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Programme

• The theory and practice of gene set enrichment

• Gene set enrichment practical

• Presenting results

• Dealing with artefacts and biases

• Motif analysis

• Motif analysis practical



Standard Gene List Output



Descriptions aren’t always informative

Gene Description

Gpr55 G protein-coupled receptor 55 [Source:MGI Symbol;Acc:MGI:2685064]

Ncl nucleolin [Source:MGI Symbol;Acc:MGI:97286]

Aspm asp (abnormal spindle)-like, microcephaly associated (Drosophila) [Source:MGI Symbol;Acc:MGI:1334448]

Tnfsf4 tumor necrosis factor (ligand) superfamily, member 4 [Source:MGI Symbol;Acc:MGI:104511]

Ephx1 epoxide hydrolase 1, microsomal [Source:MGI Symbol;Acc:MGI:95405]

Setx senataxin [Source:MGI Symbol;Acc:MGI:2443480]

Angptl2 angiopoietin-like 2 [Source:MGI Symbol;Acc:MGI:1347002]

Ggta1 glycoprotein galactosyltransferase alpha 1, 3 [Source:MGI Symbol;Acc:MGI:95704]

Dab2ip disabled homolog 2 (Drosophila) interacting protein [Source:MGI Symbol;Acc:MGI:1916851]

Neb nebulin [Source:MGI Symbol;Acc:MGI:97292]

Ermn ermin, ERM-like protein [Source:MGI Symbol;Acc:MGI:1925017]

Ckap5 cytoskeleton associated protein 5 [Source:MGI Symbol;Acc:MGI:1923036]

Prr5l proline rich 5 like [Source:MGI Symbol;Acc:MGI:1919696]

Arhgap11a Rho GTPase activating protein 11A [Source:MGI Symbol;Acc:MGI:2444300]

Bub1b budding uninhibited by benzimidazoles 1 homolog, beta (S. cerevisiae) [Source:MGI Symbol;Acc:MGI:1333889]

Prnp prion protein [Source:MGI Symbol;Acc:MGI:97769]

Fam102b family with sequence similarity 102, member B [Source:MGI Symbol;Acc:MGI:3036259]



Gene summary sites are useful for single genes



LLMs can be useful if used with caution



Functional analysis relates hits to existing knowledge

Advantages:

• Biological insight

• Validation of experiment

• Generate new hypotheses

Limitations:

• You can only discover what is already known
– Novel functionality will be missing

– Existing annotations may be incorrect

– Many species are poorly supported

Germ-line stem cell division

The self-renewing division of a germline stem cell 
to produce a daughter stem cell and a daughter 
germ cell, which will divide to form the gametes.



Functionality is generally annotated on genes

• Things to think about

– Converting hits to genes
• Transcripts / Proteins are easy

• Genomic positions may be possible

– Gene nomenclature
• Names change over time

• Gene definitions appear / change

• Types of list

– Categorical (hit or not a hit)

– Ordered

– Quantitative

Hits
ABC1
DEF1
GHI1
JKL1

[All non hits]

Ordered
1. DEF1
2. ABC1
3. JKL1
4. GHI1

[All non hits]

Quant
ABC1 = 5.3
DEF1 = 2.1
GHI1 = 7.9
JKL1 = 1.0
MNO1 = 0.4
PQR1 = 5.7
STU1 = 3.8



Comparing your hits to functional gene sets

A4galt
Atl1
Cdk19
Cdon
Cecr2
Etv5

Flywch1
Gnpda2
Hoxc4
Ing2
Iigp1
Map3k9

Mypop
Rnf6
Serinc1
Stra8
Trp73
Zbtb16

Germ-line stem cell division

The self-renewing division of a germline stem cell 
to produce a daughter stem cell and a daughter 
germ cell, which will divide to form the gametes.

