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SUTHIPONG DAENGDUANG: Application of One-Versus-One Support Vector
Machines to Classify Multi-Label Datasets Using Spark. ADVISOR: PEERAPON
VATEEKUL, 62 pp.

Multi-label classification is a supervised learning, where one example can
belong to several classes. In the case of Support Vector Machine (SVM), One-versus-All
(OVA) is the most common approach to tackle this problem. However, the accuracy is
very limited due to extremely imbalanced training set. It is interesting that there have
been only very few works that applied One-versus-One (OVO) in the multi-label
domain even though it has been shown to provide better accuracy than OVA in the
multiclass domain. Anyway, OVO requires an extremely high computational cost when
there is a large number of labels. This research propose a multi-label classification
framework that employs OVO incorporating with the undersampling, technique to
alleviate the imbalanced issue. Spark framework along with a mechanism was applied
to split a job to a set of small jobs and then processed them in parallel. The framework
can induce OVO SVMs very fast, while maintaining the prediction accuracy even though,
there is a large number of classes. The experiment was conducted on 6 standard multi-
label datasets. The result indicate that our framework can really reduce computing
time on Spark environment, while significantly outperforms OVA in terms of F1 on all

data.
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2.1 GNNBSALIALABIUNYTU (Support Vector Machine, SVM)
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2.2.1 S3vileraviaviun (One-versus-All, OVA)
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2.3 FBuAtgymnadnaliauna (Imbalance Solution)
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2.3.1 M3guA29819 (Sampling)
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2.3.2 13331 (Recognition)
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2.3.4 N1559UN9UUA (Ensemble)

(% [

Blaginsasieiduunvaty o ¥lafuun lievinn1swIeuliisuninangn
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2.4 53UUUsTUIANALUUNTZR1Y (Distributed Computing)
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2.4.1.1 HDFS
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2.4.1.2 YARN
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2.4.1.3 U379 (MapReduce)
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24.2.3 1a3099n318 (Worker)
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2.4.2.4 RDD (Resilient Distributed Dataset)

ROD tdudqunldlunisituiufindeyaluniieninudi ietluldlunisussuiana

[y

#9 q Inedeyaiiveglu ROD duanunsafiuldegluguves Ad/ug visedidnusld 8nvids

anunsaldluniswensieiudeyaiegluenigu wethdeyauildnu degrlunisiaiudeya

kY

99 ROD 1Judsguii 6

RDD of Strings RDD of Pairs

I
pak. 10
(o, 10

U7 6 dnwauznisdaiudayaly RDD

[

anuwaznsiiudeyaves RDD § 7 Uszn1s [20] sl
v t:ll I3 I [ 1 °
1) deyanigninueglu RDD eglunileanuin

2) deyaiieglu ROD Wudeyafiamisasuliegafenvintu drfeanisiioususng

ypsdiayalu ROD Sududosadrs ROD vaidusuny
3) deyaifveglu ROD lianunsadsugusald
4) doyalu ROD awnsaai mefudeya welflumsiiudeyalumiseudls
5) deyatieglu ROD anunsanszaeludmans 9 1a3esld
6) doyafioglu ROD duannsnfmuadnuasvesiulsieldiudoyald

7) Yeyadieglu RDD tuamsawddeendunate o dwld



14

2.5 NM59IAUSLRNSAINNI5%197U (Performance Evaluation)

Tuidafiazna T innld e InUsEaNSATNYD1UITY FaUSLNBUAIE FI1 A
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QnAed

False Positive (FP)  wanefia shunuvesmadndannisvineduuingahunely
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A Not A
Predicted A True Positive (TP) | False Positive (FP)
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TP
TP+FP

Precision(Pr) =

Precision (Pr) 1894 maé’w%a'mﬂ’13‘1/‘1"1'14’1mﬁumamm%agaﬁﬁwm&J

TP

Recall(Re) = e

Recall (Re) vanedia madwsannsinauuinaindeyaiduuin

TP+TN

Accuracy = ——————
Y = TPYFP+FNATN

Accuracy (Acc) MuN889 ANLIUETIUNITTIIUNEURITZUY

2xPrecision*Recall

F1=

Precision+Recall

F, vaneie Uszansainlunisyinunelaesiuuessyuu

2.5.2 ainUseansnimnisankunuselavkuuiatzaain (Label-based Measurement)

15

(3)

(4)

(5)

(6)

n13¥adsednsamnisinuunyssiandeyanuuvatgaain [4, 5, 11, 13, 15] Ju

TAUTEANTAINANITTUNUTLLANBUUNAIERAN tAEN1TIAUSEENSAINLUULLa09735

Macro average ILag Micro average

v o Ao ) ) a a ° A v
miaiwmmm‘lmamsﬂiuﬂgqmsamﬂizawsmwmimLLuﬂUizm‘maaqﬂizmw RTRIN G RERRT

=

Ao

Macro average {uiinUss@nSn1maeseuuNIIUNUSELANLUUTAIERaTN 1aY

nauvaLARAIINMIALREE

I
i=1

Precisionygero (PTyge) = I%IZ Pr;

Recallyacro (Reyq) = %Z!ih Re;

_ 1 yic]
Fima = Hziﬂ Fy;

anudfaysonnnqudeayami 4 fu lngagyinsAuIne Precision Recall F1 vasusaz

()

(8)
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. < v a a o v

Micro average LJu@ainuszandamuesnisiiuunusstanuuunatsaain tagli

ANNAARYADNANTNNTIIUNINAT TagaeinNITNINaTINYRIR LAY TP FP TN FN fiau
udhanAmamAUIEaNEA W TngausaAululanuEunIsi 10-12

ICl

€l Tp;
Precisiony; Pry;) = —ert—— (10)
micro (PTii) sl (TPi+FP))
Il Tp;
R . ) = ——=1 -
ecallyicro (Rey:) s (TPi+FNY) .
FLMI: — 2 *Pryri*Repri (12)

Pryi +Repg

[
Y o

2.5.3 iU TednsnInnI15aannaunusiieg1s (Example-based Measurement)

U v a a d’j o =) U U U o d‘
Arinusgansnmd [11] Tolunmsiaanuansalunmsifendangduvesinduun lagd

gu1samuIlaInaunIsn 13-15

BT,

Precision; (Pr;) = | = (13)
Recall; (Re;) = Iﬁr;jlﬂl (14)
Fl,i (Fl,l) == m (15)

Prit+Re;

P; unuisnvesUsuanivinelavesdeyadin i
T, WNUERYRIUTHAVNIgNADIURITaUAR N |
B, unuienved P; TN Ul9nveussinnus TNy eiamvunve e P,

Tl WNULYAVBS T, 3’3&]5‘UL"?JWUEN‘U?%Lﬂ%UiiWQEUﬁQ%@J@T@QL"UG] T



17

uni 3

UIWNNEIVDY

3.1 91U TMNYIVINUNITIIHUNUTSENNHUUNAIERAN

Sugundsdnnedanmnesuuydu (Resampling Support Vector Machine, R-SVM)
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AN 3 S1UaziBuAvDLAzYATeYA

yaday Jungudeya | Iwudiede | dulungudayasieleandis
Yeast 14 2,417 4.237
Emotion 6 593 1.869
IMDB 28 120,919 2.000
Tmc2007 22 28,596 2.158
Birds 19 645 1.014
Reviv2 101 6,002 3.226

M317 4 anuldaunavesdeyatunsaiaiiduunuuunilvenilveusazyndoya

. . . . Anadeawlal
ans1Auly ans1auly .
. . .. 4 Yy AUAAVDILAAZAT
yadoya | Fwudduun | dunauniige | aunatasiige .
FUN
(max) (min)
(avg)
Yeast 91 72.428 1.009 12.633
Emotion 15 1.804 1.101 1.320
IMDB 378 136.668 1.003 9.539
Tmc2007 231 22.209 1.001 4.560
Birds 171 51.333 1.111 4.676
Reviv2 5,050 1,416.000 1.000 20.100

