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Abstract

With phylogeneticsbecomingincreasinglyimportant
in biomedicalresearch, the numberof phylogenetic
studiesis increasingrapidly andhuge mountof phy-
logenetic data has been generated and stored in
databases.Howto efficientlyextract informationfrom
thedatahasbecomean importantresearch problem.

In thispaper, wefocusona classof importantqueries
onphylogenetictrees:structurequerieswhich include
leastcommonancestor, minimalspanningclade, tree
pattern match and tree projection. After analyzing
thecharacteristicsof thephylogenetictreeaswell as
structure queries,weproposea storage systembased
on labelingusingRDBMSanddesignalgorithmsfor
queryevaluation.Weimplementthesealgorithmsand
compare themwith existing techniques.Performance
studiesprovetheefficiencyof our strategy.

1 Intr oduction

Phylogenetics– the scienceof identifying and un-
derstandingevolutionaryrelationshipbetweendiffer-
ent species– hasbecomeincreasinglyimportant in
biomedicalresearch.For example,within epidemiol-
ogyit hasbeenusedto tracecontacthistoriesof infec-
tiousdiseases[9], to identify thegeographicoriginsof
outbreaks(asin thecaseof WestNile Virus[13]), and
to predictthetiming of new introductions[17].

In responseto the demandfor phylogenetictrees,
the number of phylogenetic studies is increasing
rapidly anda variety of phylogenetictreegeneration
algorithms[12, 6, 10, 26, 29, 19, 18] have beenpro-
posed. The numberof treespublishedis doubling
every 5 years,andthe numberof sequencesin Gen-
Bankthatmightbeusedtobuild treesisdoublingeven
faster, roughly every year[1]. Thesizeandscopeof
individual treesarealsoincreasingrapidly, asrecent
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publicationsof treeswith hundredsto thousandsof
speciesdemonstrate.

The growth of phylogeneticinformation and the
need for on-line archival storageand retrieval has
led to the establishmentof several databasesystems,
mostnotablyTreeBase[23, 22] andTreeof Life[14]
(ToL). ToL containsa single tree,andalthoughit is
still far from completeit is quite large; the current
treerepresentedin XML formatis almost30MB [14].
TreeBase[23] currentlycontainsmorethan3000trees.

To extract data of interest from thesedatabases,
variousspecializedsearchtoolshave beendeveloped.
TreeBaseprovidesakeyword-basedsearchtool which
allows a userto entera treeID, thenameof a taxon,
or otheridentifying featuresto searchthedatabaseof
trees. ToL employs visualizationtechniquesthat 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.
Sincethestructureof a phylogenetictreemodelsthe
importantinformationaboutthetaxacontainedwithin
thetree,structuresearchis very important.

Recentresearchefforts have thereforebegun to
considerstructurequerieson phylogenetictrees[27,
20]. [27] focuseson patternmatchqueries:given a
querytree(samplephylogeny), find all treesthatcon-
tain the query structure. Their techniqueis to de-
composethe patterninto a set of paths,and try to
scorethe treesin the databasewith the numberof
matchedpaths. However, the methodcannotbe ex-
tendedto structurequerieswhoseinput doesnot con-
tain structuralinformation,suchasleastcommonan-
cestorqueries:giventwo species,find their leastcom-
mon ancestor. [20] focuseson leastcommonances-
tor andminimal spanningcladequeries. By storing
eachtreeedgeasa tuplein a relationaldatabase,they
cantranslatethesequeriesinto SQLexpressionsusing
transitive closure(provided by many relationalsys-
tems,suchasOracle). A major shortcomingof this
approachis that transitive closurecanbevery expen-



sive for largedatasets[28].
Thispaperpresentsastorageschemeandoptimiza-

tion techniquesfor efficiently supportingstructure
querieson phylogenetictrees. The structurequeries
supportedinclude least commonancestor, minimal
spanningclade, treepatternmatch, and treeprojec-
tion. Our methodis basedon a Dewey numbering
scheme[30] which encodesthe information of the
path from the root to a node. Experimentalresults
show that our approachperformswell and scalesto
largedatasets.

Theoutlineandcontributionsof thispaperare:

1. In Section 2, phylogenetictreesand structure
queriesaredefined.

2. A labeling schemebasedon structureinforma-
tion is presentedin Section3; adatabaseschema
basedonthis labelingschemeis thendesignedto
storephylogenetictreeinformation.

