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Evyaoietieg

H mapovca Sidaktoeikn Statoifi ekstoviidnke vItd tnv emiPAeyn Tov K-
Inyntn Acwvida AAeEoTTOVAOVL, GTR XY0An Mnyavoloywv Mnyavikov (EMIT).
Oa ndela va Tov euaEIOTACH PadvTata ylo Thy gukoulol ITOU Uov €3wae
VO TTEAYUWOTOTTONG® AUTO TO WOKQEU TOESL, kKodwg KAl ylo Thy VITOLOVI TTOV
£derge oty kovaTéPnon OAOKAE®GNGS Tou. O POAOS TOU NTOV KATAAVTIKOS KL
XWELS TN GUVELGPOQEA TOVL N SraTtEPr avtn dev da UITOEOVGE VAl TTEAYLOTOTOU-
Pel. ZuvemPAémmv vITnEge o gpevvnting AplatotéAng Xatcniwdvvou (IIBEAA).
[IioTeV® TGS €va aTtAd evXaELGT® Sev apKel yia T 6GA QITOKOULGA OITO Tn
GUVEQYOOTOL LOGC. EEKIVOVTOS AT TNV TTER0S0 TV TROTTTUYLOK®Y LoV GITOVI®V
otn XyoAn Xnwkov Mnyoavikov (EMII) kot thv ekmtdévnon tng SLITAOUOTIKAG
epyoolog vIo Tnv eMPAeYNn TOv, GTO €QYAGTHELO MeTABOAMKNAG Mnyovikng
ror BrommAngoopwng tov Edvikov I6puuatog Epevvav (EIE), n cuvegyacio
wag cuvexlotTnke Ko Tnv JreEiodo Twv S8AKTOQIK®Y GTToudwv. ‘'OAa avtd Ta
XQOVLaL, €(0VTOS TO QOAO TOU SUGKAAOV, JewQw TS ue Tnv kadodnynon Kol Tig
GUUPOVAEG Tov, ue fondnce va mEWAGCH OS EQEVVNTAG KOL VO AITTOKTAG® TN [0l
ONUATIKA KO KELTIKR GKEWPN TTOV OTTOLTEITOL VIO TRV TTROGEYYLGN TV GUYYQOV®OV
TEOPANUAT®V GTOV KAAS0 Tng Blotateiking €pevvag. Ot ITOAVWEES GUTNTAGELS
LOG LTV QITOAAUGTIKES Kol ellol 6lyovQog TTwg Ja amoteAéGouv e@OSLo Yo Tn
uetémelta gradtodpouio wov. Oa ndeda emiong va Tov UXOQLGTACW, YT TEQA
0T TNV GUVEQYOGIO WOSC GTO EQYOGTNRQLO, UE EVETAEE GTNV OUAdO TG £TALREIOS
e-NIOS Applications (e-Noesis Inspired Operational Systems) kot pe Boridnce va
KOTAVORG® TOV TEOTO UE TOV OTTOL0 N GUYXQEOVIL £QAQUOGUEVN €QEVVA UITOQEL,
KoL OQElAEL, VO OONYNGEL GTO GYESLAGUO YENOU®Y KOULVOTOU®Y VITNEEGLOV KL
TEOIOVTWV.

Y1evog guveQydTng GTo €Qyactnoro MetafoAkng Mnyavikng ko BiostAngo-
@okng kar atnv e-NIOS vrtrnpge o EAsvdéprog IIIAAANG, 0 0TT0l0G GUVELGEPEQE
ue TS GUUPBOVAES TOU GTO GYESLOGUO TV UeDOSOAOYIK®OV TTROGEYYIGEWY TTOV
TAEOVGLALOVTAL GTn StaTEPn. Oa NAeAa Vo TOV EVXAELGTAG® Yo TRV Kodn-
ueQwn uog cuvepyooia. Emtiong da ndeda va euyaplotiom ta vITtOAoLITo LEAN
Tov gpyactngiov, Tnv ‘OAya ITagradddnua, Tov Kwvetaviivo Boutetdkn, tov
Evdiwo Aadoukdkn, tov tddn BAaydfa, tn 'ewpyla Kovtoyidvvn ko thv
IA6va Matvevustdouy, kadwg ko uéAn tng opddag tng e-NIOS, tn Magidvin
Aoyodétn, tov Iodvvn Xoguavd, tov Aitor Almanza Goikoetxea kot tn Xad
MoacTtedékaAov yia Th GuveQyacia Kol Th Gx€on JTov yticaue OAa aUTd To XQOVLa.

Ytn Sudekela TnG SaTEPNG eTTIGKEQPUNKA Yoo €51 WAVES TV oudda Tou
epevvntn Philippe Krebs gto Ivatitovto I[HadoAoylag touv Iavermiotnuiov tng
Bépvng (EABetia) kou yio mtévte pnveg tnv opdda tov Eric Chevet 6to Kévtpo
yia tnv KataswoAéunon tov Kapkivou (Eugene Marquis) gto IlavemoTnuiokd
Nogokoueio tng Pev (FaAAa). ®a ndeda va TOUS EVYXARLGTAG® YL Th ELAOEEVIAL,
VL0 TIG ETTOLKOSOUNTIKES GUTNTAGELS WAS KOL VIO TR SUVATOTNTA TTOU WOV £dmGaAV
VO GUUUETAGY® GE €QEVVNTIKES TOoUS UeAétes. O GuveQpyaaies wag pe fondncav
VO OlITOKTAGM (WO TILO OAOKANQMUEVN EIKOVA YO TOV QOAO TOU UnYOvikoU GTn
BrotaTEikn €pevva Kot v WA Vo EITKOIVOVE UE ETTLGTAUOVES SLOPOQRETIKMOV



ewwoTNTOV. Oa Ndela va gvxoplotiom tov kadnyntn HAlo MaykAoyidvvn
(ITAIIEI) Ttou 8€(TNKE VO GUUUETEXEL GTNV TEWEAN GUUBOVAEVTIKI ETLTQOTIN,
kodwg kar tnv gpevvntola tov EIE Nikn XovSpoyidvvn, tov kadnyntn tng
YyoAig MnyavoAoywv Mnyavikav (EMIT) Mdpio Avayvewetdrn kol Tov AEKToea
Tov Tunpatog ITAnpogopwng we Epapuoyés atn Blotatoikn (I10) XapdAauito
Kapavika wou §€XTNKAV va GUUUETEYOUV GTNV ETTTAUEAN EEETAGTIKNA ETLTQOTIN.

‘OAa avtd To YEOVIA, VITREEOV GTIYUES AUEIGRATNONG KAl WPYUYXOAOYIKAG
koTmwong. Elpal evyvoumv yio Toug eAdLGTOUS @IAOUS KOl TRV OLKOYEVELD LOU
TOU NTAV JTAvTa ekel, va ue evdaEUvouv Kal vo Ue GTnEiCouv, LAIKA Kol
PUYOAOYIKA, YLl TNV OAOKANQMGN OUTOU TOU SLOOKTOQLKOV.

viit



IIepiAnyn

Ytnv woQovca SatEipi, avasttuxydnke wa vEd VITOAOYIGTIKA TTROGEYYLGN, BaGl-
ouévn gTny W€a TnG avdAluong GNULOGLOAOYIK®Y SIKTU®V, e GKOTTO Ty epunveio
OULK®V SeS0UEV®V, XENGLLOTTOLWVTAS TIS PLolaTEkeg ovToAoyieg. Ot PBlolaTEkES
ovTOoAOYleC aIToTEAOVV gAeyOUEVA AEEIKA 0QYAVOGNGS TNG VTTARXOVGAS YVAOGNS
e kAAdoug tng Broloyilog (TT.x. acdéveleg, LoQLaKES AetTovQyles, UETAPOAIKA
LOVOTTATLOL) KOL YENGUOITOLOUVTAL YO TO GXOAMAGUO T®V frouoeimwv (Kuelng yo-
VISIOV KOl TIQWTEIVAOV), TTOQEXOVTOCS UL TTOAVTTAEUEN GNUAGLOAOYIKA TTEQLYQOPNH
yia to kdde €va. o Tnv vAoTTolNGN TNG GUYKEKQLUEVNGS TTROGEYYLONG, KATO-
okevdotnke wao véa PBipAtodnkn Aoyiouikov. H BipAodnikn TteQieyxel GuvaQTnoels,
KAQGELS KOl QOEC EQYOGLOV YO TNV EVGOUATOGON, ETLEEEQYAGIOL KOL XENON T®V
OVTOAOYLWV, KAJ®MS KOl TNV TOTTOAOYIKN avdAuGn GTOUS YRApous avtav. [a
TNV gQUNVElD TOV OWKWVY dESOUEVOV KATAGKEVAGTNKE UL U £TTOTTTELOUEVN,
OQUTOUATOTIONUEVI, OVAAVTIKIL QO €QYAGL®V, N 0oJtola. GUVEVALEL Tic uedodoug
TNG OVAAUGNG LOVOTIATIOV KAl TG leRdEynong yovidimv, agloTtol®vtos T0 GXO-
Macoud kot Tn doun Twv PlolaTEIK®OV OVTOAOYL®V. YKOTIOC TNG £(val n UETATQOTTH
TNG KOTOVOUNG TOV GNUATOV VOGS TIELRAUATOS VYPRANG aItddoong Ge SIKTLO
GNULOGLOAOYIK®Y GRMV KOl O EVTOTILIGUOS TWV KEVTEIK®V QUIULGTIKWV Blopopinv
TAvew e avTd. Autin n gon epyaciwv ovoudcetan BiolnfoMiner kot evempatovel
AAYOQUIUKES evATNTES TTOU €X0UV avaTtTUXdel ¢ EexwELaTd gpyalelo GTO TTOL-
eeAdov. Ta gpyalelo avTd TAVAGYESIAGTNKOV UE GKOTIO VO, EVOOUATOIOUV GE
€Vl EVOTIOINUEVO VITOAOYLGTIKO £QYOAAELD, IKOVO VO AELTOUQYNGEL GE GUGTAULATA
texvoloylag vépoug. EmimAéov, dnuwovpyndnke wio Qon €Qyacl®dv Sla8Q0cTIKIAG
QITEIKAVIONG TV ATTOTEAEGUATOV GE TreQIRAANOV SieTtapng. Mo €kdoon Tou
BioInfoMiner evoouatodnke ce SLOSIKTUOKNA £@aQULOYR, BacloUEvVn GTO VITO-
AoYLGTIKO cuatnuo Galaxy, yio Tnv avdAvon petayevoulkov dedouévov. Ta
TN GUYKQELTIKA 0vAAUGN GNUOGLOAOYIKWV SIKTUMV avaITTTUXINKAV KATAAANAES
TLOQOUETQEOTIONGLUES GUVOQTAGELS, EV® TIROYLOTOTIONINKE TTOLOTIKA GUYKQLGN
TOV VITAQYOVTOV GNULAGLOAOYIK®OV UETEMV. LTA TTAAGLO TNG TTAQOVGAS SLOTEIPAG,
o BioInfoMiner kou n ev Adyw BiAtodnkn yoncrogtomdnkoyv Ge Teels LeAETEC.
H 710®Tn a@opolce Gtnv gpunveiol LETAYQAPOUK®OV SES0UEVOV, GETIKA Ue TN
ueAétn tov eoAov tng Tewteivng TRAIL gtn Aettovgyia twv NK kuttdowv o
cuvInKeg 10yevols AolumwEng. Xtn Sevtepn UeAETn, KOATAGKEVAGTNKE TO GNUAGLO-
AOYIKO TIROQIA TOU UNYAVIGULOU TNG TTEMTEOGTAGNS YO EKATOVTASES 0QYAVIGULOVG,
UE GTOXO TNV AELOAOYNCN TNG €LEMKTIKNG TOV AITOTUTT®OGNG. TEAOG ueAetninke
TO TEMTEIVIKO SIKTVO TTOU AAANAETILOQEA Ue TS TTEWTEIveS Touv oV SARS-CoV-2,
WGTE VO EVTOTLGTOUV TO Pacikd wotifa tng stadoyovou §pdong tov ko n
GULGYETION TOVU Ue avTigTold SikTua AAA®V TTodoyovey 1ov. Ol ToQAITAV®
UEAETEG OBNYNGOV GE VEO EVENUOTO OELOLS, VTTOGTNEICOVTOS TNV OITOTEAEGUOL-
TikoTnTo Tov BiolnfoMiner, oyetikd ue Tn yelwon tng Sl0GTAGWOTNTAS KOl
TTOAVTIAOKOTNTAS TV GUVOA®V OUk®V dedouévwv. Emiong, emipefalncav 0Tl n
eV AMOy® GUGTNUWIKN GNULOGLOAOYIKN TIROGEYYLGN UITOQREL VO avaSElEEL TOL KOUPLKA
KUTTOQWKA YEYOVOTO Kol QUIMGTIKA Propdplo G Wiol VITO UEAETN PALVOTUTILKNA
cuvdnkn kot va egaydyel kelowun, véa PLoOAOYKI TTANQO@OQLA.






Extetauévn IlegiAnyn

Ewcaywyn

O 060p0¢ «ouKd dedoudvax» YENGLLOTTOLEITAL VIO VO TTEOGOL0QIGEL TA \WPYNPLOTTOUN-
uéva dedouéva Tov TEOKVTTTOUV ATtd PLOAOYIKA TTELQAUATO VYPNANS aTtodoong
KO TTEQLYQAPOUV TN GUVOAMKN KATAGTOGN €VOG GUYKEKQLUEVOL TUTTOU KUTTO-
QWKAOV BLopoElmVv KAl T®V TEOTIOITONGEWY TOUS (TT.X. YEVOUKA, ETLYEVOUKA,
TEOTEOWKA, K.0.. deSouéva), vTtod GUYKEKRQLUEVES Guvinkes. Ou TexvoAoyleg
vYnAng amodoong atn Moguokn BroAoyio doxloav vo avosttiGGovVToL Kl Vo
EQEAEUOTOVTAL LOTIKA, ATIO TIG 0QXES TOL 21lou awwva, KUELWS UETA TNV AITo-
KQUITTOYQEAMENGN TOU avIQ®OITLVOU YOVISIWUOTOG, OTTOTE KAl £YLVE OVTIANTTTA N
EEOLQRETIKN TTOAVTTAOKOTNTO TNG YOVIOLAKNG QUIULGNG KO KUTTOQLKNG AELTOUQYIOC.
[TA0v, xENGWOITOLOVVTAL VIO, TN GUGTNUWKA UEAETN TTOAMTIAOK®WV OGTEVEL®V KL
cUVIET®V BLOAOYIK®OV £QWTNUATMOV, TTOGOTIKOITOLWVTAS TO ETIITESA EKRPEACNG,
eVvdwong kal Aettovgylag Twv Prowopiowv uéca ¢to kUTToQo. H mapdAAnin
OVATITUEN TOV VITOAOYIGTIKOV GUGTAUATOV KAl TOV OVOAVTIKOV Ledodwv yia
TNV OQUTOUOATOTIONUEV OVAAUGN TOV OWKQOV Sedouévmv, odnynce Ggtn eLoymyn
KEIGWUNG YV®OGNGS Yo IAMASES Propdpla, Ge SLoLPOQETIKES POLVOTUITIKES GUVINKEG,
BLoAOYIKA GUGTARATO KOl 0QYAVIGUOUG. [ol Tnv aItoteAecuaTikin opydvamcn
KOL ETTOVOYQENGULOTTOINGN OWUTAGC TNG YVMGONG, KATAGKEVAGTNKAV KATAAANAES
Bdoelc dedoucvmv. Mia katnyopio avtwy elvor ot BlolaTEKES OVTOAOYiES, Ol
0TTOlEG ATTOTEAOVV EAEYXOUEVO AEEIKA e LEQOQYIKNL doUun, OTTOV TTEQLYQAMETIL
n VITAEYOVGO YVOGON GE €VaV GUYKEKQWEVO KAASo Tng Blioloyiog ce popen
AVOYVOGLUN OITO TOUS VITOAOYLIGTES.

Ytnv ematiun tng ITAngogogikng kow tng Teyvntng Nonposivng, o 6pog
OVTOAOYI(OL OVOLPERETAL GTOV TUTIIKG KOl ENTO 0QLGUO ULOS EVVOLOAOYIKNG OLVOLITOL-
QAGTAONG, VIO TNV OAMGTIKA TTEQLYQOAPN VOGS GUYKEKQEIUEVOL Touga. H avastad-
GTOON AUTN AITOTEAEITOL KUQIWS ATTO GTIYUOTUITO GUYKEKQUWEVOV KAAGE®VY (On.
GNULOGLOAOYIKOUS OQOUG), KOL TIC UETAEY TOUS GYEGELS, GYNUATICOVTOS GUVAY®G
Eva eAeyxouevo AEEIKO pe Soun AKUKAOU KATELTUVOUEVOL YRAPOU. EEKIVOVTIS
ATt TNV KOEUEN TOU YEAMOU, 0 YEVIKOS 6p0¢ StakAaditetal e elSIKOTEQOVG, KO-
TOANYOVTAS GTAOLOKA GTA UAAA, SNAASH TOUG TTLO EEELBIKEVUEVOUGS EVVOLOAOYLKA
0Q0VG. XToV KAASO Tng BlolaTEIKAG €X0UV KATAGKEVAGTEL AQKETES OVTOAOYIES
TOU KAAMITITOUV TOUEIS 0TS N KUTTOQKNA AgtTtovyla, ol acdéveles Tou avdew-
TOV, N AVOTOULOL KOL Ol OVOITTUELOKES SLOSIKOGIES 0QYAVIGUOV-LOVTEA®Y K.OL.
H evpela ypnion toug ogeldetor amevos GTO OTL YENGLUEVOUV WS UEGO 0QYAV®-
ONG TNG VITARYOVGAS YVMOGNS KOl APETEQROV GTO OTL AITOTEAOVV AEEKA YO TO
GYOMaGUO TV Blopwoliowy (KUEIMS YoviSimv Kol TIE®TEIVOV), GYNUATICOVTAS WLa
TOA)TIAEVEN GNUOGLOAOYIKI TTEQLYQAPN Yol TO Kdde €va. O gyoAlacuol avtol
ETLLTEETTOVV TN AELTOVQYIKA £QUNVElD TWV OWKAOV deSouévmv, kKadwg kot Tnv
evogtonuévn avdivon etepoyevav dedouévav. T'ia to Adyo avto, TTaQdAAnAL ue
TNV KOTOGKEVN TWV OVTOAOYLOV, OvaTtTUxInkav Sid@oes avaAvuTikés uedodo-
Aoyleg yia Tn UETA-aVAAVGN TOV OUKWV JESOUEV®V, OELOTTOLOVTOS TOV YEVOULKO
KOL TTROTEMUKO GYOAMOAGULO TOV OVTOAOYLOV KOL TN SOUN T®V GNUOGLOAOYIK®OV
TOUG YRAPOV.



Cevikd, n emwegeQyacio Twv oUk®y dedouévwv Katanyel ge wio AleTta Sto-
@oQoToONUEVOY Yovidiwv, RNAs N TToTeivey avalecsa GTIS KATNYOQES TwV
ggetagouevmy detyudtov. Xuvidwg ol MeTeS aUTES ava@EQovtol ®wS "AlGTES
YoVISiwVv”, KOS N QON TNG YEVETIKNG TTANQO@OQIAS YLoL TRV TTAQAYWYR OAWV
TV Bropoplnv gekvd agtd ta yovidia, dndadn OAa to BloudEla JTROEEYXOVTIL
amd €va 1 epLaadtepa yovidia. H 1o evpémg xonaowomotovuevn uedodoloyia
yloL TN UETA-OVAAUGN QUTOV TV MGTQOV, €lvol n avdAucen LOVOTTOTIWV, N 0TTol0
aglogrolel TOV OVTOAOYIKO GYOMAGUO TV BLoloplnv, MGTE Vo €EETAGEL TIC GUVEQ-
VIGTIKES TOUG GYXEGELS KO VO avadelEel To SLapooTtotnévo SiKTuo UnyovIGUWV
GTo oTroio eustAékovtal. H avdivon stpayuatotoleiton pe Sid@oQo GTATIGTIKA
TEGT, TO. OTTOlOL EVTOITICOUV TOUG VITEQOVTIITROCOITEVUEVOUS (L EUTTAOVTIGUE-
VOUG) GNUAGLOAOYIKOUS 6poug yia wa Algta frogoeimv. Mo dAAn uedodoAoyia
TLOU YENGUYOTITOLELTAL YLOL TOV EVTOTILGUO TV TIO GNUAVTIK®OV Blopwoeinv, yio
wa Sedouévn guvinkn (.. acdevela, WOELAKS unyovieuo), elval n leQdoynon
yoviSiwv. H agloAdynon twv vtopnelov yovidiov Pacitetal aTny GUGYXETIGNR
Toug elte ue yovidia ava@oQdg eite ue AEEELS KAEWLD KOl GNULAGLOAOYKOUG
0QOVG, TTOV FeWQEOVVTOL AVTWITROGMITEVTIKA Yo Thy ggetacouevn guvdnkn. [a
TNV 1lEQEAEXNON TOUS GE GYEON UE TO KELTRELOL OVOPOQAS, XONGUWOTITOEITAL O
OVTOAOYIKOG GYOAMAGUOS TOUG Kol Aowtd dedouéva astd taAndopa BAcewv.

YUVOMKd, 0 OVTOAOYIKOG GYOMAGUOS TTEQLYQAPEL TOL AELTOUQYIKA YOLQOKTNQL-
OTIKA KO TO PLOAOYIKO QOO evOg Blopopiov. Emrouévag mrepieyel tny asartovuevn
TANEo@oELa yia vo GuykeWoUv §Vo N TtepLacdTepa Plopwdgla, ue Pdon Tic Aet-
TOUQYLES TOVG, TOUG UNYAVIGULOUS TTOU EUITTAEKOVTOL N TIC AGUEVELES UE TIC OTTOlES
cvoyeticovtan. H glykplon autn ovoudgetol GNULAGLOAOYIKA, KOJ®OGS eEeTdLel
TNV ouoldTnTo oUdd®V GNUOGLOAOYIK®V OQMV, OLELOITTOLOVTAS TNV TOITOAOYI
TOVUG TTAV® GTO YEAEPO Tng ekAGTOoTeE ovtoAoylag. H onpacloloyikn avdivcn
TEOEEYETAL AITO TV TIGTAUN TS [AwGGOAOYIOGC, GITOV KOl XENGULOTTOLEITAL YOl
TOV UTTOAOYLGUO TNG OUOLOTNTAS AEEE®V KOl @RACGE®V. XTnv BlolatQikn, £xouv
TmoTadel SLAPOQEES TEYVIKES KAl LETEO GNULAGLOAOYIKAG OvAALGNG, UE GTOXO TV
OKQEPN EKTIUNGN TNG OULOLOTNTAS TOV ORMV KoL KAT ETTEKTAGN TOV BLoLoeimv.

Teyvikd M£gog

2Tn GuyKeRQWEVN SI8OKTOQIKNA SLoTEPN, GXESIAGTNKE Wa VEQ VITOAOYLGTIKNI
TROGEYYLON, Paclouévn GTny WEa TG AvdAuoNng GNUOGLOAOYIKOV SIKTU®WV, U
GKOTIO Th XENON TwV BLOlOTEIKOV OVTOAOYLOV YO TRV TTOAVITAELEN gpunvela
owk®V dedouévwv. T'o Tnv VAOTTOINGN KATACKEVAGTNKE Wo. vEa BiAodnkn
AoyloukoV Ge YAwaaa Teoyeauuaticioy Python 2.7, n ottola Tepléyel GuvaQti-
Gelg, KAQOELS KOl QOEC £QYOCLMV YLl TNV ETTEEEQYAGTOL KOL XQNGN TV OVTOAOYL®OV
KOL TOV YEVOWK®V GYOMAGUL®OV TOUG, TNV AIJTOUNKEVGH TOUS GE KATAAANAES
GVAAOYES Tng MongoDB, tnv ToToAoylkn avaAucn GTous YRA@OUS TOUS Kol
TN GNUAGLOAOYIKIL GUYKELoN Plogopiov. H ev Adyw VITOAOYIGTIKN TTROGEYYIGN
VAOTTOININKE OC WOl U €ITOTTTEVOUEVI, OLUTOUOTOITOINUEVIL, OVAAVUTIKA QON
£QYacLwV, TTov ovoudieton BiolnfoMiner, kat guvdudiel Tic pedddoug tng avd-
AUGNG UOVOTIOTIWV KOl TNG leQdEYNong yovidiowv, Ue GKOTTO VO €VTOTIIGEL TO
KQEIGWO SIKTUO GNUILOLGLOAOYIK®V OQ®V TTOV GUGYETICETOL UE TO ATTOTEAEGUA TNG
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OWKNG avAALGNG KoL Ta BLOUOQLL EKELVA, TTOV £XOUV KEVTEIKG QUIWMGTIKG EOAO
TAvew 6To diktvo avtd. o Tny vAoTToinon emavacyedidotnkav §vo alydprduol
(StRAnGER, GOrevenge) Ttou elyoav avartuydel 6To mapeAdov GTo £QyaGTNQELO
MetapoAikng Mnyaviking ko BiomtAngo@ogikng touv Edvikov I§puuatog Epeuvav
(EIE, Adnva, EAAGSa). H véa vAoroinon emitemel Tnv eUKOAN eVOOUATOON
VEWV OVTOAOYL®YV, YO OTTOLOVONITTOTE 0QYAVIGUO, GE avTideon Ue TS TTEONYOVUEVES
eKROOGELS TTOV VITOGTNEICOVV UGVO TNV AVAALGN UE OVTOAOYIKOUS GYOMAGULOVS
TOL aVIQE®ITOV KAl TovU JTovTkoV. ETtistAdov, ogiouéva frigata tng avdiuong
Touv StRANGER mapalinAogtomridnkav yio thy taydtepn ektédeon toug. ‘Ocov
a@od tov GOrevenge, TQOTTOTIOMNAINKE 0 AAYOELILOGC KOL TOL KELTAQLOL LlEQAQXN-
ong TV Yovidimv TTdve GTO GRUOGLOAOYIKO SIKTVO, UE GKOTIO TNV £EAY®YN WS
BEATIOTNG, LOVASIKA 0QLGUEVNG VITOYEAPNGS. H GUVOMKA QQYLTEKTOVIKN TNG QONG
EQYAGLMOV TIROPAETIEL TNV EVKOAN EVEOUATOGN TNG GE EIKOVIKEG VITOAOYIGTIKES
UNYAVEG, GTO TTAAIGLO TV TEXVOAOYL®OV VEQOUS. ETtistAfov dnutovpyndnke yio
QON €QYOCLOV ATTEIKOVIONS TOV OITOTEAEGUAT®V GE LOEPN SLeEoVS YRAPOL,
OITOV GTNV WL TAEVEA TOV AITOTUTTWVETAL TO KQIGWO GNUAGLOAOYIKO SIKTLO
KoL GTnV dAAn ta tegagynuéva yovidia. To teMko Sidypoauua TteofdAAETOL GE
TEQPRAAAOV SLETTAPNG, e XENON TNG YAMGGOS TROYQAUULATIGLOU JavaScript kot
g PipModnkng D3, n ogrolo £TmiTEETTEL TN SLASQAGTIKI OITEKOVIGN.

H véa fipAtodnkn AOylGUIKOU ETTLTEETIEL TNV AVASIOULOREP®GN TG QONG £Q-
yaol®dv tov BiolnfoMiner, 0Gte va e@auoctel e €va vl MAGUA EQYAGLOV
BLOTTANQOPOELKNAG avAALGNG, TTOV EKTEAOVVTOL GE SLOPOQRETIKA AELTOVQEYIKA GU-
otipata kot JreQidArovta. o Ttapddetyua, ota TtAalicla Tng StaTEPng, o
¢€kdoon tov BioInfoMiner evowuatodnke e StadikTuakn e@aguoyn, faciouévn
GTO VITOAOYIGTIKO guaTthuo Galaxy, tnv TAateopua ANASTASIA, yio tn Aet-
TOVQEYIKN AVAAVGN UETAYEVOULK®OV SetyudT®v. O TTKVQOUEVOS GYOMAGULOS TG
Gene Ontology, coupava ue tn fdon dedouévwv UniProt/SwissProt, yia éAoug
TOUG TIQOKAQUOTIKOUS 0QYAVIGLOUGS, EVOOUATOINKE Ge €va evialo Gxnua, 0Itou
kdde yovidio yoapaktnglicetonw aItd £€va LovadSikd GET GNUAGLOAOYIKOV OQMV,
OVEEAQTNTO QLITO TOVS OQYAVIGULOUS GTOUS 0TTolovug Guvavtdtol. ETimAéov n gon
epyaolov Tou BiolnfoMiner tpottomtomidnke ®aGte vo evenuatodel wg £exwlato
AVOAVTIKO PAUA GTIS GERES eQYaaldV Tng TTAAT@oouas ANASTASIA, Sexduevo
¢ €lgodo To amotéAdecua tng avdivong tov gpyaietov BLASTp, elte amevdeiag
elte uetd agtd yio Stadikacio eIATEOQRIGULATOS TOV ATTOTEAEGUATOV UE KQLTAQLAL
oplouéva aItd tov xpnatn. H cuykekpuuévn vAomoinon KATadelkvUeL TRV gveL-
glo kow evypnotdTnta Tov BiolnfoMiner, stov usopel vo evoouatwdel evkola,
WG EVOTIONUEVO KOL OQLUTOUATOTIONUEVO €QYAAEID GE SLAPOQEA VITOAOYLGTIKA
TEQRAANOVTAL.

E@aguoygg

H 18€a Tng onuaGloAOyIKNG GUYKELGNG TV Plogoinv ue BAon Tov ovToAOYKO
GXOMAGUO TOUG, €XEL OONYRGEL GTN UEAETN TNG JOUNS TWV AVTIGTOL(®WV YRAP®V,
UE OTTOTEAEGUA TOV OQLGUO TOTTOAOYIK®V LOLOTAT®Y KOL TRV AVAITTUEN GNUAGLO-
AOYIK®OV UETEQ®V, Yla TV eKTiUnon tng oyotdtntag dVo 0pwv. XThv TTOQOoVGA
Sratepn agoAoyndnkav or VITARYOVGES TEXVIKES VITOAOYIGULOV TNG GNUAGLOAO-
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VKRG opoldTnTag, ue PAcn €vo TTROTEWVOUEVO TTAALGLO KOVOVOV GUUME®VO UE
tnv avdpwtivn Aoyiki. I'ia Tov GKOTTO AvTd KATAGKEVAGTNKE VOGS TEXVNTOC
OVTOAOYIKOG YRAPOG KOl XQENGLLOTIOL®VTAS TO €V AOY® TTA{GLo, oQlaTnKkav Cevyn
0QWV € GNUOVTIKEG GNUOGLOAOYIKES SLOPOQES. LTh GUVEXELD OELOAOYRINKAY
SLd@oEa UETEA VLol TNV KAVOTNTA TOUS VA OVOITOQAYOUV TRV TTROTELVOUEVI
1EQAEXNON TV CEVYMV, BAGEL TV GNUAGLOAOYIKOV ouolotitwv. H avdivcen
KOTESELEE TTWG TAL ATTOTEAEGUATIKOTEQO UETEA, XWEICOVTAL G V0 KATNYOQE(ES
AOY® TV eAMEPEDV TOVGS: GTA AVGTNEA UETEO TTOU VITOAOYICOUV (Bleg TIUES
OUOLOTNTOG VLo OVOUOLOL CEVYN KO GTOL UETQEO TTOV TTALRAYOUV TWES UEYOAVTEQNS
SLacTToEAS KO €lvol £TTREETIN G AOVIAGUEVEG EKTIUNGELS GTNV LEQAQYNON T®V
cevyov. Kadog n emdoyn tov katdAAnAov pétpov astotelel £va TteépAnua
aVTIGTATUWONG TG LeQOANYIOGS TTAV® GTOV OVTOAOYIKO YRAEO, elval avaykaio
n avdITuEn véwv, BEATIOUEVOV UETEMV, TTOU da vodeToUV TO TIROTELVOUEVO
TAQIGLO KAVOV®V GTO GUVOAO TOU.

