
Course overview:
Introduction to single cell

A. Introduction to the need to transcriptomics, 
from Qpcr to scRNA-Seq

B. Introduction to scRNA-Seq 

C. Computational background

D. Pseudo time

E. More scRNA methods

F. Spatial

G. LLM & co – in exploration
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Time

• Monday, Wednesday & Thursday 16-19h

• Break – when?

• Thursday 14h talk

Intro Transcriptomics



Informal

• Small group, ask question when something is 
not clear
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Introduction to 
transcriptomics

Thomas D. Otto
thomasdan.otto@glasgow.ac.uk



Learning outcomes

• Describe the benefit of RNA-Seq – when is a 
gene differentially expressed

• Develop a critical understanding of the need 
for replicates and a controlled experimental 
setup

• Perform (and understand) a t-test

• Reflect of the best use to represent any data

• Reflect on potential use of RNA-Seq for your 
future

Intro Transcriptomics



Overview

• Why visualizing data?

• How and why to plot data

• Transcriptomics: From Q-PCR to Microarray / 
RNA-Seq – differential expression analysis

• Compare two conditions – what is different?
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Overarching aim

• We want to compare two different samples 
groups, and find genes that are differently 
expressed – statistically significant
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What is significance? 

Intro Transcriptomics



A t-test…

• … “checks” if something the average of two 
“groups” are “reliably” (or significantly) 
different

• That means, that the difference is not 
obtained by chance

Intro Transcriptomicshttps://www.youtube.com/watch?v=0Pd3dc1GcHc
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Difference between groups? 



Intuition
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p-value

• each test has a p-value
• p-value tells us the likelihood that there is a real 

difference

• Specifically, the p-value is the probability that 
the pattern of data in the sample could be 
produced by random data

•  p=0.001 – there is a 0.1% chance that this result 
was obtained with random data 

Intro Transcriptomics



Gut feeling for 
P-value

Intro Transcriptomicshttps://www.youtube.com/watch?v=qvPWQ-e03tQ&t=64s

95 percent confidence interval



Sample size – biological replicates

• Why is the title in bold? 

• The more the better – too small, less likely to 
find any difference

• “degrees of Freedome” (df) is equal the 
sample size minus one.

Intro Transcriptomics



Example of T-test

Intro Transcriptomics

In R:
t.test(data[,1],data[,2])

 Welch Two Sample t-test

data:  data[, 1] and data[, 2]
t = 2.4204, df = 4.3627, p-value = 0.06745
alternative hypothesis: true difference in 
means is not equal to 0
95 percent confidence interval:
 -0.3269542  6.2469542
sample estimates:
mean of x mean of y 
     5.30      2.34



Limitations

1. Findings limited to type of experiment

2. Data need to be normal distributed!

3. Compare roughly that same number of 
datapoints for each group

4. Data should be independent to each other

5. Units to compare (not ranks)
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How to write a t-test results?

“An independent-samples t-test was used to 
check the effectiveness of a rheumatoid 
arthristis drug t(99)=0.33, p=0.37, but no 
significant difference was found (Drug M=34; 
Control M=36)”

Intro Transcriptomicshttps://www.youtube.com/watch?v=0Pd3dc1GcHc



In a more formal way: t-test

• Null Hypothesis: What we are aim  to disprove, 
that taking the drug does not change the 
expression of our genes of interest.

• Alternative Hypothesis: Our effect of interest, or 
the antithesis of the null hypothesis: The drug is 
working

• Significance level (α): Probability of incorrectly 
rejecting the null hypothesis. This is always 
established at the beginning of every hypothesis 
test. p<0.05 (5% change that the result is due to 
chance alone)
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Transcriptomics

• From Q-PCR

• to 

• transcriptomics sequencing

Intro Transcriptomics



Rheumatoid Arthritis
Rheumatoid arthritis (RA) is a long-term 
autoimmune disorder that primarily affects joints. 
While the cause of rheumatoid arthritis is not clear, 
it is believed to involve a combination of genetic 
and environmental factors. The underlying 
mechanism involves the body's immune system 
attacking the joints.
The goals of treatment are to reduce pain, decrease 
inflammation, and improve a person's overall 
functioning.
Cascades of drugs: Steroids, disease-modifying 
antirheumatic drugs (DMARDs), biologic DMARDs 
(using biotechnology)

Intro Transcriptomics
Wikipedia 2019



Imaging:

• A lab – where you do your master project – 
has a new drug that might “cure” RA!

