, there is a potential for mouse model effect leading to 

spurious differential gene expression results. Using the experimental design, only 4 genes 

with potential mouse model effect were found and removed from further analysis and 881 

disease specific genes were used for downstream analysis (Figure 24). 

 

Figure 21: Boxplot showing distribution of total reads from RNA Sequencing runs for all 

24 samples.  
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Figure 22: Differentially expressed genes along with both up regulated and down regulated 

genes listed for all pairwise comparisons performed using Deseq2 custom R script.  
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Figure 23: Venn diagram of number of genes differentially expressed in age + disease 

effect and age effect comparison. 
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Figure 24: Venn diagram of number of genes differentially expressed in disease + model 

effect and model effect comparison. 

 

To further validate our results, we decided to perform both internal and external 

validation of our RNA sequencing results. Firstly, to validate differentially expressed genes 

in 18 week B6AC (SjS) when compared to 4 week B6, we performed external validation 

using Peck et al study performed on same mouse model (Peck, et al., 2011). Microarray 

gene expression analysis performed by Peck et al for 20-week-old B6AC versus 4 week 

old B6AC showed 67 autoimmunity related genes implicated in SjS. We discovered 45 of 

those genes in our study showing high consistency (about 70%) between the two studies 
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(Figure 25). Possible reasons for 30 % inconsistency might be due to different platforms 

used for studying gene expression. Secondly, to validate the results of comparing 18-week 

B6AC SjS mice and 18-week B6 controls, we performed ingenuity pathway analysis to 

assess its disease relevance. Differentially expressed genes in SjS mice were highly 

enriched in T cell, autoimmunity related pathways such as T cell receptor signaling, and 

CTLA4 signaling in T cells and genes involved in inflammatory response and 

immunological diseases (Figure 26). These results are consistent with the characteristic of 

the disease, where lymphocytic infiltrates in salivary glands consists mainly of T and B 

cells (Peck, et al., 2011). 

Figure 25:  Bar graph showing consistency between RNA sequencing data and microarray 

gene expression data of 67 autoimmunity and tissue autoimmunity related genes discussed 

in Nguyen et al. We called genes with similar fold change direction in both data sets as 

consistent. 
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Figure 26: IPA report generated using differentially expressed genes in 18 weeks old B6-

AC versus 18 weeks old B6 Controls. 
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Reduced Representation Bisulfite Sequencing 

Extended RRBS was performed on bisulfite converted DNA isolated from salivary glands 

of all four experimental groups. We sequenced using single end 50 base pair chemistry on 

Illumina Hiseq. We first assessed the CpG coverage of all 24 samples in 4 experimental 

groups. Results showed median coverage between 40x and 50x for all the CpGs sequenced 

by the RRBS protocol (Figure 27). Next, we determined the distribution of number of CpG 

dinucleotides sequenced at coverage of 10 reads of more for the samples. Our RRBS 

protocol sequenced a median of 1.3 million CpG dinucleotides per group (Figure 27). Due 

to chemical treatment of DNA, the base composition of sequenced reads is different from 

reference sequence. This leads to decreased mapping efficiency in bisulfite sequencing 

experiments. Therefore, we investigated mapping efficiency of final reads back to the 

reference genome. All experimental groups showed high mapping efficiency of more than 

70% (Figure 28).  

To find appropriate regions to use for integrative analysis, we looked at genomic 

distribution of CpGs recorded in our RRBS experiment. It showed that most of the CpG 

dinucleotides were present in intergenic and intronic regions, which is not ideal for 

integrative analysis, especially for correlating gene expression data. About 28 % of the 

sites were present in promoter and 5’ untranslated regions (Figure 29). Hence, promoter 

region with 1kb upstream and 200 bp downstream of transcription start site was defined to 

be used for regional analysis. Next we looked at distribution of CpG sites in different types 

of CpG clusters. 53% of the sites were present in CpG Islands (Figure 29). Next, we 
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analyzed absolute distance to transcription start site (TSS) for all the CpGs recorded. 

Majority of these were present in ±5kb of TSS (Figure 30). 

To find differentially methylated CpG islands in Sjogren’s syndrome, we used CpG Island 

as pre-annotation regions and performed 4 pairwise comparisons similar to RNA 

sequencing experiment (Figure 31). We removed mouse model effect and used 1121 

significantly differentially methylated CpG Islands for further integrative analysis (Figure 

32). Similarly, we performed region wise analysis using promoter regions and used 1309 

differentially methylated promoters for further integrative analysis (Figure 33).  

