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Abstract
XML schemadesignhas two opposinggoals: elimina-

tion of updateanomaliesrequires that the schemabe as
normalizedaspossible;yethigherqueryperformanceand
simpler query expressionare often obtainedthrough the
useof schemasthat permit redundancy. In this paper, we
showthattherecentlyproposedMCTdatamodel,which ex-
tendsXML byaddingcolors,canbeusedto addressthisdi-
chotomyeffectively. Speci�cally, weformalizethe intuition
of anomalyavoidancein MCT usingnotionsof nodenor-
mal andedgenormalforms,andthegoal of ef�cient query
processingusingnotionsof associationrecoverability and
directrecoverability. We developalgorithmsfor transform-
ing designspeci�cationsgivenas ER diagramsinto MCT
schemasthatare in a nodeor edgenormalformandsatisfy
associationor direct recoverability. Experimentalresults
usinga widevarietyof ERdiagramsvalidatethebene�tsof
our designmethodology.

1 Moti vation

As XML hasevolvedfrom adocumentmarkuplanguage
to a widely-usedformat for exchangeof structuredand
semistructureddata,managinglargeamountsof XML data
hasbecomeincreasinglyimportant. Sinceschemagives
meaningto data,anddeterminesthevalidity of queriesand
updatesagainstthe data,recentlyXML schemadesignis-
sueshavebeeninvestigated[2, 3, 15]. Fundamentally, XML
schemadesignhastwo opposinggoals:eliminationof up-
dateanomaliesrequiresthattheschemabeasnormalizedas
possible;yet simplerqueryspeci�cationandhigherquery
performancemaybothusuallybeobtainedthroughtheuse
of schemasthatpermitredundancy.1

Consider, for example,the ER diagramof the TPC-W
�

Supportedin part by NSF underGrantsNo. IIS-0219513and IIS-
0438909.

1Ideally, schemadesignshouldbecompletelydivorcedfrom physical
implementationand henceshouldbe separatedfrom performancecon-
cerns. Realistically, physicalimplementationmimics the given schema,
but seekshigherperformanceonly throughaddingindices,materialized
views, andothersuchauxiliary structures.So thechoiceof schemahasa
hugeimpactonperformance.

1

1

m
m

m

author

order_line

item

write

1 1

m

m

m
m

1

m

1 1

1

1

m

address

occur_in

has associateshippingbilling

in

make ordercustomer

country

credit_card_transaction

Figure 1. ER diagramof TPC-Wbenchmark.Attributes
suppressedfor brevity.

benchmarkin Figure1, whereattributesaresuppressedbut
canbe readily imagined. Thereis a straightforwardway
of transformingsuchan ER diagramto an XML schema
(seeFigure 2), where entity types from the ER diagram
(seeFigure1) aremadechildrenof the schemaroot, rela-
tionshiptypesaremadechildrenof oneof their participat-
ing entitytypes,andall remainingassociationsarecaptured
throughid/idrefsattributevalues(indicatedin the�gure us-
ing directededges). In sucha normalizedXML schema,
updateanomaliesareavoidedat theexpenseof poorquery
performance.Querieslike “Q1: list the orders placedby
customers havingaddressesin Japan” requirean XQuery
expressioninvolving multiple (id/idrefs)value-basedjoins,
andcanbe expensive to evaluate. Onemight arguethat
thisschemadesignis needlesslyshallow, asit fails to lever-
agethenested(tree)structurepermittedby XML. Doesthe
tradeoff betweenopposingdesigngoalsstill exist whenwe
exploit XML'snesting?

To appreciatethis issue,consider, the XML schemaof
Figure3. In anXML databasethatconformsto thisschema,
anorder elementwould benestedunderthecustomer
elementwho madetheorder, which would benestedunder
thecustomer's address element,which would benested
underthecorrespondingcountry element.Giventhe

�

: �

relationshipsinherentbetweenrelevant entity typesin the
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Figure 3. Anomaly-freeXML schemafrom TPC-W.

ER diagramof Figure 1, no datawould be duplicatedin
this XML database,andhenceupdateanomalieswould be
avoided. Further, our previousqueryQ1 hasbotha simple
expression:2

/country[@name = 'Japan']//order

and an ef�cient evaluationstrategy using structuraljoins,
which have beenshown to be much more ef�cient than
value-basedjoins [1, 7].

The single-treestructureof XML, however, imposes
many limitations. For example, in the XML schemaof
Figure 3, the billing associationbetweenorder and
address is encodedasattributevalues(indicatedusinga
directededgein the�gure) in correspondingelements.This
makesmany otherqueriesmorecumbersometo expressand
expensiveto evaluate.Consider“Q2: list theordersplaced
with billing addressesin Japan”:

for $o in //order,
$a in /country[@name='Japan']//address

where $o/billing/@bill address idref=$a/@id
return $o

A different XML schemadesign to the one in Fig-
ure3, alsowithout updateanomalies,couldhave nestedan
order underthe address basedon the billing address

2WeuseXPathandXQueryfor statingXML queries.
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Figure 4. DeepXML schemafrom TPC-Wwith datare-
dundancy. TheXML treewill beobtainedby traversingthis
graphfrom theroot,andpermittingmultipleoccurrencesof
elements.

association.This would have simpli�ed the expressionof
Q2,but at theexpenseof Q1.

It is, of course,feasibleto designXML schemasthatal-
low easyexpression,usingXPath andXQuery, of a large
variety of queries,aswell astheir ef�cient evaluation,but
this is at theexpenseof extremedataredundancy. Figure4
is an exampleof sucha schema:many queriesare cap-
turedusingXPath,but therecanbe a greatdealof redun-
dancy in the representationof varioustypesof address ,
country , item , and author elements. Theseexam-
plessuggestthedesirablegoalof aschemathatis bene�cial
for bothupdatesandqueriesmight beelusive for theXML
model.It is clearthatthesingle-treestructureof XML does
not suf�ce for meetingthis goal.But whataboutXML-lik e
models,suchastherecentlyproposedMCT (multi-colored
trees)logicalmodelfor XML databases[13], whichextends
theXML modelby supportingmultipletreestructures(each
in a differentcolor) overlaidon thesamesetof XML data
elements?In this paper, we investigatethefollowing foun-
dationalquestionfor XML/MCT databases:

Given an ER diagram, is it possibleto design
MCT schemaswhere (i) updateanomaliescan
beavoided,and(ii) all associationsexplicitly en-
codedin theER diagramcanbeexpressedusing
structural(XPath-like)expressions?

