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Abstract

RNA sequencing (RNA-Seq) uses the capabilities of high-throughput sequencing methods to 

provide insight into the transcriptome of a cell. Compared to previous Sanger sequencing- and 

microarray-based methods, RNA-Seq provides far higher coverage and greater resolution of the 

dynamic nature of the transcriptome. Beyond quantifying gene expression, the data generated by 

RNA-Seq facilitate the discovery of novel transcripts, identification of alternatively spliced genes, 

and detection of allele-specific expression. Recent advances in the RNA-Seq workflow, from 

sample preparation to library construction to data analysis, have enabled researchers to further 

elucidate the functional complexity of the transcription. In addition to polyadenylated messenger 

RNA (mRNA) transcripts, RNA-Seq can be applied to investigate different populations of RNA, 

including total RNA, pre-mRNA, and noncoding RNA, such as microRNA and long ncRNA. This 

article provides an introduction to RNA-Seq methods, including applications, experimental design, 

and technical challenges.

Introduction

The central dogma of molecular biology outlines the flow of information that is stored in 

genes as DNA, transcribed into RNA, and finally translated into proteins (Crick 1958; Crick 

1970). The ultimate expression of this genetic information modified by environmental 

factors characterizes the phenotype of an organism. The transcription of a subset of genes 

into complementary RNA molecules specifies a cell's identity and regulates the biological 

activities within the cell. Collectively defined as the transcriptome, these RNA molecules are 

essential for interpreting the functional elements of the genome and understanding 

development and disease.

The transcriptome has a high degree of complexity and encompasses multiple types of 

coding and noncoding RNA species. Historically, RNA molecules were relegated as a simple 

intermediate between genes and proteins, as encapsulated in the central dogma of molecular 

biology. Therefore, messenger RNA (mRNA) molecules were the most frequently studied 

RNA species because they encoded proteins via the genetic code. In addition to protein-
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coding mRNA, there is a diverse group of noncoding RNA (ncRNA) molecules that are 

functional. Previously, most known ncRNAs fulfilled basic cellular functions, such as 

ribosomal RNAs and transfer RNAs involved in mRNA translation, small nuclear RNA 

(snRNAs) involved in splicing, and small nucleolar RNAs (snoRNAs) involved in the 

modification of rRNAs (Mattick and Makunin 2006). More recently, novel classes of RNA 

have been discovered, enhancing the repertoire of ncRNAs. For instance, one such class of 

ncRNAs is small noncoding RNAs, which include microRNA (miRNA) and piwi-interacting 

RNA (piRNA), both of which regulate gene expression at the posttranscriptional level 

(Stefani and Slack 2008). Another noteworthy class of ncRNAs is long noncoding RNAs 

(lncRNAs). As a functional class, lncRNAs were first described in mice during the large-

scale sequencing of cDNA libraries (Okazaki et al. 2002). A myriad of molecular functions 

have been discovered for lncRNAs, including chromatin remodeling, transcriptional control, 

and posttranscriptional processing, although the vast majority are not fully characterized 

(Guttman et al. 2009; Mercer et al. 2009; Wilusz et al. 2009).

Initial gene expression studies relied on low-throughput methods, such as northern blots and 

quantitative polymerase chain reaction (qPCR), that are limited to measuring single 

transcripts. Over the last two decades, methods have evolved to enable genome-wide 

quantification of gene expression, or better known as transcriptomics. The first 

transcriptomics studies were performed using hybridization-based microarray technologies, 

which provide a high-throughput option at relatively low cost (Schena et al. 1995). However, 

these methods have several limitations: the requirement for a priori knowledge of the 

sequences being interrogated; problematic cross-hybridization artifacts in the analysis of 

highly similar sequences; and limited ability to accurately quantify lowly expressed and very 

highly expressed genes (Casneuf et al. 2007; Shendure 2008). In contrast to hybridization-

based methods, sequence-based approaches have been developed to elucidate the 

transcriptome by directly determining the transcript sequence. Initially, the generation of 

expressed sequence tag (EST) libraries by Sanger sequencing of complementary DNA 

(cDNA) was used in gene expression studies, but this approach is relatively low-throughput 

and not ideal for quantifying transcripts (Adams et al. 1991, 1995; Itoh et al. 1994). To 

overcome these technical constraints, tag-based methods such as serial analysis of gene 

expression (SAGE) and cap analysis gene expression (CAGE) were developed to enable 

higher throughput and more precise quantification of expression levels. By quantifying the 

number of tagged sequences, which directly corresponded to the number of mRNA 

transcripts, these tag-based methods provide a distinct advantage over measuring analog-

style intensities as in array-based methods (Velculescu et al. 1995; Shiraki et al. 2003). 

However, these assays are insensitive to measuring expression levels of splice isoforms and 

cannot be used for novel gene discovery. In addition, the laborious cloning of sequence tags, 

the high cost of automated Sanger sequencing, and the requirement for large amounts of 

input RNA have greatly limited its use.

The development of high-throughput next-generation sequencing (NGS) has revolutionized 

transcriptomics by enabling RNA analysis through the sequencing of complementary DNA 

(cDNA) (Wang et al. 2009). This method, termed RNA sequencing (RNA-Seq), has distinct 

advantages over previous approaches and has revolutionized our understanding of the 

complex and dynamic nature of the transcriptome. RNA-Seq provides a more detailed and 
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quantitative view of gene expression, alternative splicing, and allele-specific expression. 

Recent advances in the RNA-Seq workflow, from sample preparation to sequencing 

platforms to bioinformatic data analysis, has enabled deep profiling of the transcriptome and 

the opportunity to elucidate different physiological and pathological conditions. In this 

article we will provide an introduction to RNA sequencing and analysis using next-

generation sequencing methods and discusses how to apply these advances for more 

comprehensive and detailed transcriptome analyses.

Transcriptome Sequencing

The introduction of high-throughput next-generation sequencing (NGS) technologies 

revolutionized transcriptomics. This technological development eliminated many challenges 

posed by hybridization-based microarrays and Sanger sequencing-based approaches that 

were previously used for measuring gene expression. A typical RNA-Seq experiment 

consists of isolating RNA, converting it to complementary DNA (cDNA), preparing the 

sequencing library, and sequencing it on an NGS platform (Fig. 1). However, many 

experimental details, dependent on a researcher's objectives, should be considered before 

performing RNA-Seq. These include the use of biological and technical replicates, depth of 

sequencing, and desired coverage across the transcriptome. In some cases, these 

experimental options will have minimal impact on the quality of the data. However, in many 

cases the researcher must carefully design the experiment, placing a priority on the balance 

between high-quality results and the time and monetary investment.

Isolation of RNA

The first step in transcriptome sequencing is the isolation of RNA from a biological sample. 

