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Abstract— A systemis describedthat automatically categorizes
and classi es infectious diseaseincidence reports by type and
geographiclocation, to aid analysisby domain experts. It identi-
es referencesto infectious diseasedy using a diseaseontology.
The systemleveragesthe textual and spatial search capabilities
of the STEWARD systemto enable queries such as reports on
“inuenza” near “Hong Kong”, possiblywithin a particular time
period. Documentsfrom the U.S. National Library of Medicine
(http://www .pubmed.goy) and the World Health Organization
(http://www .who.int) are tagged so that spatial relationships to
speci ¢ diseaseoccurrencescan be presentedgraphically via a
map interface. In addition, newspaper articles can be tagged
and indexed to bolster the surveillance of ongoing epidemics.
Examining pastepidemicsusingthis systemmay leadto impr oved
understanding of the causeand spread of infectious diseases.

I. INTRODUCTION

Technologycanbeusedto understandhe sourceandspread
of diseaseepidemicsto contain future outbreaks,thereby
reducinga potentiallymassve toll on humanilife. Eventhough
epidemiologicalinformationis availablefor mary pathogenic
microbes,diseasdncidencereportsare scatterecand dif cult
to summarize.ln this paper we describethe workings of
an infectious diseasemonitoring system that automatically
classi es and organizesdiseaseincidencereports, basedon
geographidocationandtype, for analysisby domainexperts.
The systemsearcheslocumentson the web for referencego
infectiousdiseasenames,aswell asreferencego geographic
locations. If a documentmentions “casesof Avian Flu in
Indonesia”,our systemis able to identify “Avian Flu” as an
infectious diseaseand “Indonesia” as a geographiclocation.
The systemthenassociatethatdocumentwith the appropriate
diseasaype,aswell asthe setof latitude/longitudecoordinates
of thegeographidocationsfoundin thedocumentafterwhich
thedocuments displayedon amapinterface We referto those
web documentsontainingreferencego infectiousdiseasess
incidencereports
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Our systemis distinguishedfrom existing diseasemon-
itoring systemsby making use of the fact that infectious
diseaseoutbreakshave strong geographiccomponentsThat
is, the agentresponsibldor a diseases propagatiorfollows a
marked trajectory in space.We hypothesizethat local cases
of infectious diseasesare generally rst reportedby local
newspapersBy scanningand monitoring thousand=f local
and regional newspaperwebsites,we can monitor infectious
diseaseoutbreaksmore effectively than existing systemsand
respondo incidentsmore quickly thanever before.Presently
we includedocumentdrom the NationalLibrary of Medicine
andthe World Health Organization.The systemhasa search
interfacewhereresultsare presentedyraphicallyvia a map.

At this point, we distinguish our systemfrom two other
prominent existing diseasemonitoring systems:the Global
Public Health Intelligence Network (GPHIN) (http://
www.phac- aspc.gc.ca ) andthe InternationalNetworked
System for Total Early Disease Detection (INSTEDD)
(http://google.org/publichealth.h tml ). Once
completed,our systemwill be similar to the GPHIN and
INSTEDD systemsin thatit will continuouslyscanthousands
of newspaperwebsitesfor incidence reports. Note that in
GPHIN and INSTEDD, domain experts examine incidence
reportsin detailto determinethatthey arenot falsepositives.
However, our systemalso takes into accountthe geographic
foci of incidence reports, which are useful for infectious
diseasetracking. It takes advantageof the visual computing
aspectof maps;humaneyes are adeptat identifying spatial
patterns that cannot be easily identied by a computer
program. An expert using our systemwould quickly nd
diseaseoutbreaksby seeinga cluster of incidence reports
mappedto a particular geographicarea. For example, the
presenceof a large numberof Avian Flu reportson the map
in andaroundindonesiamight indicatea contagiousstrain of
Avian Flu in the region. By displayingincidencereportson
a map interface,we can understandhe spatialand temporal
aspectsof the spreadof an infectious diseaseand possibly
even predictits future trajectory

Our infectious diseasemonitoring systemidenti es textual



referenceso geographidocationsby leveragingonthe STEW

ARD system[1], a spatio-tetual searchenginebuilt by us.
Note that this problemis not trivial. For example,a reference
to “London” in a documentcould refer to “London, UK”,

“London, Ontario, Canada”,or 1500 other locations named
London aroundthe world. Moreover, the term “Washington”
could refer to persons organizations or hundredsof geo-
graphiclocationsaroundthe world. We also use STEWARD

to computethe geographidocus of eachincidencereport—

the set of important geographiclocationsin the document.
For example,if anincidencereportof Denguefever in India
appearsin the Singapore Strait Times, “Singapore” might
appearin the report, but would not appearas the report's
geographicfocus. For a more complete description of the
STEWARD system,aswell asrelatedwork, referto [1].