3. Efficient algorithms for evaluating structure
queriesarepresentedin Section3 usingthepro-
poseddatabaseschema.

4. Section4 details the experimentalresults that
demonstratetheefficiency of ourstrategy.

We closethe paperby discussingrelatedand future
work.

2 Data Model and Queries

A commondatamodelfor representingevolutionary
relationshipsbetweenspeciesis a tree. Phylogenetic
treeshave thefollowing specialcharacteristicsandre-
quirements:

1) In theory, phylogenetictreesareunorderedbinary
treessince it is almost impossiblefor a speciesto
evolve into more thantwo speciesat the sametime.
Occasionally, treeswith slightly larger fanoutwill be
built if insufficient informationis available;however,
this is rareandthefanoutis alwayssmall.Althoughit
is importantto determineif two nodes(species)have
thesameparentor ancestorin phylogeneticresearch,
thereis no obvious biological reasonto sort the sib-
lings. Treesarethereforeconsideredto beunordered.

2) Theleavesin a phylogenetictreesaretagged.The
tag attachedto a leaf is alwaysunique,andtypically
denotesa speciesname.

3) The information attachedto nodes is typically
large, representingeithersequenceinformation(sev-
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Figure1: Phylogenetictreefor hominidae[14]

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

Formally, we candefinea phylogenetictreeasfol-
lows:

Definition 2.1: A phylogenetictree � canbedefined
asa tuple(��� , ����� , ��������� � , root),where

! �#"$�&%(')�&* is afinite setof nodeswhere �&% is the
setof internalnodesand �&* is thesetof leafnodes

! � is afinite alphabetof nodetags.

! ����� : � *,+ � is the tag function; �-�.�0/1�32 returnsthe
tagnameof � , whichcanbeeithera tagor 4 .
! �������5� � : � +76 458:9;�<% is theparent function; =0/1�32
returnstheparentnodeof � if it existsand 4 otherwise.

! �?>?>@�BAC� is rootof thetree.

Phylogenetictreesmay also have more informa-
tion associatedwith nodesor edges.For example,the
edgesmaybeweightedto representevolutionarytime.
Here,we give a very basicmodelto simplify thepre-
sentation.

For example,Figure1 shows thephylogenetictree
for Hominidae[14] wheretag( �D>?E���FGF ) = ”Homo” and
parent( �D>?EH��I ) = �D>?E���J .

Biologistsfrequentlyexchangeandstorephyloge-
netic trees using the NEXUS [15] format. In the
NEXUS format,a pair of parenthesesis usedto rep-



resentan interior node, a string to identify a leaf
node,a commato separatetwo sibling, and an op-
tional realnumberprecededby a colon to denotethe
weight of the incoming edgeof the node. For ex-
ample, the subtreerootedat �D>?E��
K in Figure 1 can
be representedas (Ardipithecus, (Australopithecus,
Homo))). Sometimes,biologistsalso want to iden-
tify the internalnodesandusean extendedNEXUS
format in which stringsarealsousedto identify in-
ternalnodes.For example,if we useid to identify an
internalnode,thesubtreerootedat �D>?E��LK in Figure1
can be representedas (Ardipithecus, (Australopithe-
cus, Homo) �D>?E���M ) �D>?EH�
K .

Wealsodefinetheancestorrelationshipasfollows:

Definition 2.2: Given a phylogenetictree ( � , � ,
����� , �0�.���5� � ) and a node �NAO� , �.�DP5�
Q
��>L�</1�32R"
6�SUTWVYX FDZ5Z5Z X\[ A]�^/ X F#" �`_ X\[ " S _)acbedf d gihjbk���.����� �l/ X\m 2n" X\mpo F�2q8 The functionf QL�.�DP5�LQ���>@�r/ S,s �32 returnstrue if and only if S A
���DPl�LQ���>@�</1�32 .

Queries.

Structurequeriesareusedto determinerelationships
betweenspeciesor to checkif agivenpatternexistsin
agiventree.

Least Common Ancestor: Leastcommonancestor
is animportantstructurequeryon phylogenetictrees.
Although it is not frequently usedby biologist di-
rectly, it is the basiccomponentfor other structure
queries. Leastcommonancestorfinds the common
ancestorof a setof nodeswhich is farthestonefrom
theroot.

