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Next-Generation Sequencing Overview 



EXPERIMENTAL DESIGN

Defining the samples to be studied
Number of samples

Biological replicates are parallel measures of biologically distinct samples,   
which allow to capture random biological variations.

Technical replicates are repeated measures of the same sample, that  
           represent independent measures of the random noise associated with  
           protocols or equipment.

           The greater the number of the biological replicates, the more we can trust the  
           results, especially when testing for differential expression. With only one    
           biological replicate, no statistical test can be performed.
          



EXPERIMENTAL DESIGN

Defining the technical details
Choice of sequencing depth
If we want to measure the expression of known genes, depth can be relatively
low (e.g. 20 M reads for polyA+). If we want to discover new genes and  
transcripts, depth must be higher (e.g. 60 M for polyA+, 120 for total RNA).

Length and pairing of reads
Theoretically speaking, read length should be > 20 bp (they usually are longer
than 35 bp). PE reads are usually better (except for small RNA-Seq and Ribo-
Seq), but they are more expensive.

Strandedness
It is usually better to have a directional (stranded) sequencing: it costs slightly
more, but it is able to discriminate between antisense RNAs.



Non-stranded versus stranded RNA-seq protocol

The stranded protocol differs from the non-stranded protocol in two ways. First, during cDNA synthesis, 
the second-strand synthesis continues as normal except the nucleotide mix includes dUTPs instead of 
dTTPs. Second, after library preparation, a second-strand digestion step is added. This step ensures that 
only the first strand survives the subsequent PCR amplification step and hence the strand information of 
the libraries.



Library Multiplexing Overview 

A) Unique index sequences are added to two different libraries during library preparation. (B) Libraries 
are pooled together and loaded into the same flow cell lane. (C) Libraries are sequenced together during 
a single instrument run. All sequences are exported to a single output file. (D) A demultiplexing algorithm 
sorts the reads into different files according to their indexes. (E) Each set of reads is aligned to the 
appropriate reference sequence 



Target Enrichment Workflow 

With targeted sequencing, a subset of genes or regions 
of the genome are isolated and sequenced. Targeted 
sequencing allows researchers to focus time, expenses, 
and data analysis on specific areas of interest and 
enables sequencing at much higher coverage levels. For 
example, a typical WGS study achieves coverage levels 
of 30–50× per genome, while a targeted resequencing 
project can easily cover the target region at 500–1000× 
or higher. This higher coverage allows researchers to 
identify rare variants, variants that would be too rare 
and too expensive to identify with WGS or CE-based 
sequencing. 

Targeted sequencing panels can be purchased with 
fixed, preselected content or can be custom designed. 
A wide variety of targeted sequencing library prep kits 
are available, including kits with probe sets focused on 
specific areas of interest such as cancer, 
cardiomyopathy, or epidemiology. 



Methods for SARS-CoV-2 genome sequencing

a In Illumina’s Nextera DNA Flex Enrichment 
protocol cDNA is tagmented and made into 
barcoded sequencing libraries, which are then 
enriched using sequence capture with a 
respiratory virus panel containing probes 
against SARS-CoV-2. b In the ARTIC protocol, 
first strand cDNA is enriched by amplifying 
with two pools of primers to generate amplicons 
tiling the SARS-CoV-2 genome. These amplicons 
are then subjected to either Illumina or Oxford 
Nanopore library preparation, using methods 
that either directly add adapters to the ends of 
the amplicons or to fragment them to enable 
sequencing on a wider variety of Illumina 
instruments. c The tailed amplicon approach, 
developed here, enriches first strand cDNA 
using ARTIC v3 primers containing adapter 
tails. This allows functional sequencing libraries 
to be created through a second indexing PCR 
reaction that adds sample-specific barcodes and 
flow cell adapters

Gohl et al., 2020. BMC Genomics
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General RNA-Seq pipeline for Differential Expression





Workflow for differential gene expression

Computational analysis for differential gene expression (DGE) begins with raw RNA sequencing (RNA-
seq) reads in FASTQ format and can follow a number of paths. Three popular workflows (A, B and C, 
represented by the solid lines) are given as examples, and some of the more common alternative 
tools (represented by the dashed lines) are indicated.



