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Abstract

Mi croarray gene expression datagemesodneénaacsmal
number of sampl es of Hdgheensees ¢ & el yedaesfaddwt i ng i n
signigfeincecanstel ecthheomwe hpl ¢ passgiemgae tgveane sel ecti on
by comdxtnri emge gr a(d GB o)amahowlkstbij gt i ve gemteit miczat i
al gorXiG@BhomMsSFIGA f or cancer classification in micr
t he genesusaer eanr aenakseedinb f e a tuusrien gs eXIGeBeotoisatn. Thi s s
effectivel yante mpe/ e salrdgredooenpp r i Bé ngno st rel evant
related to the c¢cKX&8sMOIGHK etalrbcchseesaaondpsi smgé, gene
based on t he 0Ggorsouuspiaeig éotbajnetc tgiemeegemteit miczalt gon i t
Weperformed comprehenmpa@RedMPE Avi mdmtesoftsd at e

t haer t f eat umea hsdigavga ei-kohno wn | celaa snsoinfgi 1e3r spubl i cl vy
available microatTrhasypeexipmerrstsa lo nX @RaaidddSGAt show t he
yields signif itchaamtelvyi olmdsthesettateebgaoltt shms i n tern
eval wateiromua ko uaFssccyo,r e, prrecalsli.on, and

Key woXQGlBso biFseta ts el eldvi icomar r ay d:Bua lkotbej xepGeta gvsei ¢ n
Al gorliCl mmsi fi cati on

1l ntroducti on

Sinca nthe dudctgeme chiap stiegecnhinfoilcoagnyo r amouay o0oéne
expression i nf orcrmantcieaad u adbaltea , b iwdhli cchih@aarle ibrefear m
genefdt.&ltd anal ysis of these data and the mini
provide a nedwn acgagnodaintdi ot ro ref@dt ré x ¢33 i sHeoawseevse r genet
dat aset s nyearl esremall Ily number of ss ainph alssnddd bt db me
andonsielemaddbdf.e Publicl ycraoawairlagbldeatmiset s f or g !
genecahtmpire 2t &0 ,Wkearmesaseo Ntmaire t han 23, 090 gen

1QMostt horefse agenasetroe | diitDeataescet.] y hesai hiamagfe number
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genetic featiugiene nsnuatmhlegdrmede watr s&v @if d di mensi on
[11]. Cons e g we ratglnyo si s and treat memtl | baseede xam e ge |
chall.éengi sgcthaldfefnegd tnadveew yg eindeesn tainfioyng t housands
are assoadiasté¢tafls ewi t h
Featugenel)eics i @ainsoaknhioiwhutassletlealfcatat iuom with str
correlation from the domegich alhh eélaldZ sFecsad]tuor er e d u c
set eion crmac¢ilciame | eaminningg amrdé pdradtabesdagi gn of
sel etouppes amfdeaatdur e s e leexdftsitljoimeamerehe dd a d d
hybrid(ensef@het &nl8lmet hods

Filtmetam@ed® preprocessing process to filter o
subsequent Illetarind nlga spa d cesasmp ediamtart ignss isc opf r a pheer
used to tr a3tnattihset icd als siirffioerrmd teivboent, weseunc hf eaast u rhee
and cl assdsebecltowaernd adiifofner ent featureanddi st anc

correlatiQgnamcomns assa eilscgsbeevhke merits and deme

(7))
c

bgelt8s,. EA®h fsé atpwree drsc cal cullhaeaed sepal assl vy

o

i ffereaewébheiaoch featuraeepatcheagmpokitmepctealmlifeth
i s ohSabhsaegudrmtel t op N featunasetaerde ssuddlseedt eod tse

features. Curtryepnitd aye d yt fhiel trea s tanhsitqluadi s t,i s¢li c d e

nf or maRied,mpdaicorrel at[2028]. measur ement

Wr appersenveatlhuoadt e t he feature subset wusing an
basetdhenprediacfti viee pioweuf flbon. IWhlegwn@Biptchhinng t he
optimal feature smhoet f stelgdn eitgnat oerdan h g @plthtedt & is e t

a subtkr®&8tseslee¢ected feature subset is directly u:
set dandngiMhengprediction accuracy of ®@he model
basis for @dwawdnaradiiessa divieeht a hes f ehdcomes asub s et .
cl assimdceastiinogh a wr,applee Mmeathwde subset with t
per formance i s Isiedeert eadl & ss iofbit caaArsi asnu cphe,r fworr anpapnec
met hofdfexrc el | ent ¢ | as ssiTfoi csaotmee nmalxg ebrhfd gsramaen he d
similar t o wrhap penimendetiehdo dospt i mi zes an objecti ve

feature selteheetl iac | dueiidng hg t his process, di f
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combinationsCempabed fwir meldo & e nvbheedpdpeedd ormest th o d
not rtelgeeipremd gerdegahieon raf ni ng dataset into subt
t heraevtoy allionogpt tasegpeat ed training of theeadaelrning
featur.@hsub&eame quiitckly select the optimal feat
Hybrid methods are gejneeimmiilryg fofr meidl thears erde tomo
met hod and embedded method, as well as the i mp
t hree met hodmrdt,egwhaitceh t he advant aFgoer oifnisathbaonvwee ,t h
[ 2,33hosth al . pstoppes emdochel2 for feature selection
appr oadevelods anressemble of filter methods by considering the union and intersection

of the topn features of three filter methods, and then uses genetic algorithm (GA) on the union

and intersection to get the fitened resultsE x per i me ng ladtvh a e s o lhtes mo d e | h
superiority co#thhaer edmei pdbstiah gbaarwai Habheset s.
Shukt aal. proposed a novel hybriwW afppaetrurfre ag ailr e
Sel ecti otno ( FaMFeégetl actaendc egre-chieme i s ioonn &li gii.T]r oar r ay

