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1 Introduction

XML is rapidly becoming a populardataformat. It canbeexpectedthatsoonlarge volumesof XML datawill
exist.� XML dataiseitherproducedmanually (like html documentstoday),or it isgeneratedby anewgeneration
of� softwaretoolsfor theWWW and/orelectronicdatainterchange(EDI).

Thepurposeof thispaperis to presenttheresultsof aninitial studyaboutstoringandqueryingXML data.As
a� first step,this studywas focussedon theuseof relationaldatabasesystems and on very simplistic schemesto
storeandqueryXML data.In otherwords,wewouldlike tostudyhowthesimplestandmostobviousapproaches
perform� , beforethinking aboutmoresophisticatedapproaches.

In
�

general,numerousdifferentoptionsto storeandqueryXML dataexist. In addition to arelationaldatabase,
XML datacanbe storedin a file system, an object-orienteddatabase(e.g., Excelon),or a special-purpose(or
semi-structured)systemsuchasLore(Stanford),LotusNotes,or Tamino(SoftwareAG). It isstill unclearwhich
of� theseoptionswill ultimatelyfind wide-spreadacceptance.A file systemcouldbe usedwith very little effort
to
�

storeXML data,butafile systemwouldnotprovideanysupportfor queryingtheXML data.Object-oriented
database
	

systems would allow to cluster
 XML elementsand sub-elements;this featuremight beusefulfor cer-
tain
�

applications,but thecurrentgenerationof object-orienteddatabasesystems isnotmatureenoughto process
com� plex querieson largedatabases.It is goingto takeevenlongerbeforespecial-purposesystems aremature.

Ev
�

en whenusing anRDBMS,therearemany different waysto storeXML data. Onestrategy isto ask theuser
or� asystemadministratorin orderto decidehowXML elementsarestoredin relationaltables.Suchanapproach
is



supported,e.g., by Oracle8i. Anotheroptionis to infer from theDTDsof theXML documentshowtheXML
elem� entsshouldbemappedintotables;suchanapproachhasbeenstudiedin [4]. Yet anotheroptionistoanalyze
the
�

XML dataandtheexpectedqueryworkload; suchan approachhasbeendevised,e.g., in [2]. In this work,
w� ewill only study very simple ad-hoc� schemes;wethink thatsuchastudyis necessarybeforeadoptingamore
com� plex approach.Theschemesthatweanalyzerequireno inputby theuser, theywork in theabsenceof DTDs
or� if DTDsaremeaningless,andtheydo not involve anyanalysisof theXML data.Due to their simplicity, the
approaches� we studywill not showthebestpossibleperformance,but aswe will see,some of themwill show
very� goodqueryperformancein most situations.Also, thereis no guaranteethatanyof themore sophisticated
approaches� known so far will performbetterthanour simple schemes;see[3] for some experimentalresultsin
this
�

respect.Furthermore, theresultsof our studycanbeusedasinput for moresophisticatedapproaches.

Copyright1999IEEE. Personaluseof this material is permitted. However, permissionto reprint/republishthis material for ad-
vert� ising or promotional purposesor for creating new collective works for resale or redistribution to serversor lists, or to reuseany
copyrighted� componentof this work in otherworksmustbeobtainedfrom theIEEE.
Bu
�
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�

Mapping XML Data into Relational Tables

The starting point is oneor a setof XML documents. We proposeto scanandparsethesedocumentsoneat a
tim
�

e and storeall theinformation into relationaltables.For simplicity, weassume herethatanXML document
can� berepresentedasan orderedandlabeleddirectedgraph.EachXML element is representedby anodein the
graph;� thenodeis labeledwith theoid� of� theXML object� . Element-subelement relationshipsarerepresented
by
�

edgesin thegraphand labeledby thenameof thesubelement. In orderto representtheorderof subelements
of� anXML object,we also order theoutgoingedgesof a nodein thegraph. Values(e.g., strings)of an XML
docum
	

ent are representedas leavesin thegraph. In all, we considersix waysto storeXML data(i.e., graphs)
in a relationaldatabase:threealternativewaysto store the edgesof a graphand two alternativewaysto store
the
�

leaves(i.e., values),resultingin overall threetimestwo differentschemes. Otherschemesandvariantsof
the
�

schemespresentedin this paperaredescribedanddiscussedin [3]. In particular, wedescribeand evaluatea
schemein [3] which wouldtakeadvantageof an object-relationaldatabasesystem’s featureto storemulti-valued
attributes.�

RepresentingXML dataasa graphis a simplificationand some informationcanbelost in this process.The
reason� is that our graphmodel doesnot differentiatebetweenXML subelements and attributes,andit is does
not differentiatebetweensubelements and references(i.e., IDREFs). Using oneof our schemes,therefore,the
original� XML documentcannotexactlybereconstructedfrom therelationaldata.However, thesesimplifi cations
can� easilybealleviatedwith additionalbookkeepingin therelationaldatabase.

In
�

orderto show how XML datais mappedinto relationaltablesin eachscheme, we will usethe following
XML example which containsinformationaboutfour persons:
�
person� ��� id=’1’

�
age=’55’ !

nam" e# P
$

eter % /nam
&

e'(
address) 471

*
1 FruitdaleAve. + /addres

&
s,-

child./
person� 021 id=’3’

�
age=’22’34

nam" e5 John
6 7

/nam
&

e89
address: 5361Columbia Ave. ; /addres

&
s<=

hobby
> ?

swimming @ /hobby
& AB

hobby
> C

cycling D /hobby
& EF

/pers
&

onGH
/child
& IJ
childKL

person� M2N id=’4’
�

age=’7’OP
nam" eQ Da

R
vid S /nam

&
eTU

addressV 471
*

1 FruitdaleAve. W /addres
&

sXY
/pers
&

onZ[
/child
& \]

/pers
&

on̂

_
person� `�a id=’2’ age=’38’child=’4’ bc

named Mary e /nam
&

efg
addressh 4711 FruitdaleAve. i /addres

&
sjk

hobbyl painting� m /hobby
& no

/pers
&

onp

2
q
.1 Mapping Edges

2.
r

1.1 EdgeApproach

Thesimplestscheme is to storeall edgesof thegraphthatrepresentsanXML document in asingletable;let us
call� this tabletheE

s
dgetable.

�
TheE

s
dgetable

�
recordstheoidsof thesourceandtargetobjectsof eachedgeof the

graph,� the labelof theedge,a flag that indicateswhethertheedgerepresentsan inter-object reference(i.e., an
internal



node)or pointstoavalue(i.e., aleaf),andanordinalnumberbecausetheedgesareordered,asmentioned
above.� TheE

s
dgetable,

�
therefore,hasthefollowing structure:

t
WeassumethateveryXML elementhasauniqueidentifier. In theabsenceof suchan identifier in theimporteddata,thesystemwill

auu tomaticallygenerateone.
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Edge
sourv ce ordinal namew flag

x
target

1 1 age int
�

v1
1 2 nam" e string v2
1 3 address string v3
1 4

y
child refz 3

{
1 5 child refz 4
2 1 age int

�
v4|}|�~ ���}� ����� �����

�������
vid value
v1 55
v4 38
v8 22
v13 7

�������������
vid value
v2 P

$
eter

v3 471
y

1 FruitdaleAve.
v5 Ma

�
ry

v6 471
y

1 FruitdaleAve.
v7 painting�
����� ���}�
v15 471

y
1 FruitdaleAve.

F
�

igure1: Example: EdgeTablewith SeparateValueTables

Edge(source,ordinal, name,flag,target)

Th
�

e key of the E
�

dgetable
�

is � sour� ce,ordinal   . Figure1 shows how theE
�

dgetable
�

would be populatedfor our
X
¡

ML example. Thefigurealso shows oneparticularway to storevaluesin separateValue tables;
�

this approach
is



explainedin moredetail in Section2.2. Thebold facednumbersin the tar¢ get colum� n of theE
�

dgetable
�

(i.e.,
3
£

and� 4
¤
)
¥

are theoids of thetarget objects.The italicizedentriesin the tar¢ get colum� n refer to representationsof
values� (explainedlater).

In termsof indices,weproposetoestablishan indexon thesour� cecolum� nandacombinedindexon the ¦ nam§ e,
tar¢ geẗ colum� ns. The indexon thesour� cecolum� n is usefulfor forward traversalssuchas neededto reconstruct
a� specific objectgiven its oid� . Theindexon © nam§ e, targetª is usefulfor backward traversals;e.g., “find all ob-
jects
«

thathavea child named John.” We experimentedwith differentsetsof indicesaspartof our performance
experim� ents.We foundthesetwo indicesto betheoverallmost usefulones.

