Gene Set Analysis (GSA)

MNavteAnc Mmaykog
2025

Noaveniotnuo Osocallog



Eloaywyn

H avaAuvon cuvoAwv yovidiwv - Gene set analysis (GSA), 1 n AvaAluon Movonatiwy,
aVOAUEL oo KOWoU opAdeC AELTOUPYLKA OXETL{OMEVWY YoVISiwv Kal evtomilovtag
BLoAoyikeC 060UC EUMAOUTIOMEVEG e yovidla o oxetilovtal PE Ta
XOPOLKTNPLOTIKA.

AappBavovtog urton tn oculAoyikn entidpaon toAAamAwy yovidiwv og pa 060, ot
EPEVVNTEG UITopOoUV VAL OTTOKTAOOUV HLa 00dECTEPN ELKOVA TWV UTIOKELLEVWV
BLOAOYLKWV UNXAVIOUWV TIOU ennpedlouV Tov UTto Slepelivnon patvotuTo.

H avdAuon HOVOTATIWY ELvVaL [LLOL OTTOTEAECUATLKY TEXVLKA TTOU EEMEPVA TOUC
TIEPLOPLOOUC TWV TPEXOUOWV HEBOSWV Tou avaAuouv Eva yovidlo kabe dpopa.
Auti n Stadikacia mapéxeL pla OAOKANPWHEVN KATOVONON TWV LOPLOKWVY

LN XOLVLOLWV TIOU TtPOKAAOUV TTOAUTIAOKEG A0OEVELEC

OLmpwteg epappoyEC TETOLWY HeBOdwV davelotnkav LOEeg amo tn BLPAloypadia
avaAuong S€50UEVWV ULKPOCUCTOLXLWY KOl ATtO TOTE £yvaV eUPEWC SLadeSOUEVEC
otnv availuon twv GWAS.



* Emeldn autég ol pEBodoL EAEYXOUV TO CWPEUTLKO
amnoteAeopa ToAAAmAwY yovidlwv givat duvato va
avixveuBouv amoteAeopata oto eninedo yovidlakwy
OUVOAWV, TOL OTTOLOL UTTOPEL VAL ELVOLL TO ATIOTEAEC AL
eTEPOYEVWYV ETILOPACEWV OTO £TtiMeSO yovidiou N
noAvpopdLopou.

e ErtutAgov, ot avaAUoelg opadwv yovidiwv BeAtiwvouy tn
OTOTLOTLKN LoXU oVixveuong oNUOVTIKWY CUOXETIOEWY TOCO
eTeLON N ovoowpevon LELOVWHEVWY SNPs o€ yoviSLoka
oUVOAQ £XEL WG ATIOTEAECHA ALlYOTEPEC OTATLOTIKEC SOKLUEC
Tou ekteAovvTal aAAA Kol ETEON HEHOVWHEVA a0BEevVH
QTMOTEAEOUOTA, LN OVIXVEUCLUMA OE pLa Tutitk) GWAS,
urtopouv va. cuvbuaotouv divovtac £va LoYupo cAua



* Y€ VEVIKEC YPOUMEC OL pEBodolL edpapuolovtal TOoO0
o€ SNPs 0co kal oe Microarrays av Kol UTtOAPXOUV
KATIOLEC £TIL LEPOUC OLAPOPEC



* OAec oL peBodol GSA mpemeL va
QVTIMETWTILOOUV OpLOEVA {NTHLLOATA TIOU

EVTAOOOVTOL O€ 3 KATNYOPLEC:

* MpwTtov, Twc va xelplotoupe Tt SNP tou iblou yovidiou.

e AgUTEPOV, TWC VA oplooupe To KatdAANAo cUuvoAo
yovLSilwVv 1 LOVOTIATL, Kol TEAOC

* Me molov TpOmo va cUVOUACOUE TOL OITOTEAEC AT
armo moAAarnAd SNPs/yovidia peoa oto Lo
oUvoAo/povorarL.



Etol, oL emAoyég mou yivovtal pe SladopeTikeg pebodouc pmopel va gival moAu
SLapopeTIKEC, 0dNnNywvTacg o€ pLol LeyAAn TOLKIALA SLohOPETIKWY TPOOEYYLOEWV.
* la napaéewua opLopEveG HEBodol AsLtoupyouv LLE OTATLOTIKA o€ eminedo SNP (ueysen
ETUSPAOEWY, Z ] P-TULEG) TIOU EKXwPOULV T0 SNP oT0 TTANGLESTEPO YOVidLo (CUVHBWG EVTOG EVPOUG
+20K Baocewv), evw AAAeC AapBavouy wc el00d0o pLa oTATLOTIKY o€ eMinedo yovidiou 1 amAwg
HLo Alota yovidiwv mou AapBavetal pe po pEBodo Bactopévn os yovidla (puoikd, 1000 yla pa
T(POOCEYYLoN Yovidiou 600 Kal yla éva epyaleio SA).

Ooov adopd tnVv entloyn Tou cuVOAoU, UTTAPXEL Lo TTANBwpa Baocswv
dedopevwy mou mepLlExouv Bloloyika povomnatia (KEGG, PANTHER kAm),
AAAoUC TUTTOUC avarmapaotaonc cuVoAou yovidiwv onwc aAAnAemidpaoelg PPI,
ovtoloyieg koL oUtw KaBeENC.

Te)\oq, ocov adopa ™ O'COL'CLO'ELKI’] ue@o&o TIou xpnotuonmeaat yla tn
OUYKEVTPWON otmxewov UTTAPXEL EMiong Eva eupl cbaoua SLadopeTKWV
HeBOdwv movu xelpilovral He SLapOpPETIKEC npooevytostq TO HEyeboc Tou
ouvOAou yovidilwv Kal To ur]Koq yovibiou, ta nporuna LD kat tnv mapouvoia
emKa)\untouevwv vow&wv LECO O€ LOVOTIATLA, 1 ecbapuo(ouv OLaPOPETLKEC
OTOTIOTLKEG npooevvtoaq OTIWG aureq TIOU XPNOLUOTIOLOUV Th )\eyousvn
QVTAYWVLOTIKA KNSEVLIKN UTIOBEDN 1) AUTEC TTOU XPNOLLLOTIOLOUV TNV QUTOVOLLN.



Y = - -
-
"
-
-

'

‘ﬂ
S "=aan Constructing 4=
weighted network
Methods
searching
clustering
sub-networks
Methods for
g e
genes
- each pathway

Scored sub-networks
or
Pathways
|
|

Y




BoolKQ CUOTATLKA ULLOC AVAAUONC

* Baon dedbopevwy

* MeBoboc

* JTOTLOTLKOC EAEYXOC
* AOYLOULKO



Baoelc dedopevwy — ELON
nANpodopLAC

* Movonatia (rty KEGG)

e Aiktua aAAnAeribpaocswv (rty BIND, DIP, IntAct,
MINT, HPRD, STRING)

e Ovtoloyliec (y GO)
* BLodelkTeC

Mooney MA, Nigg JT, McWeeney SK, Wilmot B. Functional and genomic context in
pathway analysis of GWAS data. Trends in Genetics. 2014 Sep 1;30(9):390-400.

Pers TH. Gene set analysis for interpreting genetic studies. Human molecular
genetics. 2016 Aug 10;25(R2):R133-40.



VlovormaTtLa

* Exouv mpotaBel tecoepLc yevikol TUTIOL
LLOVOTTOTLWV YLOL VAL ETILXELPNOOLV Val
nepLypaPouv TNV ETEPOYEVELA TWV
SLOBECIUWY CHLEPO. OPLOUWYV LOVOTIOTLWV:

* 0) LOPLAKA LLOVOTIATLA,
* B) KUTTOPLKA LLOVOTIATLA,

* V) LOVOTTATLO OLOOEVELWV KoL
* §) povomatia napepPacng.



* Me tnv npodmobeon ot ta Blodoyka povonatia
KatevBUVOVTAL ATTO VA CUYKEKPLUEVO CNUELD
€KKIVNONG O€ VA GUYKEKPLUEVO OTTOTEAECUQL, TA.
LLOPLOLKOL LOVOTTATLOL XAPAKTNPLLOUV TLG BLOXNHLKEG
OPAOCELG O€ Eva HOPLO 1 Evwon (TL.X., LETAPOALOUO
doALKoU 0&€0¢).

* Avtifeta, To KUTTAPLKA LOVOTIATLOL LOVTEAOTIOLOUV TH)
pLBOULON KUTTAPLKWVY BLEPYAOLWY, OTIWG N KUTTOPLKN
olaipeon N n anortwor. Exel mpotabet eniong ot
LLOVOTIATLOL LITOPOUV VAL 0pLoTouV o€ unAotepa
eniinmeda, OMwWC To EMiESO 0OPYAVWYV 1] CUCTNUATWV.

* Eva mopadelypa autou tou tumou uPnlou erurnedou
HOVOTIATLOU ELVOL TO LOVOTIATL TOU KipKadLavou
puBpou otnv KEGG



VlovormaTtLa

e EMUTAEOV, TOL LOVTEAQ LOVOTIOTLWV MTTOPOUV VAl
neplypapouv dlepyaoiec aobBevelac ) AmoKkpLloeLC o€
emepBaoelc (m.x., anmokplon dopUAKoU).

* Eva mapAdeLlypol outoU TOU TUTIOU HOVOTIOTLWY Elvall N
060¢ TNC vooou tou Alzheimer otnv KEGG, n omnola
nepLeXeL Baoka yovidia mou oxetillovtol YE TO
Alzheimer ontwc ta APOE, APP kot PSEN1.

* Exel mapatnpnOel, wotoco, OTL oL A0OEVELEC KalL TA
LLOVOTIATLOL UTTOPEL amMAWC va elval SUANOYEC yovLISiwv
Tov €xouv arnAd PpeBel va cuvdEovTal e Eva
dovoturo, avti va Bacilovtol otn yvwon akpLBwv
BLOAOYLKWV UNXOAVIOUWV.



