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Abstract

On-LineAnalyticalProcessindOLAP)tecnologiesare be-

ing usedwidely, but the lack of effectivemeansof handling
dataimprecision,which occurswhenexact valuesare not

knownpreciselyor are entirely missing,representsa ma-

jor obstaclein applying thesetednologiesin many do-

mains. This paperdevelopstetniquesfor handlingimpre-

cisionthataim to maximallyreuseexisting OLAP modeling
constructssud asdimensiorhierarchiesand granularities.
With imprecisedata availablein the databasequeriesare

testedto determinewhetheror not they may be answeed

preciselygiventheavailabledata; if not, alternativequeries
unafectedby the imprecisionare suggestedWhenprocess-
ing queriesaffectedbyimprecision techniquesare proposed
thattakeinto accountheimprecisionin the groupingof the

data, in the subsequenaggregate computationandin the

presentationof the impreciseresultto the user The ap-

proac is capableof exploiting existing OLAP query pro-

cessingedniquessud as pre-aggegation, yieldingan ef-

fectiveapproac with low computationabverheadandthat

maybe implementedisingcurrenttechnology

1 Introduction

On-Line Analytical ProcessingOLAP) [6] hasattracted
muchinterestin recentyears,asbusinessnanagersttempt
to extractusefulinformationfrom largedatabasei orderto
makebetterinformedmanagemendecisions.Recently the
useof OLAP tools hasspreadtio the medicalworld where
physiciansusethe tools to understandiataassociateavith
patients. The useof OLAP tools in the medicaldomain
placesadditionalemphasison challengeghat OLAP tech-
nology traditionally hasnot handledwell, suchasthe han-
dling of imprecisedata.

Traditionaldatamodels,includingthe ER model[4] and
therelationalmodel,do notprovide goodsupportfor OLAP
applications. As a result, new datamodelsthat supporta
multidimensionaView of datahave emeged. Thesemulti-
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dimensionabatamodelstypically cateorize dataasbeing
measuable businesdacts(measuresdr dimensionswhich
aremostly textual and characterizghe facts. For example,
in a retail businessproductsare sold to customersat cer
taintimes in certainamountsandat certainprices A typ-
ical fact would be a purchase with the amountand price
asthe measuresandthe customermurchasinghe product,
theproductbeingpurchasedandthetime of purchaséeing
dimensions.

If multidimensionabatabaseareto be usedfor medical
OLAP applicationsit is necessaryo handlethe “imperfec-
tions” that almostinevitable occurin the data. Somedata
valuesmaybemissing while othersareimpreciseto varying
deggrees,.e., in multidimensionatatabas¢erms,they have
varyinggranularities Varying granularitiesoccurnaturally
in somedata,but may alsoarisewhendatafrom different
sourcesarecombined.CurrentOLAP tools andtechniques
assumehatthe datahasa uniform granularityandthatary
granularityvariancesarehandledn the datacleansingpro-
cessprior to admittingthe datainto the OLAP databaseln
additionto not beingrealistic, this will introducemapping
errorsand obscurethe true quality of the data. Thus, it is
very attractiveto beableto handleall theoccurringformsof
imperfectdatain orderto give asmeaningfulandinforma-
tive answersaspossibleto OLAP queries.

The approactpresentedn this paperaimsto maximally
reuseexisting conceptsfrom multidimensionaldatabases
to also supportimprecisedata. The approachallows the
reuseof existing query processingechniquessuchas pre-
aggregationfor handlingtheimprecisionresultingin anef-
fective solutionthatcanbeimplementedisingcurrenttech-
nology[15] suchas SQL, which is importantfor the prac-
tical applicationof this research.lt is shavn how to testif
theunderlyingdatais preciseenoughto give a preciseresult
to aquery;andif not,analternativequeryis suggestedhat
canbeansweregrecisely If the physiciart acceptgyetting

1We usetheterm“physician” for the userof the systemthroughouthe
paper althoughthe approachpresenteds generaland not limited to the
medicaldomain.



animpreciseresult,imprecisionis handledin the grouping
of dataaswell asin theactualaggregatecomputation.

While the areaof “imperfectinformation” hasattracted
muchattentionin thescientificliterature[13, 8], surprisingly
little work hasaddressethe problemof aggregation of im-
precisedata, this papers focus.

A numberof approachedo imprecisionexist that al-
low usto characterizehis papers contribution. It is com-
mon [13] to distinguishbetweenimprecision which is a
propertyof thecontenbf anattributevalue, anduncertainty
which concernsthe degree of truth associatedvith an at-
tribute value. Our work concernsonly imprecision. The
mostbasicform of imprecisionis missingor applicable-null
valueg5], whichallow unknavn datato becapturedxplic-
itly. Multiple imputation[16, 2] is atechniqudrom statistics
wheremultiple valuesareimputed i.e., substitutedor miss-
ing valuesallowing datawith missingvaluesto beanalyzed
while retainingits naturalvariance.ln comparisorwith our
approachmultiple imputationhandlesonly missingvalues,
notimprecisevalues andthetechniquedoesnot supportef-
ficient query processingusing pre-aggrgateddata. Next,
null valueshave beengeneralizedo partial values where
oneof a setof possiblevaluesis the true value. Work has
beendoneonaggreyationoverpartialvaluesn relationalda-
tabase§3]. Comparedo ourapproachthetime complexity
of the operationgs quite high, i.e., atleastO(n%/?), where
n is the numberof tuples,comparedo the O(n log n) com-
plexity of our solution. Additionally, all valuesin a partial
value have the sameweight, andthe useof pre-aggrgated
datais not studied.

Fuzzy sets[20] allows a degree of membershipgo be
associatedvith a valuein a set, and can be usedto han-
dle both uncertaintyandimprecision.Work on aggreation
over fuzzy setsin relationaldatabasefl 7] allows the han-
dling of imprecisionin aggrgationoperationsput thetime
compleity is exponentialin the numberof tuples,andpre-
aggregation hasnot beenstudied. The conceptof granu-
larities [1] hasbeenusedextensively in temporaldatabases
for a variety of purposesjncludingthe handlingof impre-
cisionin thedata[9]. However, aggrgation of imprecise
temporaldataremainsto be studied. In multidimensional
databaseqnly the work on incompletedata cubes[7] has
addressethe issueof handlingimpreciseinformation. In-
completedatacubedix thegranularityof thedataatschema
level ratherthanatinstancdevel, ashere.Additionally, im-
precisionis handledonly in the groupingof data,notin the
aggrgatecomputation.

To ourknowledge,imprecisionin theactualaggreatere-
sult for multidimensionabatabasebasnot beensupported
previously, andthe useof pre-aggrgateddatafor speeding
up query processingnvolving imprecisionhasnever been
studied.Also, the useof granularitiesn all partsof the ap-
proachwe believe is novel.

