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Abstract

Thanks to recent advance of next generation sequencing techniques, RNA-seq en-
abled to have an unprecedented opportunity to identify transcript variants with isoform
diversity and allelic imbalance (Anders et al., 2012) by different transcriptional rates.
To date, it is well known that those features might be associated with the aberrant
patterns of disease complexity such as tissue (Anders and Huber, 2010; Anders et al.,
2012; Nariai et al., 2014) specific differential expression at isoform levels or tissue spe-
cific allelic imbalance in mal-functionality of disease processes, etc. Nevertheless, the
knowledge of post-transcriptional modification and AI in transcriptomic and genomic
areas has been little known in the traditional platforms due to the limitation of technol-
ogy and insufficient resolution. We here stress the potential of isoform variability and
allelic specific expression that are relevant to the abnormality of disease mechanisms
in transcriptional genetic regulatory networks. In addition, we systematically review
how robust Bayesian approaches in RNA-seq have been developed and utilized in this
regard in the field.

Keywords: Allelic imbalance, Bayesian methods, differential expression, gene expression,
genetic regulatory network, isoform diversity, post-transcriptional modification, RNA-
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1. Introduction

High-throughput gene expression profile data in both array and sequencing have played a
key role to address fundamental questions to arise in biomedical research (Anders and Hu-
ber, 2010; Anders et al., 2013; Aryee et al., 2009; Bar-Joseph et al., 2012; Bi and Davuluri,
2013; Bullard et al., 2010; Cumbie et al., 2011; Gao and Song, 2005; Hardcastle and Kelly,
2010; Hu et al., 2014; Jiang and Wong, 2009; Lee et al., 2011; Li and Jiang, 2012; Lin et al.,
2003; Ma and Zhang, 2013; Marioni et al., 2008; Nariai et al., 2014; Nishiu et al., 2002; Oh
et al., 2013; Oshlack et al., 2010; Pollier et al., 2013; Rehrauer et al., 2013; Roberts et al.,
2011; Robinson et al., 2010; Robinson and Oshlack, 2010; Shi and Jiang, 2013; Skelly et al.,
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2011; Stegle et al., 2010; Suo et al., 2014; Tarazona et al., 2011; Trapnell et al., 2012; Vard-
hanabhuti et al., 2013; Wang et al., 2013; Wang et al., 2010; Wu et al., 2011b; Zhao et al.,
2008). Simultaneous statistical testing based on millions of transcripts and corresponding
mRNA samples has made it possible to identify biomarkers that are crucially influencing the
alteration of expression levels between disease and normal samples/conditions, classification
of sub-groups of particular disease, therapeutic effects on biological external condition such
as drug treatments and disease progression over a series of different stages, etc (Anders and
Huber, 2010; Anders et al., 2013; Bi and Davuluri, 2013; Bullard et al., 2010; Hardcastle and
Kelly, 2010; Lin et al., 2003; Oshlack et al., 2010; Rehrauer et al., 2013; Robinson et al., 2010;
Robinson and Oshlack, 2010; Tarazona et al., 2011). Ultimately, exploring the complexity of
disease progressive mechanisms in large-scale of expression profiles cover the entire proto-
col in the context of biologically hypothetical questionnaire, experimental design, analytical
pipeline and corresponding statistical and computational strategy, and validated results with
interpretation and take-home messages. For each procedure in the protocol, more effective
and reliable methods are required to increase statistical confidence and reduce false discov-
ery rates on biological findings by incorporating systematic variability and biases/errors in
generic RNA-seq specific nature (Bullard et al., 2010; Robinson and Oshlack, 2010).

Many statistical methodologies have greatly contributed to the tasks to perform ex-
ploratory analysis for diagnosis of samples, identification of changes on expression levels,
grouping similar patterns of expression, classification of disease types and detection of system
biological network modules and functional pathways. In such an entire pipeline, differential
expression analysis is one of major analysis parts enabling identification of disease-specific
alteration (or tissue / condition-specific alteration) at gene levels that are directly/indirectly
affected by the causality and consequence of disease processes.

Notably, as described in the previous studies, more than 90% of human genes undergo
isoform diversity generated by different structures of various exon combinations whose func-
tionality and protein structure also vary, suggesting that characterization at gene levels
might lead to a biased and limited conclusion. We will discuss the great potential of post-
transcriptional procedure and AI that are more closely related with disease mechanisms as
well as gene levels (Aryee et al., 2009; Bar-Joseph et al., 2012; Cumbie et al., 2011; Gao
and Song, 2005; Hu et al., 2014; Lee et al., 2011; Marioni et al., 2008; Pandey et al., 2013;
Robinson et al., 2010; Skelly et al., 2011; Stegle et al., 2010; Wang et al., 2010; Zhao et al.,
2008) by focusing on more enhanced Bayesian methods to detect with flexible assumption
and distribution.

Thus, we focus on a selected list of methods based on most updated approaches that
outperform existing methods in terms of performance and accuracy, and also naive methods
such as cufflinks that have been initially proposed but popularly conducted with comparable
performance thus far. Through powerful and rigorous statistical frameworks as proposed in
this article, it will aid in investigators detect more accurate isoform architecture and AI spe-
cific expression that should be further studied to uncover causality and consequential effect
of specific disease of interest in terms of initiation and progression. The remainder will be
discussed about both important biological phenomena in post-transcriptional modifications
based on statistical and computational methods that have been recently updated and widely
applied for the sequencing high-throughput data. The next section will be discussed about
improved methods with regards to true discovery rates and power of detection on alternative
splicing events and allelic imbalance both in real and synthetic data sets in turn. And we
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highlight that entire characterization at spliced structures as well as a single unified gene
level will shed a light on comprehensive understanding of unsolved hypothetical questions
on transcriptional and genomic studies in the last section. Thus, the identification of post-
transcriptional alterations and its better estimation are timely very crucial to fully uncover
more precise tissue-specific or external condition-specific biomarkers.

