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What to do with
your List of genes?

o Mostly, you will select a few
candidates and do functional
characterisation in the Lab, right?

o So you, wenk ballisktic and did a
whole genomic amatvsis and you
dare Loolke ab QML:j a Cau[ﬂt@. qgenes?



There musk be
another way

o Well, sort of. GSEA is one.

o GSEA aims ab answeriing the ques&cw\: LS my
List of genes (the qene sebt) associated with
experimehﬁai condikion

o e.q. are there uhusually many de-
requlated genes in my gene List

o e.9. is my DE gene List enriched for some
functional processes



&SEA mebhods

o Reviewed tn Kharti et al., 2012

o Over-representation analysis (ORA) - are
differentially expressed (DE) genes in the set
more commoin than expec&eci?

o Functional class scoring (FCS) - summarize
statistic of DE of genes in a seb, and compare
to null

o Pathway topology (PT) - include pathway
khowledqge i assessing DE of qgenes in a sek



CrSEA you leow?



CSEA you leow?

Gene Ontology Annctation

KEGG

y reactomwe



GSEA methods (1)

o Competitive mebthods (Goeman and
Buhlmanin, 2007); d@.pev\d& on a
&ompeﬁ&i\/e null kvpoﬁkesis which
assumes the qenes in a set do not have
a stronger association with the
experimental condition &a»mpared to
ramdomtj chosen genes oulside the set,

o ORA, GAGE, Camera, GSVA, ..



GSEA methods (2)

o Self-contained methods: null
hjpoﬁkesis Ehak 0&\{3 considers genes
within a set and again assumes that
H«@j have no association with the
experimem&at condition

o SAFE, ZSCORE, SSC+SEA, ..



What to PECW%’

o Maciejewski, 2013
o sample randomisation based wmebthods are bebter

o popular methods (GSEA, SAFE) do not strictly
test the competitive null hypothesis: A significant
result from these methods does not necessarily
mean that the qene set of interest contains more
genes associated with the phenotype than its
complement, but it rather means that either the
gene set or its complement are associated with
the phenotype.



Tarca et al,, 2013
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Z»jta et al., 2017
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Alhamdoosh et al., 201
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Let's give it a shot

o http://bioconductor.org/help/workflows/
EGSEAL23/

o This is still an unrefined workflow (ko
say the least, but it does look
promising)

o Open the R script EGSEAWoTKilow.Rmd
n RStudio (you copied it earlier)


http://bioconductor.org/help/workflows/EGSEA123/
http://bioconductor.org/help/workflows/EGSEA123/
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