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Abstract

XML documentsare typically queriedwith a combina-
tion of valuesearch and structure search. While querying
by valuescan leverage traditional databasetechnologies,
evaluatingstructural relationship,speci�cally parent-child
or ancestor-descendantrelationship,betweenXML element
setshasimposeda greatchallenge on ef�cient XML query
processing.

ThispaperproposesXR-tree,namely, XML RegionTree,
which is a dynamicexternal memoryindex structure spe-
cially designedfor strictly nestedXML data. Theunique
feature of XR-treeis that, for a givenelement,all its ances-
tors (or descendants)in an elementsetindexedby an XR-
treecanbeidenti�ed with optimalworst caseI/O cost. We
thenproposea new structural join algorithmthatcanevalu-
atethestructural relationshipbetweentwoXR-treeindexed
elementsetsby effectivelyskippingancestors and descen-
dantsthat do not participatein thejoin. Our extensiveper-
formancestudyshowsthattheXR-treebasedjoin algorithm
signi�cantly outperformspreviousalgorithms.

1. Intr oduction

As XML is gainingunquali�ed successin beingadopted
as a universal data exchangeformat, particularly in the
World Wide Web, the problemof managingandquerying
XML documentsposesinterestingchallengesto database
researchers.Although XML documentscould have rather
complex internalstructures,they sharethe samedatatype
underlyingthe XML paradigm:ordered trees. Treenodes
representdocumentelements,attributesor text data,while
edgesrepresentthe element-subelement(or parent-child)
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relationship.
To retrieve suchtree-shapeddata,several XML query

languageshave been proposedin the literature. Ex-
amples include XPath [9] and XQuery [5]. XQuery
is being standardizedas a major XML query language.
The main building block of XQuery is XPath, which
addressespart of XML documentsfor retrieval, both
by value search and structure search. For example,
“paragraph//section ” is to �nd all sectionsthatare
containedin eachparagraph. Here, the doubleslash`//'
representsthe ancestor-descendantrelationship. A single
slash`/' in anXPathrepresentsa parent-childrelationship,
for example“section/figure ”. To evaluatethequery
“paragraph//section ”, anä�vetreetraversalstrategy
couldcausea scanof thewholeXML datatreeevenwhen
therearefew results.Alternatively, the“set-at-a-time”strat-
egy would �rst retrieve all paragraph andsection el-
ements,possiblywith sometag index, andthen�nd all oc-
currencesof the ancestor-descendantrelationshipbetween
theelementsets.This is termedasstructural join in [22].

Since structural join takes the tiger shareof time for
evaluatingpathexpressionqueries,it hasattracteda lot of
interestfrom theresearchcommunity[25,18, 22]. Thepro-
posedalgorithmstake advantageof a numberingscheme
that encodeseachelementwith a (star t; end) pair, or the
regionof eachelementin adatatree[25].

The state-of-the-artstructural join algorithm was pro-
posedin [22], which takesas input two orderedlists, one
for ancestorsandthe otherfor descendants.By maintain-
ing an in-memorystack,thealgorithmrequiresto scanthe
two input lists only once.Suchanapproach,however, im-
pliesthatevery ancestoror descendantis accessedonceno
matterit hasmatchesor not. Thequestionis: canwe skip
ancestorsanddescendantsthathavenomatchesin a join?

Chien et al recentlyproposeda new structuraljoin al-
gorithm, namelyB+ algorithm,which canutilize B+ -tree
indexesbuilt on the star t attribute of the joining element
sets[8]. AlthoughtheB+ algorithmcaneffectively skipde-
scendantswithout matches(by B+ -treerangequeries),it is
noteffective in skippingancestors.As such,usingB+ -trees
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only solveshalf of theproblem.
In this paper, we proposeXR-tree (or XML Region

Tree),adynamicexternalmemoryindex structurespecially
designedfor XML data. Different from traditional B+ -
trees,XR-treesindex elementnodeson their region codes,
speci�cally (star t; end) pairs. The novel featureof XR-
treeis that,for any elementE , all its ancestors(or descen-
dants)in a givenelementsetE indexedby anXR-treecan
beretrievedwith optimalO(log N + R) worstcaseI/O cost,
whereN is thesizeof E andR is thenumberof elements
retrieved. Sucha uniquefeatureof XR-treemakesit possi-
ble to mosteffectively skip bothancestorsanddescendants
duringa structuraljoin if XR-treesarebuilt on two joining
elementsets. The ideaof XR-tree is motivatedby an in-
ternalmemorydatastructure:interval trees[4]. Thereare
alsoworkson interval managementin externalmemory[1]
andindexing time intervals[13]. XR-treestandsoutamong
thoseproposedapproachesin that it dealsspeci�cally with
regionsof XML elementswhile existing approachesman-
agearbitraryone-dimensionalintervals.By fully exploiting
thestrictly nestedpropertyof XML, we areableto deploy
moreef�cient datastructuresfor managingregionsof XML
elements.

Wesummarizethecontributionsof thispaperasfollows:

1. We proposea novel externalmemoryindex structure,
XR-tree,whichsupportsef�cient retrieval of elements
by structuralrelationship. We further show that XR-
treetakes linear storageconsumptionandcanbe dy-
namicallymaintainedin averyef�cient manner.

2. We presenta new structuraljoin algorithm, namely
XR-stack, which utilizesXR-treeindexeson two join-
ing elementsetsto effectively skip bothancestorsand
descendantsthatdonotparticipatein a join.

3. An extensiveperformancestudywasconductedon the
XR-stack algorithm,in comparisonwith previousstate-
of-the-artalgorithms. Our experimentalresultsshow
thattheXR-stack algorithmperformssigni�cantly bet-
ter thanexistingapproaches.

The rest of the paperproceedsas follows. Section2
is dedicatedto somebackgroundknowledgeandprevious
work on XML. We describethe datastructureof XR-tree
in section3 andthenshow how XR-treescanbe dynami-
cally maintainedin section4. In section5, we presenttwo
typesof structuralqueriessupportedby XR-treewith I/O
costanalysis.Afterwards,we presentanef�cient structural
join algorithm,XR-stack, which utilizes XR-treesbuilt on
joining elementsets.Section6 reportsexperimentalresults.
Section7 concludesthepaper.

2. Background and relatedwork

XML data is commonlymodelledby a tree structure,
wherenodesrepresentelements,attributesand text data,

andparent-childpairsrepresentnestingbetweenXML ele-
ments.To ef�ciently evaluateXML queries,it is important
to: (a) ef�ciently determinestructuralrelationship,specif-
ically parent-childor ancestor-descendantrelationship,be-
tweenany pairof elementnodes;(b) �nd all occurrencesof
astructuralrelationshipbetweentwo elementsets.

In this section,we �rst give somebackgroundinforma-
tion on numberingschemesfor XML. Thenwe discussex-
istingstructuraljoin algorithms.