Our systemidenti es textual referencedo infectious dis-
easedy usinganontolagy of infectiousdiseasesAn ontology
is a hierarchical databaseof the important conceptsand
relationshipsin someknowledge domain, which in our case
is infectiousdiseasesFor a particularinfectiousdiseasepur
ontologyincludesthe diseases medicalname,commonname,
scienti ¢ classi cation of the disease-causingathogen(in
terms of class order, and genug, common symptoms,and
relationshipsto other diseasesin this paper we describea
simple techniqueto identify referencego infectiousdiseases
in documentausing this ontology Note that our techniqueis
generalizabldor usewith otherontologies.

Therestof the paperis organizedasfollows. Sectionll con-
tains the architectureof our system.We begin by describing
the STEWARD systems architectureaswell asthe additional
modules that enable STEWARD to identify referencesto
infectious diseases.Our system$ querying capabilities are
demonstratedn Section lll. Finally, Section IV discusses
future work and presentsconcludingremarks.

Il. ARCHITECTURE

This sectionprovidesa brief overview of the STEWARD ar-
chitecture,anddescribesnodi cations to the original pipeline
that enableour applications useof a diseaseontology For a
morein-depthdiscussiorof STEWARD's architecturesee[1].

A. Ontolagy Structue

Pneumonia and
influenza
Pneumococcal Other bacterial
pneumonia pneumonia
Pneumonia due to Pneumonia due to
Staphylococcus aureus Hemophilus influenzae

Fig. 1. A subsetof our diseaseontology shawing relationshipsetweerthe
variousforms of pneumonia.

The mostimportantenhancemertb STEWARD's architec-
ture is a domain-speci c knowledge databaseknown as an

ontolagy. For our application,we useda diseaseontolagy,

a databaseof infectious diseasesand associatedmetadata.
An importantchallengethat we addressn our systemis the

automaticintegration of ontology informationwith document
content.For our systemwe adaptedhe ontologyusedby The

Institutefor GenomicResearcl{TIGR) aspartof their Gemina
project (http://gemina.tigr.org ). This ontology is

orderedin a hierarchicalmannerwith diseasesarrangedin

order of increasingspeci city of diseasedescriptions.The

ontology provides standardizeddiseasenames,as well as
commonly-usedynoryms for the diseaseas usedin medical
literature.Figure 1 shovs a small subsetof the ontology used
in our system.

A diseaseontology designedfor human use can contain
grammaticatextual descriptionf diseaseskor example,our
diseaseontology hasdescriptve hames,suchas “Pneumonia
dueto Streptococcupneumoniaé However, an ontology of
thistypedoesnotlendwell to automatedomputemprocessing.
It may be dif cult to match these textual descriptionsto
documenttext, becausehere may not be an exact matchfor
the ontologicaldescriptve text. However, note that not every
word is importantwhenit comesto matchingdocumenttext
and ontology descriptions.That is, the words “due” and “to”
in the above examplearenotrelevantto a correctmatch,while
“Pneumonia” and “Streptococcuspneumoniae”are related.
This meanghata documenimentioningthe diseassame(i.e.,
“Pneumonia”,and possibly its standardname), but not the
super ouswords (i.e., “due” and “to”) is considereda good
match.

To discountthesesuper uouswords, we apply a prepro-
cessingstageusing the Inverse DocumentFrequency(IDF)
measurg?2]. IDF for a particularword w is computedasthe
logarithm of the numberof all documentsn a corpusdivided
by the numberof documentghat mentionw. It emphasizes
thosewords that do not appearfrequently in the document
corpus.For all entry namesin the ontology, we weight each
wordwith its IDF score Furthermoreywe computea maximum
potentialscorefor eachentryin the ontologyby summingthe
IDF valuesof eachword in the entryname.IDF performswell
for our diseaseontology as namesin the ontology mainly
consistof either very speci ¢ and thus high-scoringwords
(e.g., Pneumonia Streptococcus ...) or languagearticles
with low IDF scores(e.g., a, the, by, ...). STEWARD uses
theselDF scoresduring documentprocessingto determine
the importanceof partial matchesof ontology entries (see
Sectionll-E).

B. DocumentRetrieval and Standadization

Documentscome in a variety of formats, such as text,
HTML, Microsoft Word, andPDF However, to simplify docu-
mentprocessingn later stageof the pipeline,theinitial phase
of documentprocessingnvolvesretrieving the documentand
standardizingit. Later stagesin the pipeline will therefore
operateon a uniform documentformat.

