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Abstract

This paper proposesa simple mecha-
nism for supportingmultiple overlap-
ping layers of annotationsfor natural
languagetext processing. We present
a querylanguagefor flexibly accessing
annotatedtext, anddemonstrateits use
on examplestaken from the NLP liter-
ature. We then report on experiments
comparingdifferentstorageand index-
ing architecturesusing an RDBMS,
showing that annotation-basedqueries
can be madeto scaleto large corpora
with many layersof annotations.

1 Intr oduction

Todaymostnaturallanguageprocessing(NLP) al-
gorithmsmake useof the resultsof previouspro-
cessingsteps.For example,a word sensedisam-
biguationalgorithm may usethe output of a to-
kenizer, a part-of-speechtagger, a phrasebound-
ary recognizer, anda modulethat classifiesnoun
phrasesinto semanticcategories. Currentlythere
is no standardway to representandstorethe re-
sultsof suchprocessingfor efficient retrieval.

In this paperwe proposean annotationframe-
work for markingtext up with processingresults,
a query languagefor flexibly accessingportions
of text that have beenso annotated,andindexing
architecturesfor efficiently performingretrievals
against the annotatedtext. The modelallows for
bothhierarchicalandoverlappinglayersof anno-
tation as well as for queryingat multiple levels

of description.We demonstratethe power of the
querylanguageandtheefficiency of the indexing
architectureon a wide varietyof querytypesthat
havebeenpublishedin theNLP literature.

The architectureis built on top of a relational
databasemanagementsystem(RDBMS), and so
can take advantageof advancedindexing struc-
turessuppliedby suchsystems.We believe this
paperis the first to experimentwith different in-
dexing structuresin order to determinehow to
make annotation-basedqueriesscaleto very large
corporawith many layersof annotations.

An addedadvantageof this representationis
that it supportsaninfrastructurefor runningcom-
putationallinguisticsexperiments.OftenNLP al-
gorithmsrequiresamplingfrom a documentcol-
lection, either to ensurethat training and testing
areconductedover representative data,or to find
sufficientnumbersof sentencesthatsatisfycertain
properties. For example,a disambiguationalgo-
rithm may needto train on examplesof a word
within variousdomains,sinceits meaningsmay
vary acrossdifferentsubcollections.

In the remainderof the paperwe describere-
latedwork, illustratetheannotationmodelandthe
querylanguageon examplesdrawn from theNLP
literature,describedifferentindexing architectures
andtheexperimentalresults,thusshowing thefea-
sibility of theapproachfor avarietyof NLP tasks.

2 RelatedWork

(Bird andLiberman,2001)and(CassidyandBird,
2000)provideexcellentanalysesof theissuessur-
rounding annotationof speechand text collec-
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tions,and(Bird andHarrington,2001)summarize
a recentspecialjournalissueon thetopic.

(Bird and Liberman, 2001) introduce an ab-
stract general approach, based on annotation
graphs (AG): partially ordereddirected acyclic
graphswith labelledarcsandnodesof positivede-
gree. Demonstratedon speechdata,most nodes
havetimestampsor areconstrainedvia pathsto la-
belledpredecessorsandsuccessors.AGs quickly
gained popularity and different tools have been
developed(Bird and Liberman,2001), including
AGTK1 by the Linguistic Data Consortium(Xi-
aoyi et al., 2002). The AGTK databasemodel is
complex: it consistsof 7 tablesplusanadditional
onefor eachcorpus.

There have been some theoretical (Bird and
Liberman,2001)andpractical(Bird andHarring-
ton, 2001;Xiaoyi et al., 2002)attemptsto imple-
menta querylanguagefor AGs. A samplequery
that finds arcslabelledaswords,whosephonetic
transcriptionstartswith a ‘hv’ is:
SELECT I
WHEREX.[id:I].Y <- db/wrd

X.[:hv].[]*.Y <- db/phn;

AGTK supportsthis query languageby mapping
it to SQL (Xiaoyi et al., 2002). To supportthe
fact thatarctracingcango in arbitrarydirections,
all pairsof connectednodesarepre-computedand
storedin a table,whichcanbespaceintensive.