2.1.XML numbering scheme

The structuralrelationshipbetweentwo elementnodes
can be quickly determinedby a region encodingscheme,
where eachelementis assignedwith a pair of numbers
(star t; end), basedon its positionin thedatatree[25, 22,
8], with the following held: for any two distinct elements
u andv, (1) theregion of u is completelybeforeor afterv,
or (2) theregion of u completelycontainsv or is contained
by the region of v. Formally, elementu is an ancestorof
elementv iff u:star t < v:star t andv:end < u:end. Since
regionsof two distinctelementsneverintersectpartially, the
formulacanbesimpli�ed asu:star t < v:star t < u:end.

Region codesfor elementnodescanbeeffectively gen-
eratedby a depth-�rst traversalof thetreeandsequentially
assigninga numberat eachvisit [25, 18]. Figure1 depicts
anexampleXML datatreewhereelementsareencodedin
this manner. Theroot is a dept element,which spansfrom
position1 to 100. The�rst employeeelement,emp, spans
from 2 to 15,andsoon.
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Figure 1. An example XML document

Thereareotherapproachesto numberingXML element
nodes.Oneis thedurablenumberingscheme,whereeach
element is numberedwith a pair (order; size) [18, 7].
For any two distinct elementsu and v, u is an ances-
tor of v iff u:order < v:order < u:order + u:size.
Dietz's numberingschemeusestree traversalorders[12].
A tree node is assigneda pair of (preorder; postorder)
tree traversal orders. Element u is an ancestorof ele-
mentv iff u:preorder < v:preorder andv:postorder <
u:postorder.

2.2.Structural joins

A structural join is to �nd all occurrencesof struc-
tural relationshipbetweentwo elementsets. More for-
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mally, given two input lists, AList of potentialancestors
(or parents)and DList of potentialdescendants(or chil-
dren), where eachelementin the lists is of the format:
(DocId;star t; end;level), a structuraljoin is to reportall
pairs(ai , dj ), ai 2 AList anddj 2 DList , suchthat (1)
ai :DocId = dj :DocId; and (2) ai :star t < dj :star t <
ai :end. To retrieve only parent-childpairs, the condition
ai :level = dj :level � 1 is alsorequired.

XML query processingis dedicatedto tree pattern
matchingwhile structural joins are consideredas a core
operationin optimizing XML queries[25, 18, 8]. Various
techniqueswereproposedto leveragethepower of widely
availableRDBMS[21, 14, 25, 24, 15] or to usenativeXML
queryengines[19]. In particular, [25] proposedavariantof
thetraditionalmerge join algorithm,calledmulti-predicate
merge join (MPMGJN).However, it may performa lot of
unnecessarycomputationand I/O for matchingstructural
relationship.Similarly, EE-Join andEA-Join in [18] may
scananelementsetmultiple times.

TheStack-Tree-Descjoin algorithmproposedin [22] im-
provedthemergebasedstructuraljoin algorithmswith stack
mechanism.The basicidea is to take the two input lists,
AList andDList , both sortedon their star t values,and
conceptuallymerge them. A stackis introducedto main-
tainancestorelementsthatwill beusedlaterin thejoin. As
such,only onesequentialscanis performedon AList and
DList .

Chienet al, proposeda stack-basedstructuraljoin algo-
rithm thatcanutilize theB+ -treeindexesbuilt on thestar t
attributeof theparticipatingelementsets[8]. An enhance-
mentto thebasicB+ -treeapproachis to addsiblingpointers
basedon thenotionof “containment”.They alsopresented
astructuraljoin algorithmthatutilizesR-treeswith synchro-
nizedtreetraversal [6, 17].

3. XR-tr eeindex: The structur e

In this section,we presentthe structureof XR-tree,an
index speciallydesignedto index XML datafor ef�cient
structuraljoins. We �rst give de�nitions of someconcepts,
followedby thede�nition of XR-treeandsomediscussions.

3.1.Preliminary de�nitions

De�nition 1 Given a key k and an elementwith region
E i (si ; ei ) 1, E i is said to be stabbedby k, or k stabsE i ,
if si � k � ei . Givena setof orderedkeys,kj (0 � j < n),
where kx < ky if x < y, and an elementE i (si ; ei ), E i is
saidto beprimarily stabbedbykj , or kj primarily stabsE i ,
if (1) si � kj � ei , and(2) for all l ; l < j , kl < si , that is,
kj is thesmallestkey that stabsE i .

1Elementandregionwill beusedinterchangeablyhereafter.

De�nition 2 Givena setof orderedkeys,kj (0 � j < n),
where kx < ky if x < y, and a set of elementsE =S

i (si ; ei ), the stablist of a key kj is the list of elements
in E thatarestabbedbykj , denotedasSL j or SL (k j ) . The
primarystablist of a key kj is thelist of elementsin E that
areprimarily stabbedbykj , denotedasPSL j or PSL (k j ) .

The stabbingand primarily stabbingrelationshipscan
be illustrated with Figure 2. There are � ve keys,
k0 < k1 < k2 < k3 < k4, and seven regions
(si ; ei ), 0 � i < 7. The lists of regions stabbed
by kj are SL 0 = f (s0; e0); (s1; e1); (s2; e2)g, SL 1 =
f (s0; e0); (s3; e3)g, SL 2 = f (s0; e0); (s4; e4); (s5; e5)g,
SL 3 = f (s0; e0); (s4; e4)g, and SL 4 = f (s6; e6)g, re-
spectively. Theprimarystablists of thekeys arePSL 0 =
f (s0; e0); (s1; e1); (s2; e2)g, PSL 1 = f (s3; e3)g, PSL 2 =
f (s4; e4); (s5; e5)g, PSL 3 = ; and PSL 4 = f (s6; e6)g
respectively.
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Figure 2. Keys and stabbed regions

It is easyto seethat,strict ancestor-descendantrelation-
ship holds betweeneachpair of neighboringelementsin
a (primary) stablist. Take k0 and PSL 0 as an example.
(s0; e0) is an ancestorof (s1; e1), which is an ancestorof
(s2; e2). In otherwords, the �rst elementin a PSL (k ) is
theancestorof all otherelementsin PSL (k ) andits region
covers all otherregionsin PSL (k ) .

De�nition 3 Thestartandendpositions,psj ; pej , of key kj

with primary stablist PSL j are de�ned the start and end
positionsof the�r stelementof PSL j whenPSL j 6= ; , and
(nil ; nil ) if PSL j = ; .

In Figure2, wehave (ps0; pe0) = (s0; e0), (ps1; pe1) =
(s3; e3), (ps2; pe2) = (s4; e4), (ps3; pe3) = (nil ; nil ), and
(ps4; pe4) = (s6; e6).

