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the ability to sequence, quantify novel RNA species, and 
assess alternative splicing, which may have relevance 
for normal and disease states [2]. Furthermore, unlike 
microarrays, RNA-Seq is not limited by unequal label-
ing efficiency of fluorescent dyes, the risk of non-specific 
binding due to cross-hybridization of sequences with 
high identity, or dynamic range limitation of the scanner, 
which makes detection of both low and high expressing 
genes simultaneously impossible. However, for the unini-
tiated RNA-Seq studies ask as many questions as it may 
answer. Therefore, this commentary raises considerations 
and approaches for performing RNA-Seq studies based 
on our experiences with blood [3–6].

Basic considerations of experimental design
Study design
First, ascertain what biological question you wish to 
answer with your study. A clear experimental question, 
study design, and hypothesis will help in designing the 
subsequent statistical analysis of the data you will gen-
erate. One should be realistic about the implications 
and interpretation of a study, for example a study of 

Introduction
Since RNA-Sequencing (RNA-Seq) became an accepted 
method to assess RNA expression in cells [1], many stud-
ies have utilized this approach to assess RNA expres-
sion and transcript usage, as well as miRNA expression 
and the characterization of non-coding RNAs. It is criti-
cal to acknowledge that RNA-seq does not count abso-
lute numbers of RNA copies in a sample, rather it yields 
relative expression within a sample of RNA (see below). 
Although gene expression measurements are highly con-
sistent between RNA-Seq and microarray approaches, 
the appeal of RNA-Seq over microarray approaches is 
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Abstract
There are a bewildering number of variables to consider when planning an RNA sequencing study (RNA-Seq). 
Here we discuss some of the considerations for an investigator initiating such studies, with a focus on library 
preparation, depletion techniques, considerations for data analysis, and finally, we consider the cost of such a study. 
The goal of this summary is to make the researcher aware of such considerations to be able to plan an analysis 
strategy prior to initiating an RNA-Seq study.
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RNA expression in blood is just that. While some gene 
expression changes in blood may reflect patterns of gene 
expression changes in other tissues [7], one should guard 
against over interpretation. Similarly, one must accept 
the limitation of the assessed tissue/biosample in a study 
looking for surrogate biomarkers [4].

Biotype of RNA
The second consideration is which RNA do you want to 
measure? Messenger RNAs (mRNA) encode proteins. 
In contrast, non-coding RNAs, such as long non-cod-
ing RNAs (lncs) whilst not encoding for proteins, have 
biological properties in themselves either as structures 
interacting with other proteins or RNAs [8]. One class of 
non-coding RNAs are micro RNAs (miRNAs), which are 
best known as regulators of RNA stability, via the regula-
tion of RISC complex mediated RNA degradation [9–12]. 
Some novel RNAs may appear in sequencing samples 
[13, 14], in intergenic and intronic gene regions, but have 
yet to be annotated in the reference genome. Some of 
these novel RNAs, may be associated with clinically rel-
evant SNPs annotated in the clinVar database (​h​t​t​p​​s​:​/​​/​
w​w​w​​.​n​​c​b​i​​.​n​l​​m​.​n​i​​h​.​​g​o​v​/​c​l​i​n​v​a​r​/) (for an example see ref 
[4]). Finally, other RNA families such circular RNAs [15], 
nuclear RNAs, and other small RNAs each have their 
own unique biology, and may need specific design for the 
sequencing experiment.

It should be noted that not all RNAs are assessed by 
all techniques. For example, using probe-based detec-
tion methods such as Nanostring, Amplicon sequencing, 
or Microarray will only detect the RNA of interest if that 
assay has probes specific to the gene of interest. Small 
RNAs, including miRNAs, are usually removed from 
standard mRNA-Seq workflows when size selecting, and 
thus require specialized assays and library preparation 
for detection. Larger non-coding RNAs may not be poly-
adenylated, and as such require whole transcriptome 
library building workflows (see below). However, most 
standard sequencing platforms (Illumina, O.N.T., etc.#1) 
have standardized library building workflows for the 
sequencing of mRNA, as well as small RNAs, and non-
polyadenylated RNAs. 

Library building considerations
The first step of preparing RNA for sequencing is to 
build a library from the sample of extracted RNA. This 
typically involves reverse transcription of the RNA into 
complementary DNA (cDNA), the addition of sequenc-
ing adapters, followed by PCR-based amplification of the 
library, depending on the requirements of the sequencing 
platform.