My Hits
A4galt
Atl1
Cdk19
Cdon
Cecr2
Etv5

Flywch1
Gnpda2
Hoxc4
Ing2
Iigp1
Map3k9

Mypop
Rnf6
Serinc1
Stra8
Trp73
Zbtb16



Nothing is ever straight forward…

• name: DNA methylation
• datasource: reactome
• organism: Human
• idtype: hgnc symbol
• Genes: 
• Methyltransferases: DNMT1 DNMT3A DNMT3B DNMT3L 
• Methyltransferase targeting protein: UHRF1
• Histones!!! H2AFB1 H2AFJ H2AFV H2AFX H2AFZ H2BFS H3F3A H3F3B HIST1H2AB 

HIST1H2AC HIST1H2AD HIST1H2AE HIST1H2AJ HIST1H2BA HIST1H2BB HIST1H2BC 
HIST1H2BD HIST1H2BE HIST1H2BF HIST1H2BG HIST1H2BH HIST1H2BI HIST1H2BJ 
HIST1H2BK HIST1H2BL HIST1H2BM HIST1H2BN HIST1H2BO HIST1H3A HIST1H3B 
HIST1H3C HIST1H3D HIST1H3E HIST1H3F HIST1H3G HIST1H3H HIST1H3I HIST1H3J 
HIST1H4A HIST1H4B HIST1H4C HIST1H4D HIST1H4E HIST1H4F HIST1H4H HIST1H4I 
HIST1H4J HIST1H4K HIST1H4L HIST2H2AA3 HIST2H2AA4 HIST2H2AC HIST2H2BE 
HIST2H3A HIST2H3C HIST2H3D HIST2H4A HIST2H4B HIST3H2BB HIST4H4

Best hit: “DNA Methylation” p<2e-10 



Sources of functional gene lists

• Human curated

– Gene Ontology

– Biological Pathways

• Domains / Patterns

– Protein functional domains

– Transcription factor regulated

• Experimental

– Co-expressed genes

– Interactions

– Hits from other studies



Gene Ontology is a human curated functional database



GO has three domains and a hierarchical structure

Root ontology terms
1 2 3

general

specific

Parent

Child

big

small



Genes are specifically placed into each domain

• Cellular Component

GO:0005634 nucleus 

GO:0005654 nucleoplasm

GO:0005730 nucleolus

• Molecular Function

GO:0003677 DNA binding

GO:0003700 transcription factor activity

GO:0003714 transcription corepressor activity

GO:0005515 protein binding

GO:0043565 sequence-specific DNA binding

• Biological Process

GO:0001714 endodermal cell fate specification

GO:0006351 transcription, DNA-templated

GO:0006355 regulation of transcription, DNA-templated

GO:0007275 multicellular organism development

GO:0008283 cell proliferation

GO:0019827 stem cell population maintenance

GO:0030154 cell differentiation

GO:0035019 somatic stem cell population maintenance

GO:0045595 regulation of cell differentiation

GO:0045944 positive regulation of transcription from RNA pol2

GO:1903507 negative regulation of nucleic acid-templated 
transcription

Nanog homeobox



GO Annotations come with evidence

• Experimental
– Experiment (EXP)

– Direct Assay (IDA)

– Physical Interaction (IPI)

– Mutant Phenotype (IMP)

• Computational
– Sequence Similarity (ISS)

– Sequence Model (ISM)

– Genomic Context (IGC)

– Biological aspect of Ancestor (IBA)

– Key Residues (IKR)