Yta Aol Tng mapovcag dtateprg, o BiolnfoMiner kot AAAEG QOEG €p-
YAGL®OV Kol QoVTiveg Tng PipAodnkng yencwosiomdnkav ce toelg ueAétes. H
TEATN APOQOVGE TN GNUAGLOAOYIKA EQUNVEID LETOYQAPWUWK®Y SedouEvav, TTOU
TaQnyINGaV ad TERALATO VPRAIRG ATTOS0oNng Yo Tn LEAETN TOV LN KOVOVIKOU
eoAov tng Trpwteivng TRAIL gtnv evepyoTtoinon twv NK Agu@orkuTtTdmv Ge
guvidrikeg 1oyevoug Aoluweng. Ta NK kiUtTtoga €ouv anuavtikd QOAo GTny eyyevii
avoacia Tov avdEITVOU 0QYAVIGULOU KATA TNV Loyevi AOUWEN KOL TO GYNUo-
Tioud dykwv. H dpdon toug mepilaufdvel thy €kkElon elte KUTTOQOTOEKOV
KOKKLOKUTTAQMV £(TE KUTTOQOKIVAOV UE GTOXO TN VEKQWGON TOV KUTTAQ®WV-GTOXWOV.
Mo 0ITO TIS TTORAYOUEVESG KUTTAQOKIVES elvar kow n Jtewteivn TRAIL, mov
TIROGOEVETAL GE GUYKEKQLUEVOUS VTTOS0XEIS TOV KUTTAQWV-GTOXWV KOl EVEQYO-
Ttolel Tov unyavioud tng astomtoong. IToAAEG uedéteg €xouv KATAYEAPEL un
kavovikoug poAovg tng TRAIL, katd Toug oTtoloug Oyl WGvo Sev evepyoTTolElTOL
n aTTOTTTOCN, AAAD TTAREUITOSICETAL O KUTTAQIKOS JAVATOS KAl N YEVIKOTEQN AVTL-
UETAOTON TG AOIUWENG, EVE GE TIEQLITTWOELS OYK®MV EVIGYVOVTAL Ol Ny AVIGULOl
TNG OVOITOQAYWYNG, ELGROANG KoL LETAGTAGNGS. TNV £QEVVO, TTOVU TTROYUOLTOITOL-
ninke gto Ivetitovto Iadoloyiag tov IMavematnuiov tng Bépvng (EABeTia),
TEAYULOTOTIONINKE GELRA TTELQOUATOV YL TR UEAETN TOU Un KOVOVIKOU QOAOL
tng TRAIL otnv Aettovgyla twv NK KUTTAdQwV TTOVTIK®OV, KATA Tn AolumEn
agté TO AEUPOKRVLTTAQWKO 10 Tng xoerounviyyitidoag (LCMV). Ta astoteAécuata
€delgav mweg n Jrapaywyn tng TRAIL awd ta NK kUttopo oxeticeton ue tn
eVdwon tng dpdong twv CD8 T kuTttdEWv, UIToditovTag Tnv gvepyoTtoincn
TOUG KOl KOUGTEQOVTOS TNV AVTWETOTIGN TNS AoluwEng. EmumtAéov, n TRAIL
euIToditel TNV ITAEAYOYN dAA®V KUTTAQOKIVAV, OTIwS N VTEQEEQEOVI VAU
(IFN-y), ko €TTAYEL TRV TTOQAY®YR TOU YeAveEVIUWOU B u€cm tou povortatioy tng
wtepAevkivng 15 (IL-15), mbavitato GUUUETEXOVTAS GTNV EVEQYOTTOINGN TOU
wovortatioy) PISK-AKT-mTOR. Me 6komd tnv mepantépm UeAétn tov QOAov Tng
TRAIL, mtpayuatostomidnke UeTaypa@ouki avdivcn e dekatéaaepa delyuata
NK kuTtdowv, To 0TTOol0 AITOLOVOINKOY ATt Th GITANVO T®V TTOVTIKOV KoL
StayweloTnkav e T€60eQLS KATNyoQleg ue BAcn Tn LoELokn Kol ITOJOAOYIKA TOUS
katdoTacn: gteAéxn ayptov-tugtouv (Wild Type - WT) kou gteAéxn ue éAAenpn
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tng TRAIL (TRAIL Knock Out - KO), vyin kow poAvouéva ue tov 10 LCMV.
H emegepyacio twv dedousvwv sregieAddupave tTn GuvaQuoAdyncn tov yoviSi®-
LLOLTOG, TNV JTOGOTIKOITOINGN TNG €KMEACNGS TV Yovidiov e kdde Selyya ko
TOV EVTOTIGUO TOV SLOPOQEIKA EKPEAGUEV®V YOVISIWV UETAEY TOV WOAVGUEVHOV
KOL VYLV detyudtov Tng (Sta Loplokng katdotoong. Emouévmg, or 600 AMaoteg
YoVISi®wV JTOU TTEOEKVPAV ATTOTUITOGAV T SLPOQOITOINGN TG UETOYQOPLKAG
Sradikaciag ota NK kUTTOQ0 KATA Tn AolUmEn GTny TTeRTTTwoNn TOV GTEAEX®V
AyQLoV-TUTTOV, KAl G€ aUTN Tewv aTedexwv ue éAdetpn tng TRAIL. Xtn cuvéxela
xenowottomdnke o BiolnfoMiner kow ov ovtoAoyiec Gene Ontology kow Reactome
yloL TN AELTOVEYIKN €QUNVEID OVTAOV TV MGTOV. ETNITALOV Ue xpnon oQueuévmv
GUVAQRTRGEMV NG PPALOINKNGS AOYIGULKOV, GUYKQIUNKAY Ol TOTTOAOYiES TwV §V0
TTAQAYOUEVWV YOAP®OV EUTTAOVTIGUEVAOV OQ®V KOl TTROGOLORIGTNKAY Ol LOVASIKA
EULTTAOVTIGUEVOL GE oL ATTO TIC V0 UOQLOKES KATAGTAGELS. Me Tov TROTTO auTo
EVTOTTIGTNKAV PBLOAOYIKES Sradikacles Kol LoQLOKA WOVOTTATIOL TTOU SLolpOQO-
Tondnkav uévo e ula asto TIg SU0 KATAGTAGELS AOTUMENS, VITOSEIKVVOVTOS
v tEoToToincn tng Asttouvylas twv NK kuttdeov Katd tnv eveQyoTtoinon
Toug, AOyw EAMenpng tng TRAIL. Ta asrtoteAéouata tng avdlvong etaindevcav
OQLGUEVA OTTO TAL TTRONYOUVUEVA TIELQOUATIKA EVERUOTO YO TOV W KOWVOVIKO QOAO
g TRAIL. ZuykekQuéva, n avoGoAoyIKI aTtoKELGN AyELOV-TUITOU GUGYETIGTNKE
1e 6QOVGS TTOU CLPOEOVV TNV OEVRTIKA QUIUIGN TNG TTARAYWYNS KUTTOUQOKLVOV
KOL TO GnUOTodoTIKA povortdtia tvtepAeukivey kol PISK-AKT-mTOR. Avtideta,
oe guvinkeg éAlerpng tng TRAIL epstAovticTnkoav 0pot GyeTikol ue tn Jetikn
eLIULGN TNG TTARAYWYNS KUTTAQOKLVAOV KoL TNV aQVRTIKA eUdUlon Tou SikTyou
PISK/AKT. Ot AMoTeG TV 1EQOQYNUEVOV YOVISIWV TTOQOVGTOGAY UeydAn €ITIKA-
Avyn, ue TTOAAG KOWVA YoviSla TTOU TTAQAYOUV GRUAVTIKES TTQMTEIVES Yol TV
OVOGOAOYIKN AITTOKQLGN (LVTEQEAEVUKIVEG, VTEQMPEQOVEG, YNUELOKIVES KOl TTOQAYO-
VTEC VERQMWONS OYK®V) KAl GTIS §V0 TTEQLITTMGELS. LUUTTEQAGUATIKA, N EQUNVELQL
TOV UETAYQAPOUKOV SeG0UEVOV KATAPERE VO AVASEIEEL TIG WKQOSLOLPOQES GTNYV
OVOGOAOYIKN QITOKELON TV dVO LOELIKNOV GUVINK®V, eTtaAndeoviog evenuata
TV TTEONYOVUEVAOV TIELQOUATWYV.

Ytn Seltepn UEAETN, KOATOOKEVAGTNKE N GNMUAGLOAOYIKN TTEQLYQOPN TOU
UNYOVIGULOV TNG TTEWTEIVIKAG OUOLOGTAGNS (TIE®MTEAGTAGN) GE EKATOVTIADES 0Q-
YOVIGLOUG, UE GTOXO TNV AELOAOYNGN TNG EEEMKTIKAG TNG QITOTUITTWGNG, KUEIMG
0TS Pacikés Tagvoukes Paduides (Evkapuates, Baktripua ko Agyoia). H
TE®TEOGTOGN GUVAVTATAL GE OAO TO €l0n KUTTAQ®WY Kol aItoteAeiton amd €va
TOA)TIAOKO SIKTLO SLASIKAGLOV TTOV €TTNEEALEL TO £TT(TIESO €KPEAONG, TN Olal-
LOEE®GON KOl TN GUGGOEEVGN TV TTEWTEIVOV, eAEyxovTaS Th cguvdeon, Tnv
avadimAmon, Tn LeETO@OQEA Kot Thv agtodouncn Toug. ELEMKTIKA, 0 unyoavieiuog
Tng TEwTedcTACNS €xel Srapopemdel yia kAde oQyavioud, OGTE va TTROGAQ-
LOGTEL N KUTTAQIKN AELTOVQEYIOL GTIC EYYEVEIS KOl EEWYEVEIS OLITOLTNGELS, EVA N
Un @UGLOAOYIKIL AELTOVQYIOL TNG GUGYETICETAL UE TNV KUTTOQIKN YRQOVGN KO
v eu@avion acdevelv. Ol TTOQASOGLAKES TEXVIKES PUAOYEVETIKAG OvAALGNG
Bacigovtal KUEIMS GTN GUYKELON GUYKEKQUEV®V YOVIOLAK®V KOl TTRWTEIVIKAOV
QAANAOLYL®V, TTOU VTTAEXOUV GE OAQ Ta efeTagoueva €ldn, Kol KATAAILYyOUV
GTNV KOATAGKEVN €VOG PUAOYEVETIKOU SEVTEOVL, GTToV €ldn we ouoteg aAinAovyleg
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TOELVOLOUVTAL GTO (610 KAASL. XTn GUYKEKRQWEVN UEAETN, TTAROVGLAGTNKE ULOL
véa uedodoloylo UAOYEVETIKNG avdAuong, n ogtolo Bacitetol GTo AELTOUQ-
VIKO TIROMIA TwV 0QYOVIGU®OV Kol OXl GE UELOVMOUEVES LWOELOKES OAANAoUXIES.
YUYKEKQULEVA, GYNUATIGTNKE TO GNUOGLOAOYIKO SIKTUO TNG TTEMTEAGTAGNG, UE
0poug tng Gene Ontology (Biological Process), yio ekOTOVTASES 0QYOVIGLOVS
(93 Apyaia, 250 Baktripia ko 94 EukapuaTteg), avaldoviag MGTeg yovidimv
TTOU EUWTTAEKOVTOL GE KEVTRIKOUG UNYOVIGULOUS TNG, GUUE®VO Ue Tn BiAoypapia.
XTn GUVEXELO TTEAYULATOTTONINKE GNUOGLOAOYIKA GUYKQLGN OQUT®OV TOV SIKTU®WV,
WOTE VO KATOAGKEVAGTEL TO OVTIGTOLXO PUAOYEVETIKO OEVTEO Ko va eAeyydel
n IKOVOTNTO TG TEMTEOGTUCNS VO AELTOVQYNGEL WG OEIKTNG TNG EEEMENG TWV
ewwv. EmatAéov evtoTticTnkoy To TUALATO (Unyoviouol) Tov SikTUwV TTov
euwpavicovtar e OAa Ta ggeTacoueva €ldn, aAAd KAl GUTA TTOU OITOTEAOVV
KQELTAELO S1o(wELGUoU TV PAGIKOV TAEVouK®OV aduidwv. Tédog, uedetndnke n
eTIOQOON TNG TEOTEOGTAGNS GTNV IKAVOTNTA AAA®WV KUTTAQIK®OV WNYAVIGUL®OV Vi
XONGYWOTIOLOUVTOL WG €EEMKTIKOL OelkTes. Ta aTTOTEAEGUATO TG PUAOYEVETIKNG
avdAvong €5eEav TG N TEMOTEAGTAGN UITOQEL VoL StaywelceL T TELOL TAEVOULKA
Bacilela ue akeifela Tapdopola ue avti tov gyocmwiko) RNA (rRNA), To omolo
agtoTelel TO TO EVEEMS XENGULOTIOLOVUEVO KQELTRELO (PUAOYEVETIKNG GUYKQLGNG.
EmimrA€ov arodelytnke 10 AITOTEAEGUATIKA OITO TIG AAANAOUYIES TWV TIEWTEIVAOV
Yepukot) gok (HSP40 kar HSP70), ot omtoleg elvor KeVTQIKA WOELOL YO TO GUVO-
MKS unyovioud tng mewtedcstacng. Ta Kowvd TURLOTO TG TTEOTEOGTAGNS TTOU
GUVAVTOVTOL GE OO Ta €ldn apoovv GTny avadiTtAwon, LeTapod Kol UETAPO-
MG TOV TE®TEIVOV GTO KUTTAQO. AVTIIET®OGS, 0G0 AvVOTEQOS EeMKTIKA elval
£Vag 0QYOVIGUOG, TOGO EULPAVICOVTOL TTEQLGGATEQES QUIMGTIKES dradikaacieg TTOU
EUTTAEKOVTAL LE TNV 0QYAV®OGCN, TN GRUOTOdSdTNGN, TNV ATTOKELGN KoL TO JdvaTto
TV KUTTAQR®V. XTO TEAEVLTAl0 UEQPOS TNS avdAvong ekTUnINKe n LMK TIKN AITO-
TOT®OON AAAWV GUVTRENUEV®VY BLOAOYIKKOV UNYOVIGUL®OV, T®V 0TTOlOV N akeiBelo
GTOV JLaY®WELGUO TOV TAELVOULK®OV BAGIAEI®V LELOVETAL, OTOV 0LPOLQOVVTIL T
TUALOTO TNG TTEOTEOGTAGNS OTT TO GNUAGLOAOYIKO TOUS TTRo@iA. H cuykekouévn
UEAETN KATESELEE TNV TTOAVAELTOVQEYIKOTRTA TNG VEAS PAtodnkng Aoyieuitkon,
KoD®GS kAt Ty eveMgla Touv BiolnfoMiner, gtnv eveoudtm®on Kol GhULOGLOAOYIKI
eounvelo Sedouévmv yla EKATOVTAIES 0QYOVIGLOUGS, UE SLOPORETIKG OVTOAOYIKO
oxoMacuo. H spotetvduevn uedodoloyla @uloyeveTiking avdAlvong StapEpel agto
TIC VTTAEXOVGES KAJWS agloTrolel T AELTOVQYIKA XOEOKTNELGTIKA TV Blopoplnv
KOL OYL TS LELOVMUEVES AAANAOLYIES TOUG, GIVOVTAC GNUAVTIKES TTANQOMOQLES
VIO TO TGS N €EEMKTIKN Tilegn odnynce GTn SnUlovEyio VE@V LNYOVIGUL®OV KoL
TL0 TTOAVTIAOKWV cuaTtnudtov. H epaguoyn tng €58elfe TS 0 unyaviouog tng
TE®TEOGTAGNS GUVSEETAL e AAAOVES KEVTEIKOVGS UNYAVIGULOUS TNG KUTTOQUKNG
Agrtovgylag kar witopel va dewpndel wg delktng Tng TOAVTTAOKSTNTAS TNG.
Ytnv tedevtala eQyacio, Le a@oeun Tnv Ttaykocwa Jravonuio tov SARS-
CoV-2, uedetnidnke 10 TEMOTEIVIKO SIKTUO TV AVIEOTIVEOV KUTTAQRWOV TTOU
aMnAeTtided pe Tig EwTelveg Tou SARS-CoV-2 gta Sidpopa GTddia Tov kol
KUKAOL CONG, TTROKEWEVOU VA EVTOTILGTOUV Td Bacikd wotifa tng stadoydvou
dpdong Tou KAl n eTidpacn Toug GTn AelTovEYla TV AVIEOTIVEOV KUTTAQ®V.
ETutAéov TToayuaToItotndnke GUYKQLTIKA AELTOUQYIKN avdAucn Tou ev AOYy®
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TEMOTEIVIKOU SkTVOL Ue avticTolya diktua dAAA®V Tadoyovav LoV, XENGLOTTOL®-
VTOG YVWOTES PLOtATEIKES OVTOAOYIES, Le GKOTIO va evtomiaTel Tdavin GueyETion
VTV Tov v ue Tov SARS-CoV-2. Ta srpwteivikd SikTua TTR0oGd00lGTNKAV
OITO JTOQOUOLOL TTELRAUATO Ue Tn wEdodo GUTEVENGS XEWUATOYQOPIOS GUYYEVELAS
ue @acuatouetplog udcag (AP-MS), 6ta omolo aviyvelTnKav oL TTEMTEIVES av-
PeOTVOV KUTTAQ®V TTOU AVTIOEOUV AUEGA e TIEWTEIVES TOV ekdGToTE 10U, H
onuacloAoyikn gpunveios Tou Siktvov Tov SARS-CoV-2 ue Tig ovtoloyieg Gene
Ontology kai Reactome aveédelge g 0 106 avtded pe TANY®EO TTEOTEIVWOV
TTOVU GUUUETEXOVV GTNV 0QYAV®ON T®WV KUTTOQIKAOV TUNUAT®OV Kl Tng ueufedvng,
gTn EUIWIGN TOV KATABOAGULOY Kol ThG GTadepoTntag Twv RNA poplwv ko Ge
SLadkaGleS TNG TTEWTEOGTAGNG, OTIOS N AVASIITA®MGN KL N LETOPOQRA TV TTE®-
TEIVOV KOL NI AITOKQLGN GTO GTRES TOoL evdoTtAacuaTtikol diktvov. Emmpocieta,
n gounvela pue tn yenon tng MGIMP avédelge 6poug GYeTikoUS ue SLdpoQeS
aoVEvelEg KOl TTROPANUATO TOU KUKAOQPOQEIKOU GUGTHUATOS KOl VEVQOEKPUAMGTL-
kég wadnoelg. H epdoynon tov meotelvedv KatéAnge e wio Stevpuuévn Alata
oySOVTa TTEMTEIVOV, UELWVOVTOCS TNV QYK AGTO TTEQIITOV KATA TEGGEQLS POQEC,
ovumeQulaupdvovtac TTemwteives ue Koufikod QOAO GTO GNUAGLOAOYIKA SikTLa
TLOU KOTOGKEVAGTNKAY, EV® TTOAAEG €5 QUTHOV UEAETOVTOL S GTOXOL Yyl Tn
Yepamela tng COVID-19. H guykoitiki avdAvon pe To TEOTEIVIKA SikTua TV
ALV 1OV eaveépwae vYnin cuayetion Tov SARS-CoV-2 ue toug evtepolovg
Coxsackievirus Al0 kar Rhinovirus C15. ZuvoAkd, n yeAétn estoAndevce tnv
VTTAEXOVGA YV Yo Tn dpdon kot Ti§ emitocels Tov SARS-CoV-2 gin
Agttoveyla TV KUTTARMV, EVK TOGO N 1EQaQYUEVN MGTA TTEMOTEIVOV, OGO KAl O
AELTOVQEYIKOG KOl PALVOTUITIKOS GUGYETIGULOS TOU UE TOUGS EVIEQOLOVS WITOQOVV
VO, OSNYNGOUV GE TTEQALTEQ® TIELQAULOATO KOL EE0YWYN VEAS YVOGNG.

Emiloyog

Ou yedodoloylec TOU avaTTTUXINKOV GTRY TTOROVGA SaTEPN, KADMS Kol ot
EQPOQUOYES TOUGC GE SLOPOQRETIKES UEAETEG, AITESELEAV TNV TTOAVAELTOVQYIKOTNTA
™G véag PipAodnkng AoylGUtkoU yio Tnv avdAucn TV GNUILOGLOAOYIK®OV SIKTU®V.
[evikd, n €€aywyn TANQEOMOEINS/YVOGNS UE TN XENON GNUOGLOAOYIK®Y SIKTU®OV
BaciteTol KVEIWS GTNV AELOTTOINGN TG VITARYOVGAS YVOGNS KoL SEV €TTnQedeTol
aTTo TS TWES TV TELRAUATIKWV dedouévwv. ETtouévme n tpoceyyion auti uitoget
va xenowwotomdel yio oIrolodnItote TOTTO PlowoEimv VITAEXEL OVTOAOYIKOS
GYOAOGUOG. AvTicTolya, n pon goyaciov tov BiolnfoMiner, stou astoteAel
EVOL EVOTTOINUEVO £QYAAELD, TKOVO VO EKTEAEGTEL GE SLOPOQRETIKA VITOAOYLGTIKA
GUGTARATA, UITOREL va yenalwostondel yia Tnv BLOAOYIKA epunvell SLOLPORETIKWV
owkwVv dedouévwv ue wa TTAndwea ovtoloyiwv. Téco ov texvoloyleg vpning
aTtodoong, 6Go KAl 0 TEOTTOG 0PYAVMGNS TNG YVOGNGS GTO OVTOAOYKA GYAUATO,
EXOUV QTAGEL GE €va eTITESO WEWOTNTAGC KL £XOUV KATAGTEL AVOITOGITAGTA
epyolela ylo tnv emigtnun tng Brodoylog Zvatnpudtov. o tov Adyo avto,
ot Jtpotevoueveg uedoSoAoyleg ylo Th GUGTNULKI GNMULALGLOAOYLKA €QUNnVElDL Kol
GUYKQLON TOV OWK®OV deSouévmv elvor xENGYES Oyl WOVO Ylo TO GRUEQO TNG
BlotatEkng €peuvag aAAAD KoL Yol TO UWEAAOV.

XVil






Abstract

In this doctoral study, a novel computational approach was devised for the
interpretation of various omics data, based on the semantic network analysts,
exploiting the biomedical ontologies. Biomedical ontologies constitute controlled
vocabularies, which are used to organise the existing knowledge in a specific
biological domain and annotate the biomolecules (mainly genes and proteins),
providing a multi-faceted semantic description for each one. A novel software
library was constructed in order to implement the above computational approach.
The library contains versatile classes and configured workflows for the integration,
processing and manipulation of biomedical ontologies, as well as the topological
analysis on their graphs. Within the frames of that library, an unsupervised,
automated, analytical workflow was developed for the semantic interpretation
of omics data, which combines the execution of pathway analysis and gene
prioritization, using the annotation and structure of biomedical ontologies.
Its final goal is to transform the distribution of signals of a high-throughput
experiment into a semantic network and detect the pivotal regulatory biomolecules
into it. The workflow, named BioInfoMiner, integrates algorithmic modules that
have been developed as separate tools in the past. These tools were redesigned so
as to be optimally integrated in a unified analytical pipeline, operating in virtual
machines of cloud technologies. Besides, a novel workflow was constructed
for the interactive visualization of the results in front-end interfaces. An
instantiation of BioInfoMiner was integrated in a Galaxy-based platform for
the analysis of metagenomic data. Additional modules were developed for
the comparative analysis of semantic networks, while a qualitative evaluation
of semantic similarity measures was performed. Within the frames of this
thesis, BioInfoMiner and modules of the software library were used in three
different projects. The first project was related to the semantic interpretation
of transcriptomic data, derived from the study of the role of TRAIL in the
activation of NK cells, during viral infection. In the second, the semantic profile
of proteostasis machinery for thousands of species was calculated, targeting to
evaluate its evolutionary imprinting. Finally, a study of the SARS-CoV-2 host
interactome was performed, in order to pinpoint basic motifs of its pathogenic
course and elucidate its correlation with other interactomes of pathogenic viruses.
All these studies led to novel findings of high merit, supporting the efficiency of
BioInfoMiner, regarding the reduction of the dimensionality and complexity of
various omics datasets. They also confirmed that such a system-level semantic
approach may reveal the nodal cellular events and regulatory biomolecules
in a phenotypic condition under study and extract critical, novel biological
information.
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Chapter 1
Biomedical Ontologies

In the dawn of Big Data in biological sciences, the massive production and
analysis of high-throughput data provided new insights about a plethora of
biological systems and complex diseases. Applied ontologies and other database
systems were developed to accumulate and properly organise the ever-growing
body of biological knowledge. The main objective of the present doctoral study is
the development of automated computational methodologies for the multi-faceted
interpretation and comparative analysis of the results (omics data) of biological
high-throughput experiments, exploiting the existing knowledge in widely used
biomedical databases. This chapter constitutes an introduction about the origin
and the usage of ontologies in biomedical research, delineating the theoretic
framework of the whole study.

1.1 The Origin of Applied Ontology

Research paradigms have been evolving since Classical Antiquity, providing
various interpretive tools to investigate and understand the nature. After the
Scientific Revolution during the early modern period, experimental and theoretical
science were the basic research framework to deconstruct and interpret the
phenomena [1]. Hundreds of years later, the Digital Revolution furnished the
scientific community with powerful computational machines to dive into more
intricate systems that were inaccessible before. During the last decades, advances
in computational systems in tandem with the avalanche of voluminous digitized
data, formed the novel paradigm of data-intensive science [2]. That framework
is tightly associated with Artificial Intelligence (Al) and focuses on elucidating
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complex scientific inquiries, through the production, process and analysis of large
amounts of data. Usually, data-intensive studies exploit the prior knowledge to
benchmark or interpret novel data. Prior knowledge is integrated in databases,
namely standardized computable structures, easily accessed and manipulated.
Applied ontology is one type of these databases, which is used to encode and
represent all the available knowledge about a specific scientific discipline in a
logic-based format [3].

Seeking the philosophical origins of the term “ontology”™ one comes across
Aristotle’s prominent dissertation of Categories [4]. Aristotle proposed the
division of predicamenta (i.e. the subjects and predicates in a proposition),
which correspond to all the ordinary objects of our experience, into ten distinct
semantic categories (genera). These categories were divided in sub-classes
(species), modeling one of the earliest known semantic classification systems.
While Aristotle alleged that genera cannot be joined into a single higher notion,
his proposed categorialism seeded the idea of conceptual modeling and hence
that of ontology engineering. Despite the latter revisions and rejections from
various philosophers, Aristotle’s Categories influenced profoundly the evolution
of science. His work could be assumed as a progenitor of the applied ontological
structures, a major branch in modern sciences, used in various fields.

1.2 Building an Applied Ontology

In the field of informatics and Al technologies, ontology is defined as the concep-
tual approximation of what exists in a certain reality [5]. That approximation is
represented by engineering artifacts, targeting to describe effectively the intrinsic
nature (types of objects, properties and relations) of the domain of interest
(e.g. diseases, molecular reactions, species anatomy), in a machine-readable
format. Therefore, the quality of an applied ontology depends on the existing
knowledge about the investigated domain and the way that human perception
could schematize it. On the other hand, the process of ontology engineering
takes into account the functional perspective of an ontology in order to configure
its internal structure [6]. A widely used type of applied ontologies is that of
controlled vocabulary, which describes the entirety of a concept as a hierarchical
collection of lexical terms. The present doctoral study concerns the usage of that
type of ontologies in biomedical research. So henceforth, terms like "applied”
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and "biomedical” ontologies refer to regimented hierarchical vocabularies, which
usually form deep semantic trees to describe various disciplines of biological
knowledge.

The principal components of an applied ontology are its classes and their
relationships [7]. Each class corresponds to a type of being and a piece of
knowledge is a class instance (or object). For example, the Biological Process
domain of Gene Ontology [8] describes the universe of biological processes that
occur in every living organism. It contains only one class ("biological process™)
and as for example the phrase "Embryonic morphogenesis” is an instance of
that class (Fig. 1-1). In biomedical ontologies, instances are mostly referred to
as "terms” and each term has its own identifier and a proper semantic name
(label). That name is determined by a non-strict form of Aristotelian genus-
differentia model [9], combining the names of parental terms and the exclusively
differentiated property of that entity. Terms are interconnected with relations,
which similarly have their own identifiers. An ontology contains various types
of binary relations to precisely manifest the relationships among its terms [10].
Given two terms A and B, their relation is mentioned as "A relation B” and its
most frequently used types are the is_a (B is the semantic parent of A), instance_of
(A is an example of class B and not a semantic descendant) and part_of (the
entity of B encompasses physically that of A). The derived topological space of
an applied ontology is a directed acyclic graph (DAG), where nodes correspond
to terms and edges to their relations. The most generic ontological genus is
located on the graph root and it is gradually explicated in descendant meanings
until the leaves, where the most semantically specific terms are arranged.

An applied ontology includes additional features (metadata) in order to
completely cover the associated domain and be easily manageable as source of
knowledge [11]. The collection of term labels determines its vocabulary, namely
the human-readable representation of its terms. Textual descriptions, synonyms,
examples, literature references and graphical illustration of ancestral clades,
enrich the informational background of terms. Even so, the most significant
additional information concerns the association links of terms with entities of
other ontologies and databases, facilitating the combination of heterogeneous
data and the construction of comprehensive data-intensive frameworks. All
the above are formalized and encoded in machine-readable formats, using
standardized languages with specific syntax (entities, expressions, axioms), in
order to facilitate distribution of ontologies in the community, as well their
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integration in complex databases.

GO:0008150

Biological
process

G0O:0032502
Developmental
GO0:0032501 process
Multicellular
organismal
process
v
GO:0048856
Anatomical
structure
development
\ 4
GO:0007275 GO:0009653

Multicellular Anatomical
organism structure
development morphogenesis

GO:0009790
Embryo
development

A

G0:0048598

Embryonic ——part_of

morphogenesis

Term Metadata

Accession: GO:0048598
Name: embryonic morphogenesis
Ontology: Biological Process

Synonyms: embryonic anatomical, structure
morphogenesis

Alternate IDs: GO:0048828

Definition: The process in which anatomical
structures are generated and organized during
the embryonic phase. The embryonic phase
begins with zygote formation. The end of the
embryonic phase is organism-specific. For
example, it would be at birth for mammals,
larval hatching for insects and seed dormancy
in plants.

Term Direct Annotation

BMP4: bone morphogenetic protein 4
BMPRI1A: bone morphogenetic protein
receptor type 1A

C2o0rf49: chromosome 2 open reading frame 49
CDON: cell adhesion associated, oncogene
regulated

FLRT3: fibronectin leucine rich
transmembrane protein 3

GLI3: GLI family zinc finger 3

HNF1B: HNF1 homeobox B

HTR2B: 5-hydroxytryptamine receptor 2B
MSX1: msh homeobox 1

MSX2: msh homeobox 2

ROCKI1: Rho associated coiled-coil containing
protein kinase 1

ROCK?2: Rho associated coiled-coil containing
protein kinase 2

SHH: sonic hedgehog signaling molecule
SHOX2: short stature homeobox 2

TMED2: transmembrane p24 trafficking
protein 2

ZEB1: zinc finger E-box binding homeobox 1
ZEB2: zinc finger E-box binding homeobox 2

Figure 1-1: The tree depicts the ancestral path of "Embryonic morphogenesis”. "Biological Process”
is the graph root and it is gradually described from top to bottom, whereas in contrast, the
"Embryonic morphogenesis” term encompasses the meanings of its ancestors. Metadata and
genomic annotation enrich its informational content.



Chapter 1. Biomedical Ontologies

1.3 Biomedical Ontologies

The massive development of biomedical databases and ontologies is concomitant
of the latest advancements in computer science and molecular biology. The role
of significant proteins in specific mechanisms had been identified many decades
before the epoch of genomics. Their structural and functional characteristics
were available only in literature through scientific publications and therefore
computationally inaccessible. Initial attempts to organize the biological knowledge
in databases started at the end of 20" century. Online Mendelian Inheritance
in Man (OMIM) database, which provides a mapping of genetic disorders with
their associated human genes, became electronically available in 1987 [12]. The
initial version of KEGG, a database for molecular interactions in signaling
and metabolic pathways, was published in 1995 [13, 14]. In the same period,
EcoCyc database became available, describing the molecular interactions in the
metabolic network of Escherichia coli [15, 16]. The genome sequencing of the
first eukaryotes, triggered the construction of Gene Ontology (GO), the first
ontological vocabulary in biomedical sciences, in 1998 [8, 17]. At the same time,
the worldwide network and the progress in computer systems facilitated the
wide distribution of biomedical databases among scientists.

However, the completion of Human Genome Project in 2003 [18, 19] marked
the dawn of the post-genomic era, disclosing the astonishing complexity of the
genomic regulation and human cells functionality [20, 21]. The subsequent
paradigm shift in biomedical studies caused a dramatic scientific progress during
the next decade, delivering advanced experimental and analytical methodologies
to leverage the noted biological complexity and aid the elucidation of intricate
biological problems (e.g. complex diseases). In particular, DNA microarray
experiments [22, 23] and the recent Next Generation Sequencing (NGS) tech-
nologies [24] generated an avalanche of high-throughput experimental genomic
data, inaugurating the era of Big Data in biomedicine. Due to the explosion
of novel biological data, it was necessary to develop congruous databases to
structure and categorize the knowledge, concerning the study of biomolecules
in different temporal, spatial and organizational scales. The early success of
Gene Ontology [25] inspired the scientific community to embrace and adopt the
concept of ontologies in order to describe the novel knowledge in standardized
computable structures.

To date, a great repertoire of biomedical ontologies has been created, covering
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areas such as cellular functionality [8, 26, 27], diseases [28], phenotypic traits
[29-32], organism-specific knowledge [33-36], experimental conditions [37, 38],
cell types [39], etc. They became a crucial tool in biological and biomedical
research due to their dual benefit. On the one hand, they serve as a mean to
structure the knowledge around a specific domain. That perspective spawned the
necessity to create rigorous, standardized languages for ontology engineering,
such as the Web Ontology Language (OWL) [40] and the Open Biomedical
Ontology (OBO) [41], which subsequently led to the construction of well-formed,
interoperable ontological schemas. On the other hand, biomedical ontologies are
used to annotate genes and gene products, contributing to the holistic description
of their role in biological systems. The derived mappings facilitate the semantic
reasoning of uncharacterized biomolecules and enable the systemic interpretation
of high-throughput omic experiments, as well the integrative analysis over
heterogeneous biomedical data. Plenty of algorithms and methodologies have
been developed for the exploitation of biomedical ontologies, establishing them
as an indispensable part of omics data analysis.

1.3.1 Gene Ontology

Gene Ontology (GO) provides a multi-layered description of gene products’
functionality for thousands of species [8]. It came into existence due to the
discovery that a large proportion of genes and proteins, which participate in
the core processes of eukaryotic cells, are orthologous. Thereby, the functional
annotation of a protein in one organism could indicate its profile in other
species. Based on that hypothesis, Gene Ontology Consortium was founded in
1998 [17] to construct a unified ontological schema for the annotation of protein
functionalities in eukaryotic cells. Thenceforth, the revolution in high-throughput
technologies in tandem with the development of advanced computational tools
for phylogenetic analysis have enabled the characterization of thousands of
species. Nowadays, more than 4500 species have been annotated. GO classes are
separated in three main categories: molecular function (MF), biological process
(BP) and cellular component (CC). The domain of molecular function refers to
the biochemical activities of proteins, while that of biological process indicates
the mechanisms where all these functions participate. Cellular Component
describes hierarchically the parts of cells where molecular functions occur. The
most frequent relations in these sub-ontologies are: is_a, part_of, has _part and
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regulates, whereas many terms inherit their meaning from more than one parent
(multiple inheritance). Terms metadata contain references to external ontologies
and biomedical databases [42-44]. Annotation of proteins is produced through
manual curation of experimental results, phylogenetic evidence, authors’ and
curatorial statements and completely automated computational approaches.

1.3.2 Reactome Database

The Reactome database started as an endeavor to document the molecular
interactions in human cells and connect them in the broader network of cellular
processes [26]. Nowadays it has been extended to many sequenced species from
both eukaryotic and prokaryotic world (e.g. Mus musculus, Saccharomyces cere-
visiae, Plasmodium falciparum, Mycobacterium tuberculosis, etc). Biomolecules
(nucleic acids, proteins, small molecules, complexes), biochemical reactions,
pathways and processes constitute its main classes. Different forms of the same
physical entity, due to modifications, configurations or activity in various cellular
compartments, are accounted as different instances. Reactome follows a bottom-
up logic to document the biochemical reactions, while they are chained together
by shared physical entities. Reactions comprise small pathways and many of
them belong to high-level mechanisms (e.g. glycolysis and gluconeogenesis are
part of glucose metabolism, which in turn is a part of metabolism of small
molecules). Only the upper levels of that hierarchy (pathways and mechanisms)

are associated with is_a relations, forming the respective ontological graph.

1.3.3 MGI Mammalian Phenotype Ontology

Mouse has been established as the ideal model organism for the investigation
of human biology. For many decades, numerous of research articles provided
information about the genetic profiles of diseases, based on experiments on
different strains of laboratory mouse. Tons of unstructured and computationally
inaccessible data were associating genetic alleles, mutations and environmental
factors with abnormal phenotypic traits. At the beginning of 215 century, the
consortium of Mouse Genome Informatics (MGI) opted to develop the Mammalian
Phenotype (MGIMP) ontology [30], to systematically describe the universe of
mouse genetic diseases. Thus, MGIMP ontology started as a standardized
vocabulary of abnormal phenotypic traits studied in mouse models. However,
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nowadays it has been extended, describing abnormalities appeared to other
eukaryotes. All the ontological terms are classified into high-level genera which
concern the type of abnormality (morphological, developmental, physiological,
behavioral and survival). The underlying graph is constructed with is_a relations,
while its complexity is increased due to the multiple inheritance. Terms are
annotated with the related genotypes, information about the genetic background
of studied strains and the experimental conditions, as well with references to
other phenotype/disease databases. While the genomic annotation of MGIMP
is based on curated results from experiments on laboratory mouse, homology
mappings between mouse and other species enable the annotation of a plethora
of vertebrates (Homo sapiens, Pan troglodytes, Canis familiaris etc.).

