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Abstract

This paper presentsan apgication of Boostingfor classifyinglabeled
grapts, gereralstructuregor modelinganumkerof real-world data,such
aschemnical compainds,naturallanguae texts, andbio sequenes.The
propcsal corsistsof i) decisionstumpsthat use subgrah as features,
andii) a Boostingalgarithm in which subgrajp-baseddedsion stumps
areusedasweaklearners.We alsodiscusgshe relationbetweernour al-

gorithm and SVMs with corvolution kernds. Two experimentsusing
naturallanguae dataand chemical compund showv that our method
achievescomparableor even betterperformamrethanSVMswith corvo-

lution kernds aswell asimprovesthetestingef ¢ iengy.

1 Intr oduction

Most machinelearning (ML) algorithmsassumethat given instance are representg in
numeical vedors. However, muchreal-world datais notrepresentgé asnumeical vedors,
but asmorecomgicatedstructuressuchassequaces trees,or grapts. Exampesinclude
biological sequaces(e.g.,DNA andRNA), chamical compands,naturallanguagetexts,
andsemi-structurediata(e.g., XML andHTML documents).

Kernd method, suchassuppat vecta machins (SVMs)[11], provide anelegantsolution
to hardling suchstructureddata. In this appro&h, instance areimplicitly mappel into a
high-dimensionalspacewhereinformationabaut their similarities (innerproduds) is only
usedfor constructinga hyperplare for classi cation. Recently, a number of kernds have
beenproposedor suchstructureddata,suchassequeces|7], trees[2, 5], andgraphg6].
Most are basedon the ideathat a featurevecta is implicitly compasedof the countsof
substructureée.g.,subsequeces subtreessubpahs,or subgraph).

Although kernelmethod shav remarkale performane, theirimplicit de nitions of fea-
ture spacemale it dif cu It to know whatkind of features(substructuresgrerelevant or
which featuresare usedin classi cations. To useML algorithmsfor datamining or as
knowledgediscoverytools,they mustoutputalist of relevant featureqsubstructures)This
informationmaybeusefulnotonly for adetailedandysis of individual databut for the hu-
mandecision-m&ing process.

In this pape, we presenta nev machine learningalgorithmfor classifyinglabeled graphs
that hasthe following charateristics: 1) It performslearningand classi cationusingthe
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structuralinformationof agiven graph.2) It usesa setof all subgraps (bag-of-subgaphs)
asafeaturesetwithoutary constraintsyhichis essentiallthe sameideaasa corvolution
kernel[4]. 3) Even thouch the size of the canddate featuresetbecanesquite large, it

automadically selectsacompactandrelevant featuresetbasedbn Boosting.

2 Classier for Graphs

We rst assumdhataninstanceis represetedin a labeledgraph. The focusedproblem
canbeformalizedasa gereral problemcalledthe graph classi cationproblem Thegragh
classi cation problam is to induce a mappng f (x) : X ! f 1g, from given training
examplesT = fhx;;yiigk, , wherex; 2 X is alabelal graphandy; 2 f 1gis aclass
labelassociatedvith thetraining data. We herefocuson the problemof binaryclassi ca-
tion. Theimportantcharacteristids thatinputexamplex; is representedotasanumeical
featurevecta but asalabded graph.

2.1 Preliminaries

In this paper we focuson undire¢ed, labded, and conrectedgrapts, sincewe caneasily
extend our algarithm to directedor unlabéed graphswith minor modi c ations. Let usin-
troducealabeledconrectedgraph(or simply alabeledgraph), its de nitionsandnotatiors.

De nition 1 LabeledConnetedGraph

A labeledgraphis represenedin a 4-tupleG = (V;E;L;l), whaeV is a setof vertices,
E V Visasetofedeges,L isasetoflabds,and | : V[ E ! L isamappingthat
assigndabelsto the verticesandthe edges. A labeledcomectal graph is a labeledgraph
sud thatthere is a pathbetwe=nanypair of verticies.

De nition 2 Sulgraph

LetG%= (VEE%L%19 andG = (V;E;L;l) belabeledcomectedgraphs. G°matdesG,
or Glisasubgaphof G (G° G) if thefollowing condtions are satis ed: (1) V° V,
(2) EO0 E,(3) L% L,and(4)1°= I. If Gis a subgaph of G, thenG is a supegraph
of G®.

Figurel shavs anexampleof alabeledgraph andits subgraptandnon-subgaph.

2.2 DecisionStumps

Decisionstumpsaresimpleclassi ersin which the nal decisionis madeby a singlehy-
pothesisor feature.Boostexter[10] usesvord-basediecisionstumpdor text classi cation.
To classifygraphs,we de ne the subgrap-basedlecisionstumpsasfollows.