TheEmuspeechdatabasemanagementsystem
(CassidyandHarrington,2001)supportssequen-
tial levelsof annotations,within whicheachtoken
canhaveoneor morelabelsandis optionallytime
labeled.Hierarchicalrelationsmayexist between
tokensin different levels, but must be explicitly
definedfor eachpair. The basicEmu query lan-
guageelementsinclude: label disjunction,com-
parisons,relative position(e.g. start), sequence(-
>) anddominance(ˆ ) operators.E.g. thequery
[[Phonetic=A -> Phonetic=p] ˆ

Syllable=S]

matchessentencesof phonetic‘A’ followedby ‘p’
both dominatedby an ‘S’ syllable. Although de-
signedto becompatiblewith therelationalmodel,
the implementationin (Cassidyand Harrington,
2001)performsa linear searchof the databasein
orderto answerqueries.(Cassidy, 1999)describes

1AnnotationGraphToolkit: http://agtk.sourceforge.net

convertingEmuqueriesinto SQL.Thecoreof the
model is a table with documentID, level, start
time, endtime, sequence(within the level), utter-
anceandlabelcolumns.Timing experimentswere
performedonacollectionof 1,000sentencesusing
simplequeries(e.g.,lookingfor oneor two tokens
spannedby a third) and significantspeedupwas
foundascomparedto linearsearch.

TheQ4M querylanguagefor theMATE anno-
tationworkbench(McKelvie et al., 2001;Mengel
et al., 1999)alsousesadirectedgraphmodel,and
is highly expressive, allowing for specificationof
constraintsandorderingin the annotatedcompo-
nents.However, thesystemusesXML for storage
andretrieval,andiscurrentlyimplementedwith an
in-memoryrepresentation,thuscalling into ques-
tion its scalability. The following query finds
nounswhicharefollowedby theword lesser:
($a word) ($b word); ($a pos ˜ "NN")

&& ($a <> $b) && ($b # ˜ "lesser")

The TaggedInformation ManagementSystem
(TIMS) (Nenadicet al., 2002),definesthe TIQL
language,wherequeriesconsistof manipulating
intervalsof text, indicatedby XML tags,usingset
operations(intersection,union, difference,con-
catenation).For example,
(<SENTENCE> � <TERM nf=‘COUP TF II’>) �
<V lemma=‘inhibit’>

specifiesthe sentencescontainingboth the noun
phraseCOUP-TF II and the verb inhibit. It was
evaluatedon fewer than6,000annotationsyield-
ing performancesimilar to thatof regularexpres-
sions.TheTIMS implementationstorestaginfor-
mationseparatelyfrom the documentsin a table
with startandendpositions,tagtypeandlayers.

3 The LayeredQuery Language

Our approachemphasizesefficient and flexible
querying and retrieval, while most other recent
work on speechand text annotationtendsto fo-
cus on the manualannotationprocess. Further-
more,we assumethat theunderlyingtext is fairly
static,sowe canexpresstheannotationsin terms
of absolutecharacterpositions(whereasin AGs
the assumptionis that the start and end time of
the eventsmay be unknown, but limited within a
timeinterval). This in turnallowsstorageof anno-
tationswithin just onetablecontainingdocument
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Figure1: Illustrationof theannotationlayers.Thefull parse, sentenceandsectionlayersarenotshown.

id, tag type, start andendpositionsfor eachan-
notation. Hencewe do not optimizefor efficient
editingbut focuson compactrepresentation,easy
queryformulation,additionandremoval of layers,
andstraightforwardtranslationinto SQL.

Below we illustrate our XML-lik e Layered
QueryLanguage (LQL). Thesequeriesaredrawn
from publishedresearch,to ensurethe real-world
applicability of the annotationsand experiments
describedbelow. Althoughwe useexamplesfrom
bioscienceNLP, the featuresareuseful for many
NLP tasks,regardlessof domain.

3.1 Protein-Protein Interaction

An importantopenquestionin molecularbiology
is: which proteinsinteractwith which otherpro-
teins? Recentlyresearchershave discoveredthat
thebiosciencejournalcollectionMEDLINE2 can
be mined to extract hypothesesaboutsuchrela-
tions. Oneapproachis to begin with a list of pro-
teinnames,andlook for sentencesthatcontaintwo
or moreof them. This is complicatedby the fact
thattherearemultiple waysto representthename
of a protein, and additionally, proteinsare often
expressedaseithermulti-wordtermsor acronyms.