3.2.XR­tr ee: Its structur e

With the above introduction,we proceedto de�ne the
structureof anXR-treeindex.

De�nition 4 An XR-treefor a setof region-encodedXML
elementsis a treewith thefollowingproperties:

1. AnXR-treeis a balancedtree.

2. An internal nodecontainsm key entriesin the form
of (ki ; psi ; pei ), with k0 < k1 < � � � < km � 1, and
d � m � 2d, whered is thedegreeof theXR-tree.
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3. An internal nodewith m keys also containsm + 1
pointers pj ; (0 � j � m), pointing to the nodesin
thenext level of thetree, such that all keysin thenode
pointedby pi are lessthanki , andall keysin thenode
pointedbypi +1 aregreaterthanor equalto ki , respec-
tively.

4. An internal node n is associatedwith a stab list,
SL(n), which holdsall elementsE i , such that E i is
stabbedbyat leastonekey in n but notstabbedbyany
key of anyancestorof n. Each elementin SL(n) is in
theformof (s;e;pointer ), where(s;e) is theregionof
theelementandpointer pointsto thedataentryof the
element.

5. SL j , PSL j for the set of all keys kj in an internal
noden are de�ned on the list SL(n) by De�nition 2.
Each pair of (psj ; pej ) of kj is de�nedbyDe�nition 3.

6. Leaf nodescontain elemententries, in the form of
(s;e;I nStabList; pointer ), where (s;e) is theregion
of theelement,ands is theindex key. I nStabList is a
�a g indicatingwhethertheelementis includedin any
stab list of internal nodes,and pointer points to the
dataentryof theelement.

7. Leafnodesare linkedfromleft to right.

By de�nition, anXR-treeis essentiallya B+ -treewith a
complex index key entryandextrastablistsassociatedwith
its internalnodes.Wewill seelaterthatit is suchacomplex
key andthestablists thatenableXR-treeindexesto support
ef�cient structuraljoins.

In relationalsystems,indexesareusuallybuilt on anat-
tributeor asetof attributesin atable.For XML documents,
we canbuild indexeson setsof elements/attributesde�ned
by certainpredicates.Figure3 shows the XR-treefor the
setof emp elementsin theexampledocumentin Figure1.
Thepointer �eld is omittedfor clarity.

In Figure3, theleft internalnodehasanemptystablist,
while the root andthe right internalnodehave 2 and3 re-
gionsin their stablists respectively. Notethat,althoughthe
region (20; 75) is stabbedby key 46, it is notput in thestab
list of the right internal nodebecause(20; 75) is already
stabbedby key 24 in the root. By de�nition, we only in-
cludea region in thestablist of thetop-mostnode.For key
19, ps(19) andpe(19) aresetto nil becausePSL (19) = ; .
For key 46, PSL (46) = f (40; 65); (45; 60); (46; 47)g, and
ps(46) = 40; pe(46) = 65. SincePSL (79) = ; , ps(79) =
pe(79) = nil .

Astutereadersmay�nd thatsomekeys in internalnodes
donotappearasstar t positions(or keys)of elementsin the
leafnodes.In fact,index keys arenotnecessarilystar t po-
sitionsof certainelements.Ideally, keys shouldbechosen
to minimizethesizeof stablists. For example,if wechoose
80, thestar t of element(80; 91), insteadof 79, asthekey
in the right internalnode,we will have onemorestabbed
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Figure 3. The XR­tree for the element set emp
sho wn in Figure 1

element.Suchoptimizationcansimply bedoneby usinga
value(as the internalkey) that is smallerthanthe keys at
theright branch,if possible.We have to usekey 46,which
is equalto the smallestkey at the right branchof the key,
since45 is thestar t positionof anotherregion.

3.3.Mor eon stab lists

An XR-treeis basicallya B+ -treeaugmentedwith stab
lists of internalnodes.Oneexpectedconcernis the space
overheadof stab lists, hencethe manipulationoverhead
causedby them.In thissection,wediscusstheseissues.

Sizesof stab lists

Accordingto thepropertyof XR-tree,eachelementregion
canonly be included,if any, in onestablist of all internal
nodes.Therefore,thetotal elementsin all stablistswill not
exceedthe total elementsindexed. Suchan upperbound,
however, is hardly reached. It is obvious that eachindex
key can only stabat most hd elements,wherehd is the
maximumnumberof nestingsof elementnodesindexed.
Therefore,themaximumnumberof pagesfor a stablist is
Smax = hd B I f max

B S f min
, whereB I is the maximumnumberof

entriesin an internalnode,BS is themaximumnumberof
tuplesastablist pagecanholdandf min ; f max arethemin-
imumandmaximumpage�ll ratios,respectively.

If we assumethesizeof a key entryplusa pointeris the
sameasthesizeof anentry in thestablist, f min andf max

be0.5and1.0,respectively, we have Smax = 2hd (pages).
Therefore,with reasonablelevelsof nesting,weexpectthat
thenumberof pagesfor thestablist attachedto aninternal
nodeis small,rangingfrom zeroto a few pages.

Sinceit is ratherdif�cult to estimatethesizeof stablists
moreprecisely, we conductedsomeexperimentsusingdata
from two benchmarks,XMach [2] and XMark [20]. We
selectedvarioussetsof elementsby changingtheselection
predicates,built indexeson thoseelementsets,andcounted
the numberof stablist pages. The resultsshow that, for
XR-treesof real-world data,theaveragesizeaswell asthe
maximumsizeof stablists is aboutseveraldisk pages,and
thetotalsizeof stablists is muchsmallerthanthewholeset
of elementsindexed(lessthan10%of leafpagesfor highly
nesteddatasetswith thenumberof nestingslargerthan10).
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Stab list accesscost

The formula,Smax = 2hd, implies that the stablist of an
internalnodecouldspana few pagesor eventensof pages
in caseswherean elementset is extremelyhighly nested.
Thecostof accessto astablist becomesaconcernfor such
extremecases.For example,we often needto locatethe
PSL j for a givenkey kj whensearchingin or updatingan
XR-tree. It is undesirableif we needto scana lot of pages
beforethe PSL j is locatedin the stablist. The problem,
however, canbetackledwith a psdirectorypage thatmaps
eachpsj to thelocationof PSL j . Figure4 showsanexam-
ple of a psdirectorypagethatmapsps �elds of � ve index
keys to thebeginningof theirPSL 's.
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Figure 4. Mapping psj to PSL j in a stab list

As shown in Figure 4, a ps directory page contains
oneentry for eachindex key. The entry is of the format:
(psj ; pointer ), where psj is the ps �eld of key kj and
pointer points to the headof PSL j in the stablist. The
pointer is setto nil if PSL j = ; , asfor ps1. Sincethesize
of anentryis smallerthanthesizeof akey entryin aninter-
nal nodeandthenumbersof entriesin aninternalnodeand
its psdirectorypagearethesame,onepsdirectorypageis
alwayssuf�cient to mapall ps �elds to their PSL 's. Note
thatthepsdirectorypageis necessaryonly whena stablist
spansmorethanonediskpage.It is easyto seethatlocating
PSL j of key kj takesonly 1 or 2 disk I/O's.

