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INTRODUCTION 

RNA sequencing (RNA-seq) uses next-generation 

sequencing (NGS) technologies to reveal the presence 

and quantity of RNA molecules in biological samples. 

Since its invention, RNA-seq has revolutionized 

transcriptome analysis in biological research. RNA-seq 

does not require any prior knowledge of RNA sequences, 

and its high-throughput manner allows for genome-wide 

profiling of transcriptome landscapes (Zhao et al., 2014). 

Researchers have been using RNA-seq to catalog all 

transcript species, such as messenger RNAs (mRNAs) 

and long non-coding RNAs (lncRNAs), to determine the 

transcriptional structure of genes, and to quantify the 

dynamic expression patterns of every transcript under 

different biological conditions(wang  et al., 2009). 

 

Due to the popularity of RNA-seq technologies and the 

increasing need to analyze large-scale RNA-seq datasets, 

more than two thousand computational tools have been 

developed in the past ten years to assist the visualization, 

processing, analysis, and interpretation of RNA-seq data. 

The two most computationally intensive steps are data 

processing and analysis. In data processing, for 

organisms with reference genomes available, short RNA-

seq reads are aligned (or mapped) to the reference 

genome and converted into genomic positions; for 

organisms without reference genomes, de novo 

transcriptome assembly is needed. Regarding the 

reference-based alignment, the RNA-seq Genome 

Annotation Assessment Project (RGASP) Consortium 

has conducted a systematic evaluation of mainstream 

spliced alignment programs for RNA-seq data 

(Engström, et al., 2013). We refer interested readers to 

this paper and discuss these alignment algorithms here, 

as statistical models are not heavily involved in the 

alignment step. This paper focuses on the statistical 

questions engaged in RNA-seq data analyses, assuming 

reads are already aligned to the reference genome. 

Depending on the biological questions to be answered 

from RNA-seq data, we categorize RNA-seq analyses at 

four different levels, which require three different ways 

of RNA-seq data summary. Note that we refer to a 

transcribed genomic region as a "gene" throughout this 

review, and a multi-gene family (multiple transcribed 

regions that encode proteins with similar sequences) are 

referred to as numerous "genes." Transcript-level 

analyses, such as RNA transcript assembly and 

quantification (Kanitz et al., 2015) often need read 

counts of genomic regions within a gene. RNA-seq reads 

mapped to each area or region-region junction, or even 
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ABSTRACT 

By using NGS technologies, rapid advances in cancer genomics to uncover diverse microbial communities have 

been uncovered. NGS-based technologies for genomics, transcriptomics, and epigenetics are increasingly used to 

identify individual cells. Researchers will be able to uncover new and potentially unexpected biological 

discoveries by analyzing single cells, as opposed to traditional profiling methods that assess bulk populations. 

RNA-sequencing, for example, can reveal complex and rare cell populations, reveal regulatory relationships 

between genes, and track the trajectories of distinct cell types over time. This presentation will discuss challenges 

associated with single-cell isolation and library preparation and computational analysis pipelines for RNA-seq data 

analysis. Further advances in molecular biology and available bioinformatics tools will significantly facilitate 

these sequencing technologies' basic science and medical applications. 
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the exact position each read. Exon-level analyses, such 

as identifying differential exon usage usually require 

read counts of exons and exon-exon junctions. As these 

four levels of studies use different statistical and 

computational methods, we will review the key statistical 

models and methods widely used at each level of RNA-

seq analysis (Figure 2) with an emphasis on the 

identification of differential expression and alternative 

splicing patterns, two of the most common goals of 

RNA-seq experiments(Tourasse et al., 2017) 

 

Metagenomic, also referred to as WGS- or shotgun-

metagenomic can offer an alternative and 

complementary method. Metagenomic refers to applying 

sequencing techniques to the entirety of the genomic 

material in the micro biome of a model. Crucially, by 

sequencing the genomes of all organisms rather than a 

single marker gene, metagenomic studies can provide 

information about the function of genes, the structure, 

and organization of genomes, identification of novel 

genes, and biocatalysts, community structure, and 

evolutionary relationships within the microbial 

community (Handelsman et al., 1998). 