• Publications

• Curators



Annotations come with evidence

It looks like 
something 
which  is 

annotated

Actual 
experimental

evidence

Curator
Interpretation

Claimed in 
a paper

Mixture of 
sources

Annotated based on 
where it is in the 

genome



Pathway databases trace metabolic pathways and 
their regulation



Protein Domain databases annotate functional 
subdomains within proteins



Transcription Factor databases group genes by the 
motifs in their promoters

Factorbook



Interaction databases map out interactions 
between genes / proteins

• Physical interaction

• Genetic interaction

• Gene fusions

• Literature mentions

• Genome neighbourhood



Co-expression databases group genes which are 
expressed together



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



Testing for enriched gene sets



There are two basic ways to test for enrichment

• Categorical

– Start from a list of hit genes

– Count overlaps between hit 
list and functional list

– Find Functional lists where 
the degree of overlap is 
statistically unlikely

• Quantitative

– Start with all genes

– Associate a value with each 
gene

– Look for functional sets with 
unusual distributions of 
values



Categorical Enrichment Analysis



Categorical tests for enrichment

Gene List

3005 genes 
related to 

disease
3005/13,101=

23.1%

13,101 genes 
on chip

Related to 
disease

260/747 = 
34.8%

Not related to 
disease

Gene List Background

In disease 
annotated 
group

260 3005

Not in disease 
annotated 
group

487 10096



Fisher’s Exact test
Gene List Background Total

In disease 
annotated 
group

260

E = 176.1

3005

E = 3088.8
3265

Not in 
disease 
annotated 
group

487

E = 570.9

10096

E = 10012.1
10583

Total 747 13101 13848

(260/487) / (3005/10096)



Categorical tests are influenced by where you set the cutoff for 
“interesting” genes 

• Function X

– 3 hits out of 32 in 
‘interesting’ list

– Not significant 
(p=0.07)

Hit1

Hit2

Hit3

Hit4

Hit5

Hit6

Hit7

Hit8

Hit9

Hit10

Hit11

Hit12

Hit13

Hit14

Hit15

Hit16

Hit17

Hit18

Hit19

Hit20

Hit21

Hit22

Hit23

Hit24

Hit25

Hit26

Hit27

Hit28

Hit29

Hit30

Hit31

Hit32



Categorical tests are influenced by where you set the cutoff for 
“interesting” genes 

• Function X

– 3 hits out of 7 in 
‘interesting’ list

– Significant (p=0.02)

Hit1

Hit2

Hit3

Hit4

Hit5

Hit6

Hit7

Hit8

Hit9

Hit10

Hit11

Hit12

Hit13

Hit14

Hit15

Hit16

Hit17

Hit18

Hit19

Hit20

Hit21

Hit22

Hit23

Hit24

Hit25

Hit26

Hit27

Hit28

Hit29

Hit30

Hit31

Hit32



Ordered, but not quantitative lists allow sequential categorical 
analysis

• Function X
– Length=1 p=0.60

– Length=2 p=0.80

– Length=3 p=0.30

– Length=4 p=0.35

– Length=5 p=0.40

– Length=6 p=0.45

– Length=7 p=0.05

– Length=8 p=0.08

– Length=9 p=0.10

Hit1

Hit2

Hit3

Hit4

Hit5

Hit6

Hit7

Hit8

Hit9

Hit10

Hit11

Hit12

Hit13

Hit14

Hit15

Hit16

Hit17

Hit18

Hit19

Hit20

Hit21

Hit22

Hit23

Hit24

Hit25

Hit26

Hit27

Hit28

Hit29

Hit30

Hit31

Hit32



Directional Gene Lists

• One search or two?

– One search

• Higher power (more genes)

• Lower enrichment

• Mixed effects (pathways)

– Two searches

• Easier interpretation

• Less power

• Higher enrichment



Quantitative Enrichment Analysis



Quantitative comparisons can offer more power

• What quantitative value can we use?

–Differential p-value (normally -10 log(p))

– Fold change

–Absolute difference



What kind of changes do we expect in an interesting 
category?

Genes in that category all change, and by about the same amount?

Student’s T-test



What kind of changes do we expect in an interesting 
category?

Genes in that category all change in the same direction, but by 
different amounts?

Kolmogorov Smirnov Test



What kind of changes do we expect in an interesting 
category?

Genes in that category all change in either direction, but by 
different amounts?

Absolute KS Test



GSEA statistics

Boring

Interesting



GSEA Statistics

• Keep a running total

• Start at the highest values

• If gene is in the set add value

• Otherwise subtract value

• Enrichment score is max score

• Stats compare ES with 
randomly shuffled data



Multiple Testing Correction

• Original p-value is for one test (one gene set)

• Thousands of sets tested in each analysis

• Many tools report raw as well as corrected p-values

Raw p-values
(no correction)

Benjamini & Hochberg
False Discovery Rate

(FDR)

Bonferroni Corrected
P-value

 FALSE POSITIVES   



What do we get back from an enrichment test?

