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ABSTRACT 

 

Computational systems biology is an inter-disciplinary field that aims to develop 

computational approaches for a system-level understanding of biological systems. Advances in 

high-throughput biotechnology offer broad scope and high resolution in multiple disciplines. 

However, it is still a major challenge to extract biologically meaningful information from the 

overwhelming amount of data generated from biological systems. Effective computational 

approaches are of pressing need to reveal the functional components. Thus, in this dissertation 

work, we aim to develop computational approaches for differential analysis of RNA-seq and 

methylation data to detect aberrant events associated with cancers. 

We develop a novel Bayesian approach, BayesIso, to identify differentially expressed 

isoforms from RNA-seq data. BayesIso features a joint model of the variability of RNA-seq data 

and the differential state of isoforms. BayesIso can not only account for the variability of RNA-

seq data but also combines the differential states of isoforms as hidden variables for differential 

analysis. The differential states of isoforms are estimated jointly with other model parameters 

through a sampling process, providing an improved performance in detecting isoforms of less 

differentially expressed.  

We propose to develop a novel probabilistic approach, DM-BLD, in a Bayesian framework 

to identify differentially methylated genes. The DM-BLD approach features a hierarchical model, 

built upon Markov random field models, to capture both the local dependency of measured loci 

and the dependency of methylation change. A Gibbs sampling procedure is designed to estimate 

the posterior distribution of the methylation change of CpG sites. Then, the differential 

methylation score of a gene is calculated from the estimated methylation changes of the involved 

CpG sites and the significance of genes is assessed by permutation-based statistical tests.  



  

 

 

We have demonstrated the advantage of the proposed Bayesian approaches over 

conventional methods for differential analysis of RNA-seq data and methylation data. The joint 

estimation of the posterior distributions of the variables and model parameters using sampling 

procedure has demonstrated the advantage in detecting isoforms or methylated genes of less 

differential. The applications to breast cancer data shed light on understanding the molecular 

mechanisms underlying breast cancer recurrence, aiming to identify new molecular targets for 

breast cancer treatment. 
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GENERAL AUDIENCE ABSTRACT 

 

Computational systems biology is an inter-disciplinary field that aims to develop 

computational approaches for a system-level understanding of biological systems. Advances in 

high-throughput biotechnology offer broad scope and high resolution in multiple disciplines. 

With the accumulation of various kinds of omics data, differential analysis is a very powerful 

and widely used approach, particularly in cancer research, to identify biomarkers by comparing 

molecular datasets of different phenotypes. The identification of aberrant events from differential 

analysis of the omics data can help diagnosis and make prognostic decisions to prevent the 

development of disease. In this dissertation research, we develop two novel Bayesian approaches 

to detect differentially expressed transcripts and differentially methylated genes. Variables and 

model parameters are jointly estimated by MCMC sampling procedures. We demonstrate the 

advantage of the proposed methods by comprehensive simulation studies and real data studies 

with benchmarks. We apply the proposed method to breast cancer recurrence studies The 

identified differential genes shed light on understanding the molecular mechanisms underlying 

breast cancer recurrence, aiming to identify new molecular targets for breast cancer treatment. 
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1 Introduction 

1.1 Motivation and background 

As an inter-disciplinary field, systems biology [1-3] focuses on studying complex 

interactions in biological systems, aiming to address the pluralism of causes and effects in 

biological networks. Systems biology can be interpreted as the process to obtain quantitative 

measurements of various components of biological systems, and then, analyze and integrate the 

complex datasets for the identification of molecular modules, networks, and pathways. The 

development of biotechnologies offers unprecedented scope and resolution for systems biology 

research. Advanced high-throughput experiments provide large quantities of high-quality data 

from multiple study fields. However, due to the complexity of biological systems and the 

overwhelming amount of data, how to excavate biologically meaningful information from these 

multiple data sets is still a huge challenge. Data analysis and integration require more realistic 

and advanced mathematical and computational models, which fall under the remit of 

computational systems biology. Computational systems biology [4] aims to develop and use 

efficient algorithms, data structure, visualization, and communication tools for a system-level 

understanding of the underlying biological mechanisms. Effective and efficient computational 

and machine learning techniques are in high demand to reveal the function of the components of 

biological systems as well as their interactions. 

Biological systems are complex systems, in which a large number of functionally diverse 

sets of components interact selectively and nonlinearly to produce coherent behaviors [4]. 

Different types of data that are acquired from multiple studies can reveal different aspects of a 

biology system. In the field of molecular biology, studies mainly focus on three levels: DNA, 

RNA, and protein. There is an exponential increase in data from multiple disciplines, such as 

genomics, epigenomics, transcriptomics, interactomics, proteomics, etc., as shown in Figure 1.1. 

Genomics and epigenomics are on the DNA level. Genomics focuses on the complete set of 

DNA of an organism [5]. The three main components of genomic study are sequencing the entire 
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DNA, assembling the sequence to reconstruct the original genome, and generating biological 

information by analyzing the function and structure of the genome [6, 7]. DNA sequencing 

makes it possible to identify single-nucleotide polymorphism (SNP) [8, 9], copy number 

variations [10, 11], or other structure variations [12, 13] associated with diseases in a high-

throughput manner. Epigenomics [14] is the study of epigenetic modifications on the epigenome, 

such as DNA methylation [15] and histone modification [16], which plays an essential role in 

mRNA transcription (gene expression) and regulation and has been revealed to be associated 

with numerous cellular processes such as differentiation/development [17, 18] and tumorigenesis 

[19, 20]. Transcriptomics focuses on RNA molecules, where gene expression can be measured 

by microarray assays [21] or more advanced sequencing techniques [22]. Gene expression  

 

Figure 1.1 Multiple study fields for molecular biology study. 
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profiling can be used to explore how transcript patterns are affected by various developmental 

aspects of tissues, diseases, or environmental factors such as drugs, pollutants, etc. Proteomics 

[23] is the next step of genomics and transcriptomics, which studies the functionality and 

structure of proteins. It focuses on post-translational modification such as phosphorylation, 

ubiquitination, etc. Interactomics is a study of the interactions between molecules, where protein-

protein interaction (PPI) is currently the authoritative molecular discipline in the field. The PPI 

data provide the information of the cause/effect/binding relationship between proteins, which 

facilitates our understanding on how the proteins function and how they interact with others. PPI 

data for human can be downloaded from multiple databases [24, 25]. Comprehensive and 

integrative analysis of the various omics data can deepen our understanding of the underlying 

mechanisms of biological systems. 

With the accumulation of various kinds of omics data, differential analysis is a very 

powerful and widely used approach, particularly in cancer research, which identifies biomarkers 

by comparing molecular datasets of different phenotypes. Disease biomarkers identified from 

differential analysis comparing healthy subjects with diseased subjects or comparing different 

phenotypes of diseased subjects can be used to understand the pathogenic process. Thus, the 

identification of aberrant events from differential analysis of the omics data can help diagnosis 

and make prognostic decisions to prevent the development of disease. Among all these 

disciplines associated with computational systems biology, transcriptomics and epigenomics are 

two study fields of critical importance for biomarker identification. RNA transcriptions and 

DNA methylation play crucial roles in biological processes, and the abnormality of these two 

molecular processes may result in the disorder of a biological system. The anomalous expression 

of many transcripts has been demonstrated to be implicated in disease development; the 

abnormality of DNA methylation has been revealed to play an important role in regulating gene 

expression. Thus, the abnormality of DNA methylation can be involved in the molecular 

mechanism of disease development through inducing the anomaly of transcript expression. 

Figure 1.2 presents an illustration of DNA methylation, transcription, as well as their relation. 
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Figure 1.2 An illustration of the relation between DNA methylation and transcription. 

 

Understanding the transcriptome is essential for revealing how the functional elements of 

the genome affect cell development and cause disease. In the past decades, DNA microarray was 

a dominant technique to measure the relative abundance of gene expression. With the gene 

expression profiling, researchers focused on studying gene expression pattern changes associated 

with different phenotypes such as clinical disease subtypes. The development of next-generation 

sequencing (NGS) opens a new era of transcriptomics study. RNA sequencing (RNA-seq) is a 

revolutionary approach to transcriptome profiling using deep-sequencing technique [22]. An 

illustration of RNA-seq data is shown in Figure 1.2, where the existence and expression levels of 
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the transcripts can be estimated from millions of sequencing reads. Compared with DNA 

microarrays, RNA-seq provides the measurements in much larger dynamic range with much 

higher accuracy and much lower background noise. In addition to studying gene expression 

changes, RNA-seq, by virtue of its single-base resolution, makes it capable of investigating new 

biological problems, such as alternative splicing, differential isoforms, gene fusion, etc. While 

the high-throughput sequencing data offers wide coverage and high resolution, there are many 

nontrivial challenges for transcriptome analysis including the high variability of RNA-seq data 

produced between different runs as well as complicate biases introduced by library preparation 

protocols, sequencing platforms, nucleotide compositions and so on. 

DNA methylation [15], a molecular modification of DNA, is a stable, heritable, and also 

reversible process that plays a crucial role in epigenetic regulation of gene expression without 

altering DNA primary structure. As an epigenetic mark, DNA methylation is an important 

component in various biological processes [17], such as cell division, stem cell differentiation, 

etc. Besides its crucial function in normal cell development, DNA methylation has also been 

demonstrated to be associated with many diseases [26] including cancer [19, 20, 27]. Aberrant 

DNA methylation of specific genes may lead to aberrant activation of growth-promoting genes 

and aberrant silencing of tumor-suppressor genes [28]. It has been firmly established that 

hypermethylation of tumor suppressor genes is one of the most common mechanisms for gene 

regulation in cancer [29, 30]. The development of high-throughput technologies provides the 

opportunity to obtain genome-wide DNA methylation mapping with a very high resolution. 

Illumina’s methylation arrays are widely used for measuring the status of methylation sites due 

to they're high-quality, relatively low-cost techniques and require a small number of samples. 

The functional regions of most of the genes are covered by multiple probes, as shown in Figure 

1.2. The high coverage of the Illumina’s methylation array [31, 32] makes it a very powerful 

platform for exploring genome-wide DNA methylation landscape. Despite the advantage of 

high-throughput profiling, the high resolution poses challenges to computational analysis for 

differentially methylated gene detection from the huge amount of measured CpG (shorted for ‘-

C-phosphate-G-’) sites. The characteristic and variability of the methylation level of the 

measured CpG sites need to be well modeled for accurate differential analysis. 
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Differential analysis of transcript expression and DNA methylation can help reveal the 

underlying aberrant events of biological systems, especially in the field of cancer research. There 

is strong evidence suggesting that DNA methylation affects biological systems via altering gene 

expression [33]. Considering the complexity of high-throughput RNA-seq and methylation data, 

it is an important yet challenging problem to detect underlying genetic and epigenetic events and 

uncover their relationship. 

1.2 Objectives and problem statement 

In this dissertation research, we mainly focus on differential analysis of RNA-seq data and 

methylation data in the disciplines of transcriptomics and epigenomics. We propose two novel 

computational methods to model these high-throughput biological datasets for differential 

analysis, in order to uncover the underlying molecular mechanisms associated with cancer. 

Specifically, the major focuses of this dissertation work are: (1) to develop a novel joint model 

that accounts for the variability of RNA-seq data to identify differentially expressed 

genes/isoforms in a Bayesian framework; (2) to develop a hierarchical Bayesian model that 

exploits local dependency for the detection of differentially methylated gene from high-

throughput methylation data. 

1.2.1 Identification of differentially expressed isoforms from RNA-seq data 

Next generation sequencing technology has opened a new era for transcriptome analysis. 

The advent of rapid sequencing technologies along with reduced costs makes RNA-seq become 

the standard method for measuring RNA expression levels, particularly for cancer research. 

RNA-seq has clear advantages over traditional array-based techniques. As illustrated in Figure 

1.2, by piling up millions of sequencing reads along the reference genome, the expression level 

of RNAs can be obtained in a much larger dynamic range with much higher accuracy. Moreover, 

RNA-seq technology makes it possible to identify the expressed isoforms of the genes, to detect 

differentially expressed isoforms, etc.  
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One of the main goals in RNA-seq experiments is to detect differentially expressed 

transcripts by comparing replicates of different phenotypes. As a high-throughput technology 

with large dynamic range and high accuracy, RNA-seq technology facilitates the detection of 

differentially expressed transcripts between different phenotypes, yet posing nontrivial 

challenges due to the high variability of sequencing data. Several computational tools for 

differential analysis of RNA-seq data have been developed in the past few years, which fall into 

two categories: count-based approaches and isoform-level approaches. Count-based differential 

analysis methods are initially developed for gene-level differential analysis, in which the input is 

a count matrix where each element is the number of reads assigned to a gene in a sample. Initial 

count-based approaches model the observed read counts using Poisson distribution based on the 

uniform assumption of read distribution. However, it is observed that the biological variability 

across samples cannot be well approximated by Poisson distribution, i.e., the variance is much 

larger than the mean, termed over-dispersion. EdgeR [34] and DESeq [35] use negative binomial 

distribution instead of Poisson distribution to address the problem of over-dispersion among 

samples in a phenotype group. The dispersion parameters are estimated by borrowing 

information across genes. DSS [36] also uses a negative binomial model but exploits an 

empirical Bayes shrinkage estimate of the dispersion parameters. EBSeq [37] is an empirical 

Bayesian approach that models the variability of read counts of genes or isoform expression, 

aiming to improve overall fitting of expression data. Those count-based methods cannot be 

directly applied to the aligned sequencing data for isoform-level differential analysis because the 

number of reads on each isoform (or isoform expression level) cannot be directly counted from 

the aligned sequencing reads due to the uncertainty of read alignment. Cuffdiff 2 [38] is one of 

the most popular tools for isoform-level different analysis, in which BAM files (the binary 

version of sequence aligned data) are used as input. A beta negative binomial distribution is used 

to account for the variability and read-mapping ambiguity. Ballgown [39], which works together 

with Cufflinks [40], has improved the detection performance because of its flexible selection of 

several statistical models. 

These existing approaches have demonstrated their initial success in differential analysis of 

RNA-seq data. However, a systematic effort to address the variability in RNA-seq data is lacking. 

Count-based methods, with read counts of genes or estimated isoform expression levels as the 
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input, mainly focus on modeling the variability among biological samples in the same phenotype 

group [41], yet miss the variability of RNA-seq data along genomic loci. To account for the 

variability along genomic loci, Cuffdiff 2 incorporates a fragment bias model [42] for isoform 

expression estimation, where positional and sequence-specific biases are estimated. However, 

the parameters of the bias model are estimated in a global perspective, which is insufficient to 

account for the complex patterns observed from data. Moreover, in the existing methods, such as 

Cuffdiff 2 and Ballgown, a statistic test is used as a second step (after isoform expression 

estimation) to detect differentially expressed isoforms. Thus, a joint model that takes into 

account both the variability of RNA-seq data and differential states of isoforms is needed for 

differential isoform identification. 

In this dissertation, we propose to develop a novel Bayesian approach, namely BayesIso, to 

identify differentially expressed isoforms from RNA-seq data. The BayesIso approach features a 

novel joint model that accounts for both the variability of RNA-seq data and the differential 

states of isoforms. A Poisson-Lognormal regression model [43] is used to account for the 

variability of sequencing reads along the genomic loci of the transcripts, which is capable of 

estimating the over-dispersion pattern of each transcript, instead of dealing with multiples 

sources of technical biases and variation separately. A Gamma-Gamma model [44] is used to 

analyze the differential expression of isoforms while accounting for the variability of the 

replicates. A Markov Chain Monte Carlo (MCMC) procedure [45, 46], which is a combination 

of Metropolis-Hasting (M-H) sampling [47] and Gibbs sampling [48], is designed for a joint 

estimation of the model parameters and the differential states of isoforms.  

1.2.2 Detection of differential methylation genes from methylation data 

The advent of high-throughput DNA methylation profiling techniques allows for whole 

genome-wide epigenetic study with high resolution. As the most stable epigenetic mark, DNA 

methylation is widely regarded as a major mechanism for influencing patterns of gene expression, 

cell differentiation, and cell phenotype. DNA methylation pattern changes are pivotal marks 

contributing to the complexity of organisms’ cellular subtypes. In recent decades, there is strong 
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evidence that aberrant DNA methylation can give rise to various diseases including cancer [49] 

and can be used for clinical outcome prediction [50]. Given the essential roles of methylation, it 

is of increasing interest to detect biologically meaningful methylation pattern changes that may 

alter gene expression and eventually cause diseases. 

By virtue of the high-throughput biotechnologies, the methylation level of each gene is 

measured at multiple CpG sites across the genomic location of the gene, providing a more 

comprehensive measurement for a methylation event. However, the high resolution also poses 

challenges to computational analysis for the detection of differentially methylated genes from the 

huge number of measured CpG sites. Initial site-level differential analysis approaches by 

statistical tests lack statistical power due to the problem of multiple testing; moreover, the 

methylation change of an individual CpG site is of limited value without considering the 

methylation status of its neighbors. Thus, combining information from multiple neighboring 

CpG sites to detect differentially methylated regions (DMRs) is of prime interest, and several 

methods have been proposed. IMA [84] first generates an index of the methylation value of 

predefined regions (such as genes, promoter regions, etc.), and then uses statistical tests to 

identify differentially methylated regions. Bumphunter [86] first estimates the association 

between the methylation level and the phenotypes for each site and then identifies DMRs after a 

smoothing operation in a de novo manner without relying on the predefined regions. DMRcate 

[87] is another de novo approach, which first calculates a statistic from differential test for each 

site, and then detects DMRs incorporating the neighboring information via a Gaussian kernel. 

Comb-P [88] combines the spatially assigned p-values of each site calculated from statistical test 

to find regions of enrichment. Probe Lasso [89] is a window-based approach that detects DMRs 

using neighboring significant-signals. These region-based methods have demonstrated their 

advantage in detecting methylation pattern changes. However, most of the existing DMR 

detection methods are based on statistic tests, and the neighboring information is not jointly 

considered when estimating the methylation change of CpG sites. 

 In this dissertation, we propose a novel probabilistic approach, DM-BLD, to detect 

differentially methylated genes based on a Bayesian framework. The DM-BLD approach 

features a joint model to capture both the local dependency of measured loci and the dependency 
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of methylation changes in samples. Specifically, the local dependency is modeled by a Gaussian 

Markov random field (GMRF), i.e., Leroux conditional autoregressive structure; the dependency 

of methylation changes is modeled by a discrete Markov random field (MRF). A hierarchical 

Bayesian model is developed to fully take into account the local dependency for differential 

analysis, in which differential states are embedded as hidden variables. The differential 

methylation scores of the genes are calculated from the estimated methylation changes of the 

involved CpG sites. Permutation-based statistical tests are designed to assess the significance of 

the detected differentially methylated genes. 

