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Xu Shi 

ABSTRACT 

The rapid development of biotechnology has enabled researchers to collect high-

throughput data for studying various biological processes at the genomic level, 

transcriptomic level, and proteomic level. Due to the large noise in the data and the high 

complexity of diseases (such as cancer), it is a challenging task for researchers to extract 

biologically meaningful information that can help reveal the underlying molecular 

mechanisms. The challenges call for more efforts in developing efficient and effective 

computational methods to analyze the data at different levels so as to understand the 

biological systems in different aspects. In this dissertation research, we have developed 

novel Bayesian approaches to infer alternative splicing mechanisms in biological systems 

using RNA sequencing data. 

Specifically, we focus on two research topics in this dissertation: isoform 

identification and phenotype-specific transcript assembly. For isoform identification, we 

develop a computational approach, SparseIso, to jointly model the existence and 

abundance of isoforms in a Bayesian framework. A spike-and-slab prior is incorporated 

into the model to enforce the sparsity of expressed isoforms. A Gibbs sampler is 

developed to sample the existence and abundance of isoforms iteratively. For transcript 

assembly, we develop a Bayesian approach, IntAPT, to assemble phenotype-specific 

transcripts from multiple RNA sequencing profiles. A two-layer Bayesian framework is 

used to model the existence of phenotype-specific transcripts and the transcript 

abundance in individual samples. Based on the hierarchical Bayesian model, a Gibbs 

sampling algorithm is developed to estimate the joint posterior distribution for 

phenotype-specific transcript assembly. The performances of our proposed methods are 



evaluated with simulation data, compared with existing methods and benchmarked with 

real cell line data. We then apply our methods on breast cancer data to identify 

biologically meaningful splicing mechanisms associated with breast cancer. For the 

further work, we will extend our methods for de novo transcript assembly to identify 

novel isoforms in biological systems; we will incorporate isoform-specific networks into 

our methods to better understand splicing mechanisms in biological systems. 

 

  



Bayesian Modeling for Isoform Identification and Phenotype-specific 

Transcript Assembly 

Xu Shi 

GENERAL AUDIENCE ABSTRACT 

The next-generation sequencing technology has significantly improved the 

resolution of the biomedical research at the genomic level and transcriptomic level. Due 

to the large noise in the data and the high complexity of diseases (such as cancer), it is a 

challenging task for researchers to extract biologically meaningful information that can 

help reveal the underlying molecular mechanisms. In this dissertation, we have developed 

two novel Bayesian approaches to infer alternative splicing mechanisms in biological 

systems using RNA sequencing data. We have demonstrated the advantages of our 

proposed approaches over existing methods on both simulation data and real cell line data. 

Furthermore, the application of our methods on real breast cancer data and glioblastoma 

tissue data has further shown the efficacy of our methods in real biological applications.  
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1 Background and Introduction 

1.1 Motivations 

Systems biology is an integrative field of system sciences, life sciences, and information 

sciences. Through computational modeling and systematic exploration, it leads to practical 

innovations in medicine, drug discovery, and engineering [1]. Biological systems consist of 

different multi-functional elements that interact to behave, which makes it difficult to elucidate 

complex biological mechanisms using a single data source. In recent years, the rapid 

development of systems biology promotes the generation of a large amount of data interrogating 

biological systems from different perspectives including genomics on DNA [2-4],  

transcriptomics on RNA [5-7], proteomics on proteins [8-10] and their interactions [11-13]. 

However, due to the complexity of biological systems, it is still a challenging task to extract 

biologically meaningful information reliably from the data. The overwhelming amount of data 

calls for computational scientists to put much more effort into the development of efficient 

analytical tools.  

In the past decade, next-generation sequencing (NGS) becomes the most reliable platform 

to measure the genome and transcriptome. Its characteristic of high-quality, high-throughput and 

lowering cost makes it feasible to be applied to large population studies. By virtue of sequencing 

technique, many important molecular events such as structural variation of the genome [14] and 

splicing of messenger RNA (mRNA) [15] can now be discovered. Several large NGS projects 

such as The Cancer Genome Atlas (TCGA) [16] and ENCODE [17] have been completed to 

provide multiple data sources (such as microarray gene expression data, SNP array, DNA 

sequencing (DNA-seq), RNA sequencing (RNA-seq)/cDNA sequencing, etc.) for ~30 cancer 

types. Using such public data sources, researchers can develop advanced computational tools for 

biological discovery.  
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In a molecular system, transcription and translation are two essential steps for genes to 

express and produce proteins in cells. Based on the current study, humans have about 21,000 

protein-encoding genes, while the total number of proteins is estimated between 250,000 and one 

million. The large difference between the number of genes and proteins suggests that one gene 

can encode more than one proteins. There are many factors that could lead to the variety of 

proteins. Among all factors, alternative splicing is one important event that contributes to the 

complexity of biological systems. Different alternative splicing events happened at transcription 

will generate different mRNAs, which finally result in different protein amino acid sequences. 

Recent studies have shown that more than 90% of genes undergo alternative splicing events [15]. 

It is crucial to study alternative splicing for understanding the functioning of biological modules 

and their interactions. In this dissertation research, we aim to develop effective and efficient 

computational tools to reveal the underlying splicing mechanisms in biological systems. 

1.2 Background and data sources 

To understand biological systems in different aspects, data are acquired at different levels 

following the process of transcription and translation. From the DNA level to the RNA level and 

further the protein level, various technologies are developed to measure corresponding responses. 

Genomics, at the DNA level, focuses on sequencing and assembling genomic sequence to 

analyze the functions and structures of genomes [18]. The human genome project accomplished 

in 2003 successfully builds the blueprint of the human genome. With the reference genome, 

various modifications such as single-nucleotide polymorphism (SNP) [19-21] and copy number 

variation (CNV) [22, 23] can be detected using microarray technology. The development of NGS 

technology, in particular DNA-seq technology, paves a way to discover large-scale mutations 

such as deletions, insertion, and translocation [14, 24]. Epigenomics [25] is another study field at 

the DNA level to analyze epigenetic modifications such as DNA methylation [26] and histone 

modification [27] of the genome. Transcriptomics, at the RNA level, focuses on the 
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quantification or structure reconstruction of mRNA molecules. By large-scale gene expression 

profiling of tumors (or cells) with different phenotypes, different patterns of genes can be 

observed to explain the variety of regulatory mechanisms. Beyond the gene expression 

measurement, recent development in RNA-seq technology makes it possible to reconstruct the 

sequence of mRNA transcripts. The workflow of RNA sequencing technology is illustrated in 

Figure 1-1. First, mRNAs are extracted from cells by poly-A selection. Then the mRNAs are 

fragmented into short pieces usually in a range of several hundred base pairs. Two types of 

technology namely single-end and paired-end sequencing technology are available to sequence 

the fragmented mRNAs. Single-end technology starts sequencing the short mRNAs from one 

end; currently available data are usually sequenced with a length of 50 bps, 76 bps or 100 bps. 

As a more advanced technology, paired-end sequencing technology simultaneously sequences 

the two ends of the short mRNAs. Besides the nucleic acid sequence, the pair-end sequencing 

also provides the information about the length of the short mRNAs, which could help search the 

mapping positions. Since the completion of human genome project, the reference genomes of 

many species have already been assembled. With the available reference genome, the sequenced 

reads can be aligned to certain genomic locations. As exonic regions are not continuous along 

genomic location, many splice junctions could be discovered. Inspired by such findings, de novo 

assembly [28-30] and ab initio assembly [31] of transcriptome become a popular research topic 

in recent years. The assembled transcriptome helps study the detail sequence of mRNA 

transcripts and discover various novel alternative splicing events and gene fusions [32]. 

Proteomics, at the protein level, is a large-scale study of proteins in their functions and structures 

[33]. With current high-throughput mass spectrometry technology, post-translational 

modifications such as phosphorylation [34] and ubiquitination [35] can be discovered and 

quantified. As proteins work cooperatively to take effect, many protein databases have been built 

to document or archive the interactions between proteins such as the human protein database 

(HPRD) [13] and the Search Tool for the Retrieval of Interacting Genes/Proteins (STRING) [36] 

database.    
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Figure 1-1 Workflow of RNA sequencing technology. 

 

Besides the data mentioned above at DNA, mRNA and protein levels, more data are 

acquired to investigate the interaction between protein and DNA. ChIP-on-chip (Chromatin 

Immunoprecipitation on microarray chip) [37] and ChIP sequencing (ChIP-seq) [38] 

technologies are developed to measure the binding activity of transcript factors on DNA. 

Studying the protein-DNA interaction can improve our understanding of regulatory mechanisms 

in biological systems. 

1.3 Objective and statement of the problem 

In this dissertation, we will focus on developing algorithms to analyze transcriptomic 

data. Specifically, we will develop computational approaches to identify and reveal the splicing 

mechanism of biological systems using RNA-seq data. As shown in Figure 1-2, genes express to 

produce proteins through transcription and translation. Splicing is an important event happened 
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at transcription to generate various mRNAs and further translated to proteins carrying different 

functions. One of our major focuses is to identify and quantify alternative splicing transcripts or 

isoforms in each sample. Due to the heterogeneity of cancer, different patients usually have 

different splicing profiles. The large population data accumulated in recent years make it 

possible to identify isoforms existed in patients with the same phenotype. In this research, we 

also focus on identifying and quantifying splicing profiles in a group of samples with the same 

phenotype. Current deterministic approaches developed in this field cannot reliably infer the 

structure of isoforms in a confident way, due to the high complexity of data. We aim to develop 

Bayesian approaches to modeling the RNA-seq data jointly with splicing events for reliable 

isoform identification and transcript assembly. 

 

Figure 1-2 Individual and phenotype-specific splicing mechanism. 



 6 

1.3.1 A Bayesian approach for isoform identification 

The Recent development of RNA-seq technology provides a tool to analyze the 

transcriptomic sequence. Alternative splicing is a crucial event happened at transcription. 

Different splicing schemes on the same pre-mRNA will produce different mature mRNAs, and 

further produce different proteins with different functions. Studying alternative splicing can help 

us understand the underlying molecular mechanisms in biological systems beyond the scope of 

genes. With available high-quality reference genome, the RNA-seq reads are usually aligned to 

the genome. Current RNA-seq aligners such as TopHat2 [39], STAR [40] and MapSplice [41] 

can detect splice junctions between exons and introns. However, inferring the isoform structure 

with the mapped reads is still a challenging problem. One popular way to study the isoforms 

structure is using the splicing graph of exons. Using the exons as nodes and detected splice 

junctions as edges, we can build a splicing graph. The paths in the graph represent the chain of 

exons or isoforms. However, there are several challenges making it difficult to identify the 

isoforms accurately. First, there are various types of noises such as sequencing error and 

mapping error existed in RNA-seq data. Furthermore, as limited by the technology, some pre-

mRNAs are not completely depleted in the library. These errors will contribute to the 

exponentially increasing number of paths or candidate isoforms from the splicing graph. 

Moreover, over-dispersion of read counts from RNA-seq data is frequently observed from RNA-

seq data [42, 43], which leads to uncertainty in estimating the abundance and isoform existence.  

In recent years, several assemblers are developed using deterministic approaches to find 

paths that can explain the coverage of reads over the graph. Due to the complexity of the isoform 

structure, existing approaches only focus on identifying the isoforms with high abundance, which 

leaves many of the lowly expressed isoforms unidentified. To solve this problem, we propose to 

develop a Bayesian approach to model the existence and coverage of the isoforms. A Gibbs 

sampler will be further developed to estimate the joint posterior distribution of the model. As the 

final output, we will estimate the confidence of existence and corresponding abundance level for 
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each isoform, which offers us an improved performance in the identification of expressed 

isoforms.   

1.3.2 Integrated assembly of phenotype-specific transcripts 

Next-generation sequencing technology on cDNA, namely RNA-seq, has provided a way 

to sequence the transcriptome of cells. Many studies have focused on studying alternative 

splicing events and assembling transcripts using RNA-seq data. Recent development and 

lowered cost of RNA-seq sequencing technology promote the collection of data in a large 

population. ENCODE and TCGA are two projects formed recently to acquire large-scale 

sequencing data in various cancer types. Traditional methods of transcriptome assembly usually 

work on analyzing mRNA splicing transcripts in a single sample. Due to the heterogeneity of 

tissue samples, single sample splicing profile may not show the major splicing mechanisms in 

biological systems. Also, the large scale of data acquired provides a source for simultaneous 

analysis of the splicing profiles in multiple samples. However, there are several challenges in 

analyzing phenotype-specific transcriptome. As the number of samples increases, the noise 

existed in individual samples will be accumulated. The noisy junction reads will lead to much 

more complex splicing graphs, which makes it more difficult to identify true isoforms. 

Furthermore, the variance of the expression of isoforms across multiple samples also challenges 

transcript identification at the group level. 

Recently, two methods cuffmerge [44] and ISP [45] are developed for transcriptome 

assembly with multiple RNA-seq data samples. Cuffmerge is developed based on the idea of 

merging identified transcripts from individual samples, which introduces a lot of false positive 

predictions. ISP first constructs a connectivity graph using multiple samples and then uses a 

deterministic approach to identify the isoforms based on the read coverage. ISP is effective in 

removing false positives, however lowly expressed isoforms will be ignored. In this dissertation 

research, we propose to develop a Bayesian framework for identification of phenotype-specific 

transcripts from a group of samples. By modeling the transcript expression across samples, we 

can estimate the confidence of existence for each transcript. The parameters in the Bayesian 
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model can be estimated by a Gibbs sampler specially designed for phenotype-specific transcript 

assembly.  

1.4 Summary of contributions 

In this dissertation, we focus on computational modeling of RNA-seq data and alternative 

splicing to study the transcriptome of biological systems. We summarize the major contributions 

as follows: 

(1) We develop a computational method, SparseIso, to identify isoforms from RNA-seq 

data. We model the observed reads and underlying isoform coverage using a Bayesian 

framework. We use a two-parameter model (Negative Binomial model) to model the read counts 

with the segment expression, which addresses the overdispersion of segment read counts. Then 

we model the segment expression as a linear mixture of isoform expression. Due to the high 

similarity of isoform structures and noise in the RNA-seq data, we use a spike-and-slab prior to 

enforce the sparse estimation, which models both the existence and expression of isoforms. By 

using a Gibbs sampler, the joint posterior distribution of the parameters can be efficiently 

estimated. The SparseIso method is effective in evaluating the confidence of existence for each 

potential isoform, resulting in a reliable identification of the expressed isoforms in RNA-seq data.   

(2) We develop a Bayesian method, IntAPT, to assemble phenotype-specific transcripts 

from multiple RNA-seq profiles. IntAPT assembles the transcripts by first constructing a 

multiple sample splicing graph. Based on the graph structure, a two-layer Bayesian framework is 

developed to model both the reads observed in individual samples and the existence of 

transcripts in a group of samples. The dependency of isoform expression in the sample-level is 

implicitly modeled through the group-layer parameters. The two-layer model will help identify 

consistent isoform structures among multiple samples. A Gibbs sampling procedure is used to 

sample the model parameters iteratively from their conditional distributions. IntAPT provides a 
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novel way to assemble phenotype-specific transcripts instead of merging individual transcripts, 

which can help provide biologically meaningful results for transcript assembly.  

1.5 Organization of the dissertation 

In this dissertation, we develop two Bayesian methods for sample-specific and 

phenotype-specific transcript assembly. The dissertation is organized as follows: 

In Chapter 2, we discuss the proposed method, SparseIso, for identification of isoforms 

using RNA-seq data. First, we introduce the background for next-generation sequencing and the 

importance for isoform identification. Then we summarize the contribution and potential 

drawbacks of existing methods in analyzing RNA-seq data. We then introduce our Bayesian 

framework to model the observed reads and underlying isoform abundance. To estimate the 

parameters in the model, we develop a Gibbs sampler to sample the joint posterior distribution. 

To demonstrate the efficacy of our methods, we compare with existing methods on both 

simulation data and real cell line data. For simulation study, we evaluate the performance on 

both whole transcriptome scale and focused sets of genes. Furthermore, we demonstrate the 

improvements of our methods using real cell line data. Finally, we used our method to analyze 

the transcripts that are related to the E2 treatment on MCF7 cell line data. 

In Chapter 3, we discuss the proposed IntAPT method for assembling phenotype-specific 

transcripts from multiple RNA-seq profiles. We first introduce the problem and our concerns 

about existing methods. Then we design our two-layer framework modeling both the observed 

reads in the individual sample and the existence of transcripts in a group of samples. A Gibbs 

sampler is then introduced to estimate the joint posterior distribution. To evaluate the 

performance comprehensively, we first conduct simulation study to assess the methods in terms 

of different aspects such as the numbers of samples and noise levels. Furthermore, we compare 

our method with existing methods on real cell line data to demonstrate the efficacy in real 
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biomedical analysis. Finally, we apply our method onto real glioblastoma (GBM) tissue data to 

identify transcripts specific to each subtype.  

In Chapter 4 we summarize the contribution of the proposed work and potential 

improvements to the current study. We also discuss the further extension of our methods to 

related biological problems. Finally, we draw a conclusion about the dissertation work.  
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2 A Bayesian approach for isoform identification 

2.1 Introduction 

Recent studies have shown that more than 90% of the human genes undergo the 

alternative splicing to give rise to different mRNA and protein isoforms [15]. The pervasive 

alternative splicing events allow genes to produce variant proteins functioning in different 

modules, contributing to the complexity of biological systems. It is crucial to study the 

transcriptome structure for understanding the regulation mechanisms in cells. RNA-seq 

technology has revolutionized the transcriptomic study by deep sampling the transcriptome with 

tens to hundreds of millions of short reads. The massive short reads make it possible to detect 

splice junctions covered by the reads. To analyze RNA-seq data, short reads are usually first 

aligned to a reference genome by splice sequence aligners such as STAR [40] and TopHat2 [39]. 

The aligners specifically developed for RNA-seq data can also identify splice junctions by a 

spliced-mapping of short reads, which offers the opportunity to infer the structure of isoforms.  

In recent years, several computational methods have been developed to detect and 

quantify isoforms using aligned RNA-seq data. These algorithms usually start with building 

splicing graphs by identifying exons and splice junctions from short reads. In a splicing graph, 

two exons will be connected if the connection is supported by spliced reads. One way to identify 

the expressed isoforms is to enumerate all possible maximal paths of a splicing graph to find 

candidate isoforms [46]. Due to the large noise and mapping uncertainty existed in RNA-seq 

data, the isoforms enumerated are likely with a high rate of false positives. To tackle this 

problem, the idea of ‘sparsity’ has been incorporated to infer the expressed isoforms without 

overfitting the observed reads. Cufflinks [44] tries first to assemble the short reads to scaffolds 

and then build an overlap graph based on the scaffolds. The percent-splice-in (PSI) information 

is then calculated at each candidate junction. The sparsity constraint is implicitly incorporated by 

searching for a minimum set of paths that can explain the PSIs. It is an effective way to reduce 
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false positives by searching for a minimum set of paths; however, it adversely elicits Cufflinks to 

miss many truly expressed isoforms, increasing the false negative rate significantly. Several 

regularization algorithms have also been developed to address the same overfitting problem. 

IsoLasso [47] and iReckon [48] formulate the problem as a linear regression problem. The read 

coverage at each exon is modeled as a mixture of abundances of multiple isoforms. A 

regularization term is added to penalize the abundances of isoforms to enforce sparsity. CEM [49] 

is developed to address the effect of dispersed read counts observed from RNA-seq data. By 

using a Dirichlet prior, CEM penalizes on the relative abundances of isoforms. The optimal 

solution is achieved by an expectation-maximization (EM) elimination algorithm. All these 

regularization-based methods solve the mixture problem by thresholding (or discarding) the 

isoforms of low abundance, leaving those truly expressed isoforms (although of low abundance) 

unidentified. Furthermore, the optimal value of the regularization parameter is often intractable. 

Different parameter settings would give rise to different results, affecting the generalization of a 

regularization-based method when applied to various datasets. Moreover, current regularization-

based methods only have point estimation of the isoform expressions. Due to the large noise of 

RNA-seq data, interval estimation gains more confidence for abundance quantification. Recently, 

a probabilistic approach called Bayesembler [50] is developed to address the concerns about the 

thresholding-based approaches. Bayesembler uses a generative model to model the sequencing 

generation process. By using a Gibbs sampling strategy, the confidence level of the isoform 

abundance can be estimated. Bayesembler strictly defines the false isoforms as zero abundance 

isoforms; then all aligned reads will be assigned only to predicted isoforms. However, the 

sequence error and the mapping uncertainty could make the confidence level of noisy isoforms 

overestimated.  

In this chapter, we develop a new Bayesian method, SparseIso, to identify isoforms from 

RNA-seq data. We first employ a similar strategy used in IsoLasso and Bayesembler to build 

splicing graphs. To account for the overdispersion observed in RNA-seq data, we use a negative 

binomial (NB) model to model the read counts. The expressions of exons or junctions are 

modeled as mixtures of expressions of individual isoforms. We use a spike-and-slab prior to help 
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categorize the expression state of candidate isoforms into expressed and unexpressed groups. 