The paperis structuredasfollows. Section2 motivates
our approachusing a real-world clinical casestudy Sec-
tion 3 definesthe multidimensionaldatamodeland query
languageusedasthe concretecontet for the papers con-
tribution. Sections4 and5 shov how to suggestlternatie
gueriesf the datais not preciseenoughhow to handleim-
precisionin the groupingof dataandin the computatiornof
aggregateresults andhow to presentmpreciseaesultsto the
physician.Section6 concludesandpointsto futureresearch.

2 Motivation

This sectionpresents real-worldcasestudyon diabetes
treatmentthendiscusseshe queriesphysiciansvould like
to askandthe problemgthatoccurdueto dataimprecision.

The casestudy concerngdataon diabetegatientsfrom
anumberof hospitalsjncludingtheir associatediagnoses,
andtheir blood sugarlevels. The goalis to investigatehow
the blood sugarlevels vary amongdiagnoses.An ER dia-
gramillustratingthe underlyingdatais seenin Figurel1.
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Figure 1. ER Schema of Case Study
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The mostimportantentitiesare the patients for which
we record Nameand Social Security Number(SSN). The
HbAlc% andPrecisionattributesare discussedater. Each
patientmay have onediagnosis which may be missingdue
toincompleteregistrationsn the computetby hospitalstaf.
Whendeterminingdiagnosesphysicianoftenusedifferent
levels of granularity For example,for somepatients some
physicianswill usethe very precisediagnosis‘Insulin de-
pendentdiabetes$, while the moreimprecisediagnosis'Di-
abete$, which covers a wider rangeof patientconditions,
correspondingp anumberof precisediagnosesyill beused
for otherpatients.

In termsof the ER diagram,we model this by having
arelationshipbetweenpatientsandthe supertypeé'Diagno-
sis” Thistypehastwo subtypesgcorrespondingo different
levels of granularity the low-level diagnosisandthe diag-
nosisfamily. Examplesof theseare the abore-mentioned
“Insulin dependentiabetes’and “Diabetes, respecirely.
The higherlevel diagnosesare both (imprecise)diagnoses
in their own right, but alsofunctionasgroupsof lowerlevel



diagnoses.Thus, the diagnosishierarchygroupslow-level

diagnoseinto diagnosidamilies,eachof which consistof

2—-20relateddiagnoses.Eachlow-level diagnosisbelongs
to exactly onediagnosisfamily. For example,the diagno-
sis“Insulin dependentiiabetes’is partof the family “Dia-

betes.

For diagnoseswe recordanalphanumericodeandade-
scriptivetext, usuallydeterminedy astandardlassification
of diseasese.g.,the World Health Organizations$ Interna-
tional Classificatiorof DiseasegICD-10)[19].

Oneof themostimportantmeasuremenfer diabetegpa-
tientsis HbA1c%[11], whichindicateghelong-timeblood
sugarlevel, providing a good overall indicator of the pa-
tient’s statusduring recentmonths. However, sometimes
this valueis missingin the dataavailablefor analysis.This
may be because¢he HbA1c% wasnot measurear not en-
teredinto the computer Furthermorethe HbAlc%is mea-
suredusing two different methodsat the hospitals. Over
time, the hospitalschangethe measurementethodfrom
anold, imprecisemethodto anew andprecisemethod.This
leadsto a differencein the precisionof the data. Thus,we
alsorecordthe precisionof the data,as preciseor impre-
cise Whenthevalueis missing,we recordthe precisionas
inapplicable

In orderto list someexampledata we assume standard
mappingof the ER diagramto relationaltables,i.e., oneta-
ble per entity type and one-to-maw relationshipshandled
using foreign keys. We also assumethe useof surrogate
keys, namedID, with globally uniquevalues. As the two
subtypef the Diagnosistype do not have ary attributesof
theirown, botharemappedo acommonDiagnosigable.

Thedataconsistof threepatientsandtheirdiagnosesnd
HbAlc%values;seeTablel.

ID Name SSN HbA1C% Precision
0 JimDoe | 11111111| Unknown | Inapplicable
1 | JohnDoe | 12345678 5.5 Precise
2 JaneDoe | 87654321 7 Imprecise
PatientTable
PatlgntID D|agr1505|sID parentD | ChildiD
5 3
1 3
5 7 5 4
HasTable IsPartOfTable
ID | Code Text
3 E10 Insulindependentliabetes
4 E11 | Noninsulindependentliabetes
5 El Diabetes

DiagnosisTable

Table 1. Data for the Case Study

The physiciangssueaggrgationquerieson this datain
orderto obtainhigh-levelinformationconcerningheoverall
stateof the patientpopulation. We usethe casestudyto

illustratethekind of challengedacedby the physiciansand
addressedy this paper

It is importantto keepthe HbA1c% as closeto normal
aspossible,aspatientsmight collapseor getliver damage
if the HbA1c% is too low or high, respectiely. Thus, a
typical queryis to askfor the aveimge HbAlc%groupedby
low-leveldiagnosis This shavsthedifferencesn theblood
sugarlevel for the differentpatientgroups,as determined
by the diagnosesindicatingwhich patientswill benefitthe
mostfrom closemonitoringandcontrolof the HbA1c%.

However there are some problemsin answeringthis
query First, Jim Doe is diagnosedwith “Diabetes” (a di-
agnosigamily), whichis notpreciseenoughto determinean
which groupof low-level diagnoseslim Doe belongs.Sec-
ond, the HbA1c% valuesthemseles are imprecise. John
Doe hasa value obtainedwith the new, precisemeasure-
mentmethod,JaneDoe hasonly an imprecisevalue, and
JimDoe'sHbAlc%is unknowvn.

This imprecisionmust be communicatedo the physi-
cianssothatit maybetakeninto accountwheninterpreting
the queryresults. This helpsto ensurethatthe physicians
will not makeimportantclinical decisionson a “weak” ba-
sis. We now proceedo describeour approacho handling
theimprecision.

3 DataModel and Query Language Context

This sectiondefinesthe conceptsieededo illustrateour
approach.Specifically the necessaryartsof an extended
multidimensionadatamodeland algebraare defined[14],
in addition to some additional conceptsthat may be ex-
pressedn termsof themodel.

The presenteddatamodel hasbeenchosenover “stan-
dard” models,suchas star or snovflake schemasfor sev-
eral reasons.First, the model allows for a precise,formal
definition of multidimensionaktonceptsuchashierarchies
andgranularitiesasopposedo starandsnavflakeschemas,
which only definestheseconceptdnformally. Secondthe
modelallows usto mapfactsdirectly to dimensionvalues
at ary level in a dimensionhierarchy a featurewhich our
approachusesto captureimprecision. This is not directly
possiblein staror snovflake schemashut canbe emulated
in bothof thesemodels aswell asin othermultidimensional
models.Thus,it is still possibleto useour approactwith ex-
isting multidimensionatoolsandtechniques.