De nition 3 Dedsion Stumg for Graphs
Lett and x be labeled graphsandy be a classlabel (y 2 f 1g). A decisionstump
classi er for graphsis givenby

_ def y t X
Prey i (X) = y otherwise:



The parameer for classi cationis atupleht; yi, heredter referredto asarule of decision
stumps.The decisionstumpsaretrainedto nd arule i ¢i thatminimizesthe errorrate
for thegiven trainingdataT = fhx;;y;igh; :

. X R
H ¢i = argmin T I(yi 6 hpey i (xi)) = argmin o (1 yihpyi(xi)); ()

t2F ;y2f 19 i=1 t2F ;y2f 19 L i=1

S
where F is asetof canddategraphsor afeatue set(i.e.,F = :‘zlftjt xig) andl ()
is theindicator function Thegainfunctionfor aruleft; yi is de nedas

. .\ def x
gam(“: y') = yihht;yi(xi): (2)

i=1
Using the gain, the searchproblem (1) bemmesequialent to the problem: H ¢i =
argmaxor .ot 19 92IN (M yi). In this pape, we usegain insteadof errorratefor clarity.

2.3 Applying Boosting

Thedecisionstumpclassi ersaretooinaccuateto beappliedto realapgications,sincethe
nal decisionreliesontheexistenceof asinglegraph However, accuaciescanbeboosted
by the Boaosting algorithm[3, 10]. Boosting repededly calls a given weaklearna and
nally prodwcesa hypothesisf , whichis fﬁ,linearconbinationof K hypothesegprodiwced
by the weaklearnes, i,e.: f (x) = sgn( E:l kD, i (X)) A weaklearneris built

at ead iterationk WBh differentdistributions or weights d) = (d;:::;d) on the
training data,where iLzl di(k) =1 di(k) 0. Theweightsarecalcuatedto corcentrate
moreon hardexampleshaneasyexamples. To usedecisionstumpsastheweaklearnerof

Boosting,we rede nethegainfunction(2) as:

. .\ def X
gain(ht;yi) = yidihnyi(Xi): 3
i=1
In this pape, we usethe AdaBoostalgorithm,the original andthe bestknown algorithm
amorg mary variantsof Boosting.However, it is trivial to t our dedsion stumpsto other
boostingalgorithms,suchasArc-GV [1] andBoostingwith soft maigins[8].

3 Efcient Computation

In this section,we introducean ef c ient and practica algorithmto nd the optimal rule
H ¢i from giventrainingdata.This problemis formally de nedasfollows.

Problem 1 Find OptimalRule

yi 2 f 1gisaclasslabelassociatedvith x; andd; ( iLzl d =1 d 0)isanormd-
izedweigh assignedo x;. GivenT, nd theoptimal rge H ¢i that maxmizesthe gain,
i.e, I 9i = argmax ¢ vt 19 iYihny i, WwheeF = :‘:lftjt XiQ.

The mostnaive and exhaustie methodin which we rst enumeateall subgrapk F and
thencalcuate the gains for all subgaphsis usuallyimpractical,sincethe number of sub-
grapls is exponential to its size. We thusadop an alternatve stratgyy to avoid suchex-
haustve enumeations. The methal to nd the optimal rule is modded as a variart of
brant-and-baindalgaithm andwill besummarizedsthefollowing stratgies: 1) De ne
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a canamical searchspacein which a whole setof subgrapk canbe enunerated.2) Find
the optimalrule by traversingthis searchspace 3) Prunethe searchspaceby proposinga
criteriafor theupper bound of the gain. We will describehesestepsmorepreciselyin the
next subsectios.

3.1 Efcient Enumeration of Graphs

Yan et al. propsedan ef ¢ ient depth- rst searchalgorithmto enunerateall subgrajps
from a given graph[12]. The key ideaof their algorithmis a DFS (depth r st seach)
code a lexicograplic orderto the sequene of edges. The searchtree given by the DFS
codeis calleda DFS CodeTree Leaving the detailsto [12], the orderof the DFS code
is de ned by the lexicographicorderof labelsaswell asthe topologyof graghs. Figure2
illustratesanexampleof aDFSCodeTree.Ead nocein thistreeis represetedin a5-tuple
[i;j;vi;ej ;v ], wheree; , vi andv; arethelabds of i j edgei-th vertex, andj -th vertex