5.1 MINAaLLARNLADSILANANGAYaITNHaTALIALND SN BT
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a YA v

Tun1sneansdl @J’msﬂ,éﬂﬁaﬂi%’musqwﬁau”mmmﬁﬂ 1 Yavayafe Emotion uayyn
ToyavuIANaTe 1 Yntoya fie Yeast lngvinn1siaontAesiuaiiveyinn1snaaerianun 3 a3
e Usenaumie Linear RBF wag Polynomial lagvinnisideniaasivaniuss@nsainuin
a A o ~ =) ° ) A a ) & v Jo
ian o lUldlunnmeasan 3 Faagiinisinussdnsninvesunazinesiualagldiigin
#ail Accuracy Label-based Way Example-based Ingn1saaoidlazyinnisusuamnisndines
YDITNNDIALIALDASLUATULARLLADSIUARNIT F1SULABSLUA Linear 98USUN15139835 C
Usgnoaumie 0.5 1 5 10 wag 100 d1usuiaasiuaPolynomial 3z USun1s8iines degree

Usegnaulumae 1 3 5 10 wag 15 wazdmsuimesiua RBF agviin1susuamnsfines gamma
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nMsUfuRuauTudes qimﬁﬁifl'ﬁugmmaq RBF tuazanunsosuaildann 1iesmau
anvazlaya Feflagiiudud 4 i fo A1fugiu + 0.01 ArfiugIu + 0.1 AfugIu + 0.5
uazAfiugIu + 1 laenismaaesiituagldiinismaaetuuu 3 fold cross-validation F9wa

mimaaﬂé’gﬂLLamsLﬁLﬁuTumiNﬁ 5-7

A1 5 Nan1seasIUsEanSnnvadldazirasiualuldiauLug Feanluadufesnsa
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nswSeuiiguUsEansnmseninuaesiuanffgaiuimesiuale 9

Datasets Linear Poly RBF

0.742 0.697
Yeast 0.750
(+1.1%) | (+7.1%)

0.648 0.672
Emotion 0.695
+6.8%) | (+3.3%)
0.695 0.684
Average 0.722

(+3.7%) | (+5.3%)

M99 5 NA19NNSUTE UL IUNANISNAADITIAIUBUUEIVDINSYNUE LFAY
WABSLuaUsENaUumle Linear Polynomial uag RBF Fauansliiiiuin tAesiua RBF ull
ANUENNNTILUNTIIUYETIANINIABTLATIIVAA 3 LABSIUA Fupasiua RBF JUssdnsnm

lunsvhwnegenineesiua Linear lngiadie 3.7% wag Polynomial lneiady 5.3 %

M3 6 nan1INeaRIUTEANSAMYRIWiasARfiua LU sIRennaUaenaY Fernly

g A o = ~ a a ' s Aaa o '3
'NLa‘Uﬂ@@miqﬂqiL‘UiﬁULVlEJUUiSﬁV]ﬁﬂ']Wigwrl'NLﬂ@iLuaVI@VIZ‘:{ﬂﬂULﬂ@iLuaI@ 9

Label-Based Macro F, Label-Based Micro F,;
Datasets
Linear Poly RBF Linear Poly RBF
0.618 0.393 0.607 0.408
Yeast 0.637 0.618
(+3.1%) | (+38.3%) (+1.8%) | (+33.9%)
0.353 0.467 0.543 0.549
Emotion 0.533 0.566
(+33.8%) | (+12.3%) (+4.1%) | (+3.0%)
0.485 0.430 0.575 0.478
Average 0.585 0.592
(+17.1%) | (+26.5) (+1.2%) | (+19.3%)
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M13199 6 BBUrEANNATalUN1TIANqulayaLUuaelsELAY laglUSeuliiey
Usgansnnlunisdnnguvesisazinasiualsenausie Linear Polynomial wag RBF @3k

Y09N13NAaesluandliiiuii tnesiua RBF Uuiussdvsnmgeiaatunisduunussaniuy

s

“a1gaain daiAosiua RBF dUsednsainasninasiiua Linear lnglady 17.1 % uaz

a

Polynomial lngtady 26.5 % lufiin Macro-F; uagilusz@nsnmgeninaesiua Linear

Tnolade 1.2 % uay PolynomialiﬂﬂLﬂ?ﬂl‘c’J 19.3 % T3 Micro-F,

AN 7 mamimaawizaw%mwmmLLsiazma%LuaTumiLﬁaﬂﬁmauﬁgﬂé{m FaAlu

2AURRERIINSWUSUTiBUUSE VB ST sIuanATigaiuLresiualn 9

Example-Based Macro F, Example-Based Micro F;
Datasets
Linear Poly RBF Linear Poly RBF
0.639 0.561 0.649 0.572
Yeast 0.665 0.667
(+3.9%) | (+15.6%) (+2.7%) | (+14.2%)
0.353 0.467 0.542 0.515
Emotion 0.533 0.690
(+33.8%) | (+12.4%) (+21.4%) | (+25.3%)
0.496 0.514 0.595 0.543
Average 0.599 0.678
(+17.2%) | (+14.1%) (+12.2%) | (+19.9%)

M58 7 eFunedamsiUisuliisulsyansnwvssnssnunUszAuUUYaIEaain
Tuduvesauauisaidonneunguileglunaiaasuiniign Tasazidunisiussuiiey
Usvangnmlunisvinnuveanesiua 3 wesiua Usenaumie Linear Polynomial kag RBF
Tnowansnaedlumssiuandiifuiniuannsolumadonnoutes RBF fUszAvsnm
asniaefiuadu o deiluszAvsnmgenitaesiua Linear lnviads 17.2 % uay Polynomial
Taeiade 14.1 % ludad¥n Macro-F; wagduseAndainganinaadiua Linear lnsiads

12.2 % uaz Polynomial Tneade 19.9 % ludhdin Micro-F,

a a a =
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[y

Tumsnaaesil {Hdelddenldanuyadeyavuindn 1 gadeya Usenausie Emotion

v

LazyAtayarLIANAIe 1 Yntaya Usenaunle Yeast lagaginin1slditlotasuaunas Lite

9

=3

insduiudeyaidesstiadaguaginnisasvaunalvideya 19i5dumesuruniieasng
aunaszrindoyalagnisduauteyaniidusiunnlvdduiuviiudeyadesdnaios n1s
naaesilazinsinusgdnsammsiuunvedisleresiaunduwagisdunesuvunaaiialdly

nsiienIsndaNumIzanigalUldlunismaaesd 3

AN51997 8 NANNSNAABIUTLANTAINUVDIIT 0L DS LYUNAILAL DULAD T LYUNAILULTIAINL
wiug FerluadufesnsinisiTeuiisuUssansanseninddslanesusunaayds

DUMDSUTUNA

Datasets Oversampling Undersampling
0.867
Yeast 0.830
(-4.3%)
0.656 0.637
Emotion
(-2.9%)
0.761 0.733
Average
(-3.7%)

= N = | an I3 a
M9 8 UAAINATBINTITIUTIUNBUNANITNARBITENINITDLBLITOUTUN AR
guLnasuundsludnnnuuiugivesszuy Farbimuinsuidymanulidaugavesdoya
meN1sUsEenAlYIslanesuaundsiuliuseaninmaainisoumesuaunas lnesleriesuay

a

nasusEaAnsnnluniuegniTisounesurunds 3.7 %
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M13797 9 HANINARRIUTEAVEA NYeIISlonaTusnAar S wne TN ATl wTINg
donmauranenagy HanluindufesnsnisilSeuiieulssansnmseningislonesuaunas

WAL UMD UTUNAS

Label-Based Macro F, Label-Based Micro F,
Datasets
Oversampling Undersampling Oversampling Undersampling
0.409 0.599
Yeast 0.397 0.589
(-2.9%) (-1.7%)
0.365 0.551
Emotion 0.352 0.542
(-3.5%) (-1.6%)
0.387 0.575 0.565
Average 0.374
(-3.3%) (-1.7%)

