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Abstract

Comparative analysisof metabolicpathwaysin differentgenomescangive insightsinto theunder-
standingof evolutionaryandorganizationalrelationshipsamongspecies.This type of analysisallows
oneto measuretheevolutionof completeprocesses(with differentfunctionalroles)ratherthantheindi-
vidualelementsof a conventionalanalysis.We presenta new techniquefor thephylogeneticanalysisof
metabolicpathwaysbasedonthetopologyof theunderlyinggraphs.A distancemeasurebetweengraphs
is definedusingthesimilarity betweennodesof thegraphsandthestructuralrelationshipbetweenthem.
This distancemeasureis appliedto theenzyme-enzymerelationalgraphsderivedfrom metabolicpath-
ways. Using this approach,pathwaysandgroupof pathwaysof differentorganismsarecomparedto
eachotherandtheresultingdistancematrix is usedto obtaina phylogenetictree.We applythemethod
to theCitric Acid CycleandtheGlycolysispathwaysof differentgroupsof organisms,aswell asto the
CarbohydrateandLipid metabolicnetworks. Phylogenetictreesobtainedfrom the experimentswere
closeto existingphylogeniesandrevealedinterestingrelationshipsamongorganisms.

1 Intr oduction

Evolutionaryandorganizationalrelationshipsamongspecieshave beeninvestigatedfor several decades.
Mostof thesestudiesperformaphylogeneticanalysisof DNA or proteinsequencesto studytheevolutionary
historyof organismsfrom bacteriato humans[33, 39]. Thesemethodsleadto a phylogenetictreein which
thenodesrepresentdifferentspeciesandtheedgesrepresentancestryrelationships.

Understandingof evolutionaryrelationshipsmaybefurtherexpandedby comparinghigher-level func-
tionalcomponentsamongspecies,suchasmetabolicpathways.In suchpathways,enzymes,substrates,and
reactionsaregroupedconceptuallyinto networks aspart of a dynamicinformationprocessingsystem.A
metabolicpathwaysis a seriesof individual chemicalreactionsin a living systemthatcombineto perform
oneor more importantfunctions(viz., glycolysisandKreb's cycle). Comparative analysisof metabolic
pathways in differentgenomesyields importantinformationon their evolution. Studiesin this direction
focusingon individualpathways[15, 16, 17] or ontheentiremetabolicrepertoire[30] havebeenattempted.
Suchanalysisallows us to measurethe evolution of completeprocesses(with different functional roles)
ratherthantheindividualelementsof conventionalphylogeneticanalysis.

In thispaper, wepresentatechniquefor constructingaphylogenetictreeusingthestructuralinformation
inherentin themetabolicpathwaysof differentorganisms.To thisend,wepresentanew graphcomparison
algorithmfor computingthe evolutionarydistancebetweentwo pathways. Sinceevolutionarydistanceis
basedon thedivergenceof theelementsconstitutingthepathwaysaswell asthedivergenceof thenetwork
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structure,we combineboththeseaspectsin formulatinga measureof thedistancebetweenpathways. The
formeraspectof thedistance,i.e., thesimilarity betweentwo enzymes,canbedefinedusingthesequence
similarity of thecorrespondinggenes,or structuresimilarity of thecorrespondingproteins,or thesimilarity
betweenEC (EnzymeClassification)numberof thecorrespondingreactions[34]. For the latter aspectof
thedistance(basedonnetwork structure),weuseaheuristicbasedon randomwalks[19, 28].

Beforeweapplythegraphcomparisonalgorithm,theinformationin ametabolicpathway or agroupof
pathwaysis abstractedinto anenzymegraph. An enzymegraphremovestheinformationonmetabolitesand
substratesfrom a pathway andconsidersonly theorderof differentenzymespresentin thepathway. Our
graphcomparisonalgorithmis usedfor a pairwisecomparisonof the enzymegraphsfrom differenttaxa.
This yieldsa distancematrix betweentheorganisms.A phylogenetictreeis constructedfrom this distance
matrixusingexistingsoftwaretools.

Weappliedour techniqueto theGlycolysisandCitric Acid Cyclepathways,aswell asto themetabolic
networkscomposedof theCarbohydrateandLipid metabolicpathways.Theclusteringof organismsin the
resultingphylogenetictreeswasconsistentwith theexistingstandards.In orderto evaluatethequalityof our
phylogenetictrees,we alsouseda similarity metric; this metricdemonstratedthatour approachis superior
to competingtechniques.

This paperis organizedasfollows. Section2 summarizesthetraditionalphylogenetictreeconstruction
algorithmsandexisting techniquesfor comparative analysisof metabolicpathways. Section3 describes
our phylogenetictreeconstructionalgorithm, from extractionof enzymegraphsto graphcomparisonto
treebuilding. Section4 presentsthe detailsof the graphcomparisonalgorithm. Section5 describesthe
experimentalresultsusingtheGlycolysisandKrebsCitric Acid Cyclepathways,aswell astheCarbohydrate
andLipid metabolicnetworks,on a varyingnumberof organisms.We concludewith a brief discussionin
Section6. A proofof convergenceof ourgraphcomparisontechniqueappearsin anAppendix.

2 RelatedWork

To studytheevolutionaryrelationshipsbetweenorganisms,variousmethodscanbeemployed to estimate
when the speciesmay have diverged from a commonancestor. Having this information allows one to
constructa phylogenetictreein which speciesarearrangedon branchesthat link themaccordingto their
evolutionary descent. The most popularand frequentlyusedmethodsof tree building can be classified
into two major categories[33, 39]: pheneticmethodsbasedon distancesandcladisticmethodsbasedon
characters.Theformermeasuresthepairwisedistance/dissimilaritybetweentwo organismsandconstructs
the tree totally from the resultantdistancematrix. In the latter, treesare calculatedby consideringthe
variouspossibleevolutionsandarebasedonparsimony or likelihoodmethods.Theresultingtreeis theone
thatoptimizestheevolution.

2.1 Phylogenetictr eesbasedon DNA and RNA sequences

Constructionof phylogenetictreesfor agroupof taxarequiresdatafor eachof thetaxathatcontaininforma-
tion abouttheir evolutionaryhistory. Historically, morphologicaldatawasusedfor inferring phylogenies.
However, theabundanceof DNA/RNA sequencedatacurrentlyavailablefor a varietyof organismshasled
to phylogeneticinferencebasedon thesedata. Most of the phylogeny algorithmsrely on multi-sequence
alignments[13] of cautiouslyselectedcharacteristicsequences:sequencesof a single protein or single
genefrom eachorganism.Numerousstudieshave usedtheRibosomalRNA 16Ssequences,becausethese
sequencesexist in all organismsandarehighly conserved[12, 31].

However, in spiteof thesuccessof rRNA microbial taxonomy, theevolutionaryrelationshipsbetween
majorgroupsof organismsarestill unclearbecausephylogeneticanalysisof singlegenesequenceslacksthe
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informationto resolve deepbranchesin thetree.Further, misalignmentanddiffering evolutionaryratescan
resultin phylogenetictreeswith thewrongtopology. Therecentlycompletedsequencesof severalorganism
genomesprovideanenormousamountof datawith which to addresssomeof theseproblems.Phylogenetic
analysiscanalsobeperformedusingthewholegenome[14, 29], leadingto moreprecisestudies.However,
only a limited numberof genomesequencesareavailableto date,andhencetheresultsof suchtechniques
maynotberepresentative of thewholepicture.

2.2 Phylogenetictr eesbasedon metabolicpathways

Metabolismis definedasthesetof complex physicalandchemicalprocessesinvolved in themaintenance
of life. It is comprisedof a vast repertoireof enzymaticreactionsand transportprocessesusedto con-
vert thousandsof organiccompoundsinto the variousmoleculesnecessaryto supportcellular life. The
metabolismof eachorganismis subdivided in differentmetabolicpathways. Eachmetabolicpathway is a
seriesof individual chemicalreactionsin a living systemthat combineto performoneor moreimportant
functions.Theproductof onereactionin a pathway servesasthesubstratefor thefollowing reaction.Re-
cently a few methodsthat useorganisms'metabolicpathways to computea phylogenetictreehave been
proposed[15, 16, 17, 30, 47]. Comparative analysisof the pathwayscanshedimportantinformationon
evolution, andallows the analysisof completeprocessesratherthanthe individual elementstypical of a
conventionalphylogeneticanalysis.

Liao etal. [30] havedevelopedacomputationalmethodto compareorganismsbasedonwholemetabolic
pathway analysis.Thepresenceandabsenceof metabolicpathwaysin organismsis profiledasa boolean
vector. Basedon this methodologyandusingsomespecificdistancemeasureson theseprofiles,pairwise
comparisonsof asetof completedgenomesareperformed,andphylogenetictreesareconstructedusinghi-
erarchicalclustering.Theresultsprovideaperspective ontherelationshipamongorganismsthatis different
from conventionalphylogenetictreesbasedon16srRNA.

ForstandSchulten[15, 16, 17] alsoextendconventionalphylogeneticanalysisof individualelementsin
differentorganismsto theorganisms'metabolicnetworks. They outlinea methodthatcombinessequence
informationof enzymeswith informationof theunderlyingnetworks.A globaldistancebetweenpathways
is definedusingdistancesbetweensubstratesanddistancesbetweencorrespondingenzymes.Theanalysis
is appliedto a varietyof networksyielding a comprehensive understandingof similaritiesanddifferences
betweenorganisms.Our work is differentin thatwe usethestructureof thenetwork to computedistances,
notmerelythepresence/absenceof enzymes.

Tohsatoet al. [47] presenta methodfor thecomparative analysisof genomesandmetabolicpathways
basedon similarity betweengeneordersandenzymaticreactions.To measurethereactionsimilarity, they
formalizea scoringsystemusingthe functionalhierarchyof theEC numbersof enzymes.They usea dy-
namicprogrammingbasedtechniqueto aligntwo or morepathways.Thesimilarity scorebetweenpathways
is expressedastheinformationcontentof theiralignment.They applytheiralgorithmto themetabolicpath-
waysin Escherichiacoli. Unfortunately, theiralgorithmdoesnotconsiderbranchingpathwaysthatoccurin
somemetabolicpathways,it canonly beappliedto a line graph.

2.3 Pathway databases

A largenumberof metabolicpathway databasesarecurrentlyavailable,viz., Kegg,EcoCyc,andWIT. The
Kyoto Encyclopediaof GenesandGenomes(KEGG) [1, 24, 37, 38] server is a repositoryof metabolic
pathwaysfor organismswith completelysequencedgenomes.KEGG provides informationon molecular
andcellularbiology in termsof theinformationpathwaysthatconsistof interactingmoleculesor genes.It
alsoprovideslinks from thegenecatalogsproducedby genomesequencingprojects.TheKEGG database
providesmetabolicpathwaymapsandregulatorypathwaysmaps,whichcanbeviewedin termsof aspecific
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organism. It providesenzymedatawith links to pathways,genes,diseases(OMIM database),motif and
PDB(ProteinDataBank)structures.WeusetheKeggdatabasein ourstudyto obtainmetabolicpathwaysof
differentorganismsaswell asinformationabouttheenzymespresentin thepathwaysandtheirclassification.