To ensure a successful RNA-Seq experiment, the RNA should be of sufficient quality to 

produce a library for sequencing. The quality of RNA is typically measured using an Agilent 

Bioanalyzer, which produces an RNA Integrity Number (RIN) between 1 and 10 with 10 

being the highest quality samples showing the least degradation. The RIN estimates sample 

integrity using gel electrophoresis and analysis of the ratios of 28S to 18S ribosomal bands. 

Note that the RIN measures are based on mammalian organisms and certain species with 

abnormal ribosomal ratios (i.e., insects) may erroneously generate poor RIN numbers. Low-

quality RNA (RIN < 6) can substantially affect the sequencing results (e.g., uneven gene 

coverage, 3′–5′ transcript bias, etc.) and lead to erroneous biological conclusions. Therefore, 

high-quality RNA is essential for successful RNA-Seq experiments. Unfortunately, high-

quality RNA samples may not be available in some cases, such as human autopsy samples or 

paraffin embedded tissues, and the effect of degraded RNA on the sequencing results should 

be carefully considered (Tomita et al. 2004; Thompson et al. 2007; Rudloff et al. 2010).

Library Preparation Methods

Following RNA isolation, the next step in transcriptome sequencing is the creation of an 

RNA-Seq library, which can vary by the selection of RNA species and between NGS 

platforms. The construction of sequencing libraries principally involves isolating the desired 

RNA molecules, reverse-transcribing the RNA to cDNA, fragmenting or amplifying 

randomly primed cDNA molecules, and ligating sequencing adaptors. Within these basic 
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steps, there are several choices in library construction and experimental design that must be 

carefully made depending on the specific needs of the researcher (Table 1). Additionally, the 

accuracy of detection for specific types of RNAs is largely dependent on the nature of the 

library construction. Although there are a few basic steps for preparing RNA-Seq libraries, 

each stage can be manipulated to enhance the detection of certain transcripts while limiting 

the ability to detect other transcripts.

Selection of RNA Species—Before constructing RNA-Seq libraries, one must choose an 

appropriate library preparation protocol that will enrich or deplete a “total” RNA sample for 

particular RNA species. The total RNA pool includes ribosomal RNA (rRNA), precursor 

messenger RNA (pre-mRNA), mRNA, and various classes of noncoding RNA (ncRNA). In 

most cell types, the majority of RNA molecules are rRNA, typically accounting for over 

95% of the total cellular RNA. If the rRNA transcripts are not removed before library 

construction, they will consume the bulk of the sequencing reads, reducing the overall depth 

of sequence coverage and thus limiting the detection of other less-abundant RNAs. Because 

the efficient removal of rRNA is critical for successful transcriptome profiling, many 

protocols focus on enriching for mRNA molecules before library construction by selecting 

for polyadenylated (poly-A) RNAs. In this approach, the 3′ poly-A tail of mRNA molecules 

is targeted using poly-T oligos that are covalently attached to a given substrate (e.g., 

magnetic beads). Alternatively, researchers can selectively deplete rRNA using 

commercially available kits, such as RiboMinus (Life Technologies) or RiboZero 

(Epicentre). This latter method facilitates the accurate quantification of noncoding RNA 

species, which may be polyadenylated and thus excluded from poly-A libraries. Lastly, 

highly abundant RNA can be removed by denaturing and re-annealing double-stranded 

cDNA in the presence of duplex-specific nucleases that preferentially digest the most 

abundant species, which re-anneal as double-stranded molecules more rapidly than less-

abundant molecules (Christodoulou et al. 2011). This method can also be used to remove 

other highly abundant mRNA transcripts in samples, such as hemoglobin in whole blood, 

immunoglobulins in mature B cells, and insulin in pancreatic beta cells.

A comprehensive understanding of the technical biases and limitations surrounding each 

methodological approach is essential for selecting the best method for library preparation. 

For example, poly-A libraries are the superior choice if one is solely interested in coding 

RNA molecules. Conversely, ribo-depletion libraries are a more appropriate choice for 

accurately quantifying noncoding RNA as well as pre-mRNA that has not been 

posttranscriptionally modified. Furthermore, moderate differences exist between ribo-

depletion protocols, such as the efficiency of rRNA removal and differential coverage of 

small genes, which should be investigated before selecting a method (Huang et al. 2011).

In addition to the selective depletion of specific RNA species, new approaches have been 

developed to selectively enrich for regions of interest. These approaches include methods 

employing PCR-based approaches, hybrid capture, in-solution capture, and molecular 

inversion probes (Querfurth et al. 2012). The hybridization-based in solution capture 

involves a set of biotinylated RNA baits transcribed from DNA template oligo libraries that 

contain sequences corresponding to particular genes of interest. The RNA baits are 

combined with the RNA-Seq library where they hybridize to RNA sequences that are 
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complementary to the baits, and the bounded complexes are recovered using streptavidin-

coated beads. The resulting RNA-Seq library is now enriched for sequences corresponding 

to the baits and yet retains its gene expression information despite the removal of other RNA 

species (Levin et al. 2009). The approach enables researchers to reduce sequencing costs by 

sequencing selected regions in a greater number of samples.

Selection of Small RNA Species—Complementing the library preparation protocols 

discussed above, more specific protocols have been developed to selectively target small 

RNA species, which are key regulators of gene expression. Small RNA species include 

microRNA (miRNA), small interfering RNA (siRNA), and piwi-interacting RNA (piRNA). 

Because small RNAs are lowly abundant, short in length (15–30 nt), and lack 

polyadenylation, a separate strategy is often preferred to profile these RNA species (Morin et 

al. 2010). Similar to total RNA isolation, commercially available extraction kits have been 

developed to isolate small RNA species. Most kits involve isolation of small RNAs by size 

fractionation using gel electrophoresis. Size fractionation of small RNAs requires involves 

running the total RNA on a gel, cutting a gel slice in the 14–30 nucleotide region, and 

purifying the gel slice. For higher concentrations of small RNAs, the excised gel slice can be 

concentrated by ethanol precipitation. An alternative to gel electrophoresis is the use of 

silica spin columns, which bind and elute small RNAs from a silica column. After isolation 

of small RNAs species from total RNA, the RNA is ready for cDNA synthesis and primer 

ligation.

cDNA Synthesis—Universal to all RNA-Seq preparation methods is the conversion of 

RNA into cDNA because most sequencing technologies require DNA libraries. Most 

protocols for cDNA synthesis create libraries that were uniformly derived from each cDNA 

strand, thus representing the parent mRNA strand and its complement. In this conventional 

approach, the strand orientation of the original RNA is lost as the sequencing reads derived 

from each cDNA strand are indistinguishable in an effort to maximize efficiency of reverse 

transcription. However, strand information can be particularly valuable for distinguishing 

overlapping transcripts on opposite strands, which is critical for de novo transcript discovery 

(Parkhomchuk et al. 2009; Vivancos et al. 2010; Mills et al. 2013). Therefore, alternative 

library preparation protocols have since been developed that yield strand-specific reads. One 

strategy to preserve strand information is to ligate adapters in predetermined directions to 

single-stranded RNA or the first-strand of cDNA (Lister et al. 2008). Unfortunately, this 

approach is laborious and results in coverage bias at both the 5′ and 3′ ends of cDNA 

molecules. The preferred strategy to preserve strandedness is to incorporate a chemical label 

such as deoxy-UTP (dUTP) during synthesis of the second-strand cDNA that can be 

specifically removed by enzymatic digestion (Parkhomchuk et al. 2009). During library 

construction, this facilitates distinguishing the second-strand cDNA from the first strand. 