Definition 2.3: Given a phylogenetictree � ( � , � ,
����� , ���.����� � ), the leastcommonancestorof a setof
nodes� Fls Z5Z5Z s � [ AU� , denotedas X Pl�t/1� F5s Z5Z5Z s � [ 2 =
6�SuT f QL���DPl�LQ���>@�</ S,s �cFq2._vZ5Z5Z�_ f QL�.�DP5�
Q
��>L�</ S,s � [ 2�_w X / f QL�.�DP5�LQ���>@�r/ X-s � F 2x_yZ5Z5Zz_ f Q
���DP5�
Q
�->@�</ X-s � [ 2{_f QL�.�DP5�LQ���>@�r/ S,s|X 2G2q8

For example,we mayaskthefollowing query:} FU~ Find the leastcommonancestorof Homo and
Gorilla.
Usingthetreein Figure1, theresultwouldbe �D>?E��
J .

Minimal Spanning Clade: Minimal spanningclade
is oftenusedwhenbiologistswant to find all species
whicharecloselyrelatedto thespeciesthey arework-
ing on. Theminimal spanningcladeis definedasfol-
lows.

Definition 2.4: Given a phylogenetic tree
� ( � , � , �-�.� , ��������� � ) and a set of nodes
�cF s Z5Z5Z s � [ A � , the minimal spanning clade,
denotedas S QLP�/1�cF s Z5Z5Z s � [ 2 , is the subtreerootedat
X Pl�0/1�cF s Z5Z5Z s � [ 2 .

For example,
} JO~ Find the minimal spanning

cladeof speciesHomo, Gorilla andPanTroglodytes.
The result is (((Pan Paniscus, Pan
Troglodytes),(Ardipithecus, (Australopithecus,
Homo))), Gorilla).

Tree Pattern Match: Tree pattern match is used
whena biologistknows the relationships(a phyloge-
netictree)betweena setof species,andwantsto find
relatedresearchon this setof species.We definethe
treepatternmatchasfollows:

Definition 2.5: Given a query tree
}

( ��� , ��� , ������� ,
�������5� � � ) anda datatree � ( � , � , ���.� , �������5� � ), tree
pattern match, denotedas �\� S / } s ��2 , return true if
andonly if thereis a homomorphismfrom ��� to � .
Thatis, thereis a function ��~���� + � suchthat:

! a0�.�tAC��� V ��AC� s ��"i�(/1����2
! ���.�0/1�Y2�"��-�.�0/��3/1� � 2G2
! a0��� s �.� AC�������&"U�0�.���5� �5/1�.�p2
+ f Q
���DP5�
Q
�->@�</��(/1���\2 s �(/1�.��2G2

For example,we mayaskthefollowing query:} I�~ Is thepattern((Gorilla, Ardipithecus), Homo) in
thetreeof Figure1?
Theresultwouldbefalse.

Treeprojection: Sometimes,biologistsareinterested
in asetof species,but maynotknow therelationships
betweenthem. In this case,they may go to a well
known phylogenetictree,suchasTOL, andextractthe
subtreewhich only containsthe relationshipamong
the speciesthey are interestedin. We call this tree
projectionanddefineit asfollows:

Definition 2.6: Givenadatatree � ( �y"$�&% ' �&* , � ,
����� , �������5� � ) and a set of nodes ���j�<* , tree pro-
jection, denotedas �&��>5�.��P�� f >@��/�� s �z2 , returnsa tree
( ��� "����% ')���* , ��� , �-�.�.� , �0�.���5� �-� ) suchthat ���* "��
andthereis ahomomorphism��~H��� + � ’ suchthat:

! a0� � AC� � V ��AC� s ��"i�(/1� � 2
! ���.�0/1�Y2�"��-�.�0/��3/1�.��2G2
! a0��� s �.� AC�������&"U�0�.���5� �5/1�.�p2
+ f Q
���DP5�
Q
�->@�</��(/1� � 2 s �(/1� � 2G2



Notethatthisdiffersfrom minimalspanningclade.
For example,

}�� ~ find the treeprojectionwith given
speciesHomo, Gorilla andPanTroglodytes.
Theresultwill be((Homo, PanTroglodytes), Gorilla)
which is differentfrom theresultof query

} J .
Sincebiologistsaretypically interestedin a small

setof species,theresultof astructurequeryis usually
relatively small.

3 Evaluating Structure Queries

Basedon thepropertiesof phylogenetictrees–in par-
ticular the fact that phylogenetictreesareunordered
with smallfanout– weusetheDewey numberingsys-
tem[30] which is widely usedin library bookclassifi-
cationto labelnodesandspeedupstructurequeries1.