2http://www.nlm.nih.gov/pubs/factsheets/medline.html

Thusa pre-processingstepis usuallyrun to label
termsthatcorrespondto proteinnames.

Figure1 illustrateshow the layeredannotation
frameworkwouldsupportthestorageof asentence
that is relevant for such a query. Eachannota-
tion representsaninterval spanninga sequenceof
characters,usingabsolutestartandendpositions.
Eachlayer correspondsto a conceptuallydiffer-
ent kind of annotation(e.g.,word, gene/protein3,
shallow parse).Layerscanbesequential, overlap-
ping (e.g., two multiple-word conceptssharinga
word) and hierarchical (either in termsof span-
ning, when the intervals arenestedas in a parse
tree,or ontologically, whenthe token itself is de-
rivedfrom ahierarchicalontology).

Thereis a one-to-onecorrespondencebetween
thewordandthepart-of-speech(POS)layers.The
word, POSandshallow parselayersaresequen-
tial (the latter can skip words or spanmultiple
words).Assuminga pre-processingstephasiden-
tified which stretchesof text can be associated
with a gene/proteinname,the gene/proteinlayer
shows the resultsof assigningIDs from the Lo-
cusLink4 databaseof genenames.This layer as-

3Genesand their correspondingproteinsoften sharethe
samenameandthedifferencebetweenthemis oftenelided.

4http://www.ncbi.nlm.nih.gov/LocusLink
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signsto eachgeneasmany LocusLink IDs asthe
numberof organismshaving thegene(four in the
caseof Bcl-2 andtwo in thecaseof p53).

Anotherpreprocessingstephasassignedterms
from the hierarchicalmedical ontology MeSH5

(Medical SubjectHeadings).Note that theseare
overlapping(sharethe word cell) and hierarchi-
cal: both spanning, sinceblood cell (with MeSH
ID D001773)is a type of cell, andontologically,
sinceblood cell is a kind of cell and cell death
(D016923)is a typeof Biological Phenomena.

Returningnow to the protein-proteininterac-
tion example,thereis no guaranteethat mereco-
occurrenceof gene/proteinnamesimplies a true
interaction. To help producemore accuratere-
sults, (Blaschke et al., 1999) developed a list
of verbs (and their derived forms) and scanned
for sentencescontainingthe patternPROTEIN ...
INTERACTION-VERB... PROTEIN. Thisquery,
which we label (a) for later reference,canbe ex-
pressedin LQL asfollows:

<document
<sentence

<gene_protein> {print tag_type}
...
<pos [tag_type=verb]

<word [lex=correlated]> >
...
<gene_protein> {print tag_type}

> {print}
> {print document.id}

This query retrieves all sentenceswith a pro-
tein namein the gene/proteinlayer, followed by
any sequenceof words, followed by the interac-
tion verb “correlated”,followed by any sequence
of words,andfinally byanotherproteinnamefrom
the gene/proteinlayer. Then it outputsthe Lo-
cusLink IDs of the two proteins,the text of the
sentencethey have beenfound in, and the ID of
thecorrespondingdocument.

Eachlevel of thequerystatesthelayer it refers
to (sentence,part-of-speech,gene/protein)fol-
lowed optionally by restrictionson the attribute
values, enclosedin squarebrackets, to distin-
guish tokenswithin the layer. This is followed
optionally by an action statement,enclosedin
curly braces,whicheitherbindsvariablesor spec-
ifies which parts of the matchedpatternshould

5http://www.nlm.nih.gov/mesh/meshhome.html

be printed. The ellipses(... ) indicate that to-
kensmay intervenein betweenthe specifiedpat-
terns. Note that within squarebrackets, in ad-
dition to equality, the languageallows inequal-
ity (!= ), conjunction(&&), and disjunction (|| ).
Thus the query above can be modified to search
for morethanoneverbsimultaneouslyby writing
<word [lex=activates|inhibit|binds] >. Al-
gebraiccomparisonsfor the lengthattribute(e.g.,
<word [length<=5]> ), arealsopossible.

All layershave a lex (the text spannedby the
correspondinginterval) anda tag type (e.g.,verb
for the POSlayer) attribute. Wheninvoked with
no arguments,print outputsthevalueof the lex

attribute.Wecanreferto anattributedirectly(e.g.,
print tag type ) or with a fully qualified name
(e.g.,print document.id ).

