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Abstract 

RNA sequencing (RNA-Seq) has revolutionized transcriptomics by enabling 

comprehensive and unbiased gene expression profiling across diverse 

biological contexts. This review summarizes the key stages of RNA-Seq, from 

RNA isolation and library preparation to sequencing technologies and 

computational analyses. We discuss the evolution of sequencing platforms, 

including second-generation short-read and third-generation long-read 

technologies, highlighting their applications and limitations. Critical steps 

such as quality control, read alignment, transcript assembly, normalization, 

and differential gene expression analysis are detailed, emphasizing the 

importance of tailored methodological choices and robust statistical 

approaches. Despite advances, challenges remain, including sequencing 

biases, errors, and variability introduced by diverse bioinformatic pipelines. 

Visualization techniques such as MA and volcano plots enhance the 

interpretation of expression changes. Overall, RNA-Seq remains a powerful 

tool for understanding gene regulation, alternative splicing, and disease 

mechanisms, with ongoing improvements needed for standardized, 

reproducible workflows to maximize biological insight. 
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Introduction to RNA-Seq: 
The beginning of molecular biology is marked by Watson and Crick by discovering DNA, a mystery 
of life, revealing how information is transferred from DNA to RNA to protein to regulate cellular 
functions (Ginsberg, 2005)The first step in correctly understanding an organism’s regulatory 
mechanism is to identify RNA molecules by RNA sequencing. This RNA sequencing offers 
advantages over microarrays by not requiring prior genome information about the organism. 
(Stark et al., 2019). Since its inception, RNA-Seq has enabled large-scale sequencing of the 
complete transcriptome, facilitating the study of gene expression in various biological contexts, 
including disease, cancer, and treatment responses (Marguerat & Bähler, 2010). Moreover, it 
facilitates the detection of novel genes, splicing transcripts, and variants, providing a more 
comprehensive and dynamic view of an organism (Z. Wang et al., 2009). High-throughput 
sequencing platforms like PacBio, Illumina, and Nanopore enable the extraction of millions of 
nucleotide sequences from a transcriptome, providing deep coverage of gene expression and 
alternative transcript quantification. Illumina sequencing uses an SBS method, also called 
sequencing by synthesis, where RNA is fragmented, adapters are ligated, and fluorescence is 
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detected to identify the nucleotide base (Thermes, 2014a). It offers high throughput but requires 
amplification and chemical modifications. RNA-Seq can be performed using either single-end or 
paired-end sequencing. While single-end sequencing is cost-effective and sufficient for basic 
transcript quantification, paired-end sequencing is generally preferred because it provides better 
alignment accuracy (Hrdlickova et al., 2017). Short-read sequencing (e.g., 50–150 bp) is ideal for 
profiling small RNAs (e.g., miRNAs, piRNAs) due to their compact size, while longer reads (≥150 
bp or paired-end) are better suited for coding mRNAs and long non-coding RNAs (lncRNAs), as 
they improve transcript assembly, isoform resolution, and splice junction detection (Ozsolak & 
Milos, 2011). 
 
The sharp drop in sequencing costs has made RNA-seq widely accessible, powering 
breakthroughs from single-cell studies to spatial genomics. As datasets grow (e.g., 200,000+ in 
GEO), thousands of new analysis tools have emerged, expanding possibilities but also 
complicating reproducibility (Costa et al., 2010). In addition, artificial intelligence is also used 
nowadays to process large-scale bulk RNA seq and single-cell RNA seq data, especially in 
pharmaceutical and cancer research. (Solaiman et al., 2025). Despite significant advancements, 
challenges remain, such as biases in library preparation, short lengths, sequencing errors, and the 
need for high-quality reference genomes, which many species lack. Although replicates can 
mitigate some of these variations, a key challenge remains the lack of a standardized RNA-seq 
processing pipeline. Different software tools and parameters can lead to variations in 
quantification, referred to as ‘in silico design noise (Wilhelm & Landry, 2009). RNA-seq analysis 
requires tailored methodological choices at each step—from transcript quantification to 
differential expression—with the optimal approach depending on experimental design, biological 
context, and data characteristics (Saliba et al., 2014). Quality control is vital throughout the 
process for reproducibility and reliable results. This review provides an overview of Sequencing 
technologies, the RNA seq procedure, data analysis, and bioinformatic studies, prioritizing read 
mapping, quality control, expression quantification, and differential gene expression analysis. It 
also discusses standard practices, software, and tools, and the importance of advanced statistical 
methods, databases, and visualization techniques for improving result accuracy.  
 
