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Abstract:

 Transcriptomics are methods for examining an organism's transcriptome, which is the totality of all of its RNA transcripts. Transcription is the process through which an organism's information is expressed and stored in the DNA of its genome. In order to gain knowledge about a cell's transcriptome, RNA sequencing (RNA-Seq) makes advantage of the capabilities of high-throughput sequencing techniques. RNA-seq analysis can be used to investigate genes and the transcripts that accompany them for a variety of purposes, including discovering novel exons or complete transcripts and assessing the expression of genes. The functional complexity of transcription has been further understood thanks to recent improvements in the RNA-Seq methodology, which include sample preparation, library creation, and data analysis. We go over every significant stage in RNA-seq data analysis, including experimental design, quality assurance, read alignment, measurement of gene and transcript levels, and differential gene expression. We also emphasise the difficulties that each phase presents. We outline a general bioinformatics workflow for the quantitative analysis of RNA-seq data as well as a few recently released computational tools that can be used at different stages of this workflow. These tools are part of a pipeline for RNA-seq data quality assessment and quantification that starts with raw sequencing files and is targeted at finding and analysing genes that exhibit differential expression under various biological situations.
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Introduction:

The development of genetic sequencing technology has exploded during the past few decades (Shendure et al., 2017). Over the past 20 years, the number of genomic sequence databases has grown exponentially due to improvements in throughput, accuracy, and cost (Lathe et al., 2008; Heather and Chain, 2016; Levy and Myers, 2016; Ardui et al., 2018; Karsch-Mizrachi et al., 2018). The intricate mapping of the same genome to multiple phenotypes in various tissue types, developmental stages, and environmental situations, however, continues to be a significant challenge in molecular biology. It is not only difficult but also at the core of this challenge to have a deeper understanding of the transcripts and expression of gene regulation. Numerous organisms have been extensively researched for transcriptomics, which provides significant insights into the structure, expression, and regulation of genes (Jain, 2012; Casamassimi et al., 2017; Lowe et al., 2017).
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	Fig.1:  Central dogma of molecular biology



What is Transcriptomics:

The study of the "transcriptome" is known as transcriptomics, and it refers to the entire collection of all the ribonucleic acid (RNA) molecules (also known as transcripts) expressed in a specific entity, such as a cell, tissue, or organism. The main goals of transcriptomics are to catalogue every type of transcript, including mRNAs, non-coding RNAs, and small RNAs; to identify the transcriptional structure of genes, including the start sites, 5′ and 3′ ends, splicing patterns, and other post-transcriptional modifications; and to measure how each transcript's expression levels change over time and in different environments. Transcriptomics have ability to investigate both functional and differentially expressed genes (DEGs), and received the most attention (Jia et al., 2015). Transcriptome analysis will eventually provide some advice in disease diagnosis, clinical care, and crop improvement by revealing more about the network of biological processes that are regulated. 
What is Transcriptome:


The total set of transcripts present in a cell for a particular developmental stage or physiological condition is known as the transcriptome. To interpret the functional components of the genome, expose the molecular components of cells and tissues, and to comprehend development and illness, one must have a thorough comprehension of the transcriptome. The transcriptome can be used to track the entire transcriptional activity of an organism without a reference genome, whereas genome assembly is more difficult and expensive in plant research. In addition to reflecting the changes in gene expression at various temporal and spatial points, the transcriptome also contains information about auxiliary metabolic pathways, which causes it to change depending on the time and location of observation. Studies have demonstrated that due to the various growing conditions and growth phases of medicinal plants, even within the same species, gene expression patterns reflect time- and space-based changes, leading to the distinctive patterns of accumulation of medicinal components. The transcriptome is therefore more suited for locating genes linked to therapeutic elements in medicinal plants (Wang et al., 2009). For research on plant functional genome mining, the formation of gene regulatory domains, genetic diversity (dominant and recessive genes), and bioactive compounds, these distinctions are crucial (Tyagi and Ranjan, 2021; Tyagi et al., 2022).
History of Transcriptomics:

In the past, it was difficult to analyse the behaviour of the genome due to the intricacy of the transcriptome of living cells. However, numerous studies of individual transcripts were being conducted before the development of transcriptomics to examine the genes. Before the era of sequencing, different approaches such as chromosome walking genetic and QTL mapping and were used for the identification of genes. These methods aid in understanding the molecular and cellular alterations that various variables cause in various tissues and cells.