1.3 Summary of contributions 

In this dissertation study, we focus on developing novel computational approaches for 

differential analysis of RNA-seq data and methylation data via investigating and modeling the 

characteristics of the data of interest. We summarize the major contributions as follows: 

(1) We develop a novel Bayesian approach (BayesIso) for differential analysis of RNA-seq 

data at isoform-level by joint modeling the variability of RNA-seq data with the differential state 

of isoforms as hidden variables. BayesIso uses a Poisson-lognormal model to model the 

variability of sequencing data along the genomic locus of each transcript. A unique feature is that 

the variability is modeled at the isoform level; the dispersion of read count on each exon is 

modeled using a parameter specific to each isoform. A Gamma-Gamma model is used to model 

the expression level of transcripts of the replicates of different phenotypes, which is capable of 

capturing the variability across replicates. Moreover, differential states of the transcripts are 

embedded into the Gamma-Gamma model as hidden variables, affecting the distribution of 

transcript expressions in each group or condition. An MCMC sampling procedure is used to 

jointly estimate the posterior probability of differential state with other model parameters 

capturing expression variability. BayesIso aims to improve the performance of differentially 

expressed isoforms detection, particularly on isoforms with moderate expression change, so as to 

obtain a complete understanding of the difference between different phenotypes, such as 

different stages of tumor samples.  
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 (2) We develop a hierarchical Bayesian approach (DM-BLD) for differential methylation 

detection using a hierarchical Bayesian model exploiting the local dependency of CpG sites 

measured in methylation data. DM-BLD uses MRF models to account for the local dependency 

of methylation levels of the CpG sites and the dependency of methylation changes of nearby 

CpG sites. To be specific, the Leroux conditional autoregressive structure (a Gaussian MRF) is 

used to model the local dependency of the CpG sites; a discrete MRF is used to account for the 

dependency of methylation changes. The Leroux model is capable of accounting for different 

levels of local dependency. A hierarchical Bayesian model is built upon the two MRF models, 

and a Gibbs sampling procedure is developed to estimate all of the variables and model 

parameters jointly. With the estimates of the methylation levels of CpG sites in two phenotypes, 

the differential methylation scores of the genes are calculated from the estimated methylation 

changes of CpG sites, and permutation-based statistical tests are performed to assess the 

significance of the identified genes. DM-BLD is proposed to identify differentially methylated 

gene that involves a sequence of CpG sites with methylation change, particularly when the 

methylation change of the CpG sites is moderate or the variability of methylation in samples is 

high. 

1.4 Organization of the dissertation 

The major objective of this dissertation work is to develop computational methods for 

differential analysis of RNA-seq data and methylation data to understand aberrant transcript 

expression and methylation change associated with cancer development. The remainder of the 

dissertation is organized as follows. 

In Chapter 2, BayesIso is proposed to detect differentially expressed isoforms from RNA-

seq data. First, we conduct a comprehensive analysis of the variability of read count data using 

multiple real RNA-seq datasets and dissect the variability into two dimensions: within-sample 

variability and between sample variability. Then, we introduce the details of the unified Bayesian 

model BayesIso. To systematically assess the performance of BayesIso, we simulate multiple 

RNA-seq datasets with different scenarios and compare the performance of BayesIso to several 
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existing methods. We also apply BayesIso and the competing methods onto real RNA-seq 

datasets with benchmarks. Simulation studies and real data studies with benchmarks demonstrate 

that BayesIso outperforms the other competing methods, especially on detecting isoforms that 

are moderately differentially expressed. Finally, we apply the BayesIso approach to breast cancer 

RNA-seq data to identify isoforms associated with breast cancer recurrence.  

In Chapter 3, we describe our DM-BLD approach for the detection of differentially 

methylated genes. Based on the observation of the intrinsic local dependency among methylation 

sites from real methylation data sets, we propose the hierarchical Bayesian model of DM-BLD 

and describe the Gibbs sampling procedure for model parameter estimation. As a next step of 

estimating the methylation change of CpG sites, we introduce the calculation of differential 

methylation score of the genes as well as the significant tests used to assess the significance of 

the genes. To demonstrate the advantage of DM-BLD over the existing methods, we apply all of 

the competing methods to multiple simulation data sets and a breast cancer data set for 

performance comparison. Finally, we use our approach to identify a set of functional 

differentially methylated genes that are also differentially expressed, which may help reveal the 

underlying mechanism of breast cancer recurrence.  

In Chapter 4, we summarize the contributions of this dissertation work, lay out future tasks 

for further analysis and integration of RNA-seq data and methylation data, and finally draw 

conclusions of this dissertation research. 
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2 A novel Bayesian model for differential analysis of RNA-seq data 

2.1 Introduction 

With the advent of next-generation sequencing technologies, RNA sequencing (RNA-seq) 

has become a major molecular profiling technique in the field of cancer research for 

transcriptome analysis [22, 51, 52]. The procedure of a typical RNA-seq experiment is as follows. 

First, a population of RNA is converted to a library of complementary DNA (cDNA) fragments. 

Then, the fragments are sequenced in a high-throughput manner to obtain short sequencing reads. 

Finally, the reads are either aligned to a reference genome or assembled de novo without the 

genome information to construct a whole-genome transcription map. The transcriptional 

structure and expression level of the transcripts can be derived from the transcription map. 

Compared to conventional hybridization-based microarray and Sanger sequencing-based 

methods, RNA-seq provides a more comprehensive understanding of transcriptomes. It allows 

for quantification of the transcripts in a much larger dynamic range with much higher accuracy. 

As the cost of sequencing techniques becomes lower, more tumor samples will likely be profiled 

by RNA-seq than with other current technologies. 

In recent RNA-seq profiling studies, the detection of differentially expressed transcripts (or 

isoforms) between different types of cancers (or sub-types of cancer) has become a major task in 

the field of cancer research [38, 53, 54]. While RNA-seq has the advantage of wide coverage and 

high resolution, there are many nontrivial challenges for transcriptome analysis including the 

variability of RNA-seq data and the uncertainty of read assignment. Variability in RNA-seq data 

can arise from transcript length bias, library size bias (the total number of sequencing reads in 

each sample), sequencing biases (GC-content bias, random hexamer priming bias) and other 

sources [40, 55-57]. We have investigated the variability of real RNA-seq datasets, and dissected 

the variability along two dimensions: variability along the genomic region of a gene in a sample, 

termed within-sample variability, and variability across samples from the same biological group, 

termed between-sample variability. Our investigation into the variability reveals that bias 
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patterns exist but cannot yet be fully explained by known sources; moreover, different 

genes/transcripts may exhibit different and complex bias patterns [58]. As many genes have 

multiple transcripts (isoforms), many of which share exons, some reads cannot be assigned 

unequivocally to a specific isoform. Thus, the uncertainty of read mapping to each transcript is 

an inherent problem for RNA-seq data analysis. 

Current efforts on differential analysis of RNA-seq data can be divided into two categories: 

count-based differential analysis methods and isoform-level differential analysis methods. 

Count-based approaches are initially developed for differential analysis of RNA-seq data at the 

gene level, in which the input is a count matrix where each element is the number of reads 

assigned to a gene in a sample. Count-based methods mainly focus on modeling the variability 

among biological samples in the same phenotype group: the between-sample variability [41]. 

Initial count-based approaches model the observed reads using Poisson distribution based on the 

uniform assumption of read distribution. However, it is observed that the biological variability 

across samples cannot be well approximated by Poisson distribution. EdgeR [34] is the first 

method that models the between-sample variability by replacing Poisson model with negative 

binomial model, which can account for over-dispersion among samples in a phenotype group. 

DESeq [35] also uses negative binomial distribution and models the variance as a non-linear 

function of the mean/medium counts. DSS [36] presents an empirical Bayes shrinkage estimate 

of the dispersion parameters in the negative binomial model. EBSeq [37] is developed for the 

detection of differentially expressed genes/isoforms with read counts of genes or estimates of 

isoform expression as the input. It is an empirical Bayes approach that models the variability of 

the read counts of genes or the estimated isoform expression levels, aiming to improve overall 

fitting of count data. Those count-based methods cannot be directly applied to the aligned 

sequencing data for isoform-level differential analysis because the number of reads on each 

isoform (or isoform expression level) cannot be directly counted from the aligned sequence due 

to the uncertainty of read alignment. Cuffdiff 2 [38] is one of the most popular tools for 

differential analysis of RNA-seq data at isoform (or transcript) level. BAM files (the binary 

version of sequence aligned data) are used as input and a beta negative binomial distribution 

accounts for the between-sample variability and read-mapping ambiguity. Cuffdiff 2 is a two-

step approach, which first estimates isoform expression and then detects differentially expressed 
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isoforms with a statistical test. Cuffdiff 2 is an overly conservative method for detecting 

differentially expressed isoforms since it misses many differential isoforms [39]. Ballgown, a 

newly developed method that works together with Cufflinks [40], has improved the detection 

performance because of its flexible selection of several statistical models [39]. 

The above-mentioned approaches have demonstrated their initial success in differential 

analysis of RNA-seq data. However, a systematic effort to address the variability in RNA-seq 

data is lacking. Specifically, the within-sample variability of RNA-seq data, the variability along 

genomic loci, is not well modeled for the identification of differentially expressed 

genes/isoforms. In the count-based methods for the identification of differentially expressed 

genes, the overall read count of a gene is used to assess its expression level, without considering 

large variance of read counts among genomic loci, i.e. within-sample variability. The within-

sample variability is more critical for differential analysis of RNA-seq data at isoform level. The 

expression of a gene consists of the expressions of multiple isoforms, increasing the complexity 

of bias at different genomic locations along the gene. To deal with the within-sample variability, 

Cuffdiff 2 incorporates a fragment bias model [42] for isoform expression estimation, where 

positional and sequence-specific biases are estimated. However, the parameters of the bias model 

are estimated in a global perspective, assuming that the positional bias of transcripts of lengths 

within a range is the same. This assumption, however, is insufficient to account for the complex 

patterns of within-sample variability observed from data. Moreover, Cuffdiff 2 uses a statistic 

test as its second step (after isoform expression estimation) to detect differentially expressed 

isoforms. Many differentially expressed isoforms may not reach statistical significance due to the 

huge amount of transcripts in consideration. Therefore, a joint model that takes into account both 

the variability of RNA-seq data and the differential states of isoforms is needed for differential 

isoform identification. 

In this study, we develop a novel Bayesian approach, namely BayesIso, for differential 

analysis of RNA-seq data at the isoform level. The BayesIso approach is built upon a novel joint 

model that accounts for both the variability of RNA-seq data and the differential states of 

isoforms. Specifically, a Poisson-Lognormal regression model [43] is used to account for the 

within-sample variability. Instead of dealing with multiples sources of technical biases and 
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variation separately, the proposed method can estimate the over-dispersion pattern of each 

transcript. A Gamma-Gamma model [44] is used to analyze the differential expression of 

isoforms while accounting for the between-sample variability. Importantly, for genes with 

multiple isoforms, the within-sample variability is modeled at the isoform level; the dispersion of 

read count on each exon is modeled using a parameter specific to each isoform. A Markov Chain 

Monte Carlo (MCMC) procedure [45, 46] is designed for a joint estimation of the model 

parameters and the differential states of isoforms. Simulation studies and real data studies with 

benchmarks demonstrate that the BayesIso approach has significantly improved the performance 

in identifying differentially expressed isoforms, especially on isoforms that are moderately 

differentially expressed. We have applied the BayesIso approach to breast cancer RNA-seq data 

to identify isoforms associated with breast cancer recurrence. The identified differentially 

expressed isoforms are enriched in cell death, cell survival, and signaling pathways (such as 

PI3K/AKT/mTOR signaling and PTEN signaling pathways), shedding light on the underlying 

mechanisms of isoforms in driving breast cancer recurrence. 

2.2 Methods 

2.2.1 Variability observed from real RNA-seq datasets 

The variability of RNA-seq count data has been announced from various sources. To 

forward our understanding of the complexity of the variance of RNA-seq data, we looked into 

several real RNA-seq datasets. Figure 2.1 presents the complex variability observed from three 

data sets: basal breast cancer samples from The Cancer Genome Atlas (TCGA) project [59], 

human B cell datasets from Cheung et al. [60], and a mouse dataset [61]. We dissected the 

variance in sequencing counts along two dimensions: within-sample variation and between-

sample variation. Within-sample variation typically leads to large variance of read counts among 

genomic loci (e.g., nucleotides or exons) which have similar expression level in the same sample. 

It is typically caused by technical artifacts such as uncorrected systematic bias and gene-specific 
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random effects. On the other hand, between-sample variation is mostly due to biological 

differences among samples under the same condition. 

The variability of RNA-seq data is assessed in Figure 2.1, where Figure 2.1(a) presents 

between-sample variability, and Figure 2.1(b) and (c) present within-sample variability from 

different perspectives. To avoid the ambiguity caused by the uncertainty of read assignment, 

genes with only one isoform are investigated. Figure 2.1(a) shows the scatter plots of the mean 

versus the variance of the number of reads that are mapped to the same gene across multiple 

samples under the same biological condition. The slopes of the least-squares (LS) fit lines for all 

scatter plots are apparently larger than those for Poisson model, which implies severe between-

sample over-dispersion in all three RNA-seq datasets. Figure 2.1(b) shows the scatter plots of 

counts that fall in 100nt bins along the same gene within the same sample. One TCGA breast 

cancer sample and one MCF7 breast cancer cell line sample [62] are used as examples. Figure 

2.1(b) indicates strong within-sample over-dispersion of read counts in both RNA-Seq samples. 

Figure 2.1(c), which presents the within-sample variance from another perspective, shows the 

variation of sequencing bias within one sample. Despite the overall tendency where read 

coverage is biased towards the 3'-end of transcript, subgroups of genes exhibit diverse patterns: a 

bias towards the 5'-end, or having depleted coverage on both ends. Figure 2.1(c) indicates that 

sequencing bias should be caused by multiple complex factors besides the location in transcript. 

In Figure 2.1(d), we further show an example of the read coverage for gene S100A9 (exon 2) 

across four samples from TCGA basal breast cancer dataset. The base level coverage has two 

distinct patterns, indicating the large variation of unknown read bias in the same biological group. 

Moreover, the ambiguity in the coverage patterns cannot be explained by deterministic 

systematic bias. 
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Figure 2.1 Between-sample variation and within-sample variation in RNA-seq data. (a) Between-

sample over-dispersion observed from three real RNA-seq datasets. Scatter plots are in log 2 scale. (b) 

Scatter plots of the variance and mean of read counts in 100nt bins from an MCF7 breast cancer sample 

and a TCGA breast cancer tumor sample. (c) Bias patterns of genes in the same sample: purple solid line 

shows the overall bias pattern towards the right-tailed (biased towards the 3'-end of transcript); however, 

subgroups of genes have diverse bias patterns, either biased expression towards the 5'-end, or depleted 

expression in both ends shown by the green dotted line and red dotted line, respectively. (d) The coverage 

of an example region in four samples in the same biological group.  
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2.2.2 Framework of the BayesIso approach 

An overview of the BayesIso approach for the identification of differentially expressed 

isoforms from RNA-seq data is shown in Figure 2.2. In our proposed joint model, a Poisson-

Lognormal model can account for the within-sample variability. As noted before, different loci 

may have different bias patterns, which cannot be well explained by known sources. The 

Poisson-Lognormal model is capable of modeling different bias patterns along genomic loci at 

the isoform level. A Gamma-Gamma model is then used to model both the isoform abundance of 

multiple samples and the differential isoform abundance between two phenotypes. Specifically, 

the differential states of isoforms are introduced in the Gamma-Gamma model as hidden 

variables that control the differential isoform abundance of the samples between two phenotypes.  

The joint model, in which the Poisson-Lognormal model and the Gamma-Gamma model work 

together, can account for the between-sample variability in addition to the within-sample 

variability.  

Based on the joint model, a Bayesian approach is used to estimate the posterior probability 

of the differential state of isoforms (the hidden variable). Since the joint model is defined by a set 

of parameters, a Markov Chain Monte Carlo (MCMC) sampling algorithm is used to estimate the 

parameters and the posterior probability of hidden variable. The MCMC sampling process 

consists of Gibbs sampling [48] and Metropolis-Hasting (M-H) sampling [47], generating 

samples from the conditional distributions. By virtue of the sampling process, the (marginal) 

posterior distributions of the parameters and the hidden variable can be estimated (or 

approximated) by the samples drawn from the MCMC sampling procedure.  
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Figure 2.2 Framework of BayesIso. 
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2.2.3 Bayesian model for differential analysis of RNA-seq data 

Let , , ,t g i jy  represent the read counts that fall into the i
th

  1 gi I   exon region of isoform 

 1t t T   of gene g  1 g G   in sample j  1 j J  . T is the number of isoforms of gene g 

given by the annotation information. gI  is the number of exons in gene g. G is the total number 

of genes.  is the total number of samples, where and denote the number of 

samples in phenotype 1 and 2, respectively. Let  represent the observed counts in the i
th

 

exon region of gene g. For genes with only one isoform, i.e., 1t T  , there is no uncertainty in 

read assignment caused by multiple isoforms, and thus, 

, , , , ,g i j t g i jy y ; 

for genes with multiple isoforms,  is the combination of all potential isoforms, as defined by 

 , , , , , , ,g i j t g i t g i j

t

y s y , 

where , ,t g is  is a binary value indicating whether exon i is included in isoform t of gene g. For 

each isoform, we use a Poisson-Lognormal regression model to account for the within-sample 

variability of RNA-seq data. Specifically, , , ,t g i jy  follows a Poisson distribution with mean , , ,t g i j :  

, , , , , ,~ ( )t g i j t g i jy Poiss  .                                                       (2-1) 

According to the Poisson-Lognormal model [43],  

 , , , , , , j , ,expt g i j g i t g g t ix U  ,                                              (2-2) 

 , , , ,~ 0, , s.t. 0g t i g t i

i

U N U  ,                                          (2-3) 

 ~ ,Gamma a b ,                                                       (2-4) 

1 2J J J  1J 2J

, ,g i jy

, ,g i jy
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where , , jt g  is the true expression level of isoform t of gene g in sample j. ,g ix  is the length of the 

i
th

 exon weighted by the library size of sample j. , ,g t iU  is a model parameter representing the 

within-sample variability (or dispersion) for exon i of isoform t of gene g. Thus, the dispersion of 

different loci, exons of the isoforms, is modeled by different parameters. Precision parameter  , 

which further follows a Gamma distribution with fixed hyperparameters a and b, controls the 

overall degree of within-sample variability.  