Sequencing technologies: 
The foundation of modern DNA sequencing was established in 1975 when Frederick Sanger 
developed the first practical method for reading nucleotide sequences (Sanger, 1975). His initial 
approach employed DNA polymerase with radiolabeled nucleotides to generate sequence 
ladders, later refined into the rapid 'plus and minus' technique. This breakthrough was soon 
complemented by Maxam and Gilbert's chemical degradation method (1977), which used base-
specific cleavage reactions and formed the basis for modern sequencing methods (França et al., 
2002).  By 2003, automated DNA sequencers enabled the sequencing of key genes and the human 
genome (Hood et al., 1987). A breakthrough occurred in 2005 when 454 Life Sciences, founded 
by biotechnology pioneer Jonathan Rothberg, introduced the world's first commercially available 
next-generation sequencing (NGS) platform (Patrick, 2007). This revolutionary technology 
transformed whole genomic research fundamentally by enabling parallel sequencing of hundreds 
of thousands of DNA fragments and lowering sequencing costs (Thermes, 2014b). Second-
generation NGS platforms, such as Roche, Illumina, and SOLiD, use various sequencing techniques 
like pyrosequencing and sequencing by ligation, producing billions of bases in a single run. Third-
generation NGS platforms, like Helicos' Heliscope (2007) and Pacific Biosciences' SMR, offer 
advantages like higher throughput, longer read lengths, faster turnaround times, and the ability 
to sequence minimal amounts of material, making genomic sequencing even more cost-effective 
and efficient (Weirather et al., 2017). 
 
RNA-Seq overview: 
The RNA-Seq workflow comprises three core stages: Experimental, Computational, and Systems 
Biology. 
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Experimental Biology: The procedure begins with extracting high-quality, intact RNA from the 
biological samples to ensure accurate downstream analysis. The RNA is then fragmented into 
smaller pieces to facilitate efficient sequencing. This is followed by reverse transcription, where 
RNA fragments are converted into complementary DNA (cDNA). Subsequently, the cDNA 
undergoes library preparation, involving adapter ligation and amplification steps, to generate 
sequencing-ready libraries (Ginsberg, 2005). Millions of short reads are then produced using 
next-generation sequencing (NGS) platforms such as Illumina and SOLiD, or long-read 
technologies like PacBio and Oxford Nanopore, enabling comprehensive transcriptome coverage 
(Luecken & Theis, 2019). 
 
Computational Biology: After sequencing, the raw data undergoes quality control to assess read 
quality, remove adapters, and filter out low-quality or contaminated sequences, which is called 
preprocessing. The clean reads are then aligned to the reference genome or assembled de novo 
for further analyses (Bacher & Kendziorski, 2016). Subsequent analysis also includes pathway 
enrichment analysis, co-expression network construction, and transcriptome structure 
characterization, which provide insights into gene expression and transcript behavior. 
 
Systems Biology: This stage derives biological insights through differential gene expression 
(DEG) analysis. By exploring gene expression patterns, researchers can understand cellular 
functions, regulatory mechanisms, and how genes respond to different conditions (Dieterich & 
Stadler, 2013). The analysis can be extended to identify alternative splicing events, investigate 
non-coding RNA regulation, and explore gene-environment interactions. 
 