[TpoBAnuatiopotl

* To nmpwTto Cnm LLaL ELVOLL OTL TOL LOVOTIATLAL
OVTUTPOOWTIEVOUV uovrs)\a UTTOBETIKWV Bto)\ovu«uv
Sdlepyaociwv. Agv UTTAPYXOUV TUTTOTIOLN LLEVOL KOVOVEC yLaL
TNV KOTOLOKEU N LOVTEAWV LOVOTIOTLWV

* To devutepo {NTNUA adopd TNV LEpapXLkn pUoN TWV
BLoAoyLKWV HOVOTIATLWY, TIPAYLLA TTOU ONMALVEL OTL
LLEPLKA LOVOTIATLOL UTTOPOUV VO OVTUTPOCWITEVOUV
uTtooUVOoAQ pLag peyaAutepnc odou.

* Exel amodelxBei 0Tl ol aAAnAemuidpaoelc ‘crosstalk’ (n
ETILPPON €VOC povoratioU oto aAAo) odeilovtol o€
ueyaio Babuo ota kowa yovidia (aAAnAsmikaAvyn)
LETAEL TWV LOVOTIOTLWV.



AlkTU A OAANAETILOPACEWVY

* BloAoylka diktua, onwcg ta diktua aAAnAenidbpaonc
npwteivnec-npwteivne (PPI), pmopouv emniong va
XxpnotpornotnBouv yLa Tov 0pLoHO TWV CUVOAWV
yovidilwv.

e Y& avtiBeon pe ta povomatia, ta diktua dev
EPLYPAPOUV pNTA LA CUYKEKPLUEVN BLOAOYLKN
Aettovpyia N dtadilkaoia Tov TPAYUOTOTIOLELTOL OE Eval
OUYKEKPLULEVO BLoAoyLko Aaiolo.

e AvT 'autoU, ta SikTua amooKomouV amAwe otnv
nepypadn Twv BLOAOYIKWY OXECEWV (OPATNPOUUEVEC
N nipoPBAenopevec aAANAeTtidpAoeLc) HeETAED
OAAOTTAWYV yoviSiwv 1 yovidlakwv TtpoiovTwy.



AlkTU A OAANAETILOPACEWVY

* [evIKQ, Ta €LON TNC MANpodoplac Tou
XPNOLUOTIOLELTAL YLa TN dnpLoupyia SNUOCLWY

Sktuwv PPI, ontwce n BIND, DIP, IntAct, MINT, HPRD
kot STRING, elvol etepoyevn).

* [La tapadetypa, oL eVOELEELC yLA TLG
aAANAemOpAoELC TIPWTEIVWY prtopouV va
nPo&ABouV arto MoAAaTAOUC TUTTOUC TIELPOLUATWVY
(rt.x. ColP, ChiP-chip, yovidiokn ekdpaon, e€opuén
KELUEVOU), Ta oTtola ekteAouvtal o€ Sltadpopouc
TUTIOUC LOTWV Kol UTto Sladpopec cuvOnKec.



e ErumA€ov, ta Sedopeva mov xpnotpomoLouvTal yio
va e€axBel pla aAAnAenibpaon pmopetl va eival
NOLKIANC moloTnToC Kat Sev glval MAVTOTE
dlaBeoipec TANPOPOPLEC OXETLKA LLE TNV aLoTLoTLA
QUTWV TWV dAANAeTILOpACEWVY

* Elvaw emtioncg duvatn n anAn erkaAvyn AéN
KaBopLoMEVWV OUVOAWV yovidiwv (OTtwc ot
KOTNYOPLEC O€ Lo ovioAoyia yovidilwv) o€ eva
diktuo PPl yia tn APn aAAnAenidbpacewv HeTaU
TwV yovidilwv



OvtoAovlec

* Mot SnUodIANC Tty Yot opLoOUC YOVLOLOKWV
ouVOAwV elval n Baon dedopevwv Gene Ontology
(GO), n omola mpoomaBet va mepypaP el TLG
AeLtoupylec yovidilwv XpnNoLLOTIOLWVTOC TPELC
LEPOLPXLKEC BLOAOYLKEC KATNYOPLEC:

* LLOPLOKEC AELTOUPVLEC,
* BloAoyLKeC Slepyaoieg Kol
* KUTTOPLKA CUOTOTLKAL.



* [La TIC avaAUOELC TwV YovIdLaKwV cuVvOoAwv, lval
KOLVN TIPAKTLKA O OPLOUOC YOVIOLOKWY OO WV UE
tnv opadornoinon 6Awv Twv yovidiwv mou
oXETL(OVTAL UE OUYKEKPLUEVN HopLlakn AstTtoupyla n
BloAoyikn dtadikaota.



OvtoAovlec

e Q0TOO0O0, av Kal yovidla TTou £XOUV OPLOTEL O€ pLa
OUYKEKPLUEVN Katnyopla GO pmopei va oxetilovtal
LLE TTOPOMOLEC AELTOUPYLEC, avTn N opada Hev
UTTOOELKVUEL YWWOTEC OXECELC N AAANAETILOPACELC
HETOEL AUTWV TWV YovIdlwv.

* EmutA€ov, OTTWC Kol LOVOTIATLA, O LEPAPXLKOC
xapoktnpac touv GO pmopel va MPOoKAAETEL
onUovTkn aAAnAeriikaAvPn HeETAEL TWV
KOTNYOPLWV KOl OUTO EXEL ETILIMTTWOELG TOCO OTNV
avaAuon 000 Kal OTNV EPUNVELA TWV
QTTOTEAECUATWVY



BLoOELKTEC

e Ta yovidLa Tou £XoUV TPONYOUUEVWC OUCXETLOTEL UE
LLLOL CUYKEKPLUEVN aloBEVELDL UItopouV va
opadomnotnBouv yLa va oxnuatiocovv vav aAlo tumo
yovioLakoU ocuvolou, evav Blrodeiktn tng acBevelog.

* H dtadpopad petaél evoc PloAdoyikol deiktn acBevelag
Kol pac katnyopiac GO elvol otL ta yovidia mou
aroteAouv tov BLodeiktn dev £xouv AVOYKOOTIKA
KOLWVEC AELTOUPVYLEC.

* Entiong, o avtiBeon e TNV Evvola TOU LOVOTIATLOU
acBgvelac mou avadpepOnke mopamndavw, tTa yovidla
Blodelktwv dev aAAnAeridpolv amopaitnto HeTay
TOUC



BLoOELKTEC

* H unoBeon miocw amo touc moAuyovidlokoUc PLoOEIKTEC
elval amAwc OTL To yovidLokd cUVoAo cuVvOEETaLL
LOXUPOTEPA LLE TN VOOO OTtO OTIOLOONTIOTE LEUOVWLLEVO
yovioLlo, aAAa yia toAAoU¢ Blrodeiktec autn n utoBeon
dev emiBePBalwvetal kAt avaykn.

e [payportl, €MELON T AMTOOELKTLKA OTOLXELOL TTOU
urtooTtnPL{oUV TO LEHOVWHEVA YovidLla BLodelkTtwy
LLTTOPOUV VAl TIPOEPXOVTAL atO LEAETEC TTov OLe€éayovtal
o€ eva eupL paopa tANBuopwy, To cuvolo PLodELKTWV
LUTtopEL val CUANABEL TN YEVETLKI ETEPOYEVELA LLLOC
VOOOU KoL OXL EVAV YEVLKO SELKTN AUTAC.



* XTnV tpan, moAAotl moAuyovidLakol BLodeLKTEC TTOU
nopoucLa{ouV OTATLOTIK CUCYXETLON O€ €MimMedo
nAnBuopov dev eival og B€on va mpoPAEPouv pe
akpiBeLa TNV ATOULK gvooOnolo ylo GKOTtoUC
KALVLKNC Xxpnonc.

e ATIO TOV QUOTNPO OPLOUO EVOC KAWVLKOU BLodeiktn,
ETIOLEVWC, N OVOUAOLO K CUOYXETIOUEVO OUVOAO
yoviOLlwv» elvoll ouxva Lo eVOEOELYUEVN



Baoelc dedopevwy



Table 1. Overview of gene set databases frequently used in GSA. Major gene set databases were grouped into four categories: 'Pathways', data-
bases comprising bicchemical pathways; ‘Functional’, databases comprising functional-related gene sets; ‘Phenotypic’, databases comprising

phenctypic gene sets; ‘Molecularly-derived’, databases comprising gene sets derived from primarily high-dimensional molecular data; ‘Meta-
database’, databases redistributing gene sets from multiple gene set databases. NA, not available. All links were last accessed, July 16, 2016.