Although this approach is favored, the validity of antisense transcripts near highly expressed 

genes should be measured with caution because a small amount of reads (∼1%) have been 

observed from the opposite strand (Zeng and Mortazavi 2012).

Multiplexing—Another consideration for constructing cost-effective RNA-Seq libraries is 

assaying multiple indexed samples in a single sequencing lane. The large number of reads 
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that can be generated per sequencing run (e.g., a single lane of an Illumina HiSeq 2500 

generates up to 750 million paired-end reads) permits the analysis of increasingly complex 

samples. However, increasingly high sequencing depths provide diminishing returns for 

lower complexity samples, resulting in oversampling with minimal improvement in data 

quality (Smith et al. 2010). Therefore, an affordable and efficient solution is to introduce 

unique 6-bp indices, also known as “barcodes,” to each RNA-Seq library. This enables the 

pooling and sequencing of multiple samples in the same sequencing reaction because the 

barcodes identify which sample the read originated from. Depending on the application, 

adequate transcriptome coverage can be attained for 2–20 samples (Birney et al. 2007; 

Blencowe et al. 2009). To detect transcripts of moderate to high abundance, ∼30–40 million 

reads are required to accurately quantify gene expression. To obtain coverage over the full-

sequence diversity of complex transcript libraries, including rare and lowly-expressed 

transcripts, up to 500 million reads is required (Fu et al. 2014). As such, for any given study 

it is important to consider the level of sequencing depth required to answer experimental 

questions with confidence while efficiently using NGS resources.

Quantitative Standards

Although RNA-Seq is a widely used technique for transcriptome profiling, the rapid 

development of sequencing technologies and methods raises questions about the 

performance of different platforms and protocols. Variation in RNA-Seq data can be 

attributed to an assortment of factors, ranging from the NGS platform used to the quality of 

input RNA to the individual performing the experiment. To control for these sources of 

technical variability, many laboratories use positive controls or “spike-ins” for sequencing 

libraries. The External RNA Controls Consortium (ERCC) developed a set of universal RNA 

synthetic spike-in standards for microarray and RNA-Seq experiments (Jiang et al. 2011; 

Zook et al. 2012). The spike-ins consist of a set of 96 DNA plasmids with 273–2022 bp 

standard sequences inserted into a vector of ∼2800 bp. The spike-in standard sequences are 

added to sequencing libraries at different concentrations to assess coverage, quantification, 

and sensitivity. These RNA standards serve as an effective quality control tool for separating 

technical variability from biological variability detected in differential transcriptome 

profiling studies.

Selection of Tissue or Cell Populations

When beginning an RNA-Seq experiment, one of the initial considerations is the choice of 

biological material to be used for library construction and sequencing. This choice is not 

trivial considering there are hundreds of cell types in over 200 different tissues that make up 

greater than 50 unique organs in humans alone. In addition to spatial (e.g., cell- and tissue-

type) specificity, gene expression shows temporal specificity, such that different 

developmental stages will show unique expression signatures. Ultimately, the biological 

material chosen will be dependent on both the experimental goals and feasibility. For 

example, the tissue of choice for an investigation of unique gene expression signatures in 

colon cancer, the tissue choice is clear. However, for research studies investigating variation 

in gene expression across individuals in a population, the choice of biological material is 

less apparent and will likely depend on the feasibility of obtaining the biological samples 

(e.g., blood draws are less invasive and easier to perform than tissue biopsies).
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Handling Tissue Heterogeneity—Another consideration when selecting the biological 

source of RNA is the heterogeneity of tissues. The accuracy of gene expression 

quantification is dependent on the purity of samples. In fact, the heterogeneity can 

substantially impact estimations of transcript abundances in samples composed of multiple 

cell types. Most tissue samples isolated from the human body are heterogeneous by nature. 

Furthermore, pathological tissue samples are often composed of disease-state cells 

surrounded by normal cells. To isolate distinct cell types, experimental methods have been 

developed, including laser-capture microdissection and cell purification. Laser-capture 

microdissection enables the isolation of cell types that are morphologically distinguishable 

under direct microscopic visualization (Emmert-Buck et al. 1996). Although this technique 

yields high-quality RNA, the total yield is low and requires PCR amplification, thereby 

introducing amplification biases and creating less distinguishable expression profiles across 

different cell types (Kube et al. 2007). Cell purification and enrichment protocols are also 

available, such as differential centrifugation and fluorescence-activated cell sorting (Cantor 

et al. 1975). In conjunction with RNA-Seq, these experimental methods have overcome 

previous technical limitations and enable researchers to uncover unique expression 

signatures across specific cell-types and developmental stages (Moran et al. 2012; Nica et al. 

2013). In addition to these experimental methods, in silico probabilistic models can be 

applied in downstream analysis to differentiate the transcript abundances of distinct cells 

from RNA-Seq data of heterogeneous tissue samples (Erkkila et al. 2010; Li and Xie 2013). 

Interestingly, in some cases, the sample heterogeneity can have advantages in transcriptome 

profiling by identifying novel pathways, implicating cellular origins of disease, or 

identifying previously unknown pathological sites (Alizadeh et al. 2000; Khan et al. 2001; 

Sorlie et al. 2001).

Single-Cell Transcriptomics—Beyond tissue heterogeneity, considerable evidence 

indicates that cell-to-cell variability in gene expression is ubiquitous, even within 

phenotypically homogeneous cell populations (Huang 2009). Unfortunately, conventional 

RNA-Seq studies do not capture the transcriptomic composition of individual cells. The 

transcriptome of a single cell is highly dynamic, reflecting its functionality and responses to 

ever-changing stimuli. In addition to cellular heterogeneity resulting from regulation, 

individual cells show transcriptional “noise” that arises from the kinetics of mRNA synthesis 

and decay (Yang et al. 2003; Sun et al. 2012). Furthermore, genes that show mutually 

exclusive expression in individual cells may be observed as genes showing co-expression in 

expression analyses of bulk cell populations.