1 not an endorsement of any platform

RNA quality
RNA quality is not something that can be easily fixed 
once compromised, which is why attention to detail at 
every step of the workflow is crucial. From collection to 
extraction and quality check (QC), every stage must be 
carefully considered to ensure that the RNA used for 
sequencing is of the highest quality possible. The integrity 
of RNA directly affects the accuracy and depth of tran-
scriptomic analysis, as degraded RNA can lead to biases, 
particularly in the detection of longer transcripts or low-
abundance genes. A commonly used measure for evalu-
ating the quality of RNA is the RNA Integrity Number 
(RIN), a quantitative relationship between the amount 
of ribosomal RNA species; values greater than 7 gener-
ally indicate enough integrity for high-quality sequencing 
[16, 17], but this general rule of thumb may vary depend-
ing on the source of the biological sample that could pre-
vent the obtaining of high quality RNA. However, blood 
samples often present challenges in maintaining high 
RNA integrity, requiring extra attention during sample 
collection and handling. Blood should ideally be col-
lected using RNA-stabilizing reagents, such as PAXgene®, 
or processed immediately to isolate cells or plasma, fol-
lowed by storage at −80°C to preserve RNA from degra-
dation. Upon extraction, it is crucial to perform rigorous 
QC checks. In addition to measuring RIN, the 260/280 
and 260/230 ratios should be assessed to ensure minimal 
contamination of protein or DNA during the extraction 
phase. Electropherograms generated by systems Like Bio-
analyzer or TapeStation can visually confirm RNA integ-
rity, with a healthy sample showing distinct 28S and 18S 
rRNA peaks in a 2:1 ratio. In cases where RNA integrity is 
compromised, RNA-Seq approaches that capture mRNA 
by targeting the poly(A) region using Oligo dT beads, 
and thus require mRNAs to be intact, are not suitable 
[16, 17]. On comparison, alternative methods that utilize 
random priming and include steps like ribosomal RNA 
(rRNA) depletion can enhance performance significantly 
with degraded samples because they do not depend on an 
intact polyA tail. Some library building protocols appear 
better when working with degraded RNA samples [18], 
and rRNA depletion can be beneficial as well [19, 20]. 
Ultimately, RNA quality must be prioritized throughout 
the entire workflow to ensure that sequencing results are 
accurate and truly reflective of the biological transcrip-
tome. High-quality RNA is vital for uncovering meaning-
ful insights in blood transcriptomics.

To strand or not to strand!!
One of the first major differences between RNA-Seq plat-
forms when the technology was evolving was whether 
to create a strand aware Library. The two considerations 
for this are 1) whether you are interested in determin-
ing if an RNA was transcribed from the + or – strand of 
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DNA. This is critical when trying to identify novel RNAs 
or RNAs that overlap on opposite strands of the genome, 
or for the determination of expression isoforms gener-
ated by alternative splicing. 2) Cost, protocol complexity, 
and the amount of RNA needed as an input (25ng-1µg). 
Because the unstranded protocols are simpler they are 
usually cheaper and allow for a lower RNA input (Fig. 1). 
Some manufacturers were early adopters of a stranded 
library building approach (which influenced early plat-
form decisions). Early stranded libraries used a direct 
ligation of adapters to fragmented RNA to achieve a 
directional library. The subsequent libraries were ampli-
fied using primers complementary to unique sequences 
in the 5’ and 3‘ adapters. More recent approaches use a 
strand switch protocol using UTP in the second strand 
generation, followed by degradation of the second strand 
once adapters are ligated using Uracil-DNA-glycosylase 
(Fig. 1).

-Stranded libraries are preferred for the better pres-
ervation of transcript information for transcript ori-
entation and long non-coding RNAs.

Ribosomal depletion
Approximately 80% of cellular RNA is ribosomal RNA 
[21]. Human rRNA is encoded by regions of chromosome 
13, 14, 15, 21, and 22. In addition, there are two “mis-
placed contigs” GL000220.1 and KI 270733.1 that contain 
rRNA sequences. Since most researchers have questions 
about non-rRNAs, if these rRNAs are sequenced 80% of 
the data will be associated with rRNA. The consequence 
of this is an increase in cost to obtain sufficient reads 
to map to non-rRNA regions of interest. Therefore, to 
reduce the cost of generating sufficient non-ribosomal 
data, efforts have been made to deplete samples of rRNA 
prior to library building. Earlier approaches used rRNA-
targeted DNA probes conjugated to precipitating beads 

Fig. 1  RNA-Seq library building methods, using unstranded or stranded approaches. The basic principle of building an RNA seq library is to reverse 
transcribe fragmented RNA into cDNA, create a second strand, and then amplify using PCR. i) For an unstranded library the PCR reaction is performed 
following ligation of non-directional adapters containing primer sequences specific for a given platform. ii) Applied Biosystems released a stranded RNA-
Seq Library building assay, whereby following fragmentation adapters are Ligated directly to the RNA, and the 3’ adapter was used for priming the RT 
step. The adapters also include sequences complementary to primers for barcoding and amplification. iii) A second approach utilizes a hexamer RT step 
of fragmented RNA, followed by a polymerase-mediated second strand synthesis using UTP. The adapters are ligated to the cDNA hybrid, and then the 
second strand is degraded by a UTP glycosylase, leaving the first strand available for targeted PCR
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(magnetic). More recent approaches first hybridize rRNA 
to complementary DNA probes creating an rRNA-DNA 
complex then use RNAseH mediated degradation of 
the RNA-DNA complexes. Once rRNA is depleted, the 
remaining RNA is sequenced allowing a more cost-effec-
tive RNA-Sequencing experiment (Fig. 2).

However, whilst a cost-effective strategy to increase 
non-rRNA content of a library, there are limitations and 
considerations for the use of this approach. The first con-
sideration is that depletion is an additional step, and some 
protocols appear more reliable and reproducible than 
others. For example, our early assessment of precipitating 
bead vs. RNAseH based approaches determined that pre-
cipitating bead methods gave more effective enrichment 

of non-ribosomal RNAs but with greater variability (Fig. 
2 A and B). In contrast, the relative enrichment of the 
RNAseH method whilst more modest was more repro-
ducible. The impact of depletion is that relative expres-
sion of the gene is enhanced; however, some genes may 
also be depleted along with the rRNA due to off-target 
effects. In our assessment we determined differential 
changes in normalized RNA expression following rRNA 
removal (Fig. 2). The majority of genes show increased 
expression (such as when measured by reads per kilo-
base of transcript per million aligned reads: RPKM val-
ues) (Fig. 2 C: STRADB) but some RNAs show decreased 
levels following rRNA removal (Fig. 2  C: ATG101). 