Theabstractionto phylogenetictreesis asfollows:
For eachnode � , we randomly order the outgoing
edgesandusetheorderasthelabelof theedge.Since
thereis a uniquepath � from theroot to a givennode
� , we concatenatethe labelsof edgesappearingin �
andusingtheresultstringasthelabelfor node� .

In this paper, we focus on a binary phylogenetic
tree; however, the algorithmsalso hold for a fixed
fanouttree. To clarify the following discussion,we
introduce some terminology: Given a node id � ,
label( � ) denotesits label, leftchild( � ) denotesits left
child andrightchild( � ) denotesits right child . Given
a label X , node( X ) denotesthe nodeid. Given two la-
bels X F and X J , lcp( X F ,X J ) denotestheir longestcommon
prefix.

Ancestor/descendantrelationshipas well as com-
monancestorscanbedeterminedby comparingnode
labelsasfollows:

Ancestor/DescendantNode S is a descendantof
node � if and only if label( � ) is a prefix of
label( S ). Note that � is the parentof S if and
only if its labelis thestringobtainedby deleting
thelastcharacterof X �H�l� X / S 2 .

Commonancestor A commonancestorof S and �
hasalabelwhichis acommonprefixof label( S )
andlabel( � ).

Note thata nodelabelexplicitly givesinformation
of the path from the root to this nodeand therefore
uniquelyidentifiesthisnode.

Example 3.1: Figure2 shows label information for
thesamplephylogenetictreeof Figure1, whereeach

1A similar schemeis 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 Representationof Hominidae
Phylogeny

Algorithm 1 Tree:labeling(Tree: � , Stringlocal)
1: if r is null then
2: return
3: end if
4: if parent( � ) existsthen
5: label( � ) = concat(label(parent( � )), local) //

concatis the function to concatenatetwo
string

6: else
7: label( � ) = local;
8: end if
9: labeling(leftchild( � ), “0”)

10: labeling(rightchild( � ), “1”)

tuple in the tablecorrespondsto a nodein thetreein
Figure1, the tag attribute representsthenodetag in-
formation, the id attribute is the uniquenodeidenti-
fication andthe label attribute in the tablestoresthe
labelgeneratedfor thisnode.ConsiderspeciesHomo,
for which label(Homo)= �rb5�rb�b�b . Sincelabel(NodeI )=
�rb5� which is aprefix of �rb5�rb�b�b , NodeI is anancestor
of Homo, but not the parent. Furthermore,sincela-
bel(Pan Paniscus)= �rb5����� , NodeI is the commonan-
cestorof speciesHomoandPanPaniscussince�rb5� is
acommonprefix of �rb5�rb�b�b and �rb5����� .

Thelabelscanbeconstructedin asingle-passusing
depth-firsttraversalof the input phylogenetictreeas
presentedin Algorithm 1.

Next we will discusshow to evaluate structure
queriesusingthis labelingscheme.

LeastCommonAncestor.

Theleastcommonancestorof two nodesS and � can
be answeredby finding the nodewhoselabel is the



Algorithm 2 Node:lca(Node:� , Node:S )
1: Xp� = label( � ), Xp� = label( S )
2: Computethe longestcommonprefix X of Xp� and

X\�
3: Returnnode( X )

longestcommonprefix of label( S ) andlabel( � ). De-
tails canbefoundin Algorithm 2. Notethat lca(n,m)
canbe computedin time proportionalto the sizeof
the labelsof the input nodes,which areboundedby
theheightof thetree.

Example 3.2: To answerquery
} F , we will get the

labelsof Homo and Gorilla, which are �rb5�rb�b�b and
�rb�b . The longestcommonprefix of thesetwo labels
is �rb . We thendeterminethat �D>@EH� J haslabel �rb , so
HomoandGorilla sharedthe leastcommonancestor
�D>?E��
J .

Treeprojection.

To find a treeprojectionfrom a setof nodes,we first
get labelsof thesenodesandsort the nodesby their
labels in alphabeticalorder. Algorithm 3 can then
be usedto projectionthe tree. The algorithmworks
asfollows: Startingwith an emptytree � , we insert
nodesinto the treein order. Sincetheorderof labels
representstheleft-right orderof theleavesin thedata
tree,ateachpointthenodebeinginsertedwill become
therightmostleaf nodein � after insertion.To deter-
mine the parentof the new node � in � , we find the
first node S on the path from the currentrightmost
leafnode� to therootsuchthatlabel( S ) is aprefixof
label( � ).

