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1.1 Etiologia del cancer de mama

El cancer de mama presenta una etiologia complexe en la que hi intervenen
una barreja de factors genétics i ambientals. La predisposicié genética here-
tada a desenvolupar cancer de mama s’observa amb l’existéncia de families
amb nombrosos casos. Estudis epidemiologics han demostrat que les dones
amb un familiar de primer grau afectat de cancer de mama tenen el doble
de risc de desenvolupar la malaltia en comparacié amb les dones que no
tenen un historial familiar |1, 2|. Paralel-lament, en estudis amb bessons
s’ha demostrat que el risc relatiu a patir cincer de mama és més elevat en
bessons monozigdtics que en bessons dizigotics, suggerint que el component
predominant en 'agregacié familiar de casos és probablement causat per

factors genétics més que pel fet de compartir un mateix ambient [3].

La base genética del cancer de mama ha sigut molt estudiada. La identifica-
ci6 de nous gens de susceptibilitat és de gran interés ja que és una malaltia
molt comuna arreu del moén i representa un problema molt rellevant de salut
publica tant en paisos desenvolupats com en vies de desenvolupament. Ac-
tualment, el cancer de mama és el cancer més freqiient entre les dones arreu
del mon (amb un risc al llarg de la vida de més del 10 %), essent la primera
causa de mort relacionada amb cancer entre les dones [4]. L’estudi de les
bases genétiques de la malaltia té principalment dos objectius. El primer
seria poder estratificar la poblacié en funcié del risc a patir la malaltia i
aix{ aplicar una medicina preventiva més efectiva. En segon lloc, la obtenci6
de coneixement fonamental sobre els processos biologics i vies de senyalit-
zacié involucrades en la etiologia, el que podria obrir noves oportunitats

terapéutiques [5].
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1.2 Variants genétiques i malaltia

El genoma de dos individus de la poblacié general difereix en aproximada-
ment el 0,1% de la seva seqiiéncia i aquestes diferéncies séon en part les res-
ponsables de les caracteristiques individuals i la susceptibilitat a les malalti-
es [6]. Aquesta variabilitat és deguda a mutacions en la linia germinal que es
van donar en la historia humana i que, com a conseqiiéncia de diverses forces
evolutives i/o poblacionals, apareixen amb una determinada freqiiéncia en
les poblacions actuals. En general, si una variant presenta una freqiiéncia
major o igual al 1% en la poblaci6 general es classifica com a polimorfisme
o variant comuna. Aixi, les variants genétiques que apareixen en menys
de I'1% de la poblaci6 es classifiquen com a variants rares. Llavors, el
concepte de mutacid es limita a variants rares que estan associades funci-
onalment a un fenotip simptomatic d’'una determinada malaltia. En aquest
context, el projecte internacional dels 1.000 genomes |7] proporcionara el ca-
taleg complert de possibles variants en el genoma humaé. Aixo serd molt util
per a poder caracteritzar les variants genétiques relacionades directament
(i.e. mutacions) o indirectament (e.g. en desequilibri de lligament, veure

segiients seccions) amb les malalties.

1.2.1 Polimorfismes d’un sol nucleotid

El tipus de polimorfisme més freqiient és el d’una variacié en la seqiiéncia de
DNA que només afecta una base nucleotidica (Single Nucleotide Polymorp-
hism, SNP). Es tracta de substitucions d’una base per una altra i, donat

que és molt improbable que aquest fet hagi ocorregut més d’'una vegada en
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la mateixa posicio (locus) de la seqiiéncia de DNA durant la historia de les
poblacions humanes, en la majoria dels casos només presenten dues formes
(anomenades al-lels): I’al-lel ancestral i 1’al-lel mutat en algun moment de la
historia humana pero a priori no associat a malaltia [8]. En una determinada
poblaci6, cadascun dels dos al-lels d’'un SNP té una freqiiéncia que depén de
I’evolucié de les poblacions i el possible efecte funcional del canvi genétic.
Es denomina MAF (de l'anglés Minor Allele Frequency) la freqiiéncia de

I’al-lel menys comii.

Els SNPs es poden classificar en funci6é de la regié del genoma on estan
situats i d’aquesta manera preveure la seva possible funcionalitat. Un SNP
sera funcional si altera I'expressié correcte del gen o la funcionalitat del
seu producte. D’aquesta manera, els SNPs situats en els exons o en les re-
gions reguladores d’un gen poden associar-se o causar (i.e. mutacions) una
malaltia concreta alterant 1’estructura o la abundancia d’una proteina es-
pecifica [9]. Donada la baixa densitat de gens en el genoma huma la majoria
dels SNPs son intergénics [10]. Aquest fet perd, no descarta que puguin te-
nir un efecte funcional ja que els SNPs intergénics poden localitzar-se en

regions o seqiiéncies reguladores [11].

Donat que en la majoria dels casos els SNPs representen canvis genétics
Gnics, en general estan altament correlacionats amb altres variants que es
troben a prop en la seqiiéncia del genoma. D’aquesta manera és possible pre-
dir l’al-lel d’'un SNP basant-nos en ’al-lel en una altra posicié relativament
propera en el genoma. Aixi, els al-lels de diferents SNPs d’una mateixa regi6
cromosomica s’hereten de manera conjunta més sovint del que s’esperaria
per atzar, el que s’anomena desequilibri de lligament (Linkage Dise-

quilibrium, LD). Aquest desequilibri pero, no esta regularment distribuit,
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sind que es troba segmentat per regions amb alta freqiiéncia de recombina-
ci6 [12-14]. D’aquesta manera, el genoma es pot estructurar en blocs discrets
(anomenats blocs haplotitipcs) dins dels quals la major part de la variacié
comuna esta correlacionada, presenten elevat LD entre ells i baix LD amb
els SNPs dels blocs haplotipics veins [15]. En un grup d’SNPs amb elevat
LD, existeix informacié redundant per tant és possible seleccionar un SNP
representatiu (tagSINP) i utilitzar-lo per inferir la resta d’SNPs. Selecci-
onant un nombre limitat d’SNPs, cadascun representatiu de la seva regid
genomica o d’elevat LD, es pot capturar la major part de la informacio res-
pecte a la variabilitat genética en una poblacié. Normalment la variabilitat
en cada bloc és representada per només quatre o cinc combinacions tniques
d’al-lels anomenades haplotips [16]. Des de 'any 2005, gracies al projecte
HapMap (International HapMap Project) [17], es disposa del cataleg dels
haplotips del genoma huma i els tagSNPs que els representen per diferents

poblacions humanes (Figura 1.1).

1.3 La base genética del cancer de mama

Podem distingir tres tipus de factors genétics de predisposicié o suscepti-
bilitat al cancer (i en concret al cancer de mama, objecte d’aquest treball)
en funcié del risc relatiu a desenvolupar la malaltia que confereixen als por-

I s6n rares en la poblacié

tadors. Les mutacions d’elevada penetrancia
general (<1/1000) i estan associades a un increment de >50% del risc al
llarg de la vida; les mutacions de moderada penetrancia confereixen

un increment de risc entre el 20-50% al llarg de la vida; i les mutacions

La proporcié d’individus amb la mutacié que desenvolupen la malaltia associada.
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a SNPs
Chromosome 1
Chromosome 2

Chromosome 3
Chromosome 4

b Haplotypes

¢ Tag SNPs

SNP

v

AACACGCCA....
AACACGCCA....
AACATGCCA....
AACACGCCA....

SNP

v

TTCGGGGTC....
TTCGAGGTC....
TTCGGGGTC....
TTCGGGGTC....

SNP
v

AGTCGACCG....
AGTCA ACCG....
AGTCA ACCG....
AGTCCGACCG....

Haplotype1 CTC/AAAGTACGGTTCAGGCA
Haplotype2 TTGIATTGICGCAACAGTAATA
Haplotype3 CCC/GATCTIGTGATACTGGTG

Haplotype 4

O\ > <«

O\ <«

O\0 <«

Figura 1.1 — a. Representacié de quatre haplotips diferents del mateix fragment de
DNA. La seqiiéncia és idéntica excepte en les tres posicions que presenten variacio
(SNPs). b. Un haplotip esta format per una combinacié concreta d’al-lels d’SNPs
propers. c¢. El coneixement de només certs SNPs (tagSNPs) és suficient per poder
identificar un haplotip en concret (adaptat de The HapMap Consortium, 2003 [18]).

de baixa penetrancia que poden ser comunes en la poblacio (>5%) i

confereixen un increment del risc entre 1%-20% al llarg de la vida [19] (Fi-

gura 1.2). En aquesta tesi, i per simplificar, es parlara de gens o

loci d’alta, moderada o baixa penetrancia en referéncia als gens o

loct que es troben afectats per mutacions d’elevada, moderada o

baixa penetrancia respectivament.

La proporcio del risc relatiu familiar (familial relative risk, FRR) és una

mesura util de la contribucié dels gens de susceptibilitat a la heretabilitat

del cancer, és a dir, la proporcié de la varianga fenotipica d’aquesta malaltia

que es pot atribuir al genotip [20]. Aixi, s’observa que els gens d’elevada i

moderada penetrancia identificats fins ara pel cancer de mama expliquen el
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Figura 1.2 — Distribuci6 dels gens de susceptibilitat al cancer de mama en funcio
del risc que confereixen i de la freqiiéncia de les mutacions/variants en la poblacio
(extret de Foulkes, 2008 [19]).

21% del risc familiar (Figura 1.3) i el 15% seria explicat pels 76 gens de baixa
penetrancia coneguts fins el moment assumint que els riscos que confereixen

aquests al-lels es combinen multiplicativament (son independents) [21].

Només una petita fraccié del total de casos de cancer de mama sén deguts
a gens d’alta i moderada penetrancia. Com ja s’ha explicat, aquests gens
son molt poc freqiients en la poblacié i confereixen un moderat/elevat risc
a patir la malaltia al individu portador, per aquest motiu, donen lloc a
concentracions familiars de multiples casos [22|. En més del 90% dels casos
pero, la susceptibilitat a la malaltia vindria donada per 'efecte de diferents
gens de menor penetrancia, que actuarien en conjunt i interactuant amb
factors ambientals, per conferir un increment en la predisposicié a desen-

volupar la malaltia [23]. Segons aquest model, els individus amb més risc



1. Introduccid

Gens de moderada
penetranga
5%

Gens baixa
penetranca
15%

Figura 1.3 — Proporcions estimades del FRR a cancer de mama atribuides als
diferents tipus de variants genétiques (adaptat de Michailidou et al., 2013 [21]).

de desenvolupar cancer de mama serien aquells portadors de més al-lels de
risc (Figura 1.4). En general s’assumeix que els gens de baixa penetrancia,
no donen lloc a grans concentracions familiars de casos perqué donada la

seva penetrancia, la probabilitat de desenvolupar la malaltia és relativament

baixa.

1.4 Gens de susceptibilitat al caAncer de mama

1.4.1 Gens d’alta penetrancia

Els principals gens d’alta penetrancia donat I'elevat risc que confereixen
als portadors de mutacions son BRCA1i BRCA2 (Taula 1.1). Aquests gens
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Figura 1.4 — La distribucié dels al-lels de risc segueix una distribucié normal en
casos i controls. La distribucié dels casos esta desplagada cap a un nombre major
d’al-lels de risc. Els individus que presenten baix risc de desenvolupar cancer, porta-
ran pocs al-lels de risc (en color vermell)(extret de Fletcher & Houlston, 2010 [24]).

van ser identificats a principis dels anys 90 mitjancant analisis de lligament
genétic i clonaci6 posicional en families amb alta agregacio de casos [25, 26].
Aixi, BRCA1i BRCAZ2 sén supressors tumorals i les proteines per les que
codifiquen es troben implicades en mecanismes de reparacié del dany al
DNA, entre altres funcions [27]. Tot i que aquests gens estan associats a
un risc elevat a desenvolupar cancer de mama, les estimacions d’aquest risc
abans dels 70 anys varien del 48% al 87% en portadors de mutacions en
BRCA1 i del 43% al 84% en portadors de mutacions en BRCA2 [28, 29].
La magnitud del risc en analisis poblacionals és menor que la magnitud

del risc en analisis basats en families amb multiples individus afectats. A

10
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més, el risc de cancer de mama en portadors de mutacions en BRCAT i
BRCA2 també varia en funcié de la edat al diagnostic i del tipus de cancer
(unilateral vs contralateral) [28, 30, 31]. Aquestes observacions suggereixen
Iexisténcia de factors ambientals i genétics que modifiquen el risc a cancer
de mama en els portadors de mutacions en gens d’alta penetrancia [28, 30].
Altres gens d’alta penetrancia i que s’associen a sindromes de cancer serien
TP53 [32], PTEN [33] i STK11/LKB1 [34] (Taula 1.1). Tot i que s’ha
continuat la cerca de gens de susceptibilitat, fins ara no s’han identificat
més gens d’alta penetrancia; aixo indicaria que o be no existeixen, o si
existeixen les mutacions es donen en una freqiiéncia molt baixa, penetrancia

intermédia i/o amb models d’heréncia més complexos.

Taula 1.1 — Gens d’alta penetrancia

Gen Risc relatiu (%)  MAF  Sindrome clinic Referéncia
BRCA1 >50 1/800  HBOS [25, 35]
BRCA2 >50 1/500  HBCOS [26, 36]
TP53 >50 <1/1000 Li-Fraumeni [32]
PTEN >50 <1/1000 Cowden [33]
STK11/LKB1 >50 <1/1000 Peutz-Jeghers  [34]

1.4.2 Gens de moderada penetrancia

Els gens de moderada penetrancia (Taula 1.2) s’han identificat mitjangant
la reseqiienciacié de gens candidats en séries de casos (habitualment amb
agregaci6 familiar) i controls. Tots aquests gens estan implicats en la

resposta al dany al DNA, concretament en la reparacié de la doble cadena

11
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per recombinacié homologa. D’aquesta manera s’estableix una connexi6
entre la susceptibilitat al cancer de mama i la anémia de Fanconi [37-40].
Donat que no es coneixen completament els mecanismes moleculars de la
malaltia, és probable que existeixin altres gens d’aquestes caracteristiques

(i.e. de moderada penetrancia) en relacié al risc.

Taula 1.2 — Gens de moderada penetrancia

Gen Risc relatiu (%) MAF (%) Referéncia
ATM 20-50 <05 |41
CHER2 20-50 07 [42]
BRIP1 20-50 01  [43]
PALB? 20-50 <01 [44, 45]
RAD51C 20-50 01  [46]

1.4.3 Gens de baixa penetrancia

Fins al moment, s’han identificat 76 variants de baixa penetrancia (Tau-
la 1.3) relacionades amb la predisposici6 al cancer de mama. Aixo ha sigut
possible gracies a ’analisi d’SNPs en estudis d’associaci6 en gens candi-
dats [47] o a nivell de tot el genoma (GWAS, de l'anglées Genome-Wide
Association Studies) [48-59], 1 més recentment, a partir d’estudis de meta-
nalisis a gran escala realitzats pel consorci COGS (de 'anglés Collaborative
Oncological Gene-Environment Study) [21, 60, 61]. En aquests estudis, en
general, s’analitzen associacions entre els SNPs i el risc a cancer de ma-
ma. Si 'SNP identificat esta situat en una regié codificadora del genoma,

s’associara al/s gen/s més proper. Llavors, pero, encara falta identificar la
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mutaci6 concreta en el locus identificat i el mecanisme molecular alterat que

influeix en el desenvolupament del cancer.

La recent disponibilitat del cataleg complert de les variants comunes
realitzat pel projecte dels 1.000 genomes |7] sera clau per a la identificacio
de les variants causals o mutacions que hi han "lligades” a les variants
de susceptibilitat identificades inicialment en els estudis d’associacio; fins
ara, només s’han descrit mutacions en quatre gens de baixa penetrancia:

FGFR2 (62, 63|, CCND1 [64], TOX3 [65] i TERT [66].

Taula 1.3 — Gens de baixa penetrancia

Gen Regio Variant ORper al-1e1(95% IC) MAF (%) Referéncia

SNPs identificats en estudis de gens candidats

CASP8 2933 rs1045485 0,88(0,84-0,92) 13 [47]
TGFB1 19q13  rs1982073 1,08(1,04-1,11) 38 [47]

SNPs identificats en GWAS

Intergeénic 1pll rs11249433 1,14(1,10-1,19) 39 [48]
Intergeénic 2q35 rs13387042 1,20(1,14-1,26) 50 [49]
SCL4A7 3p24  1s4973768 1,11(1,08-1,13) 46 [50]
Intergénic 5p12 rs10941679 1,19(1,13-1,26) 24 [51]
TERT 5pl5 rs10069690 1,18(1,13-1,25) 27 [52]
MAP3K1 5qll rs889312 1,13(1,10-1,16) 28 [53]
Intergénic 6ql14 rs17530068 1,12(1,08-1,16) 22 [54]
ESR1 6425  rs3757318 1,30(1,17-1,46) 7 [55]
ESR1 6925 1s2046210 1,20(1,21-1,37) 35 [56]
Intergeénic 8q24 rs13281615 1,08(1,05-1,11) 40 [53]
CDKN2A/B  9p21  rs1011970 1,09(1,04-1,14) 17 [55]
Intergénic 9q31 s865686 0,90(0,86-0,96) 39 [57]
ANKRD16 10p15 rs2380205 0,94(0,91-0,98) 43 [55]
ZNF365 10g21 rs10995190 0,86(0,82-0,91) 15 [55]

Continua en la pagina segiient.
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Gen Regio Variant ORper al-1e1(95% IC) MAF (%) Referéncia
ZMIZ1 10922 rs704010 1,07(1,03-1,11) 39 [55]
FGFR2 10926 rs2981582 1,26(1,23-1,30) 38 [53]
LSP1 11pl5 rs3817198 1,07(1,04-1,11) 30 [53]
CCND1 11q13  rs614367 1,15(1,10-1,20) 15 [55]
PTHLH 12p11  rs10771399 0,85(0,83-0,88) 12 [58]
Intergeénic 1224 rs1292011 0,92(0,91-0,94) 41 [58]
RADS51L1 14924 rs999737 0,89(0,85-0,93) 24 [48]
TOX3 16q12  rs3803662 1,28(1,21-1,35) 27 [53]
CcoX11 1722 rs6504950 0,95(0,92-0,97) 27 [50]
MERIT40 19p13  rs8170 0,99(0,93-1,05) 19 [59]
RALY 20ql1 rs2284378 1,08(1,05-1,12) 35 [54]
NRIP1 21921 rs2823093 0,94(0,92-0,96) 27 [58]
SNPs identificats en metanalisi del COGS

PTPN22/BCL2L15 1p13  rs11552449 1,07(1,04-1,09) 17 [21]
PEX1/ 1p36 5616488 0,94(0,92-0,96) 33 [21]
MDM}, 1932 rs4245739 1,14(1,10-1,18) 26 [61]
LGR6 132 rs6678914 1,10(1,06-1,13) 59 [61]
Intergénic 2p24 1512710696 1,10(1,06-1,13) 36 [61]
Intergenic 2q14 54849887 0,91(0,88-0,94) 10 [21]
METAP1D 2q31 rs2016394 0,95(0,93-0,97) 48 [21]
CDCA7 2q31 rs1550623 0,94(0,92-0,87) 16 [21]
DIRCS 2q35 rs16857609 1,08(1,06-1,10) 26 [21]
TGFBR2 3p24 rs12493607 1,06(1,03-1,08) 35 [21]
ITPR1/EGOT 3p26 rs6762644 1,07(1,04-1.09) 40 [21]
TET2 4924 rs9790517 1.05(1.03-1.08) 23 [21]
ADAM29 4934 156828523 0.90(0.87-0.92) 13 [21]
RAB3C 5qll rs10472076 1.05(1.03-1.07) 38 [21]
PDE4D 5q11 rs1353747 0,92(0,89-0,95) 10 [21]
EBF1 5933 rs1432679 1,07(1,05-1,09) 43 [21]
RANBPY 6p23  rs204247 1,05(1,03-1,07) 43 [21]
FOXQ1 6p25 rs11242675 0,94(0,92-0,96) 10 [21]
ARHGEF5/NOBOX 735 rsT20475 0,94(0,92-0,96) 25 [21]
Intergénic 8pl2 rs9693444 1,07(1,05-1,09) 32 [21]
Intergénic 8q21 rs6472903 0,91(0,89-0,93) 18 [21]
HNF4G 8q21 rs2943559 1,13(1,09-1,17) 7 [21]
MIR1208 8q24 rs11780156 1,07(1,04-1,10) 16 [21]
Intergénic 9q31 rs10759243 1,06(1,03-1,08) 39 [21]
MLLT10/DNAJC1 10p12  rs7072776 1,07(1,05-1,09) 29 [21]
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ve de la pagina anterior.

Gen Regio Variant ORper al-1e1(95% IC) MAF (%) Referéncia
DNAJC1 10p12  rs11814448 1,26(1,18-1,35) 2 [21]
TCF7L2 10925  rs7904519 1,06(1,04-1,08) 46 [21]
Intergénic 10926 rs11199914 0,95(0,93-0,97) 32 [21]
OVOL1/CFL1 11913 rs3903072 0,95(0,93-0,96) 47 [21]
Intergénic 11g24 rs11820646 0,95(0,93-0,97) 41 [21]
Intergénic 12p13 rs12422552 1,05(1,03-1,07) 26 [21]
NTN4 12g22 rs17356907 0,91(0,89-0,93) 30 [21]
BRCA2 13q13  rs11571833 1,26(1,14-1,39) 10 [21]
PAX9/SLC25A21 14q13  rs2236007 0,93(0,91-0,95) 21 [21]
RADS51L1 14924 rs2588809 1,08(1,05-1,11) 16 [21]
cCcDCssc 14932 rs941764 1,06(1,04-1,09) 34 [21]
MIR1972-2-FTO 16ql12 rs17817449 0,93(0,91-0,95) 40 [21]
FTO 16q22  rs11075995 1,07(1,11-1,15) 24 [61]
CDYL2 16g23  rs13329835 1,08(1,05-1,10) 22 [21]
Intergénic 18ql1 rs527616 0,95(0,93-0,97) 38 [21]
CHST9 18q11  rs1436904 0,96(0,94-0,98) 40 [21]
SSBP4/ISYNA1/ELL 19p13  rs4808801 0,93(0,91-0,95) 35 [21]
KCNNJj/ZNF283 19p13  rs3760982 1,06(1,04-1,08) 46 [21]
EMID1/RHBDDS3 22ql12 rs132390 1,12(1,07-1,18) 4 [21]
MKL1 22413 rs6001930 1,12(1,09-1,16) 11 [21]

Modificadors genétics de BRCA1 i BRCA2

Existeixen gens de baixa penetrancia identificats com a modificadors de risc
de cancer de mama i/o ovari en portadors de mutacions en BRCA1i BRCA2
(Taula 1.4). Com ja s’ha explicat anteriorment, els estudis epidemiologics
mostren diferents penetrancies per als portadors de BRCA1 i BRCA2 en
funcio del tipus d’estudi realitzat [28-30] i aquests gens modificadors expli-
carien en part aquestes diferéncies. Les principals evidéncies de la existéncia
de modificadors del risc han tingut lloc després de la creacié, 'any 2005,
del consorci d’investigadors de modificadors de BRCA1i BRCA2 (Consor-
tium of Investigators of Modifiers of BRCA1 and BRCAZ2, CIMBA) [67].
Aquest consorci, inclou més de 60 grups afiliats i ha recollit material ge-
nétic i dades cliniques de més de 20.000 dones portadores de mutacions en
BRCA1 o BRCAZ2 per tal de tenir poder estadistic suficient per identificar
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els gens modificadors [68]. Partint de les dades del CIMBA, els modificadors
genétics s’han identificat de tres maneres: (i) mitjangant analisis d’SNPs en
gens candidats |69, 70]; (ii) a partir d’estudis d’SNPs associats préviament
a cancer de mama en GWAS de poblaci6 general |71-75]; (iii) a partir de
GWAS de portadors de mutacions en BRCA11 BRCAZ2 |59, 76]; i, finalment
(iv) a partir dels analisis a gran escala realitzats pels membres del consorci
COGS [77, 78].

Taula 1.4 — Modificadors genétics de BRCAI1 BRCA2

BRCA1 BRCA2
Gen Regi6  Variant num. portadors IIR*pe, alle1(95% IC)  num. portadors  HRper al1e1(95% IC)  Referéncia
SNPs identificats en estudis de gens candidats
CASPS 2433 151045485 4844 0,85(0,75-0,97) 2509 1,06(0,88-1,27)  [69]
HMMR 5q34 15299290 7584 1,09(1,02-1,16) 3965 1,04(0,94-1,16) |70]
SNPs préviament identificats en GWAS de poblaci6 general
Intergénic  1pl1.2 1511249433 10911 0,97(0,92-1,02) 6250 1,09(1,02-1,17)  [71]
Intergeénic 2935 1513387042 9031 1,14(1,04-1,25) 5449 1,06(0,98-1,14) |72]
SCL4A7 3p24 154973768 10283 1,03(0,98-1,08) 6153 1,10(1,03-1,18) [73]
Intergenic 5pl2 1510941679 9691 0,96(0,9-1,02) 5854 1,09(1,01-1,19) 73]
MAP3K1 5ql11 15889312 6741 0,99(0,93-1,06) 3524 1,12(1,02-1,24) |74]
ESR1 6925 152046210 10817 1,17(1,11-1,23) 6188 1,06(0,99-1,14) [71]
CDKN2A/B 9p21 151011970 6374 1,03(0,96-1,09) 3807 1,09(1,00-1,18)  [79]
Intergenic 9q31 15865686 6369 1(0,96-1,05) 3799 0,95(0,89-1,01) |75]
FGFR2 10926 1s2981582 6028 1,02(0,95-1,09) 3263 1,32(1,20-145)  [74]
LSP1 11pl5  1s3817198 8984 1,05(0,99-1,11) 5434 1,16(1,07-1,25)  [72]
PTHLH 12p11 1510771399 6368 0,87(0,81-0,94) 3798 0,93(0,84-1,04)  [75]
Intergenic 12924 rs1292011 3755 1(0,94-1,06) 2530 0,94(0,87-1,01) [75]
TOX3 16412 133803662 6204 1,11(1,03-1,19) 3255 1,15(1,031,27)  [74]
SNPs identificats en GWAS de portadors de BRCAI o BRCA2
ZNF365 10g21 1516917302 - B 4188 0,75(0,66-0,86)  [76]
MERIT40  19p13 18170 8363 1,26(1,17-1,35) 2448 0,9(0,77-1,05)  [39]
GMEB2 20q13  rs311499 - - 4138 0,72(0,61-0,85) |76]
SNPs identificats en analisis del COGS
MDMy, 1932 152290854 14351 1,13(1,08-1,18) - - 771
Intergénic 1932 156682208 14351 1,12(1,07-1,17) - - 177]
CYPIB1 2022 1184577 - - 8211 0,85(0,79-0,91)  [78]
Intergenic 6p24  1s9348512 - - 8211 0,85(0,80-0,90) 78]
TCF7L2 10g25  rs11196174 14351 1,13(1,07-1,18) - - |77
FGF13 Xq27 15619373 - - 8211 1,30(1,17-1,45) |78]

" HR: Hazard Ratio a partir del model de regressio de Cox
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Actualment, s’han identificat vuit variants de baixa penetrancia associades
al risc a cancer de mama en portadors de BRCAI i 14 variants associades
al risc a cancer de mama en portadors de BRCA2 (Taula 1.4). Només dues
variants han presentat associacié en els dos grups de portadors de mutaci-
ons. Aquestes diferéncies entre portadors de mutacions en BRCA1i BRCA2
en les associacions, podria reflectir les caracteristiques diferents i/o els pro-
cessos moleculars alterats que es donen entre els tumors de portadors de
BRCA1 i els de portadors de BRCA2 (veure apartat 1.7).