4 Updating

In this section,we presentalgorithmsfor insertionand
deletion in XR-trees. Updatein XR-treesshouldnot be
confusedwith updatein sourceXML documentsfor which
XR-tree indexesarebuilt. We needto updatean XR-tree
only when the relatedpart of the sourcedatais updated.
Theproblemof updatingXML is still anopenissueandde-
taileddiscussionis outof thescopeof thispaper. Interested
readersmayreferto [23].

4.1.Insertion

Insertingnew elementsis similar to insertionin a B+ -
treein thatnew elementsareaddedto leafpages,over�ow-
ing pagesare split, and splits propagate up the tree [10].
Algorithm 1 lists theroutinefor insertion.

We now go throughAlgorithm 1 andreview somefea-
turesrelatedto stablist maintenanceduringinsertion.

� In stepI1, when navigating down to a leaf page,E

Algorithm 1 Insertion
Input: A new element,E = (s; e;pointer ), to beinserted.

I1 [Find a leaf pagefor insertion] Navigatedown to a proper
leafpagefor insertion.InsertE into thestablist of thehigh-
estinternalnodethatstabsit, if any.

I2 [Insert E into the leaf pageL ]

I21 If L hasroomfor anotherelement,insertE andreturn.
I22 Otherwise,split L by moving secondhalf entriesto

a new leaf pageL new . InsertE into the correctleaf
page.Giveupanew key entry(k0; pointer 0), together
with its StabSet0.

I3 [Insert (k0; pointer 0; StabSet0) into internal nodeI ]

I31 If I has enoughroom, insert the new entry and its
StabSet0 into I .

I32 Otherwise,split I by moving the secondhalf entries,
togetherwith their primarystablists, to thenew node
I new . Insert the new entry and its StabSet0 into
the proper internal node. Give up a new key entry
(k0; pointer 0), togetherwith its StabSet0. Repeat
stepI3, or go to I4 if I is therootnode.

I4 [Gr ow the XR-tr ee taller] If the node split propagation
causedthe root to split, createa new root whosechildren
arethetwo resultingnodes.

shouldbeinsertedinto thestablist of thehighestinter-
nal nodethatstabsit, if any, with its I nStabList �ag
setto yes.

� In caseof over�ow (stepI22 andI32), whensplitting
aninternalnode,we alsoneedto split its stablist. An
illustrative exampleis shown in Figure5(a). In fact,
thesplit costis independentof thesizeof thestablist
becausewe only needto accessthepagewhich holds
thesplittingpoint. No otherpagesof thestablist need
to betouched.

� After split, we proposenot only a new key k0 to the
upperlevel, but alsothesetof elementsstabbedby k0,
denotedasStabSet0, asdemonstratedin Figure5(b),
wherek0 is insertedafter k2, which is selectedasthe
key to be given up. Note that StabSet0 containsall
elementsfrom SL(I ) andSL(I new ) that arestabbed
by k0andthey areremovedfrom SL(I ) andSL(I new )
at the sametime. If the split pageis a leaf page,we
retrieveelementsin L andL new thatarenewly stabbed
(i.e. I nStabList = no) andturn their �ags to yes.

I/O cost analysis The insertionI/O cost for XR-treesis
thesameasfor B+ -trees,i.e. O(logF N ), exceptfor addi-
tional costfor maintainingstablistsof internalnodes.

Wenow giveamortizedI/O costfor stablist maintenance
for eachinsertion. The basicideais to considerthe worst
casetotal I/O costfor insertingN elementsinto an empty
XR-treeandtheamortizedcostis the total costdividedby
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(b) Giving upanew key with StabSet'

Figure 5. Splitting an internal node and giving up a new key and its StabSet'

N . Here,the worst caseis that all elementsin leaf pages
arestabbedby internalnodes.

As we know, eachstabbedelementat heighth is either
givenupfrom thelower level nodeatheighth � 1 (stepI22
andI32) or directly insertedduring insertion(stepI1). Let
us assumethat all elementsin stablists aregiven up from
lower level nodes,which will give a looserupperbound
of I/O cost. It is obvious that a stabbedelementat height
h is displaced(or given up) for h timesall the way from
the leaf pageto its currentpositionduring nodesplit. Let
the costof onedisplacement(i.e from heighth � 1 to h)
of an elementbe CD P (seesection4.3). A stabbedele-
mentat heighth incursat mostCD P � h displacementcost.
The amortizeddisplacementI/O costCD P for eachinser-
tion is the total costof displacementsdivided by the total
numberof insertions,i.e. CD P =

P h= H
h=1 Nh CD P � h=N ,

whereNh is thetotal numberof stabbedelementsat height
h. Sinceeachinternalnodecanstabat mosthdB I f ele-
ments,the maximumtotal numberof elementsin the stab
lists of internal nodeswith height > 1 can be approxi-
matedby hd

B L B I f 2 N , wheref is the averagepage�ll ra-
tio andhd; B I ; BL were introducedin section3.3. Since

hd
B L B I f 2 � 1, it implies thatmoststabbedelementsareat
height1 in the worst casewhereall elementsarestabbed.
Thus,wehaveCD P � N1CD P =N � CD P .

Theorem1 TheamortizedI/O costfor insertinga new ele-
mentinto anXR-treeis O(logF N + CD P ), whereN is the
numberof elementsindexed,F is thefanoutof theXR-tree,
CD P is thecostfor onedisplacementof a stabbedelement,
or thecostfor deletingan elementfroma stablist andthen
insertingit into anotherstablist.

4.2.Deletion

Deletingelementsfrom anXR-treeis similar to deletion
in aB+ -treein thatelementsaredeletedfrom leafpages,re-
distribution or merging occursif leaf pagesunder�ow. Al-
gorithm2 showsasketchof theXR-treedeletionalgorithm.
Similarly, we needto take specialcareof stablist mainte-
nancefor internalnodes.We summarizethe new features
below:

� Whennavigatingdown,weneedto removeE from the
internalnodeif its stablist containsE (stepD1).

Algorithm 2 Deletion
Input: An element,E = (s; e;pointer ), to bedeleted.

D1 [Locate E in leaf page]Locatetheleaf pagecontainingE .
DeleteE from theinternalnodeI if its stablist containsE .

D2 [DeleteE fr om leaf pageL ]

D21 DeleteE from L . If L remainsat leasthalf full, return.
D22 Otherwise,let S bea sibling of L . If S hasextra en-

tries,redistributeentriesbetweenL andS andupdate
their parententry.