Instead of being constant across samples in the same phenotype, the expression level , ,t g j  

carries between-sample variation. We adopt the Gamma-Gamma model [63] to model , ,t g j  

across samples collected from two phenotypes. The differential state, as a hidden variable in this 

Bayesian model, affects the distribution of , ,t g j  among samples in each of the two phenotypes. 

,t gd , a binary value, indicates the differential state of isoform t of gene g, where , 1t gd   means 

isoform t of gene g is differentially expressed; , 0t gd  , otherwise. Note that the between-sample 

variability is captured by the Gamma distribution. From the Gamma-Gamma model, the isoform 

expression level , , jt g  is given by: 

if , 0t gd  , 

 , , ,~ ,t g j t gGamma   ,                                                  (2-5) 

 , 0~ ,t g Gamma v  ;                                                             (2-6) 

if , 1t gd   

     
1 2

1 2

, , j , , , j ,~ , ,  ~ ,t g t g t g t gGamma Gamma      ,                        (2-7) 

     1 2

, , 0,  ~ , ,t g t g Gamma v                                                               (2-8) 

and 
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 0 0~ ,v Gamma a b ,                                                           (2-9) 

where   is the shape parameter; ,t g  is the rate parameter that depends on differential state ,t gd . 

If , 0t gd  ,    1 2

, , ,t g t g t g    ; if , 1t gd  ,    1 2

, ,t g t g  . ,t g  is further assumed to follow a Gamma 

distribution with shape parameter 0 and rate parameter v . 

Figure 2.3 presents the Bayesian hierarchical dependency graph for all the parameters 

involved in the proposed model. Observation y, in which each element is the read count on each 

exon of each gene in each sample, is represented by a shaded circle. Observation y depends on 

mRNA abundance β, design matrix x, s, and within-sample variance parameter U. β depends on 

Gamma parameters λ and  , and λ further depends on differential state d, Gamma parameters v  

and 0 . Thus, the parameter set 0{ , , }    controls the expression level of the isoforms of all 

samples, and thus controls the between-sample variance. On the other hand, U depends on τ 

which controls the overall within-sample variance. a0, b0, π, a, and b, shown in shaded square, 

are the hyper-parameters. In marked contrast to existing methods like edgeR, DESeq, Cuffdiff 2 

that use statistical tests to identify differentially expressed genes/isoforms, the differential states 

of isoforms are introduced and modeled in the proposed joint model of BayesIso. A joint 

estimation of the differential states with other model parameters is accomplished by a Markov 

Chain Monte Carlo (MCMC) sampling method as described in detail in the next section. 
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Figure 2.3 Dependency graph of model parameters. Observation (read count on each exon) y is shaded, 

while the random variables are denoted as circles. Fixed parameters are denoted as shaded squares. Exon 

length and library size information x and s is denoted as oval. 

2.2.4 Model parameter estimation via an MCMC scheme 

Due to the complexity of the joint model, it is challenging to estimate directly the model 

parameters and the hidden variables (i.e., the differential states, d = [ ,t gd ]). We have designed an 

MCMC method to estimate the parameters and the hidden variables (d). The MCMC sampling 

process is a combination of Gibbs sampling and M-H sampling, with which as many samples as 

possible can be generated or drawn from the conditional distributions. By virtue of the sampling 

process, the marginal posterior distributions of the parameters and the hidden variables can be 

approximated by the samples drawn from the MCMC sampling procedure. Next, we will 

describe the MCMC algorithm and the associated conditional distributions. 
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For genes with one isoform and genes with multiple isoforms, the conditional posterior 

distribution of parameters β , U  and  for the Poisson-Lognormal regression model can be 

derived differently. 

For genes with one isoform, isoform-level differential analysis is the same as gene-level 

analysis. The number of reads on exon i of gene g in sample j can be directly obtained as , ,g i jy . 

Thus, the conditional posterior distributions of the parameters U  and   for the Poisson-

Lognormal regression model are 
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The conditional posterior distributions of ,g j  under the two conditions are 
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For genes with multiple isoforms, it is more complicated. Based on the assumption that the 

expression levels of the transcripts are independent, observation y  follows: 
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 .                                                                              (2-14) 

Thus, the likelihood of observation , ,g i jy  is 

    , , , , , , , , , , , ,, ~ Poiss expg i j g j g t i t g i t g j g i g t i
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P y U s x U
 
 
 
β .                                     (2-15) 

The conditional posterior distributions of the parameters U  and   of the Poisson-Lognormal 

model can be derived as follows: 
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The conditional posterior distributions of , ,t g j  under the two conditions are 
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Given isoform expression level β , the conditional posterior distributions of parameters 

0, , ,  λ , and d  for the Gamma-Gamma model are the same for isoforms from genes with one 

isoform and from genes with multiple isoforms, which can be derived as follows.  depends 

on differential state . Thus, if , 
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The conditional posterior distribution of   is  
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According to [44], the posterior distribution of  given can be derived as: 
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where 

, , and . 

The posterior distribution of and are given by: 

,                            (2-25) 
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For genes with only one isoform, the subscription t in Eq.(2-20) ~ Eq.(2-26) is can be deleted. 

With the derived conditional posterior distributions, the MCMC algorithm is designed with 

the steps for Gibbs sampling and M-H sampling. Note that M-H sampling is used to sample the 

parameters without conjugate priors, while Gibbs sampling is used to sample the parameters with 

conjugate priors. 
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INPUT: Observed read counts y, library size weighted isoform structure x, design matrix s, 

number of iterations N 

OUTPUT: Estimates of all of the parameters and the differential state d in the joint Bayesian 

model 

Algorithm: 

Step 1. Initialization: each parameter is set an arbitrary value and non-informative prior 

knowledge is used for the parameters. 

Step 2. Draw samples iteratively from the conditional distributions of parameters , ,β U  (in the 

Poisson-Lognormal model) and parameters 0, , , ,  λ and d (in the Gamma-Gamma model). 

Perform the following sampling steps for N iterations: 

Use Gibbs sampling to draw samples of , , , β λ from their conditional distributions that 

follow standard probability distributions; 

Use Metropolis-Hasting (M-H) sampling to draw samples of U , d, 0,   from their 

conditional distributions in sequence. Since these parameters do not have conjugate priors, M-H 

sampling is used to approximate their posterior distributions. 

Step 3. Estimate differential state d as well as other parameters 0, , , , , ,   β U λ  from the 

samples, after the burn-in period, generated from the MCMC procedure. 

 

2.3 Simulation studies 

To systematically assess the performance of BayesIso, we simulated multiple RNA-seq 

datasets with different scenarios. In each experiment, a gene set was randomly selected from the 

annotation file from the UCSC genome browser database (version: GRCh37/hg19; 

http://genome.ucsc.edu/). 30% of the genes/isoforms were randomly selected as differentially 

expressed. We generated simulation data sets using two simulators: (1) our simulator that 

produced aligned reads following the proposed model; (2) RNAseqReadSimulator [64] that 

generates raw sequencing reads. We conducted simulation studies in different scenarios 

regarding different variance of RNA-seq data and differential levels of true differentially 

expressed isoforms. 
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2.3.1 Simulation data at varying model parameters 

To mimic real RNA-seq data, we adopted a simulation strategy proposed by Wu et al. [36]. 

We first estimated model parameters from real datasets and then used them as the baseline to 

generate sequencing data sets based on human annotation file (version: GRCh37/hg19). Two 

RNA-seq datasets were investigated in the study: 1) a mouse dataset with 10 C57BL/6J (B6) 

mouse samples and 11 DBA/2J (D2) mouse samples [61]; 2) 23 basal type breast cancer samples 

which received chemotherapy treatment from the TCGA project [59]. For the TCGA dataset, we 

divided the patients into two groups with 13 samples and 10 samples, respectively. Without 

losing generality, we used all 15137 genes with one isoform to estimate the model parameters. 

We assigned non-informative priors for hyper-parameters  (a 1,b 0)  ,  , 0 , gd

(  1 0.5g gP d    ) and v ( 0 01 , 0a b  ). We used thin=10 for the sampling process to 

record every 10
th

 sample. Figure 2.4 shows the estimates of model parameters from the real data 

sets. We explored the variability of RNA-seq data by close examination of estimated parameters. 

Precision parameter τ (inverse of Gaussian variance σ
2
) in the Poisson-Lognormal model controls 

the overall degree of within-sample variance. Smaller τ indicates larger variation of read counts 

within a sample. Estimated from the sampling process, 0.44   in the mouse dataset and the 

1.78  in TCGA dataset. Between-sample variance is jointly determined by , 0 , and  . 

Parameter   and 0  jointly affect the expression level of isoforms and differential level of the 

differentially expressed isoforms. In general, as   increases, the expression level of isoforms 

increases, and the differential level comparing samples from two phenotypes also increases. In 

contrast, for larger 0  values, the expression level and the difference between two phenotypes 

become smaller. 

With parameters estimated from the two real datasets as the baseline, we varied model 

parameter τ to simulate data sets with different within-sample variabilities, and varied model 

parameter   and 0  to simulate data sets with different expression levels and differential levels. 

In the simulation studies regarding varying within-sample variabilities, we used the average 
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correlation of estimated expression with ground truth expression to measure the accuracy of 

abundance quantification across multiple samples. In the simulation studies regarding varying 

abundance and differential levels of isoforms, we used Area-under-the-curve (AUC) of the 

receiver operating characteristic (ROC) curve, precision, recall, and F-score as the metrics to 

evaluate the performance of the competing methods. F-score is calculated by the following 

definition: 

2
F-score

precision recall

precision recall

 



. 

In the experiments,   varied among (1.4, 1, 0.6) with 0 0.5a  , 0.1  , 1.78  ; 0  

varied among (0.2, 0.6, 1) with 0 1.5a  , 0.1  , 1.78  . To show the differential levels of 

isoforms in the simulation data sets, signal-to-noise-ratio (SNR) was calculated from the ground 

truth expression of isoforms of samples in two conditions by: 

10

(cond1) (cond 2)
20log

( (cond1) (cond 2))

mean mean
SNR

sqrt var var

 
  

 
. 

 

Figure 2.4 Estimate of model parameters from real datasets. (a) Model parameters estimated from the 

mouse dataset. (b) Model parameters estimated from the TCGA basal breast cancer dataset.  
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(a) 

 

(b) 

Figure 2.5 Differential level and abundance of differentially expressed isoforms in simulation data 

sets at varying parameters  , 0 : (a) histograms of SNRs of differentially expressed isoforms and non-

differentially expressed isoforms; (b) boxplot of the expression level (log2(coverage)) of differentially 

expressed isoforms. 
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Figure 2.5(a) shows the histograms of SNRs of differentially expressed isoforms and non-

differentially expressed isoforms at varying parameters  , 0 , and Figure 2.5(b) shows the 

boxplot of the expression levels of differentially expressed isoforms. We can see that decreasing 

  and increasing 0  lead to lower expression and lower differential level. In all of the 

simulation experiments, q-value < 0.05 was used as the criteria for differentially expressed 

isoforms detected by DESeq, edgeR, DSS, Ballgown and Cuffdiff 2, and Prob(DE)>0.95 was 

used for BayesIso and EBSeq. 

2.3.2 Performance comparison at varying model parameters 

We first used our simulator to generate simulation data at varying model parameters, and 

evaluated the performance of BayesIso on genes with one isoform and genes with multiple 

isoforms, separately. As introduced in Section 2.2.2, isoform-level differential analysis of RNA-

seq data on genes with single isoform is the same as gene-level differential analysis. Thus, the 

count-based methods, such as DESeq, edgeR, EBSeq, and DSS were applicable. Therefore, we 

compared the proposed method BayesIso to the count-based methods on genes with single 

isoform. For genes with multiple isoforms, we compared the proposed method BayesIso to 

isoform-level differential analysis approaches, i.e., Cuffdiff 2 and Ballgown. 

A. Performance comparison on genes with only one isoform 

As an intermediate step for differential analysis, we first evaluated the performance on 

abundance quantification at different within-sample variability. We set 1.78, 1, 0.44  , with 

2  , 0 0.5  , 0.1  . In general, the smaller the precision parameter  , the higher the 

overall within-sample variability. We compared our method with four widely used methods for 

RNA-seq normalization, which are: reads-per-kilobase-per-million (RPKM), DESeq, trimmed 

mean of M-values (TMM), and upper quantile normalization (UQUA). RPKM [65] is calculated 

by normalizing reads by the length of genomic features (genes and exons) and total library size. 

DESeq normalization is implemented by DESeq (1.14.1) [35], a differential gene identification 

method based on a negative binomial model. TMM is first developed in edgeR [34] and later 
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included into BioConductor package NOISeq [66]. NOISeq (2.0.0) also has separate 

implementations of RPKM and UQUA methods in addition to TMM, all of which were used for 

performance comparison in this study. 

 

Figure 2.6 Performance comparison for abundance estimation on genes with single isoform. 

Figure 2.6 gives the average correlation for all competing methods under different 

parameter settings. We see that BayesIso achieved robust performance under different over-

dispersion settings; the abundance estimated by BayesIso was highly correlated with ground 

truth. DESeq, TMM and UQUA achieved comparable performance across multiple parameter 

settings, while RPKM had the least favorable performance in all scenarios. Our computational 

results were quite consistent with the observation by Dillies et al. [67] that DESeq and TMM 

(edgeR) are much better normalization methods than RPKM. 

We further evaluated the performance on differential analysis in multiple scenarios 

regarding varying differential levels controlled by parameters  , 0 , as aforementioned. We 

compared with four existing count-based methods: DESeq (1.14.1, fitType=local), edgeR (3.4.2, 

default), DSS (2.0.0, default), EBSeq (1.3.1, default). From Figure 2.7, we can see that, BayesIso 

outperformed the other methods in all scenarios with varying differential levels and abundance 

of differentially expressed isoforms (genes). To further assess the ability of the competing 

methods regarding different differential levels of isoforms, we divided the true differentially 

expressed isoforms into three groups according to their SNRs. Performance on different groups 

of truly differential isoforms and non-differential isoforms were evaluated separately, as shown 
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in Figure 2.8. We can see that BayesIso achieved a much higher recall when the isoforms were 

less differentially expressed (‘diff-group2’ with -4 dB< SNR <-1 dB). This improvement can be 

attributed in part to the more accurate abundance quantification of BayesIso.  

 

Figure 2.7 ROC curves for performance comparison on differential analysis on genes with single 

isoform at varying model parameters  ,
0 . 
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Figure 2.8 Precision, Recall, and F-score for performance comparison on genes with single isoform 

with different SNRs. 

 

B. Performance comparison on genes with multiple isoforms 

Similar to the performance comparison on genes with single isoform, we first evaluated the 

performance on abundance quantification on simulation data sets with different within-sample 

variance. We compared the abundance (β in Eq. (2.5)) estimated by our method with two 

measurements of abundance estimated by Cufflinks and Cuffdiff 2: RPKM and 

‘external_normalized_count’ (ENC). ENC is an alternative measurement estimated by Cuffdiff 2 

to take into account the phenotype information and variance of the samples.  

First, we varied parameter   that affects the overall within-sample variability, with other 

model parameters set as 1  , 0 0.5  , 0.1  . From Figure 2.9(a), we can see that, at 
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different  , the average correlation coefficient between our estimation and the true value was 

consistently higher than that of RPKM and ENC. Note that although RPKM and ENC were 

calculated by different methods, their correlations to the true expression level across samples 

were about the same. 

Moreover, we tested the performance on simulation data with different sequencing bias 

patterns (along genomic location). Rather than randomly drawn from  , parameter U was 

designed to follow different bias patterns for different sets of genes. We simulated four patterns, 

as shown by the blue curves in Figure 2.9(b), to mimic the observed patterns from real RNA-seq 

data in our studies. We can see from the estimated patterns shown in Figure 2.9(b) (the red 

curves) that our proposed model was able to capture the bias patterns accurately. The correct 

estimation of bias patterns consequently contributes to more accurate abundance estimation 

(Figure 2.9(b)). As shown by the barplot in Figure 2.9(b), the performances on groups of genes 

with different bias patterns were comparable, indicating that our model can deal with various 

bias patterns.  

 

(a)                                                                          (b) 

Figure 2.9 Performance comparison on abundance quantification: (a) different overall within-sample 

variability; (b) different bias patterns along genomic location. Average correlation coefficient between the 

estimated abundance and true abundance of isoforms is used to evaluate the performance. 
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We further compared the performance on differentially expressed isoform identification to 

isoform-level differential analysis approaches Cuffdiff 2 and Ballgown. . We ran the experiments 

using genes with an increasing number of isoforms, starting from genes with two isoforms. Table 

2-1 lists the results of performance comparison on varying parameter settings. As we can see, our 

method consistently outperformed the other methods on simulation data generated at various 

parameters. Cuffdiff 2 achieved a high precision; however, it missed many differentially 

expressed isoforms. Ballgown could identify more differentially expressed isoforms but with less 

precision. From the table, we can see that our method was more effective when the isoform 

abundance was generally lower or the isoforms were less differentially expressed. The improved 

performance of BayesIso in differential analysis is gained from: (1) using a model to account for 

both within-sample variability and between-sample variability; (2) estimating differential states 

of isoforms by a Bayesian method using a joint model of the variability of RNA-seq data and the 

differential state of isoforms. 

Table 2-1. Performance comparison on differential analysis at varying parameters   or 
0   (while 

other parameters are fixed). 

 BayesIso Cuffdiff 2 Ballgown 

 Precision Recall F-score Precision Recall F-score Precision Recall F-score 

 

1.4   0.948 0.455 0.612 0.95 0.113 0.194 0.74 0.4 0.515 

 

1   0.932 0.431 0.587 0.667 0.011 0.021 0.747 0.373 0.49 

 

0.6   0.921 0.312 0.464 0.364 0.046 0.072 0.721 0.246 0.361 

 

0 0.2   0.898 0.622 0.732 0.828 0.119 0.208 0.753 0.311 0.419 

 

0 0.6   0.942 0.38 0.54 0.854 0.116 0.198 0.826 0.158 0.265 

 

0 1   0.939 0.271 0.42 0.867 0.044 0.082 0.564 0.052 0.09 

 

Similar to the performance evaluation on genes with single isoforms, we also divided 

ground truth differentially expressed isoforms into three groups according to SNR. The 



  

39 

 

performance was shown by Table 2-2. When the performance on all of the isoforms was 

compared, the recall performance of Cuffdiff 2 was the lowest, which affected its overall 

performance measured by F-score. Consistent with the performance on genes with single isoform, 

BayesIso achieved a much higher recall when the isoforms were less differentially expressed 

(‘diff-group2’ with -4 dB< SNR <-1 dB). We can also see that the false positive rate (defined by 

the portion of non-differential isoforms included) of our method was lower than Ballgown. Note 

that the false positive rate of Cuffdiff 2 was low because fewer differential isoforms were 

identified. 