 

Advances in metagenomics have themselves been driven 

by advances in second and third-generation sequencing 

technologies, which can produce hundreds of gig abases 

of DNA sequenced data at a very low cost (Watson, 

2014). The high sequencing depth offered by such 

advances means that even the least abundant 

microorganisms in an environment can be represented. 

Combined with continuing improvements in 

bioinformatics, modern sequencing technologies have 

made metagenomic analysis an approachable, affordable, 

and fast technique for most labs. 

 

James Eberwine and Iscove and colleagues pioneered the 

sequencing of an entire transcriptome at the single-cell 

level. They expanded the complementary DNAs 

(cDNAs) of an individual cell using linear amplification 

by in vitro transcription and exponential amplification by 

PCR, respectively. Following this study, a worldwide 

explosion of interest in obtaining high-resolution views 

of single-cell heterogeneity has occurred. Analyzing the 

gene expression differences between individual cells can 

identify rare populations that cannot be detected from an 

analysis of pooled cells. Additionally, advances in 

experimental techniques and bioinformatics pipelines 

have enabled researchers to deconvolute highly diverse 

immune cell populations in healthy and diseased states. 

Researchers are increasingly using sRNA-seq to 

investigate cell lineage relationships during early 

development, myoblast differentiation, and lymphocyte 

fate determination.  

 

Techniques for isolating single cells 

The first step in obtaining transcriptome data from a 

single cell is to isolate it. By dilution using limiting 

dilution, individual cells are isolated using pipettes (Fig. 

1a). When diluted to a concentration of 0.5 cells per 

aliquot, approximately one-third of the wells in a well 

plate can be prepared. Nevertheless, this method is not 

very efficient due to the statistical distribution of cells. 

Micromanipulation (Fig. 1b) is a classic technique for 

obtaining cells from embryos and uncultivated 

microbes19, and microscope-guided capillary pipettes 

have been used to isolate single cells from suspensions. 

These methods, however, are time-consuming and have 

low throughput. In recent times, flow-activated cell 

sorting (FACS, Fig. 1c) has become the most popular 

strategy for isolating highly purified single cells. In 

addition, FACS is preferred when the target cell 

expresses the marker at a low level. This method first 

labels cells with a fluorescent monoclonal antibody that 

recognizes specific surface markers and sorts distinct 

populations. In addition, adverse selection is possible for 

unstained individuals. Using an electrostatic deflection 

system, a charge is applied to a cell of interest, and the 

cells are separated magnetically based on predetermined 

fluorescent parameters. Some limitations of these 

techniques include the requirement for large starting 

volumes (difficulty in isolating cells from low-input 

numbers *10,000) and the requirement for monoclonal 

antibodies to target proteins of interest. Laser capture 

microdissection (Fig. 1d) utilizes a laser system aided by 

a computer system to isolate cells  from solid samples. 
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Fig 1. Preparation of single-cell libraries. 

 

This review does not aim to exhaustively enumerate all 

the existing computational tools designed for single 

RNA-seq data but to discuss the strategies of statistical 

modeling and application scopes of typical methods for 

single RNA-seq analysis. We refer readers to for an 

introduction to the development of single RNA-seq 

technologies, for a comprehensive assessment of single 

RNA-seq with a comparison to microarray technologies 

and other sequence-based platforms by the Sequencing 

Quality Control (SEQC) project. For considerations in 

experimental designs and more recent advances in 

computational tools (Conesa et al., 2010). 

 

The computational challenges of scRNA-seq 

While SCRNA-seq methods are increasingly accessible 

to various laboratories, pipelines for handling raw data 

files remain limited. Genomics and Fluidigm offer 

software tools, but this field is still in its infancy, and 

gold-standard tools have not yet been developed. 