3.1 TheDataMode

For every partof the datamodel,we definethe intension
andthe extension andgive anillustratingexample.

An n-dimensionalactsdiemais atwo-tupleS = (F, D),
whereF is afacttypeandD = {7;,i = 1,..,n}isits
correspondinglimensiortypes



Examplel Inthecasestudywewill have Patientasthefact
type, and Diagnosisand HbAlc%as the dimensiontypes.
The intuition is that everythingthat characterizeshe fact
type is consideredo be dimensional even attributesthat
would be consideredismeasuesin othermultidimensional
models.

A dimensiontype 7 is a four-tuple (C, <7, T, L),
whereC = {C;,j = 1,.., k} arethe cateyory typesof 7,
<7 isapartialorderontheC;’s,with T € CandLy € C
beingthe top and bottom elementof the ordering,respec-
tively. Thus,the catgory typesform alattice. Theintuition
is thatonecategory typeis “greaterthan” anotherif mem-
bersof theformer’s extensionlogically containmembersof
the latter’s extension,i.e., they have a larger elementsize.
The top elementof the orderingcorrespondsgo the largest
possibleslemensize,thatis, thereis only oneelementin its
extension Jogically containingall otherelements.

We saythatC; is a categorytypeof 7, writtenC; € 7, if
C; € C. Weassumafunction Pred : C — 2 thatgivesthe
setof immediatepredecessorsf a catgory typeC;.

Example2 Low-level diagnosesrecontainedn diagnosis
families. Thus,the Diagnosisdimensiontype hasthe fol-
lowing orderon its catgory types: L piagnosis = Low-level
Diagnosis< DiagnosisFamily < T piagnosis- We have that
Pred(Low-level Diagnosig = {DiagnosisFamily}. Precise
valuesof HbA1c% are containedin imprecisevalues(the
precisemeasuremernmnethodgivesusresultswith onedec-
imal point, while the imprecisemethodgivesus only whole
numbers)e.g. theprecisevalue5.3” is containedn theim-
precisevalue“5”, which coverstherangeof (precise)yvalues
[4.5-5.4]. Thus,otherexamplesof cateory typesare Pre-
ciseandimprecisefrom the HbAlc%dimensiontype. Fig-
ure2, to bediscussedh detaillater, illustratesthedimension
typesof the casestudy

Diagnosis Name SSN  HbAlc%
0 0 o
Diagnosis Imprecise
Family P

Low-level Diagnosis = [

Name =0 SSN =0 Precise = 0

Patient
Figure 2. Schema of the Case Study

A categgory C; of typeC; is asetof dimensiorvaluese.
A dimensionD of typeT = ({C;}, <7, T, Ll7)isatwo-
tuple D = (C, <), whereC' = {Cj}} is asetof catgories

C; suchthat Type(C;) = C; and < is a partial orderon
U;C;, the union of all dimensionvaluesin the individual
catgories.

The definition of the partial orderis: giventwo values
e1, es thene; < es if ey islogically containedn e. We say
thatC; is acatgory of D, writtenC; € D, if C; € C. For
adimensionvaluee, we saythate is adimensional/alueof
D, writtene € D, if e € U; Cj.

We assumea partial order <. onthe catgoriesin a di-
mensionasgivenby thepartialorder<; onthecorrespond-
ing catgory types.

The catgory 1 p in dimensionD containsthe values
with the smallestvaluesize. The catgory with the largest
valuesize, T p, containsexactly onevalue,denotedT . For
all valuese of thecatgoriesof D, e < T. ValueT is simi-
lar to the ALL constructof Grayetal. [10]. We assumehat
the partial order on cateyory typesandthe function Pred
work directly on cateyories,with the ordergivenby the cor
respondingateyory types.

Example 3 In ourDiagnosisdimensionve have thefollow-
ing catgories,namedby theirtype. Low-level Diagnosis=
{3,4}, DiagnosisFamily = {5}, and T piagnosis = {71}
Thevaluesin the setsreferto theID field in the Diagnosis
tableof Tablel1. Thepartialorder< is givenby thelsPartOf
tablein Table1. Additionally, value T is greaterthan,i.e.,
logically containsall the otherdiagnosissalues.

Let F' bea setof facts,and D = ({C}}, <) adimen-
sion. A fact-dimensionrelation betweenF and D is a
setR = {(f,e)}, wheref € F ande € U;C;. Thus
R links factsto dimensionvalues. We say that fact f is
characterizedby dimensionvalue e, written f ~» ¢, if
des € D ((f,en) € RAer < e). We requirethat
Vf € F (3e € U;C; ((f,e) € R)); thuswe do not allow
missingvalues.Thereasondgor disalloving missingvalues
arethatthey complicatehemodelandoftenhave anunclear
meaning.If it is unknovn which dimensionvaluea fact f
is characterizedy, we addthe pair (f, T) to R, thusin-
dicatingthat we cannotcharacterizef within the particular
dimension.

Example4 The fact-dimensionrelation R links patient
factsto diagnosiglimensionvaluesasgivenby theHastable
from the casestudy We getthat R = {(0,5), (1,3), (2,4)}.

Note thatwe canrelatefactsto valuesin higherlevel cate-
gories.e.g..factOisrelatedto diagnosis, whichbelonggo

the DiagnosisFamily catgory. Thus,we do notrequirethat
e belongsto L piagnosis, asdo othermultidimensionadata
models.This featurewill be usedlaterto explicitly capture
thedifferentgranularityin the data.Had no diagnosisbeen
known for patient1, we would have addedhepair (1, T) to

R.

A multidimensionalobject (MO) is a four-tuple M =
(S, F, D, R),whereS = (F,D = {7;}) isthefactschema,



F = {f} is asetof facts f where Type(f) = F, D =
{D;,i =1, ..,n} is asetof dimensionsvhere Type(D;) =
T:;,andR = {R;,i = 1,..,n} is a setof fact-dimension
relations,suchthatVi((f,e) € R; = f € FA3C; € D;
(e € Cy).