1.3.4 Human Phenotype Ontology

Databases related to human diseases were available online even before the
advent of genomics [12]. However, their relational schema was based on
simple associations between genetic variations and diseases, whereas redundant
annotations and synonymous diseases were impeding any semantic processing.
The Human Phenotype Ontology (HPO) project started in 2007 as an effort to
create a well-defined ontological schema of individual phenotypic features related
to Mendelian (hereditary) diseases and later it was expanded to a broader range
of human diseases [29]. Nowadays, HPO constitutes a widespread comprehensive
vocabulary used in many clinical and research projects. Its structure is organized
as five independent domains that cover different types of phenotype description
(frequency, clinical modifier, clinical course, mode of inheritance and phenotypic
abnormality), while terms are connected with is_a relations. Their annotation
includes a wealth of cross-references to other disease-related databases, such as
the Unified Medical Language System [45], the Medical Subject Headings [46]
and the Disease Ontology [28]. Also, logical definitions based on classes from
other ontologies related to anatomy, cell types, cellular functionality, embryology
and pathology enable the enrichment of clinical reports. The genomic annotation
of terms is mainly produced from manual curation of OMIM [12], Orphanet
[47] and DECIPHER [48] databases and text-mining approaches implemented in
PubMed.
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1.4 Genome Annotation and the True Path Rule

The portrayal of genes and their products is characterised by both quantitative and
qualitative properties. Quantitative elements are calculated through experimental
techniques and encoded in digitized formats, such as the nucleotide sequence
which is represented as a string of letters. However, the functionality or the
contribution of a gene in cancer progression cannot be represented in computable
format in a straightforward way. That pitfall has been surpassed with the usage
of biomedical ontologies, as they compose an suitable semantic framework to
define such qualitative features.

The genomic annotation of ontologies could be assigned using either experi-
mental results or reference-based approaches [49]. Experiment-based annotations
are generated through the manual correlation of biomolecules with semantic
terms, exploiting strong evidences from published studies. In contrast, reference-
based approaches propose novel annotations for a biomolecule based on its
sequence and structural similarities or phylogenetic relationships with other well-
annotated entities. Some methodologies use as reference annotations only those
of experiment-based procedures and include various curation steps to provide
accurate correlations. Other procedures, which aim to construct genome-scale
annotations, are completely automated and despite performing various quality
assessments to reduce the erroneous predictions, their output is not manually
reviewed. GO adopts all the aforementioned methodologies to provide enriched
annotations for the vast majority of sequenced species [50]. Table 1.1 displays the
amount of annotations of GO-BP for ten eukaryotic species (version May 2020).
Model organisms have greater percentages of experiment-based annotations (e.g.
Arabidopsis thaliana and Saccharomyces cerevisiae) comparing to species of the
same taxonomy, which are annotated mainly through phylogeny and automated
techniques (Glycine max, Zea mays and Aspergillus nidulans respectively).

A logical consequence of DAG structure is the invention of the True Path
Rule (TPR) to correct the genomic annotation [51]. If a term is annotated with
a specific biomolecule (positive annotation), then all its ancestral terms must
also be annotated with it in a recursive way. Also, if a term is not associated
with a biomolecule (negative annotation), then none of its descendant terms
could be associated with it (Fig. 1-2). Positive annotations have a bottom-up
direction, while negative annotations traverse the tree from top to bottom. That
principle enforces the annotation consistency in the whole spread of ontological
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tree, as the information flows without gaps. As a consequence, curators focus
only on the production of direct annotation and final users need to implement
recursively the TPR to correct it (Table Table 1.2).

~
Za\ N\
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Figure 1-2: Schematic representation of the True Path Rule (TPR). A positive term - biomolecule
annotation is adopted by all the ancestral terms (green arrows), whereas negative correlations
are universally characterise the descendant branch (red arrows).

Table 1.1: GO-BP Annotations for Different Annotation Procedures

. Experimental | Phylogenetic Electronic
Spectes Total Evidence Evidence Evidence
Mus musculus 205779 0.26 0.12 0.40
Homo sapiens 156172 0.28 0.15 0.58
Glycine max 72679 0.00 0.42 0.58
Danio rerio 65738 0.21 0.38 0.42
Zea mays 97976 0.01 0.37 0.62
Arabidopsis 55328 0.38 0.19 0.43
thaliana
Oryza sativa 40936 0.03 0.36 0.61
Caenorhabditis 36615 0.33 0.29 0.38
elegans
Saccharomyces 33063 0.49 0.20 0.31
cerevisiae
Aspergillus
. 20814 0.07 0.39 0.53
nidulans
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Table 1.2: True Path Rule Correction In Ontologies Annotation

Species Ontology Di,recF TPR. Rate of

Annotation | Annotation | Increase
Homo sapiens GO-BP 135765 1140215 84
Homo sapiens GO-CC 91394 315528 3.5
Homo sapiens GO-MF 78749 2463577 3.1
Homo sapiens HPO 169281 992650 3.5
Mus musculus MGIMP 173746 672250 3.9
Mus musculus Reactome 30330 96927 3.2
Rattus norvegicus MGIMP 163966 632427 3.9
Bos taurus Reactome 21232 71230 3.4

1.5 Applications of Biomedical Ontologies

1.5.1 Pathway Analysis

High-throughput, large-scale omic experiments are used for the comprehensive
profiling of complex biological systems in different molecular levels (genomic,
epigenomic, transcriptomic, proteomic, metagenomic, etc.) [52]. The initial
processing of raw data includes specific computational steps depending on
the type of omic experiment. Nevertheless, all of them end up to extended
lists of genes, transcripts or proteins, with differentiated status among the
observed phenotypic categories, or more broadly the examined stratifications.
Conventionally, these lists are mentioned as “gene lists”, because even if the
experiment measures on transcript or protein level, these molecules are usually
referred by the name of genes from which they originate. Such a list comprises
the first evidence to understand the molecular basis of the underlying phenotypic
differentiation. However, further analysis is mandatory to uncover the molecular
complexity, untangle its genetic constituents and finally identify or estimate the
underlying causal mechanisms.

Pathway analysis is a subsequent computational task, used to look into these
questions. It examines the synergistic relations among genes, in order to elucidate
the perturbed network of molecular activities and mechanisms, delineating a
system-level interpretation [53]. The term “pathway analysis” could be generally
used to name any interpretation of a gene list into a set of semantic terms, not

11
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necessarily implying that these terms refer to molecular pathways or functions. In
summary, pathway analysis uses the genome annotation of biomedical ontologies
to reveal the biological characteristics of the examined phenotype, from a specific
semantic perspective. Thereby, it reduces the dimensionality of phenotype
description from hundreds or thousands of differentiated biomolecules to tens
of semantic terms, such as signaling pathways, molecular functions, phenotypic
abnormalities and traits.

A great plethora of pathway analysis tools has been proposed, even though
many of them have negligible methodological differences, therefore they could
be classified into some particular categories [54]. The final goal is to provide a
list of representative terms which have been estimated as significant based on
statistical hypothesis tests. These tests evaluate an objective measurement for
each term and their null hypothesis could be divided into two main categories:
competitive and self-contained [55]. The competitive null hypothesis assumes that
the level of differentiation of a gene set, related to a semantic term, is at most as
common as that of its complement, namely all the other genes out of that group.
The self-contained null hypothesis examines solely the gene set of every term,
assuming that it is not differentiated across the given phenotypic classes. All
the methods perform simultaneously an independent hypothesis testing for each
term. Thus, multiple testing correction (Bonferroni [56], Benjamini-Hochbergand
[57]) is usually preferred to eliminate the list of terms which have been falsely
promoted as significant (type error I).

Many tools use traditional over-representation statistical tests (hypergeometric,
binomial, Fisher’s exact and chi-squared) to assess the amount of genes related
to a particular term, by calculating the probability to observe that fraction
proportionally to its background annotation (competitive null hypothesis) [58-66].
Their input is a predefined list of significant genes (sorted or not), without any
additional information about their expression or differentiation status. They are
also called “2x2 contingency table methods™ as the variables for the underlying
statistical tests are derived from the frequency distributions of genes in the input
list and background annotation. Due to the TPR (section 1.4), the final lists of
over-represented terms could include a lot of redundant meanings, including
widespread semantic branches with many parent-child pairs. Some correction
methods have been suggested to attenuate the semantic redundancy, exploiting
the ontological graphical structure [67, 68]. Other methods adopt the concept of
Bayesian inference to construct ad-hoc probabilistic graphical models with genes

12
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and terms as nodes [69-71], in order to extract a representative non-redundant
group of significant terms.

Another technique is the gene set analysis (or functional class scoring),
whose concept is epitomized by the seminal publication of GSEA [72]. The
motivation for the development of these approaches was the thought that weak
coordinated changes in functional components might have important role in
phenotype physiology [54]. They analyze the list of genes, as it is derived from a
high-throughput experiment, without determining the differentiated part based on
p-value and fold change. Given the distribution of a gene-level statistic (p-value,
fold change, signal-to-noise ratio, z-score, correlation coefficient, coefficient
of variation, etc.) a respective pathway-level statistic is calculated for each
ontological term (sum, mean, median, maxmean, Kolmogorov-Smirnov, Wilcoxon
rank sum, Hotelling’s T2, etc.). Then the statistical significance is calculated
using permutation tests with either competitive or self-contained hypotheses
[72-81].

Topology-based methods constitute the most recent generation of pathway
analysis tools. Their algorithmic framework is similar with that of functional
class scoring methods, whereas the gene-level statistics are calculated leveraging
the topological properties of genes (or their gene products) on the network of
pathways or protein-protein interactions (PPIs) [82-89]. Background knowledge-
bases do not include only a mapping of terms and gene sets, but also either
the topological structure of molecular pathways [14, 26, 90] in specific machine-
readable formats (BioPAX [91], SBML [92], KGML [93]) or PPIs data [43, 94, 95].
Gene-level statistics are defined using experimental data in conjunction with
gene topological properties, such as centrality measures (degree, betweenness,
closeness, etc.), clustering coefficient and shortest path distances. Also some
tools construct probabilistic graphical models based on the structure of pathways,
to infer those values. Pathway-level statistics are calculated using linear or
non-linear aggregation methods or gene set analysis on the node statistics. Then,
the statistical significance of terms is calculated using permutation and bootstrap
tests, as in the case of gene set analysis.

In the previous years, the laboratory of Metabolic Engineering and Bioin-
formatics Program (MEBP) of National Hellenic Research Foundation (NHRF;
Athens, Greece) proposed the StRAnGER algorithm [96], which belongs to
the over-representation methodologies. StRAnGER employs a combination of
a parametric (hypergeometric) and a non-parametric statistical test (bootstrap

13
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resampling) [97]. It was developed to perform the pathway analysis utilizing
GO and KEGG databases, targeting to reveal the critical aspects of cellular
functionality (i.e., nodes higher in GO hierarchy and densely enriched KEGG
pathways), rather than semantically specific terms, which are susceptible to the
impact of experimental or annotation errors. Initially, the algorithm performs
the over-representation test and ranks the terms accordingly. The final ranking
is based on a non-parametric, empiric algorithm, which avoids assumptions
about the distribution of term enrichments and can be adapted to any ontology.
With the bootstrap resampling, StRAnGER avoids the utilization of multiple test
correction approaches that are very restrictive and problematic in regard to the
finite nature of annotation vocabularies. The main problem of these method-
ologies is that they tend to promote enrichments yielding very low p-values
(close to 0), but holding a very low biological content (e.g. enrichments such
as 2/2 and 1/2). The adopted bootstrap procedure provides a corrected measure
for the statistical significance of the enrichments based on their frequencies of
observation. The algorithm reorders the initial distribution and prioritizes the
less frequently observed enrichments. The enrichments are derived as statistically
significant if they satisfy both the hypergeometric and the bootstrap thresholds.
Hence, terms with less frequent enrichments are prioritized, while they tend to
represent broader pathways or functions and, thus, are of stronger biological

content.

1.5.2 Gene Prioritization

Yet the derivation of a set of semantic terms through pathway analysis, is only
the first step towards a system-level interpretation. The formulation of a concrete
network of genes, that captures critical aspects of phenotypic causality, is another
important goal. A final list of genes, prioritized and imprinted in a scale free
network [98], indicates potential biomarkers and therapeutics targets for diseases
and disorders. Gene prioritization approaches focus to provide pertinent targets,
leveraging prior knowledge from a variety of biological data sources. Primarily,
their reasoning is based on the guilt by association (GBA) principle, namely the
assumption that biomolecules interacting in the same neighborhood of a protein
network or those which share multiple common properties, it is more likely
to impact on the same mechanisms and consequently their modifications are
linked with the same phenotypes and diseases. Apart from that, some tools are
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based on text-mining algorithms, scanning the scientific literature and disease
databases to discover potential gene-disease relations.

In general, a GBA approach prioritizes phenotype candidate genes based on
their association with a training gene set, which is assumed as the gold-standard
set for the examined phenotype or keywords. The training set could be retrieved
from well-curated databases of genetic disorders (OMIM [12], HGMD [99], GAD
[100]) or it could be defined by the user. Various methodologies have been
proposed to estimate the association of candidate genes and training set under
different criteria [101-109]. Generally, they integrate complex, heterogeneous
data, such as sequence and protein domain annotation (CDD [110], Pfam [111],
InterPro [112]), functional annotation and regulation on molecular pathways
(GO [8], Reactome [26], BioCarta [90], KEGG [13, 14], PID [113], PantherDB
[114], Pathway Commons [115]), functional coupling networks (FunCoup [116]),
transcriptional expression (Atlas [117, 118]), protein-protein interactions and
genetic networks (STRING [94], DIP [119], IntAct [43], BioGRID [95]) and
sequence homology mappings (HomoloGene [120]). Other methodologies need as
input specific keywords or ontological terms instead of seed gene sets [121-127].
These approaches scan the available literature on public repositories (e.g. PubMed
[120]) and search for phenotypic annotation in databases (e.g. Ensembl [128],
OMIM [12]) to glean potential biomarkers. However, all that techniques are
biased by the level of prior knowledge about the examined phenotype, namely
the construction of seed genes sets and keyword mappings from previous studies
[129].

Another algorithm developed in the MEBP laboratory of NHRF is the GOre-
venge [130]. GORevenge focuses to pinpoint and prioritize potential regulatory
hub genes, or even further propose potential signatures for the reliable classi-
fication of pathological states, in the context of biomarker studies, based on
the genomic interpretation of GO graph. Starting from a user-defined set of
genes (probably derived from high-throughput experiment or text-mining pro-
cedure), GOrevenge delineates their regulatory impact using the annotation
of GO domains. Graph-theoretic measures are used to expand the topological
range of these sub-graphs and intensify their biological descriptiveness, includ-
ing more terms from their semantic vicinities. Then the examined gene set is
enriched with the genomic annotation of newcomer terms, in order to detect
potential hub genes which were not included in the initial set. All genes are
sorted according to the amount of their associated GO terms. In an optional
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agglomerative process, neighboring terms, considered as functionally similar
above a certain threshold, could be incorporated into clusters, eliminating the
redundancy of ontological trees. Following that pipeline, GOrevenge reveals
specific regulatory genes, which bear significant descriptive information about
the considered topology of GO. Comparing to the existing gene prioritization
methods, GOrevenge is an unsupervised data-driven approach, which acts as a
feature selection filter, ending up to a ranked list of significant genes, without
using phenotype related seed genes or keywords.
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Semantic Analysis in Biomedical
Ontologies

Essential concepts of semantic analysis on biomedical ontologies are presented
in this chapter. Semantic analysis is used in linguistics to reveal relationships
between words, sentences and phrases. Similarly, the topological space of
biomedical ontologies could be used to explore the relatedness of genes and
proteins, based on their semantic representation. The first sections describe the
properties of terms on the ontological graph and the idea of shared information
between two terms. Then, some well-established pair-wise semantic similarity
measures are presented, while the final section referred to the existed approaches
to compare sets of terms. The implementation of all the above in functions, as
a part of a novel software library, is described in chapter 3.

2.1 Semantic Similarity

The comparison of molecular entities (genes, proteins, RNAs), regardless of the
objective criterion, is an essential operation in biomedical studies, applied to
detect their degree of conservation, extract motifs, cluster them in families and
transfer knowledge from one to another. Methodologies for sequence [131-133]
and structure-based comparisons [134, 135] have been developed, even before
the era of high-throughput experiments. However, the investigation of their
multifaceted biological role was not feasible using these features. The advent of
biomedical ontologies assisted to overcome that limitation, as they became the
means to profile genes and proteins in various biological domains (molecular
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functionalities, diseases, phenotypes, etc.). Additionally, the concept of semantic
similarity, borrowed from linguistic studies, provided a straightforward way
to conduct quantitative comparisons among biological entities, using their
ontological annotations.

In general, semantic similarity indicates the strength of closeness of two
meanings, given that they are described in a common knowledge representation
system. In biomedical research, such a system is an ontology and its DAG
constitutes the respective topological space. Semantic similarity measures take
advantage of the topological properties of terms, in order to quantify how close
they are. As a consequence, the semantic similarity of two genes or proteins,
could be estimated by averaging the pair-wise similarities of their associated
terms. In a broader sense, such a comparative analysis could be performed
among sets of terms, irrespective of the type of subjects at which these sets are
referring to (e.g. proteins, mechanisms, diseases, profile of tumors, etc.). Ergo,
semantic analysis is a universal approach, applicable to many different scenarios.

A unified framework has been proposed to explain the reasoning of semantic
comparison of two terms [136]. Each term has a unique semantic representation
on the graph, while an appropriate function quantifies its specificity (the amount
of information). These elements could be considered as the main properties of a
term, indicating its unique profile on the DAG. In order to compare two terms, a
function is used to define the shared semantic component between them, based
on their unique representations. Then, two estimators are used to quantify the
specificity of that component (i.e. the amount of shared information) and the
degree of divergence. Usually, the semantic similarity measure is as an equation
which encompasses these two estimators. As a whole, the semantic properties
of terms, the amount of their shared information and the similarity function
constitute the core elements of semantic comparison. A plethora of measures
have been suggested and their improvement is on an ongoing basis. At this time,
there is not any pervasively accepted measure able to overcome in performance
all the others in every evaluation study. Also, the ever-increasing comprehension
of structural particularities and biases of biomedical ontologies, continuously
urge to the development of more sophisticated metrics. As a rule, they are
divided into two main categories: edge-based and information-based measures.
In this doctorate study only information-based measures were implemented and

evaluated.
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2.2 Semantic Properties of Terms

Ontological terms are characterized by information-based and graph-based
attributes. Their combination determines a semantic entirety on the graph. Each
term has a set of parents (ascendant terms directly related with it), an ancestral
branch (ancestors; all the passed terms traveling from its vertex to the root), a set
of children (directly related descendant terms; for leaves this set is empty) and
its descendants (the offspring graphical branch) [137]. Another important property
is their genome annotation which is described in section 1.4. All the above
delineate the semantic profile of a term and provide the necessary information
to determine some additional quantitative features.

The Information Content (IC; Shannon Information) measures the specificity
of a term [138]. Intuitively, it is inversely related to the probability of occurrence
on the graph. That probability is calculated either based on the existence of
the meaning of term in the ontology (which is mentioned by the amount of its
descendants; internal, graph-based approach) or the amount of the associated
genes in the annotation (external, annotation-based approach). The IC of a term
t is defined as the negative log likelihood of probability of its occurrence:

1C(t) = —zog2<|Nt’ + 1) @.1)

‘ Ntotal ’

According to the graph-based approach N, is the set of descendants and Ny is
the complete set of ontological terms. In annotation-based approach N; indicates
the associated genes and Ny 1S the whole set of annotated genes. By definition,
IC(t) is monotonically increasing from root to the leaves.

However, IC is not able to point out the topology of a term on DAG, as it
takes into consideration only its degree of occurrence. Thereby, leaf nodes have
maximum information content concerning the graph-based method, albeit they
are located in different depths, depending on the quality of annotation and the
curation in distinct graph areas. Another measure was proposed to surpass that
limitation. Initially, Song et al. [139] proposed the concept of Semantic Weight
(SW), which is inversely correlated with the IC of a term t¢:

1
1+ exp| — IC(t)]

Then, they defined the Semantic value (SV) of term ¢, an aggregated semantic

2.2)

SW (t)
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contribution of all its ancestors, which depicts its semantic distance from the
root node:

SV(t)= ) SW(a) 2.3)
a€ Anc(t)

The function of SV (¢) is linearly correlated to the cardinality of ancestors set.
Extremely great scores imply extensively described regions, where terms have
plenty of ancestors comparing to other more succinct branches. An important
difference between IC and SV is that SV is always greater than zero, instead
of IC, whose logarithmic function zeroes the value of root node. Taking into
account the assumption that every node is both ancestor and descendant of
itself, none of the nodes has empty set of ancestors, so SV ranges in the set of
positive real numbers.

Studying the structure of biomedical ontologies, Mazandu and Mulder [140]
mentioned that there are terms which are divided into only one descendant
meaning, without spreading sideways. Such a term should be topologically
identical with its exclusive child. Both /C(t) and SV (¢) functions lack to discern
such peculiarities, scoring higher specificity value for child term. Topological
Position (TP) was invented as an alternative measure to reflect the correct
topological location of a term:

1, if t in the root
TP(t) = H TP(a)

|achildren ’ ’

otherwise 2.4)

a€Anc(t)
It is evident that T'P(t) is monotonically decreasing in top-down direction. For
a parent term, that property is divided uniformly according to the number of its
children and thus the more children a term has, the greater their topological
difference will be. In addition, if two terms have the same parents then they are
topologically identical. TP could be used to replace the probability of occurrence
in the logarithmic function of IC, providing a specificity measure strictly based
on topology (topological information).
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2.3 Shared Information of Two Terms

Conceptually, the semantic representation of a term could be determined by its
ancestors. Hence, the shared semantic component of two terms is related to
the common part of their ancestral paths. Working on the semantic analysis in
WordNet, Resnik [138] proposed that the Shared Information (SI) of two words,
and consequently that of two ontological terms ¢; and ¢y, could be estimated by
their most informative common ancestor (MICA), namely their common ancestor
with the highest IC value:

Shyrca(ti,to) = IC[MICA(t,t5)) 2.5)

The above assumption was adopted by many semantic similarity measures.
However, it discards the semantic contribution of other common ancestors, as
many terms in biomedical ontologies inherit their meaning from disjunctive
ancestral paths. That weakness led to the construction of more sophisticated
methods to detect the shared semantics. GraSM [141] was the first approach
which adopted the concept of disjunctive ancestors (DA). It suggests that two
ancestors a; and as of term ¢ are disjunctive if there is a path from a; to t not
containing as and a path from ay to t not containing a;:

DAGrasn(t) = {(al, ag) | [relatz'on(al, t) A relation(as, t)}} (2.6)

where relation(ay,t) = [3p : (p € Paths(t,a1)) A (a2 ¢ p)] and likewise for
relation(ag, t). Given two terms t; and ¢, and their common ancestors C'A(ty,t5),
their disjunctive common ancestors (DCA) are defined as the set of the most

informative terms which are included in the union of their disjunctive ancestors:

DCAgrasm(t1,t2) = {a1|a1 € CA(ty,ts) ANVay : [relationy —> relationg}} 2.7

where relation s states that a, is different from a; and it has equal or greater
IC value than a;: relationy = [(GQ € CA(tl,tg)) A (IC(al) < [C(&z)) A (a2 + al)},
while relationg implies that a; and a, are disjunctive ancestors for either ¢; or
ta: relationg = [(a1,a2) € (DAgrasm(a1) U DAgrasi(as))]. Thus, examining the
set of common ancestors in a descending order, according to their IC values,
an ancestor will be assigned as disjunctive if and only if there is a path from
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one of the two terms to that ancestor, distinct of any other path from that term
to the already detected disjunctive ancestors. The respective SI is equal to the
average IC of DCAgrasn(t1,t2):

1
1 t1,t9) = I 2.
S G’/‘aSM( 1, 2) |DCAGTQSM(t1,t2)| QEDC; N O(a) ( 8)

The GraSM algorithm has computational complexity O(n?), which strongly
limits its implementation in large-scale studies. Furthermore, that approach
penalizes the existence of multiple inheritance, as it decreases the amount of SI
comparing to the MICA approach. That behavior is proper when one of the terms
has multiple parents, which increase its semantic divergence from the other term.
However, it disagrees with the human perception when the disjunctive common
ancestors are inherited in parallel. Targeting to overcome that drawback, Couto
and Silva proposed the Disjunctive Shared Information (DiShln) algorithm [142]
to estimate the SI of two terms, using as criterion the number of distinct paths
between these terms and their common ancestors. For each ancestor, DiShln
calculates the amount of paths that connect it with the investigated terms and
then defines their absolute difference: PD(a) = |Paths(ty,a) — Paths(tz,a)]. An
ancestor is assumed as disjunctive if it is the most informative one with that
value of paths difference:

DCApisnin(ti, ta) = {a1|a1 € CA(t1,ta) ANVag|relationy — relationg]} 2.9)

where relation4 is true for other common ancestors with the same PD value:
relationy = [(ag € CA(tl,tg)) A (PD(al) = PD(ag))] and relationg assures that
a; is the most informative with that PD value: relationg = [IC(ay) > IC(as)].
While the computational complexity is still O(n?), the calculation of PD values
could be performed once, when the ontological graph is updated. Seemingly,
DiShIn does not penalize the existence of common multiple inheritance. However,
it is sensitive to complex ontological graphs, which include a lot of vertices
with multiple inheritance and subsequently the amount of paths that start from
a term increases eminently moving to the upper tiers of graph. That behavior
might cause unique PD values for generic terms and falsely promote them as
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disjunctive ancestors. The respective SI could be quantified similarly to GraSM:

1
STpisnin(ty, ts) = IC(a 210
DiShI ( 1 2) ’DCADiShIn@l; t2>| aEDC%.S” ( ) ( )

Finally, Mazandu and Mulder [143] alleged that all the informative common
ancestors should be considered, instead of defining the DCA set. This approach
is referred as eXtended GraSM (XGraSM) and its computational complexity is
constant, as it simply aggregates the weighted IC values of all the common
ancestors:

n—1
1 1C(a;
STxcrasm(ti,t2) = ——— [1 T Z ]C(M(Ij(;A)

) @2.11)
’OA(tl,t2)| a;€CA(t1t2)Na; #MICA

2.4 Semantic Similarity Measures for Ontologi-

cal Terms

As it is mentioned in section 2.1, semantic analysis could be performed using
edge-based or information-based methodologies. Mainly, edge-based measures
define the semantic distance between two terms as the number of edges in
the path between them, or if there are many paths, by the average, maximum
or minimum value. Semantic similarity is simply the inverse score of their
semantic distance. More sophisticated approaches use different edge weights
to reflect some degree of graphical depth and assign higher similarities near
leaves, comparing to the upper tiers of graph, for the same amount of edges.
However these measures adopt two improper assumptions about the structure of
biomedical ontologies [144]: uniformly distributed nodes and semantically equal
edges in a specific depth of the whole tree. These limitations had caused the
development and dominance of information-theoretic approaches.
Information-theoretic measures assume that the amount of SI of two terms is
an estimator of their semantic similarity. Primarily, all the proposed measures
adopted the concept of MICA to quantify the SI of two terms. In general, any
method that quantifies the SI of two terms could be used. Resnik [138] was the
first who proposed such a measure, defining the semantic similarity of two terms
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equal to the IC of their MICA:

SSTpesnir(t1, 1) = IC[MICA(ty, t5)] (2.12)

The principal limitation of Resnik’s measure is that it ignores the specificity
of the compared terms [145]. As a result, a pair of generic terms has the same
semantic similarity with a pair of extremely specific terms, if they have the same
shared semantic component (MICA or DCA). However, this is not consistent
with the human perception [139], which suggests that the semantic similarity
of generic terms should be greater, as they are semantically broader entities.
Other approaches were proposed to normalize Resnik’s equation exploiting the
specificity of terms:

2 X ]O(M]CA(tl,tg))

S5TLin(t1, t2) = 1C(t1) + IC(to)

2.13)
SST iangConran(tr, ta) = 1 — [10(:51) L IO(t) — 2 % IC(MIC’A(tl,tz))} (2.14)

2 x IC(MICA(t,ts))

SSTschticker (t1,t2) = IC(t) + IC(ty)

X [1 - Poccurrence (MICA(tl, tz))} (215)

IC(MICA(ty, ty))
IC(t) + IC(t2) — IC(MICA(t, t2))

SSTraitn(t1,t2) = (2.16)

[C(MICA(t, )
max [IC(h); [C(tZ)}

SSTNum'vers (tla t2) - (217)

A deeper insight into the above measures unveils that they are analogous to
some widely used measures of Set Theory [146]. Resnik’s similarity is tantamount
with the cardinality of intersection of the two compared sets. Likewise to Resnik’s
limitation, intersection set produces biased similarity estimations and a correction
with the union or the sizes of individual sets is necessary. Lin’s measure [147]
uses the Serensen-Dice coefficient formula, while Schlicker [148] proposed a
weighted version of it, using the probability of occurrence of MICA. Jiang and
Conrath [149] defined the semantic distance (the second factor of equation 2.14)
as the amount of mutually exclusive information, which reminds the Manhattan
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(Hamming) distance of two sets. Faith [150] measure is equivalent to the Jaccard
index, also known as “intersection over union” score. Nunivers [143] uses the
equation of Braun-Blanquet coefficient, where the IC of MICA is normalized by
the maximum IC value of the compared terms.

Another measure similar to the Serensen-Dice coefficient was proposed
by Wang et al [151] and later it was revised by Song et al [139] (Aggregate
Information Content - AIC). It uses the concept of SV (equation 2.3), in order
to overcome the limitations of IC. AIC defines the SI (nominator) as the sum of
the SW values (equation 2.2) of common ancestors, while the denominator is

the aggregated semantic contribution of all ancestors:

Z 2 x SW(t)

a€Anc(t1)NAnc(ta)

SV(tl) + SV(tQ)

SSTarc(t,ts) = (2.18)

2.9 Semantic Similarity Measures for Gene Prod-

ucts

The idea of semantic comparison of ontological terms is expanded in groups
of terms, which could constitute the semantic description of biomolecules,
phenotypes, diseases, etc. In such a way, the semantic similarity of two gene
products could be estimated by comparing their associated term sets. These
measures are separated into two categories: pair-wise and group-wise [145].
Pair-wise measures combine the semantic similarities of terms in order to extract
an averaged value for the compared concepts. On the other hand, group-wise
approaches do not use the pair-wise similarities but compare the sets of objects
and estimate their likeliness with traditional binary similarity measures.

Given two gene products ¢g; and g, and their direct annotations (77, 715)
with cardinalities N and M respectively, the average and maximum semantic
similarity scores are defined as [152]:

1
SSGavalgrg) =57 2. SStity) (2.19)
t:€T(g1),t;€T(g2)
SSGuax (g1, 92) = max{SST(t;,t;) : t; € T(g1) N t; € T(go) } (2.20)

The above measures are sensitive to outliers and multi-modal similarities distri-
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bution and consequently they are more susceptible to output biased or completely
erroneous results. To surpass that limitation, other measures construct two
vectors of maximum similarity scores, one for each set of terms T,. Specifically,
each term t, € T, is compared with the terms in set 7, and the maximum

similarity is returned: S(t,,T,) = mam{SST(twty) ‘t, € Ty}. Various normal-
ization techniques have been proposed to average these two vectors and derive
the semantic similarity of gene products. The Best Match Average (BMA) [153]

approach calculates the mean maximum score for each set of terms and then

averages the two means:

SSGpmalgr, g2) = < Z S(t:,T(g2)) M Z S(tj>T(91)) (2.21)
t;€T(g

The Best Match Maximum (BMM) (also known as RCMax [154]) returns the
maximum mean score, instead of their average value:

SSG (g1, 92) = max{ > St T(g).— > S(tj,T(gl))} (2.22)
ti€T(g1) t;€T(g2)
Finally, the Average Best Matches (ABM) is the mean of best matches [153]. The
sum of maximum scores is divided by the sum of set sizes:

SSGABM(gl,gg):Nj_M( Z S(tI,T(gg))—i‘ Z S(tj,T(gl))) (223)

t;€T(g1) t;€T(g2)

Group-wise measures exploit the annotation of a gene product as a set
of objects and not as a semantic representation. Thus they use the whole
part of ontological graph which is annotated with a gene product, instead of
its direct annotation. Like the measures for the comparison of term pairs,
group-wise approaches use formulas of Set Theory (Serensen-Dice, Jaccard and
Braun-Blanquet coefficients). Terms in the compared sets (A(g1), A(g2)) could be
represented as equivalent or weighted entities (based on their IC) [152]:
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Serensen-Dice formula:

2 X Z IC(ts)
ts€A(g1)NA(g2)
SSGpro(91,92) = (2.24)
PEETUONT rewy+ Y 1)
t;€A(g1) tj€A(g2)
2% ‘A(Ql) N A(92)‘
SSG = 2.25
Jaccard-index formula:
> IC()
s€A(g1)NA(g2
SSGarclg, go) = = (92):“ o )[C ™ 2.26)
tu€A(91)UA(g2)
|A(g1) N Ags)]
SSG = 2.27
Braun-Blanquet formula:
>ooIc(,)
s€A(g1)NA(g2
SSGurc(91.92) = LEA)NAlg2) (2.28)
ma:c{ dooIct), Y IC(tj)}
ti€A(g1) t;€A(g2)
A NnA
55Gun(gr, g2) — — Ao A 2.29)

ma:v{}A(gl)L \A(gz)\}

27






Chapter 3

BioInfoMiner: Interpretation of
Cellular Complexity through
Semantic Network Analysis

This chapter presents the software architecture of a novel automated workflow
for the semantic interpretation of omics data, named BiolnfoMiner, whose initial
version was published in [155]. It combines computational methodologies and
data visualization techniques, in order to deliver comprehensible illustrations of
cellular complexity. The workflow executes sequentially pathway analysis and
gene prioritization. Starting from a list of individual genes, associates them with
the relevant semantic terms and manages to prioritize them according to their
involvement in the cellular phenotype under study. BioInfoMiner is designed to
use various ontological vocabularies for different organisms. The final results
are visualized in an interactive bipartite graph, embedded in a modern front-end

interface.