DATA ANALYSIS

Data format
Usually, the format of the file containing the
sequence of the reads is FASTQ.
It is composed of four-lines blocks:
- the first line begins with @ and contains the

ID of the read and optional information.
- the second line is the sequence
- the third line begins with a '+' character and is

           optionally followed by the same sequence identifier 
            (and any description) again

- the fourth line encodes the quality values for the 
            sequence in Line 2.

For paired end reads, there are two FASTQ files
(forward and reverse).



FASTQ format
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DATA ANALYSIS: ALIGNMENT

Alignment output
After alignment, mapped and unmapped reads
are usually exported in SAM/BAM format.

- SAM format specification (Sequence
Alignment Map,
http://samtools.sourceforge.net/SAM1.pdf)
describes a generic format for the storing of reads
sequence and their alignment on a reference.

- BAM is the binary equivalent of SAM.

- Samtools is a suite of tools for the analysis and manipulation of
SAM/BAM files (visualizaton, sorting, filtering, indexing etc.)

http://samtools.sourceforge.net/SAM1.pdf
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SAM file structure
A generic SAM/BAM file is composed of two
parts:

- header reports general information.

- body reports information about reads. Each line
describes a read (aligned or not): alignment position,
sequence, quality etc.
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BAM file visualization
Genome Browser (UCSC)



The Sequence Read Archive (SRA)

The SRA was established as a public repository for the next-generation sequence data and is 
operated by the International Nucleotide Sequence Database Collaboration (INSDC). 

INSDC partners include the National Center for Biotechnology Information (NCBI), the European 
Bioinformatics Institute (EBI) and the DNA Data Bank of Japan (DDBJ). 

The SRA is accessible at 
http://www.ncbi.nlm.nih.gov/Traces/sra from NCBI, at http://www.ebi.ac.uk/ena from EBI and 
at http://trace.ddbj.nig.ac.jp from DDBJ.

total amount of data  in 2019 was more than 14 petabytes (1 petabyte = 1 million gigabytes). For 
reference, one petabyte is equivalent to more than 4,000 digital photos per day for a lifetime.



DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

Measures of gene expression

- “The number of read counts mapping to the 
biological feature of interest (gene, transcript,
exon etc.) is considered to be linearly related to

the abundance of the target feature.” 
(Tarazona, 2011)

- The raw number of reads mapping on a gene (read count) requires a normalization. 
Why?

- longer genes will have a greater number of reads mapped on them compared to
equally expressed shorter genes: to normalize for gene length is important to
compare  the expression of distinct genes.
- the number of reads mapped on a gene depends on sequencing depth: 
to normalize for the total number of mapped reads is important to compare the  
expression levels of the same gene obtained from two different sequencing
experiments.

- RPKM and FPKM are two normalized measures of gene expression.
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DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

Measures of gene expression: FPKM (paired-end) and RPKM 
(single-end)

- FPKM stands for “Fragments per Kilobase of exon per Million mapped
fragments”

-The unit used for quantification is no longer the single read, but the fragment.
In single-end sequencing, each read represents a fragment, so FPKM = RPKM. 
In paired-end sequencing, each fragment is represented by a read pair: this
way, each read pair is not counted twice.



Measures of gene expression: TPM (transcripts per milion)

TPM is very similar to RPKM and FPKM. The only difference is the order of operations. Here’s how you calculate 
TPM:
1. Divide the read counts by the length of each gene in kilobases. This gives you reads per kilobase (RPK).
2. Count up all the RPK values in a sample and divide this number by 1,000,000. This is your “per million” 
scaling factor.
3. Divide the RPK values by the “per million” scaling factor. This gives you TPM.

When calculating TPM, the only difference is that you normalize for gene length first and then normalize for 
sequencing depth second. However, the effects of this difference are quite profound.
When you use TPM, the sum of all TPMs in each sample are the same. This makes it easier to compare the 
proportion of reads that mapped to a gene in each sample. In contrast, with RPKM and FPKM, the sum of the 
normalized reads in each sample may be different, and this makes it harder to compare samples directly.

Here’s an example. If the TPM for gene A in Sample 1 is 3.33 and the TPM in sample B is 3.33, then I know 
that the exact same proportion of total reads mapped to gene A in both samples. This is because the sum of 
the TPMs in both samples always add up to the same number (so the denominator required to calculate the 
proportions is the same, regardless of what sample you are looking at.)