Example5 For the casestudy we get a four-dimensional
MO M = (S, F, D, R), whereS = (Patient, {Diagnosis,
HbAlc%q)andF = {0, 1, 2}. Thedefinitionof thediagno-
sisdimensionandits correspondindact-dimensionrelation
wasgivenin the previous examples. The HbA1c% dimen-
sion hasthe catgories Precise Imprecise and T gy 1.%-

The Precisecatgory has valueswith one decimal point

asmemberse.g.,“5.5,” while the Imprecisecatgory has
integer values. The valuesof both cateoriesfall in the
range[2—12]. The partial orderon the HbA1c% dimension
groupsthe valuesprecisevaluesinto the imprecisein the
naturalway, e.g.,4.5 < 5 and5.4 < 5 (notethat < de-
noteslogical inclusion,not less-than-cequalon numbers).
Thefact-dimensiorrelationfor the HbAlc% dimensionis:

Ry, ={(0,T),(1,5.5),(2,7)}. TheNameandSSNdimen-
sionsaresimple,i.e.,they justhavea L catgyorytype,Name
respectiely SSN,anda T catgory type. We will referto

thisMO asthePatientMO. Its schemas seenin Figure2.

To summarize facts are objectswith sepaate identity.
They canbetestedor equality but do nothave anordering.
The combinationof the dimensionvaluesthat characterize
the factsin an MO do not constitutea “key” for the MO.
Theremay be “duplicate values) in the sensethat several
factsmay be characterizedy the samecombinationof di-
mensionvalues. But the factsof an MO is a set sowe do
not have duplicatefactsin anMO.

As few additionaldefinitionsare needed.For a dimen-
sionvaluee suchthate € C;, we saythatthe granularity
of e is Cj. For afact f suchthat(f,e) € R; ande € Cj,
we saythatthe granularity of f in thedimensionis C;. Di-
mensiornvaluesin the L catgory aresaidto have thefinest
granularity while thevaluein the T cateyory hasthecoars-
estgranularity

Next, for dimensionD = (C, <), we assumea function
Gp : D — C, thatgivesthe granularityof dimensionval-
ues.ForanMO M = (8, F, D, R), whereD; = (C;, <;),
weassumeafamily of functionsGpg, : F'— C;, i =1, .., n,
eachgiving thegranularitieof factsin dimensionD; .

3.2 TheAlgebra

Whenhandlingimprecisionjt is notenougho recordthe
imprecisionof thedataitself. We alsoneedto handleimpre-
cisionin the queriesperformedon the data. Thus,we need
a precisespecificationof the queriesthatcanbe performed
on the data. To this end,we definean algebraicquerylan-
guageon themultidimensionabbjectsjust defined.Thefo-
cusof this paperis on aggregation,sowe will only give the

definition of the operatorusedfor aggregation. The other
operatorof the algebraarecloseto the standardelational
algebraoperatorsandincludeselectionprojectionrename,
union, difference andidentity-basedoin [14]. Thealgebra
is atleastaspowerful asKlug’s[12] relationalalgebrawith
aggregationfunctions[14].

For the aggreation operatordefinition, we needa pre-
liminary definition. We define Group thatgroupstogether
the facts in an MO characterizedby the same dimen-
sion values. Given an n-dimensionalMO, M = (S, F,
D = {D;},R = {R;}),i = 1,..,n, asetof catgyories
C ={C; | C; € D;},i = 1,..,n, onefrom eachof the
dimensionsof A/, andan n-tuple (e, .., e,), Wheree; €
Ci,i = 1,..,n, we define Group as: Group(ey,..,e,) =
{fIfeEFNf~1et A A Sy enl.

The aggr@ateformationoperatoris usedto computeag-
gregatefunctionson the MO’s. For notationalconvenience
andfollowing Klug [12], we assuméhe existenceof afam-
ily of aggr@ationfunctionsg thattakesomek-dimensional
subset D;,, .., D;, } of then dimensiong&sagumentse.g.,
SUM ; sumsthe ¢'th dimensionand SUM ;; sumsthe ¢’th
andj’th dimensions.

Given an n-dimensionaMO, M, a “result” dimension
D41 of type 7,1, an aggregation function, g : 27 —
Dy, 41 (functiong “looks up” therequireddatafor the facts
in therelevantfact-dimensiomelations e.g.,S UM ; findsits
datain fact-dimensiorrelation R;), and a setof grouping
catgoriesC; € D;,i = 1, .., n, we defineaggrgateforma-
tion, «, asfollows.
a[Dny1,9,Ch, .., Cpl(M) = (8", F', D', R"), where

S = (F, D), F = 27,

D’ {7/, i=1,..,n}U{Th41},

7} = (€, <7, 17, 77,

Ci ={Cij € T; | Type(Ci) <71, Cij }, <7, = <730 5

Lo = Type(Ci), T7. = T,

F' = {Group(ey,..,en) | (e1,..,€n) € C1 x .. x Cy

AGroup(ey, ..,en) £ 0},

D' = {D;,i=1,.,n}U{Dpyp1}, D; = (C},Z5),

Ct = {Cl; € Di| Type(Cly) € 1}, <t = <,y

R = {R},i=1,.,n}U{R, 1},

R, = {(f',el) | 3(e1,..,en) € C1 x .. x CYy

(f' = Group(er, ...,en) N f' € F' ANe; = €})},and
R;L+1 = Uley,..en)eC x..xCy {(GTOUP(el, - en)a
g(Group(ey, .., e,))) | Group(e,..,e,) # 0},

Thus, for every combination(es, .., ¢,,) of dimensionval-
uesin thegivengroupingcateories,we applyg to the setof
facts{ f}, wherethe f'sarecharacterizetdy (e;, .., e,), and
placetheresultin theresultdimensionD,, ;. Thenew facts
areof type setsof the agumentfact type,andthe agument
dimensiontypesarerestrictedto the catgory typesthatare
greaterthan or equalto the typesof the given “grouping”
catgjories. The dimensiontype for the resultis addedto



the setof dimensiontypes. The new setof factsconsists
of setsof the original facts wherethe original factsin a

setsharea combinationof characterizinglimensiorvalues.
Theamgumentdimensionsarerestrictedo theremainingcat-
egory types,andthe resultdimensionis added. The fact-

dimensionrelationsfor the agumentdimensionsow link

setsof factsdirectly to their correspondingcombinationof

dimensionvalues andthefact-dimensiomelationfor there-

sultdimensionlinks setsof factsto the function resultsfor

thesesets.

Example6 We want to know the numberof patientsin
eachdiagnosisfamily. To do so, we apply the aggrgate-
formation operatorto the “Patient” MO with the Diagno-
sis Group catgyory andthe T catgoriesfrom the otherdi-
mensionsThe aggr@atefunction g to beusedis SetCount
which countsthenumberof membersn a set. Theresulting
MO hasfive dimensionsut only the Diagnosisand Re-
sult dimensionarenon-trivial, i.e., theremainingthreedi-
mensiongontainonly the T cateyories. The setof factsis
F = {{0,1,2}}. The Diagnosisdimensionis cut, so that
only the part from DiagnosisFamily and up is kept. The
resultdimensiongroupsthe countsinto two ranges:“0-2"
and“>2". The fact-dimensiorrelation for the Diagnosis
dimensionlinks the setsof patientsto their corresponding
DiagnosisFamily. The contentis: R, = {({0,1,2},5)},
meaningthatthe setof patients{0, 1, 2} is characterizety
diagnosisfamily 5. The fact-dimensiorrelationfor there-
sult dimensionrelatethe group of patientsto the countfor
the group. The contentis: Rs = {({0, 1,2}, 3)}, meaning
thattheresultof ¢ ontheset{0, 1,2} is 3. A graphicalil-
lustrationof the MO, leaving out the trivial dimensiondor
simplicity, is seenn Figure3.