The actual abundance of isoform expression is modeled based on the expression state, where the 

abundance of isoforms in the unexpressed group will be restricted to be close to zero. Different 

from Bayesembler, we allow the false isoforms to have small abundance, which may help lower 

the confidence of candidate isoforms caused by the error. The expression state assignment is 

modeled as a Bernoulli process with a higher probability for the unexpressed group than the 

expressed group, which contributes to the spikes at zero in the prior distribution. The spikes at 

zero will help enforce sparsity in Bayesian estimation of expressed isoforms. By using a Gibbs 

sampling strategy, we iteratively estimate the expression state of an isoform and its actual 

abundance. The final identified set of isoforms consists of the ones with high confidence levels.  

2.2 Methods 

The flowchart of the proposed SparseIso method is shown in Figure 2-1. The algorithm 

starts with RNA-seq data aligned by splice aligners such as TopHat2. We use a similar strategy 

used in IsoLasso and Bayesembler to construct the splicing graph and enumerate the candidate 

isoforms. For each exon and splice junction identified in the graph, we use a negative binomial 

(NB) model to model the read counts and segment coverage. The segment coverage is then 

modeled as a mixture of isoform abundances. We use a spike-and-slab prior distribution to 

model the isoform abundance. By using a binary variable to indicate the expression state of 

isoforms, the candidate isoforms can be categorized into expressed and unexpressed groups. The 

variance of the isoform abundance is controlled by the expressed state. The abundance of an 

unexpressed isoform will have very low variation around 0, while the expressed isoforms can 

have higher abundances with higher variation. To infer the parameters of the Bayesian model, we 

apply a Gibbs sampling strategy to estimate the joint posterior distribution. Finally, we estimate 

the confidence level of isoforms as the frequency of selection. The final set of isoforms is 

selected from the isoforms that have the confidence level greater than 0.5. The abundance of the 
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identified isoforms can also be estimated by samples drawn from the corresponding posterior 

distribution. The dependency of the random variables used in the Bayesian model is shown in 

Figure 2-2; more details about the model variables will be described in the following sections 

 

 

 

 

Figure 2-1 A general workflow of the SparseIso method. SparseIso consists of the 

following steps: (1) splicing graph construction; (2) sampling of isoform existence; (3) 

sampling of isoform abundance.  
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Compare with existing methods, our proposed methods have several novelties. First, we 

use a novel spike-and-slab prior distribution to model the expression of isoforms, which models 

the existence of isoforms as hidden binary states. Given the variance modeled in slab part, the 

abundance of the expressed isoforms may not necessarily be high. The states of isoforms will be 

evaluated probabilistically to expressed and unexpressed group, which provides the lowly 

expressed isoforms a chance to be selected. In terms of estimation, Gibbs sampling estimates the 

joint posterior distribution instead of eliminating potential false isoforms during iterations. Based 

 

Figure 2-2 Bayesian network of the full model of SparseIso. The unshaded and shaded 

circles indicate the unobserved and observed random variables, respectively. The unobserved 

random variables need to be estimated from the Gibbs sampling approach. The arrows 

indicate the dependencies between random variables and parameters. 
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on the samples of expression states drawn, we provide a confidence level based way to prioritize 

candidate isoforms.  

 

2.2.1 Splicing graph construction and candidate isoform enumeration 

The sequence reads are first aligned to the reference genome by RNA-seq aligners such 

as TopHat [39, 51]. After aligning to the reference genome, the regions of genes can be 

identified by read clustering. Inside each region, the exons Se can be identified by the coverage 

of reads. We expect that the intron regions should have no or very low coverage of reads. The 

splice junctions Sj between exons can be identified by the spliced reads, which are mapped to 

multiple exons. Based on exons and junctions, we create a directed acyclic graph (DAG) G =

(V, E) ordered by the genomic location of exons. The vertices set V = Se ∪ Sj contains segments 

from both exons and junctions. An edge (vi, vj) ∈ E means that segments vi and vj are overlap in 

the exonic regions. The transcript start site (TSS) and transcript end site (TES) are identified by 

examining the ‘in-flow’ and ‘out-flow’ of all vertices. The term ‘in-flow’ of vi ∈ V, ϕin(vi), is 

referred to as the number of the reads falling on vi from other vertices: 

ϕin(vi) = ∑ R(vj, vi)
j:(vj,vi)∈E

,                                       (2.1) 

where R(vj, vi)  is the number of reads covering both vj  and vi . The ‘out-flow’ of vj ∈ V , 

ϕout(vi), is calculated with the number of reads starting from vi and mapping to other vertices: 

ϕout(vi) = ∑ R(vi, vj)
j:(vi,vj)∈E

.                                      (2.2) 

If vi is neither TSS nor TES, we expect that ϕin(vi) and ϕout(vi) should be close. Otherwise, vi 

should be  

{
vi is TSS, if ϕout(vi) > k1ϕin(vi) 

vi is TES, if ϕin(vi) > k2ϕout(vi)
,                                     (2.3) 

where k1 > 1  and k2 > 1  are predefined thresholds. The candidate isoform set It  will be 

enumerated as all maximal paths, which starts from TSS and ends at TES. In real cases, the size 

of set It is very large, hence the constraint of sparsity is needed to infer the correct isoform 
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structure. We use the program ‘processsam’ in the CEM package [52] to identify the gene 

regions including exon regions, intron regions, and junctions. All maximal paths starting from 

the TSS nodes and ending with TES nodes are enumerated from the graph by a depth-first search. 

2.2.2 Read count model 

In RNA-seq experiments, the reads generated can be modeled as a sampling process from 

the transcriptome. If we assume a uniform sampling process, the reads can be modeled by a 

binomial model. Poisson distribution is widely used to approximate the binomial model [53] 

when the number of reads is huge.  Due to the sequencing and positional bias of RNA-seq data, 

the reads are likely not sampled uniformly from the transcriptome [49, 54, 55]. The observed 

over-dispersion pattern of the read count distribution violates the assumption of Poisson 

distribution. Thus, a two-parameter model, NB model, is used to account for the bias in RNA-seq 

data. As unique splice junction is the key characteristic of isoforms, quantification of splice 

junctions would help resolve the isoform interpretation better. In our model, we also include 

splice junctions in the exon set to model the spliced reads. We define the segment as the union 

set of exons and splice junctions.  

For segment 𝑖 identified from the data, its read count 𝑦𝑖 follows an NB distribution as 

follows: 

  𝑦𝑖 ~ NB(𝐵𝑖𝑙𝑖/𝜏𝑖
2, 𝜏𝑖

2/(𝜏𝑖
2 + 1)),                                                 (2.4)                         

with mean 𝛣𝑖𝑙𝑖 and variance 𝛣𝑖𝑙𝑖(1 + 𝜏𝑖
2). 𝛣𝑖 is the expression level of the segment indicating 

the average number of reads sampled at each base of segment 𝑖. 𝑙𝑖 is the effective length of the 

segment representing the expected number of start sites having reads mapped within the segment, 

which is widely used for transcript quantification with RNA-seq data [56, 57]. The parameter 𝜏𝑖
2 

controls the degree of over-dispersion at segment 𝑖. If 𝜏𝑖
2 is close to 0, the NB distribution will 

approach to Poisson distribution. The NB model is equivalent to Poisson model assuming that 

the sampling probability follows a Gamma distribution.  (see Appendix A for more details). A 
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maximum likelihood estimator can be used to estimate 𝛣𝑖 and 𝜏𝑖
2 for each segment as described 

in [58].  

We use the same strategy as introduced in the count model of IsoLasso and CEM to count 

the reads for both single-end and paired-end data, knowing that the reads on segments are 

coming from different transcripts. When dealing with single-end data, we include splice 

junctions in the graph to further categorize reads. We use different strategies to process single-

end and paired-end data. For single-end data, the segment count is the number of reads mapped 

entirely within the segment. The effective length is calculated as the number of starting bases 

that a read can be mapped within the segment. For paired-end data, the fragment length 

information can help further resolve the ambiguity in read assignment (see Section 2.2.3 for 

more details). The fragment length distribution can be empirically estimated as a Gaussian 

distribution from the genes that only have a single path in the data [59]. Based on the fragment 

alignments, we enumerate “paired-end modules” from the data. Each paired-end module consists 

of two segments that have paired fragment support. A paired-end module , 𝑀 = (𝑠1, 𝑠2),  is 

regarded as valid if we can find at least one fragment with one end mapped to segment 𝑠1 and the 

other end mapped to segment 𝑠2. The effective length of a paired-end module is the expected 

number of starting sites supporting the fragment alignment. For each possible read alignment 

at 𝑠1, we calculate the probability of a paired-end alignment at 𝑠2 based on estimated fragment 

length distribution. Let 𝑙𝑀 be the effective length of a paired-end module 𝑀. 𝑙𝑀 can be calculated 

as follows: 

 𝑙𝑀 = ∑ Φ(𝑙𝑖
𝑚𝑎𝑥; 𝜇𝑙, 𝜎𝑙

2) − Φ(𝑙𝑖
𝑚𝑖𝑛 − 1; 𝜇𝑙 , 𝜎𝑙

2)
𝑙𝑠1
𝑖=1 .                         (2.5) 

Here, 𝑖  is the starting position at 𝑠1 , 𝑙𝑠1  is the effective length of 𝑠1 , Φ(𝑥; 𝜇𝑙, 𝜎𝑙
2)  is the 

cumulative distribution function of a normal distribution with mean 𝜇𝑙 and variance 𝜎𝑙
2 (which 

can be estimated from the fragment length distribution). 𝑙𝑖
𝑚𝑎𝑥  and 𝑙𝑖

𝑚𝑖𝑛 are the maximum and 

minimum possible fragment lengths, respectively, where the starting point is 𝑖 at 𝑠1 (see Section 

2.2.4 for more details). By using the paired-end module, we can better assign those uncertain 

reads on segments to candidate transcripts. We also use the NB model described above to model 
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the count of a paired-end module. For the convenience of explanation, we simply call a paired-

end module as a segment in the following context. 

2.2.3 Read assignment ambiguity 

One key problem of transcriptome assembly is to assign reads to different transcripts. 

Different from traditional exon based count model in IsoLasso [47], our segment based count 

model can help better resolve the read assignment ambiguity. Considering one example splice 

junction shown in Figure 2-3, there are two possible paths (one includes the red exon and the 

other one skips over the red exon). For the single end data shown in Figure 2-3(A), it is 

ambiguous to assign the spliced mapping reads to exons, as they are mapped to more than one 

exons. To solve this problem, we add three splice junctions (exon1-2, exon 2-3 and exon 1-3) in 

the set of segments. Then the spliced reads can be assigned uniquely to either path 1 or path 2. 

For the reads colored in green, we cannot assign them uniquely to paths, as they are mapped 

entirely within the exon. For analyzing paired-end data, we can further categorize the reads as 

follows. Given the fragment length distribution, we can assess the probability of the reads 

assignment. As shown in Figure 2-3(B), the reads in blue have both ends mapped to exon 1 and 

exon 3. If we only consider the read count, these reads will be assigned to both path 1 and path 2. 

However, the fragment length will be different if it comes from the two paths under investigation. 

If the blue reads come from path 2, the fragment should include the entire part of exon 2. If the 

blue reads come from path 1, the fragment only includes the bases on exon 1 and 3. Suppose the 

fragment lengths on path 1 and path 2 are 𝑙1 and 𝑙2 respectively. The probabilities of assigning 

reads to path 1 and path 2 are 𝑝1 = 𝑁(𝑙1; 𝜇, 𝜎2) and 𝑝2 = 𝑁(𝑙2; 𝜇, 𝜎2) by assuming a uniform 

prior probability, where 𝑁(𝑥; 𝜇, 𝜎2) is the Gaussian probability density function, and 𝜇 and σ2 

are the mean and variance of the fragment length distribution. If exon 2 is very long, then we can 

expect 𝑝1 ≫ 𝑝2. The reads can be assigned to path 1.  
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2.2.4 Effective length calculation 

For each segment, the effective length is defined as the number of start sites that could 

generate reads entirely mapped within the segment. Compared with actual segment length (the 

number of bases of the segment), using effective length will be more accurate to estimate exon 

abundance. We use different strategies for single-end and paired-end data. For single-end data, 

the effective length of the segment is the number of bases from the leftmost position and 

rightmost position, as shown in Figure 2-4(A). If segment 𝑖 is an exon, the effective length is 

𝐿𝑖 − 𝑅 + 1, where 𝑅 is the read length. If segment 𝑖 is a junction, it should include at least two 

exons. Let the length of the exons be [𝑒1, 𝑒2, … , 𝑒𝑛], we can obtain the total length 𝑒𝑏 for the 

exons between the start and end exons as follows: 

𝑒𝑏 = ∑ 𝑒𝑘

𝑛−1

𝑘=2
.                                                              (2.6) 

If segment 𝑖  only has two exons, 𝑒𝑏  is set to 0. The effective length for the junction is 

min (min(𝑒1, 𝑒2) , 𝑅 − 𝑒𝑏).  
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Figure 2-3 Examples showing the read assignment ambiguity in RNA-seq data: (A) 

single-end reads and (B) paired-end reads. 



 21 

For paired-end reads, we first consider both ends as separate single-end reads to 

enumerate segments. With the paired information, segments will be paired into paired-end 

modules. For each paired-end module, we will calculate the effective length. As shown in Figure 

2-4(B), given a possible start of the left end, we can know the maximum and minimum fragment 

length. Then the probability that a paired-end read is valid at this start site 𝑖 is  

𝑝𝑖 = Φ(𝑙𝑚𝑎𝑥(𝑖); 𝜇, 𝜎2) − Φ(𝑙𝑚𝑖𝑛(𝑖) − 1; 𝜇, 𝜎2),                          (2.7) 

where 𝑙𝑚𝑎𝑥(𝑖) and 𝑙𝑚𝑖𝑛(𝑖) are the maximum and minimum fragment lengths at starting site 𝑖, 

respectively. 𝜇 and 𝜎2 are the mean and variance of the fragment length distribution. Φ(x) is the 

cumulative distribution function of Gaussian distribution. The effective length of the paired-end 

module is  

𝑙 = ∑ 𝑝𝑖

𝑙1

𝑖=1
= ∑ Φ(𝑙𝑚𝑎𝑥(𝑖); 𝜇, 𝜎2) − Φ(𝑙𝑚𝑖𝑛(𝑖) − 1; 𝜇, 𝜎2)

𝑙1

𝑖=1
.            (2.8) 

Here 𝑙1 is the effective length of the left segment (calculated as single-end reads), 𝑙𝑚𝑎𝑥(𝑖) and 

𝑙𝑚𝑖𝑛(𝑖) are the maximum and minimum fragment lengths at starting site 𝑖. 

 

 

 

Figure 2-4 Examples showing the method to calculate the effective length: (A) single-

end segment and (B) paired-end module. 
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2.2.5 Mixture of reads from multiple transcripts 

Similar to the segment read count, the number of reads generated from transcript t at 

segment i also follows an NB distribution: 

  𝑦𝑖,𝑡 ~ NB(𝛽𝑡𝑙𝑖/𝜏𝑖
2, 𝜏𝑖

2/(𝜏𝑖
2 + 1)),                                              (2.9) 

where βt is the expression level of isoform 𝑡. The isoform structure enumerated from the splicing 

graph can be represented as a binary matrix 𝑿 with size of 𝑛 × 𝑚, where 𝑛 is the number of 

segments and 𝑚 is the number of candidate isoforms. If isoform 𝑡 has segment 𝑖, X(𝑖, 𝑡) = 1; 

otherwise, 𝑋(𝑖, 𝑡) = 0. It is important to note that we can build 𝑿 as a continuous-valued matrix 

instead of a binary matrix to model the positional dispersion over isoform [60] (i.e., reads tend to 

be biased to the 3’ end [59]). Based on 𝑿 , the read counts observed at segment 𝑖  can be 

considered as a mixture of reads from isoforms containing segment 𝑖: 

      𝑦𝑖 = ∑ 𝑋(𝑖, 𝑡)𝑦𝑖,𝑡

𝑚

𝑡=1
 ~ NB (𝑙𝑖(∑ 𝑋(𝑖, 𝑡)𝛽𝑡)

𝑚

𝑡=1
/𝜏𝑖

2, 𝜏𝑖
2/(𝜏𝑖

2 + 1)).           (2.10) 

As shown in Equation 2.10, the mixture of reads from multiple transcripts is equivalent to a 

mixture of isoform abundances.  

We assume the segment abundance follows a truncated normal distribution (with its mean 

being the linear mixture of isoform abundances): 

  𝜝|𝑿, 𝜷~𝑁+(𝑿𝜷, 𝜎2𝑰𝒏),                                                    (2.11) 

where 𝜝 = [𝐵1, … , 𝐵𝑛]𝑇 , 𝜷 = [𝛽1, … , 𝛽𝑚]𝑇 , 𝑰𝒏 is an identity matrix with size 𝑛, and 𝜎2  is the 

variance of noise. The prior distribution of 𝜎2 follows an inverse Gamma distribution: 

𝜎2~invGamma(𝑎𝜎, 𝑏𝜎)~(𝜎2)−𝑎𝜎−1 exp (−
𝑏𝜎

𝜎2
),                            (2.12) 

where 𝑎𝜎  and 𝑏𝜎  are the hyperparameters. As the number of enumerated transcripts is much 

larger than the number of segments, it is necessary to enforce the sparsity in 𝜷 to avoid the 

problem of over-fitting. In our model, we use a spike-and-slab prior [61, 62] to model 𝜷. We first 

introduce a binary variable 𝒛 = [𝑧1, 𝑧2, … , 𝑧𝑚] indicating the existence of isoforms. 𝒛 can take 

two values 𝑧0 (𝑧0 ≪ 1) and 1. If 𝑧𝑡 = 1, transcript 𝑡 is expressed; otherwise, transcript 𝑡 is not 

expressed. The distribution of 𝑧 is a mixture of 𝑧0 and 1:  
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𝑧𝑡 ~ 𝑤𝛿(𝑧𝑡 − 1) + (1 − 𝑤)𝛿(𝑧𝑡 − 𝑧0), 𝑡 = 1,2, … , 𝑚,                         (2.13) 

where 𝛿(𝑥) = 1 when 𝑥 = 0 and 𝛿(𝑥) = 0 when 𝑥 ≠ 0. 𝑤 is the prior probability for an isoform 

to express. We let w follow a Beta distribution with shape parameters 𝑎𝑤  and 𝑏𝑤; 𝑤 favors a 

small value to introduce the sparsity in the model.  