RNA Extraction: 
The initial and most crucial step in an RNA-Seq experiment is the extraction of high-quality intact 
molecules of the desired RNA. The integrity and purity of the isolated RNA significantly impact 
downstream results (Han et al., 2015). RNA quality is commonly evaluated using instruments 
such as the Agilent BioAnalyzer, which provides an RNA Integrity Number (RIN) as a 
standardized measure of RNA degradation (Soverchia et al., 2005). Typically, a RIN value of 8 or 
higher is considered indicative of good-quality RNA suitable for reliable sequencing and accurate 
gene expression analysis (Tan & Yiap, 2009). However, obtaining a reliable RIN or accurately 
measuring RNA can be challenging in samples with limited tissue, such as brain samples. 
Techniques like laser capture micro-dissection (LCM) have been coupled with RNA-Seq for 
targeted gene expression analysis, including studies on specific neuron populations (Datta et al., 
2015). For small amounts of RNA, amplification methods are employed, with selective 
enrichment of mRNA (Ginsberg, 2005). 
 
RNA Sequencing: 
RNA-Seq is a powerful technique for comprehensively studying all RNA molecules within a cell. 
Still, the workflow involves multiple intricate steps, which can potentially introduce errors or 
biases (Tan & Yiap, 2009). Following RNA isolation, the next critical step is cDNA synthesis, where 
the RNA is first fragmented into smaller pieces to improve sequencing efficiency and coverage. 
These RNA fragments are then reverse-transcribed into complementary DNA (cDNA). 
Subsequently, the single-stranded cDNA is converted into double-stranded (ds) cDNA, which 
forms the basis for library preparation (Rapaport et al., 2013). Adapters are ligated to the ds cDNA 
fragments during library prep, enabling amplification and sequencing. Careful optimization at 
this stage is essential to preserve the representation of transcripts and maintain data quality 
throughout the sequencing process. This process minimizes secondary RNA structure 
interference, enabling the addition of sequencing adapters after cDNA formation. Small RNAs, like 
miRNAs and siRNAs, can be sequenced directly, while larger RNAs cannot be sequenced directly 
without being fragmented into around 200–500 bp for deep sequencing (Head et al., 2014). High-
quality RNA (RIN ≥ 8) is essential for reliable results, and using barcodes allows the sequencing 
of multiple samples together, reducing costs. Amplification during library construction can 
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generate identical short reads, representing genuinely abundant RNA transcripts or PCR 
duplicates introduced as artifacts. Distinguishing between these requires careful experimental 
design, including using biological replicates and computational methods to identify and remove 
duplicate reads, ensuring more accurate quantification of transcript abundance (Kozarewa et al., 
2009). Most of the Library construction in RNA-Seq focuses on capturing applicable transcripts 
while reducing unwanted ones. Poly(A)-selection is commonly used to detect mRNAs, removing 
highly abundant transcripts (rRNA) in eukaryotes. Hybridization-based rRNA depletion methods 
(e.g., RiboMinus, Ribo-Zero) can instead focus on mRNA and other non-coding RNAs (Van Dijk et 
al., 2014). For most RNA-Seq experiments focusing on gene expression profiling, a sequencing 
depth of 20 to 40 million reads per sample is generally sufficient to achieve reliable and 
comprehensive transcriptome coverage. However, deeper sequencing is necessary for exon-level 
measurements, differential expression, and detecting non-coding RNAs. Sequencing depth is 
critical for detecting allelic expression differences and SNPs. The Illumina HiSeq platform is 
widely used, generating up to 3 billion reads per run. Short, single-end reads (50 bp) are suitable 
for simple genomes, while longer, paired-end reads (100–150 bp) are better for complex 
genomes and alternative splicing studies (Van Dijk et al., 2014). 
 