Table 2-2. Performance comparison on differential analysis at different SNR levels. 

  
BayesIso Cuffdiff 2 Ballgown 

All isoforms 

Precision 0.926 0.907 0.808 

Recall 0.468 0.117 0.297 

F-score 0.622 0.207 0.435 

‘Diff-group 1’ (SNR>-1dB) Recall 0.859 0.449 0.539 

‘Diff-group 2’  

(-4dB<SNR<-1dB) 
Recall 0.457 0.173 0.231 

‘Diff-group 3’ (SNR<-4dB) Recall 0.055 0.051 0.084 

‘Non-diff-group’ FPR
*
 0.034 0.047 0.065 

*
FPR: False Positive Rate 

 

Table 2-3. Performance comparison on differential analysis of genes with more than 2 isoforms. 

  K=3 K=4 K=5 

BayesIso 

Precision 0.883 0.839 0.842 
Recall 0.485 0.429 0.441 
F-score 0.626 0.561 0.571 

Cuffdiff 2 

Precision 0.777 0.69 0.706 
Recall 0.345 0.261 0.271 
F-score 0.476 0.374 0.379 

Ballgown 

Precision 0.738 0.482 0.606 
Recall 0.394 0.177 0.272 
F-score 0.508 0.244 0.361 

 



  

40 

 

We also evaluated the performance of the competing methods on genes with 3, 4, and 5 

isoforms. The experimental results demonstrated that our proposed method outperformed the 

other methods in multiple scenarios (Table 2-3). The performance comparison was consistent 

with experiments on genes with two isoforms. 

2.3.3 Simulation study using RNAseqReadSimulator 

We also generated synthetic data using another RNA-seq simulator 

(RNAseqReadSimulator [64]) to test the performance of all competing methods: DESeq, edgeR, 

DSS, EBSeq, Cuffdiff 2 and Ballgown. A set of 4000 genes, which includes 7810 isoforms, was 

randomly selected from the around 23000 RefSeq genes for the experiment, where 20% of the 

isoforms were differentially expressed. RNAseqReadSimulator was used to generate raw RNA-

seq reads, and TopHat 2 was used to align the reads to reference genome hg19. In order to 

implement the count-based methods for isoform-level differential analysis, the read count of 

each transcript was first calculated from RPKM estimated by Cufflinks for a fair comparison. 

Figure 2.10 is the histogram of the SNRs of differentially expressed isoforms and non-

differentially expressed isoforms, to assess the differential level of simulation data. ROC curves 

of all competing methods were shown in Figure 2.11. We can see that, consistent with simulation 

studies using our simulator, BayesIso outperformed the other methods. By closely investigating 

the ‘left’ ROC curves, we can see that Cuffdiff 2 (the gray curve) was efficient in detecting a 

subset of differentially expressed isoforms; however, its performance was less favorable due to 

high false negatives. The superiority of BayesIso may be gained from comprehensive modeling 

of the variabilities of RNA-seq data as well as joint estimation of all model parameters together 

with differential state. 
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Figure 2.10 Histogram of SNRs of the differentially expressed isoforms and non-differentially 

expressed isoforms. 

 

Figure 2.11 ROC curves of all competing methods on simulation data generated by 

RNAseqReadSimulator. 
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2.4 Real data analysis 

We first used two benchmark datasets to evaluate the performance of all competing 

methods of differential analysis of RNA-seq data. Both datasets are part of the MicroArray 

Quality Control Project (MAQC) for benchmarking microarray technology [68, 69] as well as to 

characterize RNA-seq technology. The MAQC project includes replicated samples of human 

brain reference RNA (hbr) and universal human reference RNA (uhr). The first data set is the 

Sequencing Quality Control (SEQC) dataset [70], which includes RNA spike-in controls along 

with the true RNA library. The RNA spike-in controls is a set of synthetic RNAs from External 

RNA Control Consortium (ERCC), which can be used as benchmark. The second data set is 

another set of hbr and uhr samples. The expression of close to 1000 genes in uhr and hbr were 

validated by TaqMan qRT-PCR, which can be used as benchmark. Finally, we applied our 

proposed method to breast cancer tumor samples to identify differentially expressed isoforms 

associated breast cancer recurrence. 

2.4.1 Performance comparison benchmarked by ERCC RNAs 

We first compared the performance of BayesIso with four existing methods (DESeq, 

edgeR, DSS and EBSeq) on the SEQC dataset with ERCC spike-in controls. 92 artificial 

transcripts were mixed into a real RNA-Seq library with different ratios (1:1 for none 

differentially expressed genes, and 4:1, 2:3 and 1:2 for differentially expressed genes), which 

were used as ground truth for differential analysis. Gene level counts were downloaded from 

http://bitbucket.org/soccin/seqc, with 5 replicates in each group. 

Figure 2.12 shows the ROC curves of the five competing methods. We can see that 

BayesIso had the best performance among all five methods by achieving an AUC very close to 

0.9. The second best method was DSS with an AUC about 0.85. DESeq (AUC=0.7624) and 

edgeR (AUC=0.7675) had very close performance, which was consistent with the previous 

results reported by Rapaport et al. [70]. EBSeq, on the other hand, had the least favorable 

performance (AUC=0.71) on this specific dataset and it failed to detect the most strongly 

differentially expressed genes: its sensitivity was less than 0.1 when its specificity was about 0.9. 



  

43 

 

By close examination of the ‘left’ ROC curves of the five methods, we can further infer that 

BayesIso should have significantly better precision than the other competing methods, as the 

sensitivity of BayesIso went up to 0.7 before any sacrifice in specificity. 

 

Figure 2.12 Performance comparison on differential analysis using the SEQC dataset benchmarked 

by ERCC RNAs. 

 

2.4.2 Performance comparison benchmarked by TaqMan data 

The set of roughly 1000 genes of hbr and uhr measured by TaqMan qRT-PCR is a set of 

more comprehensive benchmarks as it spans a wider range of expression ratios and represents a 

sampling of true human transcripts [71]. We evaluated the ability of all competing methods to 

detect differentially expressed genes on another RNA-seq data set with replicated hbr and uhr 

samples. These samples were generated by Dr. Dudoit from University of California at Berkeley 
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[72] from NCBI sequence read archive (SRA) with ID SRZ016359 and SRX016367, with 7 

samples in each phenotype. To apply all competing methods to this data set for differential 

analysis, we first performed alignment using ‘TopHat 2 (TopHat v2.0.12)’ with UCSC hg19 as 

the reference genome. Then, Cuffdiff 2 and Ballgown were applied to the aligned reads for 

differential analysis of the RefSeq genes. For the other count-based methods, i.e., DESeq, edgeR, 

EBSeq, and DSS, the required input, a matrix of read count, was calculated from RPKM that was 

estimated by Cufflinks for a fair comparison. All of the methods were implemented under default 

setting, and q-value < 0.05 was used as the criteria for differential genes detection for Cuffdiff 2, 

Ballgown, DESeq, edgeR, and DSS, while Prob(DE) > 0.95 was used for BayesIso and EBSeq. 

TaqMan qRT-PCR measurements of roughly 1000 genes were downloaded from 

https://bitbucket.org/soccin/seqc. Among the roughly 1000 genes, 844 genes were overlapped 

with RefSeq genes, which were used to benchmark the performance on differential analysis. We 

used the absolute log2 ratio of fold change (| log2FC |) of the expression between the two 

phenotypes to determine differentially expressed genes and non-differentially expressed genes. 

Genes with | log2FC | larger than a threshold T  were considered as differentially expressed, 

while the other genes were non-differentially expressed. We varied the threshold T from 2.5 to 1 

(5.6 × expression change to 1.5 × expression change measured by qRT-PCR) to evaluate the 

performance of the competing methods at decreasing cutoff values of qRT-PCR expression 

change, which defined sets of differentially expressed genes with decreasing differential level. 

We used recall, precision, and F-score as the metrics, as shown in Figure 2.13. From Figure 

2.13(a), we can see that the overall performance, evaluated by F-score, of BayesIso 

outperformed all other methods in various scenarios. Moreover, F-score increased at decreasing 

differential level, which indicates the ability of BayesIso in detecting less differentially 

expressed genes. The recall of EBSeq was higher than BayesIso; however, the precision of 

EBSeq was much lower, as too many genes were detected as differentially expressed. The 

precision of DSS and Ballgown were higher than BayesIso, as they detected much fewer 

differentially expressed genes, which can be inferred by their poor performance in recall. 

Therefore, BayesIso has been demonstrated to outperform the other competing methods on genes 

with different differential levels. 
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(a) 

 

(b) 

Figure 2.13 Performance comparison on differential analysis on MAQC data with TaqMan qRT-

PCR measurements as benchmark: (a) Overall performance evaluated by F-score; (b) Recall and 

precision. 
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2.4.3 Identification of differentially expressed isoforms associated with breast cancer 

recurrence 

We applied BayesIso to breast cancer data acquired by The Cancer Genome Atlas (TCGA) 

project [59]. The study was designed to identify the differentially expressed isoforms associated 

with breast cancer recurrence. 93 estrogen receptor positive (ER+) tumors from patients were 

collected for this study, where 61 patients were still alive with follow-up longer than 5 years, 

labeled as ‘Alive’; 32 patients were dead within 5 years, labeled as ‘Dead’. The ‘Dead’ and 

‘Alive’ groups represent the ‘early recurrence’ group and the ‘late/non-recurrence’ group, 

respectively. 

We downloaded the sequencing data (Level 1) profiled by Illumina HiSeq 2000 RNA 

Sequencing Version 2 from the TCGA data portal, and then performed alignment using ‘TopHat 

2 (TopHat v2.0.12)’ with UCSC hg19 as the reference sequence. With the annotation file of 

isoform structure (RefSeq genes) downloaded from the UCSC genome browser database [73],  

 

(a)                                                                          (b) 

Figure 2.14 Results of BayesIso on TCGA BRCA tumor samples. (a) Estimated bias patterns of the 

sequencing reads. The mean bias pattern of all of the isoforms is shown by the red curve in the up-left 

figure. However, different sets of isoforms exhibit varying bias patterns. The three blue curves show the 

mean bias patterns of different groups of isoforms. The isoforms are grouped according to their bias 

patterns. (b) Histogram of estimated probability that the isoforms are differentially expressed. Red line 

denotes Prob(d=1)=0.75. 
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we applied our method to identify differentially expressed isoforms by analyzing samples from 

the two groups: the ‘Dead’ group vs. the ‘Alive’ group. Consistent with the observation, various 

bias patterns along the genomic location were captured by our proposed model, as shown in 

Figure 2.14(a). While the overall bias pattern of all isoforms was high in the middle, different 

subgroups of isoforms had varying bias patterns. The histogram of the estimated probability that 

the isoforms were differentially expressed was shown in Figure 2.14(b). With threshold 

‘Probability > 0.75’, 2,299 isoforms of 1,905 genes were identified as differentially expressed. 

We also calculated the SNR of the identified differentially expressed isoforms. The SNRs had a 

mode value around -5dB, indicating that most of the identified isoforms were moderately 

differentially expressed. The low mean SNR value was consistent with the high variability of 

expression level observed across the samples. Thus, the detection power on moderately 

differential isoforms was critical for differential analysis of breast cancer RNA-seq data. 

We compared BayesIso with isoform-level differential analysis methods Cuffdiff 2 and 

Ballgown in terms of identified differential genes. Differential genes were defined as genes with 

at least one differentially expressed isoform. Since Cuffdiff 2 is too conservative, we used a 

loose threshold to include more differential genes for further investigation. For a fair comparison, 

p-value<0.05 was used as the criterion for differentially expressed isoforms detected by Cuffdiff 

2 and Ballgown, and thus, 1,719 and 5,399 genes, respectively, were identified as differential. 

Figure 2.15(a) shows the overlap and difference of the gene sets identified by the three methods. 

As we can see from the figure, Cuffdiff 2 detected a much less number of differential genes than 

Ballgown did; among the differential genes identified by BayesIso, 30% were uniquely identified 

by our method as compared with that from Cuffdiff 2 and Ballgown. The unique set of 

differential genes helped reveal several signaling pathways such as the PI3K/AKT/mTOR 

signaling and PTEN signaling pathways as shown in Figure 2.15(b). Figure 2.15(b1) shows the 

PI3K/AKT/mTOR signaling pathway, the hyperactivation of which has been demonstrated being 

associated with the tumorigenesis of ER-positive breast cancer [74, 75]. PIK3R2, a member of 

the PI3K protein family participating in the regulatory subunit, was detected by BayesIso as 

down-regulated in the ‘Dead’ group. The loss of expression of PIK3R2 is crucial to the 

hyperactivation of the PI3K/AKT/mTOR signaling pathway by regulating AKT2. The  
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Figure 2.15 Comparison of BayesIso with Cuffdiff 2 and Ballgown on breast cancer study. (a) Venn 

diagram of identified differential genes (genes with differentially expressed isoforms) by the three 

methods: BayesIso, Cuffdiff 2, and Ballgown. (b) Three networks of differential genes detected by 

BayesIso: b1 - a network related to PI3K/AKT/mTOR signaling pathway; b2 - a network related to cell 

cycle progression of PI3K/AKT signaling pathway; b3 - a part of PTEN signaling pathway. The color of 

nodes represents the expression change between the two phenotypes: green means down-regulated in the 

‘Dead’ group; red mean up-regulated in the ‘Dead’ group. Genes marked by bold circle or underlined are 

uniquely detected by BayesIso. Genes marked by yellow star have consistent protein/phosphoprotein 

expression. (c) Enrichment analysis of three networks using a time-course E2 induced MCF-7 breast 

cancer cell line data (collected at 10 time points: 0, 5, 10, 20, 40, 80, 160, 320, 640, 1280 mins, with one 

sample at each time point): left - enrichment analysis of the three networks; right - expression of 

transcripts with significant pattern change. 
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dysfunction of AKT2 in inhibiting the expression of TSC1 and TSC2 activated the mTOR 

signaling, as indicated by the over-expression of RPS6KB1, a downstream target of mTOR. The 

overexpression of TSC2 and RPS6KB1 was further validated by their protein/phosphoprotein 

expression measured by reverse phase protein array (RPPA) on a subset of the TCGA breast 

cancer samples, which consists of 45 samples in the ‘Alive’ group and 27 samples in the ‘Dead’ 

group. Specifically, the expression of NM_001114382, a differentially expressed isoform of 

TSC2, was positively correlated with its phosphoprotein expression at pT1462 (p-value = 0.02); 

the expression of NM_001272044, a differentially expressed isoform of RPS6KB1, was 

positively correlated with its phosphoprotein expression at pT389 (p-value = 0.0081). Note that 

the FPKM (expression) of NM_001272044 estimated by Cuffdiff 2 was not correlated with its 

phosphoprotein expression, indicating that the isoform expression estimated by BayesIso was 

more consistent with protein expression than Cuffdiff 2. The network shown in Figure 2.15(b2) 

reveals part of the PI3K/AKT signaling pathway leading to cell cycle progression. FN1 and 

ITGA2 were uniquely detected by BayesIso, which led to the overexpression of CCNE2 in the 

“Dead” group. The total protein expressions of FN1, ITGA2 and CCNE2 were highly correlated 

with the estimated expressions of their isoforms, respectively. Figure 2.15(b3) shows a part of 

the PTEN signaling, the underexpression of which results in hyperactivation of PI3K/AKT 

signaling pathway in breast cancer [76, 77]. Though the mRNA expression of PTEN was not 

differential, the total protein did have lower expression level in the ‘Dead’ group as shown in the 

boxplots. BayesIso also detected SHC1, GRB2, and BCAR1, three critical components in PTEN 

signaling.  

We further analyzed the expression of identified transcripts in the three networks (Figure 

2.15b) on a time-course of estrogen (E2) induced transcription in MCF-7 breast cancer cells 

(RNA-seq data; GSE62789). We performed an enriched analysis of the three networks. 

Specifically, for each time point, we obtained the fold change of transcript expression in log2 

scale comparing with the sample at time 0, and then used the mean of fold change as the test 

statistic for each network. We calculated the p-value of each network from a significance test, 

where the null distributions were generated by calculating test statistics from randomly sampled 

gene sets of the same size of the network (100,000 iterations). The enrichment scores, defined as 

the negative of the logarithm of p-value to base 10, are shown on the left panel of Figure 2.15(c). 

http://www.ncbi.nlm.nih.gov/sites/entrez?db=gds&term=GSE62789%5bAccession%5d&cmd=search
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As we can see from the figure, two networks (Figure 2.15(b2) and Figure 2.15(b3)) were 

enriched at early time points (<160 minutes). Moreover, the differential isoforms of TSC1, FN1, 

LAMC2, AKT2, and GRB2 had significant expression pattern changes along the time, as shown 

on the right panel of Figure 2.15(c).  

To study the interaction of the identified differential genes, we mapped the differentially 

expressed genes to the Protein-Protein interaction (PPI) network from the Human Protein 

Reference Database (HPRD) [78] and then filtered out extremely low abundant isoforms 

according to the abundance relative to all of the isoforms of the same gene. With the criterion of 

median relative abundance > 10%, 359 isoforms from 308 genes were identified as differentially 

expressed, among which 195 genes had multiple isoforms according to the annotation file with 

isoform structure. Furthermore, comparing with a gene-level analysis with the same criterion, 

‘Prob(d)>0.75’, for identifying differentially expressed genes, 133 multiple-isoform genes were 

differential at the isoform level but non-differential at the gene level, as shown by the pie chart in 

Figure 2.16. 

We conducted a functional enrichment analysis of the identified genes using Ingenuity 

Pathway Analysis (IPA; http://www.qiagen.com/ingenuity); it turned out that many of the genes 

were known to be associated with the following cellular functions: proliferation, cell death, and 

cell migration. We further performed an enrichment analysis of the associated sets of isoforms 

on a time-course of estrogen (E2) induced transcription in MCF-7 breast cancer cells (RNA-seq 

data; GSE62789). The two sets of isoforms associated with proliferation and migration of cells 

were significantly enriched with p-value = 0.043 and p-value = 0.021, respectively; the p-value 

of the isoforms associated with cell death is 0.07. 

In the PPI network of 308 genes, several hub genes (ESR1, BRCA1, CREBBP, ERBB2, 

LCK) are known to play critical roles in breast cancer development (Additional file 1: Fig. S12). 