2.1.2 Binary Approach

In
�

thesecondmappingscheme,weproposeto groupall edgeswith thesame labelinto onetable.This approach
resemblesthebinary storagescheme proposedto storesemi-structureddatain [5]. Conceptually, this approach
corresponds� toahorizontalpartitioningof theE

�
dgetable

�
usedin thefirstapproach,usingnam§ eas� thepartitioning

attribute.� Thus,wecreateas manyBinary tables
�

asdifferentsubelement andattributenamesoccurin theXML
docum
	

ent. EachB
¬

inary table
�

hasthefollowing structure:

B ­¯®±°³² (s´ ource,ordinal, flag, target)

T
�

he key of sucha B
¬

inary table
�

is µ sour� ce, ordinal ¶ , and all the fields havethe same meaningas in the E
�

dge
approach.� In termsof indices,weproposeto constructanindexon thesour� cecolum� n of everyB

¬
inary table

�
and

a� separateindexon thetar
¢

get colum� n. This isanalogousto theindexingschemeweproposeto usefor theEdge
approach.�

2.
·

1.3 Universal Table

T
�

he third approachwe studygeneratesa singleUniversal table
�

to storeall theedges.Conceptionally, this Uni-
versal¸ table

�
correspondsto theresultof a full outerjoin of all B

¬
inary tables.

�
Thestructureof theUniversaltable

�
is asfollows, if ¹»º½¼�¾�¾�¾̄ ¿±ÀÂÁ are� thelabelnames.

Uni
Ã

versal(source,ordinalÄÆÅ , flÇ agÈÊÉ , tÇ arget ËÊÌ , oÇ rdinal Í�Î , flÇ agÏ�Ð , tÇ arget Ñ�Ò ,ÇÔÓÕÓ�Ó , oÇ rdinal Ö¯× , flÇ agØ¯Ù , tÇ arget Ú¯Û )Ü

Figure2 shows the instanceof theUniversal table
�

for our XML example. As we cansee,theUniversal table
�

has
Ý

manyfieldswhich are setto null§ , and it alsohasa greatdealof redundancy;thevaluePe
Þ

ter, for instance,
is representedtwice becauseObject 1 hastwo child
 edges.� (How valuesareexactly representedis described
in



thenext section.) In other words, the Universal table
�

is denormalized—with all the known advantagesand
disadvantages
	

of sucha denormalization. Correspondingto the indexingscheme of the Binary approach,� we
propose� to establishseparateindicesonall thesour� ceand� all the tar¢ get colum� ns of theUniversal table.

�

29



sourv ce ß�ß�ß ordàÕá±âäã targå�æ±çäè é�é�ê ordë�ìîíðï ñ targò�óîôðõ ö ord ÷ùø�úûúýü targ þùÿ������
1 ����� 2 P

�
eter ����	 4

y
3
{

null" null"
1 
�
�
 2 P

�
eter ����� 5 4 null" null"

2 
�
�
 2 Mar
�

y ����� 4
y

4 5 painting�
3 ����� 2 John

� �����
null" null" 4

y
swiv mming

3 ����� 2 John
� �����

null" null" 5 cycling
4
y �����

2 D
�

avid ����� null" null" null" null"
F
�

igure2: Example UniversalTable

���! #"�"�$
sourv ce ord val%'&)( val*,+.-�/'021 target

2 5 null painting� null
3 4 null swiv mming null
3 5 null cycling null

3547698': ;
sourv ce ord val<>=2? val@,A.B�C'D2E target

1 4 null null 3
{

1 5 null null 4
2 4 null null 4

F
�

igure3: Example: Binary Tableswith Inlining

2
F
.2 Mapping Values

W
G

e now turn to alternativewaysto map the valuesof an XML document (e.g., strings like “Peter” or “4711
F
�

ruitdaleAve.” ). We study two variantsin this work: (a) storing valuesin separateValue tables;
�

(b) storing
values� togetherwith edges.Both variantscanbeusedtogetherwith theE

�
dge,Binary, and Universalapproaches,�

resultingin a total of six possiblemappingschemes.

