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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.
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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.
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Pseudo-alignment and transcript abundance estimation (direct from FASTQ); faster especially when dealing with large datasets
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They are generally preferred for their statistical rigor and lower false positive rates.
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can be used to identify differentially expressed isoforms and analyze splice junction usage. computationally intensive and high false positive rate
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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.



DATA ANALYSIS: ESTIMATING EXPESSION LEVELS



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: DIFFERENTIAL EXPRESSION ANALYSIS

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.
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Quando si effettua un test di significatività statistica, inizialmente si assume la cosiddetta «ipotesi nulla», 
secondo la quale non esiste nessuna differenza tra i gruppi riguardo al parametro considerato. Secondo 
l'ipotesi nulla, i gruppi sono fra loro uguali e la differenza osservata va attribuita al caso.

Ovviamente l'ipotesi nulla può essere vera o falsa. Ora tu devi decidere: accetti o rifiuti l'ipotesi zero?
Per decidere devi analizzare i tuoi dati con un test statistico. Se il test ti «consiglia» di rifiutare l'ipotesi
nulla, allora la differenza osservata viene dichiarata statisticamente significativa. Se invece il test ti
«consiglia» di accettare l'ipotesi nulla, allora la differenza è statisticamente non significativa.

Il livello di significatività di una prova può essere scelto a piacere dallo sperimentatore. Tuttavia, di solito
si sceglie un livello di probabilità di 0.05 (5%) o di 0.01 (1%). Questa probabilità (detta valore P) 
rappresenta una stima quantitativa della probabilità che le differenze osservate siano dovute al caso.
Più precisamente, il valore P è "la probabilità di ottenere un risultato altrettanto estremo o più estremo di 
quello osservato se la diversità è interamente dovuta alla sola variabilità campionaria, assumendo quindi
che l'ipotesi iniziale nulla sia vera" (Signorelli).

Notare che P è una probabilità e quindi può assumere solo valori compresi fra 0 e 1. Un valore P che si
avvicina a 0 testimonia una bassa probabilità che la differenza osservata possa essere ascritta al caso.

PILLOLE DI STATISTICA….
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When carrying out a statistical significance test, one initially assumes the so-called "null hypothesis," according to which there is no difference between the groups regarding the parameter under consideration. According to the null hypothesis, the groups are equal to each other, and the observed difference is attributable to chance.

Obviously, the null hypothesis can be either true or false. Now you must decide: do you accept or reject the null hypothesis?

To decide, you must analyze your data with a statistical test. If the test "advises" you to reject the null hypothesis, then the observed difference is declared statistically significant. If, however, the test "advises" you to accept the null hypothesis, then the difference is statistically non-significant.

The significance level of a test can be chosen arbitrarily by the experimenter. However, a probability level of 0.05 (5%) or 0.01 (1%) is usually chosen. This probability (called the P-value) represents a quantitative estimate of the probability that the observed differences are due to chance.

More precisely, the P-value is "the probability of obtaining a result as extreme or more extreme than the one observed if the difference is entirely due to sampling variability alone, thereby assuming that the initial null hypothesis is true" (Signorelli).

Note that P is a probability and can therefore only assume values between 0 and 1. A P-value that approaches 0 indicates a low probability that the observed difference can be attributed to chance.
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STATISTICS
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Example: In a hypothetical experiment, a drug was shown to have an anti-hypertensive effect: in the treated subjects, systolic pressure decreased, on average, by 2 mm of Hg compared to untreated subjects, and this difference was found to be "statistically significant."

This does not automatically imply that the drug is a good anti-hypertensive; in fact, it is likely to be practically useless in therapy, as such a limited reduction (2 mm Hg) has no clinical interest.

This example highlights the important distinction between statistical significance (the difference is unlikely due to chance) and clinical significance (the difference is large enough to matter in real-world patient care).



STATISTICAL METHODS FOR RNA SEQUENCING DIFFERENTIAL ANALYSIS



DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

By transcripts

mariangela morlando
The q-value is an adjusted p-value, taking in to account the false discovery rate (FDR)



By genes
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DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

A scatterplot is an effective visualization tool that plots read count distributions across all genes 
and samples. Specifically, it represents each row (gene) as a point in each scatterplot.

a Scatter plot. b Volcano plot. c MA plot DE genes are located in each plot while padj < 0.01 and 
|log2foldChange|>1.
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DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

The false discovery rate (FDR) is a statistical approach used in multiple hypothesis testing to
correct for multiple comparisons. It is typically used in high-throughput experiments in order to
correct for random events that falsely appear significant.

The q-value can be interpreted as the FDR: the proportion of false positives among all positive
results. Just as the p-value gives the expected false positive rate obtained by rejecting the null
hypothesis for any result with an equal or smaller p-value, the q-value gives the expected FDR
obtained by rejecting the null hypothesis for any result with an equal or smaller q-value.

A commonly used plot is a volcano plot; in which you have the 
log of FDR are plotted on the y-axis and log2 fold change 
values on the x-axis.



DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION

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

mariangela morlando
X: normalized read count for a specific gene within an individual sample.
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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
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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) describes our knowledge of the biological domain with
respect to three aspects:

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) 
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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



DATA ANALYSIS: FUNCTIONAL ENRICHMENT ANALYSIS

Example of functional categories: Gene Ontology.

ribosome biogenesis
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DATA ANALYSIS: FUNCTIONAL ENRICHMENT ANALYSIS

Example of functional categories: Gene Ontology.



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.

DATA ANALYSIS: QUANTIFICATION OF GENE EXPRESSION
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DATA ANALYSIS: Pathway analysis
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Example of functional categories: KEGG pathway