EcoCyc[2, 25, 26] wasoriginally a databasefor metabolicpathwaysin EscherichiaColi. It hasbeen
extendedto othermicrobial organismsto producethe databaseMetaCyc. The databaseis basedon pub-
lishedexperimentaldataand,unlike KEGG, alsoincludesinformationaboutgenesthathave not yet been
sequencedbut whosefunctionhasbeencharacterizedby geneticandbiochemicalapproaches.

WIT (What is There)[3] is anotherdatabasewhich providesinformationon geneandoperonorgani-
zation,aswell as informationaboutmetabolicnetworks for completelyor partially sequencedgenomes.
Currently53 genomesof microbialorigin andoneof a multicellularorganismareaccessiblevia theWIT
system.Of thesegenomes,42 have beencompletelysequencedandtheremainingaresubjectsof ongoing
sequencingprojects.

Themaindifferencebetweentheabovedatabasesis in thewayapathwayis built for differentorganisms.
In Kegg, pathwaysareconsensusviews not specificto a particularorganism.For eachconsensuspathway
view, enzymesthoughtto exist in a particularorganismcanbehighlighted.In WIT, consensusviews exist,
but pathway collectionsare organizedby species. In EcoCyc,eachdatabaseis specificto a particular
organism.It hastheadvantageof beingexperimentallyverified.

2.4 Graph comparisontechniques

Theproblemof computingsimilarity betweengraphshasbeenstudiedin variousdomains:structuralpattern
recognition,computervision, schemacomparisonin databases,etc. SanfeliuandFu [44] groupdistance
measuresongraphsinto two categories:� Feature-baseddistances:A setof featuresis extractedfrom eachgraph.Thesefeaturesarecombined

into a vectoronwhichexistingdistancemeasures(suchasEuclidean)canbedefined[10].� Cost-baseddistances:The distancebetweentwo graphsmeasuresthe numberof modifications[8]
requiredin orderto transformthe first graphto the secondgraph. A setof edit operations,suchas
deletion,insertion,andsubstitutionof nodesandedgesaredefined,andthesimilarity of two graphs
is computedastheleastcostsequenceof editoperationsthattransformsonegraphinto theother.

As an exampleof the first category of distances,Papadopoulosand Manolopoulos[40] constructa
featurevectorfor agraphby calculatingthedegreeof eachvertex in thegraph.Dueto errorsanddistortions
in the input dataandthegraphmodels,approximateor error-tolerantgraphmatchingmethodsareneeded
in many applications.The secondcategory of distancemeasuresdealswith this problemwell. Shashaet
al. [49] defineanedit distancebetweenConnectedUndirectedAcyclic graphswith Labellednodesbeing
(CUAL). Sincecomputingthis distanceis NP-complete,they proposea constraineddistancemetric,called
the degree-2distance,by requiringthat any nodeto be inserted(deleted)have no morethan2 neighbors.
With thismetric,they presentanalgorithmto solve theproblem.

In additionto thesetwo categories,graphmatching[11] andsubgraphisomorphism[48, 41] arefre-
quently usedto comparegraphs. Bunke and Shearer[9] defineda graphdistancemetric basedon the
maximalcommonsubgraph.The main problemwith subgraphisomorphismis that it is an NP-complete
problem1.

Severalapproacheshavebeendevelopedrecentlyfor computingstructuralsimilarities.Melnik etal. [32]
find thebestmatchingbetweentwographsusinganiterativefixpointcomputation.Theirtechniqueconsiders

1Matchinglabeledgraphsis not a hardproblemwhenthematchingbetweenlabelsis oneto one.But whenthatis not thecase
andadistancemeasureis definedon thelabels,theproblemagainbecomesdifficult.
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thenodesof two graphsto besimilarwhentheiradjacentnodesaresimilar. Unlike ourapproach,they only
considersimilaritiesof the“out-neighbors”and“in-neighbors”;our techniqueincorporatesthesimilarities
of missingingoingandoutgoingedgestoo in thecomputationof thenodessimilarities. They alsodo not
definea distancemeasurebetweenthe two graphs,concentratinginsteadon finding the optimal mapping
betweennodes. In a similar vein, JehandWidom [23] definea similarity measurebetweenthe nodesof
a given graph. The intuition behindtheir algorithmis that “two objectsaresimilar if they arerelatedto
similar objects”.Similarity measuresbetweentwo nodesaredefinedby thesimilaritiesof thenodeswhich
refer to thesenodes.This approachdefinessimilarity betweennodesof a graphandnot betweengraphs,
aswe proposein this paper. BlondelandVanDooren[7] definea conceptof similarity betweenverticesof
directedgraphs.Thesimilarity scoresbetweentwo nodesaredefinedby thesimilaritiesof theancestorsand
descendantsof thenodes.They show thatthesimilarity scoresaregivenby thecomponentsof a dominant
vectorof anon-negative matrixandproposeaniterative methodto computethem.

3 Our algorithm

We divide theprocessof building phylogenetictreesfrom metabolicpathwaysinto threesteps.In thefirst
step,enzymegraphsareconstructedfor aspecificmetabolicpathwayfromasetof organismsunderstudy. In
thesecondstep,pairwisecomparisonof theseenzyme-enzymerelationalgraphsis performed.Thisyieldsa
distancematrixbetweenorganisms.Usingthismatrix,aphylogenetictreeis computedin thefinal stepwith
thehelpof existingsoftwarepackages.Onceaphylogenetictreehasbeenobtained,wecomputeits quality
by comparingit with existing standardssuchastreesbasedon 16SrRNA andNCBI's classification.These
stepsaredetailednext.

3.1 Obtaining enzymegraphs fr om pathways

The collection of reactionsand enzymesthat an organismusesto achieve a certainmetabolicfunction
determinesthearchitectureandtopologyof thepathway. Metabolicpathwayscanbeabstractedasreaction
graphs(networks)with specificgraph-topologicalinformation,suchasconnectivity. A metabolicpathway
can be representedas a directedreactiongraphwith substratesas verticesand directededgesdenoting
reactions(labelledby enzymes)betweenthevertices.

Given a pathway or a group of pathways, we extract binary relationsbetweenenzymes[35, 18] as
follows. Two enzymesarerelatedif they activatereactionswhich shareat leastonechemicalcompound,
eitherassubstrateor asproduct. In the enzymegraph �����	��

��� for a given pathway � , the vertex set� consistsof theenzymespresentin thepathway � andthesetof edges� representtheenzyme-enzyme
relationshipsof thepathway. Thereexistsadirectededgefrom enzyme��� to enzyme��� in � if ��� activates
somereaction ��� � (with substrate� andproduct � ) and ��� activatessomereaction ��� � (with
substrate� andproduct � ).

Ogataet al. [36] modelmetabolicpathways in a similar manner. Eachmetabolicpathway is treated
asa graphwith enzymes(geneproducts)as verticesandchemicalcomponentsasedges. Two adjacent
verticesrepresentingsuccessive enzymesor reactionstepsin thepathwayareconnectedby at leastoneedge
representinga specificchemicalcompoundwhich is botha substrateof onereactionanda productof the
otherreaction.

3.2 Pairwise comparisonof enzymegraphs

Eachenzymegraphis specificto a particularorganism.A distancematrixbetweenorganismscanbecom-
putedby performingapairwisecomparisonof thesegraphs.For this,weuseanew algorithmthatcombines
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similarity betweenobjectsrepresentedby the nodesof the graphsandinformationon thestructureof the
enzymegraph.Thealgorithmis detailedin Section4.

To definea similarity measurebetweenthe enzymesof the graph,different notionsof relationships
betweennodesof thegraphs(enzymes)canbeexploited: sequencesimilarity of thecorrespondinggenes,
structuresimilarity of the correspondingproteins,or similarity betweenEC (EnzymeCommission[34])
numbers.The EC identifier of an enzymeconsistsof four digits that categorizethe type of the catalyzed
chemicalreaction.In theexperimentalresultspresentedlater, we usethis information.We usea similarity
valueof 1 if all thefour digitsof thetwo reactionsareidentical,0.75if thethreefirst digitsareidentical,0.5
if thetwo first digitsareidentical,0.25if thefirst digit is identical,and0 if thefirst digit is different.

By applyinga pairwisecomparisonto a setof � enzymegraphs,we getan ��� � similarity matrix.
Thesimilarity scoresrangingfrom -1 to 1 canbe interpretedasdistancesby usingthe following formula:!#"%$�&('*),+ �-�/.10 $2+4365 � . Two identicalgraphswill haveadistanceof 0. An �7�8� distancematrixis obtained
in this manner.

3.3 Building phylogenetictr eesfr om distancematrices

Fromthecomputeddistancematrix,weconstructaphylogenetictreewith hierarchicalclusteringalgorithms.
Thesemethodsconstructa tree by linking the leastdistantpair of taxa, followed by successively more
distanttaxa. Thereis a wide variety of distance-basedclusteringalgorithms,eachbasedon a different
setof assumptions.The simplestof theseis UPGMA (UnweightedPair GroupMethodusingArithmetic
averages)[45]. In this technique,the two closestpair of organismsaremerged into a new nodeandthe
distancesto the merged nodeare recomputedvia the meanof the pairwisedistancesto the leaves. By
repeatingthis process,we obtaintheneededdendrogram.Anothervery populardistancemethodis theNJ
(NeighborJoining)Method[43]. This methodattemptsto correcttheUPGMA methodfor its (frequently
invalid) assumptionthat the samerate of evolution appliesto eachbranch. NJ startsby correctingthe
distancematrix for overalldivergencefrom othertaxa.Theleastdistantpairsof nodes(mostcloselyrelated
taxa)areconnected,their commonancestralnodeis addedto the tree,andthe terminalnodesarepruned
from thetree.Thiscontinuesuntil only two nodesremainandall taxaareconnected.Thismethodyieldsan
unrootedtree.

WeusethePhylip(phylogeneticinference)package[4] to constructthephylogenetictrees.Thispackage
offers different programsfor phylogeneticgraphconstruction. Our treeswereconstructedusing the NJ
method. The treesreturnedby the this methodareunrooted. We reroot thesetreesusing the Midpoint
rootingmethodthatchoosesthecentroidof a treeastheroot. Thetreesarethenrenderedasgraphicsusing
PhyloDraw [5].

3.4 Computing the quality of phylogenetictr ees

In orderto judgethequalityof ourconstructedtrees,weneedamechanismto comparethesimilarity of our
treesto existingstandards.In thisway, wecanalsocomparethequalityof our treeswith thoseproducedby
competingtechniques.Weuseasoftwarepackagecalledcousins[6] to comparethesimilarity of two trees.
This tool performsunorderedtreecomparisonbasedoncousindistances:asibling is acousinof degree0, a
nephew is a cousinof degree0.5,afirst cousinof degree1 andsoon. Two treesarecomparedbasedon the
setof pairsof eachdegree.