• You have been asked to analyse Q-PCR data 
that where performed on one gene from a 
clinical trial.  “Blood treated with the drug”

• The values are 5.5 and 1.8, for untreated and 
treated patient samples, respectively. 

• What do you do? 
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What do you do? 

• How could you plot the data? 

• Does this experiment make any sense?

• If yes -> why?

• If no -> why not?
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What about more data?

Intro Transcriptomics

Expression fold change 
against 3 core genes from 10 
patients

Untreated Treated

5.5 0.8

5 5

4.5 0.3

6 5.5

5.5 0.1

How can we re-present these?
Can we do in excel?



The boxplot

Intro Transcriptomics

Is that a well annotated plot, yes or no?



• 1 1 1 2 100

• What is the average?

• What is the median?

Intro Transcriptomics



Is the annotation better? 

Intro Transcriptomics

boxplot(d[,1],d$Treated, main="Boxplot to compare fold expression of gene 
X",xlab=”Conditions",ylab="Fold change",names=c("Untreated",”Treated"))



The boxplot

Intro Transcriptomics

In R:
t.test(data[,1],data[,2])

 Welch Two Sample t-test

data:  data[, 1] and data[, 2]
t = 2.4204, df = 4.3627, p-value = 0.06745
alternative hypothesis: true difference in 
means is not equal to 0
95 percent confidence interval:
 -0.3269542  6.2469542
sample estimates:
mean of x mean of y 
     5.30      2.34



Let’s take another gene

Intro Transcriptomics

Untreated Treated

1.8 10

0.8 15

2.4 20

1 5

0.5 30

p-value = 0.02657

• It is below 0.05!
• So we don’t have to do more genes… 
• Is there something wrong here?

• Correction for Multiple testing



Let’s split this group

• And prove that there is a real difference

Intro Transcriptomics



Multiple testing, let’s make an 
example

http://en.wikipedia.org/wiki/Multiple_comparisons_problemIntro Transcriptomics



Methods for multiple correction

• Bonferroni Correction
The most conservative of corrections, the 
Bonferroni correction is also perhaps the most 
straightforward in its approach. Simply divide 
α by the number of tests (m).
– New α is 0.05/ 2 -> 0.025, so our test before is not 

significant 

• What can we do next?

Intro Transcriptomics

https://towardsdatascience.com/
an-overview-of-methods-to-address-the-multiple-comparison-problem-310427b3ba92

https://towardsdatascience.com/


OK, more measuring points

Untreated Treated

5.5 0.8

5 5

4.5 0.3

6 5.5

5.5 0.1

4.3 5.6

5.8 0.2

5.9 5.4

5.5 0.5

7 5.5

5.3 0.5

5.6 5.6

5.4 0.6

5.7 5.2

5.2 2

Intro Transcriptomics

p-value = 0.001211
boxplot(data,xlab="Groups", ylab="fold change",main ="Q-PCR for RA drug assay")



Are we happy?

Intro Transcriptomics
hist(data[,2],breaks=10,main="Histogram of values from Treated", xlab="Fold change")

What could that immunological mean? ( to see two peaks?)

Some of the individual are non-responders!



Better: Violin plots - ggplot2

Intro Transcriptomics

library(ggplot2)
data<-read.table("Set4.txt", header=T)
<- ggplot(ToothGrowth, aes(x=dose, y=len)) + geom_violin()
p + geom_jitter(shape=16, position=position_jitter(0.2))

http://www.sthda.com/english/wiki/ggplot2-violin-plot-quick-start-guide-r-software-and-data-visualization

Are you happy with the annotation of the graphs? No title, no y-axis label!