2. Methods

2.1. Identification of tissue specific alternative splicing diversity

The identification of gene expression profiles has been the central role in many of clinical
applications and wet experimental laboratories from the conventional array based technol-
ogy. More recently, with rapidly advanced technologies, ultra high throughput platforms
have been proposed accordingly. The improved strategies and methods have a couple of
advantages compared to traditional approaches including high resolution, dynamic range of
signals on expression levels, better reproducible quality on biological and technical replicates
to enable to further explore features such as isoform diversity and allelic specific expression
on genetic regulation mechanisms that have not been addressed due to limited resolution
and quality on raw data in previous platforms until far. More specifically, isoform variation
is structured by one of the post-transcriptional procedures through the variety of selection
scheme on given exons in a particular gene, resulting in corresponding various protein struc-
ture and functionalities on various spliced isoforms. Thus, analysis at unified gene level might
lead to partial conclusion and increment on false discovery rates. Taken together, it is pivotal
to explore and characterize unknown underlying biological mechanisms during gene regula-
tion at spliced isoform architectures as well as outer gene level. In order to more precisely
decipher post-transcriptional modification in terms of spliced isoforms, a few of methods
have been introduced to detect transcript abundance on individual exon and spliced iso-
form structures statistically and computationally. In the following section, we discuss each
method with pros and cons and further demonstrate ability of performance in terms of both
real data application and synthetic data.

(1) Tigar2: as RNA-seq expression profiles enable to detect alternatively spliced patterns
with the forms of multiple transcript variants in an individual gene, identification of isoform
diversity has been performed along with gene level analysis. For the purpose, Tigar2 has been
implemented in the environment of Java application as a freely available algorithmic tool
(Nariai, et al., 2013; Nariai, et al., 2014). The major strength of this method is the sensitivity
and robustness on the quantification of isoform abundance, in particular, it demonstrates
higher accuracy of measuring isoform expression levels when varying read length (> 250
base pair). On the contrary, other existing methods sensitively responded to the read length
and they presented poor performance in both single and paired-end experiment based on
the root mean squared errors of the estimated abundances (log of FRKMs) compared to the
true gene expression levels. Thus, the evaluation of Tigar2 is conducted by the comparison
of other existing quantification methods in fixed read length (single and paired) and also
differently variable read length settings and it presented a better performance compared to
other competing alternative methods (Trapnell, et al., 2009; Trapnell, et al., 2012; Trapnell,
et al., 2010). In principle, the methodological scheme is on the basis of variational bayesian
inference with expectation and maximization. Let θ be a model parameter that represents
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transcript isoform abundances, and we assume that Znt represents an indicator variable. It
equals to 1 if read n generated from transcript isoform n, zero otherwise. And R1

n and R2
n

represent nucleotide sequence of the first and second pair of read n, respectively. The joint
probability equals to the product of conditional probabilities as given by,

p(θ, Znt, R
1
n, R

2
n) = p(θ)p(Znt|θ)p(R1

n, R
2
n|Znt), (2.1)

p(θ) is represented by dirichlet prior distribution, p(θ) = 1
C

∏T
t=0 θ

αt−1
t , where αt > 0 is a

hyperparameter, c is constant, T is the number of transcript isoforms, such that
∑T
t=0 θt = 1.

θ0 represents the noise isoform abundance (reads that are not generated from any known
isoform are assigned).

p(Znt|θ) = p(Tn|θ)p(Fn|Tn)p(Sn|Tn, Fn)p(On|Tn)p(A1
n, A

2
n|Tn, Fn, Sn, On), (2.2)

where Tn, Fn, Sn, On, A
1
n and A2

n represent in turn, the transcript isoform choice, fragment
size, read start position, orientation, and alignment state of the first pair and second pair
of read n. p(Tn|θ) represents the probability of read n generated from transcript isoform Tn
given a parameter vector. A fragment size variable as Fn is included in the Tigar2 model.
The conditional probability given Tn = tn s computed by the notation,

p(Fn = fn|Tn = tn) =
dF (fn)
lt∑
x=1

dF (x)

, (2.3)

where lt represents the length of transcript isoform n, and dF(x) denotes the global fragment
size distribution that follows Normal(µF , σ

2
F ). p(Ot|Tn) represents the probability of the

orientation of read n given the transcript isoform choice a strand specific protocol. To account
for p(Ot = 0|Tn = t) = 1 and p(Ot = 0|Tn = t) = 0, and next, p(A1

n, A
2
n|Tn, Fn, Sn, On)

represents the probability of the alignment state of read n given the transcript isoform choice,
fragment size, start position, and orientation of read n. p(R1

n, R
2
n|Znt = 1) is represented by

the conditional probability of sequence of the first and second pair or read n given Znt = 1.
That is,

p(R1
n, R

2
n|Znt=1)=

x1∏
x=1

emit(r1[x], q1[x], c1[x], a1[x])

x2∏
x=1

emit(r2[x], q2[x], c2[x], a2[x]), (2.4)

where the first term represents the emission probability of nucleotide characters of the first
pair of read n, decomposed of nucleotide character (r1[x]), base call quality score (q1[x]),
nucleotide character of the corresponding reference sequence (c1[x]), the alignment state of
the first pair of read n at position xa1[x]. Likewise, emit(r2[x], q2[x], c2[x], a2[x]) is computed
for the second pair. In order to explicitly consider the varying read length distribution,

p(Ln = length(Rn)|Fn = fn) =
dR(length(Rn))

fn∑
x=1

dR(x)