Also important are TNFRSF17, TNFRSF18, TNFRSF4, members of the Tumor Necrosis Factor 

Receptor superfamily that bind to various TRAF family members and can regulate tumor cell 

proliferation and death [78]. Moreover, from the functional enrichment analysis using DAVID 

(the Database for Annotation, Visualization and Integrated Discovery, 

http://www.ncbi.nlm.nih.gov/sites/entrez?db=gds&term=GSE62789%5bAccession%5d&cmd=search
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http://david.abcc.ncifcrf.gov/home.jsp), the identified genes participate in several signaling 

pathways such as Jak-STAT, mTOR, MAPK, and Wnt signaling. Studies on Jak-STAT signaling 

pathway and mTOR signaling pathway have elucidated their roles in various cellular processes 

 

Figure 2.16 Enrichment analysis of the identified differentially expressed isoforms overlapped with 

PPI network. (a) The identified genes are categorized as single-isoform genes (genes with only one 

isoform) and multiple-isoform genes (genes with multiple isoforms). The multiple-isoform genes are 

further divided into two groups: differential at both gene-level and isoform-level, differential at the 

isoform level only. (b) Heatmaps of genes associated with proliferation of cells, migration of cells, and 

cell death, showing expression pattern change in a time-course E2 induced MCF-7 cell line data. The 

gene symbols of the heatmaps are color-coded according to the grouping in (a). 
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such as proliferation, apoptosis, and migration, that can contribute to malignancy [79, 80]. Many 

genes associated with the signaling pathways are only differential at the isoform level yet non-

differential from gene-level analysis, such as PDPK1, TSC1, TSC2, PIK3R2, AKT2 in the 

mTOR signaling pathway and HSP90AA1, HSP90AB1 in the PI3K/AKT signaling pathway. 

Thus, isoform-level differential analysis is much needed to provide critical information for 

revealing biological mechanisms associated with cancer recurrence. While HSP90AA1 has two 

isoforms from alternative splicing, only NM_005348 (RefSeq_id) was overexpressed in the 

‘Dead’ group. HSP90AB1 has five isoforms, among which NM_007355 was detected as 

overexpressed in the ‘Dead’ group whereas NM_001271971 was overexpressed in the ‘Alive’ 

group (Figure 2.17). HSP90AA1 and HSP90AB1 are Heat Shock Proteins (HSPs) that play an 

important role in tumorigenesis [81, 82]. The overexpression of HSP90AA1 and HSP90AB1 

leads to activation of cell viability of tumor cell lines and provides an escape mechanism for 

cancer cell from apoptosis. Functional analysis using IPA has shown that the down-regulation of 

HSP90AB1 leads to activation of cell death of immune cells [83]. Collectively, these findings 

suggest that the change in differential expression pattern of the isoforms might contribute to 

different functions of cancer development. 

 

Figure 2.17 Estimated abundance of isoforms of HSP90AB1. 



  

53 

 

2.4 Discussion and Conclusion 

We have developed a Bayesian approach, BayesIso, for the identification of differentially 

expressed isoforms. A hierarchical model, with differential states as hidden variables, is devised 

to account for both between-sample variability and within-sample variability. Specifically, a 

Poisson-Lognormal model is used to model the within-sample variability specific to each 

transcript. The expression level of transcripts is modeled to follow a Gamma distribution so as to 

capture the between-sample variability, including both over-dispersion and under-dispersion, by 

the model parameters. The shape parameter of the Gamma distribution is further assumed to 

follow a second Gamma distribution. Differential states of the transcripts are embedded into the 

Gamma-Gamma model as hidden variables, affecting the distribution of transcript expressions in 

each group or condition. 

The main advantages of our proposed method, BayesIso, can be summarized as follows. 

First, it is a fully probabilistic approach that estimates the differential states and other model 

parameters iteratively. Assuredly accurate estimation of transcript expression is critical for 

differential state detection by comparing two groups of samples. At the same time, accurate 

detection of differential states benefits the estimation of transcript expressions, especially when 

the variance of transcript expressions among the samples (i.e., the between-sample variability) is 

high. Therefore transcript expressions and differential states are tightly coupled when performing 

differential analysis of groups of samples. In the existing two-step approaches on isoform-level 

differential analysis (e.g., Cuffdiff 2 and Ballgown), the detection of differentially expressed 

isoforms is carried out after expression estimation, not in a cooperative manner. BayesIso uses a 

joint model that combines the variability modeling of transcript expression with the differential 

state of transcripts for differential analysis of isoforms; the posterior probability of differential 

state is estimated jointly with other model parameters capturing expression variability through an 

MCMC sampling procedure. 

Second, the differential state is embedded into the hierarchical model in a probabilistic way, 

in contrast to that conventional statistical tests calculate the significance of the difference 

between two groups of samples. Specifically, in BayesIso, differential state is measured by the 
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probability that the transcript expressions in two groups of samples come from two distributions 

rather than from the same distribution. The probabilistic formulation makes it possible to embed 

the differential state into the joint modeling of expressions of two groups of samples; the 

probability of differential state estimated jointly with other model parameters, in turn, provides 

an improved performance in detecting isoforms of less differentially expressed. 

Third, the Poisson-Lognormal model in BayesIso provides a flexible way to model the 

various biases within each transcript. Count-based methods for gene-level differential analysis 

(DESeq, edgeR, DSS, EBSeq) do not consider within-sample variability as the read count of 

each locus is used as the input. Cuffdiff 2 has tried to account for the bias along genomic 

location with a few known sources. Specific models are built for positional and sequence-

specific biases, respectively. The parameters of the bias models are estimated in a global 

perspective, i.e., using all of the genes or a set of genes. However, the variability of real RNA-

seq data may be much more complicated than that from known sources. The globally estimated 

parameters of the bias models are insufficient to account for the difference in biases among 

transcripts. In BayesIso, the variability of each exon/segment of each transcript is captured by 

one model parameter in the Poisson-Lognormal distribution, rather than estimated globally. 

Therefore, BayesIso models the within-sample variability specific to each transcript without 

relying on known sources.  

We have compared the performance of BayesIso with both count-based methods (DESeq, 

edgeR, DSS, EBSeq) and isoform-level differential analysis methods (Cuffdiff 2 and Ballgown) 

using extensive simulation studies. BayesIso consistently outperforms the other methods in all of 

the scenarios studied, with AUC of ROC curve and F-score as the metrics to evaluate the overall 

performance in differential isoform identification. Cuffdiff 2 is very conservative as it can detect 

a few differentially expressed isoforms at high precision but missing a lot of others. Ballgown 

and the count-based methods can detect more differential isoforms at the cost of precision. 

BayesIso has significantly increased the performance in detecting true differential isoforms. 

From further experiments on isoforms with various differential levels, BayesIso has been 

demonstrated to be more effective in detecting isoforms of less differentially expressed. The 

improved performance is gained from iteratively estimating the differential state and the 
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parameters of the joint modeling of both types of expression variability. At the same time, the 

various biases of the transcripts are well captured, leading to more accurate estimation of 

transcript expression. Overall, the hierarchical Bayesian framework contributes to the improved 

performance of BayesIso. The superiority of BayesIso comparing to the other methods has 

further been demonstrated using two real RNA-seq datasets with benchmarks. 

We have applied BayesIso to breast cancer RNA-seq data to identify differentially 

expressed isoforms associated with breast cancer recurrence. The diverse bias patterns along 

transcripts and the generally low differential level have been observed from the real breast cancer 

data, indicating their importance in differential analysis of RNA-seq data. The differentially 

expressed isoforms detected by BayesIso are enriched in cell proliferation, apoptosis, and 

migration, uncovering the mechanism related to breast cancer recurrence. Moreover, the unique 

set of differential genes identified by BayesIso has helped reveal several signaling pathways such 

as the PI3K/AKT/mTOR signaling and PTEN signaling pathways. The identified down-

regulated genes in the early recurrence group, e.g., NFATC1, participate in the immune system, 

which may indicate the role of immune system in breast cancer recurrence.  

As a final note, it is a non-trivial task to model the sequencing bias for RNA-seq data 

analysis. The bias patterns are complicated and cannot be well explained by known sources. In 

the BayesIso method, we have used a flexible model to account for the bias independent of any 

particular pattern. However, we have also observed that certain bias patterns (such as bias to the 

3’ end, or high in the middle) occur more frequently than others. Moreover, we have further 

observed that the bias patterns may be affected by the expression level. In the future work, we 

will incorporate certain bias patterns as prior knowledge into the model, which can help estimate 

the bias pattern of some isoforms more accurately hence to improve the performance on 

differential analysis of isoforms. 
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3 Differential methylation detection using a hierarchical Bayesian 

model exploiting local dependency 

3.1 Introduction 

DNA methylation [15] is a molecular modification of DNA, which typically occurs at the 

cytosine nucleotides in CpG sites. The CpG sites, shorted for ‘-C-phosphate-G-’, are regions of 

DNA where a cytosine nucleotide is linked to a guanine nucleotide by one phosphate. As the 

most well-studied epigenetic mark, DNA methylation has been demonstrated to play a crucial 

role in regulating gene expression without alterations in the DNA sequence [15]. Although the 

underlying mechanism is still not completely known, DNA methylation is essential for cell 

differentiation and it is associated with various key biological processes such as embryonic 

development and genomic imprinting [17]. Besides its important role in normal cell development, 

recent studies show that DNA methylation abnormalities are associated with various diseases 

including cancer [26, 27]. There is strong evidence that tumor-suppressor genes may be silenced 

because of hypermethylation; growth-promoter genes may be activated due to hypomethylation, 

consequently inducing cancer development [28]. Therefore, the identification of abnormalities in 

DNA methylation is of increasing interests in the field of cancer research. Moreover, DNA 

methylation is heritable and reversible [84], which makes it a promising target for new 

therapeutic approaches in cancer treatment [20]. 

In the past decade, the development of high-throughput technologies provides the 

opportunity to obtain whole genome-wide DNA methylation mapping with high resolution. Let 

us take the Illumina Infinium HumanMethylation450 BeadChip Kit (Illumina 450k) as an 

example, which is one of the most popular, high-quality, cost-effective techniques for DNA 

methylation study. Illumina 450k measures >485,000 CpG sites per sample at single-nucleotide 

resolution, which covers 99% of RefSeq genes with multiple sites in the functional regions, such 

as promoter, 5’UTR, 1st exon, gene body, and 3’UTR. The high coverage and low cost of the 
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Illumina 450k array [31, 32] make it a very powerful platform for exploring genome-wide DNA 

methylation landscape. By virtue of the high-throughput techniques, the methylation level of 

each gene is measured at multiple CpG sites across the genomic location, providing more 

comprehensive measurements for a methylation event. 

Despite the advantage of high-throughput profiling, the high resolution poses challenges to 

computational analysis for detecting differentially methylated genes from the huge number of 

measured CpG sites. Early approaches attempted to identify differentially methylated sites by 

statistic tests. However, the statistical power is limited due to the problem of multiple hypothesis 

testing; moreover, it is biologically difficult to interpret individual CpG sites without considering 

the neighbors. Thus, the detection of differentially methylated regions (DMRs) is of prime 

interest, and several methods have been proposed, falling into two categories: annotation-based 

methods and de novo methods. In the annotation-based methods, the regions are predefined 

according to the annotation of CpG site location. IMA [85] is a well-known annotation based 

pipeline, which first generates an index of the methylation value of predefined regions, and then 

uses statistical tests, such as limma [86], to identify differentially methylated regions. The 

regions can be predefined as genes, genes’ promoters, CpG islands, etc. The index of the 

methylation value of a region is derived from the methylation value of the involved CpG sites 

with metrics such as mean, median, and so on. As an alternative, de novo methods do not rely on 

predefined regions for DMR detection. Bumphunter [87] first estimates the association between 

the methylation level and the phenotypes for each site and then identifies DMRs after a 

smoothing operation. DMRcate [88] is another approach agnostic to predefined regions. It first 

calculates a statistic from differential test for each site and then uses a Gaussian kernel to 

incorporate the neighboring information for DMR detection. Comb-P [89] combines spatially 

assigned p-values to find regions of enrichment. Probe Lasso [90] is a window-based approach 

that detects DMRs using neighboring significant-signals. The region-based methods have 

demonstrated their capability in detecting biologically meaningful differential methylation events. 

However, most of the existing DMR detection methods are based on statistic tests, and the 

neighboring information is not jointly considered when estimating the methylation change of 

CpG sites.  
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In this work, we develop a novel method, Differential Methylation detection using a 

hierarchical Bayesian model exploiting Local Dependency (DM-BLD), to identify differentially 

methylated genes based on a Bayesian framework. In DM-BLD, CpG sites are first mapped or 

linked to genes according to their location information. For each gene, we then use a Gaussian 

Markov random field (GMRF) model, Leroux conditional autoregressive (CAR) structure [91], 

to capture the varying degree of dependency among nearby CpG sites. Based on the local 

dependency, it is reasoned that genes involving a sequence of CpG sites with methylation change 

are more likely to exhibit abnormal methylation activity. We use a discrete Markov random field 

(DMRF) [92] to model the dependency of methylation changes (differential states) of 

neighboring CpG sites. A hierarchical Bayesian model is developed to fully take into account the 

local dependency for differential analysis, in which differential states are embedded as hidden 

variables. A Gibbs sample procedure is then developed to estimate the methylation change of 

CpG sites jointly with other model parameters based on their conditional distributions, 

respectively. As a next step, the differential methylation scores of the genes are calculated from 

the estimated methylation changes of the involved CpG sites. Permutation-based statistical tests 

are designed to assess the significance of the detected differentially methylated genes. The 

proposed DM-BLD approach is a fully probabilistic approach with a hierarchical Bayesian 

model to account for the local dependency of CpG sites in both methylation level and differential 

state, capable of detecting methylated genes of less differential accurately and effectively. 

3.2 Method 

3.2.1 Spatial correlation among CpG sites in a neighborhood 

Both Beta-value and M-value statistics are conventionally used as metrics to measure the 

methylation levels of CpG sites profiled by methylation microarray platforms. Beta-value is the 

ratio of the methylated probe intensity and the overall intensity (sum of methylated and 

unmethylated probe intensities) [93]; while M-value is the log2 ratio of the methylated probe 
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intensity versus unmethylated probe intensity [94]. Thus, the relationship between Beta-value 

and M-value is a Logit transformation defined by Eq. (3.1) [95],  
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where iBeta  and iM  are the Beta-value and M-value of CpG site i, respectively. As shown in 

[95], the standard deviation of M-value is approximately consistent, which makes it much more 

appropriate for the homoscedastic assumptions of most statistical models used for microarray 

analysis. Therefore, we model the distribution of M-value for differential methylation 

identification. 

Rather than being independent, the methylation of CpG sites located in a neighboring 

region along the genome induces a spatially dependent structure. It has been shown in the 

literature that the methylation levels of CpG sites within 1,000 bases are significantly correlated 

[96]. We studied the dependency among neighboring CpG sites using three data sets: cell line 

data, our in-house human data, and TCGA breast cancer data. The cell line data set consists of 

two cell lines (LCC1 and LCC9), with three biological replicates in each cell line; the in-house 

human data set consists of samples from two phenotypes, with 6 samples and 5 samples from 

each group, respectively; the TCGA breast cancer data set consists of 61 estrogen receptor (ER)-

positive breast cancer samples divided into two groups, with 41 samples and 20 samples from 

each group. All of the three data sets were profiled by Illumina 450K, which measured 485,512 

CpG sites covering 21,227 genes. The median of the number of CpG sites in each gene is 15, and 

the median distance between two consecutive CpG sites is about 300 bps. We used correlation 

coefficient as the metric, and compared the correlation of CpG sites in the following three 

scenarios: 1) randomly selected CpG sites within 1,000 bases; 2) randomly selected CpG site and 

its 50 closest neighboring sites; 3) randomly selected CpG sites across the genome. Figure 3.1 

shows the correlation of CpG sites in the three scenarios using the three data sets. We can see 

that the correlation between CpG sites within 1,000 bases was significantly higher than that 

between randomly selected CpG sites; in all of the three data sets, a statistical significance (p-

value) less than 8910  was obtained as calculated from one-sided two-sample Kolmogorov-
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Smirnov (K-S) test, which indicates the substantial spatial correlation among CpG sites in a 

neighboring region. Note that the correlation level observed from the TCGA data set (of human 

tumor samples) was not as high as that of the cell line data set, which might be caused by much 

more complex factors such as high level of variability in replicates. Therefore, it is important to 

incorporate the spatial correlation information for estimating the methylation levels of CpG sites 

hence to improve the accuracy in identifying differentially methylated genes. In the next 

subsection, we will describe the framework of our DM-BLD approach taking into account the 

intrinsic local dependency among CpG sites. 

 

 

Figure 3.1 Correlation of CpG sites calculated from: (a) cell line data; (b) in-house human data; (c) 

TCGA breast cancer data. 
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3.2.2 Framework of MRF-based Bayesian model 

Based on the observation that nearby CpG sites are significantly correlated, we propose to 

develop a probabilistic model incorporating the local dependency of CpG sites to identify 

differentially methylated genes. In our proposed method, CpG sites are first mapped to the genes 

according to their genomic location. As is provided by the annotation file of the Illumina 450k 

microarray platform, the probes/CpG sites are associated with RefSeq genes of the reference 

genome hg19. For each gene, all of the CpG sites located within 1500bp from TSS to 3’UTR are 

used for differential analysis. Three major steps of the proposed method, DM-BLD, are 

summarized as follows (see Figure 3.2): (1) within each gene, estimating the methylation level of 

CpG sites by modeling the local spatial correlation of methylation level and the dependency of 

methylation change among neighboring CpG sites; (2) calculating the differential methylation 

score of genes from the estimated methylation change of CpG sites; (3) performing permutation-

based significance tests on potential differentially methylated genes. Specifically, in the first step, 

we use the Leroux model [91], an advanced conditional autoregressive (CAR) structure, to 

capture the dependency of methylation among neighboring CpG sites. Comparing with the 

intrinsic conditional autoregressive (ICAR) model [97], the Leroux model is capable of 

accounting for different levels of correlation [98, 99], which helps improve the accuracy in 

estimating the methylation level of CpG sites. We then use a discrete Markov random field [92] 

to model the dependency of methylation changes (via differential states) of neighboring CpG 

sites. With differential states embedded as hidden variables, we use a hierarchical Bayesian 

model to take into account the local dependency fully for differential analysis. A Gibbs sampling 

procedure, based on conditional distributions, is designed to estimate the methylation level and 

other model parameters. In the second step, the differential methylation score of a gene is 

calculated from the estimated methylation change of involved CpG sites. Genes can be 

prioritized according to the differential methylation score for further biological validation. 

Finally, in the third step, permutation-based hypothesis tests are implemented and performed to 

assess the significance of the identified differentially methylated genes for real data analysis. 