 

Comparison of siRNA-seq libraries prepared  

The steps required for the generation of siRNA seq 

libraries include cell lysis, reverse transcription into first-

strand cDNA, second-strand synthesis, and cDNA 

amplification. Generally, cells are lysed in a hypotonic 

buffer, and poly (A) + selection is performed with poly 

(DT) primers to capture messenger RNAs (mRNAs). It 

has been well established that due to Poisson sampling, 

only 10–20% of transcripts will be reverse transcribed at 

this stage (Islam et al., 2014). This low mRNA capture 

efficiency is a significant challenge that existing 

necessitates a highly efficient cell lysing strategy. For 

cRNA preparation, an engineered version of the 

Moloney murine leukemia virus reverses transcriptase 

with low RNAseq H activity, and increased thermo 

stability is typically used in first-strand synthesis (Gerard 

et al., 2002). Second strands can be generated using 

either poly (A) tailing12, 35 or by a template-switching 

mechanism (Ramsköld et al., 2012). This latter approach 

ensures uniform coverage without loss of strand 
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specificity compared to the former. The small amount of 

synthesized cDNAs is then further amplified using 

conventional PCR or in vitro transcription. The in vitro 

transcription method can amplify templates linearly but 

is time-consuming, as it requires additional reverse 

transcription, which may lead to 3′ coverage biases40. 

Smart-seq2 (improved version of Smart-seq) 41 

generates full-length transcripts of alternative-splicing 

events and allele-specific expression using single-

nucleotide polymorphism. Currently, the Illumina 

platform is widely used (e.g., HiSeq4000 and 

NextSeq500) for the sequencing step. In addition, the 

benchtop MiSeq sequencer produces 30 million paired-

end reads in a single day (Deng et al., 2014). 

 

 
Fig. 2. An example of a bioinformatics pipeline. 

 

Metagenomic Gene Prediction 
Annotating the assembled data and identifying genomic 

features such as genes and regulatory elements is the 

next step in a metagenomic analysis pipeline. Usually, 

the short reads produced by NGS are difficult to be 

assembled and even after assembly, contigs and scaffolds 

can often be short and fragmented. MetaGeneAnnotator 

is a metagenomic gene-finding algorithm which predicts 

genes on short sequences from un-characterized 

metagenomic communities based on the assumption that 

CG content correlates with di-codon frequencies. The 

software can automatically detect prophage genes 

through implemented statistical models as well as 

chromosomal backbone prokaryotic genes. It can also 

predict translation starting points by using RBS models. 

An interesting feature of MetaGeneAnnotator is the RBS 

map output which, apart from the gene location, gives 

information for translation initiation mechanisms useful 

for the analysis of evolutionary relationships (Noguchi et 

al., 2008) 

 

Orphelia is available as both a web-server and command-

line tool, and uses a two-step machine learning approach. 

In the first step, linear discriminant analysis based on 

monocodon usage, and translation initiation sites is used 

to extract features from genomic sequence. In the second 

step, an artificial neural network is constructed, 

combining the features from step 1 with information on 

open reading frame length and GC-content to compute 

the probability that an ORF (Open-reading-frame) 

encodes a protein. Orphelia was shown to demonstrate 

higher specificity but lower sensitivity in gene prediction 

compared to MetaGeneAnnotator and MetaGene 

(Noguchi et al., 2006). An extension of the popular 
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bacterial gene-prediction software Glimmer (Delcher et 

al., 2007). Glimmer-MG starts by clustering data which 

likely belong to the same organism, using Phymm 

(Brady and Salzberg, 2009).  

 

Gene models, based on HMMs, are trained within each 

cluster, incorporating probabilistic models for gene 

length and start/stop codons, and used to predict genes. 

The authors report that the combination of gene 

prediction with phylogenetic classification results in 

more accurate predictions. In simulated data, Glimmer-

MG identifies insertions/deletions more accurately than 

FragGeneScan; and can also predict substitution errors 

affecting stop codons. In both real and simulated data, 

Glimmer-MG predicted genes in error-prone sequences 

more accurately than other methods. FragGeneScan (Rho 

et al., 2010) is designed to predict genes (often 

fragmented) directly from short reads themselves, 

without the need of assembly; however, the software can 

also run on assembled sequenced. FragGeneScan uses 

hidden Markov models (HMMs) trained with sequencing 

error and codon usage models. Sequencing errors may 

produce frame shifts which, in many cases, result in 

fragmented genes that are difficult to identify. The major 

feature of FragGeneScan is the inclusion of sequencing 

error models into six-periodic in homogenous Morkov 

models. FragGeneScan presents higher performance in 

predicting genes than MetaGene and contains a set of 

parameters for analyzing reads produced by the main 

NGS technologies. Finally, the authors report that 

FragGeneScan is less affected by the read length since it 

achieves consistently high gene prediction performance 

in a range of read lengths compared to MetaGene. 