, (2.5)

where length (Rn) represents the global read length distribution. By denoting with smooth
functions in a non-parametric strategy with M equally spaced Gaussian kernels as basis
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functions,

dR(x) =
g(x)

max(L)∑
x′=1

g(x′)

, where g(x) =

M∑
i=1

aimi(x), (2.6)

ai represents the coefficient parameters and mi(x) follows N(µi, σ
2) through the sophis-

ticated paradigm of variational bayesian inference approach, latent variables to represent
true alignments of reads as well as model parameters (transcript isoform abundances) are
computed by the posterior distribution.

Dirichlet prior: θ ∼ D(α0, · · · , α0), αθ > 0, In the prior, α0 = 0.001, 0.01, 0.1 or 1.0 has
been considered. In variational bayesian expectation (VBE) step, the expected number of
reads that are mapping back to the transcript isoform is obtained by r̂t =

∑
nEz[Znt = 1]. In

variable bayesian maximization step (VBM), the expected abundance of transcript isoform
t is computed by.

Eθ[θ̂t] =
α̂t

(
∑
t
, α̂t′)

where α̂t = α0r̂t. (2.7)

This improved Tigar2 has been evaluated with other alternative methods in both simulated
and real data applications containing technical replicates under the identical biological con-
ditions and variable read lengths. It demonstrates that Tigar2 outperforms other competing
methods, Tigar1, RSEM, and Cufflinks in single and paired end data, more specifically, at
read length longer than 250 bp (Li and Dewey, 2011; Nariai et al., 2013; Trapnell et al., 2009;
Trapnell et al., 2012; Trapnell et al., 2010). Tigar2 is an updated version of Tigar1 addi-
tionally featured in loading a BAM file into a genome browser such as Integrative Genomics
Viewer. And current version of method has been implemented with improved performance
in sensitivity and accuracy of quantification of isoform expression levels from initial Tigar1.
More specifically, (Nariai et al., 2014) evaluated human HeLa cell line samples that have ob-
tained 4.25 million reads in single-end sequencing as a real data application. From the data,
it demonstrated a right skewed distribution of variable read lengths in the range of ∼50 to
∼300, suggesting that variable length is one of crucial parameters to model a quantification
method and evaluate sensitivity and accuracy on quantification of isoform diversity.

(2) SplikeTrap: SpliceTrap has been proposed to quantify transcript variant isoforms on
alternative splicing structure. It is based on the independent bayesian inference measuring
expression level estimation of each exon. This approach demonstrated better performance
than other methods in terms of accuracy, robustness, and reliability in quantifying exon-
inclusion ratios. In principle, state of art SpliceTrap tool has been developed to precisely
quantify exon-inclusion levels in the format of exon-trio database design referred to as TXdb
(Wu, et al., 2011). All known transcripts encoded by each human gene are annotated by the
common RefSeq and EST based alternative splicing (AS) database dbASE. In addition, all
possible exon-skipping event in AS is identified by subdividing each transcript in to exon
trios by sliding a 3-exon window along the transcript. For the quantification of exon-skipping
event (cassette exon; CA), some of key measurement metrics are used, the flanking exons
(e1 and e3) are constitute exons and the middle exon is categorized in to cassette exon and
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also an inclusion isoform (f1) with all three exons and a skipping isoform (f2) comprising
the two flanking exons only.

Specifically, the first and last exons for every transcript are discarded and the transcrip-
tomic variability is primarily due to alternative transcription intiation, or poly-adenylation,
other than AS event per se. By using mapping database, TXdb, every exon is indepen-
dently estimated for its AS level and SpliceTrap has made it able to detect other types of
AS structures such as AA: alternative 3’ splice site, AD: alternative 5’ splice site, and IR:
Intron retention. Another advantage of this method is able to capture complex AS events
involving two or more exon trios/duos. In a paired-end RNA-seq experiment, a fragment on
FPKM is defined as a sequence segment encompassed between the first and last nucleotides
of a read-pair. In the methodological framework of SpliceTrap for each trio/duo, the posi-
tions of the mapped fragments follow a uniform distribution and corresponding their sizes
follow approximately normal distribution. A particular fragment j is denoted as a vector
rj : (bj , sj), where bj and sj represent the beginning position and size of the fragment, re-
spectively. And also, for exon trio (or exon duo), the set of all possible isoforms are defined
as F = {f1, f2}, where f1 represents an inclusion (or extended) isoform, and f2 is a skipping
(or shortened) isoform. The lengths and the relative expression levels of these isoforms are
L = {L1, L2} and E = {e1, e2}. Taken together, the probability of observing an isoform i
given the expression level is denoted as,

p(fi|E) =
eiLi

e1L1 + e2L2
, (2.8)

supposedly, m represents the number of fragments R = {rj , j = 1, 2, · · · ,m} that can be
mapped to F . For given each fragment, rj(bj , sj), bj