While STEWARD is designedto work on unstructured
or untaggeddocuments,we can make use of information
provided by metadatasuchas Medline tagsto producemore
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Fig. 2. A prototypeof our diseasdrackingand monitoring system,shaving casesof “avian in uenza” in the vicinity of (a) Thailandand (b) Indonesia.

accurateagging.In particular mary medicaldocumentsabout

infectiousdiseasesontainthediseasenamein their title. If the

documenusegheMedlineformatandhasatag containingthe

documentitle, STEWARD givesmoreimportanceto diseases
in its ontology that appearin the title. STEWARD also uses
thetitle metadatdo give moreweightto geographidocations
foundin the title.

C. Featur Vector Extraction

STEWARD continueswith its geographiclocation extrac-
tion by discardingmostof thewordsin thedocumenthatmost
likely are not textual referencego geographidocations(e.g.,
“the”, “and”, ...). It usestwo Natural Languaje Processing
(NLP) basedtechniques,known as Part-Of-Speeh (POS)
taggingand Named-EntityReca@nition (NER) tagging,to aid
in extracting the documents featuies collectively called its
featuie vector Intuitively, the featurevectoris the setof most
interestingwords in a document— that is, the words most
likely to referto geographidocations.

D. Geotayging

The next stagesn STEWARD's pipelineareresponsibldor
geotagging of the document— associatinghe documentwith
all referenceso geographidocationscontainedtherein.After
searchinga gazetteer or databaseof geographiclocations,
STEWARD augmenteachdocuments featurevector, adding
geographiceferencedrom the gazetteerto eachfeaturethat
is a potentialgeographidocation. It thenrunsa disambigua-
tion algorithm to choosethe most likely gazetteerecordto
associatewith eachfeature.Finally, STEWARD determines
the subsetof geographiclocations that are most prevalent
in the documentknown as the documents geagraphic focus
locationsor simply its geagraphic focus Theselocationsare
associatedwith the documentin STEWARD's databaseto
enablespatio-tetual querieson the documentcollection. For
a morethoroughexplanationof STEWARD's disambiguation
andfocusalgorithms,refer to [1].

In our applicationto diseasemonitoring,we procesgeports
of diseaseoutbreaks,which tend to have strong geographic

foci. Focuslocationswill thereforebe instrumentalin restrict-
ing diseasesearchego particulargeographicareas.

E. Ontology Tagging

STEWARD next usesits ontologyto nd documentkey-
words that matchnamesof entriesin the ontology a process
termed ontology tagging. Each word in the documentis
searchedgainstthe ontology which returnspotentialmatches
of ontology entries.When a documentpartially matchesan
entry in the ontology STEWARD computesa normalized
score for the match by summing the IDF scoresof the
matching words and dividing by the entry's maximum po-
tential score. Those entrieswith scoresabore STEWARD's
prede nedthresholdarereportedasrelevantfor the document,
andare collectively termedthe documents ontology featuies
Ontology featuresare ordered by decreasingmatch score.
Furthermore,if multiple ontology featureshave the same
match score, the featurewith the largestIDF score (having
the leastcommonname)is reported rst, asthe wordsin that
featurenameare lesslikely to occurby chance.

F. Ontolagy FocusDetermination

After the documenthas been associatedwith ontology
features,STEWARD determinesthe subsetof ontology fea-
tures that are most prevalent in the documents text. For
eachfeature STEWARD extendsthe previously-describedDF
scoreby multiplying it with a Term Frequency(TF) [2] term.
TheTF termfor aword w is computedby dividing the number
of occurrence®f w in the documentby the total numberof
wordsin the documentlt thereforeplacesemphasison those
words that occurfrequentlyin the documentBy multiplying
the terms, we obtain the Term Frequency-lmerse Document
Frequency(TF-IDF) [2] scorefor eachword of the ontology
feature,which will belarge for wordsthat occurfrequentlyin
the documentbut infrequentlyin the corpus.For a document
with several ontology features,the featureswith the largest
TF-IDF scoresare selectedasthe document ontology focus

In our application,the document ontologyfocuswill cor
respondo the diseasdhatis mostprevalentin the document.



Diseaseoutbreakreportstendto focuson a single diseaseso
the TF-IDF scorefor one diseasemostoften standsout from
other diseaseseportedas noise.

I1l. APPLICATION: DISEASE TRACKING

To createour application for tracking infectious disease
outbreaks,we retrieved documentsfrom the ProMED-mail
database (http://www.promedmail.org ). ProMED-
mail is an e-mail reporting systemwith several moderated
mailing lists, where medical professionalsaroundthe world
postreportedcasef infectiousdiseasesT his datasets useful
for an infectious diseasemonitoring system,as outbreaksof
diseaseare reportedquickly, sometimeswithin days of their
occurrenceDiseasereportsare also available in several lan-
guagesijncluding English, Spanish Portugueseand Russian.