2.2.1 Separate ValueTables

T
�

hefirstwayto storevaluesis to establishseparateValue tables
�

for eachconceivabledatatype.Therecould,for
exam� ple,beseparateValue tables

�
storingall integers,dates,andall strings.H Thestructureof eachValue table

�
is

as� follows, wherethetypeof thevalueI colum� n dependson the type¢ of� theValue table:
�

V
JLKNM!O)P

(vid,
´

value)

Figure1 shows how this approachcanbecombined with the Edgeapproach.� The vidsI of� the Value tables
�

are
generated� as part of an implementationof themappingscheme. The flag

Q
colum� n in theE

�
dgetable

�
indicatesin

wh� ich Value table
�

avalueis stored;aflag
Q

can,� therefore,takevaluessuchas integer, date,string, or ref indicat-
ing



an inter-objectreference.In thevery same way, separateValue tables
�

canbeestablishedfor theB
R

inary and�
Universalapproaches.� In termsof indices,weproposeto indexthevidI and� thevalueI colum� nsof theValue tables.

�

2.2.2 Inlin ing

T
�

heobviousalternativeistostorevaluesandattributesin thesametables.In theE
�

dgeapproach,� thiscorresponds
to
�

anouterjoin of theEdgetable
�

andtheValue tables.
�

(Analogously, thiscorrespondsto outerjoinsbetweenthe
B
R

inaryand� Universal tables
�

for theotherapproaches.) Hence,weneedacolumn for eachdatatype. Wereferto
suchanapproachasinlining. Figure3 shows how inlining would work for theB

R
inary approach.� Obviously, no

flag
Q

is



neededanymore,anda large numberof nullS values� occur. In terms of indexing,we proposeto establish
indices



for every valueI colum� n separately, in additionto thesour� ceand� tar¢ get indices.



3
T

PerformanceExperiments and Results

W
G

e carriedout a seriesof performanceexperimentsin order to study the tradeoffs of the alternativemapping
schemesandtheviability to storeXML datain anRDBMS. In this paper, we presentthesizeof the resulting
relational� databasefor eachmappingscheme,thetimeto reconstructanXML documentfrom therelationaldata,

U
XML currently doesnot differentiate betweendifferentdata types,but there areseveral proposals to extendXML in this respect.
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V 100,000 num" berof objectsW!X
4 maximum numberof attributeswith inter-objectreferencesperobjectY#Z
9 maximum numberof attributeswith valuesperobject[ 15 size of ashort string value[bytes]\

500 size of a longtext value[bytes]]_^ 80 percent� of thevaluesthatarestrings`ba 20 percent� of thevaluesthataretextc
20 numberof differentattributenamesd
10 size of anattributename [bytes]

T
�

able 2: Characteristicsof theXML Document

and� thetime to executedifferentclassesof XML queries.Otherexperimentalresultssuchasbulkloadingtimes
and� timesto executedifferentkindsof updatefunctionsarepresentedin [3].

T
�

o simplify thediscussion,we will only presentexperimentalresultsfor four of thesix alternativemapping
schemesdescribedin Section2. Wewill studytheEdge,Binary, and Universalapproaches� with separateValue
tables
�

in orderto study the tradeoffs of thedifferentways to map edges.In addition,we will studytheB
e

inary
approach� with inlining in orderto compareinlining and theseparateValue tables

�
variants.

A
f

sanexperimentalplatform, weuseacommercial relationaldatabasesystemg installed



onaSunSparcStation
20
h

with two75 MHzprocessorsand128MB of main memory andadiskthatstoresthedatabaseandintermediate
resultsof queryprocessing.The machinerunsunderSolaris2.6. In all our experiments,we limited thesizeof
the
�

main memory buffer pool of thedatabasesystemto 6.4 MB, which waslessthana tenthof thesize of the
XML document. Otherthanthat,weusethedefaultconfigurationof thedatabasesystem, if notstatedotherwise.
(For someexperiments,weusednon-defaultoptionsfor queryoptimization;wewill indicatethoseexperiments
wh� en we describe the results.) Al l software which runs outside of the RDBMS (e.g., programs to prepare the
X
¡

ML document for bulkloading)is implementedin Javaand runson thesame machine.Calls to therelational
d
	
atabase from the Java programs are implemented using JDBC.