Conclusions (2/n)

• Think about your null hypothesis and set 
Significance level (α)

• Look for significance (eg t-test)  - have enough 
replicates

• Think about multiple test correction

• Visualise the data in different manners 
(histogram, boxplots, violin plots and many more)

• In a scientific project the data are the results, the 
heart of your experiment.  The correct 
visualization is crucial.

Intro Transcriptomics



Consideration

• From which part of the body did we take the 
sample? (Can we access all part of the body?) 

• Is it a mixed or single cell type?

• Could that experiment be real? 

• Include clinical data

• Are there other methods to access expression 
of genes?

Intro Transcriptomics



Part 2.2: Transcriptomics

• Micro array – not doing this anymore

• RNA-Seq 

– General idea

– Visualisation

– Differential expression analysis in R

Intro Transcriptomics



Why do we want to access the 
complete transcriptome?

Intro Transcriptomics



Q-PCR versus microarray

• A microarray is a laboratory tool used to 
detect the expression of thousands of genes 
at the same time. 

Intro Transcriptomics



Microarray analysis is challenging

• Access expression of all genes (the one you 
have probes - can buy)

• Capture of signal (light) is not perfect, especial 
low abundance.

• With the RNA-Seq (sequencing of RNA / 
transcripts) most groups moved away from 
arrays.

Intro Transcriptomics



Example: Identify markers and mechanisms 
of resistance to adalimumab therapy 

• Paired synovial biopsies were obtained from the 
affected knee of 25 DMARD (disease-modifying 
antirheumatic drug)-resistant RA patients at 
baseline (T0) and 12 weeks (T12) after initiation 
of adalimumab therapy. 

Intro Transcriptomics(PMID:19389237)



Group patients by responder

Intro Transcriptomics

• New type of graph
• Baseline versus 

later time point



Differentially expressed genes before (T0) and 12 weeks after (T12) start 
of adalimumab in synovial biopsy specimens of rheumatoid arthritis 

patients who responded to therapy. 

Intro Transcriptomics

Paired Student t tests indicated that 632 (out of 54,675) genes displayed significant differences 
in expression between T0 and T12 in six synovial tissue samples obtained from RA patients who 
responded to adalimumab therapy 
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Do you know what a heatmap is?

Intro Transcriptomics



Or explain better?

• /Users/thomasdan.otto/Library/CloudStorage
/OneDrive-
UniversityofGlasgow/Teaching/OtherWorksho
ps/2025_Uruguay_SC/Data/

Intro Transcriptomics



Q-PCR confirmation

Intro Transcriptomics

- QPCR (T0) (n = 10) and 12 weeks 
after (T12) (n = 8) initiation of 
adalimumab therapy 

- Samples were loaded in triplicate 
- *P < 0.05. 
- CCL5, chemokine lig- and 5; 

CTLA4, cytotoxic T-lymphocyte-
associated antigen 4; LTB, 
lymphotoxin beta. 



fibroblast-like synovial cells cultured 
with of different cytokines

Intro Transcriptomics

• evaluated in at least four different experiments 
• mean fold change in gene expression and standard error of the 

mean, relative to the mean gene expression of the baseline 
condition normalized to 

• *P < 0.05, **P < 0.005, ***P < 0.0005 using Wilcoxon signed rank 
test 



Summary of paper

• identified baseline markers of response to TNF 
blockade in a group of RA patients treated 
with adalimumab 

• genes overexpressed in the poor responders 
are induced by TNF-α, but also by IL-1β 

• “initiate larger studies in order to confirm the 
prognostic value of our markers “

Intro Transcriptomics



Summary 

• Microarray analysis is challenging, need of many 
replicates

• Access expression of all genes (the one you have 
probes - can buy)

• Capture of signal (light) is not perfect, especial 
low abundance.

• With the RNA-Seq (sequencing of RNA / 
transcripts) most groups moved away from 
arrays.