RNA Reads Preprocessing: 
Accurately identifying and quantifying RNA molecules from sequenced reads is a complex and 
critical process, making thorough quality assessment the essential first step in any RNA-Seq 
bioinformatics pipeline. Sequencing data are most commonly delivered in FASTQ format, where 
each read consists of four lines: a unique sequence identifier, the raw nucleotide sequence, a "+" 
separator, and a line of quality scores encoded as Phred values. These Phred scores represent the 
probability of incorrect base calls, with scores above 20 generally considered high-quality and 
suitable for reliable downstream analysis (Ji & Sadreyev, 2018). An example has been shown in 
(Fig. 1) on how read quality looks before and after preprocessing. Long- and short-read 
sequencing platforms differ in yield, accuracy, read length, and error rates. High-quality reads are 
crucial for accurate transcript assembly and quantification. Initial quality assessment tools like 
FASTX-toolkit (Gordon, 2010), FASTQC (Andrews, 2016), and NGS QC (Patel & Jain, 2012) help 
detect adapter contamination, low-quality reads, and overall score. However, they do not perform 
cleaning themselves. Trimming and filtering are essential to improve read quality. Some of the 
popular tools, like AdapterRemover (Schubert et al., 2016), Trimmomatic (Bolger et al., 2014), 
Flexbar (Dodt et al., 2012), Cutadapt (Martin, n.d.), BBMerge (Bushnell et al., 2017), and Fastp (S. 
Chen et al., 2018) are used for keeping high-quality reads. Although Trimmomatic and Cutadapt 
tools are the most widely used, they can only perform the trimming step.  Regarding speed and 
multi-threading support, Fastp is one of the recent ultra-fast preprocessors for doing all 
operations (quality control, trimming, filtering) together. 
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Figure 1: Figure 1 displays the raw read quality assessment from FastQC reports. Panel A shows 
the read quality before trimming, while Panel B illustrates the improved quality after trimming. 
FastQC evaluates multiple quality metrics, with Phred scores above 20 generally indicative of 
good-quality bases across the reads. 
 
Alignment: 
After preprocessing, the next crucial component in RNA-Seq analysis is mapping the transcripts 
to a reference genome or assembling them into contigs when no reference is available. Accurate 
mapping allows reading assignments to their genomic locations, while de novo assembly 
reconstructs transcript sequences from overlapping reads (Schurch et al., 2016). Both mapping 
and counting RNA-Seq reads are essential for quantifying gene expression, as they determine the 
number of reads aligned to each gene or transcript, providing the foundational data for 
downstream differential expression and functional analyses (Mortazavi et al., 2008). If a 
reference genome is available, reference-based mapping is used; otherwise, de novo assembly is 
used to assemble the contigs (Robertson et al., 2010). Alignment data are initially stored in SAM 
(Sequence Alignment/Map) files, which are plain text and can be large. For improved efficiency 
and faster processing, these files are converted into compressed BAM (Binary Alignment/Map) 
format using tools like Samtools (H. Li et al., 2009a). BAM files are more compact and enable 
quicker access, sorting, and indexing, which are essential for downstream analyses (H. Li et al., 
2009b). Reference-guided assembly can be performed with alignment tools described in Table 1.  
 

Table 1: Frequently Utilized RNA Alignment Software. 
Aligner Description Reference 

TopHat2 A splice-aware aligner built on Bowtie2 was designed for RNA-seq to identify 

exon-exon splice junctions. 

(Kim et al., 2013) 

STAR Ultrafast RNA-seq aligner that handles spliced reads efficiently; excellent for 

large genomes and high-throughput data. 

(Dobin et al., 2013) 

Bowtie2 The improved version of Bowtie2 allows gap alignments and supports longer 

reads, but it is still not splice-aware. 

(Langmead & 

Salzberg, 2012) 

HISAT2 Fast and sensitive spliced alignment program. It has low memory usage and 

supports large genomes and hierarchical indexing. 

(Kim et al., 2015) 

BWA Popular aligner for DNA-seq; fast and accurate for short to medium-length 

reads. 

(H. Li & Durbin, 

2009) 

RUM It combines Bowtie and BLAT to align spliced/unspliced reads; it is more 

comprehensive but slower. 