To uncover cell-to-cell variation within populations, significant efforts have been invested in 

developing single-cell RNA-Seq methods. The biggest challenge has been extending the 

limits of library preparation to accommodate extremely low input RNA. A human cell 

contains <1 pg of mRNA (Kawasaki 2004), whereas most sequencing protocols such as 

Illumina's TruSeq RNA-Seq kit recommends 400 ng to 1 μg of input RNA material. Various 

single-cell RNA amplification methods have been developed to accommodate less input 

RNA (Tang et al. 2009, 2010; Hashimshony et al. 2012; Islam et al. 2012; Picelli et al. 2013; 

Sasagawa et al. 2013; Shalek et al. 2013). The key limiting factors in the detection of 

transcripts in single cells are cDNA synthesis and PCR amplification. The efficiency of 
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RNA-to-cDNA conversion is imperfect, estimated to be as low as 5%–25% of all transcripts 

(Islam et al. 2012). In addition, PCR amplification methods do not linearly amplify 

transcript and are prone to introduce biases based on the nucleic acid composition of 

different transcripts, ultimately altering the relative abundance of these transcripts in the 

sequencing library. Methods that avoid PCR amplification steps, such as CEL-Seq, through 

linear in vitro amplification of the transcriptome can avoid these biases (Hashimshony et al. 

2012). In addition, the use of nanoliter-scale reaction volumes with microfluidic devices as 

opposed to microliter-scale reactions can reduce biases that arise during sample preparation 

(Wu et al. 2014). Although single-cell methods are still under active development, 

quantitative assessments of these techniques indicate that obtaining accurate transcriptome 

measurements by single-cell RNA-Seq is possible after accounting for technical noise 

(Brennecke et al. 2013; Wu et al. 2014). These methods will undoubtedly be important for 

uncovering oscillatory and heterogeneous gene expression within single-cell types, as well 

as identifying cell-specific biomarkers that further our understanding of biology across many 

physiological and pathological conditions.

Sequencing Platforms for Transcriptomics

When designing an RNA-Seq experiment, the selection of a sequencing platform is 

important and dependent on the experimental goals. Currently, several NGS platforms are 

commercially available and other platforms are under active technological development 

(Metzker 2010). The majority of high-throughput sequencing platforms use a sequencing-

by-synthesis method to sequence tens of millions of sequence clusters in parallel. The NGS 

platforms can often be categorized as either ensemble-based (i.e. sequencing many identical 

copies of a DNA molecule) or single-molecule-based (i.e. sequencing a single DNA 

molecule). The differences between these sequencing techniques and platforms can affect 

downstream analysis and interpretation of the sequencing data.

In recent years, the sequencing industry has been dominated by Illumina, which applies an 

ensemble-based sequencing-by-synthesis approach (Bentley et al. 2008). Using fluorescently 

labeled reversible-terminator nucleotides, DNA molecules are clonally amplified while 

immobilized on the surface of a glass flowcell. Because molecules are clonally amplified, 

this approach provides the relative RNA expression levels of genes. To remove potential 

PCR-amplification biases, PCR controls and specific steps in the downstream computational 

analysis are required. One major benefit of ensemble-based platforms is low sequencing 

error rates (<1%) dominated by single mismatches. Low error rates are particularly 

important for sequencing miRNAs, whose relatively small sizes result in misalignment or 

loss of reads if error rates are too high. Currently, the Illumina HiSeq platform is the most 

commonly applied next-generation sequencing technology for RNA-Seq and has set the 

standard for NGS sequencing. The platform has two flow cells, each providing eight 

separate lanes for sequencing reactions to occur. The sequencing reactions can take between 

1.5 and 12 d to complete, depending on the total read length of the library. Even more 

recently, Illumina released the MiSeq, a desktop sequencer with lower throughput but faster 

turnaround (generates ∼30 million paired-end reads in 24 h). The simplified workflow of the 

MiSeq instrument offers rapid turnaround time for transcriptome sequencing on a smaller 

scale.
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Single-molecule-based platforms such as PacBio enable single-molecule real-time (SMRT) 

sequencing (Eid et al. 2009). This approach uses DNA polymerase to perform uninterrupted 

template-directed synthesis using fluorescently labeled nucleosides. As each base is 

enzymatically incorporated into a growing DNA strand, a distinctive pulse of fluorescence is 

detected in real-time by zero-mode waveguide nanostructure arrays. An advantage of SMRT 

is that it does not include a PCR amplification step, thereby avoiding amplification bias and 

improving uniform coverage across the transcriptome. Another advantage of this sequencing 

approach is the ability to produce extraordinarily long reads with average lengths of 4200 to 

8500 bp, which greatly improves the detection of novel transcript structures (Au et al. 2013; 

Sharon et al. 2013). A critical disadvantage of SMRT is a high rate of errors (∼5%) that are 

predominately characterized by insertions and deletions (Carneiro et al. 2012); the high error 

rate results in misalignment and loss of sequencing reads due to the difficulty of matching 

erroneous reads to the reference genome.

Another important consideration for choosing a sequencing platform is transcriptome 

assembly. Transcriptome assembly, which is discussed in greater detail later, is necessary to 

transform a collection of short sequencing reads into a set of full-length transcripts. In 

general, longer sequencing reads make it simpler to accurately and unambiguously assemble 

transcripts, as well as identify splicing isoforms. The extremely long reads generated by the 

PacBio platform are ideal for de novo transcriptome assembly in which the reads are not 

aligned to a reference transcriptome. The longer reads will facilitate an accurate detection of 

alternative splice isoforms, which may not be discovered with shorter reads. Moleculo, a 

company acquired by Illumina, has developed long-read sequencing technology capable of 

producing 8500 bp reads. Although it has yet to be widely adopted for transcriptome 

sequencing, the long reads aid transcriptome assembly. Lastly, Illumina has developed 

protocols for its desktops MiSeq to sequence slightly longer reads (up to 350 bp). Although 

much shorter than PacBio and Moleculo reads, the longer MiSeq reads can also be used to 

improve both de novo and reference transcriptome assembly.

Transcriptome Analysis

Gene expression profiling by RNA-Seq provides an unprecedented high-resolution view of 

the global transcriptional landscape. As the sequencing technologies and protocol 

methodologies continually evolve, new informatics challenges and applications develop. 

Beyond surveying gene expression levels, RNA-Seq can also be applied to discover novel 

gene structures, alternatively spliced isoforms, and allele-specific expression (ASE). In 

addition, genetic studies of gene expression using RNA-Seq have observed genetically 

correlated variability in expression, splicing, and ASE (Montgomery et al. 2010; Pickrell et 

al. 2010; Battle et al. 2013; Lappalainen et al. 2013). This section will introduce how 

expression data are analyzed to provide greater insight into the extensive complexity of 

transcriptomes.