3.1 Introduction

As it is mentioned in section 1.5, the study of complex phenotypes with modern
high-throughput experiments requires the systemic interpretation of results, in
order to pinpoint and understand the synergies of molecular events that give
rise to the crucial phenotypic traits. Various pathway analysis methodologies
have been proposed to provide related solutions. Additionally, gene prioritization

techniques focus on clarifying the most important molecular factors, given an
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ad-hoc reference condition. Targeting to provide a unified solution for the above
tasks, BioInfoMiner, a novel automated workflow was constructed, based upon
the StRAnGER and GOrevenge algorithms, presented in section 1.5.

The initial version of StRAnGER performs pathway analysis on human and
mouse omics data, using GO and KEGG annotations. The core module was
programmed in Perl, while MATLAB (R2007a) Bioinformatics Toolbox was used
to handle the graphical data of results. GOrevenge was developed to exploit the
GO annotation of an input gene list and detect genes which have preeminent
centrality on the underlying topology of GO graph. While its concept is generic
and applicable to any biomedical ontology, GOrevenge has been designed to
analyze only human and mouse data with GO annotation. Its version was
developed with the Python language and it was integrated in a web-application
architecture.

Intuitively, the list of over-represented terms, defined by StRAnGER, reflects
the system-level functional entities (GO and KEGG terms), involved in the
manifestation of the given phenotype. The individual genes are linked into
broader entities (mechanism and functions), which shape a unique semantic
description. In addition, GOrevenge serves as a prioritization tool to unveil genes
which bear significant descriptive information and are linked with semantically
distant entities on the semantic topology. Setting these approaches in a sequential
mode (Fig. Fig. 3-1), their implementation ends up to a unique semantic graph,
connected with a signature of genes. The comprehensive integration of these
results could be realized as a bipartite graph, which illustrates the over-represented
terms on the DAG and their hidden associations with the prioritized genes.
The objective in [155] was to design an appropriate software library in order to
construct such a workflow, facilitating the integration of novel ontologies and
annotations for all the available species and providing it as an unsupervised
and automated application.

3.2 Methods

Apart from the construction of the workflow of BioInfoMiner, that work targeted
to create a flexible framework, able to integrate and use different ontologies and
annotations in interoperable data formats, without the need to configure the back-

end procedures in each case. Taking into account the above, it was necessary to
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Figure 3-1: BioInfoMiner workflow. The sequential implementation of StRAnGER and GOrevenge
algorithms ends up to a prioritized set of over-represented semantic terms and its relevant list
of linker genes. Results are presented as a bipartite interactive graph.

create a modular software library to facilitate the reuse of various modules and
data types in different processes and for different purposes. Consequently, the
library was designed in object-oriented logic, using Python 2.7. The following
sections describe the novel features of each algorithmic step and the most
important Python classes of software library, used both in computational analysis
and data visualization.

3.2.1 Modifications of the Existed Methods

StRAnGER and GOrevenge algorithms were designed from the ground up to build
their internal computational processes in a common object-oriented framework.
In the updated version of StRAnGER, the algorithmic process did not change
substantially, however the new implementation facilitates the integration of
novel ontologies and annotations. Also, the statistical tests were parallelized,
using the multiprocessing Python library. The crucial step of GOrevenge is
the detection of genes, which are highlighted as hub nodes on the considered
semantic graph. Its previous version was executing two agglomeration procedures
(Graph-BubbleGO and Resnik-BubbleGO) to expand the plexus of that graph
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with neighbor terms, in order to avoid potential pitfalls and gaps in the genomic
annotation. The new version uses the corrected genomic annotation, derived
from the adoption of the TPR (section 1.4), so that step was useless and it
was removed. Gene prioritization was being implemented either on the naive
graph or pruned versions of it, where the amount of terms was being reduced in
arbitrarily defined proportions: 90%, 60% and 30%. In this way, the final output
was consisting of four different prioritized lists, letting the user to decide the
most preferable. Moreover the algorithm was configured to take into account the
total background annotation of the considered graph and not the input list of
genes. Thus, common master regulatory genes were more likely to be inclined
as hub genes. That step was completely changed, as the purpose of the novel
workflow was to provide a unique, unbiased signature, including genes solely
from the initial input list. These genes are associated with the quasi-uncorrelated
components of the ontological graph, consisting a specified signature for the
examined case. For that reason, a novel clustering approach was developed to
reduce graph dimensionality into an optimal set of distantly-related ontological

components, using semantic analysis.

3.2.2 The GraphNode Class

Each ontological term is represented as a GraphNode object. Its attributes
contain specific semantic properties (parents, ancestors, children, descendants,
types of relations, metadata). The number and the length of paths that pass
through the specified term and its ancestors are stored in appropriate data types.
While all that information is captured with non-linear complexity recursive
algorithms, GraphNode instances are created once, when the ontology is updated,

during the construction of the respective Graph object.

3.2.3 The Graph Class

The Graph class is used to imitate the structure of an ontological graph (DAG)
for a certain organism. Thereby, the Graph instance of GO-BP for Homo sapiens
is different from that of Mus musculus. An instance is constructed once, parsing
the OBO format file of the respective ontology, using custom Python modules.
The genomic annotation of species is retrieved from the Ensembl database [128],
using the biomaRt package of R/Bioconductor [156]. A Graph object includes
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all the annotated terms as GraphNode instances. Its methods are used for
many internal tasks, such as the correction of genomic annotation through the
implementation of the TPR. Each Graph object is updated when there is a new
version of ontology structure or genome annotation. Then, it is transformed in
binary format, using the cPickle serialization module of Python, and it is stored
as a collection in MongoDB database.

3.2.4 The Semantics Class

Semantics is a complex class, which includes all the necessary methods to perform
semantic analysis on the ontological graphs. It operates as a wrapper module to
perform various semantic operations using the attributes of a Graph object. Its
methods are inherited from multiple smaller classes (Fig. Fig. 3-2). Specifically,
it inherits methods and attributes from two types of classes: Base and Operator.
Each Base class contains a list of methods for a specific task of semantic analysis
(e.g. calculation of similarity between two terms). One or more Base classes
are incorporated in an Operator class, which includes high-level methods to
execute the considered tasks given the appropriate parameterization (e.g. given
the label of a pair-wise measure as input, it calls the proper inherited method
to calculate the similarity of two terms). Using that model, each Base class
could be developed and improved separately, without changing or overwriting
data types of other classes. Their methods are always called indirectly using the
wrappers of Operator class.

Methods of SemanticsBase and SemanticsAncestorsBase are called through
SemanticsPropertiesOperator. That module is used to retrieve the semantic
properties of a term (section 2.2) and to define the shared semantic component
of two terms, based on their ancestral paths (section 2.3). As it is mentioned
in section 2.4, many formulas of binary measures of Set Theory are used by
information-based semantic similarity measures. BinaryMetricsBase contains
these formulas and SemanticsPairwiseMetricsBase is used to call them and
define the corresponding semantic similarity measures. On the other hand,
AggregateMetricsBase contains functions to calculate the semantic similarity of
gene products (section 2.5). The intermediate "Operator” classes are combined
into the advanced Semantics class which inherits all the methodologies to
perform various semantic analysis tasks, given an input Graph object.
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Semantics

[ SemanticsPairwiseMetricsOperator] > [ SemanticsMetricsOperator]

T ,\

{SemanticsPairwiseMetricsBaseJ

T

[SemanticsPropertiesOperator]

f

[ SemanticsAncestorsBase] [ BinaryMetricsOperator } [ AggregateMetricsOperator]

[ SemanticsBase ] [ BinaryMetricsBase ] [ AggregateMetricsBase ]

Figure 3-2: The architecture of the Semantics class. Using multiple inheritance, various Base
and Operator classes are combined to construct a comprehensive powerful class, able to perform
semantic analysis on an input Graph object.

3.2.5 Classes for Semantic Clustering

GraphClusteringOperators class contains various algorithms for the semantic
clustering of terms. Their input is a Graph object, which is used to define an
internal instance of the Semantics class. Different types of clustering could be
performed (agglomerative, network-based) and the final output consists of a
group of clusters (GraphCluster instances). Terms clustered together could be
retrieved from the attributes of the respective GraphCluster object.
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3.2.6 The Computational Workflow

As described above, the computational workflow executes sequentially pathway
analysis and gene prioritization. A specific module was constructed for each
task to include all the necessary methods (Fig. A-1A, Fig. A-1B). PathwayAnaly-
sisModule loads and deserializes the Graph object from MongoDB, regarding the
user-defined parameters (ontology and organism). The TPR-corrected genomic
annotation of Graph is used to perform the analysis. The extracted list of statis-
tically significant enriched terms serves as input to GenePrioritizationModule
for the execution of gene prioritization. A semantic clustering of terms is imple-
mented, using one of the GraphClusteringOperators classes. The output consists
of a set of distinct ontological clusters (structured as GraphCluster instances)
and the associated hub genes (the gene signature), prioritized according to their
involvement in the underlying topology (Fig. A-1C).

3.2.7 Visualization of Results

In order to illustrate the computational analysis results, in combination with
experimental data, a visualization module was developed (Fig. 3-3). The main
idea was to illustrate in a common framework the over-represented part of
the ontological tree (Fig. 3-4 A), its segmentation into the distinct semantic
clusters (Fig. 3-4B) and their associations with the prioritized genes. Such a
comprehensive plot could be represented as a hierarchical graph, where nodes (i.e
the enriched terms) are clustered on broader entities (not necessarily containing
nodes of the same branch) and each entity is linked with external nodes (genes),
shaping an intuitive bipartite graph. Also, the visualization in an interactive
front-end environment requires the transformation of data into JSON objects.
In order to carry out the above idea, a novel, automated workflow for data
visualization was developed. Initially, a Graph object is generated and the over-
represented terms in combination with their ancestors are marked to be visualized.
Usually, the amount of these terms and the degree of their interconnections,
produce voluminous trees, making the neat representation of graph structure
practically elusive. Thus, a preliminary pruning is performed, clustering all the
over-represented terms using methods of GraphClusteringOperators. Each pair of
terms is connected only with its MICA, in an iterative process which terminates
to the graph root. The output hierarchy represents a succinct, non-redundant
version of the over-represented graph, as each term has a single parent and
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intermediate semantic branches with non significant terms are condensed into
single nodes.

In the second step, the Graphviz software [157] is used to create the visual rep-
resentation of the extracted tree. Graphviz contains open-source tools to represent
graphs and networks in simple two-dimensional plots, using the DOT scripting
language, while its methodologies are available as Python libraries (graphviz
package). The output SVG (Scalable Vector Graphics) object contains the coor-
dinates of graph nodes and edges. A Python XML parser (xml.dom.minidom) is
used to read the SVG and extract these data in the appropriate format.

During the step of gene prioritization, the over-represented terms are classified
into distinct semantic clusters. As a result, each term and subsequently its point
in the new two-dimensional topology belongs to a broader entity. The underlying
region of each cluster is demarcated by applying the Voronoi decomposition
algorithm [158] via the spatial.Voronot module of SciPy Python library. In
general, the Voronoi algorithm segregates a plane into partitions, according
to a given set of objects (seed points). In this implementation, it is used to
determine the individual polygons of each semantic cluster (Fig. 3-4 B). Finally,
the coordinates of graph elements and polygons, as well the associations of
prioritized genes with terms and clusters and other useful data are organised in
JSON format objects.

The visual representation is constructed using the JavaScript language and the
D3.js library, which is suitable to visualize data as SVG elements and assigning
specific functionalities to them. Each visualized entity (i.e. graph nodes, edges,
semantic clusters, prioritized genes) is a unique SVG object, having its own
attributes and methods, so it could be manipulated separately. Also each one
contains internally a bulk of data which enrich its informational content and
define hidden associations with other visualized entities. Each node, in the
constructed hierarchical tree, constitutes a distinct circle. If the respective term
is noted as over-represented, then the node will be a D3 pack layout, including
the associated genes as internal circles Fig. A-2. The user is able to navigate
and disclose the genomic content of each term using zoom-in and zoom-out
functionalities. The polygons of each semantic cluster are uniquely colored.
The user is able to focus on the content of specific cluster using zoom methods
(Fig. A-3 and A-4). Below the area of the hierarchical tree, there is another
SVG object, which displays the prioritized genes as circles. The mouse-over
functionality reveals through highlighting their associations with the semantic
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clusters and subsequently their impact on the underlying semantic topology
(Fig. A-5 and A-6).
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Figure 3-3: The workflow for data visualization. BioInfoMiner results are transformed in JSON
data to be uploaded as SVG elements, using D3.js library, on a front-end framework.
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Figure 3-4: Visualization of BiolnfoMiner results. (A) A pruned tree depicts the hierarchical
organization of over-represented terms (grey nodes), while intermediate non-significant terms are
condensed into single entities (white nodes). Below the area of the hierarchical tree, another plot
displays the prioritized genes as circles. Interactive functions reveal their hidden associations,
according to BioInfoMiner analysis. (B) Semantic clusters are visualized using the concept
of Voronoi tessellation. Each prioritized gene is associated with various components on this
topology.
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3.3 Discussion

3.3.1 BiolnfoMiner Novelties

The technical advancements of BiolnfoMiner modules compared to the pre-
vious algorithms, developed in the laboratory of Metabolic Engineering and
Biloinformatics Program of NHRF are presented in section 3.2.1. The current
software architecture facilitates the integration of biological knowledge for differ-
ent species, enabling the translational analysis of any organism which has been
annotated in genome-wide scale. While the majority of pathway analysis and
gene prioritization tools focus only on human and mouse genomes, the current
version has been designed to analyze data for twenty eukaryotes (animals, fungi
and plants; Table A.1). Also, the analysis is not limited to GO annotation, as var-
tous ontologies have been integrated (Plant Ontology, WormBase and Zebrafish
Ontology) in the database. Hence, scientific teams which study solely a specific
model organism (such as Caenorhabditis elegans) could use BioInfoMiner for
the interpretation of their genome-wide experiments, exploiting species-specific
knowledge.

In contrast to widely-used tools for pathway analysis, BioInfoMiner provides
an automated solution to winnow not only the important pathways but also
their underlying associations with nodal genes on their network. Also, the
automated extraction of gene signature, without the usage of seed gene lists
or keyword mappings, is an advantage comparing to other gene prioritization
methods, described in section 1.5.2. The final signature constitutes a succinct yet
informative and novel collection of genes, exclusively defined for the examined
pathological state or phenotype. That procedure could be used as a feature
selection method, which uses semantic and not experimental criteria to reduce
the dimensionality of input vector. While the analysis does not provide any
indication about the causal merit of prioritized genes, they could be considered as
potential nodal genes to portray the studied phenotypic stratifications. The reason
behind of this is that they bear a substantially differentiated profile in genome
or trancriptome level in combination with a central position on the semantic
topology. Additionally, the visualization workflow provides a powerful solution
to integrate these data in a comprehensive map and untangle the genomic
complexity, helping the user to understand how the emergent semantic networks
are associated with the proposed gene signature. The interactive environment
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provides extra navigation tools to display user-defined components of semantic
network in conjunction with experimental and background information.

3.3.2 Future Development

Concerning the future work on BiolnfoMiner methodologies, the process of
pathway analysis could be refined in the level of inference. In general, one dis-
advantage of pathway analysis is that it requires the usage of arbitrary statistical
thresholds in different steps. If the applied approach uses an over-representation
statistical test, then it is necessary to predefine the list of differentially expressed
genes (or gene products), using a p-value threshold (usually 0.05). Despite that
some gene set and topology-based approaches developed to surpass that drawback,
taking into account the whole p-values distribution, the subsequent meta-analysis
adopts arbitrary thresholds to specify the set of significant pathways. In both
cases, p-value serves as an indicator of biological signal which varies con-
tinuously between the background noise and the extreme signal prominences.
However, neither the statistical model nor the strategies of multiple hypothe-
sis testing could guarantee that extreme signals imply comparable biological
association or that weak signals are not linked with moderate, yet interrelated
with the examined condition, molecular events. Thus, the sharp dichotomization
in statistically significant and not significant events, solely based on statistical
criteria, could demote the quality of the extracted biological information and
the plausibility of the subsequent interpretation.

A premature idea to overcome the issue of arbitrary statistical thresholds
was presented at the 8th International Conference on Systems Biology (ISB)
[159]. In that work, an entropy-based, free of statistical thresholds, workflow
was constructed and applied in a DNA microarray dataset for muscular aging,
targeting to assoclate the given phenotype with a broad, yet highly informative
(with noise minimization) gene list. The proposed algorithm involved an iterative
execution of StRAnGER on an incremental set of genes, according to their p-
values ranking, and the partitioning of enriched GO terms into informative and
potentially noisy, based on specific criteria. Following that process, the Shannon
entropy [160] genes was estimated in each round, taking into consideration the
associated GO terms. The main goal was to detect the maximal set of genes
for which the measurement of the aggregated Shannon entropy reached a local
minimum. The analysis revealed that genes with traditionally great p-values
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(>0.05), in the level of null hypothesis acceptance, could incorporate important
biological information, rather than noise, increasing the information content of
reliable functional terms. That work could pave the way for the construction of
an automated, relieved from statistical cutoffs, information-based approach, in
order to improve the pathway analysis module. For that purpose, the theoretic
framework of noise-chasing method and that of mathematical optimization need
to be determined, while the final algorithm should be validated with plenty of
benchmark datasets.

3.3.3 Conclusion

Overall, the computational workflow of BiolnfoMiner serves as a data-driven,
agnostic operator, able to deliver the systemic interpretation of the input list,
regardless the omic approach and the experimental conditions from which it
was derived. The gene list could have been derived either from modern high-
throughput biological experiments or annotation procedures, where bio-curators
relate manually or electronically an entity (disease, phenotypic trait, molecular
mechanism, etc.) with a list of genes, under certain criteria. Chapters 6, 7 and
8 present how BioInfoMiner and its software library could be used in different
scenarios to elucidate various questions through the implementation of semantic
networks analysis.
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Chapter 4

BioTranslator: A BiolnfoMiner
Instantiation for the Semantic
Interpretation of Metagenomes

This chapter presents the BioTranslator tool, a Galaxy-integrated automated work-
flow, for the semantic interpretation of metagenomic samples. BioTranslator
is an instance of BiolnfoMiner, appropriately configured to analyze metage-
nomic datasets in the environment of Galaxy engine. It constitutes a part of
ANASTASIA, a web-based platform and repository for the systemic analysis of
metagenomic samples [161]. Initially it was developed in the framework of the
European FP7 project HotZyme, whose aim was to perform exhaustive analysis
of metagenomes derived from thermal springs around the globe and discover new
enzymes of industrial interest. The current version of ANASTASIA is available
at motherbox.chemeng.ntua.gr/anastasia_dev.

4.1 Introduction

Metagenomics is a research discipline in molecular biology, applied in envi-
ronmental and clinical studies to explore the genomic and enzymatic content
of microbial communities [162]. In environmental metagenomics [163], mixed
biological communities from common environments (soil and seas) or ecosystems
with utmost conditions (volcanoes, thermal springs and glaciers) are collected
and analyzed without prior cultivation. The in-depth study of a community

genotype (metagenome) aims to unravel not only the phylogenetic properties of
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the environmental niche itself, but also the molecular mechanisms that provide
adaptability and sustainability in such conditions. These mechanisms and the
underlying network of interactions could comprise useful novel “recipes” for
the biotechnological industry. Thus, metagenomics provides industry with an
unprecedented chance to bring novel biomolecules into industrial application.
Rather than designing processes that are able to maintain enzymes originally
vulnerable to extreme conditions, it is preferable that naturally tolerant enzymes,
regulated to persist in such conditions, could be used as an alternative and
efficient tool for industrial procedures.

Metagenomic analysis is not limited to environmental samples. Understanding
the contribution of microbiome regarding modulation of host response, is another
highly-important, emergent, scientific field. The study of human microbiome
aims to elucidate the role of microbial communities in human health and
how modifications of microbial composition affect the healthy state, provoking
specific diseases [164]. More than 10000 microbial species are hosted in and
on the human body, outnumbering the total number of human cells by an
estimated factor of 10 fold [165]. The composition of the microbiome varies by
anatomical site, indicating the existence of specific evolutionary niches, based
on co-adaptation [166]. The taxonomic profile of each anatomical site reflects
the evolutionary adaptation of host and microbial cells, which shapes a complex
cooperative network of functions and is characterized by long-term equilibrium
and robustness to accidental perturbations [167]. However, that equilibrium is
not stable, as it can be influenced by dietary changes, exposure to antibiotics
and infections. These factors alter the microbiome composition, which could
lead to new pathogenic states, affecting the overall human homeostasis. As a
result, the in-depth exploration of human microbiome functionalities and how it
becomes pathogenic is a crucial task for the comprehension and the treatment
of related diseases.

Metagenome analysis workflows integrate a plethora of computational tasks.
Samples acquisition and sequencing (i.e. the full documentation of the nucleotide
sequences that constitute the metagenome) ends up to a chaotic collection of
DNA sequence chunks (billions or trillions), which constitute the starting point
(raw data) of computational analysis. Various procedures, such as i. quality
control, ii. metagenome assembly, iii. gene detection, iv. gene annotation, v.
taxonomic analysis and vi. comparative analysis, should be performed in order to
elucidate those complex biological systems enigmas. For this scope, ANASTASIA,
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a web-based platform and repository, utilizing the Galaxy workflow engine [168],
was developed. ANASTASIA integrates a wide variety of bioinformatics tools for
the systemic analysis of metagenomic samples, combining them to transparent
workflows, executing composite computational tasks, at the push of a button. The
motivation in this work was to provide an automated solution for the functional
description of microbial communities. To that end, BiolnfoMiner computational
workflow (described in chapter 3) was configured and adapted to the demands of
metagenomic data. That version was named BioTranslator and it was integrated
in the ANASTASIA repository.

4.2 Methods

BioTranslator workflow is an instance of BiolnfoMiner. BiolnfoMiner was
developed to analyze organism-specific omic data, whereas the main idea in this
work was to build a non-specified methodology, sufficient to functionally interpret
a metagenomic sample regardless its phylogenetic composition. GO was selected
for that task, as it provides a universal functional annotation and thousands
prokaryotic species, with biomedical or industrial interest, have been annotated in
genome scale. To date, it is the foremost ontology for the massive annotation of
prokaryotic world. Furthermore, as the final goal was to integrate BioTranslator
in ANASTASIA platform and its automated pipelines, additional modules needed
to be constructed. Taking the above under consideration, adjustments on GO

annotation and computational workflow were carried out.

4.2.1 Adjustment of the GO Annotation

The processing of metagenomic raw data correlates parts of the detected open
reading frames (ORFs) with known sequences or protein domains, based on
sequence alignment algorithms. Sequence matches with high-similarity are used
to annotate the genomic content of microbial community. An appropriate path-
way analysis tool needs to exploit all the available functional annotation of the
prokaryotic world to interpret these results. The UniProtKB/SwissProt database
[169] includes manually curated descriptions for more than 350k known prokary-
otic proteins. Thus, to overcome the existence of organism-specific databases,
GO annotations of different species, retrieved from UniProtKB/SwissProt, were

combined in a unified schema. All the orthologous genes (i.e. genes in different
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species that origin from a common ancestral gene) were mapped together, com-
bining their functional annotations to produce a unique gene — GO mapping.
In order to eliminate the annotation bias of extensively studied prokaryotes,
infrequent associations were filtered out. The relative frequency of each gene —
GO term pair was calculated as the ratio of the species which are annotated with
that pair to the whole set of organisms, which contain that gene in their genome.
Gene-specific distributions of relative frequencies were calculated, so that each
gene - GO term pair with value lower than the median of distribution was
excluded from the final annotation set of that gene. The output versions of GO
domains shape a global description of biological processes, cellular components
and molecular functions that exist in the prokaryotic kingdom, regardless of the

taxonomic details.

4.2.2 Adjustment of the Computational Workflow

The software library was extended to facilitate the integration of the computa-
tional workflow in automated analytical pipelines of ANASTASIA repository.
The input data could be either a predefined list of genes or gene products, as in
the original workflow, or a BLASTp [133] output (specific tabular format and
executed on the SwissProt database), derived from previous analytical tasks
(Fig. 4-1). In order to keep the most reliable BLAST hits, BioTranslator adopts
strict alignment criteria, filtering out matches with query coverage lower than
90% or subject coverage lower than 50% and it accepts a user-defined threshold
about the hits’ e-value. The best hit of each query is kept and UniProt IDs
are translated into the respective gene symbols. Regardless of the initial input,
pathway analysis extracts a set of statistically significant terms, as they are
described in the three GO domains. The user is able to determine the domain
which will be used for the prioritization of genes. Hence, the second step uses
the enriched part of that ontological graph to exploit its topology and disclose
the most critical genes that could be assumed as the master regulators of the

microbial community under study.
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Filtration of Prioritized
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format)
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Analysis
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Unified GO Genes
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Prokaryotes

Figure 4-1: Computational workflow of BioTranslator. The user could start the analysis with
a pre-defined gene list, or sequence similarities data derived from BLASTp analysis. BLASTp
results are filtered to keep the most reliable matches. Pathway analysis and master regulators
detection are based on BioTranslator core algorithms. The outputs are presented in the Galaxy
front-end interface.

4.3 Discussion

4.3.1 Future Development

BioTranslator was developed for the automated interpretation of de novo assem-
bled environmental metagenomic samples, however its future versions need to
be adapted in the recent advances of metagenomic analysis and the demands
of human microbiome studies. The unprecedented characterization of human
microbiota has shifted the attention of scientific community to the identification
of the causal relationships between host-associated microorganisms and various
pathologies. Although the majority of microbial universe remains undefined,
the intensive research have paved the way for the construction of microbial
reference genomes and pan-genome models [170-172]. The exploitation of these
repositories could facilitate the targeted functional analysis of specific species or
genera, whereas the combined analysis of host omic data could reveal the crucial
network of interactions and its underlying disparities in different pathological
states. Gene prioritization step of BioTranslator could be used in such a scenario
to glean the master regulators of these synergistic networks.
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Metabolic reconstruction is another approach to explore the functional capac-
ity of a (meta)genome, applied to design the connectivity structure of metabolism
of the investigated organism or community [173, 174]. However metabolism is a
part of cellular mechanisms and cannot be interpreted as the entire functional
description. On the other hand, BioTranslator uses the GO annotation to de-
lineate a global network of functional components and detect their regulatory
markers. Ideally, both these methods could be used in parallel for the interpre-
tation of a metagenomic sample. BioTranslator could be used to pinpoint the
generic network of mechanisms, shaping the primary structure of the underlying
functionality, while metabolic reconstruction could detect significant metabolic
reactions and pathways, providing a composite description about the energy
production process. MetaCyc[44] and KEGG [13] are the prominent databases for
this purpose. The interconnection of such methodologies in a unified, integrated
solution, could be a future project for the improvement of translational analysis
of metagenomes.

Workflow Canvas | imported: Starting from reads L&
#© BLAST results database generator X /& BioTranslator x
Ouput file of BLAST analysis Dataset
FASTA file with nucleotide/protein go_bp (tsv)
sequences
go_cc (tsv)
sglout (txt)
go_mf (tsv)
orphans (fasta)
gp (tsv)

blastorfs (fasta)

Figure 4-2: Part of ANASTASIA workflow for the analysis of metagenomic samples. BioTranslator
module receives the output of BLASTp.

4.3.2 Conclusion

The integration of BioTranslator in the environment of Galaxy platform, demon-
strated the portability of the main software library described in chapter 3. The
computational workflow of BiolnfoMiner can be easily embedded in integrative
computational environments, as an operator. Also, its modular architecture
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allowed the adjustment of background database in order to analyze a customized
version of GO for prokaryotes. The configuration to accept BLASTp outputs
facilitates its incorporation in the complex pipelines of ANASTASIA (Fig. 4-2).
Thus, even the most inexperienced users could use it in the public server (moth-
erbox.chemeng.ntua.gr/anastasia_dev) via the graphic user interface of Galaxy,
as a standalone tool or built-in the automated pipelines.
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Chapter 5

Qualitative Evaluation of
Semantic Similarity Measures

Several measures have been developed to apply semantic analysis on ontological
graphs. Some of them have been described in section 2.4, while they have been
implemented as functions in the object-oriented software library of BioInfoMiner
(section 3.2.4). The purpose of this study was to winnow the crucial factors
that impinge on the semantic association of two terms and to evaluate existing
similarity measures, in terms of their consistency with these factors. To address
this, an artificial ontological tree was constructed and pairs of terms were
ranked, based on human perception. Different measures were applied, to assess
their ability to reproduce the same ranking. The results were presented in the
Bio-Ontologies COSI (Communities of Special Interest) track of the ISMB/ECCB
Conference in 2019 [175].

5.1 Introduction

The current information-theoretic measures take into consideration the topology
of terms on the directed graph. The foremost concept that is used to determine
the semantic specificity of a term is its Information Content (IC) (equation 2.1).
Additional values have been proposed to characterize terms’ topology (equation 2.3,
2.4), pointing out several limitations of IC. The respective measures assume that
the adjacency of two terms is positively correlated with the topological position
and the extent of their common ancestors set. Preliminary measures combined
the idea of the most informative common ancestor MICA; equation 2.5) and that
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of IC to define the similarity of two terms. When all nodes but MICA are ignored,
different possible interpretations of the semantic concepts are disregarded [141].
To overcome this limitation, different ancestor strategies have been constructed,
considering either all common ancestors or only a part of them (equation 2.8,
2.10 and 2.11).

The unified theoretic framework of Mazandu and Mulder [143] postulates that
all the measures borrow their formulas by Set Theory and the similarity between
two terms could be expressed as the ratio of their semantic intersection and
union. Intersection is determined by their Shared Information (SI), namely the
topological specificity of the common ancestors. Likewise, union is represented
as the sum of their semantic specificity. Analogizing the topological space
of ontological terms as sets of objects, these assumptions become defective.
Particularly, the effect of uncommon disjunctive ancestral paths is considered
only when one of the aforementioned ancestor strategies is used to calculate
the SI, instead of MICA. Also, the effect of terms’ specificity is canceled when
the intersection is empty, so the numerator is zero. Furthermore, that reasoning
does not provide any explication about how the existence of common descendant
terms could influence the similarity. Intuitively, two terms with common
semantic sub-entities are probably more relevant than a disjoint pair. Thus, the
existed measures address partly the distinct topological properties and pitfalls of
ontologies, as they perform simplified semantic comparisons, ignoring a part of
cructal features.

Taking into account all the aspects of topological complexity of biomedical
ontologies, a more precise framework need to be developed. In this work, the
theoretic concepts of semantic analysis were clarified and a set of important
factors that need to be considered during the comparisons was proposed. The
level of conformity of the existing measures to these factors was assessed, by
constructing a ranking of term pairs on an artificial directed graph, based on
human perception. The measures were examined for their ability to correctly
prioritize these pairs, complying to the benchmark ranking. The following factors
determine the theoretic framework, in order to define a more efficient semantic

measure:

1. Specificity of the common ancestors: A pair of terms, whose common
ancestors have high specificity, is more similar than a pair of terms, which
have approximately the same degree of specificity with the first pair, but
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markedly less informative common ancestors.

2. Multiple parent inheritance: The existence common disjunctive ancestors,
instead of a unique common ancestry, does not decrease the similarity
of two terms. In contrast, similarity is decreased due to the existence of
uncommon disjunctive ancestors.

3. Specificity of the compared terms: General terms with low specificity are
more similar than a pair of terms with high specificity, which have the
same common ancestry paths - analogous with the concept of Lin and
Aggregate IC (equation 2.13, 2.18).

4. Common descendant terms: The presence of common descendants indi-
cates the existence of common semantic sub-entities (which potentially
emerges from overlapping genomic annotations) and increases the semantic
similarity of terms.

 Li

Factor 1 Factor 2 Factor 3 Factor 4
Specificity of the Multiple parent Specificity of the Common
common ancestors inheritance compared terms descendant terms

Figure 5-1: Illustration of the proposed factors on appropriate graphical instances. Concerning
to factors 1 and 3, the gold coloured pair has greater semantic similarity than the grey one.
Factors 2 and 4 state that the similarity between gold nodes surpasses their respective individual
similarities with the grey node.
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9.2 Methods

5.2.1 Benchmarking Using the Human Perception

In the past, numerous studies investigated the efficiency of semantic similarity
measures [139, 142, 143, 148, 151, 176, 177]. Traditionally, the evaluation process
uses a list of proteins and their functional annotation in order to calculate a
similarity matrix for each measure. Then, an adjacency mapping of proteins is
assumed as benchmark, using either a quantitative feature of proteins (sequence,
structure or expression levels) or their proximities on protein-protein interactions
(PPI) network. In the first case, a similarity matrix is constructed and the ability
of each measure to reproduce relevant similarities is examined. Using the PPI
network, an accurate measure is expected to infer high similarity values to
interacting proteins, or proteins which act in the same pathways. However,
these features could not entirely guarantee functional coherence and therefore
no gold standard datasets have been developed (each author devises a different
case study).

Alternatively, some studies [139, 142] have referred that semantic comparison
should be consistent with the inferences of human perception. Namely, the deduc-
tive logic could be used to evaluate isolated, non-complex scenarios, investigating
the accuracy of measures based only on one independent variable. That method
was used in the present study to estimate the efficiency of measures described
in section 2.4. That strategy needs the usage of a benchmark ontological graph,
free of the common pitfalls of biomedical ontologies (e.g. edges with various
semantic weights, deep and shallow branches, high degree of interconnections).
Hence, an artificial ontology was constructed to evaluate the semantic similarity
measures (Fig. 5-2A). It was manually designed to have four distinct levels
of specificity (IC values) and not complex interconnections, in order to easily
find pairs of terms with evident difference in semantic relatedness, based on
the first factor. Twelve pairs of terms with considerably different similarities
based on the proposed system of rules were prioritized (Fig. 5-2 B). The following
paragraph describes the thought process for that prioritization.

Pairs (D1,D2) and (D3,D4) have the highest similarity as their MICA terms
belong to the C-level (graph tier with the most informative parents) and none of
these nodes has any disjoint ancestral path. That issue is observed in (D3,D35)
were DS has two separate parents. As a result, it has lower similarity compared
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to the previous two pairs. Concerning to pairs which have their MICA in the
B-level, (C1,C2) pair has greater similarity than (C3,C4) due to the set of common
descendants. This indicates an internal semantic overlap of Cl and C2, setting
them closer on the topological space. (A1,C2) is the only pair with MICA in the A-
level, while their similarity is increased due to their indirect relationship. All the
other pairs have the root as MICA, so their SI value is the minimum. However,
they are prioritized according to the last two proposed factors, which suggest
that the existence of common descendants and the low semantic specificity are

positively correlated with the increase of semantic similarity.