(Thomaset al., 2000) also tackle the protein-
proteininteractionproblemusingcontextual rules
with complex syntacticstructure,e.g.,NP VERB
PREPOSITION NP(with nointerveningtokens).
They investigatedover 30 verbsfor this task,but
found only 3 yieldedhigh-quality resultsconsis-
tently: interact (with), associate(with) andbind
(to). Oneof theirqueriescanbeexpressedin LQL
asfollows: (b)

<sentence
<shallow_parse [tag_type=NP]>{$np1=lex}
<pos [tag_type=verb] <word [lex=binds]>>
<pos [tag_type=prep] <word [lex=to]>>
<shallow_parse [tag_type=NP]>{$np2=lex}

> {print $np1, $np2, sentence}

3.2 Descentof Hierar chy

(Rosarioetal.,2002)hypothesizethatonecanpre-
dict which semanticrelationholdsbetweena pair
of wordsin a noun-nouncompoundbasedon the
MeSH subhierarchiesthewordsareassignedto.6

For example,a particularrelationholds for two-
word noun compoundsfor which the first word
falls within theA01 (BodyRegions) subhierarchy
andthe secondonefalls within A07 (Cardiovas-
cular System). Samplenouncompoundsinclude
shoulderartery, limb vein and forearmmicrocir-
culation. Within MeSH the notationis arranged
hierarchically, so that, for example,A07 mapsto
CardiovascularSystem, A07.231is BloodVessels,
A07.231.114is Arteries, andA07.231.114.056is

6In Figure1 a differentMeSHrepresentationappears.
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Aorta. Thus to retrieve all termsin the subhier-
archy of A07, we simply searchfor thoseterms
whosecode begins with the string “A07”. The
LQL queryfor this exampleis asfollows: (c)

<shallow_parse [tag_type=NP]
<pos [tag_type=noun]

<MeSH [label=A01*]>{print}>
<pos [tag_type=noun]

<MeSH [label=A07*]>{print}> $>

Thetwo specialcharacterŝ and$ areusedas
in Unix regular expressionsto match the parent
term’s beginning andendpositions,respectively.
Notethatthe$ indicatesthatthetwo nounsshould
occupy thelasttwo positionsinsidetheNP. The*
is usedasin standardregular expressions;in this
case,it matchesall MeSH labels (using the la-

bel attribute; different from tag type , which is
MeSH ID) that fall within the A01 andA07 sub-
hierarchies,respectively. This querywill retrieve
nouncompoundswith no precedingmodifiers.

3.3 Acronym-MeaningPair Extraction

(Pustejovsky et al., 2001) describea systemfor
extractingacronym-meaningpairssuchasin “We
describea systemfor AutomaticSpeech Recogni-
tion (ASR).” to find therelationAutomaticSpeech
Recognition � ASR. They processthe text with
a shallow parserand then look for syntacticpat-
terns,e.g., “NP (NP) ”, “NP, NP” and “ (NP)
NP”. TheLQL formulationfor thefirst oneis: (d)

<shallow_parse [tag_type=NP]>{print}
<pos [tag_type=\(]>
<shallow_parse [tag_type=NP]>{print}
<pos [tag_type=\)]>

3.4 Other Featuresof LQL

Theexamplesabovedonotcaptureall thefeatures
of LQL7, sowedescribesomeof therestbelow.

Forspanninghierarchicallayerswecanhavehi-
erarchicalquerieswith severalnestedreferencesto
thesamelayer. Thefollowing queryfindsa PPof
theform preposition+NPandprintsthatNP:

<full_parse [tag_type=PP]
ˆ<pos [tag_type=prep]>
<full_parse [tag_type=NP]>{print} $>

Thekeyword noorder canbeusedto allow an
arbitraryorderfor thetokenswithin a layer, e.g.:

7A detaileddescriptioncanbefoundonlineat (url anony-
mousfor reviewing)

<sentence [noorder]
<gene_protein> <pos [tag_type=verb]>

> {print sentence}

The languageallows for a combinationof or-
deredandunorderedconstraints.For example,to
requireaprepositionto immediatelyfollow averb,
while allowing a gene/proteinnameto comebe-
foreor afterthis combination,wewrite:
<sentence [noorder]