respectrely. By performingapre-orde searctof the DFSCodeTree,we canobtainall the
subgraps of a graphin orderof their DFS code. However, onecanna avoid isomorphic
enunerationsevengiving pre-ordertraverse,sinceonegraphcanhave several DFS codes
in aDFS CodeTree So,canaical DFS code (minimumDFS codg is de nedasits rst

codein the pre-ordersearchof the DFS CodeTree. Yanet al. shav thattwo graphsG

and G° are isomorphicif andonly if minimum DFS codes for the two graphsmin (G)

andmin (GY arethe same. We can thus ignore non-minimunm DFS cocesin subgraj
enurrerations.In otherwords,in depth- rst traverse,we canprunea nodewith DFS code
¢, if ¢cis not minimum. Theisomorphicgraphrepreseted in minimum code hasalread

beenenumeatedin the depth- rst traverse.For example,in Figure2, if G; is identicalto
Go, Go hasbeendiscovered beforethe nodefor G, is reacked. This propeaty allows usto
avoid anexplicit isomorphictestof thetwo grapts.

3.2 Upper bound of gain

DFSCodeTreede nesacanaiical searctspacdn which onecanenunerateall subgraps
from a given setof graphs.We corsideranuppe bound of the gain thatallows pruningof
subspaein this canaical searchspace Thefollowing lemmagivesa corvenientmethal
of compuing atight upper bound ongain (it yi) for ary supegrapht®of t.

Lemmal Uppe bowundofthegain: (t)
Forany t° tandy2f 1g, thegainof h%yi isboundedoy (t) (i.e., gain (ht%i) (),
wher (t) is givenby

el X DS _ X X
t) = max 2 di yi di; 2 di + yi di
fijyi=+1 it xjg i=1 fijyi= 1t x;g9 i=1
Proof 1
_ o b DS o
gain (ht";yi) = diyihpeoyi (i) = diyi y @It xi) 1)

i=1 i=1



whee| () is theindicator function. If wefocusonthecasey = +1, then

X DS X DS
gain (% +1i) = 2 yidi yi di 2 di yi d
fijt0 xig i=1 fijyj=+1 ;t0 xjg i=1
X X
2 di yi di;

fijyi=t1 ;t x;g9 i=1
sincejfijyi = +1;t° x;gj jfijyi = +1;t x;gj foranyt® t. Similarly,
X X
gain (% 1i) 2 di+ vy d:

fijyi= Lt xjg i=1

Thusforanyt® tandy2 f 1g,gain(i%yi)  (t): 2

We canefc iently prunethe DFS Code Treeusingthe uppe bound of gain u(t). During
pre-ordettraversein aDFSCode Tree,we alwaysmaintainthetempaally suboptimalgain

amongall thegainscalcuatedpreviously. If (t) < ,thegain of ary supegraght® t
is no greaterthan , andthereforewe cansafelyprunethe searchspacespanred from the
subgrapt. If (1) , thenwe canrot prunethis spa@ sincea supegragh t®  t might
exist suchthatgain (t9

3.3 Efcient Computation in Boosting

At eachBoostingiteration,the subogimal value is resetto 0. However, if we cancalcu-
lateatighteruppe boundin advance the searctspacecanbeprunedmoreeffectively. For
this purposea cacle is usedto maintainall rulesfoundin the previous iterations.Sub-
timal value is calculatel by selectingonerule from the cache thatmaximizesthe gain of
thecurrert distribution. Thisideais basel on our obsenration thatarule in thecacte tends
to bereusedasthenumter of Boostingiterationsincreases.Furthemore,we alsomaintain
the searchspacebuilt by a DFS CodeTreeaslong asmemoryallows. This cacheredues
duplicaed constructionsof a DFS Code Treeat eachBoostingiteration.

4 Connedion to Convolution Kernel

Recent studieq1, 9, 8] have shavn thatboth Boostingand SVMs [11] work accading to
similar stratgies: constructingan optimal hypothesighat maximizes the smallestmargin
betwea positive andnegative examples.The differencebetweenthetwo algorithmsis the
metric of maigin; the magin of Boostingis measuredn |1-norm, while that of SVMs is
measuredn |,-norm. We describehow maximummaigin propeties aretranslatedn the
two algorithms.

AdaBoostandArc-GV asymptoticlly solve thefollowing linearprogram|1, 9, 8],
X
max posittyi o wihp(xi) 5 jjwjji=1 (4)
w2IR7; 2IR* j=1
whereld is the numbe of hypothesesNotethatin the caseof dedsion stumpsfor grapts,
J=jf 1g Fj= 2Fj.
SVMs, onthe otherhard, solve thefollowing quadraticoptimizationproblem [11]: *

worn@X L St (w (%))  Jiwjz= 1 )

For simplicity, we omit the biasterm (b) andthe extensionof Soft Margin.