M1317 9 BFUIBEIMsUTBUWBUANaINSatuNSIINGU TR aLUUaTEaaTn g
= ) a a | A ¢ PN 9 I3 a = &
wlTguiigulsgavinnsznieitlenesusunauagdunesiaunis Suavein1maaeil

Y & 1 ax v I % Y ac s a &« a a
LLaﬂﬂ,MLVTU'}T}ﬁﬂ"IiLLﬂﬁjﬁyJVTqﬂjqwluauﬂamﬂﬂm@;ﬂaﬂqEJ'JﬁI@LQ@iLL%@JWﬁQuuuUiZaVIﬁﬂ"lwqq

| ad v s a aa s a a a a | ad v s a
ni175dunesurunds Wlaiesuaundduszaniaingeninisdunesumunads 3.3 % lu
9470 Macro-F; kag3slotiasugunaeliuseansainganinisounesuaunis 1.7 % lu
§33n Micro-F,

A15197 10 NANNSNAADIUSLANSNINVDIITLELIDT LYUNAILAL D UM DS UIUNAIIULTINN5HEDN

° A v = % A o = = a a | ac s a
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TOUADTUTUNAT
Example-Based Macro F, Example-Based Micro F;
Datasets
Oversampling | Undersampling | Oversampling | Undersampling
0.596 0.612
Yeast 0.577 0.598
(-3.2%) (-2.3%)
0.550 0.551
Emotion 0.546 0.542
(-0.7%) (-1.6%)
0.573 0.581
Average 0.561 0.570
(-2.1%) (-1.9%)
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luguresrnuansaiennaunguieglunalaauINigavedisleles iaunduazduines

=

WEUNAIDINANITNAADILAAIIMTAUIT AUAILITAIUNTEONABUVDIIDTLDLIDS LI UNR 9T

a a I ad o

Usrdninngenindumesusunas Fe3slonesusunfuliusednsnmaininisounesusunas
2.1 % lufi¥¥a  Macro-F, uagislaniasuoundslusz@nsainganinisduinosusunas

1.9 % Tudain Micro-F4

AN5197 11 HANNSNARRNUSIUTEUTLELLIANU T2 UIANATDIID LaLI DS LYUNAILAL O UADS
LEUNAS FIANIUIIEUADDNIINITIUS BUTBUS LA I UNITUTEUIaNATENINIIS LS Ly

NAILAZITOULADST YUNA

Datasets Oversampling Undersampling
31.05
Yeast 22.68
(-26.9%)
3.73
Emotion 3.32
(-11.1)
18.10
Average 13.35
(-26.2%)
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wunlng 3 yadeya Usenauriy Tmc2007 IMDB wag Roviv2 (subset) lngnisnaaesil

AIdgarvinsiUSeuiieulseansamseninalsnilidenunniinisussendliiseunesuy
naa Wnilsenilanuszenaldizdndsuauddgvresngudeya F935Hagyin1suTuen

(%
[ Y 1

samma lagAildlunisusuvesusazyadoyativazuanaiaiu Ingazidenail ugiudua

9 Y

3N wagyinmsUSuiudIuInAuGes 9 WeniA1 gamma AflaNumnzauInfiga lagan
WuF1UYeY RBF tuazaunsamialan 1deduiudnuazdaya Jernasiiuduil 4 A
el AU + 0.01 ATIUgIU + 0.1 ATIUEIU + 0.5 WagAIUEIY + 1 lAga1u15091989

o

A1 gamma Nlglunsazyadoyalalun1s1ei 15 lngid1 gamma Fagnidenlyluisidy
aunsouanslalunngan 16 wagvimsusuandawuaieldlunisifenneusuunansaainiag
41113091989A WU lglun1sidenneulalunisned 17 wagisuilwonianussyndldnig

Y] Y a1 Y dAvawyvyo = ° Y] a a | aa %
ﬂﬂﬂiaﬂﬂqm%a;ﬂaﬂmmEJTUENVIQ’JR]EJVLGMWLGMJ PIALNINFINUTEANTAINUBILA LI I@EJIGU
o dyju

FT iRt Accuracy Label-based wag Example-based Fanan1snaaosagLanaliiiuly

A15199 12-14 leen1sneaeaillaiinnslaa1uds 5 fold cross-validation

A LY 1 a I o = ! @ A o
#1319 12 Nﬁﬂﬁim@ﬁ@ﬂﬂﬂiﬁ]ﬂﬂqwLL‘U‘U‘Via’]EJ‘IJiSLﬂVISLULSU\‘]ﬂ']’mLLNUEJ’] mmiumaumamw

™ a a a addvaw Y Yo U ax
ﬂ']iL‘UiEJ‘UW]EJUUigaWﬁﬂ']WGUEN?ﬁV]EJJ'J"QEJVL@U']Lau@ﬂ‘UQﬁﬂquingu

Datasets US-OVA ovo MRUS-OVO

0.518 0.703
Yeast 0.761
(+31.9%) | (+7.6%)
0.644 0.652
Emotion 0.694
(+7.2%) | (+6.0%)
0.408 0.887
IMDB 0.900
(+54.6%) | (+1.4%)
0.898 0.925
Tmc2007 0.957
(+6.2%) | (+3.5%)
0.702 0.826
Birds 0.913
(+23.1%) | (+9.5%)
0.653 0.751
Rcviv2 0.943
(+30.7%) | (+20.3%)
0.637 0.790
Average 0.861

(+26.0%) | (+8.2%)
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Netoadauansliiiuinnsisuisenianuszendldisnisidenneulaginsdnnsesngu
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Funlu@ennuusiugidusgraunas 933 el %”Léfﬁ’]Lauaﬁfuﬁﬂizaw%qum'jﬁ%wﬁq

Yad o

senamuafiinITUszyndliissunesuaunds 26.0 % waziiuszdvdaimganitisviends

[y

Uszgnaldisdnaduanudfgueingudeys 8.2 %
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nll aq Y ! a I 1 -d! |
H137990 13 Nﬁﬂ’]im@a@\ﬂﬁﬂ’]i"\]@ﬂqmLLUUW@']’EJUiELﬂVlIuLGZNﬂ’]iLa@ﬂﬁ]@‘U‘VlaqEJﬂEj}I Faplu
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Label-Based Macro F, Label-Based Micro F;
Datasets
US-OVA oVvo MRUS-OVO US-OVA oVvOo MRUS-OVO
0.357 0.359 0.420 0.480
Yeast 0.397 0.596
(+10.1%) | (+9.5%) (+29.5%) | (+19.5%)
0.207 0.352 0.519 0.582
Emotion 0.409 0.562
(+49.3%) | (+13.9%) (+7.7%) | (-3.6%)
0.117 0.158 0.196 0.431
IMDB 0.150 0.499
(+22.0%) (-5.3%) (+60.7%) | (+13.6%)
0.207 0.462 0.211 0.723
Tmc2007 0.537 0.798
(+61.5%) | (+13.9%) (+73.5%) | (+9.4%)
0.143 0.171 0.290 0.515
Blrds 0.288 0.662
(+50.3%) | (+40.6%) (+56.2%) | (+22.2%)
0.129 0.188 0.105 0.228
Rcviv2 0.192 0.278
(+32.8%) | (+2.1%) (+62.2%) | (+17.9%)
0.193 0.281 0.290 0.563
Average 0.328 0.564
(+41.2%) | (+14.3%) (+48.5%) | (+0.2%)
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Werteslivszaniainasninisaisiugiuludiudsednsainnisdwundszian
= 3 aa =% 1 (% =