The first attempt to compile a portion of the human transcriptome was made in 1991 and 609 mRNA sequences from the human brain were reported. In 2008, two human transcriptomes with 16,000 genes and millions of sequences obtained from transcripts were published. The routine generation of transcriptomes for various disease states, tissues, and even single cells has become common (Kolodziejczyk et al., 2014; Mele et al., 2015; Sandberg, 2015). The quick advancement of technologies with increased sensitivity and economy has been the driving force behind this expansion in transcriptomics (Wang et al., 2009; Ozsolak and Milos, 2011; McGettigan, 2013). In order to construct expressed sequence tags (ESTs) a short sequences of nucleotide with use of cDNA (Adams
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., 1998). The random transcripts were sequenced in the 1980s using low-throughput Sanger method of sequencing  to  classify expressed genes and gene fragments (Putney et al., 1983). Microarrays and RNA-Seq, the two main modern methods, were created in the middle of the 1990s and the 2000s, respectively (Schena et al., 1995; Pozhitkov et al., 2007). The first microarrays, which use a fixed set of transcripts hybridised to a variety of complementary probes, were reported in 1995. Massively parallel signature sequencing (MPSS), used for idetification of mRNA expression levels of by counting the number of individual mRNA molecules produced by each gene. This technique were used to confirm the expression of roughly 10,000 genes in Arabidopsis thaliana and about 20,000 genes in 32 different human tissues (Meyers et al., 2004; Jungeneel et al., 2005). According to Brenner et al. (2000), MPSS is based on sequencing reads of 16–20 bp. Later, reverse transcriptase quantitative PCR (RT-qPCR) gained popularity (Becker-Andre and Hahlbrock, 1989) and scientists began quantifying individual transcripts using northern blotting, nylon membrane arrays, and other methods. These techniques were challenging, though, and they only managed to record a small portion of the transcriptome. During the year 2006, the 454 technology was used for RNA-sequencing  with 105 transcripts with a appropriate coverage  for quantification of relative transcript abundance (Bainbridge et al., 2006).  After the year 2008,  the sequencing of RNA became in popular using new Solexa/Illumina technologies  and recorded 109 transcript to be recorded.
Why need of Transcriptomics:

During early 2000s, to study biology of plant traditional breeding methods is  mainly used  and it is focused on to single genes identification of within a biological context.  Numerous organisms have been extensively researched for transcriptomics, which provides significant insights into the structure, expression, and regulation of genes (Jain, 2012; Casamassimi et al., 2017; Lowe et al., 2017). The rapid development of the underlying sequencing technology has allowed the transcriptomics investigations to advance significantly (Abdel-Ghany et al., 2016; Wang et al., 2016).  Transcriptomics have become an important tool in the field of plant breeding for the assembly of crop reference genome. Conventional breeding in agriculture is solely based on phenotypic selection, and in traditional QTL analysis, linkage maps lead to the detection of genomic regions that are associated with phenotypic variations within a population (Kumpatla et al., 2012). The whole genome information is available in only few plant spp.  as well as it is very tedious and costlty. So, in the absence of reference genome, transcriptomics study is an alternative tool to identify overall transcriptional activity in plant spp. with complex genomes, including coffee, wheat, sugarcane, and several "orphan crops," including sweet potato, chickpea, and minor  millets to unravel genes and regulatory regions and provides a variety of molecular markers to identify diversity (Perez-de-Castro et al., 2012).
 
The main threats to sustainable agricultural production and global food security are global climate change such as drought, salinity, high temperature and several biotic stress. In plant, metabolic activity and expression of genes is   over the time  at different growth period and spatial condition. The intricate mapping of the same genome to multiple phenotypes in various tissue types, developmental stages, and environmental situations, however, continues to be a significant challenge in molecular biology. It is not only difficult but also at the core of this challenge to have a deeper understanding of the transcripts and expression of gene regulation. Transcriptomics strategies used to identify the plasticity of gene expression that are activated or inactive under  any specific external or developmental stimulus, and is required to reduce the negative effects of these threats to agricultural productivity, enhance crop yield and stress-tolerance in plants. Transcriptome research methods have changed from the conventional chip hybridization platform to RNA sequencing technology (RNA-Seq) in recent years because to the continual developments in sequencing technology (Mironova et al., 2015). 
Transcriptomics Techniques:

To determine and quantify the transcriptome, numerous technologies have been created, such as hybridization- or sequence-based methods.
1. Hybridization based Methods
· Fluorescently labelled cDNA with custom-made microarrays 
· Commercial high-density oligo microarrays
2. Sequence based Methods
· Sanger sequencing of cDNA or EST libraries 
· Serial analysis of gene expression (SAGE) 
· Cap analysis of gene expression (CAGE) 
· Massively parallel signature sequencing (MPSS)
· RNA-Sequencing
RNA-Sequencing:

RNA sequencing has made great advancements in recent years and is now a crucial method for transcriptome profiling. RNA-Seq is based on next generation   high-throughput sequencing of nucleic acids to determine the nucleotide sequence of RNA molecules as well as the quantities of specific RNA species within populations of RNA molecules (Margulies, 2005). The transition from bulk RNA sequencing to single-molecular, single-cell, and spatial transcriptome techniques has made it possible to resolve individual cells with ever-greater accuracy while also including spatial data. RNA-seq analysis requires specialized computational tools that can account for the shortcomings of sequencing technologies, including the generation of sequencing errors (Le et al., 2013), length biases, and fragmentation (Oshlack and Wakefield, 2009; Tuerk et al., 2017).
Principe of RNA sequencing:

In general, a population of RNA (total or fractionated, such as poly(A)+) is converted to a library of cDNA fragments with adaptors attached to one or both ends (FIG. 1). Each molecule, with or without amplification, is then sequenced in a high-throughput manner to obtain short sequences from one end (single-end sequencing) or both ends (pair-end sequencing). After sequencing, the obtained reads are either matched to a reference genome or transcripts, or they are constructed from scratch without the aid of the genomic sequence to create a genome-scale transcription map that includes the transcriptional organisation and/or level of expression for each gene. The transition from bulk RNA sequencing to single-molecular, single-cell, and spatial transcriptome techniques has made it possible to resolve individual cells with ever-greater accuracy while also including spatial data. 
Computational analysis of RNA-seq data has led to many scientific advances, including novel therapeutic discoveries, detailed understanding of genetic regulatory regions, and identification of biomarkers and pathogenic mutations (Han et al., 2015).

The 454 technology from Roche, the Solexa technology from Illumina,   SOLiD technology from ABI are examples of NGS, or high-throughput sequencing (Barbazuk et al., 2007; Cloonan et al., 2008; Emrich et al., 2007; Holt et al., 2008; Lister et al., 2008; Morin et al., 2008; Vera et al., 2008). Depending on the DNA-sequencing method being employed, the reads are typically between 30 and 400 bp. RNA sequencing overcomes microarray's limitations and provides better understanding for transcriptome study.  

Types of RNA Sequencing
A. On the basis of the formation of cDNA
1.   Direct RNA Sequencing:
`
      Bypassing the process of turning extracted RNAs into cDNA, this approach directly sequences RNAs. Compared to DNA, RNAs are more unstable, making them more challenging to work with. The process of turning RNAs into cDNAs, however, generates a number of biases, error sites, and disruptions that obstruct precise sequencing. In addition, making cDNA requires a multi-step, difficult process, and cDNAs aren't even appropriate for sequencing short RNAs. 
2.  Indirect RNA Sequencing:


All of the RNA types present in the sample are sequenced using a process called whole transcriptome sequencing (WTS). It gives all the necessary information on a cell's nucleotide and gene expression because it profiles the complete transcriptome.
B. On the basis of types of RNA sequenced
1. Whole Transcriptome RNA-Sequencing (Total RNA-Seq)


All of the RNA types present in the sample are sequenced using a process called whole transcriptome sequencing (WTS). It gives all the necessary information on a cell's nucleotide and gene expression because it profiles the complete transcriptome.
2. mRNA-Sequencing


Only mRNAs are sequenced using this technique. First, mRNAs are separated using poly-A chromatography or poly-A magnetic beads, and a poly-A library is created. The library is then either directly or indirectly sequenced to obtain an mRNA sequence.
3. tRNA-sequencing and rRNA-sequencing