Database Category Reference Link
KEGG PATHWAY Pathways (21) httpy//www.genome.jp/kegg/pathway.html
REACTOME Pathways (22) http/fwww.reactome. org/
PANTHER Pathways (58) http://pantherdb.org/
Biocarta Pathways MNA http://cgap.ncinih gov/Pathways/BioCarta_Pathways
Ingenuity Pathways QIAGEN's Ingenuity® httpy/fwww.ingenuity.com/products/ipa

Pathway Analysis
MetaCore Pathways Thomson Reuters http://lsresearch.thomsonreuters.comy/maps/
HumanCyc Pathways (59) http:/humancyc.org/
Gene Ontology Functional (23) http://geneontology.org/
Human Phenotype Ontology ~ Phenotypic (31) httpy//human-phenotype-ontology.github.io/
Mouse Genome Informatics FPhenotypic (29) httpy/fwww.informatics.jax.org/genes.shtml
MitoCarta Molecularly-derived (32) www.broadinstitute.org/pubs/MitoCarta
InWeb Molecularly-derived (36) httpy//www.broadinstitute.org/mpg/dapple/dapple TMP.php
PathCards Meta-database (42) httpy/pathcards. genecards.org/
Pathway Commons Meta-database (43) httpy//www. pathwaycommeons.org/
MSigDB Meta-database (41) http://software broadinstitute.org/gsea/msigdb
ConsensusPathDB Meta-database (40) http://consensuspathdb.org/

Pers TH. Gene set analysis for interpreting genetic studies. Human molecular genetics.
2016 Aug 10;25(R2):R133-40.
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Links/references
pathwaycommeons.org, [Cerami et al, 2011]

pathcards.genecards.org, [Belinky et al., 2015)

genome.jp/kegg, [Kanehisa and Goto, 2000; Kanehisa
et al., 2014]

reactome.org, [Croft et al, 2014]

biocarta.com

pantherdb.org/data, [Mi et al, 2013]

pid.nci.nih_gov, [Schaefer et al., 2009]

broadinstitute.org/gsea/msigdb, [Subramanian et al,
2005]

consensuspathdb.org, [Kamburov et al, 2013]

geneontology.org, [Ashburner et al, 2000; Gene Ontology
Consortium, 2010]

string-db.org, [Franceschini et al, 2013]

hprd.org, [Prasad et al., 2009]

thomsonreuters.com/metacone

ingenuity.com/productsfipa

Mooney MA, Wilmot B. 2015. Gene set analysis: A step-by-step guide.

Am J Med Genet Part B 168B:517-527



[TpoANnuaTIOpOL YL TIC PAOELC
dedopevwy (1)

* MpwTtov, Kapio pepovwuevn Baon dedopevwy Oev
LUITOPEL vaL KAAU P EL OAQL TOL CNLEPLVA YVWOTA
ouUvoAa yovidiwv mou oxetilovtal Pe TV
avOpwTtlvn UyeLla KoL TNV acBeveLa.

e EvtouTtolg, urtapyxouv OLadopeC MpooTtabeLeC yLa
TNV €VOTIOLNGCN TOU ETEPOYEVOUC TOTILOU TWV
Baocswv dedopevwy Twv yovidiwyv (BeAtiotomnolinon
TWV QVOYVWPLOTIKWY TWV YOVLOLWV, TwV HopPwV
dedopevwy Kol Tng npocPBaonc ota dedopeva),
onwc¢ to ConsensuspathDB, n Molecular Signatures
database (MSigDB), oL PathCards, Pathway
Commones.

Pers TH. Gene set analysis for interpreting genetic studies. Human molecular genetics.
2016 Aug 10;25(R2):R133-40.
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Figure 3. Comparing Enrichr resources with MSigDB and GO-Elite. (A) Venn diagram summarizing the various resources processed and served by Enrichr,
MSigDB and GO-Elite. (B) Venn diagram to compare the number of processed gene sets of genetic and chemical perturbations curated from publications

in Enrichr and MSigDB.
Kuleshov MV, Jones MR, Rouillard AD, Fernandez NF, Duan Q, Wang Z, Koplev S, Jenkins SL, Jagodnik KM,

Lachmann A, McDermott MG. Enrichr: a comprehensive gene set enrichment analysis web server 2016 update.
Nucleic acids research. 2016 May 3;44(W1):W90-7.



[TpoANnuaTIOpOL YL TIC PAOELC
oedopEVWY (2)

e AeUTtEpPOV, TA GUVOAQ YOVLOLWYV TELVOUV VAL
aAAnAemikaAurnttovtal. To atAANAOETUKAAUTITOMEVO CUVOAQL
YoVvLOlwV elval €€ OPLOUOU TILO CUXVA OTLG LETOBOTIKEG
OVTOAOYLEG, WOTOCO, UTAPXEL HEYAAN aAAnAosruikaiun Kot
kera&') TwV Baoewv dedopevwy Twv yovidlwyv. EKToc av

n$Oel utoyn otnv avaluon, n NaPoUcia TOAU OpoiwY
OO WV YOVIOLWV TTIEPLUTAEKEL TNV EPUNVELD TWV
arnoteAeopatwy TNG GSA, emeldr) CUCKETIONEVA CUVOAQ
YOVLOLWV UTTOPEL VO KUPLOPXOUV OTNV Kopudn Twv
QTTOTEAECUATWY TIOU KATATAOOOVTOL KOl ETIOLLEVWE
eVOEXOUEVWC va eTLOKLA{OUV Ta YapunAotepa
KOTOYEYPOALLLLEVO EVPAUOTAL.

* EmutA€ov, cuoyeTiopéEva cUVOAX YoVISLWV HELWVOULV TN
OTOTLOTLKA LOXU Lo VOl OVIXVEUOOUV GNUOVTLKA cUVOAQ
yoviSiwv Ko propet va odnynoouv oe AlyOTEPO LOXUPEC
EKTLUNOELC TWV TTOCOOTWV TwV Peudwv avakaApewv

Pers TH. Gene set analysis for interpreting genetic studies. Human molecular genetics.
2016 Aug 10;25(R2):R133-40.



[TpoANnuaTIOpOL YL TIC PAOELC
oedopEVWY (3)

* Tpitov, MpEMeL va AALBAVETOL LEPLUVA KOTA TNV
EpUNVELX TwV amoteAeopatwy TS GSA. Onwg
ONUELWVETAL Ao Touc Ramanan et al., mapa ta
TTOLPOUOLOL OVOUOTO, TO YOVLOLAKO CUVOAQL ATtO
SLaPOPETLKEC TINYEC UTTOPOUV VAL TIEPLEXOUV OPKETA
Sladopetika yovidia. Mo mapadelyua ta yovidlaka
ouvoAa tnc KEGG PATHWAY kat thc REACTOME mou
oxetilovtal He TO METABOALOLO TTOUPLVNC, TaPA TA
(Ola avayvwpLoTIKA, CUCOWPEUOVTOL PaKPLVA
netafv touc emedn dladpEpouv ota yovidla mou
TIEPLEXOUV.

Pers TH. Gene set analysis for interpreting genetic studies. Human molecular genetics.
2016 Aug 10;25(R2):R133-40.



TRENDS in Genetics

Figure 3. Gene sets related to glucocorticoid receptor (GCR) processes retrieved from four data sources. A single pathway in the Pathway Commons database (GCR
regulatory network) and one in Metacore (Development_GCR signaling), together with two GO biological processes (GCR signaling pathway, Negative regulation of GCR
signaling pathway) and two GO molecular functions (GCR binding, GCR activity) were identified. The Venn diagram shows the limited overlap among gene sets from the
four data sources, highlighting the differences in membership among gene sets from different sources. Abbreviations: GO, Gene Ontology; NCI-PID, National Cancer
Institute Protein Interactions Database.

Mooney MA, Nigg JT, McWeeney SK, Wilmot B. Functional and genomic context
in pathway analysis of GWAS data. Trends in Genetics. 2014 Sep 1;30(9):390-400.



[TpoANnuaTIOpOL YL TIC PAOELC
dedopevwy (4)

e TEAOC, Ta YyoVIOLOKA GUVOAQ LTTOPOUV VAL
edavifouv CUCTNUATIKO OPAAUA UTTEP TNC
dnuootevpevnc SouvAeLlac. H taxewc avéavopevn
SdlaBeoLpotnTa TwV TOAVOLACTOTWY LOPLOKWY
oUVOAWV 6edopeEVwY elval TIIBAVO va LELWOEL AUTH
TNV pepoAnio pe tnv mapodo Tou Xpovou,
WOTOO00, TOUAAXLOTOV AUTN TN OTLWYMN, N HEBodOC
GSA BaOLOYEVN OE EUTTELPOYVWLIOVEC, UTIOPEL vaL
XOQLOEL OTOLXELA ATTO TN OXETIKN BLoAoyia.

Pers TH. Gene set analysis for interpreting genetic studies. Human molecular genetics.
2016 Aug 10;25(R2):R133-40.



Eldn nebodwv

* Over-representation Analysis (ORA)

* OLpeBobol ORA TuTiKA EAEYXOUV AV T OTOLXELD TWV.
OUVOAWVY SES0EVWY HLOL TIAPATIAVW ATTO TO AVAUEVOUEVO
EKTIPOCWTIINON OE €VOL SE60UEVO LOVOTIATL OTTO pLa Baon
dedopevwv.

e Functional Class Scoring (FCS)

* OLpeBobot FCS emibiwkouv cuvABwg va aviyveuoouv
aAAayEG oTa oTOLXELD TOU CUVOAOU 6EdOUEVWY TIOU
NPOKAAOUV aANOLWOELG 0TO HESOUEVO PLOVOTIATL OO TN Baon
dedopévwv

* Pathway-Topology (PT) methods

* OLpgBoboL PT evowpatwvouv \g\vwcrsq N EKtLuwusvsq SOolEC
ToU BLoAoytkou Siktuou yia va AdBouv urtogn TG
OUOXETLOELC HETAEL TwV YovIdiwv

Mathur R, Rotroff D, Ma J, Shojaie A, Motsinger-Reif A. Gene set analysis methods: a systematic comparison.
BioData mining. 2018 Dec;11(1):8.

Khatri P, Sirota M, Butte AJ. Ten years of pathway analysis: current approaches and outstanding challenges. PLoS
computational biology. 2012 Feb 23;8(2):e1002375.