3.1
i

Benchmark Specification

3.
j

1.1 Benchmark Database

T
�

hecharacteristicsof thesyntheticXML documentwegeneratefor theperformanceexperimentsaredescribed
in Table 2. TheXML document consistsof k objects.� Eachobjecthas lnmom'prq attributes� containinginter-object
references� (i.e., IDREFs) and sntot'urv attributes� with values. The document is flat; that is, thereis no nestingof
objects.� (Givenourgraphmodeldescribedin Section2, flatdocumentswith IDREFsarestoredin thesameway
as� documentswith nestedobjects.) All attributesarelabeledwith oneof w dif

	
ferentattributenames;wewill refer

to
�

thesenames as x5y_z|{|{|{b}�~�� , but in fact eachname is � bytes
�

long. Thereare two typesof values:shortstrings
w� ith � bytes

�
andlongtextswith � bytes.

� ���
% of thevaluesarestringsand ��� % of thevaluesaretext. We usea

uniform� distributionin orderto selectthenumberof attributesfor eachobjectindividually andto determinethe
objects� referencedby anobjectandthename of everyattribute. The graphthat representstheXML document
contains� cycles,but this fact is not relevantfor our experiments.

SincetheXML documentcontainsvaluesof twodifferentdatatypes(stringandtext),twoValuetables
�

aregen-
erated� in therelationaldatabasefor themappingschemeswithout inlining andtwo value� colum� nsareincludedin
the
�

Binaryschemewith inlining. Weindexthestringscompletely, asproposedin Section2.2, butwedonotindex
the
�

text (for obviousreasons),deviatingfrom theproposedindexingscheme of Section2.2. Stringsandtext,as
w� ell asattributenames(in theEdgetable)

�
arerepresentedasvarchars in therelationaldatabase.flags

�
are� rep-

resented� aschars, andall otherinformation(e.g., oids,� vids,ordinals,etc.� ) isrepresentedasnumber(10,0).
The parameter settingswe usefor our experimentsarealso shown in Table2. We createa databasewith

100,000 objects. Eachobjecthas,on anaverage,two attributeswith inter-object referencesand4.5 attributes
w� ith values.So, we havea total of approximately 450,000values;90,000 textsof 500bytesand360,000short
stringsof 15bytes.

�
Our licensesagreementdoesnot allow us to publish thenameof the databasevendor.
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Query De
�

scription F
�

eature
Q1 reconstruct XML objectwith oid = 1 selectby oid
Q2 find objectsthathaveattribute �|� with valuein certainrange selectby value
Q3 find objectsthathaveattributes�|� and ��� with certainvalues tw

�
o predicates

Q4 find objectsthathave �_� and ��� with certainvalueor just �|� with certainvalue optionalpredicate
Q5 find objectsthathave �_� or ��  or ¡2¢ with certainvalue predicate� on attributename
Q6 find objectthatmatchacomplex patternwith sevenreferencesandeightnodes pattern� matching
Q7 find all objectsthatareconnectedby achainof £_¤ references regularpathexpression

to
�

anobjectwith aspecific ¥|¦ value
Q8 find all objectsthatareconnectedby achainof §_̈ or ©)ª references regularpathexpression with

to
�

anobjectwith aspecific «|¬ or ­�® value apredicateon theattributename

T
�

able3: Benchmark Query Templates

Q1 Q2L Q2H Q3L Q3H Q4L Q4H Q5L Q5H Q6L Q6H Q7L Q7H Q8L Q8H
9 11 1805 3 131 9 1386 50 5556 1 3 11 2309 37 4616

Table4: Sizeof ResultSetsof Benchmark Queries

3.
¯

1.2 Benchmark Queries

Table3 describestheXML-QL querytemplatesthatweusefor ourexperiments.TheXML-QL formulationfor
these
�

queriesis given in [3]. Thesequerytemplatestesta varietyof featuresprovidedby XML-QL, including
simple selectionsby oid andvalue,optionalpredicates,predicatesonattributenames,patternmatching,andreg-
ular� pathexpressions.In all, we testfifteenqueriesas part of our benchmark. We testeachof the Q2 to Q8
tem
�

platesin two variants:onelight
°

variant� in which thepredicatesarevery selectiveso that indexlookupsare
ef� fectiveandintermediateresultsfit in memory, andoneheavy