4 A newalgorithm for computing similarity betweengraphs

Webegin with somebasicdefinitions.
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Definition 4.1 A directedgraph � is a 3-tuple �9�:�	��

�;
=<>� , where � is the set of vertices(nodes),�@?A�7�B� is a setof edges,and <BCD�E�GFIH is a functionassigninglabelsto thevertices.If �E�KJ , then� is theemptygraph. If for everyedge � ' 
MLN�POQ� , there existstheedge �RLS
 ' �POQ� , thenthegraphis said
to beundirected.A graphis weightedif a costfunction

+ C*�7�GT hasbeendefined.

Definition 4.2 A graphcanberepresentedby its adjacencymatrix. If thegraph � has
)

vertices,thenthe
adjacencymatrix is an

) � ) matrix � definedby

�U� " 
WVD�X� Y . if
" ��V in �Z
otherwise

(1)

If a graph � is undirected,thenits adjacencymatrix is symmetric.

Definition 4.3 A matching betweentwo graphs �U�8�[�	�\��

�]��
=<\�^� with _`�\�6_1� ) � and �a�]�b�	�c��

�8��
=<c�2�
with _`� � _d� ) � consistsof a one-to-onemapping e which associatesverticesof � � to verticesof � � .
Generally, the mappingis expressedas the setof ordered pairs � ' 
MLN� (with

' Of��� and L Of�a� ). The
mappingcan be expressedby an

) �]� ) � mappingmatrix e where the entry eg� ' 
ML4� with
' OK��� andLhOi�a� is definedas:

eg� ' 
MLN�I� Y . if
'

and L are matchedZ
otherwise

(2)

The matchingproblembetweentwo graphscanbesolved usingthewell-known matchingproblemin
bipartitegraphs[20, 27,42]. Sucha bipartitegraphis formedby pairingup thenodesfrom onegraphwith
thoseof theothergraph.Theweighton theedgesof thebipartitegraphis basedon thesimilarity of thetwo
pairsof nodes.First,wedefineabipartitegraphandthenotionof matchingonbipartitegraphs.

Definition 4.4 A bipartite graph ���j�	� � 
=� � 

��� ( �j?[� � �k� � ) is a graph whosevertex set � can be
partitionedinto twosubsets�l� and �c� in such a waythateveryedge of � joinsa vertex in �\� to a vertex in�c� . No twoverticeswithin thesamesetareadjacent.

Definition 4.5 A matching in a bipartite graph �����	�l��
=�c��

��� is a setof edges �]mn?g� in which with
no two edgesshare a commonvertex. Theweightof thematching is thesumof theweightsof theedges.A
maximumweightmatching is onewith themaximumweightoverall matchings.

The algorithmfor computingthe similarity betweentwo graphs��� and �a� is divided in four phases.
In the first phase,the similarity scoresbetweenevery pair of nodes � ' 
ML4� where

' Oo� � and LpOA� � are
computedby an iterative process.In thesecondphase,we constructa bipartitegraphusingthesimilarity
scores,andfind a maximalweightmatchingof this bipartitegraph.In thethird phase,a similarity measure
betweenevery pair of matchednodesis recomputed.Finally, a similarity scorebetweenthe two graphsis
computedby summingthesimilarity of thematchednodesandby normalizingthis sum. We now present
thedetailsof eachphase.

4.1 Obtaining similarity scoresbetweennodes

Let ���X�q�	�\��

�]��
=<\�^� , where _`�\�S_D� ) � , and �a�8�q�	�r��

�h��
=<r�2� , where _`�r�*_*� ) � , betwo directedgraphs.��� and �]� arerepresentedby theiradjacency matrix �s� (
) �n� ) � ) and �P� (

) �P� ) � ). A
) �n� ) � similarity

matrix t , wheretheentry tn� ' 
MLN� expressesthesimilarity betweenthenode
' Ou�U� andnode L;Ou�]� , is
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obtainedasthelimit of a converging iterative process2. Thesimilaritiesbetweenevery pair of nodes� ' 
MLN�
where

' Oi��� and LhOi�]� arecomputedsimultaneously.
Wefirst defineasimilarity scoret "	v betweeneverypairof objectsrepresentedby thenodesof thetwo

graphs.In the caseof theenzymegraphs,thesimilarity betweenenzymescanbe definedin a numberof
ways,viz. identity mapping,sequencesimilarity, or structuralsimilarity. Thesimilarity betweenevery pair
of nodes� ' 
MLN� of � � and � � is thendefinedby combiningthenotionof similarity betweentheobjectsthe
nodesrepresentandthesimilarity of theirneighborhood.Thebasicintuition behindtheapproachis thattwo
nodesaresimilar if they referenceandarereferencedby similarnodes.

The similarity scoresbetweennodes,tn� ' 
ML4� , areinitialized with t "	v � ' 
MLN� , andthenupdatedsimul-
taneouslyaccordingto the following mutually recursive rule: two nodesaresimilar if they link to similar
nodes,arereferencedby similarnodes,have bothmissingingoing(outgoing)edgesfrom (to) similarnodes
andhave mismatchesbetweenedgesfrom (to) dissimilarnodes.The similarity betweentwo nodes � ' 
MLN�
is computedby summingtheir similaritiesandsubtractingtheir dissimilarities.Theformerconsistsof four
terms,�s� –�8w , andthelatterconsistsof four terms,xp� –xUw . Thefirst four termsrepresentthesimilarity be-
tweenthepresenceandabsenceof edgesfrom andto similarnodes,while theremainingfour termsrepresent
themismatchesbetweentheseedges.Thesetermsarenow discussedin detail.

Term �s��� ' 
MLN� representstheaveragesimilarity betweenthein-neighborsof
'

(nodesfrom which
'

has
incomingedges)andthein-neighborsof L . Wefirst obtainthesumof similaritiesof thepairof nodes� ' � 
ML � �
(with

' ��OQ�U� and L=�yOk�a� ) from which
'

and L have incomingedges.We normalizethesumby dividing
it by the total numberof in-neighborpairs,

! �Nz6{}|l� ' �=~ ! �4z�{}|l�RLN� (
! �4z�{�|l� ' � denotesthe numberof incoming

edgesto node
'
.). A slight technicalityhereis thateither

'
and/orL maynot have any in-neighbors.If both'

and L have anin-degreeof 0, thentheterm �]� is definedasthesumof similaritiesof every pair � ' ��
ML^�2�
(with

' � Oi� � and L � O�� � ) normalizedby thetotalnumberof suchpairs,
) � � ) � . If only oneof themhas

anin-degreeof 0, then �s� is setto 0. Hereis themathematicaldefinition:

�]�}�4�� � ' 
MLN�������� ���
�Q�^���a�N� �	���a� �*� � �=�4� �	� ��
������� � � � �
���(��� � � � if

! �Nz6{}|l� ' �P�� Z and
! �Nz6{}|l�RLN�P�� Z� � �=����� � � �M���l�d�D� � �=�=� �	� �| �=� | � if

! �Nz6{}|l� ' � � ! �Nz6{}|l�RL4� � ZZ
otherwise

(3)

where
' �-Oi���4
ML^�aO��a� . Notation

' �8� ' meansthereexistsanedgefrom
' � to

'
.

Term �h��� ' 
MLN� representstheaveragesimilarity betweentheout-neighborsof
'

(nodesto which
'

has
outgoingedges)andtheout-neighborsof L . It is computedover thepair of nodes� ' ��
ML^�2� (with

' �pOu���
and L � Oi� � ) to which thenodes

'
and L have outgoingedges.It is definedanalogouslyto � � :

�]�}�N�� � ' 
ML4� � ���� ���
� �^�a�=�=� �	�]�	� � � � �^�=� �	� ��M�W�(¡W¢=£ � � � �
���(¡W¢M£ � � � if

! �4z�¤�¥2¦M� ' �P�� Z and
! �4z�¤�¥2¦M�RL4�-�� Z�Q�=� ��� ��� �	� ��� �X�D� � � � � � � �| �^� | � if

! �4z�¤%¥�¦=� ' ��� ! �Nz�¤%¥�¦=�RLN��� ZZ
otherwise

(4)

where
! �4z�¤�¥2¦=� ' � is thenumberof outgoingedgesfor

'
.

The next two termsare motivatedby the fact that the absenceof edgesto similar nodesmay be as
meaningfulasthe presenceof edgesto similar nodes.Term �P§#� ' 
MLN� is similar to �s�S� ' 
MLN� exceptthat it
works on the complementof the input graphs. It representsthe averagesimilarity betweenthe non-in-
neighborsof

'
(nodesfrom which

'
hasno incomingedges)andthenon-in-neighborsof L . We first obtain

thesumof similaritiesof thepair of nodes� ' ��
ML^�2� (with
' �¨Ou�U� and L^�©Ou�]� ) from which thenodes

'
and L have no incomingedges.Thesumis normalizedby dividing by thetotal numberof non-in-neighbor
pairs, � ) ��0 ! �4z�{}|\� ' ���=~ª� ) �n0 ! �4z�{�|l�RLN��� . Themathematicaldefinitionis asfollows:

2Our proof of convergencein the Appendixrequiresthat the graphsbe connected;however, the algorithmconvergesrapidly
evenfor disconnectedgraphs.
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�]�}�4�§ � ' 
MLN�������� ���
� � ��«�a�N� � ��«�a� � � � �=�=� �	� �� | ��¬ �
������� � � �­�¯®`� | �^¬ �M�W����� � � �­� if

! �Nz6{}|l� ' �P�� ) � and
! �Nz6{}|l�RL4�-�� ) �� �=� ��� ��� �	� ��� � � � � �=�=� �	� �| � � | � if � ) ��0 ! �Nz6{}|l� ' �����f� ) �d0 ! �4z�{}|\�RLN���I� ZZ

otherwise

(5)

where
' � �� ' meansthereis noedgefrom

' � to
'
.