Thefunction ( x) mapsthe original input examplex into a J -dimensionafeaturevector
(i.e., ( xX) 2 IR?). Thel,-normmamgin gives the separatindyperplaneexpressedy dot-
prodictsin featurespace Thefeaturespacdn SVMsis thusexpressedmplicitly by using
a Marcer kernelfunction, which is a generéized dot-prodwet between two objects,(i.e.,
K(x1;x2) = ( X1) ( X2)).

Thebestknown kernelfor modelingstructureddatais a corvolution kernd [4] (e.g.,string

kernel[7] andtreekernel[2, 5]), which arguesthata featurevedor is implicitly composed
of the counts of substructures? Theimplicit magping de ned by the corvolution kernel
isgivenas: ( x) = (#(t X); i #( e X)), wheret; 2 F and#( u) is the
cardindity of u. Noticingthatadecisionstumpcanbeexpressedshy.y ; (x) = y (21 (t

x) 1), we seethatthe constraintsor featurespaceof Boostingwith substructure-base
decisionstumpsare essentiallythe sameasthoseof SVMs with the corvolution kernd 3.

Thecritical differenceis the de nition of magin: Boostingusesl;-norm,andSVMs use
I>-norm. Thedifferene betwea themcanbe explainedby sparseness

It is well known thatthe solutionor separatindnyperplaneof SVMs isF;expresseciln alinear
combnation of training examplesusing cod cients , (i.e.,w = iL=1 i (1 xi)) [11].
Maximizing l,-normmargin gives a sparsesolutionin the exanple space (i.e., mostof
becanes0). Exampeshaving nonzerocod cients arecalledsuppat vectosthatformthe
nal solution. Boosting,in cortrast,performsthe compuation explicitly in featurespace.
The coneptbelind Boostingis thatonly a few hypothesesareneealedto expressthe nal
solution.l;-normmamin realizessucha propety [8]. Boostingthus nd sasparsesolution
in the feature space The accuaciesof thesetwo methodsdepend on the given training
data.However, we arguethatBoaostinghasthefollowing practicd advantages. First,sparse
hypothesesllow the constructiornof anef cient classi cationalgorithm. The conplexity
of SVMswith treekernelis O(ljn1jjnzj), wheren, andn, aretreesandl is thenumbe of
suppaet vectas, whichis tooheary to beapgdied to realapplicdions. Boosting,in contrast,
performsfastersincethe compleity dependsonly on a smallnumter of decisionstumps.
Secwod, sparsénypathesesreusefulin practiceasthey provide “transparentmodds with
which we canandyze how the mocdel performsor what kind of featuresare useful. It is
dif cu It to give suchanalysiswith kernelmethod sincethey de nefeaturespacemplicitly.

5 Experiments and Discussion

To evaluateour algorithm,we employedtwo experimentsusingtwo real-world data.

(1) Cellphonereview classi cation(REV)

Thegoalof thistaskis to classifyreviews for cellphonesaspositive or negative. 5,741sen-
tences werecollectedfrom anWeb-BBS discussiorabou cellphaesin which userswere
directedto submitpositive reviews separatelfrom negative reviews. Eachsentencés rep-
resentedn aword-baseddepedercy treeusinga Japansedependancy parserCaChé.

(2) Toxicology predictionof chenical compainds(PTC)
The taskis to classify chemical compounds by carcinognicity. We usedthe PTC data
seP corsising of 417 compaindswith 4 typesof testanimds: malemouse(MM), female

2Strictly speakinggraphkernel[6] is notacorvolutionkernelbecaseit is notbasednthecount
of subgraphshut onrandomwalksin agraph.

3The differencebetweendecisionstumpsand the corvolution kernelsis that the former usesa
binary featuredenotingthe existence(or absencepf eachsubstructurewhereaghe latter usesthe
cardinalityof eachsubstructureHowever, it maleslittle differencesinceagivengraphis oftensparse
andthe cardinalityof substructurewiill beapproximatedy their existence.