• A p-value
– Remember that this reflects not only difference but also variance and 

power (number of observations)

• A difference value
– Enrichment difference (odds ratio)

– Mean quantitative difference

– Remember large differences are easier to obtain with small numbers 
of observations



Tools for functional gene list analysis

• There are many different tools available, both free and 
commercial

• Popular tools include:



• Categorical or ordered statistics

• Lots of additional options

• Wide species support

• Interesting presentation

– Doesn’t scale well to lots of hits



• Categorical or Quantitative statistics

• Part of Gene Ontology Consortium

– Annotations are up to date

• Simple enrichment analysis

• Functional lists and categorical break down



• Categorical or quantitative statistics

• Pathway focussed

• Simple submission interface (no custom background)

• Really nice visualisations



• Categorical statistics

• Limited species support

• Allows custom backgrounds

• Uses PathwayCommons gene sets

• Innovative detection and presentation 
of artefacts



• Categorical Statistics

• Most popular system (mostly historic)

• Has been behind the latest annotation

– Was updated again, but now behind once more

• Lots of support for different IDs and Species

• Configurable gene sets

• Simple output presentation



• Categorical Statistics

• Biggest selection of gene sets

• Simple interface, but limited options

– No species information

• Simple interactive visualisation

• Novel scoring scheme to rank hits



• Categorical or ranked analysis

• Mostly GO gene list support

• Interesting visualisation options



GSEA
• Quantitative enrichment

• Designed for expression datasets

• Local application

• Imports tab delimited expression data



• Quantitative enrichment of sequencing datasets

• Local Java application 



Gene List Practical

https://tinyurl.com/exercisetostartat



Exploring and Presenting 
Results

Simon Andrews, Laura Biggins

simon.andrews@babraham.ac.uk

laura.biggins@babraham.ac.uk



Functional enrichment results

• Gene set information

– Gene set name

– Gene set source

– Gene set description

• Statistical information

– Raw p-value

– Corrected p-value

– Enrichment value

• Count information

– Hit genes in category

– Hit genes outside category

– Background genes in category

– Background genes outside category



Functional enrichment results

• Gene set information

– Gene set name

– Gene set source

– Gene set description

• Statistical information

– Raw p-value

– Corrected p-value

– Enrichment value

• Count information

– Hit genes in category

– Hit genes outside category

– Background genes in category

– Background genes outside category



Tables are often enough



Graphical Representations

• Need to add something over a table

–Relationships between multiple result values

–Representation of redundancy between categories

–Relationship to original data

–Context of surrounding pathway



Plotting relationships between values

• P-value(corrected)

• Enrichment

• Size of gene set



Redundancy in gene lists

Root ontology terms1 2 3

general

specific

Parent

Child

Gene ontology is hierarchical - a gene is placed in the most 
specific category and will also appear in all the parent 
categories 



Redundancy: DAVID clustering



Redundancy: Gorilla GO images

cbl-gorilla.cs.technion.ac.il/



Redundancy: Gorilla GO images

cbl-gorilla.cs.technion.ac.il/



Redundancy: Overlap plots



2D Redundancy

Revigo (from Gorilla)
http://revigo.irb.hr/

Enrichment Analysis Visualisation 
(from Enrichr)
https://appyters.maayanlab.cloud/Enrichment_Analysis_Visualizer/



Relationship to original data

• Quantitative values for genes in category

– Direction and magnitude of change

• Look at genes in category which aren’t hits

– Relative numbers

– Supportive changes?



Relationship to original data



Pathways

Reactome

ShinyGO



Pathways: Reactome



Summary

• Tables are often sufficient
– Must include name, enrichment, corrected p-value

– Other values are useful, but don’t put in everything

• Figures can add extra information
– Plotting multiple metrics

– Illustrating redundancy

– Relating to original data

– Mapping to pathways



Artefacts and Biases in Gene 
Set Analysis

Simon Andrews, Laura Biggins, Christel Krueger

simon.andrews@babraham.ac.uk

laura.biggins@babraham.ac.uk

christel.krueger@altoslabs.com



What does gene set enrichment test?

• Is a functional gene set enriched for genes in my hit list 
compared to a background set

• Are some genes more likely to turn up in the hits for technical 
reasons?

