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Abstract

With phylageneticsbecomingincreasinglyimportant
in biomedicalreseach, the numberof phylayenetic
studiesis increasingrapidly and huge mountof phy-
logenetic data has been geneated and stored in
databasesHowto efficientlyextractinformationfrom
thedatahasbecomeanimportantreseach problem.

In this paper wefocuson a classof importantqueries
onphylayenetictrees:structue querieswhich include
leastcommonrancestgrminimal spanningclade tree
pattern matd and tree projection. After analyzing
the characteristicsof the phylayenetictreeaswell as
structue queries,we proposea storage systenbased
on labeling usingRDBMSand designalgorithmsfor
gueryevaluation.We implementhesealgorithmsand
compae themwith existing techniques.Performance
studiesprove the efficiencyof our stratagy.

1 Intr oduction

Phylogenetics- the scienceof identifying and un-
derstandingevolutionaryrelationshipbetweendiffer-
ent species— hasbecomeincreasinglyimportantin
biomedicalresearchFor example,within epidemiol-
ogy it hasbeenusedto tracecontacthistoriesof infec-
tiousdiseasef9], to identify thegeographioriginsof
outbreakgasin thecaseof WestNile Virus[13]), and
to predictthetiming of new introductiong17].

In responsdo the demandfor phylogenetictrees,
the number of phylogenetic studies is increasing
rapidly anda variety of phylogenetictree generation
algorithms[12, 6, 10, 26, 29, 19, 18] have beenpro-
posed. The numberof treespublishedis doubling
every 5 years,and the numberof sequences Gen-
Bankthatmightbeusedo build treesis doublingeven
faster roughly every year[1]. The sizeandscopeof
individual treesare alsoincreasingrapidly, asrecent
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publicationsof treeswith hundredsto thousandof
specieglemonstrate.

The growth of phylogeneticinformation and the
needfor on-line archival storageand retrieval has
led to the establishmenof several databaseystems,
mostnotably TreeBase[2322] and Tree of Life[14]
(ToL). ToL containsa singletree, and althoughit is
still far from completeit is quite large; the current
treerepresenteth XML formatis almost30MB [14].
TreeBase[2Bcurrentlycontainamorethan3000trees.

To extract data of interestfrom thesedatabases,
variousspecializedsearchtools have beendeveloped.
TreeBaserovidesakeyword-basedearctool which
allows a userto enteratreelD, the nameof ataxon,
or otheridentifying featuredo searctthe databasef
trees. ToL emplgys visualizationtechniqueghat al-
low the userto view a sectionof the tree, expandor
contractportionsof thetree,andto link to supporting
literatures. However, neitherof thesesystemsallow
usersto searchthe structureof a phylogenetictree.
Sincethe structureof a phylogenetidree modelsthe
importantinformationaboutthetaxacontainedwvithin
thetree,structuresearchis very important.

Recentresearchefforts have thereforebegun to
considerstructurequerieson phylogenetictrees[27,
20]. [27] focuseson patternmatchqueries: given a
guerytree(samplephylogely), find all treesthatcon-
tain the query structure. Their techniqueis to de-
composethe patterninto a set of paths,andtry to
scorethe treesin the databasewith the number of
matchedpaths. However, the methodcannotbe ex-
tendedto structurequerieswhoseinput doesnot con-
tain structuralinformation,suchasleastcommonan-
cestorqueries:giventwo speciesfind theirleastcom-
mon ancestar [20] focuseson leastcommonances-
tor and minimal spanningcladequeries. By storing
eachtreeedgeasatuplein arelationaldatabasethey
cantranslatehesequeriednto SQL expressionsising
transitve closure(provided by mary relational sys-
tems,suchasOracle). A major shortcomingof this
approachs thattransitive closurecanbe very expen-



sive for large datasets[28].

Thispaperpresenta storageschemendoptimiza-
tion techniquesfor efficiently supporting structure
guerieson phylogenetictrees. The structurequeries
supportedinclude least commonancestoy minimal
spanningclade tree patternmatd, andtree projec-
tion. Our methodis basedon a Dewey numbering
scheme[30] which encodesthe information of the
path from the root to a node. Experimentalresults
shawv that our approachperformswell and scalesto
large datasets.