More details of the three steps will be given in the following subsections.  
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Figure 3.2 Flowchart of the proposed DM-BLD approach. DM-BLD consists of the following three 

major steps: (1) methylation level estimation; (2) differential methylation score calculation; (3) 

permutation-based significance tests. 
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3.2.3 Hierarchical Bayesian model exploiting the local dependency of sites 

We first estimate the methylation level of CpG sites by taking into account the neighboring 

CpG sites. Beta-value is the ratio of the methylated probe intensity and the overall intensity [31], 

and thus, it is represented as a proportion value bounded by zero and one, which can be modeled 

by a logit-normal distribution [100]. Thus, as the logit transform of Beta-value, M-value can be 

modeled as normal-distributed.  

Assume that there are N genes and gene n  has nM  CpG sites. Let us denote ,i jBeta  as the 

beta-value of the thi  ( 1,2,..., ni M ) CpG site of gene n  ( 1,2,...,n N ) in sample j (1 j J  ), 

which follows a logit-normal distribution. 1 2J J J   is the total number of samples associated 

with two biological phenotypes (or conditions), where 1J  and 2J  are the numbers of samples for 

phenotype 1 and phenotype 2, respectively. For gene n , denote .i jy  as the logit transform of 

, as shown in Eq. (3-2). .i jy (also called M-value) follows a normal distribution with mean 

i  and precision e  (Eq. (3-3)). i  (as defined by Eq. (3-4)) represents the true methylation level 

of CpG site i  in gene n , where i  represents the basal methylation level of CpG site i , while 

0  represents the methylation level change of gene  between two conditions. id  is a binary 

value representing the differential state of site . If site  is differentially methylated, 1id  ; 

otherwise, . The above-mentioned equations are listed as follows: 

,
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log
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i j

i j

i j
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(1) (2) 0   , if 0id  ; 

                                  
(1) (2)

00;    , if 1id  .  

Thus, for non-differentially methylated CpG sites, the methylation levels under two 

phenotypes are the same, 
(1) (2)    ; for differentially methylated CpG sites, 

(2) (1)

0 0        . 

As observed from real DNA methylation data sets, the methylation level of CpG sites 

display spatial dependency. For each gene, we adopt the conditional autoregressive model used 

in Leroux’s approach [91], termed as Leroux model, to account for the spatial dependency of 

methylation level of neighboring CpG sites. Specifically, Leroux model is used to specify the 

between-site correlation of [ , 1,2,..., ]i ni M θ , where the methylation level of a CpG site 

depends on that of its neighbors but is independent of that of all other CpG sites. Denote i  as 

the set of the neighboring sites of CpG site i . Under the Leroux model, the conditional 

distribution of i  given i  is defined by  
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,                     (3-5) 

where   controls the dependency level among the nearby CpG sites and   controls the variance. 

w is a predefined design matrix for the neighborhood structure. , 1i jw  , if CpG site i  and CpG 

site j  locate within a neighborhood; , 0i jw  , otherwise. Comparing to other conditional 

autoregressive models regarding the dependency information, the Leroux model has some 

advantages. Comparing to intrinsic model [101] that captures strong dependency of neighbors, 

the Leroux model is capable of accounting for different levels of dependency with parameter   

[99].   close to 1 indicates strong dependency; the CpG sites are independent when 0  . 

Convolution model [101] and Cressie model [102] also consider different levels of dependency. 
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However, the conditional variance in the Leroux model is more theoretically appealing since the 

conditional variance is influenced by dependency level. When there is a strong dependency, that 

is,   close to 1, the conditional variance is close to 
,

1

1
nM

k i

k

w


 ; when there is no dependency, 

that is, 0  , the conditional variance is 1  , which is no longer affected by the neighboring 

information. 

Differential state [ , 1,2,..., ]i nd i M d  is modeled by a discrete Markov random field 

(DMRF), which can be defined by the following equation [92, 103]: 
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,               (3-6) 

where  

                                     ,

1

(1)
nM

i k i k

k

n w d


 , and   ,

1

(0) 1
nM

i k i k

k

n w d


  . 

In Eq. (3-6), a  and b  are model parameters. Parameter b  controls the consistency of 

differential state in DMRF. The larger b  is, the more consistent the differential state is in a 

neighborhood. Note that in our implementation, we set 0a   and 3b   as default values for 

DMRF to control the neighborhood consistency of differential state.  1in  (  0in ) is the number 

of neighboring CpG sites of site i  with differential state 1 (0). More details on the equivalence 

between the discrete Markov random field model and Gibbs random field are introduced in 

Appendix B. 

For differential methylation analysis, we devise a Bayesian approach to estimate the 

methylation levels (
(1)  and 

(2) ) in two phenotypes, respectively. A hierarchical Bayesian 

model is used to model the dependency of random variables θ  (basal methylation level), 0  
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(methylation level change if differential) and d  (differential state), which fully determine the 

methylation levels (
(1)  and 

(2) ). The dependency graph of the model is shown in Figure 3.3, 

where the differential states are embedded as hidden variables in the model. According to Bayes’ 

rule, the joint posterior distribution is given by 

 

             

0

0 0

, , , , , |

~ | , , , , , | ,

e

e e

P

P P P P P P P

   

              

θ d y

y θ d θ d
,              (3-7) 

where e ,   and   are termed model parameters. For mathematical convenience, we further 

assume conjugate prior distributions [104] for model parameters e ,   and variable 0 , and 

discrete uniform distribution as the prior distribution of parameter  . The prior distributions (set 

as non-informative with hyper-parameters  ,  , 0 , and [ , 1,2,..., ]iq i r q ) are defined by 

the following equations: 

, ~ ( , )e Gamma    ;  1~ discrete uniform(q ,...,q )r ;    (3-8) 

  0 0~ N(0, )  .                                               (3-9) 

 

 

Figure 3.3 Dependency graph of the hierarchical Bayesian model in DM-BLD. 
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3.2.4 Estimation of methylation change of CpG sites via Gibbs sampling 

Due to the complexity of the probabilistic model, we have developed a Markov Chain 

Monte Carlo (MCMC) method to jointly estimate the variables ( θ , 0  and ) and model 

parameters ( e ,   and  ). In particular, we use Gibbs sampling to iteratively draw samples 

from the conditional distributions of the model variables/parameters. By virtue of the sampling 

process, the marginal posterior distribution can be approximated by the samples drawn. The 

conditional posterior distributions of the model variables/parameters can be derived as follows. 

The conditional posterior distribution of the basal methylation level i  of CpG site i is 
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The conditional posterior distribution of parameter   in the Leroux model is 
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The conditional posterior distribution of parameter   in the Leroux model is 

     | , ~ | ,P P P    θ θ                                                                                         (3-12) 
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The conditional posterior distribution of parameter e , which controls the noise level of 

replicates, is 
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The conditional posterior distribution of differential state id  of site i is 
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The conditional posterior distribution of parameter 0 , which controls the methylation 

change between two phenotypes, is 
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With the derived conditional distributions, we develop a Gibbs sampling method for 

parameter/variable estimation. Samples for the variables (θ , 0  and ) and model parameters 

( e ,   and  ) are drawn iteratively from their conditional distributions. Specifically, samples 

for variablesθ , 0  and parameters e ,   are randomly drawn from the corresponding Gaussian 

or Gamma distribution. For variable d  and parameter  , the conditional posterior distributions 

do not have closed form. Since d  and  are finite discrete values, the corresponding conditional 

 d
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probabilities are calculated first, and then new samples of d  and   are randomly selected 

according to the probabilities. Eventually, the Gibbs sampler produces Markov chains of samples 

of the parameters/variables, from which the estimates of the parameters/variables can be 

obtained from their marginal distributions. The Gibbs sampling procedure can be summarized as 

follows: 

 

INPUT: methylation data , neighborhood structure , number of iterations N 

OUTPUT: Estimates of true methylation level in each group and other parameters in the 

probabilistic model 

Algorithm: 

Step 1. Initialization: each parameter is set an arbitrary value and non-informative prior 

knowledge is used for the parameters 

Step 2. Draw samples iteratively from conditional distributions of the parameters using Gibbs 

sampling: 

Sample θ  from a Gaussian distribution; 

Sample    and e  from the corresponding Gamma distribution; 

Sample discrete variable d and   by first calculating the conditional probabilities and then 

randomly generating new samples according to the probabilities; 

Sample 0  from a Gaussian distribution. 

Step 3. Estimate true methylation level γ  as well as all other model parameters from the samples 

(after the burn-in period) generated from the sampling procedure. Then, for each CpG site, the 

estimated methylation change is calculated by 
(2) (1)ˆ ˆ ˆ
i i     , which will be used in the next 

step to calculate the differential methylation score of genes. 

 

Gibbs sampling, as a stochastic sampling technique, can provide an improved ability for 

the DM-BLD algorithm to escape local optima in which deterministic approaches (such as the 

expectation-maximization (EM) algorithm [105]) may get trapped. Gibbs sampling is an iterative 

procedure with one model parameter sampled at a time according to its conditional distribution 

given the other parameters. Gibbs sampling can be understood as a stochastic analogy of EM 

[106], a well-known method for finding maximum likelihood (ML) or maximum a posteriori 

 y  w
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(MAP) estimates of the parameters. EM is a deterministic algorithm (that can be trapped in local 

optima), i.e., starting with the same initial parameters will always converge to the same solution. 

One approach to alleviate this limitation is to start the EM algorithm multiple times from 

different initial parameters. Different from EM, Gibbs sampling is a stochastic algorithm, i.e., it 

may arrive at different solutions from the same initial parameters. Theoretically, Gibbs sampling 

has the ability to escape local optima via exploiting randomized searching to a much greater 

degree [106]. 

It is worth noting that Gibbs sampling does not guarantee to find the optimal solution to 

the parameter estimation problem (especially when running for a finite number of iterations). In 

order to alleviate the potential problem of being trapped in local optima, we have implemented 

the Gibbs sampling algorithm with an option of multiple runs in addition to one long run of 

sampling. Specifically, multiple independent runs of Gibbs sampling, with different 

initializations of the parameters and different random seeds, are implemented in the algorithm. In 

our DM-BLD software package, we provide an option for multiple independent runs to be used 

for Gibbs sampling. When using multiple runs, the distributions generated from the runs are 

checked in the algorithm. In particular, we conduct a fixed number of runs (e.g., five times) and 

check whether a specific number of different runs (e.g., three times) generate samples from the 

same distribution. If so, all of the samples from all runs are used for parameter estimation. If not, 

another set of fixed number of runs will be conducted continually. With the solutions from 

multiple runs, comparisons of the solutions can indicate whether a global, optimum solution is 

likely to have been achieved. 

3.2.5 Calculation of the differential methylation score for each gene 

We further assume that gene is more likely to have abnormal methylation activity if it 

involves a sequence of CpG sites with methylation change. Thus, a searching method is used to 

determine the region of the sequence of CpG sites with methylation change, and the differential 

methylation score of the detected region represents the differential level of the corresponding 

gene. 
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With the estimate 1 2
ˆ ˆ ˆ ˆ, , ,

nM        γ , the differential methylation score nV  of gene 

n  is defined by Eq. (3-16), which contributes to highlighting the genes with more neighboring 

CpG sites with methylation change: 

ˆ
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,                                                         (3-16) 

where  denotes a subset of sequential CpG sites in a neighboring area within the genomic 

location of gene . Finally, genes are ranked according to their differential methylation scores. 

3.2.6 Significance test on differentially methylated genes 

When applying our proposed DM-BLD approach to real data, the confidence of the 

identified genes is a critical problem. In order to assess the significance of the identified 

differentially methylated genes, we perform permutation-based significance tests. Specifically, 

we first rearrange the sample labels as well as the location of the CpG sites in 100 random trials 

and then perform DM-BLD on the perturbed methylation data. The permutation of sample label 

disrupts the association between samples and phenotypes; the permutation of the CpG site 

locations disrupts the dependency among neighboring CpG sites. We perform two significance 

tests over the 100 random trials as follows: 

 In the first test, the observed (or estimated) differential methylation score of each gene 

was tested against the ‘global’ null distribution; the ‘global’ null distribution was 

estimated from the differential methylation scores of all the genes in consideration, as 

obtained with the 100 random trials. Note that the ‘global’ null distribution was the 

aggregated distribution calculated from all the genes, which can be used to assess 

whether the gene is randomly selected from all genes. 

 
S

n

 n
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 In the second test, the observed (or estimated) differential methylation score of each gene 

was tested against its corresponding ‘local’ null distribution; the ‘local’ null distribution 

was estimated from the differential methylation score of the gene obtained in the 100 

random trials. Note that the ‘local’ null distribution was gene-specific, i.e., each gene had 

its own null distribution, which is conventionally used to assess the significance of the 

differential level of gene comparing samples from two phenotypes. 

In the significance test, the null hypothesis was that the observed methylation score was 

drawn from the null distribution, and the p-value for each gene was calculated by assuming the 

null distributions were Gaussian-distributed. Benjamini-Hochberg correction [107] was used to 

estimate the FDR-adjusted p-value. Using both adjusted p-values, we can assess the significance 

of gene in terms of differential methylation comparing two phenotypes as well as comparing to 

the whole gene set, which is consistent with Efron’s effort on testing the significance of a gene 

set using restandardization [108]. 

3.3 Simulation studies 

To systematically evaluate the performance of DM-BLD, we simulated multiple DNA 

methylation data sets with different scenarios. In each experiment, the methylation values of all 

450K probes were generated for 20 samples in two conditions, each with 10 samples. 30% out of 

the 20758 genes with CpG sites in the promoter region were randomly selected as true 

differentially methylated genes, half hypermethylated and half hypomethylated. For each 

differentially methylated gene, a promoter-associated region was randomly selected as 

differentially methylated. The neighborhood of each CpG site was defined as the CpG sites of 

both sides located within 1000bp from its location. The methylated value of the CpG sites was 

simulated in two different ways: the first one is based on the simulation scheme used in 

DMRcate; the second one is based on our proposed Leroux model. In each scenario, ten random 

experiments were performed to assess the variance of the performance measure. 
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We compared the performance of DM-BLD in detecting differentially methylated genes 

with six existing region-based approaches. We implemented the existing methods, and calculated 

p-values of the genes from the detected DMRs as follows: 

 Student’s t-test on mean value: the mean methylation value of all involved CpG sites 

was calculated as the methylation value of the gene; Student’s t-test was used to for 

differential analysis. 

 Student’s t-test on median value: the median methylation value of all involved CpG sites 

was calculated as the methylation value of the gene; Student’s t-test was used to for 

differential analysis. 

 Bumphunter: default setting with 100 permutations, where the cutoff was determined 

from the 100 permutations at the default setting. We used the reported p-value of the area 

as the p-value of the detected DMRs, and assigned a gene’s p-value as the minimum p-

value of the DMRs associated with (or mapped to) the gene. 

 DMRcate: default settings with pcutoff = 1, lambda = 1000, and C = 2. We used the 

reported meanpval as the p-value of the detected DMRs and assigned a gene’s p-value as 

the minimum p-value of the DMRs associated with the gene. 

 Probe Lasso: default setting with adjPval = 1 and DMRpval = 1. We used the reported 

dmr.Pval as the p-value of the detected DMRs, and assigned a gene’s p-value as the 

minimum P value of the DMRs associated with the gene. 

 comb-P: default setting with p-value from Limma as the input, with seed = 0.5. We used 

the reported z_sidak_p as the p-value of the detected DMRs, and assigned a gene’s p-

value as the minimum p-value of the overlapped DMRs mapped/linked to the gene. 

For the genes with no DMRs detected, their p-values were set as 1.0. To evaluate the 

performance of the competing methods, genes were ranked by their differential methylation 

scores (DM-BLD) and their p-values (all six competing methods). Area-under-the precision-

recall curve (AUCpr) was used to assess the overall performance on differentially methylated 

gene identification. Moreover, we calculated signal-to-noise ratio (SNR) to show the differential 

level of the generated simulation data in different scenarios. SNR measures the differential level 
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of the CpG sites taking into account both the methylation difference and the variance of the data, 

calculated as follows:  

(1) (2)

10 (1) (2)

mean( ) mean( )
20log

var( ) var( )
SNR

 
  

  

y y

y y
, 

where 
(1)

y and 
(2)

y are methylation value in the two conditions, respectively. 

3.3.1. Selection of differentially methylated genes and DMRs 

Among the RefSeq genes covered by the Illumina 450K platform, 20758 genes contained 

probes/CpG sites in the promoter region. In each simulated data set, 30% of the 20758 genes 

were randomly selected as differentially methylated, with 15% hypermethylated and 15% 

hypomethylated in the case group, respectively. The other 70% of the 20758 genes were assigned 

as non-differentially methylated. For each differentially methylated gene, a promoter-associated 

neighborhood was randomly assigned as differentially methylated region, while the CpG sites 

outside the selected regions were assigned as non-differentially methylated. For each CpG site, 

its neighbors were defined as the CpG sites located within 1000 bps (of both sides) from it. The 

randomly selected promoter-associated DMRs contained a varying number of CpG sites and can 

be just part of the promoter region of the genes. With the randomly selected DMRs, the 

methylated values of the CpG sites (within DMRs or outside DMRs) were simulated in the 

following two different ways: (1). the simulation scheme used in DMRcate; (2). the proposed 

Leroux model, as described next. 

3.3.2 Simulation studies following DMRcate  

We first generated the methylation values of CpG sites following the simulation scheme 

used in DMRcate. For the CpG sites in each DMR, two base beta levels were randomly chosen 

with a predefined difference  , and the beta values within the DMR were randomly generated 

from a beta distribution with its mode equal to the base beta level and with predefined variability 
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controlled by parameter K. The methylation levels of the CpG sites outside DMRs were 

randomly selected from two predefined beta distributions defined by a parameter set 

0 0 1 1{a ,b ,a ,b } , to mimic unmethylated and methylated sites, respectively. Following this 

simulation scheme, we generated multiple simulation data sets to evaluate the performances of 

the competing methods at different noise levels. Table 3-1 shows the parameters used to generate 

the simulation data sets. 

 

Table 3-1. Parameter settings for simulation data generated by the simulation scheme used in 

DMRcate. 

 Proportion of DM   K 0a  0b  1a  1b  

Scenario 1 30% 0.2 100 2.4 20 14 3 

Scenario 2 30% 0.2 20 1.4 5 5.5 2 

 

 

(a)                                                             (b) 

Figure 3.4 Simulation data at different parameter settings: (a) variance of differentially methylated 

sites; (b) beta distribution for non-differentially methylated sites. 
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Comparing to scenario 1, the variances of the beta distributions for the generation of 

simulation data were higher in scenario 2, as shown in Figure 3.4. Figure 3.4(a) shows the 

variance of true differentially methylated sites among samples in the same condition. By 

decreasing K, the variances of true differentially methylated sites were higher in scenario 2. 