(Grant et al., 2011) 

 
Choosing suitable alignment tools depends on the desired study and different parameters. For 
example, Bowtie2 is much faster than BWA and RUM, which are usually used for mapping shorter 
reads between 32 and 100 base pairs. STAR is better for accurately mapping longer reads 

A) B) 
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generated from third-generation sequencing. However, improvements in TopHat2 have made it 
better than STAR by giving more accurate alignments while using less computing power. 
Moreover, it can also detect multiple splice junctions and genetic mutations in genes. Even though 
TopHat2 gives excellent results, tests with real data showed that HISAT2 is the fastest tool for 
alignment. HISAT2 uses a special indexing method that makes mapping fast and requires only a 
moderate amount of memory, which makes it more practical than the others. 
 
While aligning RNA-Seq reads to a reference genome facilitates accurate quantification of known 
transcript expression, this approach is limited in identifying missing, novel, or species-specific 
transcripts absent from the reference. To overcome this limitation, de novo assembly of RNA-Seq 
reads reconstructs transcript sequences directly from the data without relying on a reference 
genome. Tools like Trinity (Haas et al., 2013) enable this assembly process by piecing overlapping 
reads into full-length transcripts, uncovering novel isoforms, rare transcripts, and potentially 
new genes. This approach is especially valuable for non-model organisms or when the reference 
genome is incomplete or unavailable. Other tools such as SOAPdenovoTrans (Xie et al., 2014), 
Oases (Schulz et al., 2012), Velvet (Zerbino & Birney, 2008), ABySS (Simpson et al., 2009),  and 
SOAPdenovo2 (Luo et al., 2012) are also helpful for read mapping. However, one should be careful 
during De Novo assembly due to some of the challenges, such as isoform redundancy (multiple 
assembled transcripts correspond to the same gene or isoform), fragmentation (often producing 
fragmented contigs), and repetitive regions (repetitive sequences cause misassemblies).  
 
After mapping, reads are summarized into expression counts, normalized (e.g., RPKM, TMM), and 
tested for differential expression. Read mapping can be affected by sequencing errors, repetitive 
sequences, and gene similarities, leading to ambiguities and multi-mapped reads. Solutions 
include handling multi-mapped reads proportionally or using statistical models to address 
mapping uncertainty. Quality control tools like RSeQC (L. Wang et al., 2012), and Qualimap2 
(Okonechnikov et al., 2016) Assess mapping quality and potential biases. 
 
Pseudoalignment: 
Some RNA-seq alignment methods prioritize computational performance by using pseudo-
alignment strategies. Methods like Salmon (Patro et al., 2015) Moreover, Kallisto (Bray et al., 
2014) utilizes innovative quasi-mapping or pseudo-alignment approaches to rapidly quantify 
transcript abundance without needing complete read alignment to a reference genome. These 
tools significantly reduce computational time and resource usage while maintaining high 
accuracy. By focusing on matching k-mers from reads to transcript sequences, they efficiently 
estimate transcript-level expression, making them well-suited for large-scale RNA-Seq datasets. 
Additionally, both tools incorporate advanced bias correction techniques to account for 
sequence-specific, positional, and GC-content biases, further improving quantification reliability 
(Dillies et al., 2013). They estimate expression levels through simplified mapping, initial 
estimation, and refinement phases. Pseudoalignment produces normalized quantification values 
rather than raw read counts, which is important for choosing the appropriate method for 
differential expression analysis. 
 
