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Abstract: With the advancement in technologies, there has been a great expansion of data generation 

in various fields and disciples, including genomics, pharmacogenomics, epigenomics, transcriptomics, 

metabolomics, and proteomics. Regarding sequencing technologies, the advent of next-generation 

sequencing methods has enabled researchers to analyze the entire genome or multiple genes 

simultaneously for mutation detection or gene expression studies. For this reason, the demand for 

appropriate bioinformatics tools and pipelines for NGS Data Analysis to conduct precision analysis 

with a high level of accuracy is very high. The field of transcriptomics requires analysis of the entire 

RNA transcripts that define the transcriptional state of the cells. The analysis of the entire transcriptome 

is challenging and is supplemented with the utilization of various bioinformatic tools. This review 

provides an overview of the - generation sequencing and analysis in various fields like genomics and 

epigenomics, with a special focus on transcriptome analysis. 
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1. Introduction 

Next-generation sequencing (NGS) is a technology that enables massively parallel 

sequencing of entire genomes or sometimes the targeted regions in the genome. NGS has 

revolutionized research with its capabilities of screening multiple genes, mutations, transcripts, 

etc., at the same time. Presently, genetics is extremely important in clinics for providing 

diagnoses for various heterogenous ailments. This requires the ability to scan the genome at 

various levels, from single base alterations to chromosomal levels. Various tools and pipelines 

are based on the different platforms used for sequencing. Illumina GA, Roche 454, and ABI 

SOLiD [1] are only a few new next-generation sequencing technology platforms that have 

recently been developed [2].  

NGS techniques have been utilized successfully in a wide range of applications to 

date, including RNA-sequencing [3], ChIP-sequencing[4], whole human genome sequencing 

[5], and genome-wide structural variation[6]. A study reviewed the most significant 

advancements in sequencing technology and techniques and the evolution of NGS. They 

looked at the existing state of NGS applications and forecasted future trends [7]. Numerous 
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studies looked at and examined diverse NGS systems. Using sequencing Escherichia coli 

isolates, another study evaluated the ability of three NGS systems from Roche, Illumina, and 

Life Technologies. They examined read length, throughput, read error rate and profile, and 

the quality and completeness of de novo assembly to compare the platforms’ performance 

[8]. A study used a collection of four microbial genomes to evaluate three NGS systems 

(Pacific Biosciences RS, Torrents PGM, and Illumina MiSeq). They evaluated the 

sequencing data concerning accuracy, variant detection, GC distribution, bias, and coverage 

distribution [9]. In another investigation, three NGS technologies were examined, ABI 

SOLiD, Illumina GA, and Roche 454, to analyze and assess identical 260 kb human 

sequences[10]. Employing different NGS systems, researchers in a study gained substantial 

expertise in handling samples, sequencing samples, and bioinformatics analysis [11]. Another 

evaluation looked at several NGS methodologies and how the latest developments in the field 

impact the course of genetic research [2]. As revealed by numerous studies [12,13], the 

Illumina platform remains one of the most widely employed platforms on the market. 

In this review, we introspect the various bioinformatic methods and strategies employed 

for analyzing the data generated from NGS platforms. 

2. Bioinformatic Tools for Analysis for Genomics and Epigenomics 

Various bioinformatics tools and pipelines are available to analyze the data generated 

from genomics, epigenomics, and transcriptomics (Table 1). 

Table 1. Tools and pipeline for NGS data analysis. 

S.No. Tool Description & Function References 

1. AzureBlast A parallel BLAST executing on the Microsoft Azure 

cloud computing platform 

[14] 

2. BlastReduce BLAST-based on Hadoop [15,16] 

3. CloudBLAST Cloud-based BLAST implementation [17] 

4. CloudBurst MapReduce-based genomic sequence mapping using 

very sensitive short reads 

[18] 

5. RSD Comparative genomics (EC2 ortholog discovery using 

the reciprocal shortest distance approach) 

[19] 

6. CloudAligner Genomic sequence mapping (sequence mapping 

technology based on MapReduce that is full-featured 
and rapid) 

[20] 

7. SEAL Genomic sequence mapping (using Hadoop’s duplication 
removal and short read pair mapping) 

[21] 

8. Crossbow Analysis of genomic sequences utilizing cloud 
computing, including read mapping and SNP calling 

[22] 

9. Myrna For RNA-Seq (Differential gene expression tool) [23] 

10. Eoulsan RNA sequencing analysis (a scalable, flexible framework 

built on the Hadoop platform) 

[24] 

11. FX For RNA-Seq analysis [25] 

12. HadoopBAM Management of sequence files (integration between 

analytic software and BAMfiles) 