∏
sj , the probability of observing rj

given on isoform fi is

p(rj |fi, E) = p(bj |fi, E), p(sj |fi, E) = p(bj |fi, E)p(si) =
1

li
p(sj), (2.9)

where li is the effective length of fi(Li − Si + 1) and p(sj) is the probability of observing a
fragment size sj in the experiment. For all of isoforms in F , p(rj |E) ) equals to

∑
fi∈F

p(rj |fi, E)p(fi|E) =
∑
fi∈F

1

li
p(sj)

eiLi

e1L1 + e2L2
and p(R|E)

∏
rj∈F

p(fi|E). (2.10)

Finally, a bayesian posterior function is written as

p(E|R) ∝
∏
rj∈F

p(rj |E)p(E). (2.11)

Thus, SpliceTrap is designed to quantify local alternative splicing activity and exon-
inclusion ratios. In order to validate the performance of this method, it is evaluated sys-
tematically with other competing methods, RPKM, Cufflinks, Scripture, and MLE in both
synthetic and real data application, SpliceTrap presented highly accurate and reliable quan-
tification levels and consistent robustness. In the evaluation, the method is compared in
regards to correlation coefficient and mean absolute error in 36 and 75 nucleotide base pair.
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Conclusively, SpliceTrap demonstrates more reliability and reproducibility when compared
to Cufflinks and Scripture that can also be used to quantify local AS events, albeit with lower
accuracy. Here, it is worth noting that SpliceTrap is manifested to quantify various local
AS events and exon-inclusion levels for full transcript expression levels. In further details,
it was specifically designed to accurately quantify alternative splicing at the single exon
level by identifying exon trios/duos instead of full transcripts based on bayesian modeling
approach. In order to reduce false discovery rates, various set of cutoff threshold values has
been examined. Although SpliceTrap is specifically designed to detect single cassette exons,
it can also detect different splicing patterns such as AA and AD described earlier. Similar to
Tigar2, authors evaluated the quantification methods using Human Hela cell lines with more
than 60 million and 36 nt paired end reads in RNA-Seq real data application. From the data,
proposed method presented higher performance in terms of cassette exon discovery rate and
specificity on detection of various splicing events, whereas interestingly, SpliceTrap showed
less sensitivity on constitute exon discovery rates on varying inclusion ratios compared to
others.

(3) BASIS: next, we review a Bayesian analysis of splicing isoforms (BASIS) to estimate
the differential expression level of each transcript isoform between two conditions (Zheng
and Chen, 2009). In the method, a latent variable is used to predict direct statistical se-
lection of differentially expressed isoforms. Model parameters are inferred based on ergodic
Markov chain generated by Gibbs sampler technique. And BASIS has the capability to bor-
row information across different positions in the content of within-genes and between-genes
handling with different sequence depth coverage. In this review, we skip the part of tiling
array data since we focus on RNA-seq specific methodology. In BASIS, for each gene, read
coverage over each position i that appears in at least one transcript isoform of gene g is
modeled with

∆ygi =
∑

∆βgiXgij + ∆εgi,where ∆gi denotes the average difference between

two conditions for position i of gene g(∆ygi = y1gi − y2gi). (2.12)

∆βgi is the expression difference between two conditions. For the j-th transcript isoform
of gene g, Xgij represents the binary indicator of whether position i belongs to isoform j’s
exon region, and ∆εgi is the error term for position i of gene g. It is conceptually focused
on nucleotide positions appearing in at least one transcript isoform. For each position i that
appears in at least one transcript isoform of gene g, the read coverage difference under two
distinct conditions is denoted by the linear model,

∆ygi =
∑

∆βgixgij + ∆εgi,where ∆ygi = y1gi − y2gi and ∆βgij represents the

expression difference between two conditions for j-th transcript isoform

for j-th transcript isoformof gene g(∆ygi = y1gi − y2gi). (2.13)

And xgij is the binary indicator of whether position i belongs to isoform j’s exon region,
∆εgi is the error term. G represents the total number of genes and ng is the total number
of positions for gene g. j ranges from 1 to sg where sg is the total number of transcript
isoforms for gene g. The total ∆εgi’s (g = 1, · · · , G and i= 1, · · · , ng) are decomposed into
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100 bins. Thus, proposed hierarchical bayesian approach is written as

∆yg|∆βg,
∑
g

∼ Nng
(Xg∆βg,

∑
g

, g = 1, · · · , G,
∑
g

≡ diag(
∏
g1

, · · · ,
∏
gng

)

and
∏
gi

= δm if position i of gene g ∈ bin m, δm ∼ IG(ν/2, νλ/2),m = 1. · · · , 100. (2.14)

∆βg|γg ∼ Nsg (0, Rg), and Rg ≡ daig(kg1 , · · · , kgsg ),

where kgj = γgj if γgj = 0 and kgj = ψgj if γgj = 1 (2.15)

f(γg) =

sg∏
j=1

pγgj (1− p)1−γgj , where ∆yg,∆βg and Xgare identical as

described in the previous equations. And rg is a latent variable. (2.16)

Nng
and Nsg stand for multivariate normal distribution and IG represents the inverse

gamma distribution. Given the isoform amount differences (∆βg) and position arrange-
ments (Xg), read coverage differences (∆Yg) follow a multivariate normal distribution,
MVN(Xg∆βg,