RNA-Sequencing Data Analysis Workflow

The conventional pipeline for RNA-Seq data includes generating FASTQ-format files 

contains reads sequenced from an NGS platform, aligning these reads to an annotated 
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reference genome, and quantifying expression of genes (Fig. 2). Although basic sequencing 

analysis tools are more accessible than ever, RNA-Seq analysis presents unique 

computational challenges not encountered in other sequencing-based analyses and requires 

specific consideration to the biases inherent in expression data.

Read Alignment—Mapping RNA-Seq reads to the genome is considerably more 

challenging than mapping DNA sequencing reads because many reads map across splice 

junctions. In fact, conventional read mapping algorithms, such as Bowtie (Langmead et al. 

2009) and BWA (Li and Durbin 2009), are not recommended for mapping RNA-Seq reads to 

the reference genome because of their inability to handle spliced transcripts. One approach 

to resolving this problem is to supplement the reference genome with sequences derived 

from exon–exon splice junctions acquired from known gene annotations (Mortazavi et al. 

2008). A preferred strategy is to map reads with a “splicing-aware” aligner that can 

recognize the difference between a read aligning across an exon–intron boundary and a read 

with a short insertion. As RNA-Seq data have become more widely used, a number of 

splicing-aware mapping tools have been developed specifically for mapping transcriptome 

data. The more commonly used RNA-Seq alignment tools include GSNAP (Wu and Nacu 

2010), MapSplice (Wang et al. 2010a), RUM (Grant et al. 2011), STAR (Dobin et al. 2013), 

and TopHat (Trapnell et al. 2009) (Table 2). Each aligner has different advantages in terms 

of performance, speed, and memory utilization. Selecting the best aligner to use depends on 

these metrics and the overall objectives of the RNA-Seq study. Efforts to systematically 

evaluate the performance of RNA-Seq aligners have been initiated by GENCODE's RNA-

Seq Genome Annotation Assessment Project3 (RGASP3), which has found major 

performance difference between alignments tools on numerous benchmarks, including 

alignment yield, basewise accuracy, mismatch and gap placement, and exon junction 

discovery (Engstrom et al. 2013).

Transcript Assembly and Quantification—After RNA-Seq reads are aligned, the 

mapped reads can be assembled into transcripts. The majority of computational programs 

infer transcript models from the accumulation of read alignments to the reference genome 

(Trapnell et al. 2010; Li et al. 2011; Roberts et al. 2011a; Mezlini et al. 2013) (Table 2). An 

alternative approach for transcript assembly is de novo reconstruction, in which contiguous 

transcript sequences are assembled with the use of a reference genome or annotations 

(Robertson et al. 2010; Grabherr et al. 2011; Schulz et al. 2012). The reconstruction of 

transcripts from short-read data is a major challenge and a gold standard method for 

transcript assembly does not exist. The nature of the transcriptome (e.g., gene complexity, 

degree of polymorphisms, alternative splicing, dynamic range of expression), common 

technological challenges (e.g., sequencing errors), and features of the bioinformatics 

workflow (e.g., gene annotation, inference of isoforms) can substantially affect 

transcriptome assembly quality. RGASP3 has initiated efforts to evaluate computational 

methods for transcriptome reconstruction and has found that most algorithms can identify 

discrete transcript components, but the assembly of complete transcript structures remains a 

major challenge (Steijger et al. 2013).
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A common downstream feature of transcript reconstruction software is the estimation of 

gene expression levels. Computational tools such as Cufflinks (Trapnell et al. 2010), 

FluxCapacitor (Montgomery et al. 2010; Griebel et al. 2012), and MISO (Katz et al. 2010), 

quantify expression by counting the number of reads that map to full-length transcripts 

(Table 2). Alternative approaches, such as HTSeq, can quantify expression without 

assembling transcripts by counting the number of reads that map to an exon (Anders et al. 

2013). To accurately estimate gene expression, read counts must be normalized to correct for 

systematic variability, such as library fragment size, sequence composition bias, and read 

depth (Oshlack and Wakefield 2009; Roberts et al. 2011b). To account for these sources of 

variability, the reads per kilobase of transcripts per million mapped reads (RPKM) metric 

normalizes a transcript's read count by both the gene length and the total number of mapped 

reads in the sample. For paired end-reads, a metric that normalizes for sources of variances 

in transcript quantification is the paired fragments per kilobase of transcript per million 

mapped reads (FPKM) metric, which accounts for the dependency between paired-end reads 

in the RPKM estimate (Trapnell et al. 2010). Another technical challenge for transcript 

quantification is the mapping of reads to multiple transcripts that are a result of genes with 

multiple isoforms or close paralogs. One solution to correct for this “read assignment 

uncertainty” is to exclude all reads that do not map uniquely, as in Alexa-Seq (Griffith et al. 

2010). However, this strategy is far from ideal for genes lacking unique exons. An 

alternative strategy used by Cufflinks (Trapnell et al. 2012), and MISO (Katz et al. 2010) is 

to construct a likelihood function that models the sequencing experiment and estimates the 

maximum likelihood that a read maps to a particular isoform.

Considerations for miRNA Sequencing Analysis—The general approach for 

analysis of miRNA sequencing data is similar to approaches discussed for mRNA. To 

identify known miRNAs, the sequencing reads can be mapped to a specific database, such as 

miRBase, a repository containing over 24,500 miRNA loci from 206 species in its latest 

release (v21) in June 2014 (Kozomara and Griffiths-Jones 2014). In addition, several tools 

have been developed to facilitate analysis of miRNAs including the commonly used tools 

miRanalyzer (Hackenberg et al. 2011) and miRDeep (An et al. 2013). MiRanalyzer can 

detect known miRNAs annotated on miRBase as well as predict novel miRNAs using a 

machine-learning approach based on the random forest method with a broad range of 

features. Similarly, miRDeep is able to identify known miRNAs and predict novel miRNAs 

using properties of miRNA biogenesis to score the compatibility of the position and 

frequency of sequenced RNA from the secondary structure of precursor miRNAs. Although 

miRDeep and miRanalyzer contain modules for target prediction, expression quantification, 

and differential expression, the methods developed for mRNA quantification and differential 

expression can also be applied to miRNA data (Eminaga et al. 2013).