Figure 27: A) Box plot showing distribution of coverage of CpGs sequenced at 10 reads 

or more for 4 experimental groups. B) Box plot showing distribution of number of CpGs 

sequenced at 10 reads or more for 4 experimental groups. 
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Figure 28: Mapping efficiency of RRBS experiment for four experimental groups. 
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Figure 29: A) Genomic distribution of CpG sites from all four groups in various genomic 

elements. B) Genomic distribution of CpG sites from all four groups in various CpG cluster 

types. Majority of CpG sites in our RRBS data are present in CpG Islands. 

Figure 30: Bar graph of absolute distance of CpG Islands in RRBS data to Transcription 

Start Site (TSS) of Refseq genes. Most of the CpG Islands are within 5kb of TSS of Refseq 

genes of mm10 genome. 
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Figure 31: Differentially methylated CpG Islands listed for all pairwise comparisons 

performed using ParaDIME. 
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Figure 32: Venn diagram of number of CpG Islands differentially methylated in disease + 

model effect and model effect comparison. 
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Figure 33: Venn diagram of number of promoters differentially methylated in disease + 

model effect and model effect comparison. 
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Integrative Analysis 

To perform integrative analysis we combined the DMRs of both CpG Islands and 

promoters after removing potential age and disease effect. We overlapped genes near these 

6787 SjS specific promoters and CpG Islands with 907 differentially expressed genes from 

RNA sequencing experiment. We found 154 of these genes to be differentially expressed 

and have RRBS data present (Figure 34). In the next step, we investigated these 154 genes 

for differential methylation, leading to 89 differentially expressed and differentially 

methylated genes (Figure 35). In order to co-relate DNA methylation and gene expression 

we used “spearman rank order” correlation. Out of 89 differentially methylated and 

differentially expressed genes, 63% showed inverse correlation between DNA methylation 

and gene expression (Figure 35).  
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Figure 34: All CpG-Islands & Promoters and differentially expressed genes after removing 

age and disease effect. We have RRBS data for 154 differentially expressed genes.  

 

 

 

Figure 35: A) Bar graph showing percentage of differentially expressed genes (DE) and 

DE and differentially methylated (DM) in terms of CGI or promoters. 154 DE genes with 

RRBS data are used for analysis B) Bar graph showing percentage of the differentially 

expressed and methylated genes (89) and the direction of expression and methylation 

changes.  
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Subnetwork Enrichment 

To further investigate the functional aspect the genes discovered in the integrative analysis, 

we used MATISSE (Module Analysis via Topology of Interactions and Similarity SEts), 

which is a program for detection of functional modules using interaction networks and 

expression data (Ulitsky and Shamir, 2007). In order to identify jointly active connected 

subnetworks (JACS) in Sjogren’s syndrome, we used 907 SjS specific differentially 

expressed genes and experimentally verified protein-protein interaction network along 

with Pearson’s correlation (r2) matrix of differentially expressed genes as weight matrix. 

MATISSE found three JACS. First subnetwork (Figure 36), was significantly enriched in 

integrin signaling, inflammation and T cell activation pathways (Table 3). Second 

subnetwork (Figure 37), was significantly enriched in T cell activation and B cell activation 

pathways (Table 4). Finally, third subnetwork (Figure 38), was significantly enriched in 

Integrin signaling, T cell activation, inflammation mediated by chemokine and cytokine 

signaling and B cell activation pathways (Table 5). Our integrative analysis was able to 

detect disease relevant genes significantly enriched in autoimmunity related pathways. 
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Figure 36: First Subnetwork from Matisse with gene expression and methylation 

difference overlaid on an enriched subnetwork of protein-protein interaction network.  
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Table 3: Gene set enrichment analysis table showing pathways enriched for genes in first 

jointly active connected subnetwork. 

 

 

 

 

 

 

Pathways 

Mus 

musculus Subnetwork 

Fold  

Enrichment P-value 

Integrin signaling 176 12 20.57 1.24E-10 

Inflammation mediated by  

chemokine and cytokine 

signaling 245 10 12.31 1.48E-06 

Cytoskeletal regulation by 

Rho GTPase 94 7 22.46 5.09E-06 

Parkinson disease 106 6 17.07 2.48E-04 

T cell activation 79 4 15.27 2.28E-02 
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Figure 37: Second subnetwork from Matisse with gene expression and methylation 

difference overlaid on an enriched subnetwork of protein-protein interaction network. 
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Table 4: Gene set enrichment analysis table showing pathways enriched for genes in 

second jointly active connected subnetwork. 