Isoform & Splice Junctions Detection: 
Isoform expression quantification can be broadly categorized into three approaches: (1) genome-
based alignment using intron-aware aligners that accurately map reads spanning exon-intron 
boundaries, (2) transcriptome-based alignment in which sequence reads are aligned directly to a 
reference transcriptome, and (3) pseudo-alignment or quasi-mapping techniques designed for 
high-performance quantification by rapidly associating reads with transcripts without complete 
alignment. Depending on the dataset and research goals, each approach offers trade-offs between 
accuracy, computational efficiency, and applicability. A benchmarking analysis of six popular 
methods—kallisto (Bray et al., 2014), Salmon (Patro et al., 2015), RSEM (B. Li & Dewey, 2011), 
Cufflinks (Trapnell et al., 2012), HTSeq (Anders et al., 2015), and featureCounts (Liao et al., 
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2014)—was conducted using mouse liver and hippocampus tissue datasets, revealing differences 
in splicing complexity.  Splice junctions, where exons are joined after intron removal, pose a 
challenge for alignment. Alternative splicing generates multiple isoforms from a single gene, 
significantly increasing transcriptomic complexity and functional diversity. Reference-guided 
methods can identify and quantify known splice junctions by aligning reads to annotated splice 
sites. However, they may fail to detect novel or rare splicing events not present in existing 
annotations. Specialized splice alignment tools minimize multi-mapping and enable reference-
guided assembly of novel transcripts (Kelemen et al., 2013). Some reads may contain mismatches 
due to sequencing errors or mutations, and tools exist to distinguish between these and true 
biological variations, aiding in gene identification and fusion detection. Accurate detection of 
splice junctions is critical for identifying isoforms and quantifying gene expression. SpliceMap 
(Au et al., 2010) detects novel splice junctions without annotation, while MapSplice (K. Wang et 
al., 2010) and SOAPsplice (Huang et al., 2011) Offer high sensitivity and specificity for splice 
junction detection. 
 
Transcript Quantification: 
Counting mapped reads quantifies how many sequencing reads or transcripts align to specific 
genomic features, providing a fundamental dataset for downstream differential gene expression 
analysis. To accurately assign reads to genes or transcripts, an annotation file—typically in GFF 
or GTF format—is required to define gene locations and boundaries. Several widely used tools 
facilitate this counting process, including RSubread (Liao et al., 2019), QuasR (Gaidatzis et al., 
2015), HTSeq-count (Anders et al., 2015), BEDTools (Quinlan & Hall, 2010), RSEM (B. Li & Dewey, 
2011), and featureCounts (Liao et al., 2014). These tools vary in methodology and features but 
collectively enable accurate quantification of read counts mapped to genomic regions. Also, these 
can handle different alignment types, such as fully aligned, partially aligned, or junction-specific 
reads. Regarding speed and accuracy, the most popular tools are HTSeq and featureCounts; both 
accept SAM and BAM files as input and require annotation files. In contrast, RSEM does not 
require any reference genome for transcript quantification. However, regarding large data sets, 
HTSeq and RSEM fall behind and get slower than featureCounts, which is fully optimized for 
efficiency and speed. Although quantification is the final step for getting gene counts, these counts 
require normalization to account for factors like transcript length and sequencing biases. 
Standard normalization methods include RPKM, FPKM, and TPM (Bullard et al., 2010).  
 
Normalization: 
Data normalization is a critical stage in RNA-Seq analysis that ensures consistent and reliable 
inference of gene expression levels across samples. It adjusts for technical biases and systematic 
variations such as differences in sequencing depth, transcript length, and GC content, which can 
otherwise confound accurate biological signals (Ginsberg, 2005). Effective normalization allows 
for meaningful comparison of expression values between samples or conditions. Two key RNA 
seq normalization methods are: 

• TMM (Trimmed Mean of M-values), used in edgeR, is a normalization method that 
assumes most genes are not differentially expressed across samples. It adjusts library size 
and RNA composition differences by calculating scaling factors based on the trimmed 
mean of log-fold changes (M-values) between samples. This approach effectively corrects 
for sequencing depth biases and compositional differences, enabling a more accurate 
comparison of gene expression levels across diverse samples. TMM is especially useful in 
datasets where highly expressed genes or sample-specific biases could skew 
normalization. (Dillies et al., 2013). 