L’increment de risc que poden oferir aquests gens modificadors, tot i ser de
baixa penetrancia, pot ser important al combinar-lo amb el risc a cancer
de mama que confereixen les mutacions en BRCA1i BRCAZ2. Per exemple,
com es pot veure en la Figura 1.5, s’estima que el 5% dels portadors de
mutacions en BRCA2 que estan a menys risc (i.e. son homozigots per ’al-lel
protector en la majoria dels 14 loci de susceptibilitat) tenen un risc entre
el 21% - 47% de patir cancer de mama abans dels 80 anys, en comparacid
al 83% - 100% pel grup del 5% dels portadors de mutacions en BRCA2
que tenen més risc (sén homozigots per ’al-lel de risc en la majoria dels 14
loci de susceptibilitat) [78]. En canvi, a nivell de la poblacié general, amb
la combinaci6 de tots els loci de susceptibilitat coneguts fins ara, s’estima
que el 5% de les dones amb més risc només presenten un increment de 2,3

vegades respecte a la mitjana poblacional [21].
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Figura 1.5 — Risc estimat a desenvolupar cancer de mama en els portadors de
mutacions en BRCAZ2 tenint en compte la combinaci6 independent dels genotips dels
SNPs en FGFR2, TOXS, 12pll, 5q11, CDKN2A/B, LSP1, 8q24, ESR1, ZNF365,
3p24, 12q24, 5pl12, 11q13, 6p24. Es mostren els riscos en els percentils 5 1 95 de
la distribuci6 dels genotips aixi com els valors minim, maxim i la mitjana del risc
(adaptat de Gaudet et al., 2013 [78]).

1.5 Estudis d’associaci6é genética

Els estudis d’associacié genética avaluen l’existéncia de correlacions entre
determinats trets, en aquest cas el cancer de mama, i variants genétiques.

Els estudis d’associacié en malalties complexes habitualment es realitzen a
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nivell poblacional, en persones no emparentades, ja que aixi és més facil
reclutar séries mostrals grans. Aquests analisis poden presentar un disseny
de tipus cas-control o cohort. En aquest dltim tipus es selecciona un grup
d’individus d’una poblacio, es genotipen i es fa un seguiment durant un peri-
ode de temps determinat per observar la incidéncia de la malaltia. Aquest
seguiment és costoés, i per aix0, I'estratégia més utilitzada és la primera. En
els analisis cas-control les variants genétiques sén genotipades en un nombre
determinat d’individus afectats (casos) i no afectats (controls) per la malal-
tia. Com ja s’ha dit anteriorment, els polimorfismes genétics més estudiats
son els SNPs, ja que, degut a que sén molt nombrosos, proporcionen molta
resolucié i permeten analitzar exhaustivment el genoma huma. A més, el
seu caracter bial-lélic i la facil deteccié gracies al gran desenvolupament de
les tecnologies de genotipat dels darreres anys ha facilitat molt la seva de-
tecci6 a gran escala. En aquests analisis es compara les freqiiéncies d’al-lels
d’un locus determinat entre els casos i els controls aparellats per diferents
variables. L’associacié existeix quan la distribucié dels al-lels difereix entre
casos i controls. Aquesta associacio evidencia que el locus estudiat esta rela-
cionat amb la susceptibilitat a la malaltia. D’aquesta manera, una elevada
frequiéncia d’una variant en els individus afectats per la malaltia s’interpreta
com que la variant analitzada incrementa el risc de la malaltia en qiiestio.
I viceversa, la variant en qiiestié sera protectora si la freqiiéncia de I’al-lel

és menor en els casos.

La mesura de l'efecte de I’al-lel estudiat en aquests estudis és la odds ratio
(OR), definida com la odds dels portadors® en casos dividida per la dels

controls. Un valor de OR de 1 significa que no hi ha associacié entre ’al-lel i

20dds dels portadors: el nombre d’individus portadors de lallel de risc dividit pel
nombre d’individus no portadors.
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la susceptibilitat a la malaltia. En canvi, diferéncies estadisticament signifi-
catives de la unitat indiquen associacié amb el risc. Aixi, valors de OR > 1
impliquen un increment de risc en els portadors en comparaci6 als no por-

tadors i valors entre 0 < OR < 1 impliquen un efecte protector.

Els estudis d’associacié tenen limitacions, la més destacada seria la aparicié
de falsos positius. Existeixen principalment dos aspectes que poden donar
lloc a associacions falses: (i) 'estratificacioé poblacional deguda a un biaix
alhora de seleccionar els participants a I’estudi; i (ii) un nivell de significaci6
que no tingui en compte el nombre de testos i models independents realitzats
en un estudi concret. Per aixo, és imprescindible confirmar els resultats en
estudis independents |79, 80].

Existeixen principalment dues aproximacions a I’hora d’escollir els polimor-
fismes a estudiar: la primera es basa en ’estudi de marcadors amb un efecte
funcional demostrat o probable (canvi d’activitat de la proteina o d’expres-
si6 del gen, entre altres); en aquests casos el que es cerca és ’associacio
directa del marcador amb el tret estudiat. Aixo a la practica implica que
es coneix la funcié del gen i el possible paper en el fenotip estudiat. A més,
implica que es coneixen variacions genétiques localitzades en aquest gen
que produeixen canvis funcionals. Obviament aquests tipus estudis estan

limitats a la disposicié prévia d’aquesta informacié.

En la segona aproximacio, I’associacié indirecta, s’explora la variabilitat
genética de la regié genodmica que es vol analitzar sense cap hipotesi inicial
respecte la funcionalitat dels polimorfismes. Normalment, per portar a terme
aquests estudis, es genotipen només els tagSNPs reduint molt els costos de

genotipat. Per tot aixo, en els estudis d’associaci6 indirecta, els tagSNPs
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genotipats no es considera a priori que influenciin el risc de la malaltia. En
lloc d’aix0, aquests SNPs estarien correlacionats amb I’al-lel causal degut a
la preséncia del desequilibri de lligament, és a dir, servirien de marcadors

d’un haplotip que conté la variant funcional.

1.5.1 Estudis d’associacié en gens candidats

Aquests estudis, tant d’associaci6 directa com indirecta, analitzen gens dels
quals es té coneixement previ o es prediu la seva implicacié en el mecanis-
mes moleculars de la malaltia. Els primers gens candidats van ser els que
participen en les vies de reparaci6 al dany al DNA perqué la majoria dels
gens d’alta i moderada penetrancia coneguts pertanyen a aquestes vies (per
exemple BRCA1 [81] 1 TP53 (82, 83]). Donada la importancia de les hormo-
nes i de la historia reproductiva en el desenvolupament del cancer de mama,
altres gens candidats han sigut els implicats en la biosintesi i metabolisme
hormonal (per exemple ESR [84-86] o CYP2D6 [87, 88]). Tot i el gran nom-
bre d’analisis realitzats, la no replicacié de les associacions significatives ha
sigut una de les caracteristiques dels primers estudis d’associacié en gens
candidats [89]. Una de les raons possibles per la no replicacio de resultats
podria ser la manca de poder estadistic d’aquests estudis. Tipicament, en
els primers estudis en gens candidats, es genotipaven centenars d’individus,
el que significava que no hi havia suficient poder estadistic per detectar
associacions amb variants de baixa penetrancia (tenint en compte la seva
contribuci6 al risc que ara coneixem) [80]. No ha sigut fins a la creacio de
grans consorcis que s’ha obtingut el poder estadistic suficient per validar
els resultats amb robustesa en diferents poblacions; aixi, els primers loci
identificats van ser CASP81 TGFBI1 [47].
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1.5.2 Genome-wide association studies

Aquests analisis exploren el maxim de variacié genética del genoma per
identificar les variants associades amb la malaltia, sense establir una pre-
sumpcid prévia de la seva localitzacié o funci6. Gracies a la utilitzacid dels
tagSNPs aixo es pot portar a terme amb un gran estalvi en els costos del ge-
notipat. S’estima que en poblacions no africanes, la genotipacié de 500.000
tagSNPs és suficient per donar cobertura i identificar la gran majoria dels
SNPs amb una MAF major o igual al 5% [17, 90]. També s’estima que exis-
teixen set milions d’SNPs amb una MAF > 5% en el genoma huma, els
quals poden aparéixer en diferents poblacions encara que amb freqiiéncies

al-leliques molt variables [91].

Es requereix un gran nombre de mostres per obtenir un poder estadistic ade-
quat per detectar variants genétiques amb un efecte baix, aproximadament
0,70 < OR < 1,50. Una de les practiques més habituals per reduir els costos
que aixo suposa és el disseny en diferents fases. En la primera fase, anome-
nada de descobriment, es genotipen una proporcié relativament petita dels
casos i controls (Figura 1.6). En les subsegiients fases, es genotipen mostres
addicionals perd només per aquells marcadors que han mostrat associacions
“significatives” en la primera fase. Degut al gran nombre d’SNPs que es tes-
ten en aquests analisis, es necessiten uns criteris estadistics molt estrictes
per limitar el nombre de falsos positius. En general, es considera un limit
de significacié de Pyaor = 1077 per GWAS de poblacions no africanes [93].
Com ja s’ha mencionat anteriorment, un cop s’obté una associacid signifi-
cativa, cal identificar la variant funcional concreta o mutacié que causa la
malaltia. Generalment aixo significava reseqiienciar la regié genomica que

rodeja les possibles variants de risc i determinar la funcié de la variant, és
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Figura 1.6 — Diferents fases d'un GWAS (extret de Garcia-closas & Chanock, 2008
[92)).

a dir, com afecta a 'estructura i/o funci6 dels gens (i el seu producte final,
les proteines). Actualment es poden genotipar i/o imputar totes les variants
del locus en qiiesti6 gracies a les dades del projecte dels 1.000 genomes [7] i
avaluar els efectes funcionals de les variants candidates més probables com
ja s’ha fet amb CCND1 [64] i TERT [66].
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1.6 Mutacions somatiques

Fins ara s’ha descrit ’estudi de les variants genétiques que es troben en la
linia germinal i que poden predisposar a desenvolupar cancer de mama. No
obstant, el cancer és una malaltia genética causada per ’acumulaci6 de can-
vis en el genoma de les cél-lules canceroses [94]. Les mutacions somatiques
son aquelles que tenen lloc en el genoma de certes cél-lules de I'individu; és a
dir, no s’hereten dels progenitors. Poden ser degudes tant a errors durant la
replicacié com induides per I'exposicié a carcindgens, tant interns com ex-
terns. La majoria de les mutacions somatiques que es van acumulant al llarg
de la vida probablement no tenen conseqiiéncies funcionals, perd, en alguns
casos podrien desregular mecanismes moleculars i aixi generar el creixement
descontrolat de les cél-lules de 'epiteli mamari (en el cas de cancer de mama)
i contribuir a la tumorigénesi. D’aquesta manera, les mutacions somatiques
que es troben en el genoma d’una cél-lula cancerosa es poden classificar
segons les seves conseqiiéncies en el desenvolupament del cancer. Les mu-
tacions conductores (driver mutations) [94] son les que contribueixen a
la progressié tumoral i s6n seleccionades positivament durant aquest procés
perqué proporcionen a les cél-lules un avantatge en el creixement, prolifera-
ci6 i/o supervivéncia (Figura 1.7). Els gens que adquireixen aquestes muta-
cions es defineixen com a “gens de cancer” i, fins al moment, se n’han iden-
tificat més de 500 [95] (http://www.sanger.ac.uk/genetics/CGP /Census/),
essent el domini proteic quinasa el més freqiientment codificat per aquests

gens. En canvi les mutacions passatgeres (passenger mutations) [94] no
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contribueixen al desenvolupament del cancer si no que van ser adquirides
abans que la cél-lula cancerosa adquiris aquest fenotip o durant la expansi6
tumoral i sén retingudes per atzar durant els cicles de divisi6 cel-lular i

expansioé tumoral.

. . . . . Chemotherapy-
o : " Early clonal Benign  Early invasive Late invasive -
Fertilized egg  Gestation Infancy Childhood  Adulthood expansion tumour cancer cancer rergiﬁteanyge

Environmental
and lifestyle exposures

Intrinsic ¢
mutation processes

Mutator

O Passenger mutation

) ) phenotype Chemotherapy mmm==m
Y¢ Driver mutation
Chemotherapy
resistance mutation 1-10 or more
driver mutations
10s-1,000s of mitoses 10s-100s of mitoses 10s-100,000 or more
depending on the organ depending on the cancer passenger mutations

Figura 1.7 — Les mutacions poden ser adquirides en un llinatge de cél-lules fe-
notipicament normals. Aquestes mutacions intrinseques poden ser adquirides tan
durant la divisié cel-lular com a conseqiiéncia de agents mutagens exdgens. Durant
el desenvolupament del cancer altres processos com per exemple els defectes en la
reparacié del dany al DNA poden contribuir al conjunt de les mutacions. Les passen-
ger mutations no tenen cap efecte en la cél-lula cancerosa, pero les driver mutations
provocaran la expansio clonal del cancer (adaptat de Stratton et al., 2009 [94]).

1.7 Caracteristiques moleculars i histopatologi-

ques del cancer de mama

El cancer de mama és una malaltia heterogénia ja que presenta diversitat
molecular i patologica. A nivell patologic, existeixen caracteristiques com la

morfologia, el grau i el patré d’expressié dels receptors d’hormona com el
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d’estrogen (ER), el de progesterona (PR) i el del factor de creixement epi-
dermic 2 (HER2) que estratifiquen els tumors/casos en grups diferenciats
tant biologicament com clinicament al influir en la progressi6 i la prognosi de
la malaltia [96-98]. Per aquest motiu, s’utilitzen aquestes caracteristiques
per determinar el tractament més efectiu [99-101]. A nivell molecular, el
cancer de mama també presenta molta variabilitat i, en conseqiiéncia, s’han
definit com a minim cinc subtipus principals de tumors a partir dels seus
patrons d’expressio génica (basal, HER-2, luminal A, luminal B i normal-
like) [102, 103]. Aquests subtipus també estan associats a diferéncies de
pronostic i de resposta al tractament [104, 105]. Els estudis epidemiologics
han demostrat que els factors de risc a cancer de mama, tant els genétics
com els ambientals, varien en funcié del subtipus de tumor [106-108]. Per
exemple, factors de risc ambientals o d’estil de vida, com ’edat de la me-
narquia, nul-liparitat, edat al primer fill i obesitat postmenopausia estan
associats a tumors que expressen el receptor d’estrogen o (ERa-positius)
[108-110]. També els gens de susceptibilitat a cancer de mama presenten di-
ferencies en I’associaci6 en funcié de 'expressié dels receptors hormonals. El
90% dels tumors de portadors de mutacions en BRCAI no expressen el ER
a (ERa-negatius) [111, 112]; en canvi, els tumors de portadors de mutacions
en BRCAZ2 tendeixen a ser ERa-positius [111]. De manera similar, la majo-
ria dels gens de baixa penetrancia identificats fins al moment presenten una
associacio més forta o exclusiva pels casos amb tumors ERa-positius [21, 92];
amb les excepcions dels loci ESR1 [56|, FTO (61|, LGR6 [61], MDM/ |61],
MERIT40 |59], PEX14 |21], RALY [54]|, TERT [52], 2p24 [61] i 6q14 [54]
que estan associats a tumors ERa-negatius. Tres loci més (PTHLH, TOX3 1
ZNF365 estan associats als dos tipus de tumors [51, 53, 92]). A més, el patrod
d’associacié que presenten els gens de baixa penetrancia definit per 'estat

de 'ERa en la poblacié general és consistent amb el patro d’associacié d’a-
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quests gens en els portadors de mutacions en BRCA11 BRCAZ2 (explicat en
'apartat 1.4.3). Es a dir, els gens (i.e. les seves variants) que presenten una
associacié més forta en casos de la poblacié general que han desenvolupat
tumors ERa-positius tendeixen a estar associats al risc en portadors de mu-
tacions en BRCAZ2 i, pel contrari, els gens més associats al risc en tumors
ERa-negatius tendeixen a presentar una associacié similar en els portadors
de mutacions en BRCA1 (Figura 1.8).

BRCA1 vs ER-negative BRCA2 vs ER-positive
BRCA1 mutation carriers BRCA2 mutation carriers
FGFR2 FGFR2 —_——
TOX3 —a— TOX3 —_—
MAP3K1 MAP3K1 —_—
LSP1 LSP1 —
8q24 8q24 R
2q35 —— 2q35 —_—
MERIT40.1 —a— MERIT40.1 —
MERIT402 - MERIT40.2 e
ER-negative ER-positive
FGFR2 - FGFR2 -
TOX3 —_— TOX3 3
MAP3K1 —— MAP3K1 L &
LSP1 -+l LSP1 . ]
8q24 —— 8q24 E o
2q35 - 2q35 »
MERIT40.1 —_— MERIT40.1 —-—
MERIT40.2 —=— MERIT40.2 —a—
| B N B E— | —
08 os 1 11 12 1.3 as 1 11 12 13 14
Relative Risk Relative Risk

Figura 1.8 — HRs de vuit SNPs en portadors de BRCA1 i BRCA2 i les OR de
tumors ERa-positius i ERa-negatius en la poblacié general. Els patrons d’associacio
en portadors de mutacions en BRCA I sén similars als dels tumors ERa-negatius de
la mateixa manera que els patrons d’associacio de portadors de mutacions en BRCA2
s’assemblen als dels tumors ERa-positius (extret de Milne & Antoniou, 2011 [113]).
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En conjunt, les diferencies observades en les associacions genétiques en fun-
ci6 del subtipus de tumor suggereixen que els tumors ERa-positius i ERa-

negatius s’originen a partir de vies etiologiques parcialment diferents [108].

1.8 El concepte de Missing heritability

Només una part del risc a desenvolupar cancer de mama es pot explicar
amb els gens identificats fins a 'actualitat (Figura 1.3). Gairebé el 60% del
component genétic de la malaltia continua sense identificar i correspon a l’a-
nomenada missing heritability [114].Tradicionalment hi han hagut dues
hipotesis per explicar la base genética de les malalties complexes. Aquestes
hipotesis es distingeixen per la freqiiéncia de les mutacions que predisposa-
rien a patir la malaltia en la poblacié. Alguns autors defensen la hipotesi de
la ”Variant Comuna - Malaltia Comuna” (Common Variant-Common
Disease, CV-CD) segons la qual les variants al-léliques comunes, amb una
freqiiéncia superior al 1-5% pero de baixa penetrancia, son les principals
contribuidores a la susceptibilitat a patir malalties comunes [115]. En con-
traposicio, la hipotesi de la ”Variant Rara - Malaltia Comuna” (Rare
Variant-Common Disease, RV-CD) defensa que multiples variacions rares
(< 1%), cadascuna amb una penetrancia moderada, son les que contribu-
eixen principalment a la susceptibilitat a patir malalties comunes [116].
Aquestes ultimes mutacions, degut al seu efecte deleteri i la conseqiient pu-

rificacié genética, serien variants relativament especifiques de cada poblaci6.

Com s’ha vist, la susceptibilitat genética al cancer de mama esta definida

per un conjunt de mutacions/gens amb diferents nivells de risc i prevalen-
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¢a en la poblacié que aportarien evidéncies a les dues hipotesis. Fins ara,
les variants de susceptibilitat rares s’han identificat mitjangant la reseqiien-
ciacio de gens candidats. Es possible que existeixin altres variants rares
de moderada/alta penetrancia donat que no es coneixen completament els
mecanismes moleculars de la malaltia. Les noves técniques de seqiiencia-
ci6 massiva, sobretot en casos joves [21], suposara una nova estratégia per

identificar noves variants d’aquestes caracteristiques.

Es també possible que existeix una classe intermédia de variants de risc
amb una MAF entre 1-5% i moderada penetrancia. Aix{, no és probable
que tinguin efectes suficientment elevats per haver-se detectat per analisis
de lligament, ni freqiiéncies suficientment elevades per identificar-se a partir
de GWAS. En part, per tal de facilitar la deteccié d’aquest tipus de variants,
es va crear 'any 2.008 el projecte dels 1.000 genomes [7]|. L’objectiu és la
generacio del cataleg complert de les variants amb una MAF > 1%; amb
aquest cataleg es podra realitzar una nova generaci6 de GWAS dirigits a

aquest tipus de variabilitat.

Els GWAS han sigut els estudis que més variants de susceptibilitat co-
munes han identificat, perd donat que encara queden gens per identificar
(i.e. missing heritability), s"han proposat diferents estratégies complemen-
taries |22, 117]. L estratificacio dels GWAS per subtipus de tumors podria
ajudar en la identificacié i caracteritzacié de nous factors de risc [118];
exemples en aquest sentit sén les identificacions de variants en el cromo-
soma 19p13 a través d'un GWAS en dones portadores de BRCA1 [59] i la
identificaci6é de quatre loct de susceptibilitat en casos amb tumors de mama
ERa-negatius (FTO, LGR6, MDM} i 2p24) [61]. L’estudi en diferents étni-

es també pot conduir a la identificacié de més loci de susceptibilitat, com
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per exemple el locus 6q25.1 identificat en un GWAS de poblacions asiati-
ques [119]. El més probable perd, és que ja s’hagin identificat les variants
comunes amb major efecte i que només quedin per identificar els al-lels amb
menor efecte (OR < 1,1). Per tal de detectar aquests ORs propers a 1 ca-
len GWAS /metanalisis a gran escala, com per exemple 'estudi realitzat per
artritis reumatoide on el nombre d’individus inclosos en el estudi va ser
de més de 100.000 entre casos i controls [120]. Cal destacar el metanalisi
més gran fet fins a dia d’avui per cancer de mama on es va detectar un
important excés d’SNPs amb associacions significatives (a nivell nominal)
sense arribar a l'estricte llindar de significaci6 del GWAS [21]. En aquest
estudi, tenint en compte "I'excés de senyals”, 9.851 SNPs amb OR < 1,02,
junt amb les variants de baixa penetrancia conegudes fins ara, explicarien
un 28% de la heretabilitat (el que correspon al doble de la heretabilitat
explicada per aquest grup de variants actualment). Aixd podria significar
que realment els trets complexes estiguessin afectats per milers de variants
d’efecte molt petit, consistent amb el model infinitesimal [121]. Segons
aixo, serien centenars o milers de variants comunes les que explicarien el
risc a patir cancer en la poblacio. D’aquesta manera, la missing heritability
es trobaria "amagada” pels estrictes llindars de significacio utilitzats en els
GWAS. A part de tot aixo, la missing heritability també podria ser deguda
a estimacions erronies de la heretabilitat, a la epistasi, a la epigenética o a
variaci6 genomica estructural com les variants en el nombre de copia (copy
number variants, CNVs) [122].
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1.9 Biologia de sistemes

Els GWAS inclouen analisis estadistics on, majoritariament, els SNPs/gens
s’interpreten individualment en relacié a la malaltia. D’aquesta manera, no
es té en compte aquells SNPs/gens identificats per sota d’un estricte llindar
de significacid. Pero les malalties complexes no s’originen a partir d’altera-
cions en gens/proteines de forma individual sindé que probablement tenen
el seu origen en alteracions coordinades i/o relacionades funcionalment de
diversos gens/proteines (a més dels factors ambientals). Aixi, és ben cone-
gut, que els gens i les proteines no realitzen les seves funcions de manera
aillada dins de les cél-lules sin6é que interaccionen uns amb els altres formant
xarxes complexes. Per aquest motiu, per entendre els mecanismes biologics
cal una aproximacié global, a nivell de tot el "sistema”. Per aquest motiu,
per entendre la complexitat de les malalties comunes, podriem dir que cal
una aproximacié des de la ”biologia de sistemes”, que vagi més enlla de
I’analisi dels components individuals i confereixi una perspectiva global i
integradora. Des d’aquest punt de vista, els sistemes biologics sén xarxes de
macromolécules interconnectades (i.e interactoma) [123] en les que la ma-
joria de gens i els seus productes realitzen les seves funcions. Per exemple, la
xarxa d’interaccions proteina - proteina en humans on els nodes represen-
ten les proteines i les arestes, sense direccid, les interaccions fisiques entre
elles [124, 125], la distancia entre dues proteines de la xarxa es defineix
com el nombre minim d’arestes que s’han de seguir per tal de connectar
les dues proteines. Aquesta informacioé es pot trobar en la base de dades
HPRD (de 'anglés Human Protein Reference Database [126]). Aques-
ta xarxa, igual que totes les xarxes biologiques presenta unes propietats

determinades. Per exemple, presenten una escala lliure [127], la principal
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consequéncia d’aquest fet és que la majoria de les proteines tenen un baix
nombre de connexions mentre que poques proteines, anomenades hubs es-
tan altament connectades [128-130]. Altres proteines presenten un elevat
coeficient de centralitat o betweenness, és a dir, forma part de del grup de
camins més curts que connecta tots els parells de nodes de la xarxa [131].
Altres propietats de les xarxes d’interaccié proteina-proteina és el small-
world que vol dir que entre dos parells de nodes qualsevol existeix una
distancia curta [132] i I arquitectura modular. Els moduls topologics repre-
senten regions de la xarxa altament interconnectades. Assumint que si una
proteina esta involucrada en un determinat procés biologic, els seus interac-
tors més directes probablement participaran en el mateix procés (modul
funcional) [133-135].

La biologia de sistemes ha sigut possible gracies al rapid progrés en biologia
molecular impulsat per l'aparici6 de les tecnologies d’alt rendiment (high
throughput) que permeten obtenir grans quantitats de dades; per exemple,
la seqiienciaci6 del genoma huma (genomica), la protedmica, els perfils d’ex-
pressié génica, les interaccions proteina-proteina, etc. Pero tot aquest allau
de dades biologiques seria impossible d’integrar sense el desenvolupament
en paral-lel de la Bioinformatica, la disciplina que permet I'emmagatze-

matge, gestié i analisi de diverses dades biologiques.

Tots aquests recursos mencionats permeten un analisi de les dades dels
GWAS que possiblement pot reflectir millor I'arquitectura de les malalties

complexes. A continuaci6 s’expliquen dues aproximacions.
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1.9.1 Processos biologics i vies de senyalitzacio

Els gens/proteines estan organitzats en moduls funcionals (grups d’elements
altament interconnectats) en el si de les xarxes complexes per a realitzar la
seva funcio biologica [128]. Aquestes son les estructures que s’alteren o desre-
gulen en les malalties, de manera que alteracions en diferents gens/proteines
de la mateixa unitat funcional sovint produeixen el mateix fenotip o malal-
tia [136]. Per aix0, la variabilitat genética que confereix risc a malalties
comunes és probable que resulti de 'acumulaci6é dels efectes de variants

genétiques dins de processos o funcions especifiques [137].

L’objectiu de l'analisi de processos biologics és reconéixer si els grups de
gens/proteines que es coordinen per assolir una tasca especifica (procés bi-
ologic, PB), estan associats amb el tret d’interés, en aquest cas, el risc a
desenvolupar cancer de mama a partir de les dades dels GWAS. Existeix
un ampli ventall de grups de gens/proteines entre els que es pot destacar
els referents a funcions cel-lulars, processos metabolics, biosintesi, processa-
ment d’informacié genética com reparacié del DNA, senyalitzaci6 cel-lular,
resposta immune, caracteristiques del desenvolupament embrionari i factors
que condueixen a les malalties humanes, i que es poden trobar en diferents
bases de dades com per exemple Kyoto Encyclopedia of Genes and Genomes
(KEGG) [138], Biocarta [139] o Gene Ontology (GO) [140].

Els analisis de dades de GWAS basats en les anotacions funcionals descrites
anteriorment parteixen d’una llista de gens ordenada (ranquing) en relacio
a l'associacio amb el risc a cancer de mama (del gen més associat al menys).
Habitualment el gen pren el valor de 'SNP més associat entre tots els que

pertanyen al seu locus. Aquesta opcidé perd no és Optima ja que provoca
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un cert biaix [141] (descrit en segiients seccions) i, aixi, existeixen diversos
metodes per intentar corregir-ho [142-144]. Posteriorment s’observa com
estan distribuits els gens d’un determinat PB en aquest ranquing. Si estan
distribuits uniformement, probablement el PB en qiliestioé no esta relacionat
amb la susceptibilitat al cancer de mama. Contrariament, una acumulaci6
dels gens del PB en la part superior del ranquing indicaria una possible
relacio entre aquest PB i la susceptibilitat a la malaltia. Diferents algoritmes
permeten fer aquests analisis [145, 146], entre els més coneguts podem trobar
el GSEA [147] i el Fatiscan [148].