D23 Otherwise,mergeS andL . Propagatethedeletionup
thetreewith thekey of their parententry.

D3 [Deletethe entry fr om an internal nodeI ]

D31 Supposeentry j is to bedeleted.Deleteentry j from
I and“reinsert” elementsin SL (I ) thatareno longer
stabbedby I . If I remainsat leasthalf full, return.

D32 Otherwise,let S be a sibling of I . If S hasextra en-
tries, redistribute entriesbetweenL and S. Update
theirparententryproperlyandreturn.

D33 Otherwise,mergeL andS, andtheir stablists. Propa-
gatethedeletionupthetreewith thekey of theirparent
entry.

D4 [Shorten the tr ee] If the root hasonly onechild after the
deletion,make thechild asthenew root.

� Deleting an index entry from I will possibly cause
someelementsin SL(I ) no longerstabbedby I . For
eachsuchelementE 0, weneedto “reinsert” it into the
highestinternalnodethat stabsit. If no suchinternal
nodeexists,wesettheI nStabList �ag of E 0 to no.

� After redistribution betweentwo internal nodes,we
needto updatethe entry with key k (that separates
them)in theparentnodeP with a new key k0. SL (k 0)
shouldberemovedfrom thetwo internalnodesandin-
sertedinto SL(P). At thesametime, someelements
in SL(P) might beno longerstabbedby P afterk is
replacedwith k0. This canbehandledsimilarly asthe
entry deletioncase. Redistribution betweentwo leaf
pagesfollowssimilarprocedure.

� Whenmerging two internalnodes,say, from I to its
left siblingS, wealsoneedto mergeSL(I ) to SL(S).
Thiscansimplybedoneby linking SL(I ) to SL(S).
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I/O cost analysis As the insertionoperation,deletionin
anXR-treeincursadditionalcostfor stablist maintenance
dueto thedisplacementof stabbedelements.In theinterest
of space,weomit thedetailedanalysis.

Theorem2 TheamortizedI/O costfor deletinganelement
froman XR-treeis O(logF N + 3 � CD P ), where N is the
numberof elementsindexed,F is thefanoutof theXR-tree,
CD P is thecostfor thedisplacementof anelementfromone
stablist to another.

4.3.Cost for manipulating stab lists

As hasbeenshown, updatingan XR-treeincursa little
additionalI/O for stablist maintenance.Weareparticularly
interestedin theI/O costfor deletinganelementfrom astab
list, CSD , and insertingan elementinto a stablist, CSI ,
becausethey arefactorsof amortizedupdatecost.Notethat
CD P = CSD + CSI .

As a matterof fact,bothCSD andCSI will beno more
than2 or 3 disk I/O's, basedon theanalysisin section3.3,
whereweproposedtheusageof apsdirectorypagefor stab
lists thatspanmorethanonepage.(ps;pe) �elds of anin-
ternalnodecanbeupdatedwithoutadditionalI/O costafter
we insertan elementinto its stablist or deletean element
from its stablist.

5 Processingstructural joins with XR-tr ees

In this section,we describehow XR-treescanbe used
to supportef�cient structuraljoins in XML documents.We
�rst describetwo basicoperations,followedby a structural
join algorithmfor XR-treeindexeddata.In our discussion,
we assumethat the XML elementsetsare indexed using
XR-trees.

5.1. Basic operations: Searching for descendants
and ancestors

A structuraljoin �nds matchingancestor-descendant,or
parent-childpairsbetweentwo setsof elements.To process
suchjoins,we identify two basicoperations:

1. FindDescendants:GivenanelementEa , �nd all its de-
scendantsin anelementsetindexedby anXR-tree.

2. FindAncestors:Given an elementEd, �nd all its an-
cestorsin anelementsetindexedby anXR-tree.

5.1.1 Searching for descendants

SinceXML elementnodesarestrictly nested,for agiven
element(sa ; ea), �nding all its descendantsis to �nd all el-
ementsE i suchthatsa < E i :star t < ea . It is justasimple
rangequeryover thestar t positionof elements,on which

Algorithm 3 FindDescendants
Description: �nd all descendantelementsof EA = (sa ; ea ) in
XR-treeT .

1: node := T:r oot;
2: while node is nota leafpagedo
3: �nd thelargestkey k i in node, suchthatki � sa ;
4: if found,let node:= k i :r ightC hil d; otherwise,let node:=

k0 :lef tC hil d;
5: endwhile
6: stop := FALSE;
7: while not stop do
8: for all entriesE i in node do
9: if sa < E i :star t < ea , outputE i ;

10: if E i :star t > ea , let stop := TRUE;
11: end for
12: node := node:next;
13: endwhile

they are indexed in the backboneof XR-trees. The algo-
rithm is ratherstraightforward asoutlinedin Algorithm 3.
Notethat thereis no needto accessstablists whensearch-
ing for descendants.It is obviousthatAlgorithm 3 correctly
retrievesall descendantsof element(sa ; ea) in T. Thefol-
lowing theoremgivesthe I/O cost for the algorithmFind-
Descendants(proofomittedin theinterestof space):

Theorem3 The operation FindDescendantsover an XR-
tree can be evaluatedwith optimal worst caseI/O cost:
O(logF N + R=B), whereN is thenumberof elementsin-
dexed,F is thefanoutof theXR-tree,R is theoutputsize, B
is theaverage numberof elemententriesin each leafpage.

5.1.2 Searching for ancestors

SinceXML elementsarestrictly nested,for agivenelement
(sd; ed), �nding all its ancestorsis to �nd all elementsE i

suchthatE i :star t < sd < E i :end. In otherwords,it is to
searchfor all elementsstabbedby sd. Note that elements
stabbedby sd couldbescatteredin any leaf pageleft to the
leaf pageon the searchpath of sd. Sequentialsearchof
leaf pagescouldbecostly, which is exactly themotivation
for XR-trees.Our basicideais, duringthenavigationfrom
theroot to theleaf page,we searchthestablists of internal
nodesto collectelementsstabbedby sd. After reachingthe
leaf page,we outputthoseelementsstabbedby sd but not
includedin the stablists of internalnodes.The processis
outlinedin Algorithm 4.

Thealgorithmfor �nding stabbedelementsin a stablist
is shown in Algorithm 5. Assumethatsd falls in [ki ; ki +1 ).
It is clearthatsd cannotstabany elementin PSL j , where
j > i + 1 becauseall suchelementshave their star t values
largerthanki +1 , i.e. theseelementsare“behind” sd. There-
fore,weonly needto checkPSL c of kc, wherec < = i + 1.

Sinceelementnodesin a PSL arestrictly nested,if sd

stabssomeelement(sj ; ej ) in a PSL, then it must stab
all its ancestorsin the PSL. In otherwords,all elements

7



Algorithm 4 FindAncestors
Description: Findall ancestorsof ED = (sd ; ed ) in XR-treeT .