∑
g), where if a position is assigned to bin m, the variance of the cover-

age difference is δm · γgj is an indicator to represent whether j-th isoform is differentially
expressed or not, such that when γgj = 0,∆βgj ∼ N(0, ψgj). In proposed prior distribution
for parameters (∆β, δ, γ), there are hyperparameters (r, ψ, ν, λ, p) and Gibbs sampler tech-
niques are made use of generating Markov Chain and posterior probabilities of ∆β, δ and γ

are in turn estimated from the chain. First of all, the variance parameter δ
[0]
m is initialized

to be the mean of intensity summation (y1 + y2). For the positions in bin m, r
[0]
m is also

initialized as (1, · · · , 1)T . The Gibbs sampler at the k-th iteration is done in the following
procedures,

(I) Perform sampling procedure of the isoform amount differences, ∆β
[k]
g (g = 1, · · · , G)

from the conditional posterior distribution

∆β[k]
g ∼ f(∆β[k]

g |∆Yg, δ[k−1], γ[k−1]g = Nsg

(
AXT

g

(∑[k−1]

g

)−1
∆Yg, A

)
,

where A =

(
XT
g

(∑[k−1]

g

)−1
|Xg +

(
R[k−1]
g

)−1)−1
(2.17)

(II) Perform sampling δ
[k]
m ,m = 1, · · · , 100 to represent the variance for positions in bin m,

from the conditional posterior distribution,

δ[k]m∼f(δ[k]m |∆Ym,∆β[k]
m ,∆γ[k−1])=IG

(
ν+qm

2
,
νλ+(∆Ym−Xm∆β

[k]
m )T (∆Ym−Xm∆β

[k]
m )

2

)
,

where are for positions falling in bin m, represents the number of positions in bin m

assuming that the positions in bin m may be from different genes. (2.18)
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(III) Perform sampling γ
[k]
gj , g = 1, · · · , g and j = 1, · · · , sg, indicator variable of whether

the j-th isoform should be declared as differentially expressed from the conditional

posterior distribution, γ
[k]
gj ∼f(γ

[k]
gj |∆Y,∆β

[k]
g ,∆[k], γ

[k]
gj ),

Pr(γ
[k]
gj =1|∆Y,∆β[k]

g ,∆[k], γ
[k]
gj =

f
(
∆β

[k]
g |γ[k]gi , γ

[k]
gj =1

)
p

f
(
∆β

[k]
g |γ[k]gi , γ

[k]
gj =1

)
p+f

(
∆β

[k]
g |γ[k]gi , γ

[k]
gj = 0

)
(1−p)

where γ
[k]
gj =

(
γ
[k]
1 , · · · , γ[k]j−1, γ

[k−1]
j+1 , · · · , γ[k−1]sg

)T
(2.19)

In the evaluation of proposed method using RNA-Seq real data application, authors em-
ployed mouse brain, liver, and muscle Solexa high-throughput sequencing data. In the quan-
tification of isoform diversity, non-redundant transcript isoform of mouse genes were down-
loaded from ASTD and Ensembl database. Transcript abundances are estimated for adult
mouse brain, liver, and muscle tissue samples. And for each group, there exist two biological
individual replicates and uniquely mapped sequence reads from two replicates are all pooled
together and mapped to gene annotations. Thus, the known or predicted mouse transcript
isoform splicing patterns are obtained from those databases. From the results, pairwise com-
parisons have been conducted between brain and liver, having that 35,715 transcripts are
differentially expressed and around 21,188 transcripts are up-regulated in brain, and the
remaining transcripts are up-regulated in liver, respectively. And importantly, around 7,699
genes have more than one differentially expressed transcript isoform from corresponding
10,771 genes

Likewise, in the pairwise comparison between brain and muscle, 34,126 transcripts be-
longing to 10,554 genes are differentially expressed. Of which 19,851 of the transcripts are
up-regulated in brain and others are up-regulated in muscle. And interestingly, 5,498 of
7,392 differentially expressed genes presented at least one down-regulated isoform in brain
versus muscle. In the validation of BASIS using RNA-seq data for brain, liver, muscle with
two biological individual replicates and simulated sets, the comparison between proposed
BASIS and least squares fit is made when the total false-positive rate is controlled at 0.005
and it shows a remarkable improvement on the basis of power test by representing overall
more two times better performance between two.

Notably, BASIS method is further evaluated in terms of RT-PCR validation technique
by thoroughly examining genes whose isoforms show differential expression patterns tissue-
specifically between two conditions. As BASIS infers the differential expression levels by
jointly taking into account all positions targeting the individual same gene, the major
strength of this method is to aim at considering sequence read coverage at each position
that may lead to a family of splice variants instead of one single isoform. In general, the
majority of transcript isoforms do not contain any isoform specific sequence positions or
isoform specific exon-exon junctions. BASIS address this issue by allocating the intensity
of sequence read coverage to multiple transcript isoforms and integrating multiple sequence
read coverage values for the same gene. Furthermore, this method has been evidently im-
proved in terms of signal to noise estimate by utilizing shared information across every
sequencing read. This approach has been solved the common issue, the large p and small n
to arise in high-throughput large scale of expression profiles by incorporating flexible statis-
tical inference compared to traditional least squares fit. Interestingly, the latent γ variable
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is involved with variable selection scheme as only small portion of the transcript isoforms is
expressed under multiple biological conditions. And it is used to identify the corresponding
transcript isoforms of interest and lead to an interpretable model.