La significacié de 'associacié de cada procés es resumeix en funcié de les
associacions amb la malaltia dels SNPs assignats a cada gen que composa el
procés concret. D’aquesta manera, s’incrementa el poder per detectar efectes
subtils de diferents SNPs en el mateix grup de gens que es podrien perdre
quan s’analitzen individualment [149]. A més, donat que es poden combinar
nombrosos gens en un nombre limitat de grups de gens per a l'analisi, les
comparacions multiples es redueixen molt. Per una altra banda, els resultats
d’aquests analisis també donen informaci6 dels processos biologics (i vies de

senyalitzacio, no detallades) involucrats en la malaltia.

1.9.2 Interaccions genétiques

Es raonable esperar que alguns dels efectes de les variants genétiques que
contribueixen a la expressié6 d’una malaltia complexe interaccionin entre
ells [150, 151]. D’aquesta manera, la preséncia de dues o més variants en
concret podria incrementar el risc a patir la malaltia més del que s’espera-

ria a partir dels seus efectes per separat. Podriem dir, de manera general,
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que una interaccié (també anomenada epistasi) té lloc quan l'efecte d’una

variant ¢és modulat per una altra variant en un altre locus [152].

Com ja s’ha explicat anteriorment, les interaccions genétiques s’han sugge-
rit com una de les explicacions per a la missing heritability [122]. Aixi, la
seva identificacié podria millorar ’exactitud dels models de risc existents i

millorar la prevencié del cancer [153, 154].

En organismes model, analisis a gran escala han demostrat l’existéncia
d’interaccions genétiques en la explicacié de la majoria de fenotips “co-
muns” [155]. Per exemple, el genoma del llevat Saccharomyces cerevisiae
conté ~6000 gens i s’ha estimat l'existéncia de ~200.000 interaccions ge-
nétiques [156]. En humans pero, aquestes metodologies no son aplicables.
Just ara es comencen a descriure els primers métodes en cél-lules de mami-
fers [157, 158]. A nivell estadistic es poden analitzar les interaccions epista-
tiques de les malalties complexes humanes en els estudis GWAS. En aquest
context, la epistasi es refereix especificament a la desviacié de additivitat
d’un fenotip quantitatiu per ’efecte d’una variant genética o mutacié en un

locus diferent [155].

Les aproximacions basades en la regressi6 logistica sén molt utilitzades per
calcular les interaccions en dades de GWAS, ja que el model i els parame-
tres son facilment interpretables; no obstant, existeixen limitacions i s’han

desenvolupat molts altres métodes [159-162].

Cercar exhaustivament les interaccions de totes les parelles d’SNPs d’un
GWAS significa realitzar centenars de bilions de testos i aixd suposa una

limitacié pel temps de computacié que requereix. Actualment pero, 1'tus
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d’unitats de processament grafic (GPUs, de l'anglés Graphics Processing
Unit) ho redueixen a un temps raonable [163, 164]. A més de les limitaci-
ons computacionals, I'analisi d’interaccions a nivell GWAS també presenta
serioses limitacions estadistiques. El gran nombre de parelles d’'SNPs avalu-
ades implica llindars de significacié molt més estrictes per tal d’evitar falsos

positius.

Alguns métodes per reduir el temps de computacié i sobretot, per limi-
tar el nombre d’hipotesis, restringeixen ’analisi d’interaccions genétiques
a un grup d’SNPs del GWAS. Aquests SNPs candidats poden ser seleccio-
nats simplement en base als seus efectes marginals [165] o en base a diversos
algoritmes de filtracié de la informaci6 [166-168]. Altres métodes usen el co-
neixement biologic per filtrar les dades, d’aquesta manera només es calculen
les interaccions entre els marcadors que esperem a prior: que interactuin en

base al coneixement biologic [169, 170].

Finalment cal destacar que connexi6 entre els resultats estadistics de les
interaccions genétiques a partir dels GWAS i l'efecte biologic no esta
clara [171]. Existeixen molts reptes al intentar fer inferéncies sobre la bi-
ologia a nivell cel-lular a partir d'un model estadistic que estd resumint
dades a nivell poblacional [172]. L’epistasi biologica és el resultat d’interac-
cions fisiques entre molécules dins de la xarxa de regulaci6é génica, processos
biologics i/0 vies de senyalitzacid, de manera que l’efecte d’'un gen/proteina
en un fenotip depén d’un o més gens/proteines. No obstant, desconeixem en
gran mesura la rellevancia funcional de la majoria d’interaccions moleculars

i, encara més, desconeixem gran part de les interaccions moleculars.
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taci6 de possibles associacions genétiques amb malalties i en concret amb el

cancer de mama.
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2. Hipotesi i Objectius

Hipotesi

Donades les observacions principals descrites anteriorment, que de forma

resumida estableixen que:

1. Tot i el gran aveng experimentat en els ultims anys respecte al co-
neixement de la base genética del risc a cancer de mama, no s’han
identificat encara tots els gens implicats en el risc familiar ni poblaci-

onal.

2. Es desconeixen les caracteristiques dels gens de susceptibilitat de baixa
penetrancia aixi com els processos biologics i vies de senyalitzacid

alterats en la malaltia.

3. Les noves tecnologies de gran rendiment han generat una gran quan-
titat de dades genomiques i protedmiques que integrades sota la pers-
pectiva de la biologia de sistemes, permeten analisis més globals de la

complexitat biologica de la susceptibilitat al cancer.

formulem la segiient hipotesi: L’analisi de grans quantitats de dades
biologiques sota la visié de la biologia de sistemes proporciona una
aproximacio per identificar nous gens de susceptibilitat al cancer
de mama, les seves interaccions i els processos biologics en els que

participen.
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Objectius

D’acord amb la hipotesi formulada, els objectius principals de la tesi son els

seglients:

1. Identificaci6 dels processos biologics associats al risc de can-

cer de mama.

2. Identificaci6 de candidats a gens de susceptibilitat a cancer
de mama de baixa penetrancia aixi com les seves caracteris-
tiques i xarxes moleculars en les que participen, mitjancant
P’analisi de dades de GWAS i de genomica funcional i prote-

omica.

3. Evidenciar l’existéncia d’interaccions genétiques associades
amb el risc a ciancer de mama i la seva implicacié en meca-
nismes moleculars de susceptibilitat, a partir de la integracio
de les interaccions predites de les dades de GWAS i de perfils

de coexpressié génica.
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Resum dels resultats

3.1

3.2

3.3

3.4

Processos biologics, propietats i xarxes mole-
culars dels candidats a gens de susceptibilitat a

cancer de mama de baixa penetrancia.. . . . . .

Exploraci6é de la connexi6é entre alteracions ge-
nétiques germinals i somatiques en la carcino-

génesidemama . ..............0.0...

Analisi de ’associaci6 entre variants genétiques
en els loci de les driver kinases i el risc a can-
cer en els portadors de mutacions en BRCA1 i
BRCAZ2. . . . . it it i it i

Integracié de dades d’expressié génica i dades
epidemiologiques per a la identificacié d’inte-

raccions genétiques associades al risc a cancer .
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3. Resum dels resultats

La secci6 de resultats d’aquesta tesi consta de tres articles publicats i un
manuscrit en preparacié que es resumeixen a continuacié. Per altra banda,
en ’Annex I, es detallen altres articles relacionats amb el present treball en

els quals la doctoranda ha participat i n’és coautora.

1. Biological processes, properties and molecular wiring diagrams of

candidate low-penetrance breast cancer susceptibility genes.
Bonifaci N, Berenguer A, Diez J, Reina O, Medina I, Dopazo J, Moreno V,
Pujana MA.

BMC Med Genomics 2008, 1:62.

2. Exploring the link between germline and somatic genetic alterati-

ons in breast carcinogenesis.

Bonifaci N, Gorski B, Masojc B, Wokolorczyk D, Jakubowska A, Debniak T,
Berenguer A, Serra Musach J, Brunet J, Dopazo J, Narod SA, Lubinski J, Lazaro
C, Cybulski C, Pujana MA.

PLoS One 2010, 5(11) e14078.

3. Evaluating associations between genetic variants at cancer driver
kinase loci and cancer risk in BRCA1/2 mutation carriers.

Kuchenbaecker K, Bonifaci N, Cuadras D, Garcia N, Peterlongo P, Radice P,
Barrowdale D, McGuffog L, Serra-Musach J, Ruiz de Garibay G, Gomez A, Esteller
M, Diez O, Balmana J, Lasa A, Ramo6n y Cajal T, Miramar MD, de la Hoya M,
Caldés T, Pérez-Segura P, Osorio A, Benitez J, Bertran M, Izquierdo A, Teulé A,
Feliubadal6é L, Darder E, Brunet J, XXXCIMBA, Blanco I, Lazaro C, Chenevix-
Trench G, Antoniou AC, Pujana MA.

Manuscrit en preparacio.

4. Integrating gene expression and epidemiological data for the dis-

covery of genetic interactions associated with cancer risk.

Bonifaci N, Colas E, Serra-Musach J, Karbalai N, Brunet J, Gémez A, Esteller M,
Fernandez-Taboada E, Berenguer A, Reventos J, Miiller-Myhsok B, Amundadottir
L, Duell EJ, Pujana MA.

Carcinogenesis 2014, 35(3) 578-585.
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3. Resum dels resultats

3.1 Processos biologics, propietats i xarxes mole-
culars dels candidats a gens de susceptibilitat

a cancer de mama de baixa penetrancia.

Els GWAS han ajudat a identificar una part de la base genética comuna
del risc a cancer [173]. Tot i aix0, encara queda per completar una gran
part de la heretabilitat a la malaltia [122]. Les limitacions estadistiques que
requereixen els GWAS pero, compliquen la identificacié de les variants ge-
nétiques comunes associades a baix increment del risc [174]. Una estratégia
basada en una interpretacié més biologica dels resultats dels GWAS, evitant
les limitacions estadistiques, pot facilitar la prioritzacié de gens candidats,

les seves caracteristiques i els processos biologics en els que participen.

En aquest treball es van avaluar associacions/correlacions entre processos
biologics i els resultats del GWAS realitzat per CGEMS (de 'anglés Cancer
Genetic Markers of Susceptibility) [175], aixi com de diferents estudis a
escala genomica relacionats amb el cancer de mama. En aquests analisis, a
partir dels ranquings, es va examinar la distribucié asimétrica dels processos
biologics, anotats en el nivell 3 de Gene Ontology (GO) [140], utilitzant un
algoritme d’enriquiment basat en el concepte de particions. Es va obtenir un
llistat de gens candidats que van ser validats analitzant la xarxa d’interacci6

proteina-proteina (HPRD [126]) i una xarxa de regulaci6 transcripcional.
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3. Resum dels resultats

Els principals resultats obtinguts en aquest treball van ser:

1. Els processos biologics de Transport, Cell Communication i Cell Ad-
hesion estaven distribuits asimétricament en el ranquing de resultats
del GWAS i, per tant, son possiblement processos rellevants en el risc

a cancer de mama.

2. Els processos biologics de Cell Communication i/o Cell Adhesion tam-
bé van presentar asimetries en tres dels aspectes de la biologia del
cancer de mama analitzades: (i) expressio diferencial entre teixit nor-
mal i tumoral [176]; (ii) depleci6 de BRCA1 en un model cel-lular no
tumorigenic [177]; 1 (iii) associaci6 entre expressié génica en tumors
i I'edat al diagnostic [178]. Per tant, aquestes tres condicions serien
atils per definir les caracteristiques dels gens que contribueixen al risc
a cancer de mama. A partir dels gens en comu d’aquests tres llistats
i utilitzant la posicié mitjana com a mesura, es va crear un ranquing

combinat de gens candidats.

3. Els interactors directes i a un sol pas en l'interactoma de proteines
(HPRD) dels productes de reconeguts gens de susceptibilitat de bai-
xa penetrancia (referents: CASPS8, CDHI1, FGFR2, HMMR, LSP1,
RASSF1 i1 TGFBR1) presenten una proporcié d’anotacions en Cell
Communication i Cell Adhesion major que la mitjana de la compo-
nent principal de la xarxa. Aixo recolza els resultats anteriors a nivell
de gens candidats identificats a partir de 'analisi de dades de GWAS.
Ressaltant els interactors directes i a un pas d’aquests quatre refe-
rents més destacats, es pot llavors acotar la llista de candidats més

probables.
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3. Resum dels resultats

4. La xarxa de pertorbacions de I'expressio (basada en expression quan-
titative trait loci, eQTLs), on els nodes representen els SNP /loci dels
50 primers candidats més els referents i les connexions representen la
direcci6é de I'efecte en I'expressié génica, presenta una connectivitat
més elevada que les xarxes de gens triats a l'atzar tant pel que fa al
nombre de nodes com al nombre d’arestes. Aix0 recolza 'associacio
funcional entre els 50 primers candidats i, a més, la connexi6 amb
gens referents de risc a cancer de mama. Els nous candidats es poden
prioritzar en funcié de l'alta centralitat en la xarxa (BCL2, BMPI,
NTRK2, PTGER3 o RUNX2) o pel fet de connectar dos referents
(DKK3i NTRK?2).

Aquest estudi proposa Cell Communication i Cell Adhesion com a proces-
sos biologics pertorbats en el risc a cincer de mama conferit per variants
de baixa penetrancia i defineix les propietats, interaccions moleculars i els

possibles efectes funcionals dels gens i les proteines candidates.
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Abstract

Background: Recent advances in whole-genome association studies (WGASs) for human cancer risk are
beginning to provide the part lists of low-penetrance susceptibility genes. However, statistical analysis in
these studies is complicated by the vast number of genetic variants examined and the weak effects
observed, as a result of which constraints must be incorporated into the study design and analytical
approach. In this scenario, biological attributes beyond the adjusted statistics generally receive little
attention and, more importantly, the fundamental biological characteristics of low-penetrance
susceptibility genes have yet to be determined.

Methods: We applied an integrative approach for identifying candidate low-penetrance breast cancer
susceptibility genes, their characteristics and molecular networks through the analysis of diverse sources
of biological evidence.

Results: First, examination of the distribution of Gene Ontology terms in ordered WGAS results
identified asymmetrical distribution of Cell Communication and Cell Death processes linked to risk.
Second, analysis of || different types of molecular or functional relationships in genomic and proteomic
data sets defined the "omic" properties of candidate genes: i/ differential expression in tumors relative to
normal tissue; ii/ somatic genomic copy number changes correlating with gene expression levels; iii/
differentially expressed across age at diagnosis; and iv/ expression changes after BRCA| perturbation.
Finally, network modeling of the effects of variants on germline gene expression showed higher
connectivity than expected by chance between novel candidates and with known susceptibility genes,
which supports functional relationships and provides mechanistic hypotheses of risk.

Conclusion: This study proposes that cell communication and cell death are major biological processes
perturbed in risk of breast cancer conferred by low-penetrance variants, and defines the common omic
properties, molecular interactions and possible functional effects of candidate genes and proteins.
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Background

Technical and methodological advances in genome-wide
assessment of genetic variation have provided tools for
detecting low-penetrance susceptibility genes for com-
mon human diseases [1]. As a result of this progress, the
last year has seen a spectacular increase in the number of
published studies in which these types of variants or sin-
gle nucleotide polymorphisms (SNPs) are detected.
Projects such as the National Cancer Institute's Cancer
Genetic Markers of Susceptibility (CGEMS) and work car-
ried out by deCODE Genetics and the Breast Cancer Asso-
ciation Consortium have produced partial lists of the risk
variants of different cancer types in diverse populations
[2-4].

Whole-genome association studies (WGAS) are unbiased,
which is highlighted by the fact that they identify unex-
pected candidate genes that are not strictly involved in a
priori biological process such as DNA damage response in
breast cancer [2-4]. The absence of bias is further revealed
by the identification of possible master susceptibility loci
for different cancer types, such as the convergence of risk
variants at chromosome 8q24 [3,5-12]. The drawback of
the agnostic nature of WGAS is the challenging statistical
analysis and, thus, the biological interpretation of the
results beyond single candidate SNPs and their P values.
The vast number of variants interrogated means that P val-
ues below 10-7 must be obtained to pass multiple-compar-
ison corrections. Consequently, the number of samples
needed to obtain the necessary statistical power is an
important limitation, as is the fact that uncontrolled pop-
ulation stratification may introduce false positives. In
addition, most variants seem to confer very modest risks
in the order of 1.2-1.6 fold, which are hard to detect given
the statistical difficulties described above. Indeed, current
WGAS results contain thousands of SNPs and, by exten-
sion, thousands of candidate genes with unadjusted P val-
ues of < 0.05. As a result of these complications, the
findings cannot be considered true positives until they
have been replicated in an independent, preferentially
larger-scale study [13,14].

Given these statistical constraints, possible biological
interpretations of WGAS results are generally overlooked.
In most cases genes are interpreted individually, and a
gene ranked below the significance threshold will not be
measured or experimentally characterized in relation to
the disease or to genes that passed the threshold unless
strong evidence is obtained from additional association
studies. In this scenario, the fundamental principles of
low-penetrance susceptibility genes and/or proteins
(genes/proteins) - such as biological processes or path-
ways, properties and the molecular networks in which
they commonly participate - have yet to be defined.

http://www.biomedcentral.com/1755-8794/1/62

Systems-based interpretation of biological data is a com-
mon strategy in many areas of research [15-17]. It is clear
that genes and proteins are organized in higher-order
structures within complex molecular networks to execute
biological functions [18]. The genes/proteins organized in
these structures are the indivisible elements that are dis-
rupted or regulated abnormally in disease but alterations
of different genes/proteins in the same functional unit
often converge in a common disease phenotype [19].
Genetic variability that confers risk of common diseases is
also likely to converge at some level in specific processes
or functions. Pioneering work by Wang and Bucan [20]
has shown that the use of biological labels and microarray
data analysis tools can facilitate the interpretation and pri-
orization of candidate genes in WGAS.

Taking breast cancer as a model, we applied an integrative
approach for uncovering the biological processes underly-
ing breast cancer susceptibility mediated by low-penetrant
alleles, as well as the genes/proteins and their properties
and molecular interactions that are critical in cancer risk.
Our strategy avoids the statistical constraints of WGAS by
providing a method for prioritizing candidate markers
based on the identification of common biological proc-
esses and characteristics. In addition, we provide hypoth-
eses on the possible molecular mechanisms of risk
between novel candidates and known susceptibility
genes/proteins.

Methods

WGAS ordered gene lists

The breast cancer pre-computed WGAS data set released
by the CGEMS initiative was downloaded from the corre-
sponding public web site on September 2007. To examine
biological information in WGAS results, we generated two
complementary gene ranks: one according to the lowest P
value per gene for the genotypic test in a genomic region
of +/- 10 kilo bases (kb) at each locus, adjusted for age and
hormone therapy [2]; and the other according to the low-
est P value but also taking into account the direction of the
association using the OR of the minor allele homozygotes
(ORs of either > 1 or < 1). Assigned SNPs were curated
using Ensembl gene annotations. Note that P values and
ORs are not strictly comparable as they reflect different
statistical analyses; the P values indicate the significance
of an SNP in a logistic regression model, whereas the OR
compares the magnitude of association of an allele against
major homozygotes. The "one SNP-one gene" simplifica-
tion was applied to obtain a single representation of each
gene in the ranks. This approach might over-estimate large
gene loci, and other strategies that account for the number
of SNPs per gene, their linkage disequilibrium and allele
frequencies could be used to enhance this analysis. The
rank based on P values was then examined for differential
representation of biological processes at one tail (low P
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values), while the rank based on ORs may differentiate
disease-risk mechanisms (OR > 1) from protection mech-
anisms (OR < 1). By assigning SNPs as described above, a
rank of 24,458 unique gene symbols (NCBI build 36.1)
was obtained from an initial number of 528,173 SNPs [2].
Note that with P values of < 0.05, the original data set con-
tains 26,859 SNPs corresponding to 7,611 genes. The
number of unique genes in the OR-based rank was slightly
lower (n = 24,135) because some of the SNPs had no data
for minor homozygotes. The reference unit in our analy-
ses was either the Entrez gene symbol or the Ensembl
identifier (release 49), and other identifiers were con-
verted to these references using BioMart [21]. Inconsisten-
cies or missing values between Entrez and Ensembl
identifiers were curated manually.

GO term annotations

The Gene Ontology (GO) [22] annotations were down-
loaded from Open Biological Ontologies version 1.2,
release 200804 (MySQL version). GO terms were assigned
to gene symbols after record linkage in which regular
expression searches were required. Splicing variants were
collapsed for each gene symbol. Genes annotated at Level
4 or lower in the GO hierarchy were assigned to a parent
in Level 3, but those also occurring at Level 2 were
excluded. This analysis gave 14,659 (~60%) genes anno-
tated (271 terms and a median of 641 genes in each term)
from the starting list of 31,591 while 24,458 of the genes
were present in the WGAS, of which 11,675 were anno-
tated. The remaining ~40% of genes were unannotated,
mainly because they represent uncharacterized genes/pro-
teins or do not contain known biological features. The
same procedure was used when evaluating terms at Level
4 giving 1,867 gene sets.

Analysis of rank partitions

We implemented the procedure devised by Al-Shahrour
and colleagues [23,24] to examine outputs flexibly (Addi-
tional file 1). The implementation was performed in the R
language and environment [25] and consisted of the fol-
lowing steps, as defined by the original authors: 1/ the list
of gene/protein identifiers was ordered according to a
measure of association; 2/ a selected number of partitions
p was applied, each of which separated the ordered list
into two parts, and used the index in order to force each
partition to increase with the same number of genes (we
show results for 50 partitions, but we also explored the
range between 30 and 50 that was recommended in the
original publication [24], which revealed similar results);
3/ for each partition, the frequencies of genes/proteins
with a specific GO term annotation were compared using
a Fisher's exact test for two-by-two contingency tables; 4/
the previous step was repeated for m terms; 5/ a multi-test-
ing adjustment procedure was applied to P values taking
into account p x m tests, using the FDR approach [26]
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implemented in the multtest package [27]; 6/ significant
terms were selected and graphics were created in R. In
comparison with GSEA, the partitions methodology may
be capable of detecting modest differences [24], although
it is probably less effective at providing detailed interpre-
tations of the position of these differences. One hundred
permutations of gene order in WGAS ranks were exam-
ined for possible asymmetries obtained by chance. In
addition, in our analyses using partitions, we controlled
for possible background bias of annotated and unanno-
tated genes for any term.

GSEA analysis

The GSEA algorithm was applied using the Java imple-
mentation [28], with ordered gene lists and annotations
from Level 3 and 4 Biological Process GO terms, and the
enrichment weighting exponent p = 1 (except when exam-
ining gene index ranks). The statistical significance (nom-
inal P value) of the enrichment score (ES) was calculated
in the implementation by permuting the class labels
(genes) 1,000 times. Log-transformed P values were used
in the analysis of WGAS-ordered gene lists.

Analysis of breast cancer-related data sets

Differential expression between normal breast tissue and
tumors was assessed at the genome-wide level using the
data set provided by Richardson and colleagues [29]. Dif-
ferences were evaluated using the t-statistic across all
tumors and also for basal-like or non-basal-like sub-
classes. No differences were observed in GO term profiles
so we used the comparison with all tumors. Genetic alter-
ations in tumor subclasses were evaluated using copy
number information from the study of Chin and col-
leagues [30]. For each SNP-gene position of the WGAS an
average copy number was obtained in each tumor class.
To calculate correlations between gene expression and
copy numbers, we first obtained average gene expression
values in tumor classes using all possible probes mapping
each gene, and then calculated correlations with copy
numbers using the Pearson correlation coefficient (PCC).
To evaluate prognosis we used the data set of Chang and
colleagues [31], which contains 295 breast tumors. We fit-
ted a Cox regression model to each probe using disease-
free survival time information. Models were fitted adjust-
ing for ER tumor status and grade, and likelihood ratio
tests were calculated to evaluate the effect of microarray
probe values on survival. Genes were then ordered accord-
ing to hazard ratios and/or P values using only the
extreme probe results. To evaluate age at diagnosis we
used the same data set and fitted a linear model for each
probe, adjusting for ER tumor status and grade. Next, we
applied the same procedure as that used for the prognosis
analysis to obtain a definitive ordered list of genes based
on the regression coefficient and the corresponding P val-
ues. The same data set was used to assess expression differ-
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ences between ER-negative and ER-positive breast tumors
and for co-expression analyses with benchmark breast
cancer genes using the PCC. In addition, we investigated
expression perturbations after BRCAI depletion in
MCF10 cells [32], using fold-changes, and expression per-
turbations between BRCA1 and sporadic breast tumors
(non-hereditary ER-negative and grade 3) using the t-test
[33]. Finally, we examined gene expression changes in tis-
sue abnormalities precursors of breast cancer, using the t-
test [34].

Analysis of the human interactome network

The human interactome network was built by combining
three previously published data sets, which consist mainly
of experimentally verified interactions. The data set based
on the Human Protein Reference Database (HPRD) was
combined with high-confidence yeast two-hybrid interac-
tions from Rual and colleagues [35] and Stelzl and col-
leagues [36]. Orthology-based predictions and
homodimers were excluded from our analyses. Shortest
paths were calculated using only the giant network com-
ponent and the geodesic formulation given by Freeman
[37] using the R programming language [25]. GO term
annotations were used as detailed above. Proportions of
annotations in direct and one-hop interactors of bench-
marks were evaluated in the giant network component
using as controls seed proteins annotated with the same
terms as the benchmark that was being compared. P val-
ues were then computed using empirical distributions.

Genetics of gene expression

The Dixon and colleagues data set [38] was down-loaded
from the public web site and analyzed focusing on SNPs
with lod scores of > 2.3. Variants at 12> 0.8 were identified
using Phase II HapMap release 21a data for individuals
with European ancestry. Data is provided for lod scores of
> 6 and SNPs-genes in the combined rank, whereas infor-
mation for variants at lod scores of > 2.3 and 12> 0.8 is
available from the authors. To avoid any bias, the network
and simulations only refer to the original SNPs annotated
by Dixon and colleagues [38] and exclude variants at 12>
0.8. Networks were generated in Cytoscape [39] and using
the R programming language [25]. SNPs at each gene
locus (+/- 10 kb) were collapsed into a single node for net-
work representation.

Results

Biological processes in breast cancer risk

Breast cancer is probably the paradigm of deeply charac-
terized neoplastic process at many molecular levels. The
key to this study was the public availability of the land-
mark WGAS for breast cancer risk released by the CGEMS
initiative [2]. We analyzed the results of this WGAS along-
side various omic data sets of breast cancer and normal
cellular conditions, following a biology-driven strategy
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based on the asymmetrical representation of biological
information in ordered gene lists (Figure 1). The com-
bined rank provides a prioritized list of gene/protein can-
didates and their interactions in pathology.

To examine the distribution of biological information in
WGAS ordered gene lists (see Methods), we compiled
Level 3 Biological Process GO term annotations and
applied two complementary algorithms: one that uses the
"partitions” concept devised by Al-Shahrour and col-
leagues [23,24] (the implementation of this algorithm is
available in Additional file 1); and the Gene Set Enrich-
ment Analysis (GSEA), which evaluates asymmetries
based on the Kolmogorov-Smirnov statistic [40]. The first
algorithm generates p partitions in an ordered gene list
and then computes a Fisher's exact test for each of the p
two-by-two contingency tables to detect asymmetries
between the top and the bottom parts of the list. Next, P
values are corrected based on the false FDR approach [26].
All known genes in the human genome NCBI build 36.1
were included in the examination of WGAS ranks. In our
implementation we took into account both annotated
and unannotated genes/proteins, which we found to pre-
vent false positives due to background asymmetrical dis-
tributions (not shown).