[26] 

13. SeqWare Management of sequence files (query engine enabling 

information from databases) 

[27,28] 

14. GATK Next-generation resequencing data management for 

sequence files, a gene analysis toolset 

[29,30] 

2.1. Cloud computing. 

The National Institute of Standards and Technology (NIST) established a centralized 

characterization or definition of cloud computing, which again received widespread 

support from several studies [31–33]. According to this definition, cloud computing is a 

coveted, self-servicing Internet platform that allows access to users for multiple computational 
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resources via the Internet at any time and from any location. It alters the way systems are seen 

in various domains and aids with challenges involving intense calculations [34–36].  

2.1.1. Cloud types. 

Studies have divided the cloud deployment models into three categories: hybrid, public 

and private [37]. Private cloud, On-Premise, and Off-Premise [33] are two private cloud types. 

Other developments, as revealed by many studies [32,38], created a new category called 

(community cloud). Below is a more in-depth explanation of  four cloud categories:  

2.1.1.1.Private cloud. 

For the purpose of its functionality, management of data, and security, this form of 

cloud is operated by an individual user or an organization with several customers [32]. Many 

commercial and free software are capable of creating this cloud, of naming a few VMware 

Cloud, Open Nebula, Eucalyptus, OpenStack, and Terracotta.  Private clouds include NASA’s 

Nebula and Amazon’s virtual private cloud (VPN). 

2.1.1.2.Public cloud. 

Third parties are generally in charge of these clouds. Web browsers are needed to access 

it. This cloud’s security is rated lower than that of other [32] cloud categories. IBM’s Blue 

Cloud, Sun Cloud, Microsoft Azure, Google Apps Engine, and Amazon’s Elastic Compute 

Cloud (EC2) are all examples of public clouds.  

2.1.1.3.Hybrid cloud. 

This is a combination of several clouds (community, private or public) that provides a 

more secure approach to storing data. VMware vCloud and Salesforce are two examples of 

hybrid cloud Services [14].  

2.1.1.4.Community cloud. 

Several businesses collaborate to share and develop a cloud that a third party can 

manage. Some examples of community clouds include Microsoft Government Community 

Cloud and Google Apps for Government [14]. 

2.2. Pooling strategy for massive viral sequencing.  

There can be a reduction in the cost of sequencing by employing the pooling strategy 

for multiple viral samples. This can be achieved by adding various barcodes that are sequence 

identifiers specific to each sample. The strategy includes mixing a designated pool of sample 

sets in a manner that the identity of each sample is encoded,the utilization of barcodes,and 

sample deconvolution, a viral variant assignment for individual samples from the pools [39]. 

2.3. Scaffolding algorithms. 

De novo genome assembly is one of the most important next-generation sequencing 

analysis undertaking [40]. Though initial assemblers could only build tiny bacterial genomes, 

advances in quantity and quality of data, as well as state-of-the-art assembly algorithms in 
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addition to computer resources, have enabled the construction of more serpentine eukaryotic 

genomes assembly [41]. Numerous assembly algorithms were developed during the early years 

of next-generation sequencing, a few of which have kept up with advances in data production 

and algorithms' enhancements. In contrast, others have faded away [42]. 

The presently available assemblers give an output of DNA chucks, also known as 

contigs. These are used to tailor the genomes. The programs referred to as scaffolders use 

contigs to construct scaffolds and derive the connectivity information obtained from the NGS 

reads. SCARPA, MIP, SOPRA, OPERA, and SSPACE are some available scaffolding tools 

[43]. 

3. Computational Approaches in Next-Generation Sequencing Data 

          For the dry-lab analysis of NGS data, computational tools like SanGeniX, Galaxy, BWA, 

and Bowtie are employed. 

3.1. Analysis for genome-wide DNA methylation studies. 

The genome-wide DNA methylation analysis involves mapping sequence to 

methylation profile and further analyzing the differential methylation after quality assessment. 

MeDUSA (Methylated DNA Utility for Sequence Analysis) is one of the known pipelines used 

to analyze MeDIP-seq. The workflow includes mapping, filtering, quality assessment, 

coverage analysis, and plots to identify the differentially methylated regions in the genome 

using R Bioconductor [44].  

3.2. Genomic variants detection and genotyping.  

The widely analyzed form of genetic variation is single nucleotide polymorphism 

(SNP). However, there is a major challenge in analyzing these variants. One major factor 

includes the error rate towards the 3’ end of the reads. The variant calling is performed by 

aligning the reads to the analyzed genome and utilizing Bowtie2 and BWA tools [45]. 