• Are some genes never likely to turn up in the hit list for 
technical reasons?



Biases

• All datasets contain biases
– Technical

– Biological

– Statistical

• Biases can lead to incorrect conclusions

• We should be trying to spot these
– Some are more obvious than others!



Technical Biases

• Simple GC bias from different polymerases 
in PCR



Statistical Biases

• The power to detect a significant effect is based on:

– How big the change is

– How well observed the data is (sample size)

• Lists of hits are often biased based on statistical power



RNA-Seq Statistical Biases

– The amount of change (fold change)

– The variability

– How well observed was it

• How much sequencing was done overall?

• How highly expressed was the gene?

• How long was the gene?

• How mappable was the gene?

What determines whether a gene is identified as 
significantly differentially regulated?



RNA-Seq Statistical Biases

• Unlikely to ever see hits from genes which are
– Lowly expressed
– Short



Biological Biases



Biases Look Like Real Biology

Bias Function P-Value

High GC DNA-Templated Transcription 2.00E-20

Low GC GPCR Signalling 4.00E-12

Long Genes Synapse 2.30E-30

Chr 18 Homophilic Cell Adhesion 1.01E-26





Bias or Biology?

ChIP Input



What can you do?

• Think about whether you’re likely to have expected biases in 
your experiment.

• Look for unexpected biases.

– Sometimes the bias is the interesting biology

• Use custom backgrounds during Gene Set Analysis to help 
minimise bias (if a tool supports it)



Using a background list can make a huge difference

• What genes were you likely to see?
– Some are technically impossible

• Membrane proteins in LC-MS

• Small-RNA in RNA-Seq

– Some are much less likely
• Unexpressed or low expressed in RNA-Seq

• Unmappable in ChIP-Seq

• Low CpG content in BS-Seq

• Make a list of what you could have seen, and set that as the 
background.



Expressed Genes

26,127 Genes Measured

Log2 Read Counts per Gene



Expressed Genes

10,378 Genes Realistically Measured (40%)

Log2 Read Counts per Gene

<128 (2^7) reads
per gene



Statistical biases affect gene sets too

• Fisher’s test is powered by
– Magnitude of change
– Observation level

• Big lists have more power to detect change
• Small lists are very difficult to detect

• Some tools allow you to exclude the largest gene set categories.  We often 
use categories with between 50 – 500 genes in to get power and specificity

• Always look at the enrichment and the p-value when deciding what is 
interesting



Fold Change and p-value
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Other biases: Random Genomic Positions

• Relating genomic positions to genes

• Find closest gene
– Synapse, Cell Junction, postsynaptic membrane (p=8.9e-12)

– Membrane (p=4.3e-13)

• Find overlapping genes
– Plekstrin homology domain (p=1.8e-7)

– Ion transport (p=7.1e-7)

Creating a background list with the same biases as 
your hit list will alleviate the artefacts.



Stuff which turns up more than it should…

• Did a trawl through GEO RNA-Seq datasets
– Downloaded pairs of samples which are supposed to be biological replicates
– Found changing genes
– Ran GO searches

• Many gene sets give hits. Some categories turn up very often
– Ribosomal
– Cytoskeleton
– Extracellular
– Secreted
– Translation 



www.bioinformatics.babraham.ac.uk/goliath/



www.bioinformatics.babraham.ac.uk/goliath/



Checking for unexpected biases

• Do my hits look different from non-hits in factors which should be 
unrelated
– Sequence composition

– Genomic position

– Gene Length

– Number of splice variants

– etc

• If a bias exists then is this the actual link between genes?  If not 
then can I fix this by improving my background list?



www.bioinformatics.babraham.ac.uk/goliath/



Custom backgrounds can make a difference



Custom backgrounds can make a difference

PLURINETWORK
POSITIVE REGULATION OF VASCULATURE DEVELOPMENT
POSITIVE REGULATION OF ANGIOGENESIS
HALLMARK E2F TARGETS
CHROMOSOME, CENTROMERIC REGION
DNA REPAIR
NEGATIVE REGULATION OF CELLULAR AMIDE METABOLISM
POSITIVE REGULATION OF ENDOTHELIAL CELL MIGRATION
NUCLEAR CHROMOSOME SEGREGATION
PID INTEGRIN1 PATHWAY