Term �8w#� ' 
ML4� representstheaveragesimilarity betweenthenon-out-neighborsof
'

(nodesto which
'

hasnooutgoingedges)andthenon-out-neighborsof L . It is computedover thepair of nodes� ' ��
ML^�2� (with' �-Oi��� and L^�-Oi�]� ) to which thenodes
'

and L have nooutgoingedges.It is definedanalogouslyto �h§ :
�s���N�w � ' 
MLN��� ���� ���

� � «�]�=�=� � «�a�	� � � � �^�^� �	� �� | ��¬ �
���(¡W¢M£ � � �­�¯®`� | �4¬ �M�W�(¡W¢=£ � � �­� if
! �Nz�¤%¥�¦=� ' �P�� ) � and

! �4z�¤%¥�¦M�RLN�P�� ) ��°�=� ��� �%� �	� ��� �d� � � � � � � � �| �=� | � if � ) ��0 ! �Nz�¤%¥�¦M� ' ��� �/� ) �d0 ! �4z�¤%¥�¦=�RLN����� ZZ
otherwise

(6)
Term xp�S� ' 
MLN� representsthedissimilaritybetweennodes

'
and L on accountof theincomingedges.It

is computedover thepairof nodes� ' ��
ML^�2� (with
' �-O���� and L^�-Oi�]� ) from whichnode

'
hasanincoming

edges(
' �8� ' ) but L doesnot ( L^�U��GL ):
xB���N�� � ' 
MLN���±���� ���

� � � �a��� � �4«�]� � � � �=�^� �	� �� �
���(��� � � �­�¯®`� | � ¬ �
������� � � �­� if
! �Nz6{}|l� ' �-�� Z and

! �4z�{�|l�RLN�P�� ) �� �=� ��� �(� �	� ��� � � � � �=�4� �	� �| �=� | � if � ! �4z�{}|l� ' �����7� ) �d0 ! �4z�{}|\�RLN����� ZZ
otherwise

(7)

Term x²�#� ' 
MLN� is the analogueof xp�S� ' 
MLN� . It considersthe similarity of nodesfrom which
'

hasno
incomingedgesbut L does:

xB���N�� � ' 
MLN���±���� ���
� � ��«�a��� � � �]� �D� � �=�^� �	� �� | � ¬ �M�W����� � � �ª�¯®`� �
���(��� � � �­� if

! �Nz6{}|l� ' �-�� ) � and
! �Nz6{}|l�RLN�P�� Z� �=� ��� �(� �	� ��� � � � � �=�4� �	� �| �=� | � if � ) ��0 ! �4z�{}|\� ' �����7� ! �4z�{}|l�RLN����� ZZ

otherwise

(8)

Term x²§#� ' 
MLN� considersthesimilarity of nodesto which
'

hasanoutgoingedgebut L doesnot:

x �}�4�§ � ' 
MLN� � ���� ���
�Q�^�a�=�=� � «�a�	� �*� � � � � � � �� �M�W�(¡W¢=£ � � �ª�R®`� | � ¬ �
���(¡W¢M£ � � �ª� if

! �Nz�¤%¥�¦=� ' �P�� Z and
! �Nz�¤%¥�¦=�RLN�P�� ) ��°�=� ��� ��� �	� ��� �X�D� � �=�=� �	� �| �M� | � if � ! �4z ¤�¥2¦ � ' ���I�7� ) � 0 ! �Nz ¤%¥�¦ �RL4��� � ZZ

otherwise

(9)

Term xUw#� ' 
MLN� is theanalogueof x²§ . It considersthesimilarity of nodesto which
'

hasno outgoing
edgesbut L does:

x ���N�w � ' 
MLN��� ���� ���
�°� «�a�^�=� �	�a�	� �D� � � � � � � �� | � ¬ �M�W�(¡W¢=£ � � �ª�R®`� �
���(¡W¢M£ � � �­� if

! �4z�¤�¥2¦=� ' �-�� ) � and
! �Nz�¤%¥�¦M�RLN�P�� Z�³�=� ��� ��� �	� ��� �d�*� � �^�=� �	� �| �^� | � if � ) � 0 ! �Nz ¤%¥�¦ � ' �����7� ! �4z ¤%¥�¦ �RLN����� ZZ

otherwise

(10)
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Thesimilarity scorestn� ' 
MLN� arecomputedby iterationto afixedpoint. Weinitialize thescorestµ´#� ' 
MLN�
to t "Wv � ' 
MLN� . The scorest ���N¶ � � � ' 
MLN� are then recursively computedbasedon t � . Sincewe are only
interestedin the relative scores,the scoresarenormalizedafter eachiteration. Hereis the outline of the
iterative process.

Initialization: t ´ � ' 
ML4�I�Kt "	v � ' 
MLN� (11)
Iterative step:·>¸ �%¹ �­º�»½¼�¾À¿�ÁrÂÄÃ � � »½¼�¾R¿(ÁDÅ Ã �� »½¼�¾R¿�Á*Å Ã �Æ »½¼#¾¯¿�Á*Å Ã �Ç »½¼�¾R¿(Á1ÈyÉ �� »½¼�¾R¿(Á1ÈyÉ �� »½¼�¾R¿(ÁÊÈ�É �Æ »½¼�¾R¿(ÁÊÈ�É �Ç »½¼�¾¯¿(ÁË Ì ·ÊÍÏÎ »½¼�¾¯¿(Á (12)

Normalization: tQÐ tÑ t Ñ � (13)

In equation(12), the similarity scorestÒ� ' 
MLN� are multiplied by t "Wv � ' 
MLN� in order to combinethe
neighborhoodsimilarity with thesimilarity of theobjectsrepresentedby thenodes.Sinceeachof thefour
terms �s� to �hw andeachof thefour terms xp� to xUw have a rangebetween-1 and1, tÒ� ' 
MLN� is alsodivided
by 4 in orderto have a rangebetween-1 and1. Fromtheequations,we seethat thesimilarity scoresare
symmetric,i.e., tÒ� ' 
MLN�Ó�Gtn�RLS
 ' � . The convergenceof the above iterative processis consideredin the
Appendix.

4.2 Bipartite graph matching

At theendof thefirst phase,we obtaina matrix t thatcapturesthesimilarity betweenevery pair of nodes
of the input graph.Thesecondphaseusesthesesimilaritiesto find thebestmatchingbetweenthegraphs.
In orderto achieve this,webuild abipartitegraphandexecuteabipartitegraphmatchingalgorithm.Given
vertex sets� � of � � and � � of � � , we constructa bipartitegraph �Ô�q�	� � 
=� � 
=t�� where t is thesimilarity
matrixobtainedduringthefirst phase.Oncethisbipartitegraphhasbeenbuilt, wefind thebestmatchingof
thegraphusingan Õ©��� ) ��Ö ) ��� § � Hungarianalgorithm[20, 27, 42]. With thebestmatchingsoobtained,
wedefinean

) ��� ) � booleanmatrix e whoseentry e×� ' 
MLN� is setto 1 if nodes
'

and L havebeenmatched.

4.3 Computation of similarity scoresbetweenmatchednodes

After we find thebestcorrespondencebetweengraphs� � and � � , we needto obtainthesimilarity score
for this correspondence.As in thefirst phase,we combinethestructuralsimilarity with thenodesimilarity
to computethis score. We performoneiterationof a systemof equationssimilar to �s� –�8w and xp� –xUw .
Thenew setof equations�hm � –�8mw and x¨m� –x¨mw is similar to theprevious(unprimed)oneexceptthatwe useeg� ' 
MLN� insteadof t "	v � ' 
MLN� . Wealsouseanew normalizationthatis squarerootof thepreviousone.This
is necessarysincethemaximumsizeof a matchingis thesmallerof the input graphsizes;specifically, if
a graphis comparedto itself then eg� ' 
ML4� is given by the identity mappings,the similarity terms � m � –� mw
reduceto 1 andthedissimilaritytermsx m � –x mw reduceto 0.

� m � � ' 
MLN��� ���� ���
� �=���a��� �	���a� Ø � �^�=� �	� �Ù �
���(��� � � � �
�W����� � � � if

! �4z�{}|\� ' �P�� Z and
! �Nz6{}|l�RL4�-�� Z� � �=����� � � �=���l�XØ � �=�=� �	� �Ú | �^� | � if

! �Nz6{}|l� ' ��� ! �4z�{}|\�RLN��� ZZ
otherwise

(14)

� m � � ' 
MLN��� ���� ���
�°�=�]�=�=� �	�a�	� Ø � � � � � � �Ù �
���(¡W¢M£ � � � �
���%¡�¢M£ � � � if

! �Nz�¤%¥�¦M� ' �P�� Z and
! �Nz�¤%¥�¦=�RLN�P�� Z�Q�=� ��� ��� �	� ��� � Ø � �=�=� �	� �Ú | �=� | � if

! �4z ¤�¥2¦ � ' ��� ! �4z ¤%¥�¦ �RLN��� ZZ
otherwise

(15)
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� m § � ' 
ML4�I� ���� ���
�³�^� «�a��� �	� «�]� Ø � �^�=� �	� �Ù � | � ¬ �
�W����� � � �ª�R®`� | � ¬ �
���(��� � � �ª� if

! �4z�{�|l� ' �P�� ) � and
! �4z�{�|l�RLN�P�� ) �� � �=����� � � �M���l� Ø � �=�=� �	� �Ú | �M� | � if � ) ��0 ! �4z�{�|l� ' �����7� ) �X0 ! �Nz6{}|l�RLN��� � ZZ

otherwise
(16)

� mw � ' 
MLN��� ���� ���
�Q� «�a�^�^� � «�a�	� Ø � �=�^� �	� �Ù � | � ¬ �
��� ¡�¢M£ � � �ª�R®`� | � ¬ �
��� ¡W¢M£ � � �ª� if

! �4z ¤%¥�¦ � ' �P�� ) � and
! �4z ¤�¥2¦ �RLN�P�� ) ��Q�=� ��� ��� �	� ��� � Ø � �=�4� �	� �Ú | �=� | � if � ) �Û0 ! �4z�¤%¥�¦=� ' �����7� ) �d0 ! �4z�¤�¥2¦M�RL4���I� ZZ

otherwise
(17)

x m � � ' 
MLN��� ���� ���
�°�=���a��� �	� «�a� Ø � � � � � � �Ù � �
������� � � �ª�¯®`� | � ¬ �
�W����� � � �­� if

! �4z�{}|\� ' �P�� Z and
! �4z�{}|\�RLN�P�� ) ��Q�=� ��� ��� �	� ��� � Ø � �=�^� �	� �Ú | �M� | � if � ! �Nz {}| � ' ��� �7� ) � 0 ! �Nz {}| �RL4���I� ZZ

otherwise

(18)

x m� � ' 
MLN���±���� ���
�°�=� «�a��� �	�(�a� Ø � �^�^� �	� �Ù � | � ¬ �
���(��� � � �ª�R®`� �
������� � � �­� if

! �4z�{}|\� ' �P�� ) � and
! �4z�{}|\�RLN�P�� Z� � �=����� � � �M���l� Ø � �=�^� �	� �Ú | � � | � if � ) ��0 ! �Nz6{}|l� ' ��� �7� ! �Nz6{}|l�RL4���I� ZZ

otherwise

(19)

x m§ � ' 
MLN��� ���� ���
�°�=�]�=�=� � «�a�	� Ø � � � � � � �Ù � �M�W�(¡W¢=£ � � �ª�R®`� | � ¬ �
���(¡W¢M£ � � �ª� if

! �Nz�¤%¥�¦=� ' �P�� Z and
! �Nz�¤%¥�¦M�RLN�P�� ) ��°�=� ��� �(� �	� ��� �dØ � � � � � � �Ú | �^� | � if � ! �4z ¤�¥2¦ � ' ��� �7� ) � 0 ! �Nz ¤%¥�¦ �RLN���I� ZZ

otherwise

(20)

x mw � ' 
MLN��� ���� ���
�°� «�]�=�=� �	�a�	� Ø � �=�=� �	� �Ù � | � ¬ �
��� ¡W¢M£ � � �­�¯®`� �
�W� ¡W¢=£ � � �ª� if