<gene_protein>
(<pos [tag_type=verb] <word [lex=binds]>>

<pos [tag_type=prep] <word [lex=to]>>)
> {print sentence}

Regularexpressionoperatorscanappearwithin
() : e.g. [lex=(*cellular)] matchesboth in-
tercellular and extracellular. Entire layers are
matchedwith the restrictionthat a variablenum-
ber of columnsare not consideredby the query.
For example,asentencecontainingmany proteins
canbeexpressedas:

<sentence [(<gene_protein>+)]>

However, this queryresultsin a variablenum-
berof columns,which complicatesits processing.
To disambiguate,a verificationduring translation
shouldassertthenumberof columnsis fixed.Thus
we allow limited regular expressions(wildcards)
overthecontentsof anindividualtoken(to behan-
dledby theSQL LIKE operator).

Finally, LQL has no overlap operatorfor re-
trieval, asit is not clearwhetherit is needed,but
couldbeaccommodatedby addinga specialchar-
acterto theopenandclosingbrackets.

3.5 LQL and SQL

LQL canbeautomaticallytranslatedinto SQL,al-
thoughthis is not yet implemented8. In addition,
SQL code can be written to surroundthe LQL
queryandreferenceits results,thusallowing the
useof SQL groupfunctionssuchasGROUPBY,
COUNT, DISTINCT , ORDER, etc.,aswell asset
operationslikeUNION. An addedadvantageof the
languageis thatthequeriesdonotneedto bemod-
ified, if theunderlyingarchitectureis changed.

New annotationsareaddedto thedatabasevia a
JavaAPI: theuserneedsto specifiesdocumentID,
section,layerID andpositionalinformation.

8LQL canbetranslatedinto SQL bothoutsideandinside
the database,e.g. by a storedfunction that constructsthe
correspondingSQL query, executesit andreturnsa table.
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Arch 1-4 F *DOCID +SECTION +LAYERID +STARTCHARPOS +ENDCHARPOS +TAGTYPE
Arch 1-4 I LAYERID +TAGTYPE +DOCID +SECTION +STARTCHARPOS +ENDCHARPOS
Arch 2 F DOCID +SECTION +LAYERID +SEQUENCEPOS +TAGTYPE +STARTCHARPOS +ENDCHARPOS
Arch 2 I LAYERID +TAGTYPE +DOCID +SECTION +SEQUENCEPOS +STARTCHARPOS +ENDCHARPOS
Arch 3-4 F DOCID +SECTION +LAYERID +SENTENCE+SEQUENCEPOS +TAGTYPE +STARTCHARPOS +ENDCHARPOS
Arch 3-4 I LAYERID +TAGTYPE +DOCID +SECTION +SENTENCE+SEQUENCEPOS +STARTCHARPOS +ENDCHARPOS
Arch 4 I WORDID +LAYERID +TAGTYPE +DOCID +SECTION +STARTCHARPOS +ENDCHARPOS +SENTENCE+SEQUENCEPOS
Arch 5 F *DOCID +SECTION +LAYERID +SENTENCE+FIRST WORDPOS +LAST WORDPOS +TAGTYPE
Arch 5 I LAYERID +TAGTYPE +DOCID +SECTION +SENTENCE+FIRST WORDPOS +LAST WORDPOS
Arch 5 I WORDID +LAYERID +TAGTYPE +DOCID +SECTION +SENTENCE+FIRST WORDPOS

Table1: Indexesfor thefour architectures(F/I = Forward/Invertedand’*’ = clustering).

3.6 Discussion

We believeLQL is at leastasexpressive asTIQL,
Emu, and MATE, which lack a clear distinc-
tion betweensequenceorderingandjuxtaposition.
LQL also supportshierarchiesinside the same
layer, allows matching acrossvarious levels of
an ontological hierarchy andpermitshierarchical
descent,a property not consideredin Emu and
MATE, which supportspanningonly but not hi-
erarchicaltokens.

LQL is still a work in progress;this is only the
first versionof thelanguageandwe planto assess
it via usabilitystudieswith computationallinguis-
tics researchers,modifying it asnecessary. How-
ever, we feel it is moreintuitive andeasierto use
for text processingthantheexisting languages.