Functional Pathway Analysis
Over-Representation Analysis (ORA)

Differential Differentially Number of DE and
Expression =1 Expressed (DE)j—3=-Reference Genes i
Analysis Genes Each Pathwa

Functional Class Scoring (FCS)

Gene-level ; Gene-set (Pathway)
Statistics Statistics

Assess Pathway
Significance

Pathway
Database

Pathway Topology (PT)

DE Genes or Gene-level Statistics

Pathway Topology
* Number of Reactions

» Position of Gene

= Type of Reaction

Figure 1. Overview of existing pathway analysis methods using gene expression data as an example. Mote that this overview is equally
applicable to molecular measurements using proteomics, and any other high-throughput technologies. The data generated by an experiment using a
high-throughput technology (e.g. microarray, proteomics, metabolomics), along with functional annotations (pathway database) of the
corresponding genome, are input to virtually all pathway analysis methods. While ORA methods require that the input is a list of differentially
expressed genes, FCS methods use the entire data matrix as input. In addition to functional annotations of a genome, PT-based methods utilize the
number and type of interactions between gene products, which may or may not be a part of a pathway database. The result of every pathway
analysis method is a list of significant pathways in the condition under study. DE, differentially expressed.

doi:10.1371/journal.pcbi.1002375.g001

Khatri P, Sirota M, Butte AJ (2012) Ten Years of Pathway Analysis: Current Approaches and Outstanding
Challenges. PLOS Computational Biology 8(2): €1002375.
https://doi.org/10.1371/journal.pcbi.1002375



Over-representation Analysis
(ORA)

* H apeon avaykn ywa AstoupyLkn avaluon tTwv
dedopEVWV YovIOLOKNC EKPPaoNC ULKPOCGUOTOLXLWV
KoL N epdavion tov GO kKata th SLapKeELa AUTAC TNC
nepLodov odnynoav o€ avaiuvon
urtepeknpoowninonc (ORA), n omoia aéloAoyel
OTATIOTIKA TO KAQOMA TWV YOVLOLWV O€ Eva
OUYKEKPLUEVO LLOVOTIATL TTOU BpEONKE HETAEL TWV
opadwyv yovidiwv nmou napouvctalouvv aAAayEC
ekdppaonc.

e Avadepetal emiong wec pebodog «lMivaka 2x2» otn
BBAoypadia.



Over-representation Analysis
(ORA)

* H ORA xpnouuonolei pia r) mepLoooTePEG TAPOAAAYEG TNG
AKOAOUONG OTPATNYLKAG: TIPWTOV, dnpoupyeital pa Alota
£L0060U XPNOLUOTIOLWVTAG EVOL CUYKEKPLUEVO OPLO
onuavru(omtaq

* T mapadelypa, €vag epeuvntig UIopel va emAEEeL yovidia tou Sladepouv otnv
ekdpaon (Umep N uo-ékppaon) oe dedouévn KATACTACH UE TTOCOOTO PeubOUG
avakaAuvnc (FDR) 5%.

* 2Tn ouvexela, ya kabe povonartt, unoloyiovral ta yovidia
€L00O0U TTIOU E€lval PLEPOC TOU LLOVOTIATLOU.

* Auth_ n Stadkaotio emavalapBavetal yia evov KatdAAnAo
KataAoyo yovidiwv (rt.x., Ao ta yovidia tou HETPLOUVTAL OF pLd
LLLKpoouoToLia).

* 2Tn ouveXELa, KABE povoratt SOKIHATETAL yia UTIEP N
UTTOEKTIpOOWTINON ot Alota Twv yovidiwv eloodou.

* OLTILO CUXVA XPNOLUOTIOLOUMEVEG SOKLUEG Baaifovtal otnv
UTIEPYEWHETPLKN KATAVOUR, OTO KpLtnpLo chi-square A otn
SLWVU LKA KOTAVOUN.



Metabolite Sets Enrichment Overview
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EPLOPLOOL

* Mpwtov, Tat OLAPOPETLKA OTATIOTLKA TIOU
xpnotpomnotovvtat ano tnv ORA (r.x.
UTTEPYEWMETPLKN KATAVOUE, SLWVU KN
KOTOVOULN, X2 KATavoun K.ATt.) elvai
aveEAPTNTO OTTO TLC LETPOUMEVEC aAAAYEC.

* AUTO ONMUOLVEL OTL AUTEC OL SOKLLLEC
eéetalouv Tov aplOuo tTwv yovidilwv povo Ka
OlyVOOUV TLC TIMEC TIOU OXETL{OVTAL UE OUTEC,
OTIWC OL EVTAOELC TWV QVLXVEUTWV

Khatri P, Sirota M, Butte AJ (2012) Ten Years of Pathway Analysis: Current Approaches and OQutstanding
Challenges. PLOS Computational Biology 8(2): e1002375. https://doi.org/10.1371/journal.pcbi.1002375



EPLOPLOOL

* Aevtepov, N ORA cuvnBwc xpnotpomoLel povo ta
TTILO CNHLAVTLKA yovidLa Kol armoppiitteL taor aAAa.

 [La tapadelypa, 0 KATAAOYOC ELCOYWYNC YOVLSiwv
Qo £va MEPALLA LIKPOOUOTOLXLWV AapBaveTal
ouvnNBwc¢ xpnoluomolwvtoc Eva avbaipeto
KatwdAL (r.x., yovidla pe petafoAn fold >2 ko / n
p-value <0: 05).

* Me autn tn uEBodo, xavovtal AlyOTEPO CGNUAVTIKA
yovibia (m.x., fold change = 1.999 n p-value =
0.051), pe amoteAeopa TNV anwAeLla tAnpodoplac.



[Teploplopol

Tpitov, pe Tnv WOLa avtipetwriton kaBe yovibiou, n ORA
uTtoBETEL OTL KABE yovidlo elval aveéaptnto armo Ta
uTtoAoLna.

Qot000, n Blodoyia gival Eva toAuTtAoko Siktuo
aAAnAeriidpacewv PHETAEU YOVLOLOKWYV TIPOTOVTWY TTOU
ouvOEToUV SLadOpPETIKA LOVOTIATLAL.

‘Evac otoxo¢ TnC avaAuong YyoviSLokNG EkPpaonG UMopEL va
elvoll VoL QTTOKTNOEL YVWOELG OXETLKA UE TO TIWG OL
aAAnAeriidpaoelc petaél yovidLlakwy PoiovIiwy
ekdnAwvovtal w¢ aAAayeC otnVv ekppacn yovidiwv.

Mua oTpaTnNyLKn ou UTtoBETEL OTL Ta Yovidla eival
aveEAPTNTA ELVOL CNUOVTLKA TIEPLOPLOUEVN OTNV LKAVOTNTA
TNC va TP EXEL TTANPODOPLEC OYETIKA LE AUTO TO BEpQ



[Teploplopol

Tetaptov, n ORA urnobetel otL kabe povomart sivar
aVEEAPTNTO Ao Ta AAAQ, KATL TO OmoLo elval AavBaopevo.

[ tapadelypa, o GO opiCel pia Blodoyikr) Stadkaoia wg
L0 OELPAL YEYOVOTWV TIOU TIPAYLLALTOTIOLoUVTAL Ao pia
TIEPLOOOTEPEG TAELVOUNMUEVEG OUVAOPOLOELG LOPLOKWV
AELTOUPYLWV %http://Www.geneontoIogy.org/GO.doc.shtmI)

Eva aAlo mapadetypa e€ApTNONG LETOELU LOVOTATLWY Elvall

r]16ta6poun TOU KuTTtapLkoU KUKAou otnv KEGG
(http://www.genome.|p/kegg/pathway/hsa/hsa04110.html,
OTIOU N TIOPOUCLA EVOG QUGNTLKOU TTAPAYOVTO EVEPYOTIOLEL
TN povorartt cnpatodotnong MAPK. Auto, pe tn oglpa tou,
EVEPYOTIOLEL TO LOVOTIATL TOU KUTTOPLKOU KUKAOU.

Aev urtapxouv peBodol ORA yLa auth TV €§aptTnon petagy
TWV HoPLAKWV AELToupyLwy NG GO Katl TwV HOVOTIOTLWY
onuatodotnong tng KEGG



http://www.geneontology.org/GO.doc.shtml
http://www.genome.jp/kegg/pathway/hsa/hsa04110.html
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Enrichment
FDR
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Functional Class Scoring (FCS)

* H unmtoBeon nou kavel n peBodoc functional class scoring (FCS)
glval OTL av Kol oL peyaAec HETABOAEC oTA LEMOVWHEVA YovidLa
LLTTOPOUV VA £XOUV CNUOVTLKEC ETILOPACELC OTA LOVOTIATLA, Ol
ao0BeveoTeEPEC AAAA CUVTOVIOUEVEC AANOYEC 0T CUVOAQL
AELTOUPYLKA cuyyeVwY yovidiwv (6nA., ota povomatia) pmopouv
ETLONC VA EXOUV ONUOVTIKA artoTteAeopata. Me Alyec e€apeoelg,
OAec oL uEBobdol FCS xpnoLpomoLlouv pia tapaAAayrn vog YeEVIKOU
rnAatloiou Tou armoteAeital ano ta akoAouBa tpla BrApata:

e UTtOAOYL{ETOL £Va OTATLOTLKO OTO £Ttinedo Tou yovidiou

* Ta otatloTikd o€ emninmedo yovidiwv yla OAa ta yovidla o€ Eva LOVOTIATL
OUOCCWUOTWVOVTOL O€ VA EVLALO OTATLOTLKO O€ €TinEeSO povomatiou

e To teAko Brpa oto FCS eival n ektipnon TNG OTATLOTIKAG ONUOVTLKOTNTOG
TOU OTOTLOTIKOU o€ eminedo povomnatiol



[Teploplopol

* Katapyac, untohoylleTal Eva OTATIOTIKO OTO
eTtirne60o Tou yovidiou XpnNOoLUOTIOLWVTOC TLC
LLOPLOKEC LETPNOELC OO £va MElpapa. Auto
OUVETAYETOL UTTOAOYLOMO TNC SLopOPLKNC
£KPpOoNC LEMOVWHEVWVY YoVIOLWV N TipwTEiVwy. OL
OTATIOTIKEC TTOU XPNOLUOTIOLOUVTOL ETTL TOU
nopovtocg o€ emnimedo yovidiov nepltAappfavouv
OUOXETLOMO HLOPLOKWY LETPNOCEWV UE PALVOTUTIO,
ANOVA, otatiotikn Q, Aoyo onuatoc npoc 8opufo,
t-test