Proposition 3.3: Let g bethenumberof nodesin the
inputset � . Thenthetotalnumberof comparisonper-
formedby Algorithm 3 is boundedby ��g .
Proof: Observe that eachtime we inserta node,the
numberof comparisonsis justonemorethanthenum-
berof nodesremovedfrom therightmostpath.Sothe
total numberof comparison= b:��PLF�� b��¡PlJcZ5Z5Z��
b0��P [ , whereP m is thenumberof nodesremovedfrom
therightmostpathwhenwe insertthe

f
th node.Once

a nodeis removed from therightmostpath,it will be
neverconsideredagain.So PLFH�¢PlJcZ5Z5Z-�¢P [ is bounded
by thesizeof theresulttreewhichis atmost £�g . Thus,
the total numberof comparisonperformedby Algo-
rithm 3 is boundedby ��g .

Example 3.4: To answerquery
}��

, we first retrieve
thelabelsof theinput speciesHomo, Gorilla andPan
Troglodytes, which are �rb5�rb�b�b , �rb�b and �rb5���rb , re-

Algorithm 3 Tree: projection(Node list: � "
/1�cF s Z5Z5Z s �(¤�2 )

1: � = null
2: for

f "#b , f d`Q , f �`� do
3: if � is null then
4: � = thetreewith only onenode� m
5: � = � // use� to recordtherightmostleaf
6: else
7: X Pl� = lca(� ,� )
8: S = parent( � )
9: while S is not null and label( S ) is not a

prefixof label( X Pl� ) do
10: S = parent( S )
11: endwhile
12: if S is null then
13: leftchild( X Pl� ) = �
14: rightchild( X Pl� ) = �
15: � = X Pl�
16: else
17: leftchild( X Pl� ) = rightchild( S )
18: rightchild( X Pl� ) = �
19: rightchild( S ) = X Pl�
20: end if
21: � = �
22: end if
23: end for

Algorithm 4 Tree:msc(Node:� , Node:S )
1: X = lca(� , S )
2: Get leaves of the tree rootedby X , ¥������H�
Q , and

orderthemby label
3: projection(¥��
�.�Y�
Q )

spectively. Wesortthislabelsetandgetthelist �rb5���rb ,
�rb5�rb�b�b , �rb�b . Wefirst insert �rb5���rb into anemptytree.
To insert �rb5�rb�b�b , we computethe leastcommonan-
cestorof �rb5�rb�b�b and the rightmost leaf in the cur-
rent tree( �rb5���rb ) andget theresult �rb5� . Since �rb5���rb
hasno parent,we use �rb5� astheroot of thenew tree
andget the tree( �rb5���rb , �rb5�rb�b�b ) �rb5� . We theninsert
�rb�b , andcomputethe leastcommonancestorof �rb�b
andthecurrentrightmostleaf ( �rb5�rb�b�b ) obtaining �rb .
Sincetheparentof node �rb5�rb�b�b haslabel �rb5� which
is not a prefix of �rb , we mustcontinueup thepathto
theroot of thecurrenttree.However, node �rb5� is the
root, sowe mustcreatea new root �rb , finally, obtain-
ing thetree(( �rb5���rb , �rb5�rb�b�b ) �rb5� , �rb�b ) �rb . Usingtags
to representnodes,this is the tree((Pan Troglodytes,
Homo),Gorilla).



Minimal SpanningClade.

Using the leastcommonancestoralgorithm,we can
find theminimalspanningcladeasfollows. Giventwo
nodesS and � , wefind their leastcommonancestorX .
We thenfind all nodes� in thetreefor which label(l)
is a prefix of label(a), obtainingas a result a set of
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 obtain the tree (seeAl-
gorithm4).

In our implementation(seeSection3), we cluster
nodesin a treeby their labelandindex labelsso that
matchingnodescanbefoundefficiently. Thenumber
of comparisonsperformedis thereforeproportionalto
the numberof matchingnodesplus an index scan.
Sincetheresultis alreadysorted,Algorithm 3 canbe
directlyappliedto theresultto obtainthetree.

TreePattern Match.

To answera treepatternmatchquery, we alsousethe
projectionalgorithm(Algorithm 3). Givena treepat-
tern � , we extract thesetof leavesin � . Usingtheset
of leavesasinput, we projectiona subtreeQ from the
given phylogenetictree � . We thencheckwhetheror
not � and Q areequal(in thecaseof anexact match)
or computethedifferencebetween� and Q asa mea-
sureof similarity in the caseof approximatematch.
Algorithm 6 shows theexactpatternmatchalgorithm.