 

Finally, Prokka is a pipeline for annotating bacterial 

genomes and has an option for highly fragmented 

metagenomic assemblies. Prokka uses published open-

source software tools to predict protein coding and 

tRNA/rRNA genes. Putative genes and products are 

annotated by comparison to public databases. Testing 

Prokka against RAST and xBase2 (Chaudhuri et al., 

2008) in annotating E. coli data, Prokka showed overall 

the best performance. Prokka is freely available, is fast, 

can be installed on a typical desktop computer and 

integrated into metagenomic pipelines. 

 

 
Fig: 3 Differential gene expression analysis. 

 

Analysis of different gene expressions 

The main approach to comparing two biological 

conditions is to find "differentially expressed" (DE) 

genes. A gene is defined as DE if transcribed into 

different amounts of mRNA molecules per cell under the 

two conditions. However, since we do not observe the 

proper parts of mRNA molecules, statistical tests are 

principled approaches that help biologists understand to 

what extent a gene is DE. It is commonly acknowledged 

that normalization is a crucial step before DGE analysis 

due to batch effects, which could arise from different 

sequencing depths or various protocol-specific biases in 

other experiments (Bullard et al., 210) The reads per kilo 

base per million mapped reads (RPKM) the fragments 

per kilo base per million mapped reads (FPKM) and the 

transcripts per million mapped reads (TPM) are the three 

most frequently used units for gene expression 

measurements from RNA-seq data. They remove the 

effects of total sequencing depths and gene lengths. The 

main difference between RPKM and FPKM is that the 
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former is a unit based on single-end reads, while the 

latter is based on paired-end reads and counts the two 

reads from the same RNA fragment as one instead of 

two. The difference between RPKM/FPKM and TPM is 

that the former calculates sample-scaling factors before 

dividing read counts by gene lengths (Trapnell et al., 

2009) 

 

TOOL PROGMAE LANGUAGE INPUT FORMAT MODEL 

SCDE R 
Read counts  Poisson and negative 

binomial model 
2014/2.2.0 

MAST R TPM/FPKM Generalized linear model 2015/1.0.5 
 

In contrast, the latter divides read counts by gene lengths 

first and calculate sample-scaling factors based on the 

length-normalized read counts. If researchers would like 

to interpret gene expression levels as the proportions of 

RNA molecules from different genes in a sample, TPM 

has been suggested as a better unit than 

RPKM/FPKM(Wagner et al., 2012). Even though in 

these units, gene expression data may still contain 

protocol-specific biases and further normalization is 

often needed. There are two main categories of 

normalization methods: distribution-based and gene-

based. Distribution-based normalization methods aim to 

make the distribution of all or most gene expression 

levels similar across different samples, and such methods 

include quantile normalization DESeq and TMM 

(Robinson et al., 2010). Gene-based normalization 

methods aim to make non-DE genes or housekeeping 

genes have the same expression levels in different 

samples. Such strategies include a process. For a 

comprehensive comparison of the assumptions and 

performance of these normalization methods (Evans et 

al., 2017). 

 

A gene co-expression network (GCN) is an undirected 

graph, where nodes correspond to different genes, and 

edges connecting the nodes denote the co-expression 

relationships between genes. GCNs can help people learn 

the functional relationships between genes and infer and 

annotate the functions of unknown genes. To the best of 

our knowledge, the first GCN analysis on a genome-wide 

scale across multiple organisms was completed in 2003, 

enabled by the availability of high-throughput 

microarray data (Stuart et al., 2003). One of the most 

commonly used GCN analysis methods, WGCNA, was 

initially developed for microarray data, but WGCNA can 

be applied to normalized RNA-seq data(Lang elder et al., 

2008) 

 