This method first uses ConditiongRdMuserhkectnfoc

thertboged genes, and then uses the Binary Gene
subsetnhddf.2,H5jet al. mpylbpiodedeat ure selection alg
the mutual information maximization (MIM) and

reduce the di mensi onaalaintdy ionfip rgoevnee cel xapsrseisfsiicoant idc

Mo 9tr e vri oluesvtaundtr e mocbgyed on filter and wrapper

feat ur emetehneetndtii comm eMh nyp by emle !l ecti on met hods bas

—

i fwtr @mphpaevre been opr onpasdead si e c aotfi oo deed csur ehooywe v
resenegaredibregdded isdr atBego@sXer &madi ent Boostin
(XGBo)&6lti s an ensembl e | earni ng Galagddreintth nB oiomp ri o
Deci si o@BDJTj24,6 toes not freeacteusrsei teangehnekr isg hi gh
advantHgeewmesit udi es XGB8gamwdiusgegs on adjusting i/
for Imotdrediirmirreqggar di hgt t KéBdaxtt can al so perfor
Ther etfwoagleect t he mostamiedreovaarnrta yg edheetseosfettio m i mpr
performance,ompadimeg, thed i ncr gaese wiehtahr ediinver si t

proposegankbybeilecti on a papnraiona ¢obbijuesd inga ede@B o o s t
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XGBoOMOGA Tepdpsr bac btgemampkosr t ancxXGBhmessed iom nat es

| oowanlgiemgsand obt agienssel bt Sheeb siengtdnadbyes @ bd et

i BnputhMO®At o obtaingeabmmebBastethahbonagetseed ecti on
steps, tgleeas ecbpsteinmale fgelme dtheed o rAi giom@planrdd saams et .
anal yxiperomeswué&l stfhiecedado XcBad®OGA n terms of th
number of gesnalsedcxteecduttiintee nef i ttingcl pasitfcoaabr o5

performance

The remainder of this paper is organized as folldwa. S e cwei ornev2i,ew t he r e se
work related to XGBodsett B egdgtechwe cprail goir p it é@ me
XGBoo0osWMOGAa dtdh e n X GBsoeth€diGA n  dlebeacitd, wat o mpar e
t XeGBo-MOGApproach with two féehburarseektbdet mosta
toanmnd etmiteaert feature selection algorithms on

expressi.®bnc tdhpd e stelneb s c | a s d o fwtr Kkr e
2Rel ated work

I n this secti on, a brief overview of BODMEe rece
mi croarrayesmaeaisaeltlsy in terms of XGBoost and g
Il h28]in moderatourate to I mprove pr iCheerny eltesi
al . first elsectiwonfmathhoegs st o select genes wit
data set, and then u$ @9X@GBowasdterf aro clcahs seivfei cha t
in the public colon cancer gene expression dat
which combines multiphiescmasthdflinteaatrs thn sme 8 hmd chs
Anal ysi s (WAl andomponent Anal ysi s (PCA) to
di mensi onal,and tolHaen lewsseksmibd e | edNreriremgt mdNeée Ilg hwiotr
(kNN), Random Forest (RF), Kernel Support Vect

Generalized Linehas®dbfileta( Gam)

I 9], Li et al . designed an algorithm for pr e
XGBoost , whi ch i ntegrates multiple Thiese mo d e |
XGBoost model is compar ed ewiGEN odtahtearssedx iasntdi nRyN
dat askkds aamdhi eved significant advanin@B@,es in pr



Dimitrakopoolposeet aakl assi ficati on sbhcahseende base
classification algorithm, to detect Thesmost d
met hod is verified on an aging gene oegxptroessi on
ot herk nweMnl cl assi fication methods in biological
To identify key Mi RNAs and clinical features
recurrence prediction, Suj amoll et al . propose
calllmear i t @oblj@ecBi ve Combinatoriall] 3.GéReoimc 58Bgor
Mi RNAse,y 6MikRNAs wer e selected using Sehveen BCGA -
classifiers are used to classify and predict t
XGBoost classifier has ptrieailcddtonp ercfcaurrmaryc eo,f @
To eemwrkka |l ung cancer recurrence pr[@2fi Atbidaan and
Al j abar etXGBlooostsardtehe t o enhance prediction
expression and <cancer transcript changes to ¢

recurrence after surgery.
3Hy brGech® | ecApipomach

I n $dcm ohnybri d gene nsaenmieGBoi-dOEAap sr ¢ aaltliieoduc e d .
XGBoMEOGAappr cambianeesbedded i mEGBo,dasntd a wr apper
met hio.de, MOGAhr Seltli Gnxdpeeddperti nci pl es of XGBoo

MOGA , respectidvd8l ywel pr8seni onh hMOGpAr nceéeduaiel of |
31 XGBo ¢esXtt r@rmedi ent) Boosting

XGBooswhich was introdacede hlnendFretbirragy yt B8t 4f oc
on gradient booBhe afgu MGG ®o £th & Mrselx paemic,h inn e

l earning at t het &mRi&cBrosoistty i osf eWassehnitnigal | y t he i
CARICI assi fication)dhe RARAyepses iodn dlerceiessi on tr ee
used for both classificrae, oXGBRmast eigs easi ems ¢ @
al gotihahmi s i mprovedtbaoed foneoatt urreeeq @Bridgel ineler i ng
i s highly . .Tahdev atnrtaadgietoiuosn al GBDT oshjhectriegseduahctr
of di fferent iromuntdes parfetdeirctiSitenueh t tarePatsc s |l as s e

i mproves the traditional GBDT obheesceadi ven funct
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original function to redaceecicbmaed P inkRidl,i t3y3]of
XGBoost can automatical |l yuacthh ati nf & &nteu i enp ocd d ra nlx
TherefordX,GBwestusé¢lbe smbectredeviamg frat unksi al
selection

| £q(. 1) ho i she Itohses sogfu araesf dmecittomonctwal val ue
anplredi ct wvendvV@aliue a regu.l alFq(29tiisont hteerdm f f i cul
coef fitch ee nttf eoeo ndltpritoilfte &t ge e e'Yiag i tome number of | e

andis &ghegularity coefficient.

0 o® 0 whod Q (1
N v, P
Q [ Y=_ 1 (2
=
Af toeirt er ati ons, the predicted value can be wri
() ) "Qw (3

Subsequédamtel ybjective function can be updated

0 O® 0 who Qo Q (4

XGBoas tfsf exrmm@BDT. |t can expanad etdhhee nlscescso nfdu n ¢
derivati e fofs mdhyatort he new objective function

convergence rate and higher faaomayyready vieh & ru ntch @

expressedE®®) .shown 1in
0 0Qe 0 oo QQ g"Q“Q @ Q (5
Ti)(b,ﬁb (6
Tw
0 who g
Los i (7
Tw

wheran@ar e t hesefciornsdt daefirdi tvhae ilvaess friers@teicdan vely

32 Mulohjective gené&h)i c algorithm (MO

ThGA 26% a natur al adapthate Dipmulmatzead i tome men dlold

as a bi ol ogical[l9evodémnmei @atgeespenmarbs aen solutions
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duplicati on, crossover, and mutati on and gr ad
functi o[n34v,allldee]sGA can use the search informat:i
simultam@&@owsley of probabil iprteavcamsteatriche tiechoioiina
points f allladnpgt isnoctloT it@4e s o bwhi sddarch f 1l exi bili
exce,l léamd c atnhgey mp dismod lurtaipojnd OByl t35Has been widely
in various complex opbjmctraveoopprmbkamsonMpl D
complex and difficult to solve optimization pr
variety otheds$putamongewhich usi ng-odqgreettiioveal ¢
optimization problems is a very effective meth
The wmwbljteicti ve optimization problem is to sol\
objective functi ons nudidteiro ncse r tvahiinc hc ocnasnt rtaé ne @ f
foll ows:

Led OO beniani ti al sel e adiesd tdhaet assaensp,|telw bseectk,a s s
set ,OaIBRAQ i s the feature set.