! �Nz�¤%¥�¦=� ' �P�� ) � and
! �4z�¤%¥�¦=�RLN�P�� Z� � �=����� � � �=���l� Ø � �^�=� �	� �Ú | �^� | � if � ) ��0 ! �4z�¤%¥�¦M� ' ���I�7� ! �Nz�¤%¥�¦M�RLN���I� ZZ

otherwise

(21)

Terms �8m � –�hmw and x©m� –x¨mw incorporatethe similarity andthe dissimilarity of the bestmatchbetween
graphs��� and �]� . We combinethesetermsandmultiply by thesimilarity of thenodesto obtainthefinal
valueof tn� ' 
MLN� :· »½¼#¾À¿�ÁcÂ Ã�Ü � »½¼�¾¯¿(ÁDÅ Ã�Ü� »½¼#¾¯¿�Á*Å ÃÝÜÆ »½¼�¾¯¿�Á*Å Ã�ÜÇ »½¼�¾R¿(Á1È�É Ü � »½¼�¾R¿(Á1È�É Ü� »½¼�¾À¿�ÁÊÈUÉ ÜÆ »½¼#¾¯¿�ÁÞÈUÉ ÜÇ »½¼�¾R¿�ÁË Ì ·1ÍÏÎ »½¼#¾¯¿�Á (22)

4.4 Computing graph similarity score

Finally, to get the similarity score t ��� � �l� betweenthe graphs ��� and �]� , we sumthe similarity scores
computedin thepreviousphaseover thepair of matchednodesandnormalizethesumby thesquareroot
of theproductof thenumberof nodesof �U� and �a� , in orderto have a similarity scorebetween-1 and1.
When � � �K� � , thesimilarity scorewill beequalto 1.

t � ��� � � � �Q� ��� ��� � ��� �M� Ø � �N� � �ªß � tÒ� ' 
MLN�Ù ) � ~ ) � (23)
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Figure1: Citratecycle(TCA cycle)pathway. Theenzymesareshown in boxeswith theECnumbersinside.
Theshadedrepresentthoseenzymeswhosegenesareidentifiedin MusMusculus.

4.5 An example

Weillustrateourgraphmatchingalgorithmwith thehelpof theCitric Acid Cyclepathwaysfor theorganisms
Escherichiacoli andMus Musculus.Themetabolicpathwaysfor theseorganismsareshown in Figures1
and2. The correspondingenzymegraphsof the organismshave beenshown in Figure3. The enzyme
graphfor E. coli contains14enzymesandtheonefor MusMusculuscontains9 enzymes.After performing
thefirst two phasesof our technique(iterative computationof scoresandbipartitematching),theresulting
matchingbetweenenzymesof thetwo graphsresultsin table1. Therealnumbersbetweenparenthesesare
the similarity measuresobtainedin the third phase.Finally, the total similarity scorebetweenthesetwo
graphsis computedin thefourthphaseto be0.38.

E. coli à MusMusculus

1.1.1.37à 1.1.1.37 (0.7)

1.1.1.42à 1.1.1.42 (0.75)

1.2.4.2à 1.1.1.41 (0.14)

1.3.99.1à 1.3.5.1 (0.38)

1.8.1.4à 1.8.1.4 (0.51)

4.1.1.49à 4.1.1.32 (0.53)

4.1.3.7à 4.1.3.7 (0.71)

6.2.1.5à 6.2.1.4 (0.56)

Table1: Matchingbetweenenzymesof E.coli andMusMusculus.
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Figure2: Citratecycle(TCA cycle)pathway. Theenzymesareshown in boxeswith theECnumbersinside.
Theshadedrepresentthoseenzymeswhosegenesareidentifiedin Escherichia coli.

(a)MusMusculus (b) Escherichia coli

Figure3: Enzyme-enzymerelationalgraphof Citratecycle(TCA cycle)pathway for MusMusculus(a)and
Escherichia coli (b).
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4.6 Time Complexity

Let us analyzethe time complexity for computing t � ��� � � . The first phasehas a time complexity ofÕ;�¯á ) � � ) �� � , whereá is thenumberof iterations.Thesecondphasehasatimecomplexity of Õ©��� ) �ÞÖ ) ��� § �
(graphmatching).The third phaseis Õ©� vâ'*ã � ) �4
 ) �2� ) � ) ��� andthe last stephasan Õ;�(.2� cost. The total
complexity is thereforeÕ;�¯á ) � � ~ ) �� Ö7� ) �IÖ ) ��� § � . Typically, the differentequationsconverge pretty fast
( áåä×æ Z dependingon thesizeof thegraphs),leadingto a cubic time complexity in thesizeof the input
graphs.

5 Experimental results

CurrentlyKegg [1, 24, 37, 38] containsmetabolicpathwaysinformationfor 97organisms,10 from eukary-
otes,71 from bacteriaand16 from archaea.We studies80 of theseorganismsin our experiments. An
overview of theseorganismsis shown in table2. Weconstructedphylogenetictreesfor four differentsetsof
theseorganisms.A first setof 72organismswasselectedby removing all theorganismsfrom the97Kegg's
organismswhichhave lessthanthreeenzymespresentin theGlycolysisandCitric Acid Cyclepathways.A
secondsetof 48 organismswasselectedby collapsingall organismswith exactly thesamenetwork in the
Glycolysisand/orCitric Acid Cyclepathways.Thethird setof 16organismsis thesetof organismsconsid-
eredby Liao et al [30]. Thefourthsetis composedof eightorganisms,two of themarefrom theeukaryota
domain,two otheronesarefrom thearchaeadomain,andtheremainingfour arefrom thebacteriadomain.
For this setof eightorganisms,phylogenetictreeswerederivedby consideringasetof pathwaysinsteadof
asinglepathway.

Weevaluatedtheeffectivenessof our techniqueby comparingtheproducedphylogenieswith theNCBI
taxonomy(or the 16SrRNA basedtree),andobtaininga singlesimilarity measure. Comparative evalua-
tion of our methodswascarriedout by examininga few otherexisting techniques,comparingtheir trees
againwith theNCBI taxonomyto obtaintheir similarity measures,andcomparingthemeasureswith those
producedby our technique.

5.1 Phylogenetictr eesbasedon the Glycolysispathway

Glycolysiswasoneof thefirst metabolicpathwaysstudiedandis oneof the bestunderstood,in termsof
theenzymesinvolved, their mechanismsof action,andtheregulationof thepathway to meettheneedsof
the organismand the cell. The glycolytic pathway is extremelyancientin evolution, and is commonto
essentiallyall living organisms.It is foundin essentiallyall freeliving formsof organisms,conservedwell
in thegeneticcode,andtheonly setof processesto occurin theCytosol.

5.1.1 Phylogenetictr eesfor the datasetsof 72and 48organisms

Figure4 depictsthephylogenetictreecomputedfor thesetsof 72 organismsand48 organisms.With few
exceptions,goingfrom 72 to 48 organismsdid not affect therelative positionof thedifferentorganismson
thedistancetreesgeneratedby our approach.This indicatestherobustnessof our technique.In bothtrees,
organismswithin a samegenusarecloselyclusteredtogether. They typically have similar or evenexactly
thesamepathway, andgethighsimilarity values.ChlamedyaCPN,CPJ,CPA, CTRandCMU aregrouped
together, proteobacteriabetasubdivision NME andNMA aregroupedtogether, andso areE. Coli ECS,
ECO,ECJandECE.

In boththetrees(for 72and48organisms),wefind separateclusterscorrespondingto thethreedomains
of life. In figure4(a),we find two clustersof archaeaorganisms:oneclusterwith AFU, STO, PAB, PFU,
MJA, andMTH (with themethanobacteriumMTH andthemethanococcusMJA which formsasubcluster),
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Code Organism D ç è-é� èhê� Code Organism D ç è-é� èPê�
HSA Homosapiens E 14 25 MMU Musmusculus E 9 24

RNO Rattusnorvegicus E 8 20 DME Drosophilamelanogaster E 14 21

CEL Caenorhabditiselegans E 15 21 ATH Arabidopsisthaliana E 13 20

SCE Saccharomycescerevisiae E 13 22 SPO Schizosaccharomycespombe E 12 21

ECO Escherichiacoli K-12 MG1655 B 14 23 ECJ Escherichiacoli K-12 W3110 B 14 23

ECE Escherichiacoli O157:H7EDL933 B 14 23 ECS Escherichiacoli O157:H7Sakai B 14 23

STY Salmonellatyphi CT18 B 14 23 STM SalmonellatyphimuriumLT2 B 14 23

YPE YersiniapestisCO92 B 11 21 HIN HaemophilusinfluenzaeRd B 11 17

PMU PasteurellamultocidaPM70 B 11 19 XFA Xylella fastidiosa9a5c B 11 16

XCC Xanthomonascampestris B 11 20 PAE PseudomonasaeruginosaPA01 B 13 19

NME Neisseriameningitidis B 9 17 NMA NeisseriameningitidisZ2491 B 9 17

RSO RalstoniasolanacearumGMI1000 B 12 19 HPY Helicobacterpylori 26695 B 6 11

HPJ Helicobacterpylori J99 B 6 10 CJE Campylobacterjejuni NCTC11168 B 10 12

MLO Mesorhizobiumloti MAFF303099 B 13 21 SME Sinorhizobiummeliloti 1021 B 14 22

ATU AgrobacteriumtumefaciensC58 B 12 20 ATC AgrobacteriumtumefaciensC58(Cereon) B 14 20

BME Brucellamelitensis16M B 14 20 CCR Caulobactercrescentus B 12 19

BSU Bacillussubtilis168 B 12 23 BHA BacillushaloduransC-125 B 13 21

SAU StaphylococcusaureusN315 B 12 24 SAV StaphylococcusaureusMu50 B 11 24

LMO ListeriamonocytogenesEGD-e B 7 22 LIN ListeriainnocuaCLIP 11262 B 7 22

LLA LactococcuslactisIL1403 B 8 21 CAC ClostridiumacetobutylicumATCC824 B 7 19

TTE Thermoanaerobactertengcongensis B 8 18 MGE MycoplasmagenitaliumG-37 B 1 14

MPN MycoplasmapneumoniaeM129 B 1 15 MTU MycobacteriumtuberculosisH37Rv B 14 20

MTC MycobacteriumtuberculosisCDC1551 B 14 20 MLE MycobacteriumlepraeTN B 11 16

SCO StreptomycescoelicolorA3(2) B 10 16 FNU Fusobacteriumnucleatum B 5 15

CTR Chlamydiatrachomatis(serovar D) B 8 13 CMU Chlamydiamuridarum B 8 13

CPN ChlamydophilapneumoniaeCWL029 B 8 13 CPA ChlamydophilapneumoniaeAR39 B 8 13

CPJ ChlamydophilapneumoniaeJ138 B 8 13 TPA TreponemapallidumNichols B 1 10

SYN CyanobacteriaSynechocystis B 8 19 ANA Anabaenasp.PCC7120 B 8 20

DRA DeinococcusradioduransR1 B 13 19 AAE Aquifex aeolicusVF5 B 9 12

TMA ThermotogamaritimaMSB8 B 6 16 MJA MethanococcusjannaschiiDSM2661 A 8 6

MAC MethanosarcinaacetivoransC2A A 8 14 MMA MethanosarcinamazeiGoe1 A 8 13

MTH thermoautotrophicumdeltaH A 9 5 AFU ArchaeoglobusfulgidusDSM4304 A 8 7

HAL Halobacteriumsp.NRC-1 A 11 4 TAC Thermoplasmaacidophilum A 10 13

TVO ThermoplasmavolcaniumGSS1 A 10 13 PHO Pyrococcushorikoshii OT3 A 4 6

PAB Pyrococcusabyssipab A 4 7 PFU PyrococcusfuriosusDSM3638 A 6 8

APE CrenarchaeotaAeropyrum pernixK1 A 11 13 SSO SulfolobussolfataricusP2 A 12 12

STO Sulfolobustokodaii strain7 A 12 10 PAI PyrobaculumaerophilumIM2 A 9 13

Table2: Organismsstudiedç Domain:A..archaea,B..bacteria,E..eukarya;é\ë � numberof enzymesin Citric Acid Cycle pathway; ê\ë � numberof enzymesin Glycolysis

pathway
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Figure4: Phylogenetictreesbuilt usingtheglycolysispathway for (a)72organisms,and(b) 48organisms.