We show, surprisingly, that this is indeedpossible,and
weproposeanovel schemadesignmethodologyfor achiev-
ing the twin goalsof updateanomalyavoidanceandease
of queryexpressionplus evaluationef�ciency, makinguse
of the MCT datamodel. Our startingpoint is the design
speci�cation,expressedin the form of an ER diagram. In
particular, for theTPC-WERdiagramof Figure1, Figure5
shows an MCT schemathat achievesthis goal. We make
thefollowing contributionsin this paper:

� We formally de�ne the types of associationsbetween
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Figure 5. An MCT Schemafor theERGraphof theTPC-Wschemain Figure1. Nodes/edgesshown repeatedpercolor for clarity,
but arerepresented/storedonce.

dataitemsencodedin anER diagramthatneedto beex-
pressedusingstructural(XPath-like)expressions.

� We de�ne a numberof desirablepropertiesfor thetarget
logicalMCT schemato satisfy:
– associationrecoverability: no explicit value-based

comparisonsshouldbeneededto recoverany associa-
tionsbetweendataitemsencodedin theER diagram,
anddirect recoverability: an “aggressive” versionof
associationrecoverability, which saysthat certainbi-
naryassociationsneedto becapturedbyasingleXPath
axis step;theseformalizethe goal of expressionease
andef�cient evaluationof queries.

– nodenormalization: no entity or relationshipshould
be presentmore than oncein any coloredtree in an
MCT/XML database,andedge normalization: no as-
sociationshouldbe presentin more than one color;
theseformalizethegoalof updateanomaly-avoidance.

– instanceindependence: the numberof colorsshould
beindependentof thedatabaseinstance,andcolor fru-
gality: this reducesthecost/overheadthatcomeswith
maintainingmultiple colors.

� Wedevelopalgorithmsfor translatinganERdiagraminto
anMCT schemasatisfyingthevariousdesirableproper-
ties. Not all combinationsof propertiesare achievable
at once.We formally show which combinationsarefea-
sible,andshow thatour algorithmsachieve thosegoals.

� Experimentalresultsusingawidevarietyof ERdiagrams
validatethebene�tsof our designmethodology.

2 Preliminaries

2.1 ER Diagram and ER Graph

The entity-relationship(ER) model, �rst introducedby
Chen [9], is widely used for conceptualmodeling in

databasedesign. Over time, many different �a vors of ER
have emerged. For concreteness,theversionwe reference
in this paperis from ElmasriandNavathe[10].

Speci�cally, we considersimpli�ed ER diagrams,that
containonly entity types,binaryrelationshiptypesbetween
distinct entity or relationshiptypes,andatomicattributes.
Arbitrary ER diagramscanbe translatedinto suchsimpli-
�ed ERdiagramsby applyingsimpletransformations[20].

For our translationpurposes,we will �nd it convenient
to regarda simpli�ed ER Diagramasanundirectedgraph,
calledtheER graph, with onenodecorrespondingto each
entity and eachrelationshiptype, and an edgebetweena
pair of nodeswhenever they are adjacentin the ER dia-
gram. Nodelabelsandedgelabelsin the ER graphcarry
thedesiredsemanticinformationfrom theERdiagram.

2.2 MCT: Data Model and Query Language

Themulti-coloredtrees(MCT) logical datamodel [13]
is anevolutionaryextensionof theXML datamodelof [11],
andenhancesit in two signi�cant ways:

� Eachdatanodehasanadditionalproperty, referredto as
a color, andnodescanhave oneor morecolorsfrom a
�nite setof colors.

� An MCT databaseconsistsof oneor morecoloredtrees
���	�

��

��
��

, where
�

is thenumberof colors.
Essentially, asinglecoloredtreeis just likeanXML tree.

Allowing for multiple coloredtreespermitsricher seman-
tic structureto be addedover the individual nodesin the
database.In an MCT database,a nodebelongsto exactly
onerootedtreefor eachof its colors.

MCT databasescan be naturally queriedusing exten-
sions of XPath [5] and XQuery [6]. In particular, each
axis stepin a pathexpressionneedsto be augmentedwith
a color, identifying thecoloredtreein which thenavigation
is desired.We refer to this asthemulti-coloredversionof
XPath.Thissuf�ces for thepurposeof thispaper. For more
details,see[13].
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2.3 MCT: Schema

Informally, a multi-colored XML schemais a set of
XML schemas,one for eachcolor, along with possible
inter-color integrity constraints(ICICs). Formally, anMCT
schemais a tuple ���

���������������	�������! 

, where:
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� is a setof labelednodesasin anXML schema,
�
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saysthat in any valid
databaseinstanceeithertheedgebetweenthenodes6 and

7

mustbepresentin all colors
�

�;���������

��<

, or it mustbeabsent
in all colors.For example,in Figure5, thereis anedgebe-
tweennodesorder andshipping in eachof thecolors
blue, red, purple,andgreen. An ICIC on the correspond-
ing tupleof edgessigni�es that theassociationbetweenan
order elementanda correspondingshipping element
shouldeither be re�ected in all four colors or in noneat
all. Otherwise,therewould be an inconsistency between
theinformationencodedin thesecoloredtrees.In contrast,
thereis justoneedgebetweenthenodesmake andorder ,
which is presentin blue.Accordingly, for this edgethereis
noassociatedinter-color integrity constraint.