Based on the expression state of isoform 𝒛 , we model 𝜷  by a truncated normal 

distribution: 

  𝛽𝑡|𝛾𝑡
2, 𝑧𝑡~𝑁+(0, 𝑧𝑡𝛾𝑡

2), 𝑡 = 1,2, … , 𝑚,                                       (2.14) 

where 𝑁+(0, 𝑧𝑡𝛾𝑡
2) is the truncated normal distribution with zero mean and variance of 𝑧𝑡𝛾𝑡

2, and 

𝜸𝟐 = [𝛾1
2, 𝛾2

2, … , 𝛾𝑚
2 ] is a parameter controlling the variability of isoform abundance. The prior 

distribution of 𝛾𝑡
2 follows an inverse Gamma distribution: 

𝛾𝑡
2~invGamma(𝑎𝛾, 𝑏𝛾)~(𝛾𝑡

2)𝑎𝛾−1 exp (−
𝑏𝛾

𝛾𝑡
2),                            (2.15) 

where 𝑎𝛾  and 𝑏𝛾  are the hyperparameters. Note that modeling 𝜷 by a normal distribution can 

guarantee the conjugacy of the model, as normal distribution is the conjugate prior distribution of 

a normal distribution with known variance. If 𝑧𝑡 = 𝑧0, the variance of 𝛽𝑡 is 𝑧0𝛾𝑡
2, which is very 

close to 0. As limited by the variance, isoform 𝑡 is highly probable to be not expressed with 

abundance close to 0. If 𝑧𝑡 = 1, the variance of 𝛽𝑡 is 𝛾𝑡
2, which can be a large value. In this case 

isoform 𝑡 will be classified as expressed, as the abundance is more likely to be significantly 

larger than 0. With a small value of 𝑤, the marginal distribution of 𝜷 would have a high spike 

very close to 0 and another part (slab) larger than 0. Here we set to draw samples of 𝜷. Figure 2-

5 shows a plot of the distribution of 𝜷 with 𝑤 = 0.1,  𝑎𝛾 = 1 and 𝑏𝛾 = 1. It is clear to see that 

there is a spike close to 0 and another portion on the region larger than 0.  
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2.2.6 Estimate the parameters using Gibbs sampling 

Due to the conjugacy of our prior model, we can utilize Gibbs sampling to estimate the 

parameters given the candidate isoform structure 𝑿 and estimated segment abundance 𝜝. By 

sampling from the conditional distribution of the parameters set [𝜷, 𝒛, 𝛾2, 𝜎2, 𝑤], we aim for an 

accurate inference of expressed isoforms 𝐳 and corresponding abundance 𝛃. The joint posterior 

distribution of all parameters can be factorized as follows: 

𝑝(𝜷, 𝜸𝟐, 𝒛, 𝜎2, 𝑤|𝑿, 𝚩) 

~𝑝(𝑩|𝑿, 𝜷, 𝜎2) × 𝑝(𝜷|𝜸𝟐, 𝒛) × 𝑝(𝜸𝟐) × 𝑝(𝒛|𝑤) × 𝑝(𝑤) × 𝑝(𝜎2),  

~𝑁+(𝚩; 𝑿𝜷, 𝜎2𝑰𝑛) 

× [∏ 𝑁+(𝛽𝑡; 0, 𝑧𝑡𝛾𝑡
2)

𝑚

𝑡=1
] × [∑ (𝛾𝑡

2)𝑎𝛾−1 exp (−
𝑏𝛾

𝛾𝑡
2)

𝑚

𝑡=1
] 

× 𝑤∑ 𝛿(𝑧𝑡−1)𝑚
𝑡=1 (1 − 𝑤)∑ 𝛿(𝑧𝑡−𝑧0)𝑚

𝑡=1 × Beta(𝑤; 𝑎𝑤, 𝑏𝑤) 

 

Figure 2-5 Example of spikes and slab distribution of 𝜷 
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× [(𝜎2)−𝑎𝜎−1 exp (−
𝑏𝜎

𝜎2)].                                                                                                        (2.16) 

The conditional distribution of 𝜷 follows a truncated normal distribution: 

𝑝(𝜷|𝑩, 𝑿, 𝒛, 𝜸𝟐, 𝜎2)~ 𝑁+(𝚩; 𝑿𝜷, 𝜎2𝑰𝑛) × [∏ 𝑁+(𝛽𝑡; 0, 𝑧𝑡𝛾𝑡
2)

𝑚

𝑡=1
] 

~ exp (−
1

2𝜎2
(𝚩 − 𝑿𝜷)𝑇(𝚩 − 𝑿𝜷) − ∑

𝛽𝑡
2

2𝑧𝑡𝛾𝑡
2

𝑚

𝑡=1
) 𝐼(𝜷 ≥ 0)(assume 𝚩 ≥ 𝟎) 

~ exp (−
1

2𝜎2
(𝜷 − 𝑨−𝟏𝑿𝑻𝚩) 𝑨 (𝜷 − 𝑨−𝟏𝑿𝑻𝚩))  𝐼(𝜷 ≥ 0) 

~𝑁+(𝑨−𝟏𝑿𝑻𝑩, 𝜎2𝑨−𝟏),                                                                                                             (2.17) 

where  𝑨 = 𝑿𝑻𝑿 + 𝜎2𝑫𝜸
−𝟏  and 𝑫𝜸  is a diagonal matrix with its diagonal elements being 

[𝑧1𝛾1
2, … , 𝑧𝑚𝛾𝑚

2 ]. In order to draw samples from truncated normal distribution, we use the Gibbs 

sampler introduced in [63]. Here the term 𝑿𝑻𝑿 in 𝑨 measures the structure correlation between 

isoforms, which affects both the mean and variance of sampled 𝜷 . More segments shared 

between two isoforms will lead to a negative correlation, and result in a smaller probability in 

expressing both isoforms simultaneously. In order to draw samples from the truncated normal 

distribution, we use a Gibbs sampler introduced in [63] (see Appendix B for more details). The 

samples of noise 𝜎2 can be drawn from its conditional distribution (inverse gamma distribution): 

𝑝(𝜎2|𝑩, 𝑿, 𝜷)~𝑁+(𝚩; 𝑿𝜷, 𝜎2𝑰𝑛) × [(𝜎2)−𝑎𝜎−1 exp (−
𝑏𝜎

𝜎2
)] 

~(𝜎2)−𝑎𝜎−1 exp (−
1

2𝜎2
(𝚩 − 𝑿𝜷)𝑇(𝚩 − 𝑿𝜷) −

𝑏𝜎

𝜎2
) 

~ invGamma (
n

2
+ aσ,

1

2
(𝑩 − 𝑿𝜷)𝑇(𝑩 − 𝑿𝜷) + 𝑏𝜎).                                                                    (2.18) 

Similar to the prior distribution, the conditional distribution of 𝒛 is also a mixture of 𝑧0 and 1: 

𝑧𝑡|𝛾𝑡
2, 𝑤, 𝛽𝑡~𝑁+(𝛽𝑡; 0, 𝑧𝑡𝛾𝑡

2) × 𝑤𝛿(𝑧𝑡−1)(1 − 𝑤)𝛿(𝑧𝑡−𝑧0) 

~
1

√2𝜋𝑧𝑡𝛾𝑡
2

exp(−
𝛽𝑡

2

2𝑧𝑡𝛾𝑡
2) × 𝑤𝛿(𝑧𝑡−1)(1 − 𝑤)𝛿(𝑧𝑡−𝑧0) 

 Therefore, the elements of 𝒛 are sampled independently from 

𝑝(𝑧𝑡|𝛾𝑡
2, 𝑤, 𝛽𝑡)~

𝑤1

𝑤1 + 𝑤2
𝛿(𝑧𝑡 − 𝑧0) +

𝑤2

𝑤1 + 𝑤2
𝛿(𝑧𝑡 − 1),                (2.19) 
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where 𝑤1 = (1 − 𝑤)𝑧0
−1/2

exp(−
𝛽𝑡

2

2𝑧0𝛾𝑡
2) and 𝑤2 = 𝑤 exp(−

𝛽𝑡
2

2𝛾𝑡
2). The conditional distribution of 

𝛾𝑡
2 follows an inverse Gamma distribution given by: 

𝑝(𝛾𝑡
2|𝛽𝑡, 𝑧𝑡)~𝑁+(𝛽𝑡; 0, 𝑧𝑡𝛾𝑡

2) × (𝛾𝑡
2)𝑎𝛾−1 exp (−

𝑏𝛾

𝛾𝑡
2) 

~
(𝛾𝑡

2)𝑎𝛾−1

√2𝜋𝑧𝑡𝛾𝑡
2

exp(−
𝛽𝑡

2

2𝑧𝑡𝛾𝑡
2 −

𝑏𝛾

𝛾𝑡
2) 

~invGamma (a𝛾 +
1

2
, bγ +

𝛽𝑗
2

2𝑧𝑗
).                                                                                                (2.20) 

Finally, the parameter w  can be sampled from the Beta distribution with shape 𝑎𝑤 +

∑ 𝛿(𝑧𝑡 − 1)𝑚
𝑡=1  and 𝑏𝑤 + ∑ 𝛿(𝑧𝑡 − 𝑧0)𝑚

𝑡=1 . The detailed sampling procedure can be summarized 

as follows: 

Algorithm SparseIso 

Input: Segment expression 𝚩, isoform configuration 𝑿, segment length 𝑳, number of 

iterations 𝑇, number of burnin iterations 𝑇𝑏. 

Output: Identified isoform set 𝑰𝑡, isoform expression 𝛃, 

Initialization: 

Set number of segments 𝑛 = # of rows of 𝑿 , number of isoforms 𝑚 =

# of columns of 𝑿  

Set 𝑰𝑡 = ∅ 

Initialize 𝜷 = 𝟎𝑚×1, 𝒛 = 𝟏𝑚×1 and 𝜎2 = 0.01 

Initialize 𝜸𝟐 = 𝟏𝑚×1 and w = 0.1 

Set 𝑧0 = 5𝑒-5, 𝑎𝜎 =1e-3, 𝑏𝜎 =1e3, 𝑎𝑤 = 1, 𝑏𝜆 = 9, 𝑎𝛾 = 1 and 𝑏𝛾 = 1 

Parameter estimation: 

For t = 1 to T do 

Set 𝑫𝛾 = diag(𝐳𝛄𝟐), 𝑨 = 𝑿𝑻𝑿 + 𝑫𝜸
−𝟏. 

Sample 𝛃 from 𝑁+(𝑨−𝟏𝑿𝑻𝚩, 𝜎2𝑨−𝟏). 

Sample 𝜎2  from InverseGamma (
n

2
+ aσ,

1

2
(𝚩 − 𝑿𝛃 )𝑇(𝚩 − 𝑿𝛃 ) +

1

2
𝛃T𝑫𝜸

−1𝛃 +

𝑏𝜎) 

For 𝑖 = 1 to 𝑚 do 

              𝑤1 = (1 − 𝑤)𝑧0
−1/2

exp(−𝛽𝑖
2/2𝑧0𝛾𝑖

2) and 𝑤2 = 𝑤 exp(−𝛽𝑖
2/2𝛾𝑖

2)  

              Sample zi from Bernoulli trial with p(zi = 1) = w2/ (𝑤1 + 𝑤2) 

  Sample 𝛾𝑖
2 from InverseGamma(𝑎𝛾 +

1

2
, 𝑏𝛾 + 𝛽𝑖

2/2𝑧𝑖) 
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end for 

Sample 𝑤 from Beta(𝑎𝑤 + #(𝒛 = 1), bw + #(𝐳 = 𝑧0)) 

if 𝑡 > 𝑇𝑏 do 

   Record 𝛃 in 𝛃𝐫𝐞𝐜 

   Record 𝐳 in 𝐙 

end if 

    end for 

�̂� = median(𝛃𝐫𝐞𝐜) 

�̂� = mean(𝐙) 

𝐈𝐭 = {𝐢𝐬𝐨𝐟𝐨𝐫𝐦 𝐢|𝐳�̂� > 𝐭𝐡𝐫𝐞𝐬𝐡𝐨𝐥𝐝}  

 

2.2.7 Implementation and availability 

The SparseIso algorithm is implemented as a C++ package available at 

http://github.com/henryxushi/SparseIso. The package supports parallel computing on multicore 

machines, which accelerates the analysis of large-scale genomic data. For a reasonable size of 

data (about 74 million reads), the package takes approximately 0.8 hours on 10 CPU cores to 

analyze the data, which is faster than existing methods such as Cufflinks (1 hour on 10 CPU 

cores) and Bayesembler (1.1 hours on 10 CPU cores). The package requires input from the 

alignment of RNA-seq reads from spliced aligners such as TopHat2. The identified transcripts or 

isoforms are formatted in GTF format. 

2.3 Results 

We compared SparseIso with five existing methods, Cufflinks (v2.1.1) [44], IsoLasso 

(v2.6) [47], CEM (v2.6) [49], FlipFlop (v1.12.0) [64] and Bayesembler (v1.2.0) [50] on both 

simulated data and real cell line data. We have conducted two types of simulated studies to 

evaluate the performance on both whole transcriptome scale and focused categories of isoforms. 

The focused simulation study is designed to evaluate the methods for genes with different levels 
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of complexities. For each type of simulated data, we generated both single-end and paired-end 

data for evaluation. As Bayesembler can only take paired-end data, it was not included in the 

single-end data study. We used default settings for all assemblers, except the parameters of 

fragment length distribution in FlipFlop were estimated using Cufflinks. 

The performance was evaluated by recall (or sensitivity), precision and F-score. Recall is 

defined as the fraction of the reference isoforms that are correctly identified; Precision is defined 

as the fraction of the identified isoforms that are present in the set of simulated isoforms; F-score 

is calculated as a harmonic mean of precision and recall (2*(precision*recall)/(precision+recall)), 

which gives an overall evaluation of the identification performance. An identified isoform is 

considered to be correctly assembled if we could find intron chain match in the reference isoform 

set. Due to the bias in RNA-seq experiment, it is especially difficult to identify precise transcript 

start or end locus in the genome. Using the intron chain instead of exon chain allows position 

variation at the 5’ or 3’ end of the isoforms. We used a tool in the Cufflinks package, 

Cuffcompare as implemented with the same matching strategy [44], to analyze the identified 

isoforms.  

2.3.1 Performance evaluation using whole transcriptome simulation data 

We first simulated 80 million both single-end and paired-end RNA-seq reads from 

RefSeq human transcripts [65] (annotated in the UCSC human genome hg19 [66]) using the Flux 

Simulator [67]. The expression of isoforms in the whole transcriptome was simulated using the 

default settings of the Flux Simulator. The short reads were then aligned to the reference genome 

by TopHat2 (v2.0.11). The performance was evaluated by recall, precision and F-score. To 

compute the recall, the isoforms with simulated FPKM larger than 0.5 are selected as the ground 

truth. To evaluate the variation of performance, we generated 10 simulated datasets for both 

single-end and paired-end data. Figure 2-6(A) and (C) show the performance on single-end and 

paired-end data. It can be seen that SparseIso outperformed the other assemblers in precision, 

recall and F-score. As SparseIso allows the lowly expressed isoforms (i.e. FPKM < 10) to be 

sampled, the improvement of performance is more significant in recall. Among the existing 
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assemblers, 

 

Bayesembler performed the best, which demonstrates the efficiency of sampling based method. 

Cufflinks had the lowest recall, as it tries to search for the minimum number of isoforms. 

Compared to SparseIso, CEM predicted about 180% more isoforms, which significantly lowers 

the precision. We also evaluated the performance of abundance estimation on the isoforms that 

are correctly assembled by all assemblers (Figure 2-7). The calculated Spearman correlation 

 

Figure 2-6 Performance evaluation on whole transcriptome simulation data. (A) single-

end data and (C) paired-end data. The relationship between recall and FPKM: (B) single-end 

data and (D) paired-end data. 
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shows that all assemblers have a very high accuracy in abundance estimation. Moreover, we 

assessed the performance of SparseIso with different thresholds on the confidence of existence 

(Figure 2-8). As the threshold increases, SparseIso tends to predict fewer isoforms with a higher 

confidence level, which leads to higher precision but lower sensitivity or recall.   

 

 

 
Figure 2-7 Performance of abundance estimation: (A) single-end data and (B) paired-end 

data. 
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We further evaluated the performance of all assemblers under different simulated 

abundance. Figure 2-6(B) and (D) shows the curve representing the relationship between the 

recall and simulated abundance of single-end data and paired-end data, respectively. The 

abundance of isoforms is quantified in fragments per kilobase of transcript per million mapped 

 

 
Figure 2-8 Performance evaluation of SparseIso with different thresholds of confidence 

level: (A) single-end data and (B) paired-end data. 
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reads (FPKM). As shown in the figure, SparseIso had higher recall under a different level of 

abundance consistently, especially for lowly expressed isoforms (FPKM < 10). 

 

Lowly expressed isoforms are of a limited number of sequenced reads, making them difficult to 

be identified from candidate isoforms. For the deterministic methods such as IsoLasso and CEM, 

isoforms of low abundance are likely to be filtered out as noise by the thresholding step. By 

 

 
Figure 2-9  Performance evaluation of the competing methods with HISAT2 aligner: 

(A) single-end data and (B) paired-end data. 
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virtue of the sampling approach in SparseIso, we estimated the joint probability distribution of 

all the candidate transcripts. The lowly expressed isoforms would still have a high chance to be 

selected. In Bayesembler, it first samples the number of expressed isoforms based on a Bayesian 

inference framework. If the number of expressed isoforms is lower than the sampled value, some 

isoforms are randomly selected as expressed even though they are from the unexpressed group. 

 

 
 

Figure 2-10 Performance evaluation of the competing methods with STAR aligner: (A) 

single-end data and (B) paired-end data. 
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Different from Bayesembler, SparseIso considers the correlation of structure of all isoforms 

instead of random selection. The reads are fitted to all candidate isoforms rather than those in the 

expressed group only, which allows the isoforms in the unexpressed group to carry some noisy 

reads. As guided by the isoform structure, SparseIso can help identify more truly expressed 

transcripts than Bayesembler. To further evaluate the methods with different aligners, we have 

compared the performance using HISAT2 aligner v2.1.0 and STAR aligner v2.5.3 (Figure 2-9 

and 2-10). Bayesembler is not included in this study as the software package is only compatible 

with Tophat2 aligner. The results show that SparseIso outperforms existing methods with 

different alignment tools. 

2.3.2 Performance evaluation with different numbers of expressed transcripts 

As we observed that the complexity of the splicing graph structure increased drastically 

with the number of expressed transcripts in the gene, we categorized the RefSeq genes into 

different groups based on the number of annotated isoforms of each gene. We selected genes 

with a number of isoforms of 1 to 8, which covered more than 98% of genes. For each group of 

genes, we randomly selected 80 to 150 genes to generate both single-end and paired-end 

simulation data using RNASeqReadSimulator [49]. The abundances of isoforms (the number of 

reads per base) were simulated from a Gamma distribution with mean 0.5 and variance 2. To 

maintain the complexity of the graph, we confirmed that every simulated isoform was expressed 

in the data by setting a low threshold of 0.05 to the isoform expressions. The number of reads 

simulated was set proportional to the expression level of all the isoforms in a range of 10 to 20 

million. The read length was set as 100 for both types of data. For the paired-end data, the 

fragment length was simulated from a Gaussian distribution with a mean of 200 and standard 

deviation of 20 (the default setting of RNASeqReadSimulator). We generated 10 simulation 

datasets for each case to evaluate the variation of performance. 

Figure 2-11(A), (B) and (C) show the F-score, recall and precision in the paired-end data 

study. The performance of single-end study is shown in Figure 2-12. It can be seen from the 

figures that SparseIso outperformed all the existing methods regarding F-score, especially for the 
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genes with a higher number of isoforms. Among the existing methods, Bayesembler performed 

the best, demonstrating the advantage of using the sampling strategy. As the structure of single 

isoform genes is very simple, all method can achieve an F-score over 0.95. In all the 8 groups of 

 
 

Figure 2-11 Performance evaluation on paired-end simulation data. (A) overall 

performance of isoform identification evaluated by F-score; (B) recall performance; (C) 

precision performance; (D) precision performance when all as-assemblers operate at the 

same recall performance. 
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genes, the precisions of all methods were comparable, while SparseIso achieved a significantly 

improved performance in terms of recall. When the number of isoforms is low, the number of 

candidate isoforms enumerated from the splicing graph is small. All assemblers can achieve 

great performance in inferring true isoform structures from a small set of candidate isoforms.  

 
 

Figure 2-12 Performance evaluation on single-end simulation data. (A) overall 

performance of isoform identification evaluated by F-score; (B) recall performance; (C) 

precision performance; (D) precision performance when all as-assemblers operate at the 

same recall performance. 
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As the number of isoforms in genes increases, the complexity of the splicing graph increases 

drastically. To maintain the precision, all the methods need to remove the potential false positive 

calls, which decreases the recall performance. It can be seen that Cufflinks achieved most 

accurate results for the genes with the number of isoforms of 6 to 8, but the recall was very low.  

Moreover, we further tested the precision performance when all methods had similar 

performance of recall. We set different thresholds of the predicted isoform abundance for all the 

methods to make them have the same recall performance (as the lowest recall value among all 

assemblers). Figure 2-11(D) shows the precision of the four methods with the same recall 

performance. It can be seen that SparseIso achieved higher precision than other competing 

methods. 

2.3.3 Performance evaluation by real RNA-seq data 

We applied SparseIso and existing methods onto three human MCF7 breast cancer cell 

line data and three H1 embryonic stem cell line data (acquired in the ENCODE project [17]) to 

identify isoforms. The raw sequences were downloaded from the UCSC genome browser [68], 

which consist of about 50 to 70 million reads of 76 bps paired-end data sequenced on Illumina 

platform in each sample. The detail information of the cell line data used in this study is 

summarized in Table 2-1. All the reads were aligned to the UCSC human genome hg19 by 

Tophat2 (v2.0.11).  

We first evaluated the performance of assemblers by comparing the identified isoforms 

with a reference isoform set. As the ground-truth of expressed isoforms is not available for the 

ENCODE data, we opted to use an alternative to evaluate the performance of competing methods 

in terms of precision and recall. Recently, several studies used Pacific Biosciences (PacBio) 

sequencing platform to identify novel transcript isoforms. Different from high-throughput RNA-

seq technology, the PacBio sequencing platform can generate much longer reads with a relatively 

lower throughput than the Illumina platform. As the read length is much longer, the reads can 

span multiple splicing junctions or entire transcript, which alleviates the problem of inferring the 

combination of splicing junctions. In this study, we used the MCF7 transcriptome assembled by 
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PacBio [69] and the H1 transcriptome assembled by a hybrid method of Illumina and PacBio 

reads [70] to validate our identified isoforms from short sequenced RNA-seq reads. Consider the 

sensitivity of PacBio sequencing platform, some lowly expressed isoforms might not be 

sequenced. To comprehensively evaluate the performance, we combined the PacBio assembled 

transcriptome with known, annotated transcripts from RefSeq genes as a reference isoform set to 

compare with the identified isoforms.  