16



Technique 72 organisms 48organisms
Our technique 0.19 0.18
NCEtechnique 0.14 0.16

Table3: Similarity measuresbasedon theNCBI taxomomyfor theglycolysispathway.

Technique

Our technique 0.26

NCE technique 0.19

16SrRNA 0.22

Liao at al.'s technique 0.16

Table4: Similarity measuresbasedon theNCBI taxomomyfor theglycolysispathway.

andanotherclusterwith TAC, TVO, SSO,PAI, APE, HAL. The eukaryotaaregroupedin two clusters:
one is composedof the mammalsRNO, HSA, and MMU, and anotherone of the remainingeukaryota
DME, SCE,CEL, SPO,andATH. For thebacteria,a few clustersrepresentthedifferentsubdivision of the
proteobacteria.Oneclusterappearswith theproteobacteriaXCC, BME, CCR,SME, ATU, andATC. All
thebacteriafrom thealphasubdivision arepresentin this cluster, exceptMLO which is in a uppercluster.
Anotherclusterappearswith the proteobacteriagammasubdivision VCH, STY, STM, ECS,ECO, ECJ,
ECE, andYPE. And anotherclusteris composedof the proteobacteriadeltasubdivision HPY, HPJ,and
CJE.Thefirmicutesaredividedin thetwo groupsbacillusandactinobacteria.ThefirmicutesbacillusLIN,
LMO, TTE, SPNCAC, andLLA form oneof theseclusters,andthefirmicutesactinobacteriaSCO,MLE,
MTU, andMTC form theotherone.(Notethatthedatasetof 48organismsdoesnot includeexactlysimilar
pathways,andthereforesomeof theabove clustersdonotexist there.)

We computedsimilarity measuresbasedon theNCBI taxonomyusingthe cousinstool [49]. We also
obtainedphylogenetictreesfor theNCE(Numberof CommonEnzymes)[15, 16,17] in whichthephyloge-
neticanalysisis basedon thenumberof commonenzymesbetweentwo organisms.We arenot comparing
our phylogenieswith the 16s rRNA basedtreesfor the setof 48 and72 organismssincethe 16s rRNA
sequencesarestill unpublishedfor someof the organisms.Table3 shows the similarity measuresof our
techniqueand the NCE techniqueobtainedby using the NCBI taxonomyas the standard. Our method
outperformstheNCEtechnique.

5.1.2 Phylogenetictr eesfor the datasetof 16organisms

Figure5 depictsthephylogenetictreecomputedfor thesetof 16 organisms.The two mycoplasmaMGE
andMGN have areally low distanceof 0.05andareclusteredtogether. They arethetwo closestorganisms.
Thesimilarity measuresusingtheNCBI taxonomyasthestandardareshown in table4 for our technique
andthreeothers:NCE, 16SrRNA, andLiao et al. Our methodoutperformsthe othertechniques.Table
5 shows the similarity measureswhenthe 16SrRNA treeis chosenasthe standard.Our methodagainst
obtainsthebestalignment.

5.2 Phylogenetictr eesbasedon Kr eb's Citric Acid Cycle (TCA cycle)

The evolutionaryorigin of the Krebscitric acid cycle (Krebscycle) haslong beena model in the under-
standingof theorigin andevolution of metabolicpathways. Althoughthechemicalstepsof thecycle are
preserved intact throughoutnature,diverseorganismsmake diverseuseof its chemistry. In somecases
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Figure5: Phylogenetictreefor 16organismsbuilt from comparisonof Glycolysispathway.

Technique

Our technique 0.27

NCE technique 0.18

Liao et al.'s technique 0.12

Table5: Similarity measuresbasedon the16SrRNA treefor theglycolysispathway.
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Figure6: Phylogenetictreesbuilt usingthe Citric Acid Cycle pathways for (a) 72 organismsand(b) 48
organisms.

organismsuseonly selectedportionsof thecycle. Experimentswereperformedfor threedifferentsetsof
organisms(datasetsof 72,48,and16organisms).Theresultsarepresentednext.

5.2.1 Phylogenetictr eesfor the datasetsof 72and 48organisms

Figure6 depictsthephylogenetictreescomputedfor thesetsof 72 and48 organisms.As in thecaseof the
Glycolysispathway, scalingup from 72 to 48 organismsdid not affect therelative positionof thedifferent
organismson the distancetrees. We canagainnoticethat organismswithin the samegenusareclustered
together:in figure6(a),theE.coli andthesalmonellaorganismsECO,ECJ,ECS,ECE,STY, andSTM have
thesameCitric Acid Cyclepathway andareclusteredtogether. Thatis alsothecasefor XCC andXFA, for
thechlamydiaCPN,CPJ,CPA, CTR,andCMU, for themycobacteriaMTU andMTC, for thehelicobacter
pylori HPY andHPJ,for the neisseriameningitidisNME andNMA, and for the methanosarcinaMMA
andMAC. We againfind separateclusterscorrespondingto the threedomainsof life. In figure 6(a), all
thearchaea,PAI, AFU, MJA, MTH, STO, SSO,HAL, TAC, TVO, andAPE aregroupedtogether. All the
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Technique 72 organisms 48organisms

Our technique 0.25 0.27

NCEtechnique 0.24 0.28

Table6: Similarity measuresbasedon theNCBI taxomomytreefor theCitric Acid Cyclepathway.

SCE AFU MJA AAE TMA MTU TPA CPN SYN DRA BSU HPY MGE MPN HIN ECO

SCE 0.0 0.58 0.62 0.44 0.72 0.29 1.0 0.5 0.51 0.25 0.19 0. 67 1.0 1.0 0.5 0.41

AFU 0.58 0.0 0.21 0.25 0.46 0.41 1.0 0.48 0.37 0.45 0.41 0 .49 1.0 1.0 0.59 0.6

MJA 0.62 0.21 0.0 0.3 0.45 0.42 1.0 0.53 0.41 0.49 0.45 0. 64 1.0 1.0 0.64 0.63

AAE 0.44 0.25 0.3 0.0 0.53 0.35 1.0 0.46 0.1 0.3 0.25 0.44 1.0 1.0 0.55 0.47

TMA 0.72 0.46 0.45 0.53 0.0 0.58 1.0 0.65 0.48 0.64 0.61 0 .29 1.0 1.0 0.73 0.66

MTU 0.29 0.41 0.42 0.35 0.58 0.0 1.0 0.39 0.41 0.08 0.15 0 .56 1.0 1.0 0.35 0.26

TPA 1.0 1.0 1.0 1.0 1.0 1.0 0.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0

CPN 0.5 0.48 0.53 0.46 0.65 0.39 1.0 0.0 0.4 0.37 0.32 0.69 1.0 1.0 0.27 0.41

SYN 0.51 0.37 0.41 0.1 0.48 0.41 1.0 0.4 0.0 0.37 0.32 0.38 1.0 1.0 0.5 0.41

DRA 0.25 0.45 0.49 0.3 0.64 0.08 1.0 0.37 0.37 0.0 0.07 0. 59 1.0 1.0 0.29 0.19

BSU 0.19 0.41 0.45 0.25 0.61 0.15 1.0 0.32 0.32 0.07 0.0 0 .55 1.0 1.0 0.33 0.25

HPY 0.67 0.49 0.64 0.44 0.29 0.56 1.0 0.69 0.38 0.59 0.55 0.0 1.0 1.0 0.7 0.61

MGE 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.0 1.0 1.0 1.0

MPN 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 1.0 0.0 1.0 1.0

HIN 0.5 0.59 0.64 0.55 0.73 0.35 1.0 0.27 0.5 0.29 0.33 0.7 1.0 1.0 0.0 0.2

ECO 0.41 0.6 0.63 0.47 0.66 0.26 1.0 0.41 0.41 0.19 0.25 0.61 1.0 1.0 0.2 0.0

Table7: Distancematrix for thedatasetof 16organismsusingtheCitric Acid Cyclepathway.

eukaryotaDME, HSA, CEL, ATH, SCE,SPO,MMU, andRNO arealsogroupedin a separatecluster. A
few interestingclusteringsarefound for the bacteria.Oneclusteris composedof firmicutesBSU , SAU,
SAV, BHA, MTU, andMTC. A few clustersarecomposedof proteobacteria,suchastheclusterXCC,XFA,
NME, NMA, andPMU andtheclusterwith proteobacteriaalphasubdivision organismsBME, SME, and
ATC. In figure6(b), we find a clusterwith organismsfrom thearchaeadomain:MKA, AFU, MJA,MTH,
STO, HAL, TAC, PAI, andAPE andanotherclusterwith organismsfrom the eukaryotadomain: DME,
CEL,ATH, SCE,SPO,andMMU. For the bacteria,the firmicutesSAV, SAU, BHA, MTU areclustered
together, andwealsofind aclusterof proteobacteriawith XCC,RPR,NME, PMU,HIN, VCH, BME, RSO,
andYPE.

Table6 shows thesimilarity measuresof our techniqueandtheNCE techniqueobtainedby usingthe
NCBI taxonomyas the standard.As we seein table6, the similarity measuresfor both techniquesare
similar.

5.2.2 Phylogenetictr eesfor the datasetof 16organisms

Table7 depictsthedistancematrix obtainedfrom our algorithmfor thesetof 16 organismsconsideredby
Liao et al. [30]. Figure7 depictsthe phylogenetictreeobtainedfrom this matrix. As canbe seen,TPA,
MGE, andMGN have no revealedCitric Acid Cycle andhave thereforea distancemeasureof 1 with all
the otherorganisms.In figure 7, the two archaeaAFU andMJA areclusteredtogether, they have a high
similarity of 0.79. This similarity is the highestfor both. The proteobacteriagammasudivision HIN and
ECOarealsoclusteredtogetherandhave asimilarity of 0.8. Thetwo closestorganismsareBSUandDRA
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Technique

Our technique 0.42

NCE technique 0.2

16SrRNA 0.22

Liao's technique 0.16

Table8: Similarity measuresbasedon theNCBI taxonomyfor theCitric Acid Cyclepathway.