9.2.2 Evaluation Metrics

All the possible combinations of semantic similarity measures and SI strategies
were implemented to prioritize the above pairs. The congruity of each sorted
list with the benchmark was evaluated based on two criteria: the Manhattan
distance [178] and the Kendall’s tau-b correlation coefficient [179], which measures
the monotone relationship between two ranks. Given a set of N elements
{e1, €9, ...,e,} and two ranking vectors of them, X = [z1,....,z,] and Y = [y1, ..., Un],
where z;, y; are the rankings of element ¢; in X and Y, then the Manhattan
distance of X and Y is defined as:

N
MD(X,Y)= Y |z —yil (5.1)

i€[1,n]
The Kendall’s tau-b correlation coefficient examines all the (g ) combinations of
pairs (z;,v;) and (x;,y;), where i < j: [(ml,yl), (l’g,yg)},..., [(acn,l,yn,l), (:En,yn)]
The number of concordant pairs (namely either both x; > x5 and y; > y» hold or
both x; < x5 and y; < ¥»), and the number of discordant pairs are counted in
order to calculate the coefficient:

|concordant pairs| — |discordant pairs|
Kendall(X,Y) = e (5.2)

2
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Rank Pair Ranking Explanation
1 (D3, D4) MICA in C-level
1 (D1, D2) Multiple common parents in C-level & no uncommon ancestors
2 (D3, D5) MICA in C-level and one uncommon ancestry path
3 (CL,C2) MICA in B-level & common descendants
4 (C3,C4) MICA in B-level
5 (A1, C2) MICA in A-level, ancestor-descendant relation
6 (B3, B4) R as MICA, B-level terms, common child
7 (A3, A2) R as MICA, A-level terms, remote common descendant
8 (A1, A2) R as MICA, A-level terms
9 (B1,B2) R as MICA, B-level terms
10 (A1, DS) R as MICA, no correlation
11 (D1, D5) R as MICA, no correlation

Figure 5-2: An artificial ontology which was constructed to evaluate the semantic similarity
measures. (A) Its structure consists of four distinct levels of specificity - terms of the same
level have the same IC value. (B) Twelve pairs were prioritized, as their semantic similarity was
qualitatively estimated using the proposed factors.
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9.3 Results & Discussion

5.3.1 Comparison of Semantic Measures

None of the existed approaches could infallibly reproduce the reference prioriti-
zation (Table 5.1). Aggregate IC, which considers the whole ancestral sub-graph
of each term specificity calculation, had the best performance. Schlicker and
Resnik measures with XGraSM and DiShln strategies showed also adequate
accuracy. They both adopt a conservative logic, producing a lot of similarly
equal pairs, especially in the upper levels of the graph. On the other hand,
Jiang and Conrath measure had the worst performance. Overall, the adoption of
DiShIn method to calculate the similarity of two terms based on their common
disjunctive ancestors, instead of MICA, increases the performance of measures,
while the XGraSM technique improves only the performance of Schlicker and
Resnik measures. Also, it is evident that none of the measures considers the
existence of common downstream sub-graphs between two terms.

The main difference between Aggregate IC and the other measures is that it
succeeded to assign different similarity scores for the majority of pairs, especially
in the tail of the sorted list. The reason for that behavior is that Aggregate 1C
formula uses the property of SV, instead of IC. By definition SV is greater than
zero (equation 2.3), so the semantic similarity of a pair with the graph root as
MICA is nonzero and it is determined by terms’ specificity. In contrast, all the
other measures use the IC, which is zero for the root term and therefore, all
the uncorrelated terms have similarity equal to zero. Despite that Aggregate
IC quantifies the contribution of the first three proposed factors and surpasses
all the other measures, it produces discrepancies with the reference ranking for
adjacent pairs.

Inconsistencies between the Manhattan distance and Kendall's correlation are
observed comparing the strategy of MICA with those of XGraSM and DiShIn. In
general, the complex methods interpret in a superior way the first three proposed
factors (lower Manhattan distance values) comparing to MICA. However, they
have slightly lower Kendall’s correlation values. The reason for that contradiction
is that they are more sensitive to produce different tiers of similarity scores on
the graph which could lead to disconcordances with the reference ranking. On
the other hand, MICA generates distinct tiers, where a lot of pairs have the same
similarity and they are prioritized equally. These ranking ties are not considered
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Table 5.1: Results of the Evaluation of Semantic Similarity Measures

Measure Strategy Ma.nhattan I%;f—?)u Ranking
of SI Distance Correlation.
Aggregate 1C - 18 0.719 1,2,4,3,3,7,6,5,5,6,8,9]
Resnik DiShin 28 0.762 1,1,4,2,2,3,5,5,5,5,5,5]
Schlicker DiShin 28 0.762 1,1,4,2,2,3,5,5,5,5,5,5]
Resnik XGraSM 30 0.794 [1,2,2,3,3,4,4,4,4,4,4,4]
Schlicker XGraSM 30 0.794 [1,2,2,3,3,4,4,4,4,4,4,4]
Lin DiShin 32 0.620 2,2,4,1,1,3,5,5,5,9,9,9]
Nunivers DiShin 32 0.620 2,2,4,1,1,3,5,5,5,5,5,5]
Faith DiShin 32 0.620 2,2,4,1,1,3,5,5,5,5,5,5]
Resnik MICA 33 0.850 1,1,1,2,2,3,4,4,4,4,4,4]
Schlicker MICA 33 0.850 1,1,1,2,2,3,4,4,4,4,4,4]
Nunivers MICA 36 0.633 2,2,2,1,1,3,4,4,4,4,4,4]
Faith MICA 36 0.633 2,2,2,1,1,3,4,4,4,4,4,4]
Lin MICA 36 0.633 2,2,2,1,1,3,4,4,4,4,4,4]
Lin XGraSM 37 0.567 2,3,3,1,1,4,4,4,4,4,4,4]
Faith XGraSM 37 0.567 2,3,3,1,1,4,4,4,4,4,4,4]
Nunivers XGraSM 37 0.567 [2,3,3,1,1,4,4,4,4,4,4,4]
Jiang & Conrath | MICA 42 0.338 [4,4,4,1,1,2,4,3,3,4,5,6]
Jiang & Conrath | DiShin 43 0.293 4,4,6,1,1,2,4,3,3,4,5,7]
Jiang & Conrath | XGraSM 44 -0.064 4,5,5,3,3,6,2,1,1,2,6,7]

as disconcordances from Kendall’s equation and MICA produces better results
for the same measure. In the light of the above, there are two different categories
of measures, based on the causality of their inconsistencies. MICA tends to
increase the bias of the semantic metric, whereas the other methods increase
its variance. Hence, the selection between the complex ancestors strategies and

MICA could be translated as a bias-variance trade-off.

9.3.2 Conclusion

To conclude, the evaluation revealed the advantages of some approaches, but
also a general inadequacy of the existing methods to correctly assess all the
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variables that influence the similarity of terms. To further explain the above
results, Set Theory could be used to describe the structure of an ontology, while
its topological space could be represented as an area-proportional Euler diagram.
A similar idea has been presented in [180] and a toy model is depicted in Fig. 5-3.
The root of DAG is illustrated as the superset which includes all the other terms.
Its gradual segregation likens the semantic hereditary which traverses the graph,
from root (set A) to leaves (sets E, F, G, H, I and J). The size of a set is inversely
correlated to its semantic specificity and the similarity of two sets could be
assessed by their contour distance. In such a way, sets I and J (descendants
of C) are more similar than E and I (descendants of A), as they are conjointly
located in a smaller area (15 factor). The existence of multiple parent inheritance
moves a set away (e.g. H) from others (E, F and G), which are subsets of the
same superset (2" factor). The distance of two broad semantic entities (e.g. B
and C) is smaller than that of their subsets (e.g. H and D), as their contours
are de facto closer (3™ factor). Two sets with non-empty intersection (E and F)
are located closer than others (E and G) in the same superset (4" factor). Such
a transformation verifies the importance of the proposed factors and unveils the
individual deficiencies of the existed measures, as they fulfill only a part of these
factors. To improve the reliability of semantic analysis, an advanced measure
or methodology needs to quantify the contribution of the proposed factors and
integrate them as coefficients.

Figure 5-3: Visualization of ontological structure using the Euler diagram. The ontological graph
could be presented as a collection of sets. Each set refers to a specific term and it is located in
its superset or the intersection of its disjoint parental terms. This presentation elucidates the
importance of the proposed factors in the calculation of semantic similarity.
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Chapter 6

Case Study 1: Profiling of
TRAIL-Induced Modulation of NK

cells During Viral Infection

This chapter describes the transcriptomic and functional analysis of splenic NK
cells profile, within the frames of a research study about the non-apoptotic role
of TRAIL (ITNF-related apoptosis-inducing ligand) in the regulation of NK cells
activity during viral infection. BioInfoMiner workflow and software library were
used to interpret the results of RNA-seq data processing and further elucidate
the differences of NK cells response in presence and absence of TRAIL. The
project was elaborated in terms of a six-month secondment in the Institute of
Pathology of the University of Bern. The results have been published in [181].

6.1 Introduction

Natural killer (NK) cells are lymphoid cells which belong to the innate immune
system and play a pivotal role in controlling viral infections and tumors. Their
activation depends upon the relative contribution of extracellular signals to a
variety of receptors on their surface. These receptors are divided in two main
categories, concerning their effect: inhibitory and activating [182]. Inhibitory
receptors suppress NK cells activation. Some of them interact with molecules of
histocompatibility complex (MHC) class I, which are expressed in all nucleated
cell types. Activating receptors work cooperatively and their combined signal

has to surpass that of inhibitory receptors in order to trigger NK cells activation.
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Virus-infected and tumour cells often present downregulated levels of MHC
class I molecules, while cellular stress processes, such as DNA damage response,
senescence program or tumor suppression cause the upregulation of ligands for
activating receptors [183]. The combination of these molecular events incite NK
cells to produce cytotoxic molecules in order to kill the transformed cells.

NK cells could trigger apoptosis secreting either cytotoxic granules or in-
flammatory cytokines [184]. The produced cytotoxic granules contain perforins,
which form pores in the membrane of target cells, and granzymes (A or B), a type
of serine proteases, which are released through perforin pores in the cytoplasm
of target cells to induce lysis [185]. Also, NK cells produce various cytokines to
stimulate the death of infected and malignant cells. Death receptor ligands, such
as Fasl., tumor necrosis factor (TINF-a/3) and TNF-related apoptosis-inducing
ligand (designated as TRAIL and TNFSF10) bind on the cognate receptors of
target cells and activate the extrinsic apoptotic pathway. IFN-~ is another cy-
tokine whose production contributes to the development of innate and adaptive
responses, through various molecular processes [186].

TRAIL functionality is ambiguous, as it does not solely trigger cell apoptosis.
It is expressed on the surface of various immune system cells (T, NK cells,
macrophages) in order to be anchored upon target cells. TRAIL could ligate on
four different receptors in human cells, whereas two of them are death receptors
(TRAIL-R1, TRAIL-R2) and the other two are antagonistic, that is they do not
transmit signals to induce cell death (TRAIL-R3, TRAIL-R4). In mouse there is
only one death receptor (DRS) and two potential decoy receptors (DCR1, DCR2)
[187, 188]. Binding on death receptors, the death-inducing signaling complex
(DISC) is formed, which subsequently activates downstream apoptotic cascades,
leading to cellular death. On the other hand, decoy receptors as well other
early molecular events [189] could lead to a non-canocical TRAIL signaling,
which possibly inhibit cell apoptosis. The role of TRAIL in cancer has been
studied extensively, as it constitutes a prominent target in cancer treatment
due to its ability to mediate apoptosis without harming healthy tissues [190].
However, numerous studies have shown that the non-apoptotic TRAIL-induced
signaling pathway does not only impedes cell death, but also elicits several
pro-tumorigenic effects, contributing to cancer proliferation, invasion, migration
and metastasis [189, 191-196]. Similarly, the role of TRAIL in viral infections is
controversial, since many studies revealed impaired immune response due to
the functionality of TRAIL. However, the underlying non-apoptotic mechanisms
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remain uncertain. Cardoso et al [181] investigated the contribution of TRAIL to
the immune response induced by lymphocytic choriomeningitis virus (LCMV)
and the ability of TRAIL to activate non-apoptotic signaling pathways which
hamper virus control.

The experimental design included four different mice populations, combining
wild-type (WT) and TRAIL-deficient (TRAIL-/-, Knock Out-KO) genotypes with
naive and LCMYV infected states. Initial experiments pinpointed non-apoptotic
functionalities of TRAIL during the infection. Specifically, TRAIL was associated
with the regulation of CD8-positive T-cells response, impeding their activation
and subsequently hindering virus clearance. Additional findings indicated that
TRAIL restricts the production of cytokines in NK cells, as TRAIL-/- NK cells
produced higher levels of IFN-v. In contrast, NK cells of WT mice presented
increased production of granzyme B molecules during infection. Granzyme B
production in NK cells is induced by the I1.-15 signaling cascade, which includes
the PISK-AKT-mTOR pathway. More precise experiments disclosed that TRAIL
molecule positively regulates the cascade of 11.-15 signaling to finally produce
granzyme B. Afterwards, transcriptomic analysis was performed on isolated NK
cells from naive and LCMYV infected (24 hours) WT and TRAIL-deficient mice
in order to validate the consistency of the aforementioned results and detect
mechanistic differences between the respective immune system responses.

6.2 Methods

6.2.1 Transcriptome Profiling

Single-cell suspensions were prepared from spleens isolated from naive or from
LCMV-WE-infected WT or TRAIL-deficient mice, 1 day post infection. NK
cells were sort-purified by flow cytometry and re-suspended in TRI-reagent
(Sigma-Aldrich). Barcoded stranded mRNA sequencing libraries were prepared
from high-quality total RNA samples. Obtained libraries that passed the quality
check step were pooled in equimolar amounts, and 1.8 pM solution of this pool
was loaded on the Illumina sequencer NextSeq 500. Library preparation and
sequencing was performed at the EMBL Genomics Core Facilities (GeneCore,
Heidelberg, Germany). The final dataset included 14 samples of single-end,
reverse-stranded reads, with average length 85bp. Their classification comprised
of the pairwise combinations of two molecular conditions and two pathological
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states (four classes) (Table 6.1).

Table 6.1: Classification of Samples

Wild Type (WT) Knock Out (KO)
Non Infected 01, 02, 03 04, 05, 06
Infected 07, 08, 09, 10 11, 12, 13, 14

6.2.2 Analytical Pipeline

RNA sequencing (RNA-seq) data processing was performed on the SevenBridges
platform [197]. FastQC [198] was used to describe the average quality of reads for
each sample. The first step of raw data processing was the alignment of reads to
the reference genome. STAR aligner [199] was used for that task, as it achieves
highly efficient mapping, combined with high execution speed. Mouse reference
genome was retrieved from the Ensembl database [128]. In order to derive the
appropriate data format for the differential expression analysis, HTSeg-count
[200] was used to count the aligned reads of each exon.

Differential expression analysis was performed with DESeq2 [201]. Initially,
four statistical comparisons were executed to investigate the differences of
transcriptomic profiles: 1. WT non-infected vs WT infected, 2. KO non-infected
vs KO infected, 3. Non-Infected WT vs Non-Infected KO and 4. Infected
WT vs Infected KO. Considering that transcripts with adjusted p-value < 0.01
and absolute log2 fold change >2 were determined as differentiated, only the
comparisons of WT and KO infected populations with the respective non-infected
revealed significant disparities on expression profiles. Hence the analysis was
limited to these two cases, which are referred as WT-activation (comparison
no 1) and KO-activation (comparison no 2) hereinafter. The extracted lists of
differentially expressed genes were used for the pathway analysis.

BioInfoMiner workflow (chapter 3) was applied for the functional interpreta-
tion of differentially expressed gene lists, using the Biological Process domain of
GO and the Reactome database. The analysis led to a list of significant biological
processes (GO terms) and a list of molecular mechanisms and pathways (Reac-
tome terms) for each activation (WT and KO). Targeting to detect differences
between these term sets, a semantic operator was developed to compare the
lists of each ontology, based on the underlying graphical topology. Juxtaposing
the enriched sets of each ontology on the ontological graph and exploiting
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the ancestor-descendant relationships among them, the analysis revealed the
biological processes and molecular pathways that are differentiated only in
WT-activation or KO-activation. The difference between a set of semantic terms
N to a set M was defined as:

Dif ference(N, M) = {ti\ti ENNAt; ¢ MA(dj ¢ MVd; € descendants(ti))} (6.1)

meaning that Dif ference(N, M) is a subset of N, whose elements as well their
descendants are not included in M. Thereby, pathway analysis and the subse-
quent semantic-based comparison of WT and KO activation disclosed precise
uniquely-associated biological processes and mechanisms for each immune

system response.

6.3 Results & Discussion

6.3.1 Mechanistic Modulations Correlated with TRAIL

As it mentioned in Methods section, differential expression analysis detected
negligible differences between the WT and KO classes of each pathological
state, thus these cases were excluded from the subsequent translational analysis.
On the other hand, the comparisons of WT and KO infected populations
with the respective non-infected samples (WT-activation and KO-activation)
disclosed important differentiation in gene expression levels, notwithstanding
that the isolation of cells was performed 24h after the infection. WT-activation
and KO-activation were annotated by 1168 and 1356 differentially expressed
genes respectively, while their intersection was 867 genes. Such an overlapping
proportion indicates the consistency of immune response and the fact that TRAIL
abrogation influences solely a part of immune system components.

The results of pathway analysis for GO and Reactome ontologies are presented
in Table B.1, B.2 for WT-activation and in Table B.3, B.4 for KO-activation. The
highly ranked terms assert the activation of immune response in both molecular
conditions under the viral infection. Indicatively, both activations are annotated
with terms related to response to virus, defense response, (innate, adaptive)
immune system response, regulation of cytokine production, cytokine signaling
pathways and regulation of cell death. The majority of these terms are enriched
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WT Activation

KO Activation

Figure 6-1: The Venn diagram shows the difference and overlap of genes that are differentially
expressed in NK cells of WT versus Trail-/~ mice during LCMV infection (for an adjusted
p-value < 0.01 and absolute log2 fold change >2).

on a great scale, implying that an important proportion of differentiated genes
has synergistic relations in the main component of NK cells activation.

The uniquely-associated biological processes and mechanisms for each ac-
tivation have been colored in the aforementioned tables. Also, their graphical
hierarchies are presented in the following figures (Fig. 6-2, 6-3, 6-4, 6-4). Of note,
these sets corroborate a part of experimental evidences about the non-apoptotic
functionality of TRAIL in NK cells activation. The suggestion that TRAIL mod-
ulates negatively the production of cytokines in NK cells during the infection, as
the levels of IFN-+ found increased in Trail-/- NK cells, is verified in both WT
and KO-activation GO term sets. WT-activation set contains the "regulation
of T cell cytokine production™ and "negative regulation of cytokine production
involved in immune response” terms, whereas that of KO-activation includes
the "positive regulation of cytokine-mediated signaling pathway” and “positive
regulation of interferone-alpha production”, indicating the inverse correlation of
TRAIL activation and cytokine production in NK cells. Additionally, the involve-
ment of TRAIL for the downstream of I1.-15/IL-15R signaling and granzyme B
production is substantiated by Reactome pathways related to PISK/AKT signaling
and IL-2 family signaling (to which IL-15 belongs), which are differently affected
in WT-activation. Conversely, KO-activation is annotated with the "negative
regulation of the PISK/AKT network”™ and "PISP, PP2A, and IER3 regulate
PISK/AKT signaling”, in accordance with the experimental finding of diminished
AKT phosphorylation and reduced granzyme B levels in TRAIL-deficient NK
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cells.

Gene prioritization divulged 42 and 33 central-role genes for WT and KO
activations respectively (Table 6.2). The intersection of them is composed by 22
genes, especially cytokines (interleukins, interferons, chemokines and a tumor
necrosis factor), which are crucial molecules for various components of immune
system response. IFN-v is prioritized in both activations with significant degree
of up-regulation, despite the result of TRAIL-modulated restriction of cytokines
production. That was caused probably due to the existence of the related
mRNAs into cell at the moment of NK cells isolation, despite the fact that
previous proteomic experiments shown the blockage of IFN-v in WT-activation.
Interestingly, the gene set related to KO-activation includes a specific group of
chemokines and more genes associated with chemotaxis comparing to that of WT-
activation. That evidence is concordant with the existence of a distinct branch
on the enriched GO ontological tree of KO-activation, which is associated with
cell migration and chemotaxis. This study did not focus on these mechanisms,
however future experiments could be performed to elucidate the influence of
TRAIL deficiency in chemokines upregulation during viral infection and the role
of subsequent chemotactic events in modulating virus clearance.
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Figure 6-2: Part of the enriched GO terms for the WT-activation, clustered hierarchically in
a succinct version of GO graph. The colored nodes depict terms uniquely enriched under
‘WT-activation, defined using the equation equation 6.1.
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Figure 6-3: Part of the enriched Reactome terms for the WT-activation, clustered hierarchically
in a succinct version of Reactome graph. The colored nodes depict terms uniquely enriched

under WT-activation, defined using the equation equation 6.1.
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Figure 6-4: Part of the enriched GO terms for the KO-activation, clustered hierarchically in
a succinct version of GO graph. The colored nodes depict terms uniquely enriched under

KO-activation, defined using the equation equation 6.1.
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Figure 6-5: Part of the enriched Reactome terms for the KO-activation, clustered hierarchically
in a succinct version of Reactome graph. The colored nodes depict terms uniquely enriched
under KO-activation, defined using the equation equation 6.1.

Table 6.2: Prioritized Genes based on GO-BP under WT & KO Activations

Gene .. L.og2(FC) L.o g2(FC)
Symbol Definition in WT- in KQ-

activation | activation
Adar Adenosine deaminase & RNA-specific 2.19 2.08
Bst2 Bone marrow stromal cell antigen 2 5.93 5.29
Ccl12 Chemokine (C-C motif) ligand 12 71 6.94
Ccl2 Chemokine (C-C motif) ligand 2 2.71 2.24
Cd36 CD36 molecule -2.22 -2.63
Eif2ak2 | Eukaryotic translation initiation factor 2-alpha kinase 2 3.74 3.6
Havcer2 | Hepatitis A virus cellular receptor 2 3.07 2.44
Hfe Hemochromatosis -5.19 -4.15
Ifitm3 Interferon induced transmembrane protein 3 3.79 3.06
Ifnbl Interferon beta 1 & fibroblast 7.02 6.29
Ifng Interferon gamma 3.52 3.33
1110 Interleukin 10 4.33 5.19
116 Interleukin 6 6.15 3.99
Irgm2 Immunity-related GTPase family M member 2 2.73 2.12
Lefl Lymphoid enhancer binding factor 1 -3.13 -3.16
Plscrl Phospholipid scramblase 1 2.58 2.61
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Pml Promyelocytic leukemia 3.3 3.28
Rsad2 Radical S-adenosyl methionine domain containing 2 6.75 6.98
Statl Signal transducer and activator of transcription 1 2.64 2.55
Tlr3 Toll-like receptor 3 3.99 3.02
Tnfsf4 Tumor necrosis factor (ligand) superfamily & member 4 4.13 4.14
Xcll Chemokine (C motif) ligand 1 2.46 2.8

Sg’]f{t‘)‘:’)l Definition Log2(FC)
Bcl3 B cell leukemia/lymphoma 3 2.87
Casp3 Caspase 3 2.21
Cd3e CD3 antigen & epsilon polypeptide -5.34
Cd6 CD6 antigen -3.63
Cd86 CD86 antigen 2.22
Fas Fas (TNF receptor superfamily member 6) 291
Foxjl Forkhead box J1 4.17
Foxp3 Forkhead box P3 -3.58
H2-T23 | Histocompatibility 2 & T region locus 23 2.36
Ifnal Interferon alpha 1 6.8
Igfl Insulin-like growth factor 1 -4.64
1112rb1 Interleukin 12 receptor & beta 1 3.02
I12ra Interleukin 2 receptor & alpha chain 5.6
Myc Myelocytomatosis oncogene 2.23
P2rx7 Purinergic receptor P2X & ligand-gated ion channel, 7 -2.48
Ptgs2 Prostaglandin-endoperoxide synthase 2 -2.14
Stom Stomatin 3.07
Tgfb3 Transforming growth factor & beta 3 -2.04
Tnf Tumor necrosis factor 2.89
Trim30a | Tripartite motif-containing 30A 3.69

s;}:g:)l Definition Log2(FC)
Angptl | Angiopoietin 1 -4.96
Ccl4 Chemokine (C-C motif) ligand 4 2.06
Cerd Chemokine (C-C motif) receptor 5 2.16
Ceacaml nCle(L)ri(;ir;({:nlmbryonic antigen-related cell adhesion 908
Ddx58 DEAD (Asp-Glu-Ala-Asp) box polypeptide 58 2.02
1123r Interleukin 23 receptor 6.53
Lgals9 Lectin & galactose binding & soluble 9 2.06
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Mmpl2 Matrix metallopeptidase 12 -3.76
Tgfb2 Transforming growth factor & beta 2 494
Tlr9 Toll-like receptor 9 2.06
Trim6 Tripartite motif-containing 6 4.87

6.3.2 Conclusion

Overall, the transcriptomic analysis succeeded to detect significant nuances in
the level of biological processes and mechanisms, verifying the precedent findings
that TRAIL modulates NK cells by repressing IFN-v production and promoting
IL-15-dependent granzyme B expression. Concerning the usage of BioInfoMiner
workflow, the results of Reactome enrichment analysis confirm that the usage of
strict p-value thresholds in pathway analysis could block significant biological
information. Specifically, the enriched terms that verify the non-canonical
regulation of PISK/AKT signaling pathway by TRAIL, are prioritized with p-
values greater that 0.05, which are considerably high values for traditional
statistics to reject the null hypothesis. Thus, pathway analysis could provide
useful insights (information and not noise) about the examined phenotype,
even with moderate enrichments. That evidence supports the discussion in
section 3.3.2, about the development of an information-based pathway analysis
methodology, able to extract highly informative with minimum notise results,
without the usage of statistical thresholds.
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Chapter 7

Case Study 2: Protein
Homeostasis Imprinting Across
Evolution

This chapter presents an approach to evaluate proteostasis during evolution,
using semantic analysis to classify thousands of species from different taxonomic
domains. The main idea was to construct species-specific semantic profiles,
related to proteostasis machinery, and compare them to assess the reliability
of proteostasis as an evolutionary marker. Different tasks were performed to
deconvolute the differentiated mechanistic components among Archaea, Bacteria
and Eukaryotes and compare the efficiency of proteostasis with other phylogenetic
criteria and molecular mechanisms. Currently, the initial manuscript of that
study has been submitted in bioRyxiv [202] and its final version is under revision.

7.1 Introduction

Protein homeostasis (a.k.a. proteostasis) refers to a complex and interconnected
network of processes that affects both expression levels and conformational
stability of proteins in cells by controlling their biogenesis, folding, trafficking and
degradation within and outside the cell. The molecular mechanisms controlling
proteostasis, are implicated in cell fitness, aging and contribute to disease
onset. From lower Bacteria to humans, the molecular components that control
proteostasis (i.e. the proteostasis network - PN) include protein synthesis, co/post-

translational protein folding, quality control, degradation, as well as adaptive
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signaling to proteostasis imbalance [203]. A plethora of proteins participate
cooperatively in these mechanisms (ribosomal, transcription factors, kinases,
chaperones, complex proteolytic machineries, etc.) to regulate the protein quality
control. The PN was subjected to evolutionary pressures for each organism to
cope with intrinsic and extrinsic demands. Evolution is shaped by i) the genome
complexity, ii) the post-translational modifications repertoire, iil) the presence
of sub-cellular compartments and iv) the emergence of multi-cellular organisms
and cell differentiation. Each of these constraints increased the necessity for
updated and adaptive mechanisms to ensure protein homeostasis [204].

The construction of an elucidative PN phylogenetic dendrogram needs to take
into consideration the diversity of PN across species of various taxa. Traditional
phylogenetic approaches use the sequence of conserved genes or proteins (or
groups of them) as standard references rather than their functional identities to
form ancestral lineages and identify speciation events. In theory, heat shock
proteins (HSPs), that exert fundamental roles in maintaining protein homeostasis,
could be considered as the appropriate markers to reflect PN evolution. Some
HSP families (e.g. HSP40 and HSP70) are highly represented in most cells
and the nature of this representation might reflect the underlying evolutionary
relationships - e.g. 3 members of HSP40 in E. coli and 49 members in Homo
sapiens [205, 206]. However, the informational content of their sequences
remains unable to provide insights about functional evolution of proteostasis.
Thus, a different vocabulary is necessary to exploit their functional profiles and
the subsequent structured networks.

Even though studies have reported computational models of proteostasis in
Bacteria (e.g. E. coli [207]) and Eukaryotes [208], an overall layout of proteostasis
evolution was lacking. Herein, a novel approach was implemented to assess
how the functional components of proteostasis evolved during the evolution,
using semantic analysis. The main idea was to estimate the differentiation of
proteostasis across multiple species, comparing the respective sets of ontological
terms, using appropriate semantic analysis operators (chapter 2). However,
the large complexity of PN is only partly recorded by the available ontologies.
In this sense, the semantic representation and annotation of the PN is not
achieved, either in terms of functional vocabulary or at the organism level.
To overcome that limitation, species-pertinent gene lists, associated with the
main mechanisms of proteostasis, were assembled through a supervised, multi-
phase workflow. The translation of these sets into biological processes, using
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BioInfoMiner, led to the required groups of semantic terms to commence the
study of proteostasis evolution. Performing various computational tasks, the
present study targeted to evaluate the PN as an evolutionary marker, compare
its discriminative power with other criteria (ribosomal RNA sequences - rRNA
and HSPs) and elucidate the underlying mechanistic differentiations among the
main taxonomic super-kingdoms.

7.2 Methods

7.2.1 Data Acquisition

The selection of proteostasis-related genes for multiple species aimed to include
genes strongly associated with PN key components, such as protein folding,
degradation, endoplasmic reticulum, autophagy and associated signaling path-
ways (Fig. 7-1 A). In this way, seed gene lists were inferred for eight eukaryotic
model organisms Table 7.1) and a generic list for Prokaryotes. Regarding Eu-
karyotes, homology mappings were used to retrieve putative, functionally similar
genes, from the Ensembl repositories [128]. The model organisms were used
to detect homologies with species belonging to the same generic taxonomy (e.g.
Arabidopsis thaliana was used as reference organism for plants). Concerning
the prokaryotic world, the automated search and association of homologies was
facilitated by the same nomenclature system across the whole domain. Hence,
the initial generic gene set was used as the base to construct the proteostasis
profile for thousands of Bacteria and Archaea, exploiting the repository of
UniProt Knowledgebase [209]. In parallel, another search for ribosomal RNA
sequences and heat shock proteins of 40kDa and 70kDa families was performed.
Ribosomal sequences (18S and 16S rRNA) were retrieved from the ENA repository
[210] and heat shock proteins’ data were collected from Ensembl and UniProt
Knowledgebase. Organisms which met the following criteria were included in
the analysis: i) quality of the genomic annotation in the GO-BP corpus; ii)
availability of gene sequences of 16S (for Prokaryotes) and 18S (for Eukaryotes)
rRNAs and iit) at least one annotated amino acid sequence of HSP40 (dnal)
and HSP70 (dnaK) proteins. The final dataset comprised of 437 organisms (94
Eukaryotes, 250 Bacteria and 93 Archaea; Table C.1).
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7.2.2 Pathway Analysis

The pathway analysis step of BiolnfoMiner (chapter 3) was used to construct the
PN profiles of species, using the Biological Process domain of Gene Ontology (GO-
BP). Thus, a GO annotation collection was created for each selected organism and
stored in MongoDB, to be accessible from BiolnfoMiner workflow. Concerning
the analysis, two distinct criteria were adopted to define the list of prioritized
semantic terms. Hypergeometric p-value was determined constant at 0.05, while
adjusted p-value was set to 0.05 and if an organism had fewer than one hundred
terms satisfying that threshold, then the first hundred terms was selected, in
order to have similar order of magnitude size of lists for all species.

Table 7.1: Eukaryotic Model Organisms used for Data Acquisition

Species Phylum Class Ensembl Host
Homo sapiens Chordata Mammalia ensembl.org
Danio rerio Chordata Actinoptert ensembl.org
Gallus gallus Chordata Aves ensembl.org
Xenopus tropicalis Chordata Amphibia ensembl.org

Arabidopsis thaliana | Streptophyta | Magnoliopsida plants.ensembl.org

Saccharomyces .

raromy Ascomycota | Saccharomycetes | fungi.ensembl.org
cerevisiae
Caenorhabditis

Nematoda Chromadorea | metazoa.ensembl.org

elegans
Drosophila

P Arthropoda Insecta metazoa.ensembl.org
melanogaster

7.2.3 GO Graph Annotation and Standardization

GO has inherent inconsistencies regarding the structure and the depth of its
branches [211], generating bias that hampers the comparative analysis. Some
graph areas are more expanded than others, due to extensive annotation. This
results in distorted, descriptive capacity, regarding the degree of specification that
each term bears. Furthermore, the depth of genomic annotation differs among
species. Different research communities have developed meticulous genomic
annotations for model species, emphasizing on specific components of cellular

phystology, according to specific characteristics of each organism [211]. On the
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other hand, the vast majority of organisms has been annotated only through
electronic processing [49]. This causes inconsistencies regarding the semantic
network profile describing any biological process, across species. Even, taxonom-
ically proximal species could have divergence in annotation coverage [212]. All
these predicated upon a standardized version of GO, suitable for comparative
analyses, balancing the depth of annotation among species. Its construction
was performed setting specific thresholds for the IC (equation 2.1) and SV (2.3)
values of ontological terms. GO-BP graph topology was bounded, using these
two measures. The twentieth (20™) percentiles of IC and SV distributions were
defined as the lower bounds (Fig. 7-1C). Terms exceeding these thresholds were
trimmed and substituted with their most proximal ancestors, conforming to these
rules. Then, the PN profiles were projected on the standardized version of GO,
modifying its content with valid terms (Fig. 7-1B).

7.2.4 Comparative Analysis

The implementation of phylogenetic network analysis was performed through
the calculation of semantic similarities of the PN profiles. BioInfoMiner library
was used for that task (section 3.2). A unified pair-wise similarity matrix was
constructed for all the significant terms and afterwards the average scores were
generated for each pair of organisms. In order to avoid bias of specific pair-wise
measures, the similarity of two terms was calculated by averaging the scores of
Rensik (equation 2.12) (based on MICA (2.5) and XGraSM (2.11) concepts) and
AggregatelC (2.18). The semantic similarity of two organisms was calculated
with the ABM formula (2.23). The phylogenetic dendrogram was generated using
the Ward’s minimum variance method [213].