3 MCT: DesirableProperties,Problem

3.1 Associations,AssociationRecoverability

A key goal in goodschemadesignis easeof queryex-
pressionand ef�ciency of evaluation. But this raisesthe
question: which queriesshouldbe expressibleeasily and
evaluatedef�ciently? In this section,we make this precise,
basedon the notionsof associations, associationrecover-
ability, anddirectrecoverability.

Sincewe areinterestedin goodMCT databaseschema
design,we needto start with an initial designspeci�ca-
tion, for which we usethe time-testedER model. In the
ERmodel,apair of entityor relationshiptypesis saidto be
associated, if thereis apathbetweenthemin theER graph.
More generally, anassociationis any connectedsub-graph

of thetransitive closureof theER graph.Intuitively, anas-
sociationgraphde�nes a semanticallymeaningfultupleof
entity/relationshiptypes,with associationgraphedgelabels
capturingthepathtraversedin theER graph.For example,
Figure6 showsanassociationgraphfrom (theERgraphas-
sociatedwith) Figure1. Theedge��=�>@?BA�C�D@EGF

�

=HCH>JI�AKFJL

 

is
labeledhas.address.in , identifyingtheERgraphpath
correspondingto this edge.

When translatingan ER graph into an XML or MCT
schema,acrucialconsiderationis thecostto queryfor asso-
ciationspresentin theER graph.In theXML/MCT model,
if associationsbetweenelementsare capturedvia values
(i.e., id/idrefs), thenrecovering theseassociationswill use
expensive value-basedjoins. On the other hand, if asso-
ciationsare capturedvia structurallinks, then we canre-
cover themvia structuraljoins, which have beenshown to
bemuchmoreef�cient [1, 7], andarealsoeasierto express.

Thus, a key desirableproperty of a (XML or MCT)
schema is that every associationbetweendata items en-
codedin the ER graphshouldbe expressibleasstructural
navigation usingXPath, possiblyextendedwith colors,as
in [13]; novalue-basedcomparisonsshouldbeneeded!We
referto thispropertyasassociationrecoverability.

A majorexpressive(andcomputational)bene�t of XPath
is theuseof an ancestor-descendantstructuralrelationship
without speci�cation (or retrieval) of any interveningele-
ments.To obtainthe full bene�t of exploiting XML struc-
ture to capturesemanticassociations,we proposean “ag-
gressive” versionof associationrecoverability. We call di-
rect recoverability, the propertythat an associationin the
ER diagramcan be speci�ed as a single parent-child or
ancestor-descendantaxisstep(in somesinglecolor) in the
multi-coloredversionof XPath[13]. Not every association
is eligible for direct recoverability. We de�ne an eligible
associationbetweennodetypes6 and

7

asonethatis:
1. Binary M By its very de�nition, direct recoverability

is impossiblefor non-binaryassociations:they cannotbe
expressedin a singleXPathaxisstep.

2.
�

: �NM It is easyto observe that an O : � relationship
canonly be directly recoverableif the schemapermitsex-
plicit noderedundancy,whichwouldrisk updateanomalies.
Notethat O : � relationshipscanarisein many ways,includ-
ing asingle O : � pathbetween6 and

7

, or by acomposition
of multiple

�

: � pathsbetween6 and
7

.

3.2 Nodeand EdgeNormal Forms

A secondkey goal in goodschemadesignis avoidance
of updateanomalies.In this section,we make this precise,
basedon thenotionsof nodeandedgenormalforms.

Intuitively, we avoid updateanomaliesin a singlecolor
if noentityor relationshipcanbepresentmorethanoncein
that color. In the absenceof any (semantic)integrity con-
straintson the datainstance,this requiresthat the schema



in that color be representedasa tree. The reasonis that if
an elementis sharedby more thanone parentelementin
the schemain any onecolor, we cannotensurethat in the
instancethe samenodewill not be representedmorethan
oncein a color. If anMCT schema,con�ned to eachof the
singlecolorspresentin it, is representableasa tree, then
theMCT schemais saidto bein nodenormalform. Some-
times,we may have integrity constraintsrequiringcertain
associationsto be disjoint. E.g., supposename is shared
by the parentsauthor andpublisher in a schemain
one color. If we have the integrity constraintthat author
namesandpublishernamesaredisjoint, theneven though
this schemais not a treein onecolor, in any valid instance
that satis�esthis integrity constraint,we areguaranteedto
havenodenormalform satis�ed.Wedonotexploresuchin-
tegrity constraintsfurther in this paper. Nodenormalform
guaranteesthat informationin XML elementsis not stored
redundantly.

Similarly, we avoid updateanomaliesacrosscolorsif no
edgein the ER graph(i.e., binary association)is present
in morethanonecolor. If this is the casefor all edgesin
the ER graph,thenthe MCT schemais saidto be in edge
normal form. If anedgeappearsin multiple coloredMCT
trees,thenan inter-color integrity constraint(ICIC) is re-
quired to managethis edgeredundancy. An edgenormal
MCT schemahasanemptysetof ICICs.

Note that thenodeandedgenormalformsareindepen-
dent, in thatbeingin oneform doesnot imply beingin the
other. For example,theMCT schemain Figure5 is in node
normalform (nonodeis representedmorethanoncein any
color) but not in edgenormalform (someedgesdo appear
in multiple colors).Similarly, theXML schemain Figure4
is in edgenormalform (sinceit hasonly onecolor),but not
in nodenormalform (in fact,thereis a lot of redundancy).

3.3 ProblemStatement

We have introduceddesirablepropertiesfor XML or
MCT schemas:associationrecoverability (AR), direct re-
coverability (DR), nodenormal form (NN), andedgenor-
mal form (EN), the �rst two relatedto the schemadesign
goal of easeof queryexpressionandef�ciency of evalua-
tion, andthelasttwo to theavoidanceof updateanomalies.