This is rarely used technique of sequencing which is used for sequencing of tRNAs and rRNA.
4. Targeted RNA-Sequencing


It is a technique for sequencing a particular transcript of interest.
5. Small RNAs Sequencing


This  kind of sequencing involves the sequencing of a  non-coding RNAs such as miRNA, siRNA, and piRNA.
6. Single Cell RNA Sequencing


This technique involves sequencing RNAs that have been isolated from just one type of cell or cell line. Transcript libraries are created, all the transcripts from a single cell are collected, and then the entire library is sequenced.
Steps in RNA Sequencing:

The most popular RNA-Seq approach is the indirect method, which relies on the cDNA production process. In this article, we will outline a general step in the indirect RNA-Seq method. The overall RNA-Seq workflow can be summed up as follows:
1. RNA isolation:

Cell lysis and full transcriptome extraction are the first steps in RNA-Seq. Cell lysis and RNA extraction frequently involve the use of RNA lysis buffer and organic solvent-based RNA isolation techniques. Following extraction, the RNAs are cleaned, purified as DNA-free RNAs, and stored in buffer or RNase-free water.
2. RNA Selection

A cell contains enormous amounts of RNA, including the three most prevalent types: rRNA, tRNA, and mRNA. Certain types of RNAs that we need to sequence from the extracted transcriptome are chosen using a variety of techniques, including affinity chromatography, electrophoresis, filtration (size exclusion), enzymatic depletion, target enrichment/depletion, etc. In case of whole transcriptome RNA-Seq. there is no need to choose a specific RNA.

Since mRNAs are the direct transcripts of genes that contain coding sequences, they are frequently chosen and sequenced. The method that is most frequently used to separate mRNAs from the entire collection of RNAs is poly-A library creation.
3. Synthesis of cDNA

Reverse transcription is used to convert the isolated and chosen RNAs into first-strand cDNAs, which are more stable than sample RNAs.  The second-strand cDNAs are created by amplifying the first-strand cDNAs with Taq DNA polymerases and nucleotides. 
4. Selection

It is an optional procedure used to get rid of globin, other smaller RNAs, and rRNA molecules, which make up around 80% to 90% of the total amount of cellular RNA.. This phase will streamline the RNA sequencing procedure, increasing its effectiveness and resulting in a reduction in costs, time, and reagent usage. The required cDNA can be chosen via enzymatic depletion, probe-based depletion, rRNA depletion, target enrichment and other approaches. 
 5. Library preparation:

A collection of complete cDNA synthesised for sequencing is known as a cDNA library. A library Preparation includes following steps: 
i) Size Selection and Fragmentation:

The procedure of improving the sequencing of targeted RNAs and cDNAs is also optional. The cDNAs are broken apart, and only pieces of a particular size are chosen. Chemical, enzymatic, or physical processes, such as sonication, can fragment materials. 
ii) Ligation of Adaptors:

Adaptors are ligated at the end of fragmented and/or chosen cDNAs. Short synthetic oligonucleotides called adaptors bind to transcripts and act as sequencing primer sites. 
iii) Indexing and Amplification

During PCR amplification of the cDNAs, a particular sequence (also known as a barcode) is added to the transcripts following adaptor ligation  known as indexing.  The concentration of the created library is raised by  amplifying these adaptors and barcode-ligated cDNAs. 
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	Fig. 2: RNA- Sequencing library preparation workflow


6. Sequencing:

The high throughput next generation sequencing (NGS) technique is used in the high throughput NGS machine to sequence the final cDNAs in the cDNA library. The sequencing procedure is comparable to DNA sequencing. The acquired data are analyzed using bioinformatics methods after each cDNA fragment is read separately.
In siilico  analysis of RNA sequencing: 
From raw data to smart analysis with RNA-seq data science:

RNA-seq technique used for identification of a dysregulated gene or defective protein that affects downstream processes and leads to a disease state (Deshpande et al., 2023). Computational analysis of RNA-seq data is crucial to unravelling the biological complexity of the transcriptomes of living organisms, including humans (Costa et al., 2010). For these processes, hundreds of computational tools and resources have been created, and it has been demonstrated that each one produces outcomes that are unique and superior to those of its predecessors. Evethough, some studies compared the primary tools available for any given step, and combinations of steps in an exhaustively viz.,  read alignment and quantification, to more clearly demonstrate   choosing each pipeline  and show potential features of step interaction (Teng et al., 2016; Baruzzo et al., 2017). From the compilation of the raw data through the identification of biological insights, we here detail the essential steps of computational RNA-seq data analysis. 
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	Fig. 3: RNA-Sequencing data analysis workflow


1. Preprocessing of Raw Data:

RNAseq data is formatted in FASTQ (sequence and base quality), which is similar to whole genome or exome sequencing.  The analysis in FastQc was performed by a series of analysis modules. FastQC is a java-based tool that provides a simple way to perform quality control checks on raw sequence data coming from high throughput sequencing pipelines and give a quick impression of whether data has any problems of which should be aware before doing any further analysis.

The library preparation, sequencing, and imaging stages can introduce a lot of incorrect sequence variations, which need to be found and eliminated in the data analysis step (Robasky et al., 2014).  After the reads have been generated, it is crucial to perform read trimming and data quality control to filter and evaluate the quality of raw readings (Yang et al., 2013).  A low PHRED quality score indicates that read trimming removes adaptor sequences and fragements of reads with low precision (Martin, 2011; Dodt et al., 2012; Bolger et al., 2014).
The criteria for trimming were given as under
1) Removal of low-quality sequence (limit=0.05)
2) When an adapter is found trim 3’end, for reads without adapters: keep the reads.

The first phase of a typical RNA-seq workflow should involve doing quality control on the raw data. In this step, the quality of the raw data can be evaluated using tools like FastQC and HTQC  allowing evaluation of the overall and per-base quality for each read  in each sample. Prior to aligning the RNA-seq data, read trimming of some kind may be advised depending on the method used to build the RNA-seq library. 

Fast QC report spots the problems which originate either in the sequencer or in the starting library material.

The trimmomatic tool is a more flexible and efficient preprocessing tool, which could correctly handle paired-end data. The main processing steps performed by trimmomatic are identification of adapters and quality filtering.

Therefore, the fast Q file containing the filtered, high-quality reads were further pre-processed using trimmomatic for adapter removal, PCR primer sequences or fragments removal and quality filtering. The high-quality reads were assembled into contigs/transcripts by trinity assembler.
2. Read alignment: 

The read alignment stage of RNA-seq downstream analysis is crucial. The order and origin of the reads, including the specific region, homolog, or strand of the genome from which they originate, are often not disclosed in RNA-seq data. A genome or transcriptome can be used as a reference in two different ways for the read alignment step. The reads are normally mapped to either a genome or a transcriptome. The percentage of reads that are mapped is a crucial measurement of mapping quality since it serves as a general indicator of both DNA contamination and overall sequencing accuracy.
 
The coverage, or number of reads that overlap each place on the reference sequence, is also revealed by alignment of the reads to a reference sequence. The various bioinformatics tools such as GenomeScope, smudgeplot and merqury  an calculate coverage without mapping reads to a reference sequence because the majority of read overlap is conserved with or without the reference sequence (Vurture et al., 2017; Ranallo-Benavidez et al., 2020; Rhie et al., 2020). The expression levels and types of transcripts can be determined by aligning RNA-seq reads to a complementary reference sequence, however this method is not well suited for identifying transcripts that are absent from the reference sequence (Deshpande et al., 2023).
Strategies of read alignment:

A genome or transcriptome can be used as a reference in two different ways for the read alignment step (Garber et al., 2012). The transcriptome is made up of all the transcripts found in a certain specimen that have undergone splicing by incorporating the exons and excluding the introns. For accurate read mapping when a transcriptome is the reference, unspliced aligners that don't permit big gaps may be the best option. In this situation, you can make use of Bowtie (Langmead  2009), Stampy , Mapping and Assembly with Quality (MAQ) (Li et al., 2008) and Burrow-Wheeler Aligner (BWA) (Li et al., 2009). Because it does not identify splicing events involving novel exons, this alignment can only be used to identify known exons and junctions. 