wuuvateaann §93snideladnaueduiivssdnsaimganinisuiadeianua ninig

Yad o s I aa d! ! d! Yaa

Uszynaldizduinosuaunis 41.2 % wagiiuszdnsamgeninisnilaneniaussendlyds

[y

aawuANNEAyveInguTeta 14.3 % Tufdin Macro-F; uazilussansnngeninisnile

o
Y] VYad v 6

aNmUANINsUsEYNAlTIsdunesUaNnE 48.5 % uarlusednSaingeniniavileionds

=3

(%
YN o W o v Ao

UszgyndldisdnansumnudAyrasngudaya 0.2 % Tufdin Micro-F,

< ] U
Qll ) i a = ° Ql' v =
A1919N 14 B\Iaﬂ’]imﬂaa\‘mﬁf\]ﬂﬂquLL‘U‘U‘VI@’]EJ‘Ui%Lﬂ‘VﬂUL“Nﬂ’]iLaE)ﬂﬂ’W]EJUVIQﬂGIEN Qjﬂﬂ’ﬁ,u
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Example-Based Macro F, Example-Based Micro F;
Datasets US-OVA ovo MRUS-OVO US-OVA oVvo MRUS-OVO
0.438 0.483 0.446 0.480
Yeast 0.591 0.605
(+25.9%) | (+18.3%) (+26.2%) | (+20.6%)
0.525 0.586 0.519 0.582
Emotion 0.615 0.692
(+14.6%) | (+4.7%) (+25.1%) | (+15.8%)
0.255 0.439 0.247 0.431
IMDB 0.502 0.499
(+49.2%) | (+12.5%) (+50.5%) | (+13.6%)
0.305 0.717 0.309 0.723
Tmc2007 0.804 0.798
(+62.1%) | (+10.8%) (+61.3%) | (+9.4%)
0.290 0.522 0.294 0.515
Birds 0.680 0.662
(+57.4%) | (+23.2%) (+55.5%) | (+22.2%)
0.104 0.227 0.105 0.228
Rcviv2 0.418 0.423
(+75.1%) | (+45.7%) (+75.0%) | (+46.1%)
0.319 0.495 0.320 0.493
Average 0.601 0.613
(+46.9) | (+17.6%) (+47.7%) | (+19.6%)
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Abstroct— Multi-label classification i= 1 supervized learning,
where one example ean belong to several elasses. In the case of
Support Vector Machine {(SVMA), One-versns-All (OVA) iz the
mo3t common approach to tackle this problem. Howewver, the
acenracy iz very limited doe to extremely imbalanced training set.
It is intereating that there have only very few works that applied
One-versuz-One (OV0) in the muli-label domain even though it
bhas heen zhown to provide better accuracy than OVA in the
muliiclass domain. In this paper, we propoze a mulii-label
claszsification framework that employz OV0 incorporating with
the undersampling technigue to alleviate the imhalanced iszue. In
the experiment, there are five standard benchmarks, The rezultx
show that our proposed algorithm ouiperforms OVA and
traditional OV in all data sets in termas of aceuracy and F1.

Kapwords- Mulii-Label; One-ve-ne; Clessificarion; Support
Fectar Machine;

I.  INTRODUCTION

Mhdulti-label classification is a supervised learning task where
a single example can beleng to many classes [1-4]. Recently, it
has increasingly been required in wide range of application, e.g.
text categorization, semantic image labeling, bioinformatics,
music categorization, and etc. Existing methods for the noulti-
label classification are categorized into two main methods:
algorthm adaptation and problem transformation [5]. The
alzorithm ion aitns to invent a new approach specifically
for multi-label classification The problem transformation
focuses on transforming a multi-label claszification task to a set
of binary classification tasks This approach is very popular
since it can employ any classification techniques that are suitable
for any domains resulting in hich prediction acouracy.

In this problem transformation approach, there are twro main
strategies: One-versus-One (OVO) and Cne-versus-All (OVA).
First, OVA induces a set of binary classifiers equal to the
number of classes. For i-th class, all examples in thiz class are
labeled as positives, while the remaining examples are labelad
as negatives [6]. For example, assume there are ten claszes, CF-
CI0, and each class contains equal number of examples. To
construct classifier C7, OVA szelects €75 examgples to be
positives and assigns the remaining examples (C2-CJ0) to be
negatives. Although OVA iz popular due to it is easy to
implement, however, this approach usually encounters “an
itmbalanced iszve,” where the majority class outnumbers the
minerity class. In this example. the nuniber of positive examples

078-1-5000-2033-1/16/$31.00 €2016 IEEE

iz only 10%, while the number of negative examples 1z 90%.
Thiz circomstance ahways leads to low prediction accuracy.
Becond, OVO induces a set of all class-pair binary classifiers [7].
For example, assume there are three classes, CI-C3. OVO aims
to create all pairs of classifiers resulting in 3 classifiers: ClwC32,
ClvsC3, and CvsC3. The prediction result is the class with the
highest vote by all classifiers. Although OVO is very popular
and has been proved to outperform OVA in the multiclass
domain [6, 7], it has been rarely used in the multi-label domain
since OVO can only predict one output class.

For the imbalanced izsus, there are two common solutions:
mndersampling and oversampling [2]. Aszmme the majority class
iz positive, and the minority class is negative. First, the
mndersampling stratesy balances data by randomly removing
examples from minority class. For ezample, there are 50
positives and 200 nepatives. This approach selects 50 positives
and randomly selects 50 negatives from all negatives. Second,
the oversampling strategy balances data by copying existing
ezamples or adding mere examples of the minority class. For
ezample, there are 50 positives and 200 negatives. This
approach selects 50 positives and randomby adds 130 positives.
The undersampling iz a preferred solution to handle with
imbalance issue [9].

In this paper, we propose a novel multi-label frameswork: that
applies OV instead of OVA to improve prediction accuracy,
while adaptz the undersampling techmique to alleviate the
imbalance bias. Our framework: 15 called "US-OVI0™. Support
Vector Machine (SVM) is our baseline classifier due to its
suceess reported in prior works [3]. To be more specific, the
strategy called “negative voting™ is presented in order to employ
OVO in the nmulfi-label domain, where the fraditional voting in
OVO cannot bevsed in this domain and proved in Section 6. The
experiment iz conductad on five standard data sets. The results
show that our approach cutperforms the undersampling OVA on
all data sets in terms of F1.

The rest of thiz paper iz organized as follows. Section 2
reviews previcus works that relate to our methed. Section 3
deseribes our performance evaluation. Section 4 describes our
proposed method. Section 5 shows i results. And,
Section & 13 conclusion of this paper with possible future worke
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O EELATED WORKS

A Support Vector Machine

SVM which is widely used to be classifier for multi-label
classification, is based on the concept of hyperplane to define
decision boundaries. The hyperplane iz one that separates
between a set of objects having different class memberships.

The se of SV iz to induce a hyperplane function in
(1), where W is a weight vector and b is a bias [4, 3, 10].
(WY =W x (x4 b) 1))
In (2) shows the optimnization function to constroct SV
hyperplane, where is a penalty parameter of misclaszifications.
]

1
Minimize,, EWTW +£ &
i=1

subject to (W) + ) 21— F il (3

In a non-linear separable problem, SVM handles this by
using a kemel function nen-linear to map the data into a higher
space, where a linear hyperplane cannot be used to do the
separafion. A kernel function is shown in (3).

K(xx1) = ¢(x)d(x)) (3)
A Separation
|/H:~Perpfm
- b A,
="z IR
="l a4
.-_I . ‘++t+
|+

Figure 1. A SVh hyperplane on binary classes: positive and
negative.

L. Existing Strategies on Multi-Label Classification

SVM iz a one of the most famous classification technique.
SVM has been proved to outperform other classification
techniques [3, 10]. Therefore, SV has been applied for mult-
label classification. B-SVM applies SVM with threshold
adjustment to minimize a bias of the majority clazs. The B-
SVM collects best threshold from indocted SVM model and
adjusts the threshold to apply with training subset that is
generated from data set. Then, best threshold of each training
subsets are collected and averaged to final threshold. Finally,
the final threshold is applied on inducted model Therefore, the
R-3VM ean improve accuracy of multi-label classification [4].
In [13], the OVA strategy is applied along with feature selection
and undersampling technique to alleviate an imbalanced issus
rezulting in higher accuracy.