• DESeq2 employs geometric mean normalization, which calculates the geometric 
mean of counts for each gene across all samples to serve as a reference. It then computes 
size factors for each sample by comparing gene counts to these geometric means. This 
method effectively corrects differences in sequencing depth and accounts for 
distributional variations, allowing for robust normalization even when samples vary 
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widely in library composition or RNA abundance. Geometric mean normalization helps 
ensure that observed expression differences reflect actual biological variation rather than 
technical artifacts (Zhao et al., 2021). 

 
Although these normalization methods are helpful for bulk RNA seq, they cannot adequately 
address biases in single-cell RNA (scRNA) seq data. One of the most prominent features of scRNA 
is zero inflation or a high amount of zero read counts, so these methods often face challenges in 
detecting the actual biases. That is why some of the popular approaches used to reduce noise or 
bias in scRNA are SAMstrt (Katayama et al., 2013), GRM (Ding et al., 2015), (BASiCS) (Vallejos et 
al., 2017), (SCnorm) (Bacher et al., 2017), and Linnorm (Yip et al., 2017). However, BASiCS and 
SCnorm performed noticeably best among other tools in a comparison study of mouse embryonic 
datasets due to their ability to separate data variation into gene-specific constants and biological 
variation (Lytal et al., 2020). 
 
Gene Expression Analysis: 
Gene expression levels between different sample groups or experimental conditions are 
quantified and known as Differential gene expression (DGE) analysis, which helps to identify 
genes involved in biological processes, diseases, or treatments (Anders & Huber, 2010). For 
accurate DEG analysis, count data must be modeled using statistical approaches suited for 
discrete data, like the Poisson distribution (Rapaport et al., 2013). However, the Poisson model 
often fails to adequately capture biological variability, especially when multiple biological 
replicates are involved, resulting in an increased rate of false positives. The negative binomial 
distribution is commonly employed to model better the overdispersion observed in RNA-Seq 
data, as it accounts for variability beyond what the Poisson model can explain. Additionally, 
several advanced extensions, including generalized Poisson models and two-stage Poisson 
frameworks, have been developed to further improve the accuracy of differential expression 
analyses by modeling the complex variance structures inherent in biological data (Srivastava & 
Chen, 2010). 
 
Gene expression differences are commonly estimated using tools like DESeq2 and edgeR, which 
rely on read counts mapped to genes. These counts are compiled into count matrices, where each 
row corresponds to a gene (or transcript) and each column represents the read counts from a 
specific sample. FeatureCounts (Liao et al., 2014) efficiently generates count matrices by 
assigning sequencing reads to genomic features. For normalization, DESeq2 (Love et al., 2014) 
employs the median-of-ratios method to correct for library size and composition biases, while 
edgeR (Robinson et al., 2009) utilizes the trimmed mean of M-values (TMM) normalization 
approach. Additional differential expression analysis tools include BaySeq (Hardcastle & Kelly, 
2010) and EBSeq (Leng et al., 2013), which apply empirical Bayesian frameworks to improve 
detection accuracy by modeling biological variability and uncertainty in gene expression data. 
NOISeq is suited for datasets without replicates (Tarazona et al., 2015). The best tool choice 
depends on the dataset's characteristics. Transformation algorithms like PoissonSeq and the 
voom function in limma convert count data into statistical distributions for significance testing 
(Ritchie et al., 2015). However, biological replication is crucial for reliable analysis (Schurch et al., 
2016). Method comparisons suggest that no single approach works universally, so it is 
recommended to document methods and consider multiple tools. 
 