Because it does not identify splicing events involving novel exons, this alignment can only be used to identify known exons and junctions. Spliced aligners that permit a broad range of gaps should be used if the genome is used as a reference, though, as reads matched at exon-exon junctions would split into two fragments. By using this method, the likelihood of discovering novel transcripts produced by alternative splicing may improve. There have been many spliced aligners created, such as TopHat, MapSplice, STAR and GSNAP (Trapnell et al., 2009; Wang et al., 2010; Wu et al., 2010; Dobin et al., 2013).
Challenges of read alignment:

Aligning RNA-seq reads to a reference genome is challenging due to spliced junctions, where one part maps to the end of one exon and the rest to another exon. Spliced junctions result from the removal of introns and splicing together of exons, generating multiple transcripts. Alternative splicing is advantageous for producing protein variants from the same genetic information. Existing exon structures can be used to map reads across known splice junctions, but this knowledge-guided approach may be biased towards mapping only known junctions. Splice alignment software packages aim to minimize multi-mapping by correctly aligning reads across the exon-intron junctions of the reference genome. This is a crucial first step in reference-guided assembly, where transcripts not annotated in the reference are assembled using the spliced read alignments. The consistency of read coverage on exons and the mapped strand are additional crucial factors.  It may be a sign of poor RNA quality in the starting material if readings in poly(A)-selected samples preferentially accumulate at the 3' end of transcripts. A mapped read's GC content may show PCR biases. Several tools such as Picard, RSeQC  and Qualimap are among the mapping quality control tools (García-Alcalde et al., 2012; Wang et al., 2012; http://picard.sourceforge.net/).
3.  Quality assurance:

The RNA-seq data samples with low quality or quantity may have a number of intrinsic biases and restrictions, such as nucleotide composition bias, GC bias, and polymerase chain reaction bias. Several metrics, including the percentage of exonic or rRNA reads, accuracy and biases in gene expression estimations, GC bias, evenness of coverage, 5'-to-3' coverage bias, and coverage of 5' and 3' ends, may be investigated to assess the biases from RNA-seq data (Adiconis et al., 2013). 

Once the actual transcript quantification values have been determined, it is important to examine them for biases in GC content and gene length so that corrective normalisation techniques can be used as needed. Researchers could examine the biotype composition of the sample, which is a sign of how successfully the RNA purification process was done, assuming the reference transcriptome is comprehensively annotated. For instance, standard polyA  longRNA preparations shouldn't contain rRNA or short RNAs. Several R tools, such NOISeq (Tarazona et al., 2015) and EDASeq offer helpful graphs for quality assurance of count data. RNA-SeQC (Deluca et al., 2012), RSeQC (Wang et al., 2012), and Qualimap 2 (Okonechnikov et al., 2015) for the purposes, which typically accept BAM files as input.

Apart from this, it is also essential to evaluate the overall quality of the RNA-seq dataset by looking for batch effects and repeatability between repetitions. Technical replicates should normally have good reproducibility (Spearman R2 > 0.9), but there is no set criteria for biological replicates because they depend on the variability of the experimental system. It should be anticipated that biological replicates of the same condition will cluster together in a principal component analysis (PCA) if gene expression variations occur between experimental conditions.
4) Reconstrution of Transcript: 

The identification of all transcripts expressed in a specimen is known as transcriptome reconstruction. The reference-guided technique and the reference-independent approach are the two methods utilised for transcriptome reconstruction.
1) Reference guided method:


If reference genome is available, RNA-seq analysis often entails mapping readings onto the transcriptome or reference genome to determine which transcripts are expressed (Conesa et al., 2016). The study is limited to quantification when only mapping to the reference transcriptome of a known species. This prevents the detection of novel, unannotated transcripts. 
2) Reference-independent approach:


The analysis path is to first assemble reads into longer contigs  and then to treat these contigs as the expressed transcriptome to which reads are mapped back again for quantification. In either scenario, transcript expression level can be calculated using read coverage (Fig. 1b). The decision of whether to do transcript identification and quantification sequentially or simultaneously is a fundamental one (Yang and Kim, 2015). Direct consensus transcript construction from short reads without reference is accomplished using a de novo assembly algorithm. This can be achieved via Trinity, Oases and transABySS (Robertson et al., 2010; Grabherr et al., 2011; Schulz et al., 2012).
Table 1: RNA Seq denovo assembly software
	Software
	Resource load
	Features

	Velvet Oases


	heavy
	 Shord read assembler

	SOAPdenovo-trans
	Moderate
	Early short read assembler, updated for transcript assembly.