Recently, OVO strategy has been applied for mulfi-label
classification. Twin SV strategy trains two difference binary
SVM classifiers to classify both of classes. A class label is then
selected from vote score. Twin SWVM has been applied with
ngive bayes by using ensemble method [11]. This approach
trains naive bayes classifier for all possible classes and nse twin
SVM to train pair of all classifiers. Nafve Bayes {INB) classifier
selects classes that have probability more than threshold. And,
the class that has low probability is refined by twin SVM
classifier. However, this approach takes double computing
time on testing process. And, NB has been applied to reduce the
computing time [11]. But, in testing process, unrelated data has
been used in classifier, resulting to misclassification problem.

However, B-SVh and twin SVh with NB are not used to be
our baseline method. Because, R-SVIM is threshold adjustment
method. Twin SVM with NB iz the application of twin-svm
with ensemble method We are interested in undersampling
approach. Therefore, OVA with undersampling is used to be
our baseline.

C. Selufion for Imbalance Issue

There are four solutions to solve imbalance problem,
including sampling method, cost sensitive leaming, recognition
baze, and ensemble-baze [8].

Sampling method is a preprocessing approach for handling
imbalanece iszue, including undersampling and oversampling.
The undersampling randomly removes negative example to
balance positive. However, undersampling may remove
significant patterns and capse a loss of useful information
Orversampling may lead to the overfitting problem.

Cost sensitive leamning assions the highest cost of
misclassification to positive class and inducts model with the
lowest cost. This strategy may lead to overfitting problem.

Eecognition based technique is one-class learning which
learns on target class only. Many classifiers can’t be inducted
by using the recognition base.

Ensemble based approach iz a combination of multiple
classifier to improve prediction performance. The ensemble
baze takes more computing time and leads to overfitting
problem.

M. PEFORMANCE EVALUATION

For classification task, there are four base values to compare
prediction result [12]. The accuracy can be calculated as the
following equation (4) by vsing prediction criteria in Table I.

TAELEL  PRECDICTION CEITERILA
Actual Class
A P |
Fredicted A Tme Positive (TR} Falze Pazitive (FF)
Clasy
Mot A | Falze MNegative (FM) | Troe Hegative (TI)
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TP4TN

Accuracy = TEHERHFN4TN )

For single label classification task, thare are three base

measuremants, including perdition, recall, Fy. Precision iz the

part of positive prediction instances that are relevant (3). Recall

1z the part of posttive mstances that are correctly pradict as
pozitive (8). Fy iz 2 weight of precision and recall (7).

TF

Precizion = e 3
b
Recall = IFiFm (E}
2+PrecivionsRacall
Fy = ZEredimes m

Precision+Recail

TAELEILT MaArsc-aVEARADNG AND MICRO-AVELAGE ON [AEEL-

EAsED (LB) MEASURES
LB-measores Macro-averagsing Micro-averaging

F Presizion ETP

Precision Clazs Ma, ET.F + ZF.F
¥ Precteion ETF

FRecall Elazs No. ITFYoFN

T Fy 2+ Precision + Recall
F. Clazr No. Precizion + Fecall

In pmlh-lakel elassification task, thare are three basze
measuremants, including acenracy, label-base, and example-
basa. The label-baze meazurement, that has two measurements,
incloding marro-averages and miero-average. In macro-avarage,
pracision, recall and Fy are computed for each clasz and
averaged. So, the maecro-Fy 15 an equal weight for each class.
The miero-average iz computed by using the precicion and
recall that are summed all local value (TP, FP, FN, and TA).
Then, the micre-Fy iz computed. The label-base measurement

can be calculated as the following equation in TABLEIL

TABLEIN. Exanpr=-Easen (EB) MEASTRES

Precision Fagall F,
Enl; ENT; 2+ Precizion » Reoail
F; T Precizion + Fecall

The example-baze measurement is nsed to evaluate the
performance for each example clazs. There are two example-
base measurements, including macro-avarage and mders-
average. Pracizsion, recall and Fy can be computad by follow
squation in TABLE IIL. T, iz true clazz, when P, is prediction
class.

IV. APROPOSED METHOD

OV stratezy 15 the well-known for mulhelass classification.
Teing OV with multi-label claszification, the problem has
been found m testing process. The problem iz a having
unrelatad data in clazeifier. It can cause of mizelassification Fig.

2. For example, there are four elassas, €-C4. Tecting data that
melude clazs ©F and O, are added to classifier Clu=C2
Actually, claszifier ClvsC2? can elasoify either O or CF
Tharefore, if claszifier ClveC2 predicts the testing data to be
positrve, the data that has elass CF 13 aszigned to be clazz C1.
Tha elazeifiar predicts tasting data to be negative, the data that
hasz claszs O4 will be assigned to be claszs O, Thesze can lead to
misclaszification problam

i ]

: @
1

N 222
11 1(;] fa) 2
1
4 a
4“-14
4
4%,

Figme }. Classifier C7-veran-02

Our approach collacts negatrve result from each elassifiar
and compared with threshold for clazs selection. The approach
can be uzed to reduce the unrelatad data in claszifier. However,
the imbalance izzue has haen found in some claszifiers. Henca,
the upderzampling statezy haz been used to sclve the
mnbalance problem A performance of owr approach is
enhanred.

The undersamplme OVA strategy 15 our bassline mathod.
Bacausa, it iz the most common approach of OVA In the
propozed framework, there are two main processes, meluding
unkiased model mduction and classification.

A. Unbiased Madel Induction

The undersampling 1= applied for inducting meodel. This
approach can reduce imbalance issne in process of classifier
consttuction. Positive examples are selected from label
Megatrve axamples are then randomly selected from pawr of
lakel. Tha number of negative examplaz must be equal to
positive examples. Then, bmary claszifiers are created fom
each pair of clazsaz. For exampla, thera are four classes CI-CY.
Thiz approach create six binary clazsifiers as ClwsC2, ClsCd,
ClveCd, ChsC3, Civsld, and CHweCd. Testme data are
claszified by the condueted model TABLE IV,
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TABLETW. APESUD®COCE FOR THE PROCESS OF "LNB1AZED
MODEL TNDUCTIOS

Alg\nrril him 1 Unbiased Slodel Tnduiction
1t b=lh
& for cach lobel do

k4 for ench puir of label - i do

4 selogt, Ll('.hjl'l'rl! o Label

5 random sclect nogative from pair label
i; train classifier with SVAM

T end for

& i+=1

o end for

1 Retuen elassifeation model
1L

MWegative results are ¢ollected from classifiers that associate
with the label. Then, negative resulis are counted and compared
with threshold. If number of negative result is higher than
threshold, the class label isn't selected. On the other hand, the
class label is sclected, if the number of negative result is lower
than or equal threshold (@) (113 Finally, resulis of each clazses
at the same instance, are marge 1o be multi-label. For example,
class CF i has ¢lassilffer ChaC2, ChaC3 and CheCd. In
testing process, our approach collecls negative voling Fom
classifier ChwC2, ChewC3, and ChsCd, Example |, all
claszifier are predicted to ba nagativa. The negativa woting
ceore is more than threshold Class £ iz not asszigned to
instance. Example 2, only claszifier ClvsCd iz predicted to be
negative. Class C] i= assizned to the instance. Because,
negative veting scora is lower tham or equal to thresheld
TABLE V.