 

Table 2-1 Datasets used in real data study 

Sample UCSC Object Name 
Read pairs 

(million) 

MCF7-rep1 wgEncodeCaltechRnaSeqMcf7R2x75Il200FastqRep1 73.9 

MCF7-rep2 wgEncodeCaltechRnaSeqMcf7R2x75Il200FastqRep2 69.1 

MCF7-rep3 wgEncodeCaltechRnaSeqMcf7R2x75Il200FastqRep3 73.6 

H1-rep1 wgEncodeCaltechRnaSeqH1hescR2x75Il200FastqRep1 48.5 

H1-rep2 wgEncodeCaltechRnaSeqH1hescR2x75Il200FastqRep2 50.2 

H1-rep3 wgEncodeCaltechRnaSeqH1hescR2x75Il200FastqRep3 50.3 

 

Considering the estimated abundance bias of identified isoforms among assemblers, we 

used a curve-based method to evaluate the performance [50]. By adjusting the threshold of 

abundance from high to low, we can generate different numbers of identified transcripts for each 

method, and calculate the number of matched transcripts. Then we can plot a curve of the 

number of matched transcripts against the corresponding number of predicted transcripts. The 

slope and height of the curve represent the precision and recall of the assemblers. Figure 2-13(A) 

and Figure 2-14 show the curves for MCF7 replicates, and the curves for H1 replicates are 

shown in Figure 2-13(B) and Figure 2-15. The curves are very similar for the replicates of the 

same cell line. It can be seen from the figure that the curves of SparseIso and Bayesembler 

increase much faster and finally reach a higher point than the other assemblers, showing that the 
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two methods are of a significant performance advantage in terms of precision and recall. 

 

Compared with Bayesembler, SparseIso exhibits a similar performance in precision and recall 

for detecting top 15,000 isoforms. However, the curve of SparseIso increases much faster and 

higher later on, which shows that SparseIso has a significant improvement over Bayesembler in 

both precision and recall for identification of the isoforms of relatively low abundance.  

 

 

 
Figure 2-13 Performance evaluation of all assemblers on MCF7 and H1 cell line data 

using PacBio transcriptome and RefSeq annotation: (A) MCF7-rep1 and (B) H1-rep1. 

 
Figure 2-14 Performance evaluation of all assemblers on MCF7 cell line data using 

PacBio transcriptome and RefSeq annotation: (A) MCF7-rep2 and (B) MCF7-rep3. 

A B
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Besides the performance evaluation at the transcript level, we also evaluated all the 

assemblers at the gene level. In this study, we compared the identified genes (of which the 

identified isoforms originated from) with the genes in the reference set. Precision is the 

percentage of identified genes that match the reference set, and recall is the percentage of genes 

in the reference set that are correctly identified. The scatter plot of precision and recall at the 

gene level of all assemblers are shown in Figure 2-16, Figure 2-17 and Figure 2-18. As seen in 

the figures, SparseIso outperforms existing assemblers especially in terms of precision. 

Compared with Bayesember (the best performed among existing methods), SparseIso has a 

similar recall performance but with 30.56% and 31.25% increases of precision in MCF7 cell line 

data and H1 cell line data, respectively.  The results demonstrate that SparseIso can identify gene 

regions more accurately than existing methods.  

 
Figure 2-15 Performance evaluation of all assemblers on H1 cell line data using PacBio 

transcriptome and RefSeq annotation: (A) H1-rep2 and (B) H1-rep3. 

A B
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Figure 2-16 Performance evaluation at the gene level of all assemblers on MCF7 and 

H1 cell line data using PacBio transcriptome RefSeq annotation: (A) MCF7-rep1 and 

(B) H1-rep1. 

 
Figure 2-17 Performance evaluation at the gene level of all assemblers on MCF7 and 

H1 cell line data using PacBio transcriptome RefSeq annotation: (A) MCF7-rep2 and 

(B) MCF7-rep3.  

A B
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Finally, we examined the consistency of assembled transcripts from multiple replicates to 

evaluate the performance. The use of multiple runs of MCF7 and H1 cell line data in our study 

provided a pairwise validation between data to validate the identified isoforms. Even if an 

isoform cannot be verified in known annotation, we would confirm the expression of the isoform 

if the same splicing structure is observed in another sample. We defined the confirmed set of 

isoforms as the identified isoforms from two datasets sharing the same intron chain. We 

employed a pairwise comparison between the identified isoform sets from the three replicates of 

the same cell type. We also set different thresholds on abundance to generate isoform sets with 

different sizes and plotted the curve of the number of confirmed transcripts against the 

corresponding number of predicted transcripts. The pairwise comparison curves for all the cell 

line data are shown in Figure 2-19, 2-10 and 2-11. It can be seen that the identified isoforms 

from SparseIso are much more consistent across different runs than other assemblers. The 

performance of SparseIso is the highest among all assemblers in terms of precision and recall. 

 
Figure 2-18 Isoform evaluation in gene level of assemblers on H1cell line data by using 

PacBio transcriptome and RefSeq annotation: (A) H1-rep2 and (B) H1-rep3. 

A B
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Compared with the isoforms validated by the reference isoform set, SparseIso identified more 

than 1,011 (7.45%) verified isoforms in average.  

 

 

 
Figure 2-19 Pairwise comparison of identified isoforms by all assemblers: (A) MCF7-

rep1 vs. MCF7-rep2, and (B) H1-rep1 vs. H1-rep2. 

 
Figure 2-20 Pairwise comparison of identified isoforms by assemblers on MCF7 cell 

line data: (A) MCF7-rep1 vs. MCF7-rep3 and (B) MCF7-rep2 vs. MCF7-rep3. 

A B
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2.3.4 Breast cancer cell line study 

To further demonstrate the effectiveness of SparseIso in real data study, we evaluated the 

isoforms identified from the MCF7 cell line (ENCODE project [17]) on another MCF7 time-

course RNA-seq data (GEO accession no. GSE62789) [71]. The MCF7 data were sequenced at 

10 time points: 0, 5, 10, 20, 40, 80, 160, 320, 640 and 1280 min after E2 stimulation. We 

downloaded the raw sequence data and aligned to the hg19 reference genome by TopHat2. To 

build a reference isoform set for quantification, we first categorized the identified isoforms by 

comparing with the RefSeq annotation using the tool Cuffcompare. Cuffcompare uses 12 class 

codes to annotate the identified isoforms. Among all identified isoforms, we selected the 

potentially novel isoforms (class code ‘j’) identified in more than one replicates as a complement 

to the RefSeq annotation. In total, the reference isoform set consists of 11023 novel isoforms and 

57240 known isoforms from RefSeq annotation. We estimated the abundance of reference 

isoform set using RSEM [72]. If one isoform has FPKM of less than 1 in one sample, it is 

labeled as not expressed in the sample. We filtered out all the isoforms that do not express in 

more than 8 samples. The expression of isoforms was further transformed to log scale from 

 
Figure 2-21 Pairwise comparison of identified isoforms by assemblers on H1 cell line 

data: (A) H1-rep1 vs. H1-rep3 and (B) H1-rep2 vs. H1-rep3. 

A B
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FPKM. We further filtered out all the isoform with variance less than 2 for analysis. Finally, we 

have applied hierarchical clustering on the isoforms originated from the genes (2113 genes and 

5955 isoforms) that have at least one novel isoforms identified. The isoforms form four clusters 

with different patterns. The heatmap is shown in Figure 2-22. The corresponding genes in each 

cluster were analyzed using DAVID functional analysis tool [73]. The details of the functional 

annotation results were shown in Table 2-2. The functional analysis results show that all clusters 

are enriched in cell cycle and DNA repair, which are closely related to cell development. Cluster 

1 and 4 are more enriched in breast cancer related signaling pathways such as ErbB signaling 

pathway, FoxO signaling pathway, AMPK signaling pathway and NFKB signaling pathway. 

Especially, AMPK signaling pathway is proved to be related to E2 stimulation [74]. In addition, 

we also found 702 genes that have alternative isoforms with different expression patterns, which 

indicates that the isoforms of the same gene may have different functional roles in biological 

systems. Some of the genes have already been proven to have alternative isoforms with different 

activities. For example, NUMB has six isoforms with distinct functions in cancer [75] and the 

isoforms of DVL express substantially different in different breast cancer cell lines [76].  

 

 
Figure 2-22 Heatmap of isoform clusters on MCF7 time-course data. 
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Table 2-2 Enriched signaling pathways and GO functions 

Cluster Enriched pathways and GO functions p-value 

Cluster 1 

Cell cycle 7.8E-7 

FoxO signaling pathways 5.9E-3 

ErbB signaling pathways 8.5E-3 

AMPK signaling pathways 1.2E-2 

Cluster 2 

Cell cycle 3.8E-6 

DNA repair 5.5E-3 

Notch signaling pathways 4.4E-2 

Cluster 3 

Cell cycle 8.6E-12 

DNA repair 1.8E-7 

mRNA splicing 1.7E-4 

Cluster 4 

Cell cycle 2.2E-10 

DNA repair 1.1E-6 

NFKB signaling pathway 9.9E-2 

ErbB signaling pathway 9.9E-2 

2.4 Discussion 

We develop a new Bayesian approach to identify expressed isoforms from RNA-seq data. 

Comparing with existing read count-based methods, we consider the reads falling on both splice 

junctions and exons. The inclusion of junction counts in the model helps resolve the read 

assignment better. Taking advantage of paired-end RNA-seq data, we also incorporate the 

concept of paired-end modules to better estimate the abundance level. Considering the positional 

bias and sequencing bias in the RNA-seq experiment, we use an NB model together with a 

global bias curve introduced in [60] to address the count variation. The abundance levels of 

segments are modeled as a mixture of counts from isoforms. Sparsity in expressed isoforms is 

enforced by a spike-and-slab prior distribution. The model parameters are iteratively estimated 
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by a Gibbs sampling procedure. Different from deterministic approaches, our sampling approach 

iteratively estimates the joint posterior distribution rather than thresholding the lowly expressed 

isoforms. It is not necessary that an expressed isoform must be highly expressed. Instead of using 

the abundance of isoforms as a measure, we calculate the confidence level as a statistical 

measure to prioritize all candidate transcripts.  

Compared with Bayesembler (a sampling-based method as recently developed), our 

SparseIso has several improvements for isoform identification. Bayesembler identifies all 

transcripts with nonzero counts as expressed transcripts, which may include some transcripts 

mainly constructed by error reads. In contrast, our SparseIso method allows the false transcripts 

to have reasonable low abundance. As described in [50], Bayesembler determines the number of 

expressed transcripts before assigning the reads to the expressed transcripts. It will randomly 

sample transcript index from the unexpressed set of transcripts if the estimated number of 

expressed isoforms is greater than the number of isoforms with the nonzero count. Assigning 

reads to a subset of candidate transcripts provides a local view of isoform selection; some reads, 

however, may be incorrectly assigned to unexpressed isoforms. In SparseIso, we sample the 

transcript abundance considering all candidate isoforms to find a global view of isoform 

selection. The preference of selecting isoforms is determined by both the expression state and the 

correlation of isoform structure modeled in the covariance matrix.  

2.5 Conclusion 

We have developed a Bayesian algorithm for transcript isoform identification from RNA-seq 

data. Based on aligned short reads, we construct splicing graph and enumerate candidate 

transcript isoforms for each gene region. By using a spikes-and-slab prior for candidate isoform 

abundance, we can accurately identify truly expressed isoforms with an inference of the read 

coverage observed from data. Studies on simulation data and real cell line data have shown that 

our algorithm can achieve better performance than existing methods. 
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3 Integrated assembly of phenotype-specific 
transcripts 

3.1 Introduction 

Recently, high-throughput RNA sequencing (RNA-seq) technologies have revolutionized 

the study of transcriptome in the field of cancer biology. By deep sampling of the transcriptome, 

RNA-seq can not only quantify the transcript accurately but also enable the identification of 

transcript isoforms, alternative splice junctions and gene fusions [77]. Studies have shown that 

over 90% of human genes undergo alternative splicing events [15]. Reconstructing the 

transcriptome is crucial for understanding complex biological systems comprehensively [78]. 

However, as limited by the read length, the reads only carry limited local information, which 

leads to a large number of candidate isoforms to be possibly considered. Also, due to the high 

variability of RNA-seq data [79], transcriptome reconstruction becomes even more challenging 

for the isoforms with subtle structural differences and the transcribed regions with low coverage.  

There are two categories of assembly algorithms, namely de novo and reference-based 

(ab initio) transcriptome assembly methods, in the field to solve this problem. De novo 

algorithms [28, 80] directly work on the raw nucleotide sequences of reads to find sequence 

matching. By breaking the reads sequences into short k-mers, the algorithms can build de Bruijn 

graphs and the paths in the graph could be potential transcripts. Further filtering and inference 

methods will be applied to find more reliable transcripts. Unlike de novo assemblers, reference-

based assemblers take advantage of the existing high-quality reference genome by first aligning 

the short reads to the reference genome by RNA aligners such as TopHat2 [39], STAR [40] and 

MapSplice [41]. Compared with the de novo strategy, reference-based assemblers lower the 

complexity of the problem by dividing the reads into groups by aligned genomic location [78]. 

Ideally, each group of reads would represent the reads coming from a gene. As reported by 

RNA-seq aligners, splice junctions between exons are identified in each gene by spliced mapped 

reads. Reference-based assemblers will construct splicing graphs using exons as nodes and splice 
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junctions as edges. The paths in the splicing graph will be potential or candidate transcripts. The 

key challenge is to determine the relationship between the observed reads and the transcripts, and 

further evaluate the existence and abundance of transcripts. Existing reference-based 

transcriptome assemblers including Cufflinks [44], IsoLasso [81], CEM [49] and SLIDE [82] 

apply sparsity-enforcing methods to generate sparse solutions to the problem, alleviating the 

overfitting problem from the high complexity of the graph.  

These existing algorithms can be used to effectively identify transcript isoforms from a 

single RNA-seq sample. However, due to the variation of splicing profiles between samples and 

the sampling bias of RNA-seq technology [79], analysis of one single RNA-seq sample may not 

be able to investigate the transcriptome comprehensively. In recent years, several large research 

projects including ENCODE [17] and TCGA [16] have produced a huge amount of RNA-seq 

data, which makes it possible to explore the phenotype-specific transcriptome assembly using 

multiple RNA-seq profiles. One intuitive way to identify transcripts from multiple samples is to 

apply single-sample isoform identification methods onto merged or pooled reads from multiple 

samples. In the merging process, however, noisy reads in multiple samples will be accumulated; 

consequently, it will be more difficult to capture lowly expressed isoforms or junctions. Another 

way is to merge the transcripts identified from each sample using single-sample isoform 

identification methods. In the Cufflinks package, there is a Cuffmerge program that uses the 

similar idea to assemble transcripts. Cuffmerge first employs Cufflinks to assemble transcripts 

from each sample, and then it generates artificial data by considering each identified transcript as 

a long read. Finally, Cuffmerge uses Cufflinks again to process the artificial data for transcript 

identification. As the number of samples increases, the erroneous isoforms identified from 

individual samples will be accumulated, which will affect the accuracy of isoform identification 

and quantification. To address the problems of the false positive predictions of Cuffmerge, one 

method namely TACO [83] is developed. It applies a change-point detection strategy onto the 

framework of Cuffmerge to accurately identify the transcript start and end sites, which 

significantly lowers the false positive rate. However, it will also filter out a lot of truly expressed 

isoforms. Recently, several methods such as Iterative Shortest Path (ISP) [45] and FlipFlop [84] 
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have been developed for transcriptome assembly using multiple RNA-seq samples. Different 

from Cuffmerge, these methods directly infer the isoform structure from multiple samples. These 

methods start by first constructing multiple sample splicing graph (MSSG) with exons as nodes 

and junctions as edges from the data. Then the nodes and edges in the graph are assigned with 

certain weights based on the coverage. Finally, sparsity enforcing methods are used to find the 

paths or isoforms on the graph with the highest weight. However, the iterative approach may 

prefer to select highly expressed isoforms and miss some lowly expressed isoforms.  

In this chapter, we develop a Bayesian method, IntAPT, to identify phenotype-specific 

isoforms from multiple RNA-seq profiles. We first build MSSG using the similar way of ISP and 

enumerate candidate isoforms as the maximal paths in the graph. To infer the existence of 

isoforms from the observed reads, we propose a two-layer Bayesian model that captures the 

dependency of the abundance of isoforms (in the sample level) on the existence of isoforms (in 

the group level).  In the group level, we categorize candidate isoforms by their expression states 

into unexpressed and expressed groups. The isoforms in the unexpressed group have expressions 

very close to zero. The reads coming from the unexpressed group are likely to be noisy reads 

generated by various errors (e.g., sequencing and/or mapping errors). The expression state is 

modeled by a Bernoulli random variable with a significantly high probability for the unexpressed 

group, which enforces the sparsity of isoforms. The sparsity constraint will help alleviate the 

problem of overfitting of the observed reads. The parameters are estimated from the joint 

posterior distribution by a Gibbs sampling strategy. We iteratively estimate the existence of each 

isoform in the group level and the corresponding abundance in the sample level. The final sets of 

the identified isoforms only include the isoforms with high confidence. To evaluate the 

performance, we compare IntAPT with existing methods on both simulation data and real data. 

The results show that our proposed method consistently outperforms the existing methods for 

phenotype-specific transcriptome assembly. 
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3.2 Methods 

The flowchart of the IntAPT method is shown in Figure 3-1. We first use RNA-seq data 

aligners such as TopHat2 [39] to align the sequenced reads to the reference genome. Then we 

identify exons and introns using the coverage of reads along the genomic location. The junctions 

between exons can be further identified using the spliced reads that are mapped to multiple exons. 

Combining the identified exons and junctions from all the samples, we construct multiple sample 

splicing graph (MSSG) of exons and junctions. The candidate transcript isoforms can be 

enumerated as all maximal paths from the graph. For each exon and junction in the graph, we 

estimate the corresponding expression value by a two-parameter Negative Binomial (NB) model. 

The NB model is used to address the ubiquitous over-dispersion problem observed in RNA-seq 

data [85, 86]. The expression of exons and junctions are modeled as the mixtures of isoform 

expressions.  
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Figure 3-1 Flowchart of the IntAPT method for phenotype-specific isoform 

identification. (1) A multiple sample splicing graph (MSSG) is first constructed by 

collecting the splice junctions from all samples. The candidate isoforms are enumerated as 

the maximal paths of MSSG. (2) A two-layer Bayesian model is built to explain the segment 

expression by the group-level expression states and corresponding sample-level expression 

values of isoforms. (3) A Gibbs sampler is developed to estimate the model parameters 

iteratively. Due to the Bayesian dependency, the expression of isoforms in different samples 

will support each other through the group layer. The final set of assembled isoforms is 

selected based on the estimated expression state. 



 53 

We further use a two-layer Bayesian framework to model the observed reads from 

multiple RNA-seq samples. In the group layer, we use a binary variable to indicate the existence 

of each candidate isoform. The isoform expression in the sample layer depends on the group 

level existence. If an isoform is labeled as unexpressed, its expression value should be very close 

to zero. Otherwise, the expression value can be significantly larger than zero. The two-layer 

structure of the parameters in the model helps estimate both the phenotype-specific existence and 

individual expression profile. When we evaluate a given isoform in one sample, the evidence of 

the existence of this isoform in other samples will increase the probability of its selection. 

Considering that the sequencing errors and mapping errors are less likely to be replicated in all 

RNA-seq samples, this idea will also help eliminate the false isoforms constructed by error reads. 

Furthermore, for parameter estimation we employ a Gibbs sampler to estimate the posterior 

distribution efficiently and effectively; with the isoform state being correctly estimated, lowly 

expressed isoforms (i.e. RPKM < 10) will have a chance to be selected as expressed. 

Additionally, the confidence level of candidate isoforms can be estimated by the frequency that 

the isoforms are selected in the expressed group. Therefore, IntAPT can provide both the 

confidence and abundance of each candidate isoform for researchers to prioritize and select 

confident isoforms as assembled. 

Compared with existing methods, our proposed IntAPT method has several novelties. 

First, we use a two-layer Bayesian framework to model the observed reads from multiple RNA-

seq samples. The introduction of the group layer parameters helps evaluate the isoform existence 

in group level and control the isoform expression across samples. When we evaluate a given 

isoform in one sample, the evidence of the existence of this isoform in other samples will raise 

the probability of selection. Considering the sequencing errors and mapping errors are not likely 

to be replicated in RNA-seq data, this idea will also help eliminate the isoforms constructed by 

error reads. For parameter estimation, the Gibbs sampler employed can efficiently estimate the 

posterior distribution of the model. When estimating the isoform state, the lowly expressed 

isoform will still have a chance to be selected as expressed. In the final results, we can provide a 

confidence measure of each candidate isoforms to prioritize and select confident isoforms. 
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3.2.1 Multiple samples splicing graph construction 

Based on the genomic location of read alignments, we first use a program, processsam in 

the CEM package [87], to identify gene regions by clustering the reads in a single sample and 

also collect the splice junctions reported by RNA-seq aligners such as TopHat2 [39]. Within 

each gene region, exons and introns are identified using the coverage of reads. We expect that 

the coverage on introns should be close to zero. The splice junctions between exons can be 

identified through the spliced reads reported by aligners. Due to sequencing and mapping errors, 

the identified splice junctions in each sample can be further verified by the number of supporting 

reads. To find phenotype-specific splice junctions, we build a candidate set of splice junctions as 

the union of identified splice junctions from all samples. Based on the union set of splice 

junctions, we count the number of supporting reads from all samples. The junctions with a small 

number of support samples will be filtered out as unique splice junctions, which are likely 

coming from sequencing or mapping errors. 