With RPKM or FPKM, the sum of normalized reads in each sample can be different. Thus, if the RPKM for gene 
A in Sample 1 is 3.33 and the RPKM in Sample 2 is 3.33, I would not know if the same proportion of reads in 
Sample 1 mapped to gene A as in Sample 2. This is because the denominator required to calculate the 
proportion could be different for the two samples.
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Gene Counts_rep1 Counts_rep2 Counts_rep3
A 2kb 10 12 30
B 4kb 20 25 60
C 1kb 5 8 15
D 10kb 0 0 1

Total reads 35 45 106

Tens of reads 3.5 4.5 10.6

for 4 gene 
samples we 
divide by to 
get the 
"million" 
scaling

Gene RPM_1 RPM_2 RPM_3
A 2kb 2.86 2.67 2.83
B 4kb 5.71 5.56 5.66
C 1kb 1.43 1.78 1.42
D 10kb 0.00 0.00 0.09

Gene RPKM_1 RPKM_2 RPKM_3
A 2kb 1.43 1.33 1.42
B 4kb 1.43 1.39 1.42
C 1kb 1.43 1.78 1.42
D 10kb 0.00 0.00 0.01

Gene Counts_rep1 Counts_rep2 Counts_rep3
A 2kb 10 12 30
B 4kb 20 25 60
C 1kb 5 8 15
D 10kb 0 0 1

Gene RPK_rep1 RPK_rep2 RPK_rep3 RPK=Counts/kb
A 2kb 5 6 15
B 4kb 5 6.25 15
C 1kb 5 8 15
D 10kb 0 0 0.1

total RPKM 15 20.25 45.1

Tens 1.5 2.025 4.51

for 4 gene 
samples we 
divide by 10 to 
get the 
"milion" scaling

Gene TPM_1 TPM_2 TPM_3
A 2kb 3.33 2.96 3.33
B 4kb 3.33 3.09 3.33
C 1kb 3.33 3.95 3.33
D 10kb 0.00 0.00 0.02

RPKM vs TPM
RPKM

1. Count up the total reads in a sample and divide that number by 
1,000,000 – this is our “per million” scaling factor.

2. Divide the read counts by the “per million” scaling factor. This 
normalizes for sequencing depth, giving you reads per million 
(RPM)

3. Divide the RPM values by the length of the gene, in kilobases. This 
gives you RPKM.

TPM

1. Divide the read counts by the length of each gene in kilobases. 
This gives you reads per kilobase (RPK).

2. Count up all the RPK values in a sample and divide this number 
by 1,000,000. This is your “per million” scaling factor.

3. Divide the RPK values by the “per million” scaling factor. This 
gives you TPM.



DATA ANALYSIS: DIFFERENTIAL EXPRESSION ANALYSIS

What is differential expression (DE) analysis?

DE analysis allows to find genes (or other genomic features like transcripts and exons) 
that are expressed at significantly different levels between two groups of samples
(conditions): patients treated with drugs VS controls, healthy VS sick individuals , 
different tissues and different differentiation states. There could also be more than
two conditions (e.g. time series).

For each analyzed gene, the result will be:

• Fold Change (FC): the ratio of the average expression of gene in condition A to the 
average expression in condition B. log2 transformed fold changes are nicer to work 
with because the transform is symmetric for reciprocals (positive values for up-
regulation, negative for down-regulation).

• P-value: it measures the statistical significance of the observed differential
expression. The lower the p-value, the higher the probability that the gene 
underwent a significant deregulation. Goes from 0 to 1, usual cutoff is 0.05. It is
often normalized to account for multiple testing.



DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

Symbol Exp Sample A Exp Sample B log2FC p-value padj
AC116533.1 201.723 0 -7.663366 0.00705426 0.04685518
CES1 8.326515 0.319710333 -2.8211168 0.03160709 0.1497986
TRAJ13 5.887466667 0 -2.7839734 0.53022794 0.93016935
AC245100.3 7.45177 0.257067333 -2.7491916 0.00329661 0.02539452
TRIM27 15.67494 1.771937667 -2.5887148 0.07326134 0.27982537
HIST2H2AA3 4.73542 4.33333E-06 -2.5198929 0.08293496 0.30704889
TRAJ31 4.439433333 0 -2.4434564 0.61996183 0.94844719
AC073415.1 10.40004667 1.144743333 -2.4101628 0.08903746 0.32211488
AC243913.7 3.00402 0 -2.0014492 0.5319005 0.93075919
TRAJ43 2.998836667 0 -1.9995804 0.65544674 0.94844719
TRAJ40 2.910686667 0 -1.9674219 0.72005632 0.94844719
TRAJ36 2.847366667 0 -1.9438713 0.63177075 0.94844719
TRAC 64.21976667 15.97356667 -1.9420195 1.7768E-42 7.6648E-39
TRAJ35 2.81876 0 -1.9331043 0.62529611 0.94844719
TRAJ45 2.75886 0 -1.9102952 0.67188498 0.94844719
TRAJ42 2.75886 0 -1.9102952 0.67188498 0.94844719
TRAJ3 2.676943333 0 -1.8785069 0.65544674 0.94844719
TRAJ6 2.669356667 0 -1.8755271 0.63177075 0.94844719
TRAJ4 2.62726 0 -1.8588802 0.62529611 0.94844719
NPIPA5 9.020533333 1.817733333 -1.8303523 0.57711311 0.94844719
AL022345.1 13.31823333 3.051946667 -1.8211664 0.22159401 0.59155374
AL354798.1 8.36444 1.689066667 -1.8000872 0.02610512 0.12893548
MCCC2 5.119086667 0.788869 -1.7742686 0.31473251 0.72422555
DEFB130C 2.41471 0 -1.7717631 0.27663176 0.67260404
AL033528.1 2.33771 0 -1.7388586 0.67188498 0.94844719
AC103810.6 2.312253333 0 -1.727813 0.68907179 0.94844719
AL356095.3 2.21609 0 -1.6853078 0.83918886 0.94844719
TREM2 11.3937 2.910596667 -1.6641463 4.7294E-11 4.658E-09
AP000275.2 5.66981 1.146606333 -1.635588 0.06351326 0.25265907
AC087752.2 2.910256667 0.265410667 -1.6276576 0.09783078 0.3440031
CT45A8 3.200013333 0.37426 -1.6117389 0.11279077 0.37988509
AC098934.3 2.001516667 0 -1.5856917 0.5319005 0.93075919
RHEX 32.10226667 10.09589667 -1.5769038 1.1775E-14 2.6735E-12
PFDN6 3.641063333 0.557676667 -1.5750596 0.16624998 0.4957619
AC068547.1 6.091566667 1.386836333 -1.5710047 6.0464E-07 1.9207E-05
AL021068.2 1.95286 0 -1.562113 0.83918886 0.94844719
MT1H 21.71676667 6.732576667 -1.5547364 0.00036639 0.00410529
AC009093.3 2.811795667 0.301025333 -1.5508217 0.26290077 0.65387655
AC092032.1 4.49641 0.945103333 -1.4986428 0.34793411 0.764916
PACRG 1.787943 0 -1.4792011 0.11871946 0.3941296
AC026464.3 1.7877 0 -1.4790753 0.15638733 0.47656377
Z99129.1 3.594286667 0.66257 -1.4664258 0.20875198 0.57045121
Z98941.1 1.707126667 0 -1.4367624 0.83918886 0.94844719
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Fold Change (FC) vs p-value

High absolute FC values are not necessarily associated with significant P-values, 
especially when the expression of the gene is highly variable.



The p-value in RNA-seq

Input Data: Normalised read counts mapped to individual genes

Null Hypothesis (H0): Gene X shows no difference in expression between 
treated and control conditions

What the p-value Measures

The probability of observing a fold-change as large as (or larger than) the 
experimental result purely by chance, assuming H0 is true.

p<0.05: Statistically significant evidence to reject H0 for an individual gene.

A standard p-value is valid when testing one hypothesis at a time. It breaks 
down when testing thousands of genes simultaneously.



Controlling False Discovery Rate (FDR)

FDR Definition: The expected proportion of false positives among all genes 
declared significant.