“http://chasen.nist.jp/ taku/software/cabola/

Shttp://wwwpredictive-toxicologyorg/ptc/



Table 1: Classi cationF-scoresf the REV andPTCtasks

REV PTC

MM FM MR FR
Boosting | BOL-basedecisionStumps 76.6 | 47.0| 52.9| 42.7 | 26.9
Subgraph-basedecisionStumps| 79.0 | 48.9 | 52.5| 55.1 | 48.5
SVMs BOL Kernel 77.2]40.9| 39.9| 43.9| 21.8
Tree/GraptKernel 79.4| 423 | 34.1| 53.2| 25.9

mouse(FM), malerat (MR) andfemalerat (FR). Each commundis assignedne of the
following labels:f EE,IS,E,CE,&,PNE,Ng. We hereassumehat CE,SE andP are“posi-
tive” andthatNE andNN are“negative”, which is exactly the samesettingas[6]. We thus
have four binaryclassi ers(MM/FM/MR/FR) in this dataset.

We compaedtheperformane of our Boostingalgorithmandsupportvecta machneswith
treekernd [2, 5] (for REV) andgraphkerné [6] (for PTC)acwordingto their F-scorein
5-fold crossvalidation

Tabe 1 summarizeghe bestresultsof REV and PCT task, varying the hyperparameers
of Boostingand SVMs (e.g., maximun iteration of Boaosting, soft maigin paramete of
SVMs, andterminationprobaility of randon walksin graphkernel[6]). We alsoshov
the resultswith bag-of-labé (BOL) featuresasa baseline In mosttasksand categories,
ML algorithmswith structuralfeaturesoutperformthe baselinesystemqgBOL). Thesere-
sultssupportour rst intuition thatstructurafeaturesareimportantfor the classi cationof
structureddatg suchasnaturallanguagetexts andchemicé compounds.

Compaing our Boosting algorithmwith SVMs usingtreekernel,no signi cant differene
canbefoundthe REV dataset. However, in the PTCtask,our methal outpaforms SVMs
usinggraphkernd on the catggoriesMM, FM, andFR at a statistcally signi cant level.
Furthermaoe, the number of active featuregsubgraphsysedin Boostingis muchsmaller
thanthoseof SVMs. With our methals, abaut 1800 and50 featuregsubgrapk) areused
in the REV and PTC tasksrespectiely, while the potentialnumber of featuresis quite
large. Evengiving all subgraphk asfeaturecardidates Boostingselectsa smallandhighly
relevant subsebf features.

Figure3 shov anexample of extraded supportfeaturegsubgraphsin the REV andPTC
taskrespectrely. In the REV task,featuresre ecting the doman knowledge (cellphore
reviews) are extracted 1) “want to use”! positive, 2) “hard to usé€! negative, 3)

“recharging time is short’ ! positive, 4) “recharging timeis long’ ! negative. These
featuresareinterestingbe@usewe canrot determinethe correctlabel (positive/neative)

only usingsuchbagof-label featuresas“charging; “short; or “long.” In the PTCtask,
similar structureshow differentbehaior. For instance Trihalomettanes(TTHMs), well-

known carcirogeric substancege.g., chloroform, bromodchlorometfane,and chlorod-

bromoméhang, containthe commonsubstructuréd-C-Cl (Fig. 3(a)). However, TTHMs

do not contan the similar but differentstructureH-C(C)-CI (Fig. 3(b)). Suchstructural
informationis usefulfor andyzing how the systemclassi esthe input datain a cateyory
andwhatkind of featuresareusedin the classi cation We canrot examinesuchandysis
in kernelmethod, sincethey de netheir featurespacaemplicitly.

Thereasorwhy gragh kernd shavs poa performarre onthe PTC datasetis thatit canrot
identify subtledifferencebetweentwo grapts becaiseit is basedon arandomwalksin a
graph For example, kerneldot-prodict betwee the similar but differentstructures3(c)
and3(d) bemmesquite large, althoudh they shav differentbelavior. To classifychenical
compounds by their functiors, the systemmustbe capable of capturingsubtledifferences
amory given grapls.

Thetestingspeedf our Boostingalgorithmis alsomuchfastethanSVMs with tree/grap
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Figure3: Support featuresandtheir weights

kernels.In the REV task,the speedof BoostingandSVMs are0.135sec./1,149nstances
and57.91sec./1,18 instancesespetively®. Ourmethodis signi cantly fastethanSVMs
with tree/graptkernds withouta discernibldossof acairagy.

6 Conclusions

In this pager, we focusel on an algorithmfor the classi cation of labeled grapts. The
propasal consistsof i) dedsion stumpsthat usesubtreesas features,andii) a Boosting
algorithmin which subgrapkbasediedsion stumpsareapgied astheweaklearnes. Two
experimentsareemgoyedto conrm theimportarce of subgrap featuresln addition,we
experimentallyshav thatour Boostingalgarithm is accuateandef cient for classi cation
tasksinvolving discretestructuralfeatures.
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