Fig. 2  Effect of rRNA depletion on gene expression and library variability. A-C Analysis of RNA-Seq data comparing effect of precipitating bead (Ribo-
clear), RNAseH (NEB) and non-depletion protocols (control) on RNA-Seq library performance. A) % of rRNA in samples using Ion Torrent RNA-Seq work-
flow (NB separation due to jitterplot setting). B) Principal component analysis of RPKM expression values for ref-seq identified RNAs. C) Individual RPKM 
values of STRADB and ATG101 gene expression in Control, Precipitating bead rRNA depleted, and RNAseH depletion methods. Note decrease in ATG101 
expression following both rRNA depletion methods. D-E) rRNA analysis of RNA-Seq data presented in [23]. All samples were subjected to rRNA depletion 
followed by alignment to GRCH38 using STAR. D) Percent of total aligned reads mapping to each chromosome of a single RNA-Seq sample with high 
reads aligned to GL000220.1 from [23]. Chromosomes with rRNA sequences are marked with a blue arrow. E) Percent of aligned reads mapping to rRNA 
located on contigs GL000220.1 and KI270733.1 across 600+ samples (arranged from low to high percent reads mapping to the two contigs)
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Therefore, prior to initiating a study, a full assessment of a 
depletion strategy on any genes of interest is worthwhile.

A second consideration is that the depleted genes 
cannot be studied. A good example of this challenge is 
highlighted by globin depletion, which is sometimes per-
formed following rRNA depletion of blood [22]. Since 
globin genes are a larger component of blood transcrip-
tomes, removal of globin genes as well as rRNA will 
enhance the number of reads associated with non-globin 
RNAs. However, we have shown globin genes are regu-
lated following seizures [3], and globin depletion for any 
study around sickle cell disease for example would be 
non-sensical, as these genes are highly regulated in this 
disorder [4].

Finally, even in the hands of experienced labs, rRNA 
depletion may be highly variable. In a recent COVID-19 
study, we noticed that the amount of reads aligning to 
the two misplaced contigs GL000220.1 and KI 270733.1, 
which encode rRNAs, was very variable between sam-
ples, sometimes accounting for 50% of reads [23] (Fig. 2 D 
and E). Further investigation of the proportion of reads 
aligning to these regions suggested that the depletion of 
rRNA was highly variable between samples (but was not 
batch related) (Fig. 2 E). We therefore scrubbed the data 
of rRNA-mapped reads prior to aligning to the reference 
genome for subsequent gene count quantification [23]. 
The resultant effect for either biochemical or bioinfor-
matic rRNA depletion is that while individual counts to a 
specific gene are very similar with and without depletion, 
the relative counts (CPM or RPKM) are much higher, as 
the rRNA counts are included in the denominator of the 
CPM and RPKM calculations.

-Recommendation: Test each depletion method for 
reproducibility in a pilot study, and to scrub data of 
rRNA reads prior to alignment.

Poly-A RNA-Seq vs. whole transcriptome
Another library building consideration would be whether 
to use a poly-A primed library construction or a whole 
transcriptome approach. Poly-A priming a library 
restricts the RNA sequencing to only those RNAs with a 
poly-adenylated tail, yielding a less complex library. How-
ever, many RNAs are not subjected to poly-adenylation. 
The whole transcriptome library building approach uses 
random hexamer priming of fragmented RNA or direct 
ligation of adapters for priming to the target RNA (Fig. 
1). The challenge downstream for whole transcriptome 
analysis is that they typically have a large component that 
is ribosomal RNA, hence depletion strategies are usually 
considered (see above). Whole transcriptome approaches 
can detect both immature and mature microRNAs, and 
other small nuclear RNAs [4]. In addition, novel RNAs 
including novel non-coding RNA can be identified from 

intronic and intergenic regions. In our recent study we 
showed that a number of presumed non-coding clinical 
variants are present in novel RNAs, which were not pres-
ent in the reference annotations, and some appeared to 
have clinical significance [4]. These novel RNAs are easily 
annotated and quantifiable using programs such as Cuf-
flinks or Stringtie2 [24–26].

-Recommendation: Future studies should be whole 
transcriptome and stranded whenever feasible.

Long-read vs. short-read platforms
Historically, most RNA-seq studies have been performed 
using short-read sequencing platforms (50–400 bp). In 
recent years the ability to perform long-read sequencing 
(1-50 kb) has emerged [27]. This technology is typified by 
long read-cDNA protocols for both PacBio and Oxford 
Nanopore that can sequence the entire span of a tran-
script, enabling the sequencing of full-length transcripts, 
allowing for more accurate characterization of transcript 
isoforms and complex alternative splicing events that are 
often difficult to resolve with short reads alone. A com-
prehensive assessment of five different long and short 
read sequencing techniques revealed that transcript 
quantification is sensitive to RNA fragmentation and 
shorter read length, showing that isoforms that appear 
as the major isoform in short read RNA-seq data may be 
due to read fragmentation ([28]). Furthermore, as shown 
by studies of calcium ion channel isoforms in schizophre-
nia, RNAs show tissue-specific novel isoform expression, 
which would be difficult to interpret using a short read 
approach [29]. Such comprehensive transcript resolution 
is especially valuable not only for well-annotated human 
genomes but also for research on species lacking com-
prehensive reference genomes [30, 31]. In non-model 
organisms, long-read RNA-seq facilitates de novo tran-
scriptome assembly and annotation, allowing an investi-
gator to obtain gene discovery and expression profiling 
in organisms where references are incomplete or unavail-
able. Established pipelines are available for de-novo tran-
scriptome assembly and annotation [32]. It should be 
noted that de novo transcriptomes can be generated from 
short read data too, but the long read data typically pro-
vides a more complete assessment of the transcriptome. 
Additionally, certain long-read approaches, such as direct 
RNA sequencing, bypass the reverse transcription and 
amplification steps, thereby removing reverse transcrip-
tase (RT) bias, a common source of error in cDNA-based 
methods (considered below).