POSITIVE REGULATION OF VASCULATURE DEVELOPMENT
POSITIVE REGULATION OF ANGIOGENESIS
PID INTEGRIN1 PATHWAY
BETA1 INTEGRIN CELL SURFACE INTERACTIONS
INTEGRIN BINDING
ASSEMBLY OF COLLAGEN FIBRILS 
NABA ECM REGULATORS
POSITIVE REGULATION OF ENDOTHELIAL CELL MIGRATION
RECEPTOR LIGAND ACTIVITY
STRIATED MUSCLE TISSUE DEVELOPMENT

Top hits without correction Top hits with correction



Avoiding Biases

• Create a custom background if applicable
– Should contain all genes which *could* have been in your hit list

– May be a compromise, but it's better than nothing

– Will limit which tools you can run

• Filter your tested gene sets
– Remove large over powered sets, or sets which are too small to 

achieve significance (~50 to ~500 is generally about right)

– Check the hit gene sets for matches to known problematic sets



Programmatic Gene 
List Analysis in R

Simon Andrews

simon.andrews@babraham.ac.uk



https://bioconductor.org/packages/release/bioc/html/clusterProfiler.html

• Categorical or quantitative enrichment

• Multi-species support





Genome Annotations
org.Ag.eg.db  Anopheles
org.At.tair.db  Arabidopsis
org.Bt.eg.db  Bovine
org.Cf.eg.db  Canine
org.Gg.eg.db  Chicken
org.Pt.eg.db  Chimp
org.EcK12.eg.db E coli K12
org.Dm.eg.db  Fly
org.Hs.eg.db  Human
org.Pf.plasmo.db Malaria
org.Mm.eg.db  Mouse
org.Ss.eg.db  Pig
org.Rn.eg.db  Rat
org.Mmu.eg.db  Rhesus
org.Ce.eg.db  Worm
org.Xl.eg.db  Xenopus
org.Sc.sgd.db  Yeast
org.Dr.eg.db  Zebrafish



Installation and loading

install.packages("BiocManager")

BiocManager::install("clusterProfiler")
BiocManager::install("org.Hs.eg.db")

library(clusterProfiler)
library(org.Hs.eg.db)
library(tidyverse)



Different types of enrichment analysis

• Categorical enrichment

– enrichGO

– enrichPathway

• Quantitative enrichment

– gseGO

– gsePathway



Categorical Enrichment Analysis



Categorical Gene Ontology Enrichment

• Input requirements

– Vector of hit gene ids

– Keytype for the ids

– Vector of all analysed gene ids

> keytypes(org.Hs.eg.db)
 [1] "ACCNUM"       "ALIAS"        "ENSEMBL"      "ENSEMBLPROT"  "ENSEMBLTRANS"
 [6] "ENTREZID"     "ENZYME"       "EVIDENCE"     "EVIDENCEALL"  "GENENAME"    
[11] "GENETYPE"     "GO"           "GOALL"        "IPI"          "MAP"         
[16] "OMIM"         "ONTOLOGY"     "ONTOLOGYALL"  "PATH"         "PFAM"        
[21] "PMID"         "PROSITE"      "REFSEQ"       "SYMBOL"       "UCSCKG"      
[26] "UNIPROT" 



Picking the correct keytype

select(
  org.Hs.eg.db,
  keys=keys(org.Hs.eg.db)[1:10],
  columns=c("ENSEMBL","SYMBOL","GENENAME")
)

ENTREZID         ENSEMBL     SYMBOL                                  GENENAME
        1 ENSG00000121410       A1BG                    alpha-1-B glycoprotein
        2 ENSG00000175899        A2M                     alpha-2-macroglobulin
        3 ENSG00000291190      A2MP1        alpha-2-macroglobulin pseudogene 1
        9 ENSG00000171428       NAT1                     N-acetyltransferase 1
       10 ENSG00000156006       NAT2                     N-acetyltransferase 2
       12 ENSG00000196136   SERPINA3                  serpin family A member 3
       13 ENSG00000114771      AADAC                 arylacetamide deacetylase
       14 ENSG00000127837       AAMP   angio associated migratory cell protein
       15 ENSG00000129673      AANAT          aralkylamine N-acetyltransferase