 

 

 

 

 

 

 

Pathways Mus musculus Subnetwork-2 Fold Enrichment P-value 

Circadian clock system 9 9  > 100 2.68E-17 

CCKR signaling map 159 8 12.62 4.32E-05 

T cell activation 79 6 19.05 1.37E-04 

Gonadotropin releasing 

hormone receptor pathway 227 8 8.84 5.99E-04 

Parkinson disease 106 6 14.2 7.33E-04 

B cell activation 65 5 19.29 1.09E-03 

Hedgehog signaling pathway 21 3 35.83 1.37E-02 
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Figure 38: Third subnetwork from Matisse with gene expression and methylation 

difference overlaid on an enriched subnetwork of protein-protein interaction network. 
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Table 5: Gene set enrichment analysis table showing pathways enriched for genes in third 

jointly active connected subnetwork. 

 

 

Correlating gene expression and DNA methylation in SjS 

Out of the 89 genes that were differentially expressed and differentially methylated in SjS, 

5 genes had significant correlation between DNA methylation proportion and gene 

expression counts (Table 6). Klf9 (Kruppel-like factor 9) gene is a transcription factor that 

showed negative correlation (rho = -0.61, p value = 0.03) with significantly higher DNA 

methylation and significantly lower gene expression in Sjogren’s syndrome versus B6 

control. CpG Island tested by ParaDIME overlaps high DNase I hypersensitivity signal 

suggesting location of this region in transcriptionally active region of the genome (Figure 

39). Similarly, Nfkbid gene showed significant negative correlation between promoter 

DNA methylation and gene expression while the tested region overlaps high DNase 

Pathways Mus musculus Subnetwork-3 Fold Enrichment P-value 
Integrin signaling  176 23 38.89 5.23E-28 
T cell activation 79 13 48.97 2.18E-16 
Inflammation mediated by  
chemokine and cytokine signaling  245 9 10.93 2.33E-05 
B cell activation 65 4 18.31 1.14E-02 
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hypersensitivity signal (Figure 40). Conversely, Coll11a2 genes showed significant 

positive correlation between promoter DNA methylation and gene expression (Figure 41). 

Also, Fgf12 gene showed significant positive correlation between CpG Island DNA 

methylation and gene expression (Figure 42). 

Gene Symbol Rho Pvalue 

Klf9 -0.60839 0.039926 

Nfkbid -0.66809 0.020194 

Fgf12 0.609096 0.039926 

Col11a2 0.671329 0.020194 

Podnl1 -0.81119 0.002178 

 

Table 6: Five genes with significant spearman rank order correlation for average DNA 

methylation percent and normalized gene expression counts.  
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Figure 39: A) Correlation plot of DNA methylation percent and Normalized gene 

expression count for Klf9 gene. B) Genome browser track showing 5’ region of Klf9 gene 

along with DNase signal track and differentially methylated CpG island track.   
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Figure 40: A) Correlation plot of DNA methylation percent and Normalized gene 

expression count for Nfkbid gene. B) Genome browser track showing 5’ region of Nfkbid 

gene along with DNase signal track and differentially methylated promoter track.   
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Figure 41: A) Correlation plot of DNA methylation percent and Normalized gene 

expression count for Col11a2 gene. B) Genome browser track showing 5’ region of 

Col11a2 gene along with DNase signal track and differentially methylated promoter track.   
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Figure 42: A) Correlation plot of DNA methylation percent and Normalized gene 

expression count for Fgf12 gene. B) Genome browser track showing 5’ region of Fgf12 

gene along with DNase signal track and differentially methylated CpG Island track.   
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IV. DISCUSSION 

DNA methylation is a crucial subcellular process in disease pathogenesis. However, 

current methods face statistical and computational shortcomings. In this report, we present 

a novel method to overcome these shortcomings while accurately determining differential 

DNA methylation and its relationship to gene expression. 

One of the most conserved and perhaps most well understood epigenetic mechanism is 

the transfer of a methyl group to the fifth position of a cytosine residue. Global patterns of 

DNA methylation vary significantly during the lifetime of an organism. During 

developmental stages in mammals, vast numbers of CpGs in these genomes are methylated, 

however, in the case of housekeeping genes or developmentally regulated genes, CpG 

islands found at promoters regions of these genes are constitutively hypomethylated.  Also, 

during pluripotent stages, de novo methylation is responsible to silencing transcriptional 

mechanisms associated with pluripotency as the cells resolve their specific lineages. (Smith 

and Meissner, 2013). 