Given predefined true difference level  , the differential level of the true differentially 

methylated sites decreased in scenario 2. Figure 3.4(b) shows the beta distributions for the non-

differentially methylated sites in the two scenarios, which indicates that the variance of non-

differentially methylated sites in scenario 2 was higher than scenario 1. Thus, scenario 2 was 

more challenging for identifying differentially methylated genes. 

 

Figure 3.5 Performance on the detection of differentially methylated genes on simulation data 

generated by the DMRcate scheme: (A) and (C): Precision-recall curve on highly and moderately 

differential data; (B) and (D): SNRs of non-differentially methylated and differentially methylated sites in 

(A) and (C), respectively. 
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Figure 3.5(A) and (B) show the performance of the competing methods in the two 

scenarios with different noise levels. For each scenario, the SNRs of the differentially and non-

differentially methylated sites were compared to show the differential level of the simulation 

data, as shown in Figure 3.5(C) and (D). The differential levels of the true differentially 

methylated sites, indicated by SNR, decreased in the second scenario. Figure 3.6 is the boxplot 

of the AUCpr of the 7 competing methods in 10 random trials in the two scenarios.  We can see 

from the figures that DM-BLD outperformed the other six methods in both scenarios, especially 

when the differential level was lower (as shown in Figure 3.5(B) and Figure 3.6). The competing 

methods, such as Bumphunter and comb-P, were quite effective in detecting a subset of DMRs 

with multiple sites of high differential level, yet missed the others (including many of less 

differential). DM-BLD was specifically designed based on an MRF framework, where the 

differential level was estimated considering the differential status of neighboring CpG sites. 

Hence, DM-BLD was more effective than other competing methods on data with high level of 

noise. 

 

Figure 3.6 Performance of 10 random trials on simulation data generated by the DMRcate scheme. 
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3.3.3. Simulation study following the proposed model 

In the simulation data generated by the DMRcate scheme, the methylation levels of the 

CpG sites outside the DMRs were generated randomly from two predefined beta-distributions. 

To better mimic real methylation data where the methylation values of neighboring CpG sites 

were dependent, we generated simulation data sets by the following steps.  

1) Sample base methylation beta value of all CpG sites. 

A base methylation beta value of all CpG sites was randomly drawn from the distribution 

of methylation beta value obtained from a real data set (TCGA breast cancer data set), as shown 

in Figure 3.7. 

 

Figure 3.7 Distribution of methylation beta value from TCGA breast cancer tumor samples. 
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2) Sample true methylation M-value of all CpG sites for each condition. 

The true methylation M-value (logit transform of beta value) of all CpG sites in the control 

group was generated using the Leroux model. Specifically, the true methylated M-values were 

randomly sampled from a multivariate Gaussian distribution with mean value defined as the logit 

transform of the base methylation beta value, and variance determined by the neighboring sites. 

For the non-differentially methylated CpG sites, the true methylation M-value in the case group 

was the same as in the control group. For CpG sites in the hypermethylated and hypomethylated 

DMRs, the true methylation M-value in the case group were larger or smaller than the control 

group with difference 0  , respectively. 

3) Generate methylation M-value for all samples in each condition 

In each condition, the methylation M-value for all samples were drawn from normal 

distribution with the mean set as the true methylation M-value, and variance 1/ e . 

 

Thus, e  and 0  control the differential level of the simulation data set. Higher e  

indicates lower variance among the samples in the same phenotype, resulting in higher 

differential level; higher 0  indicates the larger difference between two phenotypes, contributing 

to higher differential level. In the simulation study, we varied e  and 0  to generate simulation 

datasets with different levels of noise and methylation change. Specifically, 5, 2, 1e   with 

0 0.7  , 1   , and 0.3   ; 2, 1, 0.8   with 1e  , 1   , and 0.3  . Figure 3.8 shows 

the SNRs of non-differentially methylated sites and differentially methylated sites in the six 

different scenarios.  
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Figure 3.8 SNRs of non-differentially methylated and differentially methylated sites in six scenarios 

at different noise levels and methylation changes. 

 

We first evaluated the performance of the competing methods on simulation data with 

different variance (noise) leveled generated by varying e . Figure 3.9 (A), (B), and (C) are the 

precision-recall curves at low, medium, and high variance levels, respectively, and Figure 3.9(D) 

presents the AUCpr of the seven competing methods with error bar calculated from 10 random 

experiments. In the medium and high variance scenarios, Probe Lasso could not detect any 

differentially methylated regions, and thus, it was not included in those two scenarios. We can 

see that the performance of all methods dropped with a decrease of e . However, DM-BLD 

consistently outperformed the other methods. With decreasing e , the variance (noise) among the 

replicates in the same phenotype increased, which makes it more difficult to estimate the true 
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methylation levels as well as to detect differentially methylated genes. The improved 

performance of DM-BLD can be attributed to its dependency modeling that borrows information 

from neighboring sites at estimated dependency level, thus becoming more effective in dealing 

with noise in replicates. 

 

Figure 3.9 Performance on the detection of differentially methylated genes at varying noise levels. 

Precision-recall curves: (A).low variance; (B) medium variance; (C) high variance. (D) AUCpr in each 

scenario with ten experiments performed.  

 

We also varied parameter 0  to evaluate the performance on varying differential levels 

between two phenotypes. Decreasing 0  lowered SNR of true differentially methylated sites, as 

shown in Figure 3.8, since the difference of differentially methylated CpG sites between two 
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phenotypes was reduced. The performance of all competing methods degraded when 0  

decreases, as shown in Figure 3.10. However, DM-BLD achieved a much better performance 

than that of all other methods, even when the methylation change of genes was moderate. DM-

BLD, with the full probabilistic model in a Bayesian framework, was evidently more effective in 

detecting moderate changes. 

 

Figure 3.10 Performance on the detection of differentially methylated genes at different levels of 

methylation change between two phenotypes. Precision-recall curves: (A) high difference; (B) medium 

difference; (C) low difference. (D) AUCpr in each scenario with ten experiments performed. 
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To assess the effectiveness of DM-BLD on various levels of local dependency, we further 

varied parameter   to generate simulation data sets. Specifically,   varied from 0.01 to 0.9 

with interval 0.2, while 0 1  , 1  , 1e  . The higher   is, the higher the local dependency. 

As shown in Figure 3.11(a), varying local dependency levels did not directly affect the 

differential level of CpG sites. However, it impacted on the estimation of the methylation level 

of CpG sites, as shown in Figure 3.11(b). Since the mean value of the samples did not take 

dependency into account, the performance was similar among all different dependency levels. 

The performance of DM-BLD increased with increasing dependency levels since more 

information can be incorporated from the neighbors. When the dependency level was low, the 

performance of DM-BLD was much better than that of DM-BLD at full dependency (i.e., where 

  was simply set as 0.999), indicating that the dependency level needed to be correctly 

estimated. The performance of DM-BLD on the identification of differentially methylated genes 

consistently outperformed the other methods across different scenarios, as shown in Figure 

3.11(a). 
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(a) 

 

(b) 

Figure 3.11 Performance comparison on varying dependency level  . (a) AUCpr for the performance 

on differentially methylated gene detection; (b) performance on the estimation of true methylation level of 

the CpG sites  
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3.4 Identification of differentially methylated genes associated breast cancer 

recurrence 

We applied the proposed method, DM-BLD, to breast cancer data acquired from The 

Cancer Genome Atlas (TCGA) project [59]. The study was designed for the identification of 

differentially methylated genes associated with breast cancer recurrence. 61 estrogen receptor 

positive (ER+) tumors were collected from patients for this study, where 41 patients were still 

alive with the follow-up time longer than 5 years, labeled as ‘Alive’; 20 patients were dead 

within 5 years, labeled as ‘Dead’. The ‘Dead’ and ‘Alive’ groups represent the ‘early recurrence’ 

group and the ‘late recurrence’ group, respectively. We applied our method to identify 

differentially methylated genes by analyzing samples from the two groups. The significance of 

the differential level was calculated from two permutation tests. With adjusted p-value<0.05 in 

both permutation tests, DM-BLD detected 1543 differentially methylated genes. 

3.4.1 Comparison with existing methods 

We compared our DM-BLD method with Bumphunter (v1.6.0), DMRcate (v1.2.0), comb-

P and Probe Lasso (part of the ChAMP (v1.4.1) package) onto the breast cancer data. We used 

the same parameter settings as in the simulation studies for the competing methods. Probe Lasso 

did not report any differentially methylated regions; thus, it was not included in the comparison. 

Bumphunter reported methylation regions associated with 1246 genes, where 236 genes were 

differential with p-value < 0.05. Comb-P reported methylation regions associated with 748 genes, 

where 721 genes were differential with p-value < 0.05. DMRcate reported 3347 differentially 

methylated genes with p-value < 0.05. The Venn diagram of the genes detected by the four 

methods was shown in Figure 3.12. Consistent with the simulation studies and what reported in 

[88], Bumphunter and comb-P are more conservative than DMRcate and DM-BLD. 
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Figure 3.12 Venn diagram of the differentially methylated genes detected by the competing 

methods. 

3.4.2 Characterization of the common and unique gene sets 

Among 1543 differentially methylated genes detected by DM-BLD, 720 (common) genes 

were also detected by other methods yet 823 (unique) genes were detected by DM-BLD only. 

We compared CpG sites in the detected DMRs associated with the common genes with those 

associated with the unique genes in terms of noise level and number of CpG sites. First, we 

compared the absolute difference of beta value and the SNR of the CpG sites in the detected 

DMRs of the two sets of genes, as shown in Figure 3.13(A) and (B). From one-tail two-sample 

Kolmogorov–Smirnov (K-S) test, the absolute difference of beta value and SNR were 

significantly lower in the unique gene set. We also tested on the number of CpG sites across the 

whole gene region and the number of CpG sites in DMRs, as shown in Figure 3.13(C) and (D). 

K-S test showed that the number of sites across the gene was significantly higher in the common 

gene set and the number of sites in the DMR was significantly higher in the unique gene set, as 

shown in Table 3-2. This observation supported that DM-BLD was more effective in detecting 

genes of less differentially methylated by virtue of its capability of detecting regions consisting 

of a sequence of sites with moderate methylation change (resulted in part from relatively large 

variance observed among tumor samples). Moreover, DM-BLD was effective in detecting genes 
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with fewer measured CpG sites that might be missed by other methods biased to dense CpG 

regions. 

Table 3-2. p-values from K-S test. 

 p-value from K-S test 

Absolute difference of beta value  

(“>”: larger in common genes than in unique genes) 
5.79e-89 

SNR 

(“>”: larger in common genes than in unique genes) 
6.44e-200 

Number of sites in each gene 

(“>”: larger in common genes than in unique genes) 
1.77e-7 

Number of sites in DMRs 

(“<”: less in common genes than in unique genes) 
2.36e-15 

 

 

Figure 3.13 Common differentially methylated genes versus Unique differentially methylated genes 

detected by DM-BLD. (A) the absolute difference of beta value; (B) SNR; (C) number of CpG sites 

associated with gene;  (D) number of CpG sites in DMR. 
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3.4.3 Performance evaluation via differentially expressed genes 

As there was no ground truth of differentially methylated genes for real data, we used the 

corresponding mRNA expression change as the benchmark to assess the performance. We 

detected differentially expressed genes from RNA-seq data of the same set of samples. In detail, 

we downloaded the RNA-seq data (Level 1) of all of the 61 samples profiled by Illumina HiSeq 

2000 RNA Sequencing Version 2 analysis from the TCGA data portal, and then performed 

alignment using ‘TopHat 2 (TopHat v2.0.12)’ (http://ccb.jhu.edu/software/tophat/index.shtml) 

with UCSC hg19 as the reference sequence. With the isoform structure annotation file (RefSeq 

genes) downloaded from the UCSC genome browser database (http://genome.ucsc.edu/), we 

applied the Cuffdiff 2 method (Cuffdiff 2.2.1; http://cole-trapnell-lab.github.io/cufflinks/) to 

identify differentially expressed isoforms by analyzing samples from the two groups: the ‘Dead’ 

group vs. the ‘Alive’ group. Differentially expressed genes were defined as genes with 

differentially expressed isoforms with p-value less than 0.05. As a result, 1101 differentially 

expressed genes were identified. 

Figure 3.14 shows the proportion of differentially expressed genes among the top 

differentially methylated genes among the top ranked differentially methylated genes detected by 

the four competing methods, where genes were ranked by the p-value obtained from each 

method. We can see from the figure that DM-BLD detected more genes with mRNA expression 

change, which were benchmarked as functional differentially methylated genes. 
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Figure 3.14 Proportion of differentially expressed (DE) genes among the top ranked differentially 

methylated (DM) genes detected by DM-BLD, DMRcate, Bumphunter, or comb-P. 

 

3.4.4 Functions of the identified genes 

Among the differentially methylated genes detected by DM-BLD, 523 genes were 

hypermethylated in the promoter region. From functional annotation clustering using DAVID 

(the Database for Annotation, Visualization and Integrated Discovery, 

http://david.abcc.ncifcrf.gov/home.jsp), the set of hypermethylated genes was enriched in 

transcription factor activity (82 genes, p-value = 4.5E-20), and homeobox (39 genes, p-value = 

4.5E-19). The enrichment in transcription factor activity may indicate the interplay between 

transcription factor and DNA methylation. Methylation of homeobox genes has been reported as 

a frequent and early epigenetic event in breast cancer [109]. Moreover, 159 genes out of the 523 

genes were Polycomb target genes (hypergeometric p-value = 3.19E-29). The Polycomb target 

genes were the common genes detected from the ChIP-seq data of EZH2, SUZ12, H3K4me3 and 

H3K27me3 in embryonic stem cells (which were acquired in the ENCODE project 
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(http://www.encodeproject.org/)). Specifically, we first downloaded the ChIP-seq data of EZH2, 

SUZ12, H3K4me3 and H3K27me3 in embryonic stem cells from ENCODE 

(https://www.encodeproject.org/). Then, we used MACS [110] with default setting for peak 

calling. Finally, we matched the peaks to genes using GREAT [111] with the regulatory region 

defined as 2K  from the transcriptions start sites (TSS). The gene sets identified from the four 

ChIP-seq studies were shown in Figure 3.15. As a result, 2,589 common genes from the four 

studies were detected as the Polycomb target genes. Polycomb group proteins are well known 

epigenetic regulators that silenced the target genes. The significantly large overlap between the 

identified hypermethylated genes in the promoter region and the Polycomb target genes indicates 

that the two key epigenetic repression systems jointly regulate gene expression [112].  

 

 

Figure 3.15 Number of genes identified from four ChIP-seq studies on stem cell. 

 

To study the interaction of the identified genes, we first mapped the differentially 

expressed genes to the Protein-Protein interaction (PPI) network from the Human Protein 

Reference Database (HPRD) [78]. Figure 3.16(A) shows that the major connected network is 

largely downregulated in the ‘Dead’ group as compared to that in the ‘Alive’ group. In the PPI 

network of differentially expressed genes, there are two modules of interacting genes with 

https://www.encodeproject.org/
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differential methylation activity between two groups. The two modules, potentially regulated by 

DNA methylation, are shown in Figure 3.16(B) and highlighted by yellow and blue in Figure 

3.16(A). 

 

Figure 3.16 Network of differentially expressed genes and methylation regulated modules. (a) A PPI 

network of differentially expressed genes; (b) methylation regulated modules with interacting genes that 

are differentially expressed and also differentially methylated. 

We further looked into functional differentially methylated genes, which are differentially 

methylated genes that are also differentially expressed. By incorporating the mRNA expression 

change estimated from the corresponding RNA-seq data, we detected 158 functional 

differentially methylated genes, which are enriched in cell adhesion, cell morphogenesis, cell to 

cell signaling, transcription factor activity, and so on. Literature has shown that hyper-
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methylation in the promoter region repressed gene expression, contributing to cancer 

development. Thus, we focused on genes that are hypermethylated in the promoter region and 

down-regulated in the ‘Dead’ group (N=52). 18 genes are also Polycomb target genes, which 

may be regulated by Polycomb group protein and DNA methylation jointly. Among the 18 genes, 

DBC1 and SLC5A8 are tumor suppressor genes. DBC1 has been demonstrated participating in 

cell cycle control [113], and it was reported that the hypermethylation of DBC1 was an effective 

biomarker in predicting breast cancer [114, 115]. SLC5A8, a putative tumor suppressor, was 

found that it inhibited tumor progression [116]; the inactivation of SLC5A8 might result in tumor 

development [117]. HTRA3 was reported as a candidate tumor suppressor and TGF-beta 

signaling inhibitor, which might be regulated by transcription factor CREB3L1 to affect the 

development of breast cancer [118]. CMTM3, as a CMTM family protein linking chemokines 

and the transmenbran-4 superfamily, exerted tumor-suppressive function in tumor cells [119]. 

The silencing of CMTM3 due to hypermethylation would result in loss of function in inhibiting 

tumor cell growth and inducing apoptosis with caspase-3 activation. Note that DBC1, HTRA3, 

and CMTM3 were detected by our DM-BLD method only, yet missed by the other methods.  

3.5 Discussion and Conclusion 

It is important to accurately detect differentially methylated genes, yet with remarkable 

challenges, particularly in the field of cancer research where the variability of methylation 

among replicates/samples is high. We have developed a Bayesian approach, DM-BLD, for the 

identification of differentially methylated genes. A hierarchical and probabilistic model, with 

differential states as hidden variables, is devised to account for the local dependency of CpG 

sites and the variability among the samples/replicates of the same phenotype. Specifically, the 

Leroux model, which is capable of capturing varying degrees of local dependency, is used to 

model the unknown correlation among the true methylation levels of CpG sites in the 

neighboring region. A discrete Markov random field is then used to model the dependency of 

methylation changes (via differential states) of neighboring CpG sites. A hierarchical Bayesian 

model, with differential states embedded as hidden variables, is then developed to take into 

account the local dependency for differential analysis.  
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The main advantages of our proposed method, DM-BLD, can be summarized as follows. 

First, it is a fully probabilistic approach that jointly models the methylation level of CpG sites 

and the differential state of methylation between two phenotypes. Rather than calculating the 

significance of the difference between two groups of samples using statistical tests (e.g., 

DMRcate, comb-P), DM-BLD uses a Bayesian framework to estimate the true methylation level 

and the differential state in a probabilistic way. Second, the varying local dependency among 

neighboring CpG sites is modeled by the Leroux model, an advanced CAR structure that can 

account for different levels of correlation. By virtue of using information from neighborhood 

with local dependency, the accuracy of the estimated methylation level is greatly improved, 

particularly when the variability among the replicates is high. Third, the Leroux model is 

embedded into the Bayesian framework. Thus, the posterior distributions of the true methylation 

levels in each group, as well as other parameters, are estimated jointly with the local correlation 

levels through a Gibbs sampling procedure, which provides an improved performance in 

detecting CpG sites of less differentially methylated. Finally, with the estimated methylation 

change of CpG sites between two groups, we detect differentially methylated genes as genes 

with a sequence of CpG sites exhibiting methylation change and calculate the significance of 

differentially methylated genes by permutation tests. 