7.2.5 Evaluation of Phylogenetic Analysis

Gene sequences of rRNAs were used to construct the reference phylogenetic
tree, as they traditionally portray the evolutionary proximities of species [214,
215]. The ClustalW algorithm [216] was used to calculate the pair-wise distances.
Furthermore, amino acid sequences of HSP40 and HSP70 were analyzed to
examine their potential as surrogate evolutionary markers. HSPs of the same
molecular weight could vary significantly even in the same organism. Thus,

members of the same family were clustered to a consensus sequence pattern for
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each organism, using CD-HIT [217] to reduce data redundancy and HMMERS3
[218] to calculate the final consensus protein sequence. Then, ClustalW was
used to build the respective distance matrices. Finally, the Ward’s minimum
variance method was used to create the phylogenies of rRNA and HSPs.
Initially, the four criteria were compared on the level of main taxonomic
domains. Then, lower-level phylogenies were produced for each super-kingdom
separately (Class-level for Archaea and Phylum-level for Eukaryotes and Bacteria).
For each criterion, different grouping models of species, for a range of predefined
number of clusters were generated, and the consistency of each model with the

taxonomic classification was assessed, using the Homogeneity Score ! [219].

7.2.6 Investigation of Proteostasis Components

Modules of BioInfoMiner library were used to cluster the GO-BP terms into
generic components, according to the standardized GO graph. Similarity threshold
was set to 0.175 (Resnik score), as lower values produce very generic clusters,
with overly broad semantic description. A certain part of PN components was
associated with the vast majority of organisms (>90%). That group was called
“common components” and all the rest comprised the “different components™ set.
Phylogenetic analysis was performed in order to examine their contribution to
the taxonomic separability of the complete PN profile.

7.2.7 Comparison of Proteostasis with Other Mechanisms

To evaluate the robustness of the proposed methodology and analyze the impact
of PN onto the evolution of cellular mechanisms, another 20 conserved biological
processes were analyzed. For each organism and process, a gene list was retrieved
from GO-BP annotation. Pathway analysis was used to create the semantic
networks and comparative analysis was performed, following the same procedure
as in PN. Each phylogenetic dendrogram was divided in three clusters a priori,
aiming to evaluate whether the examined mechanisms could reproduce each
taxonomic domain. Their efficiency was quantified with Homogeneity [219] and
Silhouette? [220] Scores. As a last step, PN components were excluded from

I'The Homogeneity Score evaluates the purity of the output of an unsupervised clustering,
given the reference classification of the clustered samples (their true labels).

2The Silhouette Score quantifies the coherence of the clusters derived from an unsupervised
approach, regardless the accuracy of the final output.
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these semantic profiles and the comparative analysis was performed again, in
order to measure their merit as taxonomic classifiers.
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Figure 7-1: (A) Data acquisition: Proteostasis-related gene lists were defined manually for model
organisms and databases were used to collect homologies and data for rRNA, and HSPs to expand
organisms’ collection. (B) Analysis workflow: Gene lists were translated into GO-BP networks.
Semantic analysis was performed to calculate their semantic distances. (C) Construction of the
unbiased GO-BP graph: Leaf terms (red and blue nodes) located in elongated branches (only red
nodes) were filtered out to neutralize the knowledge representation on the graph.
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7.3 Results & Discussion

7.3.1 Ribosomal RNA, HSP40, HSP70 & Proteostasis-Based
Phylogenies

PN succeeded to separate the three main taxonomic domains almost infallibly
(Fig. C-1), performing as accurately as rRNA sequences do (Fig. 7-2 A). PN
evolution appeared less constrained than that of rRNA, which led to distantly
separated super-kingdoms. This probably reflects the heterogeneity of the PN
content, bisected into domain-specific components and others that are essentially
conserved across evolution. Nevertheless, the pair-wise distances among species
for rRNA and PN showed strong correlation (Fig. 7-2 B). Concerning the HSP-
based classification, a poor correlation of the HSPs sequences with evolution
was observed, as they succeeded to separate only eukaryotic and prokaryotic
kingdoms, even so, not flawlessly. These findings primarily indicate that the
proposed method can disclose evolutionary differences, among species of different
taxonomic domain. They also demonstrate the utility of PN as a reliable
evolutionary marker, able to classify species according to their main taxonomy,
contrary to the limitations of HSP sequence-based approaches.

The comparison in lower-level taxonomies corroborated the findings inferred
from the rRNA sequences and revealed an overall homogeneity of PN profiles
in Bacteria and Archaea Fig. C-2. None of the criteria succeeded to produce a
number of clusters equal to that of the reference taxonomic groups, verifying
that species of different lower-level taxonomies share similar profiles. rRNA
sequences represented the most effective measure. The PN-based classification
indicated that Bacteria and Archaea share PN components, as the produced
models of clusters have constantly low Homogeneity Score. The eukaryotic
PN was more complex, encompassing variations that coherently segregated the
species, given their Phylum. HSP-based clusters were similar to those obtained
with rRNA sequences in Prokaryotes, but declined among Eukaryotes, probably
due to the high variation of protein families possessing ‘species-specific’ profiles.
At last, PN-based species organization provided a much more robust classification
at the Phylum level in Eukaryotes, compared to HSPs.
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Figure 7-2: Comparison of rRNA, HSP40, HSP70 and proteostasis-based phylogenies. (A)
Two-dimensional representation of organisms in function with their taxonomy. The derived
evolutionary distance matrix of each criterion, was transformed into a 2-dimensional space
through the Multidimensional Scaling (MDS) algorithm [221], reflecting the two larger, dimensions
of observed variation (termed eigen-components). Similarity distances of each organism from
the centroid of the single class problem are projected in those exploratory scatter plots. (B)
Pearson correlation of pair-wise distances of rRNA sequences with the other three measures.
Correlation is unbiased from taxonomic domain sizes, as 80 randomly selected species from
each domain were used for the calculation.

7.3.2 Tracing Evolution Based on Proteostasis Components

The semantic clustering of proteostasis-related GO-BP terms, indicated that the
major PN components could be classified into 56 distinct generic groups (Fig. 7-3).
The output list revealed that many, if not all cellular processes, are connected to
the PN, especially for Eukaryotes. The conserved PN component across the vast
majority of species is linked with protein production and folding, responses to

external or internal stimuli, activation or repression of anabolic and catabolic
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processes to maintain cell homeostasis and the localization of macromolecules.
In addition, specific regulatory functions were enriched in Eukaryotes, such
as proteins associated with programmed cell death or signaling pathways. En-
richment in the response to endoplasmic reticulum (ER) homeostasis imbalance
in Eukaryotes was effective in all eukaryotic species tested, pointing out this
compartment as a hotspot for proteostasis. Similarly, specific enrichment of
membranous organelles associated mechanisms, such as mitochondrial organiza-
tion or autophagy, were exclusively identified in Eukaryotes, whereas metabolic
pathways such as nitrogen compounds processes, amide metabolism or even
protein unfolding were associated to Prokaryotes. Using the segregation of PN
components in “common” and “different” sets, two-dimensional representations
of species were generated for the whole PN and the two sub-groups of PN
components Fig. 7-4. The whole PN functional profile produced independent
clusters for each taxonomic domain. As expected, these clusters exhibited an
increased density when analyzing the common PN and showed further expansion
when analyzing the differential PN.
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Figure 7-3: Association matrix of proteostasis’ main components with organisms’ collection.
These components were revealed performing a semantic clustering of enriched pathways on the
GO-BO graph. Each pathway was aggregated to more generic terms, ending up to that set of
systemic processes. The red section refers to the mechanisms associated with more than 90% of
species, named “common components”.
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Figure 7-4: Two-dimensional representation of organisms based on proteostasis profiles, using
the Multidimensional Scaling (MDS) algorithm [221]. "Common” and “different” mechanistic
components were examined to investigate their contribution to the separation of taxonomic
domains.

7.3.3 Impact of Proteostasis Evolution on the Nature of

Other Mechanisms

The semantic analysis of the other biological processes showed that these which
potentially constitute one of the mainspring features of species evolution or
even those which have been differentiated by adopting more intricate functional
networks due to the evolutionary pressure, are adequately informative to separate

EEENNET

the three super-kingdoms. Their list include "tRNA processing”, "cell compart-

ETIE T

mentalization”,

LLIET

liptd metabolism”, "methylation” and regulatory networks. Some
performed marginally better in terms of accuracy, as taxonomic metric, compared
to proteostasis or the rRNA sequences. Nevertheless, their phylogenies exhibited
lower Silhouette Score values comparing to PN, which means that the produced
clusters are sparser (especially within Prokaryotes), having lower coherence
and, consequently, the phylogenetic trees contain broader clades. On the other
hand, parts of the aforementioned processes or those with narrower functional
networks showed weaker performance, concerning the clustering efficiency, espe-
cially due to their strong commonalities among the Prokaryotes. Homogeneity
Score measurements were below 0.8, principally because large groups of Archaea
were classified in Bacteria, and vice versa. The removal of PN components
from their profiles revealed the instrumental role of proteostasis as a powerful
indicator of the cellular and organismal adaptations to evolutionary cues. The
taxonomic performance of the majority of processes was conspicuously decreased.
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Only the regulatory processes and cellular component assembly retained adequate
information to distinguish accurately the taxonomic domains, implying that their
mechanistic framework can differentiate the various taxonomies. In general, all
the processes with accurate performance suffered from low Silhouette Scores,
and some lost their phylogenetic congruity. Improvements of Homogeneity and
Silhouette Score values for some biological processes in the defective group
were meaningless, as they did not address the phylogenetic comparison. This
analysis indicated that the PN contributes to various, interconnected pathways,

possessing pivotal roles in cell homeostasis and functions.
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Figure 7-5: Proteostasis contribution to other evolutionary conserved mechanisms. Homogeneity
score (red bars) refers to the separating ability of each biological process regarding the three
main taxonomic domains, through the respective semantic network, derived from the pathway
analysis of related genes. Silhouette score (green bars) indicates the degree of cohesion of
cluster inference, by measuring the trade-off between intra- and inter-distances of each cluster
member. Bars display these scores for the entire machinery of each process whereas the solid
lines illustrates the same scores calculated after the removal of proteostasis related components
from the gene machinery of each process.

7.3.4 Conclusion

The usage of BiolnfoMiner library facilitated the implementation of various
analytical steps in this study. Its integrated modules enabled the automated
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construction of hundreds species-specific GO-BP Graph instances, the standard-
ization of GO annotation and the creation of phylogenetic trees based on the
semantic analysis of GO-BP for proteostasis and another 20 highly-conserved
biological processes. Such a versatility was the reason that the core algorithms of
BioInfoMiner were designed from the ground up and their individual functional
components were constructed in an object-oriented logic.

The results shown that PN semantic networks provide reliable information
about the evolution of main taxonomic domains, performing as accurately as
rRNA sequences and better than isolated PN components, such as the HSPs.
The efficiency of the PN metric dropped in Bacteria and Archaea, likely due to
their poor annotations compared to the Eukaryotes. A way to solve that issue
could be the massive informational integration from vocabularies with better
functional annotations, such as the MetaCyc database [44]. The deconvolution
of PN components revealed that many, if not all cellular processes, are connected
to the proteostasis, especially for Eukaryotes. Also, the role of proteostasis as a
robust indicator of cellular and organismal adaptations to evolutionary cues,
is highlighted by the taxonomic under-performance that the other mechanisms
linked to PN exhibit when the PN components are excluded. As such, PN
encompasses all the biological information to categorize species according to
their complexity, and acts as a fingerprint of evolution.

Overall, this study proposed a novel approach for phylogenetic comparison,
which uses the semantic graph as a new metric in order to evaluate the com-
plexity of protein homeostasis. This stands as a novel strategy for taxonomic
classification, which assess divergence of the topological similarity of ontolog-
ical trees, providing species-specific functional profiles rather than analyzing
individual sequences. Thus, the semantic interpretation of gene and protein
sets for different species could provide biological insights about the impacts of
the evolutionary pressure and the extent of conservation of mechanisms among

different taxonomies.
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Chapter 8

Case Study 3: Semantic
Interpretation of the SARS-CoV-2
Interactome

The spread of SARS-CoV-2 across the world evolved in an unprecedented enemy
for the public health. Myriad scientific studies started immediately to describe
its cycle of life and the underlying interactions with human cells, targeting to
uncover potential therapeutic targets. One of the most seminal studies during
the first year of COVID-19 pandemic was that of Gordon et al. [222], about the
SARS-CoV-2-human protein-protein interactions network. The study predicted
with high confidence that 332 human proteins interact physically with viral
proteins in different stages of viral cycle life. This chapter concerns the semantic
interpretation of that protein set (in short SARS-CoV-2 interactome), as a
part of a review study about the interaction of SARS-CoV-2 with different
components of secretory pathway. The bioinformatic analysis was comprised of
the interpretation of the SARS-CoV-2 interactome with BioIlnfoMiner and its
detailed comparison with another 11 viral interactomes, using different bitomedical
ontologies. The project was elaborated in terms of a five-month secondment
in the Centre in the Fight Against Cancer (Centre de Lutte Contre le Cancer;
CLCC) of Center Eugene Marquis in Rennes (France) and the results have been
published in [223].
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8.1 Introduction

On March 11, 2020, the World Health Organization (WHO) declared COVID-19,
an infectious disease caused by severe acute respiratory syndrome coronavirus
2 (SARS-CoV-2), as a pandemic. After one year, over 117 million infection
cases and over 2.6 million confirmed deaths have been reported worldwide [224,
225], while SARS-CoV-2 is still March 2021) an ongoing serious threat for
global health. The initial clinical features showed that SARS-CoV-2 affects the
respiratory system and the common mild symptoms include fever, dry cough and
fatigue. Severe cases are manifested mainly in older men with co-morbidities
[225] and patients develop pneumonia, pulmonary oedema, acute respiratory
distress syndrome and multiple organ failure, which could lead to death [226].
Historically, six other coronaviruses have been recorded to cause human in-
fectious diseases [227]. Apart from those causing mild symptoms, SARS-CoV
(a.k.a. SARS-CoV-1) and MERS-CoV (Middle East respiratory syndrome-related
coronavirus) were responsible for major outbreaks and hundreds of deaths in
specific territories of Asia during 2002-2003 and 2012-2015 respectively.

SARS coronaviruses and MERS-CoV belong to the genus of Betacoronaviruses
and their genome is a single-stranded, positive-sense RNA comprised of 26 to
32 kb [227]. Phylogenetic analysis of SARS-CoV-2 samples, isolated in the place
where the outbreak started in December 2019 (Wuhan, Hubei province, China)
revealed that the genome sequence similarity between SARS coronaviruses
is about 79% and that of SARS-CoV-2 with MERS-CoV around 50% [228].
SARS viruses seem to have approximately identical genomes, explaining their
common classification in the A lineage of Betacoronaviruses, while MERS-CoV
belongs in the C lineage. Even so, their genomes have the general organisation
of 5'—leader—UTR—repl'Lcase—S(Spike)—EGEnvelope)—M(Membrane)—N(Nucleocapsid)—
3'UTR—poly(A)ta'Ll [229, 230]. The 5-end open reading frame (ORF; ORFla/b
complex) extends to the two-thirds of the whole genome and encodes poly-
proteins (ppla and pplab), which are further cleaved into a variety (1°6) of non
structural proteins (nsps), that are necessary for the processes of transcription
and replication. The following ORFs, located towards the 3'—end, produce the
structural proteins of spike (S), nucleocapside (N), membrane (M), and envelope
(E), as well accessory factors, which have pivotal role in the viral pathogenesis,
since they aid the assembly and transport of new particles.

Like the SARS-CoV, the infectious cycle of SARS-CoV-2 initiates with the
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attachment of its spike (S) protein on the target cell surface [231, 232]. S protein
consists of two subunits (S1 and S2). Sl contains a receptor-binding domain
(RBD) which recognizes the angiotensin-converting enzyme 2 (ACE2) as its
cellular receptor and binds on it. Then host proteases (such as transmembrane
protease serine 2; TMPRSS2 [233], lysosomal proteases cathepsins B and L [234]
and extracellular furin-like enzymes [235]) cleave the spike protein at the S1/S2
boundary. That proteolytic reaction changes the conformation of S2 unit, which
subsequently causes the fusion of viral envelope with host cell membrane and
the entry of viral genome in the cell. As SARS-CoV-2 RNA is positive-strand,
it serves as mRNA for the 5-end ORF and hijacks the host-cell ribosomes to
encode the two poly-protein molecules. These poly-peptides are proteolytically
processed into the individual nsps via host and viral proteases (papain-like
protease; nsp3 and 3C-like protease domain; nspd) [236]. The non structural
proteins form the replicase/transcriptase complex (RTC), which is the crucial
factor for virus reproduction. RTC contains the RNA-dependent RNA polymerase
(RdRp; nspl2), which catalyzes the replication of viral genome [237], while other
embedded enzymes are responsible for the production of structural and accessory
proteins, using as transcription template a group of sub-genomic RNAs (sgRNAs)
at the 3-end of the viral genome. The produced S, M, and E proteins undergo
diverse post-translational modifications in Endoplasmic Reticulum (ER) and
then they are transported to ER-Golgi intermediate compartment (ERGIC). The
N proteins encapsidate the new genomic RNA and that complex is assembled
with the structural proteins to form the virton in ERGIC [238]. Finally, mature
virions are proceed through the Golgi complex and later stations of the secretory
pathway to the extracellular space.

Although the main aspects of SARS-CoV-2 life cycle have been comprehended,
hitherto there is not any effective remedy to curb the spread of pandemic.
Potential therapies could be separated in two main categories, targeting either
human or viral proteins [239]. Concerning the first category, a strategy with
great potential to reveal drug targets is to study the virus-host protein-protein
interactions (PPIs) network. Gordon et. al [222] performed such an analysis
to uncover the biomolecules and mechanisms of human cells, which interact
physically with the viral proteins and contribute to the regulation of infection.
Finally, they identified a high-confidence SARS-CoV-2-human PPIs network,
consisting of 26 viral and 332 human proteins (henceforth referred as SARS-
CoV-2 interactome). The authors used the HEK293T cell line as model and
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taking advantage of affinity purification mass spectrometry (AP-MS) assays,
they detected 66 virus-host interactions, targeted by 69 existing FDA-approved
drugs. In this work, BiolnfoMiner was used to provide a systemic overview
of the SARS-CoV-2 interactome with various ontologies and interrogate the
centrality of human proteins on the consensus semantic networks. Furthermore,
a comparative analysis of various interactomes, related to pathogenic viruses,
was performed, in order to estimate their functional relevance with that of
SARS-CoV-2.

8.2 Methods

8.2.1 Data Acquisition

The SARS-CoV-2 interactome, as well those of other well-known pathogenic
viruses, were retrieved from recent studies of Krogan laboratory. The researchers
have determined a number of high-confidence virus-human PPI networks, target-
ing to interpret how viruses co-opt human machinery during infection, uncover
causal functions and therapeutic targets. Their experimental protocols are based
on the implementation of affinity purification-mass spectrometry (AP-MS) ap-
proach [240], using the viral proteins as baits to identify human proteins that
uniquely interact with them. The quantification of PPIs from the extracted
proteomic datasets has been performed with various methodologies, such as
MiST [241], CompPASS [242] and SAINTexpress [243]. As a whole, virus-human
PPI networks have been identified for Human Immunodeficiency Virus (HIV)
[241], Hepatitis C Virus (HCV; separate experiments for Huh7 and HEK293T cell
lines) [244], Herpesvirus [245], Papillomavirus [246], Ebola [247], Dengue and
Zika [248], West Nile Virus (WNYV) [249], Enteroviruses (such as Coxsackievirus
A10 and Rhinovirus C15) [250] and most recently SARS-CoV-2 [222]. All the
interactomes were retrieved from the respective supplementary files.

8.2.2 Semantic Interpretation and Comparative Analysis

BiolnfoMiner was used to perform the semantic interpretation of human pro-
teins of SARS-CoV-2 interactome, with three distinct ontological vocabularies
(GO-BP, Reactome and MGIMP), and prioritize them on the produced semantic
networks. Additionally, pathway analysis was performed for all the aforemen-
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tioned interactomes, to measure their enrichment of the vertices of ontological
graphs. The comparative analysis was performed similarly to that of PN profiles
in chapter 7, without the construction of standardised ontological trees, as
all the protein lists referred to the proteome of Homo sapiens. This task was
executed separately for each ontology, enabling the comparison of interactomes
under different semantic perspectives. A unified pair-wise similarity matrix was
constructed for all the over-represented terms using the average score of their
Rensik (equation 2.12) (based on MICA (2.5) and XGraSM (2.11) concepts) and
AggregatelC (2.18) similarities. Then, the semantic similarity of each pair of
viral-host interactomes was calculated with the ABM formula (2.23) and the
phylogenetic dendrogram was generated, using agglomerative clustering with
Ward’s minimum variance method [213].

8.3 Results & Discussion

8.3.1 The Semantic Landscape of SARS-CoV-2 Interactome

The results of pathway analysis of SARS-CoV-2 interactome with GO-BP,
Reactome and MGIMP ontologies are presented in Table D.1, D.2 and D.3.
Concerning the functional interpretation, GO-BP enriched graph indicates that
SARS-CoV-2 physically interacts with multiple nodal mechanisms of cellular
functionality. Particularly, enriched elongated branches are associated with
cellular components organization, regulation of catabolic process and RNA
stability, membrane docking, regulation of intracellular transport, protein folding,
localization, transport and metabolism and response to ER stress. Overall,
these processes are essential for the properly regulated cell cycle and cellular
homeostasis. Reactome terms verify the involvement of protein localization
and post-translational modification, metabolic process of RNAs and cell cycle.
Evidently, SARS-CoV-2 interact with a wide range of host factors to succeed
its reproduction, harming cellular physiology without interacting directly with
immune system molecules (such as cytokines). Enriched terms of MGIMP
belong to various deficiencies of circulatory system, neurodegeneration and
morphological abnormalities of cellular components, indicating that many SARS-
CoV-2 interactors have been associated with abnormal phenotypic traits. Of
note, early studies during the first months of pandemic associated COVID-19
with potential development of cardiovascular diseases [251, 252], underlying their
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high prevalence among the patients. Interestingly, recent studies alleged a strong
association between COVID-19 and neurological symptoms, implying that the
neuroinvasive potential of SARS-CoV-2 could affect the brain and contribute to
the development of neurodegenerative and neuropsychiatric diseases [253-253].

8.3.2 Semantic-Based Prioritized Proteins of Infected Hu-

man Cells

Concentrating the lists of prioritized proteins for the three ontological vocab-
ularies (Table 8.1), 18 proteins were found as nodal in two or more semantic
networks. RABAS8 and RABI1A, both members of Ras oncogene family, were
found prioritized in all three and two ontologies respectively. Many other mem-
bers of Rab family are included in SARS-CoV-2 interactome (RAB10, RAB14,
RABI18, RAB2A, RAB3C, RAB7A), and interact with nsp7. Also Rab protein
signal transduction has been revealed as a significant pathway (based on GO-BP),
underpinning the statement that those small GTPases have important role in
SARS-CoV-2 infection. Rab proteins are essential factors of secretory pathway,
as they control membrane trafficking [256] and they have been proposed as a
promising targets for the development of antiviral therapies [257]. Another impor-
tant protein family with many highly prioritized members is that of nucleoporins
(NUP54, NUP58, NUP62, NUP88, NUP98, NU210, NUP214, RAE1). In general,
nucleoporins control the nucleocytoplasmic transport, forming the nuclear pore
complex (NPC) [258]. Although SARS-CoV-2 does not enter in nucleus to
proliferate, it interacts with NPC to promote its replication. Its accessory protein
orf6 localizes at NPC and directly interacts with NUP98-RAEIL, impeding the
nucleocytoplasmic transport of various macromolecules. Recent study found that
orf6 cause the accumulation of mRNA transporters in nucleus and subsequently
hampers the proper cellular functionality [259], while another uncovered the
blockage of STAT molecules, which induce the transcription of IFN-stimulated
genes (ISGs), related to immune response [260]. The family of integrins (such
as ITGB1) has been reported as alternative cell receptors of SARS-CoV-2 spike
protein and thus they constitute another candidate therapeutic target [261, 262].
The prioritization of proteins related to ER (ERLECI1, OS9, WFES1) and Golgi
apparatus (GOLGAZ2 and GORASP1), and the existence of enriched terms, such
as "ERAD pathway”, "response to endoplasmic reticulum stress” and "Golgi
organization” imply that the non structural proteins of SARS-CoV-2 may con-
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trol ER-Golgi homeostasis by acting on diverse related components [223, 263].
Another highly prioritized gene is HMOXI1, whose encoded enzyme catalyzes
the first step of the oxidative degradation of the heme group. Studies have
mentioned the anti-inflammatory role of HMOXI1 due to its up-regulation under
conditions of oxidative stress [264], whereas its polymorphism has been marked
as a potential genetic factor for susceptibility to COVID-19 [265]. HMOXI1 binds
with SARS-COV-2 orf3 protein and recently it was proposed as a drug target
for the prevention and treatment of COVID-19 [266]. Also, the list of prioritized
proteins includes some kinases (PRKACA, PRKAR2B, MARKZ2, BCKDK, NEK9),
which are indispensable factors for the viral infection, as they phosphorylate viral
proteins, contributing to the process of replication [267]. Numerous of kinases
are targets of FDA-approved drugs and new studies suggest the repurposing of

their inhibitors to construct therapeutic solutions for COVID-19 [268, 269].

Table 8.1: Prioritized Proteins of the SARS-CoV-2 Interactome

SS:IIEZI Definition Ontologies Pc?rig?boe d

1 RABSA RABS8A, member RAS oncogene family GO-Bl\l/’I,GII{;?;tome, v
2 HMOX1 Heme oxygenase 1 GO-BP, MGIMP v
3 NUP98 Nucleoporin 98 GO-BP, Reactome v
4 NUP210 Nucleoporin 210 GO-BP, Reactome v
) ITGBI1 Integrin subunit beta 1 GO-BP, MGIMP Ve
6 RABIA RABI1A, member RAS oncogene family GO-BP, Reactome

7 NUP214 Nucleoporin 214 GO-BP, Reactome v
8 GOLGA2 Golgin A2 GO-BP, Reactome Ve
9 RAE1 Ribonucleic acid export 1 GO-BP, Reactome v
10 NUP62 Nucleoporin 62 GO-BP, Reactome Ve
11 IDE Insulin degrading enzyme GO-BP, MGIMP v
12 NUP54 Nucleoporin 54 GO-BP, Reactome

13 NUPS8 Nucleoporin 58 GO-BP, Reactome

14 NUP88 Nucleoporin 88 GO-BP, Reactome v
15 RBX1 Ring-box 1 GO-BP, Reactome

16 | CDK5RAP2 grlag?nr;:gulatory subunit associated Reactome, MGIMP

17 | PRKACA f&gfﬁ I;Llr;ﬁze cAMP-activated catalytic GO-BP, Reactome %
18 | GORASP1 | Golgi reassembly stacking protein 1 GO-BP, Reactome

19 AKAP9 A-kinase anchoring protein 9 Reactome v

Continued on next page
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Table 8.1 — continued from previous page

SS]:;ZL Definition Ontologies Peﬂggboe d

20 | SLC25A21 | Solute carrier family 25 member 21 MGIMP

21 RALA RAS like proto-oncogene A MGIMP

29 | TUBGCP3 F"l;rtt)kiﬂ;nggamma complex associated Reactome

23 | TUBGCP?2 F"l)"rl?tl;:;nzgamma complex associated Reactome

24 | ERLEC1 Endoplasmic reticulum lectin 1 GO-BP

25 CEP250 Centrosomal protein 250 Reactome

26 GNB1 G protein subunit beta 1 MGIMP v
27 RDX Radixin MGIMP v
28 PLAT Plasminogen activator, tissue type MGIMP v
929 FIFAH é];ZIL{Lkaryotic translation initiation factor MGIMP

30 FAR2 Fatty acyl-CoA reductase 2 MGIMP v
31 VPS11 VPS11, CORVET/HOPS core subunit GO-BP

32 | ADAMISL | {0 ondin ype 1 mott 1 MGIMP /
33 RHOA Ras homolog family member A GO-BP v
34 FBN1 Fibrillin 1 MGIMP v
35 CNTRL Centriolin Reactome v
36 BRD2 Bromodomain containing 2 MGIMP v
37 RAB7A RABT7A, member RAS oncogene family GO-BP

38 SBNOL1 Strawberry notch homolog 1 MGIMP

39 WFS1 ;%zligggnER transmembrane MGIMP %
40 NIN Ninein GO-BP

o1 | rricares | P Knae Edependent e 1T pacioms

42 CEP135 entrosomal protein 135 Reactome v
43 | SCARB1 Scavenger receptor class B member 1 GO-BP v
44 | MARK2 Microtubule affinity regulating kinase 2 MGIMP

45 GDF15 Growth differentiation factor 15 MGIMP v
46 0S9 0S89, endoplasmic reticulum lectin GO-BP Ve
47 CLCC1 Chloride channel CLIC like 1 MGIMP

48 | EXOSC3 Exosome component 3 GO-BP

49 | EXOSC2 Exosome component 2 GO-BP

50 | BCKDK E{::;Sc:ed chain ketoacid dehydrogenase MGIMP %
o1 UPF1 UPF1, RNA helicase and ATPase GO-BP

52 | CHMP2A | Charged multivesicular body protein 2A GO-BP

Continued on next page
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Table 8.1 — continued from previous page

Gene . . 11000
Symbol Definition Ontologies Perturbed

53 RAB2A RABZ2A, member RAS oncogene family Reactome v
54 ALGS8 ALGS, alpha-1,3-glucosyltransferase MGIMP Ve
39 RABI18 RABI18, member RAS oncogene family MGIMP
56 PCSK6 Proprotein convertase subtilisin/kexin MGIMP

type 6
57 BAGS BCL2 associated athanogene 5 GO-BP v
58 FKBP10 FKBP prolyl isomerase 10 MGIMP v
59 PSMDS8 Proteasome 26S subunit, non-ATPase 8 Reactome
60 HDAC2 Histone deacetylase 2 MGIMP
61 POLAI DNA polymerase alpha 1, catalytic GO-BP

subunit
62 LOX Lysyl oxidase MGIMP v
63 FBLNS Fibulin 5 MGIMP v
64 NINL Ninein like Reactome
65 NEK9 NIMA related kinase 9 Reactome
66 RABI10 RAB10, member RAS oncogene family GO-BP
67 PITRM1 Pitrilysin metallopeptidase 1 MGIMP
68 | TIMMIO Translocase of inner mitochondrial GO-BP

membrane 10
69 GCC2 SRIP and coiled-coil domain containing GO-BP
70 TORI1A Torsin family 1 member A GO-BP v
71 | AKAPS8L | A-kinase anchoring protein 8 like GO-BP v
79 SMOCI SPARC related modular calcium MGIMP

binding 1
73 AP3B1 Adaptpr related protein complex 3 MGIMP

subunit beta 1
74 MIB1 Mindbomb E3 ubiquitin protein ligase 1 MGIMP
75 | ATPGAPI ATPa.se H+ transporting accessory GO-BP

protein 1
76 PPT1 Palmitoyl-protein thioesterase 1 MGIMP
77 NPC2 12\IPC intracellular cholesterol transporter MGIMP %
78 TRIMS9 Tripartite motif containing 59 MGIMP
79 GIGYF2 GRBI0 interacting GYF protein 2 MGIMP
80 PCNT Pericentrin Reactome
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8.3.3 Semantic Clustering of Viral-Human Interactomes

This network-aided comparative analysis produced three different phylogenies
for the aforementioned viral interactomes (Fig. 8-1, 8-2 and 8-3). Measuring
the enrichment of the vertices on each graph, a distance matrix was calculated
and the agglomerative clustering brought nearby the interactomes with seman-
tic commonalities. The analysis shown that SARS-CoV-2 share the highest
similarities with the enteroviruses (Coxsackievirus A10 and Rhinovirus C15).
Particularly, two robust groups of viruses have been disclosed, whose members
are consistently clustered together, in accordance with their taxonomic classifica-
tion. SARS-CoV-2 and enteroviruses belong to the class of Pisoniviricetes. The
other group consists of Dengue, Zika and West Nile Virus, whose taxonomic
relevance is stronger, as all of them are included in the genus of Flavivirus.
While Hepatitis C belongs to the same taxonomic family of the latter group, it
is mainly clustered with Papillomavirus, in spite of their moderate similarity
scores. The other viruses are clustered with a non-systematic consistency.
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Figure 8-1: Comparative analysis of 12 viral pathogens infection models using the GO-BP
vocabulary. The phylogenetic tree was constructed with agglomerative clustering, based on the
semantic similarities of viral-human interactomes.
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Figure 8-2: Comparative analysis of 12 viral pathogens infection models using the Reactome
database. The phylogenetic tree was constructed with agglomerative clustering, based on the
semantic similarities of viral-human interactomes.
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Figure 8-3: Comparative analysis of 12 viral pathogens infection models using the MGIMP
ontology. The phylogenetic tree was constructed with agglomerative clustering, based on the
semantic similarities of viral-human interactomes.
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8.3.4 Conclusion

The interpretation of the SARS-CoV-2 interactome with BiolnfoMiner con-
structed an integrative semantic description, using different aspects of biological
knowledge. Also, the results of comparative analysis signify a correlation of
SARS-CoV-2 functionalities with enteroviruses. The proteins of SARS-COV-2
interact with many pathways and mechanisms of protein homeostasis and affect
mainly the intracellular transport of macromolecules, RNA stability and organelle
organization. BioInfoMiner succeeded to reveal phenotypic traits caused by
SARS-CoV-2 or correlated diseases, in accordance with recent reviews and
experimental studies. The implementation of gene prioritization step on the
three different ontologies, reduced the initial set of 332 human-virus interactors
approximately four times, resulting in 80 proteins with high centrality on the
respective semantic networks. The half of them have been characterized as
perturbed proteins in the 1.L1000 Connectivity Map repository [270] (Table 8.1),
indicating their regulatory role in cellular functionality. A custom operator was
implemented to exploit the whole vector of the derived protein signature, in
order to prioritize perturbagens that affect a subset of them, ordered by the sig-
nificance of their overlap with the proposed targeted gene sets of the 1.1000. This
amount of perturbed proteins denotes a great repertoire of potential drug targets
and intensifies the necessity of further pharmacogenomic and drug-repurposing

studies to identify candidate drugs or drug combinations to target SARS-CoV-2.
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Chapter 9

Conclusions

9.1 Discussion

The methodologies developed for the biological interpretation and comparative
analysis of omics data in this doctoral thests, are based on the idea of semantic
network analysis. They utilize the semantic network in order to either draw
critical conclusions about the collaborative relationships of biomolecules and
pinpoint their semantic centrality or to estimate their relative distance based
on a given ontological annotation. Therefore, they are applicable for any
hierarchical vocabulary and any class of biomolecules, given that there is a
determined mapping between them. That is to say, the proposed methodologies
are exclusively data-driven and agnostic and they could be implemented for
different types of omics data, regardless of the experimental values (p-values,
fold changes etc).