Due to the critical role of DNA methylation in maintenance of life, its role has been 

studied extensively in several diseases. Especially, role of DNA methylation has been 

studied in cancers, imprinting disorders such as Beckwith–Wiedemann syndrome (Lee, et 

al., 1999), Prader–Willi syndrome (Sutcliffe, et al., 1994), Angelman syndrome (Lossie, et 

al., 2001) and transient neonatal diabetes mellitus (Temple and Shield, 2002), along with 

other disorders such as, Systemic lupus erythematosus (Lu, et al., 2002). These studies and 

many more have been possible due to recent advances in hybridization based technologies 



96 

 

 

 

and next generation sequencing technologies making it possible to measure DNA 

methylation on a genome scale. Whole genome bisulfite sequencing (WGBS) is the most 

comprehensive of all existing methods to measure DNA methylation. However, its major 

limitations are high cost and difficulties in the data analysis. It is worth noting that only a 

fraction of the genome is differentially methylated, therefore, measuring only mC rich 

regions of the genome not only increases sequencing coverage but also is also less 

expensive. This led to widespread use of RRBS as a preferred method to study genome-

wide DNA methylation landscapes in disease conditions. In spite of all the advances in 

technologies to measure DNA methylation, analyzing large volumes of these data is an 

outstanding problem. Majority of the statistical methods proposed for differential DNA 

methylation analysis were developed for hybridization-based methods (Chen, et al., 2012; 

Sun and Wang, 2012; Wang, 2011). In order to appropriately analyze next generation 

sequencing data in the context of DNA methylation measurement, it is important to 

confront four major challenges. Firstly, due to the nature of NGS technology, any statistic 

used must be able to handle read count data wherein multiple counts for methylated and 

unmethylated alleles are present for each individual. Secondly, the proposed test must take 

into account difference in sequencing coverage between samples which when ignored 

might lead to spurious results. Thirdly, any test for mean of methylation proportion is 

affected due to its distribution; proper statistical consideration must be given to any 

assumptions regarding the distribution of β. Finally, due to large volumes of data generated 

by NGS experiments, any methods must be computationally efficient along with providing 
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user-friendly interface for the researchers. In order to overcome these statistical and 

computation challenges, we propose ParaDIME, a web application for differential DNA 

methylation analysis. ParaDIME uses Rao-Scott chi-squared statistic to test for differential 

DNA methylation in CpG sites or regions. Rao-Scott test is a design adjusted Pearson’s 

chi-squared test which has been previously described in the context of RRBS data to 

present P-value distribution skewed  toward smaller P-values relative to a uniform 

distribution as opposed to widely used parametric student’s t-test which showed a skew 

toward moderate P-values. This, suggests that Rao-Scott test is a more appropriate test for 

binomial count data created by bisulfite sequencing experiments (Xu, et al., 2013). We 

developed ParaDIME to use Rao-Scott test statistic in order to test for differentially 

methylated CpG sites and regions. 

We compared the accuracy of ParaDIME with widely used R libraries Methylkit and 

MethylSig to detect DMRs from simulated RRBS data.  A wide-ranging sequencing 

coverage and rapidly changing methylation levels are main sources of variation affecting 

the accuracy of any DMR detection method, therefore an appropriate simulation and 

modeling approach has to be used to simulated RRBS data (Lacey, et al., 2013). In order 

to investigate the effect of DMR length on accuracy data sets we simulated two different 

DMR lengths of 100bp and 200 bp. Additionally, to study how the proportion of 

differentially methylated CpG sites within a DMR would affect the accuracy of these 

methods, proportion of DM CpGs were fixed at 0.25, 0.5 and 1. Most importantly, to 

determine which method retains accuracy even at low differences in percent methylation 
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per CpG, methylation difference between each DM CpG site was set at 10%, 30% and 50% 

(Figure 11). ParaDIME showed higher accuracy at DMR length of 100 bp and lower per 

CpG methylation difference. ParaDIME maintained high accuracy even when proportion 

of DM CpGs was low. It is also worth noting that as the DMR length doubles to 200 bp, 

ParaDIME preserves higher accuracy, especially when only a quarter or half of the CpG 

sites in the region are DM, suggesting that ParaDIME is accurately able to detect relatively 

smaller DMRs with low percent methylation differences. We attribute this to testing 

average of Rao-Scott test statistic over the tested regions, unlike existing methods that 

average methylation values of the regions. Our method is similar to one used to calculated 

enrichment score (ES) in Gene Set Enrichment Analysis algorithm where ES is the running 

sum of genes encountered in a biological pathway (Subramanian, et al., 2005). ParaDIME 

used average of Rao-Scott value of the regions instead of running sum in order to account 

for potential difference in number of CpG sites recorded while sequencing for cases and 

controls. 