To checkif two phylogenetictreesrootedat S and
� respectively arethesame,we usethepropertythat
theleaf tagsareunique.Theideais thatweperforma
depthfirst traversalof eachtreeandtageachinternal
nodewith the smallesttag of its descendantleaves;
this can be done in linear time. Then we compare
thetagsof thetwo treesstartingat theroots: we first
checkif the tagsof S and � arethesame;if not, re-
turn false. If they arethesame,we recursively check
that for eachchild of S thereis a child of � with the
sametag(andviceversa).Sincethetreeis unordered
andbinary, this entails3 checks.Thetotal numberof
comparisonsis thereforelinearin thenumberof nodes
in thetree. Thedetailedalgorithmis shown in Algo-
rithm 5.

To computethe differencebetweentwo trees,we
referreadersto [2].

Example 3.5: To answerquery
} I , we first retrieve

the leavesof the input treepatternwhich areGorilla,

Algorithm 5 boolean:equal(Tree: � F , Tree: � J )
FunctionTree:tagging(Tree: � )

1: if ¦ is a leaf then
2: return
3: end if
4: tagging(leftchild( � ))
5: tagging(rightchild( � ))
6: if tag(leftchild( � )) d tag(rightchild( � )) then
7: tag( � ) = tag(leftchild( � ))
8: else
9: tag( � ) = tag(rightchild( � ))

10: end if
Functionboolean:Compare(Tree: ��F , Tree: �
J )

1: if � F is null then
2: if �
J is null then
3: returntrue
4: else
5: returnfalse
6: end if
7: else
8: if �
J is null then
9: returnfalse

10: end if
11: end if
12: if tag( � F ) != tag( � J ) then
13: returnfalse
14: end if
15: if Compare(leftchild( ��F ), leftchild( �
J )) then
16: if Compare(rightchild( ��F ),rightchild( �
J ))

then
17: returntrue
18: else
19: returnfalse
20: end if
21: else
22: if Compare(leftchild( � F ), rightchild( � J )) then
23: if Compare(rightchild( ��F ), leftchild( �
J ))

then
24: returntrue
25: else
26: returnfalse
27: end if
28: else
29: returnfalse
30: end if
31: end if
Functionboolean:equal(Tree: � F , Tree: � J )

1: tagging(��F )
2: tagging(�
J )
3: returnCompare(��F ,�
J )



Algorithm 6 boolean:pattern-match(Tree: § )
1: gettheleaf setof § : �
2: Getthelabelof elementin � andorder � by label
3: � =projection(� )
4: if equal(� ,§ ) then
5: returntrue
6: else
7: returnfalse
8: end if

ArdipithecusandHomo. Applying theprojectionop-
eration,we geta subtree((Ardipithecus, Homo), Go-
rilla ). Applying the tree equality function of Algo-
rithm 5, we find that ((Ardipithecus, Homo), Gorilla)
is not the sametree as the input pattern((Gorilla,
Ardipithecus), Homo), therefore,we returnfalse.

4 Experimental Results

To evaluatethe effectivenessof our methodwe built
aprototypesystemusingC++ anda leadingcommer-
cial relationaldatabasesystem.We generatedphylo-
genetictreesusingr8s [25]. Basedon Algorithm 1,
a dataloaderparsesthephylogenetictrees,generates
a tuple for eachnodein eachtree, and storesthem
in thedatabase.Theschemaof thedatabaseis ¨ tid,
label, tag© wheretid is usedto distinguishdifferent
trees,labelis thelabelof thenode,andtagrecordsthe
nameof the specieswhich is usedto uniquely iden-
tify a node. The relationis clusteredby 6 tid, label8 .
An index on 6 tid, tag8 is alsobuilt to improve perfor-
mance.We studytheperformanceof our methodand
compareit with two relatedsystems. Experimental
resultsshow theeffectivenessof ourapproach.

4.1 Experimental Setup

The experimentswereperformedon a 1.5GHzPen-
tium 4 machinerunningLinux, with 512MB memory
andone40GBharddisk (7200rpm).Thedatabaseis
installedon anothermachinewith the sameconfigu-
ration and runningWindows 2000. All experiments
were repeated10 times, and the averageprocessing
time was calculateddisregarding the maximumand
minimumvalues.