ALTERNATIVE SPLICING ANALYSIS AT THE 

EXON LEVEL: INCLUSION RATES 
Since the transcript-level analysis of complex genes in 

eukaryotic organisms remains a significant challenge 

(Steiger et al., 2013), approaches focus on exon-level 

signals, seeking to study alternative splicing based on 

exons and exon-exon junctions instead of full-length 

transcripts. When transcriptome studies concentrate on 

the exon-level, a primary step is to estimate the 

percentage spliced in PSI or Ψ of an exon of interest 

(Katz et al., 2010). Our discussion below applies to an 

individual exon. Considering two isoforms, one includes 

the exon and the other skips the exon, the goal of model-

based methods is to estimate 

Ψˆ=CILICILI+CELE, 

 

CI denotes the number of reads supporting the inclusion 

isoform, and CE indicates the number of reads 

supporting the exclusion isoform. LI and LS represent 

the inclusion and exclusion isoforms adjusted lengths. 

Methods including MISO, Splice Trap, and formats use 

different statistical models to evaluate the estimation 

uncertainty. Both MISO and Splice Trap construct 

models similar to the model under the Bayesian 

framework, with Ψ as the parameter of interest. Bayesian 

confidence intervals can then be obtained based on their 

posterior distribution.  

 

Since both MISO and rMATS can estimate Ψ and the 

uncertainty of Ψˆ, it follows that they can detect 

differential exon usage between two biological 

conditions through statistical testing (Shen et al., 2014). 

 

Platforms for sharing data online 

Metagenomic assembly, gene prediction, and annotation 

creates large files, often in formats that scientists struggle 

to open, query, and search on a standard desktop or 

laptop computer. Meta4 (Richardson et al., 2013) is a 

simple web application that allows users to query, search 

and browse the millions of gene and protein predictions 

that often result from metagenomic assembly and 

annotation. Meta4 can be installed on any Linux, 

Apache, and MySQL server and provides a 

straightforward and user-friendly interface. Meta4 

includes web services to access tools such as BLAST and 

InterProScan. One of the advantages of Meta4 is that this 

can be set up on a private or institutional server before 

data release and publication. 

 

MG-RAST is a web-based platform providing access to 

various tools for metagenomic analysis. After removing 

repetitive sequences and low-quality regions, MG-RAST 

maps sequence data to three non-redundant databases 

and creates a phylogenetic profile of the metagenomic 

sample. Metabolic and functional profiles are also 

predicted using novel non-redundant protein databases 

and public data such as KEGG. Many sequencing 

technologies are supported, and the results are available 

for sharing and downloading (Glass et al., 2010). 

 

EBI Meta Genomics (Hunter et al., 2014) is a system 

dedicated to metagenomic analysis based at the EBI. The 
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pipeline starts with quality control of the dataset, where 

the data are trimmed and duplicates are removed. ORFs 

are predicted using Frag Gene Scan and then fed into 

InterProScan to assign putative function, protein 

domains, and pathways. Finally, the sequences are 

taxonomically classified into phylogenetic taxa 

indicating possible microbial members in the 

community. 

 

A comparative metagenomic analysis system built on the 

IMG platform for microbial genome annotation. IMG/M 

contains datasets from various metagenomic samples as 

well as all genomes from IMG. Thus, metagenomic 

samples can be compared based on the abundance of 

proteins, domains, enzymes, pathways, or functional 

classes and integrated with public data. A binning step 

aims to categorize metagenomic data into phylogenies 

while characteristics such as phenotype, habitat, living 

conditions, and diseases can also be attributed to the data 

(Markowitz et al., 2008). The EDGE platform also 

contains several relevant software tools, including QC, 

assembly, annotation, taxonomic classification, and 

phylogenetic analysis (Li et al., 2017) 

 

Shotgun metagenomics based on whole-genome 

sequencing 

Many microbiomes are incredibly complex, estimated 

that a single cow rumen contains approximately 1000 

OTUs – and therefore, any sequencing technology 

applied to microbiome samples needs to be sufficiently 

deep and comprehensive to capture representative 

sequences from all species within a microbiome, many of 

which exist at varying abundances. Second and third-

generation sequencing technologies have enabled much 

deeper and more comprehensive studies of microbiomes.  

 

Illumina technology uses the sequence-by-synthesis 

method. Short DNA fragments are attached to a glass 

slide or micro-well and amplified to form clusters. 