We determined false positive rate in order to compare the ability of these methods to 

call differentially methylated regions incorrectly. Both ParaDIME and MethylSig showed 

very low false positive rate for all simulated conditions (Figure 12). Methylkit showed very 

high false positive rate, which increased as the DMR length and proportion of DM CpG 

increased (Figure 12). This increase in false positive rate might explain low accuracy of 

Methylkit. Conversely, true positive rate was determined and compared for the three 

methods in order to investigate each method’s ability to call regions as DMRs when they 
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truly are differentially methylated (Figure 13). Ideally, true positive rate should be as close 

to 1 as possible, and this was the case for both ParaDIME and MethylSig. Methylkit 

showed significantly lower true positive rate and ParaDIME showed true positive rate close 

to 0.50 in only one dataset where DMR length was 100 with 25% of CpG were 

differentially methylated with very low per CpG methylation difference of 10%. 

Since we used parallel computing to resolve the bottleneck caused by permutation 

testing, we tested ParaDIME to handle various data loads while increasing the number of 

compute nodes. As we increase the number of nodes used for the analysis, the execution 

time decreases (Figure 15). This feature will allow future expansion of ParaDIME in order 

to accommodate massive volumes of RRBS data or whole genome bisulfite sequencing 

data. It is worth nothing that ParaDIME showed characteristic linear correlation under 

differing data loads with fixed number of nodes (Figure 16). These accuracy and 

performance results when taken together show that ParaDIME is not only accurate at very 

low level of methylation measurements but also is capable of accommodating ever-

increasing volumes of NGS data.   

We designed simulated RRBS data to resemble real RRBS data, however, 

computationally generated simulation lack the biological heterogeneity. Henceforth, to 

further test the ability of ParaDIME to detect biologically relevant DMRs, we used 

publically available chronic lymphocytic leukemia data with 11 CLL patient samples of 

purified B cells and 3 controls B cell samples. Using region wise analysis with CpG Islands 

and Promoter regions, ParaDIME detected 709 genes with either a differentially 
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methylated promoter or CpG Island in CLL. To further investigate the biological 

importance of these genes, panther pathway analysis was performed which showed 

significant enrichment in cancer related pathways (Table 2). ParaDIME discoveries were 

partly supported by the original study performed by Pei et al on the same CLL samples 

(Pei, et al., 2012) (Figure 19). ParaDIME was able to find 36 genes that were called 

differentially methylated by Pei et, al study. Out of these 36 genes, ParaDIME was able to 

detect NFATC1 and FOXA2 which were biologically validated using pyrosequencing in 

an additional dataset of CLL patients by Pei et al. NFATc1 is a member of the nuclear 

factor of activated T-cells (NFAT) family of transcription factors that regulates growth and 

survival genes (Pham, et al., 2005). Role of promoter DNA methylation in transcription 

regulation of NFATC1 genes was previously studied in peripheral blood CD19+ B-cells 

from 76 CLL patient (Christine Wolf, 2014). Interestingly, NFATC1 is highly expressed 

in CLL and its activation predicts clinical outcome in CLL (Le Roy, et al., 2012). Forkhead 

box transcription factor A2 (FOXA2) is a member of the forkhead box gene superfamily 

(Katoh and Katoh, 2004). It plays a critical role in embryonic development and tumor 

suppression (Jang, et al., 2015).Very interestingly, ParaDIME called FOXA2 gene as 

differentially methylated, with hypermethylation in CLL samples. Evidence has been 

mounting in favor of hypermethylation of tumor suppressor genes in almost all cancer types 

(Esteller, 2002). Apart from the common discoveries made by ParaDIME and Pei et al, it 

is critical to evaluate gene lists that were not common between the two studies. Since 