Quality Assessment and Technical Considerations—At each stage in the RNA-Seq 

analysis pipeline, careful consideration should be applied to identifying and correcting for 

various sources of bias. Bias can arise throughout the RNA-Seq experimental pipeline, 

including during RNA extraction, sample preparation, library construction, sequencing, and 

read mapping (Kleinman and Majewski 2012; Lin et al. 2012; Pickrell et al. 2012; 't Hoen et 

al. 2013). First, the quality of the raw sequence data in FASTQ-format files should be 
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evaluated to ensure high-quality reads. User-friendly software tools designed to generate 

quality overviews include the FASTX-toolkit (http://hannonlab.cshl.edu/fastx_toolkit), the 

FastQC software (http://www.bioinformatics.babraham.ac.uk/projects/fastqc), and the 

RobiNA package (Lohse et al. 2012). Several important parameters that should be evaluated 

include the sequence diversity of reads, adaptor contamination, base qualities, nucleotide 

composition, and percentage of called bases. These technical artifacts can arise at the 

sequencing stage or during the construction of the RNA-Seq. For example, the 5′ read end, 

derived from either end of a double-stranded cDNA fragment, shows higher error rate due to 

mispriming events introduced by the random oligos during the RNA-Seq library 

construction protocol (Lin et al. 2012). If possible, actions to correct for these biases should 

be performed, such as trimming the ends of reads, to expedite the speed and improve the 

quality of the read alignments.

After aligning the reads, additional parameters should be assessed to account for biases that 

arise at the read mapping stage. These parameters include the percentage of reads mapped to 

the transcriptome, the percentage of reads with a mapped mate pair, the coverage bias at the 

5′- and 3′-ends, and the chromosomal distribution of reads. One of the most common 

sources of mapping errors for RNA-Seq data occurs when a read spans the splicing junction 

of an alternatively spliced gene. A misalignment can be easily introduced due to ambiguous 

mapping of the read end to one of the two (or more) possible exons and is especially 

common when reads are mapped to a reference transcriptome that contains an incomplete 

annotation of isoforms (Kleinman and Majewski 2012; Pickrell et al. 2012). If genotype 

information is available, the integrity of the samples should also be evaluated by 

investigating the correlation of single-nucleotide variants (SNVs) between the DNA and 

RNA reads ('t Hoen et al. 2013). The concordance between the DNA and RNA sequencing 

data may provide insight into sample swaps or sample mixtures caused accidentally as a 

result of personnel or equipment error. In the case of a swapped sample, more discordant 

variants would be observed between the DNA and RNA sequencing data. In the case of a 

mixture of samples, more significant patterns of allele-specific expression would be 

observed than expected for a single individual as a result of more combinations of 

heterozygous and homozygous sites that would skew the alleles beyond the expected 1:1 

allelic ratio.

Differential Gene Expression

A primary objective of many gene expression experiments is to detect transcripts showing 

differential expression across various conditions. Extensive statistical approaches have been 

developed to test for differential expression with microarray data, where the continuous 

probe intensities across replicates can be approximated by a normal distribution (Cui and 

Churchill 2003; Smyth 2004; Grant et al. 2005). Although in principle these approaches are 

also applicable to RNA-Seq data, different statistical models must be considered for discrete 

read counts that do not fit a normal distribution. Early RNA-Seq studies suggested that the 

distribution of read counts across replicates fit a Poisson distribution, which formed the basis 

for modeling RNA-Seq count data (Marioni et al. 2008). However, further studies indicated 

that biological variability is not captured by the Poisson assumption, resulting in high false-

positive rates due to underestimation of sampling error (Anders and Huber 2010; Langmead 
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et al. 2010; Robinson and Oshlack 2010). Hence, negative binomial distribution models that 

take into account overdispersion or extra-Poisson variation have been shown to best fit the 

distribution of read counts across biological replicates.

To model the count-based nature of RNA-Seq data, complex statistical models have been 

developed to handle sources of variability that model overdispersion across technical and 

biological replicates. One source of variability is differences in sequencing read depth, 

which can artificially create differences between samples. For instance, differences in read 

depth will result in the samples appearing more divergent if raw read counts between genes 

are compared. To correct for this, it is advantageous to transform raw read count data to 

FPKM or RPKM values in differential expression analyses. Although this correction metric 

is commonly used in place of read counts, the presence of several highly expressed genes in 

a particular sample can significantly alter the RPKM and FPKM values. For example, a 

highly expressed gene can “absorb” many reads, consequently repressing the read counts for 

other genes and artificially inflating gene expression variation. To account for this bias, 

several statistical models have been proposed that use the highly expressed genes as model 

covariates (Robinson and Oshlack 2010). Another source of variability that has been 

observed is that the distribution of sequencing reads is unequal across genes. Therefore, a 

two-parameter generalized Poisson model that simultaneously considers read depth and 

sequencing bias as independent parameters was developed and shown to improve RNA-Seq 

analysis (Srivastava and Chen 2010). More complex normalization methods have also been 

developed to account for hidden covariates without removing significant biological 

variability. For example, the probabilistic estimation of expression residuals (PEER) 

framework (Stegle et al. 2012) and the hidden covariates with prior (HCP) framework 

(Mostafavi et al. 2013) are methods that use a Bayesian approach to infer hidden covariates 

and remove their effects from expression data.

To detect differential expression, a variety of statistical methods have been designed 

specifically for RNA-Seq data. A popular tool to detect differential expression is Cuffdiff, 

which is part of the Tuxedo suite of tools (Bowtie, Tophat, and Cufflinks) developed to 

analyze RNA-Seq data (Trapnell et al. 2013). In addition to Cuffdiff, several other packages 

support testing differential expression, including baySeq (Hardcastle and Kelly 2010), 

DESeq (Anders and Huber 2010), DEGseq (Wang et al. 2010b), and edgeR (Robinson et al. 

2010) (Table 2). Although these packages can assign significance to differentially expressed 

transcripts, the biological observations should be carefully interpreted. Each model makes 

specific assumptions that may be violated in the context of the observed data; therefore, an 

understanding of the model parameters and their constraints is critical for drawing 

meaningful and accurate biological conclusions (Bullard et al. 2010). Furthermore, 

replicates in RNA-Seq experiments are crucial for measuring variability and improving 

estimations for the model parameters (Tarazona et al. 2011; Glaus et al. 2012). Biological 

replicates (e.g., cells grown on two different plates under the same conditions) are preferred 

to technical replicates (e.g., one RNA-Seq library sequenced on two different lanes), which 

show little variation. Although the number of replicates required per condition is an open 

research question, a minimum of three replicates per sample has been suggested (Auer and 

Doerge 2010). In many cases, multiplexed RNA-Seq libraries can be used to add biological 

replicates without increasing sequencing costs (if sequenced at a lower depth) and will 
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greatly improve the robustness of the experimental design (Liu et al. 2014). Additionally, the 

accuracy of measurements of differential gene expression can be further improved by using 

ERCC spike-in controls to distinguish technical variation from biological variation.