Of the 271 terms in Level 3, asymmetries were identified
in the distribution of Transport, Cell Communication and
Cell Adhesion processes using the partitions methodology
and two possible WGAS ranks (Figure 2a and Methods).
To evaluate the significance of these results we performed
the same analysis for 100 permutations of gene order.
None of the permutations showed significant differences
for any of the 271 terms at any partition. In addition,
when the GSEA algorithm and our Level 3 annotations
were used, the greatest asymmetries were found in the
same terms (particularly Cell Adhesion), and smaller dif-
ferences were observed in other terms including Cell
Development and Death (Additional file 2). The consist-
ency of the results suggests that the terms identified repre-
sent key biological processes in breast cancer risk
conferred by common variants.

As expected, profile differences were observed between
the two defined WGAS ranks, and Cell Adhesion was
more clearly asymmetrically distributed in the ordered
gene list that takes into account the lowest P value per
gene locus and the corresponding odds ratio (OR) (Figure
2a, right panels). Cell Communication is visibly asym-
metrically distributed in the P value based rank, whereas
the inclusion of OR criteria suggests the existence of gene
subgroups in this process associated with risk. Under-rep-
resentation of genes involved in Metabolism was also
revealed at the top of the rank, which leads us to speculate
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Strategy for candidate gene prioritization in WGAS results. Given a WGAS such as the breast cancer study of the
CGEMS initiative [2], ~500,000 SNPs were initially interrogated, which represent a lower number of linkage disequilibrium
(LD) blocks in which 24,458 known human genes are distributed. Even when a clear LD block contains several significant SNPs,
different genes may be present and molecular and/or functional analyses are required to determine the most likely candidates
and their interactions. To obtain this information at the genome-wide level, we propose first to use GO terms to examine the
WGAS rank for asymmetries in biological processes. These asymmetries will then be used to guide the analysis of omic data
sets relevant to breast cancer biology. Next, higher-level data analyses — protein-protein interactions that may be over-repre-
sented for the same processes, and variants in cis/trans affecting germline gene expression levels that lead to hypotheses on the
possible functional effects of risk alleles — are performed using a combination of evidences, WGAS results and recognized low-

penetrance susceptibility genes/proteins or benchmarks.

that common variants in this process play a protective
role.

Fine mapping of processes

Given the asymmetries at Level 3, and taking into account
that the gene sets were relatively large, candidate processes
were narrowed down using child terms at Level 4. In
agreement with results above, terms for Transport, Cell
Communication and Cell Adhesion were found to be dis-
tributed asymmetrically in both WGAS ranks (Figure 2b).
For example, Signal Transduction was a child of Cell
Communication and was found to be over-represented at
low P values. Several recognized low-penetrance suscepti-
bility genes are annotated in this term (AURKA [41-
45],CASP8 [46],LSP1 [3]and TGFBR1 [47-51]). The child
terms for Transport and, in particular, for Cell Adhesion
also showed similar asymmetries to those at Level 3 (Fig-
ure 2b). Profiles were also found to be consistent with the
list ordered by OR/P value, with many child terms for Cell
Adhesion over-represented at ORs of > 1. These observa-
tions corroborate the identification of key processes - in
particular Cell Communication and Cell Adhesion -
mediating breast cancer risk.

Breast cancer-related properties

To further define the characteristics of candidate suscepti-
bility genes in breast cancer conditions, we examined var-
ious sources of biological evidence according to the

observed WGAS rank GO asymmetries. Nine types of evi-
dence were examined (Additional file 3):

1/ Differential expression between normal breast tissue
and tumors [29] (accounting for different known molecu-
lar classes of breast tumors [52]).

2/ Differential expression between normal breast tissue at
terminal duct lobular units and hyperplasic units [34].

3/ Correlations between transcript profiles using as
benchmarks known genes of low/moderate risk (ATM,
AURKA, BRIP1, CASP8, CHEK2, FGFR2, HMMR, LSP1,
MAP3K1, PALB2, RASSF1, TGFBR1 and TNRC9), high risk
(BRCA1 and BRCA2) and cancer syndromes (LKB1, PTEN
and TP53) [53].

4/ Somatic loss of heterozygosity and copy number alter-
ations in tumors [30] (accounting for the different known
tumor types).

5/ The correlation between somatic copy number altera-
tions and transcript profiles [30] (again, accounting for
the different known tumor types).

6/ The dependence of the estrogen receptor (ER) pathway
signaling on differential expression between ER-positive
and ER-negative tumors [31,33,54].
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Figure 2

WGAS rank asymmetries for specific biological processes. (a) Graphical representation of over- and/or under-repre-
sentation of biological processes in partitions of WGAS ranks using Level 3 GO annotations. Top left panel, results of the anal-
ysis of the WGAS rank according to the lowest P value per gene locus. Differences are always shown from top to bottom, so
the top shows over-representation in the GO terms Transport and Cell Communication. Graphics show significant partitions.
Bottom left panel, graphical representation of the positions of genes annotated with GO terms distributed asymmetrically in
the WGAS P value rank. Right panels, results of the analysis of the WGAS rank according to ORs and to P values. This analysis
seems to better capture the differences in risk (ORs > |) associated with the over-representation of Cell Adhesion. Under-
representation (negative differences when comparing top with bottom parts) of Metabolic processes annotations is also sug-
gested with ORs of > |. The graphical representation of gene positions shows clear differences between Cell Adhesion and
more complex patterns — perhaps with different gene subgroups — for Cell Communication and Metabolic processes. (b)
Graphical representation of over- and/or under-representation of biological processes in partitions of WGAS ranks using Level
4 GO annotations. Left panel, child terms of Cell Communication (Signal Transduction), Transport (lon Transport) and Cell
Adhesion (rest of terms shown in the inset) are over-represented at P values of up to 0.262. Right panel, over-representations

in the WGAS OR/P value ordered list as shown in the insets.
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7/ The association between gene expression and patient
prognosis [31,33,54] (adjusting for major confounding
variables of ER status and tumor grade).

8/ The association between gene expression in tumors and
patient age at diagnosis [31,33,54] (again, adjusting for
major confounding variables of ER status and tumor
grade).

9/ Expression perturbation in BRCA1 tumors (tumors
originating in carriers of germline BRCA1 mutations) rel-
ative to sporadic (non-hereditary) tumors [33], or after
depletion of BRCAI in a non-tumorigenic cell model
[32,55].

These different types of evidence characterize different
aspects of breast cancer biology, including the following:
the identification of putative tumor suppressors and
oncogenes by analyzing differential expression and/or
somatic genetic alterations [30]; genes with a role in the
early stages of breast tissue transformation [34]; hormone
dependencies that may be related to susceptibility, as
noted recently for newly identified low-penetrance sus-
ceptibility genes [4]; expression perturbations in BRCA1
tumors that may reveal functional relationships with
high-penetrance genes/proteins [32,56,57]; and associa-
tions with age at diagnosis that may also indicate critical
molecular roles in initiating tumorigenesis [57].

Analysis of the evidence described above identified bio-
logical processes consistent with existing knowledge in
the literature. For example, Cell Division was distributed
asymmetrically in genes ranked according to the hazard
ratio that measures survival probability (Figure 3), which
is consistent with the fact that the potential for cell prolif-
eration can be considered a strong predictor of prognosis
or metastasis [58-63].

Of the nine types of evidence described above, three
showed similar asymmetries in Cell Adhesion to those
observed in the WGAS ranks: differential expression
between normal breast tissue and tumors, patient age at
diagnosis, and BRCA1 depletion in MCF10A cells (com-
parison of BRCA1 and sporadic tumors also revealed sim-
ilar asymmetries, but it was excluded from the analyses
below to avoid duplication). Two of these data sets also
showed similar asymmetries for Cell Communication
(Figure 4). As mentioned above, permutation analysis of
gene ranks did not show asymmetries in any process,
which indicates that these evidences are useful for catego-
rizing and defining the omic properties of genes contrib-
uting to breast cancer risk.

Asymmetries in these processes were also observed in
tumor subclasses when the rank of correlations between

http://www.biomedcentral.com/1755-8794/1/62

somatic genomic alterations and gene expression levels
were examined. This was found principally in luminal A
tumors (Additional file 4), and although the correspond-
ing combined rank did not vary considerably from those
of the three types of evidence described above, it captured
as likely candidate genes those involved in ER signaling
such as TFF1 (Additional file 5), which was expected for a
hormone-dependent tumor class [52]. This specific evi-
dence for a given subclass can then be used when examin-
ing breast cancer subtypes.

Evaluation of a combined evidence rank

Given that three breast cancer conditions showed similar
asymmetries in processes to those observed in the WGAS
ranks, a combined rank of these conditions might provide
a prioritized list of more likely candidates. This analysis
was performed using all genes in common between these
three omic data sets (n = 8,986) and the final rank was cre-
ated using the average position (Additional file 6).
Although there is not a large "gold standard" of low-pen-
etrance susceptibility genes, some features of the com-
bined rank suggest that it is biologically meaningful in the
assessment of genetic risk factors.

Prognosis
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Asymmetries in biological evidence of breast cancer.
An example of the results of applying the methodology used
to examine the WGAS ranks to a breast cancer biological
evidence data set. This analysis identifies the association
between gene expression levels and patient survival or prog-
nosis measured by the hazard ratio (HR). The results suggest
an association between poor prognosis (HRs > I) and genes
involved in Cell Division, and between good prognosis (HRs
< 1) and Gene Expression and Metabolic processes. Impor-
tantly, the association between cell proliferation and poor
prognosis has been demonstrated in previous studies using
different approaches [58-63].
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Examination of the 50 top-ranked genes in the combina-
tion identified candidate tumor suppressors and/or onco-
genes from the literature (DKK3 [64] and TFPI2 [65]),
genes with variants that confer breast cancer risk (IGF1
[66]) and, notably, four genes (PDGFRA, PDGFRL,
MAP3K12 and NTRK2) whose products participate in the
MAPK signaling pathway, where known susceptibility
genes also participate (FGFR2 and MAP3K1 [2-4]) (Table
1 shows the results for the 50 top-ranked genes in the
combined evidence ranking ordered by their lowest
WGAS P value). This 50-set also contains genes previously
linked to breast cancer prognosis, metastasis or treatment
response (BCL2 [67], CXCL12 [68-70] and FBLN1
[71,72]). In addition, consistent with predicted relation-
ships in this set, experimental studies have demonstrated
interactions between the corresponding proteins in neo-
plasia; for example ABTB1 and EGR2 are mediators of
PTEN tumor suppressor function [73]. These observations
support the hypothesis that the combined rank contains
numerous functional and molecular associations of rele-
vance for breast tumorigenesis.

The second position of the combined ranking that takes
into account the WGAS results is occupied by the platelet-
derived growth factor receptor-like (PDGFRL) gene, while
the first gene in the combined rank is PDGFRA (Table 1).
PDGFRA is expressed in invasive carcinomas and is asso-
ciated with aggressiveness [74], and, importantly, PDG-
FRL is mutated in cancer cells [75,76] and maps at
chromosome 8p22-p21, where it is thought to map a
breast cancer tumor suppressor gene(s) [77-79]. More
recently, an integrative approach based on disease-specific
pathways has revealed that PDGFRL may play a critical
role in promoting breast tumorigenesis [80]. Our inde-
pendent observations of breast cancer risk may lead to the
replication of the WGAS findings for these PDGFR genes
and others shown in Table 1. In this way, evaluation of
genes with somatic point mutations in breast tumors as
compiled in the COSMIC database (release v36) [81]
placed MAP3K12 at the top of the combined rank (Addi-
tional file 7), which reinforces the putative involvement
of the MAPK signaling pathway and supports MAP3K12 as
a likely candidate.

Examination and integration of higher-order evidence

Correlations across different biological levels provide bet-
ter proof of molecular associations and their possible per-
turbation in disease [16,18,82]. We examined the network
of protein-protein interactions (interactome network) of
recognized low-penetrance susceptibility gene products
(hereafter referred to as benchmarks) for proportions of
annotations in Cell Communication and Cell Adhesion.
Proportions of annotations were compared between inter-
actors of benchmarks and the average in the giant network
component and, to avoid bias, only proteins annotated at

http://www.biomedcentral.com/1755-8794/1/62
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Asymmetries for Cell Communication and Cell
Adhesion. Of the biological evidence of breast cancer
examined in this study, three cases showed asymmetries in
biological processes that are similar to those observed in the
WGAS ranks. Three cases showed similar asymmetries for
Cell Adhesion: |/ top panel, differential expression between
normal breast tissues and tumors measured using the t-statis-
tic, as a result of which genes involved in Cell Adhesion are
over-represented at the bottom, which indicates that they
are generally under-expressed in tumors, while Cell Commu-
nication is under-represented at the top (note that both pat-
terns follow the same direction); 2/ middle panel, association
between age at diagnosis and gene expression levels meas-
ured using the coefficient from the linear model, so coeffi-
cients < 0 indicate association with early age at diagnosis,
which is consistent with the expected contribution of genetic
effects to breast cancer risk [57]; 3/ bottom panel, fold
change in gene expression changes between BRCA [ -depleted
and control-treated MCFI0A cells, which indicates possible
molecular and/or functional dependencies on processes
linked to breast cancer risk [57]. Differences in annotation
percentages between top and bottom range from -8% to -4%
for the most significant partition at the bottom end. On the
basis of these results, all three ranks were inverted and com-
bined for comparison with the WGAS results.
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Table 1. Combination of breast cancer biology evidence and evaluation of WGAS results
for priorization of candidate low-penetrance susceptibility genes*

Breast cancer biology evidence WGAS
Normal- Age at BRCA1

Combined  Tumor _ diagnosis _depletion  SNP Pvalue
AZGP1 40 551 1156 655 rs2107349 1.70E-05
PDGFRL 31 84 1838 176 rs2720552 0.0004
DKK3 (§) 16 63 1083 598 rs3750936 0.0018
ITPR1 28 318 1514 222 rs7616234 0.0025
ZNF423 6 657 44 572 rs193908 0.0034
BCL2(§) " 618 124 782 rs8086644 0.0036
MAP3K12 5 794 68 294 rs8192593 0.0041
SNRPN 46 849 1198 381 rs2732043 0.0049
PDGFRA 1 24 105 120 rs7660560 0.0051
BNC2 41 612 563 1215 rs13290470 0.0067
BMP1 45 1408 883 123 rs7814885 0.0085
LAMA4 43 468 318 1608 rs2072020 0.0104
COL14A1 3 10 141 628 rs6989074 0.0114
F2RL2 14 1298 305 115 rs2455232 0.0119
SYNPO2 (§) 49 355 1287 920 rs10518312 0.0124
ANK2 32 328 1296 512 rs17580458 0.0132
OLFM1 47 1466 454 541 rs4262379 0.0135
VWF 30 676 1060 359 rs2283333 0.0145
PTGER3 8 748 423 171 rs4649932 0.0147
LDB2 2 150 43 528 rs13110049 0.0174
FMO1 38 278 1847 149 rs17642661 0.0275
SSPN 12 49 589 911 rs12827659 0.0282
ANGPTL2 7 360 822 112 rs1768374 0.0288
RUNX1 39 866 1410 6 rs9974986 0.0289
NTRK2 (§) 29 42 794 1225 rs2120266 0.0374
JAM3 50 113 2313 154 rs12287552 0.0499
JAM2 25 539 953 547 rs7283477 0.0526
TBX15 15 767 260 701 rs716217 0.0536
FBLN1 13 276 1035 391 rs17564689 0.0561
DLL1 34 634 381 1140 rs9348305 0.0638
CXCL12 (§) 24 197 742 1050 rs4948878 0.0785
HOXA2 23 927 428 533 rs7811753 0.1236
IGF1 19 60 828 916 rs2971575 0.1251
COL6A1 9 1069 193 155 rs2277814 0.1319
BTD 35 486 1630 64 rs6797119 0.1386
CNOT6L 18 819 47 923 rs1587563 0.1410
EGR2 22 34 99 1753 rs224278 0.1427
TFPI2 44 1153 625 626 rs180283 0.1540
ABTB1 27 1110 204 736 rs782446 0.1570
NPR1 42 497 1046 848 rs7541193 0.1641
PCOLCE 33 673 1050 431 rs11768465 0.1781
LTBP4 21 287 727 853 rs1131620 0.1869
BTNL9 26 135 29 1883 rs7725222 0.2352
MRGPRF 36 464 1042 683 rs1249582 0.2862
PLD1 48 2014 227 292 rs10440040 0.3314
LTC4S 17 1411 358 7 rs6895902 0.3400
SCGB2A2 20 732 790 295 rs10501333 0.3466
PODN 10 212 1087 183 rs1288386 0.4446
BHLHB3 4 563 126 397 rs3809140 0.5892
STAT2 37 1561 345 289 rs2066808 0.6143

*Table showing the 50 top-ranked genes using a combination of three global breast cancer
biology evidence and ordered according to their lowest WGAS P value.
Genes in bold type indicate products directly interacting or at one-hop in the interactome
network of benchmark proteins (CDH1, FGFR2, HMMR or RASSF1).
(§) Loci with variants possibly affecting the germline expression of a recognized

low-penetrance susceptibility gene(s).

Table |

Combination of breast cancer biology evidence and evaluation of WGAS results for priorization of candidate

low-penetrance susceptibility genes
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any GO level were considered. Using as network seeds
those nodes representing seven benchmark proteins with
at least one known interaction in the giant component
(CASP8, CDH1, FGFR2, HMMR, LSP1, RASSF1 and
TGFBR1), over-representation of Cell Communication
and Cell Adhesion was detected in several neighborhoods
using the shortest path measure, particularly in direct and
one-hop interactors (Figure 5a/b). The benchmark neigh-
borhoods showing the highest over-representation of
these processes were those corresponding to CDHI,
FGFR2, HMMR and RASSF1 (Additional file 8).

To assess which of these benchmarks shown the maxi-
mum information at the interactome level for breast can-
cer risk, we calculated the probability of showing similar
proportions of annotations in the giant component and,
to avoid functional bias, used as controls seed proteins
with the same annotations at Level 3 as each of the bench-
marks being compared. The results of this controlled anal-
ysis suggest higher enrichment of the processes in the
direct or one-hop interactors of CDH1 and FGFR2 (per-
centile 87 and 94, respectively) (Figure 5c¢). This observa-
tion suggests the close interactors of these low-penetrance
susceptibility gene products as more likely candidates.

The results in the interactome network provide additional
information that can be combined discretely with the
rank in Table 1. Consequently, annotating this rank for
direct and one-hop interactors of CDH1, FGFR2, HMMR
and RASSF1 provides a more restricted list of likely candi-
dates. Again, this set contains previously defined candi-
dates such as IGF1 [66] and members of the MAPK
signaling pathway such as NTRK2 and PDGFRA, which
are found in the one-hop neighborhood of FGFR2.

Functional effects of variants and their evaluation in the
combined rank

To determine the possible functional effects of risk vari-
ants in candidates, we examined differences in germline
expression levels correlating with genetic variation, using
the data set of Dixon and colleagues [38] derived from
lymphoblastoid cell lines. To search SNPs we used the
original data or, in cases which provided no information
for an SNP, variants at linkage disequilibrium r2 > 0.8
according to HapMap individuals with European ancestry
[83]. In this analysis we not only examined single SNP/
gene effects (Additional file 9) but also generated expres-
sion-perturbation networks in which nodes are formed by
gene loci and edges represent direct or indirect expression
effects, possibly mediated by coding and/or regulatory
SNPs in candidate genes (see Methods).

Taking as candidates the 50 top-ranked genes from Table
1, we identified many edges between their loci and with
benchmarks (Figure 6, left panel). New candidates may

http://www.biomedcentral.com/1755-8794/1/62

then be prioritized based on their high centrality in the
network (BCL2, BMP1, NTRK2, PTGER3 or RUNX2) or by
the fact that they connect two benchmarks (DKK3 and
NTRK2 connect HMMR-TNRCY9 and FGFR2-TGFBRI,
respectively), which suggests a possible risk effect through
the expression perturbation of known low-penetrance
susceptibility genes.

To evaluate the biological significance of this network, we
performed similar analyses with 100 randomly chosen
sets of 50 genes and the same benchmarks. The connectiv-
ity was higher for the 50 top-tanked genes in the com-
bined rank than for any of the randomly generated
networks, both for the number of nodes and the number
of edges (Figure 6, right panels). This observation sup-
ports the functional association between the 50 top-
ranked candidates and, importantly, the association with
known genes of breast cancer risk. These results also pro-
vide many functional hypotheses of genetic variants in re-
defined candidates that may influence breast cancer sus-
ceptibility. Overall, this integrative study identifies candi-
date low-penetrance breast cancer susceptibility genes and
the corresponding wiring diagram of molecular interac-
tions.

Discussion

This study identifies biological processes that play key
roles in breast cancer risk, which are revealed by asymmet-
rical distributions of GO terms in complete WGAS ranks.
Common variants that affect, in particular, the function of
genes/proteins in Cell Communication and Cell Adhe-
sion probably confer breast cancer risk to a greater extent
than variants in genes associated with different processes.
Thus, this study provides a foundation for the analysis of
fundamental issues in breast cancer risk conferred by low-
penetrant alleles.

The involvement of Cell Communication and Cell Adhe-
sion is intriguing given their long-known contribution to
epithelial neoplasia, although typically at the somatic
level [84]. Our results may link initial molecular perturba-
tions to subsequent events in cancer progression, which
suggests a more continuous path than previously thought
between germline and somatic alterations. This hypothe-
sis was highlighted primarily by the identification of risk
variants at the FGFR2 and MAP3K1 loci - two genes
known to be somatically altered in human cancer and
whose products are involved in signal transduction
among other processes [85,86]. These considerations
apply to sporadic breast cancer but may also provide
insights into the mechanisms of high-penetrance suscep-
tibility genes since risk variants at low-penetrance loci also
contribute to the risk of BRCA1 and BRCA2 mutation car-
riers [87]. Overall, these observations point to a molecular
diagram for breast cancer risk that may be more complex
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Figure 5

Same biological processes in the interactome network neighborhoods. (a) Left panel, strategy used to examine the
interactome network; given a seed or benchmark protein encoded by a recognized low-penetrance susceptibility gene and
using a shortest path algorithm, we calculated at each step the percentage of nodes annotated with Cell Communication or
Cell Adhesion among proteins annotated with any term (excluding non-annotated proteins). Right panel, distribution of all pos-
sible short paths in the giant network component. (b) Left panels, results for percentages in short paths of up to seven steps
for benchmark proteins. Over-representation in Cell Communication and Cell Adhesion annotations is suggested for CDH I,
FGFR2, HMMR and RASSFI at direct and/or one-hop interactions. Right panel, asymmetrical distribution of CDHI, FGFR2,
HMMR and RASSFI direct and one-hop interactors in the complete WGAS rank. (c) Over-representation of processes in the
one-hop neighborhood of CDHI or FGFR2 (vertical lines) using as controls seed proteins with the same Level 3 annotations
(curves). The x-axis represents the cumulative percentage up to 200. The CDHI and FGFR2 percentiles are shown.
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benchmarks, and edges represent the direction of the effect on gene expression, as shown in the inset. To avoid bias, we
excluded those SNPs that are not annotated in the original data set of Dixon and colleagues [38]. Right panels, network results
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than previously thought, probably based not only on the
alteration of the DNA damage response.

However, the limitations of this study must also be pre-
sented. Firstly, methodological constraints might hamper
the detection of subtle asymmetries of GO terms. To
improve sensitivity, WGAS results could be ordered by
combining the effect and magnitude of variants using
Bayesian principles. Alternatively, different biological
labels could be used - we considered annotations of path-
ways [88] that did not reveal significant differences (not
shown). Secondly, although the application of the average
across ordered lists detected genes/proteins known to be
involved in breast tumorigenesis (Table 1), more sophis-
ticated methods for combining ranks could improve the
detection of susceptibility genes. Finally, this study is lim-
ited by the analysis of a single WGAS data set with certain
epidemiological specificities [2], thus any candidate high-
lighted here should be examined in an independent epi-
demiological study.

Based on the observations from the WGAS ranks, we then
examined different breast cancer conditions that could
provide further categorization of candidates and reveal
the common properties of low-penetrance susceptibility
genes. Variants of these genes appear to correlate with
transcripts that are differentially expressed in tumors, with
somatic copy number changes that correlate with gene
expression, differentially expressed across age at diagno-
sis, and which show changes in expression level after
depletion or in the presence of BRCA1 mutation. Correla-
tions between somatic genomic alterations and gene
expression may indicate tumor suppressors or oncogenes,
depending on the direction of the correlation [89]. The
association with age at diagnosis (identified when adjust-
ing for confounding variables) supports a role in cancer
risk, for example differential expression at early age [57].
Finally, changes mediated by BRCA1 perturbation suggest
molecular or functional dependencies with high-pene-
trance susceptibility genes/proteins [56,57]. This study
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suggests that these are frequent features of low-penetrance
breast cancer susceptibility genes.

Combination of these evidences provides a comprehen-
sive rank to evaluate WGAS results beyond statistical con-
straints. This observation is supported by analyses at
higher-order molecular levels. Direct and one-hop physi-
cal interactors of susceptibility benchmarks are over-rep-
resented in the same biological processes as the top of the
WGAS ranks. In addition, modeling of a germline tran-
scriptional regulatory network identifies connections with
benchmarks but also reveals higher connectivity than ran-
domly expected, which supports that these genes/proteins
function in biologically related processes. We propose this
integrative study provides the basis for better biological
knowledge of the genes/proteins, their omic properties
and interactions that mediate the initial steps of breast
tumorigenesis. This strategy may be useful for revealing
the genes/proteins and their wiring molecular diagrams of
susceptibility for other cancer types where WGAS are
being carrying out and have vast omic data sets.

Conclusion

This study proposes biological criteria that may facilitate
the prioritization of candidate genes in WGAS for breast
cancer. The identification of the processes, omic proper-
ties and molecular interactions may represent the first step
towards a more comprehensive understanding of the
molecular mechanisms of risk of breast cancer conferred
by of low-penetrance susceptibility genes.
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3. Resum dels resultats

3.2 Exploracié de la connexié entre alteracions ge-
nétiques germinals i somatiques en la carcino-

génesi de mama

El fet que Cell Communication i Cell Adhesion eren processos ja coneguts
per participar en la neoplasia epitelial a nivell somatic [179], va suggerir
una connexié de les pertorbacions moleculars germinals amb les posteriors
alteracions somatiques presents en la progressié del cancer. Aquesta pos-
sible connexi6 entre la linia germinal i les alteracions somatiques podria
ser destacada amb la identificacié de variants de risc en FGFR2, MAP3K1
i CDKN2A/B |53, 55|, gens que es troben mutats somaticament en can-
cer [180-183].

Per avaluar aquesta hipotesi, es va examinar la distribucié en el ranquing
obtingut del resultat del GWAS de CGEMS [175] (préviament corregit per
evitar el biaix degut a la llargada dels gens) de grups de gens alterats so-
maticament coneguts i relacionats amb el pronostic [102, 178, 184-188|, la
resposta al tractament [189-191] i, finalment, relacionats amb alteracions
genétiques i genomiques en tumors [95, 192-196]. Per tal d’avaluar les pre-
diccions, es van genotipar els 20 primers SNPs de les driver kinases que
apareixen en el ranquing del GWAS en un estudi de 880 controls i 1.173

casos de cancer de mama de Polonia.
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3. Resum dels resultats

Els principals resultats obtinguts en aquest treball van ser:

1. Es va obtenir una distribucié asimétrica de les quinases que contribu-
eixen a la progressio tumoral degut a mutacions somatiques (driver
kinases) (GSEA Pyalor = 0,001; Pyalor ajustat FDR = 0,010). Aixo sug-
gereix que variacions genétiques comunes en els loci que codifiquen

per les driver kinases poden influir en el risc a cancer de mama.