ParaDIME is able to detect even low differences in methylation, we expected to find overall 
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more differentially methylated genes as compared to student’s t- test based method used 

by Pei et al. Moreover, Pei et al used a fixed window based approach to test for 

differentially methylated regions whereas ParaDIME used strictly defined and annotated 

CpG islands and promoters as regions. Therefore, some degree of discrepancy between the 

studies is expected. ParaDIME showed its ability to detect disease relevant DMRs as it was 

able to detect additional DMRs that were significantly enriched in cancer related pathways 

(Figure 19). Wnt signaling and angiogenesis pathways are well known for their role in 

oncogenesis, however, ParaDIME found gene significantly enriched in Gonadotropin 

releasing hormone receptor (GnRHR) pathway, Tryptophan biosynthesis and Ionotropic 

and metabotropic glutamate receptor pathways. Surprisingly, GnRHR pathway genes that 

were missed by Pei et al study, a growingly body suggests GnRHR and GnRH are related 

to proliferation and migration in cancer cells (Aguilar-Rojas and Huerta-Reyes, 2009). 

Similarly, ParaDIME found genes, missed by Pei et al study, enriched in “ionotropic and 

metabotropic glutamate receptor” pathways. Glutamate and its receptors have also known 

to play role in oncogenesis via promotion of growth in a variety of cancer types including 

blood neoplasms and leukemias (Stepulak, et al., 2011; Stepulak, et al., 2014; Wu and 

Ding, 2014; Yu, et al., 2016). Results of simulations and CLL analysis together reveal the 

ability of the proposed method to detect disease relevant differentially methylated regions 

that can be used as a list of actionable regions for downstream analysis.  

The most critical function of DNA methylation is regulation of gene expression, 

therefore, it is important to use ParaDIME in an integrative analysis setting wherein both 
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DNA methylation and gene expression is studied. To accomplish this we performed an 

integrative study to investigate correlation of DNA methylation with gene expression in 

Sjögren’s syndrome. SjS is a chronic autoimmune disease which manifests by autoimmune 

destruction of salivary and lacrimal glands along with pulmonary or renal involvement in 

later stages of the disease (Jonsson, et al., 2007).  Multiple studies have investigated DNA 

methylation in Sjögren’s syndrome using hybridization array to measure DNA methylation 

(Altorok, et al., 2014; Miceli-Richard, et al., 2016). To date no study exists that uses next 

generation sequencing technology to study DNA methylation patterns and its correlation 

to gene expression in salivary gland of Sjögren’s syndrome animal models.  

Correlation of DNA methylation and gene expression has been performed for other 

diseases such as Chronic Obstructive Pulmonary Disease (Yoo, et al., 2015), chronic 

lymphocytic leukemia (Kulis, et al., 2012), ovarian cancer (Houshdaran, et al., 2010) and 

type 2 diabetes (Nilsson, et al., 2014). Since DNA methylation data does not follow normal 

distribution, therefore DNA methylation and gene expression correlation was calculated 

using a non-parametric method with Spearman correlation statistics (Bishara and Hittner, 

2012). Spearman rho correlation has been used to integrate genome-wide methylation and 

gene expression in lung adenocarcinoma (Selamat, et al., 2012), acute myeloid leukemia 

(Deneberg, et al., 2011) and breast cancer (Ronneberg, et al., 2011). Our integrative 

analysis of DNA methylation and gene expression in SjS mouse model resulted in final list 

of 5 genes that are under potential epigenetic control in SjS (Table 6). 
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First, the Krüppel-like transcription factor (KLF) family is known to play an important 

role in leukocyte development, growth, and activation (Cao, et al., 2010). Especially, KLFs 

are also important in secondary antibody responses mediated by B cells. Klf9 is 

significantly less expressed in memory B cell which are rapidly activated during secondary 

immune response (Good and Tangye, 2007). Conversely, overexpressing KLF9 negatively 

affected ability of B cells such that the behavior of transfected memory cells resembled 

that of naive B cells (Good and Tangye, 2007). This is consistent with our findings where 

expression of KLF9 is significantly reduced in Sjogren’s syndrome whereas the DNA 

methylation is higher for a CpG island in promoter region of the gene (Figure 39). In lieu 

of the fact that Memory B cells accumulate in target organs in SjS at such a high level that 

its level in peripheral blood decreases (Hansen, et al., 2002), therefore, the potential 

epigenetic silencing of KLF9 in salivary gland of Sjögren’s syndrome mouse model might 

be important avenue for further research.  