Il n poubljteicti ve optimization probl ems, there a
objectives, and the solution i s Hemtceuniwgeuene ebdu
to find out "a "GieB MY OM et tf rroems i ihmal solnuti on se
addition, the number of features in the select
I n thimkseMOGAIdy ,a tWnappe med th ocd a no Ibtetahues eadp ttioma |
featurd&dfsaebsebiainialh fhature sdtblMEOGAtboy XGBo 0 s

obttahen opti malFifisdhtowmisk as gdbfs MOBéd mr f eature sel e

1) ndividual <code

From a Ipiealspgeictlévegenotype isttrlaeti cthe omals oee
Thphenotype is the external expressidond duat sai
f or mabtaiser hgeenn o.tTyhe e etfhgee@ ot y pe tdhpdhemmit iy . I n t|

MOGAaltlhe operating ogbj acdlsdinde fee rgée,m gneut (ted b jee c t
encoded into corre3pendnpgtt)mibepaetsdeggound nzceedsw.o
val:ueki scr et dnomuoiionyts. Fialswe r et e vai besanye cod
and contuensuoause vcaold ed by dSiuvbisdeiqgnhge nci ohnptuitn uoobuj se ccte

encolasiled hiemput & olvjad uted nay p g, the correspondin
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sequence of itdlet dBipeardusoeb jtelte mi croarray dat ase
values, binaryi @lodtiheendi i dye@mleé e quegnd3cle, diGs|t ri b
l mur exptbei mamber of i ndi vi douaasle tcheemensu mbaes ®dn
genoebst ai ned gefstee reciitGdBo ad t .
2) Fitness wvalue calcul ati on
ThMOGA evaluat es Gadnpb gdensdii sva ddvubaglt a pes i ndi vi du
fitness value, thereby detemrdmvindwmal $ twi gk nlkeit gl
have apmgoladfielrs uiywihei mg@xt generation. The cal ct
i s fotheeOGAWhen uMOGAfpra feature sel etchhe ofni,t neses s
functi acamtceagionlie efdour -bgped: sdpat-abr krmatgico aver a
bas[3d,d Fibaked, andmodlad6,l fadeJaatsisoinf i cati on model
t hehe fseealteucrtei on metthveor dp pleel @mnd € gieraytn gCr apper
met hodgs edxatnel | ent c | as ssjtfhdelcaag s iofni patrif omr mMand el i
fitness Weusdletthieonnear est aqneii fgihdbwtoi ccm| maodat e ea
chr omds ofmet n,e sass Vv[fadl Juled 6v]s

QQOE QGO 6 h (8
wheBer e prschernamo s@inmelse chromosonmencdd®embesent s
accuracy
3) Selection operation
The purpose of selection is to seubethhatgood i
t hegmepr mhuc ebpaomathe next ge&oOGAretfiloerc.t sThehi s i
through a selection process. The principle o
adaptability have a high probabilimyl emertontri
Dar @i pri neci pi ealbf ¢ 8.4fdhue fsittutdegst our nament sel ec
was used to sel ecif9.i nTdhievi tdauwad sa meanntd ormé tyhod s e
randeml wcitnsdi vi duals from the population each
among them to enter the psogepgtahpee phuelma tpiobpru.l aTthii

size reaches the original popul ation si ze.



start

'

input the initial feature subset

& initialization algorithm

'

encode & initialization
population

'

calculatedd fitness uses the

KNN

'

selection

'

crossover & mutation

'

termination con

YES
v

dition

the best feature subset

'

end

Fi @ FI ecvih a rmu Fatbij e getniete c

-

+—

algorithm

4) Crossover
Crossover is the primary oper at i oenx cohfa nggeenser at
some chromosomes between two individuals with
adopted the uniform crossover method. The gene
exchanged with the same crosgsiodeal probability,
5) Mutation



First, a certain number of i ndividuals are r .
individuals selected, the value of a gene in t
certain probabilitybesuacmes h@dt As biemw otmees Hi ahadgi
provides an opportunity for the generation of
the MOGA is extremely | ow. We randomly selecte
6) Termination condition

Generally, t he MOGA comprises three terminat.
iteration MAXGEN (determined in advance), t he
MAXGEN times. (2) For the | ower boundheal cul at
required deviation, the algorithm terminates.
i mprove the solutionbés performance, the cal cul
in the experiment were reliaadn vwasy cloanrsgied e raanidl € .|
(1) was adopted to obtain the most adaptabl e

performance.
33 XGBo-MOGA

I n this precpdasvat,agvee gemep py eolbadt icombi nes XGBoos
mu lotbij e GA, i wmeaXnteBdo MOGA ocrancer c | arsscirfoiacataiyomd aitm s ¢
I n the first st awieaGBioolhe t g d hes aaln ésyamarnkse dgr eat e
zewermretai ned. Thi sl ysetnaogvee ciarnr ed fefivemdntdd rvgee@ipe o f a n ¢
genes ttheatmagte rel evant t oXGBe-MOIG&sesaesfcbthn t he s ¢
an opti malb agseende nmosrel btsheee | égvraonutspi agmauntatlsij e GAi v e

This stage can remove redundant gFRin2Zess haonmds f ur t
anl |l usanX @B o-MOGA ogrese | e At gonisthtomwsl over vi ew of t
overall f r lBpeneoworske doTéh p pfB o &#c t .he par ameters of X

MOGA, respectivel y.