We have compared the performance of DM-BLD with the existing methods using 

extensive simulation studies. DM-BLD consistently outperforms the other methods, particularly 

when the difference between two groups is less and the noise among the replicates is high. We 

have also compared DM-BLD with another version of DM-BLD at full dependency and 

demonstrated that the estimation of local dependency has improved the performance, particularly 

in cases of high variance among replicates and low dependency level. Moreover, we have 

applied DM-BLD to breast cancer data to identify differentially methylated genes associated 

with breast cancer recurrence and demonstrated the advantage of DM-BLD as evaluated by the 

consistency with the differential expression of mRNA. The differentially methylated genes 

identified by DM-BLD are enriched in transcription factor activity and consisted of a significant 

portion of Polycomb target genes. Moreover, several differentially methylated genes such as 

DBC1, HTRA3, and CMTM3, revealing the underlying biological mechanism related to breast 

cancer recurrence, have been uniquely identified by our DM-BLD method. 
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4 Contribution, Future work and Conclusion 

4.1 Summary of original contribution 

We have developed new computational methods to model RNA-seq data and methylation 

data for differential analysis and have demonstrated their advantages using multiple simulation 

data sets and real data sets. In this chapter, we briefly summarize the original contribution of this 

dissertation research. 

4.1.1 A novel Bayesian model for differential analysis of RNA-seq data 

A novel Bayesian approach, BayesIso, has been developed to identify differentially 

expressed isoforms from RNA-seq data. In this approach, a hierarchical model is devised for 

comprehensive modeling of the variability of RNA-seq data, aiming for accurate detection of 

differentially expressed isoforms. The variability of RNA-seq data can be introduced by the 

biases across genomic loci on one hand, termed within-sample variability; on the other hand, it 

can be caused by the large variance of replicates in a phenotype group, particularly in cancer 

research, termed between-sample variability. Both within-sample variability and between-sample 

variability are captured by the hierarchical model, with differential states embedded as hidden 

variables in a Bayesian framework. The main advantages of BayesIso can be summarized as 

follows. 

 BayesIso is a fully probabilistic approach in a Bayesian framework that carries out 

the estimation of isoform expression level and the detection of differentially 

expressed isoforms in a cooperative manner. The expression levels and differential 

states of isoforms, as well as other model parameters, are estimated iteratively in an 

MCMC sampling procedure. In each iteration of the sampling procedure, accurate 

estimation of isoform expression is conducive to accurate estimation of differential 

state, which in turn benefits isoform expression estimation. The coupling of 

transcript expression and differential state contributes to more accurate estimation 
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of the model parameters and the hidden differential state, providing an improved 

performance in detecting isoforms of less differentially expressed.  

 The differential state is embedded into the hierarchical model in a probabilistic way, 

in contrast to that conventional statistical tests calculate the significance of the 

difference between two groups of samples. The probabilistic formulation makes it 

possible to estimate the posterior distribution of differential state. An MCMC 

sampling procedure is designed to estimate the parameters and hidden variables 

iteratively from samples drawn from the conditional distributions. Thus, by virtue 

of the probabilistic model and the MCMC sampling procedure, more accurate 

estimation of differential state is obtained from its posterior distribution, by joint 

estimation with isoform expression level and other model parameters. 

 The Poisson-Lognormal model in BayesIso provides a flexible way to model 

various biases within each transcript without relying on known sources. In the 

Poisson-Lognormal model, one model parameter is assigned to each exon/segment 

of each isoform to capture the diverse variability at different loci. Thus, it is 

capable of accounting for different bias patterns of transcripts. The comprehensive 

modeling of biases at different loci is beneficial to more accurate estimation of 

isoform expression level and eventually, contributes to more accurate estimation of 

differential state. 

We have applied BayesIso to multiple simulation data sets in different scenarios, and 

compared the performance of BayesIso with both count-based methods (DESeq, edgeR, DSS, 

EBSeq) and isoform-level differential analysis methods (Cuffdiff 2 and Ballgown). We have 

generated simulation data using two simulators: one is our simulator and the other is an existing 

simulator. Synthetic datasets with different levels of transcript expression and expression change 

between two phenotypes have been simulated to evaluate the performance of BayesIso and other 

competing methods. BayesIso consistently outperforms the other methods in all of the scenarios, 

with AUC of ROC curve and F-score as the metrics to evaluate the overall performance on the 

identification of differentially expressed isoforms. We have further investigated the performance 
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of the competing methods on transcript sets of different differential levels measured by SNR and 

have demonstrated that BayesIso is more effective in detecting isoforms of less differentially 

expressed. The improved performance of BayesIso as compared to the other methods has further 

been demonstrated using two real RNA-seq datasets with benchmarks. 

We have finally applied BayesIso to breast cancer RNA-seq data to identify differentially 

expressed isoforms associated with breast cancer recurrence. The diverse bias patterns along 

transcripts and the generally low differential level have been observed from the real breast cancer 

data, indicating the importance of their accurate modeling in differential analysis of RNA-seq 

data. The differentially expressed isoforms detected by BayesIso are enriched in cell 

proliferation, apoptosis, migration, and signaling pathways, shedding light on the roles of these 

differentially expressed isoforms in driving breast cancer recurrence. Moreover, the unique set of 

differential genes identified by BayesIso has helped reveal several signaling pathways such as 

the PI3K/AKT/mTOR signaling and PTEN signaling pathways. The enrichment of identified 

modules has been validated on a time course E2 induced MCF-7 breast cancer cell line data. 

Moreover, the immune response genes that are down-regulated in the early recurrence group may 

indicate the role of immune system in breast cancer recurrence.  

4.1.2 Differential methylation detection from methylation data exploiting local dependency 

We have developed a novel Bayesian approach, DM-BLD, for the identification of 

differentially methylated genes. In this approach, we model the methylation level of CpG sites of 

replicates in different phenotypes using MRF models: the Leroux model is used to account for 

the local dependency of the methylation levels of nearby CpG sites; a discrete MRF model is 

used to capture the dependency of methylation change (via differential states) of nearby CpG 

sites. The main advantages of our proposed method, DM-BLD, can be summarized as follows. 

 DM-BLD is a fully probabilistic approach that jointly models the methylation level 

and the differential state of CpG sites between two phenotypes. The probabilistic 

formulation makes it possible to estimate the methylation level of CpG sites jointly 

with differential state and other model parameters in a Bayesian framework. 
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 MRF models are used to account for the dependency of CpG sites from different 

perspectives. Leroux model is used to capture the dependency of methylation level 

of nearby CpG sites, aiming for more accurate estimation of the methylation level 

of CpG sites. As an advanced CAR structure, Leroux model is capable of 

accounting for different levels of dependency. A discrete MRF model is 

incorporated to capture the dependency of methylation state of nearby CpG sites, 

aiming to detect nearby CpG sites with consistent methylation change. Accurate 

estimation of differential state contributes to improved performance on methylation 

level estimation. Thus, by virtue of using information from neighborhood with 

local dependency, the accuracy of estimated methylation level is greatly improved, 

particularly when the variability among replicates is high, which eventually 

provides an improved performance in detecting CpG sites of less differentially 

methylated. 

 A Gibbs sampling procedure is designed to jointly estimate the posterior 

distributions of model parameters and variables. Gibbs sampling, as a stochastic 

sampling technique, has the ability to escape local optima via exploiting 

randomized searching to a much greater degree comparing to deterministic 

approaches. Due to a finite number of iterations in the implementation, Gibbs 

sampling may not achieve optimal. In order to alleviate the potential problem of 

being trapped in local optima, we have implemented the Gibbs sampling algorithm 

with an option of multiple runs in addition to one run of sampling. Samples from 

multiple runs are checked to see whether a global, optimum solution is likely to 

have been achieved. 

 Finally, with the estimated methylation change of CpG sites between two groups, 

we detect differentially methylated genes as genes with a sequence of CpG sites 

exhibiting methylation change and calculate the significance of differentially 

methylated genes by permutation tests. Both ‘global’ and ‘local’ null distributions 

are generated to assess the significance of differentially methylated genes. 
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We have applied DM-BLD to extensive simulation data sets and compared the 

performance to the existing methods. Synthetic datasets with different levels of variance across 

replicates and methylation change between two conditions have been generated for 

comprehensive performance evaluation. DM-BLD consistently outperforms the other methods, 

particularly when the difference between two groups is less and the noise among the replicates is 

high. We have also applied DM-BLD and the competing methods to a breast cancer data set and 

demonstrated the advantage of DM-BLD benchmarked by the differentially expressed genes 

identified from differential analysis on the RNA-seq data generated from the same set of tumor 

samples. By further characteristic of the differentially methylated genes detected by DM-BLD 

only and the genes that are also detected by another method, we demonstrate that DM-BLD is 

more effective in detecting genes with a sequence of CpG sites with moderate but consistent 

methylation change. 

The differentially methylated genes detected by DM-BLD in the breast cancer study help 

reveal the mechanism underlying breast cancer recurrence. The hypermethylated genes in the 

promoter region are significantly enriched in transcription factor activity and consist of a 

significant portion of Polycomb target genes, which indicates the joint function of the two key 

epigenetic repression systems in regulating gene expression. Moreover, several identified genes 

that are hypermethylated in the promoter region in the ‘early recurrent’ samples, such as DBC1, 

HTRA3, and CMTM3, are down-regulated in the ‘early recurrent’ samples as shown by the 

RNA-seq data, which may reveal the function of the aberrant methylation change related to 

breast cancer recurrence. 

4.2 Future work 

4.2.1 Biological validation of novel discoveries 

We have applied the proposed methods to breast cancer tumor samples, in order to reveal 

the mechanism underlying breast cancer recurrence. We have initially demonstrated the potential 

role of the identified differential genes by functional enrichment analysis. As future work, 
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biological experiments are needed to validate the importance of identified differential genes in 

breast cancer recurrence. Particularly, the identified functional genes, which are both 

differentially methylated and differentially expressed, are good candidates to be biologically 

validated as crucial biomarkers for breast cancer recurrence. 

The biological experiments for the validation of identified differentially expressed 

transcripts can be performed in the following steps. First, the expression level of identified 

transcripts can be measured by other techniques, such as qRT-PCR, to demonstrate the change of 

transcript expression in different phenotypes. Second, since transcripts are functional in 

biological systems by translating into proteins, the abundance of proteins corresponding to the 

identified transcripts can be measured to further demonstrate the potential functional role of 

identified transcripts. Third, specific experiments can be designed to verify the functions of 

identified transcripts in cancer development. For example, the overexpressed transcript can be 

knocked down to see whether it affects tumor development. 

4.2.2 Network identification from RNA-seq data 

Identification of dysfunctional isoform networks from RNA-seq data and domain-domain 

interaction network 

The proposed BayesIso method is developed to identify differentially expressed isoforms 

to understand the mechanism of diseases, particularly cancer recurrence. In the Gamma-Gamma 

model, i.e., a part of the joint model, the expression of each individual isoform of samples in two 

phenotypes is investigated to see whether it is differentially expressed. In the conventional gene 

expression study using microarray data, it has been demonstrated that gene networks [120-122], 

i.e., the interaction of genes, is more informative in understanding the molecular mechanisms 

associated with complex human diseases. Prior knowledge, such as protein-protein interaction 

network, can be incorporated for the identification of active subnetworks. The subnetwork based 

identification is superior to individual gene-based identification in revealing biological systems, 

as the subnetwork based approach is effective in detecting interacted gene sets with moderate but 

consistent change, as well as hub genes that show little changes in expression comparing with 
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their downstream genes but are biologically important as a connecting point in the network. By 

virtue of the advantage of RNA-seq data in isoform-level analysis, the identification of isoform 

networks is of great interest. 

Analogous to PPI network that provides information on the interactions among genes, the 

protein Domain-Domain interactions (DDI) between the domains in each pair of transcripts can 

be used as the prior knowledge on isoform interactions. The DDI network can be generated from 

several databases, such as Pfam database [123] and domain-domain interaction databases. The 

interactions between the domains can also be predicted by existing tools, such as DOMINE[124]. 

Moreover, it has been demonstrated that DDI network can be incorporated to improve the 

performance on isoform quantification [125]. Thus, it would be beneficial to incorporate DDI 

network in the identification of isoform networks that consist of differentially expressed isoforms 

associated with disease. 

The current design of BayesIso is under a Bayesian framework with differential state 

embedded as hidden variable. The Bayesian design brings convenience to incorporate more 

information that can be formulated as prior knowledge. To be specific, the DDI network can be 

used to determine the prior distribution of differential state. Instead of non-informative prior for 

differential state used in the current model, the prior distribution of differential state can be 

modeled by a discrete Markov random field generated from the DDI network. Thus, the 

differential state of an isoform is impacted by the differential state of its interacting isoforms. 

The incorporation of DDI network may improve the performance on differential analysis and 

detect more biologically meaningful aberrant expression events. 

4.2.3 Integration of methylation data and RNA-seq data 

Identification of methylation regulated differentially expressed isoforms 

In this dissertation research, we have developed DM-BLD to detect differentially 

methylated genes from methylation data. In the real data study on breast cancer recurrence, with 

the detected differentially methylated genes, we have further analyzed the expression change of 
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the genes using RNA-seq data from the same samples of the two phenotypes, and have detected 

a set of functional genes (both differentially methylated and differentially expressed) which have 

been studied in literature for their potential role in breast cancer development. The detected 

functional genes may indicate the essential role of methylation change in disease, especially 

cancer, via regulating gene expression. However, it is not an ideal approach to detect functional 

genes by overlapping the differentially methylated genes and the differentially expressed genes 

identified from methylation data and RNA-seq data separately. To further understand the 

function of DNA methylation in regulating transcript expression, a new method that incorporates 

methylation data and RNA-seq data is more promising. 

In high-throughput methylation profiling techniques, such as Illumina 450K, most of the 

genes are measured at multiple CpG sites along the genomic loci including the promoter region, 

first exon, gene body, etc. It has been shown that methylation at different regions of the genes 

may have different influence on expression change. In specific, hypermethylation in the 

promoter regions and hypo-methylation in gene body may suppress gene expression. Such 

understanding on the relation between methylation and expression can be incorporated into the 

model to detect aberrant events that are more biologically meaningful. Moreover, RNA-seq 

permits to study in isoform-level. Taking advantage of high-throughput methylation data and 

RNA-seq data, the relation between the methylation level of CpG sites and the expression of 

isoforms can be investigated taking advantage of CpG site locations annotated specific to the 

genomic location of isoforms. 

To identify methylation regulated differentially expressed genes, given isoform expression 

and methylation data, a linear regression model can be built, in which isoform expression can be 

modeled as a linear combination of methylation level of the associated CpG sites. The following 

factors should be taken into account in the linear model: 1) methylation change of the CpG sites 

in the promoter regions and that in the gene body has opposite effects on gene expression; 2) 

neighboring CpG sites along the genome have local dependency; 3) the number of samples may 

be less than the number of CpG sites. These factors can be used to determine the prior 

distribution of the coefficients in the linear model. Finally, the coefficients, as well as other 

model parameters, can be estimated from a Gibbs sampling procedure. Thus, the methylation 
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regulated differentially expressed genes can be identified by integrating methylation data and 

RNA-seq data. 

 

4.3 Conclusion 

Transcriptomics and epigenomics are two important and highly related studies in the field 

of computational molecular biology. In this dissertation research, we work on detecting aberrant 

events in each of the two disciplines through differential analysis of RNA-seq data and 

methylation data. We have developed a novel Bayesian model to identify differentially expressed 

isoforms from RNA-seq data, which comprehensively models the variability of RNA-seq data 

with embedded differential state. For differential analysis on methylation data, we have 

developed a hierarchical model exploiting the local dependency of CpG sites in terms of 

methylation level as well as methylation change. Comprehensive simulation studies and 

experiments on real data sets with benchmarks have demonstrated the advantages of proposed 

methods. The application of the proposed methods to breast cancer studies has also demonstrated 

the feasibility of using the proposed methods to reveal the molecular mechanisms underlying 

breast cancer recurrence. 
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Bioinformatics, 2016 (Revision submitted). 
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Appendix B. The equivalence between Gibbs random field and the 

discrete Markov random field used in DM-BLD 

As observed from real DNA methylation data sets, the methylation change pattern of the 

neighboring CpG sites is not independent. For example, if one CpG site has methylation change 

comparing two phenotypes, i.e., the CpG site is differentially methylated, it is more likely that its 

neighboring CpG sites are also differentially methylated. In order to explicitly account for the 

dependency of methylation change patterns over the CpG sites in a neighborhood, we first 

assume the differential states of CpG sites follow a Gibbs random field: 

 
1 1

exp ( )p U
Z T

 
  

 
d d ,                                                     (B-1) 

where 
1

exp ( )Z U
T

 
  

 

d D

d . T is a constant value called temperature, which is usually 

assumed to be 1. ( )U d is the energy function, which can be calculated as follows: 

0 0 1 1 01( ) ( )U a n a n bn   d ,                                                (B-2) 

where  0 1, ,a a b  is the set of parameters for the MRF model; 0n  is the number of sites at state 0; 

1n  is the number of sites at state 1; 01n  is the number of connections linking two CpG sites with 

different states. 0a  and 1a  are arbitrary parameters and b is required to be larger than 0 to 

discourage inconsistency of states between neighboring CpG sites. Thus, the energy function is 

determined by both the potential of each CpG site and the consistency between each pair of 

neighboring CpG sites. The Gibbs random field is equivalent to a discrete Markov random field 

(DMRF). Thus, the differential state of CpG sites can be modeled by a discrete MRF model as 

follows. 

   0 1 0 0 1 1 01| , , expp a a b a n a n bn  d .                                   (B-3) 
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By considering any two realizations of differential states which only differ at CpG site i, 

the conditional probability of differential state of CpG site i given all its neighbors can be 

derived as 

    0 1 1 01| , , , exp ( ) (1) (0)i i i ip d d a a b a a b n n     ,                (B-4) 

where (1)in  is the number of neighbors of CpG site i with state 1, and (0)in  is the number of 

neighbors of CpG site i with state 0. In order to eliminate the effect caused by different numbers 

of neighboring sites for different CpG sites, we modify the conditional probability as follows: 
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Specifically, we defined the conditional distribution of the differential state of CpG site i as 
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a  and b  are model parameters for the DMRF model. Parameter b  controls the 

consistency of differential state in DMRF. The larger b  is, the more consistent the differential 

state is in a neighborhood.  
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