Despite the advantages, long reads typically come with 
higher error rates and greater costs, which can affect 
quantification accuracy and experimental scalability. 
Although computational pipelines for transcript detec-
tion are available, not all methods are compatible with 
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long-read data [33–35]. In contrast, short-read sequenc-
ing remains highly reliable for most use cases, cost-effec-
tive, and well suited for higher throughput applications. 
Analysis pathways from multiple methods have been 
developed to be compatible with short-read data and 
are typically benchmarked accordingly. Additionally, 
short-read platforms are more suited to degraded or frag-
mented RNA samples. Therefore, the choice between 
short-read and long-read sequencing technologies in 
RNA-seq experiments should be carefully aligned with 
the specific study objectives, balancing resolution needs, 
budget constraints, and downstream analyses. Together, 
these complementary approaches reflect the evolving 
landscape of RNA-seq technologies, offering researchers 
versatile tools to capture transcript diversity and enhance 
biological insights across diverse systems and experimen-
tal contexts.

Direct RNA-Seq vs. cDNA-Seq
Almost all methods discussed here deal with sequenc-
ing of PCR-amplified cDNA, which is synthesized by 
the enzyme reverse transcriptase. Therefore, this is more 
correctly termed cDNA-Seq. cDNA-Seq must therefore 
contend with the potential for bias of the reverse tran-
scriptase (RT) enzyme when it synthesizes the cDNA 
first strand, and amplification bias. One method that 
sequences RNA directly is direct RNA-Seq from Oxford 
Nanopore Technologies. The advantage of this method 
is the lack of RT and amplification bias, and the ability 
to detect modified RNA bases (e.g. N6-methyladenosine 
(m6A)). The disadvantages of this approach are cost, 
ONT per base costs are higher than many platforms, the 
requirement for higher RNA input amounts and high 
RNA integrity [36] and the lower base calling accuracy 
of ONT approaches at this time. Third, the availability 
and constantly changing (updating/improvements of ) 
ONT products and software may be a challenge for some 
long-term studies. However, the ability of this approach 
to sequence whole-length transcripts and generate base 
specific data currently make it unique in the sequencing 
field ##2 [37].

-We do not offer a recommendation for one platform 
over another; we advise the reader to be aware of the 
advantages and disadvantages of both approaches 
and apply the most suitable technology to address 
their specific experimental question.

Batching and sequencing depth
The way a sample is sequenced will have implications 
for the quality of data obtained. The first hard guideline 
is the recommendation for barcoding of samples where 

2 2025 Roche are announcing a nanopore platform

possible and multiplexing of samples. This should be per-
formed such that each sequencing run/flow cell contains 
samples of all study variables. For example, one would 
not want to run all the controls in one batch and all of the 
treated samples on a different run, as any technical varia-
tion in library assembly and sequencing would be added 
to the biological variation between samples. The better 
strategy would be to split the samples such that each flow 
cell/run contains both control and treated. This becomes 
a challenge when looking at time course data and mul-
tivariate data sets, but in general matching should be 
attempted. Longitudinal studies are going to be chal-
lenging due to library kit updates, base calling software 
updates by manufacturers, and batch effects. There are 
bioinformatic approaches to help resolve this issue (see 
below).

The depth of sequencing for RNA is calculated dif-
ferently from DNA. Specifically for DNA the number 
of reads and length of a reads aligning to a given region 
for a given genome size is termed coverage and guides 
sequencing runs. RNA has varying levels of expression, 
so the study design usually defines the target number of 
reads per sample. To detect gene expression changes in 
human samples, for the polyA-capture method 25–30 
million aligned reads and for the ribo-deplete method 
35–50 million aligned reads are used (40–50 mil-
lion (polyA) or 60–70 (ribo-deplete) may be required 
to detect low-expressing transcripts), and for isoform 
expression up to 100 million reads can be used for 
exploratory studies. The amount of RNA expression in a 
given sample, is typically defined by the complexity of the 
cell. For RNA-Seq the read size does not usually impact 
the number of reads estimation, however a read length 
of at least 50 bp is recommended to reduce the number 
of reads mapping to multiple locations on the reference 
genome. Read length becomes a more significant factor 
when investigating transcripts or defining the transcrip-
tome of a given cell/tissue (see Sect. 4.2).

-Recommendation: Pay attention to batching when 
sequencing multiple samples to ensure all of one 
condition are not sequenced in the same batch. Most 
cores will help with this planning.

Data analysis considerations
Bioinformatics and alignment considerations
The first step of data analysis involves the assessment 
of data quality, followed by the removal of poor-quality 
bases and adapter sequences introduced in the library 
building step. The default for base quality is a phred score 
of 20 (error rate of 0.05), although some direct sequenc-
ing may have lower phred scores at this time. Tools such 
as FastQC provide a detailed snapshot of the data qual-
ity by highlighting issues like low base quality scores, 
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abnormal GC content, sequence duplication, or adapter 
contamination. These early indicators help determine 
whether samples need to be discarded or corrected. This 
tool can be used with additional packages to assess mul-
tiple files at once to assess sequencing of a batch of sam-
ples (examples include multiQC [38] or ngsReports [39]).