[Teploplopol

e AeUTEPOV, TA OTATLOTIKA O€ €Ttined0 yovidilwv yLa oAa
Ta yovidla o€ Eva LLOVOTIATL CUCCWHOTWVOVTAL OE VAL
£VLOLLO OTATLOTLKO o€ eminmedo povormatiou. Auti n
OTATLOTIKA UITOPEL va Elvoil TTOAUTIOPAYOVTLKN KOl VoL
uTtoAoyleL TIc aAAnAe€opTioelc PeTAEL TwV YoviOiwV N
LUTTopEL va elvall povopetafAntn kot va unv Aapavet
vrtoPn T aAAnAe€optnoelc petal Twv yovidiwyv. Ot
OTATLOTIKEC o€ eninedo povomatiou mou
XPNOLUOTIOLOUVTOL OTTO TLC TPEXOUOEC TIPOOEYYLOELC
nepltAapfavouv to otatlotiko Kolmogorov-Smirnoy, to
aBpoloua, To LECO OPO N TO SLAUECO TNC OTATLOTLKNG
o€ eninedo yovidiou, to abBpolopa Pabuwv katatoéng
Wilcoxon Kol To OTATLOTLKO OTOLXELO Mmaxmean



[Teploplopol

* To TeAkO BNua oto FCS eival n ektipnon tng
OTATIOTIKAC ONUOVTIKOTNTAC TNC OTATLOTLKNCG O€
enirnedo povormnatiov. Otav vunoAoyiletol n
OTATIOTIKN ONMOVTIKOTNTA, N UNOEVLKN UTIOBEON
rov e€etaletal amno TIC TPOCEYYLOELC TNG
TPEXOUOCOC OVAAUONC LOVOTIOTIWY UTTOPEL vaL
XWPLOTEL 0 SUO KATNYOPLEC: i) aAVTAYWVLOTIKN
undevikn umtoBeon Ka ii) avtoteANC UNdeVIKN
uTtoBE0oN



[TAeovekTnuaTA

* OLpeBodol CS avtpetwrifouv Tpelg Bactkoug
TIEPLOPLOUOUG TwV peBOdwvV ORA. MNMpwtov, bev amnattovv
eva 0UBaLPETO OpLO yLa TN Slaipeon Twv bedopeEvwy
ekdppaong ot oBuavuKeq KOl 1N ONMOVTLKEG OMADEG.
AvtiBeta, oL peBodol FCS xpnoLomoLlouV OAEG TLG
6LOL9€0Lp.€q LLOPLOKEC uerpncstq yLot TNV avaAuvon tou
LLovoraTtLou.

. Aeurepov evw n ORA avvoa evre?\wq TLC uopLaqu
LETPHOELG OTOV EVTOTTI(EL ONUOVTIKA povoraTia, ot pebodol
FCS xpnoLuomnolouv auteg TG TANpodopieg yio va
QVIXVEVOOUV GUVTOVIOHEVEG QAAQYEG OTNV EKdpaon
yovidiwv oto (6lo povormartt.

* TEAog, e&eTalOVTOG TIG CUVTOVIOUEVEG OANQYEG OTNV
yovidlakn ekppaocnh, ot peBodot FCS AapBavouv untoyn tnv
£6QPTNON UETOEL TWV YOVISLWV OE pLa 000, KATL TO OToLOo
dev kavel n ORA



[Teploplopol

* MpwTtov, opota pe tnv ORA, n FCS avaAuel kabe
LovoratL aveéaptnta. AUTOC elval Evag
TEPLOPLOMOC EMELON €va yovidlo pummopel va
AELTOUPYNOEL OE MEPLOCOTEPA ATIO £VA LLOVOTIATLA,
NPAYUO TTOU ONMOLVEL OTL TO LLOVOTIATLO UTTOPOUV
va SLooTaU pWVOVTOL KAL VOl ETILKOAUTITOVTOL.
YUVETIWC, O€ EVa TIELPOUO, EVW EVA LOVOTIATL
LLTTOPEL VOL EMNPENOTEL O VAL TIELPAMD, UTTOPEL
KOVELC VOl TTAPATNPNOEL KOl AAAQL povoTtaTLaL VoL
eudavidovrol otL emnpealovtal CNUOVTLKA EEQLTLOC
TOU OUVOAOU ETUKOAUTITOUEVWVY YOVLOLWV



[Teploplopol

e AsvUtepov, TOAAEC peBodol FCS xpnotpuomoLouyV Tig
aAAayEc otnv Ekppaon Twv yovidlwv yla va
taélvopnoouv yovidla og eva 6£50UEVO LOVOTIATL KOl
dev xpnotpomoLlolV T SLadopeC AUTEC O KopLal
TMEPALTEPW OVAAUGN.

* [l mapadelypa, av urtoBecoupe O0tL SUO yovidla o€
eva povoratt, A kot B, aAAalouv katd 2 dopEc kat 20
dopec, avtiotowya. Epocov kal ta Svo epdavidovral
otnv Lo oelpa og cuykpLon e aAAa yovidla oto
LLOVOTIATL, OL tepLocotepec neBodol FCS Ba ta
QVTIMETWTILOOUV UE TOV LOLO TPOTTO, AV KAl TO YoVidLo e
tnv uPnAotepn aAdayn otnv ekdpacn Ba Empemne va
AdBeL meploootepo Bapoc



Pathway-Topology (PT) methods

* OL neEBobot ORA kat FCS géetalouv Lovo tov
apLlOUO TWV yovIdiwv o€ Eval LOVOTIATL ] TNV
TAUTOXPOVN EKPpacn YovIidilwy yLa TOV EVTOTILOUO
ONUOVTLKWV JLOVOTIOTLWY KOl AyVOOUV TLG
npocBetec mAnpodopiec nov eival SLabeoLpec amno
QUTEC TLC Baoelc SedopeEvwy.

* EMopevwe, akopn Kot av kamolo¢ oxedlale Eava ta
LLOVOTTALTLO, E VEEC OUVOEDELC METAEL TWV
yovioiwv, edooov TteEpLEXOUV TO LOLo cUVOAO
yovibiwv, oL peBodot ORA kat FCS Ba mapnyayav
Ta oL amoteAEopata.



* OLueBobol mou Baoifovtal otnv TomoAoyia Twv
novortattwVv(PT) €xouv avarmtuxBel yia va
XPNOLLOTIOLNOOUV OUTEC TLC TPOCOETEC

niAnpodopiec.
* OL neBodolL mou Baoilovtal oe PT elval ouoLAOTIKO

oL i0Lec pe tic pebodouc FCS oto OTL ekTEAOVV TA
(OLa tpla Prpota pe tic pebodouc FCS.

* H Baowkn Stadopa petaéL twv VO €lval n xpnon
TNC TOTIOAOYLAC LLOVOTIATLOU YLOL TOV UTTOAOYLOLLO
TWV OTATLOTIKWY OTOLXELWV o€ eminedo yovidiwv



[Teploplopol

* Av Kkat oL peEBodot mou Baoilovtal os PT ivat SuokoAo
VoL TTEPLYPAPOUV LLE YEVIKOUC OPOUC, £XOUV TTIOAAOUC
KOlVOUG TIEPLOPLOMOUC.

* Eva podavec poBAnpa elvat OTL N TPAYUOTLKN
TOTtoAoyia Tou povormaTtiov e€aptatal oo Tov TUTo
TOU KUTTAPOU AOYw TwvV TtpodiA Ekdppaonc Twv
yoviSiwv Kol Twv cuvOnNKwV TNG CUYKEKPLUEVNG
KUTTOPLKAC EKPPOOoNC MOV HEAETWVTOL.

* Q0TO0O, AUTEC OL TAnpodoplec elval omavia
SlaBeotpec kol katakeppoti{ovtal o€ BACELS YVWOEWV,
QKON KoL oV Elvoll TANPWCE KatavonTtee. KabBwc
BeAtLwvovTal oL GXOALAOMOL, Ol TIPOOEYYLOELC QUTEC
OVOLLLEVETOLL VAL YLVOUV TTLO XPHOLUEC



[Teploplopol

e AA\oL teploplopol Twv peBodwv nov Bacilovtal o€
PT meplhapfavouv tnv aduvauia va
rovteAomotnOouv oL SUVAULKEC KOTOAOTAOELC EVOC
cuotnuatoc kat n aduvvauia vo AngBouv vrtoyn ot
aAANAeTOpAOELC HETOED HOVOTTOTLWY AOYW
aduvapwyV cuvOEcEWV PETAEL SLAOPOUWVY, WOTE Vo
AndBel utoPn n aAAnAeéaptnon petaél odwv.



[TpoBAnuatiopotl otnv Avaluon
LLOVOTTATLWV

* MpoBAnpota otov oXOALAoUO Kol Tt SedopEvVa
* Baoelc 6edopvwv xapnAng mototntac/avaiuvonc
* EAAuteic kat avakplBeic oxoAlaopot
* EAAuteic mAnpodoplec yLo CUYKEKPLUEVEC OUVONKEC Kall
OUYKEKPLUEVOUC LoToUc/KuTTapO
* MpoPBAnpata otn pebBodoloyia
* Benchmark data sets yia oUykplon dtadpopetikwv
nebodwv.
e ASuvapia povtelomoinonc kat oovaAvuong SUVALLLKAC
QTIOKPLONG
e ASuvapia povtelomoinong twv eMOPACEWV EVOC
eEwtepLkoL epebiopartoc.