Diagnosis Result
dimension dimension
O O
0-2 >2 Range
Diagnosis
Count

Family 5 012 3"

{O,i,2} Set-of-Patient

Figure 3. Result MO for Aggregate Formation

4 Handling Imprecision

We now describeour approacho handlingimprecision
in multidimensionaldata models. We start by giving an
overview of theapproachandthendescribehow alternative
gueriesmay be usedwhenthe datais not preciseenoughto
answerqueriesprecisely i.e., whenthe datausedto group
on is registeredat granularitiescoarserthan the grouping
catgories.

4.1 Overview of Approach

Along with the modeldefinition, we presentechow the
casestudywould behandledn themodel. Thisalsoshoved
how imprecisioncouldbehandlednamelyby mappingacts
to dimensionvaluesof coarsergranularitieswhentheinfor-
mationwasimpreciseg.g.,themappingo T whenthediag-
nosisis unknovn. TheHbAlc%dimensiongeneralizeshis
approachas several precisemeasuremen¥aluesare con-
tainedin oneimprecisemeasurementalue. In turn, several
imprecisevaluesare containedin the T (unknown) value.
Thus,the approactusesthe differentlevels of the granular
ity alreadypresenin multidimensionadatamodelsto also
capturemprecisionin ageneraway.

The approachhasa nice property provided directly by
the dimensional‘imprecision” hierarchydescribedabore.
When the datais preciseenoughto answera query the
answeris obtainedstraightaway, even thoughthe underly-
ing factsmay have varying granularities.For example,the
gueryfrom Example6 givesus the numberof patientsdi-
agnosedvith diagnoseén the Diabetesfamily, eventhough
two of the patientshave low-level diagnosesyhile oneis
diagnosedlirectly with a Diabetesfamily. In this case the
datawould not be preciseenoughto groupthe patientsby
Low-level Diagnosis.

Ourgenerabpproacho handlingaquerystartsby testing
if the datais preciseenoughto answerthe query in which
casethe querycanbe answeredlirectly. Otherwiseanal-
ternativequeryis suggested.In the alternative query the
catgjoriesusedfor groupingarecoarseneaxactly somuch
that the datais preciseenoughto answerthe (alternatie)
guery Thus,thealternatve querywill givethemostdetailed
preciseanswerpossible consideringhe imprecisionin the
data.For example,if thephysicianwasaskingfor thepatient
countgroupedby low-level diagnosisthe alternatve query
would bethepatientcountgroupedoy diagnosidamily.

If the physicianstill wantsto go aheadwith the original
guery we needto handlethe imprecisionexplicitly. Exam-
ining our algebrg14)], it canbe seernthatimprecisionin the
datawill only affect the resultof two operatorsnamelyse-
lectionandaggregateformation(thejoin operatoitestsonly
for equality on fact identities which are not subjectto im-
precision). Thus,we needonly handleimprecisiondirectly
for thesetwo operatorsithe other operatorawill just “pass
on” theresultscontainingimprecisionuntouchedHowever,
if we canhandleimprecisionin the groupingof facts,ordi-
nary OLAP style “slicing/dicing” selectionis alsohandled
straightforwardly asslicing/dicingis just selectionof data
for oneof a setof groups. Becauseour focusis on OLAP
functionality, we will notgo into the moregeneralproblem
of imprecisionin selectionsput referto the existing litera-
ture[13].

Following this reasoningthe generalguerythatwe must
consideris «[C1, .., Cy, Dpy1,9](M), where M is an n-



dimensionalMO, Ci,..,C,, are the grouping cateyories,
D, 4+, istheresultdimensionandy is theaggr@ationfunc-
tion. Theevaluationof the queryproceedglogically) asfol-

lows. First, factsare groupedaccordingto the dimension
valuesin the catgories C1, .., C, that characterize¢hem.
Secondthe aggr@atefunction g is appliedto the factsin

eachgroup,yielding an“aggregateresult” dimensionvalue
in the resultdimensionfor eachgroup. The evaluationap-
proachis givenby the pseudo-codéelow.

Procedure Evallmprecise@),M)
if PreciseEnougldf, M) then Eval(Q,M)
else Q' = Alternative(@), M)
if Q' is acceptedhen Eval(Q’,M)
else Handlelmprecisionin Grouping
Handlelmprecisionin AggregateComputation
ReturnimpreciseResult
end if
end if

Our overall approachto handlingthe imprecisionin all
phasesvill beto usethegranularity of thedata,or measures
thereof to representheimprecisionin thedata. Thisallows
for aboth simpleandefficienthandlingof imprecision.

4.2 Alternative Queries

Thefirst stepin theevaluationof aqueryis to testwhether
the underlyingdatais preciseenoughto answerthe query
This meansthatall factsin the MO mustbe linked to cat-
egoriesthat are “less-than-ofequal” to the grouping cate-
goriesin the query e.g.,if we wantto groupby Low-level
Diagnosis,all fact-dimensiorrelationsfrom patientsto the
Diagnosisdimensionmustmapto the Low-level Diagnosis
catejory, notto DiagnosisFamily or T.

In orderto performthetestfor dataprecision,we need
to know the granularitiesof the datain the differentdimen-
sions. For this, for eachMO, M, we maintaina separate
precisionMO, M . TheprecisionMO hasthesamenumber
of dimensionastheoriginalMO. For eachdimensionin the
original MO, the precisionMO hasa correspondinggran-
ularity” dimension.Thei'th granularitydimensiorhasonly
two catgjories,Gr u r y; andT ,. Thereis onevalue
in a “Granularity” catgory for eachcateory in the corre-
spondingdimensionin M. Thesetof factsF' is thesameas
in M, andthefact-dimensiomelationsfor A mapafact f
to thedimensionvaluecorrespondingo the cateyory that f
wasmappedo in M. Thedeterminatiorof whetheragiven
guerycanbe answeregreciselyis dependenbn the actual
datain the MO, andcanchangenvhenthedatain the MO is
changed.Thus,we needto updatethe precisionMO along
with the original MO whendatachanges.

Formally, givenanMO, M = (S, F, D, R), whereS =
(f,D), D={7;,i=1,.n},T; = (Cz'aST,)- C; = {CZ']'},

D ={D;;i=1,.,n},andR = {R ,,i =1,..,n},we
definetheprecisionMO, M , asfollows.