Once data are assessed, one can remove unwanted 
adapter sequences, low-quality bases at the ends, and 
very short reads that could interfere with accurate align-
ment and quantification using all-in-one tools such 
as Cutadapt [40] (implemented in the wrapper script 
TrimGalore (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​F​e​l​i​​x​K​​r​u​e​g​e​r​/​T​r​i​m​G​a​
l​o​r​e) or Trimmomatic [41], or stand-alone tools such a 
sickle (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​n​a​j​o​​s​h​​i​/​s​i​c​k​l​e) and scythe (​h​t​t​
p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​v​s​b​u​​f​f​​a​l​o​/​s​c​y​t​h​e). By removing ​l​o​w​-​q​u​a​
l​i​t​y and/or contaminating sequences and enforcing mini-
mum read length and quality thresholds, trimming effec-
tively filters out noise resulting in leaving a cleaner, more 
reliable dataset that improves downstream analyses and 
ultimately enhancing the accuracy of biological insights 
drawn from the data.

-Recommendation: There are small differences in 
output from each trimming software, the authors 
suggest piloting each before using.

For the second step, data alignment to the reference 
genome, there is a bewildering array of options avail-
able for the alignment. Earlier options included modi-
fying parameters of DNA alignment tools such as BWA 
and Bowtie. While accurate and commonly deemed the 
gold standard, these approaches were not splice aware 
and would sometimes not give good performance around 
RNA splice junctions. This issue was solved by the 
development of splice-aware RNA-Seq alignment tools, 
of which STAR has been one of the most popular [42]. 
Indeed, the consensus NASA short read pipeline uses 
STAR, for example [43]. Some pipelines use a first pass 
with STAR followed by Bowtie2 alignment of unaligned 
reads (Ion Torrent analysis suite). STAR has been 
upgraded to include single cell capability (STAR Solo) 
and the online documentation is noteworthy. However, 
STAR is computationally expensive, hence faster meth-
ods to map and quantify RNA-Seq data have been devel-
oped including the pseudoaligners Salmon and Kallisto, 
and for graph genome use hisat2 [25, 44, 45]. For these 
later alignment/mapping tools the analysis of the data file 
is typically an order of magnitude faster than STAR but 
requires more computational power for setting up the 
index used for mapping. Some mapping software, such 
as Salmon and STAR allow the direct generation of gene 
count matrix relative to the supplied reference annota-
tion guide (.gtf file) [46]. It should be noted that many 
aligners generate similar data in terms of the number 

of counts aligned to a given gene for a given reference 
genome (Fig. 3).

-Recommendation: New alignment methods are 
being developed and released. Before using a tool 
it’s useful to benchmark to another aligner to ensure 
similar performance.

The result of an alignment procedure is to generate an 
alignment map file, which is then parsed by software 
such as cufflinks or stringtie to generate a gene and/or 
transcript count matrix. Prior to parsing the data, post 
alignment assessment of the data can be useful to iden-
tify potential issues. One common challenge is the issue 
of duplicate reads for RNA. Read duplicates can be bio-
logical or technical in nature. Biological duplicates are 
the result of multiple copies of a single transcript that 
results in two or more identical read sequences, one 
from each copy of the transcript present in the original 
sample. Technical duplicates, on the other hand, arise 
due to a technical artifact of the library preparation or 
sequencing process. Types of technical duplicates include 
PCR duplicates, which are created during the final step 
of library preparation (the library amplification step), 
sister duplicates, which happen when complement 
strands of the same library form independent clusters 
on the flow cell, optical duplicates, which occur when a 
single cluster is falsely identified as two separate clusters 
(unique to unpatterned flow cells), or clustering dupli-
cates, which occur when a single library populates two 
adjacent wells on the flow cell during cluster formation 
(unique to patterned flow cells). Since biological dupli-
cates are a true reflection of the transcript abundance 
in a sample, these duplicates should be quantitated and 
included in downstream analyses. However, technical 
duplicates do not reflect true biology and may lead to 
inaccurate results if not removed prior to downstream 
analyses. Post-alignment assessment of the bam file using 
samtools and picard tools can identify and remove such 
duplicated reads, but these tools cannot inherently dis-
tinguish between biological and technical duplicates. 
One solution to this is to incorporate a Unique Molecular 
Identifier (UMI) into each molecule during Library prep-
aration, prior to PCR amplification, which can be used to 
assess the nature of duplication events. The UMI is typi-
cally a random 10–16 bp barcode such that the length 
of the UMI is sufficient to ensure that the likelihood of 
a biological duplicate receiving the same UMI sequence 
is extremely improbable. Since the UMI is added prior 
to PCR amplification, technical duplicates will have the 
same UMIs whereas true biological duplicates will have 
different UMIs. Therefore, when multiple reads map to 
the same coordinates, the UMIs can be used to distin-
guish biological from technical duplicates. The use of 