Method: P-value correction algorithms (e.g., Benjamini-Hochberg 
procedure) yield the Adjusted p-value (padj or q-value).

padj <0.05: Means that at most 5% of your identified significant 
genes are expected to be false discoveries.



Total genes tested (m) = 5

Rank / gene Raw p Calculation Formula p adj Outcome (≤0.05)

1  /  A 0.001 0.001 × 5/1 0.005 Significant

2  /  B 0.008 0.008 x 5/2 0.020 Significant

3  /  C 0.030 0.003 x 5/3 0.050 Significant

4  /  D 0.045 0.045 x 5/4 0.056 NOT Significant

5  /  E 0.120 0.120 x 5/5 0.120 NOT Significant

Benjamini–Hochberg (BH) correction

Adjusted p-value = Raw p-value x Total Genes (m)
Rank (i)

Gene D is discarded as a likely false positive, demonstrating 
why multiple testing corrections are essential in high-
throughput data



Statistical vs. Biological Significance

Statistical Significance (padj <0.05): "Is the observed difference real or a 
random coincidence?" Driven heavily by sample size and measurement 
precision.

Biological Significance:  "Is the size of this change large enough to 
actually alter cellular function or phenotype?" Driven by physiological 
context and effect size.

Gene A: Shows a 5% increase in expression (Fold Change=1.05) with a highly 
significant padj =0.0001.

Statistically Significant: Yes (p adj < 0.05) because high statistical power detects tiny 
variations with high confidence.

Biologically Significant: No. A 5% shift in mRNA abundance is typically buffered 
by post-transcriptional controls and has zero impact on protein levels or cell 
behavior.

Example



To isolate biologically meaningful target genes in RNA-seq, always filter using both 
metrics simultaneously:

Statistical vs. Biological Significance

Statistical Threshold (FDR <0.05) + Effect Size Threshold (∣Log2 Fold Change∣ ≥0-5)

0.05

0.50.5
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we could also extract the normalized values of all the significant genes and plot a heatmap of 
their expression

In this heatmap Z-scores are calculated for each row (each gene) and these are plotted 
instead of the normalized expression values; this ensures that the expression patterns/trends 
that we want to visualize are not overwhelmed by the expression values.

Z-scores are computed on a gene-by-gene basis by subtracting the mean and then dividing by the 
standard deviation. The Z-scores are computed after the clustering, so that it only affects the 
graphical aesthetics and the colour visualization is improved.

Z =
X - µ
d

X = score
µ = mean 
d = SD
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To explore the underlying data for any set of regions in a plot, we can draw heatmaps for 
any selected region from any main plot. Figure shows the heatmap for the selected 
genes. Conversely, in any heatmap the users can select a subset of regions (such as based 
on similar expression pattern) for downstream analysis such as gene ontology, disease 
and pathway analysis.
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Histograms are useful to visualize gene expression responses across time points or to visualize  
individual gene analysis



DATA ANALYSIS: FUNCTIONAL ENRICHMENT ANALYSIS

Extracting biological meaning from DE gene lists

Once we have obtained a list of differentially expressed genes, we would like to
search for a statistically significant association between:

We can perform GO or Pathway analysis directly on the results of differential expression analysis or on a 
subset of selected genes from any of the plots described above.



DATA ANALYSIS: FUNCTIONAL ENRICHMENT ANALYSIS

Extracting biological meaning from DE gene lists

What do we need to perform a functional enrichment analysis?

- A list of “interesting” genes.

- A background gene list, representing the “universe” of possible genes that  
           could  be called as significantly regulated in the experiment. This list should  
           contain only genes that are “called” as expressed (to avoid biological bias) in  
           the experiment.

           - Functional categories into which we can classify genes.

           - A test which is able to tell what categories are significantly over or under- 
           represented in our list compared to background. 
        



The Gene Ontology (GO) is standardized, controlled vocabulary system to 
classify gene function across three structured domains:

Molecular Function: molecular-level activities performed by gene products. 
Molecular function terms describe activities that occur at the molecular level, 
such as “catalysis” or “transport”. GO molecular function terms represent 
activities rather than the entities (molecules or complexes) that perform the 
actions, and do not specify where, when, or in what context the action takes 
place.