(4) RSEM: as RSEM and Cufflinks are compared in the previous section on Tigar2, both
methods are also discussed miscellaneously as an appendix in current section. RSEM method
has been implemented in an user-friendly software package for both gene and isoform abun-
dances from single and paired end RNA-Seq data with or without reference genome. When
a reference genome of interest is not available on mapping and assembly, combination with
a de novo transcriptome assembler is utilized. Major strength of this method is that it has
superior or comparable performance to others that rely on a reference genome. And this is
also an updated version of quantification of splicing events (Li et al., 2010) and has been
newly implemented by extending following features: (1) Firstly, paired end reads are mod-
eled in current version using a pair of observed random variables, R1 and R2. Accordingly,
in the case of single end reads, R2 is treated as a latent random variable. (2) Secondly, the
length of the fragment from which a read or pair of reads is derived is also modeled by the
latent random variable F . The distribution of F is specified by a global fragment length
distribution, λF (x) in the following equation,

P (F = x|G = i) = λF (x)

li∑
x1

λF (x′)−1 where li is the length of transcript i. (2.20)

As presented in the given notation, λF (x) is truncated and normalized given a fragment is
derived from a specific transcript of finite length. (3) Thirdly, updated method allows various
read lengths by representing the observed random variable L (or L1 and L2 for paired end).
And (4) Finally, in order to account for quality of reads, authors included quality score
parameter as a random variable Q. In the quantification of splicing events, this approach
does not specify distribution of Q random variables because they are all observed without
any dependence upon other variables. RSEM’s main rationale is on the basis of computing
the Maximum Likelihood values of the parameters, θ of model contained by introduced
parameters. θi represents the probability that a given fragment is derived from transcript
i and when the noise transcript is defined with θ0 and reads have no alignments. After
estimation, the θ values are converted into transcript fractions,

θi/l
′

i∑
j 6=0

θi/l
′
i

, where l
′

i is the effective length of transcript i given by

∑
x≤li

λF (x)(li − x+ 1) for poly(A) transcripts and,

∑
x≤li+lA

λF (x)min(li + lA − x+ 1, li) for poly(A)+ transcripts,

where lA is the length of a poly(A) tail. (2.21)

RSEM also obtain posterior mean of estimates and corresponding 95% confidence intervals
(CIs) with a two-stage sampling process by Gibbs Samplers.
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(5) Cufflinks: the primary goal of Cufflinks is to accurately estimate transcript abundance
by accurately identifying which isoform variation from a gene produces each read. It relies
upon known all splice variants (isoforms) of the particular gene of interest. Basically, Cuf-
flinks assembles individual transcripts from RNA-Seq reads that have been aligned against
a reference genome. Similar to other methods discussed in the previous sections, Cufflinks
quantify splicing structure of the gene. It takes into account the fact that genes undergo
multiple alternative splicing events usually reconstructing gene models on quantification.
In the algorithm, it produces a parsimonious transcriptome assembly data and a few full-
length transcript fragments to explain all the possible splicing events for input data. In
principle, transcript abundances are estimated based on a generative statistical model tech-
nique of RNA-Seq samples. For the sake of simplicity and convenience of proposed model,
abundances of non-overlapping transcripts in disjoint genomic loci are computed indepen-
dently. Model parameters are the non-negative abundances, ρt. Thus, the effective length of
a transcript is defined by,

¯l(t) =

l(t)∑
i=1

F (i)(l(t)− i+ 1)

where l(t) is the length of a transcript and F is the distribution of fragment. (2.22)

Therefore, likelihood function is given by,

L(ρ|R) =
∏
r∈R

∏
t∈T

ρt ¯l(t)∑
u∈T

ρu ¯l(u)

(
F (lt(r))

l(t)− lt(r) + 1

)

where R and T represent all fragment alignments and Transcripts, respectively. (2.23)

And lt(r) represents the implied length of a fragment determined by a pair of reads as-
suming, it originated from transcript t. This likelihood function has a unique maximum via
numerical optimization procedure as it is the likelihood function for a linear model and it
is identifiable. More specifically, maximum a posteriori estimates are also computed by a
Bayesian inference procedure based on importance sampling from a posterior distribution.
In summary, the proposed distribution is a multivariate normal with mean given by the
maximum likelihood estimate a variance-covariance matrix given by the inverse of the ob-
served Fisher Information matrix. Thus, the maximum a posteriori estimates are eventually
used for differential expression testing.

2.2. Identification of tissue specific allelic imbalance

Now, we comprehensively review methods to identify allelic specific expression and allelic
imbalance (AI) as the product of genetic differences in gene regulation (Leon-Novelo et al.,
2014; Ng et al., 2014; Pandey et al., 2013). This is primarily induced by the circumstances
when regulatory processes result in different steady-state transcriptional rates for two alleles
within a single biological individual. The goal of firstly introduced approach proposed by
Leon-Novelo LG et al (Leon-Novelo et al., 2014) is to correct the bias in estimation of AI
derived from multiple factors, genome ambiguity, reference quality, the mapping algorithm,
and biases in sequencing procedures.
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In the methodological tasks, the underlying mechanisms are based on a flexible Bayesian
model for analysis of AI to account for bias and implementation without DNA controls is
done. In lieu of DNA controls, the proposed poisson-gamma (PG) model approach uses an
estimate of bias and demonstrates higher sensitivity and lower error rates than previously
proposed conventional binomial test. Especially, allelic imbalance is largely related with
the perspectives of either cis- and trans-effects from the regulatory sequences in regulatory
regions on a gene or coding regions of trans acting factors or through indirect or epistatic
effects. Basically, from a common cellular environment two alleles in a diploid individual are
expressed. Thus, both alleles from a common cellular environment can vary in regulatory
sequence, though, share a common pool of trans factors suggesting that allelic imbalance
(AI) between alleles in a common cellular environment deduce functional variability between
alleles in cis-regulatory regions.