	Trans-ABySS
	Moderate
	Short reads, large genomes, MPI-parallel version available.

	Trinity
	Moderate
	Short reads, large genomes, memory intensive

	Newbler
	Heavy
	Specialised for Roche 454 sequence, homo-polymer error handling.

	CLC genomics workbench (Qiagen—Venlo, Netherlands
	Light
	Graphical user interface, hybrid data


Source:  Lowe et al., 2017
RNA SEQ MAPPING:

A quantification of alignment with the number of reads that mapped to  transcript Read representation was determined by mapping the reads back to their corresponding assemblies for each of the six species individually. This mapping number depends on several factors, such as the actual expression level, the library size, percentage of reads aligning, transcript length, and GC content. 

A high percentage of reads mapping back to the transcriptome assembly is desirable for accurate differential gene expression analysis, because more reads mapped back to the assembly will result in increased statistical power for performing these analyses. Then a large portion of those reads should map back to the assembly. In addition to the proportion of reads that map back to an assembly, a measure of completeness, in terms of the number of genes detected, is necessary. When reads were mapped against the transcriptome, slightly lower total mapping percentages were observed because poor quality reads after assembly were lost, and significantly more reads because of reads falling onto exons that are shared by different transcript isoforms of the same gene.
5) ANALYSIS OF DIFFERENTIAL EXPRESSION OF GENES (DEGs)

 One of the goals of RNA-seq data analysis is differential expression analysis. Whether directly or by taking into consideration the amount of transcripts, which might differ greatly between samples, RPKM, FPKM, and TPM normalise away the most crucial aspect for comparing samples, which is sequencing depth. When samples have heterogeneous transcript distributions—that is, when strongly and differentially expressed features can skew the count distribution—these approaches, which rely on normalising methods based on total or effective counts, tend to underperform (Bullard et al., 2010; Hansen et al., 2010). For differential expression analysis, a number of software packages and pipelines have been developed including edgeR (Robinson et al., 2010a), DESeq (Anders et al., 2010), NOIseq (Tarazona et al., 2010), SAMseq (Li et al., 2013), Cuffdiff (Trapnell et al., 2010), and EBSeq (Leng et al., 2013).

 One such tool, DESeq2 was created to identify differentially expressed genes (DEGs) in control and stress samples. DESeq2 is a software program that is used to test the differential expression using a negative binomial distribution model. It requires a raw read count collected with HTSeq as an input. Also obtained were a heat map, MA plot, and volcano plot. Differentially expressed transcripts had an absolute fold-change of >2 at an FDR corrected p-value of 0.05. TMM, DESeq, PoissonSeq and UpperQuartile are normalisation techniques that take this into consideration and neglect highly variable and/or strongly expressed features (Andres et al., 2010; Robinson et al., 2010b; Li et al., 2012). Changes in transcript length between samples or conditions  and positional biases in coverage along the transcript (which are compensated for) are additional considerations that prevent intra-sample comparisons (Trapnell et al., 2012).
Table 2: Software for differential expression of genes
	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 annotationsiReckonModels novel isoforms and estimates their abundance

	
	iReckon
	Models novel isoforms and estimates their abundance

	
	BaySeq
	Count-based approach using empirical Bayesian method to estimate posterior likelihoods

	
	Cuffdiff212
	Isoform-based approach based on beta negative binomial distribution

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

	
	DEseq2
	Exon-based approach using the negative binomial model

	
	DEGseq2
	Isoform-based approach using the Poisson 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


6) Functional annotation: 

Annotations are made to facilitate the extraction of the biological significance of sequence data. This contributes to a better understanding of biological processes and the identification of genes in specific sequence data whose function in the associated gnomes is known. The workflow shown in Figure 3.3 was used for functional annotation of all transcripts retrieved after assembly. The assembled transcripts were subjected to the BLASTx algorithm (Altschul et al., 1990) against NCBI non-redundant.