Cellular Component: The locations relative to cellular structures in which a 
gene product performs a function, either cellular compartments 
(e.g., mitochondrion), or stable macromolecular complexes of which they are 
parts (e.g., the ribosome). Unlike the other aspects of GO, cellular component 
classes refer not to processes but rather a cellular anatomy.

Biological Process: The larger processes, or ‘biological programs’ 
accomplished by multiple molecular activities. Examples of broad biological 
process terms are DNA repair or signal transduction.

The Gene Ontology (GO) 



Input: A discrete, thresholded list of Differentially Expressed Genes 
(DEGs) (e.g., p  adj<0.05 AND ∣Log2 FC∣≥1).

Statistical Test: Evaluates whether a GO term is enriched in your DEG 
list compared to the genome background using Fisher’s Exact Test or 
Hypergeometric Test.

Key Limitations of GO 

Cut-off Dependent: Arbitrary thresholds (padj, Fold Change) exclude genes 
with small but biologically meaningful changes.

Ignores Directionality & Ranking: Treats all genes in the input list 
equally, ignoring their magnitude of change or rank order.

The Gene Ontology (GO) 



Example of functional categories: Gene Ontology.

        
Biological Processes

Enrichment score
 0  5 10 15 20 25

Fc−epsilon
receptor
signaling
pathway

G1/S
transition
of mitotic
cell cycle

MAPK
cascade

NIK/NF−kappaB
signaling

RNA metabolic
process

RNA processing

RNA splicing

SCF−dependent
proteasomal

ubiquitin−dependent
protein catabolic

process

T cell receptor
signaling
pathway

Wnt signaling
pathway, planar

cell polarity
pathway

Wnt
signaling
pathway

aging

anaphase−promoting complex−dependent proteasomal
ubiquitin−dependent protein catabolic process

androgen
receptor
signaling
pathway

anterior/posterior
pattern

specification

antigen processing
and presentation of
exogenous peptide

antigen via MHC class
I, TAP−dependent

apoptotic
process

cartilage
development

cell cycle

cell growth

cellular protein
localization

cellular
response to UV

cellular
response

to
hypoxia

cellular
response to
starvation

cholesterol
metabolic
process

chromatin
organization

chromatin
remodeling

circadian
regulation

of gene
expression

circadian rhythm

cytokinesis

double−strand
break repair via
nonhomologous

end joining

embryonic digit
morphogenesis

epithelial cell
differentiation

fatty acid
beta−oxidation

heart
development

hematopoietic
progenitor cell
differentiation

histone
deacetylation

mRNA export
from nucleus

mRNA processing

mRNA splicing,
via spliceosome

mRNA
transport

macroautophagy

methylation

mitochondrial
translational
elongation

mitochondrial
translational
termination

movement
of cell or

subcellular
component

negative
regulation of

G2/M transition
of mitotic cell

cycle

negative
regulation of

canonical Wnt
signaling pathway

negative
regulation

of cell
proliferation

negative
regulation
of neuron

differentiation

negative
regulation of
translation

negative regulation
of ubiquitin−protein

ligase activity
involved in mitotic

cell cycle

neural tube
closure

neuropeptide
signaling
pathway

neurotransmitter
secretion

nucleobase−containing
compound metabolic

process

osteoblast
differentiation

positive
regulation of

canonical Wnt
signaling
pathway

positive
regulation of
cell division

positive
regulation

of gene
expression,
epigenetic

positive regulation of
ubiquitin−protein ligase

activity involved in
regulation of mitotic
cell cycle transition

post−embryonic
development

post−translational
protein

modification

proteasome−mediated
ubiquitin−dependent

protein catabolic
process

protein
K63−linked

ubiquitination

protein
deubiquitination

protein
heterotetramerization

protein
polyubiquitination

proteolysis
involved in

cellular protein
catabolic process

rRNA processing

regulation of
cell cycle

regulation of
cellular amino
acid metabolic

process

regulation
of cellular

response to
heat

regulation
of mRNA
stability

regulation of
protein kinase

activity

regulation
of protein
stability

regulation of
transcription from
RNA polymerase II

promoter in response
to hypoxia

regulation of
translation

response to
calcium ion

response to
cytokine

response
to drug

response to
estrogen

response to
glucocorticoid

response to
insulin

response to
organic cyclic

compound

response to
retinoic acid

response
to toxic

substance

response to
unfolded
protein

rhythmic
process

ribosome biogenesis

stem cell
population

maintenance

steroid
biosynthetic

process

stimulatory
C−type lectin

receptor
signaling
pathway

tRNA
aminoacylation

for protein
translation

termination of
RNA polymerase

I transcription

transcription
initiation from

RNA polymerase
I promoter transcription−coupled

nucleotide−excision
repair

translation

transmembrane
transport

tumor necrosis
factor−mediated

signaling pathway
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Example of functional categories: Gene Ontology.