±
variant� in which theuseof indicesis typically not

attractive� and intermediateresultsdonotfit into thedatabasebuffers. Specifically, wesetthepredicateson ²5³ to
�

select0.1% of thevaluesin the light queryvariantsand to select10%of thevaluesin theheavyvariants.The
predicates� on �́µ are� alwayssetto select30%of thevalues.All predicatesinvolve shortstringsonly (no text).
For our benchmark database,the size of the resultsetsfor eachof thesefifteenbenchmark queriesis listed in
T
�

able 4. To executetheseXML-QL queries,we translatetheminto SQL queries.How this translationis done
for eachmappingscheme is outlinedin [3] and beyondthescopeof this paper.

Togetreproducibleexperimentalresults,wecarryoutall benchmark queriesin thefollowingway: everyquery
is



carriedoutonceto warmup thedatabasebuffersandthenat leastthreetimes(dependingonthequery)in order
to
�

getthemeanrunningtimeof thequery. Warming up thebuffers impactstheperformanceof thelight queries
that
�

operateon datathatfits in main memory; warming up thebuffers,however, doesnot impacttheresultsof
the
�

heavyqueries.

3.2
¶

DatabaseSize

T
�

able5 shows thesizeof theXML documentand of theresultingrelationaldatabasefor eachmappingscheme.
The size of theXML document is about80 MB. We seethatevenwithout indiceseverymappingscheme pro-
duces
	

a larger relationaldatabase.The Universalapproach,� of course,producesthemostbasedatabecausethe
Universal table

�
is denormalized asdescribedin Section2.1. ComparingtheBinary approach� with andwithout

inlining,



we seethat inlining resultsin a smaller relationaldatabase:no vids· are� storedin theinline variantand
nulls¸ which� areproducedby theinlinevariantarestoredin averycompactwayby ourRDBMS. Lookingat the
sizeof theindices,wecanseethatindicescanconsume up to 40%of thespace.

XML
¹

Binary
º

E
»

dge U
¼

niversal Bin.
º

+Inline
base
½

data 79.2 105.2 122.3 138.9 86.9
indices
�

– 71.1 85.6 76.7 52.7
total
�

79.2 176.3 207.9 215.6 139.6

Table5: DatabaseSizes[MB]
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Binary
º

E
»

dge U
¼

niversal Bin.
º

+Inline
Q1 0.036 0.023 0.074 0.024
Q2(l) 0.104/4.6 0.089/5.3 0.093/4.8 0.011/5.3
Q2(h) 15.7 83.0 62.1 0.644/5.5
Q3(l) 6.0 5.1 5.8 2.0
Q3(h) 15.8 133.7 70.5 3.5
Q4(l) 12.3 9.9 11.7 4.

y
1

Q4(h) 32.0 255.7 132.9 6.7
Q5(l) 0.277/15.4 5.1 14.2 0.028/13.9
Q5(h) 48.

y
6 148.1 185.8 14.8

Q6(l) 0.130/6.5 6.1 0.141/6.3 0.017/2.0
Q6(h) 17.0 123.7 63.7 3.3
Q7(l) 0.111/6.2 0.101/5.4 0.096/6.2 0.012/5.3
Q7(h) 16.8 221.5 62.7 1.060/6.6
Q8(l) 18.3 5.0 91.4 32.7
Q8(h) 47.2 392.0 206.9 36.3

Table6: RunningTimesof Queries[secs];Tuned/Untuned

3
¶
.3 Running Timesof the Queries

T
�

able 6 shows therunningtimesof our fifteenbenchmark queriesfor eachmappingscheme. In most cases,the
optimizer� of theRDBMSfoundgoodplanswith thedefaultconfiguration.In somecases,however, wewereable
to
�

getsignificantimprovementsby usinganon-defaultconfiguration;for suchcases,Table6 shows therunning
tim
�

esobtainedusingtheuntuned(default)optimizer configurationand thetunedoptimizer configuration.Most
of� theimprovementswereachievedfor light queriesandby forcing theoptimizer to useindicesinsteadof table
scansand indexnested-loopjoins insteadof hashor sort-merge joins.