Biological System
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Figure 2. Overview of low resolution, missing, and incomplete information. Green arrows represent abundantly available information, and
red arrows represent missing and/or incomplete information. The ultimate goal of pathway analysis is to analyze a biological system as a large, single
network. However, the links between smaller individual pathways are not yet well known. Furthermore, the effects of a SNP on a given pathway are
also missing from current knowledge bases. While some pathways are known to be related to a few diseases, it is not clear whether the changes in
pathways are the cause for those diseases or the downstream effects of the diseases.

doi:10.1371/journal.pcbi.1002375.g002



ELON OTATLOTIKWY EAEYXWV

* QUTOTEAELC LNOEVIKEC UTIOOEDELG

e Mua avtoteAnc undevikn umtoBeon dnAwvel otL ta yovidla oto
oUVOAO yoviSiwv bev ekppalovtal Lo SLapopeTIKA Ao O,TL
QVOLUEVETOL VO oUBEL AOyw TUXNC.

* OVTOYWVLOTIKEC UNOEVIKEC UTIOBEDELC.

* Mo avtaywvioTikn pndevikn unmoBeon dnAwvel OtL Ta yovidla o€
gva opada yovidiwv dev ekppalovtal o SLapopeTIKA O OXEON LE
Tt AAAa yovidLla tou cuvoAou dedopevwy (AAAWY opadwv).

* H avtaywvioTikn HNOEVIKA UTtOBECN ATIAVTA OE EPWTNOELG
OXETLKA LE TOL LOVOTIATLOL CUYKPLVOUEVO LETAEU TOUC, EVW N
QUTOTEANC UTIOBECN ATIAVTA OE€ YEVIKOTEPEC EPWTNOELC
OXETLKA ME TIC OPAOTNPLOTNTEC TWV YoVIdilwv og KAOE
OUYKEKPLUEVN 060.



Example A:

Jo Not
Significant Significant
SNP in gene - 80 100
set G
SNP outside 100 400 500
gene set G
120 480 600 SNPs
Example B:
o Not
Significant Significant
SNE = gens 40 60 100
set G
SNP outside
gene set G 100 400 500
140 460 600 SNPs

« 20% of SNPs within G
significant

* 20% of SNPs outside of G
significant

« P = 0.55 for Fisher's exact test
of the competitive hypothesis

* No evidence of enrichment

* 40% of SNPs within G
significant

* 20% of SNPs outside G
significant

* P <0.001 for Fisher's exact
test of the competitive
hypothesis

« Evidence of enrichment

*Nofte that the statistical test applied here assumes independence of p-values, which is an invalid
assumption in the presence of LD. Here this simple test is only used fo illustrate the competitive hypothesis.

Figure 1 Examples of competitive testing using Fisher’s exact test.



Number of SNPs in gene set G
significant with p < 0.05

Significant

Not
Significant

Observed

20

80

Expected

5

95

+ 20% of SNPs within G significant.

» Under the null hypothesis, expect 5%
of the SNPs to be significant.

« P = 0.002 for Fisher's exact test of the
self-contained hypothesis.

Evidence of association of the gene set
with the trait.

*Note that the statistical test applied here assumes independence of p-values, which is an invalid
assumption in the presence of LD. Here this simple test is only used to illustrate the self-contained

hypothesis.

Figure 2 Example of a self-contained GSA based on the Fisher’s exact test.



* QVTOYWVLIOTIKEC undevikec umtoBeoelc (Q1) —
* Ta yovidia o€ €va cUVoOAo yovibiwv deixvouv To iblo peyebog
OUOXETIOUWV HE TOV PaLVOTUTIO TNG VOOOU
* autoteAeic undevikec umoBeoelc (Q2) —

* Ta yovibia o€ £va cUVoAo yovidiwv dev oxetifovtal pe Tov GavoTumo
TN¢ vOoou

* EVw €Va OVTAYWVLOTIKO TEOT GUYKPILVEL OTATLOTLKA ATTO
OOKLUEC OUOYETIONC A0BEVELWVY YLaL yovidLa o€ Eva
oUVOAO yovIdilwV PE auta yla yovidla oto uTtoAOLTO
YOVLOLWMHO, EVOL LUTOTEAEC TEOT EAEYXEL ameuBeiac Tn
OUOYXETLON EVOC OUVOAOU YyovIbilwv PE TNV a.cBevela Ko
dev eaptatal oo yovidla eKTOC Tou GUVOAOU

Wang L, Jia P, Wolfinger RD, Chen X, Zhao Z. Gene set analysis of genome-wide
association studies: methodological issues and perspectives. Genomics. 2011 Jul
1;98(1):1-8.



* [La por avtoteAn undevikn umobeon, n
amAoUOoTEPN TIPOOEYYLON Elval va cUVOUAOOULLE TLC
TIMEC P OAwV Twv peAwV evoc yovidLlakou cuVOAou.
Elval o ocuvnBilopevo va urtoAoyLl{OUE APXLKAL TLC
TIHEC P o€ eninedo yovidiou, aAAad eival emionc
duvato vo. cuVOUACOUUE TLC TIMEC P twv SNP. Mua
NoLKIALa LEBOOwV cuvduaopoU TTOAAAAWY TLUWV
p eival StaBeopec, onwe n nEBodoc Fisher, n
nEBodOC yappa Kot AAAEC



2 TOTLOTIKN TOELVOUNON TWV
OLOPOPWV LEBOOWV

Maciejewski H. Gene set analysis methods: statistical models and methodological
differences. Briefings in bioinformatics. 2013 Feb 9;15(4):504-18.



Method Statistic Significance assessment
Competitive with gene

randomization

QI (Tian et al. [14]) Ql = #ZL ti Gene randomization

FCS—Functional Class Score

(Pavlidis et al. [24])
Competitive with sample

randomization

GSEA (Subramanian et al. [1])

GSA (Efron and Tibshirani [9])

SAFE (Barry et al. [10])

Self-contained
Globaltest (Goeman et al. [5])

Q2 (Tian et al. [14])

FCS.SC—self-contained version

of FCS (Pavlidis et al. [24])

ES.SC—self-contained version

of the enrichment

score (Subramanian et al. [I])
Parametric

PAGE (Kim and Volksy [I5])

CATEGORY (Jiang et al. [25],
Irizarry et al. [16])

Other parametric tests
proposed by Irizarry et al. [16]

FCS=15" —log(P)

Kolmogorov—Smirnov statistic comparing ranks
of P-values of genes in gene set versus uniform
distribution

The maxmean statistic S, equal:
" =0yt "It <0);
max{ Zu:l Zl:|
Kolmogorov—Smirnov or Wilcoxon rank-sum
statistic comparing t versus t¢

m 2 m

Q=L3" LiX.(Y —p)]*where pi and y, are

m fi=Ip,
the are the first and second central moment of Y

Same as QI
Same as FCS

Kolmogorov—Smirnov statistic comparing
(Pi).,i = |,...,m versus the uniform distribution

z =751 —p)vm

where |, 0 are the mean and standard deviation
of fold changes calculated for all genes, and g is
the mean of fold changes for genes in G

Z=ﬁ2.’-"=| ti

Wilcoxon rank-sum statistic or x2 statistic
comparing t versus t©

Gene randomization

Sample randomization

Sample randomization for standardized
test statistics

Sample randomization

Asymptotic normal distribution, or for small
sample approximation by scaled >
distribution, or randomization of samples

Sample randomization

Sample randomization

Analytical Kolmogorov—Smirnov distribution
or randomization of samples

Null distribution of z~N(0,I)

Null distribution of z~N(0,I)

Corresponding analytical distributions




Table 1

Some examples of competitive tests, which compare disease associations for the genes in a gene-set with genes in the rest of the genome.

Reference Year Software Input data for Condense SNP information  Gene set test statistic Significance
the method  within each gene assessment
Gene-based methods
Wang et al. 2007 GSEA http:/fwww.openbicinformatics.org/gengen Genotype Most significant SNP P-value; Modified Kolmogorov- Sample
[5] Sime’s combination test Smirnov (KS) statistic permutations
Askland et al. 2009 EVA (Exploratory Visual Analysis) SNP P-values  Most significant SNP P-value Fisher's exact test Hypergeometric
[77] http://fwww exploratoryvisualanalysis.org/ distribution
Guo et al. 2009 SNP P-values  Most significant SNP P-value Modified Kolmogorov- SNP
[51] Smirnov statistic permutations
Holmans et al. 2009 ALIGATOR (Association List Go AnnoTatOR) SNP P-values  Most significant SNP P-value Modified Fisher's Exact test Gene
[31] http://x004.psycm.uwcm.ac.uk/~peter/ with correction for gene size re-samplings
Freudenberg et al. 2010 Genotype Most significant SNP P-value Odds ratio for the presence Sample
[47] of SNP associations; permutations
number of loci in a category
that have SNP associations
Jia et al. 2010 dmGWAS Genotype Most significant SNP P-value Z-score Gene
[26] http://bioinfo.mc.vanderbilt.edu/dmGWAS html randomization
and sample
permutations
Luo et al. 2010 SNP P-values Linear combination test; Linear combination test; MNormal or
[70] quadratic test; decorrelation quadratic test; Chi-square
test of SNP P-values decorrelation test of gene distribution
P-values
Nam et al. 2010 GSA-SNP http://gsa.muldas.org SNP P-values Second best SNP P-value Z-statistic, maxmean Gene
[32] statistic [36], and modified re-samplings
KS statistic [5] and sample
permutations
Peng et al. 2010 SNP P-values  Fisher's combined P-value; Fisher's exact test Hypergeometric
[41] Sidak's correction to the distribution
most significant SNP; Sime's
combination test; or FDR
method
Zhang et al. 2010 i-GSEA4GWAS http://gseadgwas.psych.ac.cn/ SNP P-values  Most significant SNP P-value Modified Kolmogorov- SNP
[87] Smirnov (KS) statistic permutations
SNP-based methods
Holden et al. 2008 GSEA-SNP Genotype Modified KS statistic Sample
[88] http://nr.no/pages/samba/area_emr_smbi_gseasnp permutations
Schwarz et al. 2008 SNPtoGO SNP P-values Fisher's exact test Hypergeometric
[89] http://webtools.imbs.uni-luebeck.de/snptogo distribution
Medina et al. 2009 GESBAP [(GEne Set Based Analysis of SNP P-values Sequential applications Hypergeometric
[90] Polymorphisms) of Fisher's exact test on distribution
http://bivinfo.cipf.es/gesbap/www/index.jsp different partitions of the corrected by

gene list

FDR[91]




Table 2

Some examples of self-contained tests, which test for disease associations for genes in a gene-set directly.