The annotation procedure is divided into two parts: mapping and annotation. In mapping B2G plugging retrieves all Gene Ontology (GO) terms linked with results found during a BLAST search. When the mapping is finished, the results can be seen in the form of mapping statistics. Three evaluation charts summarize mapping results: db resources of mapping, which reveal which database was utilized to obtain annotation, and evidence code distribution for blast hits and sequences. Mapping leads to the creation of a pool and annotation pricing; those GO keywords are then chosen and allocated to the query sequence. The Blastx and Blast2GO parameter used are
e-value, = 10-e6
Similarity. = 35%
Annotation cutoff >=55
GO weight cutoff >= 5
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available at http://planttfdb.cbi.pku.edu.cn/ (Jin et al, 2017) was used for the

identification of transcription factors.
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	Fig. 4: Flow chart of functional annotation



For the de novo assembly, Trinity (v2.5.1) was used to the clean readings (Grabherr et al., 2011). The duplicate sequences were removed using the CD-HIT-EST programme, with the settings set to a similarity of 0.95 and a sequence length of 10 bases (Li and Godzik, 2006). By choosing the parameters E-value 1e-5 and E-value 1e-10 for BLAST (Altschul et al., 1997) and Hmmer (Finn et al., 2014), annotation information was eventually collected. The functions of new genes and DEGs by performing a blast search against the COG (Tatusov et al., 2000), GO (Ashburner et al., 2000), KEGG  pathway (Minoru et al., 2004), Swiss-Prot (Rolf et al., 2004) and Non-redundant protein (NR) databases (Deng et al., 2006).
7) GENE ONTOLOGY (GO) enrichment analysis:

The use of the Gene Ontology (GO) analytic approach is expanding for broad functional analyses employing genomic or transcriptome data. Genes are categorized by some shared biological characteristic in order to do this analysis. Then, it is determined which categories are overrepresented among the differentially expressed genes. There are many programmes with GO-related analytic features, new tools are still required to meet the demands for data produced by recently emerging technologies or for advanced analysis purposes (Zheng et al., 2008). It is usual practise to employ Gene Ontology (GO) categories in this technique, and there are numerous programmes available for GO analysis, including EasyGO (Zhou and Su, 2007), GOminer (Zeeberg et al., 2003), GOstat (Beissbarth et al., 2004), GOToolBox (Martin et al., 2003), topGO (Alexa et al., 2006), GSEA (Subramanian et al., 2006 ), and DAVID (Huang da et al., 2006).

Top DEGs were identified with GO terms and this GO analysis was performed to identify significantly enriched GO terms of differentially expressed genes. GO classification done by software such as WEGO 2.0 to identify differences in functional categories. WEGO (Web Gene Ontology Annotation Plot) is a tool for visulizing, comparing and plotting to GO annotation results (Ye et al., 2018). GO is further divided into three sub-ontologies: Biological Process (BP), Cellular Component (CC) and Molecular Functions (MF). The text file containing merged data of dormant and non-dormant genotype having significant gene ID and its respective up and down-regulated annotated GO terms were uploaded to WEGO 2.0 and by keeping native file format enrichment was performed which classified enriched GO to different categories. Analysis of their further distribution into various sub-categories revealed the majority of GO terms were enriched from all the stages.
8) KEGG pathways :

The functional annotation of individual genes is still mostly unfinished, despite the genome sequencing project quick ability to identify gene catalogues for an expanding number of organisms. In an effort to connect genomic data with higher order functional data, KEGG (Kyoto Encyclopaedia of Genes and Genomes) standardize gene annotations and computerize current understanding of cellular process (Kanehisa and Goto, 2000). KEGG is made up of mainly three databases.The key gene involved in the biological and metabolic pathway could be identified through KEGG (Kyoto Encyclopaedia of genes and genomes database.  LIGAND   collect information related to chemical compounds in cells, enzyme molecules, and enzymatic reactions. The  GENES collect catalogues of gene  for all the fully as well as partially sequenced genomes. These genes are involved in various function and expressed at different location, at different stress condition like temperature stress, drought stress and salinity stress etc. To understand functions and utilities of DEGs, KOBAS software to test the statistical enrichment of DEGs in KEGG (InterPro scan and the Kyoto Encyclopedia of Genes and Genomes) pathways (Xiong et al., 2017). 
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