Al gorli.t hAfr oposed structure

1. Obtain features with a featusiasrgmbmodXdcBaonseé ; meodo hedg

2. Randomly initialize the population of each chromag

3. do

10



4, do

5. Calcul ate the fitnedaswdheafot neashfahcomosome
6. Select individuals from the popwulation using th
7. Perfcoomsover betweirhgei udii fiodumlcs ossover; met hod
8. Perfatmtmon bet wedtrhgd ngdii mp lehe &t wtd agteincenr gt e of f sp
9. until the ter miandtsifdredcondition is

10. until the best performance

11. r entuhre opti mal gene subset
12. divide i nto t shaaisneilitfgo hadndantdegtsit is@n

13. return classification performance with different

T a b | paranieters of XG8ost

Parameters Value
n_estimators 100

max_depth 3

subsample 0.75
learning_rate 0.3

Table 2. parameters of MOGA

Parameters Value
population 100
chromosome initial features
fitness K-nearest neighbd¢=5
iteration 50
crossover probability 0.8
mutation probability 0.01
Next, we discuss the compMQGA.i oTnhael tciommep | ceoxmptly
of XGBI®GHAt depends on two stages. I'n the first
is used for the initial gene sO0O0a¢ Q) owherTehe ti
0 is the numbel isf tshempnluensb,eranodf genes. I'n t h
optimization is performed to search for the op

staghO0é3sin the wrappermreOé¢wal hhat inamd,driwdodt hiet er at

popul ati clae sizk¢ handenef subset obtained by the

11



the time compl-MQGA yvd O & & CH0 "0O0 {2t. For the microe
gene datase0] Dvaen™O0 ODdinneodur approach. Hence, t|
compl exity-MOGAX@GBDoap w O0ir mat el y
|__________________________________________'if __________________________ |
: start |: :
! i Embeddedmethod : ! !
h
: The original : : :
: dataset :I :
| ! |
| Y i |
|
i Data Preprocessing : : :
| h |
| v | |
| ! |
: XGBoost i: :
| ! |
! The initial Wrapper-method [l |
: gene set I !
| H Performance |
| * i Result i
| Il |
: Initial population,crossover, : : f :
| mutation fitness function 11 |
: * : : Evaluation criteria ~ €————— :
| 1 |
: Calculate the fitness of each : : f :
: ™  individual by MOGA ! !
| NO I Classifier |
l \ i :
! S Il 4 I
: Select the best individual | : :
|
| Il Training Set |
NO
| \ i |
! i * !
Terminat The best he b h ; |
| T condtons? "™ pertormance? YE> gane subwe P lomov - Tesingset |
|
S | N
Fi.gOvempalolo&kGBo-MOGApproach
4dExperi ment al results and anal yses
We coad@duperi ments to verify talpe rdeorefhodsantaansceet o f
required f orcltalses i€ X pceartciionmepnaa,li gomi ofimg eat ure sel
andesul ts iamsd anescmisdsarrst &keec Wre agsunletrsat ed on a F
equi ppadCwbB20D0bB CPGoémedol 3.
41 Dat aset s
Weper f oorumedexpedBmepuonbsaiothiybft ear ray 3oautalsienness Ta

the characteristics of the 18o0fmigemas,r aya dmlt ass,
cl asses. Amongntu mieeare nadt gaesce tfsr,om h22000 t o 20000,
of samples was |l ess than wa@0 t-b®mlsey wdaestradsaeshp h o m:

t hoet heerfise nar y.

12



As sofmetrhiegi nal |l y chthaianedddanti gr® € h i mwesti nas
value interpalhet senng ovwprl oee 3 e riprentefnd réikee d
neamestghboer porlapgli domiestsd ng val u®s mi Eachgsample
werienput ed wusing theeareantsvmd iughhelfotromi mi ng set.
mi ssi ngvevpal ouceess s e ¢t an d edradveamwedidt afi 3.&jdWedt thsee
mitfmax normali zation method to map the new dat a

Tab3 Mi croarray Datasets

Dataset No.genes No.samples No.dasses
DLBCL[ 3 9] 4026 47 2
Breas 4 0] 24481 97 2
CNS[ 4 0] 7128 60 2
Colon[ 4 1] 2000 62 2
Leukemial 4 0] 7129 72 2
LungCancef 4 0 ] 12533 181 2
Lymphoma[ 3 9 ] 7129 77 2
N A[ 42] 10100 50 2
Prostatd 4 3] 12600 102 2
HD[ 4 4] 22283 31 2
Myeloma[ 4 5 ] 12625 173 2
Ovarian[ 4 0 ] 15154 253 2
Lymphoma_3 4 6 ] 4026 66 3

42 Experi ment setting

For our experi mewsta,ndwe dcechdscsti édders bel ongi ng
i .®up,pouoercttmac h{ B¥ M) naguwvde (BMB)e,s t o evaluate the p
selected genes fnoert héohde¢e cgé e cacl ent pemf or mance
afte@d@ obdd-vad o g tli cprwegireapnise ment el RBpti mgn | anguag
particul ar, tihentaleegercicti s einbeapdblUsicngackage
i XGBoost-f, e sit@]rkestt e § 14ty |]and -gseknl¢eda®rgn our experi men
we I mplame8VK®dcwiashs iaf ilerne a®t hpeanr raene t feuirsT ti ino/ro.l v e
t hSeV M, awdr BlBs et to the default val ues.

After completing the model construction, the
When commar icag ab iflfietrieends afodel s, the use of dif
will yodlidgn erent evaluati on tryepsiuclstéesd.ycThd egii mml e

eval uat i ngc au marmywvleavdesu,ir @iciysed as an eval uati on
13



anyremi se, it of t e fpairlfso ringeenoe @ & Idh ddared i at | noondad |
eval uati esnc ccrre ,t eprricacfiadtlompr emen s i[v8, elvOa,l uda%,i o510
Tabdlshoawvsbi nary classifi{@atinomwhdamfusi on matri X
Trpesi ti wotheP)aoduaphkeldasssgpewdi ti ve exampl e
Falpesi tive (F&Pyd prheeldaamdteedgladn o ep @ xiatsipy e
respectively

Falne g at(iFWNg : tdored agtalddmepeods i ti ve and snegative
respectively

Tr megat i TNBot he aodualceclddsssneedgati ve exampl e

TabdlGonfusion Matri x

Predicted
Confusion Matr
Positiv Negativ
Positiywv TP FN
Actual
Negativ FP TN
v T s N v T ,"YG "Yl"’) (9
WWWOo I O
Yoo 00 Y6 00
5 DR !Q’i‘uQr e, ",YG‘ (1'
U l w Qi E g
d _Y‘U Ov
. YO

Y lewm (1.
00 beim (1
v Y
The calecqwlasttibooorur acy,r g ®lalsdiobe, ar (€9 )s,hoWwhoO)i ,n
(11), ,anrdes(plet)taddat yuonciyopo the ot hewetf mree eval
a single class.ediTher &8l me e we wegihmauslstoigesl aacshs i o li acsast
problems to calcul ate t he itahvreereaadetv@l$ tutahten on cr i

final result.
43Compawbl assi fication performance

I ni $ hsewefi oempahXeGBo-MOEA approach with its rel
MOGA and XGBwosvterify the eMGAStuuibsemgavneoefy XGB

ot herofishassit e f eat ur e arsded etcitend MmModle mbdmptar atse nt he
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advant ages-MOFA XGBoost

Tabiper estemad numbesegleabtyt dEOBEASs XGBoost,- and XGB
MOGAL n additthieomumbers of genes in the original
wadi s cotvleatedt he number oMOGhde was stekwdctddamnbyphath
the original datedas eftrrn e XGBo ot t heK &Bdiogsi n a l da
MOGA seltédet | easgenenslbesssoofQaalaltiohadé¢l ected by
XGBooant gener al