The importance of this computational approach is stemming from two main
reasons, related to the developments in the Biomedical Sciences over the last
two decades. Both the evolution of omics technologies and the organization
of ontologies are at a significant level of maturity, being important pillars of
research in the field of Systems Biology. The high-throughput technologies are in
an ongoing advancement, as novel, more detailed experimental methods are being
designed and implemented, reducing the cost and time of experiments. However,
the fundamental idea of omics, which is the large scale screening of biomolecules
and the quantification of their expression, regulation and modification in cells,
has been established as the principal methodological approach to investigate
complex biological systems and phenotypes. Even the recent trend of multi-omics
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studies is based on the screening of different -omes, with various experiments
for the same biological system, and the combined interpretation of their data.
The paradigm shift from the traditional Molecular Biology to Systems Biology
has already been adopted by the industry in many applications for drug target
discovery, personalized medicine and the discovery [271] of biotechnological
products [272]. By the same token, biomedical ontologies have become one of the
most basic means of organizing existing knowledge in various fields of Biology.
The scientific community has developed and is constantly evolving appropriate
languages [40, 41] for the construction of ontologies and methodologies for
the automated characterization of new organisms, mainly from the kingdom of
Bacteria [49]. As a result, the proposed methodologies are not related to a state-
of-the-art approach in biomedical studies, but to predominantly technologies of
how complex biological systems are studied and how the existing knowledge is
organized to be used for data interpretation, not only nowadays but also in the
future.

The advantages and novelties of the developed methodologies have been de-
scribed in the respective Discussion section of each chapter. The core algorithms
of BioInfoMiner have been developed in the past, in the laboratory of Metabolic
Engineering and Bioinformatics Program of NHRF, however, within the frames
of this thesis, they were redesigned and implemented based on a totally novel
software library. Besides some technical improvements in their algorithmic pro-
cess, one significant advantage is that BioInfoMiner could serve as a integrative
pipeline in different computational systems, such as the ANASTASIA platform
(chapter 4). Also, defined functions of the software library could be used to
analyze and filter the results of BiolnfoMiner, customizing the analysis in to
the needs of each study, such as in the project described in chapter 6. The back-
ground database can be easily enriched with new ontologies and the annotation
of new species, as in the study of proteostasis evolutionary imprinting, where
more than 400 collections of GO annotations where constructed (chapter 7).
The proposed comparative analysis workflow, implemented in chapter 7 and 8
demonstrates the high versatility of the novel software library. That methodology
could be used to detect the semantic similarities of the samples of a dataset,
targeting to answer in various scientific questions. For example, in chapter 7 it
was used to perform a phylogenetic analysis for proteostasis machinery, while
in chapter 8 it served as an operator to calculate the functional and phenotypic
similarities among the host interactomes of pathogenic viruses. Overall, it is
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a novel approach to provide a system-level similarity score for the examined

samples, assessing the topologies of their semantic networks.

9.2 Future Work

The suggestions for the improvement of BiolnfoMiner and the workflow of
comparative analysis could be summarized in the following list:

e Integration of new ontologies with available genomic annotation in Bioln-
foMiner database (chapter 3).

e Refinement of pathway analysis step with an entropy-based, free of sta-
tistical thresholds methodology, able to extract minimum-noise biological
information with deeper granularity (chapter 3).

e Development of an additional computational step in the workflow of
BioInfoMiner to automatically estimate the regulation of the expression of
prioritized genes under chemical and genetic perturbations. 1.L1000 or any
other database with gene expression profiles of drug treatments could be
used for that task (chapter 8).

e Concerning the ANASTASIA platform (chapter 4), BioTranslator needs to
be adapted in the demands of human microbiome studies and another tool
to perform metabolic reconstruction from metagenomic data needs to be

developed and interconnected with BioTranslator.

e Creation of a new, advanced, free of bias, semantic similarity measure,
which would integrate the contribution of the proposed topological factors
(chapter 5).

e Integration of the comparative analysis workflow in a backend-frontend
environment, such as that of BioInfoMiner, with an additional module for
the elucidative and interactive visualization of results.

e Containerization of the developed software library to facilitate its usage in
various computational systems without the need to install the requirements
of Python and MongoDB.
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Appendix A

BioInfoMiner: Interpretation of
Cellular Complexity through
Semantic Network Analysis

Table A.l: Species-Ontologies Annotations Integrated in BiolnfoMiner

Species Taxonomy Ontologies
L Gene Ontology
Bos Taurus Animalia
Reactome
Gene Ontology
Caenorhabditis elegans Animalia | Reactome

WormBase Ontology

. . . Gene Ontology
Drosophila melanogaster Animalia
Reactome

Gene Ontology
Danio Rerio Animalia | Reactome
Zebrafish Ontology

L Gene Ontology
Gallus gallus Animalia
Reactome

Continued on next page
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Table A.1 — continued from previous page

Species Taxonomy Ontologies
Gene Ontology
. ) X Reactome
Homo sapiens Animalia .
MGI Mammalian Phenotype
Human Phenotype Ontology
Gene Ontology
Mus musculus Animalia | Reactome
MGI Mammalian Phenotype
Gene Ontology
Rattus norvegicus Animalia | Reactome
MGI Mammalian Phenotype
L Gene Ontology
Sus scrofa Animalia
Reactome
Aspergillus nidulans Fungi Gene Ontology
Magnaporthe grisea Fungi Gene Ontology
. . Gene Ontology
Saccharomyces cerevisiae Fungi
Reactome
i ) Gene Ontology
Schizosaccharomyces pombe Fungi
Reactome
. . . Gene Ontology
Arabidopsis thaliana Plantae
Plant Ontology
Beta vulgaris Plantae | Gene Ontology
Glycine max Plantae | Gene Ontology
Helianthus annuus Plantae | Gene Ontology
Oryza sativa Japonica Plantae | Gene Ontology
Sorghum bicolor Plantae | Gene Ontology
Zea mays Plantae | Gene Ontology
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Prioritized Prioritized Interactive

Ontological Genes Graph
Terms

Pathway Gene Vizualization
Analysis Prioritization

A. The Main Components of Software Library

PathwayAnalysisModule GenePrioritizationModule VizualizationModule

[ t J

Graph GraphClusteringOperators
Mongo T T
Database
GraphNode Semantics GraphCluster

Figure A-1: The detailed workflow of BioInfoMiner. The execution of computational analysis is
based on an object-oriented software library, built using Python 2.7. Objects, modules and data
stored in MongoDB collections are combined to perform the three processes (pathway analysis,
gene prioritization and data visualization) in a sequential mode. Prioritized semantic terms and
genes are presented comprehensively in the output interactive graph.
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Endoplasmic reticulum unfolded protein
response

The series of molecular signals generated as a S ERP 1

consequence of the presence of unfolded proteins in
the endoplasmic reticulum (ER) or other ER-related
stress; results in changes in the regulation of
transcription and translation.

Statistically Significant: Yes SYVN 1 H S P A5

Ranking: 5/46

Enrichment Score: 6/50
Hypergeomentric p-value: 4.028E-8
Corrected p-value: 0.0051

Ontological cluster: Response to stress XBP1 WFS1 ERN1

Associated prioritized genes (5): SYVN1, SERP1, WFST,
HSPAS5, XBP1

Figure A-2: Graphical representation of the genomic content of an enriched term. The term is
presented as a circle packing plot, which includes its associated genes as smaller circles. Genes
with gold-colored contour belong to the list of prioritized genes.
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Figure A-3: The user is able to zoom in the content of a specific semantic cluster. The areas
around the enriched terms, which belong to the same cluster, shape one or more polygons and
their color is uniquely defined. The respective topological boundaries are calculated using the
Voronol algorithm [158]. The bar of gold-colored circles below the main graph illustrates the
prioritized genes which have been associated with that cluster.
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Protein
Golgi vesicle localization to Intracellular
transport endoplasmic transport

reticulum

Endoplasmic Maintenance of
iculum to rotein
Golgi localization in
vesicle-mediated endoplasmic
transport reticulum

TOP GENES RELATED WITH THE CLUSTER: HSPAS. HYOUL WIPIL SYVN1 SERP1 KDELR3 LMNA XBP1

Figure A-4: The user is able to zoom in the content of a specific semantic cluster. The areas
around the enriched terms, which belong to the same cluster, shape one or more polygons and
their color is uniquely defined. The respective topological boundaries are calculated using the
Voronol algorithm [158]. The bar of gold-colored circles below the main graph illustrates the
prioritized genes which have been associated with that cluster.

TOP GENES: | HSPAS XBP1 SYUNL EDEM1 WFS1 WIPIL DNAJ C3 SERP1 KDELR3 LMNA SULT1A3 DNAJ B9 DDX11

Figure A-5: The user is able to click on a prioritized gene (a gold-colored circle, below the graph)
to reveal its semantic profile. The associated clusters are colored uniquely. Their topological
boundaries have been defined with the Voronoi algorithm [158].
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3

DNAJ C3 KDELR3 LMNA SULT1A3 DNAJ B9 DDX11

Figure A-6: The user is able to click on a prioritized gene (a gold-colored circle, below the graph)
to reveal its semantic profile. The associated clusters are colored uniquely. Their topological
boundaries have been defined with the Voronoi algorithm [158].

TOP GENES: HSPAS XBP1 SYVNL HYoUL EDEM1
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Appendix B

Case Study 1: Profiling of
TRAIL-Induced Modulation of NK

cells During Viral Infection

Table B.1: Enriched GO-BP Terms for the Wild Type (WT) Activation

Rank Biological Process Enrichment | Adjusted p-value
1 Response to virus 65/248 0.0005
2 Response to interferon-beta 27/45 0.0013
3 Defense response to virus 32/177 0.0018
4 Response to other organism 136/977 0.0019
B} Response to external biotic stimulus 136/980 0.0022
6 Cellular response to interferon-beta 23/37 0.0029
7 Response to biotic stimulus 139/1020 0.0032
8 Defense response to other organism 93/564 0.0042
9 Immune response 143/1179 0.0050
10 Cellular response to cytokine stimulus 96/704 0.0050
1 Immune effector process 82/532 0.0052
12 Defense response 158/1241 0.0055
13 Response to cytokine 110/821 0.0061
14 Response to bacterium 90/740 0.0073
15 Immune system process 201/1969 0.0074
16 Innate immune response 92/671 0.0075
17 Response to external stimulus 198/2000 0.0078
18 Response to interferon-alpha 13/25 0.0085
19 Regulation of cytokine production 74/586 0.0087

Continued on next page
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Table B.1 — continued from previous page

Rank Biological Process Enrichment | Adjusted p-value
20 | Cellular response to organic substance 175/1914 0.0087
21 Cellular response to chemical stimulus 209/2346 0.0095
22 | Regulation of defense response 63/537 0.0115
23 Defense response to protozoan 12/29 0.0118
24 | Regulation of immune system process 127/1289 0.0119
925 &eﬁlﬂiteiorrésgi; rc\iéf:}okine production involved in 17770 0.0133
26 Negative regulation of viral genome replication 14/42 0.0134
27 Response to protozoan 12/32 0.0140
28 Response to stress 252/3089 0.0143
29 | Positive regulation of defense response 40/270 0.0145
30 | Regulation of immune response 80/748 0.0148
31 Response to interferon-gamma 24/129 0.0149
32 | Negative regulation of viral life cycle 16/65 0.0157
33 | Negative regulation of viral process 18/81 0.0163
34 | Positive regulation of innate immune response 27/160 0.0165
35 | Negative regulation of cytokine production 33/220 0.0174
36 | Regulation of multi-organism process 47/368 0.0175
37 Response to type I interferon 8/16 0.0184
38 | Positive regulation of immune system process 88/877 0.0207

40 | Negative regulation of multi-organism process 27/164 0.0211
41 Negative regulation of immune response 23/140 0.0214
42 | Inflammatory response 51/435 0.0217
43 | Cytokine-mediated signaling pathway 42/333 0.0219

45 | Regulation of immune effector process 43/340 0.0224
46 | Alpha-beta T cell activation 15/65 0.0228
47 Cellular response to lipopolysaccharide 25/160 0.0228
48 | Regulation of innate immune response 33/241 0.0230
|49 | Defense response to Gram-positive bacterium | 1789 | 00260
50 | Cellular response to interferon-gamma 19/105 0.0267
51 T cell activation 33/244 0.0268
52 | Regulation of viral process 24/157 0.0270
53 | Alpha-beta T cell differentiation 13/55 0.0279
54 | Response to lipopolysaccharide 39/316 0.0279
35 Cell surface receptor signaling pathway 152/1802 0.0279
56 | Cellular response to molecule of bacterial origin 25/166 0.0287

Continued on next page
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Table B.1 — continued from previous page

Negative regulation of lymphocyte mediated
immunity

10/41

Rank Biological Process Enrichment | Adjusted p-value
57 | Cellular response to biotic stimulus 27/186 0.0289
38 | Response to molecule of bacterial origin 40/332 0.0291
59 | Positive regulation of cell death 66/663 0.0294
60 | Regulation of viral genome replication 15/75 0.0297
61 | Multi-organism process 174/2115 0.0299
62 Positive regulation of cytokine production 44/379 0.0300
63 | Positive regulation of immune response 37/555 0.0306
64 | Negative regulation of immune system process 48/441 0.0307
65 Defense response to bacterium 43/371 0.0311
66 Cellular response to interferon-alpha 6/13 0.0322
67 | Positive regulation of response to stimulus 164/2031 0.0332
68 ii%ﬂ;&i?)zrzz ;ifsn:lbiosis, encompassing mutualism 27/192 0.0335
69 | Regulation of leukocyte cell-cell adhesion 32/262 0.0349
70 Regulation of viral life cycle 19/122 0.0352
71 Regulation of response to stress 104/1177 0.0355
72 Regulation of cell adhesion 61/615 0.0356
T o doeion o el oo

0.0364

Positive regulation of programmed cell death

60/610

0.0381

immunity

78 Regulation of lymphocyte mediated immunity 21/142 0.0387
Regulation of adaptive immune response based on

79 somatic recombination of immune receptors built 21/146 0.0396
from immunoglobulin superfamily domains

80 POSL.tLVC r‘egulatton of smooth muscle cell 17107 0.0397
proliferation

81 Negative regulation of cell activation 24/178 0.0405

82 Positive regulation of apoptotic process 39/605 0.0414

33 Negative regulation of leukocyte mediated 151 0.0418

85 | Negative regulation of lymphocyte activation 20/137 0.0419
86 | Regulation of smooth muscle cell proliferation 22/165 0.0423
87 Regulation of adaptive immune response 22/158 0.0425
88 | Regulation of T cell mediated immunity 12/61 0.0432
89 | Negative regulation of T cell activation 17/108 0.0433

Continued on next page
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Table B.1 — continued from previous page

immune response

Rank Biological Process Enrichment | Adjusted p-value
90 | Negative regulation of leukocyte activation 22/160 0.0433
92 | Regulation of cell activation 59/620 0.0441
93 Regulation of production of molecular mediator of 19/130 0.0444

96

T cell differentiation

20/145

0.0459

97

Regulation of response to external stimulus

63/675

0.0473

Table B.2: Enriched Reactome Terms for the Wild Type (WT) Activation

Rank Reactome Pathway Enrichment | Adjusted p-value
1 Immune System 145/1809 0.0016
2 Interferon Signaling 17/67 0.0039
3 Cytokine Signaling in Immune system 46/430 0.0067
4 Interferon alpha/beta signaling 10/30 0.0105
S Regulation of IFNA signaling 8/25 0.0115

Immunoregulatory interactions between a
6 Lymphoid gand a i’Lon-Lympho'Ld cell 18/113 0.0125
Nicotinamide salvaging 7/20 0.0136
Extracellular matrix organization 32/323 0.0190
9 Nicotinate metabolism 8/32 0.0228
10 Integrin cell surface interactions 13/80 0.0228
1 Downstream signal transduction 7/29 0.0269

19

Non-integrin membrane-ECM interactions

13 | Signaling by PDGF 10/58 0.0285
14 | Adaptive Immune System 58/766 0.0319
15 Hemostasis 48/616 0.0366
16 Platelet activation, signaling and aggregation 25/266 0.0383

7/38

0.0450

Continued on next page
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Table B.2 - continued from previous page

Rank Reactome Pathway Enrichment | Adjusted p-value

Metabolism of water-soluble vitamins and cofactors 14/123 0.0473

Platelet degranulation

14/138

27

Signaling by Interleukins

Response to elevated platelet cytosolic Ca2+

25/305

14/143

0.0623

28

Neutrophil degranulation

40/567

0.0623

Metabolism of vitamins and cofactors 17/193 0.0710

32 | Chemokine receptors bind chemokines 7152 0.0722
33 | Termination of O-glycan biosynthesis 4/20 0.0758
34 | Interleukin-2 family signaling 6/43 0.0778
35 | Innate Immune System 66/1061 0.0800
36 | Platelet homeostasis 8/72 0.0819
37 | TNFR2 non-canonical NF-kB pathway 10/100 0.0833

42

Metabolism

107/1852

0.0935

Table B.3: Enriched GO-BP Terms for the TRAIL Knock Out (KO) Activation

Rank Biological Process Enrichment | Adjusted p-value
1 Response to virus 67/248 0.0002
2 Defense response to virus S2/177 0.0008
3 Response to cytokine 128/821 0.0017
4 Response to interferon-beta 25/45 0.0022
S Defense response 163/1241 0.0022
6 Cellular response to cytokine stimulus 111/704 0.0023
7 Response to other organism 133/977 0.0031
8 Cellular response to interferon-beta 21/37 0.0037
9 Response to external biotic stimulus 133/980 0.0039
10 Immune response 151/1179 0.0047

Continued on next page
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Table B.3 - continued from previous page

Rank Biological Process Enrichment | Adjusted p-value
1 Immune system process 217/1969 0.0058
12 Innate immune response 92/671 0.0061
13 Response to biotic stimulus 135/1020 0.0063
14 Response to external stimulus 211/2000 0.0072
15 Regulation of defense response 78/537 0.0074
16 Immune effector process 77/532 0.0077
17 Defense response to other organism 80/564 0.0078
18 Regulation of cytokine production 83/586 0.0081
19 Response to interferon-alpha 13/25 0.0096
20 | Response to interferon-gamma 30/129 0.0096
21 Cellular response to chemical stimulus 234/2346 0.0104
22 Positive regulation of defense response 48/270 0.0106
23 | Inflammatory response 63/435 0.0110
24 | Regulation of response to external stimulus 88/675 0.0114
25 | Negative regulation of viral genome replication 15/42 0.0120
26 Cytokine-mediated signaling pathway 52/333 0.0122
27 Regulation of response to stress 129/1177 0.0128
28 | Cellular response to organic substance 197/1914 0.0130
29 Defense response to protozoan 12/29 0.0141
30 | Regulation of immune effector process 51/340 0.0145
31 Regulation of multi-organism process 53/368 0.0147
32 Response to bacterium 88/740 0.0156
33 Regulation of immune system process 135/1289 0.0159
34 | Negative regulation of viral process 20/81 0.0160
35 Response to type I interferon 9/16 0.0161
36 | Positive regulation of innate immune response 30/160 0.0164
37 | Response to protozoan 12/32 0.0165
38 | Negative regulation of cytokine production 37/220 0.0168
39 | Negative regulation of multi-organism process 30/164 0.0181
40 | Response to lipopolysaccharide 46/316 0.0188
41 | Negative regulation of viral life cycle 17/65 0.0200
42 | Positive regulation of response to external stimulus 42/276 0.0203
43 | Regulation of innate immune response 38/241 0.0217
44 | Cellular response to interferon-gamma 22/105 0.0219
45 i:ﬁriiteiorrésgi ]z::okme production involved in 18/70 0.0220
46 Positive regulation of response to cytokine stimulus 14/48 0.0226
47 Positive regulation of cytokine production 51/379 0.0229
48 | Chemotaxis 54/424 0.0230
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Regulation of symbiosis, encompassing mutualism

Rank Biological Process Enrichment | Adjusted p-value
49 | Regulation of defense response to virus by host 12/39 0.0232
50 | Response to molecule of bacterial origin 47/332 0.0234
51 | Positive regulation of immune system process 96/877 0.0236
52 Cellular response to lipopolysaccharide 28/160 0.0247
| 58 | Leukooyiechemoaxis | M6 [ 0028 |
54 | Positive regulation of cell death 75/663 0.0262
35 Regulation of interferon-alpha production 10/26 0.0270
56 | Taxis 54/426 0.0276
57 ﬁsﬁlul}izizsgz E;gduction of molecular mediator of 93/130 0.0276
58 | Cellular response to molecule of bacterial origin 28/166 0.0278
99 | Leukocyte migration 30/186 0.0280

70

immunity

Positive regulation of apoptotic process

61 through parasitism 30/192 0.0285
62 | Negative regulation of immune response 24/140 0.0288
63 | Positive regulation of programmed cell death 69/610 0.0295
64 | Regulation of immune response 81/748 0.0296
65 | Regulation of response to biotic stimulus 24/135 0.0302
66 | Cellular response to biotic stimulus 29/186 0.0306
67 | Alpha-beta T cell activation 15/65 0.0308
68 Negative regulation of lymphocyte mediated 14t 0.0311

68/605

0.0326

71

Regulation of viral genome replication

16/75

0.0328

Cell chemotaxis 27171 0.0350

Response to organic substance 240/2817 0.0387

78 | Alpha-beta T cell differentiation 13/55 0.0392

79 Regulation of cell adhesion 67/615 0.0393

80 | Lymphocyte migration 13/56 0.0395

81 Regulation of viral process 25/157 0.0400

82 Response to stress 261/3089 0.0400
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Rank Biological Process Enrichment | Adjusted p-value
33 Negatw‘e regulation of leukocyte mediated 12/51 0.0403
immunity
84 POSI,'tLVC r‘egulauon of smooth muscle cell 19/107 0.0405
proliferation
85 | Multi-organism process 187/2115 0.0405
86 | Regulation of T cell activation 37/286 0.0405

90 | Cellular response to interferon-alpha 6/13 0.0421
91 Regulation of viral life cycle 20/122 0.0433
92 | Regulation of smooth muscle cell proliferation 25/165 0.0444
93 | Positive regulation of cell adhesion 44/368 0.0444

95 Positive regulation of response to stimulus 179/2031 0.0448
96 | Regulation of leukocyte proliferation 30/220 0.0460
97 Regulation of response to cytokine stimulus 19/110 0.0462
98 | Regulation of inflammatory response 37/292 0.0464
99 | Regulation of leukocyte cell-cell adhesion 34/262 0.0465
100 | T cell activation 32/244 0.0477
| 101 [ Cellular response to amyloid-beta | 825 | 0041
102 | Cell death 85/859 0.0492
103 | Negative regulation of T cell activation 18/108 0.0500

Table B.4: Enriched Reactome Terms for the TRAIL Knock Out (KO) Activation

Rank Reactome Pathway Enrichment | Adjusted p-value
1 Immune System 164/1809 0.0025
Immunoregulatory interactions between a
2 Lymphoid gand a )rlton-Lympho'Ld cell 24/113 0.0049
3 Cytokine Signaling in Immune system 53/430 0.0061
4 Interferon Signaling 18/67 0.0085
) Interferon alpha/beta signaling 9/30 0.0096
6 Regulation of IFNA signaling 8/25 0.0119

8 Adaptive Immune System 62/766 0.0178
9 Extracellular matrix organization 32/323 0.0216
10 Neutrophil degranulation 48/567 0.0221
1 Nicotinamide salvaging 6/20 0.0241
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Rank Reactome Pathway Enrichment | Adjusted p-value
12 Downstream signal transduction 7/29 0.0280
|18 | Bicosanoid ligand-binding reccprors | 54 | 00286
14 | Signaling by PDGF 10/58 0.0296
15 Innate Immune System 78/1061 0.0327
16 Chemokine receptors bind chemokines 9/52 0.0369
17 Hemostasis 49/616 0.0387
|18 | Interleukin-I2 family signaling [ 520 | 00388
19 Signaling by Interleukins 28/305 0.0391
20 | Integrin cell surface interactions 11/80 0.0438
21 Metabolism of amino acids and derivatives 23/254 0.0453
22 Class A/1 (Rhodopsin-like receptors) 28/318 0.0455
23 | TNFR2 non-canonical NF-kB pathway 12/100 0.0474
24 | Platelet activation, signaling and aggregation 24/266 0.0512

28 | GPCR ligand binding 33/424 0.0638
29 SLC-mediated transmembrane transport 22/250 0.0641

Transport of small molecules 50/705 0.0697

34 | Non-integrin membrane-ECM interactions 6/38 0.0773
35 | Signaling by SCF-KIT 6/40 0.0781

Transport of vitamins, nucleosides, and related

37 6/41 0.0809
molecules

38 | Termination of O-glycan biosynthesis 4/20 0.0826

40 Trgnqurt of inorganic cations/anions and amino 1109 0.0883
acids/oligopeptides

41 | Metabolism 113/1852 0.0893

Platelet degranulation 13/138 0.0954
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Appendix C