On the contrary, comparison of the identical allele in different cellular environments, for in-
stance, between genotypes deduces the differences in trans regulation. Previous contributions
for detection of AI focused on the limited number of genes and genotypes, moreover, they
generally assumed binomial or chi-squared test to test whether allelic specific read counts are
violated from the major underlying condition that null expectation is satisfied with there is
no AI, namely, two alleles are expressed equally called as the expected proportion. Yet, those
naive approaches do not necessarily have the correct error variance. In order to reduce biases
by various sources in RNA-seq experimental settings, several Bayesian strategies have been
proposed in previous literatures (Aryee et al., 2009; Hardcastle and Kelly, 2010; Leon-Novelo
et al., 2014; Lin et al., 2003; Nariai et al., 2013; Shen et al., 2012; Stegle et al., 2010; Vard-
hanabhuti et al., 2013; Zhao et al., 2008; Zheng and Chen, 2009). Bayesian techniques have
been incorporated in the different ways to deal with such biases. Biases are present when
aligning to a single reference, a single reference with SNPs masked and multiple references.
In order to determine allelic specific read counts in which identical amounts of each allele
are present in the sample, DNA sequencing of F1 heterozygotes (DNA controls) is applied.
Deviations from 0.5 represents bias in the DNA read counts. In the Bayesian passion gamma
model of AI, the parameter can be fixed (q) or random (φ) and can be used in conjunction
with simulation settings by explicitly considering genome ambiguity and map bias. In the
evaluation of this method, the PG model with q=1/2 is preferable to a binomial test and
consistently showed a better performance in terms of FDR. To identify allelic imbalance,
the flexible Bayesian model is proposed by allowing the presence of DNA controls and by
using a fixed or random parameter for the estimate of bias. The proposed PG model

yi|µ, α, βi, q ∼ POI(|µαβiq) and Xi|µ, βi, q ∼ POI(µβi(1− q)), (2.24)

where µ is the overall mean, a nuisance parameter, βi, i = 1, · · · , I represents biological
replicate variation effect and q is a constant to play a role in PG model similarly as Negative
Binomial (NB) model. In particular, if DNA information is available, random bias parameter
φ is sampled from the posterior for directly fair comparison, PG model with q=simulation
(fixed) and with q=DNA controls (fixed). The parameter of major interest is the treatment
effect, α. Let

θ =
µαβi

µβi + µαβi
=

α

1 + α
, so when there is no AI, α = 1. (2.25)
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And

E(
yi

xi + yi
) = E

(
E(yi|xi + βi)

xi + βi

)
= q (2.26)

µ ∼ Gamma

(
αµ =

1

2
, βµ =

1

2

)
, β1, · · · , βI ∼ Gamma

(
1

2
,

1

2

)
,

α ∼ Gamma

(
1

2
,

1

2

)
, η ∼ Gamma(a, b) (2.27)

such that E(η) = a/b. Alternatively used previous models, binomial test and negative bino-
mial with DNA controls, p=bias in DNA are further reviewed in this section. In binomial
test, let θ be the unknown proportion of reads from the p paternal allele and let n be the
total number of reads aligning to the exon, H0 : θ = 1

2 , Hα : θ 6= 1
2 . We here reject if

|Z| > 1.96, where

z =
θ̂ −

1

2√√√√1

2

(
1

2

)
/n

(2.28)

where θ̂ represents the observed proportion of paternal reads. In negative binomial test, the
number of reads is random rather than fixed. For the RNA model, we assume that θ is the
parameter for the proportion of reads from the paternal allele, yi and xi is the number of
RNA reads mapped to the paternal and maternal references, respectively, for the replicate
i. Likewise, for DNA model, y∗i and x∗i is the number of DNA reads mapped to the paternal
and maternal references, respectively, for the replicate i.

The RNA model,

xi|yi, θ ∼ NB(yi, θ) for i = 1, 2 · · · , I, θ|p ∼ Beta((1− p)t, pt) (2.29)

The DNA model,

x∗i |y∗i , p ∼ NB(y∗i , p) for i∗ = 1, 2 · · · , I∗, p ∼ Beta(ν, ν) (2.30)

where the interpretation of parameterization on NB is such that if η ∼ NB(k, ε) then η ∈
{0, 1, · · · , } denoting that the number of failures before the first k successes with probability
of success equal to ε.

To sum up, this method has improved the performance of identification of allelic specific
expression and allelic imbalance through the assessment of AI by accounting for systematic
errors which can be identified in simulation PG model outperformed when the bias is known
and by easily capturing unidentified variant calls resulting from reduced DNA controls.
Additionally, another approach for allelic specific expression proposed by Skelly DA et al
(Skelly et al., 2011) is reviewed in current article and the method is based on a powerful
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and flexible hierarchical Bayesian model to combine information across loci by allowing both
global and locust specific inferences about allelic specific expression.