M =(8,F,D R ) whereS =(F,D),F =F,
D ={T.,i=1,..n}, T, ={Gr u r y;, T .},
F=FD ={D ,i=1,.,n}, D, =(C <)),
C.,={Gr u r y, T}

Gr u r y;,={Gp,(e) |ee D}, T ,={T:},

e1< e (e1=e€3) (e1€Gr u r y;Nea =T;),
andR , = {(f,Gp,(e)) | (f,e) € R;}.

Example7 TheMO from Example5 hastheprecisionMO
M = (8 ,F,D  R), wheretheschemaS hasthefact
type Patient and the dimensiontypes Gr  piagnosis and
Gr  mai1c%- Thedimensiontype Gr  piagnosis hasthe
catgory typesGr u r Y Diagnosis and T snDiagnosis-
The dimensiontype Gr  gp4;.% hasthe catgory types
Gr u 7t Ygyase @A T gpmpazc%. The setof facts
is the same,namely I = {0,1,2}. Following the di-
mensiontypes, there are two dimensions,Gr  piagnosis
and Gr  mpascn. The Gr piagnosis dimensionhasthe
catgoriesGr u r Y Diagnosis and T anDiagnosis- The
valuesof the Gr u 1 ypiugn0ss CAtEOryY is the set of
catgory types{ Low-level Diagnosis DiagnosisFamily,
T Diagnosis}- The Gr  myai.% dimensionhasthe cate-
goriesGr u 1 Ypyase ANA T gnmpascn. Theval-
uesof the Gr u r Yyyas.9 Catgory is the set{ Pre-
cise Imprecise T gya:.%}. The partial orderson the two
dimensionsare the simple ones, where the valuesin the
bottom catejory are unrelatedand the T value is greater
than all of them. The fact-dimensiongelations R, and
R, have the contentsR; = {(0, DiagnosisFamily), (1,
Low-level Diagnosis, (2, Low-level Diagnosig} and R, =
{(0, Trpazen), (1, Pre €),(2, pre e€)}. A graphical
illustrationof the precisionMO is seenin Figure4.
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Figure 4. Precision MO

The testto seeif the datais preciseenoughto an-
swera query ) canbe performedby rewriting the query
Q = a[Cy,..,Cpn, Dyt1,9](M) to a“testing” query@ =
a[G1,..,Gn,Gny1,5¢ ou (M), whereG; is the cor
responding‘granularity” componentn D , if C; # T,.
Otherwise,G; = T,;. Thus, we group only on the gran-
ularity componentsorrespondingo the componentghat



the physician has chosento group on. The dimension
Gn41 IS usedto hold the result of countingthe members
in each“granularitygroup” Theresultof the testingquery
shavs how mary facts map to eachcombinationof gran-
ularities in the dimensionsthat the physicianhas chosen
to group on. This result can be usedto suggestalterna-
tive queriesasit is now easyto determinefor eachdimen-
sion D; the minimal catgyory C! thathasthe propertythat
Type(ci) <7 Type(cz{) A YCij (f e FA (f, 6) € R;
A e € Cij = Type(Cy;) <1, Type(C})), i.e., in each
dimensionwe choosethe minimal catejory greaterthanor
equatto theoriginalgroupingcateyory wherethedatais pre-
ciseenouglto determineéhow to groupthefacts.Wecanalso
directly presentthe resultof the testingqueryto the physi-
cian, to inform aboutthe level of dataimprecisionfor that
particularquery The physiciancanthenusethis additional
informationto decidewhetherto runthealternatie queryor
proceedwith theoriginal one.

Example8 The physician wants to know the average
HbA1c% groupedby Low-level Diagnosis. The query
askedis then@ = «[Low-level Diagnosis T gpa:c%, D ,
G3](M), thus effectively grouping only on Low-

level Diagnosis, as the T gy47.%4 componenthas only
one value. The testing query then becomes@ =

Oz[GT ur yDz'agn,aT angAlc%aD ,SC ou ](M )'

which countsthe numberof facts with the different Di-

agnosisgranularity levels. The result of @ , described
by the fact-dimensionrelations, is Ry = {({1,2},
Low-level Diagnosig, ({0}, Diagnosis Family)}, R, =

{{L2L T anmparen), {04 T anmpascn)}, andR =

{{({1,2},2), ({0}, 1)}. Thistells usthat2 patientshave a
low-level diagnosiswhile 1 hasa diagnosidamily diagno-
sis. Thus, the alternatve querywill be ) = «[Diagnosis
Family, Tmyasc%. D, G2](M), which groups on
Diagnosid=amily ratherthanLow-level Diagnosis.

5 Handling Imprecision in Query Evaluation

If the physicianwantsthe original queryansweredeven
thoughthe datais not preciseenoughwe needto handleim-
precisionin thequeryevaluation.This sectionshovs how to
handleimprecisionin the groupingof dataandin the com-
putationof aggr@atefunctions,followedby presentinghe
impreciseresultto the physician.
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We first needthe ability to handleimprecisionin thedata
usedto groupthefacts. If afact mapsto a cateory thatis
finer thanor equalto the groupingcateory in that dimen-
sion, thereare no problems. However, if a fact mapsto a
coarsercatgyory, we do not know with which of the under
lying valuesin the groupingcatejory, it shouldbe grouped.

Imprecision in Grouping

To remedythe situation,we give the physicianseveral an-

swersto thequery First,aconservativenswelis giventhat
includesin agrouponly datathatis knownto belongto that
group, but discardsthe datathat is not preciseenoughto

determinegroupmembership.Seconda liberal answeris

giventhatincludesin a groupall datathat mightbelongto

thatgroup. Third, a weightedansweris giventhatalsoin-

cludesin a groupall datathatmight belongto it, but where
theinclusionof datain the groupis weightedaccordingto

how likely the membershigs. Any subsetof thesethree
answerscan also be presentedf the physicianso prefers.
Thesethreeanswerggive a good overvien of how the im-

precisionin thedataaffectsthequeryresultandthusprovide
agoodfoundationfor makingdecisiongakingtheimpreci-
sioninto accountWe proceedo investigatéhow to compute
theanswers.

The conserative groupingis quite easyto compute.We
just apply the standad aggr@ateformation operatorfrom
the algebrawhich by defaultgroupsonly the factsthatare
characterizetly dimensionvalueshaving a granularityfiner
thanor equalto thegranularityof thegroupingcomponents
in the respectie dimensions.The restof the factsaredis-
carded)eaving justtheconserative result.