TabsiNumber of selectedO@AneXGhyo DR,|-BOBMALXGBoO St

Dataset ORI GI NAL MOGA XGBoost XGBoMOGA
DLBCL 4026 1943 32 12
Breast 24481 12231 137 28
CNS 7128 3481 97 56
Colon 2000 1010 76 62
Leukemia 7129 3552 13 7
LungCancer 12533 6222 23 5
Lymphoma 7129 3603 50 25
N_A 10100 4957 6 8 52
Prostate 12600 6251 6 4 54
HD 22283 10974 15 4
Myeloma 12625 6331 165 39
Ovarian 15154 7455 32 7
Lymphoma_3 4026 1958 33 5

To assess t he cpleasfsoirfmacnacteited mafadtigicdrea rtsh nosf SVM,
Baywsus a\d. perf enmedluhalsd-vodad o sla tti bevoluas s igf i er s
on 13 sel ed¢todd ahaewnmersacgsea tTthe opti malf osrat¢ mes obt
dat aset are highlighted in bol d.

TalsbBshow t hpeaV oraengélede o aft carbtewtwd a s diafsder@r s
foewval uati.Compparigdrwiat h the other thr-ee metho
MOGA appyioalodhed er results -snoteyrmpret, aiceny aaw |
most .Theses oport i MOSAso fo pbCRoawsatt2l 3, anfdorll/ 13

t he aboveaermearsssiie sigeeld thi WwalrXtGBouM&AG A ¢c hidteve best

pef or manG&¥ Md na stéhsef 6§ b d @& 6l Xe@B o MOGA c hi B @

seven datasetesvald aanead.Fom tXé@Boeomettanfoidve dat asets

achievedl| als0s0i% i cat, oasfpe&ired corf matnhcee X6&Beostdat ase
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MOGAThe performances of datasets of Ovarian anc
met hods based o nAst hseh oBafiMI, iecnK @ B s oX$GiB @ avidG A
achitgo0eetw classificanibothpadmadtdseapeet i vel y. A mo
t hed at atsherd es¢, aveeattise Shaemer.esul t s of t heisredif wautre ev a
t hdGBoMOGEAper f otrhneedbes wley i f Wengff e XtGBwoeorsdss of
MOG A

Next comp XGBoMOGAVI ttthroeteh e r-oftsHaaafteeat ur e sel ecti
met h o d §1], FCBEMRIF EL8], and MybRlSTUBFpat heeshtegeeres of
feature sel ecstdithenf anelt homdest dves et o c oMO&BAe wi t h
more fairly, ex®fRd&Ekt  dinti SBRBRF SFEB¥Mt t he same n
as XGBIOGAL

Furtheempeef ewmme duinalsd-eddad o dsat i on t ovalbtei n th
Tab8%sshdve acenduriiatcd as diafsicalrfsnmeniee smeéebodson

The prop¢GBdiMMOGE&odbpacmawat®/ 1 D1 3ames pfeart i vely
t tewnl as sniefnit é o Adnoenagt Wwdlleear s sXI FBioedM$BGA c hi telve d

bepér forumdmie/y M| as.§ir bimet he overall average ¢l a
the classification accuracy of the JI&M ebassif
89s hotvwh o rodt hceo mp anved hpealrsf or me d X6 0 iMOIG AT the n

resul ts SXGBedMOGAf loba@gte ne s eclaescu b sothant i ally i mp
classificat.iion performance

These comparitdhaen p rxtGoostbt@BAut pesafldr m-be st ate
t haer t met hods for 1b3a s alt aospempsruaeh Emas i evieed reev,al u at

conctl ha X GBLOMMOGAppriompbas edi gni fi cant effect.
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Tab6l ePerformances of SVM baseiMO®Mm, s¥xCGBaodstd, -M&Adk sX ®Bo cORtl GI NAL

Dataset measurement ORIGINAL MOGA XGBoost XGBoostMOGA
accuracy 100.00 95.50 98.00 100.00
F-score 100.00 95.33 98.00 100.00
DLBCL
precision 100.00 96.67 98.33 100.00
recall 100.00 95.83 98.33 100.00
accuracy 71.00 71.11 83.67 82.33
F-score 70.72 70.54 83.53 81.82
Breast
precision 71.92 73.10 84.58 83.56
recall 71.17 71.33 83.75 82.08
accuracy 68.33 65.00 90.00 91.67
F-score 59.38 57.00 88.70 90.09
CNS
precision 59.92 57.92 91.33 92.58
recall 62.50 60.00 90.00 90.00
accuracy 85.71 87.14 90.24 90.24
F-score 83.83 85.27 89.04 89.04
Colon
precision 87.58 88.92 90.92 90.92
recall 85.00 85.42 89.58 89.58
accuracy 85.71 98.57 97.14 98.57
F-score 83.83 98.44 97.02 98.44
Leukemia
precision 87.58 99.00 97.75 99.00
recall 85.00 98.33 97.08 98.33
accuracy 98.57 99.44 98.89 100.00
F-score 98.44 98.84 97.19 100.00
LungCancer
precision 99.00 99.69 99.41 100.00
recall 98.33 98.33 96.67 100.00
accuracy 95.89 95.89 100.00 100.00
F-score 94.30 94.30 100.00 100.00
Lymphoma
precision 96.67 96.67 100.00 100.00
recall 94.17 94.17 100.00 100.00
accuracy 70.00 70.00 100.00 100.00
F-score 59.52 59.52 100.00 100.00
N_A
- precision 57.75 57.75 100.00 100.00
recall 62.92 62.92 100.00 100.00
accuracy 92.09 90.18 96.00 98.00
F-score 92.02 90.09 95.96 97.98
Prostate
precision 92.92 91.49 96.67 98.33
recall 92.17 90.33 96.00 98.00
accuracy 96.67 96.67 100.00 100.00
F-score 96.67 96.67 100.00 100.00
HD
precision 97.50 97.50 100.00 100.00
recall 97.50 97.50 100.00 100.00
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Tabloen6i fued)