This method is implemented in R environment so that researchers can freely download
and apply for this method on their own datasets. In the initial setting, this method is done
by the basic binomial test and eventually bayesian hierarchical model is applied suggesting
that a superior performance than previous binomial test in terms of true discovery rates.
In principle, hierarchical modeling approaches in this method are performed for allelic read
counts mapping to reference genome at SNP j in gene i, replicate r as Yijr in the first stage
model. These counts are binomially distributed with parameter Nijr (coverage at the SNP)
and pij is from a gene specific beta distribution with parameters αi and βi. The second stage
allows a flexible assumption in the aspects of variable pi across all SNPs within gene i.

In beta-binomial distribution,

pi =
αi

αi + βi
, ei =

1

1 + αi + βi
, (2.31)

samples for these parameters are used by MCMC with 500,000 iterations representing the
mean and dispersion parameter of allelic specific expression pi, respectively when ei ap-
proaches zero, then the counts converge to binomially distribution. A two mixture compo-
nent prior on pi and ei,

pi, ei|â, b̂, f, g, h, π0 ∼

{
Beta(â, b̂)×Beta(l, d̂) with probabiltiy π0

Beta(f, g)×Beta(l, h) with probabiltiy 1− π0
(2.32)

where â, b̂ are estimated from genomic DNA data and a measure of the noise in read counts
due to technical replicates. Finally, the median values of all posterior samples for these
parameters are used by MCMC with 500,000 iterations. Hereby, the unique strength of this
method is to infer allelic specific expression (ASE) patterns to vary across SNPs within genes,
which can lead to the identification of biologically interesting patterns of ASE that have been
little known so far and have critical potential to be investigated with other pervasive post-
transcriptional modification in RNA-seq.

3. Concluding Remarks

Until recently, RNA-seq analysis has been popularly performed in a wide range of clinical
applications as the cost to sequencing continues to reduce. Compared to microarrays, RNA
expression profile has two majorly advantageous features to enable to identify complexity
of isoform variability on a single gene to produce various splicing events on transcripts
and another nature, allelic specific expression and allelic imbalance resulted from genetic
differences in transcriptional rates (Beretta et al., 2014; Bernard et al., 2014; Deng et al.,
2011; Hiller et al., 2009; Hiller and Wong, 2013; Howard and Heber, 2010; Hu et al., 2014;
Jiang and Wong, 2009; Katz et al., 2010; Kaur et al., 2012; Kimes et al., 2014; Leon-Novelo
et al., 2014; Lerch et al., 2012; Li et al., 2011; Li and Jiang, 2012; Ma and Zhang, 2013;
Mezlini et al., 2013; Mills et al., 2013; Nariai et al., 2013; Nariai et al., 2014; Ng et al., 2014;
Nicolae et al., 2011; Niu et al., 2014; Pandey et al., 2013; Patro et al., 2014; Rehrauer et
al., 2013; Safikhani et al., 2013; Shi and Jiang, 2013; Suo et al., 2014; Trapnell et al., 2010;
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Vardhanabhuti et al., 2013; Wang et al., 2010; Wu et al., 2011b; Yalamanchili et al., 2014;
Zhang et al., 2014; Zheng and Chen, 2009).

More specifically, the first characteristic is commonly present at higher eukaryotic genomes
as demonstrated in the statement of that more than 90 percent of human genes have iso-
form variants for a single gene. In order to more precisely identify such biological complex
phenomena in RNA-seq expression profiles, this article covers a guidance of framework for
investigators in the field to discuss more robust Bayesianmethods to increase power of de-
tection and reduce false discovery rates compared to existing methods. Importantly, those
intrinsically RNA-seq specific features have been investigated in disease progression for ex-
ample, tissue (or condition) specifically differential expression whose aberrant patterns are
directly and/or indirectly influenced by the causal and consequential outcome for a particular
disease of major interest.

To efficiently utilize the wealth of RNA-seq high-throughput data, development of more
sophisticated methods to uncover the complexity is continuously necessitated. Furthermore,
sufficiently sequencing coverage is also required to detect such characteristics that have not
been addressed in the previous technology due to limited resolution. Due to scope and limited
pages, we could not include all of methods for alternative splicing events and allelic imbal-
ance in the current review, please take a further look at references if you are interested.
Introduced robust Bayesian methods presented a better performance, at least equivalent
ability to deeply explore and quantify such RNA-seq specific novel features compared to
other alternative competing methods. Therefore, robust methodological strategy will ac-
celerate transcriptome studies by inferring more accurate spliced transcript variability and
tissue specific (or condition specific) isoform diversity as well as allelic genetic differences in
tissues (Chan et al., 2002; Li and Dickson, 1997; Robakis and Georgakopoulos, 2014). Thus,
we here have a greatly important take-home message to be addressed in the upcoming years
as the future direction, the focus on gene level analysis might be a partial analytical tech-
nique in transcriptional regulatory mechanisms, especially, when both is related with disease
progression and therapeutic effects as mentioned in earlier studies (Gerns Storey et al., 2014;
Ginsberg et al., 2010; Han and Jiang, 2014; Kim et al., 2012; Kumar et al., 2012; Li et al.,
2014; Mills et al., 2013; Nishiu et al., 2002; Satoh et al., 2014; Wang et al., 2013; Wang et al.,
2014; Yalamanchili et al., 2014). Accordingly, followed by differential gene expression analy-
sis, differential expression at transcripts, exons, and isoforms, and allelic specific expression
under the particular tissues (conditions) will be a next stage in the ultra-high-throughput
community. Thus, rigorous methodological protocols and appropriate analytical pipeline are
the priority to more precisely study and identify the features with the rapid advances of
current RNA-seq platform.
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