4 SystemAr chitecture

While LQL providesa unified logical view of the
annotations,therearemany alternativesfor thede-
signof thephysical representationof theseanno-
tations. Onecanmodify the physical representa-
tion, andtheLQL to SQLtranslatorwithoutmod-
ifying existing LQL queries,makingLQL a tru-
ely declarative language.Wepresentfivedifferent
physicalstorageandindexing architectures.

4.1 RecordStructur e

In all thearchitectures,theannotationsarestored
in arelationaldatabase.However, theexactrecord
and index structuresvary, basedon different as-
sumptionsaboutthe kinds of annotationsandthe
query workloads. Our basicmodel is similar to
theoneof TIPSTER(Grishman,1996): eachan-
notationis storedasa record,which specifiesthe
character-level beginning and end positions, the
layerandthetype.

Ar chitecture1 containsthefollowing columns:
1) docid: documentID; 2) section: title, abstract

or bodytext; 3) layer id a uniqueidentifierof the
annotationlayer (word, POS, shallowparsesen-
tenceetc.); 4) start char pos: starting charac-
ter position,relative to particularsectionanddo-
cid; 5) end char pos: endcharacterposition; 6)
tag type: a layer-specifictokenuniqueidentifier.

Thereis a separatetablemappingtoken IDs to
entities(the string in caseof a word, the MeSH
label(s)in caseof aMeSHtermetc.)

Ar chitecture 2 introducesone additionalcol-
umn,sequencepos, thusdefininganorderingfor
eachlayer. This simplifiessomeSQL queriesas
there is no needfor “NOT EXISTS” self joins,
which arerequiredunderArchitecture 1 in cases
where tokens from the samelayer must follow
eachotherimmediately. Thesequenceposorder-
ing is well definedfor, e.g., the POS layer, but
not for full parse, which is hierarchical.To solve
this problem, given a particular document, sec-
tion and layer, we find and sort the correspond-
ing tokensby start char pos. Then we set to �
the sequencepos for all tokens beginning at ���
( �
	���	�
 ), where ���������
������������� are
theordereduniquestart char posvalues.

Ar chitecture 3 addssentenceid, which is the
numberof the currentsentenceandredefinesse-
quencepos as relative to both layer id and sen-
tenceid. This simplifiesmostqueries(removing
one join, unlessthe sentencecontainingthe suc-
cessfulmatchis to bereturned),sincethepatterns
areoftenlimited to thesamesentence.

Ar chitecture 4 mergestheword andPOSlay-
ers,andaddsword id assumingaone-to-onecor-
respondencebetweenthem.Thisreducesthenum-
berof storedannotationsandthenumberof joins
in querieswith both word and POS constraints
(e.g.,asin ourfirst samplequery:theword is cor-
relatedandthePOSis verb).

Ar chitecture 5 replaces sequencepos with
6



Queries (a) 54 303.38 8 (b) 11 77.45 6 (c) 50 1.64 5 (d) 1 16701 4
Ar chitecture 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5 1 2 3 4 5
SQL lines 37 37 34 29 29 91 77 75 65 50 45 38 38 39 41 59 50 53 53 35
# Joins 6 6 6 5 5 12 11 11 9 7 7 6 6 6 6 7 7 7 7 4
Time (sec) 3.984.353.591.691.94 3.885.685.413.853.55 17.9023.4221.4930.074.06 18791700218216821582

Table 2: Statisticsper workload and architecture.For eachquery type (a-d) areshown averagesfor
numberof queries/type,numberof results/query, andnumberof linesof LQL/query.

first word pos and last word pos, which corre-
spondto the sequencepos of the first/last word
covered by the annotation. This representation
treatstheword layerasatomicandrequiresall an-
notationboundariesto coincidewith wordbound-
aries. In caseswherethis assumptionsdoesnot
hold,amorefine-grainedlevel canbeusedinstead
(e.g.characterswithoutwhite-spaces).Thisarchi-
tecturealleviatesthemain limitation of theprevi-
ousonesby copingnaturallywith adjacency con-
straintsbetweendifferent layersandallows for a
simplerindexing structure.