In this paper, we characterizewhich combinationsof
thesedesirablepropertiesare achievable and underwhat
conditions,for both single color XML and multi-colored
MCT schemas.Further, we develop algorithmsfor trans-
lating ER graphsinto MCT schemaswith various feasi-
blecombinationsof desirableproperties,while reducingthe
numberof colorsused.

In any implementationof MCT, therewill besomecost
associatedwith eachcolor. In ourown implementation,this
costis low, but non-zero.Therefore,color frugality is de-
sirable,while satisfyingotherproperties.

4 Translation fr om ER to SingleColor XML

4.1 Mapping Entity and RelationshipTypes

Recall that we considersimpli�ed ER diagrams,which
haveonlyentitytypes,binaryrelationshiptypes,andatomic
attributes. In translatingsuchan ER diagramto an XML
schema,it is naturalto mapERentityandrelationshiptypes
to XML elements,and ER atomic attributes to XML at-
tributes.

To determinethestructuralrelationshipsbetweentheel-
ements,themainideais to constructaschemaby traversing
theER graph,coveringall nodes. We �rst preprocessthe
ER graphandorient thedirectionalityof edgesincidenton
relationshipnodes,basedon thecardinalityof participation
of theentitynodes:3

� If anentityof type
�

canparticipatein multiple relation-
shipsof type P , then the edge �

�Q�

P

 

is orientedfrom
node

�

to nodeP .
� If anentityof type

�

canparticipatein only onerelation-
shipof type P , thentheedgebetween

�

and P cango in
eitherdirection.

Any valid instanceof the XML schemageneratedis re-
quiredto bea tree.Thewayedgesareorientedabovehelps
us ensurethat in an instanceof the schema,eachelement
will have at mostoneparent. If anedgewereorientedthe
otherway, asingleelement$ of type

�

couldhavemultiple
parentelementsR of type P .

Our�rst observationis thatwithin theframeworkof (sin-
gle color) XML, it is not alwayspossibleto achieve both
nodenormalform andassociationrecoverability. As anex-
ample,considerthe TPC-W ER diagramin Figure1, and
focus on the two entity types order and item with a
many-many relationshiporder line . It is clear that, if
wedesignany XML schemathatcapturestheseassociations
usingstructure,it is forcedto representeither the order
nodesor theitem nodesmultiple times.

4.2 Mapping Constraints

We considerthreemain typesof constraintsin the ER
diagram.Key constraintsareorthogonalto the translation.
They merelycontribute to keys of the appropriateelement
typesin XML.

ER diagramshave cardinality constraints, whichdictate
what is themin/maxnumberof occurrencesof anentity in
a relationship. XML schemaalsopermitsconstraintsthat
requireamin/maxnumberof child elementsof agiventype
for a parentelementof a given type. However, in the op-
positedirection, it hasjust oneimplicit “cardinality” con-
straint– every elementother than the root musthave one
parentelement. To the extent possible,the XML schema

3Note thata higher-orderrelationshiptype treatslower-orderrelation-
ship typesas its “entities”, so the above proceduresuf�ces even in the
presenceof higher-orderrelationshiptypesin theER graph.



cardinality constraintcan be alignedwith the cardinality
constraintsspeci�ed in the ER diagram. However, there
maybemismatches,bothin termsof toomany andin terms
of too few cardinalityconstraints,given that they aresys-
tematic in XML and completelyarbitrary in the ER dia-
gram.

ER diagramsalsohave participationconstraints, which
dictatewhetheror not all entitiesmustparticipatein rela-
tionships. If theER diagramhasa participationconstraint
from a parentto a child in XML, this merelysaysthat the
parentnodehasat leastonechild nodeof thespeci�edtype,
which is easilycapturedin XML schemausinga minimum
cardinalityconstrainton(child) elementoccurrence.If such
a participationconstraintdoesnot exist, the parentnode
mayhavenochild, which is easyto capture.

If the ER diagramdoesnot have a participationcon-
straintbetweena nodein XML andits parent,this means
that the nodecould occurwithout its parent.We mustex-
plicitly allow for this,expectinginstancesnot just rootedat

S

say, but alsoallowing instancesrootedat T , which typi-
cally is a child of

S

. Manipulatingsuchheterogeneoussets
of instancesis preciselywhat XML systemsdo, so we do
nothaveany additionalissuesto resolve.

4.3 NN and AR

The following theoremgives necessaryand suf�cient
conditionsfor an ER graphto be translatableinto a single
color XML schemawhile achieving thetwin goalsof node
normalform (NN) andassociationrecoverability(AR).

Notethatapartfrom key constraints,cardinality, andpar-
ticipationconstraints,nootherconstraintsareassumedto be
availablefor thepurposeof this result.

Theorem4.1 (NN and AR for XML) : Let U bean ar-
bitrary ERgraph. Then U canbetranslatedinto an equiv-
alentsinglecolor XML schemasatisfyingbothARandNN
iff U satis�es the following conditions: (i) U is a forest;
(ii) U doesnot containany many-manyrelationshiptypes
or any # -ary relationshiptypes,#NVXW ; and(iii) No entity
typein U is onthe“many” sideof morethanoneone-many
relationshiptype.

Thekey intuitionsfor the“only if ” directionof theproof
are as follows. If U is not a forest, then someentity or
relationshiptypehasmultiple parents,andan instancecan
be createdthatwould eitherviolate the requirementof the
XML databasebeinga tree/forest(if we wantto retainAR)
or beforcedto representsomeassociationsasvalues(if we
wantto retainNN). If U containsamany-many relationship
then,asdiscussedpreviously, a similar choicemanifestsit-
self. SupposeU containsa Y -ary relationshiptype P be-
tweenentity types

�
�

�	�"Z

and
�"[

. Even if this is a
�

:
�

:
�

relationshiptype,it still posesa problemfor a singlecolor
XML schema.The issueis that, while P is one-onefrom

eachof �

������� Z  

into
� [

, �

� Z ��� [  

into
�\�

and �

�\�]�	� [  

into
� Z

, thecardinalityconstraintsfrom
���

to
� Z

, for ex-
ample,could still be many-many, reducingthe problemto
thepreviouscase.Finally, evenwhenall relationshiptypes
arebinaryand(atmost)one-many, if someentity typeis on
the many sideof morethanoneone-many relationship,it
would needto have multiple parents(if we want to retain
AR), or at leastoneof the associationswould have to be
representedusingvalues(to preserveNN).