Allele-Specific Expression

A major advantage of RNA-Seq is the ability to profile transcriptome dynamics at a single-

nucleotide resolution. Therefore, the sequenced transcript reads can provide coverage across 

heterozygous sites, representing transcription from both the maternal and paternal alleles. If 

a sufficient number of reads cover a heterozygous site within a gene, the null hypothesis is 

that the ratio of maternal to paternal alleles is balanced. Significant deviation from this 

expectation suggests allele-specific expression (ASE). Potential mechanisms for ASE 

include genetic variation (e.g., single-nucleotide polymorphism in a cis-regulatory region 

upstream of a gene) and epigenetic effects (e.g., genomic imprinting, methylation, histone 

modifications, etc.). Early studies showed that allele-specific differences can affect up to 

30% of loci within an individual (Ge et al. 2009) and are caused by both common and rare 

genetic variants (Pastinen 2010). Studies have also applied ASE to identify expression 

modifiers of protein-coding variation (Lappalainen et al. 2011; Montgomery et al. 2011), 

effects of loss-of-function variation (MacArthur et al. 2012), and differences between 

pathogenic and healthy tissues (Tuch et al. 2010). Furthermore, ASE studies using single-

cell transcriptomics have uncovered a stochastic pattern of allelic expression that may 

contribute to variable expressivity, a novel perspective which may have fundamental 

implications for variable disease penetrance and severity (Deng et al. 2014).

Conventional workflows to detect ASE involve counting reads containing each allele at 

heterozygous sites and applying a statistical test, such as the binomial test or the Fisher's 

exact test (Degner et al. 2009; Rozowsky et al. 2011; Wei and Wang 2013). However, more 

rigorous statistical approaches are necessary to overcome technical challenges involved in 

ASE detection. These challenges include read-mapping bias, sampling variance, 

overdispersion at extreme read depths, alternatively spliced alleles, insertions and deletions 

(indels), and genotyping errors. To account for overdispersion, one approach is to model 

allelic read counts using a beta-binomial distribution at individual loci (Sun 2012); however, 

accurate estimation of the overdispersion parameter requires replicates and, in our 

experience, major source of bias come from site-specific mapping differences. Another 

strategy is to use a hierarchical Bayesian model that combines information across loci, as 

well as across replicates and technologies, to make global and site-specific inferences for 

ASE (Skelly et al. 2011). To assess reference-allele mapping bias, the number of mismatches 

in reads containing the nonreference allele should be assessed as increased bias is observed 

with greater sequence divergence between alleles (Stevenson et al. 2013). To correct for 

read-mapping bias, an enhanced reference genome can be constructed that masks all SNP 

positions or includes the alternative alleles at polymorphic loci (Degner et al. 2009; Satya et 

al. 2012). Statistical methods to better address these technical biases are under active 

development and are expected to foster further improvements in ASE detection.
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Expression Quantitative Trait Loci

Another prominent direction of RNA-Seq studies has been the integration of expression data 

with other types of biological information, such as genotyping data. The combination of 

RNA-Seq with genetic variation data has enabled the identification of genetic loci correlated 

with gene expression variation, also known as expression quantitative trait loci (eQTLs). 

This expression variation caused by common and rare variants is postulated to contribute to 

phenotypic variation and susceptibility to complex disease across individuals (Majewski and 

Pastinen 2011). The goal of eQTL analysis is to identify associations that will uncover 

underlying biological processes, discover genetic variants causing disease, and determine 

causal pathways. Initial eQTL studies using RNA-Seq data identified a greater number of 

statistically significant eQTLs than had been identified by microarray studies (Montgomery 

et al. 2010; Pickrell et al. 2010). Most of the eQTLs identified directly influenced gene 

expression in an allele-specific manner and were located near transcriptional start sites, 

indicating that eQTLs could modulate expression directly, or in cis. Later studies identified 

trans-eQTLs, which are variants that affect the expression of a distant gene (>1 Mb) by 

modifying the activity or expression of upstream factors that regulate the gene (Fehrmann et 

al. 2011; Battle et al. 2013; Westra et al. 2013). Although trans-eQTLs show weaker effects 

and present validation difficulties, they can potentially reveal previously unknown pathways 

in gene regulation networks.

RNA-Seq has revolutionized QTL analyses because it enables association analyses of more 

than just gene expression levels alone. For example, RNA-Seq provides unprecedented 

opportunity to investigate variations in splicing by profiling alternately spliced isoforms of a 

gene. This has enabled the identification of variants influencing the quantitative expression 

of alternatively spliced isoforms commonly referred to as splicing-QTLs (sQTLs) (Lalonde 

et al. 2011). In addition, specific RNA-Seq library constructions (e.g., ribo-depleted) have 

enabled the detection of eQTLs affecting other RNA species; recent studies have identified 

variants affecting the expression of various ncRNAs, including long intergenic noncoding 

RNAs (Montgomery et al. 2010; Gamazon et al. 2012; Kumar et al. 2013; Popadin et al. 

2013). The expanding potential of RNA-Seq to associate phenotypic variations with genetic 

variation offers an enhanced understanding of gene regulation.

Traditional eQTL mapping methods that were developed for microarray data use linear 

models such as linear regression and ANOVA to associate genetic variants with gene 

expression (Kendziorski and Wang 2006). These methods have been directly applied to 

RNA-Seq data following appropriate normalization of total read counts. Most eQTL studies 

perform separate testing for each transcript-SNP pair using linear regression and ANOVA 

models to detect significant association. Nonlinear approaches have also been developed to 

test associations, such as generalized linear and mixed models, Bayesian regression (Servin 

and Stephens 2007). Alternative models, such as Merlin, have also been developed to detect 

eQTLs from expression data that include related individuals using pedigree data (Abecasis et 

al. 2002). In addition, several methods have been developed to simultaneously test the effect 

of multiple SNPs on the expression of a single gene using Bayesian methods (Lee et al. 

2008). To further improve on the detection of causal regulatory variants, several studies have 

integrated ASE information with eQTL analysis. These studies showed that genetic variants 
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showing allele-specific effects and identified as eQTLs show higher enrichment in functional 

annotations and provide stronger evidence of cis-regulatory impact (Battle et al. 2013; 

Lappalainen et al. 2013; Sun and Hu 2013). Because high-throughput sequencing has 

created genotype data sets featuring millions of SNPs and expression data sets featuring tens 

of thousands of transcripts, the task of testing billions of transcript-SNP pairs in eQTL 

analysis can be computationally intensive. To mitigate this computational burden, software 

has been developed such as Matrix eQTL to efficiently test the associations by modeling the 

effect of genotype as either additive linear (least squares model) or categorical (ANOVA 

model) (Shabalin 2012). Because of the large number of tests performed, it is important to 

correct for multiple-testing by calculating the false discovery rate (Benjamini and Hochberg 

1995; Yekutieli and Benjamini 1999) or resampling using bootstrap or permutation 

procedures (Karlsson 2006; Zhang et al. 2012).