Fluorescently labeled nucleotides are washed across the 

flowcell and are incorporated complementary to the 

DNA sequence of the clustered fragment. Fluorescence 

from the incorporated nucleotides is detected, revealing 

the DNA sequence. Illumina is almost certainly the 

leading sequencing technology in genomics labs. It 

offers the highest throughput, producing relatively short 

reads up to 300 bp and with the lowest cost per base. The 

Illumina output is compatible with most applications for 

further study (van Dijk et al., 2014). 

 

DNA fragments are attached to beads in Ion Torrent 

technology, and single beads are placed into micro-wells. 

Each of the four nucleotides flows through the wells and 

gets incorporated into a complementary strand, releasing 

an H+ ion that can be measured as a voltage change. This 

process is repeated in multiple cycles. The Ion Torrent 

technology can finish a run significantly less time than 

other platforms and produces reads up to 400 bp length. 

However, it is not as widely used as Illumina 

technologies, possibly due to the high rate of 

homopolymer errors (van Dijk et al., 2014). 

 

Pacific Biosciences is based on SMRT sequencing 

technology. An engineered DNA polymerase is attached 

to a single strand of DNA, and these are placed into 

micro-wells called ZMWs. These ZMWs contain a 

polymerization complex of a sequencing primer, the 

template, and a DNA polymerase attached to the bottom. 

In the end, the fluorescent label is cleaved off, and the 

polymerization complex is ready to extend the strand 

(Buermans and Den Dunnen, 2014).  

 

Oxford Nanopore technologies also offer single-

molecule sequencing. In nanopore sequencing, a single 

strand of DNA passes through a protein nanopore, and 

changes in an electric current are measured.  (Ip et al., 

2015). 

 

Single-cell differential expression (SCDE) methods 

for single-cell RNA data  

Gene expression values are calculated using a mixture 

probabilistic model. The observed read counts of genes 

are modeled as a mixture of drop-out events by a Poisson 

distribution and amplification components by a negative 

binomial (NB) distribution: 

RC NB eð Þ for normal amplified genes  

RC Possionð Þ λ0 for drop−out genes 

 

Where e is the expected expression value in cells when 

the gene is amplified 

And λ0 is always set to 0.1.  

The posterior probability of a gene expressed at level x 

in cell c based on observed RC and the fitted model Ωc is 

calculated by 

p xjrc ð Þ¼; Ωc pdð Þx pPossionð Þþ xjrc 1−PD ð Þ ð 

Þx pNBð Þ xjrc  

 

where PD is the probability of a drop-out event in cell c 

for a gene expressed at an average level x, and poison(x| 

RC) and DNB(x|rc) are the probabilities of observing 

expression value RC in the cases of drop-out (Poisson) 

and successful amplification (NB) of a gene expressed at 

level x in cell c. 

 

CONCLUSION 
RNA-seq and Single cell RNA seq has become the 

standard experimental method for transcriptome 

profiling, and its application to numerous biological 

studies has led to new scientific discoveries in various 

biomedical fields. We have summarized the vital 

statistical considerations and methods involved in gene-

level, transcript-level, and exon-level RNA-seq analyses. 

Even though continuous efforts to develop new tools 

improve the accuracy of comments on all levels, 

challenges posted by relatively short RNA-seq reads 

remain in studying full-length transcripts, making it 

difficult to fully understand the dynamics of mRNA 

isoforms and their protein products. In complex 

transcriptome, probabilistic models have limited power 
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in distinguishing different but highly similar transcripts. 

It has been noted that the identification of all constituent 

exons of a gene is not always successful. When these 

exons are correctly reported, it is challenging to assemble 

them into complete transcripts with high accuracy. Given 

the current read lengths in NGS, we emphasize the 

importance of jointly using multiple samples to 

aggregate information on alternative splicing and 

sequencing noise. Averaging methods are inadequate in 

the multiple-sample analysis, and statistical discussion 

on this topic is still insufficient. 

 

On the other hand, new sequencing technologies such as 

PacBio and Nanopore sequencing can produce longer 

reads with an average of 2 3 kb. A primary barrier of the 

current long-read sequencing technologies is their 

relatively high error rates and sequencing costs. One 

recent approach to take advantage of these new 

technologies is to combine the information in next-

generation short reads and third-generation long reads in 

isoform analysis. 
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