= B ansion posibve
# Nagative { (110

= O dorimot a55igm positive

TAELEV. AM EXAMPLE OF AFPLYING OLUR WEGATIVE VOTDNG
STRATESY To CLAzEIFY ], woeRE @ (eax ¥EcaTVEF]

Testing Obs | Clhwe? Elvat? Clvtd P’:{':':f"'
1 Not €1 Nm €l Not C1 Nof C1
2 Mot C2 NHC3 Mot C1 Cl

Howaver, & of each classaz have a difference value.
Therefore, the validation data st has bean used to adjust the
best threshold value of each claszes. The threchold iz then uzed
m testing process TABLE VL

TABLE VI Aresuno cocE FoR THE FROCESS OF
“rLazzmcATIoN”

i“ll'-“'i“ll“ 2_[ P T
1 threshold = @
classilly testing data with Unbiased Moded

1 for each lalel do

i for each associated classifier do

S et gal e re=anlt frodn ssesosciaten] clsifier
G [uiTiii I.nga‘liu" froan associatend classifer
T: if count negative < §

8: assign predicted labed

& end for
1 end for
11:

V. ENPERIMENTS
A Data sets

In the experiment, there are five data sets meluding
emotions, scane, tmel07, yeast, and MIDE as shown details
in TABLE VIL

TABLE VII. BTATISTIC OF EXFERRMENTAL DAT.A EETS

Dhate sac BLabely KEremples | fLgdels par exvompls
Yeast 14 2417 4217

Emotion g 593 LB63
Scene 4 2,407 1074
AMIDB 18 120,912 2000

Tmc200T n 1B506 1158

EB. Experimsntal Results

There are three comparison methods, meluding
underzampling One-ve-A411 {US-0VA), One-vs-One (0OV0),
and underzamphng Ope-vz-Ona (US-0V0). They wera
evalnated by weing five performance meamiras: accuracy, labal-
bazed marro Fy, labal-based micro Fy, example-bazed maero Fy,
and example-based micro Fy.

TABLE X shows accuracy of sach strategy on frve data sets.
In comparisen betwean bazaling (US-0VA) and our methods,
the resultz show that bath of cur OV stratagiaz are supenor to
the bazeline. On average, an accuracy of OVO iz higher than
that of tha baseline for 13.76% and US-0V( iz even higher for
20.04%. Moreover, the undarsampling stratezy i1s r=ally
effactive since TIS-0VO outperforms OVO on all data sets.
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TAELE VIIL A COMBARIEONEETWEEN EASELINE (LV3-0W A AMD OUR. METHODS (00, TI5-0VOn
I TERMS OF LE ALONG WITHIMPE.OVEMENT PERCENT AGE FROM THE EASELINE F.

Lahal-Basad Alacrs Fy Lgbal Basad Alices Fy
Data set ek ova [EOVD LS o¥A oFa LEOVD
Y]] e - [EET TAETS
a ol
¥aast 02581 (+7.5%) (+L65%) 0333 (+H1212%) (+1301%)
: - FETET) REY3) - 3952 04012
Emotion D173 (HLT | (e640% 04337 (6055 {-0.527%)
62 0.600% , L5720 06078
-
Scene DI +13.81%) (H7.24) DaiH {+37 8500 (14 32%)
B1340 RNER] 03520 03627
MIDB nirs 1AL {+135) 01964 (+15.59%) +1E81%)
- EEE WA - RS TAET
Tmc2007 02075 {+L0.68%) (+21.48%) 017 (H2.57%) (+H15.27%)
D3TE 1411 TATH TATTL
Average AL Hoerg | reame 03024 L | leEs

TAELE I A COMPARIZON EETWEEN BASELIME (L'3-0WVA) AND OUF. METHODS (OV0, US-0V0) IN
TEFME OF EB ALONG WITH INPROVEMENT FER.CENTAGE FR.OM THE BASELINE F,

Exgmpls-Eazed Macre Fy Exsmplo-Bazed Micro Fy
Data saf EOFA oo 56V D5 OVA ore LE-OVD
Veast 04321 {+D1f?$:2'3’j (ﬁ'iig%s} 04463 [+[Ifﬂﬁgf) {ﬂﬁgm
o | o | i | o | i |40
Scane 0.5804 {+Ii'§.g§:{,) {gﬁ\ﬁs} 03404 [+Ii'9?.l;??%:{,) {+g't§.362%,e)
oo | ows | e | | o |0 T
Toac2007 0.3039 {jiﬁ]?:{,j {ﬁﬁ.’-ﬁ,@} 0.3087 [+Iifﬁi}f) {+g'§.?ssig':c}
Average 04311 {+Ii'2s.ilg?3e;j (+%§E-;} L {+[I'25.§1??-:\e;) (+g'§.jnﬂ-a}

TABLEI A coMPapison EETWEEY BASELCE (UE0VA) avm
oUR METUODE [0 TIE-OVO) 4 TERMS OF ACCUmacy
ALY WITH IMPLOVEMENT FERCENTAGE FROM THE BASELLYE

Diata set LEOFA aFg CE-Ov0
| o | G807 | o
Emution D.8446 (fuﬁa} f'?-;} tl}i?%%}
TERCEE AR
MIDB van | Siees | et
Tmc2007 £.8080 (ff'gg.l} tffﬁfg}
re T P N

On performance evaluation of our method and baseline using
label-bazed macre and micro Fy, the results are shown mm
TABLE VIII. The labal-based macro Fi of our methed is higher
than the bazeline (10.67%). horeover, the undarsampling
affacts to performance of classification (19.37%%). The label-
based micro Fy of owr methed iz higher than the baseline
(11 42%). Performance of lakbel-based micro Fy iz increazed,
when applied the nndersampling stratezy (16 83%). Therefore,

our method iz prove to outperform bacaline in labal-based Fy
tenm.

TABLE LA represents performance evaluation of our methed
and bazaline in terme of exampla-based. There two evaluators,
meluding macre Fy and micro Fy. In term of macro Fy, the result
show that our methed is better than bazeline (12_39%). Applying
undarzampling, macro Fy of our method is higher than baseline
(20.03%). In tarm of micro Fy the rasult show that our approach
is battar than baseline (12 67%). Uzing undareampling, micro Fy
of our approach 1z higher than baseline {20.09%). Therafora, our
method can predict result elosat the trus class than baseline.

VI CONCLITSION

In this papar, we propose a frameweork that applied OVO
stratezy with 3WVM for ephancing accuracy of mult-labal
claszification. In term of accuracy, the result in TABEL X
shows that our proposed method cutperforms OVA all data zets.
For labal-based Fy, the result in TABLE VIO indicates that our
method can mmprove performance of multi-label elassification
task better than OVA. In term of axample-bazed Fy, the result
m TABEL ¥ represents that our method has more efficiency
to predict the resalt that close to tme elass tham QWA
Therefore, our approach outperformad OVA_ Although, OVA
had been applied with underzampling to schve the mbalance
iszue. Our approach 1s significantly better than OVA
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Applying One-Versus-One SVMs to Classify
Multi-Label Data with Large Labels Using
Spark

Abstraet—Multi-Label classification aims to classify an
example that can belong to many claszes. Although One-
versus-All (OVA) is the most common approach, our
prior work has showm that the proposed One-versus-
One (OV0) always gives higher prediction accuracy
than OVA However, OVO requires an extremely high
computational cost when there are a large nomber of
labels. In this paper, we apply onr OVO 3VME on the
proposed Spark framework along with a mechanizm to
split a job into a set of small jobs and then process them
in parallel. The framework can indoce OV 5VMs very
fast, while maintaining the prediction accoracy even
thongh there are a large mmmber of classes. The
experiment was condoeted on fve  standard
benchmarks. The result shows that onr framework can
really reduce computing time on Spark environment,
while significantly ontperforms OVA in terms of F1 on
all data.

Eeywords- one-versus-one; support vwetor machine;
spuark; map-redice

L INTRODUCTION

Multi-Label Classification (ML) is a2 supervized
learning task where a single example can be
associated with many classes [1-4]. Recently, it has
increasingly been require in wide range of an
application such as text categorization, sematic image
labeling, bicinformatics and music categorization
metruction ML is cateporized into two main methods
including Algerithm Adaption (AA) and Problem
Transform (PT) [3]. AA is concerned with developing
a new algorithm where 15 specific to ML, PT 13 a
technique that transforms ML to 2 set of binary
classification task Thiz technigue iz very popular
applied on many classification techniques. It is
spitable  for any domain:  resulting in high
performance accuracy. PT iz classified ioto two
strategies: One-versus-All {(OVA) and One-versus-
One (OVO).