The multiple samples splicing graph (MSSG), G = (V, E), can be built by connecting the 

exons from the identified phenotype-specific junctions. Besides exons, we also include junctions 

in the node set V. As junctions carry the direct information about splicing, including junctions in 

the graph model will help better assign the reads to candidate transcripts. Two nodes will be 

connected if they have exonic region overlap. For each exon in the graph, we calculate its ‘in-

flow’ and ‘out-flow'. The ‘in-flow’ of an exon is defined by the number of reads mapped to the 

exon starting from other exons. The ‘out-flow’ of an exon is defined by the number of reads 

starting from the exon and mapping to other exons. One node will be a transcription start site 

(TSS) if its ‘in-flow’ is zero or much smaller than its ‘out-flow’. Likewise, a node will be a 

transcription end site (TES) if its ‘out-flow’ is zero or much smaller than its ‘in-flow’. All 

candidate transcripts can be enumerated from graph starting from TSS and ending at TES by a 

depth-first search. 
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3.2.2 Mixture of reads from multiple transcripts 

The read counts generated from single transcript can also be modeled by an NB model. 

Let 𝑦𝑡,𝑖,𝑚 be the read counts of exon 𝑖 coming from transcript 𝑡 in sample 𝑚, it follows an NB 

distribution: 

𝑦𝑡,𝑖,𝑚~𝑁𝐵(𝛽𝑡,𝑚𝑙𝑖, 𝜏𝑖
2),                                                      (3.1) 

where 𝛽𝑡,𝑚𝑙𝑖  is the expected number of reads coming from transcript 𝑡 . 𝛽𝑡,𝑚  represents the 

expression level of transcript 𝑡 . We assume that different isoforms will have same over-

dispersion effect on the same segment. The read counts observed on segments can be expressed 

as a mixture of reads from each transcript as follows: 

𝑦𝑖,𝑚 = ∑ 𝑋(𝑖, 𝑡)𝑦𝑡,𝑖,𝑚
𝑡

~𝑁𝐵 (∑ 𝑋(𝑖, 𝑡)𝛽𝑡,𝑚𝑙𝑖
𝑡

, 𝜏𝑖
2),                           (3.2) 

where 𝑿 is a binary indicator matrix. If transcript 𝑡 covers exon 𝑖, 𝑋(𝑖, 𝑡) = 1; otherwise, 𝑋(𝑖, 𝑡) 

= 0. It is important to note that we can build 𝑿 as a continuous-valued matrix instead of binary 

matrix to model the positional dispersion over isoform [60], i.e., reads tend to bias to 3’end [59]. 

As described above, the expression of segments is contributed by the expression of 

transcripts. We model the expression of segments as a mixture of the transcript expression by a 

truncated normal distribution: 

𝑩|𝑿, 𝜷~ ∏ 𝑁+(𝑩𝑚; 𝑿𝜷𝑚, 𝜎𝑚
2 𝑰)

𝑚
,                                        (3.3) 

where 𝑁+  denotes the normal distribution truncated at 0. 𝑿𝜷𝑚  and σ𝑚
2 𝑰  are the mean and 

variance of the normal distribution before truncation. 𝑩𝑚 is the segment expression in sample 𝑚, 

𝜷𝑚 is the transcript expression in sample 𝑚, and 𝑰 is an identity matrix. . The variance σ𝑚
2  can 

be modeled by the inverse Gamma distribution which is the conjugate prior of Gaussian 

distribution.  

σ𝑚
2 ~ InverseGamma(a𝜎, b𝜎),                                               (3.4) 

where a𝜎 and b𝜎 are the shape and scale of the inverse Gamma distribution. Due to the mapping 

uncertainty and the complexity of transcriptome, the number of candidate transcripts enumerated 

from the MSSG is usually huge. Therefore, we use a spike-and-slab prior [61, 62] in conjunction 
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with the two-layer Bayesian model to  estimate the existence and expression of isoforms, 

enforcing sparsity estimation to alleviate the problem of over-fitting. In the group layer, we will 

introduce a binary variable 𝒛 = [𝑧1, 𝑧2, … , 𝑧𝑇] indicating the phenotype-specific expression state 

of isoforms. If transcript 𝑡 is expressed, 𝑧𝑡 = 1; otherwise 𝑧𝑡 = 𝑧0, where 𝑧0 is a constant close 

to 0. 𝑧𝑡 follows a Bernoulli distribution with parameter 𝑤: 

𝑧𝑡 ~ 𝑤𝛿(𝑧𝑡 − 1) + (1 − 𝑤)𝛿(𝑧𝑡 − 𝑧0), 𝑡 = 1,2, … , 𝑚,                       (3.5) 

where 𝛿(𝑥) = 1 when 𝑥 = 0 and 𝛿(𝑥) = 0 when 𝑥 ≠ 0. 𝑤 is the prior probability for an isoform 

to express. Given the expression state, we assume the expression level (abundance) of transcripts 

follows a truncated normal distribution as follows: 

𝛽𝑡,𝑚|𝑧𝑡𝛾𝑡
2~𝑁+(𝛽𝑡,𝑚; 0, 𝑧𝑡𝛾𝑡

2) =
2

√2𝜋𝑧𝑡𝛾𝑡
2

exp (−
𝛽𝑡,𝑚

2

2𝑧𝑡𝛾𝑡
2)  𝐼(𝛽𝑡,𝑚 > 0),          (3.6) 

where 𝛽𝑡,𝑚 is the abundance of transcript 𝑡 in sample 𝑚, 𝛾𝑡
2 models the variability of isoform 

abundance in the group level and 𝐼(𝑥) is an indicator function. The mean and variance of 𝛽𝑡,𝑚 

are √2𝑧𝑡𝛾𝑡
2/𝜋  and (1 − 𝜋/2)𝑧𝑡𝛾𝑡

2 , respectively. The truncated normal distribution of 𝜷  can 

guarantee the conjugacy of the model, as normal distribution is the conjugate prior distribution of 

normal distribution with known variance. The isoform expressions in multiple samples are 

controlled by the same group level parameter 𝑧𝑡 and 𝛾𝑡
2. For an unexpressed transcript (𝑧𝑡 = 𝑧0), 

the corresponding variance of isoform expression will be small, resulting in an expression value 

close to zero for most of samples. For the expressed transcripts (𝑧𝑡 = 1), the expression values 

can be significantly larger than zero. The joint distribution of isoform expressions across samples 

and their dependency are given in Appendix D. Specifically, we show that the joint distribution 

of isoform expressions follows a mixture of Student’s t-distributions, which can be 

mathematically derived based on an important property of the two-layer Bayesian model: given 

the group-level existence and variance at the group level, the isoform expressions at the sample 

level are conditionally independent. If isoform 𝑡 is expressed in some samples, 𝑧𝑡  and 𝛾𝑡
2  are 

likely to be large, which will support the abundance estimation of isoform 𝑡 across all samples. 

For the conjugacy of the Bayesian model, we let 𝛾𝑡
2 follow inverse Gamma distribution:  
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𝛾𝑡
2~InverseGamma(aγ, b𝛾),                                             (3.7) 

where a𝛾 and b𝛾 are the shape and scale of the inverse Gamma distribution. Figure 3-2(A) shows 

one example of the prior distribution of 𝜷 with 𝑤 = 0.7 and 𝑧0 = 0.002. For 𝛾2, we set both the 

shape and scale of the inverse Gamma prior as 2. It can be clearly seen from the figure that there 

is a spike close to 0 and another part on the region larger than 0. The binary value 𝑧 controls the 

source where 𝛽 is generated from. We further decrease the value of 𝑤 and simulate 𝛽 as shown 

in Figure 3-2(B) and (C). It can be seen that the spike becomes more dominant as 𝑤 decreases, 

which introduces more sparsity. 

 

3.2.3 Model parameter estimation using Gibbs sampling 

We employ a Gibbs sampler to estimate the parameters of the Bayesian model given the 

segment expression 𝑩. By iteratively drawing samples from conditional distributions, we can 

infer the joint posterior distribution of the model variables and parameters. The final outputs of 

the Gibbs sampler are the confidence level of the existence of isoforms and the corresponding 

abundance. The full joint posterior distribution can be described as follows: 

𝑃(𝜷, 𝜸𝟐, 𝒛, 𝝈𝟐, 𝑤|𝑩, 𝑿)~ ∏ (𝑃(𝑩𝒎|𝑿, 𝜷𝒎, 𝜎𝑚
2 ) × 𝑃(𝜷𝒎|𝜸𝟐, 𝒛) × 𝑃(𝜎𝑚

2 ))
𝑀

𝑚=1
× ∏ 𝑃(𝛾𝑡

2)
𝑇

𝑡=1

× ∏ 𝑃(𝑧𝑡)
𝑇

𝑡=1
× 𝑃(𝑤) 

 

Figure 3-2 Simulated distributions of spike-and-slab prior: (A) w=0.7, (B) w=0.5, and (C) 

w=0.3. 
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~ ∏ (P(𝐁𝒎|𝐗, 𝛃𝐦, σ𝑚
2 ) × P(𝛃𝐦|𝛄𝟐, 𝐳) × P(σ𝑚

2 ))
𝑀

𝑚=1
× ∏ P(γ𝑡

2)
𝑇

𝑡=1
 

× ∏ P(zt)
𝑇

𝑡=1
× P(𝑤) 

~ ∏ 𝑁+(𝐁𝒎; 𝐗𝛃𝐦, σm
2 𝐈)

𝑀

𝑚=1
× ∏ ∏ 𝑁+(𝛽𝑚,𝑡; 0, 𝑧𝑡𝛾𝑡

2)
𝑇

𝑡=1

𝑀

𝑚=1
 

× ∏ (𝜎𝑚
2 )−𝑎𝜎−1 exp (−

𝑏𝜎

𝜎𝑚
2

)
𝑀

𝑚=1
× ∏ (𝛾𝑡

2)−𝑎𝛾−1 exp (−
𝑏𝛾

𝛾𝑡
2)

𝑇

𝑡=1
  

× 𝑤∑ 𝛿(𝑧𝑡−1)𝑇
𝑡=1 (1 − 𝑤)∑ 𝛿(𝑧𝑡−𝑧0)𝑇

𝑡=1  × 𝑤𝑎𝑤(1 − w)𝑏𝑤.                                                                  (3.8) 

where 𝑀 is the number of samples and 𝑇 is the number of candidate transcripts.  

Given the group layer parameters, in the sample layer we sample the isoform expression 

in each sample independently from  

𝑃(𝜷𝒎|𝑩𝒎, 𝑿, 𝜸𝟐, 𝒛, 𝜎𝑚
2 )~𝑁+(𝚩𝐦; 𝑿𝜷

𝒎
, 𝜎𝑚

2 𝑰𝑛) × [∏ 𝑁+(𝛽
𝑚,𝑡

; 0, 𝑧𝑡𝛾
𝑡
2)

𝑇

𝑡=1
] 

~ exp (−
1

2𝜎𝑚
2

(𝚩𝐦 − 𝑿𝜷𝒎)𝑇(𝚩𝐦 − 𝑿𝜷𝒎) − ∑
𝛽𝑚,𝑡

2

2𝑧𝑡𝛾𝑡
2

𝑇

𝑡=1
) 𝐼(𝜷𝒎 ≥ 0)(assume 𝚩𝐦 ≥ 𝟎) 

~ exp (−
1

2𝜎𝑚
2 (𝜷𝒎 − 𝑨−𝟏𝑿𝑻𝚩𝐦)

𝑻
 𝑨 (𝜷𝒎 − 𝑨−𝟏𝑿𝑻𝚩𝐦))  𝐼(𝜷𝒎 ≥ 0) 

    (where 𝑨 = 𝑿𝑻𝑿 + 𝜎𝑚
2 𝑫𝜸

−𝟏 and 𝑫𝜸 = diag[𝑧1𝛾1
2, … , 𝑧𝑇𝛾𝑇

2]) 

~𝑁+(𝑨−𝟏𝑿𝑻𝑩𝒎, 𝜎𝑚
2 𝑨−𝟏)                                                                                                                          (3.9) 

where 𝑩𝒎  is the segment expression in sample 𝑚,  𝑨 = 𝑿𝑻𝑿 + 𝜎2𝑫𝜸
−𝟏 , and 𝑫𝜸  is a diagonal 

matrix whose diagonal elements are [𝑧1𝛾1
2, … , 𝑧𝑇𝛾𝑇

2]. Here 𝑿𝑻𝑿 encodes the isoforms structure 

consistency, where more shared segments between isoforms will lead to less probability to be 

expressed simultaneously. The group level expression state 𝒛 has an effect on both mean and 

variance. If isoform 𝑡 is expressed, its abundance tends to be high with the support of 𝑧𝑡. The 

truncated normal distribution is simulated by the Gibbs sampler introduced in [63] (see 

Appendix B for more details). The conditional distribution of the fitting noise in sample 𝑚, σ𝑚
2 , 

is proportional to 

 𝜎𝒎
2 |𝑩𝒎, 𝑿, 𝜷𝒎~𝑁+(𝚩𝐦; 𝑿𝜷𝒎, 𝜎𝑚

2 𝑰𝑛) × [(𝜎𝑚
2 )−𝑎𝜎−1 exp (−

𝑏𝜎

𝜎𝑚
2 )] 
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~(𝜎𝑚
2 )−𝑎𝜎−1−𝑁/2 exp (−

1

2𝜎𝑚
2

(𝚩𝐦 − 𝑿𝜷𝒎)𝑇(𝚩𝐦 − 𝑿𝜷𝒎) −
𝑏𝜎

𝜎𝑚
2

) 

~ InverseGamma (
N

2
+ aσ,

1

2
(𝑩𝒎 − 𝑿𝜷𝒎)𝑇(𝑩 − 𝑿𝜷𝒎) + 𝑏𝜎).                                               (3.10) 

The noise 𝜎𝑚
2  can be sampled from Inverse Gamma distribution with shape 

𝑁

2
+ a𝜎  and scale 

1

2
(𝑩𝒎 − 𝑿𝜷𝒎)𝑇(𝑩𝒎 − 𝑿𝜷𝒎) + 𝑏𝜎. The elements of 𝒛 has the following conditional distribution: 

𝑧𝑡|𝛾𝑡
2, 𝑤, 𝜷𝒕~ [∏ 𝑁+(𝛽𝑚,𝑡; 0, 𝑧𝑡𝛾𝑡

2)
𝑀

𝑚=1
] × 𝑤𝛿(𝑧𝑡−1)(1 − 𝑤)𝛿(𝑧𝑡−𝑧0) 

~(2𝜋𝑧𝑡𝛾𝑡
2)−𝑀/2 exp(−

∑ 𝛽𝑚,𝑡
2𝑀

𝑚=1

2𝑧𝑡𝛾𝑡
2 ) × 𝑤𝛿(𝑧𝑡−1)(1 − 𝑤)𝛿(𝑧𝑡−𝑧0),                                                 (3.11) 

where 𝜷𝒕 = [𝛽1,𝑡, 𝛽2,𝑡, … , 𝛽𝑀,𝑡] is  the expression of isoform 𝑡 across all samples. The elements 

of 𝒛 are sampled independently from 

𝑃(𝑧𝑡|𝛾𝑡
2, 𝑤, 𝜷𝒕) =

𝑤1

𝑤1 + 𝑤2
𝛿(𝑧𝑡 − 𝑧0) +

𝑤2

𝑤1 + 𝑤2
𝛿(𝑧𝑡 − 1),              (3.12) 

where 𝑤1 = (1 − 𝑤)(𝑧0)−𝑀/2 exp (−
∑ 𝛽𝑡,𝑚

2𝑀
𝑚=1

2𝑧0𝛾𝑡
2 ), and 𝑤2 = 𝑤 exp(−

∑ 𝛽𝑡,𝑚
2𝑀

𝑚=1

2𝛾𝑡
2 ), and 𝛽𝑡,𝑚  is the 

expression of isoform 𝑡 in sample 𝑚. The weights of the spike and slab of 𝑧𝑡 are determined by 

fitting the estimated expression of isoform 𝑡 to the spike and slab in the group level. The iterative 

framework described above further illustrates the connection between the sample layer and group 

layer in our Bayesian model, which will benefit the estimation of both existence and abundance 

of isoforms. The conditional distribution of 𝛾𝑡
2 is 

𝛾𝑡
2|𝜷𝒎, 𝑧𝑡~ [∏ 𝑁+(𝛽𝑚,𝑡; 0, 𝑧𝑡𝛾𝑡

2)
𝑀

𝑚=1
] × (𝛾𝑡

2)−𝑎𝛾−1 exp (−
𝑏𝛾

𝛾𝑡
2) 

~(𝛾𝑡
2)−𝑎𝛾−1(2𝜋𝑧𝑡𝛾𝑡

2)−𝑀/2 exp(−
∑ 𝛽𝑚,𝑡

2𝑀
𝑚=1

2𝑧𝑡𝛾𝑡
2 −

𝑏𝛾

𝛾𝑡
2) 

~InverseGamma (a𝛾 +
𝑀

2
, bγ +

∑ 𝛽𝑚,𝑡
2𝑀

𝑚=1

2𝑧𝑡
).                                                                               (3.13) 

Thus we can sample γt
2  from Inverse Gamma distribution with shape a𝛾 +

𝑀

2
 and scale  bγ +

∑ 𝛽𝑚,𝑡
2𝑀

𝑚=1

2𝑧𝑡
. The parameter 𝑤 can be estimated from a greedy search method introduced in [50, 88]. 
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We iteratively search for isoforms that can explain most of the observed reads. Once one isoform 

is selected, we ignore the reads that have already been explained by this isoform and search 

again until all the reads are explained. Suppose that we find there are 𝑁𝑖 isoforms needed, we set 

𝑤 as 
𝑁𝑖

𝑇
, where 𝑇 is the number of candidate isoforms in this gene. A detailed sampling procedure 

is shown below: 

 

Algorithm IntAPT 

Input: Segment expression 𝚩, isoform configuration 𝑿,segment length 𝑳 , number of 

iterations 𝑇, number of burnin iterations 𝑇𝑏. 

Output: Identified isoform set 𝑰𝑡, isoform expression 𝛃, 

Initialization: 

Set number of segments 𝑁 = # of rows of 𝑿 , number of isoforms 𝐾 =
# of columns of 𝑿, number of samples 𝑀 = # of rows of 𝑩 

Set 𝑰𝑡 = ∅, 𝑧0 = 5𝑒-5, 𝑎𝜎 =1e-3, 𝑏𝜎 =1e3, 𝑎𝛾 = 1 and 𝑏𝛾 = 1 

Estimate 𝑎𝑤 and 𝑏𝑤 

Initialize 𝜷 = 𝟎𝐾×𝑀, 𝒛 = 𝑧0 ∗ 𝟏𝐾×1 and 𝜎2 =1e-5 

Initialize 𝜸𝟐 = 𝟏𝐾×1 and w = 0.1 

Parameter estimation: 

For t = 1 to T do 

Set 𝑫𝛾2 = diag(𝐳𝛄𝟐), 𝑨 = 𝑿𝑻𝑿 + 𝑫𝜸
−𝟏. 

For m = 1 to M do 

Sample 𝛃𝐦 from 𝑁+(𝑨−𝟏𝑿𝑻𝚩𝐦, 𝜎𝑚
2 𝑨−𝟏). 