Theoutlineandcontritutionsof this paperare:

1. In Section2, phylogenetictreesand structure
queriesaredefined.

2. A labeling schemebasedon structureinforma-
tion is presentedn Section3; adatabasschema
basednthislabelingschemeés thendesignedo
storephylogenetidreeinformation.

3. Efficient algorithms for evaluating structure
gueriesarepresentedn Section3 usingthe pro-
poseddatabasechema.

4. Section4 details the experimentalresults that
demonstraté¢he efficiency of our stratey.

We closethe paperby discussingrelatedand future
work.

2 Data Model and Queries

A commondatamodelfor representingvolutionary
relationshipsbetweenspeciess atree. Phylogenetic
treeshave thefollowing specialcharacteristicandre-

guirements:

1) In theory phylogenetidreesareunorderedbinary
treessinceit is almostimpossiblefor a speciesto
evolve into morethantwo speciesat the sametime.
Occasionallytreeswith slightly larger fanoutwill be
built if insuficient informationis available; however,
thisis rareandthefanoutis alwayssmall. Althoughit
is importantto determinef two nodes(specieshave
the sameparentor ancestoin phylogenetiadesearch,
thereis no obvious biological reasonto sort the sib-
lings. Treesarethereforeconsideredo beunordered.

2) Theleavesin a phylogenetidreesaretagged.The
tag attachedo a leaf is alwaysunique,andtypically
denotesa speciesiame.

3) The information attachedto nodesis typically
large, representingither sequencénformation (sev-
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Figurel: Phylogenetidreefor hominidae[14

eral million characters)or information about the
modelusedto build this nodein thetree.

Formally, we candefinea phylogenetidreeasfol-
lows:

Definition 2.1: A phylogenetidreeT canbedefined
asatuple(V %, tag, parent, root), where

o V = Vi |V}, is afinite setof nodeswhereV is the
setof internalnodesandV7y, is thesetof leaf nodes

¢ Y is afinite alphabebf nodetags.

e tag:Vy, — 3 is thetag function tag(n) returnsthe
tagnameof n, which canbeeitheratagore.

e parent:V — {e} U V7 is the parentfunction p(n)
returnsgheparentodeof n if it existsande otherwise.

e root € V isrootof thetree. ]

Phylogenetictreesmay also have more informa-
tion associateavith nodesor edges For example,the
edgesnaybeweightedio represengvolutionarytime.
Here,we give a very basicmodelto simplify the pre-
sentation.

For example,Figurel shavs the phylogenetidree
for Hominidag[14] wheretag(node;1) = "Homo” and
paren{nodes) = nodes.

Biologistsfrequentlyexchangeandstorephyloge-
netic treesusing the NEXUS [15] format. In the
NEXUS format, a pair of parenthesess usedto rep-



resentan interior node, a string to identify a leaf
node,a commato separatawo sibling, and an op-
tional realnumberprecededy a colonto denotethe
weight of the incoming edgeof the node. For ex-
ample, the subtreerooted at node; in Figure 1 can
be representedas (Ardipithecus (Australopithecus
Homg)). Sometimespiologistsalso want to iden-
tify the internalnodesand usean extendedNEXUS
formatin which stringsare also usedto identify in-
ternalnodes.For example,if we useid to identify an
internalnode,the subtreerootedat nodez in Figurel
canbe representeds (Ardipithecus (Australopithe-
cus Homognodeg)noder.

We alsodefinetheancestorelationshipasfollows:

Definition 2.2: Given a phylogenetictree (V, %,
tag, parent) andanoden € V, ancestor(n) =
{m|ﬂlllk eV (ll =nAlp = mAVl <
i < k — 1 parent(l;) = l;y1)} The function
isancestor(m,n) returnstrue if andonly if m €
ancestor(n). n

Queries.

Structurequeriesare usedto determinerelationships
betweerspecie®r to checkif agivenpatternexistsin
agiventree.

Least Common Ancestor: Leastcommonancestor
is animportantstructurequeryon phylogenetidrees.
Although it is not frequently used by biologist di-
rectly, it is the basiccomponentfor other structure
gueries. Leastcommonancestorfinds the common
ancestoiof a setof nodeswhich is farthestonefrom
theroot.