        

ribosome biogenesis
ribonucleoprotein complex biogenesis

cellular component biogenesis at cellular level

ncRNA metabolic process

ncRNA processing

rRNA processing

rRNA metabolic process

RNA processing

primary metabolic process

cellular metabolic process

mitochondrion organization

response to unfolded protein

response to topologically incorrect protein
metabolic process

protein folding

cofactor metabolic process

RNA modification

cellular macromolecule metabolic process

protein targeting to mitochondrion

establishment of protein localization to mitochondrion

protein localization to mitochondrion

protein import

pseudouridine synthesis

macromolecule metabolic process

response to endoplasmic reticulum stress

cellular nitrogen compound metabolic process

ER−nucleus signaling pathway

endoplasmic reticulum unfolded protein response

cell cycle arrest

cellular response to unfolded protein
nitrogen compound metabolic process

heterocycle metabolic process

coenzyme metabolic process

cellular response to topologically incorrect protein
organic cyclic compound metabolic process

cellular protein metabolic process

cellular aromatic compound metabolic process

cellular component organization or biogenesis at cellular level

mitochondrial transport

tRNA metabolic process

small molecule metabolic process

single−organism metabolic process

nucleobase−containing compound metabolic process

'de novo' protein folding

activation of signaling protein activity involved in unfolded protein response

regulation of nuclease activity

'de novo' posttranslational protein folding

positive regulation of nuclease activity

cofactor biosynthetic process

mitochondrial RNA metabolic process

cellular component biogenesis

organelle organization

fatty−acyl−CoA biosynthetic process
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Example of functional categories: Gene Ontology.
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Example of functional categories: KEGG pathway

DATA ANALYSIS: Pathway analysis
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Gene Set Enrichment Analysis (GSEA)

Threshold-Free Approach: Uses all detected genes from the RNA-seq experiment - no 
arbitrary cut-offs.

Detects Coordinated Shifts: Identifies pathways where individual genes show subtle, 
modest changes that together drive a massive biological response (e.g., metabolic or 
inflammatory cascades).

The GSEA Workflow

Rank All Genes: Order the entire gene list by a metric 
reflecting differential expression (e.g., sign(Log2 
FC)×−log10(padj)).

Calculate Enrichment Score (ES): Walk down the ranked 
list, increasing the score when a gene belongs to the 
pathway set and decreasing it when it does not.

Statistical Evaluation: Permute labels to derive 
significance (p-value) and normalize scores across 
different gene set sizes.



Gene Set Enrichment Analysis (GSEA)

Enrichment Score (ES): The green curve reaches a 
positive peak (ES≈0.40) on the left, demonstrating 
significant pathway enrichment.   

Gene Set Hits: Vertical black lines are densely clustered 
at the top of the ranking, showing coordinated up-
regulation in Phenotype A.   

Ranked List Metric: All ∼36,000 genes are ranked by 
Signal-to-Noise ratio, transitioning from Phenotype A 
(red) to Phenotype B (blue).

In summary, pathway KO05410 is strongly activated/up-regulated in 
Phenotype A compared to Phenotype B



Feature GO GSEA

Input Data
List of top DEGs (e.g., 
200 genes passing 
threshold)

Entire ranked dataset 
(e.g., 18,000 genes)

Cut-off dependency High (sensitive to 
threshold selection) None (threshold-free)

Biological Sensitivity Detects strong single-
gene drivers

Detects small, 
coordinated pathway 
shifts

GO vs GSEA

Both GO and GSEA can utilize the exact same functional 
databases (GO_BP, KEGG, Reactome etc.); they differ solely in 
their statistical approach to testing pathway enrichment.