2. I’SNP rs3732568 en el receptor 1 de la epinefrina tipus-B (EPHBI1) es
va trobar associat a risc de cancer de mama (OR = 0,79; 95% IC: 0,63
- 0,98; Pireng = 0,031), en la mateixa direcci6 i similar magnitud que
en el GWAS de CGEMS [175].

3. En l'analisi d’associacié amb el risc en edats primerenques de diagno-
si (40 anys), es van trobar dues associacions: rs6852678 (CDKL2) en
el model recessiu (OR = 0,32; 95% IC: 0,10 - 1,00; Pyaior = 0,044) i
rs10878640 (DYRKZ2) en el model dominant (OR = 2,39; 95% IC: 1,32
- 4,30; Pyalor = 0,003). A més, degut a les possibles diferéncies en funci6
del nivell d’expressi6 dels receptors d’estrogen, es van examinar les as-
sociacions en els pacients ER-positius i en els ER-negatius. Es va veure
que 183732568 (EPHB1) presenta un efecte similar en els dos tipus de
tumors i que rs12765929 (BMPRI1A) i rs9836340 (EPHAS3) mostren
més efecte en el risc de tumors ER-negatius mentre que rs4707795

(EPHAY) presenta un efecte diferent segons el tipus de tumor.

4. Es va detectar infraexpressi6 de FPHBI1 en la hiperplasia ductal ati-
pica respecte al teixit mamari normal en ’analisi de dades transcrip-

tomiques en la progressié del cancer de mama [197].
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3. Resum dels resultats

En resum, I’analisi dels grups de gens en el ranquing del GWAS i la posterior
replicaci6 indicaria que les variants comunes en determinats loci de les driver
kinases, particularment en els gens que codifiquen per receptors de EPHs,

podria influir en el risc de cancer de mama.
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Abstract

Recent genome-wide association studies (GWASs) have identified candidate genes contributing to cancer risk through low-
penetrance mutations. Many of these genes were unexpected and, intriguingly, included well-known players in
carcinogenesis at the somatic level. To assess the hypothesis of a germline-somatic link in carcinogenesis, we evaluated the
distribution of somatic gene labels within the ordered results of a breast cancer risk GWAS. This analysis suggested frequent
influence on risk of genetic variation in loci encoding for “driver kinases” (i.e., kinases encoded by genes that showed higher
somatic mutation rates than expected by chance and, therefore, whose deregulation may contribute to cancer
development and/or progression). Assessment of these predictions using a population-based case-control study in Poland
replicated the association for rs3732568 in EPHB1 (odds ratio (OR)=0.79; 95% confidence interval (Cl): 0.63-0.98;
Pirena=0.031). Analyses by early age at diagnosis and by estrogen receptor o (ERo) tumor status indicated potential
associations for rs6852678 in CDKL2 (OR=0.32, 95% Cl: 0.10-1.00; Pyecessive = 0.044) and rs10878640 in DYRK2 (OR =2.39, 95%
Cl: 1.32-4.30; Pgominant=0.003), and for rs12765929, rs9836340, rs4707795 in BMPR1A, EPHA3 and EPHA?7, respectively (ERa
tumor status Pipreraction<<0.05). The identification of three novel candidates as EPH receptor genes might indicate a link
between perturbed compartmentalization of early neoplastic lesions and breast cancer risk and progression. Together,
these data may lay the foundations for replication in additional populations and could potentially increase our knowledge
of the underlying molecular mechanisms of breast carcinogenesis.
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Introduction

With the advent of technical and methodological advances,
several GWASs identifying common genetic variation associated
with risk of developing cancer have been completed recently [1].
Thus, initiatives such as the National Cancer Institute’s Cancer
Genetic Markers of Susceptibility (CGEMS) and efforts carried out
by deCODE Genetics and the Breast Cancer Association
Consortium have led to the identification of breast cancer risk
alleles in single nucleotide polymorphisms (SNPs) replicated across
populations [2-6]. Intriguingly, illustrating the unbiased nature of
GWASs, most hits have corresponded to a priori unexpected
candidate genes. In this context, the involvement of biological
processes beyond the canonical DNA damage response in breast
cancer is further suggested by the observed differential influence of
low-penetrance risk alleles among BRCAI and BRCAZ2 mutation
carriers [7-9].

PLoS ONE | www.plosone.org

A potential common characteristic of the unexpected low-
penetrance susceptibility genes is the previously identified
contribution to tumorigenesis, but at the somatic level. Common
genetic variation in loci encoding for FGFR2 and MAP3K]
influences risk of breast cancer [2,4], and these genes were
previously found to be somatically mutated in diverse neoplasias
including breast cancer [10,11]. In addition, and central to the
understanding of cancer progression, common risk alleles showed
differential influence according to ERot tumor status [12], and
variation in the locus encoding for ERa, £SR/, also influences risk
of breast cancer [13,14]. More recently, additional breast cancer
susceptibility loci have been described that include CDAN24/B as
candidates [15]. While these observations suggest a “germline-
somatic” link in breast carcinogenesis, an analogous situation may
exist for other neoplasias. Variation in loci encoding for CDH1 and
SMAD?7 influences risk of colorectal cancer [16,17] and, similarly,
these genes were previously identified as inactivated or deregulated
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in tumors [18-21]. Moreover, deregulated germline expression of
a paradigmatic proto-oncogene, M1, may be a common
mechanism of tumorigenesis in epithelial tissues [22-25]. Howev-
er, despite some evidence of a germline-somatic link, as yet there is
no explicit evaluation of this hypothesis and its potential usefulness
in replication studies. Here we present an examination of this link
through analysis of the CGEMS GWAS breast cancer dataset and
subsequent assessment of the predictions in a case-control study of
incident breast cancer in Poland.

Results

Distribution of somatic gene sets in ordered breast
cancer GWAS results

Previously, analysis of the CGEMS GWAS dataset using the
lowest genotypic P value per gene locus suggested true associations
in genes annotated with Gene Ontology (GO) biological process
terms linked to somatic events [26,27]. However, since there is a
positive correlation between the extension of a given locus and the
number of SNPs it may contain (and, therefore, the possibility of
significant association results being obtained by chance), an
unadjusted GWAS rank is biased at its lowest P values for specific
processes in which large gene products frequently participate
[26,28,29] (Fig. 14). Nevertheless, cancer genes tend to expand
across large genomic regions [30], and examination of eight genes
likely involved in breast cancer through low-penetrance muta-
tions—CASP8, COX11, ESRI, FGFR2, LSPI, MAP5K1, RAD51LI
and T0X3 [2-6,13,14]-showed a trend for larger genomic loci
(mean (X) genomic extension =211 kilo bases (kb) and standard
deviation (6) =283 kb; compared to X =66 kb and ¢ =128 kb for
all annotated genes in the CGEMS GWAS rank).

Having identified caveats to the ranking of GWAS results, we
performed 10,000 permutations of case-control status and used the
null distribution of ¢ statistics from the age-adjusted partial
correlation analysis to correct the original rank, which then
showed an unbiased distribution (Fig. 1B5). Prior to the evaluation
of somatic sets, analysis of GO biological process terms in the
GWAS permutation P values rank did not show any significant
asymmetry using the Gene Set Enrichment Analysis (GSEA) tool
[31] with multiple testing correction by the false discovery rate
(FDR) approach [32]. Nonetheless, most processes with nominally
significant P values were those previously highlighted, which are
associated with somatic events [26,27] (Table S1). This observa-
tion appears to agree with recently described results of pathway-
based analysis of the same GWAS dataset [33].

Next, evaluation of somatic sets related to cancer prognosis and
treatment response prediction, and to genetic and genomic
alterations (see Materials and Methods), revealed significant
asymmetrical distribution of “driver kinases” [34,35]; that is,
kinases whose deregulation through frequent somatic mutation
contributes to tumor development and/or progression (“driver
mutations”). In contrast, “passenger mutations” were defined as
essentially neutral and linked to the inherent genetic instability in
cancer cells [34,35]. Thus, the driver kinases set was found to be
biased towards the top (nominal significant association results) of
the GWAS permutation rank (GSEA nominal £<0.001; FDR-
adjusted £=0.010) (Fig. 1€ and Table S2). Among the remaining
of somatic sets evaluated, only cooperation response genes (CRGs)
to oncogenic mutations [36] showed a trend for a distribution
similar to that of driver kinases (GSEA nominal P=0.080; FDR-
adjusted P value =0.25) (Fig. 1D), although the intersection
between both sets only contained two genes (Table S2). Therefore,
in somatic cancer genes, common genetic variation in driver
kinase loci might frequently influence risk of breast cancer.

. PL0S ONE | www.plosone.org
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The set of driver kinases contained a benchmark gene, FGFR2
[2,4], and a locus recently replicated in an independent study,
BMPRIB [37]. Nevertheless, a significant bias was still observed
following exclusion of these two loci (GSEA nominal P=0.001;
FDR-adjusted P=0.048), which suggests that variation at
additional driver kinase loci influences risk of breast cancer.
Importantly, using the set of non-driver kinases—either the
subsequent equivalent set as originally statistically ordered or the
total set (n=344) [35]-did not reveal significant bias (GSEA
nominal £=0.99 and 0.66, respectively), which reinforces the idea
of frequent involvement of driver kinases. However, if only the
individual statistical data for each locus were considered, most of
the driver kinase loci would perhaps not have been selected for
replication in other populations.

Independent association results for common variation in
driver kinase loci

Given the possible bias in GWAS rank identified above, we
examined the top 20 driver kinase variants in the original rank
(Table S3, including details of the CGEMS and results below) in a
case-control study of incident breast cancer in Szczecin (Poland),
previously used in other replications [38]. Applying genotyping
quality controls and Hardy-Weinberg equilibrium analysis, 16
SNPs representing an identical number of driver kinase loci (i.c., a
single SNP for each locus and representing the strongest potential
statistical association) were examined for their association with risk
of breast cancer using 880 controls and 1,173 cases (see Materials
and Methods). In this analysis, the rs3732568 variant in the ephrin
type-B receptor 1 (EPHBI) locus was found to be associated with risk
of breast cancer: OR=0.79, 95% CI. 0.63-0.98; P,,.,=0.031
(Table 1). Further evaluation of this association through 10,000
case-control permutations in our study gave a similar significance
value, P,,,,=0.034. Importantly, this association was in the same
direction and with similar magnitude to the result in the CGEMS
GWAS:  age-adjusted OR=0.78, 95% CI. 0.64-0.94;
Pryena=0.009.

While deregulated expression or function of EPHs and EPH
receptors is thought to play a critical role in the initial stages of
epithelial neoplasia [39,40], recent analysis of early breast cancer
expression changes suggests a link between disruption of cell
on and extracellular matrix pathways, and the risk of
developing breast cancer [41]. Analysis of this recent dataset also
revealed an early expression change of EPHBI, between normal
breast tissue and atypical ductal hyperplasia (Fig. 2). This
alteration consisted of infra-expression in hyperplasia, akin to its
potential role in the compartmentalization of early neoplastic
lesions [42]. Together, association studies, early expression
changes in carcinogenesis and the regulation of cell adhesion
suggest the involvement of EPHBI in risk of breast cancer.

Next, given accepted models of inherited breast cancer
susceptibility [43], we examined associations with risk at early
age of diagnosis (=40 years old). This analysis indicated two
additional potential associations: rs6852678 in CDKL?2, recessive
model OR =0.32, 95% CI: 0.10-1.00; P=0.044; and rs10878640
in DYRK?, dominant model OR=2.39, 95% CI: 1.32-4.30;
P=0.003 (Table 2). Results for rs6852678 appeared to be
consistent with CGEMS GWAS analysis; age-adjusted recessive
model OR=0.71, 95% CI: 0.53-0.95; P=0.019; however, the
pattern for rs10878640 might be more complex (CGEMS GWAS
ORs=1.05 and 0.68 for heterozygotes and minor allele
homozygotes, respectively).

Having potential differences by ERo tumor status, we next
examined associations in ERa-positive and -negative breast cancer
patients. Thus, rs3732568 in EPHBI showed a similar influence on
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Figure 1. GWAS ranks and distrik of cancer

Log P value permutation-adjusted

gene sets. A, Original GWAS results ranked according to the lowest genotypic

association test P value per gene locus (unadjusted for genomic extension; taken SNPs in defined genomic window of +10 kb relative to the first and
last exons of a given gene). The Y-axis indicates the number of SNPs per gene locus while the X-axis indicates the lowest association P value per gene
locus. Bias can be appreciated as the number of SNPs per gene locus increases at lower P values. B, GWAS results ranked according to the lowest
association P value per gene locus but adjusted by genomic extension through case-control permutations. Compared to the previous graph, the bias
largely disappears. C, Following the rank in B, the Y-axis indicates odds ratios (ORs) of allele effects and density distributions of gene sets (driver
kinases correspond to a light lilac curve; the rest of the genome in the GWAS dataset is shown by a dark lilac curve), while the X-axis indicates the log-
transformed association P values, previously adjusted by genomic extension. As indicated by the density curves, SNPs mapping to driver kinase loci
are relatively more frequent at lower association adjusted P values. This observation is supported by GSEA results using the same CGEMS GWAS
adjusted rank; nominal P<0.001 and FDR-adjusted P=0.010 (Table S2). D, Similarly to the graph in C, distribution of CRGs in the CGEMS GWAS rank

adjusted through permutations.
doi:10.1371/journal.pone.0014078.g001

either type of breast cancer (Table 3)-which is consistent with an
overall significant association—-and rs12765929 in BMPRIA and
1rs9836340 in £PHA3 showed a potential major impact on the risk
of ERa-negative breast cancer (P for difference in OR (interaction)
by ERa status <0.05), while rs4707795 in EPHA7 showed a
differential effect between ERa-negative versus ERa-positive
breast cancer risk (Pueion = 0.007) (Table 3). None of these
additional candidates linked to ERa tumor status, or those linked
to an carly age of diagnosis above, showed significant expression
differences at early stages of breast carcinogenesis as £PHBI. On
the other hand, the remaining SNPs examined in this study after
applying quality controls and Hardy-Weinberg equilibrium
analysis (i.e., 10 out of 16), did not show significant associations

PLoS ONE | www.plosone.org

set

following CGEMS evidence (Table S3). Together, the gen
based analysis of GWAS data and the subsequent replication
attempt might indicate that common genetic variation in specific
driver kinase loci, and particularly in ££PH receptor genes, influence
risk of breast cancer.

Discussion

Evaluation of a germline-somatic link in breast carcinogenesis
suggests a role for driver kinases and, perhaps to a lesser extent,
genes with a synergistic response to oncogenic mutations. This
study might be limited by the assignment of the lowest genotypic P
value per gene locus within a defined genomic window (i.e.,
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Table 1. Association between genetic variation in EPHB1 and
risk of breast cancer in Poland.

EPHBT, rs3732568

Controls Cases

n % n % OR 95% ClI
c/C 693 79.8 891 832 1.00
C/A 165 19.0 172 16.1 0.79 0.62-1.00
A/A 10 12 8 0.7 0.60 0.23-1.55
Total 868 1,071
Trend 0.79 0.63-0.98

Purena=0.031"

fAdjusted by age.
doi:10.1371/journal.pone.0014078.t001

+10 kb)~thus excluding a large proportion of variation that
cannot be assigned to a specific known gene—and by its focus on
the additive model of influence of risk alleles when adjusted
through case-control permutations. Future analyses taking into
account the potential perturbation of germline gene expression by,
for example, common variation at distant regulatory regions may
improve the identification of susceptibility genes using GWAS
complete data. Another limitation in the interpretation of the
results presented here may lie in the case-control study designs: the
CGEMS addressed breast cancer risk in postmenopausal women,
while the Polish study was relatively enriched in early-onset cases.
Therefore, studies in additional populations, with diverse designs,
are warranted to corroborate the results shown here.

The results of the replication study may be consistent with
previously detected somatic genetic alterations and/or functional
roles. Somatic mutations in CDAL2 were nonsense and were only
detected in breast and ovarian cancer cell lines or tumors [11,35].
CDKI2 (also known as p56 or KKIAMRE) is the most distant
member of the CDC2-related serine/threonine protein kinase
family, involved in epidermal growth factor signaling [44], but
with a mostly uncharacterized function. DYRR2 was found to be
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mutated in breast and central nervous system tumors, in nonsense
and missense alterations, respectively [11,35]. The functional role
of DYRK2 in the DNA damage response [45] may link to
CGEMS GWAS results for RAD51LI [3]: loss of DYRK2 function
alters the activation of apoptosis in response to DNA damage via
ATM [45], which may therefore promote carcinogenesis.
Having revealed potential associations linked to known somatic
alterations, the most striking results of this study may concern the
identification of risk alleles at three EPH receptor loci. EPH-
mediated signaling regulates important biological process altered
in carcinogenesis, such as cell-to-cell communication, and cell
migration and adhesion via the actin cytoskeleton [39,40]. Thus,
through RHO and RAS/MAPK activities [46], this signaling
pathway has been implicated in the maintenance of epithelial
tissue architectures and is therefore thought to act as a tumor
suppressor [39,40]. These observations may indicate that, similarly
to colorectal tumorigenesis [42], EPH-mediated compartmental-
ization of early breast tissue neoplastic lesions is critical to prevent
the subsequent emergence of carcinoma. Therefore, through a
germline expression or functional perturbation, EPHBI may
contribute to the observed variability in the transition from an in
situ lesion to an invasive carcinoma [47]. While the associations
revealed here warrant further replication in other populations, the
existing data could potentially increase current knowledge of the
genetic basis and molecular mechanisms of breast carcinogenesis.

Materials and Methods

CGEMS dataset

The National Cancer Institute CGEMS initiative has conducted
genome-wide association studies to identify common genetic
variants and the corresponding functionally affected genes
involved in breast cancer and prostate cancer susceptibility. An
iitial CGEMS whole genome scan was designed to study the
main effect of SNPs on breast cancer risk in postmenopausal
women [2]. The study involved 1,145 invasive postmenopausal
breast cancer cases and 1,142 matched controls from the Nurses’
Health Study nested case-control study [48]. Results of the
CGEMS GWAS of breast cancer were obtained upon approval of
a Data Access Request.
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Figure 2. Early change of EPHBT expression in breast carcinogenesis. The graphs show expression profiles in histologically normal (HN)
breast tissues versus patient-matched atypical ductal hyperplasia (ADH) and ductal carcinoma in situ (DCIS) [41]. Results of two EPHBT microarray
probes (names shown at the top) and the corresponding significance P values are shown.

doi:10.1371/journal.pone.0014078.9002
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GWAS rank

In our previous analyses [26,27], ordered CGEMS GWAS results
(i.e., ranks) corresponded to the lowest P value per gene for the
genotypic test in a genomic region of +/—10 kb at each gene locus,
defined by the Ensembl human genome release 57. Assigned SNPs
were curated using Ensembl gene annotations. We [26] and others
[28] noted that such ranks were biased along with the genomic
extension—and therefore with the number of SNPs—per gene locus.
To adjust for this bias, several statistica s are possible [28],
including carrying out permutatio -control status to
correct the significance of the original statistic. In our analysis,
considering typed and informative SNPs in each gene locus, we first
chose the maximum absolute value of the ¢ statistic from the age-
adjusted partial correlation in the additive model. Next, 10,000
permutations of the same informative SNPs were performed to
create a null distribution for this maximum ¢ statistic, which was
used to assess its significance corrected by number of SNPs.

GSEA application

The distribution of gene sets in ranked GWAS results was
examined using the non-parametric algorithm in the GSEA tool,
with default values for all parameters [31] except for the set size
when appropriated. In GSEA, a pre-defined gene set is mapped to
a rank-in our case genes/loci ordered according to the adjusted
association statistic-to assess potential bias using an enrichment
score that reflects the degree to which this set is overrepresented at
the extremes of the entire ranked list. In the interpretation of the
results, caution should be taken when considering sets of different
size. In our study, different hypotheses were examined indepen-
dently (i.e., gene sets linked to prognosis, prediction or genetic/
genomic somatic alterations), and P values were corrected for
multiple testing within each group : 1) genes whose expression in
primary breast tumors was associated with patient prognosis and/
or metastasis [49-55]; 2) genes whose expression in primary breast
tumors was associated with patient therapeutic treatment response

@ PLoS ONE | www.plosone.org

Table 2. Associations between genetic variation in driver kinase loci and risk of breast cancer at =40 years of first age at diagnosis.
CDKL2, rs6852678

Controls Cases

n % n % OR 95% CI
c/C 39 513 62 51.2 1.00
T 28 36.8 54 446 1.21 0.66-2.23
T 9 11.8 5 41 035 0.11-1.12
Total 76 121
Recessive 0.32 0.10-1.00

Precessive =0.044

DYRK2, rs10878640

Controls Cases

n % n % OR 95% Cl
G/G 42 56.8 44 355 1.00
G/T 24 324 66 53.2 262 1.40-4.93
T 8 108 14 13 167 0.64-4.39
Total 74 124
Dominant 239 1.32-4.30

Peominant=0.003

doi:10.1371/journal.pone.0014078.t002

[56-59]; 3) genes whose expression levels differed according to
ERa breast tumor status or grade [60], or in response to 17f-
estradiol [61]; and 4) genes with somatic genetic and/or genomic
somatic alterations (Table S2). This last group was made up of five
sets : 1/ driver kinases (conditional probability of containing driver
mutations >0.70, n= 119 as defined previously [35], of which 95
were uniquely mapped in the GWAS rank); ii/ CRGs to
oncogenic mutations [36]; iii/ cancer gene census
mutated only [62,63]; iv/ genes affected by somatic chromosomal
rearrangements and/or fusions [64]; and v/ amplified and over-
expressed cancer genes [65] (Table S2).

somatically-

Gene expression analysis

Raw expression microarray data on breast cancer progression
[41] were downloaded from the Gene Expression Omnibus
reference GSE16873 and normalized with robust multiarray
average (RMA) [66] and significance analysis was performed using
the significance analysis of microarray (SAM) algorithm [67].

Study samples in Poland and association study

A case-control study of unselected invasive breast cancer collected
between 1996 and 2003 in Szczecin (Poland) was analyzed. The
series included 976 cases of breast cancer unselected for age and an
additional group of 367 cases of breast cancer diagnosed at age 50
or below. Therefore, the series was enriched for early-onset cases:
mean age of diagnosis was 52.4 years (range 19-88). Subjects were
unselected for family history and 15% of cases reported a first- or
second-degree relative with breast cancer. The participation rate
exceeded 70% among women with breast cancer invited to enroll.
Collected information included year of birth, age at diagnosis of
breast and/or ovarian cancer, tumor bilaterality, family history
(first- and second-degree relatives with breast and/or ovarian
cancer) and tumor pathological features in >80% of cases (ERa and
progesterone receptor status, and grade). Cases were also examined
for BRCAI founder mutations in Poland [68] and, if positive,
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excluded from the association study (2= 50). The control group
included cancer-free adult women from the same population (920
women with mean age of diagnosis of 56.7, range 20-91) taken from
the healthy adult patients of five family doctors practicing in the
Szczecin region. These individuals were selected randomly from the
patient lists of the participating doctors. The study was carried out
with informed consent of the probands and approved by local ethics
committees. Genotypes were obtained using Sequenom iPLEX

@ PLoS ONE | www.plosone.org

Table 3. Associations of genetic variation in driver kinase loci and risk of breast cancer by ERa tumor status'.
BMPR1A, rs12765929
Controls ERa-negative ERa-positive
n % n % OR 95% CI n % OR 95% CI
G/G 514 59.1 189 64.5 1.00 389 584 1.00
G/T 306 352 96 328 0.87 0.65-1.16 243 36.5 1.07 0.86-1.33
T 50 57 8 2.7 0.45 0.21-098 34 5.1 0.93 0.59-1.48
Total 870 293 666
Trend 0.79 0.62-1.00 1.02 0.86-1.21
Pirend=0.050 Pirena=0.81
Pinteraction = 0.024
EPHBT, rs3732568
Controls ERa-negative ERa-positive
n % n % OR 95% CI n % OR 95% CI
c/C 693 79.8 242 82.6 1.00 563 84.9 1.00
C/A 165 19.0 49 16.7 0.81 0.57-1.16 94 14.2 0.68 0.51-0.90
A/A 10 1.2 2 0.7 0.55 0.12-256 6 0.9 0.72 0.26-2.00
Total 868 293 663
Trend 0.80 0.58-1.11 0.71 0.55-0.91
Ptrena=0.18 Ptrena=0.007
Pinteraction = 0.56
EPHA3, rs9836340
Controls ERo-negative ERa-positive
n % n % OR 95% CI n % OR 95% ClI
A/A 446 513 154 524 1.00 356 53.7 1.00
A/G 341 39.2 929 337 0.84 0.63-1.13 251 379 0.91 0.74-1.14
G/G 82 9.5 4 139 143 0.93-219 56 8.4 0.85 0.58-1.22
Total 869 294 663
Recessive 153 1.02-2.31 0.88 0.61-1.26
Precessive=0.040 Precessive =048
Pinteraction=0.010
EPHA7, rs4707795
Controls ERae-negative ERa-positive
n % n % OR 95% CI n % OR 95% CI
G/G 618 71.0 204 69.6 1.00 479 71.9 1.00
G/A 239 27.5 87 29.7 1.18 0.88-1.60 166 249 0.92 0.73-1.17
A/A 13 15 2 0.7 045 0.10-206 21 32 21 1.04-4.28
Total 870 293 666
Recessive 043 0.10-1.96 215 1.06-4.37
Precessive=0.28 Precessive=0.034
Pinteraction = 0.007
TAdjusted by age.
doi:10.1371/journal.pone.0014078.t003

chemistry at the International Hereditary Cancer Center. Quality
controls were of >95% calling for each SNP and >90% of calls per
sample. Thus, in the set of 16 SNPs, we observed an average
concordance rate of 98.7% of genotype calls using 3.3% replicates.
Genotypes of 880 controls and 1,173 cases were effectively analyzed
using conditional and unconditional logistic regressions (age
adjustment using similar strata size; 20-46, 46-56, 56-66, and
66-91 years old).
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3. Resum dels resultats

3.3 Analisi de D’associacié entre variants genéti-
ques en els loci de les driver kinases i el risc

a cancer en els portadors de mutacions en
BRCA1 i BRCA2.

Els resultats del treball anterior van proposar sis loci (driver kinases) de
predisposici6 al cancer de mama en funcié de les associacions observades en
poblaci6 general polonesa [198]|. Tenint en compte que els al-lels de baixa
penetrancia poden actuar com a modificadors de les mutacions d’alta pene-
trancia [199], a continuaci6 es van avaluar les associacions entre les variants

en aquests loci i el risc a cancer de mama en portadors de mutacions en

BRCAI1 o BRCA2.

Amb aquest objectiu es van genotipar 95 SNPs dels sis loci que codifiquen
per les driver kinases i es va analitzar I’associacié amb el risc a cancer de
mama en 15.252 portadors de mutacions en BRCA1 i 8.211 portadors de
mutacions en BRCA2. A més, es van analitzar 2.000 variants imputades en el
locus de EPHBI1. Finalment, per avaluar la possible alteraci6 de la expressio
d’EPHBI1 en tumors de mama, es van realitzar analsis immunohistoquimics i
es van analitzar dades d’expressio i metilacié génica per detectar la preséncia
de loci que provoquen canvis en la expressio i/o metilacio dels gens (eQTLs
i meQTLs) en el locus EPHBI.

81



3. Resum dels resultats

Els principals resultats obtinguts en aquest treball van ser:

1. La variant rs7074064 (BMPR1A) va presentar associacio al risc de
cancer de mama en portadors de mutacions en BRCA1 (hazard ratio
(HR) = 1,06; 95% IC: 1,01 - 1,11; Pyajor = 0,019) i també en portadors
de mutacions en BRCAZ2 perd en la direcci6 oposada a 'anterior (HR
= 0,93; 95% IC: 0,87 - 0,99; Pyaior = 0,037).