For theliberal grouping,we needto additionallycapture
the datathataremappeddirectly to catgjoriescoarsetthan
thegroupingcateories. To allow for a precisedefinition of
theliberal grouping,we changehe semanticof the aggre-
gateformationoperator In the full paper[15], we discuss
how to getthesameresultusingonly the standardggreate
formation operatoy thus maintainingthe ability to imple-
mentthe approactwithout the needfor nen operators.We
changdhesemantic®f theaggrgateformationoperatoiso
thatthefactsaregroupedaccordingto dimensionvaluesof
thefinestgranularity coarserthanor equalto the grouping
catgyories available. Thus, either a fact is mappedto di-
mensiorvaluesin catgoriesat leastasfine asthegrouping
catgories,i.e., the datais “preciseenougt, or the fact is
mappeddirectlyto dimensionvaluesof a coarsemgranular
ity thanthegroupingcateyories. Theformalsemantic®f the
modifiedaggrejateformationoperatoiis givenby replacing
theoriginal definitionswith the onesgivenbelow.

F' = {Group(e1,..,en) | (e1,..,€n) € D1 x .. X Dy
AType(Ch) <7, Gi(e1) A .. A Type(Cp) <71, Gplen)
AGroup(ey, ..;en) ZOA (Vi ( e} (e} <; e

AGroup(eq, ..,€5,...;en)  Group(ei,..,ei, .. en))))}

Ry ={(f,e}) | Ie1,..,en) € D1 x .. X Dy,

(f' = Group(eq, ...,en) N f' € F' Ne; = ¢€})}

Thus,we allow thedimensiorvaluesto rangeover the cate-
goriesthathave coarseor thesamegranularityasthegroup-
ing categories. We groupaccordingo the mostpreciseval-
ues,of agranularityat leastascoarseasthe groupingcate-
gories,thatcharacterize fact.



Example9 If we want to know the numberof patients,
groupedby Low-level Diagnosis,andprojectout the other
three dimensions, we will get the set of facts I/ =
{{0}, {1}, {2}}, meaninghateachpatientgoesinto asepa-
rategroup,onefor eachof the two low-level diagnosesnd
onefor the Diabetesdiagnosisfamily. The fact-dimension
relationsare R; = {({0},5), ({1}, 3), ({2},4)}and Ry =
{({0}, 1), {1}, 1),({2},1)}. We seethat eachgroup of
patients(with one member)is mappedto the most pre-
cisememberof the Diagnosisdimensionwith a granularity
coarsethanor equalto Low-level Diagnosisthatcharacter
ize thegroup. The countfor eachgroupis 1.

We canusethe resultof the modified aggreateforma-
tion operatorto computethe liberal grouping. For each
group characterizedy valuesin the grouping cateyories,
i.e., the “precise enough” data, we add the facts belong-
ing to groupscharacterizedby valuesthat “contain” the
precisevalues,i.e., we add the facts that might be char
acterizedby the precisevalues. Formally, we say that
Group (e1,..,en) = Uet yey et e, Group(el, .. e,),
wherethe Group(ef, .., e},)’sarethegroupsin theresultof
themodifiedaggreateformationoperator Thus,theliberal
(andconserative) groupingis easilycomputedrom there-
sult of the modifiedaggrgateformationoperator

Example 10 If we want the numberof patients,grouped
liberally by Low-level Diagnosis,we will get the set of
facts ¥ = {{0,1},{0,2}}, meaningthat patientO goes
into both of the two low-level diagnosisgroups. The fact-
dimensionrelationsare R, = {({0, 1}, 3), ({0,2},4)} and
R: = {({0,1},2),({0,2},2)}. We seethateachpatientis
mappedo all thelow-level diagnoseshatmight betruefor
the patient. The countfor eachgroupis 2, meaningthatfor
eachof thetwo low-level diagnosestheremight betwo pa-
tientswith thatdiagnosis.Of coursethis cannotbetrue for
bothdiagnosesimultaneously

Theliberal approactoverrepresenttheimprecisevalues
in theresult. If the samefact endsup in, say 20 different
groups,it is undesirablgo give it the sameweightin the
resultfor a group asthe factsthat certainly belongto that
group, becausehis would meanthat the imprecisefact is
reflected20timesin theoverallresult,while theprecis€acts
areonly reflectedonce. It is desirableto geta resultwhere
all factsarereflectedat mostoncein the overall result.

To do so we introducea weight for eachfact f in a
group, makingthe group a fuzzyset[20]. We usethe no-
tation f € Group(ey,..,e,) to meanthat f belongsto
Group(ey, .., e,) With weight . The weight assignedo
the membershipof the group comesfrom the partial or-
der < on dimensionvalues. For eachpair of valuese, €5
suchthate; < es, we assignaweight , usingthe notation
e1 < () ea, meaninghate, shouldbe countedwith weight

whengroupedwith e;. Normally, the weightswould be

assignedso thatfor a catggory C' anda dimensionvaluee,
wehavethat . cc ., (). = 1,i.e,theweightsfor one
dimensionvaluew.r.t. ary given cateyory addsup to one.
Thiswould meanthatimprecisefactsarecountedonly once
in theresultset. However, we do not assumethis, to allow
for amoreflexible attribution of weights.

Formally, we define a newv Group function that also
computesthe weighting of facts: Group (e1,..,en) =
Uet 1( 1)en,oel u( n)en Group(ey, .. ey),  Where the

1

Group(e}, .., el)’s are the groupsfrom the result of the
modified aggr@ate formation operator The weight as-
signedto factsis given by the group membershipas: f €
Group(el,..,e) = [ € o u( 4., ») Group (e1,..,en),
where the ¢;’s, the €’s, and the ;'s come from the
Group definition abore. The function Comb combines
the weightsfrom the differentdimensionsto one, overall
weight. The most common combination function will
be o (1,., n) = 1 n, but for flexibility, we
allow the useof more generalcombinationfunctions,e.g.,
functionsthat favor certaindimensionsover others. Note
that all membersof a groupin the result of the modified
aggregateformation operatorget the sameweight, asthey
are characterizedy the samecombinationof dimension
values. The ideais to apply the weight of factsin the
computationof the aggregateresult, so that factswith low
weightsonly contribute little to the overall result. This is
treatedin detail in the next section,but we give a small
examplehereto illustratethe conceptof weightedgroups.

Example 11 We know that80% of Diabetespatientshave
insulin-dependentliabetes,while 20% have non-insulin-
dependentiabetes. Thus, we have that3 < (. ) 5 and
4 < (.2) 5, ie., the weight on the link betweenDia-
betesandInsulin-dependerdiabetess . andtheweighton
the link betweenDiabetesand Non-insulin-dependeriDi-
abetesis .2. The weight on all otherlinks is 1. Again,
we wantto know the numberof patientsgroupedby Low-
level Diagnosis.The Group functiondividesthefactsinto
two setswith weightedfacts, giving the setof facts ' =
{{0. ,11},{0.2,21}. Using subscriptsto indicate mem-
bershipweighting, the result of the computationis given
in the fact-dimensiorrelations®; = {({0. ,1:}, Insulin-
dependenbiabetes, ({0 3,2 }, Non-insulin-cependenbi-
abetes)} and R, = {({0. ,11},1.),({02,2:},1.2)},
meaningthat the weightedcountfor the group containing
the insulin-dependendiabetespatientsO and 1 is 1.8 and
the countfor the non-insulin-dependertiabetegatients0
and2is 1.2.