accuracy 82.09 80.39 88.46 88.53
F-score 63.59 61.06 81.49 79.23
Myeloma
precision 76.06 69.81 84.26 89.85
recall 62.77 60.39 80.84 76.46
accuracy 100.00 100.00 100.00 100.00
F-score 100.00 100.00 100.00 100.00
Ovarian
precision 100.00 100.00 100.00 100.00
recall 100.00 100.00 100.00 100.00
accuracy 100.00 100.00 100.00 100.00
F-score 100.00 100.00 100.00 100.00
Lymphoma_3
precision 100.00 100.00 100.00 100.00
recall 100.00 100.00 100.00 100.00
accuracy 3 3 8 12
F-score 3 3 8 12
Winners
precision 3 3 8 12
recall 3 3 8 12
Tab7l ePerformances of NB basedMOBA, s¥GBcoed, -U@Ge sXBBo ORI GI NAL,
Dataset measurement ORIGINAL MOGA XGBoost XGBoostMOGA
accuracy 96.00 92.00 100.00 100.00
F-score 95.62 91.83 100.00 100.00
DLBCL
precision 97.08 92.50 100.00 100.00
recall 95.83 92.50 100.00 100.00
accuracy 48.67 46.67 54.67 56.67
F-score 41.50 40.63 41.04 42.44
Breast
precision 44.46 42.93 42.01 40.31
recall 47.58 45.58 52.25 54.42
accuracy 70.00 65.00 83.33 83.33
F-score 65.69 60.13 76.88 76.06
CNS
precision 69.50 61.17 76.92 77.17
recall 65.00 60.42 78.75 77.50
accuracy 58.10 59.29 77.14 77.14
F-score 56.29 58.15 75.46 75.87
Colon
precision 59.42 60.17 80.67 81.92
recall 62.92 62.08 78.75 80.00
accuracy 98.57 97.14 97.14 98.57
F-score 98.44 97.02 97.02 98.44
Leukemia
precision 99.00 97.75 97.75 99.00
recall 98.33 97.08 97.08 98.33
accuracy 98.33 99.44 100.00 98.89
F-score 96.30 99.11 100.00 98.23
LungCancer
precision 98.16 98.75 100.00 97.50
recall 96.33 99.67 100.00 99.33
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Table 7 (continued)

accuracy 80.71 79.29 96.07 97.32
F-score 70.59 68.22 94.97 96.42
Lymphoma
precision 73.06 68.94 95.83 97.50
recall 72.50 71.67 95.83 96.67
accuracy 70.00 70.00 94.00 96.00
F-score 54.81 57.44 89.68 95.62
N_A
- precision 52.67 54.83 90.25 97.08
recall 60.42 61.67 91.25 95.83
accuracy 62.73 62.73 93.09 93.09
F-score 58.15 58.15 93.03 93.03
Prostate
precision 64.52 64.52 93.75 93.75
recall 62.50 62.50 93.17 93.17
accuracy 84.17 84.17 100.00 100.00
F-score 84.00 84.00 100.00 100.00
HD
precision 88.33 88.33 100.00 100.00
recall 87.50 87.50 100.00 100.00
accuracy 79.22 76.34 80.42 81.54
F-score 60.44 58.90 69.11 74.24
Myeloma
precision 65.30 61.86 69.67 73.95
recall 61.46 59.62 72.24 77.84
accuracy 91.31 90.91 99.22 99.22
F-score 90.58 90.11 99.14 99.12
Ovarian
precision 90.42 90.02 99.21 99.43
recall 91.07 90.51 99.15 98.89
accuracy 95.48 95.48 100.00 100.00
F-score 89.02 89.02 100.00 100.00
Lymphoma_3
precision 88.22 88.22 100.00 100.00
recall 90.00 90.00 100.00 100.00
accuracy 1 0 8 11
F-score 0 7 10
Winners
precision 2 0 6 10
recall 1 0 7 11

Tab8lAeccuracy of SVM basxGBooMOeAe CEEt eeREB¥MasdbMul ti SURF
Dataset XGBoostMOGA  CFS F CS VRIFE Mul ti SUR
DLBCL 100. OG@. qC 6750(+2658 100. 6@. qC96. 0-B. (0.
Breast 82. 3-34( 4, 52.56(+/-4.77) 59. 0-A3(H 66. 6-22( 4.
CNS 91. 6-L1( 4. 68.33(+/8.98) 58. 331(4 83. 3-32( 9.
Colon 90. 2-4 0( 9. 64.76 (+/3.81) 83.8M12(9 85. 241( 6.
Leukemia 98. 54.(29 7625(+19.27) 79 .(1+#8. 52 94. 29.09H.
LungCancer 100. O6®@. @ C 89.53 (+3.76) 87.8%.24 97.7-8.69.
Lymphoma 100. 06®@. C 75.36 (+£3.73) 83.08.@4. 97. 3-5.3#.
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Table 8 (continued)

N_A 100. 6@. qC 66.00(+9.17) 64.0-A2(© 82. 0-00( 7.
Prostate 98. 0-0.(00 8927 (+814) 78.2-L4(4 94. 0% .58
HD 100. 6@. qC 70.83(+2335 96. 6-10( 9. 96. 6-1 0( O
Myeloma 88. 53 .04 7922(+261) 79.2-2.64 84. 3-B. (@90
Ovarian 100. 0@. qC 9920 (+1.60) 95. 2-B.(@84 96. 8-2. (94,
Lymphoma_3 100. 6@. qC 9071 (+/7.64) 98.574 .29 77.3-.08.
Mean % . 10 76.12 81.78 88.61

TabllAeccuracy of NB based o-MOGAe ICFELSMVRIFdgaentMerds t b SURGBo oSt

Dataset XGBO0OStMOGA ~ CFS FCSVRIFE Mul ti SUR
DLBCL 100. 0@. @ 77.00 (+/22.72) 98. 0-B . (00 94. 0-® . (17
Breast 56.6-B.66 5367 (+398) 56.5-63(6 59. 6-1L4( 4,
CNS 83.3-34( 9 6000(+17.00) 53.3-23(8 81. 6-1L5( .
Colon 77. 1-45(9 4500(+1930) 52.8-48( 6 85. 7-110( 9.
Leukemia 98. 57 .29 7589 (+2133) 93.2-B.@84 97. 16 . (74,
LungCancer 98.82.(2€ 9.70(+270) 95.0-B.@89 97. 8-4.@38
Lymphoma 97.3-5. (3%, 7286 (+/12.00) 71. 283 4( 9 89. 6-42( .
N_A 96. 0-B.(09 6800(+16.00) 54.0-20( 4 94. 0-®. (1.
Prostate 93.0-8.0+ 8818(+754) 62.82A5(6 94. 0-%.(E8
HD 100. 0@. q( 7833 (+/2363) 94. 1-11(8 96. 6-10( ©.
Myeloma 81. 5-6. (8. 7052 (+8.17) 64.3-1L1(+% 82.0&.(QF.
Ovarian 99. 22 .06+ 8063(+597) 86.55.(76 96. 8-2. 94
Lymphoma_3 100. G@. q( 89.52(+9.42) 98. 57 .29 82. 1-4 5( 4.
Mean 90.91 73.56 75. 43 88.58