S0 Let node betherootof T ;
S1 Searchnon-leafpages

While node is nota leafpagedo

S11 Retrieve all elementsstabbedby sd in its stablist, by
callingSearchStabList(Algorithm 5).

S12 Find thelargestkey k i , suchthatki � sd .
S13 If found, let node be k i :r ightC hil d; otherwise,let

node betheleft child of the�rst index entry.

S2 [Searchwithin the leaf page]Searchfrom the �rst element
of node to outputelementsthat arestabbedby sd but with
I nStabList �ags beingno, until an elementwhosestar t
positionis greaterthansd is encountered.

Algorithm 5 SearchStabList
Description: Searchthestablist of aninternalnodeI for all ele-
mentsstabbedby sd .

1: let ki bethekey in I , suchthatk i � sd < ki +1 ;
2: for c = i + 1 to 0 do
3: if psc 6= nil andpsc < sd < pec then
4: ScanPSL c andoutputthescannedelementsuntil anel-

ementnot stabbedby sd is encountered;
5: end if
6: end for

stabbedby sd areclusteredat thebeginningpartof aPSL.
Thus,whensearchingfor stabbedelementsin a PSL, we
just scanthePSL andstopassoonasthecurrentelement
is notstabbedby sd, whichexplainsline 4 in thealgorithm.

The I/O ef�ciency of SearchStabListis guaranteedby
the fact that, whencheckingsomePSL c for matches,we
do not needto accessthe stablist until we areguaranteed
to have at leastonematch(whensd stabsPSL c 's �rst el-
ementstoredin the index entry, i.e. psc < sd < pec).
Furthermore,with thepsdirectorypage, it is possibleto ac-
cessthe PSL of any key in 1-2 disk I/Os. The following
theoremgivestheI/O costfor retrieving theancestorsof an
element.

Theorem4 The operation FindAncestors takes
O(logF N + R) worst case I/O cost, where N is the
numberof elementsindexed,F is thefanoutof theXR-tree,
R is theoutputsize.

The correctnessof the algorithm FindAncestorsis as-
suredby the following lemma(in the interestof space,we
omit theproof):

Lemma 1 Let T bean XR-treeof heightH , ps bea query
point. Let I H � 1 ! I H � 2 ! � � � ! I 1 ! L 0 be thepath
for ps to navigatefromI H � 1, theroot of T, downto a leaf
page, L 0. Let R bethesetof elementsstabbedby ps in T.
Then,for each elementE 2 R, it mustappearin L 0 or the
stablist of someI i , where i 2 f H � 1; H � 2; � � � ; 1g.

5.2.Structural joins on XR­tr eeindexeddata

We arenow readyto describean algorithmfor joining
XR-tree indexed data. AssumeA andD aretwo element
sets.Both setsareindexed usingXR-trees.Sincethe leaf
pagesaresortedonthestar t positionsof theelements,join
canbeprocessedjust like merge-joinin relationalsystems.
That is, usingtwo pointersto move down the lists to �nd
matches.Differentfrom the typical merge-join algorithm,
we caneffectively skip elementsthat do not have matches
with the two operationsdescribedpreviously. For any el-
ement,we can retrieve its ancestorsor descendantsusing
XR-trees,thusthereis noneedto touchthoseelementsthat
arenot ancestorsor descendants.We alsomaintaina stack
to cachethe ancestorsof the currentdescendantelement.
Thealgorithmis outlinedin Algorithm 6.

Algorithm 6 Stack-basedStructuralJoinswith XR-trees
Input:

A is theancestorsetandD is thedescendantset.
1: Cur A := F ir st(A);
2: Cur D := F ir st(D );
3: stack := ; ;
4: while Cur A 6= E ndOf (A) andCur D 6= E ndOf (D ) do
5: if stack 6= ; then
6: popall elementsthatarenotancestorsof Cur D ;
7: end if
8: if Cur A:star t < Cur D :star t then
9: Ad := FindAncestors(A, Cur D :star t);

10: for eachaj 2 Ad , if aj 62stack, pushit on thestack;
11: outputpairs(a 2 stack, CurD);
12: Cur A := �rst element in A whose star t >

Cur D :star t ;
13: Cur D := next elementin D afterCur D ;
14: else
15: if stack 6= ; then
16: outputpairs(a 2 stack; Cur D );
17: Cur D := next elementin D afterCur D ;
18: else
19: Cur D := �rst element in D whose star t >

Cur A:star t ;
20: end if
21: end if
22: endwhile

The algorithm keepstwo pointers,Cur A and Cur D ,
which point to the current elementsto be checked in A
andD, respectively. At the beginning, they areset to the
�rst elementsof A andD, respectively (line 1-2). We also
maintaina stack that holds the elementsin A, suchthat
eachelementin stack is a descendantof the elementbe-
low it andall elementsin stack areancestorsof Cur D 0,
whereCur D 0 is theelementbeforeCur D in D . In other
words,stack cachestheancestorsthat couldpossiblyjoin
with Cur D . By de�nition, stack is initially empty(line 3)
because,trivially, thereis noelementbeforeCur D .

Thebasicideaof thealgorithmis simple.At eachloop,
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we try to skip ancestorsor descendantswithout matches,
basedon currentpositionsof Cur A andCur D . If Cur A
is beforeCur D , we try to skip ancestorsbasedon Cur D ;
Otherwise,we skip descendantsbasedon Cur A. Thepro-
cessis repeateduntil oneof thelists is exhausted.

Now we explain Algorithm 6 in details. By precondi-
tion, stack keepsthe ancestorsof an elementCur D 0 pre-
cedingCur D . SinceCur D :star t > Cur D 0:star t, some
topelementsin stack maynotbeancestorsof Cur D . Such
elementscannotbe ancestorsof any elementafter Cur D .
Therefore,we pop theseelements(line 5-7). The case
whereCur A is beforeCur D is copedwith from line 9 to
13. We retrieve all ancestorsof Cur D , pushthemon the
stack,outputall matchedpairs for Cur D and thenmove
forward both Cur A and Cur D . Sincestack is possibly
keepingsomeof Cur D 's ancestors,we shouldnot push
theseancestorson stack (line 9-10). In the implementa-
tion, we useda variationof FindAncestorsthat canreturn
Cur D 's ancestorsafterthestacktop. Line 15-19dealwith
thecasewhereCur A is behindCur D . As amatterof fact,
it is impossibleto skip elementsin D if the stack is not
empty becausethe in-stackancestorscould possibly join
with descendantsbetweenCur D :star t and Cur A:star t.
As aresult,weproceedCur D by oneif stack is notempty
(line 15-17). Otherwise,we move Cur D to the element
right after Cur A (line 19). This canbe donewith a vari-
ation of FindDescendants,i.e. an open-endedrangequery
(Cur A:star t; + 1 ), to getthe�rst elementfound.