We also applied our techniquesto a subsetof the data
available through PubMed (http://www.pubmed.org ),
a servicefunded by the U.S. National Library of Medicine.
PubMedprovidesaccesgo Medline, a databasef 16 million
abstractsof documentspublishedin medical journals. We
downloaded43,000 abstractswhose contentwas relevant to
infectious diseasesand processedhem using the modi ed
STEWARD pipelinedescribedn Sectionll. We arealsowork-
ing to index articlesfrom thousandf online newspapers.

Figure2 shaws two screenshotsf our diseasdrackingand
monitoring systems$ userinterface.Usersenterspatio-tetual
searchesausing the input form shavn at the top. The form
has separatetextual and spatial input elds, so that a user
canspecify a text query spatialquery or a combinedspatio-
textual query For combined spatio-tetual queries, STEW
ARD's queryenginedetermineghe bestorderto processach
guery componenty estimatingthe size of eachresult.

In addition, a query relevang slider allows the user to
choosehow relevant query results should be to the key-
word or spatial query components.For example, consider
a spatio-tetual query for outbreaksof “bovine spongiform
encephalopathy”more commonly known as “mad-cav dis-
ease”,in the United Kingdom. If a userwas also interested
in recentdiseaseoutbreaksof other diseasesn the UK, she
would placemore emphasin the spatialaspeciof the query
However, if shewas moreinterestedin relateddiseasesuch
as Creutzfeldt-Jakb diseasebut not necessarilyin the UK,
shewould emphasizehe textual query

The screenshott Figure2 shav spatio-tetual queriesfor
outbreak=of “avian in uenza” nearThailandand Yogyakarta,
IndonesiaNotice that eventhoughtheselocationsweregiven
asspatialqueryspeci ers, STEWARD found otherdocuments
that mentionednearbylocationsas well. Becausethe query
relevang sliderwassettoward spatial theseresultdocuments
neednothave mentionedavianin uenza; their proximity to the
guerylocationwas enoughto includethemin the result. This
guerydemonstratethat STEWARD allows a userto discover
geographigelationshipdbetweerdiseasautbreaksindicating
possiblecorrelations.

IV. FUTURE WORK AND CONCLUDING REMARKS

STEWARD canincorporatethe knowledgeimpartedby an
ontology using the methodsdescribedin Section Il. How-
ever, several improvementscan be made that would make
STEWARD a more effective ontology tagging and focus de-
terminationtool. We will quantitatvely evaluateour systems
effectivenessy measuringts precisionandrecall for various
diseasequeries. Also, we currently use IDF and TF-IDF
scoresto determinewhatwordsin the documentare ontology
featuresput thesemeasureslo not take word context foundin
languageanto account.For example,the phrase‘infection of”
might be a good indicator that the next word or phraseis an
infectiousdiseaseThus,a more appropriatenethodmight be
to train a named-entityrecognizeito nd referenceso disease
namessimilar to how STEWARD currentlyrecognizegefer
enceso geographidocations.This would requirea corpusof
documentspre-taggedwith infectious diseaseswhich might
be dif cult to obtainor create.

We do not currently processdocumentsfrom ProMED-
mail that are written in languagesother than English. This
is a potentially useful set of data, as diseasereports are
sometimesonly availablein a certainlanguage For example,
mary diseasereportsfrom areasin former Soviet statesare
postedonly in Russian.While our methodsshouldwork for
documents$n ary languageSTEWARD would needadditional
part-of-speeclandnamed-entitynodels trainedseparatelyor
each language.We plan to train and use these modelsin
subsequentersionsof our diseasemonitoring system.

Ourdiseasemntologyis organizedhierarchically which pro-
videsa usefulway to grouprelateddiseasesatherthansimply
relying on diseasenamesto determinerelationships.nstead
of Itering searchresultsaccordingto a single diseasea user
might be interestedin diseasereportsfor a family of related
diseasesSTEWARD would thus bene t from an additional
guery module that returns diseasereportswith mentionsof
diseasedhat are closein the hierarchy without necessarily
sharing words in the diseasename. For example, a search
for “Streptococcugppneumoniaé could return other diseases
causedby the relatedpathogent' Staphylococcuaureus.

Our systemcurrently providesbasicspatialsearchingunc-
tionality, but it could be extended by incorporating more
gueriesfrom the SAND databasesystem[3].
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