Reference Year Software Input data for Condense SNP information Gene set test statistic Significance
the method  within each gene assessment
Gene-based methods
Yu et al. 2009 SNP P-values Adaptive rank truncated Adaptive rank truncated An efficient single-
[37] product statistic (ARTP) product statistic (ARTP) level permutation
method algorithm
Chen et al. 2010 GRASS (Gene set Ridge regression in Genotype Principal components Sample
[33] ASsociation Studies) permutations
http://linchen.fhcrc.org/grass.html
SNP-based methods
Dinu et al. 2007 Genotype U-statistic [93] Sample
[92] permutations
Chai et al. 2009 Genotype Fisher's combined P-value, Chi-square
[34] corrected by Brown's distribution
approximation
O0'Dushlaine et al. 2009 SNP Ratio Test Genotype SNP Ratio Test Sample
[6] http://sourceforge.net/projects/snpratiotest/ permutations
De la Cruz et al. 2009 Genotype Fisher's combined P-value, Sample
[94] with rank truncation and permutations
weights
Chen et al. 2010 Genotype Supervised Principal Mixture distribution
[12] Components
Eleftherohorinou et al. 2010 Genotype Cumulative trend test Fit skewed normal
[73] statistics — sum of all single distribution to 1000
SNP P-values in the gene set sample permutations
Ruano et al. 2010 Genotype Fisher's combined P-value Sample
|68] permutations
Wang et al. 2011 SNP P-values t-statistic in mixed model  Empirical null
[55] distribution




|bLattepotntec GWAS/microarrays

* Mwc va pAtpapoupe n va kKaBaploovpe tn
AlOTO TWV CUVOAWV YoVLSLwV;

* NMwc¢ Ba avtiotolyiocoupe SNPs/probes oe
yovidio?

* Elvail owoTo va xpnotpomnolnooupe imputed
genotypes?

Mooney MA, Wilmot B. 2015. Gene set analysis: A step-by-step guide.

Am J Med Genet Part B 168B:517-527

Mooney MA, Nigg JT, McWeeney SK, Wilmot B. Functional and genomic context in pathway
analysis of GWAS data. Trends in Genetics. 2014 Sep 1;30(9):390-400.



[Twc va PIATPAPOUE N va
KoBaplooupe tTn AloTa TWV CUVOAWV
vVovLOLlwV;

* glval ouyva anopaitnto va GLATPAPOUHE Ta CUVOAQ
YOVLOLWV YLO VO OPALPECOUHE QUTO. LE TIOAU HULKPO KOl
OLUTA LE TLOAU peyaAo aplOpo yovidlwv.

* AuTo To BrApa givatl GNUOVTIKO AOyw TWV YVWOTWV
OUOCTNUATIKWY OPOAUAWV TTOU OXETL{OVTOL UE TO
neyeboc (aplOpoc yovidiwv) evoc cuvolou yovidiwv.

* Av Kot Ta opla ivat avBaipeta, eival cuvnBeg va ,
TEPLOPLLETAL TO PEYEDOG TWV GUVOAWY YOVLOLWV PETAEU
10 kot 200 yoviolwv.



[Mwg Ba avtiotoytooupe SNPs oe
yovioLa’?

e O 1o arAog TpPOmo¢ yLa va yivel auto Baoiletal otnv
tornoBeoia twv SNP. Na napadetyua, pia kowvn pebodog
elval va tormtoBetrniooupe eva SNP og eva yovidlo eav to SNP
BplokeTal EVTOC TwV oplwv Tou yovidlou N HEoA O€ Eva
otaBepo mapaBupo yupo amo auvto

* H aviooppornia ocuvdeonc (LD) umopet eniong va
xpnotpomnotnBei yia tn xaptoypadnon twv SNP ota yovidia.
Y€ aUTN TNV tepimtwon, ta SNPs yaptoypadouvtal o Eva
yovidlo eav cuoyxetifovtal pe aAlo SNP tou Bplokovtal
EVTOC TWV oplwVv TwV yovidiwv. OL pebodol ou
xpnotuomotlouv to LD yua tn xaptoypadpnon twv SNP ota
yovidLa £xouv to mAeoveKTnMa OTL SEV XAVOUV OAEC TLC
nAnpodopiec mou mepleyxovtal ota dStayovidlakd SNP
(proxyGenelD kat INRICH)



Elval owoTo va XpnOLLOTIOL|OOU LE
imputed genotypes?

* Hxpnon imputed yovotunwv auéavel tov aplOpuo twv SNP mou
nepthapBavovtal oTnv avaluon Kol EMOUEVWE HITOPEL VaL
auér]oa ToV aplOpo Twv yovidiwv mou avtimpoowrnevovtal. MNa
neBo6oug GSA 1ou XpNGOLUOTIOLOUV YOVOTUTIOUG, OVTL yLat

OUVOTITLKEC OTATIOTLKEC, 0 aUENUEVOC aplBog SNPs pmopel va

aU&roeL Tov UTTOAOYLOTLKO hOpTO.

* EnutAgov, 6edopevou OTL oL yovOTUTIOL TTOU Agimouv
OUITANPWVOVTOL XPNOLUOTIOLWVTAG TLG n)\npocgopteq aro
rnoAAaAQ yettovika SNP (artAdotuTol), ot Ré@o Ol TTOU
XPNOLULOTIOLOUV TOUG YOVOTUTIOUG TTOAATAWY SNP yLa T
uovrelionoincr] emdpAceswv o€ eninedo yovidiouv n o eninedo
yovidiov dev Ba wdpeAnBouv amod tnv npoobnkn tetolwv SNP.

e OLpEBodoL GSA nou xpnotupomolouv gva povo SNP yla va
cuvoyioouv €va yovioLo (T.X. ekxwpnon tTng eEAAXLoTNG TIMAC P
OAwv Twv SNP 1tou €xouv ekxwpnBel oto voviﬁtog(svééxewt val
wdeAnBoLv ano tnv poPAePn/cupunAnpwon yovotumou,
KABwWG OPLOUEVEG TIUEG p OF €TLTESO YOVIOLOU UITOPEL vaL
ylVOUV TILO ONUAVTIKEG



N * Perform normal QA/QC procedures
Record Data
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FIG. 1. A gene set analysis workflow, including the possible choices that must be made at each step of the analysis. The data type
requirements for the various statistical methods are indicated by color. For instance, regression-based methods and permutation procedures
that randomize samples require genotypes as inputs. On the other hand, over-representation methods utilize summary statistics. Some
methods multicolored] are not restricted to one type of input data.

J\ Gene set-lovet * Provide visualizations of gene sets
\ P-values
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Table 1. Gene set analysis methods and software tools (focused on GWAS data)

Gamma method 2s, SC
Adaptive rank truncated product method 2s, SC
VEGAS 25" SC
BGSAsnp 2s, SC
GRASS 2s, SC
HYST 2s, SC
PRP 2s, SC, Top
GSA-SNP 2s, C, SC
gamGWAS 25, C
Pathway-PDT (family-based tests) 25, C
WebGestalt 25, C
i-GSEAAGWAS 25, C
ICSNPathway 25, C
GenGen 25, C
ALIGATOR 25, C
GeSBAP 25, C
GSEA 25, C
GSEA-P 25, C
MAGENTA 25, C
Modified Fisher's method 1s, 25, SC
Modified Fisher's method 1s, 25, SC
Plink set-based test 1s, SC
GSEA-SNP 1s, SC
GLOSSI 1s, SC
Supervised PC 1s, SC
SNP ratio test 1s, SC
PAGWAS (hierarchical model) 1s, SC
GLMM 1s, SC
BMApathway 1s, SC
Synthetic Feature Random Forest 1s
SGL-BCGD 1s, SC
INRICH 1s, C
GREAT [

SSEA 1s, SC
PARIS 1s, C
Gowinda 1s, C
GeneSetDB (hypergeometric) C

Gene set bagging Cc

PoDA 1s, C
ProxyGenelD NA
GWAS Pathway ldentifier NA
ConsensusPathDB NA
Markov Random Field Model Top
EnrichNet Top
TopoGSA Top
CePa Top
THINK-Back-DS C, Top
PINA v2.0 C, Top
PANOGA Top
dmGWAS Top
HotNet2 Top
Metacore Top
DAPPLE Top
GRAIL Top, TM
Chilibot Top, TM
“Abbreviations: 15, tep; 25, b tep; C, competiti

"EGAS is a gene-based test and can be used as the first step in a two-step GSA.

Genotypes
Genotypes or P values
P values
Genotypes
Genotypes

P values, R* coefficient
P values

P values

P values
Genotypes
Genes

P values

P values
Genotypes

P values

P values
Genotypes
Ranked gene list
P values

P values

P values
Genotypes

P values

P values
Genotypes
Genotypes
Genotypes

P values
Genotypes
Genotypes
Genotypes
Genomic regions
Genomic regions
P values

P values

SNPs

P values
Genotypes
Genotypes

Genes

Genes

Genes

Genes

P values, genes
Genes

P values

P values

P values

Genes

Genes or genomic regions
SNPs or genomic regions
Genes

; SC, self-contained; Top, topology-based; TM, text mining;.