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

ª¬« ­¯® °²±p³¯´�µ·¶¯¸ ¹Gº·»p¼|½ ¾|¿�À�Á·ÂpÃ Ä�Å²Æ\ÇpÈ¯É�Ê Ë�ÌpÍÏÎ Ð�Ñ Ò Ó¯Ô

Õ
ÖØ×
Ù¯Ú
Û¯Ü
Ý¯Þ
ß¯à
á¯â

ã ä å æ ç è é ê ëíìØîï�ðWñóò ô

õö ÷ø ùúûü

Figure3: Distancebetweeninput pair nodesin the data
tree
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Figure4: Executiontime of LCA queries

NotethatPM is a mainmemoryalgorithm,while TC
andLS needto visit databases.

4.2 LeastCommon Ancestor (LCA)

The first experimentteststhe leastcommonancestor
query. Dueto thelackof availability of largephyloge-
netictrees,in thisexperimentweuser8s[25] to simu-
lateaphylogenetictreewith 0.5million nodesaccord-
ing to a Yule stochasticprocess.Thesizeof dataand
indexesfor TC andLS are35MB and50MB respec-
tively. We randomlypick 10 pairsof nodesasinput;
the distancebetweenthe nodepairs is show in Fig-
ure3. Figure4 showstheexecutiontimeof leastcom-
monancestorqueries;thedatabaseconnectiontime is
not included. Note that the PM methodis absentin
this testsinceit cannotsupportLCA queries.Hereas
well asthroughoutthe restof this section,whenever
a methodcannotsupporta particularqueryit will be
omittedfrom theperformancegraphs.

We can seethat both TC and LS work well. LS
is basedon string comparisonson labelswhich run
very fastandcannotbeaccuratelymeasured;we use
0.001secondsasits runningtime. TC takeslessthan
0.14 secondto run eachquery except for query 10.
It is interestingto seethat thereis no clear relation-
shipbetweentherunningtimeof thetransitiveclosure
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Figure5: Numberof nodesin theresultMSC
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Figure6: Executiontimeof MSCqueries

methodand the distancebetweentwo input nodes.
For query10, sincethe leastcommonancestorof the
two givennodesis theroot,andtheroot hasnot been
storedasa tuplein TC, theresultis notavailable.

4.3 Minimal SpanningClade (MSC)

The next experimentteststhe performanceof mini-
malspanningcladequeries.Weusethesamedataand
querysetasLCA. Thenumberof nodesin theresult-
ing minimalspanningcladeis shown in Figure5. The
queryexecutiontime is shown in Figure6.

As we can see, except for query 10 which TC
doesn’t support,our methodoutperformsTC by sev-
eralordersof magnitude:LS takeslessthan0.35sec-
ondto find theresultsetwhile TC takesaround1000
seconds.It is curiousasto why TC performssodiffer-
ently for LCA andMSCqueries.Thereasonis thatin
atree,eachnodehasonly oneparent,sotransitiveclo-
surefor LCA canbeimplementedasasetof recursive
selections.However, sincea nodecanhave a setof
children,the transitive closurefor MSC mustbe im-
plementedasa setof recursive joins, which arevery
expensive. Also the executiontime of transitive clo-
surehasno clearrelationshipto thesizeof thequery
result.
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Figure7: Timeto projectionasubtreewith agivennumber
of leavesfrom differentsizedphylogenetictrees

4.4 Treeprojection

We alsodid two experimentsto testtheperformance
of our methodon treeprojectionqueries. SinceTC
andPM don’t supporttreeprojection,we only have
onecurve in theexperimentalresults.

Effect of varying the sizeof the phylogenetictr ee

In thefirst experiment,our targetis to understandhow
our algorithmscales.That is, to determinetheeffect
on theexecutiontime of projectionwhenthenumber
of input leaves is constant,the size of the phyloge-
netic treevaries,andthe leavesarerandomlychosen
overthephylogenetictree.To doso,wesimulatephy-
logenetictreeswith 100, 200, Z5Z5Z , 600 leaves using
HyPhy-II [24].

As shown in Figure7, thetimeof projectingasub-
treewith agivensetof leavesis not reallyaffectedby
thesizeof thephylogenetictree.

Effect of varying the number of selectedleaves

In thesecondexperiment,wetry to understandtheef-
fecton theexecutiontimeof projectionasthenumber
of leavesvaries. To measurethis, from a fixed phy-
logenetictreewe randomlyselectsetsof leaf nodes
varying thenumberof nodes.We useHyPhy-II [24]
to simulateaphylogenetictreewith 2000leavesasin-
putandvarythenumberof leavesselected(10,20, Z5Z5Z
200leaves).