Sample 𝜎𝑚
2  from InverseGamma (

N

2
+ aσ,

1

2
(𝑩𝒎 − 𝑿𝜷𝒎)𝑇(𝑩𝒎 − 𝑿𝜷𝒎) + 𝑏𝜎) 

       end for 

For 𝑘 = 1 to 𝐾 do 

𝑤1 = (1 − 𝑤)𝑧0
−𝑀/2

exp(− ∑
𝛽𝑘,𝑚

2

2𝑧0𝛾𝑘
2

𝑀
𝑚=1 ) and 𝑤2 = 𝑤 exp(− ∑

𝛽𝑘,𝑚
2

2𝛾𝑘
2

𝑀
𝑚=1 )  

Sample zk from Bernoulli trial with p(zk = 1) = w2/ (𝑤1 + 𝑤2) 

Sample 𝛾𝑘
2 from InverseGamma(a𝛾 +

𝑀

2
, bγ + ∑

𝛽𝑘,𝑚
2

2𝑧𝑘

𝑀
𝑚=1 ) 

end for 

if 𝑡 > 𝑇𝑏 do 

   Record 𝛃 in 𝛃𝐫𝐞𝐜 

   Record 𝐳 in 𝐙 

end if 

   end for 

�̂� = median(𝛃𝐫𝐞𝐜) 

�̂� = mean(𝐙) 
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𝐈𝐭 = {𝐢𝐬𝐨𝐟𝐨𝐫𝐦 𝐢|𝐳�̂� > 𝐭𝐡𝐫𝐞𝐬𝐡𝐨𝐥𝐝}  

 

3.2.4 Implementation and availability of IntAPT 

The IntAPT algorithm is implemented as a C++ package available at 

https://github.com/henryxushi/IntAPT. The package supports parallel computing on multi-core 

machines, which accelerates the analysis of large-scale genomic data. For a reasonable size of 

data such as the MCF-7 data with about 213.6 million reads, the package takes approximately 2.6 

hours on 5 CPU cores to analyze on our multicore machine (Dell-Precision-T7600, Intel Xeon 

CPU E5-2667 2.9GHz ×18, 64 GB memory), which is faster than existing methods such as 

Cuffmerge (4.9 hours on 5 CPU cores), and ISP (2.7 hours on 5 CPU cores). The package 

requires input from the alignment of RNA-seq reads from spliced aligners such as TopHat2 [39]. 

The identified transcripts or isoforms are formatted in GTF format. 

3.3 Results 

3.3.1 Benchmarking for performance evaluation 

We evaluated the performance of IntAPT by comparing it with that of Cufflinks-pool 

(Cufflinks v2.1.1), Cuffmerge (in package Cufflinks v2.1.1), ISP (v0.3), FlipFlop (v1.10) and 

TACO (v0.6.3). Cufflinks-pool is an alternative way to identifying isoforms in multiple samples 

using Cufflinks package. To run Cufflinks-pool, we first merged the reads from all samples and 

then applied Cufflinks on the pooled data the same as the single RNA-seq sample. All 

assemblers were run with default parameters, except the mean and standard deviation of 

fragment length distribution in FlipFlop was set as the results from Cufflinks. 

The most widely used benchmarks for the evaluation of transcriptome assembly are 

sensitivity and precision [89]. Sensitivity is defined as the fraction of the isoforms in the 

reference set that is successfully assembled; precision is defined as the fraction of the identified 
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isoforms that can be verified in the reference set. Besides sensitivity and precision, we also use 

F-score, the harmonic mean of precision and sensitivity (calculated as 

2×precision×sensitivity/(precision+sensitivity)), to evaluate the overall performance of 

assemblers. An identified isoform will be considered as a correct assembly if we can find intron 

chain match in the reference set. Due to the bias in RNA-seq experiments, it is especially 

difficult to identify precise transcript start or end locus in the genome. Using the intron chain 

instead of exon chain allows position variation at the 5’ or 3’ end of the isoforms. We used the 

tool Cuffcompare in the Cufflinks package [44] that employed the same matching strategy to 

find the intron chain matching between the identified isoforms and the reference set. 

3.3.2 Performance evaluation using simulation data 

For the simulation data, we first generated expression profiles of isoforms annotated in 

RefSeq annotation [65], downloaded from the UCSC Genome Browser [68], using the Flux 

Simulator [67]. The expressions of isoforms across multiple samples were simulated according 

to Gamma distribution. The read sequences were then generated by RNASeqReadSimulator 

(http://alumni.cs.ucr.edu/~liw/rnaseqreadsimulator.html) as used in [49]. For each sample, we 

generated 50 million 100 base-pair (bp) paired-end reads of simulation data of RefSeq isoforms 

from GRCh37/hg 19 human reference genome [68]. In total, we simulated six samples in our 

dataset. Due to the technical and sampling variability, the same set of isoforms might not express 

in all samples [79]. For each simulated sample, each isoform was assigned a probability of 0.7 to 

express. In the expression profile from the Flux Simulator, genes had different numbers of 

expressed isoforms (labeled as 𝑁𝑒), as the isoforms were randomly selected from the known 

annotation. The distribution of 𝑁𝑒  is shown in Figure 3-3. Due to the complexity of splicing 

graph, isoforms of genes with higher 𝑁𝑒 will be more difficult to be assembled. For example, the 

splicing graph of one gene will be a single chain if the gene has 𝑁𝑒 = 1. As 𝑁𝑒 increases, more 

edges will be added to make the graph more complicated. Due to the large difference in the 

splicing graph complexity, we simulated the genes with 𝑁𝑒 > 1 and 𝑁𝑒 = 1 separately in our 



 63 

study. Importantly in this study, our main focus is to assemble the transcripts of genes with 𝑁𝑒 >

1, as they are much more changeling to assemble. 

 

 

Figure 3-4 shows the F-score, precision, and sensitivity of all assemblers on genes 

with 𝑁𝑒 > 1. It can be seen that IntAPT exhibited a significant improvement in terms of F-score 

over competing methods. Compared with the next two algorithms (FlipFlop and Cuffmerge), the 

performance of IntAPT had an increase of 9.68% (0.8248 vs. 0.7520) and 9.83% (0.8248 vs. 

0.7510) in F-score. More specifically, IntAPT correctly assembled about 7.37% and 19.40% 

more transcripts than FlipFlop and Cuffmerge, respectively. In terms of precision, IntAPT had 

similar performance with Cuffmerge, which was 11.88% (0.8062 vs. 0.7206) higher than 

FlipFlop. Due to the different strategy used, Cufflinks-pool addressed more on identifying highly 

expressed isoforms, which lowered the false positive rate. The change-point detection strategy 

used in TACO also significantly lowered the false positive rated compared to Cuffmerge. 

However, the improved precision of Cufflinks-pool and TACO also led to a relative large portion 

 

Figure 3-3 Number of expressed isoforms per gene simulated from the Flux simulator. 
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of transcripts unidentified (low sensitivity), which affected the overall isoform identification 

performance as measured by F-score. It is also important to note that IntAPT correctly identified 

more transcripts than exiting methods independent of simulated expression level (Figure 3-4(D)) 

quantified in RPKM (reads per kilobase of transcript per million mapped reads). Most 

assemblers performed well with sensitivity over 0.8 on highly expressed isoforms (RPKM > 50); 

however, IntAPT and FlipFlop predicted about 20%-30% more lowly expressed isoforms 

(RPKM<10) than other assemblers. It demonstrated the efficacy of our Bayesian model in 

assembling lowly expressed isoforms. Among existing methods, FlipFlop achieved the highest 

performance of sensitivity, however the achievement of high sensitivity came with a relatively 

low precision as it tried to identify a large set of isoforms. Besides the identification performance, 

we further measured the Spearman’s rank correlation between the simulated abundance and the 

predicted abundance of isoforms. Due to the different numbers of true isoforms identified by 

algorithms, we used the isoforms correctly identified by all algorithms as the evaluation set. 

Figure 3-4(E) showed that IntAPT performed better than existing methods in quantifying 

isoforms. To evaluate the performance comprehensively, we set different thresholds of 

abundance for each assembler to calculate a series of precisions and recalls (sensitivities). Figure 

3-5 shows the precision-recall curve and the corresponding area under the precision-recall curve 

(AUC).  As we can see from the figure, IntAPT had an increase of 18.3% in terms of AUC 

compared with the leading algorithm of existing methods (i.e., FlipFlop).   
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Figure 3-4 Performance evaluation on simulation data of genes with 𝑵𝒆 > 𝟏 . (A) 

Overall performance of isoform identification evaluated by F-score. (B) Sensitivity and (C) 

precision of all assemblers. (D) Sensitivity on isoforms with different level of abundances 

quantified in FPKM. (E) Spearman’s rank correlation between predicted abundance and 

simulated abundance. 
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To demonstrate the effectiveness of transcriptome assembly methods using multiple 

RNA-seq profiles, we further evaluated the performance of all assemblers under different 

numbers of samples ranging from 2 to 14. Figure 3-6 showed the F-score and sensitivity, and 

precision. IntAPT had higher F-score and sensitivity consistently when using different numbers 

of samples. As the number of samples increased, the number of expressed isoforms also 

increased, which made the structure of splicing graphs more complex. With more samples, all 

assemblers identified more transcripts and achieved higher sensitivity, while the precision 

underwent a slight drop. Different from other methods, Cufflinks-pool directly worked on pooled 

data and tried to identify a small set of isoforms. Therefore, Cufflinks-pool had the best precision 

but with no improvement in sensitivity.   

 

 

Figure 3-5 Performance evaluation on simulation data of genes with 𝑵𝒆 >1. (A) 

precision-recall (sensitivity) curve, and (B) the area under the precision-recall curve. 

A B
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Due to the sequencing error and imperfection of library preparation, the real data usually 

contained noisy reads. One screenshot of real cell line data is shown in Figure 3-7, in which 

some noisy junction reads and intron reads can be observed. To simulate RNA-seq data more 

realistically, we further generated random error reads carrying false junctions and intron parts. 

We defined the error rate of data as the fraction of error reads. We evaluated the performance of 

all assemblers under different levels of errors (shown in Figure 3-8). When more error reads 

were simulated, all assemblers underwent performance degradation in precision and sensitivity. 

 

 

Figure 3-6 Performance evaluation on simulation data of genes with 𝑵𝒆 > 𝟏 under 

different number of samples in terms of (A) F-score, (B) sensitivity and (C) precision. 
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Due to the two-layer structure of our Bayesian model, IntAPT tended to find consistent isoform 

sets across multiple samples, decreasing the selection frequency of erroneous isoforms. It can be 

seen that IntAPT performed more robustly than existing methods. Cufflinks-pool and ISP were 

the most robust methods among existing assemblers. Cufflinks-pool can minimize the effect of 

error reads by finding only highly expressed isoforms, hence it can achieve a high precision. 

Different from Cufflinks-pool, ISP utilized the consensus of reads in multiple samples to weight 

the edges of splicing graphs. Also, the iterative path searching optimization method will search 

for isoforms in descending order of expression levels, which can further minimize the effect of 

errors. Although Cuffmerge and FlipFlop performed well in error-free data, they are more 

sensitive to error rates. Cuffmerge will first identify isoforms in individual sample without the 

support from other samples; therefore, false positive isoforms from each sample will be 

accumulated as more samples were used. As TACO is developed based on the framework of 

Cuffmerge, the decreasing performance of Cuffmerge indicates that the isoform structures are 

very difficult to be resolved using this strategy, which significantly lowers the performance. 

When the error rate is higher, FlipFlop tended to predict much more isoforms than that from 

error-free data, which achieved a good sensitivity with a significantly decreased precision.  

 

 

Figure 3-7 Examples of noisy reads in real RNA-seq data. 
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We used similar strategy to evaluate the simulation data on genes with 𝑁𝑒 = 1. As shown 

in Figure 3-9, all assemblers performed comparably well in terms of F-score, sensitivity, 

precision and Spearman’s rank correlation of the predicted abundance. Due to the simplicity of 

the structure of splicing graph, all assemblers had F-score over 0.96. Figure 3-10 shows the 

performances of all assemblers using precision-recall curve; all assemblers had AUC over 0.94. 

As shown in Figure 3-9, IntAPT still had advantages in identifying isoforms with low abundance 

(RPKM < 20). Figure 3-11 shows the performance of all assemblers under different number of 

 

 

 

Figure 3-8 Performance evaluation on simulation data of genes with 𝐍𝐞 >1 under 

different error rates in terms of: (A) F-score, (B) sensitivity and (C) precision. 

A CB

A CB
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samples. As the number of samples increased, all assemblers identified more correct isoforms 

with comparable precision. We also evaluated the assembly performance under different error 

 

Figure 3-9 Performance evaluation on simulation data of genes with 𝑵𝒆 = 𝟏 . (A) 

Overall performance of isoform identification evaluated by F-score. (B) Sensitivity and (C) 

precision of all assemblers. (D) Sensitivity on isoforms with different level of abundances 

quantified in FPKM. (E) Spearman’s rank correlation between predicted abundance and 

simulated abundance. 
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rates (Figure 3-12). As more noisy reads were simulated, the single chain of the splicing graph 

became more complicated, lowering the performance of precision significantly. Although 

IntAPT also exhibited performance drop under noisy conditions, it outperformed existing 

methods by taking advantage of the support from multiple samples. 

 

 

 

Figure 3-10 Performance evaluation on simulation data of genes with 𝑵𝒆 =1 using 

precision-recall (sensitivity) curve. 

A B
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Figure 3-11 Performance evaluation on simulation data of genes with 𝑵𝒆 = 𝟏 under 

different number of samples: (A) F-score evaluation, (B) sensitivity evaluation and (C) 

precision evaluation. 

A

C
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3.3.3 Cell line RNA-seq data 

To evaluate the performance of all assemblers on real RNA-seq data, we applied all 

assemblers to three data sets to identify phenotype-specific transcript isoforms: one human MCF-

7 breast cancer cell line dataset (GEO accession number: GSM958745) , one H1-hESC 

embryonic stem cell line dataset (GEO accession number: GSM958733) and one HepG2 cell line 

dataset (ENCODE accession numbers: ENCSR985KAT and ENCSR561FEE) from the 

 

Figure 3-12 Performance evaluation on simulation data of genes with 𝑵𝒆 = 𝟏 under 

different error rates: (A) F-score, (B) sensitivity and (C) precision. 

A

C
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ENCODE project [17]. The MCF-7 dataset consisted of  three replicates (MCF-7-rep1, MCF-7-

rep2, and MCF-7-rep3) of about 210 million paired-end reads; the H1-hESC dataset consisted of 

three replicates (H1-rep1, H1-rep2, and H1-rep3) of about 150 million paired-end reads; the 

HepG2 dataset  comprised of three replicates (HepG2-rep1, HepG2-rep2, and HepG2-rep3) of 

about 60 million paired-end reads. All the RNA-seq reads were sequenced on Illumina platform. 

The detailed information of the cell line data used in this study was summarized in Table 3-1 and 

3-2. It is worth mentioning that the three RNA-seq datasets were acquired from different types of 

human organs with different sequencing depths, which would provide a comprehensive 

evaluation of the performances of the competing methods in assembling human transcriptome. 

The raw sequences in the FASTQ format were downloaded from the UCSC genome browser [68] 

and the ENCODE project website (https://www.encodeproject.org/). Reads were mapped to 

UCSC human genome hg19 [68] using TopHat2 (v2.0.11). The aligned data were fed to all the 

assemblers for transcriptome assembly. The total number of transcripts identified from the real 

data was given in Table 3-3. 

 

Table 3-1 Datasets used in real data study (downloaded from the UCSC genome browser) 

Sample UCSC Object Name 
Read Pairs 

(million) 

MCF-7-rep1 wgEncodeCaltechRnaSeqMcf7R2x75Il200FastqRep1 73.9 

MCF-7-rep2 wgEncodeCaltechRnaSeqMcf7R2x75Il200FastqRep2 69.1 

MCF-7-rep3 wgEncodeCaltechRnaSeqMcf7R2x75Il200FastqRep3 73.6 

H1-rep1 wgEncodeCaltechRnaSeqH1hescR2x75Il200FastqRep1 48.5 

H1-rep2 wgEncodeCaltechRnaSeqH1hescR2x75Il200FastqRep2 50.2 

H1-rep3 wgEncodeCaltechRnaSeqH1hescR2x75Il200FastqRep3 50.3 
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Table 3-2 Datasets of HEPG2 cell line (downloaded from the ENCODE project) 

Sample ENCODE Accession Reads ENCODE Accession 
Read Pairs 

(million) 

HepG2-rep1 ENCSR985KAT ENCFF002DKZ and ENCFF002DLC 16.9 

HepG2-rep2 ENCSR561FEE ENCFF946VBP and ENFF982FAM 19.7 

HepG2-rep3 ENCSR561FEE ENCFF564BSM and ENCFF787PPA 23.5 

 

Table 3-3 Number of isoforms identified from real RNA-seq data 

Data IntAPT Cuffmerge Cufflinks_pool ISP FlipFlop 

MCF-7 45036 59175 53420 51221 75803 

H1-hESC 48810 63184 67250 55650 86400 

HEPG2 36784 42537 38394 55651 54464 

 

As the ground-truth set of expressed isoforms was not available or accessible for the 

RNA-seq real data, precision and recall cannot be used for performance evaluation. Although 

there was no gold standard for evaluating the performance of isoform identification directly in 

real data, we can use current annotation and other independent data sources to assess the 

sensitivity and precision for known, annotated isoforms. Furthermore, the precision evaluation 

using current annotation will penalize equally on the excessive number of isoforms predicted for 

all assemblers [90], which can provide a relatively reliable measure of isoform identification 

accuracy. Recently, several studies have used Pacific Biosciences (PacBio) sequencing platform 

[91, 92] to identify novel transcript isoforms. Different from high-throughput RNA-seq 

technology, PacBio sequencing platform can generate much longer reads with relatively lower 

throughput. As the read length is much longer, the reads could span multiple splicing junctions 

or entire transcript, which alleviated the problem of inferring the combination of splicing 

junctions. In this study, we used the MCF-7 transcriptome assembled by PacBio [93], the H1-

hESC transcriptome assembled from a hybrid of Illumina and PacBio reads [70], and the human 

liver transcriptome reported by PacBio [94] to validate our identified isoforms from MCF-7, H1-
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hESC and HepG2 datasets, respectively. Due to the low sensitivity of PacBio sequencing 

platform, some lowly expressed isoforms might not be sequenced. To evaluate the performance 

objectively, we combined the PacBio assembled transcriptome with known annotated transcripts 

from RefSeq genes as a reference isoform set to compare with the identified isoforms. The 

RefSeq annotation for human was downloaded from the UCSC genome browser [68] on June 

16th, 2016. 

We first evaluated the identified isoforms by comparing with the constructed reference 

isoform set. As the number of ground-truth transcripts was intractable, we were not able to 

calculate the recall (or sensitivity) and F-score. Instead, we used the number of matched 

transcripts to indicate the sensitivity of assemblers. We defined the transcripts that can be 

validated by the reference set as valid transcripts. Figure 3-13(A) and (B) showed the number of 

valid transcripts and the precision respectively for MCF-7 cell line data. It can be seen that 

IntAPT can identify more valid transcripts with much higher precision. With the support from 

multiple samples, Cuffmerge and ISP performed best in sensitivity among existing methods. 

Comparing with these two assemblers, IntAPT identified 2,142 (15,988 vs. 13,846) and 2,161 

(15,988 vs. 13,827) more isoforms than Cuffmerge and ISP, respectively. Regarding the 

identification precision, IntAPT had an increase of 8.51% and 12.10% over ISP and Cuffmerge. 

The performance of FlipFlop was consistent with our findings in the simulation study. The 

ubiquitous noisy reads misled FlipFlop to find a large set of erroneous isoforms, which 

significantly degraded the performance. We also noticed that TACO tended to predict much 

fewer isoforms with very high precision. Due to the different schemes used, it is unfair to 

compare TACO with other directly using the number of valid transcripts and precision. To 

conduct a more comprehensive comparison, we calculated the precision of top 10,000 

predictions for all assemblers (Figure 3-13(C)). It showed that IntAPT achieved a precision about 

0.68, which is 24.17% higher than Cuffmerge, 46.44% higher than Cufflinks-pool and 47.08% 

higher than TACO. Figure 3-14 and 3-15 showed the performances of all assemblers on H1-

hESC cell line data and HepG2 cell line data, respectively. The results confirmed that IntAPT 

consistently identified more valid transcripts with higher precision than existing methods. The 



 77 

detailed results are summarized in Table 3-4. Among all competing methods, Cufflinks-pool and 

FlipFlop constructed the splicing graph on pooled data from multiple replicates. A large amount 

of noise accumulated may mistakenly guide the algorithms to find erroneous graphs, which 

significantly affected the performance.  

 

 

 

Figure 3-13 Performance evaluation on MCF7 cell line data using PacBio 

transcriptome and RefSeq annotation: (A) number of valid transcripts, (B) number of 

invalid transcripts, (C) precision and (D) curve-based evaluation. 

A B C D
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Figure 3-14 Performance evaluation on H1-hESC cell line data using PacBio 

transcriptome and RefSeq annotation: (A) number of valid transcripts, (B) number of 

invalid transcripts, (C) precision and (D) curve-based evaluation. 

A B C D

 

Figure 3-15 Performance evaluation on HepG2 cell line data using PacBio 

transcriptome and RefSeq annotation: (A) number of valid transcripts, (B) number of 

invalid transcripts, (C) precision and (D) curve based evaluation. 