4. Tools for Next-generation Transcriptomics  

4.1. Computational methods. 

The generation of data is the first step in a standard transcriptomic study. 

Conventionally the mRNAs or total RNAs are transformed into a cDNA library subjected 

to subsequent fragmentation and sequencing to yield single-end short reads from one end or 

paired-end short reads from both ends [46]. The small reads are subsequently pieced together 

to construct sequences and gene and transcript models during transcript assembly. Intersections 

across reads, which indicate that they might have been sampled from the same location, might 

reveal information regarding local assembly. The paired-end read’s fragment size may be 

statistically described, and this data can be used throughout the assembly process to offer long-

range connectivity. 

Genome sequencing has revealed that the general assembly issue is fundamentally 

tough. Ambiguous reads corresponding to substantially comparable sections of the genome, as 

a consequence of repetitions or duplications, cause noteworthy snags. Despite the fact that 

transcripts tend to be short and remain quick to be assembled, they do 
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present significant challenges. For example, the transcripts number to be reconstructed is 

unknown a priori. Then, because RNA-seq has been demonstrated to acquire expression levels 

range, encompassing 5 orders of magnitude, every gene can be examined by hundreds of 

thousands or just a few reads. Due to bias in library preparation and sequencing, read coverage 

remains inconsistent even inside the same gene or transcript limits [47]. 

Moreover, every read might be attributed to multiple genes in a family with sequence 

similarity or different isoforms of the similar gene. Nested genes, overlapping genes, and trans-

splicing make assembly even more challenging. At the same time, aberrations caused by 

intronic reads or inaccurate mapping can result in erroneous introns and exons. Finally, 

interpreting the vast amount of data generated by an RNA-seq experiment necessitates using 

efficient and scalable tools. Figure 1 represents the basic bioinformatic workflow for NGS data 

analysis. 

 
Figure 1. Basic bioinformatic workflow for NGS data analysis. 

There are two types of methods regarding transcript assembly: de novo, which 

assembles reads exclusively based on sequence overlap, and the other one remains genome-

based, which aligns reads to a reference genome first, and then the alignments that 

overlap are assembled. Methods based on the genome are more precise in general. De novo 

assembly, on the other hand, may be used to establish a representative collection of transcripts 

in the lack of a genome sequence or the case of a heavily fragmented genome; 

however, assembling is more difficult and prone to errors [48]. 

4.2. Tools for RNA-Seq assembly. 

TopHat [49] is an open-source program for aligning RNA-Seq reads to a reference 

genome beyond utilizing or depending on the known splice sites. TopHat aligns RNA-Seq 

reads taken in FASTA or FASTQ format using a reference genome (as a Bowtie index), and 

SAM format alignments are produced. Even in the case of genes transcribed at paltry 

levels, TopHat can discover junctions when the default parameter values are used. TopHat 

1.0.7 and later versions have been updated to take advantage of long paired reads and align 

them through splice junctions. Reads up to 75 base pairs or longer are divided into 3 or more 

segments of roughly identical size and are mapped separately [50,51]. For mapping the non-
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junction reads to the reference genome, it employs Bowtie (http://bowtie-bio.sourceforge.net), 

a short-read mapping application [52,53]. The reads named initially unmapped reads (IUM 

reads) are the set aside reads that do not map to the genome. For every splice junction, Tophat 

scans the IUM reads for seeking reads that pan junctions. For consensus construction of the 

mapped areas, the assembly module MAQ is employed. TopHat is written in C++ and is 

available for Mac OS X and Linux. It includes MAQ and Bowtie and employs the SeqAn 

library[54]. 

Another open-source C++ program, Cufflinks assembler [66] works on Mac OS X 

and Linux. It can detect whole new transcripts and allocate reads to isoforms deterministically. 

It also includes the Cuffdiff and Cuffcompare utilities. Corroboration of Cufflinks output is 

done by  Cuff compare, along with transfrags (assembled transcript fragments), to annotated 

transcriptomes and detection of transfrags that are common across many assemblies. The 

testing of differential expression is then performed by Cuffdiff. The creation of this assembler 

was aimed to look at transcriptional and splicing regulation, as well as to determine the 

minimum quantity of transcripts that ’‘explain' the reads, which implies that each read must be 

accommodated in some transcript. Cufflinks accept cDNA fragment sequences as input, 

aligned to the genome by TopHat or others, that could align reads spanning splice junctions 

without depending on gene annotation to yield spliced alignments[55–57]. 