For the “if ” directionof the proof, it is straightforward
to �nd an orientationof all of U 's edgesin sucha way
thatall theone-many andone-onerelationshipsarealways
traversedcorrectly, i.e., from the“one” sideto the“many”
side,thusachieving AR. Becauseof theimplicit functional
dependency from the“many” sideto the“one” side,no in-
stanceof any nodetypewill beredundantlyrepresentedin
adatabaseinstance,thusachieving NN.

Thetheoremshowsthattheclassof ERgraphswhichcan
bemappedto asinglecolorXML schemawhile preserving
both AR andNN is ratherlimited. NN, without AR, can
be achieved by coveringall nodesof the ER graphwith a
forestof treeswith no overlappingedges.Associationsnot
capturedin structurewould needto be modeledusingex-
plicit id/idref values.Notethatedgenormalform is not an
issuefor a singlecolor.

5 Translation fr om ER to Multi-Color MCT

A key result is that, unlike for single color XML, an
MCT schemacanindeedconcurrentlysatisfythedesirable
propertiesof NN andAR for arbitraryER graphs.But not
all propertiesaresimultaneouslyachievable. In particular,
thereis a fundamentaltensionbetweenedgenormal form
(EN) andcompletedirectrecoverability(DR).

5.1 SatisfyingNN, EN and AR

Considerthe TPC-W ER diagramof Figure 1. It is
easyto seethat this cannotbe translatedto single color
XML, while preservingAR andNN. Thereasonsaremany,
including the many-many relationshiptype order line
betweenorder and item , and the fact that entity type
order is on themany sideof multiple one-many relation-
ship types,billing , shipping , make. However, it is
possibleto “cover” this ER graphusing multiple colored
treesin a databaseindependentway, suchthateachcolored
tree satis�es nodenormal form (NN). One suchcovering
(andresultingMCT schema)is shown in Figure5, which
uses� vecolors.Sinceeach edgein theERgraphis present
in at leastonecolor, arbitraryassociationgraphscanbetra-
versedusing the multi-coloredversionof XPath. Not all
suchcoveringsarein edgenormalform (EN); in particular,
the MCT schemaof Figure5 is not. To obtaina covering
which is alsoin EN, careneedsto be takennot to traverse
thesameedgeof theER graphin multiple colors.



Algorithm MC( ^ )
1. If anentity of type _ in ^ canparticipatein multiple relationshipsof type ` , thentheedge ab_dce`gf is orientedfrom node _

to node` . Leave theremainingedgesin ^ undirected.Mark all nodesunprocessed.
2. Chooseanunprocessednodefrom a stronglyconnectedcomponent(SCC)of ^ with no incomingdirectededgesfrom other

SCCs,andapplya new color to it. If no suchnodeexists,stop. Theselectednodeis calledthecurrentstart node, andthe
colorappliedis calledthecurrentcolor. Thesetof currentroots(of thecoloredforestunderconstruction)is thesingletonset
comprisingthecurrentstartnode.

3. Constructa treeof thecurrentcolor rootedat thestartnodeby performingadepth-�rst traversal,following colorabledirected
edgesin thecorrect(from theonesideto themany side)direction,andchoosingtheorientationfor colorableundirectededges
whentraversed. All nodesandedgestraversedhave the currentcolor applied(in additionto any colors they may already
have). An edgeis saidto becolorable, if it is not colored,andeither(i) thenodeat theotherenddoesnot alreadyhave the
currentcolor, or, (ii) if it hasthecurrentcolor, it is a currentroot but not thecurrentstartnode.A nodeis markedprocessed
whenit hasno outgoingor undirecteduncolorededgesincident,andtheedgeis eitherdirectedor not incidenton thecurrent
startnode.

4. Find anotherunprocessednode,if any, from anSCCof ^ with no incomingdirectededgesfrom otherSCCs,andif thereare
otherincidentedgesat leastoneof themcolorable.Call it thestartnode,addit to the setof currentrootsandrepeatfrom
step3. If a colorableedgeis traversedto reacha currentrootnodeh , remove h from thesetof currentroots.

5. Repeatfrom step2.

Figure 7. Algorithm MC.

If sucha coveringis donein acarelessway, onecanend
upwith ahugenumberof colors,andpaythecost/overhead
of dealingwith them. We now provide an algorithm,MC,
in Figure7, that takesa simpli�ed ER graph(asdescribed
in Section2.1),andproducesamulti-coloredMCT schema
thatis normalized(bothNN andEN)andis fully association
recoverable(AR).

Intuitively, Algorithm MCworks by choosingasa start
node(in step2) a candidatefor a root of a new color (since
a color may createa forest,multiple rootsarepossiblein
a color). It then traversesthe ER graph(in step3) look-
ing to addcolorableedgesin thecorrect(from theoneside
to themany side)directionto thecurrentcoloredtree,pos-
sibly orientingany one-oneedgesencountered.If no new
colorableedgescanbeaddedto thecurrenttree,a new root
is picked(in step4), if possible,in thesamecolor. If this is
notpossible,a root is pickedin adifferentcolor (step5). In
thepresenceof one-oneedges(which areinitially not ori-
ented),it is possiblethata “root” of a color is encountered
duringa traversalfrom a different“root” of thesamecolor.
In thiscase(step4), thetreesaremerged.