A B C D
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Table 3-4 Performance of assemblers on real RNA-seq data 

Data Evaluation IntAPT Cuffmerge Cufflinks_pool ISP FlipFlop 

MCF-7 

Valid transcripts 15988 13846 10446 13827 8787 

Invalid 

transcripts 
29048 45329 42974 37394 67016 

Precision 0.3550 0.2340 0.1955 0.2699 0.1159 

H1-

hESC 

Valid transcripts 13044 12226 9746 12048 8037 

Invalid 

transcripts 
35766 50958 57504 43602 78363 

Precision 0.2672 0.1935 0.1449 0.2165 0.0930 

HEPG2 

Valid transcripts 10602 9747 8305 10271 6288 

Invalid 

transcripts 
26182 32790 30089 45380 48176 

Precision 0.2882 0.2291 0.2163 0.1846 0.1155 

 

We further evaluated the performance using a curve-based method introduced in [50] to 

adjust for possible transcript abundance bias between assemblers. We set different thresholds for 

the estimated isoform abundance to generate a curve between the number of predicted transcripts 

and the number of valid transcripts. The slope and height indicated the precision and sensitivity, 

respectively. As Cuffmerge only reported the isoform structure, we further used Cufflinks to 

estimate the isoform abundance on the pooled data given the predicted isoform structure from 

Cuffmerge. Figure 3-13(D), 3-14(D), and 3-15(D) showed the curves of all assemblers on MCF-

7 cell line data, H1-hESC cell line data, and HepG2 cell line data. As seen from the figure, the 

curve of IntAPT increased much faster than the other curves and finally reached the highest point 

among all assemblers, showing a significantly improved performance of IntAPT in isoform 

identification.  

It is also important to note that the improved performance of IntAPT was achieved 

without sacrificing the computational time (shown in Table 3-5). The computational resources 
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were measured on a multicore machine (Dell-Precision-T7600, Intel Xeon CPU E5-2667 

2.9GHz ×18, 64 GB memory). We measured the computational time starting from the aligned 

RNA-seq data for each sample. As all assemblers required aligned data, the time for alignment 

was not counted here for comparison. For FlipFlop and Cufflinks-pool, one more step of merging 

reads from multiple samples was needed. Thus the actual computational time for FlipFlop and 

Cufflinks is even longer than the time reported in the table. It can be seen from the table that 

IntAPT took less than 2.6 hours to process a reasonably sized dataset (e.g., the MCF-7 dataset), 

whereas the other programs took between 2.7 and 12.5 hours. Besides the computational time, 

we also measured the maximum memory used for all assemblers. Depending on the size of the 

data, IntAPT required 0.6 GB to 1.5 GB memory to analyze the real data, followed by Cuffmerge 

and ISP the maximum memory requirement of which ranged from 1.1 GB to 3.4 GB. 

 

Table 3-5 Computational cost on real RNA-seq data 

Data Resource IntAPT Cuffmerge Cufflinks_pool ISP FlipFlop 

MCF-7 

Time (h) 2.59 4.86 5.97 2.73 12.47 

Max Memory (GB) 1.5 2.4 7.3 3.4 4.8 

H1-

hESC 

Time (h) 1.73 3.68 4.06 2.16 10.78 

Max Memory (GB) 1.3 1.6 4.4 1.5 4.2 

HEPG2 

Time (h) 0.66 1.68 2.15 1.09 2.87 

Max Memory (GB) 0.8 1.1 2.9 1.2 3.3 

 

3.3.4 TCGA GBM study 

To demonstrate the effectiveness of the transcriptome assemblers on real tumor tissue 

study, we have further evaluated all the assemblers using TCGA Glioblastoma Multiforme 

(GBM) RNA-seq data. The analysis of high-throughput expression profiles done by Verhaak et 

al. has discovered four molecular subtypes namely Proneural (PN), Neural (N), Classical (CL) 
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and Mesenchymal (M) [95]. Among all 202 samples studied in [95], there are 31 samples 

measured by RNA-seq technology at TCGA GDC data portal (https://portal.gdc.cancer.gov/). 

The 31 samples include 5 samples of CL, 11 samples of M, 7 samples N and 8 samples of PN. 

We downloaded the aligned RNA-seq data in BAM format from the TCGA GDC data portal. 

Then we applied IntAPT and existing multiple sample transcript assemblers (ISP, Cuffmerge, 

TACO and FlipFlop) onto the RNA-seq data in each subtype to identify phenotype-specific 

transcripts. Unfortunately, we only finished running Cuffmerge without errors among existing 

methods, as the other methods are not compatible with the data. Table 3-6 shows the total 

number of isoforms identified from each subtype.  

 

Table 3-6 The number of isoforms identified by IntAPT and Cuffmerge on TCGA GBM 

RNA-seq data 

Methods CL M N PN 

IntAPT 52786 52257 46377 46579 

Cuffmerge 81241 111292 103103 111871 

 

 

As the ground truth of isoforms is not available, we first evaluated the performance based 

on the biologically meaningful signature genes reported by Verhaak et al. [95]. In the study, 

Verhaak et al. reported 840 genes showing distinct expression profiles across four subtypes. 

Furthermore, the gene ontology analysis identified 554 biologically meaningful signature genes 

highly expressed in each subtype. For each subtype, we compared the genes of identified 

isoforms with the corresponding signature genes. Table 3-7 shows the number of signature genes 

identified by Verhaak et al., IntAPT and Cuffmerge. It can be seen that IntAPT and Cuffmerge 

have similar performance, which identified more than 88% of the signature genes reported by 

Verhaak et al. We further compared the identified isoforms from the signature genes with the 

Ensembl annotation on human GRCh38 genome assembly (version 87) [96] using Cuffcompare. 
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Cuffcompare provides 12 kinds of relationships between isoforms (http://cole-trapnell-

lab.github.io/cufflinks/cuffcompare/#transfrag-class-codes). We categorized the isoforms into 

four categories. The first category includes the isoforms that can be validated by the annotation 

(‘=’ category). The isoforms in the second category have the structures of mixed known and 

novel splicing junctions (‘j’ category), which can be potential novel isoforms. The third category 

of isoforms only covers parts of the known splicing junctions (‘c’ category). All the other 

isoforms that cannot be assigned to the first three categories will be classified as the fourth 

category (‘other’ category), which are highly probable to be false predictions. Figure 3-16 and 3-

17 show the piecharts of the categories of isoforms identified by IntAPT and Cuffmerge. 

 

Figure 3-16 Piechart of the categories of isoforms identified by IntAPT: (A) subtype 

CL, (B) subtype M, (C) subtype N and (D) subtype PN. The numbers outside and inside 

the parenthesis show the number of isoforms and corresponding genes, respectively. 
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It can be seen that IntAPT and Cuffmerge identified a similar number of isoforms that can be 

validated by the known annotation in different subtypes. However, IntAPT has much higher 

precision than Cuffmerge (as shown in Figure 3-18). Figure 3-17 also shows that the low 

precision of Cuffmerge mainly comes from a large number of isoforms in ‘j’ and ‘other’ 

categories. As illustrated in the simulation study, the individual false positive junctions are 

accumulated in the framework of Cuffmerge, which tends to predict many isoforms in ‘j’ and 

‘other’ categories. Furthermore, we studied the genes with potential novel splicing isoforms 

identified by IntAPT using DAVID Functional Annotation Tool [73]. Table 3-8 shows the 

enriched signaling pathways and functions for each subtype, which are closely related to GBM. 

For example, the over-expression of Ras signaling pathway is widely observed in GBM, and the 

 

Figure 3-17 Piechart of the categories of isoforms identified by Cuffmerge: (A) subtype 

CL, (B) subtype M, (C) subtype N and (D) subtype PN. The numbers outside and inside 

the parenthesis show the number of isoforms and corresponding genes, respectively. 
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pathway can be a potential target for glioma treatment [97]. The activation of NFkB signaling 

pathway is also related to the initiation of cell proliferation in GBM [98]. 

 

 

 

Table 3-7 The number of signature genes identified by Verhaak et al. and TCGA GBM 

RNA-seq data 

Methods CL M N PN 

Verhaak et al. 128 182 100 144 

IntAPT 114 161 90 129 

Cuffmerge 114 173 89 127 

 

 

Figure 3-18 Precision of IntAPT and Cuffmerge on GBM data. 



 85 

Table 3-8 Functional annotation analysis of genes with potential novel splicing isoforms 

Subtype Functions category Functions p-value 

CL 

KEGG pathway Glioma 3.00E-4 

GOTERM Regulation of transcription 1.40E-3 

KEGG pathway Ras signaling pathway 5.20E-3 

M 
GOTERM Regulation of cell proliferation 4.80E-3 

KEGG pathway NFkB signaling pathway 1.20E-2 

N 
GOTERM Extracellular exosome 1.90E-3 

GOTERM Oxidative phosphorylation 3.30E-2 

PN 

GOTERM Cell junction 2.80E-3 

GOTERM Cell adhesion 1.10E-2 

GOTERM Positive regulation of GTPase activity 3.70E-2 

 

Besides the evaluation in gene level, we further validated the IntAPT identified isoforms 

in ‘=’ category by integrating the RT-qPCR data from another independent cohort. Recently, Pal 

et al. [99] performed RT-qPCR analysis on an independent cohort of GBM samples from 

University of Pennsylvania tissue bank. The RT-qPCR data measured the expression of 164 

isoforms across 226 samples. Among the 164 measured isoforms, 38 of them come from the 

signature genes. In total, we validated 11 isoforms from the ‘=’ category (Table 3-9).  

 

Table 3-9 Isoforms validated by the RT-qPCR data 

Subtype Isoform Name Gene Name 

CL 
ENST00000260795 FGFR3 

ENST00000375108 PLA2G5 

M 
ENST00000351273 ACPP 

ENST00000358671 FCGR2B 

N 

ENST00000254765 POPDC3 

ENST00000357277 REPS2 

ENST00000366621 KCNK1 

PN 

ENST00000302102 ATP1A3 

ENST00000309384 KLRC4 

ENST00000370314 GABRA3 

ENST00000396884 SOX10 
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3.4 Discussions 

We have developed a new probabilistic approach to identify phenotype-specific isoforms 

from multiple RNA-seq profiles. Our main contribution is a two-layer Bayesian model of 

phenotype-level isoform existence and corresponding isoform expression across multiple 

samples. In the group layer, we model the existence status of isoform as expressed or 

unexpressed using a binary variable. Due to the sequencing errors and mapping errors, the 

aligned RNA-seq data are usually contaminated with false positive junctions. The isoforms in 

unexpressed groups will have low abundance, which accounts for the error reads. By setting a 

high probability of an isoform to be unexpressed, the prior can guide the model to search for 

sparse solutions. In the sample layer, the expression of isoforms in each sample depends on the 

isoform existence in the group layer. If one isoform is not expressed, its expression should be 

close to zero in most of the samples. On the contrary, the expression values of an isoform should 

be significantly larger than zero in some of the samples if the isoform is expressed. As we used 

an iterative way to estimate the parameters, the two-layer structure could guide the estimation to 

a solution supported by most of the samples. To estimate the group level parameter, the evidence 

of isoform existence is collected from isoform expression from individual samples. Then the 

estimated group level existence will in turn guide the estimation of isoform expression across 

multiple samples. That is to say, the individual estimations will conform to each other through 

the group layer estimation. 

We employed a Gibbs sampler to iteratively estimate the existence and abundance of 

isoforms. Compared with previously developed methods, the sampling framework allows us to 

quantify not only the abundance but the existence of isoforms. Based on all samples drawn, we 

report the confidence measure of isoform existence as the expressed frequency of isoforms. 

Another advantage of the developed Gibbs sampler is the improved identification performance 

for lowly expressed isoforms. Due to the limitation of coverage, the lowly expressed isoforms 

are hard to be assembled, especially when the genes of the lowly expressed isoforms have other 

highly expressed isoforms. Instead of the deterministic approach, IntAPT iteratively evaluates 
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the existence of these isoforms and leaves some probability for lowly expressed isoforms to be 

selected. The improvement of the sensitivity of IntAPT on the lowly expressed isoforms has 

already been shown in the simulation data. 

For the simulation data, all assemblers were evaluated under conditions with varying 

number of samples and error rates. Significantly improved performances of IntAPT were 

observed under different evaluation conditions. As the existence of isoform in both group level 

and sample level is interrogated using a two-layer Bayesian model, IntAPT was more capable to 

capture the lowly expressed isoforms in the data and more robust to noise in multiple samples. 

We further evaluated the performance using real cell line data on different cell types with 

different sequencing depths. The identified isoforms were verified by using the combined 

transcriptome assembled from independent PacBio data and RefSeq annotation. The results 

showed that IntAPT consistently outperformed existing methods in identifying more valid 

transcripts with higher precision. We also showed that the improved performance did not 

sacrifice computational resources such as computational time and maximum memory usage. For 

the MCF-7 dataset (3 replicates and about 70 million paired-end reads in each sample), IntAPT 

took less than 2.6 hours and 1.5 GB memory to assemble the transcripts, which is more efficient 

than existing software tools such as Cuffmerge and ISP.  

3.5 Conclusions 

In this chapter, we have developed a novel Bayesian method, IntAPT, to identify 

phenotype-specific isoforms from multiple RNA-seq profiles. The count of reads mapped on 

exons and splice junctions is modeled as a mixture of reads generated from candidate isoforms. 

IntAPT features a novel two-layer Bayesian model to capture the existence of isoforms in the 

group level and quantify the abundance of isoforms at the sample level. A spike and slab prior 

are used to enforce the sparsity of expressed isoforms and the dependency of the model 

parameters is explicitly modeled to facilitate the estimation of model parameters. Specifically, 
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the model parameters are iteratively estimated by a Gibbs sampler, with which the existence and 

abundance of isoforms can be reliably estimated. Both simulation data and real data studies have 

demonstrated a significantly improved performance of IntAPT over existing methods. 
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4 Contribution, future work, and conclusions 

4.1 Summary of original contribution 

In this dissertation, we have developed two computational methods to identify alternative 

splicing isoforms from high-throughput RNA seq data. The original contributions can be 

summarized as follows: 

4.1.1 A Bayesian approach for isoform identification 

We have developed a computational method, SparseIso, for isoform identification from 

RNA-seq data. SparseIso is a fully probabilistic approach in a Bayesian framework to learn the 

distribution of the existence and expression of isoforms. Contrast to traditional methods, we 

model the existence and expression by a novel spike-and-slab prior instead of directly 

interrogating the existence of isoforms by abundance, which increases the probability of lowly 

expressed isoforms. The spike-and-slab prior can also govern the sparse estimation of isoform 

existence by setting a high prior probability of the spike component. We also address the 

overdispersion problem of read counts by using a Negative Binomial model to capture both 

expression and dispersion. We finally employ a Gibbs sampler to iteratively sample the existence 

and abundance of isoforms, which provides a confidence measure of the existence of isoforms.  

We have applied SparseIso to simulation data with known splicing isoforms and 

compared the performance with existing methods. The simulation study is designed to evaluate 

the methods in terms of several aspects: (1) sequencing technology, (2) sequence aligners, (3) 

isoform abundance and (4) splicing graph complexity. The results show that SparseIso 

consistently outperforms existing methods in terms of F-score on data with different sequencing 

technologies and sequence aligners. Furthermore, SparseIso can better identify lowly expressed 

isoforms, as the Bayesian framework can improve the chance for isoforms with low abundance 
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to be selected. Lastly, the results also show that SparseIso performs much better with complex 

splicing graphs.   

We have also applied SparseIso and existing methods onto real cell line data to evaluate 

the performance. The real benchmark data comparison can provide a more comprehensive 

evaluation of the methods regarding the noises from biological experiments such as library 

preparation, PCR duplication and sequencing errors. The results show that SparseIso can identify 

more ground-truth isoforms with much less false predictions, indicating both higher precision 

and recall achieved. The curve-based evaluation also shows that SparseIso outperforms the 

existing methods to identify isoforms with different numbers expressed. Finally, we have applied 

SparseIso to a time-course breast cancer cell line dataset to identify isoforms related to E2 

treatment. As a result, four clusters with distinct responses to E2 have been identified, in which 

the isoforms are significantly enriched in signaling pathways and functions related to breast 

cancer. 

4.1.2 Integrated assembly of phenotype-specific transcripts 

A novel method called IntAPT is developed for identifying phenotype-specific isoforms 

from multiple RNA-seq profiles of the same phenotype. IntAPT is a fully probabilistic method 

with a novel two-layer Bayesian framework. The method at the sample level models the 

observed reads in each sample, and at the group layer it models the phenotype-specific isoform 

existence. The two layers of the model are connected by a spike-and-slab prior, where the 

isoform expression in each sample depends on the phenotype-specific existence. The two-layer 

structure will guide the model to search for consensus isoform structures across multiple samples. 

In addition, sparsity-enforcing estimation is incorporated at the group level. The distribution of 

isoform existence and expression are iteratively estimated by a Gibbs sampling strategy. 

 We have conducted simulation studies to evaluate the performance of IntAPT in 

comparison with existing methods. To comprehensively evaluate the performance, we simulate 

the data in terms of several aspects: (1) splicing graph complexity, (2) isoform abundance, (3) 

the number of samples and (4) the noise levels. The results show that IntAPT significantly 
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outperforms existing methods on genes with multiple isoforms expressed (where the structure is 

more complex). IntAPT also consistently outperforms the existing methods with different 

numbers of samples used, as our method can identify more number of lowly expressed isoforms. 

When the number of samples gets larger, IntAPT tends to identify more truly expressed isoforms. 

Moreover, IntAPT is more robust to noise levels than existing methods, as it is designed to 

identify consistent isoforms across multiple samples.   

 We have also applied IntAPT and existing methods onto real cell line data to evaluate the 

performance of real experiments. We integrate the PacBio data and annotated isoforms as a 

combined set for evaluation. The results show that IntAPT can identify more truly expressed 

isoforms with much higher precision. We have finally applied IntAPT onto the TCGA GBM 

tissue data to identify the isoforms specific to each subtype. The results show that the genes 

identified largely overlap with the signature genes reported by another study [95]. Also, some of 

the isoforms are validated by an independent qRT-PCR data [99], which demonstrates the 

effectiveness of IntAPT for real biomedical applications. 

4.2 Future work 

4.2.1 De novo isoform identification using single and multiple RNA-seq data 

De novo isoform identification using single RNA-seq data 

Our computational method, SparseIso, identifies isoforms from aligned RNA-seq data, 

which requires alignment of short reads on the available genome. However, currently sequenced 

genomes for some species are not complete, and there are even no high-quality genomes 

available for some species, making it necessary to explore the problem of de novo transcriptome 

assembly. Without the reference genome sequences, the genomic locations where the reads come 

from are no longer available. Some methods such as Trinity [80], IDBA-Tran [29] and Bridger 

[100] have been developed to assemble the transcriptome without the reference genome using de 

Bruijn graph. The nodes of the de Bruijn graph are the k-mers enumerated from the sequenced 
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reads. Two k-mers will be connected if their sequences have exactly consecutive k-1 bases match. 

Due to the complexity of the k-mer graph, the single chain in the graph could be collapsed to 

single contig. Starting from one k-mer, the sequence can be extended one base at a time by 

adding one connected k-mer. As the junction reads are difficult to be captured, connections 

between contigs will be added if there are paired-end reads supported. Similar to the splicing 

graph introduced in Section 2.2.1, the paths in the de Bruijn graph are candidate isoforms. 

Several deterministic algorithms have been developed to identify the expressed isoforms from 

the large set of candidate isoforms. Although existing methods have shown promising results in 

transcriptome assembly, there are some limitations of current methods. First, they only use the 

sequence information of k-mers to build the de Bruijn graph. As k-mers are enumerated from the 

read sequences, the complexity of k-mer connections would be much higher than read 

connections. We will incorporate the idea of read extension in the graph building process to 

remove false positive connections. We only let the two k-mers supported by the same read 

connected, which will remove the noisy connections efficiently. Also, the deterministic approach 

applied in the isoform identification process will focus only on highly expressed isoforms. For 

example, the method IDBA-Tran only outputs at most three transcripts for each graph, which 

will miss some lowly expressed isoforms. Instead of using deterministic approaches, we will 

develop Bayesian approaches to model the sequenced reads and isoform expression.  

De novo isoform identification using multiple RNA-seq data 

All the existing methods for de novo isoform identification focus on using single RNA-

seq data. Recent accumulation of data in the large projects such as TCGA and ENCODE calls for 

efficient computational tools to simultaneously analyze multiple RNA-seq data. Also, we have 

shown in the Section 3.3.2 that the multiple-sample analysis will help improve the identification 

performance. Compared with the ab initio methods, de novo transcript assembly for multiple 

samples is more challenging, as the isoforms cannot be directly connected to the genomic 

location (reference genome unavailable). That is to say, it is very difficult to directly build a 

splicing graph of multiple samples. However, we can integrate the framework with a ‘faux’ read 

model inspired by [101]. In the first step, the de novo isoforms will be identified from each 
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sample. Then we can generate faux reads (‘simulated’ reads) sequences from the identified 

isoforms, which will carry the splicing junctions identified from individual samples. Finally, we 

can build a multiple sample splicing graph based on the faux reads generated from each sample 

and infer the expressed isoforms from the graph.  