Technique

Our technique 0.23

NCE technique 0.19

Liao's technique 0.12

Table9: Similarity measuresbasedon the16SrRNA treefor theCitric Acid Cyclepathway.

(with a distanceof 0.08)andthey actuallybelongto thesamesuperfamily of Bacillus lipases.In the16S
rRNA basedtree,BSUandDRA aregroupedtogether.

Table8 showsthesimilarity measures(usingtheNCBI taxonomyasthestandard)for our techniqueand
threeothers:NCE,16SrRNA, andLiao etal. Ourmethodoutperformstheothertechniques.Table9 shows
thesimilarity measureswhenthe16SrRNA treeis chosenasthestandard.Our methodagainobtainsthe
bestalignment.

5.3 Phylogenetictr eesbasedon carbohydrate & lipid metabolism

In our last setof experiments,we consideredtwo larger groupsof pathways: the first was the groupof
carbohydratemetabolicpathways,andthesecondwasthegroupof carbohydrateandlipid metabolicpath-
ways. Carbohydratemetabolismis composedof the glycolysis,citratecycle (TCA cycle), pentosephos-
phate,pentose,and glucuronateinterconversionspathways, and fructoseandmannose,galactose,ascor-
bateandaldarate,pyruvate,glyoxylateanddicarboxylate,propanoate,butanoate,C5-Brancheddibasicacid
metabolisms.Carbohydratesserveastheprimarysourceof energy in thecell, andcarbohydratemetabolism
is centralto all metabolicprocesses.Lipid metabolismis composedof the fatty acidbiosynthesis(path1
andpath2), fattyacidmetabolism,synthesisanddegradationof ketonebodies,sterolbiosynthesis,bile acid
biosynthesis,C21-Steroidhormonemetabolism,andandrogenandestrogenmetabolismpathways. Lipids
compriseoneof themostimportantclassesof complex moleculespresentin animalcellsandtissues.Lipid
diversityandlevel in thecells,tissues,andorgansaredeterminedby theprocessesof lipid metabolism(LM),
which includelipid transport,consumptionandintracellularutilization,denovo synthesis,degradation,and
excretion. Theprocessesof lipid metabolismrequirethe involvementof numerousproteinswith different
functions. Theseproteinstogetherwith their genesarethecomponentsof the LM system.Interestin the
LM systemis dueto its importantrole in thevital activity of theorganismandto thefactthatthedistortions
in its functioningareamongthecausesof differenthumandiseases.Theamountof experimentaldataon
differentpeculiaritiesof functioningof thissystemhasgrown enormously.

The 8 organismsthat we consideredfor this experimentareshown in table10. We alsoindicatethe
numberof enzymespresentfor eachorganismfor the two groupsof pathways. Tables11 and12 depict
the distancematrix obtainedfrom our algorithmfor the two kinds of metabolisms.As we can see,the
two archaeaAFU andMJA are the two closestorganismswith a distanceof 0.55 in (a) (andof 0.54 in
(b)). They form a separateclusterin thephylogenetictrees.The two eukaryotaRNO andMMU arealso
groupedtogetherwith a distanceof 0.78in (a) (andof 0.8 in (b)). RNO is theclosestorganismto MMU.
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Code Organism D ç è éÆ è êÇ
RNO Rattusnorvegicus Eukaryota 62 105

MMU Musmusculus Eukaryota 65 96

AFU Archaeoglobusfulgidus Archaea 45 54

MJA Methanococcusjannaschii Archaea 32 39

NME Neisseriameningitidis ProteoBacteria 60 68

HIN Haemophilusinfluenzae Proteobacteria 75 83

LIN Listeriainnocua BacteriaFirmicute 77 89

BSU Bacillussubtilis BacteriaFirmicute 113 125

Table10: Setof eightorganismsç Domain; é ë Æ numberof enzymesin carbohydratemetabolism;ê ë Ç numberof enzymesin carbohydrateandlipid metabolisms

CPE MMU RNO AFU MJA NME HIN LIN

CPE 0.0 0.89 0.86 0.88 0.79 0.88 0.8 0.83

MMU 0.89 0.0 0.78 0.86 0.82 0.86 0.88 0.88

RNO 0.86 0.78 0.0 0.84 0.82 0.82 0.87 0.82

AFU 0.88 0.86 0.84 0.0 0.55 0.8 0.85 0.86

MJA 0.79 0.82 0.82 0.55 0.0 0.82 0.71 0.84

NME 0.88 0.86 0.82 0.8 0.82 0.0 0.83 0.82

HIN 0.8 0.88 0.87 0.85 0.71 0.83 0.0 0.79

LIN 0.83 0.88 0.82 0.86 0.84 0.82 0.79 0.0

Table11: Distancematrix for thedatasetof 8 organismsusingcarbohydratemetabolism.

In bothtrees,thebacteriaCPE,HIN andLIN areclusteredtogether. TheProteoBacteriaNME hasa lower
distanceto the archaeaAFU and MJA. The threeof them belongto the Prokaryoteclassification. We
constructedphylogenetictreesfor theseorganismsusingour technique.Figure8 depictsthephylogenetic
treescomputedfor theseorganismsusingthetwo pathway groups.

Finally, we evaluatedour techniqueandtheNCE techniquefor the two groupsof pathways. We mea-
suredthe correspondencesof the generatedphylogeniesto the NCBI taxonomy. The similarity measures
areshown in table13. Thetreeobtainedwith our methodfor carbohydratemetabolismoutperformsall the
othertrees.As a pointof comparison,we alsoshow thesimilarity measuresfor treesconstructedusingour
methodfor theglycolysisandthecitric acidcycle pathway. It is evidentthatstudyinga groupof metabolic
pathwaysinsteadof asinglepathway helpsin theconstructionof betterphylogenies.

6 Conclusion

Weproposedatechniquefor constructingphylogenetictreesusingthestructuralinformationinherentin the
metabolicpathwaysof differentorganisms.To this end,we presenteda new graphcomparisonalgorithm
for computingthe evolutionarydistancebetweentwo pathways. Sinceevolutionarydistanceis basedon
thedivergenceof theelementsconstitutingthepathwaysaswell asthedivergenceof thenetwork structure,
wecombineboththeseaspectsin formulatinga measureof thedistancebetweenpathways.Theoriginality
of our graphtheoreticalapproachreliesin thecombinationof topologicalsimilaritieswith thesimilarities
of theenzymespresentin thenetworks. This approachis usefulfor understandinghigherorderfunctions
encodedin the network of interactingenzymes. The effectivenessof our methodwas demonstratedby

23



CPE MMU RNO AFU MJA NME HIN LIN

CPE 0.0 0.88 0.86 0.86 0.74 0.87 0.8 0.81

MMU 0.88 0.0 0.8 0.89 0.87 0.87 0.87 0.88

RNO 0.86 0.8 0.0 0.87 0.78 0.83 0.86 0.82

AFU 0.86 0.89 0.87 0.0 0.54 0.78 0.85 0.85

MJA 0.74 0.87 0.78 0.54 0.0 0.66 0.76 0.83

NME 0.87 0.87 0.83 0.78 0.66 0.0 0.8 0.8

HIN 0.8 0.87 0.86 0.85 0.76 0.8 0.0 0.76

LIN 0.81 0.88 0.82 0.85 0.83 0.8 0.76 0.0

Table12: Distancematrix for thedatasetof 8 organismsusingcarbohydrateandlipid metabolisms.
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(a)Carbohydratemetabolism
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Figure 8: Phylogenetictreesfor the datasetof 8 organismsbuilt from comparisonof (a) carbohydrate
metabolismand(b) carbohydrateandlipid metabolisms.
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Technique

Our techniquefor Carbohydratemetabolism 0.93

Our techniquefor CarbohydrateandLipid metabolisms 0.71

NCE techniquefor Carbohydratemetabolism 0.71

NCEtechniquefor CarbohydrateandLipid metabolisms 0.71

Our techniquefor Glycolysispathway 0.75

Our techniquefor Citric Acid Cycle 0.57

Table13: Similarity measuresbasedon theNCBI taxonomyfor thedatasetof 8 organisms.

applyingit to a numberof pathways: Glycolysis,Citric Acid Cycle,CarbohydrateandLipid metabolisms.
Theclusteringof organismsin theresultingphylogenetictreeswasconsistentwith theNCBI taxonomyat
numerouslevels. In orderto comparethequalityof ourphylogenetictrees,weuseda similarity metricthat
comparedour treeswith existingstandards.

Ourexperimentssofarhaveconsideredonly thereactiontypesof theenzymesin definingnodesimilar-
ity. In thefuture,we will experimentwith othernotionsof distance(viz. sequence/structuresimilarity) in
theproposedresearch.

Our algorithmfor computingsimilarity betweengraphscanbe extendedby including informationon
the edges(in addition to the informationon the nodes)of the graph. The edgelabelscan be basedon
the relationshipbetweentwo enzymesin the enzymegraph,suchas the chemicalcompoundsharedby
the reactionsactivatedby the enzymes.Similarity betweenchemicalcompoundscan be definedby the
“similarity” of their chemicalformula. Otherinformationconcerningthe metabolicpathwayssuchasthe
inhibitory feedbackinteractioncouldalsobeincludedduringgraphcomparison.

We consideredsomesmallgroupsof pathwaysin deriving thephylogenetictrees.It shouldbepossible
to extendthis analysisby consideringthe whole metabolicnetwork. This type of analysiswill usemore
informationon thefunctionalrolesandrelationshipsof theenzymespresentin themetabolicnetworks.We
caneitherconstructasingletreefor theentiremetabolicnetwork, or combinetreesfrom differentmetabolic
pathwaysinto asingleconsensustree[46].

Our algorithmcanalsobeusedin thescoringof predicted(Computationally-derived) metabolicpath-
ways.Thenew pathway couldbecomparedandalignedto existing pathwaysusingour algorithmto judge
its validity.
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7 Appendix

The similarity measuresbetweennodesof graphsdefinedin section4 canbe computedas the principal
eigenvectorof somematrix. Themathematicalproof follows.
Usingtheadjacency matrices� and � of ��� and �a� respectively, we canrewrite the terms �]� to �hw andxp� to xUw of section4 asaproductof matrices.