Definition 2.3: Given a phylogenetictree T'(V, %,
tag, parent), the leastcommonancestorof a setof

nodesni,...,n, € V, denotedasica(ni,...,ng) =
{m | isancestor(m,ni) A...ANisancestor(m,ng) A
Bl (isancestor(l,n1) A ... A isancestor(l,ng) A
isancestor(m,l))} n

For example,we may askthefollowing query:
@1 : Find the leastcommonancestorof Homo and
Gorilla.
Usingthetreein Figurel, theresultwould be node,.

Minimal Spanning Clade: Minimal spanningclade
is often usedwhenbiologistswantto find all species
which arecloselyrelatedto thespecieshey arework-
ing on. The minimal spanningcladeis definedasfol-
lows.

Definition
TV, %,

2.4: Given a phylogenetic tree
tag, parent) and a set of nodes
ni,...,n,g € V, the minimal spanning clade
denotedasmsc(ni,...,nk), is the subtreerootedat
lea(ny,...,ng). ]

For example, )2 : Find the minimal spanning
cladeof speciesHomaq Gorilla andPan Troglodytes
The result is (((Pan  Paniscus Pan
Troglodyte$, (Ardipithects, (Australopithecus
Homag)), Gorilla).

Tree Pattern Match: Tree patternmatchis used
whena biologistknows the relationshipga phyloge-
netictree) betweena setof speciesandwantsto find
relatedresearcton this setof species.We definethe
treepatternmatchasfollows:

Definition 2.5: Given a querytree Q(V', ¥', tag’,
parent') anda datatreeT'(V, X, tag, parent), tree
pattern matd, denotedastpm(Q,T), returntrue if
andonly if thereis a homomorphisnfrom V' to V.
Thatis, thereis afunctionh : V! — V suchthat:

e Vo' € V' Jv e Vv = h(v)
o tag(v) = tag(h(v'))

o V' v € V' w' = parent(v')
— 4sancestor(h(w'), h(v'"))

For example,we may askthe following query:
Qs : Is thepattern((Gorilla, Ardipithecu$, Homg in
thetreeof Figurel?
Theresultwould befalse.

Treeprojection: Sometimeshiologistsareinterested
in asetof speciesbut maynotknow therelationships
betweenthem. In this case,they may go to a well

known phylogenetidree,suchasTOL, andextractthe
subtreewhich only containsthe relationshipamong
the specieshey areinterestedin. We call this tree
projectionanddefineit asfollows:

Definition 2.6: GivenadatatreeT'(V =V J V1, %,
tag, parent) and a setof nodesS C Vi, tree pro-
jection denotedas projection(T, S), returnsa tree
(V' =V/UV], ¥, tag', parent’) suchthatV} = S
andthereis ahomomorphisnh : V! — V' suchthat:

o Vo' e V! Jv e V,u=h(v)
o tag(v) = tag(h(v'))

o V' v € V' w' = parent(v')
— isancestor (h(w'), h(v"))



Notethatthis differsfrom minimal spanningclade.
For example,@, : find the treeprojectionwith given
speciesHomaq Gorilla andPan Troglodytes
Theresultwill be ((Homg Pan Troglodyte$, Gorilla)
whichis differentfrom theresultof query@s.

Sincebiologistsaretypically interestedn a small
setof speciestheresultof a structurequeryis usually
relatvely small.

3 Evaluating Structure Queries

Basedon the propertiesof phylogenetidrees-in par
ticular the fact that phylogeneticreesare unordered
with smallfanout—we usethe Dewey numberingsys-
tem[30] whichis widely usedin library bookclassifi-
cationto labelnodesandspeedup structurequeries'.

Theabstractiorto phylogenetidreesis asfollows:
For eachnoden, we randomly order the outgoing
edgesandusetheorderasthelabelof theedge.Since
thereis a uniquepathp from therootto a givennode
n, We concatenate¢he labelsof edgesappearingn p
andusingtheresultstringasthelabelfor noden.

In this paper we focus on a binary phylogenetic
tree; however, the algorithmsalso hold for a fixed
fanouttree. To clarify the following discussionwe
introduce some terminology: Given a node id n,
labeln) denotesdts label, leftchild(n) denotests left
child andrightchild(n) denotests right child . Given
alabell, noddl) denoteghe nodeid. Giventwo la-
belsi; andis, Icp(l; ,l2) denotegheirlongestcommon
prefix.