Sincetheinput graphis �nite, no edgeis coloredtwice,
andanodeis markedprocessedonceall (outgoingandundi-
rected)edgesincidenton it arecolored,thealgorithmwill
eventuallyterminate.Whenthe algorithmterminates,it is
easyto establishthatevery edgehasbeencolored.In each
color, we have a forestof trees,so it is an MCT schema.
Eachentity/relationshiptypeappearsexactlyoncein theER
Graph,and henceat most oncein any color of the MCT
schema,sowe have a nodenormalform. By construction,
eachedgeis coloredexactly once,sowe have edgenormal
form. Every direct associationin the ER diagramis cap-
turedasanedgein somecolor in theMCT schema,sowe

haveassociationrecoverability. As aconsequence,wehave
thefollowing result:

Theorem5.1 (NN, EN, and AR for MCT) : Let U bea
simpli�ed ERgraph. ThenAlgorithmMCtranslatesU into
anequivalentMCT schemasatisfyingNN,ENandAR.

5.2 SatisfyingNN, AR, DR

The MCT schemaproducedby Algorithm MCsatis�es
many desirableproperties,but the resultingMCT schema
doesnot necessarilysatisfy the aggressive versionof AR,
namely, direct recoverability (DR). Recall that DR is the
ability to useasingleancestor-descendantaxisstepin asin-
glecolor to retrieveeligibleassociations.

As a toy example, consideran ER graph with seven
nodes
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duce an MCT schema with two colors. There are
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�rst start node that Algorithm MC chooses, two of
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. But no matter
which MCT schemais picked,theEN propertyguarantees
thatsomeeligiblebinaryassociationwill notbedirectly re-
coverable: in case(i), this is �
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, while in case(ii),
this is �
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.
A desirable objective would be to identify MCT

schemaswhere every eligible associationis directly re-
coverable,possiblyat the expenseof edgenormal form,
and usesfew colors. In the above toy example, such
an MCT schema does exist in two colors, namely,

mHm
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beobtainedby startingfrom anMCT schemaproducedby
Algorithm MC, and addingas many edgesas possibleto
eachcoloredtree,therebygiving up theedgenormalform.

This approach,which we refer to as MCMR(mini-
mal color, maximal recoverable), is a useful heuristic.
But it does not always provide complete direct recov-
erability. To illustrate this, considera secondtoy ER
graph(alsowith sevennodes)
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where P
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(resp., P�k ) is a one-many relationship type
from entity type
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to
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��j
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is a one-onerelationshiptype between
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and
��j

. In
this case, an MCT schemaproducedby Algorithm MC
has a single color tree, possibly rooted at

� [

with two
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. How-
ever, this MCT schemadoesnot supportdirectrecoverabil-
ity, in particular, of the eligible association�

� j �	� �  

. It is
easyto verify thatanMCT schemaneedsto havetwo colors
to supportcompletedirectrecoverabilityon this ER graph,
which cannotbeobtainedbyanyMCMR-styleapproach.

One way of obtainingan MCT schemawith complete
direct recoverability is to directly leverageAlgorithm MC.
Essentially, therearemany differentMCT schemasthatcan
beproducedby Algorithm MC, dependingon thechoicesof
startnodeandcolorableedgeschosenat eachstep.We use
Algorithm DUMCto denotetheapproachof taking thedis-
joint unionof theseMCT schemas.By reasoningover the
structureof eligible associationsin ER graphs,we canes-
tablishthattheMCT schemaproducedby Algorithm DUMC
satis�esNN, AR andDR. However, thenumberof colorsis
not necessarilyminimized,amongall suchMCT schemas.

Theorem5.2 (NN, AR, DR for MCT) : Let U bea sim-
pli�ed ER graph. ThenAlgorithm DUMCtranslatesU into
anequivalentMCTschemasatisfyingNN,AR,andDR.

6 Experimental Evaluation

We would like to understandhow the techniquespre-
sentedin this paperperformin practice.An immediateis-
suewe facewith experimentalevaluationis thatthereis no
standardbenchmarkthroughwhich to measurethe quality
of databasedesign.We adopteda two-prongedstrategy: 4

1. ER Collection: We collectedER diagramsfrom
databasetextbooks,CASEtoolsexamples,andonlinesites.
One of them is a real-world schemafrom the Database
DerbyContest[17]. For eachdiagramin thiscollection,we
generatedmultipleschemas,onefor eachstrategydiscussed
in this paper. To comparetheseschemas,we needa bench-
markquerysetwhoseperformancewecanmeasure(except
for the DatabaseDerby schemawhich camewith a query
set).SincemostER diagramsourcesdo not comewith as-
sociatedquery workloads,thesequery dependentmetrics

4Dueto spaceconstraints,interestedreadersareinvitedto ourwebsup-
plement [20] for detailsaboutER diagramsandqueriesused.

arehardto obtain.To obtainasuggestionof whatthesemay
be– we generateda queryworkloadfor eachER diagram,
basedon emulatingtheXMark [16] setof queriesthrough
identifyingcorrespondencesbetweenschemaelements.We
obtainedtheXMark updatequeryworkloadfrom theUpda-
teX projectat theUniversityof Florida[19].

Noneof theseER diagramscomewith associateddata
sets. So we cannotactually load a dataset and run the
queriesde�ned above. Ratherthanmanufacturesynthetic
datasetsfor this purpose,we restrictour studyto an anal-
ysisof complexity metricssuchasnumbersof valuejoins,
color crossings,groupingsby value,andduplicateelimina-
tions. The expectationis that theseexpensive operations
predicttheoverallqueryperformance.

We recognizethat thenatureof workloadmay be quite
differentin variousapplicationcontexts,andfurtherthatour
emulationis subjective. However, given theabsenceof an
availableworkload,we felt this wasa betterapproachthan
usinga workloaddesignedto our liking. We supplement
thisextensivestrategywith theothermoreintensivestrategy
describednext.