Intro Transcriptomics



Probes / Antibodies

• Concept will return

Intro Transcriptomics



Transcriptome sequencing 

What does a sequencing read represents?Intro Transcriptomics



How does the data looks like?

Intro Transcriptomics



Microarray vs. RNA-seq

 Microarray RNAseq 

Basis Microarray platform 

required 

Reference genome 

preferable 

Interspecific comparison Tricky Relatively straightforward 

Sample quantity 100 ng RNA per sample 1ug RNA per sample 

Coverage Low abundance transcripts 

not detectable 

Single copy transcripts 

detectable with enough 

sequence coverage 

Informatics Relatively low 

requirements  

Currently intense 

requirements 

Cost Fairly cheap once platform 

setup 

Relatively expensive but 

falling. 

 

In fact RNA-seq is much more like EST sequencing, 
but truly global and quantitativeIntro Transcriptomics



How Does Sequencing Work?

● Carry out replication 
under controlled 
conditions

● Artificially slow down 
the reaction to see 
the order in which 
bases are 
incorporated

Sanger sequencing (1975)



How Does Sequencing Work?

Sanger Sequencing (1975)

Uses modified nucleotides 
(didioxynucleotide - 
ddNTPs) that cannot be 
extended

Each ddNTP is labelled with 
a different dye so you can 
see the order in which they 
are incorporated

Long reads and low error 
rate, but low throughput



How Does Sequencing Work? Illumina 
Sequencing

Illumina Sequencing

DNA fragments are 
adaptor-ligated and 
attached to a flow cell

PCR is carried out in situ to 
form clusters

Sequencing can be carried 
out on millions of clusters 
simultaneously



How Does Sequencing Work?

Illumina Sequencing

Blocked and labelled 
nucleotides are added

1 nucleotide is 
incorporated and an image 
is taken of the array

Label and block are 
removed and cycle repeats



100 
MICRONS

A C
G T

> 100 MILLION CLUSTERS 
PER FLOW CELL

20 MICRONS

The technology

Intro Transcriptomics



Illumina reversible terminator

Intro Transcriptomics



How Does Sequencing Work?

Illumina Sequencing

Blocked and labelled 
nucleotides are added

1 nucleotide is 
incorporated and an image 
is taken of the array

Label and block are 
removed and cycle repeats



How Does Sequencing Work?

Illumina Sequencing

Blocked and labelled 
nucleotides are added

1 nucleotide is 
incorporated and an image 
is taken of the array

Label and block are 
removed and cycle repeats



Basecalling



Paired End Sequencing

A short read is sequenced 
from each end of each 
fragment

Blue and black are 
adaptors

Insert or fragment size is 
the distance between 
adaptors

The region between the 
reads is not sequenced - it 
is covered by other 
fragments

Insert size
200-600bp

Not 
sequence
d

Reads that map in the correct 
orientation and the expected 
distance apart are “concordant” or 
“proper pairs”

Concordant alignments are 
prioritised



Illumina HiSeq

Intro Transcriptomics



Pacific Biosciences and Single Molecule 
Real Time (SMRT) sequencing

• Sequencing via light detection
• Light passing through channels is attenuated

• “Zero Mode Waveguides” 
• Tiny reaction chambers
• A single polymerase is monitored

Intro Transcriptomics



PacBio RS

Single molecule real time sequencing (SMRT), 
based on the properties of zero-mode waveguides.

Intro Transcriptomics

raw reads

reads of insert

Vertical lines are insertions in read



Hifi – High quality

Third Generation 
PacBio

A polymerase trapped in a 
well on a plate synthesises 
DNA

High stochastic error rate 
can be mitigated by 
circular consensus 
sequencing

This reduces the read 
length



Strand Sequencing by Oxford 
Nanopore

Intro Transcriptomics



Which Technology to Use?
Sanger Illumina PacBio Nanopore

Cheap Mid Expensive Cheap

1000 bp 30 - 350 bp 
BEST 150bp 

10,000 bp 100,000 bp (?)