Ancestor/descendamglationshipas well as com-
monancestorganbe determinedy comparingnode
labelsasfollows:

Ancestor/DescendantNode m is a descendanbf
node n if and only if labeln) is a prefix of
labelm). Notethatn is the parentof m if and
only if its labelis the string obtainedby deleting
thelastcharacteof label(m).

Commonancestor A commonancestoof m andn
hasalabelwhichis acommonprefix of labelm,)
andlabekn).

Note thata nodelabel explicitly givesinformation
of the pathfrom the root to this nodeand therefore
uniquelyidentifiesthis node.

Example 3.1: Figure 2 shawvs label information for
the samplephylogenetidreeof Figurel, whereeach

A similar schemds alsousedin [21].

label tag id
0 0
00 Pongo 1
01 2
010 3
0100 4
01000 PanPaniscus 5
01001 PanTroglodytes 6
0101 7
01010 Ardipithecus 8
01011 9
010110 Australopithecus 10
010111 Homo 11
011 Gorilla 12
Figure 2: Relational Representatiorof Hominidae
Phylogeny

Algorithm 1 Tree:labeling(Tree:r, Stringlocal)

if ris null then

2 return

3: endif

4: if paren{r) existsthen

5 labelr) = concatfabelparenir)), local) //
concatis the functionto concatenatéwo
string

o

else

label(r) = local;
endif
labeling(eftchild(r), “0")
10: labelingtightchild(r), “1")

© N o

tuplein thetablecorrespondso a nodein thetreein
Figure 1, thetag attribute representshe nodetag in-
formation, the id attribute is the uniguenodeidenti-
fication andthe label attribute in the table storesthe
labelgeneratedor thisnode.ConsiderspeciesHomq
for whichlabel(Homo¥010111. Sincelabel(Nodg)=
010 whichis aprefixof 010111, Nodg is anancestor
of Homaq but not the parent. Furthermore sincela-
bel(Ran Paniscus}01000, Nodg is the commonan-
cestorof specietHomoandPan Paniscussince010 is
acommonprefix of 010111 and01000. L]

Thelabelscanbeconstructedn asingle-passising
depth-firsttraversalof the input phylogenetictree as
presentedn Algorithm 1.

Next we will discusshow to evaluate structure
gueriesusingthis labelingscheme.

Least Common Ancestor.

Theleastcommonancestoof two nodesn andn can
be answeredvy finding the nodewhoselabel is the



Algorithm 2 Node:Ica(Node:n, Nodem)
1. I,= labeln), [,,,= labelm)
2: Computethe longestcommonprefix [ of [,, and
Im
3: Returnnodd!)

longestcommonprefix of label(m) andlabeln). De-
tails canbefoundin Algorithm 2. Notethatlca(n, m)
canbe computedin time proportionalto the size of
the labelsof the input nodes,which are boundedby
theheightof thetree.

Example 3.2: To answerquery Q, we will getthe
labelsof Homo and Gorilla, which are 010111 and
011. Thelongestcommonprefix of thesetwo labels
is 01. We thendeterminethatnodes haslabel(1, so
HomoandGorilla sharedthe leastcommonancestor
nodes. n

Treeprojection.

To find a tree projectionfrom a setof nodeswe first

getlabelsof thesenodesandsort the nodesby their

labelsin alphabeticalorder Algorithm 3 can then
be usedto projectionthe tree. The algorithmworks
asfollows: Startingwith an emptytreeT’, we insert
nodesinto thetreein order Sincethe orderof labels
representshe left-right orderof theleavesin the data
tree,ateachpointthenodebeinginsertedwill become
therightmostleaf nodein T afterinsertion. To deter

mine the parentof the new noden in T', we find the
first nodem on the pathfrom the currentrightmost
leafnoder to therootsuchthatlabelm) is aprefix of

labeln).

Proposition 3.3: Let £ bethe numberof nodesin the
inputsetS. Thenthetotalnumberof comparisorper

formedby Algorithm 3 is boundedoy 3k.