4.2.2 Isoform identification with other data integrated 

Exploring isoform-specific network in breast cancer and ovarian cancer study  

In the dissertation, we have developed efficient tools to identify isoforms from RNA-seq 

data. It will be interesting to further analyze the isoforms in terms of their dependencies. 

Recently, Zhang et al. [102] proposed a method for estimating the abundance of isoforms by 

considering the interactions between isoforms. The paper presents an isoform-specific network 

generated from several available databases, which provides us an opportunity to study the 

interconnection between isoforms. We will apply IntAPT onto TCGA breast cancer data and 

ovarian cancer data to identify isoforms related to the cancer recurrence. Instead of a list of 

alternative splicing isoforms, we will study the isoform splicing networks by associating the 

identified isoforms with the isoform-specific networks to explain the underlying regulatory 

mechanisms. 

Furthermore, the potential interactions of isoforms presented in the network can help 

better estimate the isoform abundance and existence. We can incorporate the idea of Markov 

random field to model the existence of isoforms. The existence of one isoform will be supported 

by the existence of its ‘networked’ isoforms. As the structures of isoforms in the splicing graph 

are correlated, the prior of existence provided by the network will help identify the isoform 

structure in the graph. Different from previous studies, we need to jointly estimate the isoform 

existence in a global view instead of identifying isoform in each splicing graph independently.  

Isoform identification and quantification with RNA binding proteins data 

RNA binding protein (RBP) is one of the key factors regulating the gene expression [52]. 

The RBP-RNA interaction will affect many biological processes such as stability, cellular 

localization and transportation, which determines the functions of RNA molecules [103]. 
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Recently, a new technology called crosslinking and immunoprecipitation sequencing (CLIP-seq) 

has been developed to study the protein-RNA interactions at base resolution. Given a large 

amount of data generated from the sequencing technology, many computational tools were also 

developed to accurately extract the protein-RNA interactions. For example, Alipanahi et al. [104] 

applied deep learning on CLIP-seq data to study the RBP binding at base resolution. The 

convolutional neural network could help decipher the sequence dependency and provide an 

accurate prediction of the binding event. Given the reliable prediction of protein binding and 

prediction, we can incorporate such information into the prior of isoform existence and 

expression, which will improve the identification performance. We can also study the regulatory 

mechanisms of splicing events, which are very important for us to further understand the 

functions of splicing isoforms. 

4.3 Conclusions 

In this dissertation, we have developed two Bayesian approaches for sample-specific and 

phenotype-specific transcriptome assembly using RNA-seq data. By modeling the read count, 

isoform abundance and existence at different levels, we provide an integrated framework for 

analyzing RNA-seq data. The Gibbs sampler that we developed efficiently learns the distribution 

of parameters, which helps the estimation of isoform existence and expression. Simulation and 

benchmark studies have shown that our methods are more effective in identifying alternative 

splicing isoforms than existing methods. Finally, the application to the real breast cancer cell line 

and GBM tissue data has demonstrated the effectiveness of our methods in biomedical research 

and applications. 

  



 95 

Appendix A. List of publications 
 

 

Peer-reviewed Journal publications 

[1]. Xu Shi, Xiao Wang, Leena Hilakivi-Clarke, Tian-Li Wang, Robert Clarke and Jianhua 

Xuan, “SparseIso: A novel Bayesian approach to identify alternatively spliced isoforms 

from RNA-seq data,” btx557, Bioinformatics, 2017.  

[2]. Xu Shi, Sharmi Banerjee, Li Chen, Leena Hilakivi-Clarke, Robert Clarke and Jianhua 

Xuan. "CyNetSVM: A Cytoscape App for Cancer Biomarker Identification Using 

Network Constrained Support Vector Machines." PLoS ONE, 12(1):e0170482, 2017. 

[3]. Xu Shi, Robert O. Barnes, Li Chen, Ayesha N. Shajahan-Haq, Leena Hilakivi-Clarke, 

Robert Clarke, Yue Wang and Jianhua Xuan, "BMRF-Net: a software tool for 

identification of protein interaction subnetworks by a bagging Markov random field-

based method," Bioinformatics, 31(14):2412-2414, 2015. 

[4]. Xu Shi, Xiao Wang, Ayesha N. Shajahan, Leena Hilakivi-Clarke, Robert Clarke and 

Jianhua Xuan, "BMRF-MI: integrative identification of protein interaction network by 

modeling the gene dependency," BMC Genomics, 16(Suppl 7):S10, 2015. 

[5]. Xu Shi, Jinghua Gu, Xi Chen, Ayesha N. Shajahan, Leena Hilakivi-Clarke, Robert 

Clarke, and Jianhua Xuan, "mAPC-GibbsOS: An integrated approach for robust 

identification of gene regulatory networks," BMC Systems Biology, 7(Suppl 5):S4, 2013. 

[6]. Xi Chen, Xu Shi, Ayesha N. Shajahan, Leena Hilakivi-Clarke, Robert Clarke and Jianhua 

Xuan, "PSSV: A novel pattern-based probabilistic approach for somatic structure 

variation identification," Bioinformatics, 33(2):177-183, 2017. 

 

Manuscript submitted and in preparation 

[7]. Xu Shi, Xiao Wang, Leena Hilakivi-Clarke, Tian-Li Wang, Robert Clarke and Jianhua 

Xuan, “IntAPT: Integrated Assembly of Phenotype-specific Transcripts from Multiple 

RNA-seq Profiles,” to be submitted. 

[8]. Xi Chen, Xu Shi, Leena Hilakivi-Clarke, Robert Clarke, Tian-Li Wang and Jianhua Xuan, 

“ChIP-BIT2: a software tool to detect weak binding events using a Bayesian integration 

approach,” submitted to Bioinformatics. 

[9]. Yu Yu, Yohan Suryo Rahmanto, Yao-An Shen, Lin-Yu Chen, Laura Ardighieri, Ben 

Davidson, Ana Milena Angarita Africano, Amanda N. Fader, Stephanie Gaillard, Ayse 

Ayhan, Xu Shi, Jianhua Xuan, Tian-Li Wang, and Ie-Ming Shih, “Spleen Tyrosine 

Kinase Phosphorylates Epidermal Growth Factor Receptor and Regulates Its Signaling 

Activity in Ovarian Cancer,” submitted. 



 96 

[10]. Yohan Suryo Rahmanto, Wenjing Shen, Tsutomu Miyamoto, Yu Yu, Xu Shi, Meng-

Horn Lee, Youngran Park, Asli Bahadirli-Talbott, Xi Chen, Ronny Drapkin, Denis Wirtz, 

Michele I. Vitolo, Stuart S. Martin, Jianhua Xuan, Ie-Ming Shih, Tian-Li Wang, 

“Inactivation of ARID1A Accelerates Tumor Invasiveness through Direct Transcriptional 

Regulation of TGF-β Pathway,” to be submitted. 

 

Conference publications 

[11]. Xi Chen, Xu Shi, Ayesha N. Shajahan, Leena Hilakivi-Clarke, Robert Clarke and Jianhua 

Xuan, "BSSV: Bayesian based Somatic Structural Variation Identification with Whole 

Genome DNA-Seq Data," in Proc. The 36th Annual International Conference of the IEEE 

Engineering in Medicine and Biology Society, Chicago, IL, USA, August 2014. 

[12]. Xi Chen, Xu Shi, Ayesha N. Shajahan-Haq, Leena Hilakivi-Clarke, Robert Clarke, 

Jianhua Xuan, "Statistical Identification of Co-regulatory Gene Modules Using Multiple 

ChIP-Seq Experiments," BIOINFORMATICS 2014, pp. 109-116, Angers, France, March 

2014. 

  



 97 

Appendix B. Mixtures of reads from isoforms with 
non-uniform sampling 

 

 

Suppose that we observe 𝑦𝑗 reads from one transcript 𝑡𝑗 with length 𝑙𝑗. 𝑦𝑗  will follow a 

Poisson distribution if uniform sampling is assumed: 

𝑦𝑗~Poisson(𝛽𝑗𝑙𝑗), 

where 𝛽𝑗  is the expression level of the exon, which indicates the average number of reads 

sampled at each base. Let 𝛽𝑗,𝑘  be the expression level of 𝑡𝑗  at its locus (or segment) 𝑘 . The 

Poisson distribution assumes that 𝛽𝑗,𝑘 = 𝛽𝑗  for all 𝑘. In order to model the bias of reads, we 

assume  

𝛽𝑗,𝑘~Gamma (
β𝑗

𝜏𝑘
2 , 𝜏𝑘

2), 

where τk
2 is the over-dispersion parameter controlling the sequence-specific bias of segment 𝑘. In 

our model, different transcripts will have the same sequence-specific bias parameter at segment 

𝑘 . Given the expression level of segment  𝑘 , the read count at segment  𝑘  follows a Poisson 

distribution as follows: 

𝑦𝑗,𝑘|𝛽𝑗,𝑘~Poisson(𝛽𝑗,𝑘𝑙𝑘), 

where 𝑙𝑘 is the length of segment 𝑘. By building a hierarchical model for the read counts, the 

number of reads at segment 𝑘 given 𝛽𝑗  follows a Poisson-Gamma (also known as a negative 

binomial (NB) distribution: 

𝑦𝑗,𝑘~NB (
𝛽𝑗𝑙𝑘

𝜏𝑘
2 ,

𝜏𝑘
2

𝜏𝑘
2 + 1

). 

For a gene with 𝑛 segments and 𝑚 transcripts, the total read count at segment 𝑘 is contributed by 

the reads generated by all transcripts having the segment: 

𝑦𝑘 = ∑ 𝑋(𝑘, 𝑖)𝑦𝑖,𝑘

𝑚

𝑖=1
 ~ NB (

𝐵𝑘𝑙𝑘

𝜏𝑘
2 ,

𝜏𝑘
2

𝜏𝑘
2 + 1

), 
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where 𝑋(𝑘, 𝑖) = 1  means transcript 𝑖  conatins segment 𝑘  (otherwise 𝑋(𝑘, 𝑖) = 0) and Β𝑘 =

∑ 𝑋(𝑘, 𝑖)𝛽𝑖
𝑚
𝑖=1  is the expression level of segment 𝑘.  
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Appendix C. Sampling from truncated normal 
distribution 

 

 

We use the Gibbs sampler introduced in [63, 105] to sample the truncated normal 

samples.  Suppose 𝒙 = [𝑥1, 𝑥2, … , 𝑥𝑛] ~ 𝑁(𝝁, 𝚺)𝐼(𝒙 ∈ 𝐴) , where 𝑁(𝜇, Σ)  is a multivariate 

Gaussian distribution, 𝐼(𝑥)  is the indicator function and 𝐴  is the truncated region. The 

probability density function of 𝒙 is 

𝑝(𝒙) ~ exp (−
1

2
(𝒙 − 𝝁)𝑻𝚺−𝟏(𝒙 − 𝝁)) 𝐼(𝒙 ∈ 𝐴). 

Using Gibbs sampling, we can sample the elements of 𝒛 from the conditional distributions. The 

conditional distribution of 𝑥𝑖 given all the other elements of 𝒙 is 

𝑝(𝑥𝑖|𝑥−𝑖) ~ exp(−
1

2
(𝑥𝑖 − 𝑣𝑖)2/𝜎𝑖

2)  𝐼(𝑥𝑖 ∈ (𝑎𝑖, 𝑏𝑖)), 

where 𝑣𝑖 = 𝜇𝑖 − ∑ (𝑥𝑗 − 𝜇𝑖)𝑒𝑖𝑗/𝑒𝑖𝑖𝑗≠𝑖 , 𝜎𝑖
2 = 1/𝑒𝑖𝑖 , 𝑎𝑖  is the lower bound of 𝑥𝑖  and 𝑏𝑖  is the 

upper bound of 𝑥𝑖 . 𝑒𝑖𝑗  is the element of 𝚺 on the 𝑖th row and 𝑗th column. Let 𝑧𝑖 =
𝑥𝑖−𝑣𝑖

𝜎𝑖
, 𝑐𝑖 =

𝑎𝑖−𝑣𝑖

𝜎𝑖
 and 𝑑𝑖 =

𝑏𝑖−𝑣𝑖

𝜎𝑖
. By introducing another random variable  , we can obtain the joint 

distribution of 𝑥𝑖 and 𝑦 as follows: 

𝑝(𝑧𝑖|𝑧−𝑖, 𝑦) ~𝐼(0,exp(−𝑧𝑖
2/2)) (𝑦) 𝐼(𝑥𝑖 ∈ (𝑐𝑖, 𝑑𝑖)). 

Finally, 𝑧𝑖 and 𝑦 can be sampled iteratively 

𝑦|𝑧𝑖~𝑈(0, exp(−𝑧𝑖
2/2)), 

𝑧𝑖|𝑦 ~ 𝑈(max{𝑐𝑖, −√−2 log 𝑦}, min{𝑑𝑖 , √−2 log 𝑦}). 

By iteratively sampling 𝑧1, 𝑧2, … , 𝑧𝑛, we can generate samples of 𝒛. 
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Appendix D. Joint distribution of isoform expressions 
across samples 

 

 

Given the group-specific expression state and variance variables are 𝑧𝑡 and 𝛾𝑡
2, the joint 

conditional probability of  𝜷𝒕 = [𝛽𝑡,1, … , 𝛽𝑡,𝑀]
𝑇
is  

𝑝(𝜷𝒕|𝑧𝑡, 𝛾𝑡
2) = (

2

√2𝜋𝑧𝑡𝛾𝑡
2

)

𝑀

exp (−
∑ 𝛽𝑡,𝑚𝑚

2𝑧𝑡𝛾𝑡
2 ) 𝐼(𝜷𝒕 ≥ 0), 

where 𝑀 is the number of samples. To determine the marginal distribution, we first integrate 𝛾𝑡
2 

out: 

𝑝(𝜷𝒕|𝑧𝑡) = ∫ 𝑝(𝜷𝒕|𝑧𝑡, 𝛾𝑡
2) ∗ 𝑝(𝛾𝑡

2)𝑑𝛾𝑡
2

𝛾𝑡
2

= (
𝜋𝑧𝑡

2
)

−
𝑀
2

∗
Γ (𝑎 +

𝑀
2 )

Γ(𝑎)
 ∗ 𝑏−

𝑀
2 ∗ (1 +

∑ 𝛽𝑡,𝑚𝑚

2𝑏𝑧𝑡
)

−(𝑎+
𝑀
2

)

𝐼(𝜷𝒕 ≥ 𝟎), 

~𝑡2𝑎 (𝜷𝒕; 𝟎,
𝑏𝑧𝑡

𝑎
𝑰𝑴) 𝐼(𝜷𝒕 ≥ 𝟎), 

where 𝑎 and 𝑏 are the shape and rate of the prior distribution of 𝛾𝑡
2 (inverse gamma distribution). 

It can be seen that 𝜷𝒕|𝑧𝑡 follows multivariate Student’s t-distribution truncated at 𝟎 with degree 

of freedom 2𝑎, mean 0 and covariance matrix 𝚺 =
𝑧𝑡𝑏

𝑎
𝑰𝑴. 𝑰𝑴 is an identity matrix with size 𝑀 ×

𝑀. Therefore, the marginal distribution of 𝜷𝒕 can be calculated from a mixture of t-distributions: 

𝑝(𝜷𝒕) = 𝑤 ∗ 𝑡2𝑎 (𝜷𝒕; 𝟎,
𝑏

𝑎
𝑰𝑴) 𝐼(𝜷𝒕 ≥ 𝟎) + (1 − 𝑤) ∗ 𝑡2𝑎(𝜷𝒕; 𝟎,

𝑧0𝑏

𝑎
𝑰𝑴)𝐼(𝜷𝒕 ≥ 𝟎) 

 

Given the joint distribution, we can further derive the covariance between the elements of 𝜷𝒕. 

Here we use a simplified model with only two samples as an example. The expressions of 

isoform 𝑡  in the two samples are 𝛽𝑡,1  and  𝛽𝑡,2 . Similar as the derivation shown above, the 

marginal distributions of 𝛽𝑡,1 and 𝛽𝑡,2 are 

𝑝(𝛽𝑡,1) = 𝑤 ∗ 𝑡2𝑎 (𝛽𝑡,1; 0,
𝑏

𝑎
) 𝐼(𝛽𝑡,1 ≥ 0) + (1 − 𝑤) ∗ 𝑡2𝑎(𝛽𝑡,1; 0,

𝑧0𝑏

𝑎
)𝐼(𝛽𝑡,1 ≥ 0) 
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𝑝(𝛽𝑡,2) = 𝑤 ∗ 𝑡2𝑎 (𝛽𝑡,2; 0,
𝑏

𝑎
) 𝐼(𝛽𝑡,2 ≥ 0) + (1 − 𝑤) ∗ 𝑡2𝑎 (𝛽𝑡,2; 0,

𝑧0𝑏

𝑎
) 𝐼(𝛽𝑡,2 ≥ 0). 

As shown above, the marginal distribution of the isoform expression in one sample 

follows a mixture of t-distribution with the same degree of freedom 2𝑎  and mean 0 . The 

variances are different, which are  
𝑏

𝑎
 and 

𝑧0𝑏

𝑎
 , respectively. The joint distribution of 𝛽𝑡,1 and 𝛽𝑡,2 

is 

𝑝(𝛽𝑡,1, 𝛽𝑡,2) = 𝑤 ∗ 𝑡2𝑎 (𝜷𝒕𝟏,𝟐; 𝟎,
𝑏

𝑎
𝑰𝟐) 𝐼(𝜷𝒕𝟏,𝟐 ≥ 0) + (1 − 𝑤)

∗ 𝑡2𝑎 (𝜷𝒕𝟏,𝟐; 𝟎,
𝑧0𝑏

𝑎
𝑰𝟐) 𝐼(𝜷𝒕𝟏,𝟐 ≥ 0), 

where 𝜷𝒕𝟏,𝟐 = [𝛽𝑡,1, 𝛽𝑡,2]
𝑇
. For the convenience of illustration, we define 𝜇1 and 𝜇2 as the mean 

of 𝑡2𝑎 (𝑥; 0,
𝑏

𝑎
) 𝐼(𝑥 ≥ 0)  and 𝑡2𝑎(𝑥; 0,

𝑧0𝑏

𝑎
)𝐼(𝑥 ≥ 0) . The covariance of 𝛽𝑡,1  and 𝛽𝑡,2  can be 

derived as: 

𝐶𝑂𝑉(𝛽𝑡,1, 𝛽𝑡,2) = 𝐸[𝛽𝑡,1𝛽𝑡,2] − 𝐸[𝛽𝑡,1]𝐸[𝛽𝑡,2]   

= ∬ 𝛽𝑡,1𝛽𝑡,2 ∗ 𝑝(𝛽𝑡,1, 𝛽𝑡,2) 𝑑𝛽𝑡,1𝑑𝛽𝑡,2 − [𝑤𝜇1 + (1 − 𝑤)𝜇2]2

= 𝑤𝜇1
2 + (1 − 𝑤)𝜇2

2 − [𝑤𝜇1 + (1 − 𝑤)𝜇2]2 = 𝑤(1 − 𝑤)(𝜇1 − 𝜇2)2. 

As 𝜇1 and 𝜇2 are the means of t-distributions truncated at 0, 𝜇1 and 𝜇2 are larger than 0. Also, the 

two distributions have different parameters, hence 𝜇1 and 𝜇2 are not equal. Therefore, we can 

conclude that the covariance between 𝛽𝑡,1 and 𝛽𝑡,2 is positive. To validate our derivation, we 

have simulated the joint random variables with different w, 𝑎 and 𝑏. The parameter 𝑧0 is set as 

1.0e-3. The covariance between 𝛽𝑡,1 and 𝛽𝑡,2 are shown in Table D-1. In the first column, ‘EST’ 

indicates the covariance estimated from the simulated random variables; ‘CAL’ indicates the 

covariance calculated from the formula that we derived above, where the mean of distribution is 

estimated from the simulated variables. It can be seen from the table that the estimated 

covariance is very close to that calculated by our derived formula, which supports that our 

derivation is correct. Furthermore, the isoform expressions of any two samples should have the 
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same covariance. That is to say, the isoform expressions between samples are positively 

supporting each other.  

 

Table D-1. Validation of derived covariance on simulated random variables 

(𝑎, 𝑏) 𝑤 = 0.1 𝑤 = 0.2 𝑤 = 0.3 𝑤 = 0.4 

(2,4) - EST 0.1711 0.2934 0.3960 0.4471 

(2,4) - CAL 0.1695 0.2956 0.3939 0.4445 

(10,40) - EST 0.2307 0.4196 0.5492 0.6231 

(10,40) - CAL 0.2304 0.4147 0.5442 0.6214 

Note: *‘EST’ indicates the covariance estimated from the simulated random variables; 

                                                                   *‘CAL’ indicates the covariance calculated from the formula we derived. 
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