Visualization: 
Identifying differentially expressed genes (DEGs) involves careful selection of significance 
thresholds to balance false positives and false negatives effectively. Statistical significance is 
commonly evaluated using raw p-values and adjusted p-values (padj) to account for multiple 
tests. The false discovery rate (FDR), often controlled by methods like the Benjamini-Hochberg 
procedure (Benjamini & Hochberg, 1995) Provides a practical balance between maximizing true 
discoveries and minimizing false positives. In contrast, more stringent corrections, such as the 
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Bonferroni method, reduce the likelihood of false positives but can be overly conservative, 
potentially increasing false negatives by missing biologically relevant genes. Selecting 
appropriate cutoffs for fold change and adjusted p-values depends on the study design and 
biological context, ensuring more reliable identification of meaningful DEGs. The log2 fold change 
(l2FC) threshold helps distinguish biologically meaningful differences from random variations, 
with commonly used cutoffs like |l2FC| > 1 and padj < 0.05 varying based on experimental context 
(J. Li et al., 2012). Since no universal cutoff exists, selection should be guided by data distribution 
and reproducibility.  
 
MA and volcano plots are commonly used to visualize differential gene expression (DGE) analysis 
results. The MA plot displays the log2 fold change (y-axis) against the average expression level or 
mean normalized counts (x-axis), highlighting the magnitude of expression changes relative to 
gene abundance (Fig. 2A). However, MA plots do not directly convey statistical significance, which 
limits their ability to distinguish biologically meaningful changes from noise. Consequently, MA 
plots are less frequently used alone for interpretation. In contrast, volcano plots combine the 
magnitude of change (log2 fold change) and statistical significance (usually –log10 p-value) in a 
single plot, enabling easier identification of significantly differentially expressed genes. Together, 
these visualization tools provide complementary perspectives on DGE results (L. Wang et al., 
2009). Volcano plots, in contrast, plot statistical significance (-log10 p-value) against l2FC, 
allowing researchers to visualize both the magnitude and reliability of gene expression changes 
(Fig. 2B) (W. Li, 2011). Additionally, heat maps and Venn diagrams provide complementary 
visualizations. Heatmaps use color gradients to display expression patterns across samples (Gu 
et al., 2016). Venn diagrams, on the other hand, illustrate the overlap and uniqueness of DEGs 
across conditions, aiding in comparative analyses (H. Chen & Boutros, 2011). These graphical 
tools enhance the interpretability of RNA-seq results, facilitating the identification of biologically 
significant gene expression patterns. 

  
          

Figure 2: Figure 2 illustrates typical RNA-seq differential expression visualization methods. 
Panel A shows an MA plot, where each point represents a single gene, plotting mean expression 
counts against the log₂ fold change to highlight expression differences relative to average 
abundance. Panel B presents a volcano plot, displaying log₂ fold change versus the –log₁₀ p-value, 
effectively combining the magnitude of change with statistical significance to identify genes of 
interest. These plots are fundamental for interpreting RNA-seq differential expression results by 
visually distinguishing biologically meaningful gene expression changes. 
 
Conclusions: 
RNA-Seq technology has significantly advanced our ability to study the transcriptome by 
providing a comprehensive and unbiased approach to measuring gene expression, detecting 
novel transcripts, and understanding transcript isoforms. The evolution of sequencing 

A) B) 
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platforms—from second-generation short-read technologies like Illumina to third-generation 
long-read platforms such as PacBio and Oxford Nanopore—has enhanced the depth, accuracy, 
and resolution of transcriptomic analyses. Despite these technological improvements, several 
challenges persist. These include biases introduced during RNA extraction and library 
preparation, sequencing errors, limitations due to incomplete or absent reference genomes, and 
variability from the diverse computational pipelines used for read alignment, quantification, and 
differential expression analysis. To overcome these issues, rigorous quality control, 
normalization methods, and replicates are essential. Moreover, no single computational tool suits 
all experimental designs, highlighting the need for careful method selection and transparent 
reporting of analytical steps to improve reproducibility. As RNA-Seq datasets grow in size and 
complexity, the ongoing development of standardized, robust, reproducible workflows will be 
crucial for maximizing biological insights. RNA-Seq remains a powerful and versatile technique 
transforming molecular biology, enabling a deeper understanding of gene regulation, disease 
mechanisms, and cellular function. 
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