Proof: Obsenre thateachtime we inserta node,the
numberof comparisonss justonemorethanthenum-
berof nodesemovedfrom therightmostpath. Sothe
total numberof comparison=1 +¢; +1+c¢o... +

1+ ¢, wherec; is thenumberof nodesemaovedfrom

therightmostpathwhenwe inserttheith node.Once
a nodeis removed from the rightmostpath, it will be
never consideredgain.Soc; + ¢ . . . + ¢ isbounded
by thesizeof theresulttreewhichis atmost2k. Thus,
the total numberof comparisorperformedby Algo-

rithm 3 is boundedoy 3k. [

Example 3.4: To answerquery 4, we first retrieve
thelabelsof theinput speciedHomaq Gorilla andPan
Troglodytes which are 010111, 011 and 01001, re-

Algorithm 3 Tree: projection(Nodelist: S =
(n1,...,ms))
1T =null
2: fori=1,i<s,i++do
3 if T is null then
4: T =thetreewith only onenoden;
5: r =n /] user to recordtherightmostleaf
6: else
7 lca = Ical,n)
8: m = paren{r)
9 while m is not null andlabelm) is nota
prefix of labelica) do
10: m = pareni{m,)
11: endwhile
12: if m is null then
13: leftchild(lca) =T
14: rightchild(lca) = n
15: T=lca
16: else
17: leftchild(lca) = rightchild(m)
18: rightchild(lca) =n
19: rightchild(m) =lca
20: endif
21: r=n
22: endif
23: endfor

Algorithm 4 Tree:msc(Noden, Nodem)
1. [ =lIcal, m)
2: Getleaves of the treerootedby [, Leaves, and
orderthemby label
3: projection{Leaves)

spectvely. Wesortthislabelsetandgetthelist 01001,
010111, 011. Wefirstinsert01001 into anemptytree.
To insert010111, we computethe leastcommonan-
cestorof 010111 and the rightmostleaf in the cur
renttree(01001) andgettheresult010. Since01001
hasno parent,we use010 astheroot of the new tree
andgetthetree (01001, 010111)010. We theninsert
011, and computethe leastcommonancestorof 011
andthe currentrightmostleaf (010111) obtaining01.
Sincethe parentof node010111 haslabel010 which
is not a prefix of 01, we mustcontinueup the pathto
theroot of the currenttree. However, node010 is the
root, sowe mustcreatea new root01, finally, obtain-
ing thetree((01001, 010111)010, 011)01. Usingtags
to represenhodesithis is the tree ((Pan Troglodytes
Homg,Gorilla). [



Minimal SpanningClade.

Using the leastcommonancestoralgorithm, we can
find theminimal spanningcladeasfollows. Giventwo
nodesn andn, wefind theirleastcommonancestof.
We thenfind all nodesa in thetreefor which label(l)
is a prefix of label(a) obtainingasa resulta setof
nodes.

If the userwishesa treeinsteadof a setof nodes,
we retrieve the leaves for which label(l) is a prefix
and sort them by their labels. We then projection
over them (Algorithm 3) to obtainthe tree (seeAl-
gorithm4).

In our implementation(seeSection3), we cluster
nodesin atreeby their labelandindex labelssothat
matchingnodescanbe found efficiently. The number
of comparisongerformeds thereforeproportionalto
the numberof matchingnodesplus an index scan.
Sincetheresultis alreadysorted,Algorithm 3 canbe
directly appliedto theresultto obtainthetree.

TreePattern Match.

To answeratreepatternmatchquery we alsousethe
projectionalgorithm(Algorithm 3). Givenatreepat-
ternp, we extractthe setof leavesin p. Usingthe set
of leavesasinput, we projectiona subtrees from the
given phylogenetidreet. We thencheckwhetheror
not p ands areequal(in the caseof an exact match)
or computethe differencebetweerp ands asa mea-
sureof similarity in the caseof approximatematch.
Algorithm 6 shavs theexactpatternmatchalgorithm.

To checkif two phylogenetidreesrootedatm and
n respectrely arethe same we usethe propertythat
theleaftagsareunigue.Theideais thatwe performa
depthfirst traversalof eachtreeandtag eachinternal
nodewith the smallesttag of its descendanlteaves;
this can be donein linear time. Thenwe compare
thetagsof the two treesstartingat the roots: we first
checkif thetagsof m andn arethe same;if not, re-
turn false. If they arethe samewe recursvely check
thatfor eachchild of m thereis a child of n» with the
sametag (andvice versa).Sincethetreeis unordered
andbinary, this entails3 checks.Thetotal numberof
comparisonss therefordinearin thenumberof nodes
in thetree. The detailedalgorithmis shavn in Algo-
rithm 5.