>99.5% accuracy >99% accuracy 85% accuracy
Now 99%

70% accuracy
Q20: 99%??

Low throughput Portable

Sequence a 
mutant or 
construct

Genome wide 
SNV analysis, 
differential 
expression

Generating a 
new reference 
assembly

Reference 
assembly, field 
monitoring



S e q u e n c i n g 
Not to scale

Intro Transcriptomics

Show reads

Assembly Mapping

Map reads to reference genome

In silico
Sequence reads (fastq file)

Analyse results
Assembly

Scaffold /

Contigs



• THOMAS

• T-OMAZ

Intro Transcriptomics

Align the following two sequences:

ATTGAAAGCTA

GAAATGAAAAGG

What is an alignment?



AlignmentS e q u e n c i n g 
Not to scale

aaaatttttgacgaagcaggtaatgactagcattgacaggtaaaaaaaaattgcgcggcca

gtagcatt

Quality Control

Read Trimming

Base calling

Alignment

Variant calling

atgagtag

atgagtag

taggattg

tgagtag gtaaaaatt

ggtaaaaattgc



AlignmentS e q u e n c i n g 

aaaatttttgacgaagcaggtaatgactagcattgacaggtaaaaaaaaattgcgcggcca
gtagcatt

Quality Control

Read Trimming

Base calling

Alignment

Variant calling

How long that take us for the human genome?

Not to scale

atgagtag

atgagtag

taggattg

tgagtag gtaaaaatt

ggtaaaaattgc



AlignmentS e q u e n c i n g 
Not to scale

atgagtag

aaaatttttgacgaagcaggtaatgactagcattgacaggtaaaaaaaaattgcgcggcca

atgagtag

gtagcatt

taggattg

tgagtag

Quality Control

Read Trimming

Base calling

Alignment

Variant calling

gtaaaaatt

ggtaaaaattgc



AlignmentS e q u e n c i n g 
Not to scale

atgagtag

aaaatttttgacgaagcaggtaatgactagcattgacaggtaaaaaaaaattgcgcggcca

atgagtag

gtaaaaa----ttgtagcatt
tagcattg

Reference

ggtaaaaa----ttgc
tgagtag

Quality Control

Read Trimming

Base calling

Alignment

Variant calling



Variant
calling

S e q u e n c i n g 
Not to scale

tgagtag

aaaatttttgacgaagcaggtaatgactagcattgacaggtaaaaaaaaattgcgcggcca

atgagtag

gtaaaaa----ttgtagcatt
tagcaatg

atgagtag

Reference – Could the SNP be in the COVID spike protein? 

ggtaaaaa----ttgc

Quality Control

Read Trimming

Base calling

Alignment

Variant calling



How to map reads

reference: GGGTTAGCGATGGAGA

read1: GA

read2: TAGCG

read3: GGCG

Intro Transcriptomics



How to map reads

TAGCG

|||||

  

Reference

Read

GGGTTAGCGATGGAGA

GG-----CG

||     || 

  

Reference

Read

GGGTTAGCGATGGAGA

Splicing

Intro Transcriptomics



Mapped
reads in 
Artemis

Intro Transcriptomics
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atgagtag