4.3. Differential gene expression. 

Differential gene expression is referred to the change or differences in the expression 

of genes or gene counts between two conditions that have been challenged experimentally. For 

analysis, quantifying transcriptomes or genes is required. There are different tools and 

algorithms that are utilized for the quantification of transcriptome and performing differential 

gene expression analysis [58]. 

4.4. Transcriptome quantification and differential expression from NGS data. 

From RNA-Seq data, GFOLD, a fold change algorithm, generates biologically relevant 

rankings of genes with differential expression. According to the posterior distribution of log-

fold change, GFOLD offers trust worthy statistics for changes in expression. When 

implemented for single replicate data sets, the authors demonstrated that GFOLD surpasses 

other frequently used approaches[59].To determine the importance of change between samples, 

Cuffdiff employs a model, namely, the beta negative binomial distribution. The model takes 

into consideration both cross-replicate variability and read mapping ambiguity to account for 

uncertainty. Cuffdiff displays the fold change for gene expression and statistical significance 

[60]. 

Cufflinks also come with a companion tool Cuffdiff, which estimates expression in 2 or more 

samples and analyses the statistical significance of each change observed in expression. The 

statistical model utilized to assess changes presumes that the read number generated by each 

transcript remains proportionate to its abundance but that this varies due to technical variations 

throughout library preparation and sequencing and biological variability among the same 

experiment replicates. Cufflinks is a program that calculates transcript-level fragment counts. 

To model the expression of gene G, Cuffdiff employs an algorithm. It is possible to obtain 

expression distribution for G using this technique. Cuffdiff evaluates the mean of these 

distributions and calculates their log ratio in duplicate’s presence for the estimation of the 
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distribution of expression’s log-fold changes for G under the null hypothesis. Thousands of 

times in both situations, the procedure is repeated.  All the samples are sorted and counted; 

how many of them are more severe than that of the log-fold change they absolutely saw from 

the real data to determine a p-value for witnessing the actual log-fold change? The p-value is 

calculated by dividing this number by the total number of drawings [61]. 

The edgeR is a negative binomial distribution-based statistical approach for 

profiling differential gene expression. The edgeR is meant to function with replicates, but it 

may also be used with data sets that do not include replicates. As indicated in Reference 34, 

we used edgeR to count uniquely mapped reads. Both edgeR and DESeq, accessible as 

R/Bioconductor packages, are downstream count-based analysis tools. The edgeR may 

evaluate both replicate and nonreplicated data sets [62].  

The empirical Bayes approach, which allows the estimate of biological variation 

specific to genes, even for investigations with modest biological replication levels, is a unique 

aspect of edgeR functionality. edgeR can detect differential expression levels at the tag level, 

transcript, exon, or gene level.  In fact, every genetic characteristic may be used to aggregate 

read counts. Analysis with edgeR at the exon level may readily be expanded for the detection 

of isoform-specific differential expression or differential splicing [62,63]. 

edgeR and DESeq are two techniques and R packages for assessing quantitative 

readouts (counts) from experiments like RNA-seq, which are high-throughput. In RNA-

Seq, reads are allocated to a post-alignment feature, with each feature representing a targeted 

transcript. The total number of reads in a feature is an essential summary statistic [64]. 

The methods for analyzing array-based data presume that the response variable is 

normally distributed and continuous. Response variables, however, for digital approaches like 

ChIP-seq and RNA-seq, on the other hand, are discrete counts. As a result, the negative 

binomial distributions are used in the DESeq and edgeR techniques. The shot noise (also 

known as Poisson noise, sampling noise, or counting noise) that occurs from the counting 

aspect of the data is separated from the variance introduced by other forms of noise in edgeR 

and DESeq using a model. The excess variance is then represented as either uniform for edgeR 

or quasi-correlated with reading depth for DESeq. DESeq implies that read depth and extra-

Poisson noise are related, whereas edgeR thinks they are not [64]. 

5. Conclusion  

In conclusion, although many accomplishments were made in the past, there still needs 

to be advancements in the methods and pipelines. In the future, the sequencing platforms and 

the strategies for handling data are required to be improved. This will aid in reducing the rates 

of errors and increase the quality of data analysis. There is a rapid evolution of NGS 

consistently occurring to gain broader applicability. The future approach may require 

clinicians, scientists, and bioinformaticians to work in an ecosystem for better interpretation of 

data and arrive at a standard systemic level of analysis for deriving information that has 

diagnostic value in the clinical setting. Emerging developments in the field of artificial 

intelligence can further aid in improving the platforms and software for NGS analysis that will 

aid clinicians and scientists in resolving complex biological issues for developing novel 

therapeutic strategies. 
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