https://github.com/FelixKrueger/TrimGalore
https://github.com/FelixKrueger/TrimGalore
https://github.com/najoshi/sickle
https://github.com/vsbuffalo/scythe
https://github.com/vsbuffalo/scythe
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Fig. 3  Comparison of RNA-Seq count data by different aligners. A) comparison of STAR and Hisat2 aligned data. B) Comparison of STAR and Minimap2 
aligned RNAseq data. Raw count data were subjected to Linear fitting in Graphpad Prism v 6.0.C) Comparison of gene counts for various 5S-RNA species 
following alignment of data with STAR, Minimap2 and Hisat2
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UMIs requires additional bioinformatics processing, to 
ensure the technical duplicates are properly identified 
and removed. Examples of UMI-based duplicate removal 
tools include UMI-tools [47], fgbio (​h​t​t​p​​s​:​/​​/​g​i​t​​h​u​​b​.​c​​o​m​/​​
f​u​l​c​​r​u​​m​g​e​n​o​m​i​c​s​/​f​g​b​i​o), and Picard’s ​M​a​r​k​D​u​p​l​i​c​a​t​e​s​
W​i​t​h​M​a​t​e​C​i​g​a​r [48]. Some analysis platforms incorpo-
rate UMI demultiplexing (for example QiaSeq). It is 
worth noting that some single cell RNA-Seq studies have 
reported issues in the use of UMIs to determine gene 
expression levels [49].

-Recommendation: Assessment of post alignment 
data can increase confidence of quality RNA library 
building, and interpretation accuracy. Where pos-
sible a small pilot can help assess library complexity 
and duplication issues prior to embarking on a full 
study.

Following post alignment data assessment, one would 
then quantify the number of reads aligning to a given 
gene/known RNA. There are several quantification tools 
available, including HTSeq-count (​h​t​t​p​​s​:​/​​/​h​t​s​​e​q​​.​r​e​​a​d​t​​h​e​
d​o​​c​s​​.​i​o​​/​e​n​​/​m​a​s​​t​e​​r​/​h​t​s​e​q​c​o​u​n​t​.​h​t​m​l), featureCounts (​h​t​
t​p​​s​:​/​​/​s​u​b​​r​e​​a​d​.​​s​o​u​​r​c​e​f​​o​r​​g​e​.​​n​e​t​​/​f​e​a​​t​u​​r​e​C​o​u​n​t​s​.​h​t​m​l), and 
RSEM (​h​t​t​p​​s​:​/​​/​d​e​w​​e​y​​l​a​b​​.​g​i​​t​h​u​b​​.​i​​o​/​R​S​E​M​/), and some 
alignment software can perform this automatically (such 
as STAR, which utilizes HTSeq to generate count data). 
These quantification tools primarily differ in how they 
handle multi-mapped reads. Non-weighted tools such as 
HTSeq-count and featureCounts either do not include 
any multi-mapped reads, include all multi-mapped reads, 
selects one location at random to include, or assigns a 
fraction for each multi-mapped read when generating 
read count data. Weighted tools such as RSEM utilize the 
maximum likelihood estimation method to assign multi-
mapped reads to genes and/or transcripts when generat-
ing read count data.

RNA-seq raw count data should be normalized prior 
to downstream analysis to account for differences in 
sequencing depth, gene length, and RNA composition, 
allowing for the interpretation of gene expression levels. 
Common normalization methods include RPKM (Reads 
Per Kilobase of transcript per Million mapped reads), 
FPKM (Fragments Per Kilobase of transcript per Mil-
lion mapped reads, used for paired end reads), and CPM 
(Counts Per Million). Each of these metrics enables com-
parison of gene counts between replicates of the same 
treatment group by adjusting for differences in sequenc-
ing depth, RPKM and FPKM also allow for comparison of 
gene counts between genes within a single sample since 
they also adjust for gene-length, but they are not suitable 
for differential expression analysis due to biases intro-
duced during normalization. TPM (Transcripts Per Mil-
lion) improves upon RPKM/FPKM by normalizing gene 

length first and then scaling by total transcript count, 
making TPM values more comparable across samples 
[50], however TPM is not suitable for differential expres-
sion analysis between different treatment groups since it 
does not adjust for RNA composition.

Many analysis tools now use raw gene counts matri-
ces as the starting point for analysis and performs nor-
malization as part of the analysis package (DESeq2/
EdgeR/LIMMA) [51–53]. DESeq2 utilizes the median 
of ratios normalization method to adjust for sequenc-
ing depth and RNA composition, thereby enabling dif-
ferential expression analysis between different treatment 
groups; however, an adjustment for gene length is needed 
for within sample comparisons. Although DESeq2 can 
optionally output FPKM values, its statistical testing is 
based on models using raw counts, not pre-normalized 
data. EdgeR utilizes the trimmed mean of M (TMM) nor-
malization method to adjust for sequencing depth and 
RNA composition, and gene length corrected TMM can 
be applied to also adjust for gene length thereby enabling 
within sample comparisons. It is important to note that 
the type of normalization used can drastically impact 
the differentially expressed genes identified between 
groups, and the false discovery rate [54]. The choice of 
which software to use for analysis depends on the type 
of analyses and comparisons that need to be performed 
and cost [51]. One further consideration is that some 
tools perform better with smaller data sets. DESeq2 was 
developed for analyzing small n number RNA-Seq data 
sets and appear superior when sample sizes of less than 
12 are used [55]. However, some benchmarking studies 
suggest an inflation of false positives when using DESeq2 
with larger data sets [56]. Some GUI-based analysis pack-
ages can perform the entire pipeline of quality trimming 
and adapter removal to alignment to analysis. However, 
performing such analysis of a lot of data requires a dedi-
cated server, or the use of cloud services. An intermedi-
ate between the two approaches is the Galaxy software 
suite [57], which hosts an impressive suite of analysis 
tools that the user can thread together to generate their 
own pipeline. The advantage of this approach is a quick 
learning experience, and Galaxy is often used as a first 
step for bioinformatics training [57].