44 St atistical anal ysi s

We useM [tchhexom asikp & &t te5v4g | whad tehhdei f f el ethwee n
XGBoMOGANdcompar ed gepé hwearsee cgti atni s thiacseeldl vy si g
onl3 publicly availBibé eWimi co-rommk aiyg sieadiass ead snonp
hypot hesi s tthdasdt igreqr emeatlHod used € »ibseetswe@wnh ett her
pair edodsaainmp Itehse experi ment , -rwan lsdttgemnithfa cVdinlcceo X cen
valtwe RBSt atistical si gmi-fpalka Oc.eflf Snba,.Vedeeljsiened as
PytBoli | cioxmatdkst al goritthhemnpaaleb@@elds oo w

the matri cddWolbd@ai mmedaibYyGRsMOGANd ctompar ed

gene smeethordbBevol as sriefsipeercst Tive | watl witceasbd hen wt h e

the correapaurdgi.ng p

TablDehows-vabkbefpaeccur acy otkeGBo-M&2GAtitts rel ated
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met hods$ wolsaangi ftiadrl . Gipneh bbaad d evaaxlhuep coedr espond
ta pair ofs cxGBM@BEMAtswon. al |l cwanptaateidstmied dwloldy di f
but X@GBoMOGA ounlodt statistically outperform XGB«
for SVM.chastshéipwopdsedogene sel eecdtiioomesmet hod
amofmaiof s compari sons.

Tabllehows-vahatppecafur acy si gniofXiGBortEGA £.st r esu
t hnegderoftsHaamt e f eat ur e sitmalt & ® silihfee ethasbdse cont ai
6pval,aemgd ewalhue codmeapondf C owrgpsa r 0 Istolnasty e d
XGBoMOGA s . al | compag teat insettihcoldist y X @B dyd £tr en t
MOGA oul dtabt sti caMulyt ioBlbNBFe cf addii 5i ene@wnrs t hat
proposed gampepr catt ertditadmme s 6pamo@fg compari sons.

I n summary, the analysis of tshteattiwot isceatls doiff fe
bet weGBoMOGANdcompared gmaehbddéiecitmimsal Meri fti es

t h raBBo-MOGAext r emdlexti ve.

TabllogVi | c esx gmadkmatersitx f eMOGXK GBOPDILG! NMKOGA, and XGBaowot based on

classifiers

XGBoostMOGA

SVM NB

ORIGINAL 0.005062 0.002218
MOGA 0.005062 0.000488
XGBoost 0.062509 0.045800

Tabllle¢/i | coxo#m askmateditx f eMOGXGBtbbBtherofishoemt e f eature selection mett

on wol assifiers

XGB0oostMOGA
SVM NB
CFSs 0.000244 0.000244

FCSVM-RFE 0.002218 0.000244
MultiSURF 0.000244 0.127197

45Comparison of complexity

| midgsect iwmmal yze the computgéeisehalt g @misieedns ty of
in the experi ment

Tabl2d i §ts the time compl exitycoonpasekdtougene s
experiment . 0Dilsn tthhe snumtbliesbf swamplked shegenes,
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number ofOitkeapbpuonkittbe sihgeenefsubset obtain

the fi,vdthestraeggeui r ed nam’Yies tol e cintwesdatrisor s

TabPkReColmpari sons of the computational complexity of all ¢

Al gori t hms Complexity

MOG A G "00

XGBoost O0aég 20

CFS 600

F CSVRIFE 6000 Y

Mul ti SURF 000

XGBo-MOGA G "OW

Tabll3ei st s t hggemal ngd @ Iimdak@&iAg N XIGBro 6B ¢ VOB A

on eachT hdeautnebseeress. r eportedf atd80t heundEiréafjreeeex ec ut i
met hodsdicraenc thleyb wceomipfaly eerdgpean val ues i3nAst he | ast
showWrGBooxntdi thAeed bretdtdindk@GAr equtimedl onjgest tim
XGBoMOGA equal oead er X GBnebdthalnes $ MeGGAAI t hanogh
XGBooscitdi theed bretdtimemasiitgni fwiocrasnetXl®b @a-ms t
MOGA n t eax mar estcyo,r eFf, mercati si and t hegeemumber of s
Tabll4ehotwieex ec i i imen o f g e neG BoetéeicA | OMG S \VoM

RFE &udti 80RE ac hAsd asthhobeexte.c &t i IMXGBo-MOGAva s

much shotrhesfe CR&ul a n.& URIFtMOIIMRFE e qutilree dl ea st

me aenx e c U ti jmanmna n k si n hti gadmsu. @& 6e qutihledh gex®etcut i on
ti.me

Ass ho,winper o p o s e d&naepapnw e eeexbeec w ti i@ e t t etrh ot shea no f

mo gtene s méehoadmmaarnedd pedfi gmmfbied a redrlt Nigde anre

sel emeit dwdmpakFrdmucompr ehensi viet ewad uevi dent t

XGBoMOGA mpoas esdi gni ficant effect.

TabBe Comparison of runt i NM@A(,i nXGB)o ocsft , gve®& sXedBeocotsiton f or

Dataset MOGA XGBoost XGBoostMOGA
DLBCL 473.951 1.5469 243.537
Breast 8027.66 34.2477 487.116
CNS 837.19¢ 7.4949 227.636
Colon 341. 917 1.2400 202.315
Leukemia 1890. 95 3.4406 290.955
LungCancer 11047. 1¢ 11.5957 417.535
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Table 13 (continued)
Lymphoma 2356. 34 5.2414 228.312
N_A 1252.21 6.4353 283.081
Prostate 5257.50 9.4688 343.200
HD 1388. 14 7.5244 260.977
Myeloma 14610. 2¢C 25.5567 435.478
Ovarian 21497.0¢ 23.5234 409.169
Lymphoma_3 887.49¢C 5.4856 229.821
Mean 5374. 45 10.9847 312.241
Tabllde Compari son of runti me (-MBGAs,) GES\MnNEe, saenlde cMuilotni SFURF XGBo
Dataset XGBoostMOGA CFS F CS VRIF E Mul ti SU
DLBCL 243.53 173.019 2.8394 24.312
Breast 487.11 4334.61 23.889 45,947
CNS 227.63 16952.18 4.6883 91.664
Colon 202.31 102.670 1.0804 29.986
Leukemia 290.95 1082.24 5.1461 127.21
LungCancer 417.53 3836.17 14.007 843.97
Lymphoma 228. 31 1125. 23" 5.06091 116. 36
N_A 283.08 850.720 6.4203 86.305
Prostate 343.20 881.979 14.072 545. 95
HD 260.97 1047.44 9.8434 94.304
Myeloma 435.47 1496.22 16.290 1029.66
Ovarian 409.16 13825.55 18.201 1947.83
Lymphoma_3 229.82 630.662 2.8484 87.895
Mean 312.24 3564.51 9.5691 390.10
46 Gene anal ysi s
The selectiomiomaglears) (as®oci at kmd owidtelm ¢ @n c ¢
demonstrate the udapprn @achodterthief yprnogp olsieamar ker
bi ol ogical tdheeececpedogenes on Tfadu rd&mitisbteoar r ay
g e nseesleabcyt X GBVMOGSAt on four mi Theosae rfaggurd att alsled s .1 n
selected gene index, Probe/ uniprot | D, Ensembl
respedtni wdleyw of twee ilnivneistteidg astpeadc et,hel ¢ athed i on s
i n Ltehuek elmit @ sddd s c be b e w
MCFD2encodes a solubl e | umi nlalk dpaltold emmt iwfi ¢ hatt w
Ctermi nge.mpelohies n has also been shown to maint
centr al nervous system and is a marker for tes