OVA strategy creates a set of binary classifiers
equal to the number of classes. For ith class, all
examples in this class are labeled as positives, while
the other examples are labeled as negatives. [6]. OVO

strategy induces a set of all classpair binary
claszifiers. The prediction result is the class with the
highest vote by all classifiers. Althouch, OVO iz
popular and has been proved to cotperform OWVA
the multiclass domain [6, 7] However, this strategy is
unsuitable for large class example Because, it creates
many classifier. Fig. 1 indicates that the nwmber of
classifier iz depend on sumber of class.

Classifier

Fimure 1. Growthrate of classifier per classes

Since, the real world data is inerease. Computing
time 12 subsequently increased due to data size. High
performance gadget is used to process data. However,
distributed computing system iz developed to sclve
the limitstion [8-13]. Thiz system use map-reduce
technique to distribite data to each computing node
for processing the data Mapreduce technique
consists of map and reduce process. Map distributes
and transforms data to key, value (k ) format
Beduce i3 used to reduce k v fom each compute
nodes to key, lst of value (k, list (v)). The distributed
comnputing system has two famons systems: Hadoop
and Spark Hadoop 1z based on disk while spark i
based on memory [12, 13]. However, spark was
proved to be high performance than Hadoop [12].

In this paper, we propose a multi-label famework
that applies OVOQ and map-reduce technique to
inprove prediction accuracy and decrease computing
time Cur framework iz called “DRUS-OVO™.
Support Vector Machine (SVMB) iz our baseline
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clazsifier due to its success reported in prier works [3]).
The experiment iz conducted on five standard data
zete. The regults show that our approach outperforms
OVA on all data sets in terms of F1 and reduce
computing time by applying map-reduce framework

II. BRELATED WORKS

A Support Vector Machine

EVM algorithm is widely vsed to be classifier for
multi-label classification. It is based on the concept of
hyperplane to define decision boundaries. Amount set
of chjects that have different class memberships are
separated by the hyperplane. The purpose of SVM 15
to induce a hyperplane function in equation (1), where
W iz a weight vector and 5 iz a bias [4, 5, 14]. In
equation (), it shows the optimization finction to
construct SVM  hyperplane, where is a penalty
parameter of misclazsifications. In a non-linear
separable problem, SVM handles this by using a
kernel fimetion non-linear to tnap the data into a
higher space, where a linear hyperplane cannct be
wsed to separate the different membershipe. A kernel
function 15 shown in equation (3).

h(w,b)=wx (x+b) (1)
Minimize,, ¢ %WTW +C “il g

subject to y(wT(x ) +b) = 1-§ =0 (2

K(xux) = olx)d(x)) 3)

B Existing Strategles on Mulfi-Label Classificafion
SVM which 1= a mme of the most famous
clazsification technigue has been proved to cutperform
other classification technigues [3. 13]. Therefore,
SWVM has been applied for multi-label classification
E-SWVM applies SVHd wath threshold adjustment to
minimize a bias of the majority clazss. The B-SVM
collects best thresheld from inducted SV model and
adjusts the threshold to apply with training subeet that
is generated from data set Then best threshold of
each training subsets are collected and averaged to
final thresheld Finally, the final threshold 1= applied
on inducted model. Therefore, the BE-SWMA can
improve accuracy of mulhi-label classification [4]. In
[13], the OVA strategy iz applied along wath feature
selection and undersampling technique to alleviate an
imtalanced 1ssue resnlting in higher accuracy.

Nowadays, OVO strategy has been applied for
multi-label classification. Twin SVIM strategy trains
two difference binary SV clazsifiers to classify both
of classes. A class label 13 then selected from vote
score. Twin SVM has been applied with naive bayes
by using enzemble method [16]. This approach trains
naive bayes classifier for all possible classes and use
twin SV to train pair of all classifiers. MNaive Baves
(NB) classifier zelects classes that have probability
more than threshold. And, the class that has low
probability is refined by twin SVM  classifier.
Herwever, this approach takes double computing time
on testing process. And, NE has been applied to

reduce the computing time [16]. But, in testing
process, unrelated data has been used in classifier,
resulting to misclassification problem. Therefore, n
previous work we propose method call “negative
voting™ that can sclve this problem [17]. This method
iz focus on negative result that uze to remove
unrelated data in testing process.

However, B-5VM and twin SVM with MNB are not
uzed to be our haseline method. Because, B-SVM 1=
threshold adjustment method. Twin-SVM with NE iz
the application of twin-SVM with ensemble method.
We are interested in undersampling approach.
Therefore, OVA with undersarnpling is used to be our
bazeline.

C. Existing Map-reduce Works

Mapreduce 1z a framework that include map and
reduce process [3-13]. The map-reduce framework 1z
widely used to process the data that have a large size
and more complexity. Map-reduce uses the kv pair
data type in map and reduce process. Map process
distributes the data to each computing node and
tranzforms data to k, v format And reduce process iz
used to merge result that is computed from each
cotnpute nodes to kb list (V). An overview of the map-
reduce system 15 shown in Fig. 2.

=)

- 1
/= C=1 {=]

{ e} _ﬂ_._:i
R = g U

Fizure 2. Mzp-reduce frame wark

Reference [B] applies 8VM with map-reduce
framework. In map process it will split training data
to a subset data that has deference size and vse local
SVM to train model for find local weight. After that,
reduce process sum up the partial weight vectors to
global weight if VM iz linear. In the other hand, if
SVM iz nonlinear in reduce process joins partial
alpha arrays to produce global alpha array. Reference
[11] applies S%M with map-reduce framework In
map process, it will split training data to a subset data
and use local SVM to employ model for find local
suppeort veetor. Then, local support vectors merge to
find global support vector in reduce process.

IO Prorosk METHOD

Recently, the prowth of data iz increasing in
cotnplexity, size and relevance The single machine
cannot be use to process data Subsequently, the
development of distributed computing system  was
attended. Here, this work aims to apply map-reduce
on multi-label classification using OVO SVMs. Using
OVO strategy with 5VM, unrelated data iz found in
testing process. It can lead to misclassification
problem Fig. 3. Therefore, this work use negative
voting method to remove the unrelated data in testing
process and adapt threshold adjusting to select mult-
label. A framework consists of two main process:
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construction of OVO classifier and applying of map-
reduce.

A Negaofive voting

Megative voting 15 used to label the example by
comparing the results that collect from classifiers that
associate with the label to remove unrelated data in
classifier. Because, the unrelated data iz found in
testing process when applying OVO strategy with
SVM.  For example class C1 that haz classifier
ClvweC2, ClvwsC3 and ClwveC4. In testing process,
testing data was appear nearly class C3. However by
uaing classifier Cl1vaC2 or ClvsC4 these classifier can
predict only claze Cl, €2 oo C4. It can lead to
mizclazsification problem. This method was focus on
negative to remove uwrelated class to aveid
misclazsification. For example, ClvsC2 was predicted
to class Cl then C2 was removed from this example.
ClvsC3 was predicted to class C3 then Cl was
remove from this example ClwsC4 was predicted to
clasz Cl then C4 was removed from this example.
This example was labeled to class C3 (Fig. 4). Then,
negative score are counted and apply with thresheld
adjusting to label the example more than one class If
number of negative score is higher than thresheld, the
class label 1an’t selected. On the other hand, the class
label iz selected, if the number of negative score is

lower than or equal thresheld (@),
SApOT whoTar Suppor verlor
ks L1 @ @ s £3
3 ()
%(g; Q@ @ ©

— I _ ' @

B.  Applying of mop-redure,

In apply distributed computing system, this work
use spark system Because, the system was proved to
be highest performance than hadoop. Spark store data
in memery. Thiz storage is called “Resilient
Dristributed Diatazet”™ (RDDY). In this work, we use six
cotnputing nodes including one master node and five
clusters. Performance of each computing node is 8
core 2.30 GHz Cpu and 12 GB memory.