2. TPC-W: The TPC-W benchmarkis well accepted,
andhasa fairly complex schema.For this benchmark,we
havebothadatasetandaqueryworkload,andsoareableto
conductmorein-depthinvestigation.We derivedanER di-
agram(Figure1) to describetheTPC-Wschema,andauto-
maticallygeneratedmultipleschemasfrom thisERdiagram
following the techniquesdevelopedin this paper. We im-
plementedeachof theseon thenative XML databaseTIM-
BER [12]. We presentnot just the absoluteperformance
numbersfor the TPC-W queries,but also the querycom-
plexity surrogatesusedin the ER diagramanalysis. The
two subsectionsthatfollow describeexperimentswith each
of theabovedatasetsin reverseorder.

In eachcase,we comparedseveral different schemas,
bothsinglecolor andmulti-colored.
DEEP: Singlecolor associationrecoverablebut not node

normalized(seeFigure4).
SHALLO W: Singlecolornodenormalizedbut notassoci-

ationrecoverable(seeFigure2).
AF: Single color nodenormalizedbut attemptsto maxi-

mizebothdirectandindirectassociationrecoverability
(seeFigure3).

The multi-colored schemaswe designedare all (except
UNDR) bothnodenormalizedandassociationrecoverable,
but differ asfollows:
EN: Edgenormalized,but doespoorly on direct associa-

tion recoverability(accordingto Algorithm MC).
DR: Maximizesdirectassociationrecoverability, but is not

edgenormalized(seeFigure5).
MCMR: Minimal colormaximalrecoverableis localcolor

minimal, and tries to maximizedirect recoverability
subjectto thiscolorminimality. It is notedgenormal.
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Figure 8. Numberof structuraljoins for TPC-Wqueries
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Figure 9. Numberof valuejoins/colorcrossingsfor TPC-
W queries

UNDR: Un-normalized direct recoverable is a multi-
coloredschemain whichdirectrecoverability, without
color crossings,hasbeenselectively increasedat the
costof nodenormalization.

6.1 TPC­W Experiments

FromeachXML schema,we obtainedanXML data�le
usingtheToXgene[4] datagenerator, orchestratedto con-
tain equivalentcontentto produceequivalentqueryresults.
TheexperimentswereperformedonasingleprocessorPen-
tium III 866MHzequippedwith 512MBytesof mainmem-
ory, 30 GBytesof disk storageand Windows 2000, run-
ning the TIMBER XML database[12]. TIMBER's buffer
pool sizewassetto 256MBytes. Thedatapagesizewas8
KBytes.

The top portionof Table1 presentsthestoragerequire-
mentsof 7 schemas.All nodenormalizedMCT schemas
have the samenumberof elements,attributesandcontent
nodes.EN andMCMR, which have only 2 colorsrequire
only slightly morestoragethanSHALLOW andAF. Stor-
agerequirementsarehigherasmoredirectassociationsare
covered,by DR, UNDR, andDEEP, respectively. Violating
nodenormalizationcostsa greatdealmorein storagethan
violatingedgenormalization.

We have 16 queriesin the workload(Q1-Q13andU1-
U3), 3 of which areupdatequeries.4 of these16 queries
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Figure 10. Numberof duplicateeliminations/duplicate
updates/groupby values/for TPC-Wqueries

Figure 11. Performancein secondsfor TPC-Wqueries

were indifferent to choiceof schema. Resultsfor the re-
maining12 queriesarepresentedhere. For eachof these
queries,we measuredthequeryperformanceandalsosev-
eralmetricswith respectto queryexpression.

Executiontime in secondsof 7 schemasarelistedin Ta-
ble 1. The parenthesesin numberof resultscolumnindi-
catestheduplicateresultsreturnedby DEEP(andUNDR, if
applicable).SHALLOW requiresvaluejoins to recoveras-
sociations,andhenceits performancesuffers.DEEP, which
is directassociationrecoverable,alwayshasanoutstanding
performance,but only if thedataredundancy is notanissue,
as in Q6, Q7, Q10, U1-U3. With multiple colors, wher-
everwe havedirectassociationrecoverability, performance
is similar to that of DEEP. Thus,DR andUNDR perform
muchcloserto DEEPthanEN andMCMR. Q12is a query
thatmakesuseof theun-normalizedstructurein UNDR to
win over DR. In Q11, DR andUNDR do even betterthan
DEEPdueto smallerdatabasesize.

In updatequeries,multi-coloredschemasmayinternally
paythepricefor color integrity preservationif they arenot
edgenormalizedeven if they arenodenormalized. How-
ever, this cost is lower than that of a value join or un-
normalizedconstraintmaintenance.For example,for U3
involving a singleelementupdate,MCMR andDR areless
costly thanAF, SHALLOW, andEN, in which valuejoins
or colorcrossingsareneeded.DEEPandUNDR areexpen-
sive herebecauseof thedataredundancy. MCMR is faster



Query Num. Results DEEP AF SHALLOW EN MCMR DR UNDR
Num.Elements 6,084,002 2,642,111 2,642,111 2,642,111 2,642,111 2,642,111 4,732,855
Num. Attributes 2,177,280 958,148 958,148 958,148 958,148 958,148 1,087,748
Num. ContentNodes 1,729,440 725,806 725,806 725,806 725,806 725,806 829,486
DataMbytes 1337.99 583.25 583.49 609.94 642.03 747.49 820.57
Num. Colors 1 1 1 2 2 5 5
Q1 1 0.05 0.04 0.30 0.04 0.04 0.04 0.05
Q2 378 0.87 1.05 8.86 0.83 0.83 0.82 0.82
Q6 315(9825) 14.97 0.05 0.05 0.05 0.05 0.04 0.04
Q7 2004(2536) 1.66 2.99 3.41 0.48 0.59 0.59 0.59
Q8 36 0.58 2.10 20.58 12.50 1.94 1.73 1.72
Q9 18 0.16 5.85 5.49 1.18 1.16 0.21 0.21
Q10 1(3) 0.99 0.09 0.08 0.10 0.10 0.10 0.10
Q11 1 0.36 1.21 1.18 0.68 0.50 0.21 0.20
Q12 1 0.04 1.25 2.77 0.73 0.70 0.74 0.32
U1 10(67) 0.85 0.10 0.10 0.10 0.10 0.10 0.12
U2 2(4,6) 0.20 0.08 0.04 0.09 0.08 0.08 0.27
U3 1(6,6) 20.52 0.63 0.62 0.49 0.28 0.48 70.11