Nou variants en FPHB1 van presentar associacié al risc de cancer
de mama en portadors de mutacions en BRCAI . La variant amb
lassociaci6 més forta va ser rs4309752 (HR = 1,06; 95% IC: 1,01 -
1,10; Pyalor = 0,015). Altres variants en EPHBI perd no lligades a
les anteriors, van presentar associacié al risc de cancer de mama en
portadors de mutacions en BRCAZ2, 'associacié més forta va ser per
1516842235 (r2 ~ 0 amb rs4309752) (HR = 1,16; 95% IC: 1,06 - 1,27;
Palor = 0,003)

2. Dos SNPs van presentar evidéncies per a una possible associacié amb
els casos ERa-negatius: rs7074064 (BMPR1A) en portadors de muta-
cions en BRCA1 (HR = 1,06; 95% IC: 1,00 - 1,12; Pyajor = 0,045) i
rs16842235 (EPHBI1) en portadors de mutacions en BRCA2 (HR =
1,34; 95% 1C: 1,09 - 1,66; p = 0,006). No obstant, aquestes estimacions
de HR no van ser significativament diferents de les obtingudes amb

els casos ERa-positius (pgiferencia > 0,15).

3. Diferents variants de les 2.000 imputades en el locus d’ EPHBI1 van
presentar associaci6é a risc de cancer de mama tant en portadors de
mutacions en BRCA1 com en portadors de mutacions en BRCAZ2. Els

resultats més significatius es van obtenir per la variant rs182738811 en
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3. Resum dels resultats

portadors de mutacions en BRCAI ((HR) = 1,44; Pyaor = 7,2 x 107%)
i per dues variants independents (r? = 0.04) rs9843661 (HRs = 0,88;
Poaor = 2,2 x 107% ) i 15115984427 (HRs = 0,78; Pyalor = 3,6 x 107%)
en portadors de mutacions en BRCAZ2. Les associacions observades
en portadors de mutacions en BRCA1 es troben en diferents blocs de
desequilibri de lligament de les associacions observades en portadors
de mutacions en BRCA2.

4. Els analisis immunohistoquimics van mostrar una menor expressio

d’EPHBI1 en tots els tumors en relacié al teixit mamari normal.

5. L’analisi de dades del consorci TCGA (de l'anglés The Cancer Geno-
me Atlas) [200] va identificar la variant rs16842235 com un possible
meQTL, localitzat a < 2 kb de 'exo 5’ de EPHBI1. Per tant, ’al-lel
rs16842235-A podria estar associat a un increment del risc a cancer de
mama mitjancant la hipermetilaciéo de EPHB1. Aquesta observacio és
coherent amb la pérdua d’ EPHB1 en carcinomes invasius tot i que sén
necessaris més analisis per examinar les diferencies d’expressioé génica

esperades.

Aquests resultats suggereixen que variants en el locus EPHB1 podrien es-
tar associades amb el risc a cancer de mama en portadors de mutacions
en BRCA1 i BRCAZ2. Donat que la senyalitzacié per epinefrina regula el
desenvolupament de les glandules mamaries i que la expressi6 d’EPHB1
caracteritza les cél-lules embrionaries mamaries, aquest estudi suggeriria la
relacié entre una alteracié de la funcié o els nivells ’EPHB1 degut a una

disminucié de la diferenciacié epitelial.

83



3. Resum dels resultats

Nota: Aquest estudi serd sotmés a reavaluacié en funcié dels resultats de-
rivats d'un nou analisi COGS col-laboratiu [60] amb la participacio del
CIMBA [67]. Esperem rebre noves dades del COGS a finals del 2015.
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Abstract

Background: Genes frequently mutated in tumors may also play a role in cancer risk
through low penetrance germline mutations. Previous studies have suggested that this
“germline-somatic link” is relevant for loci encoding for cancer driver kinases. Following
this observation, we assessed the associations between genetic variants at six cancer
driver kinase loci and breast cancer risk in BRCAI and BRCA2 mutation carriers.
Methods: Ninety-five genotyped single nucleotide polymorphisms were analyzed for
associations with breast cancer risk in 15,252 BRCAI and 8,211 BRCA2 mutation carriers
using a retrospective likelihood approach. Two thousand imputed variants at the ephrin
type-B receptor 1 (EPHBI) gene locus were also analyzed. Immunohistochemical
analyses were carried out to assess the alteration of EPHB1 expression and/or cellular
localization in tumors. Gene expression and genomic methylation datasets were analyzed
to examine the existence of expression and/or methylation quantitative trait loci (eQTLs
and meQTLs, respectively) at the EPHBI locus.

Results: Among the 95 genotyped variants, there were suggestions of associations for
variants in EPHBI and breast cancer risk in both settings: rs4309752 in BRCA1 mutation
carriers, hazard ratio (HR) = 1.05, 95% confidence interval (CI) 1.01 — 1.10, p = 0.015;
1516842235 (X < 0.2 with 1s4309752) in BRCA2 mutation carriers, HR = 1.17, 95%
confidence interval (CI) 1.06 — 1.29, p = 0.003. The analysis of imputed variants
suggested independent (pairwise > < 0.2) association signals: rs182738811 in BRCAI
mutation carriers (hazard ratio (HR) = 1.44, p = 7.2 x 10™); and rs9843661 and
15115984427 in BRCA2 mutation carriers (HRs = 0.88 and 0.78, p = 2.2 x 10 and 3.6 x
107, respectively). Loss of EPHBI expression was detected in the transition from in situ
to invasive carcinomas, and rs16842235 may represent a meQTL for EPHBI.
Conclusions: Independent variants in the EPHBI locus might be associated with breast
cancer risk in BRCAI and BRCA2 mutation carriers. Since ephrin signaling regulates
mammary gland development and EPHBI expression characterizes mammary stem cells,
this study could suggest a link between altered EPHB1 function/levels and carcinogenesis
through impaired epithelial differentiation. The results of this study may warrant

corroboration in larger series of mutation carriers and case-control studies.



Background

Genome-wide association studies (GWASs) completed in recent years have
substantially increased our knowledge of the genetic basis of breast cancer risk [1, 2].
Intriguingly, some of the gene candidates identified in these studies were linked to
known molecular alterations at the somatic level that promote carcinogenesis and/or
define cancer subtypes: among others, the candidate genes include CDKN2A/B [3],
which encodes for a tumor suppressor involved in cell cycle regulation [4], ESRI [5, 6],
which encodes for estrogen receptor o (ERa), and MYC [7, 8], which represents a
proto-oncogene in many neoplastic conditions [9].

Complementary to analyses directed at identifying significant marginal effects,
gene set and ranking-based analyses of GWAS data have suggested a link between
germline and somatic molecular alterations. Thus, an excess of association signals was
proposed for genes that encode for components of the RAS/RAF/MAPK signaling
pathway [10] and for genes that encode for cancer driver kinases (i.e., kinases encoded
by genes that show higher somatic mutation rates than expected by chance and,
therefore, whose deregulation probably contributes to carcinogenesis) [11]. In the latter
study, six gene loci were proposed as candidates, according to the results of an
association study in a Polish cohort [11]. On the basis of evidence that low-penetrance
alleles may act as modifiers of highly penetrant mutations [12], we have assessed the
associations between variants at these cancer driver kinase loci and breast cancer risk in

BRCA1I and/or BRCA2 (BRCA1/2) mutation carriers.



Methods

Study subjects

Sixty-one study centers in the Consortium of Investigators of Modifiers of BRCA1/2
(CIMBA) recruited a total of 15,252 BRCAI and 8,211 BRCA2 mutation carriers to this
study (samples selected after quality control process). Most of these individuals were
recruited through cancer genetics clinics and enrolled into national or regional studies.
The remaining carriers were identified by population-based sampling or community
recruitment. Eligibility for inclusion in CIMBA was restricted to female carriers of
pathogenic BRCAI and BRCA2 mutations who were 18 years or older at recruitment.
Information collected included year of birth, mutation description, self-reported ethnic
ancestry, age at last follow-up, age at breast or ovarian cancer diagnosis, and age at
bilateral prophylactic mastectomy and oophorectomy. Information about tumor
characteristics, including estrogen receptor o (ERa) status, was also collected for 3,458
BRCAI and 1,924 BRCA2 mutation carriers. Related individuals were identified by a

unique family identifier.

iCOGS

The design, genotyping and quality controls of the iSelect single nucleotide
polymorphism (SNP) array of the Collaborative Oncological Gene-environment Study
(ICOGS) have been described recently [13, 14]. The final array design included 211,155
manufactured SNPs, selected primarily on the basis of evidence from GWASs of breast,
ovarian and prostate cancer, for fine mapping of known cancer susceptibility loci, and
included  functional candidate variants of interest [13-17] (also see
http://www .nature.com/icogs/primer/cogs-project-and-design-of-the-icogs-array/ and
http://ccge.medschl.cam.ac.uk/research/consortia/icogs/). Details of the iCOGS array
design have been given elsewhere [13-17]. The genotyping cluster plots for all variants

cited in the text were checked manually for quality.

Statistical analyses

The iCOGS array included SNPs in BMPRIA (n =9), CDKL2 (n = 11), DYRK2 (n =9),
EPHA3 (n = 23), EPHA7 (n = 12) and EPHBI (n = 39) loci (defined as + 20 kilobases
(kb) from the genomic structure of each gene), which were analyzed in the present study

(Additional file 1: Table S1). The associations were further assessed with the imputed



genotypes at EPHBI and EPHA7 using data from the 1,000 Genomes project (March
2012 version [18]). The main analyses focused on evaluating associations between each
genotype and breast cancer or ovarian cancer risk separately, in a survival analysis
framework. In the breast cancer analysis, the phenotype of each individual was defined by
age at breast cancer diagnosis or age at last follow-up. Individuals were monitored until
the age of the first breast or ovarian cancer diagnosis, or bilateral prophylactic
mastectomy, whichever occurred first, or until age at last observation. Mutation carriers
censored at ovarian cancer diagnosis were considered to be unaffected. For the ovarian
cancer analysis, the primary endpoint was the age at ovarian cancer diagnosis, and
mutation carriers were monitored until the age of ovarian cancer diagnosis, risk-reducing
salpingo-oophorectomy or age at last observation. In order to maximize the number of
ovarian cancer cases, breast cancer was not considered to be a censoring event in this
analysis, and mutation carriers who developed ovarian cancer after breast cancer
diagnosis were considered to be affected in the ovarian cancer analysis. To adjust for the
non-random sampling of mutation carriers with respect to their disease status, data were
analyzed by modeling the retrospective likelihood of the observed genotypes conditional
on the disease phenotypes [19]. The associations were assessed using the 1-degree of
freedom score test statistic based on this retrospective likelihood. To allow for the non-
independence among related individuals, we took into account the correlation between the
genotypes using a kinship-adjusted version of the score test statistic [20]. The p values
presented are based on the adjusted score test. To estimate the HRs, the effect of each
SNP was modeled as either a per-allele or genotype on the log-scale by maximizing the
retrospective likelihood. We also evaluated the evidence of heterogeneity in the
associations between countries/study centers. Associations with breast and ovarian cancer
risks were assessed simultaneously within a competing risk analysis framework [13, 19].
The BRCAI mutation classes assessed were: mutations expected to result in a reduced
transcript or protein level due to nonsense-mediated RNA decay (class 1); and mutations
likely to generate stable proteins with a potential residual or dominant-negative function
(class 2). The IMPUTE?2 software [21] was used to impute non-genotyped SNPs, with the
1,000 Genomes Phase I integrated variant set v3, March 2012, as the reference panel. The
associations of each marker with cancer risk were assessed with a similar score test to that
used for the observed SNPs, but based on the posterior genotype probabilities at each

imputed marker for each individual. In all analyses, we considered only those SNPs with



an imputation information/accuracy of r* > 0.30 and a minor allele frequency (MAF) >

0.3%.

GWAS data

The population-based breast cancer GWAS carried out by the CGEMS initiative was
designed to identify variants with a significant marginal effect in postmenopausal women
[22]. The study involved 1,145 invasive postmenopausal breast cancer cases and 1,142
matched controls from the Nurses’ Health Study. The GWAS data were obtained upon
approval of a Data Access Request to dbGAP (http://cgems.cancer.gov/data/). Missing
genotypes were imputed using the MACH software [23].

Immunohistochemistry

The EPHB1 antibody used in this study was a rabbit polyclonal, catalog number SC-926,
from Santa Cruz Biotechnology. The assays were performed on serial paraffin sections (4
um thick) using the Envision method (Dako). Endogenous peroxidase was blocked by
pre-incubation in a solution of 3% H202, and blocking was performed in 1X phosphate
buffered saline with 5% goat serum and 0.1% Tween 20 (Sigma-Aldrich). Sections were
counterstained with hematoxylin and examined with an Olympus BX51 microscope. Each
tissue sample and marker was evaluated in at least two independent assays and no
substantial intra-tissue differences were observed. For a subset of samples, equivalent
sections were processed to include incubation with a non-immune rabbit immunoglobulin
control (Sigma-Aldrich), which did not reveal staining in any case. Ten BRCA2-mutated

and six BRCA I-mutated tumor tissues were analyzed in this study.

TCGA data analyses

Data from The Cancer Genome Atlas (TCGA) were downloaded from the corresponding
repository (tcga-data.nci.nih.gov/tcga/tcgaDownload) upon approval of a Data Access
Request to the database of Genotypes and Phenotypes (dbGaP). The computation of
eQTLs and meQTLs was performed as described elsewhere. Briefly, meQTLs were
analyzed by integrating TCGA tumor SNP data from the Affymetrix Genome-Wide
Human SNP Array 6.0 platform and CpG data from the Infinium HumanMethylation450
platform, and using the multivariate Random Forest Selection Frequency (RFSF) method

as previously described [24].



Results

Association study in BRCA1/2 mutation carriers using genotyped data

This CIMBA study used data generated through the iCOGS array [13, 14]. The analysis
was restricted to six loci encoding for cancer driver kinases and previously suggested to
be associated with breast cancer risk in the general population [11]. After quality
controls, 95 genotyped variants, which represented 29 partially independent SNPs
(pairwise r* < 0.80), were available for analysis. Thus, using a retrospective cohort
analytical approach [19], one genotyped variant in BMPRIA and nine in EPHBI
indicated associations with p values < 0.05 and breast cancer risk in BRCAI mutation
carriers: BMPRI1A rs7074064, hazard ratio (HR) = 1.06, 95% confidence interval (CI)
1.01 — 1.11, p = 0.019; and the strongest EPHB] signal was for rs4309752 HR = 1.06,
95% CI 1.01 — 1.10, p = 0.015. In BRCA2 mutation carriers, BMPRIA rs7074064 also
showed a suggestion of association, but in the opposite direction to that observed for
BRCAI mutation carriers: HR = 0.93, 95% CI 0.87 — 0.99, p = 0.037 (Additional file 1:
Table S1). Additional variants in EPHBI were also suggested to be associated with
breast cancer risk in BRCA2 mutation carriers at p < 0.05, but they were not correlated
with the variant that showed some evidence of association for BRCA 1 mutation carriers:
the strongest association was for rs16842235 (+* ~ 0 with rs4309752), HR = 1.16, 95%
CI 1.06 — 1.27, p = 0.003 (Additional file 1: Table S1). Similar results were obtained in
an analysis under a competing risks model that evaluates associations between breast
and ovarian cancer risks simultaneously [19]: rs16842235 association with breast cancer

risk in BRCA2 mutation carriers HR =1.19,95% CI1 1.08 — 1.32,p=7.4x 104,

Evaluation of associations by tumor ERa status

As genetic modifiers may influence the development of tumors with different molecular
characteristics [25, 26], the above observations were assessed by the expression of ERa
in tumors. Both BMPRIA rs7074064 and EPHBI 1516842235 showed evidence of a
potential association with ERa-negative status: rs7074064 in BRCAI ERo-negative
mutation carriers HR = 1.06, 95% CI 1.00 — 1.12, p = 0.045; and rs16842235 in BRCA2
ERa-negative mutation carriers HR = 1.34, 95% CI 1.09 — 1.66, p = 0.006. Nonetheless,



these HR estimations were not significantly different from the ERa-positive cases

(pdifferences > 015)

EPHBI association study using imputed data

Following the analysis of the iCOGS genotyped variants, imputed genotypes from the
1,000 Genomes project were used to further evaluate the potential associations at the
EPHBI locus. This gene locus spans 465 kilo bases (kb) in chromosome 3q22 and
shows multiple linkage disequilibrium blocks (> 34 according to HapMap Caucasians
data, Figure 1); of the genotype variants, 29 had a pairwise * < 0.8. A total of 2,000
variants with imputation accuracy r° > 0.30 were available for analysis, which
suggested stronger associations with breast cancer risk for both BRCAI and BRCA2
mutation carriers: rs182738811 (accuracy * = 0.68) in BRCAI mutation carriers p = 7.2
x 10™ (Figure 1A); and two independent variants, rs9843661 (accuracy »° = 0.51) and
15115984427 (accuracy r* = 0.64; pairwise /° = 0.04), in BRCA2 mutation carriers p =
2.2 x 10™ and 3.6 x 10, respectively (Figure 1B). The 159843661 variant is located
close to rs16842235, but the two are poorly correlated (° ~ 0). In addition, the
associations observed in for BRCAI and BRCA2 mutation carriers were in distinct
linkage disequilibrium blocks (Figure 1A,B). Several additional variants displayed p
values < 0.01 (accuracy ¥ > 0.49; rs11708725, rs147655817, and rs199779292 for
BRCAI mutation carriers, Figure 1A; and rs59540927 for BRCA2 mutation carriers,
Figure 1B).

Potential alteration of EPHBI1 expression in breast cancer
The results presented above could suggest that germline genetic alterations in EPHB1
influence the risk of breast cancer in BRCAI and/ or BRCA2 mutation carriers. Next, to
investigate the potential link to carcinogenesis, we performed immunohistochemical
analyses in paraffin-embedded tumor tissue from 16 BRCAI/2 carriers. Relative to
normal breast tissue, under-expression of EPHB1 was observed in all tumors (Figure
2A). In addition, this alteration was apparent in the transition from an in situ lesion to
invasive carcinoma (Figure 2A). This observation is akin to the role of EPHBI in
colorectal cancer [27] and its potential tumor suppressor function as a regulator of
epithelial tissue architecture [28].

Next, TCGA data [29] were analyzed for the existence of eQTLs and/or meQTLs
associated with EPHBI. Among the variants described above, only rs16842235 was



represented (including /* > 0.8) in the TCGA dataset, and this variation was suggested
to be associated (p < 0.05) with three CpG island probes mapping < 2 kb from the 5’-
exon of EPHBI (Figures 2B). Thus, the rs16842235-A allele suggested to be associated
with an increase in breast cancer risk was linked to a relative EPHBI hypermethylation.
This observation is consistent with the loss of EPHB1 in invasive carcinoma, although
additional analyses are necessary to examine the expected gene expression differences.
While the TCGA data analysis did not reveal rs16842235 to be an eQTL, a meta-
analysis of data from lymphoblastoid cell lines detected genome-wide significance for

this variant [30].



Discussion

Since common breast cancer susceptibility alleles identified through association studies
in the general population frequently act as modifiers of cancer risk in BRCA1/2
mutation carriers [12, 31], we examined whether previously suggested associations for
six cancer driver kinase loci [11] influence cancer risk in these mutation carriers.
Analysis of 95 iCOGS-genotyped variants provided suggestions of associations between
EPHBI variants and breast cancer risk in both BRCAI (p = 0.015) and BRCA2 (p =
0.003) mutation carriers. Of the EPHBI genotype variants, 29 could be considered
independent (+ < 0.8). Next, analysis of 2,000 imputed variants at this locus indicated
potentially stronger associations and independent signals; with a p value threshold <
0.001, one rare variant (rs182738811, MAF = 0.006) might be associated with breast
cancer risk in BRCA1 mutation carriers, and two variants (rs9843661 and rs115984427)
with breast cancer risk in BRCA2 mutation carriers. Additional genotyped and/or
imputed variants might be associated with p values < 0.01. However, given the number
of statistical analyses performed, these findings require further investigation with larger
series of carriers before they can be considered consistent associations. Of particular
interest would be rs16842235, which appears to represent an eQTL and/or meQTL. This
observation may be relevant if we consider that EPHBI expression forms part of a
transcriptional program characteristic of mammary stem cells [32, 33] and that ephrin
receptor signaling participates in mammary gland development and epithelial
differentiation [34, 35].

In the previous study that proposed an excess of association signals for cancer
driver kinase loci, the predictions from the analysis of the Cancer Genetic Markers of
Susceptibility GWAS [22] were assessed in a Polish cohort by genotyping the strongest
GWAS signal in each locus [11]. The CGEMS and Polish study results indicated a
consistent nominally significant marginal effect for EPHBI 1s3732568; however, this
variant showed no evidence of association with breast cancer risk for BRCA/ and/or
BRCA2 mutation carriers in the present study (the p values from the imputation analyses
were > 0.15). This apparent discrepancy, together with the potential existence of
independent signals according to BRCAI/2 status, suggests a need for further

investigation, including case-control studies.
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Conclusion

Candidate genes and the integration of somatic data in the results of breast cancer
GWASs have suggested that common genetic variation in cancer driver kinase loci
frequently influences cancer risk. Assessment of this hypothesis in BRCA1/2 mutation
carriers suggests that independent variants in the EPHBI locus are associated with
breast cancer risk in BRCAI or BRCA2 mutation carriers. The expression of EPHB1
appears to be substantially reduced in the transition to an invasive carcinoma in both
mutation carriers. The role of ephrin signaling in mammary development and of EPHB1
in mammary stem cells leads to speculate that altered EPHB1 function/levels could
promote carcinogenesis through impaired epithelial differentiation. The results of this
study may warrant corroboration in larger series of mutation carriers and case-control

studies.
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Figure legends

Figure 1 Genetic variation in EPHBI and risk of breast cancer in BRCAI1/2
mutation carriers. (A) Graph depicting the EPHBI association results (-logjo p value)
for breast cancer risk in BRCA1 mutation carriers. Results are shown for the genotyped
(black squares) and imputed (blue diamonds) variants. The position and association
result for rs3732568 is marked by a pink circle. The horizontal dashed line corresponds
to the defined association threshold (p < 0.001). The EPHBI genomic structure and the
linkage disequilibrium pattern from HapMap Caucasian individuals are shown at the
bottom. (B) EPHBI association results for breast cancer risk in BRCA2 mutation

carriers.

Figure 2 Alteration of EPHBI/EPHBI in breast carcinogenesis. (A)
Immunohistochemical results of EPHB1 in normal breast tissue (left panel; the inset
shows basal staining in normal acini), ductal in situ lesions (top middle and right panels)
and invasive carcinomas (bottom middle and right panels) from BRCAI (middle) and
BRCA?2 (right) mutation carriers. The scale bar represents 100 pm. (B) Box plots
depicting the meQTL at rs16842235. The Y-axis and X-axis show the methylation level
(B values) and rs16842235 genotypes, respectively.
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3. Resum dels resultats

3.4 Integraci6é de dades d’expressié génica i dades
epidemiologiques per a la identificacié d’inte-

raccions genétiques associades al risc a cancer

S’han identificat dotzenes de variants genétiques comunes associades al risc
a cancer a partir dels GWAS [201]. Tot i aix0, aquestes variants només
expliquen una fraccio de la etiologia de la malaltia [21]. La missing herita-
bility s’ha atribuit a diferents factors, entre ells I'existéncia de interaccions
genétiques (GxG) [121, 202].

En humans, 'analisi de GxG a nivell de tot el genoma s’ha limitat princi-
palment al calcul entre parelles d’SNPs significatius en els GWAS. Analisis
més sistematics presenten limitacions estadistiques degut al gran nombre de
parelles a analitzar [162]. No obstant, el coneixement obtingut a partir dels
extensos analisis experimentals de les GxG en organismes model ens poden
ajudar en aquesta tasca [155]. Estudis en organismes model han demostrat
que les GxG donen informaci6 o correlacionen significativament amb altres
tipus de relacions moleculars i/o funcionals entre gens i/o proteines [156].
Per aixo, una estratégia integrativa a nivell de tot el genoma pot ajudar a

identificar GxG associades al risc de cancer.

En una primera fase, es van calcular les totes les GxG possibles en les dades
del GWAS de CGEMS [175] aplicant un algoritme de dos passos [163]. En el
primer pas, es va calcular la diferéncia entre els coeficients de correlacié de
Pearson (PCCs) entre casos i controls per tots els SNPs localitzats en gens
(els intergénics van quedar exclosos al no poder associar-se a proteines i

funcions). En el segon pas, es va calcular el coeficient d’interacci6 utilitzant
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3. Resum dels resultats

la regressio logistica de les 410.000 parelles d’snps amb P10, inferior a 107°
obtingudes en el pas anterior. Després d’eliminar les parelles en desequilibri
de lligament, associar els SNPs al gen més proper en una regi6é de +10 kilo-
bases i seleccionar les interaccions amb Pygor inferior a 1076, vam identificar
39.417 parelles de gens. A continuacid, per definir la rellevancia d’aquestes
GxG predites que estarien associades amb el risc a cancer de mama en la
poblacié general, es van realitzar diferents analisis; per exemple, estudiar la
coincidéncia amb parelles de gens que es coexpressen en tumors. A partir
del ranquing de les parelles de gens en relaci6é al seu valor de coexpressio,
es van triar diferents percentatges de parelles comengant sempre pel cap-
damunt de la llista (i.e. més coexpressades). Aixi es van obtenir diferents
intervals (del 0,1% al 30%) amb les parelles més correlacionades i es van
comparar (és a dir, determinar el nombre de coincidéncies) amb prediccions
de GxG. Els resultats es van representar en funcié de "’enriquiment relatiu”
(RE, de l'anglés Relative Enrichment) de les GxG respecte a les parelles de

gens coexpressats.

Els principals resultats obtinguts en aquest treball van ser:

1. No es va trobar una coincidéncia significativa entre les GxG predites i
les interaccions proteina-proteina de la base de dades Human Protein
Reference Database (HPRD).

2. Es va trobar un RE significatiu de les GxG predites amb les parelles
de gens coexpressades en tumors de mama [203] utilitzant mesures de
informacié muatua (Mutual Information, MI) perd no utilitzant com a
mesura de coexpressio el coeficient de correlacié de Pearson (Pearson

Correlation Coeficient, PCC). Concretament, en el interval 0,5% de les
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parelles de gens amb més MI, van coincidir 205 parelles amb les GxG
predites (RE del 16%; Pempiric = 0,015). Al eliminar d’aquest interval
les parelles de l'interval 0,5% del ranquing PCC, es va observar un
cert increment en lenriquiment (43 parelles en comi, RE del 43%;
Pempiric = 0,009).

. Els enriquiments en 'interval 0,1% de les parelles amb els valors de
MI més alts calculat només pels tumors ERa-positius (RE del 36%;
Pempiric = 0,041) van ser superiors al mateix interval de parelles cal-

culat només pels tumors ERa-negatius (RE del -5%; Pempiric = 0,56).

. No es va trobar solapament significatiu en cap interval del ranquing
de MI calculat a partir de les dades d’una altra neoplasia epitel-lial

com és el cancer de colon [204].

. De les 205 parelles ja mencionades, 173 presentaven anotacions GO
en els dos membres. Els processos biologics més freqiients en les GxG
predites corresponen a parelles de gens involucrades en metabolisme i

biosintesi.