aaaatttttgacgtagcaggtaatgactagcattgacaggtaaaatttatggcgcgcgcggccatatta

atgagtag
aagtaatga

ctaggatt

taggattg

aggattga

tgactag

geneB

tatggcg
atggcgc

geneA

Mapped reads to read count matrix

read count table

Genes Condition1

atgagtag

aaaatttttgacgtagcaggtaatgactagcattgacaggtaaaatttatggcgcgcgcggccatatta

atgagtag
aagtaatga

ctaggatt

taggattg

aggattga

tgactag

geneB

tatggcg
atggcgc

geneA

read count table

Genes Conditi
on1

Cond 2



Counting the reads…

Intro Transcriptomics



RNA-Seq pipeline

Intro Transcriptomics

Reads

1. Quality control, Adapter trimming, low quality
fastqQC, trimOmatic Reads* Reference

2. Mapping (reads on reference)
STAR, HiSat2

mapping

Mapped reads
sam/bam File

3. Transform mapping reads
- bam file (samtools)
- read count matrix (featureCounts, HtSeq)

Visualise 
IGV/Artemis

Read count 
matrix

4. Transform mapped reads (bam file)
- read count matrix (featureCounts, HtSeq)



RNA-Seq Pipeline

Intro Transcriptomics

Reads

Reads* Reference

mapping

Mapped reads
sam/bam File

Reads

Reads* Reference

mapping

Mapped reads
sam/bam File

Reads

Reads* Reference

mapping

Mapped reads
sam/bam File

4. Transform mapped reads (bam file)
- read count matrix (featureCounts, HtSeq)



RNA-Seq pipeline

Intro Transcriptomics

Reads

Reads* Reference

mapping

Mapped reads
sam/bam File

Visualise 
IGV/Artemis

Read count 
matrix

DeSeq2 in R

Design comparison

Quality control

Differential expression

Filtering data

critical result

Who spots 
the mistake?



Some definitions

• What does a RNA-Seq read represents?

• Why does that represent expression?

• What does the height of the coverage plot 
represents?

• 2 methods to count
– read counts (how many reads map to each gene)

– normalized : FPKM (fragments per kilobase of 
exon per million fragments mapped)

Intro Transcriptomics



Overarching aim

• We try to detect genes that are differentially 
expressed between two groups that can 
explain observed “differences”

• We need good quality data that we can trust

Intro Transcriptomics



Two examples

Intro Transcriptomics



RNAseq

RNAseq

RT-PCR

Plasmodium RNAseq

(2010)

88Berlin 2015



Differential expression:
Vector transmission regulates immune 

control of virulence
• Serial blood passage of parasites leads to increased virulence

• Phil Spence & Jean Langhorne developed routine mosquito 
transmission of P.c. chabaudi.

MT parasites show attenuated growth (not due 
to dose or pre-erythrocytic-stage of infection)

Spence et al. Nature 2013
Intro Transcriptomics



The immune response is different

Intro Transcriptomics



Differential 
expression

3 biological replicates
Use read counts 
assume negative binomial distribution of read counts
DESeq

statistically significantly expressed genes 
(up-regulated) 

MA-plot

Intro Transcriptomics



Statistically differentially expressed?

• Need a test to understand which genes are 
“really” different

• Correction of multiple testing

• Tools: Sleuth, DEseq2, EDGER

• More robust results with more replicates

Intro Transcriptomics



Statistically differentially expressed?

• Need a test to understand which genes are 
“really” different

• Correction of multiple testing

• Tools: Sleuth, DEseq2, EDGER

• More robust results with more replicates

Intro Transcriptomics
https://bmcgenomics.biomedcentral.com/articles/10.1186/s12864-018-5257-x



Differential expression with DESeq2

• DESeq is an R package, part of Bioconductor

• Starts from read counts and does its own normalisation

• For each sample the size factor is calculated – how 
many reads

• Dispersion estimated (how tied are the expression 
values)

• For DE uses a negative binomial distribution, and 
“performs an advanced t-test”

• We will focus to run the tools and have an idea of the 
functionality, rather than becoming statistician’s!

Intro Transcriptomics



How does the result looks like?

Intro Transcriptomics
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Visualisation

Intro Transcriptomics

volcano plot

PCA 

heatmap most expressed genes

GO enrichment (later)



Differential expression

• Good biological question

• Good sample preparation

• Enough biological replicates (get information 
through published studies)

• Sequencing -> Quality control, fastqc and 
visualize the results

• Differential expression (DeSeq2, EdgeR, Sleuth)

• Check FDR, enrichment test (GO)

• Interpretation of the results

• Write the paper
Intro Transcriptomics



DE genes, what to do now?

• From Covid paper, CD14 cluster

Intro Transcriptomics

Study them one by one



Enrichment analysis: what do we 
need?