RNA-seq does not provide absolute concentrations of 
an RNA or number of copies but rather allows the user 
to determine the relative abundance of an RNA within a 
sample of RNA. If an experimental condition results in 
a global change in RNA expression, this may affect sub-
sequent downstream analysis. One solution to this is the 
use of spike in controls, such as the External RNA Con-
trols Consortium (ERCC) [58–60]. Typically, these librar-
ies of control sequences with known concentrations are 
added to an RNA sample (1:50-1000 wt/wt or 1–2% of 
reads) and sequenced alongside the sample [60]. Such 

https://github.com/fulcrumgenomics/fgbio
https://github.com/fulcrumgenomics/fgbio
https://htseq.readthedocs.io/en/master/htseqcount.html
https://htseq.readthedocs.io/en/master/htseqcount.html
https://subread.sourceforge.net/featureCounts.html
https://subread.sourceforge.net/featureCounts.html
https://deweylab.github.io/RSEM/
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standards do not appear to be affected by RNA sample 
complexity [60]. These standards consist of a range of 
RNAs at different concentrations, which allow for assess-
ing the RNA-seq process (platform dynamic range and 
lower limit of detection), but also can be used for normal-
ization of data. Multiple packages allow the normaliza-
tion of data using spike-in controls, including LIMMA, 
DESeq2 and RUVSeq (58). When using spike-ins for 
data normalization, it is critical that extreme precision is 
used when adding spike-ins to samples and that the same 
spike-in mix is used for all samples. It is also important to 
ensure that the concentration of the RNAs in your sam-
ples are within the range of the spike-in concentrations. 
Thus, when using such approaches, it is recommended to 
assess this normalization method with other approaches 
to ensure the results are reliable as some limitations have 
been noted [58, 61, 62].

-The authors have used all three approaches for 
analysis of RNA-seq data. Each approach has mer-
its and limitations. A lot depends on the individual’s 
coding experience/comfort level (and library prepa-
ration experience when considering things like UMI-
based deduplication and the use of spike-ins for nor-
malization).

Accounting for batch effects
Although it is recommended to prepare and run all sam-
ples from the same RNA sequencing experiment together 
in the same run, that may not always be feasible due to 
the number of samples in the study, cost, and the nature 
of the experiment. If it is necessary to split the samples 
across different sequencing runs, samples should be split 
such that samples from each control and experimental 
group are included in each batch, as discussed previ-
ously. However, if equal distribution of samples from 
each group across batches is not feasible, the processed 
sequencing data should be evaluated for “batch effects”, 
which is technical variation among samples [63, 64]. 
Analyses such as principal component analysis, multi-
dimensional scaling, and hierarchical clustering den-
drograms can be used to determine if samples cluster 
based on technical artifacts, such as variation in sample 
handling, preparation, or sequencing platforms, rather 
than by biological treatment groups. If batch effects 
are identified as a primary source of differences among 
samples, the technical batch effect(s) should be identified 
and accounted for prior to downstream analyses. There 
are several tools available to correct the technical arti-
facts that use different statistical approaches [65–69]. The 
type of tool and statistical approach that should be used 
for correction will depend on the nature of the techni-
cal variation and the distribution of the RNA sequencing 
data.

-The authors recommend testing several different 
approaches and evaluating how each correction 
approach affects the technical and biological differ-
ences in your study before making a final decision. 
For an example of this approach, visit our recent 
work that evaluated how different combinations of 
technical variable and batch effect correction algo-
rithms impacted RNA sequencing data [70].

Other considerations
Cost and sample size
The first question I am commonly asked is “how much it 
will cost me?”, or “how many samples can I get sequenced 
for a given budget?” As with all scientific experiments it is 
useful to obtain a power calculation apriori to perform-
ing a study. There are online and R-based packages for 
calculating such statistics, to give confidence that given 
an effect size, you have sufficient experimental power to 
detect statistically meaningful differences [55, 71–73]. 
One key factor for consideration for RNA seq studies is 
dispersion, which refers to the variability in gene expres-
sion measurements across biological replicates. This vari-
ability can stem from biological differences (e.g., cell type 
heterogeneity or individual variation) or technical fac-
tors (e.g., differences in RNA quality or library prepara-
tion). Dispersion is typically gene- and tissue-specific and 
has a direct impact on statistical power. Higher disper-
sion reduces the confidence in point estimates of gene 
expression, which means larger sample sizes are needed 
to accurately estimate the true expression level of a gene 
and detect significant differences. Confidence inter-
vals widen as dispersion increases, making it harder to 
detect true effects. Thus, power calculations must incor-
porate expected dispersion values for the system under 
study. Generally, genes with higher expression variability 
require more replicates to achieve acceptable power.

While dispersion reflects variability across biological 
replicates, reproducibility refers to the technical consis-
tency of measurements across experiments or sequenc-
ing runs. It addresses the question: “If I repeat this 
experiment, will I get the same results?” High reproduc-
ibility ensures that technical variation is minimized, mak-
ing biological differences easier to detect. Reproducibility 
can be improved through standardized protocols, auto-
mation, and laboratory experience. For example, consis-
tent RNA extraction, library preparation, and sequencing 
procedures reduce technical noise. However, even with 
high reproducibility, some RNAs may exhibit inherently 
higher biological variability—especially in complex tis-
sues—which still necessitates larger sample sizes.