In contrastto Figure7, thetimeof generatingasub-
treewith a givensetof leavesis affectedby thenum-
berof selectedleaves.

4.5 TreePattern Match

In thelastexperiment,wetesttheperformanceof tree
patternmatchqueries. We simulatea phylogenetic
treewith 200 nodesusingHyPhy-II [24] asthe data
tree. We randomlyselect10, 20, Z5Z5Z , 60 leaves and
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Figure8: Timeto projectionasubtreewith differentnum-
berof leavesfrom a phylogenetictreewith 2000leaves
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Figure9: Executiontimeof patternmatchqueries

projectionasetof subtrees.Weusethissetof subtrees
asquerytrees.Theresultis shown in Figure9. As we
canseethat,our methodbasedon databaseengineis
comparableto themainmemoryalgorithmPM.

5 Relatedwork

Severaldatabasesystems[23, 14] have recentlybeen
createdto storeandretrieve phylogenetictrees. The
Treeof life [14] is a resourcewhich providesa uni-
form andlinkedframework to browseinformationon
phylogeneticrelationshipaswell asvariouscharacter-
isticsof organisms,andprovideslinks to relatedinfor-
mationavailableon theInternet.

TreeBASE [23, 22] usesa relational databaseto
storephylogenetictreesandthedatamatricesusedto
generatethem from publishedresearchpapers. The
phylogenetictreesthemselves arestoredasa BLOB
attribute in NEXUS format[15] while otherinforma-
tion (for example,the authorof the tree)is storedas
attributes. Keyword-basedquerieson attributesother
than treesaresupported.[27] proposesa methodto
extendTreeBASE to supportstructure-basedqueries
(e.g. finding a particular tree pattern)by navigat-
ing the NEXUS format phylogenetictreefiles using
ageneral-purposeprogramlanguage.

The next version of TreeBASE will enable

structure-basedqueriesby storing the tree structure
explictly usingthetechniqueof [20]. By storingeach
edge in the tree explicitly, least common ancestor
(LCA) queriescanbe computedusing the transitive
closureprimitivesupportedin many commercialrela-
tional databasesystems.

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

LCA hasbeenwell studiedin thealgorithmsliter-
ature[8, 4, 3]. [8] describesthe first linear prepro-
cessingtime, linear space,and constantquery time
algorithmfor LCA. [7] observes that LCA is equiv-
alentRangeMinimum Query(RMQ) by giving a lin-
ear time algorithm to reduceLCA to RMQ using
depth-firstsearch,anda linear time algorithmto re-
duceRMQ to LCA using a cartesiantree construc-
tion. Basedon the reductionof LCA to RMQ, [4]
gives a linear preprocessingtime, linear space,and
constantquery time algorithm to answerLCA. This
algorithmis simplerthanthealgorithmin [8], andis
in turn simplifiedby [3]. All of thesealgorithmsneed
to randomlyaccessseveraldifferentdatastructuresin
an interleaved manner, anddo not extendwell to the
databasecontext.

Several techniques have also been developed
for manipulatingpartially orderedsetsand ontolo-
gies[11, 5, 16]. Thesetechniquesaregoodfor pro-
cessingsmall graphs(trees) in main memory, and
have specializedoperationsfor this applicationdo-
main.

6 Conclusionand Future work

In this paper, we summarizeseveral importantstruc-
turequerieson phylogenetictrees.Basedon ananal-
ysisof thecharacteristicsof phylogenetictreeandof
structurequeries,weproposedastoragesystembased
on a Dewey labelingscheme.We thendiscusshow
to efficiently evaluatestructurequeries. Our experi-
mentsshow thatthisimplementationusingarelational
enginehasvery goodperformanceandscalability.

In ongoingresearch,we areinvestigatingstructure
queryoperationsamongmultiple phylogenetictrees,
suchasunions,differenceandjoins, andhow to ex-
tendour techniquesto supportquerieson morecom-
plex biological data,suchasbiopathways. In the fu-
ture, we plan to investigatemoregeneralquery lan-
guageswhich contain thesebasic operations. We
arealso interestedin updateoperationson phyloge-
netic trees,permittinglocal rearrangementsof phylo-
genetictrees,andfacilitatingthecurationof phyloge-



neticdata.
This work is being performed in the con-

text of the Cyberinfrastructurefor Phylogenetic
Research (CIPRes) project funded by NSF
(http://www.phylo.org/), and will be used for a
massive simulation databaserepresentinga “gold
standard”againstwhichphylogenetictreereconstruc-
tion algorithmscanbetested.
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