To computethe differencebetweentwo trees,we
referreaderdo [2].

Example 3.5: To answerquery 03, we first retrieve
the leavesof the input tree patternwhich are Gorilla,

Algorithm 5 boolean:equal(Tee:r{, Tree:rsy)
FunctionTree:tagging(Tee:r)
1. if Risaleafthen

2: return

3. endif

4: taggingleftahild(r))

5: tagging(ightchild(r))

6: if tag(leftchild(r)) < tag(rightchild(r)) then
7 tag(r) = tag(leftchild(r))

8: else

9 tag(r) = tag(rightchild(r))

10: endif

Functionboolean:Compare(Tee:ry, Tree:rs)
1: if 71 isnull then

2: if 7o is null then
3: returntrue
4: else

5: returnfalse
6: endif

7: else

8: if 7o is null then
9: returnfalse
10: endif

11: endif

12: if tag(rq) = tag(r2) then
13: returnfalse

14: endif

15: if Comparelgftchild(ry ), leftchild(r,)) then

16: if Compare(ightchild(r ),rightchild(rs))
then

17: returntrue

18: else

19: returnfalse

20: endif

21: else

22: if Compareeftchild(r ), rightchild(r2)) then

23: if Compare(ightchild(r,), leftchild(rs))

then

24: returntrue

25: else

26: returnfalse

27: endif

28: else

29: returnfalse

30: endif

31: endif

Functionboolean:equal(Tee:r{, Tree:ry)
1: taggingf1)

2: taggingf2)

3: returnComparefy,rs)




Algorithm 6 boolean:pattern-match(fee: P)
1. gettheleafsetof P: S
Getthelabelof elemenin S andorderS by label
T=projectionfS)
if equal{,P) then
returntrue
else
returnfalse
endif

ArdipithecusandHoma Applying the projectionop-
eration,we geta subtreg((Ardipithecus Homg, Go-
rilla). Applying the tree equality function of Algo-
rithm 5, we find that ((Ardipithecus Homag, Gorilla)
is not the sametree as the input pattern((Gorilla,
Ardipithecu$, Homoa, thereforewe returnfalse. =

4 Experimental Results

To evaluatethe effectivenessof our methodwe built
a prototypesystemusingC++ andaleadingcommer
cial relationaldatabaseystem.We generateghylo-
genetictreesusingr8s [25]. Basedon Algorithm 1,
a dataloaderparseghe phylogenetidrees,generates
a tuple for eachnodein eachtree, and storesthem
in the database The schemaof the databasés <tid,
label, tag> wheretid is usedto distinguishdifferent
trees Jabelis thelabelof thenode,andtagrecordshe
nameof the specieswhich is usedto uniquelyiden-
tify anode. Therelationis clusteredby {tid, label.
An index on {tid, tag} is alsobuilt to improve perfor
mance.We studythe performancef our methodand
compareit with two relatedsystems. Experimental
resultsshaw the effectivenessof our approach.

4.1 Experimental Setup

The experimentswere performedon a 1.5GHz Pen-
tium 4 machinerunningLinux, with 512MB memory
andone40GB harddisk (7200rpm). The databasés
installedon anothermachinewith the sameconfigu-
ration and running Windows 2000. All experiments
were repeatedlO times, and the averageprocessing
time was calculateddisregarding the maximumand
minimumvalues.

We comparethe performanceof our systemwith
two othersystemgprocessingstructurequeries:[20],
whichis basedn thetransitive closureprimitive pro-
vided by the relationaldatabasend denotedas TC;
[27], which is basedon path matchand denotedas
PM. We denoteour methodasLS (labelingscheme).

Distance between two query nodes in data tree

Distance
(&)
S

Query

Figure 3. Distancebetweeninput pair nodesin the data
tree

Least Common Ancestor
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Figure4: Executiontime of LCA queries
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NotethatPM is a mainmemoryalgorithm,while TC
andLS needto visit databases.