�s���N�� �Ax�. ¬ �{}|�õ �8ö÷t � �Uxi. ¬ �{}|�ø ÖÄxpæ ¬ �{}|�õ �¯ù6��0°�8ö÷��t � �¯ùN�d0°�;�%xpæ ¬ �{}|�ø (24)

whereù6� is a
) �8� ) � matrixcomposedof only 1, ùN� is a

) �-� ) � matrixcomposedof only 1.xi.4{�|�õ is a
) �y� ) � diagonalmatrix with x�.4{}|�õI� ' 
 ' � (

' O/�U� ) as the indegreeof node
'

if this inde-
greeis different to 0 and1 otherwise. xpæ {}|�õ is a diagonalmatrix with xpæ ¬ �{}|�õ � ' 
 ' �Ó� ) ¬ �� (

' Oq� � )
if
! �Nz6{}|l� ' �y� Z and xúæ ¬ �{}|6õ � ' 
 ' ��� Z otherwise. x�.4{}|�ø is a

) ��� ) � diagonalmatrix with xi.4{�|�øÒ�RLS
MLN�
( L¨Oû�a� ) asthe indegreeof node L if this indegreeis differentto 0 and1 otherwise. xúæ6{}|�ø is a diagonal
matrixwith xpæ ¬ �{}|�ø �RLS
MLN� � ) ¬ �� ( LPO �a� ) if

! �Nz6{}|l�RLN��� Z and xúæ ¬ �{}|�ø �RL2
MLN��� Z otherwise.

�]�}�N�� �üxi. ¬ �¤%¥�¦Ïõ �at � �yölxi. ¬ �¤%¥�¦ªø ÖÄxpæ ¬ �¤%¥�¦Ïõ �¯ù6�Û0°�-��t � �¯ùN�d0Q�yö÷�%xúæ ¬ �¤%¥�¦ªø (25)

wherexi.N¤%¥�¦Ïõ , xi.N¤�¥2¦ªø , xúæ�¤%¥�¦Ïõ and xúæ�¤%¥�¦ªø arethecorrespondingmatricesof xi.4{}|6õ , xi.4{�|�ø , xpæ6{}|�õ
and xpæ6{}|�ø respectively for theoutdegree.

�s���N�§ �üx�. ¬ �|�¤%¦½{}|6õ �¯ù6��0°� ö ��t � �¯ùN�d0°�;�%xi. ¬ �|6¤%¦½{}|�ø Öýxúæ ¬ �|6¤%¦½{}|6õ � ö t � �Uxúæ ¬ �|6¤%¦½{}|�ø (26)

where xi.4|�¤�¦½{}|�õ , xi.4|6¤%¦½{}|�ø , xúæ6|6¤%¦½{}|�õ and xúæ6|6¤%¦ªø arethe correspondingmatricesof xi.4{}|6õ , xi.4{}|�ø ,xúæ6{�|�õ and xpæ6{}|�ø respectively for thematricesù6��0Q� and ùN�d0°� .

� �}�N�w �üxi. ¬ �|6¤%¦Ï¤%¥�¦Ïõ �¯ù6��0Q�a��t � �¯ùN�d0Q�sö÷�%xi. ¬ �|�¤�¦Ï¤%¥�¦ªø Öýxúæ ¬ �|6¤%¦Ï¤%¥�¦Ïõ �-t � �yöÝxpæ ¬ �|�¤%¦Ï¤%¥�¦ªø (27)

x �}�N�� �üxi. ¬ �{}|6õ � ö t � �¯ùN�d0°�;�%xi. ¬ �|6¤%¦½{}|�ø Öýxpæ ¬ �{}|�õ �¯ù6��0°� ö ��t � �Uxpæ ¬ �|�¤%¦½{�|�ø (28)

x �}�N�� �üxi. ¬ �|6¤%¦½{}|�õ �¯ù6��0°� ö ��t � ��xi. ¬ �{}|�ø Öýxpæ ¬ �|�¤%¦½{}|6õ � ö t � �¯ùN�d0°�;�%xúæ ¬ �{�|�ø (29)

x ���N�§ �üx�. ¬ �¤%¥�¦Ïõ �-t � �¯ùN�d0°� ö �%xi. ¬ �|6¤%¦Ï¤%¥�¦ªø Öýxpæ ¬ �¤%¥�¦Ïõ �¯ùN�X0°�a��t � � ö xúæ ¬ �|6¤%¦Ï¤%¥�¦ªø (30)

� ���N�w �üx�. ¬ �|�¤%¦Ï¤%¥�¦Ïõ �¯ù6��0k�-��t � �yöÝx�. ¬ �¤%¥�¦ªø Öýxpæ ¬ �|�¤%¦Ï¤%¥�¦Ïõ �at � �¯ùN�d0°�yö��%xpæ ¬ �¤%¥�¦ªø (31)

andtheequation(12)becomes

t �}�N¶ � � �/.2þSÿ©�k�¯�]�}�4�� Öý�s���N�� Öý�s���N�§ Öý�]�}�N�w 0°xB���N�� 0°xB���N�� 0°xâ�}�N�§ 0°xB���N�w�� ~��nt "	v � ' 
ML4� (32)

where ~�� is theelement-wisemultiplicationbetweenmatrix.

Weredefinethesimilarity matrix t asa
) �N~ ) �Ò�i. vector t��E���Þ� + �	t ö � usingtheoperator�Þ� + , wheretn� ' 
MLN�Ó�Gt��p��� ' 07.2��� ) �PÖELS
�.2� (the node

'
hasan index between1 and

) � and the node L hasan
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index between1 and
) � ). Theoperator�Ê� + satisfiestheproperty�Ê� + �	��
³�²�Û�7�	� ö
� �a�	�Ê� + ��
 � where�

representtheKronecker productbetweenmatrices(seeLemma4.3.1in [22]). Therecurrenceequationscan
bereexpressedby thesimpleform

t�� ´ ���Þ� + �	t "	v �=
=t�� �}�N¶ � � � �P~�t � �Ñ �P~�t � � Ñ � (33)

where � is a
) � ) �a� ) � ) � matrixdefinedby

� �7.2þSÿ©��tµùDe ���#x�. ¬ �{}|�õ � ö � xi. ¬ �{�|�ø � ö Öýxúæ ¬ �{}|6õ �¯ù � 0°� ö � � xpæ ¬ �{}|�ø �¯ù � 0°� ö �Ö-xi. ¬ �¤�¥2¦Ïõ � � x�. ¬ �¤%¥�¦ªø �KÖ xpæ ¬ �¤%¥�¦Ïõ �¯ù6��0°�a� � xúæ ¬ �¤�¥2¦ªø �¯ùN�d0°�;�Ö-x�. ¬ �|�¤%¦½{}|6õ �¯ù6��0Q�ÒöÛ� � x�. ¬ �|�¤%¦½{}|�ø �¯ùN�d0k�sö÷�lÖÄxpæ ¬ �|�¤%¦½{�|�õ �Òö � xúæ ¬ �|�¤�¦½{}|�ø �yöÖ-xi. ¬ �|6¤%¦Ï¤%¥�¦Ïõ �¯ù6��0°�-� � x�. ¬ �|�¤%¦Ï¤�¥2¦ªø �¯ùN�d0°�;�lÖýxúæ ¬ �|6¤%¦Ï¤%¥�¦Ïõ � � xpæ ¬ �|�¤%¦Ï¤�¥2¦ªø �08x�. ¬ �{}|�õ � ö � xi. ¬ �|6¤%¦½{}|�ø �¯ù � 0°� ö �÷0Qxpæ ¬ �{}|�õ �¯ù � 0°� ö � � xúæ ¬ �|�¤�¦½{}|�ø � ö08x�. ¬ �|�¤%¦½{}|6õ �¯ù6��0°� ö � � x�. ¬ �{}|�ø � ö 0Qxpæ ¬ �|�¤%¦½{}|6õ � ö � xpæ ¬ �{}|�ø �¯ùN�d0°� ö �08xi. ¬ �¤�¥2¦Ïõ � � xi. ¬ �|6¤%¦Ï¤%¥�¦ªø �¯ùN�d0°�;��0°xúæ ¬ �¤%¥�¦Ïõ �¯ù6��0°�-� � xpæ ¬ �|�¤%¦Ï¤�¥2¦ªø �08x�. ¬ �|�¤%¦Ï¤%¥�¦Ïõ �¯ù6��0k�-� � xi. ¬ �¤%¥�¦ªø �Ô0°xúæ ¬ �|6¤%¦Ï¤%¥�¦Ïõ �¯ù6��0°�a� � xúæ ¬ �¤�¥2¦ªø � �
and tµù*e is a

) � ) � � ) � ) � diagonalmatrixwith tµù*eg��� ' 0Q.2��� ) �,Ö LS
2� ' 0Q.2��� ) �lÖ LN�Û�Kt "	v � ' 
MLN� .
Thecomputationof thesimilarity valuesbetweeneverypairof nodes� ' 
MLN� is thereforeequivalentto the

computationof theprincipaleigenvectorof thematrix � definedin (34)usingthepower method.

To insureconvergenceof the iterationsof thepower method,thealgebraicmultiplicity of theprincipal
eigenvalue � of thematrix � needsto beequalto one[21]. In this casethematrix hasa uniqueprincipal
eigenvectorandtheiterative processconvergesto thesolutionafterfew iterations.Determiningfrom a ma-
trix if its principaleigenvalue � is uniqueis not aneasyprocess.Nevertheless,a few propertiesfrom the
Theoryof Matrix handlesomespecialcases.Whenthematrix � is irreductible,by thePerron-Frobenius
theory, theprincipaleigenvaluehasamultiplicity of 1 [21]. In thiscase,theiterationswill alwaysconverge.
In thecaseof symmetricnonnegative matrix � , BlondelandVanDoorenstatein [7] thatthesubsequencest�� � � �N� and t�� � � �N¶ � � definedfrom thesequencet�� ���N¶ � � �q�P~�t�� � þ Ñ �P~�t�� � Ñ � convergeboth. When0�� is notaneigenvalueof thematrix � thenthesequencet � � simplyconverges.

For the enzyme-enzymerelationalgraphs,the matrix � is symmetricnonnegative whenthe reactions
in the metabolicpathways areconsideredasreversible. Indeed,in this casethe enzymegraphsbecome
undirectedand the adjacency matricesassociatedto them are symmetric. When the graphs ��� and �a�
are undirected,the matrices� and � are symmetric( � ö �G� and � ö �G� ) and xi.4{}|6õb�Gxi.N¤%¥�¦Ïõ ,xúæ6{�|�õQ�Kxúæ�¤%¥�¦Ïõ , xi.4{�|�øý�Kxi.N¤%¥�¦ªø , xúæ6{}|�øý� xpæ�¤%¥�¦ªø , xi.4|6¤%¦½{}|6õQ� x�.4|�¤%¦Ï¤%¥�¦Ïõ , xpæ6|�¤%¦½{}|6õ°� xpæ6|�¤%¦Ï¤%¥�¦Ïõ ,xi.4|6¤%¦½{}|�øk�üx�.4|�¤%¦Ï¤%¥�¦ªø , xpæ6|�¤%¦½{}|�ø �üxpæ6|�¤%¦Ï¤%¥�¦ªø . By theproperties�¯�ÓÖú�;� ö �ü� ö ÖÓ� ö and �¯� � �;� ö �� ö � � ö , wecanseethatin caseof undirectedgraphs,thematrix � is symmetricandnonnegative.
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