Case Study 2: Proteostasis
Imprinting Across Evolution

Table C.1: Species Used to Reveal the Proteostasis Profile Across Taxonomies

Species Superkingdom Phylum Class
Tribolium castaneum Eukaryotes Arthropoda Insecta
Solenopsis invicta Eukaryotes Arthropoda Insecta
Rhodnius prolixus Eukaryotes Arthropoda Insecta
Pediculus humanus subsp. corporis Eukaryotes Arthropoda Insecta
Drosophila simulans Eukaryotes Arthropoda Insecta
Drosophila melanogaster Eukaryotes Arthropoda Insecta
Bombyx mori Eukaryotes Arthropoda Insecta
Anopheles gambiae Eukaryotes Arthropoda Insecta
Anopheles darlingi Eukaryotes Arthropoda Insecta
Saccharomyces cerevisiae Eukaryotes Ascomycota Saccharomycetes
Komagataella pastoris Eukaryotes Ascomycota Saccharomycetes
Schizosaccharomyces pombe Eukaryotes Ascomycota Schizosaccharomycetes
Schizosaccharomyces octosporus Eukaryotes Ascomycota Schizosaccharomycetes
Schizosaccharomyces japonicus Eukaryotes Ascomycota Schizosaccharomycetes
Puccinia graminis Eukaryotes Basidiomycota Pucciniomycetes
Cryptococcus neoformans Eukaryotes Basidiomycota Tremellomycetes
Sporisorium reilianum Eukaryotes Basidiomycota Ustilaginomycetes
Chlamydomonas reinhardtii Eukaryotes Chlorophyta Chlorophyceae
Xiphophorus maculatus Eukaryotes Chordata Actinopteri
Scophthalmus maximus Eukaryotes Chordata Actinopteri
Poecilia reticulata Eukaryotes Chordata Actinopteri
Oryzias latipes Eukaryotes Chordata Actinopteri
Lates calcarifer Eukaryotes Chordata Actinopteri
Labrus bergylta Eukaryotes Chordata Actinopteri
Gadus morhua Eukaryotes Chordata Actinopteri
Fundulus heteroclitus Eukaryotes Chordata Actinopteri
Danio rerio Eukaryotes Chordata Actinopteri
Cyprinodon variegatus Eukaryotes Chordata Actinopteri
Clupea harengus Eukaryotes Chordata Actinopteri
Xenopus tropicalis Eukaryotes Chordata Amphibia
Ciona intestinalis Eukaryotes Chordata Ascidiacea
Melopsittacus undulatus Eukaryotes Chordata Aves
Meleagris gallopavo Eukaryotes Chordata Aves
Gallus gallus Eukaryotes Chordata Aves
Dromaius novaehollandiae Eukaryotes Chordata Aves
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Specles Superkingdom Phylum Class
Anas platyrhynchos Eukaryotes Chordata Aves
Callorhinchus milii Eukaryotes Chordata Chondrichthyes
Erpetoichthys calabaricus Eukaryotes Chordata Cladistia
Latimeria chalumnae Eukaryotes Chordata Coelacanthi
Vombatus ursinus Eukaryotes Chordata Mammalia
Sus scrofa Eukaryotes Chordata Mammalia
Rattus norvegicus Eukaryotes Chordata Mammalia
Pongo abelii Eukaryotes Chordata Mammalia
Pan troglodytes Eukaryotes Chordata Mammalia
Ovis aries Eukaryotes Chordata Mammalia
Oryctolagus cuniculus Eukaryotes Chordata Mammalia
Ornithorhynchus anatinus Eukaryotes Chordata Mammalia
Nomascus leucogenys Eukaryotes Chordata Mammalia
Microtus ochrogaster Eukaryotes Chordata Mammalia
Macaca mulatta Eukaryotes Chordata Mammalia
Homo sapiens Eukaryotes Chordata Mammalia
Gorilla gorilla Eukaryotes Chordata Mammalia
Felis catus Eukaryotes Chordata Mammalia
Erinaceus europaeus Eukaryotes Chordata Mammalia
Equus caballus Eukaryotes Chordata Mammalia
Dasypus novemcinctus Eukaryotes Chordata Mammalia
Callithrix jacchus Eukaryotes Chordata Mammalia
Bos taurus Eukaryotes Chordata Mammalia
Ailuropoda melanoleuca Eukaryotes Chordata Mammalia
Sphenodon punctatus Eukaryotes Chordata Reptilia
Pelodiscus sinensis Eukaryotes Chordata Reptilia
Crocodylus porosus Eukaryotes Chordata Reptilia
Anolis carolinensis Eukaryotes Chordata Reptilia
Crassostrea gigas Eukaryotes Mollusca Bivalvia
Lepeophtheirus salmonis Eukaryotes Negarnaviricota Monjiviricetes
Strongyloides ratti Eukaryotes Nematoda Chromadorea
Loa loa Eukaryotes Nematoda Chromadorea
Caenorhabditis elegans Eukaryotes Nematoda Chromadorea
Caenorhabditis briggsae Eukaryotes Nematoda Chromadorea
Trichinella spiralis Eukaryotes Nematoda Enoplea
Schistosoma mansoni Eukaryotes Platyhelminthes Trematoda
Galdieria sulphuraria Eukaryotes Rhodophyta Bangiophyceae
Cyanidioschyzon merolae Eukaryotes Rhodophyta Bangiophyceae
Zea mays Eukaryotes Streptophyta Liliopsida
Oryza sativa Japonica Group Eukaryotes Streptophyta Liliopsida
Oryza punctata Eukaryotes Streptophyta Liliopsida
Oryza glumipatula Eukaryotes Streptophyta Liliopsida
Oryza glaberrima Eukaryotes Streptophyta Liliopsida
Oryza barthii Eukaryotes Streptophyta Liliopsida
Musa acuminata Eukaryotes Streptophyta Liliopsida
Vitis vinifera Eukaryotes Streptophyta Magnoliopsida
Solanum tuberosum Eukaryotes Streptophyta Magnoliopsida
Solanum lycopersicum Eukaryotes Streptophyta Magnoliopsida
Nicotiana attenuata Eukaryotes Streptophyta Magnoliopsida
Medicago truncatula Eukaryotes Streptophyta Magnoliopsida
Helianthus annuus Eukaryotes Streptophyta Magnoliopsida
Glycine max Eukaryotes Streptophyta Magnoliopsida
Cucumis sativus Eukaryotes Streptophyta Magnoliopsida
Capsicum annuum Eukaryotes Streptophyta Magnoliopsida
Brassica rapa Eukaryotes Streptophyta Magnoliopsida
Brassica oleracea Eukaryotes Streptophyta Magnoliopsida
Brassica napus Eukaryotes Streptophyta Magnoliopsida
Arabidopsis thaliana Eukaryotes Streptophyta Magnoliopsida
Amborella trichopoda Eukaryotes Streptophyta Magnoliopsida
Abditibacterium utsteinense Bacteria Abditibacteriota Abditibacteria
Terriglobus saanensis Bacteria Acidobacteria Acidobacteriia
Terriglobus roseus Bacteria Acidobacteria Acidobacteriia
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Granulicella rosea Bacteria Acidobacteria Acidobacteriia
Luteitalea pratensis Bacteria Acidobacteria Vicinamibacteria
Streptomyces sp NRRL S-495 Bacteria Actinobacteria Actinobacteria
Streptomyces sp CC53 Bacteria Actinobacteria Actinobacteria
Streptomyces shenzhenensis Bacteria Actinobacteria Actinobacteria
Streptomyces jeddahensis Bacteria Actinobacteria Actinobacteria
Streptomyces avermitilis Bacteria Actinobacteria Actinobacteria
Rhodococcus sp Bacteria Actinobacteria Actinobacteria
Rhodococcus coprophilus Bacteria Actinobacteria Actinobacteria
Mycolicibacterium holsaticum Bacteria Actinobacteria Actinobacteria
Mycobacterium tuberculosis Bacteria Actinobacteria Actinobacteria
Mycobacterium marinum Bacteria Actinobacteria Actinobacteria
Micromonospora nigra Bacteria Actinobacteria Actinobacteria
Microbacterium hydrocarbonoxydans Bacteria Actinobacteria Actinobacteria
Leucobacter massiliensis Bacteria Actinobacteria Actinobacteria
Leucobacter chromiiresistens Bacteria Actinobacteria Actinobacteria
Blastococcus sp TF02A-30 Bacteria Actinobacteria Actinobacteria
Blastococcus sp CT_GayMR16 Bacteria Actinobacteria Actinobacteria
Blastococcus saxobsidens Bacteria Actinobacteria Actinobacteria
Bifidobacterium cuniculi Bacteria Actinobacteria Actinobacteria
Bifidobacterium bohemicum Bacteria Actinobacteria Actinobacteria
Amycolatopsis keratiniphila Bacteria Actinobacteria Actinobacteria
Actinosynnema mirum Bacteria Actinobacteria Actinobacteria
Actinoplanes sp Bacteria Actinobacteria Actinobacteria
Actinomyces tangfeifanii Bacteria Actinobacteria Actinobacteria
Actinomyces howellii Bacteria Actinobacteria Actinobacteria
Actinoalloteichus hoggarensis Bacteria Actinobacteria Actinobacteria
Parvibacter caecicola Bacteria Actinobacteria Coriobacteriia
Egibacter rhizosphaerae Bacteria Actinobacteria Nitriliruptoria
Rubrobacter xylanophilus Bacteria Actinobacteria Rubrobacteria
Conexibacter woesei Bacteria Actinobacteria Thermoleophilia
Aquifex aeolicus Bacteria Aquificae Aquificae
Salinivirga cyanobacteriivorans Bacteria Bacteroidetes Bacteroidia
Proteiniphilum saccharofermentans Bacteria Bacteroidetes Bacteroidia
Prevotella sp Bacteria Bacteroidetes Bacteroidia
Prevotella baroniae Bacteria Bacteroidetes Bacteroidia
Paramuribaculum intestinale Bacteria Bacteroidetes Bacteroidia
Dysgonomonas capnocytophagoides Bacteria Bacteroidetes Bacteroidia
Bacteroides stercoris Bacteria Bacteroidetes Bacteroidia
Bacteroides faecichinchillae Bacteria Bacteroidetes Bacteroidia
Bacteroides caccae Bacteria Bacteroidetes Bacteroidia
Flaviaesturariibacter sp Bacteria Bacteroidetes Chitinophagia
Chitinophaga pinensis Bacteria Bacteroidetes Chitinophagia
Chitinophaga niabensis Bacteria Bacteroidetes Chitinophagia
Spirosoma radiotolerans Bacteria Bacteroidetes Cytophagia
Pontibacter sp Bacteria Bacteroidetes Cytophagia
Marivirga tractuosa Bacteria Bacteroidetes Cytophagia
Hymenobacter sedentarius Bacteria Bacteroidetes Cytophagia
Algoriphagus machipongonensis Bacteria Bacteroidetes Cytophagia
Robertkochia marina Bacteria Bacteroidetes Flavobacteriia
Psychroflexus halocasei Bacteria Bacteroidetes Flavobacteriia
Flavobacterium succinicans Bacteria Bacteroidetes Flavobacteriia
Flavobacterium sp Bacteria Bacteroidetes Flavobacteriia
Cruoricaptor ignavus Bacteria Bacteroidetes Flavobacteriia
Croceitalea dokdonensis Bacteria Bacteroidetes Flavobacteriia
Chryseobacterium nematophagum Bacteria Bacteroidetes Flavobacteriia
Arenibacter sp Bacteria Bacteroidetes Flavobacteriia
Saprospira grandis Bacteria Bacteroidetes Saprospiria
Sphingobacterium sp Bacteria Bacteroidetes Sphingobacteriia
Pedobacter sp Bacteria Bacteroidetes Sphingobacteriia
Pedobacter psychrophilus Bacteria Bacteroidetes Sphingobacteriia
Pedobacter luteus Bacteria Bacteroidetes Sphingobacteriia
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Mucilaginibacter sp ZH6 Bacteria Bacteroidetes Sphingobacteriia
Mucilaginibacter sp PPCGB 2223 Bacteria Bacteroidetes Sphingobacteriia
Mucilaginibacter lappiensis Bacteria Bacteroidetes Sphingobacteriia
Rhodohalobacter barkolensis Bacteria Balneolaeota Balneolia
Gracilimonas sp Bacteria Balneolaeota Balneolia
Caldithrix abyssi Bacteria Calditrichaeota Calditrichae
Parachlamydia acanthamoebae Bacteria Chlamydiae Chlamydiia
Prosthecochloris sp Bacteria Chlorobi Chlorobia
Pelolinea submarina Bacteria Chloroflexi Anaerolineae
Ardenticatena maritima Bacteria Chloroflexi Ardenticatenia
Caldilinea aerophila Bacteria Chloroflexi Caldilineae
Roseiflexus sp Bacteria Chloroflexi Chloroflexia
Dehalogenimonas lykanthroporepellens Bacteria Chloroflexi Dehalococcoidia
Ktedonobacterales bacterium Bacteria Chloroflexi Ktedonobacteria
Thermoflexus hugenholtzii Bacteria Chloroflexi Thermoflexia
Nitrolancea hollandica Lb Bacteria Chloroflexi Thermomicrobia
Desulfurispirillum indicum Bacteria Chrysiogenetes Chrysiogenetes
Nostoc sp Bacteria Cyanobacteria Cyanophyceae
Leptolyngbya sp Bacteria Cyanobacteria Cyanophyceae
Gloeobacter violaceus Bacteria Cyanobacteria Gloeobacteria
Geovibrio thiophilus Bacteria Deferribacteres Deferribacteres
Oceanithermus profundus Bacteria Deinococcus-Thermus Deinococci
Meiothermus silvanus Bacteria Deinococcus-Thermus Deinococci
Marinithermus hydrothermalis Bacteria Deinococcus-Thermus Deinococci
Deinococcus sp Bacteria Deinococcus-Thermus Deinococci
Dictyoglomus turgidum Bacteria Dictyoglomi Dictyoglomia
Elusimicrobium sp An273 Bacteria Elusimicrobia Elusimicrobia
Endomicrobium proavitum Bacteria Elusimicrobia Endomicrobia
Fibrobacter sp UWB8 Bacteria Fibrobacteres Fibrobacteria
Streptococcus pneumoniae Bacteria Firmicutes Bacilli
Staphylococcus epidermidis Bacteria Firmicutes Bacilli
Listeria monocytogenes serovar 1/2a Bacteria Firmicutes Bacilli
Lactococcus lactis subsp lactis Bacteria Firmicutes Bacilli
Brevibacillus brevis Bacteria Firmicutes Bacilli
Bacillus taeanensis Bacteria Firmicutes Bacilli
Bacillus subtilis Bacteria Firmicutes Bacilli
Bacillus sp YSP-3 Bacteria Firmicutes Bacilli
Bacillus megaterium Bacteria Firmicutes Bacilli
Bacillus licheniformis Bacteria Firmicutes Bacilli
Bacillus halodurans Bacteria Firmicutes Bacilli
Bacillus cereus Bacteria Firmicutes Bacilli
Bacillus anthracis Bacteria Firmicutes Bacilli
Thermoanaerobacterium thermosacch. Bacteria Firmicutes Clostridia
Pelotomaculum propionicicum Bacteria Firmicutes Clostridia
Oxobacter pfennigii Bacteria Firmicutes Clostridia
Hungatella hathewayi Bacteria Firmicutes Clostridia
Harryflintia acetispora Bacteria Firmicutes Clostridia
Fervidicola ferrireducens Bacteria Firmicutes Clostridia
Desulfosporosinus meridiei Bacteria Firmicutes Clostridia
Clostridium septicum Bacteria Firmicutes Clostridia
Clostridium populeti Bacteria Firmicutes Clostridia
Clostridium botulinum Bacteria Firmicutes Clostridia
Clostridium bornimense Bacteria Firmicutes Clostridia
Clostridium bolteae Bacteria Firmicutes Clostridia
Clostridium aceticum Bacteria Firmicutes Clostridia
Butyrivibrio proteoclasticus Bacteria Firmicutes Clostridia
Anaerotignum neopropionicum Bacteria Firmicutes Clostridia
Acetivibrio ethanolgignens Bacteria Firmicutes Clostridia
Dubosiella newyorkensis Bacteria Firmicutes Erysipelotrichia
Limnochorda pilosa Bacteria Firmicutes Limnochordia
Sporomusa sphaeroides Bacteria Firmicutes Negativicutes
Sporomusa malonica Bacteria Firmicutes Negativicutes
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Sporomusa acidovorans Bacteria Firmicutes Negativicutes
Megasphaera micronuciformis Bacteria Firmicutes Negativicutes
Tissierella creatinophila Bacteria Firmicutes Tissierellia
Leptotrichia buccalis Bacteria Fusobacteria Fusobacteriia
Gemmatimonas phototrophica Bacteria Gemmatimonadetes Gemmatimonadetes
Melioribacter roseus Bacteria Ignavibacteriae Ignavibacteria
Kiritimatiella glycovorans Bacteria Kiritimatiellacota Kiritimatiellae
Nitrospira lenta Bacteria Nitrospirae Nitrospira
Nitrospira defluvii Bacteria Nitrospirae Nitrospira
Kuenenia stuttgartiensis Bacteria Planctomycetes Cand.
Phycisphaera sp Bacteria Planctomycetes Phycisphaerae
Rhodopirellula sp Bacteria Planctomycetes Planctomycetia
Gemmata sp Bacteria Planctomycetes Planctomycetia
Acidithiobacillus sp Bacteria Proteobacteria Acidithiobacillia
Thalassobius mediterraneus Bacteria Proteobacteria Alphaproteobacteria
Sedimentitalea sp Bacteria Proteobacteria Alphaproteobacteria
Roseovarius albus Bacteria Proteobacteria Alphaproteobacteria
Roseomonas sp Bacteria Proteobacteria Alphaproteobacteria
Roseobacter denitrificans Bacteria Proteobacteria Alphaproteobacteria
Roseisalinus antarcticus Bacteria Proteobacteria Alphaproteobacteria
Rhodoplanes piscinae Bacteria Proteobacteria Alphaproteobacteria
Pseudooceanicola marinus Bacteria Proteobacteria Alphaproteobacteria
Planktotalea frisia Bacteria Proteobacteria Alphaproteobacteria
Phaeobacter sp Bacteria Proteobacteria Alphaproteobacteria
Phaeobacter gallaeciensis Bacteria Proteobacteria Alphaproteobacteria
Neorhizobium sp Bacteria Proteobacteria Alphaproteobacteria
Maliponia aquimaris Bacteria Proteobacteria Alphaproteobacteria
Labrenzia sp Bacteria Proteobacteria Alphaproteobacteria
Labrenzia alexandrii Bacteria Proteobacteria Alphaproteobacteria
Labrenzia alba Bacteria Proteobacteria Alphaproteobacteria
Bradyrhizobium diazoefficiens Bacteria Proteobacteria Alphaproteobacteria
Azospirillum lipoferum Bacteria Proteobacteria Alphaproteobacteria
Ascidiaceihabitans donghaensis Bacteria Proteobacteria Alphaproteobacteria
Agrobacterium fabrum Bacteria Proteobacteria Alphaproteobacteria
Thiomonas delicata Bacteria Proteobacteria Betaproteobacteria
Ralstonia solanacearum Bacteria Proteobacteria Betaproteobacteria
Pusillimonas sp Bacteria Proteobacteria Betaproteobacteria
Paucimonas lemoignei Bacteria Proteobacteria Betaproteobacteria
Paraburkholderia ribeironis Bacteria Proteobacteria Betaproteobacteria
Pandoraea sputorum Bacteria Proteobacteria Betaproteobacteria
Massilia glaciei Bacteria Proteobacteria Betaproteobacteria
Limnohabitans sp Bacteria Proteobacteria Betaproteobacteria
Janthinobacterium sp KBS0711 Bacteria Proteobacteria Betaproteobacteria
Janthinobacterium sp HHO1 Bacteria Proteobacteria Betaproteobacteria
Duganella phyllosphaerae Bacteria Proteobacteria Betaproteobacteria
Cupriavidus necator Bacteria Proteobacteria Betaproteobacteria
Comamonas terrigena Bacteria Proteobacteria Betaproteobacteria
Chromobacterium violaceum Bacteria Proteobacteria Betaproteobacteria
Burkholderia sp Bacteria Proteobacteria Betaproteobacteria
Burkholderia multivorans Bacteria Proteobacteria Betaproteobacteria
Burkholderia dabaoshanensis Bacteria Proteobacteria Betaproteobacteria
Bordetella hinzii Bacteria Proteobacteria Betaproteobacteria
Acidovorax sp Bacteria Proteobacteria Betaproteobacteria
Achromobacter piechaudii Bacteria Proteobacteria Betaproteobacteria
Plesiocystis pacifica Bacteria Proteobacteria Deltaproteobacteria
Myxococcus stipitatus Bacteria Proteobacteria Deltaproteobacteria
Geobacter sulfurreducens Bacteria Proteobacteria Deltaproteobacteria
Dethiosulfatarculus sandiegensis Bacteria Proteobacteria Deltaproteobacteria
Desulfuromonas sp Bacteria Proteobacteria Deltaproteobacteria
Desulfovibrio sp Bacteria Proteobacteria Deltaproteobacteria
Desulfovibrio alaskensis Bacteria Proteobacteria Deltaproteobacteria
Desulfofustis glycolicus Bacteria Proteobacteria Deltaproteobacteria
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Desulfococcus multivorans Bacteria Proteobacteria Deltaproteobacteria
Pseudoarcobacter caeni Bacteria Proteobacteria Epsilonproteobacteria
Helicobacter pylori Bacteria Proteobacteria Epsilonproteobacteria
Arcobacter mytili Bacteria Proteobacteria Epsilonproteobacteria
Yersinia pestis Bacteria Proteobacteria Gammaproteobacteria
Xenorhabdus nematophila Bacteria Proteobacteria Gammaproteobacteria
Vibrio proteolyticus Bacteria Proteobacteria Gammaproteobacteria
Vibrio nigripulchritudo Bacteria Proteobacteria Gammaproteobacteria
Vibrio nereis Bacteria Proteobacteria Gammaproteobacteria
Vibrio cholerae serotype O1 Bacteria Proteobacteria Gammaproteobacteria
Trabulsiella guamensis Bacteria Proteobacteria Gammaproteobacteria
Tatumella ptyseos ATCC33301 Bacteria Proteobacteria Gammaproteobacteria
Tatumella morbirosei Bacteria Proteobacteria Gammaproteobacteria
Superficieibacter electus Bacteria Proteobacteria Gammaproteobacteria
Shigella flexneri Bacteria Proteobacteria Gammaproteobacteria
Shigella dysenteriae serotype 1 Bacteria Proteobacteria Gammaproteobacteria
Shewanella oneidensis Bacteria Proteobacteria Gammaproteobacteria
Salmonella typhimurium Bacteria Proteobacteria Gammaproteobacteria
Pseudoxanthomonas composti Bacteria Proteobacteria Gammaproteobacteria
Pseudomonas syringae pv tomato Bacteria Proteobacteria Gammaproteobacteria
Pseudomonas resinovorans Bacteria Proteobacteria Gammaproteobacteria
Pseudomonas putida Bacteria Proteobacteria Gammaproteobacteria
Pseudomonas fluores. F113 Bacteria Proteobacteria Gammaproteobacteria
Pseudomonas fluores. ATCCBAAA477 Bacteria Proteobacteria Gammaproteobacteria
Pseudomonas aeruginosa Bacteria Proteobacteria Gammaproteobacteria
Pseudescherichia vulneris Bacteria Proteobacteria Gammaproteobacteria
Pluralibacter gergoviae Bacteria Proteobacteria Gammaproteobacteria
Photobacterium aquimaris Bacteria Proteobacteria Gammaproteobacteria
Photobacterium aphoticum Bacteria Proteobacteria Gammaproteobacteria
Marinomonas spartinae Bacteria Proteobacteria Gammaproteobacteria
Kluyvera cryocrescens Bacteria Proteobacteria Gammaproteobacteria
Klebsiella pneumoniae HS11286 Bacteria Proteobacteria Gammaproteobacteria
Klebsiella pneumoniae ATCC700721 Bacteria Proteobacteria Gammaproteobacteria
Halomonas elongata Bacteria Proteobacteria Gammaproteobacteria
Haemophilus influenzae Bacteria Proteobacteria Gammaproteobacteria
Franconibacter pulveris Bacteria Proteobacteria Gammaproteobacteria
Escherichia coli O157:H7 Bacteria Proteobacteria Gammaproteobacteria
Escherichia coli K12 Bacteria Proteobacteria Gammaproteobacteria
Erwinia mallotivora Bacteria Proteobacteria Gammaproteobacteria
Erwinia gerundensis Bacteria Proteobacteria Gammaproteobacteria
Enterobacter cloacae S611 Bacteria Proteobacteria Gammaproteobacteria
Citrobacter koseri Bacteria Proteobacteria Gammaproteobacteria
Atlantibacter hermannii Bacteria Proteobacteria Gammaproteobacteria
Halobacteriovorax sp Bacteria Proteobacteria Oligoflexia
Bacteriovorax stolpii Bacteria Proteobacteria Oligoflexia
Mariprofundus sp Bacteria Proteobacteria Zetaproteobacteria
Rubricoccus marinus Bacteria Rhodothermaeota Rhodothermia
Treponema berlinense Bacteria Spirochaetes Spirochaetia
Spirochaeta lutea Bacteria Spirochaetes Spirochaetia
Cloacibacillus sp Bacteria Synergistetes Synergistia
Mycoplasma synoviae Bacteria Tenericutes Mollicutes
Mycoplasma orale Bacteria Tenericutes Mollicutes
Mycoplasma marinum Bacteria Tenericutes Mollicutes
Thermosulfurimonas dismutans Bacteria Thermodesulfobacteria Thermodesulfobacteria
Pseudothermotoga thermarum Bacteria Thermotogae Thermotogae
Mesotoga prima Bacteria Thermotogae Thermotogae
Opitutus terrae Bacteria Verrucomicrobia Opitutae
Opitutaceae bacterium Bacteria Verrucomicrobia Opitutae
Terrimicrobium sacchariphilum Bacteria Verrucomicrobia Spartobacteria
Rubritalea profundi Bacteria Verrucomicrobia Verrucomicrobiae
Cand. Bathyarchaeota archaeon Archaea Cand. Bathyarchaeota undef. Bathyarchaeota
Natronomonas sp Archaea Euryarchaeota Halobacteria
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Table C.1 - continued from previous page

Specles Superkingdom Phylum Class
Natronomonas pharaonis Archaea Euryarchaeota Halobacteria
Natronomonas moolapensis Archaea Euryarchaeota Halobacteria
Natronolimnobius sp Archaea Euryarchaeota Halobacteria
Natronolimnobius baerhuensis Archaea Euryarchaeota Halobacteria
Natronococcus occultus Archaea Euryarchaeota Halobacteria
Natronobacterium gregoryi Archaea Euryarchaeota Halobacteria
Natronoarchaeum philippinense Archaea Euryarchaeota Halobacteria
Natrinema pellirubrum Archaea Euryarchaeota Halobacteria
Natrialba magadii Archaea Euryarchaeota Halobacteria
Natrialba asiatica Archaea Euryarchaeota Halobacteria
Natrarchaeobius chitinivorans Archaea Euryarchaeota Halobacteria
Haloterrigena limicola Archaea Euryarchaeota Halobacteria
Haloterrigena dagingensis Archaea Euryarchaeota Halobacteria
Halostagnicola larsenii Archaea Euryarchaeota Halobacteria
Halosimplex carlsbadense Archaea Euryarchaeota Halobacteria
Halorubrum vacuolatum Archaea Euryarchaeota Halobacteria
Halorubrum halodurans Archaea Euryarchaeota Halobacteria
Halorientalis sp Archaea Euryarchaeota Halobacteria
Halorhabdus tiamatea Archaea Euryarchaeota Halobacteria
Haloquadratum walsbyi Archaea Euryarchaeota Halobacteria
Halopiger xanaduensis Archaea Euryarchaeota Halobacteria
Halopiger salifodinae Archaea Euryarchaeota Halobacteria
Halophilic archaeon Archaea Euryarchaeota Halobacteria
Halopenitus malekzadehii Archaea Euryarchaeota Halobacteria
Halopelagius inordinatus Archaea Euryarchaeota Halobacteria
Halomicrobium zhouii Archaea Euryarchaeota Halobacteria
Halomicrobium mukohataei Archaea Euryarchaeota Halobacteria
Halomarina oriensis Archaea Euryarchaeota Halobacteria
Halolamina sp Archaea Euryarchaeota Halobacteria
Halolamina pelagica Archaea Euryarchaeota Halobacteria
Halohasta litchfieldiae Archaea Euryarchaeota Halobacteria
Halogeometricum pallidum Archaea Euryarchaeota Halobacteria
Halogeometricum borinquense Archaea Euryarchaeota Halobacteria
Haloferax volcanii Archaea Euryarchaeota Halobacteria
Halodesulfurarchaeum formicicum Archaea Euryarchaeota Halobacteria
Halococcus saccharolyticus Archaea Euryarchaeota Halobacteria
Halobiforma lacisalsi Archaea Euryarchaeota Halobacteria
Halobellus limi Archaea Euryarchaeota Halobacteria
Halobellus clavatus Archaea Euryarchaeota Halobacteria
Halobaculum gomorrense Archaea Euryarchaeota Halobacteria
Halobacterium sp Archaea Euryarchaeota Halobacteria
Halobacterium salinarum Archaea Euryarchaeota Halobacteria
Halobacterium jilantaiense Archaea Euryarchaeota Halobacteria
Haloarcula marismortui Archaea Euryarchaeota Halobacteria
Haloarchaeobius iranensis Archaea Euryarchaeota Halobacteria
Halarchaeum sp Archaea Euryarchaeota Halobacteria
Halarchaeum acidiphilum Archaea Euryarchaeota Halobacteria
Halapricum salinum Archaea Euryarchaeota Halobacteria
Halanaeroarchaeum sulfurireducens Archaea Euryarchaeota Halobacteria
Halalkalicoccus jeotgali Archaea Euryarchaeota Halobacteria
Methanothermobacter thermautotroph. Archaea Euryarchaeota Methanobacteria
Methanosphaera stadtmanae Archaea Euryarchaeota Methanobacteria
Methanobrevibacter woesel Archaea Euryarchaeota Methanobacteria
Methanobrevibacter sp NOE Archaea Euryarchaeota Methanobacteria
Methanobrevibacter sp AbM4 Archaea Euryarchaeota Methanobacteria
Methanobrevibacter filiformis Archaea Euryarchaeota Methanobacteria
Methanobacterium lacus Archaea Euryarchaeota Methanobacteria
Methanobacterium congolense Archaea Euryarchaeota Methanobacteria
Methanothrix soehngenii Archaea Euryarchaeota Methanomicrobia
Methanospirillum hungatei Archaea Euryarchaeota Methanomicrobia
Methanosphaerula palustris Archaea Euryarchaeota Methanomicrobia
Methanosaeta harundinacea Archaea Euryarchaeota Methanomicrobia
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Table C.1 - continued from previous page

Specles Superkingdom Phylum Class
Methanoregula formicica Archaea Euryarchaeota Methanomicrobia
Methanoregula boonei Archaea Euryarchaeota Methanomicrobia
Methanomethylovorans hollandica Archaea Euryarchaeota Methanomicrobia
Methanolobus tindarius Archaea Euryarchaeota Methanomicrobia
Methanolacinia petrolearia Archaea Euryarchaeota Methanomicrobia
Methanohalophilus mahii Archaea Euryarchaeota Methanomicrobia
Methanohalobium evestigatum Archaea Euryarchaeota Methanomicrobia
Methanofollis sp Archaea Euryarchaeota Methanomicrobia
Methanoculleus taiwanensis Archaea Euryarchaeota Methanomicrobia
Methanoculleus bourgensis Archaea Euryarchaeota Methanomicrobia
Methanocorpusculum labreanum Archaea Euryarchaeota Methanomicrobia
Methanocella paludicola Archaea Euryarchaeota Methanomicrobia
Methanocella arvoryzae Archaea Euryarchaeota Methanomicrobia
Cand. Syntrophoarchaeum caldarius Archaea Euryarchaeota Methanomicrobia
Cand. Syntrophoarchaeum butanivorans Archaea Euryarchaeota Methanomicrobia
Cand. Methanoperedens nitroreducens Archaea Euryarchaeota Methanomicrobia
Methanonatronarchaeum thermophilum Archaea Euryarchaeota Methanonatronarchaeia
Cand. Methanoh. thermophilum Archaea Euryarchaeota Methanonatronarchaeia
Thermoplasmatales archaeon Gpl Archaea Euryarchaeota Thermoplasmata
Thermoplasmatales archaecon BRNA1 Archaea Euryarchaeota Thermoplasmata
Picrophilus torridus Archaea Euryarchaeota Thermoplasmata
Methanomethylophilus alvus Archaea Euryarchaeota Thermoplasmata
Methanomassiliicoccus intestinalis Archaea Euryarchaeota Thermoplasmata
Methanogenic archaeon Archaea Euryarchaeota Thermoplasmata
Cand. Methanoplasma termitum Archaea Euryarchaeota Thermoplasmata
Acidiplasma cupricumulans Archaea Euryarchaeota Thermoplasmata
Nitrososphaera viennensis Archaea Thaumarchaeota Nitrososphaeria
Cand. Nitrosocosmicus franklandus Archaea Thaumarchaeota Nitrososphaeria
Cand. Nitrosopumilus salaria Archaea Thaumarchaeota undef. Thaumarchaeota
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Figure C-1: Phylogenetic dendrogram based on proteostasis machinery: The tree was derived
from the comparison of proteostasis functional networks (PN). These networks were constructed
performing pathway analysis on proteostasis related gene sets, using the GO-BP annotation.
Semantic analysis operators were applied to compare the PN networks based on their topology
on the ontological graph.
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Figure C-2: Evaluation of rRNA, HSP40, HSP70 and PN to discriminate species of the same
lower-level taxonomic class in Archaea, Bacteria and Eukaryotes. Different amounts of clusters
were generated and for each clustering outcome the Homogeneity Score [219] was calculated,
given the reference taxonomic classification of species. Vertical lines indicate the number of
taxonomic groups (Phylum-level for Bacteria and Eukaryotes and Class-level for Archaea).
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Case Study 3: Semantic
Interpretation of the SARS-CoV-2
Interactome

Table D.1: Enriched GO-BP Terms of the SARS-CoV-2 Interactome

Rank Biological Process Enrichment | Adjusted pvalue
1 Peptide transport 73/1525 0.0007
2 Intracellular protein transport 54/976 0.0007
3 Cellular localization 99/2387 0.0019
4 Amide transport 73/1558 0.002
B} Protein transport 71/1500 0.0028
6 Intracellular transport 70/1477 0.0032
7 Establishment of protein localization to organelle 31/420 0.0043
8 Protein localization 89/2120 0.0044
9 Establishment of protein localization 72/1583 0.0055
10 Macromolecule localization 98/2442 0.0069
1 Cellular macromolecule localization 71/1570 0.0071
12 Cellular protein localization 69/1562 0.0077
13 Protein localization to organelle 42/714 0.0082
14 Protein targeting 25/351 0.0089
15 Establishment of localization in cell 75/1781 0.009
16 Cell cycle phase transition 22/268 0.0092
17 fﬁiﬁf,ﬁﬁgh of protein localization to 172 0.0095
18 Protein targeting to mitochondrion 11/58 0.0096
19 Nitrogen compound transport 75/1820 0.0104

Continued on next page
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Table D.1 — continued from previous page

Rank Biological Process Enrichment | Adjusted pvalue
20 | Protein localization to mitochondrion 11/79 0.0123
21 tRNA transport 8/36 0.0127
22 | ncRNA export from nucleus 8/39 0.0127
23 | ERAD pathway 11/84 0.0132
24 | Organic substance transport 81/2183 0.0146
25 Regulation of catabolic process 44/979 0.015
26 | Protein folding 17/215 0.0151
27 Mitotic cell cycle phase transition 19/260 0.0152
28 Cell cycle G2/M phase transition 13/135 0.0153
29 Protein heterotrimerization 5/13 0.0156
30 | Regulation of cellular response to heat 10/79 0.0159
31 U4 snRNA 3’-end processing 4/8 0.0163
32 Viral process 33/690 0.0194
33 | Protein-containing complex assembly 59/1577 0.0201
34 | Organelle localization 30/564 0.0205
35 | Intracellular transport of virus 8/54 0.0208
36 | Mitotic cell cycle 32/684 0.021
37 | Transport of virus 8/57 0.0215
38 | Viral life cycle 15/198 0.0216
39 Symbiont process 35/765 0.0217
40 | Protein sumoylation 8/63 0.0226
41 Endomembrane system organization 23/407 0.0227
42 Cellular component biogenesis 89/2730 0.0228
43 g{tiii{ég‘;?issr;b:e; mRNA catabolic process, 4/10 0.0232
44 | Chaperone-mediated protein transport 4/11 0.0235
45 mRNA transport 12/147 0.0242
46 | Microtubule nucleation 5/20 0.0251
47 | Mitotic cell cycle process 28/587 0.0274
48 | G2/M transition of mitotic cell cycle 11/133 0.0284
49 | Interspecies interaction between organisms 35/808 0.029
50 Protein-containing complex subunit organization 65/1858 0.0298
31 Membrane docking 13/178 0.0298
52 Centriole-centriole cohesion 4/12 0.0302
53 | Rab protein signal transduction 8/71 0.0302
54 | Golgi organization 11/132 0.0303
55 E»L(L)il:jsr polyadenylation-dependent tRNA catabolic 35 0.0307

Continued on next page
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Table D.1 — continued from previous page

Rank Biological Process Enrichment | Adjusted pvalue
56 E:;agetli(emmaintenance via semi-conservative 5/26 0.0318
37 Low-density lipoprotein particle clearance 5/24 0.0319
58 Response to endoplasmic reticulum stress 15/243 0.0343
59 | Ciliary basal body-plasma membrane docking 9/95 0.0344
60 | Regulation of bone development 5/25 0.0347
61 snRNA metabolic process 6/40 0.0348
62 Organelle localization by membrane tethering 12/169 0.0364
63 | RNA localization 14/210 0.0371
64 gsguiiteifgr; of generation of precursor metabolites 11146 0.0372
65 | Mitochondrion organization 22/442 0.0377
66 | Regulation of glycolytic process 8/76 0.0379
67 Ribonucleoprotein complex export from nucleus 10/126 0.0384
68 | RNA surveillance 4/16 0.0385
69 Protein export from nucleus 11/149 0.0397
70 Glycoprotein metabolic process 19/367 0.0408
71 Regulation of intracellular protein transport 14/230 0.0411
72 Regulation of carbohydrate catabolic process 8/84 0.0418
73 Regulation of G2/M transition of mitotic cell cycle 13/200 0.0425
74 Organelle organization 102/3363 0.0436
75 Cellular component organization or biogenesis 161/5779 0.0436
76 Ribonucleoprotein complex localization 10/127 0.0436
i RNA export from nucleus 10/129 0.0437
78 | Microtubule polymerization 5/31 0.0443
79 Nuclear export 11/158 0.0446
80 | Microtubule organizing center organization 8/91 0.0458
81 Regulation of mRNA stability 12/178 0.0459
82 | Regulation of RNA stability 12/184 0.0468
83 rRNA 3%-end processing 3/9 0.0472
84 | Regulation of intracellular transport 18/344 0.0477
85 Ubiquitin-dependent ERAD pathway 7/66 0.0484
86 Establishment of RNA localization 12/189 0.049

Table D.2: Enriched Reactome Terms of the SARS-CoV-2 Interactome

Rank Biological Process Enrichment | Adjusted pvalue
1 Mitochondrial protein import 12/65 0.0015
2 Nuclear Pore Complex (NPC) Disassembly 9/36 0.0044
Continued on next page
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Table D.2 — continued from previous page

Rank Biological Process Enrichment | Adjusted pvalue
3 Export of Viral Ribonucleoproteins from Nucleus 8/33 0.0077
4 Viral Messenger RNA Synthesis 9/44 0.01
5 Transport of the SLBP Dependant Mature mRNA 8/36 0.0105
6 Protein localization 17/164 0.0107
7 SUMOpylation of ubiquitinylation proteins 8/39 0.0149
8 M Phase 28/394 0.017
9 Nuclear Envelope Breakdown 9/53 0.019
10 NS1 Mediated Effects on Host Pathways 8/41 0.0212
1 Transport of Matu}‘e mRNA Derived from an 8/42 0.0217

Intronless Transcript
12 Cell Cycle, Mitotic 34/538 0.0227
13 SUMOpylation of DNA replication proteins 8/46 0.0274
14 Host Interactions of HIV factors 14/131 0.029
15 SUMOylation of RNA binding proteins 8/47 0.0308
16 Recruitment of NuMA to mitotic centrosomes 11/94 0.0329
17 SUMOpylation of chromatin organization proteins 9/71 0.0371
18 Cell Cycle 36/644 0.0374
19 Regulation of PLKI1 Activity at G2/M Transition 10/87 0.0382
20 | Mitotic Prophase 13/143 0.0431
21 tRNA processing in the nucleus 8/59 0.0442
22 ISG15 antiviral mechanism 9/74 0.0456
e
2 Anchoring of the basal body to the plasma 10/97 0.0496

membrane

Table D.3: Enriched MGIMP Terms of the SARS-CoV-2 Interactome

Rank Biological Process Enrichment | Adjusted pvalue
1 Preweaning lethality 125/4062 0.0011
2 Abnormal survival 131/4494 0.0019
3 Mortality/aging 133/4820 0.0033
4 Preweaning lethality, complete penetrance 47/1316 0.0035
5 Abnormal ascending aorta morphology 4/18 0.0044
6 Abnormal aorta morphology 12/197 0.006
7 gzcizuizlﬁon of giant lysosomes in kidney/renal 3/8 0.0061
8 Abnormal aorta elastic tissue morphology 4/20 0.0063
9 Abnormal blood vessel elastic tissue morphology 4/22 0.0063
10 Loss of cortex neurons 3/11 0.0092

Continued on next page

132




Appendix D. Case Study 3: Semantic Interpretation of the SARS-CoV-2 Interactome

Table D.3 - continued from previous page

Rank Biological Process Enrichment | Adjusted pvalue
1 Perinatal lethality 33/985 0.0103
12 | Abnormal thoracic aorta morphology 8/117 0.0118
13 Abnormal aorta wall morphology S5/45 0.012
14 Increased total body fat amount 11/202 0.012
15 Abnormal aorta elastic fiber morphology 3/13 0.0128
16 Abnormal heart right ventricle morphology 9/148 0.0137
17 Abnormal active avoidance behavior 3/15 0.0151
18 Abnormal aorta tunica media morphology 4/35 0.016
19 Abnormal blastocoele morphology 4/32 0.0166
20 | Abnormal embryo development 31/977 0.0172
21 Embryonic lethality prior to tooth bud stage 28/842 0.0174
22 Prenatal lethality 58/2126 0.0174
23 | Abnormal basal metabolism 4/37 0.0205
24 | Abnormal systemic artery morphology 12/261 0.0213
25 Embryonic lethality prior to organogenesis 24/748 0.0216
26 | Abnormal pulmonary circulation 5/61 0.0223
27 | Abnormal digit development 3/21 0.0223
28 | Abnormal vacuole morphology 4/45 0.0237
29 | Abnormal lysosome morphology 4/44 0.0251
30 | Lethality during fetal growth through weaning 47/1765 0.0251
31 Embryonic lethality 45/1643 0.0252
32 Abnormal artery morphology 15/398 0.0255
33 Absent pinna reflex 5/70 0.0278
34 | Decreased vertical activity 8/160 0.0302
35 Internal hemorrhage 11/272 0.0319
36 | Abnormal thrombosis S/15 0.0323
37 Embryo phenotype 45/1689 0.0331
38 | Abnormal RR interval 4/49 0.0338
39 | Abnormal vertical activity 10/241 0.034
40 | Absent blastocoele 3/29 0.0345
41 Abnormal developmental patterning 15/429 0.0364
42 Perinatal lethality, incomplete penetrance 10/237 0.0366
43 | Abnormal blood coagulation 9/209 0.0376
44 | Abnormal hemostasis 9/211 0.0385
45 Abnormal pinna reflex 5/80 0.0389
46 | Preweaning lethality, incomplete penetrance 20/630 0.0403
47 | Abnormal brain size 10/249 0.0405
48 | Abnormal adipose tissue amount 24/806 0.0416
49 | Abnormal embryo implantation 4/55 0.0417
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Table D.3 - continued from previous page

Rank Biological Process Enrichment | Adjusted pvalue
50 | Edema 15/439 0.0423
51 {fgﬂ;};t?ﬁiﬁ?&fe?wl growth and development, 8/183 0.0429
52 Hemorrhage 16/491 0.0433
53 | Neurodegeneration 13/372 0.045
54 | Abnormal circulating amylase level 4/61 0.0451
35 Coloboma 3/33 0.0465
56 | Nervous system inclusion bodies 3/34 0.047
S7 Abnormal embryonic neuroepithelium morphology 5/91 0.0474
58 | Abnormal red blood cell distribution width 6/124 0.0498
59 | Abnormal heart ventricle morphology 18/589 0.0499
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