. Es va destacar la interaccio entre rs2289263 (SMADS3) i rs4686980
(LPP) per ser SMADS3 previament un candidat funcional associat al
risc de cancer de mama [205]. El producte d’aquest gen actua com a
transductor de senyal i regulador de la transcripcié downstream de
TGFB1 [206]. Per aquest motiu, es va avaluar la participacié en la
carcinogénesi d’aquesta interaccié mitjancant alteracions cel-lulars a
partir de la reduccié de 'expressi6 de LPP i modelant la senyal de
TGF[31 en una linia cel-lular epitelial no tumoral (MCF10A). Els re-
sultats obtinguts van demostrar que la pertorbacié simultania de LPP

i TGFp1 produia un augment significatiu de la proliferaci6 cel-lular.
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7. Utilitzant una estratégia a l'inrevés de la descrita anteriorment, es van
triar parelles de gens per presentar els valors més alts de MI calculats
a partir de dades d’expressio génica de tumors pancreatics [207] i es va
calcular les seves GxG en les dades d’'un GWAS de cancer de pancre-
es [208, 209|. Aixi, es va observar un solapament significatiu (més de
I'esperat per l'atzar) entre les parelles de gens coexpressats i les GxG
predites. Concretament, a partir del ranquing de MI, es van definir 14
finestres de 20 parelles de gens cadascuna (del valor més alt de MI al
valor 5.000). A continuacid, en cada finestra, es van calcular les GxG
utilitzant totes les parelles d’SNPs unlinked (r2 < 0,2) i es va ava-
luar el nombre d’associacions significatives (PRregressio logistica < 0,05).
Aquest analisi va revelar més GxG de les esperades per atzar, un
5,99% de mitjana (P wicozon Rank Test = 0,003). El mateix analisi pero

amb les parelles de gens amb menor MI no va resultar significatiu

(P Wilcozon Rank Test — 0735)

Els resultats obtinguts suggereixen que evidéncies basades en patrons de
coexpressio génica complexe (i definida en funcié del tipus de cancer) poden

ser utilitzats per predir GxG associades al risc a cancer.
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Dozens of common genetic variants associated with cancer risk have
been identified through genome-wide association studies (GWASs).
However, these variants only explain a modest fraction of the herit-
ability of disease. The missing heritability has been attributed to sev-
eral factors, among them the existence of genetic interactions (G x G).
Systematic screens for G x G in model organisms have revealed their
fund tal infl e in complex phenotypes. In this scenario, G x
G overlap significantly with other types of gene and/or protein rela-
tionships. Here, by integrating predicted G x G from GWAS data and
complex- and context-defined gene coexpression profiles, we provide
evidence for G x G associated with cancer risk. G x G predicted from
a breast cancer GWAS dataset identified significant overlaps [relative
enrichments (REs) of 8-36%, empirical P values < 0.05 to 10~] with
complex (non-linear) gene coexpression in breast tumors. The use of
gene or protein data not specific for breast cancer did not reveal over-
laps. According to the predicted G x G, experimental assays demon-
strated functional interplay between lipoma-preferred partner and
transforming growth factor-B signaling in the MCF10A non-tumori-
genic mammary epithelial cell model. Next, integration of pancreatic
tumor gene expression profiles with pancreatic cancer G x G predicted
from a GWAS corroborated the observations made for breast cancer
risk (REs of 25-59%). The method presented here can potentially sup-
port the identification of genetic interactions associated with cancer
risk, providing novel mechanistic hypotheses for carcinogenesis.

Abbreviations: ERa, estrogen receptor a; G x G, genetic interaction; GO,
Gene Ontology; GWAS, genome-wide association study; LD, linkage disequi-
librium; LPP, lipoma-preferred partner; LR, logistic regression; MI, mutual
information; PCC, Pearson’s correlation coefficient; RE, relative enrichment;
shRNA, short hairpin RNA; SNP, single nucleotide polymorphism; TGFf,
transforming growth factor-f3; WRT, Wilcoxon rank test.
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Introduction

Several genome-wide association studies (GWASs) have been com-
pleted that delineate the common genetic basis of cancer risk (1). The
gene candidates identified in these studies have considerably expanded
the biological knowledge of cancer etiology. These advances are
being followed up by projects that aim to identify the corresponding
genetic mutations and to improve cancer risk prediction. However,
in most cases, the results of GWASs (in addition to complementary
candidate approaches) have not yet identified the bulk of disease risk
heritability. For example, to date, 79 low-penetrance loci have been
identified in breast cancer, but together they account for only a mod-
est percentage (~15%) of the familial relative risk. If moderately and
highly penetrant mutations/genes are included, ~50% of the familial
relative risk remains unexplained (2,3).

Numerous factors or modeling approaches can explain the problem
of ‘missing heritability’ (4-6). Notably, the recent meta-analysis of
several breast cancer GWASs revealed an excess of significant asso-
ciation signals (not reaching genome-wide significance) that suggests
that >1000 loci are involved in susceptibility, each of which exerts a
very small effect (7). This modeling did not take into account genetic
interactions (G x G), which have also been suggested to explain part
of the missing heritability (4-6). In this regard, the identification of
interactions could potentially improve the accuracy of risk models
and improve cancer prevention (8,9). Several methods have been
developed for exhaustive searching of statistical interactions in data
from GWASs (10,11). These analyses (limited to two locus interac-
tions) are time consuming but computationally achievable. However,
the vast number of loci pairs raises the issue of multiple testing, which
limits the identification of true interactions based only on statistical
terms. In addition, the translation of the statistical findings to bio-
logical interactions or models is unclear (12) and potentially complex
(13).

Systematic analyses in model organisms have shown that, in many
cases, a given phenotype is explained not simply by additive allele
effects but also by G x G (or epistasis in statistical terms; i.e. devia-
tion from additivity for a quantitative phenotype by the effect of a
genetic variant or mutation in a different locus) (14). Importantly,
studies in yeast with ~6000 annotated genes have predicted the exist-
ence of hundreds of thousands of G x G (15). It could therefore be
hypothesized that G x G are of similar biological relevance in humans
(9). Their relevance is also based on the identification of synthetic
lethal interactions for specific mutations in cancer (16). However, the
methodology to systematically screen for mammalian G x G has only
recently been described (17,18). On the basis of previous evidence
that G x G inform about other types of molecular or functional rela-
tionships between genes and/or proteins (genes/proteins), we hypoth-
esize that a genome-wide integrative strategy could help to discover G
x G associated with cancer risk.

Materials and methods

Genetic data and G x G analysis

The National Cancer Institute has conducted GWASs to identify common
genetic variants and the corresponding candidate genes associated with can-
cer risk, which included breast (19) and pancreatic (20,21) cancer. For breast
cancer, the initial GWAS by the Cancer Genetic Markers of Susceptibility
initiative was designed to identify variants with a significant marginal effect
in postmenopausal women. The study involved 1145 invasive postmenopau-
sal breast cancer cases and 1142 matched controls from the Nurses’ Health
Study. The GWAS data was obtained upon approval of a Data Access Request
to dbGAP (http://cgems.cancer.gov/data/). Missing genotypes were imputed
using the MACH software (22). The GWAS data for pancreatic cancer was
also obtained upon approval of a Data Access Request to dbGAP and analyzed
for specific variants (i.e. variants selected by their identifier and/or location in
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a specific gene locus, rather than randomly selected from a given gene rank),
gene pair bins (bins defined from gene pairs ranked according to their complex
coexpression in tumors; each bin corresponds to 20 gene pairs, starting from
the highest coexpression value), and G x G using the dbGAP provided PLINK
(http://pngu.mgh.harvard.edu/purcell/plink/) (23) file. This file was used to
prevent potential differences in reprocessing the original GWAS data and
contained 914 cases and 1027 controls. The whole genome screen for breast
cancer G x G was carried out using EPIBLASTER (24). A two-stage ana-
lytical process was implemented: first, all possible pairwise single nucleotide
polymorphism (SNP) combinations (considering only allelic informative and
gene-centered mapped SNPs) were assessed for the Pearson’s correlation coef-
ficient (PCC) difference between cases and controls; second, the likelihood
ratio test of the logistic regression (LR) was applied to those subsets of SNP
pairs deemed significant in the previous stage. Using simulated and real data-
sets, the method was shown previously to conduct a search for G x G that was
unbiased to the marginal loci effects and captured most of the real G x G (24).
The quality controls for the use of SNP data in this analysis were: minor allele
frequency > 0.05 and P value cutoff of 10~ for the Hardy—Weinberg equilib-
rium test. For linking SNPs to genes, each SNP was assigned to a specific gene
locus if the variant mapped to a region £10kb from the corresponding genomic
structure (first and last exon), using the ENSEMBL human genome release
57. Since the analysis required unambiguous SNP gene correspondences, the
SNPs that overlapped with two or more gene loci were excluded. The pairs of
SNPs with some evidence of linkage disequilibrium (LD; 2> 0.2) were also
excluded from the analysis.

Gene and protein data analyses

‘Whole genome expression data for primary breast (25-27) (NKI-295 data-
set and Gene Expression Omnibus reference GSE2034), colorectal (Gene
Expression Omnibus reference GSE14333, ref. 28) and pancreatic (Gene
Expression Omnibus reference GSE36924, ref. 29) tumors was analyzed using
the preprocessed and normalized values. The NKI-295 breast tumors data-
set contained 69 estrogen receptor o (ERa)-negative and 226 ERa-positive
tumors. The colorectal and pancreatic datasets included 290 and 91 tumors,
respectively. The PCCs were computed in R software and the mutual informa-
tion (MI) was estimated using the ARACNE approach that applies a Gaussian
kernel estimator (30). No pruning of MI-based edges (directed at specifically
identify transcription factor—target interactions) was performed. Release #7 of
the Human Protein Reference Database (31) was used, which contains 9461
proteins and 37 081 interactions that mainly represent experimentally demon-
strated interactions compiled through literature curation. The high-confidence
interactions dataset was derived from the integration of diverse data and con-
tained 7401 proteins and 20 614 interactions (32).

Gene Ontology analyses

The Gene Ontology (GO) Biological Processes term annotations were down-
loaded from the Open Biological Ontologies release 2012/06 (MySQL ver-
sion). GO terms were assigned to gene symbols after record linkage in which
regular expression searches were required. Genes annotated at level 5 or lower
in the hierarchy were assigned to level 4, but those also occurring at level
3 were excluded. Homodimers and gene pairs where both members share a
GO annotation were also excluded. Only those term pairs with a frequency of
>15% in the test set were evaluated. The test sets were 173 gene pairs from the
205 predicted G x G in breast cancer, and 82 gene pairs from the significant
(P < 0.05) G x G identified in the 14 highest-ranked bins for pancreatic
cancer. Significance was assessed by comparing the observed frequency of
each term—term interaction in the test set with the null distribution obtained
by randomly selecting equivalent gene pair sets (1000 sets of similar gene pair
size to the test set) from the top 0.25% MI values in the breast cancer setting, or
from the top 10 000 gene pairs (according to their MI values) in the pancreatic
cancer setting.

Cell culture and short hairpin RNAs

The MCF10A cells were obtained from the American Type Culture Collection,
cultured in HUMEC (Invitrogen) media supplemented (hereafter ‘supple-
mented media’, in contrast to ‘non-supplemented’) with HuMEC Supplement
and Bovine Pituitary Extract (Life Technologies) and used with <10 passages
(from the initial American Type Culture Collection vial) for all assays. The
short hairpin RNA (shRNA) used for depletion of lipoma-preferred partner
(LPP) expression was the validated MISSION catalog TRCN0000301082
(Sigma—Aldrich). The lentiviral packaging, envelope, control and green
fluorescent protein expression plasmids (psPAX2, pMD2.G, non-hairpin-
pLKO.1, scrambled-pLKO.1 and pWPT-GFP) were purchased from Addgene.
Production and collection of lentiviral particles followed a modified Addgene
protocol. Initial viral titers > 5 x 10%/ml were confirmed by Lenti-X GoStix
(Clontech) and supernatants were then concentrated by ultracentrifugation
or Lenti-X Concentrator (Clontech) and stored at —80°C. Concentrated viral
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supernatants were titrated for optimal inhibition of the target. Cells were
infected with viral supernatants in the presence of 8 pug/ml polybrene and,
after 48 h, incubated with puromycin to select stable populations of MCF10A
control (shRNA control) or LPP-depleted cells (shRNA-LPP).

Proliferation, wound-healing and spheroids assays

Cells (5 x 10%) transduced and selected for shRNA control or S(RNA-LPP
were plated in triplicate in 96-well plates with complete medium. After 24 h,
adherent cells were cultured with supplemented and non-supplemented media
in the presence or absence of transforming growth factor-B1 (TGFS1) (100
pM in 1x cell culture media). Cell proliferation was measured at the time of
replacing media at 24, 48 and 72h, and using the CellTiter 96® AQueous One
Solution Cell Proliferation Assay (Promega). For wound-healing assays, cells
transduced and selected for shRNA control or ssRNA—-LPP were plated at con-
fluence in duplicate on 24-well plates and incubated overnight. A straight line
was then gently performed at the bottom of the dish. Cells were washed and
incubated in non-supplemented media. After 24 h, transmission images were
captured for each cell line using a FSX100 microscope (Olympus). Images
were analyzed using the ImageJ software (Wright Cell Imaging Facility).
Tnitial and final wound area (mm?) were the variables used to calculate the
wound closure percentage. For spheroids assays, cells (5 x 10%) transduced and
selected for shRNA control or shRNA—-LPP were plated in 20 pl drops of sup-
plemented media and allowed to grow in suspension. After 4 days, transmis-
sion images were captured line using a FSX100 microscope (Olympus). This
experiment was performed with a minimum of 20 drops per cell line.

Western blotting and antibodies

Whole cell extracts from cultures transduced and selected for ShRNA con-
trol or shRNA-LPP, in the presence or absence of supplemented media and
TGFf1, were prepared and used for western blotting as described elsewhere
(33). The primary antibodies used for blotting were rabbit anti-ITGAS (dilu-
tion 1:500, #AB1949; Millipore), anti-ITGB1 (dilution 1:2500, #610467; BD
Pharmingen), anti-LPP (dilution 1:100, #0032-05; immunoGlobe) and anti-
TUBA (dilution 1:2000, #2125; Cell Signaling).

Results

G x G overlap with complex context-defined gene coexpression

To compute G x G from a GWAS, we used data from the Cancer
Genetic Markers of Susceptibility initiative in breast cancer (19) and
applied a two-step analytical process (24). This strategy was imple-
mented because it allows for fast and exhaustive computation of G x G.
The first step consisted in calculating the difference in PCCs between
controls and cases across all informative SNP pairs (Figure 1). The
SNPs were those that were informative but also mapped to an anno-
tated gene locus (i.e. a known gene). In the second step, significant
SNP pairs (Ppcc gigerence < 107°) were analyzed by LR. Thus, ~390 000
SNP pairs with no evidence of LD and corresponding to ~339 000
gene pairs were analyzed at this stage. Next, from the distribution of
P, values, a threshold P, ; < 107° was defined, which yielded a set of
39 417 gene pairs (Figure 1). This set of predicted G x G (i.e. G x G
potentially associated with risk of breast cancer in the general popula-
tion) was subsequently assessed for overlap with known gene/protein
relationships (Figure 1).

Integrative analyses in yeast have shown that genome-wide experi-
mentally identified G x G overlap with protein—protein interactions
to a degree that is significantly higher than expected by chance, of
10-20% of the known protein—protein interactions (34). We therefore
examined whether the predicted G x G overlap with human protein—
protein interactions. No significant overlap relative to what would be
expected at random was identified using either a compiled dataset
from the literature (31) or a high-confidence subset (32): indeed, only
nine literature-compiled protein—protein interactions were found to be
in common with the predicted G x G (data not shown).

Next, as G x G may also overlap significantly with gene coexpres-
sion (34), expression data from a large series of breast tumors (25)
was analyzed. First, a standard measure of coexpression (i.e. PCC)
was computed. In this analysis, all possible microarray probe pairs
were evaluated and the maximum PCC value was then selected for
each gene pair. By ranking the gene pairs according to their PCCs and
assessing the top bins (starting at the top 0.1% of PCCs, which cor-
responded to 200 744 gene pairs), no significant overlap was observed
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Fig. 1. Analytical strategy for the identification of G x G associated with
breast cancer risk. The numbers of SNPs in the original GWAS dataset and
in subsequent steps are shown. Also shown are the number of gene pairs at
relevant analytical steps and the distribution of P, values. The selection of
39417 gene pairs representing predicted G x G is subsequently evaluated for
their overlap with other gene/protein relationships.
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with the predicted G X G (Pypiica = 0.73 using 1000 permutations of
the 39 417 G x G); indeed, an opposite trend (i.e. under enrichment)
was observed for the first bin (Figure 2A).

As G x G represent complex genetic relationships, we next used
the MI measure to assess the overlap with non-linear expression rela-
tionships. Notably, using the same breast tumor dataset, the top 0.1
and 0.5% of MI-ranked gene pairs overlapped significantly with the
predicted G x G (Figure 2B and Supplementary Table S1, available at
Carcinogenesis Online). In the top 0.1%, 54 gene pairs were in com-
mon, whereas in the top 0.5%, 205 gene pairs were in common, which
corresponded to relative enrichments (REs) of 32% (1.32 ratio relative
to random, P icq = 0.019) and 16% (1.16 ratio, P ;icq = 0.015),
respectively (Figure 2B and Supplementary Table SI, available at
Carcinogenesis Online). When the top 0.5% PCCs were excluded
from these MI bins, a suggestion of higher enrichment was observed
in the first bin: RE of 43%, P cq = 0.009, which corresponded to
43 gene pairs in common (Figure 2C and Supplementary Table S1,
available at Carcinogenesis Online).

Robustness of the overlap between G x G and context-defined gene
coexpression

As we observed an asymptotic distribution of Py values (Figure 1)
and it was computationally unfeasible to analyze ranks of billions of
gene pairs, a threshold P, < 107 was initially used. Nonetheless, a
significant enrichment was also revealed at a higher threshold (P, <
107): with the top 0.5% MI-ranked gene pairs, 1322 were found in
common with the predicted G x G, which corresponded to a RE of
16% and Pppieq = 1.1 % 107, At this threshold, the top 0.5% PCC-
ranked gene pairs showed some suggestion of enrichment, although
with a lower magnitude: 1002 pairs in common, RE of 5% and
Ppirical = 0.043. Moreover, the top 5% of MI-ranked gene pairs was
also found to be significantly enriched, but, as expected, with a lower
magnitude than the top 0.5%: 10 044 pairs in common, RE = 8% and
Py = 1.0 x 1074,

empirical

n=54(P,,,=0.019)

n=205(P,,,,,=0015)

08 08
08 0.6
0123 & 10 30 0123 § 10 30
Top PCC (%) Top MI (%)
Breast tumors Breast tumors
c D
1.471 N=43(P,._,,., = 0.009) 14
1.2.
121 | n=121(p,,. . =0.048)
10 10{A
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0123 & 10 30 0123 & 10 20
Top MI - PCC (%) Top MI (%)
Breast tumors Colorectal tumors

Fig. 2. Overlap between predicted breast cancer G x G and gene coexpression. (A) Overlap assessment with gene pairs ranked according to the highest PCCs
computed from breast tumors (from top 0.1% to top 30% of pairs). The y-axis shows the REs. (B) Overlap assessment with gene pairs ranked according to the
highest MIs computed from breast tumors (from top 0.1% to top 30% of pairs). The significant bins with the number of overlapping gene pairs are marked (red
dots). (C) Overlap assessment with gene pairs ranked according to the highest MIs and subtracting those gene pairs included in the top 0.5% of PCCs from breast
tumors. (D) Overlap assessment with gene pairs ranked according to the highest MIs computed from colorectal tumors.

Page 3 of 8

10T *LT Aenue( uo eod101qrd "YNOTADMVE 2A LV.LISYTAINN 1 /310'S[eumolpIogxo urores//:dny woz papeofumoq



N.Bonifaci et al.

The Cancer Genetic Markers of Susceptibility study was cen-
tered on sporadic postmenopausal breast cancer, hence most of the
enrolled cases had developed tumors that were ERa positive (19).
Consequently, the explained risk was mainly for ERa-positive and
not ERa-negative breast cancer. The MIs were therefore computed
separately for ERa-positive and ERa-negative tumors and then exam-
ined for their overlap with the predicted G x G (P < 107°). Having
defined the top 0.1% of MI-ranked gene pairs in ERa-positive and
ERa-negative tumors, the REs were 36 and 5%, P,y = 0.041 and
0.56, respectively. This enrichment for ERa-positive cases, which was
slightly (but not significantly) higher than observed in the full tumor
dataset (36 versus 32%), corresponded to 34 gene pairs in common.

Using another large breast cancer expression dataset (27), a simi-
lar enrichment to the above was revealed for the top MI-ranked gene
pairs: with the P, < 107 threshold, the REs of the top 0.5 and 5%
MI-ranked gene pairs were 15 and 13%, P ey = 0.081 and 0.045,
respectively. Although the RE estimation for the top 0.1% was simi-
lar (12%), it was not significant (P, = 0.27) probably because
the number of gene pairs contained in this set was relatively low
(n =175 614). Taking the 205 G x G predicted from the analysis of
the first breast cancer dataset, the overlap with this second dataset
was: 10 pairs at the top 0.1% of MlIs; 24 at the top 0.5%; 30 at the
top 1% and 43 at the top 5% (Supplementary Table S2, available at
Carcinogenesis Online). Although this level of overlap was significant
(Phypergeomeric = 24 % 107°), the difference for the microarray plat-
forms used in these studies may contribute to a substantial proportion
of false-negative pairs.

Next, the overlap was assessed for complex gene coexpression in a
distinct epithelial neoplasm, colorectal cancer (28). Using an expres-
sion dataset of a similar size to the breast cancer studies, no evidence
of overlap was obtained at any MI threshold and with P, < 107: the
RE estimation for the top 0.1% of MI-ranked gene pairs, which also
contained a similar number of gene pairs to the above study, was —1%
(Figure 2D and Supplementary Table S1, available at Carcinogenesis
Online). Therefore, G x G associated with risk of a given cancer type
might only be predicted on the basis of complex gene expression rela-
tionships in the specific condition.

Biological processes in the G x G associated with breast cancer risk

No enrichment in significant marginal effects was observed in the
set of SNPs involved in the predicted G x G (Supplementary Table
S3, available at Carcinogenesis Online). However, the 205 gene pairs
included four candidate genes identified in GWASs for breast cancer:
FTO, ITPRI, PDE4D and TCF7L2 (Supplementary Table S3, availa-
ble at Carcinogenesis Online). It was predicted that variants in /TPR/
and BNC2 interact to confer increased risk (Z score =4.90, P, =7.32
x 1077, and variation in BNC2 has previously been associated with

ovarian cancer in a GWAS (35). Interestingly, these variants in BNC2
are not in LD based on HapMap Caucasians data (* = 0.01); the
interacting variant (rs717267) is at <2 kb from the 3’-exon of BNC2,
whereas the marginal effect was detected in the 5’-region (35).

Next, an analysis of GO Biological Processes term annotations was
performed to define the functional profile of the predicted G x G.
Of the 205 gene pairs depicted above, 173 contained annotations for
both members. Subsequently, using 1000 randomly selected equiva-
lent gene pair sets, a network of significant (false discovery rate <
1%) term interactions was obtained (Figure 3). In this network, node
size was proportional to the number of genes annotated with the cor-
responding term. Thus, the most frequent terms in the predicted G x
G corresponded to interacting genes involved in metabolic or biosyn-
thetic processes (Figure 3).

Biological insight from the predicted G x G

G x G have the potential to uncover functional relationships within
or between biological processes and/or signaling pathways (36). In
addition to the GWAS-based candidates mentioned above, the 205
gene set contained functional candidates previously linked to breast
cancer risk. Among these, and also included in the top 5% MI-ranked
pairs from the second breast cancer dataset, variation in SMAD3 has
been associated with breast cancer risk in BRCA2 mutation carriers
(37). SMAD3—together with other SMAD family members—is a
critical signal transducer and transcriptional regulator downstream
of TGFBR1 (38). In our study, an interaction was predicted between
SMAD3 152289263, which is not in LD with the risk variant (> <
0.2), and LPP rs4686980 (Supplementary Table S3, available at
Carcinogenesis Online). LPP is a nucleocytoplasmic protein involved
in cell adhesion and motility, and transcriptional regulation (39.40).
Therefore, to assess the prediction for breast carcinogenesis, cellular
alterations upon depletion of LPP and/or modeling of TGFf1 sign-
aling were assessed using the non-tumorigenic MCF10A mammary
epithelial cell line. Notably, simultaneous depletion of LPP and incu-
bation with TGFf31 (without the presence of other stimuli) increased
cellular proliferation relative to the corresponding single perturbations
(48 h timepoint, two-tailed #-test P values < 0.01; Figure 4A). In the
control assays, TGFB1 produced an antiproliferative effect as shown
by a diminished proliferation rate (Figure 4A). Regarding the poten-
tial invasiveness, depletion of LPP impaired the formation of cellular
spheroids (Figure 4B). Consistent with this observation, depletion
of LPP increased cell migratory capacity in a wound-healing assay
(Figure 4C). Moreover, the expression of the integrin receptors (31
and a5 was modulated and, in particular, a5 increased significantly
upon simultaneous depletion of LPP and incubation with TGFf1
(Figure 4D). Therefore, while depletion of LPP alone may provide
a protumorigenic phenotype by increasing migration and impairing
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Fig. 3. Network of GO biological process terms linked to breast cancer G x G. The nodes represent GO terms (identifiers are shown) and an edge links two terms
if the term—term interaction is overrepresented (false discovery rate < 1%) in the predicted G x G set.
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Fig. 4. Functional interplay between LPP and TGFf signaling in a non-tumorigenic mammary epithelial cell model. (A) (Left panel) Graph showing the relative
proliferation rates (from 0 to 72h) of MCF10A cells in unperturbed cultures (shRNA control) or with LPP depletion and/or incubation with TGFf1 (as shown

in the inset). The cultures were not supplemented. (Right panel) Results at 48 h. (B) Representative images of MCF10A cells growing in suspension. Results

are shown for non-transduced cells, and cells transduced with a control shRNA or directed against LPP expression (shRNA—LPP). (C) Representative images

of wound-healing-scratch assays. Results are shown following scratch (0-24h) of MCF10A cultures grown without/with TGFS1, non-transduced, transduced
with an shRNA control or directed against LPP expression. (D) Western blots results for LPP, the integrin receptors ITGB1 and ITGAS5, and loading control

(a-tubulin, TUBA) from extracts of cells transduced with an shRNA control or directed against LPP expression, without/with TGFf1 as indicated. The conditions
(non-supplemented) that corresponded to depletion of LPP without/with TGF1 are marked.

differentiation, simultaneous activation of TGFf1 signaling substan-
tially enhances cellular proliferation, which provides a mechanistic
hypothesis for the predicted G x G.

Using complex gene coexpression evidence to predict G x G

The results above suggest that evidence based on complex- and
context-defined gene coexpression patterns can be used to predict
G x G associated with cancer risk. Thus, in a reverse strategy, we
first analyzed gene expression profiles in pancreatic tumors (29) and
then integrated the results with data from a pancreatic cancer GWAS
(20,21). With the gene pairs ranked according to their MIs, 14 bins
were defined, each of which contained 20 pairs (from the highest MI
value to the 5000th value). Next, G x G using all unlinked (1% < 0.2)
SNPs in a pair were computed and the number of significant associa-
tions was evaluated at two thresholds: P, ; <0.05 and P, i < 0.01. This
analysis revealed more G x G than expected by chance: an average
0f 5.99% (Pyitcoxon rank est wrry = 0-003 for the null hypothesis of <5%
across the 14 bins) and an average of 1.41% (Pyyy = 0.028 for the null
hypothesis of <1% across the 14 bins) of the SNP pairs showed P, <
0.05 and P, < 0.01, respectively (Figure 5).