T
�

hemain observationis thatthebestmappingscheme (B
¾

inary w� ith inlining) shows very goodperformance.
For all queries,therunningtime isacceptable.Thereasonis thattoday’s relationalqueryenginesareverypow-
erful,� evenif thequeriesinvolvemany joins and recursion.

C
¿

omparing the alternativemappingschemes,we canseethat the Binary approach� wins over the Edgeand�
Universalapproaches� andthatinlining beatsseparateValue tables.

�
Both of theseresultscanbeexplainedfairly

easily� . TheEdgeapproach� performs poorly for heavyqueriesbecausejoins with the(large) Edgetable
�

become
expensive� in thiscase;in effect,mostof thedatain theE

�
dgetable

�
is irrelevantfor aspecific query. For thesame

reason,the Universal approach� with its very large Universal table
�

performs poorly for heavyqueries. In the
B
¾

inary approach,� on theotherhand,only relevantdataisprocessed.Thesamekind of benefits of abinary table
approach� havebeenobservedin theMonetprojectfor (structured)TPC-D data[1]; for XML datathebenefitsare
particularly� high. Explaining thedifferencesbetweeninlining and separateValue tables

�
is eveneasier:inlining

simply wins becauseit savesthe cost of the joins with the Value tables.
�

The resultsshowthat inlining beats
separateValue tables

�
evenif verylargevalues(suchastext)areinlined. Inlining wouldalsowin if many different

types
�

are involvedand null¸ v� alues are stored in acompact way by the RDBMS.
Q
À

8(l) andto some extentQ1 and Q5(l) areexceptionsto theaboverules. Q8 involvesa predicateon theat-
tribute
�

names.TheEdgeapproach� is attractivefor suchqueriesbecausesuchpredicatescandirectly beapplied
to
�

theE
�

dgetable.
�

Executingsuchpredicatesinvolvesthegenerationof an SQL UNION
Á queryÂ which carriesout

duplicate
	

work for theothermappingschemes.

3.4
¶

Reconstructingthe XML Document

T
�

able7 showstheoveralltimeto reconstructtheXML document(andwrite it to disk) from therelationaldatafor
each� mappingscheme. In all cases,it takesmorethan30 minutes,andthis factis probablythemost compelling
ar� gumentagainsttheuseof RDMBSs to storeXML data. All mappingschemesneedto sortby oid in order to
re-grouptheobjects,andthissort isexpensivein ourenvironment(it is an80MB sortwith 6.4 MB of memory).
T
�

he disastrousrunningtime for theUniversal approach� with separateValue tables
�

canalsobeexplained.The
Universal table

�
must be scannedÃÅÄÇÆÉÈ tim

�
es(oncefor eachattributename) in orderto restructurethe data

and� carryout thejoinswith theValue tables.
�

Theseobservationsindicatethat it might beadvantageousto store
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Binary
º

E
»

dge U
¼

niversal Bin.
º

+Inline
56m52s 40m56s 1h 41m17s 32m8s

Table7: ReconstructingtheXML Document

co� piesof the original XML documents in the file systemin addition to loading the XML data into anRDBMS.
In
�

general,thereis no way to storedatato meettherequirementsof all purposes.Dependingon theworkload,
multiple copiesin possiblydifferentformatsare needed– XML datais no exceptionto this rule.

4 Conclusion

W
G

e studiedalternativemappingschemesto storeXML datain a relationaldatabase.The mappingschemeswe
studiedareextremely simple. Dueto their simplicity, theywill neverbe thebestchoices,but our experiments
indicatethatevenwith suchsimple mappingschemes,it is possibleto obtainverygoodqueryperformance.The
only� operationwhich hadunacceptablyhigh costwascompletely reconstructinga very large XML document;
more sophisticatedmappingschemes,however, would show poorperformancefor this operationas well.

T
�

his studywasonly a first steptowardsfindingthebestway to storeXML data.Our resultscanbeusedasa
basis
�

todevelopandconfiguremoresophisticatedmappingschemes.Also,moreexperimentswith differentkinds
of� (realandsynthetic)XML dataarerequired. In addition,othercharacteristicssuchas authorization,locking
b
�
ehavior etc. need to be studied. Furthermore, performance experiments with OODBMSsand special-purpose

X
¡

ML datastoresoughtto beconducted.The XML document and theXML-QL and SQL querieswe usedfor
our� experimentscanberetrievedfrom theauthors’Web pages.
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