5.3.Evaluating parent­child relationship

FindDescendantsand FindAncestorscan be easily ex-
tendedto supportparent-childrelationship,i.e. FindChil-
drenandFindParent(notethatanelementhasat mostone
parentin thetreedatamodel),by storingthelevel attribute
togetherwith eachelementin leaf pagesof XR-trees.The
searchprocessis similar, but weneedto applyanadditional
condition: ancestor:level = descendant:level � 1. Sim-
ilarly, FindChildrenand FindParentcan be usedas prim-
itives for a stack-basedstructuraljoin algorithmevaluates
parent-childrelationshipbetweentwo elementsets.

6 A performancestudy

Comprehensiveexperimentswereconductedto studythe
effectivenessof XR-tree indexing. In this section,we de-
scribetheseexperimentsandpresentsomeof their results.

6.1.Experimental setup

We usedsyntheticdatafor our experimentsin order to
controlthestructureandjoin characteristicsof XML docu-

ments2. Two DTDs, shown in Figure6, wereusedto gen-
eratehighly nestedandlessnesteddatasetsrespectively. In
particular, theDepartment DTD is thesameastheonein
[8]. About 90MB raw XML datawasgeneratedfor each
DTD usingthe IBM XML datageneratorwith default pa-
rameters[11].
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Figure 6. The DTDs for synthetic data

Experimentswere performedto study the comparative
performanceof structuraljoins on non-indexed, B + -tree
indexed,andXR-treeindexedXML data.Table1 summa-
rizesthejoin algorithmsfor whichtheresultsarepresented.
Wedonotshow theresultsfor thevariationsof B+, namely
B+spandB+psp,becausethey havesimilarbehavior asthat
of B+. We did not testR � -treebasedalgorithmsbecause
they have beenshown in [8] to be lessrobust thanthe B+
algorithm.

Table 1. Notations for algorithms

Notation RepresentedAlgorithm
no-index Merge-join(Stack-Tree-Desc[22])
B+ B+ -treeindices(Anc DesB+ [8])
XR-stack TheXR-treebasedalgorithm

The joins testedusedemployeevs. name(Department
DTD) andpapervs. author(ConferenceDTD) elementsets
asthebaseelementsets.To haveafair comparisonwith the
work in [8], we adoptedsimilar methodologiesto gener-
ateotherelementsetswith differentjoining characteristics
from thebaseelementsets.

We evaluatedthe performanceof different join algo-
rithms using two performanceindicators,numberof ele-
mentsscanned, andelapsedtime.

� Numberof elementsscanned:This metrics,the total
numberof elementsscannedduring a join, evaluates
thecapabilityto skip theelementsthatdo not produce
join resultsfor astructuraljoin algorithm.

� Elapsedtime: It is usedto investigatetheoverall per-
formanceof differentalgorithms.

2Experimentswere also conductedwith real-world XML data sets,
suchasXMark, DBLP, etc. We observed similar performancebehaviors
assyntheticdatasets,accordingto nestingproperties.
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The testingsystemwasbuilt on top of our experimen-
tal databasesystem,whichincludesstoragemanager, buffer
pool manger, B+ -treeandXR-treeindex modules.All the
experimentswereperformedon a PentiumIV 1.60GHzPC
with 256MRAM, 20Gharddisk,runningWindowsXP. The
storagemanagerdirectlyaccessesphysicaldisk driveswith
directI/O functionalitiesprovidedby Windows XP. We ran
all thealgorithmswith varyingbuffer pool sizesandfound
thattheir performancewasnot essentiallyaffected.Thera-
tionale is twofold: (1) All algorithmsarestack-basedand
they requireto scanthe dataat most one; (2) Probingof
indexes (both B+ -treeandXR-tree)areordered,thus, in-
dex pagesareaccessedatmostonce.Wewill discussthis in
moredetailslater. All theexperimentalresultspresentedbe-
low wereobtainedwith a �x edbuffer pool size:100pages.

6.2.Varying join selectivity on ancestors

The objective of this setof experimentsis to studythe
capabilitiesof variousalgorithmsto skipancestorelements.
During theexperiments,we kept thepercentageof descen-
dantsthatmatchat leastoneancestorhigh(99%) andvaried
theselectivity onancestors,i.e., thepercentageof ancestors
that have descendants.For this purpose,we canstartwith
two lists of ancestorsanddescendants,andtheneffectively
removecertainelementsfrom thedescendantlist sothatthe
desiredselectivity onancestorscanbeobtained.

Table2 shows thetotal numberof elementsscanned(in
thousand)for variousalgorithms. NIDX andXR areshort
for no-index andXR-stack algorithmsrespectively.

Table 2. Number of elements scanned (in
thousand) when 99% of descendants join with
varying propor tion of ancestor s

(a) employeevs. name

Join-A NIDX B+ XR

90% 1609 1547 1536
70% 1395 1207 1195
55% 1234 953 939
40% 1073 699 683
25% 913 444 427
15% 806 275 256
5% 698 105 85
1% 655 37 17

(b) papervs. author

NIDX B+ XR

1409 1409 1358
1208 1208 1057
1057 1057 830
906 906 604
755 755 377
654 654 227
554 554 75
513 513 15

It canbeseenfrom Table2 that theXR-stack algorithm
is ableto completethejoin by scanningtheleastnumberof
elementscomparedto theotheralgorithms.Thebene�t gets
moreobvious whenthe join selectivity on the ancestorset
becomeslower. The B+ algorithmis effective in skipping
ancestornodesfor highly nestedancestordata(Table2(a))
but it could be aslessef�cient asno-index for lessnested
ancestordata(Table2(b)).

Wefurtherexplainsuchancestor-skippingcapabilitiesof
B+ andXR-stack with two examplesshown in Figure7, one

for highly nestedancestordataandtheotherfor lessnested
ancestordata.
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Figure 7. The ancestor ­skipping capabilities
of B+ and XR­stac k algorithms for ancestor s
with diff erent nesting proper ties

In both examples,the currentexamining ancestorand
descendantelementsarea1 andd, respectively. The rela-
tionshipbetweena1 andd is a1:star t < d:star t, i.e. a1 is
befored. Furthermore,the �rst ancestorof d is a7 in Fig-
ure7(a)anda6 in Figure7(b),respectively. Therefore,there
is no needto scanelementsbetweena1 andthe�rst ances-
tor, and thoseelementscan be skipped. no-index always
scansa2, i.e. theonenext to a1. Thenext ancestorsto be
scannedfor othertwo algorithmsareshown by thedashed
arrows. Sinced is not a descendantof a1, d cannotbe a
descendantof any descendantof a1, basedon the strictly
nestedpropertyof XML data.TheB+ algorithmmakesuse
of thispropertyto skipall descendantelementsof a1 by lo-
catingtheelementin A having thesmalleststar t valuethat
is larger thana1:end. Therefore,in B+ algorithm,thenext
elementsto beexaminedarea5 anda2 in thetwo examples
respectively. For highly nesteddata,areasonablenumberof
ancestorscanbeskipped,e.g.a2, a3 anda4 in Figure7(a).
But for less/nonesteddata,the B+ algorithmcould be as
lessef�cient asno-index. In brief, theB+ algorithmcannot
take full advantageof the placeof the currentdescendant
to decidewherethenext candidateancestorresides[8]. On
the otherhand,the XR-stack algorithmcandirectly locate
ancestorsof d by issuingaFindAncestorsqueryagainstthe
XR-treeonA, asshown in Figure7.