Thiz process was inducted a set of amall job to
employ set of classifier by vsing SVM. Each job have
a same munaber of classifier. In map process, training
and testing data are stored into memory. Then, pointer
of each classes iz read to list fior filter the training data
to create training set of each classifier. Then induct the
clagsification model by uxing SVA After that, the
model is tegted by testing data. In reduce process, the
result of each classifier that associates i-#h class is
collected. And, megative voting method is used to
label the examples Finally, the reduce function is
used to merge the results that have the same instance
to multi-label result

@%ﬁi
@ fg)m

Fimwe4. Clazzifier that assocated clzzz C1 incloding

] ClvsCl, Clvel3 and Clus C4.
Finre3. Clamifier Cl-versus-C3
Map Reduce
-
|
Job 1 |
TriCiwsC2) ModelCivsc2) | | MNegative
Tr{C1lwsC3) Model{C1wsC3) | woting '
(AW P, 4
Jab 2 | i
Py \
Lplit TriCivsC4) Model|ClusCa] |© 1] 1y Negati
NEAR T O S ERN

N B

fulti -Label

Job 3 i
TriC2vsCd) | modencavca |£ 1) o
TriCvsC4) ModellC2vsC3) ;-1'1 | weting /
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IV. EXTERIMENT

A Datasets

In the experiment there are five data sets
incloding yeast, scene, tne2007, revlv? (subset) and
birds as shown details in Table I

TABILEI DIATASETS DESCRIMTION

#Lahels #Total
Dwata sets | #Labels | #Exemples per clazsifier
example
Veast 14 2417 123 a
Scene 6 1407 107 15
Tmc
2007 22 AB596 2158 231
Bovlv2 5
(subzen) 111 G000 3.126 3,050
Eirds 19 643 101 171

B Experimented Reswlf

For computing time evaluation, there are four
comparizon map-reduce 1, 2, 3, 5 jobs. They are
evaluated by using 3 performance measures: training
time, testing time and speed up rate.

For predichon performance evaluation, there are
two comparison methods, including undersampling
One-vs-All {US-0OVA), and map-reduce
underzampling One-vs-One (MRUS-OVO). They are
evaluated by using five performance measures:
accuracy, label-based macro F1, label-based micro F1,
example-based macro F1, and example-based micro
Fl.

Table IV shows accuracy of our strategy on five
datasets In comparizon bebween baseline (US-OVA)
and our methods, the results show that our MRIUS-
OVO strategies are superior to the baseline On
average, MBUS-OVO iz even higher for 1639%.

TAELEIIL

On performance evaluation, our method and
bazeline uzing label-bazed macro and micro F1, the
results are shown in Table II. The label-based macro
F1 of our methed is higher than the baseline {14.00%).
The label-based micro F1 of our method is higher than
the baseline (26.80%) Therefore, our method i
proved to outperform baseline in label-based F1 term.

Table IIT represents performance evaluation of our
method and baszeline in terms of example bazed.
There are two evalvators, including maero F1 oand
micro F1. In term of macro F1, the result shows that
our method iz better than bazeline (26.64%). In term
of micro, F1 the result shows that our approach iy
better than baseline (26.09%). Therefore, our method
can predict result closet the true class than baseline.

TAELEI. A COMPARISON RETWEEN BASELINE {LIS-
OWA) axn OUR METHODS (RMBUS-0WVD) 1N TERMS OF
ACCUBRACY ALONG WITH IMPROVEMENT PERCENTAGE FROM

THE BASELIMNE
Datasets UsS-0VvA MEUS-OVO
07818
Yeast 0.5186 AT
Scene 07T (-?igg;fa)
Tmc2007 0.8983 (ff;';fﬁ)
Rorl2 0.9430
Pl 0.6534 (+28.96)
Birds 0.7023 (Eiliau}
Average 0.7289 (+?'§g;§m}

Table V shows training time, testing time, total
time and speed up. These indicate that our method
can reduce the computing time. This work evaivates
the proposed method by using five standard datazets
that have difference size. The result indicates that
computing timme is growth depend on number of class
when vge OVO technique. However, cur method can
reduce computing time of all datasets and can remain
the high aceuracy prediction.

A COMPARIZEON BETWEEN EASELINE (US-0VA) AND OUE. MIETHODE {MELUS-0VO) IN TEEMSE OFLE

ALONG WITH INPEROVEMENT PEECENT AGE FROM THE BASELTHE F,

Label-Bazed Macro F1 Label-Bazed Micro F1

Detasets ™ s ova MRUS-OVQ US-OVA ARUS-OVO
Yesst 03501 (f;f' ;;ﬁ) 0.4207 {+?-?5.923-I1 }za}
Seene s cis it (cae%e)
Tmc2007 0.2076 {+':3"-35;";ﬂ 0.2117 {:;—;ggﬁ}
E:.E;; 0.01%9 (fﬂffﬁ) 2.1051 {+ﬂ1-?.?239216}
s el par e 0.2943 (3603
Average 0.2632 T 0.3643 o
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TAELE IV. A COMMPARIEON EETWEEN EASELIME (LJS-0VA) AND OUR. METHODSE (MEUS-0VO) I TEFME OF EE
ALCHWG WITH IMPEROVEMENT PERCENT AGE FROM THE BASELINE F,
Example-Egsed AMacro F1 Example-Based Micro F1
Data set US-OVA MEUS-0OVD US-OVA MEUS-DVD
05771 . 05201
Yeast 04812 (+8.50%) 05020 (+2.21%)
0.2412 - 0.2342
Sceme 0.re03 {+5.00%) 07821 218
0.2048 a 0.TRED
Tmc2007 03060 (+49.853) 03008 (+48.53236)
Rovlv? o 04188 - 042134
{subse) D.1041 £+31.4156) 01031 £+31.8384)
. - 05803 06627
Birds 02807 £+38.06%5) D2h42 £+34.5495)
o 06630 05616
Average 03065 [+26.64%) 04008 (+26.0036)
TABLE V. COMPUTING TIME (MIMUTE) FOR MEITE-0VO WITH THREE STANDARD DATASETS
Training Time {min) Testing time (min)

Datazets 1 7 3 3 1 E 3 & Speed up
Yeast 1524 039 19.79 1441 0.14 011 .10 004 1.54
EScene 4.01 232 201 173 0.023 0.014 Q0.009 0.007 219

Tmcli07 42.73 24623 2024 17.50 076 035 0.23 017 244

(r;‘:;]s':; 3,361.02 | 225004 | 192845 | 1124326 | 44045 | 23052 | 15612 | EG.ED 200
Rirds 3122.67 180.18 117.00 74541 0.52 035 .28 021 3.03

Average 752.83 490 47 417.09 150124 £8.41 4426 31.34 17.45 3.04
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V. CoONCLUEION

In this paper, we aim to increase an accuracy of
multi-label classification by applying our One-versus-
One (OVO) stratepy on SWhs; however, the
computational cost can be inereased when the number
of labels is large. To overcome this limitation, we
propoze a process to split and employ a set of
clazsifiers in parallel on Spark There are five
experimental datasets. The result showed that F1 of
our OVO SVMs is supericr to that of the baseline,
One-versus-All (OVA). Also. the computational cost
can really be reduced by half cn average in all data
sets when there are five sub-jobs mmnning on Spark
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: Y 1 2 3 4 5

Yeast 0.009 | 0.019 | 0.109 | 0.509 | 1.009

Emotion | 0.013 | 0.023 | 0.113 | 0.513 | 1.013

IMDB 0.001 | 0.011 | 0.101 | 0.501 | 1.001

Tmc2007 | 0.002 | 0.012 | 0.102 | 0.502 | 1.002

Blrds 0.003 | 0.013 | 0.103 | 0.503 | 1.003
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wUadeya é’ﬁgﬂﬁ 12

cv : integer or cross-validation generator, default=3
A cross-validation generator to use. If int, determines the number of folds in StratifiedKFold
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JUN 12 Meduigisnisuusteyalunisvin cross-validation agldin3asile spark-sklearn
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