4.2 LeastCommon Ancestor (LCA)

The first experimentteststhe leastcommonancestor
query Dueto thelack of availability of large phyloge-
netictrees,n this experimentwe user8s[25] to simu-
lateaphylogenetidreewith 0.5million nodesaccord-
ing to a Yule stochastigrocess.The sizeof dataand
indexesfor TC andLS are35MB and50MB respec-
tively. We randomlypick 10 pairsof nodesasinput;
the distancebetweenthe nodepairsis shav in Fig-
ure 3. Figure4 shavsthe executiontime of leastcom-
monancestoqueriesthedatabaseonnectiortimeis
not included. Note thatthe PM methodis absentin
thistestsinceit cannotsupportLCA queries.Hereas
well asthroughoutthe restof this section,wheneer
a methodcannotsupporta particularqueryit will be
omittedfrom the performanceyraphs.

We can seethat both TC and LS work well. LS
is basedon string comparisonon labelswhich run
very fastand cannotbe accuratelymeasuredywe use
0.001secondssits runningtime. TC takeslessthan
0.14 secondto run eachquery exceptfor query 10.
It is interestingto seethat thereis no clearrelation-
shipbetweertherunningtime of thetransitive closure
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Figure5: Numberof nodesn theresultMSC
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Figure6: Executiontime of MSC queries

methodand the distancebetweentwo input nodes.

For query 10, sincethe leastcommonancestof the
two givennodesis theroot, andtheroot hasnot been
storedasatuplein TC, theresultis notavailable.

4.3 Minimal SpanningClade (MSC)

The next experimentteststhe performanceof mini-
mal spanningcladequeries We usethesamedataand
guerysetasLCA. Thenumberof nodesin theresult-
ing minimal spanningcladeis shavn in Figure5. The
gueryexecutiontime is shavn in Figure6.

As we can see, except for query 10 which TC
doesnt support,our methodoutperformsTC by sev-
eralordersof magnitude LS takeslessthan0.35sec-
ondto find theresultsetwhile TC takesaround1000
secondsilt is curiousasto why TC performssodiffer-
entlyfor LCA andMSC queries.Thereasoris thatin
atree,eachnodehasonly oneparentsotransitve clo-
surefor LCA canbeimplementedisasetof recursve
selections.However, sincea nodecan have a setof
children,the transitve closurefor MSC mustbe im-
plementedasa setof recursve joins, which arevery
expensve. Also the executiontime of transitive clo-
surehasno clearrelationshipto the size of the query
result.

Time to generate and store a subtree given 20
leaves

0.18

0164 ~—— ———
0.14

0.12

0.1

Time(seconds)

1 2 3 4 5 6
Number of leaves in the phylogenetic tree (*100)

Figure7: Timeto projectionasubtreenith agivennumber
of leavesfrom differentsizedphylogenetidrees

4.4 Treeprojection

We alsodid two experimentgo testthe performance
of our methodon tree projectionqueries. SinceTC
and PM don't supporttree projection,we only have
onecune in the experimentakesults.

Effect of varying the sizeof the phylogenetictree

In thefirst experiment,ourtamgetis to understandhowv
our algorithmscales.Thatis, to determinethe effect
on the executiontime of projectionwhenthe number
of input leavesis constant,the size of the phyloge-
netictreevaries,andthe leavesarerandomlychosen
overthephylogenetidree.To doso,we simulatephy-
logenetictreeswith 100, 200, ..., 600 leaves using
HyPhy-I11 [24].

As shawvn in Figure7, thetime of projectinga sub-
treewith a givensetof leavesis notreally affectedby
thesizeof thephylogenetidree.

Effect of varying the number of selectedeaves

In thesecondexperimentwetry to understandhe ef-
fectontheexecutiontime of projectionasthenumber
of leavesvaries. To measurehis, from a fixed phy-
logenetictree we randomlyselectsetsof leaf nodes
varying the numberof nodes.We useHyPhy-II [24]
to simulatea phylogenetidreewith 2000leavesasin-
putandvarythenumberof leavesselected10, 20, . ..
200leaves).

In contrasto Figure7, thetime of generatin@sub-
treewith a givensetof leavesis affectedby the num-
berof selectedeaves.