Two control analyses were carried out to assess the identification
of excess of G x G nominally significant for pancreatic cancer risk.
An analogous bin analysis was carried out, but in this case the low-
est 5000 Mls were used (i.e. non-significant gene coexpression). The
results of this analysis did not detect significant G x G over the thresh-
olds: Pygr = 0.35 and 0.83 for the 5 and 1% thresholds, respectively.
In addition, the REs between the 14 top and bottom bins were 25 and
59% for the Py < 0.05 and Py < 0.01, respectively, which appeared
to be consistent with the enrichments shown above for breast cancer.
Conversely, no enrichment was identified when using the 14 top bins
but basing the ranking exclusively on PCCs: Py = 0.64 and 0.39 for
the 5 and 1% thresholds, respectively.
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Fig. 5. Distribution of significant pancreatic cancer G x G across gene pairs
ranked according to MIs from pancreatic tumors. The y-axis indicates the
proportion of significant G x G at P < 0.05 (gray line) and at P, < 0.01
(black line). The x-axis shows the 14 bins, starting with the highest MIs (i.e.
1-20 gene pairs). The red lines indicate the proportion thresholds for the
corresponding P, values.

The significant G x G for pancreatic cancer risk in the top
Ml-based ranked bin included the following gene pairs: AQPS-
FGG, LOC402251-LOC442270, DLX5-MFAP5 and ABCCS-PCP4
(Supplementary Table S4, available at Carcinogenesis Online). Two
of these genes, DLX5 and PCP4, have been functionally linked to
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axon biology (41,42). Notably, alteration of genes annotated in the
axon guidance pathway contributes to pancreatic carcinogenesis (29).
Next, GO term enrichment analyses indicated (false discovery rate <
1%) frequent involvement of metabolic and biosynthetic processes,
but also indicated mechanistic differences relative to breast cancer
G x G (i.e. the involvement of genes in developmental processes;
Figure 6).

Discussion

The identification of human G x G has the potential to add fundamen-
tal knowledge to our understanding of the genetic basis, molecular
mechanisms and biological processes/signaling pathways involved in
carcinogenesis (5,8,9,15). Although there are several well-established
analytical strategies, the large (and continually increasing) number
of genetic variants makes genome-wide G x G analyses highly time
consuming, and it remains difficult to interpret the results from a bio-
logical perspective. This study introduces an integrative genomics
strategy that can potentially support the identification of statistically
significant G x G associated with cancer risk. In designing this study,
it seemed reasonable to assume that there are G x G associated with
cancer risk and, critically, that they can be identified by integrating
different types of gene/protein relationships. The degree of overlap
between genome-wide gene/protein relationships has been evalu-
ated, and clearly established, in diverse studies in model organisms.
Although human conditions should not be an exception, the lack of
large-scale human G x G datasets has hampered similar integrative
analyses. In addition, while experimental methodologies to system-
atically identify mammalian G x G have recently been developed
(17,18), the results of our study suggest that context-specific studies
must also be carried out. Thus, G x G associated with cancer risk may
only be confidently identified when gene/protein relationships related
to the specific cancer type/subtype are analyzed. In this regard, the
lack of overlap with protein—protein interactions may be due to the
fact that this type of evidence is typically not tissue- or cell type-
specific. In addition, the human protein—protein interactions known
to date do not represent the complete space of interactions occurring
in cells. In fact, the gene expression analysis probably covers a larger
fraction of all potential gene pairs.

The results of this study may lead to the genetic analysis of spe-
cific G x G in breast and pancreatic cancer. Although the enrichments
shown may be considered relatively low (maximum of 36% for breast
cancer and 59% for pancreatic cancer), the integration of additional
gene/protein relationships could potentially improve the predictions.
From the evaluation of the overlap for the 205 gene pairs between the
two breast cancer expression datasets analyzed, it could be presumed

that the conclusions of this study are limited by the characteristics
of each dataset. In addition, the study may be limited by the rela-
tively small sample size of the GWAS datasets analyzed and by the
required assumption that a given SNP pair corresponds to a unique
gene pair defined by the genomic location of the SNPs; however, it
is frequently observed that the functional effects of low-penetrance
mutations can implicate genes located dozens or hundreds of kilo-
bases away (43). Integration of independent GWAS data could help
to provide better G x G predictions. Moreover, the EPIBLASTER
algorithm might not capture all possible forms of epistasis described
in the literature (24).

The predicted G x G including candidate genes previously linked to
cancer risk may help to further delineate the mechanisms of carcino-
genesis. Furthermore, since some of the proposed G x G involve non-
correlated variants relative to the marginal effect, they can potentially
unveil mutations linked to differential effects. Following on from the
predicted G x G between LPP and SMAD3, the identification of a
signaling interplay between LPP and TGFf31 in a non-tumorigenic
mammary model provides a mechanistic hypothesis centered on
altered epithelial cell proliferation and differentiation (38). LPP has
been found to be highly expressed in normal luminal mammary cells
(44), which are typically ERa positive, and coexpressed in breast
tumors with a regulator of mammary cell differentiation (44.,45). In
this scenario, there is evidence for an expression quantitative trait
locus in rs2289263 for SMAD3 (46), which could provide a hypoth-
esis for the interaction with LPP; there is no published evidence for
an expression quantitative trait locus in rs4686980 (or for rs28615981
in LD) but these LPP variants appear to map within a c-FOS binding
region identified by chromatin immunoprecipitation in the ENCODE
project (47). SMAD3/4 and c-FOS have been shown to cooperate in
promoting TGF{ signaling (48) and, therefore, this cooperation might
regulate LPP function/levels. Importantly, a recent study has identi-
fied LPP as a key regulator of TGFf-induced migration and invasion
in HER2-overexpressing breast cancer (49). Our study expands on
this observation by proposing that perturbation of LPP-TGFf signal-
ing promotes the initial stage of breast carcinogenesis.

At the level of the biological processes overrepresented in the pre-
dicted G x G sets for breast and pancreatic cancer risks, the com-
mon identification of metabolic and biosynthetic processes might be
explained by their role in buffering phenotypic variability (36,50).
Other identified processes, such as defense response for breast cancer
risk and cell development for pancreatic cancer risk, might be related
to tissue specificity and could be used to integrate additional gene/
protein relationships for prioritizing G x G. Together, our study pro-
poses a method that may help to further decipher the genetic basis of
cancer risk.
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Fig. 6. GO Biological Process terms linked to predicted pancreatic cancer G x G. The nodes represent GO terms (identifiers are shown) and an edge links two
terms if the term—term interaction is overrepresented (false discovery rate < 1%) in the predicted G x G set. This test set corresponded to the significant G x G

represented in Figure 5 (top 14 gene pair bins, P < 0.05).
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Conclusions

Here, based on the premise that genes/proteins act coordinately
across biological levels, we undertook an integrative study in order
to predict G x G associated with cancer risk. Our study was centered
on breast and pancreatic cancer and the results show that G x G asso-
ciated with risk may be partially supported on the basis of complex
gene coexpression in the specific cancer type. The requirement of
complex (i.e. non-linear) coexpression in a defined cancer setting
is consistent with the intricate nature of epistasis and the molecular
specificities of carcinogenesis. The predicted G x G provide novel
hypotheses for the functional interplay between biological processes
in carcinogenesis. The knowledge generated by this study may stim-
ulate new research toward a better understanding of the genetic basis
of cancer risk.

Supplementary material

Supplementary Tables S1-S4 can be found at http://carcin.oxford-
journals.org/
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El cancer de mama és un exemple de malaltia complexe on participen tant
factors genétics com ambientals en la seva etiologia. Entendre la base gené-
tica del cancer de mama en profunditat podria permetre entendre millor la

malaltia i desenvolupar millors eines de diagnostic, pronostic i/o tractament.

Al iniciar aquesta tesi es coneixia el 25% del risc familiar [210] i la hipote-
si més acceptada per explicar la part del risc restant era la CV-CD [115].
Segons aquesta hipotesi, serien variants de baixa penetrancia les que in-
fluirien en la proporci6é de la susceptibilitat a la malaltia que quedava per
explicar. La esperanga de poder identificar aquests gens de susceptibilitat
estava en els estudis de GWAS que comencaven a emergir. S’havien realitzat
dos GWAS [19, 53] de cancer de mama que havien identificat set al-lels de
risc (que en conjunt explicaven aproximadament el 4% del risc familiar).
Pero degut als estrictes llindars de significacio, ja mencionats, que s’han
d’aplicar a aquests estudis, és fa molt dificil detectar el senyal d’al-lels que
tenen un efecte petit [174]. En aquesta tesi, per tal d’evitar aquesta limita-
ci6, vam analitzar els resultats d’un dels primers estudis GWAS de mama
publicats [175] sota una perspectiva de la biologia de sistemes, aplicant es-
tratégies basades en conjunts de gens/proteines funcionalment relacionats
per identificar nous gens de baixa penetrancia, els processos biologics en els
que participen i els mecanismes moleculars mitjancant els quals confereixen

el risc aixi com, les seves interaccions.

Per aquest motiu, aquest estudi estd limitat a ’analisi de les dades d’un
tinic GWAS que presenta certes especificitats epidemiologiques. També cal
destacar que degut a que l'estratégia utilitzada es centra en els gens i les
seves anotacions funcionals, es van excloure dels analisis els SNPs que no es

podien assignar amb certa probabilitat a un gen, és a dir, que no estaven
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en la regi6 gendmica que codifica per un gen o a més de 10 kilobases (kb)
d’aquesta. Tot i que, com ja hem explicat, aquests SNPs també poden ser
funcionals (e.g. 'efecte d’'SNPs a la regio 8q24 i el risc en diversos tipus de
cancer |53, 211-214]) i per tant, podrien participar en la susceptibilitat a la

malaltia.

El primer objectiu d’aquesta tesi va ser identificar els processos biologics
possiblement importants en el risc de cancer de mama. Per portar a terme
aquests analisis necessitavem un ranquing de gens que vam obtenir assig-
nant a cadascun dels gens del genoma el Py, menor del GWAS entre tots
els SNPs anotats en el locus concret. Aquest procés introdueix un biaix ja
que existeix una correlacié positiva entre la longitud d’'un determinat gen i
el nombre de SNPs que pot contenir (per tant, es pot obtenir una associacio
significativa simplement per atzar quan més extensio té un gen) [141, 215].
Un ranquing no ajustat, tendira a obtenir com a significatius els processos
biologics en els que participen productes de gens llargs [144, 216]. Cal des-
tacar, pero, que els gens de cancer tendeixen a abarcar grans regions cromo-
somiques [217]. Al examinar vuit gens de susceptibilitat a cancer de mama
de baixa penetrancia (CASPS, COX11, ESR1, FGFR2, LSP1, MAP3K1,
RAD51L11 TOX3) van presentar una tendéncia a ser més extensos (211 kb
d’extensié gendmica mitjana (x) i una desviacié estandard (s) de 283 kb) en
comparacié amb tots els gens del ranquing (x = 66 kb i s = 128 kb). Exis-
teixen diferents métodes per analitzar els processos biologics en les dades
dels GWAS [218] pero aquests métodes, poden donar lloc a resultats di-
ferents analitzant les mateixes dades [219]. Nosaltres vam implementar un
algoritme basat en el programa FatiScan 148, 220| per a poder examinar
els resultats més flexiblement. Aquest métode permet detectar diferéncies

més modestes que el GSEA, un altre métode molt comu [148].
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D’aquests analisis vam inferir que variants comunes que afecten, en parti-
cular, la funcié de gens/proteines de Cell Communication i Cell Adhesion
probablement tendeixen a influir en el risc més que gens en altres proces-
sos. Aquest resultat es va confirmar amb 'analisi a nivell de proteines. Els
interactors fisics directes i a un pas dels productes dels gens "referents” de
susceptibilitat en la xarxa de l'interactoma estaven sobrerepresentats en els
processos biologics de Cell Communication i cell adhesion. Les proteines que
interaccionen fisicament és una prova de la seva participaci6 en els mateixos
processos biologics [128] 1 manifesta una relacié funcional entre els gens que
les codifiquen, per tant, alteracions en aquests poden donar lloc a la malal-
tia [128]. Alguns gens de susceptibilitat de baixa penetranca identificats
posteriorment a aquest estudi pertanyen a aquests processos biologics; per
exemple, CDKN2A [55] pertany a Cell Adhesion i 10 gens dels identificats

en els analisis del COGS pertanyen a Cell Communication |21].

A més, la implicaci6 de Cell Communication i Cell Adhesion va ser interes-
sant donat que ja se sabia la seva contribuci6é a aquesta neoplasia epitelial,
encara que a nivell somatic [179]. D’aquesta manera, els nostres resultats
podrien associar les pertorbacions moleculars inicials amb la posterior pro-
gressio del cancer, el que suggeriria un cami més continu del que préviament
s’havia pensat entre la linia germinal i les alteracions somatiques. En aquest
sentit, aquests resultats coincideixen amb els processos identificats en un es-
tudi independent analitzant el mateix GWAS [221].

Continuant amb el segon objectiu d’aquesta tesi, vam revelar les propietats
dels gens de susceptibilitat de baixa penetrancia basant-nos en les obser-
vacions dels ranquings realitzats en el GWAS de CGEMS, i de diferents

condicions de cancer de mama. D’aquesta manera, variants en els gens de
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baixa penetrancia que correlacionarien amb gens expressats diferencialment
en teixit normal i tumoral revelaria supressors tumorals o oncogens, segons
la direcci6 del canvi d’expressio [222]. També es va revelar la participacio
d’aquests gens en l'inici de la tumorigénesi i per tant en el risc, al correlaci-
onar amb la expressio diferencial en edats primerenques de diagnostic [223].
Finalment, van suggerir la dependéncia molecular o funcional de gens d’al-
ta penetrancia o les seves proteines al presentar canvis en l'expressié al
pertorbar BRCA1 [223, 224].

Al combinar les evidéncies que presentaven una asimetria similar a la ob-
servada en el GWAS vam obtenir un llistat ordenat dels candidats més
probables que contenia associacions moleculars i funcionals rellevants en la
tumorigénesi de mama. Entre els 50 primers gens del ranquing vem tro-
bar supressors tumorals i/o oncogens descrits anteriorment en la literatura
(DKK3 [225] 1 TFPI2|226], gens amb variants que confereixen risc a cancer
de mama (IGF1 [227]). Calia destacar també la identificaci6 de quatre gens
(NTRK2, MAP3K12, PDGFRA i PDGFRL) les proteines dels quals par-
ticipen en la via de senyalitzaci6 de MAPK on també hi participaven gens
de susceptibilitat coneguts (FGFR21 MAP3K1 [51, 53, 175]). Entre aquests
50 gens també hi havien gens previament relacionats amb el pronostic, me-
tastasi o resposta al tractament del cancer de mama (BCL2 [228], CXCL12
[229-231] i FBLN1 |232, 233]). A més, esudis experimentals han demostrat
que ABTB1 i1 EGR2 son mitjancers del supressor tumoral PTEN [234]. Fi-
nalment, com a prova adicional de la seva rellevancia funcional, la xarxa
de regulaci6 de la transcripcio6 realitzada entre els gens candidats i els gens
referents presentava una connectivitat més alta de ’esperada per atzar, el
que confirmava que aquests gens/proteines funcionen en processos biologics

relacionats i que estan associats amb gens de risc coneguts. Cal destacar que
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un dels gens candidats ITPR1 de la llista, ha estat identificat en el meta-
nalisi de GWAS publicat 'any passat [21]. Per prioritzar els gens candidats
d’aquesta llista, es podria escollir els interactors directes i a un pas dels re-
ferents que tenen més veins assignats als processos de Cell Communication
i Cell Adhesion (CDH1 i FGFR2) en la xarxa del interactoma. També es
podria triar els gens de la xarxa de regulacié de la transcripcié que pre-
senten més centralitat (BCL2, BMP1, NTRK2, PTGERS3, RUNX2) o que
connecten dos gens referents (DKK3, NTRK?2) perqué el seu efecte podria

ser lalteracié de diversos gens de baixa penetranca.

En aquest punt, gracies al fet de disposar ja dels genotips de 'estudi GWAS
de CGEMS [175], vam ajustar el ranquing de gens original per minimitzar
el biaix comentat anteriorment. Aixi, per corregir el ranquing original, vam
utilitzar la distribucié nul-la de l'estadistic t de la correlacié de Pearson
(ajustada per I’edat) després de realitzar 10.000 permutacions. Cal dir que
I’analisi dels processos biologics del GO en aquest nou ranquing no va mos-
trar cap asimetria que passés la correccié per comparacions multiples (Cell
Communication Pyalor nominal = 0,42 1 Cell Adhesion Pyalor nominal = 0,37).
Tot i aix0, la majoria dels processos amb Puyaior nominal Significatiu esta-
ven relacionats amb alteracions somatiques (per exemple Rho protein signal

transduction Pyalor nominal = 07005)

A continuaci6, vam portar a terme una avaluacié més detallada de la re-
laci6é entre la linia germinal i la somatica en la carcinogénesi de mama.
Tot i que existien algunes evidéncies de la existéncia de la connexié entre
la linia germinal i la somatica, no s’havia avaluat aquesta hipotesi explici-
tament. Aquesta possible connexié entre la linia germinal i les alteracions

somatiques podria ser destacada amb la identificacié de variants de risc en
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CDKN2A/B, FGFR2 i MAP3K]1 i actualment s’ha vist que gran part dels
gens de baixa penetrancia presenten també alteracions somatiques en di-
verses neoplasies inclosa la de mama [21]. Per aix6 vam decidir examinar
aquesta connexié analitzant la possible relacié de diferents grups de gens
coneguts per presentar alteracions somatiques i la susceptibilitat al cancer
de mama en les dades del GWAS de CGEMS. Els resultats obtinguts van
suggerir que variants genétiques germinals en gens que codifiquen per les
driver kinases [94, 192] podrien influir en el risc a cancer de mama. Re-
centment s’ha identificat una variant de risc a aquesta malaltia en el gen
TGFBR2 |21]| que pertany a les driver kinases. El grup de les driver kinases
esta format per gens que codifiquen per proteines quinasa que presenten
driver mutations, és a dir, mutacions que contribueixen a la transformacié
d’una cél-lula normal a una cél-lula cancerosa [94]. El que suggeriria, una
connexi6 entre la linia germinal i les alteracions somatiques en cancer de

mama a través de les driver kinases.

El posterior analisi de les driver kinases en un estudi cas-control de mama
de poblaci6é polaca va destacar sis nous candidats a loci de susceptibilitat
coherents amb alteracions genétiques en la linia somatica i/o funcional pre-
viament citades. En el cas de CDKL2 s’han descrit mutacions sense sentit
en linies cel-lulars de cancer de mama i ovari i també en tumors [192, 235].
CDKL2 (també coneguda per p56 or KKIAMRE) és el membre més distant
de la familia de les CDC2-related serine/threonine protein kinase, involu-
crada en el factor de senyalitzacié del creixement epidérmic [236]. Respecte
a altres driver kinases identificades, DYRK2 presenta mutacions nonsense
en tumors de mama [235] i amb mutacions missense en tumors del siste-
ma nervios central [192]. La funci6 de DYRK2 en la resposta al dany al
DNA [237| podria coincidir amb els resultats de RAD51L1[48] del GWAS
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de CGEMS: la pérdua de la funci6 de DYRK2 alteraria la activacié de 1'a-
poptosi en resposta al dany a ADN via ATM [237], la qual cosa promouria
la carcinogénesis. D’aquest resultat, cal destacar la identificacié d’al-lels de
risc en tres loci que codifiquen per receptors d’epinefrina (EPH) ja que, la
via de senyalitzacié mitjancant EPH regula processos importants que estan
alterats en la carcinogénesi com la comunicaci6 cel-lula a cél-lula, la migraci6
cel-lular i 'adhesio via el citoesquelet d’actina [238, 239]. Aixi, aquesta via
de senyalitzacid, a través de les activitats de RHO i RAS/MAPK [240], esta
implicada en el manteniment de ’arquitectura del teixit epitelial de manera
que podria actuar com un supressor tumoral [238, 239|. Aquestes observa-
cions podrien indicar, de manera similar a la tumorigenesi colorectal [241],
que una compartimentacié primerenca, a través de EPH, de les lesions neo-
plasiques en el teixit mamari és critic per prevenir la posterior aparicié del
carcinoma. Per tant, a partir d’una pertorbacié en la linia germinal de la
expressio o de la funcié, EPHBI1 podria contribuir a la variabilitat observada

en la transici6 d’una lesi6 in situ a un carcinoma invasiu [242].

Per tal d’aprofundir en la possible participacié dels sis loci de les driver
kinases, i especialment el locus FEPHBI en el risc de cancer de mama, vam
examinar si aquests loci influenciaven en el risc a cancer de mama en por-
tadors de mutacions en BRCAI i BRCA2. Cal recordar que els gens de
baixa penetrancia identificats en estudis d’associacié de poblacié general
sovint actuen com a modificadors del risc a cancer en aquests portadors de
mutacions |77, 199].

L’analisi de les 95 variants genotipades en els sis loci candidats van suggerir

I’associaci6 entre variants en FPHB1 i el risc a cancer de mama tant en por-

tadors de mutacions en BRCA1 com en portadors de mutacions en BRCA2.
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Caldria destacar la variant rs16842235 ja que sembla actuar com a eQTL
i/o meQTL. Aquesta observaci6 podria ser rellevant si consideréssim que la
expressi6 d’EPHB1 forma part d’un programa transcripcional caracteristic
de les cél-lules mamaries embrionaries [243, 244] i que el receptor de senyal
epinefrina participa en el desenvolupament de la glandula mamaria i en la

diferenciacio epitelial [245, 246].

A continuacid, 'analisi de 2.000 variants imputades del locus EPHBI1 va
mostrar possibles associacions més fortes i senyals en blocs de desequilibri
de lligament diferents en portadors de de BRCA1 i BRCAZ2. Per contra,
la variant rs3732568 del locus (EPHBI), que va presentar associacié en el
estudi cas-control de Polonia, no va presentar evidéncies d’associacié amb
el risc a cancer de mama en portadors de mutacions en BRCAI1 i BRCA2
(Pyalor €n I'analisi d’imputacions > 0,15). No obstant, donat 1’elevat nombre
d’analisis estadistics realitzats, aquests resultats s’han de comprovar en un
nombre més gran de portadors abans de considerar les associacions certes. El
nostre grup es troba a l’espera de rebre noves dades genétiques del consorci
COGS-CIMBA [60, 67] per la validacio d’aquests resultats.

En el tercer objectiu d’aquesta tesi, es van analitzar les interaccions gené-
tiques en les dades del GWAS ja que aquestes s’han proposat com un dels
factors que podrien explicar la missing heritability [122]. Existeixen dife-
rents estratégies per analitzar les GxG a nivell de genoma [159, 247]. El
nostre grup va decidir aplicar 1'algoritme EPIBLASTER [163] perqué per-
metia analitzar exhaustivament totes les parelles d’SNPs que mapaven a
un gen del GWAS en un temps relativament curt gracies a la utilitzacio de
GPUs. Per evitar els estrictes llindars de significacié que porten associats

aquests analisis (pel fet de testar moltes parelles d’'SNPs) i aprofitant el co-
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neixement acumulat a partir dels analisis de les GxG a gran escala realitzats
en organismes model, vam portar a terme una estratégia d’integracié de da-
des de gens i proteines per ajudar a la identificacié de les GxG associades
al risc a cancer. En llevats s’ha demostrat, a nivell genomic, que les GxG
solapen amb les interaccions proteina-proteina en un 10-20% i que també
solapen significativament amb dades de coexpressio génica [156, 248]. A més,
una estratégia integradora ajudaria a interpretar biologicament prediccions
purament estadistiques de GxG. En humans, es desconeixen les GxG que
descriuen les relacions funcionals entre gens més enlla de les interaccions

dels seus productes.

Els resultats del nostre estudi van suggerir que les GxG associades a risc de
cancer es podien identificar amb més seguretat quan s’integren amb rela-
cions/interaccions entre gens/proteines en un subtipus de cancer rellevant.
En aquest sentit, la manca de solapament amb les interaccions proteina-
proteina podia ser deguda al fet que aquestes dades no sén en general espe-
cifiques per un teixit o un tipus de cél-lula. També hem de tenir en compte
que les interaccions proteina-proteina humanes que es coneixen actualment
no representen totes les interaccions que tenen lloc en les cél-lules. Actual-
ment la base de dades HPRD conté 30.047 proteines i 41.327 interaccions
proteina-proteina [126], el que podria representar menys del 50% de les in-
teraccions que possiblement existeixen [249]. Per una altra banda, encara
que els enriquiments mostrats es poden considerar relativament baixos (un
maxim del 36%), la integraci6 addicional de dades d’interaccions entre pro-
teines especifiques del tipus cel-lular podria millorar les prediccions. També
es podrien integrar amb dades de GxG experimentals com les descrites re-

centment en subtipus cel-lulars concrets [157, 158].
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Entre les 205 GxG predites s’hi inclouen gens candidats préviament associ-
ats a risc de cancer i que poden ajudar a acabar de delinear els mecanismes
fonamentals de la carcinogénesi. A més, a partir de la interaccié destacada
entre LPPi SMADS3, vam identificar que en un model cel-lular epitelial de la
mama no tumorigénic, MCF10A, LPP interactuava amb TGFS1 en la via
de senyalitzacio, proporcionant aixi una hipotesi funcional per a I'increment

de risc observat: I'alteracio de la diferenciacio epitelial [206].

Actualment, set anys després dels primers GWAS [49, 53| s’han identificat
76 gens de baixa penetrancia; tanmateix, degut al petit efecte individual
que confereix cadascun, en conjunt aquests explicarien només el 15% del
risc familiar. Si hi sumem el 21% que confereixen els gens d’alta i moderada
penetrancia, tenim que tots els gens de susceptibilitat coneguts expliquen
el 36% de la heretabilitat. A partir dels resultats el metanalisi de cancer
més gran realitzat fins el moment, els autors suggereixen que existeixen
molts més loci (potser alguns milers), la majoria amb 0,95 < ORs < 1,05
que contribueixen a la susceptibilitat. El conjunt d’aquests SNPs explica-
ria aproximadament un altre 14% del risc familiar. Aquests resultats donen
suport a la hipotesi del model infinitesimal [121] per explicar la missing
heritability en cancer de mama. Segons aquesta hipotesi, centenars o milers
d’al-lels comuns, amb efectes relativament molt petits, contribuirien a la
susceptibilitat a la malaltia. Els GWAS portats a terme fins ara, haurien
detectat els al-lels amb un efecte major, el reste dels al-lels de susceptibilitat,
no poden ser detectats degut als estrictes llindars de significacié utilitzats
en els aquests estudis [121, 250]. En aquest context, les GxG tampoc po-
den ser detectades amb robustesa degut als estrictes llindars de significacié
requerits. Aquest fet, justifica la nostra estratégia basada en la biologia de

sistemes, d’analisi dels resultats del GWAS en lloc de centrar-nos en els
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SNPs/gens individualment. D’aquesta manera, a partir de la llista ordena-
da de tots els SNPs/gens en relacié a I’associaciéo amb el risc a cancer de
mama hem buscat la distribucié de grups de gens relacionats funcionalment
millorant el poder per detectar associacions i ajudant a la interpretacié bio-
logica dels resultats. En resum, el conjunt dels nostres estudis han intentat
contribuir al coneixement de la base genética i molecular que influeix en
el risc de desenvolupar cancer de mama. Ho hem fet des d’una perspectiva
de biologia de sistemes, proposant nous gens candidats i les seves interac-
cions funcionals/moleculars (dels productes) associades al risc. Tanmateix,

aquests estudis es troben en evoluci6 i avaluacio.
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5. Conclusions

. Variants comunes en els gens de Cell Communication i Cell Adhesion

podrien influir en el risc a cancer de mama.

. Variants comunes en determinats loci de les driver kinases, particular-
ment en els gens que codifiquen per receptors d’EPHs, podrien influir

en el risc de cancer de mama.

. Variants comunes en el locus EPHB1 podrien estar associades amb el

risc a cancer de mama en portadors de mutacions en BRCA1i BRCAZ2.

. Les GxG associades al risc de cancer podrien ser predites en part
mitjancant els patrons complexes de coexpressioé génica especifics del

tipus de cancer.

. Les GxG podrien contribuir a explicar part de la missing heritability
i inclourien freqiientment gens relacionats amb processos fonamentals
en diferents tipus cel-lulars, com son el metabolisme i la biosintesi de

molécules.
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