Second, NFKBID has been identified as a member of the IkB family of NF-kB 

inhibitors, which is induced upon TCR signaling (Touma, et al., 2011).  Previously it has 

been showed that T cells in NFKBID KO mice present with impaired cytokine production 

and growth (Touma, et al., 2007). Previous research found that NFKBID KO B cells lack 

proliferation, immunoglobulin production and plasma cell differentiation, development of 

marginal zone and germinal center B cells. (Touma, et al., 2011). Also, SjS target tissues 

shows formation of ectopic lymphoid tissue with germinal center (GC)-like structures 

(Hansen, et al., 2007). It is important to note that we find significantly higher expression 
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level of NFKBID in salivary gland of SjS mouse model (Figure 40). We observed 

significant correlation between promoter DNA methylation and gene expression in SjS, 

wherein NFKBID promoter region has significantly higher DNA methylation status and 

significantly lower gene expression in SjS mouse model as compared to B6 controls. Our 

methodology was able to find this potential epigenetic control of NFKBID gene in SjS. 

This epigenetic control of NFKBID might explain its higher expression as well formation 

of germinal center (GC)-like structures and higher risk of lymphomas in SjS patients 

(Hansen, et al., 2007).  

Third, COL11A2 gene encodes one of the two alpha chains of type XI collagen, a 

minor fibrillar collagen. This gene is around 28 kb in length with 66 exons (Vuoristo, et 

al., 1996). Causal mutation in COL11A2 have been found for non-syndromic and 

syndromic hearing loss (Chakchouk, et al., 2015). However, the role of COLL11a2 in 

autoimmunity is poorly understood. COL11A2 was present in the risk loci identified 

genome-wide association study performed on Han Chinese cohort in SjS (Li, et al., 2013) 

and Rheumatoid Arthritis (Orozco, et al., 2011). It is very interesting that consistent with 

our discovery, a very recent study on differential DNA methylation in twenty-six female 

Caucasian patients with primary SjS and 22 age- and ethnicity-matched controls using 

DNA microarrays confirmed hypermethylation of COL11A2 in these patients (Miceli-

Richard, et al., 2016).  Our data suggest hypermethylation of COL11A2 promoter 

significantly correlated with increase expression of the gene in SjS mouse model (Figure 

41). 
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Finally, Fgf12 is one of the four fibroblast growth factor homologous factors which 

are a distinct subset of the fibroblast growth factor (FGF) family. Comprehensive 

biochemical studies of Fgf12 have revealed its specific interaction with some voltage gated 

sodium channels in brain (Wang, et al., 2011; Wildburger, et al., 2015). Our data suggest 

the presence of a differentially methylated CpG Island in promoter region of two transcript 

variants of Fgf12, which significantly positively correlates with gene expression (Figure 

42). One of the mechanisms for loss of glandular function in salivary gland of SjS patients 

is the blockage of Muscarinic Acetylcholine receptor (M3R) by anti-M3R antibodies 

(Tsuboi, et al., 2013). Binding of acetylcholine activates M3R on salivary gland cells, 

increasing Ca2+ via inositol 1, 4, 5-trisphosphate (IP3) and IP3 receptors which activates 

apical membrane Cl– channels and leads to salivary secretion (Dawson, et al., 2005). 

According to the classical two-stage model of saliva formation (Thaysen, et al., 1954), the 

acinar cells produce primary saliva with ionic composition of plasma. However, as this 

primary saliva passes through the duct system it is modified by reabsorption of sodium and 

chloride (without water permeability) leading to final saliva in the oral cavity to be 

hypotonic with sodium and chloride concentrations lower than primary saliva. However, 

the composition of final saliva of SjS patients showed sodium and chloride concentrations 

significantly higher than healthy controls (Pedersen, et al., 2005). In view of the fact that 

FGF12 modulates voltage gated sodium channels and it is highly expressed (under 

epigenetic control) in salivary glands of our SjS mouse models, opens a new avenue of 

research to study the role of FGF12 in glandular hypofunction in SjS.   
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Even though the method proposed for testing differential DNA methylation works 

well for read count based data, this method cannot account for batch effect or other 

covariates such as gender and age. Batch effects that may enter a sequencing based 

genome-wide study due to coverage will be accounted for by the proposed methodology. 