However, the design and interpretation of eQTL studies is not straightforward. Many 

complications result from the complexity of gene regulation, which shows both spatial (cell 

and tissue location) specificity as well as temporal (developmental stage) specificity. For 

instance, several studies have performed eQTL analysis across multiple tissues, indicating 

that genetic regulatory elements can have tissue-specific effects (Petretto et al. 2006; Schadt 

et al. 2008; Dimas et al. 2009; Kwan et al. 2009; Grundberg et al. 2012; Flutre et al. 2013). 

Therefore, future eQTL analyses should test for SNP-transcript associations in well-defined 

cell types that are relevant to the trait of interest (Lonsdale et al. 2013). For example, a study 

detecting eQTLs in cardiovascular disease should use heart tissue while a study interested in 

autoimmune disease should use whole blood. Another major consideration for eQTL studies 

is accounting for population structure and elucidating the causal variants (Stranger et al. 

2012). The structure of genomic variation can vary significantly between populations and 

will influence the resolution of any genetic association study (Frazer et al. 2007; Altshuler et 

al. 2010). Furthermore, if substantial linkage disequilibrium (LD) exists within the genome, 

the associated genetic variant is often “tagging” the causal variant rather than acting as the 

causal regulatory variant itself. As eQTL studies integrate data across different populations 

and use population-scale genome sequencing, the ability to elucidate causal variants will 

greatly improve (Montgomery et al. 2010; Lappalainen et al. 2013).

Future Prospects

As sequencing technologies advance, computational tools will need to evolve in parallel to 

solve new technical challenges and support novel applications. For example, as the ability of 

sequencing platforms to produce longer reads becomes a reality, new mapping methods are 

required to accurately and efficiently align long reads. Because longer reads can span 

multiple exon–exon junctions, the identification and quantification of alternative isoforms 

will improve significantly with the extra information encoded in longer reads. Furthermore, 

as laboratory methods mature to enable sequencing of minute quantities of RNA, complex 

statistical approaches will be needed to discriminate between technical noise and meaningful 

biological variation. These progresses will facilitate the analysis of transcriptomes in rare 

cell types and cell states, enabling researchers to reconstruct biological networks active at 

the cellular level. In addition, these advancements will allow transcriptome analysis to move 

into the field of clinical diagnostics; for example, earlier monitoring of cancer screening and 
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pregnancy could be accomplished by sequencing cancerous RNA or fetal RNA in the 

maternal blood. Furthermore, the integration of whole-genome sequencing with RNA-Seq in 

larger samples will provide greater insight into genetic regulatory variation. These 

experimental and bioinformatic advances will provide a powerful toolbox for fully 

characterizing the transcriptome as it relates to basic biological questions, as well as its 

rising impact on personalized medicine.
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Figure 1. 
Overview of RNA-Seq. First, RNA is extracted from the biological material of choice (e.g., 

cells, tissues). Second, subsets of RNA molecules are isolated using a specific protocol, such 

as the poly-A selection protocol to enrich for polyadenylated transcripts or a ribo-depletion 

protocol to remove ribosomal RNAs. Next, the RNA is converted to complementary DNA 

(cDNA) by reverse transcription and sequencing adaptors are ligated to the ends of the 

cDNA fragments. Following amplification by PCR, the RNA-Seq library is ready for 

sequencing.
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Figure 2. 
Overview of RNA-Seq data analysis. Following typical RNA-Seq experiments, reads are 

first aligned to a reference genome. Second, the reads may be assembled into transcripts 

using reference transcript annotations or de novo assembly approaches. Next, the expression 

level of each gene is estimated by counting the number of reads that align to each exon or 

full-length transcript. Downstream analyses with RNA-Seq data include testing for 

differential expression between samples, detecting allele-specific expression, and identifying 

expression quantitative trait loci (eQTLs).
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Table 1
RNA-Seq library protocols

Library design Usage Description

Poly-A selection Sequencing mRNA Select for RNA species with poly-A tail and enriches for mRNA

Ribo-depletion Sequencing mRNA, pre-mRNA, 
ncRNA

Removes ribosomal RNA and enriches for mRNA, pre-mRNA, and ncRNA

Size selection Sequencing miRNA Selects RNA species using size fractionation by gel electrophoresis

Duplex-specific nuclease Reduce highly abundant transcripts Cleaves highly abundant transcripts, including rRNA and other highly 
expressed genes

Strand-specific De novo transcriptome assembly Preserves strand information of the transcript

Multiplexed Sequencing multiple samples 
together

Genetic barcoding method that enables sequencing multiple samples 
together

Short-read Higher coverage Produces 50–100 bp reads; generally higher read coverage and reduced 
error rate compared to long-read sequencing

Long-read De novo transcriptome assembly Produces >1000 bp reads; advantageous for resolving splice junctions and 
repetitive regions
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Table 2
Widely used RNA-Seq software packages

Primary category Tool name Notes

Splice-aware read alignment GEM Filtration-based approach to approximate string matching for alignment

GSNAP Based on seed and extend alignment algorithm aware of complex variants

MapSplice Based on Burrows-Wheeler Transform (BWT) algorithm

RUM Integrates alignment tools Blat and Bowtie to increase accuracy

STAR Based on seed searching in an uncompressed suffix arrays followed by seed 
clustering and stitching procedure; fast but memory-intensive

TopHat Uses Bowtie, based on BWT, to align reads; resolves spliced reads using exons by 
split read mapping

Transcript assembly and 
quantification

Cufflinks Assembles transcripts to reference annotations or de novo and quantifies abundance

FluxCapacitor Quantifies transcripts using reference annotations

iReckon Models novel isoforms and estimates their abundance

Differential expression (DE) BaySeq Count-based approach using empirical Bayesian method to estimate posterior 
likelihoods

Cuffdiff2 Isoform-based approach based on beta negative binomial distribution

DESeq Exon-based approach using the negative binomial model

DEGSeq Isoform-based approach using the Poisson model

EdgeR Count-based approach using empirical Bayes method based on the negative binomial 
model

MISO Isoform-based model using Bayes factors to estimate posterior probabilities

Other tools HCP Normalizes expression data by inferring known and hidden factors with prior 
knowledge

PEER Normalizes expression data by inferring known and hidden factors using a 
probabilistic estimation based on the Bayesian framework

Matrix eQTL Fast eQTL detection tool that uses linear models (linear regression or ANOVA)
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