It is a computational biology method that identifies 
biological functions that are overrepresented in a group 
of genes more than would be expected by chance

Info about “group of genes”DE genes from your dataset

Intro Transcriptomics



Where I can find info about “group of 
genes”?

• Databases:

– KEGG

– GO

– StringDB

– Reactome

– DAVID knowledge

– …

• From where are the info?
• Literature

• Automatic

• Manual

• Experimental

• Modelling/Prediction

Intro Transcriptomics



Stop here? what is GO?

• Gene Ontology
• Controlled vocabulary
• Saved as a graph
• The terms are grouped into three categories:

– molecular function (describing the molecular activity 
of a gene)

– biological process (describing the larger cellular or 
physiological role carried out by the gene, coordinated 
with other genes) 

– cellular process (describing the location in the cell 
where the gene product executes its function).

Intro Transcriptomics



An example

Putative ferredoxin/flavodoxin oxidoreductase,
gamma subunit
-> Look in uniprot and then EBI GOA

The attribution is done automatically

Intro Transcriptomics



Or in R
Good =matrix(data=c(100,900,500,11500),nrow=2)

colnames(Good) = c("DE", "Rest")

rownames(Good) =c("in Pathway","somewhere else")

fisher.test(Good)

• p-value < 2.2e-14

NotG 
=matrix(data=c(100,900,1100,119000),nrow=2)

colnames(NotG) = c("DE", "Rest")

rownames(NotG) =c("in Pathway","somewhere 
else")

fisher.test(NotG)

?

Intro Transcriptomics

Ratio is 
The same



Multiple correction

• If you do more test, you need to apply correct for multiple testing!!!

• If you have four conditions A B C D E and do 
• A vs B; A vs C; A vs D; A vs E; B vs C; B vs D; B vs E; C vs D; C vs E & D vs E 

– you have to correct ALL P-values for the 10 amount of test. 
• Most conservative method is to multiple so an adjusted P-value of 

0.005 becomes 0.05 and is on the boardline of the false discovery rate!

• Tools normally do multiple correction, but not between “experiments” 
of the user

Intro Transcriptomics



Example 2 StringDB

Intro Transcriptomics



DE genes/p-value and pathways 
relationship…

Intro Transcriptomics

0.05 0.05
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Downregulated Upregulated
What if small but coordinated changes in sets of 

functionally related genes may also be 
important???



GSEA

• Gene set enrichment analysis (GSEA) 
(also functional enrichment analysis)

• Uses the complete gene list (by P-
value)

• Orders genes by P-values (down 
regulated is minus)

• Test the occurrence of terms like GO in 
terms of rank

Intro Transcriptomics

https://www.gsea-msigdb.org/gsea/index.jsp



Examples

Intro Transcriptomics

https://www.ncbi.nlm.nih.gov/pmc/articles/PMC4470683/



Questions

1. What is the power of RNA-Seq and DE 
analysis?

2. Why do we need good quality data?

3. What is the importance of biological 
replicates?

4. Why is statistical analysis DE / correct of P-
values so important?

Intro Transcriptomics



Consider

• How powerful are enrichments? In some cases these make more sense 
than in others

• Databases are based on existing knowledge
• Annotation is not evenly distributed: There is more research in T-cell in 

cancer than in a rare novel subtype in rheumatoid arthritis – this might 
distracted

• Enrichments gives you a general overview, but you need to then dig 
deeper

• Check that your ”most significant genes” for the gene list are also part 
of the enrichments

• In the end, it stills comes down to how much you
 and your collaborator know!

Intro Transcriptomics



Conclusions (3/n)

• RNA-Seq is a powerful tool to access expression 
of all genes (and other elements miRNA)

• Differential expression analysis to find genes 
changing expression due to different condition

• Very population in Immunology

• In the exercise you are going to perform 
differential expression from a read count matrix 
with DESeq2

• You need good quality data and enough biological 
replicates to obtain statistically relevant results

Intro Transcriptomics
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