4.5 TreePattern Match

In thelastexperimentwe testtheperformancef tree
patternmatch queries. We simulatea phylogenetic
treewith 200 nodesusing HyPhy-Il [24] asthe data
tree. We randomlyselect10, 20, ..., 60 leavesand



Time to generate and store a subtree from the
selected leaves of a phylogenetic tree with
2000 leaves
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Figure8: Time to projectiona subtreewith differentnum-
berof leavesfrom a phylogenetidreewith 2000leaves
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Figure9: Executiontime of patternmatchqueries

projectionasetof subtreesWe usethis setof subtrees
asquerytrees.Theresultis shavn in Figure9. As we
canseethat, our methodbasedon databasengineis
comparabldo the mainmemoryalgorithmPM.

5 Relatedwork

Severaldatabaseystemd23, 14] have recentlybeen
createdto storeandretrieve phylogenetidrees. The
Treeof life [14] is a resourcewhich providesa uni-
form andlinked framework to browvseinformationon
phylogenetiaelationshipaswell asvariouscharacter
isticsof organismsandprovideslinks to relatedinfor-
mationavailableonthelnternet.

TreeBASE [23, 22] usesa relational databasdo
storephylogenetidreesandthe datamatricesusedto
generatghem from publishedresearclpapers. The
phylogeneticreesthemseles are storedasa BLOB
attribute in NEXUS format[15] while otherinforma-
tion (for example,the authorof the tree)is storedas
attributes. Keyword-basedjuerieson attributesother
thantreesare supported.[27] proposesa methodto
extend TreeBASE to supportstructure-basedueries
(e.g. finding a particular tree pattern) by navigat-
ing the NEXUS format phylogenetictree files using
ageneral-purposprogramlanguage.

The next version of TreeBASE will enable

structure-basedjueriesby storing the tree structure
explictly usingthetechniqueof [20]. By storingeach
edgein the tree explicitly, least common ancestor
(LCA) queriescan be computedusing the transitve

closureprimitive supportedn mary commerciarela-

tional databaseystems.

[20, 21] alsodiscussthe requirementf a phylo-
genetictreedatabase.

LCA hasbeenwell studiedin the algorithmsliter-
ature([8, 4, 3]. [8] describeghe first linear prepro-
cessingtime, linear space,and constantquery time
algorithmfor LCA. [7] obseresthat LCA is equi-
alentRangeMinimum Query(RMQ) by giving alin-
ear time algorithm to reduceLCA to RMQ using
depth-firstsearch,and a linear time algorithmto re-
duce RMQ to LCA using a cartesiantree construc-
tion. Basedon the reductionof LCA to RMQ, [4]
gives a linear preprocessingime, linear space,and
constantquery time algorithmto answerLCA. This
algorithmis simplerthanthe algorithmin [8], andis
in turn simplifiedby [3]. All of thesealgorithmsneed
to randomlyaccesseveraldifferentdatastructuresn
an interleaved manner anddo not extendwell to the
databaseontet.

Several techniques have also been developed
for manipulatingpartially orderedsetsand ontolo-
gies[1], 5, 16]. Thesetechniquesare goodfor pro-
cessingsmall graphs(trees)in main memory and
have specializedoperationsfor this applicationdo-
main.

6 Conclusionand Futur e work

In this paper we summarizeserseral importantstruc-
ture querieson phylogenetidrees.Basedon ananal-
ysis of the characteristicef phylogenetidree and of
structurequerieswe proposed storagesystembased
on a Dewey labeling scheme. We thendiscusshow
to efficiently evaluatestructurequeries. Our experi-
mentsshav thatthisimplementatiorusingarelational
enginehasvery goodperformanceandscalability

In ongoingresearchye areinvestigatingstructure
qguery operationsamongmultiple phylogeneticirees,
suchasunions,differenceandjoins, andhow to ex-
tendour techniquego supportquerieson morecom-
plex biological data,suchasbiopathvays. In the fu-
ture, we plan to investigatemore generalquery lan-
guageswhich contain these basic operations. We
are alsointerestedin updateoperationson phyloge-
netictrees permittinglocal rearrangementsf phylo-
genetictrees,andfacilitating the curationof phyloge-



neticdata.

This work is being performed in the con-
text of the Cyberinfrastructurefor Phylogenetic
Research (CIPRes) project funded by NSF
(http://wwwphylo.og/), and will be used for a
massive simulation databaserepresentinga “gold
standard’againstwhich phylogenetidreereconstruc-
tion algorithmscanbetested.
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