[61,62]
[63]
[64]
(58]
[65]
(6]
[67]
[68]
[69]
[57]
[70]
[71]
[11]
[72]
[36]
(371
(73]
[74]
[75]
[43]
[76]
[44]
[45]
[46]
[47]
(48]
[77]
(78]
[79]
[54]
(80]
[81]
[82]
[83]
[56]
(84]
[13]
[85]
[86]
[87]
[88,89]
[80]
[29]
[30]
[31]
[32]
(http:/www.thomsonreuters.
com/metacore)
[91]
[92]
(93]

Mooney MA, Nigg JT,
McWeeney SK, Wilmot B.
Functional and genomic
context in pathway analysis
of GWAS data. Trends in
Genetics. 2014 Sep
1;30(9):390-400.



Table 1. Examples of pathway analysis tools in each generation.

Name Availability Reference
ORA tools

Onto-Express Web (http://vortex.cs.wayne.edu) [4,5]
GenMAPP Standalone (http://www.genmapp.org) [11,71]
GoMiner Standalone, Web (http://discover.nci.nih.gov/gominer) [72,73]
FatiGO Web (http://babelomics.bicinfo.cipf.es) [74]
GOstat Web (http://gostat.wehi.edu.au) [7]
FuncAssociate Web (http://llama.mshri.on.ca/funcassociate/) [6]
GOToolBox Web (http://genome.crg.es/GOToolBox/) [10]
GeneMerge Standalone, Web (http://genemerge.cbcb.umd.edu/) [9]
GOEAST Web (http://omicslab.genetics.ac.cn/GOEAST/) [75]
ClueGO Standalone (http://www.ici.upmc fr/cluego/) [76]
FunSpec Web (http://funspec.med.utoronto.ca/) [77]
GARBAN Web (78]
GO:TermFinder Standalone (http://search.cpan.org/dist/GO-TermFinder/) [8]
WebGestalt Web (http://bioinfo.vanderbilt.edu/webgestalt/) [79]
agriGo Web (http://bioinfo.cau.edu.cn/agriGO/) [80]
GOFFA Standalone, Web (http://edkb.fda.gov/webstart/arraytrack/) [81]
WEGO Web (http://wego.genomics.org.cn/cgi-bin/wego/index.pl) [82]
FCS tools

GSEA Standalone (http://www.broadinstitute.org/gsea/) [21,29]
sigPathway Standalone (BioConductor) [22]
Category Standalone (BioConductor) [24]
SAFE Standalone (BioConductor) [30]
GlobalTest Standalone (BioConductor) [15]
PCOT2 Standalone (BioConductor) 71
SAM-GS Standalone (http://www.ualberta.ca/~yyasui/software.html) [83]
Catmap Standalone (http:/bicinfo.thep.lu.se/catmap.html) [84]
T-profiler Web (http://www.t-profiler.org) [85]
FunCluster Standalone (http://corneliu.henegar.info/FunCluster.htm) [86]
GeneTrail Web (http://genetrail.bioinf.uni-sb.de) [87]
GAzer Web [88]
PT-based tools

ScorePAGE No implementation available [371
Pathway-Express Web (http://vortex.cs.wayne.edu) [38,39]
SPIA Standalone (BioConductor) [40]
NetGSA No implementation available [43]

doi:10.1371/journal.pcbi.1002375.t001

Khatri P, Sirota
M, Butte AJ. Ten
years of
pathway
analysis: current
approaches and
outstanding
challenges. PLoS
computational
biology. 2012
Feb
23;8(2):€100237
5.



TABLE Gene Set Analysis Methods and Software Tools

Method Input References
(ver-representation methods

WebGestalt Gene list Wang et al, [2013]

oAV Gene list Huang et al. [2009]
Metacore Gene list thomsonreuters.com/metacore
GeneSetDB Gene list [Araki et al. [2012]
INRICH Genomic Regions Lee et al. [2012]
MAGENTA Fyalues Segre et al. [2010]
ALIGATOR Fyalues Holmans et al. [2009]
Enrichment methods

GSEA Genotypes Wang et al. [2007]
HGSEAIGWAS Fyalues Thang et al. [2010]
G5A-SNP Fyalues Nam et al. [2010]

GSEA-P Ranked gene list Subramanian et al. [2007)
GSEA-SNP Fyalues Holden et al. [2008]
Methods for combining Fvalues

Modified fisher's method Fyalues De la Cruz et al. [2010]
Modified fisher's method Fyalues Luo et al. [2010]
Adaptive rank truncated product method Genotypes or Pvalues Yu et al. [2009]

FORGE Fyalues Pedroso et al. [2012)
Plink set-based test Genotypes Purcell et al, [2007]
Regression-based methods

GRASS Genotypes Chen LS et al. [2010]
MAGMA Genotypes de Leeuw et al. [2015]
PCgamma Genotypes Biernacka et al. [2012)
PAGWAS Genotypes Evangelou et al. [2014]
SGL-BOGD Genotypes Silver et al. [2013]
Supervised PCA Genotypes Chen X et al. [2010]
Classification-type methods

Pathways of distinction analysis Genotypes Bruan and Buetow, [2011)
Synthetic feature random forest Genotypes Pan et al. [2014]
Methods that incorporate interaction data [networks)

PANOGA Fyalues Bakir-Gungor and Sezerman, [2011]
dmGWAS Fyalues Jia et al. [2011]

HotMet? Fyalues Vandin et al. [2011]
EnrichNet Gene list Glaab et al. [2012]
NetPEA Gene list Liu and Ruan, [2013]
MNEA Gene list Alexeyenko et al. [2012]
PANOGA Fyalues Bakir-Gungor et al. [2014]
PINA Gene list Cowley et al. [2012]
Dapple Gene list Rossin et al. [2011)
DEPICT Fyalues Pers et al. [2015]

Mooney MA, Wilmot B. 2015. Gene set analysis: A step-by-step guide.
Am J Med Genet Part B 168B:517-527



* EpyaAeia onwg ta Enrichr, g:Profiler, DAVID, WebGestalt kat PANTHER sivat
gepyoAeia EUTAOUTIONOU YEVIKAC XPONG TTOU TTAPEXOUV AELTOUPYLEG YL
Sladopetikouc TUouc Sedopevwyv omics. Agxovtat yovidio r} Atota SNP w¢ eicodo
Kol TtapExouv API tou dtaodaAilel tn SLAAELTOUPYLKOTNTA, EVW YLOL TN OTOTLOTIKA
avaAuon xpnotlpomnotoUv oAa kamota €kdoon tou ORA r)/ko tou GSEA (to
WebGestalt xpnowpomnolei emiong avalvon Baocel tornoAoyiag diktuou). Eva
ONUOVTLKO XOPOAKTNPLOTLKO QLUTWV TWV £PYAAEiWV lval OTL EVOWUATWVOUV UEYAAO
aplOuO Baocewv dedopévwy BloAoykwy Kat povoratiwy, Le ta g:Profiler kot Enrichr
va pooPEPouV TNV MANPECTEPN GUAAOYN.

* AVAUECO OTA TILO EUKOAQ XPNOLUOTIOLOUEVA KOL CUXVA avadepOUEvVA Elval Ta
gpyaleia ou xpnotpomnolovv ogPep. To FUMA kat to iGSEAGWAS sival epyaleia
e€eldikevpéva oe GWAS Kkal XpnotlpomoloUv otatloTikeéC o€ enimedo SNP w¢ eloodo,
aAld StadEpouv oL emopevec avaAlvoelc: To FUMA xpnowpornolet to MAGMA yla
SoKLUEC Baoel yovidilwy kal tapéxetl tn dokipury ORA kat Kologorov-Smirnov (GSEA),
evw to iIGSE4GWAS avtiotolyilet to SNP pe To TLo OnNUaVTLKO p-value oto yovidlo
ToUu, Kal tpaypatornolel GSEA pe permutation.

* To GSA-SNP2 sivau pia oo tic mpwtec pebBodouc mou avamtuxOnke yia GWAS kalt
EXeL 6L apKeTEC BeATIwWoELC 6ooV adopad TOV UTTOAOYLOLO TNC CUVOUAOUEVNG
BaBbpuoAoylag yovidilou Kat Tou XpOvou eKTEAEONC, KAOWC elval amo TG TaXUTEPEC
nebodouc.



* AM\ec pEBodol xpnotLpomnololv SLadopeTIKOUC 0PLOUOUE TWV CUVOAWVY yovidiwy,
O€ OPLOUEVEC TIEPUTTWOELC XpNOLOoTIoLWwVTaC pocBetec mAnpodopies. Na
napadeypa, to dmGWAS svowpoatwvel diktua PPl kal xpnotuomolel pia
nEBodo avalAtnong yla Tnv avoyvwpLlon UTIoSIKTUWV. 2€ oUYKPLON UE TLC
TUTIKEG LEBOSoUC povomaTtiol PoodEPEL OTOUC XPHOTEC TNV eVEALELOL OTOV
OPLOUO EVOC GUVOAOU YOVLSLWV Kol UTTOPEL VO XPNOLUOTIOLOEL TOTIULKEC
nAnpodopiec PPI.

* To GEMB kaBopilel o cUvoAa yovidiwv xpnotlpomolwvtac Bapn amno
nPoPAEP el povTEAWV Kal Katataén yovidiwv amo to GWAS kat to GENOMICper
XPNOLUOTIOLEL LETABETELC TWV avayVWPLoUEVWY SNPs pe meplotpodn o€ oxeon
LLE TLC YOVIOLWUATLKEC BEOELC.

* To GWAB xpnotpormolel cuvdEoelg SLkTUoU yla va emavarnpoodlopiosl Ta
vrtoPndla yovidia evowpatwvovtag otnv GWAS kot ta dedopéva Siktuou, EVw
10 GenToS avalntd moAvpopdLopoUC TTOU OXETL{OVTOL UE XOPOKTNPLOTIKA OE
uTtapyovta avBpwriva GWAS.

Kontou PI, Bagos PG. The goldmine of GWAS summary statistics: a systematic review
of methods and tools. BioData Mining. 2024 Sep 5;17(1):31.
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Method to identify candidate risk genes based on the presence of risk variants within noncoding regulatory elements
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