Table 1. TPC-WDataStatisticsandQueryProcessingTime in Seconds.The �rst letterof thequerylabel indicatesquerytype:
Q=Read-only, U=Update.The resultscolumnindicatesthenumberof resultsproducedfor a read-onlyquery, andthe numberof
elementsupdatedfor anupdatequery. In parenthesesarenumberof duplicateresultsfor DEEP(andUNDR, if applicable).
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Figure 12. Numberof structuraljoins for ERcollection

thanDR becauseit hasfewercolors.
Figures8-10show 3 querycharacteristicsgatheredfrom

the XQuery expressionscorrespondingto the query run.
(We actuallygatheredmany morestatistics,but reportonly
theseas the most interesting.) The time taken to evaluate
a queryappearsto bealmostproportionalto thenumberof
valuejoinsor colorcrossings,with anaddedamountif there
is groupingor duplicateeliminationrequired.Thereis lit-
tle correlationbetweenthetime to evaluatea queryandthe
numberof structuraljoins. Beyond this, thereis little sur-
prise in these�gures: schemeswith direct associationre-
coverability minimize thenumberof valuejoins andcolor
crossings,thusexplainingtheir goodperformance.

6.2 Collectionsof ER Diagrams

Wetookourcollectionof 11distinctERdiagrams,rang-
ing in sizefrom 10-30(entity andrelationshiptype)nodes.
For eachof these,we generatedthe six differentschemas
describedabove (we excluded UNDR since there were
too many subjective ways in which to unnormalizeeach
schema),for a totalof 66differentschemas.Themaximum
numberof colorsusedwas7. The DatabaseDerby came
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Figure 13. Numberof valuejoins/colorcrossingsfor ER
collection
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Figure 14. Numberof duplicateeliminations/duplicate
updates/groupby values/for ERcollection

with 20 queries,8 of which areupdatequeries.For eachof
28queriesfrom theXMark [16] benchmark,8 of whichare
updatequeries,we wrote an equivalentqueryagainsteach
of the66 differentschemas.We computedseveralmetrics
for eachof these( WHo�prqGs!tuW]s\pvq

/ ) 1800queries.In Fig-
ures12-14we report valuesfor the threeprimary metrics
identi�ed in thecontext of theTPC-Wstudy.

Thenumberof structuraljoinsappears,in mostcases,to
be tradedoff againstthe numberof value joins andcolor
crossings.However, therearecases,suchasER10,where



SHALLOW usesmorestructuraljoinsandmorevaluejoins
thanothertechniques,becauseit breaksdown whatis asin-
gle ancestor-descendantrelationshipin otherschemasinto
two suchrelationshipswith aninterveningvaluejoin.

Looking at the crucial metricsof valuejoins andcolor
crossings,we �nd that SHALLOW requiresthe most,and
DEEPthe least.EN requiresmany morethanMCMR and
DR. In short,schemaswith direct recoverability do much
betteron this metric. However, un-normalizedschemas,
suchas DEEP, suffer from the cost of duplicateelimina-
tion. Onbalance,MCMR andDR appearto becomparable,
andto havetheleastcost.SinceMCMR requireslessspace
thanDR, we recommendMCMR for mostsituations.

While the actualperformancenumbersquotedarespe-
ci�c to ourparticularimplementation,somegeneralconclu-
sions,applicableto mostimplementationsof MCT, canbe
drawn. Associationrecoverabilityanddirectrecoverability
permit importantqueriesto beevaluatedwithout requiring
valuejoins. As long assuchjoins aremoreexpensive than
otheroperations(whichis trueevenin relationalimplemen-
tationsof XML (or MCT) with a nodelabelingschemeto
enablefaststructuraljoins), the schemadesigntechniques
proposedin this paperareof value.

7 RelatedWork

There has recently beeninterest in XML schemade-
sign. Arenasand Libkin [2, 3] were the �rst to propose
a notion of normal form for XML, i.e., XNF, andprovide
aninformationtheoreticrationalizationfor their de�nition.
Schewe [15] studiednormal forms for XML taking order
into account,using counter-free functional dependencies.
PigazzoandQuintarelli[14] haverecentlydevelopedanal-
gorithm for designinga normalizedXML schemastarting
from an ER diagram. It is worth noting that the schema
producedby their algorithmsuffersfrom thesamekindsof
limitationsasthoseillustratedin theintroduction(Figures3
and4). Thereis alsoconsiderationof keys andfunctional
dependenciesin theXML context (see,e.g.,[8]), but this is
orthogonalto our work.

8 Conclusions

We investigatethe schemadesigntradeoff betweenthe
goal of query expressioneaseand evaluation ef�ciency,
and the goal of updateanomalyavoidance,for XML-lik e
schemas.We demonstratethattherecentlyproposedMCT
datamodel,which extendsXML by addingcolors,canbe
usedto addressthis problem effectively. We develop
algorithmsfor transformingdesignspeci�cationsgiven as
ER diagramsinto MCT schemasthatsatisfythetwin goals
of updateanomalyavoidanceandqueryexpressioneaset

evaluationef�ciency. Experimentalresultsusingawideva-
riety of ER diagramson the TIMBER systemvalidatethe
bene�tsof ourdesignmethodology.

Therearemany avenuesfor futurework. Oftenwe will
beawareof constraintsthatapplyat theinstancelevel, and
knowledgeof theseconstraintscanbe usedto obtainbet-
ter MCT schemadesigns.Examplesincludeknowledgeof
treeinstancesin recursiveERdiagrams(suchasthesection
hierarchyin documents).Another interestingdirectionof
futurework is to understandhow MCT modelscanbe de-
rived from analysisof XML data,in particularthe id/idref
valuesthatneedto encodeassociationsin theXML model.
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