ALOX5AP, together with Hipoxygenase, encodes a protein that is necessary for the
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synthesis of leukotriene§ he protein is |l ocated in the plasc
i nhibitor prevedntpso xtyhgee ntarsaen sfproornt tdife Syt opl asm
inhibits thlei petygyanaoae. of 5

CD59i s a gemeodesata cell ,suwwhfiecghel agtleysc-opo mp lee me
medi ated cellsi hysymphodytevdugaal onsanhadubi sonqg
cause CD59 deficiency, a di sease that causes h
to cerebral infarction.

UBE2Sal so known as EBPPBha B8&EBPEr afddrBj2udtiigrug t i
enzyme family. Tchaelh oe mc oad etdh iporlotesther nl i nkage

ubigactiwati-dgp emdzemehmamnedcrd,aracteritshéc prop

c

biquitin carrier protein.

ABCC6i s a rmemfb et he s u pbernfda mmigl yc acsfs eATtPe ( ABC) tr
protaicodye dt hiis gewvel| Wdedigi memulstiance. cdMut ati on s
cause pseudoxant homa el asti cum.

ATM bel ongs to the Pl 3/ pi deihi.nalsheerfed mirley tiha

—_

egul atory protein for a variety of downstrean
p53 and BRCAl1l, checkpoint kinase CHK2, checkpo
repair proteins NBS1.| auedtti @nat axi & hti sl gregiee «
aut osomal recessive genetic disease.

TERF1 gene encodes a telomspecific protein, which is part of the telomere nuclear

protein complex. This protein exists on telomeres throughout the cell cycle and acts as

inhibitor of telomerase, limiting the extension of the ends of a single chromosome in cis.

TablBeddr i pthieonsegiekfeerd asel ectMOdlGAby XGBoost

Index ProbéuniprotID Ensembl ID Gene Description

multiple coagulation factor deficiency 2, ER
1833 M23161_AT ENSG00000180398 MCFD2

cargo receptor complex subunit
2127 M63262_AT ENSG00000132965 ALOX5AP arachidonate fipoxygenase activating proteir
2287 M84349_ AT ENSG00000085063 CD59 CD59 molecule (CD59 blood group)
2353 M91670_AT ENSG00000108106 UBE2S ubiquitin conjugating enzyme E2 S
4846 X95715_AT ENSG00000091262 ABCC6 ATP binding cassette subfamily C member 6
6538 X91196_S AT ENSG00000149311 ATM ATM serine/threonine kinase
6854 U74382_S_AT ENSG00000147601 TERF1 telomeric repeat binding factor 1
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TablRPedd&dri ptions of the Lung@®OGAer genes selected by

Index ProbéuniprotID Ensembl ID Gene Description

3360 34319_AT ENSG00000163993 S100P S$100 calcium binding protein P

3915 33354_AT ENSG00000108854 SMURF2 SMAD specific E3 ubiquitin protein ligase 2

4335 33903_AT ENSG00000167657 DAPK3 death associated protein kinase 3

7624 37577_AT ENSG00000213390 ARHGAP19 Rho GTPase activating protein 19

8536 38481_AT ENSG00000132383 RPA1l replication protein A1

TablRBeddriptions of the Br-bM®6A genes selected by XGB

Index Probéuniprot|D Ensembl ID Gene Description

156 AB033049 ENSG00000151458 ANKRD50  ankyrin repeat domain 50

393 Contig1815_RC

589 NM_002376 ENSG00000075413 MARK3 microtubule affinity regulating kinase 3

718 NM_000956 ENSG00000125384 PTGER2 prostaglandin E receptor 2

1408 NM_002485 ENSG00000104320 NBN nibrin

1683 Contig13506_RC

3189 Contig11133_RC

3696 NM_002748 ENSG00000069956 MAPK6 mitogenactivated protein kinase 6

4632 NM_002890 ENSG00000145715 RASAL RAS p21 protein activator 1

5205 NM_005051 ENSG00000172053 QARS1 glutaminyHRNA synthetase 1

5622 NM_002944 ENSG00000047936 ROS1 ROS proteoncogene 1, receptor tyrosine kinase

5936 Contig50360_RC

7434 NM_003854 ENSGO00000115598 IL1RL2 interleukin 1 receptor like 2

8661  Contig42342 RC

9030 NM_005443 ENSGO00000138801 PAPSS1 3-phosphoadenosine-phosphosulfate synthase 1

9938 Contig56089_RC

10826  NM_004993 ENSG00000066427 ATXN3 ataxin 3

11412 NM_007178 ENSGO00000023734 STRAP serine/threonine kinase receptor associated prot

11739  AF038202 ENSG00000135823 STX6 syntaxin 6

12221  L40391 ENSG00000170348 TMED10 transmembrane p24 trafficking protein 10

12827  Contig10686_RC

13308 NM_006680 ENSG00000151376 ME3 malic enzyme 3

14446  Contig9042_RC

17704  Contig39797_RC

17897  Contig4380_RC

21873  AL050172 ENSG00000173914 RBM4B RNA binding motif protein 4B

22612  Contig34329_RC

22859 NM_001343 ENSG00000153071 DAB2 DAB adaptor protein 2

TablBeddriptions of the Lymph-M@&A3 genes selected by

Index ProbéuniprotID Ensembl ID Gene Description
677 GENE2295X ENSG0000013727: FOXF2 forkhead box F2
755 GENE2398X FRASE fragile site, aphidicolin type, common, fra(5)(p14
1006 GENE2110X ENSGO0000017150: ETFDH electron transfer flavoprotein dehydrogenase
2732 GENE621X ENSG00000169071 ROR2 receptor tyrosine kiase like orphan receptor 2
2761 GENE657X ENSG0000010777¢ BMPR1A  bone morphogenetic protein receptor type 1A
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