WealsomeasuredtheCPUtime,thenumberof I/O'sand
the total elapsedtime for eachrun. The resultsshow that
thetotal elapsedtime is dominatedby theI/O's performed,
morespeci�cally, the numberof pagemisses.Figure8(a)
and8(b)displaytheelapsedtime for variousalgorithms.

As canbe observed from the �gures, XR-stack hasthe
bestoverall performance.Its advantagemargin getslarger
with thedecreaseof join selectivity on theancestorset.

Interestingly, we �nd that even whenmostof ancestors
anddescendantsparticipatein the join, i.e. whenonly few
elementscanbeskipped,despiteof thepossibleoverheadof
index probing,XR-stack (andalsoB+) performedno worse
thanno-index. This canbebestexplainedasfollows: since
both elementsets(A andD) aresorted,the keys usedto
probe indexes are ordered. The consequenceof ordered
probingis that mosttreeprobescauseno pagemissesand
theindex pagesonly needto bescannedatmostonce.Since
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Figure 8. Elapsed time (in second) for diff erent join selectivity . (a)(b): 99% of descendants join with
varying propor tion of ancestor s; (c)(d): 99% of ancestor s join with varying propor tion of descen­
dants; (e)(f): varying propor tion of ancestor s and descendants are joined.

thenumberof index pagesis muchlessthanthenumberof
leafpagesthatholdelemententries,theoverheadof loading
index pagesdoesnotsigni�cantly affect theperformance.

It is worth noting that the numberof elementsscanned
is unnecessarilyproportionalto the elapsedtime. The ra-
tionale is that while eachelementscancausesa pin to a
buffer page,theelapsedtime is dominatedby pagemisses.
Consecutive elementscanson the samebuffer pagecause
almostno additionalrunningtime. For example,although
the B+ algorithm managedto skip much more elements
thanno-index (Table2(a)),it failedto avoid morediskpage
scans.As a result,its elapsedtime is similar to no-index as
shown in Figure8(a).

6.3.Varying join selectivity on descendants

In thesecondgroupof experiments,we keptthejoin se-
lectivity on ancestorshigh (99%) andvariedthejoin selec-
tivity on descendants.Table3 shows the total numberof
elementsscanned(in thousand)for variousalgorithms.

In termsof skippingdescendants,XR-stack is aseffec-
tive asB+, regardlessof the nestingcharacteristicsof the
joining elementsets(Table3). Thiscanbeexplainedby the
factthatskippingdescendantsrequirestheability to �nd de-
scendantsfor agivenelement,whichis thesamein XR-tree
indexing andB+ -treeindexing.

Figure8(c)and8(d)show theoverallperformanceof the
algorithmstested.Comparedto B+, XR-stack performeda
bit worse.Thisattributesto thehigheroverheadof XR-tree

Table 3. Number of element scanned (in thou­
sand) when 99% of ancestor s join with vary­
ing propor tion of descendants

(a) employeevs. name

Join-D NIDX B+ XR

90% 1657 1559 1550
70% 1527 1213 1206
55% 1429 953 947
40% 1332 693 689
25% 1234 433 430
15% 1169 260 258
5% 1104 87 86
1% 1078 17 17

(b) papervs. author

NIDX B+ XR

1459 1359 1359
1359 1057 1057
1283 830 830
1208 604 604
1132 377 377
1082 226 226
1032 75 75
1011 15 15

indexing than B+ -tree indexing causedby two additional
�elds (ps;pe) in key entries,hencemoreindex pages.

6.4.Varying join selectivity on both ancestorsand
descendants

In the last setof experiments,we variedthe join selec-
tivity onbothancestorsanddescendants.Amongall theex-
periments,we show the resultsfor thecasewherethe join
selectivity on the ancestorsetand the descendantsetvar-
ied together, staringfrom 90%down to 1%,with theirsizes
kept unchanged.This was doneby effectively removing
joinedelementsfrom the two setsandthen�lling in some
dummyelementsthatdo not join with any otherelements.
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Theresultsfor theseexperimentsareshown in Figure8(e)
and8(f).

Thediversityof thethreealgorithmsis bestillustratedby
this groupof experiments,wherethereis potentialto skip
bothancestorsanddescendants.Sinceno-index alwaysse-
quentiallyscanselements,it performstheworst.B+ is able
to skipdescendantsthatdonotparticipatein joins,but fails
to effectively skip ancestors.Thus,it performsthesecond.
XR-stack can fully explore the potentialof skipping both
ancestorsanddescendantsbasedon the XR-treesbuilt on
joining elementsets.Therefore,it providesthebestperfor-
manceamongall.

7 Conclusionsand futur ework

As we know, B -treesand their variantsB+ -treeshave
beenanunquali�ed successin supportingexternaldynamic
1-dimensionalrangesearchingin relationaldatabasesys-
tems[10], while R-trees[16] andR � -trees[3] aresuccess-
ful in indexing high-dimensionaldatapoints. Despitethe
increasingpopularityof XML, to thebestof ourknowledge,
we have seenno index structuresthatspeci�cally dealwith
strictly nestedXML data.

In this paper, we proposedXR-tree, or XML Region
Tree,which is a dynamicexternalmemoryindex structure
speciallydesignedfor suchstrictly nestedXML data.XR-
treescansupport,for a givenelementE , retrieval of all its
ancestors(ordescendants)in an elementset E indexed by
anXR-treewith optimalworstcaseI/O cost. By factoring
in sucha uniquefeatureof XR-trees,we deviseda stack-
basedstructuraljoin algorithm: XR-stack. In a studythat
evaluatedtheperformanceof XR-stack, in comparisonwith
the currentstateof the art, we showed that the XR-stack
algorithmcanmosteffectively avoid unnecessaryelement
scansby skippingboth ancestorsanddescendantsthat do
nothave matches.

This papermainly focusedon processingof structural
join, which is a coreoperationfor XML queryprocessing.
Regardingourfuturework,encouragedby theexperimental
results,we will be working on queryevaluationstrategies
for complex XML queries(i.e. a combinationof multiple
structuraljoins) over XML dataon which properXR-tree
indexeshave beenbuilt.
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