However, additional random effects may not be properly accounted in this method. Method 

can be improved in future to account for such covariates and batch effects. Another 

limitation of the proposed test in terms of DMR detection is ignoring spatial correlation of 

DNA methylation status of CpG sites. The overall objective of this study was to develop, 

validate and employ a platform with an appropriate statistical framework for genome-wide 

differential DNA methylation analyses. Although using integrative analysis, important 

genes with previously studied role in SjS and auto-immunity along with new candidates 

were discovered, it is critical that further molecular biology and biochemistry based 

methodology be used in order to confirm these findings in Sjogren’s syndrome. It is 

important to note that this methodology can be used to find genes under epigenetic control 

in other diseases as well, especially cancer, which shows widespread genomic instability, 

unlike SjS. 
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V. SUMMARY 

 For complex disorders such as autoimmune disorders, we have underwhelming 

understanding of their etiology. Recent genetic studies on several autoimmune disorders 

revealed limited genetic component that contributes to these diseases suggesting role of 

genetic and environmental interactions. DNA methylation is one of the ways subcellular 

processes are influenced by its microenvironment.  DNA methylation regulates gene 

expression in response to acute and chronic stimuli. In order to demarcate the role of DNA 

methylation in a disease, it is critical to find biologically relevant difference in DNA 

methylation in disease states. Here we present a ParaDIME: a parallel web application that 

tests for differential DNA methylation in case versus control studies. ParaDIME uses an 

appropriate Rao-Scott chi squared test statistic along with permutation testing to locate 

differentially methylated CpG sites and regions in bisulfite sequencing data. ParaDIME 

offers user-friendly interface that requires no previous programming experience along with 

scalable architecture to accommodate large volumes of data. ParaDIME offers high 

accuracy even at low difference in percent methylation.   

Since genetics alone could not enrich our understanding autoimmune disorders, 

integrative analysis of transcriptomic and epigenomic data will provide better insight into 

etiology of these disorders. Our experimental design allowed us to integrate DNA 

methylation and gene expression data from salivary gland of SjS mouse model while 

allowing us to remove gene with potential confounding age or mouse model effect. Using 

ParaDIME for differential DNA methylation of promoters and CpG islands and differential 
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gene expression analysis, we discovered 89 differentially expressed and differentially 

methylated genes. To narrow down the list of actionable genes, we integrated these data 

using Spearman’s rank order correlation to find five genes with potential epigenetic control 

in SjS mouse model. Consistent with our discovery three out of the five genes i.e. KLF9, 

NFKBID and COL11A2 were already implicated in SjS patients or other autoimmune 

disorders. Although, Fgf12 gene has no previous evidence of association with autoimmune 

disorders, it showed promising area of research to study its role in glandular hypofunction 

in SjS via its modulation of voltage gated sodium channels that  play an important role in 

saliva production in salivary glands. We were unable to find any role of fifth gene i.e. 

PODNL1 in any autoimmune disorder. Our results in conjunction with previously 

published findings shows the valuable role ParaDIME can play in large-scale integrative 

analyses to pin point pathways and genes involved in SjS and other disease as well.    

In this report, we present a novel web application for differential DNA methylation 

analysis with highly accurate and scalable platform that will assist researchers in large-

scale bisulfite sequencing experiments. ParaDIME demonstrated its ability to detect 

disease specific DMRs in CLL and supported integrative analysis of genes under epigenetic 

control in Sjögren’s Syndrome. 
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APPENDIX A 

 

# Set Working Directory. Set path to folder with ERRBS input file  

setwd("D:/SjS_ERRBS_Data/") 

 

#Read Input file 

data = read.delim("InputFile.txt",sep="\t",header=T,stringsAsFactors=F) 

 

#Round chromosome start locations 

data$base <- as.numeric(floor(data$base)) 

 

#Calculate and round chromosome end locations 

data$base2 = as.numeric(floor(data$base + 2)) 

 

#Assign forward strand symbol 

data$strand[data$strand=="F"]<- "+" 

 

#Assign reverse strand symbol 

data$strand[data$strand=="R"]<- "-" 

 

#Calculate Percent Methylation 

data$PM <- (data$freqC/(data$freqC+data$freqT)) 

  

# Create output file name 

outfilename = paste("OutputFileName",".cg.bed",sep="") 

 

# Order columns of data table in proper order 

data2 <- data[,c("chr","base","base2","coverage","PM","strand")] 

  

# Output file to working directory 

write.table(data2,file = outfilename,col.names=F,row.names=F,quote=F,sep="\t") 