Running a categorical enrichment analysis
enrichGO(
  up_genes,
  OrgDb = org.Mm.eg.db,
  keyType = "SYMBOL",
  universe = background_genes,
  ont = "BP",
  minGSSize = 10,
  maxGSSize = 100,
  readable = TRUE
) -> enrichgo_results

enrichgo_results@result |>
  as_tibble()



Visualisation with enrichplot

dotplotbarplot

cnetplot

treeplot
upsetplot

goplot



Visualisation with enrichplot

barplot(enrichgo_results, showCategory = 10)
dotplot(enrichgo_results, showCategory = 10)

enrichgo_results |>  
    dotplot(
        x="FoldEnrichment", 
        showCategory=20
)

enrichgo_results |>  
    dotplot(
        x="Count", 
        showCategory=20
)

GeneRatio
Fraction of background in hit list

Count
Absolute number in hit list

Fold Enrichment
Fraction in hits over fraction in background



Visualisation with enrichplot

cnetplot(
    enrichgo_results, 
    showCategory = 15, 
    node_label="category"
)

• all
• none
• category
• gene

enrichgo_results |>
    pairwise_termsim() |>
    treeplot(
        showCategory=34,
        nCluster=7
    )



Visualisation with enrichplot

upsetplot(
    enrichgo_results, 
    n=15
)
Note: *not* showCategory in this plot



Custom Visualisation

enrichgo_results@result |>
  as_tibble(rownames="GOID") |>
  ggplot(aes(
    x=FoldEnrichment,
    y=-10*log10(p.adjust),
    label=Description
  )) +
  geom_point() +
  ggrepel::geom_text_repel(
    data = . %>% filter(
      FoldEnrichment > 5 &
      (-10*log10(p.adjust))>20
    ),
    size=3
  )



Categorical Enrichment with R Exercise



Quantitative Enrichment Analysis



Named vectors

c(1,5,3,6) -> my_data
my_data

[1] 1 5 3 6

c("simon","sarah","jo","hayley") -> names(my_data)
my_data

simon  sarah     jo hayley 
1      5      3      6

GSEA input is a gene named vector of sorted (high to low) values



Running a quantitative enrichment analysis

kat6ab_zscore |>
  arrange(desc(ZScore)) |>
  distinct(Gene, .keep_all = TRUE) -> data

data |>  
  pull(ZScore) -> zscore_data

data$Gene -> names(zscore_data)

Fabp7        Gm3764          Reln          Gfap       Gm35040 C130071C03Rik 
     7.232035      6.434833      6.374436      6.281050      5.209227      5.187987



Running a quantitative enrichment analysis

gseGO(
  zscore_data,
  ont="BP",
  OrgDb = "org.Mm.eg.db",
  keyType = "SYMBOL",
  minGSSize = 10,
  maxGSSize = 100
) -> gsego_result

gsego_result@result |>
  as_tibble()



GSEA Visualisation

gseaplot(
 gsego_result,
 geneSetID = 2,
 title = gsego_result$Description[2]
)

gseaplot2(
 gsego_result,
 geneSetID = 2,
 title = gsego_result$Description[2]
)



GSEA Visualisation

dotplot(
  gsego_result,
 x="NES",
 showCategory=30
)



GSEA Visualisation

gsego_result |>
  filter(NES < 0) |>
  pairwise_termsim() |>
  emapplot(
    min_edge=0.5,
    showCategory=100,
    node_label="none"
)



Interactive visualisation (kludge!)

gsego_result |>
  filter(NES < 0) |>
  pairwise_termsim() |>
  emapplot(min_edge=0.5,
    showCategory=100,
    node_label="category") -> temp

temp$layers[[2]]$mapping$label = 
temp$data$label

plotly::ggplotly(temp, width = 800, height=800)



Quantitative Enrichment with R Exercise
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