Automation and experience can help reduce techni-
cal noise, but some RNAs are more variable than oth-
ers, which could be a tissue-specific phenomenon. As a 
back of the envelope calculation, one is trying to detect 



Page 11 of 14Verma et al. BMC Genomics          (2025) 26:918 

significant changes in a sampling of 10,000–20,000 
RNAs, hence any power calculation should consider 
this correction for repeated measurement corrections. 
A recent study of murine RNA-Seq showed that a mini-
mum of 6–7 and recommended 8–12 biological repli-
cates is necessary to avoid a 50% false negative rate [74]. 
A second factor that will affect cost will be the choice of 
sequencing technology (number of samples which can be 
simultaneously assessed) and whether one is investigat-
ing technologies using short-read or long-read data. As 
noted above, long-read technologies typically have higher 
per-sample cost but may offer advantages in isoform res-
olution and transcript discovery.

-Recommendation: Perform a power analysis prior 
to initiating an RNA-Seq study to understand the 
effect on power of the sample sizes one proposes to 
use.

Cost and sample depth
The depth of sequencing will greatly impact both cost 
and the type of analysis available for a given data type. 
For DNA seq a depth calculation is performed based on 
the number of reads you generate, multiplied by their size 
and divided by the size of the genome of study. Depend-
ing on the analysis 10-30x is deemed necessary for copy 
number variant detection and SNV analysis respectively 
(encode recommendations). RNA sequencing depth is 
typically stated by the number of generated reads. For 
gene expression typically 25–30 million aligned reads will 
saturate the number of genes detected in each sample 
(Fig. 4). Sequencing over this point, increases the number 

of genes identified in a linear manner, which may be due 
to noise (misalignment) or RNAs expressed at very low 
levels.

It should be noted that RNA-seq can be used for more 
than gene expression analysis, and such applications can 
affect the required read depth. For miRNA analysis a 
smaller total number of RNAs are identified hence depth 
is closer to 5–10 million reads. For structural analysis of 
short read data, a target of 100 million reads is recom-
mended. For long read data 400,000–600,000 full length 
non chimeric reads per sample is recommended, but 
since barcoding is not available for direct RNA seq (yet) 
we typically generate around 20 million reads/sample 
using Promethion chips (recommendations for epitran-
scriptomics vary from). For discovery of novel noncoding 
RNAs, which may be expressed at very low copies/cell a 
sequencing depth of up to 300 M reads may be required. 
Abundance of the target is critical in these determina-
tions. Finally, the number of RNAs in a given tissue may 
also depend on tissue complexity, more homogenous 
tissues may require slightly lower read depth, and more 
complex tissues will require greater read depth.

-Recommendation: Factor into the cost of a study the 
depth of sequencing required to answer your biologi-
cal question. Some abundant RNAs may require less 
sequencing, whereas discovery applications typically 
require a greater depth of sequencing.

RNA-Seq in non-model organisms
While our focus in this commentary is on human sam-
ples with well-annotated genomes, it is important to 
note that RNA-seq can also be effectively applied to non-
human organisms lacking a complete reference genome 
or in situations where a complete reference genome is 
unavailable [30, 31]. In such cases, transcriptome assem-
bly can be performed de novo [32], and the assembled 
isoforms used as a reference for alignment. Although this 
approach is essential for non-model organisms, recon-
structed transcriptomes are also important in human 
studies to identify novel isoforms and better characterize 
alternative splicing events. This approach will be used to 
identify human -pan transcriptomes based on the human 
pan-genome project [75]. Additionally, mapping RNA-
seq reads onto transcriptomes, even if incomplete, helps 
improve alignment accuracy by providing known exon-
exon junction sequences [76, 77]. This guidance allows 
read spanning splice sites to be correctly placed, resolv-
ing junctions more reliably than genome-only align-
ment, which may miss or misalign spliced reads due to 
lack of annotated splice boundaries. Pseudoaligners such 
as Salmon and Kallisto offer rapid and efficient tran-
script quantification by avoiding traditional alignment 
and instead relying on k-mer-based methods to estimate 

Fig. 4  The number of identified RNAs in a given sample saturates with 
higher sequencing depth. Data from (6). Blood RNA seq data were aligned 
to the human hg19 reference and quantified using the Refseq annota-
tion guide in Partek Genomics Studio. Various read depths were obtained 
by combining lanes of data from a SOLiD5500 run. Data were fitted to a 
mono-exponential curve in GraphPad Prism (v 6.0) to determine satura-
tion and ½ max values
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transcript abundance. This dramatically reduces compu-
tational time and resource usage, making them highly 
suitable for large-scale studies. However, because these 
tools require a pre-existing transcriptome reference to 
function, they are limited to quantifying transcripts that 
are already known and annotated. As a result, their appli-
cability is constrained in studies involving organisms 
without well-characterized transcriptomes or in contexts 
where novel transcript discovery is a key objective.

Summary of commentary
The rapid development of RNA-Seq technologies and 
analysis tools has progressed at an amazing pace, leav-
ing new researchers bewildered as to which path to take 
for a study. Here we have reviewed a few of the key tech-
nical considerations for the generation and analysis of 
RNA-Seq experimental data. While these are suggestions 
to help plan a study, ultimately access to technology and 
the experience of the investigator are key determinants of 
sequencing approach and depth of analysis.
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