4.2 Indexing Structur e

Thebenefitsof a relationaldatabasecannotbere-
alizedwithout a goodindexing structure.Indexes
areessentialwhenscalingto largenumberof doc-
umentsandannotations.Weusetwo typesof com-
posite indexes: forward and inverted. An index
lookupcanbeperformedonany columncombina-
tion that correspondsto an index prefix. The for-
ward indexessupportlookupbasedon positionin
agivendocument,while the invertedonessupport
lookup basedon annotationvalues(i.e., tag type
andword id)9. An RDBMS’s queryoptimizeres-
timatesthe optimal accesspaths(index andtable
scans),andjoin ordersbasedonstatisticscollected
overthestoredrecords.In complex queriesacom-
binationof forward and inverted indexes is typi-
cally used.Table1 lists the indexesusedin each
architecture.The recordsareclusteredbasedon
their primary key (marked as ’*’), ensuringthat
locally relatedannotationsare storedphysically
closetogetherto reducephysicaldisk I/O’s.

5 Evaluation

We annotated13,504MEDLINE abstractsusing
the StanfordLexicalizedParser(Klein andMan-

9Our invertedindexescanbeseenasadirectextensionof
thewidelyusedinvertedfile indexesin traditionalIR systems.

ning, 2003)for sentencesplitting, word tokeniza-
tion, POStaggingandparsing. We wrote a shal-
low parserand tools for geneand MeSH term
recognition. This resultedin 10,910,243records
(about3 timesthenumberof words)storedin an
IBM DB2 UniversalDatabaseServer10. Table3
summarizesthestoragerequirements.

We definedworkloadsbasedon variantsof the
queries(a-d) from Section3. We ran the experi-
mentsonadualprocessorDell Precision450with
2GB of RAM (only 1GB was allocatedto the
database),running Red Hat Linux 8.0. Table 2
summarizesthe results. It is clear that different
architecturesareoptimizedfor different typesof
queries.However, Architecture5 performswell (if
not best)on all querytypes,while theotherarchi-
tecturesperformpoorlyonat leastonequerytype.
Sincethestoragerequirementof Architecture 5 is
comparableto thatof Architecture1 andresultsin
muchsimplerqueries,werecommendit asthebest
architecturefor storingtext annotations.Themain
limitation of Architecture5 is therequirementthat
anatomicannotationlayerbedefined.If thisis not
thecase,Architecture 1 seemsto provide thebest
alternative.

To evaluate the scalability of Architecture 5,
we ran a combined workload, with a random
set from the first 3 query types, with varying
databasebuffer pool sizes(memory). The corre-
spondingbuffer pool sizes,elapsed-times(sec),
and buffer read times (sec) are: 1GB/2.3/1.05,
100MB/2.9/1.67,10MB/4.6/3.34,1MB/8.3/6.25.
Theseresultssuggestthatthequeryexecutiontime
grows asa sub-linear(log) function of the mem-
ory size. We believe a similar ratio will be ob-
served when increasingdatabasesize and keep-
ing thememorysizefixed, (e.g.,a database1000
timesbiggerwill run only about6 timesslower),

10http://www-306.ibm.com/software/data/db2/udb/
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Ar chitecture
Space(MB) 1 2 3 4 5
DataStorage 168.5 168.5 168.5 132.5 136.5
Index Storage 617 1397 1441 1182 673.5

Table3: Architecturestoragerequirements.

thus making it feasible to query the whole of
MEDLINE ( � 12 million abstracts)within min-
utes. Further, the annotationscan easily be par-
titioned basedon documentid, enablingparallel
queryexecutionsonmultiple machines.

6 Conclusionsand Futur e Work

Wehaveprovidedamechanismto effectivelystore
andquery layersof textual annotations.Using a
collectionof 13,504MEDLINE abstracts,wehave
evaluatedvariousstructuresfor datastorageand
have arrived at an efficient and simple one. We
usedvariationsof queriesdrawn from published
research,to ensurethe real-world applicabilityof
the experiments. Although illustrated using se-
manticmarkupfrom thebiosciences,usersarefree
to useany kind of ontologyto createthelayers.

We alsopresenteda conciselanguage(LQL) to
expressqueriesthatspanmultiple levelsof thean-
notationstructure,whichcapturestheuser’s intent
betteras the syntaxis more intuitive andclosely
resemblesthe annotationstructure. We plan to
conductausabilitystudyto assessthisclaim.

Future work includesautomatingthe LQL to
SQLtranslationprocessandtestingthescalability
of thisapproachon largerdocumentcollections.
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