52

Having handledmprecisionwhengroupingfactsduring
aggregateformation, we proceedto handleimprecisionin
the computationof the aggr@ateresultitself. The overall

Imprecision in Computations



ideais hereto computeheresultingaggreatevalueby “im-
puting” precisevaluesfor imprecisevalues,andcarryalong
a computatiorof theimprecisionof theresult“on the side’

For most MQO's, it only makessenseto the physician
to perform computationon someof the dimensionsge.g.,
it makessenseto perform computationson the HbA1c%
dimension,but not on the Diagnosisdimension. For di-
mensionsD, wherecomputatiormakessensewe assumex
function : D — 1 p thatgivestheexpectedvalug of the
finestgranularityin thedimensionfor ary dimensiorvalue.
Theexpectedvalueis foundfrom theprobabilitydistribution
of precisevaluesaroundanimprecisevalue.We assumehat
this distribution is known. For example,the distribution of
preciseHbAlc% valuesaroundthe T valuefollows a nor-
mal distributionwith a certainmeanandvariance.

The aggreationfunction g thenworks by “looking up”
the dimensionvaluesfor a fact f in the agumentdimen-
sions, applying the expectedvalue function, , to the di-
mensionvalues,and computingthe aggrgateresult using
theexpectedvalues,.e.,theresultsof applying to thedi-
mensionvalues. Thus,the aggrgationfunctionsneedonly
work ondataof thefinestgranularity The proces®f substi-
tuting precisevaluesfor imprecisevaluess generallyknown
asimputation[16]. Normally, imputationis only usedto
substitutevaluesfor unknowndata,but the conceptis eas-
ily generalizedo substitutea valueof thefinestgranularity
for ary valueof a coarsemgranularity We termthis process
genealizedimputation In this way, we canusedataof ary
granularityin our aggr@ationcomputations.

However, usingonly generalizedmputation,we do not
know how precisethe resultis. To determinethe precision
of the result,we needto carry alongin the computationa
measureof the precisionof theresult. A granularity com-
putationmeasue (GCM) for a dimensionD is a type CM
thatrepresentthegranularityof dimensiorvaluesin D dur-
ing aggr@atecomputation. A measue combinationfunc-
tion (MCF) for a granularitycomputatiormeasureCM is a
function : CM x CM — CM, thatcombineswo granu-
larity computatiormeasurevaluesinto one.We requirethat
an MCF be distributive and symmetric This allows us to
directly combineintermediatevaluesof granularitycompu-
tation measuresnto the overall value. A final granularity
measue (FGM) is atypeFM thatrepresentthe“real” gran-
ularity of a dimensionvalue. A final granularity function
(FGF)for afinal granularitymeasurd=M anda granularity
computatiormeasureCM is afunctionk : CM — FM that
mapsa computatiormeasurevalueto afinal measurevalue.
Thereasono distinguishbetweercomputatiormeasurend
final measuress only thatthis allows usto requirethatthe
MCEF is distributiveandsymmetric.The choiceof granular
ity measureandfunctionsis madedependingnhow much
is known aboutthe data, e.g., the probability distribution,
andwhatfinal granularitymeasurehe physiciandesires.

Example 12 Thelevel of adimensiorvalue,with 0 for the
finestgranularity 1 for the next, andsoon, up to n for the
T value,providesoneway of measuringhe granularityof

data. A simple, but meaningfulFGM is the avelage level

of the dimensionvaluesthat were countedfor a particular
aggregateresultvalue. As the intermediateaveragevalues
cannotbe combinednto thefinal average we needto carry
thesumof levelsandthe countof factsduringthe computa-
tion. Thusthe GCM is CM = x , the pairsof nat-
ural numbers,and the GCM value for a dimensionvalue
eis( e e(e),l). TheMCFis ((n1,n2),(n,n)) =

(n1 n,ny n ). TheFGMis ,therealnumbersand
the FGFis k(n1,n3) = n2 ny. In the casestudy precise
valuessuchasb.5 have level 0, imprecisevaluessuchas’

havelevel 1, andthe T valuehaslevel 2.

Example 13 The standad deviation ( ) of a setof val-
ues from the averagevaluee( ) is awidely usedesti-
matehow muchdatavariesarounde. Thus,it canalsobe
usedasan estimateof the precisionof a value. Giventhe
probabilitydistribution of precisevalues aroundanimpre-
cisevaluei, we cancomputethe standarddeviation of the
'sfrom (i) anduseit asa measuref the granularityof
i. However, we cannotuse asa GCM directly because
intermediate 's cannotbe combinednto theoverall . In-
steadwe useas GCM the type CM = x x ,and
performthe computatiorusingthe countof valuesthe sum
of values andthe sumof squaesof values,asthe GCM val-
ues.For avalue ,the GCM valueis (1, , ?2). TheMCF
is ((n1, 1, 1),(n2, 2, 2)) = (n1 n2, 1 2, 1
2). This choiceof MCF meansthatthe MCF is distribu-
tive and symmetric[18]. The FGM is FM = , which
holdsthe standarddeviation, andthe FGFis k(n, , ) =
( 2) (n 1). For valuesof the finest granularity
only datafor one s stored. For valuesof coarsergran-
ularities,we storedatafor several valueschoseraccord-
ing to the probability distribution of precisevaluesover the
imprecisevalue. In the casestudy we would storedatafor
1 valuefor precisevaluessuchasb.5, for 10  values
for imprecisevaluessuchasb, andfor 100 valuesfor the
T value. This ensureghatwe geta preciseestimateof the
naturalvariationin thedataastheimprecisionmeasurejust
aswewould getusingmultipleimputation[16, 2].

For boththe conservativeandtheliberal answerwe use
theabove techniqueo computethe aggrgateresultandits
precision. All factsin a group contribtute equally to both
the resultandthe precisionof the result. For the weighted
answey the factsin a group are countedaccordingto their
weight, bothin the computatiorof the aggregateresultand
in the computatiorof the precision.We notethatfor aggre-
gationfunctionsg whoseresultdependnly ononevaluein
thegroupit is appliedto, suchasMIN andMAX, wegetthe
minimum/maximunof the expectedvalues
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Figure 5. Resulting MO’s for the Conservative, Liberal, and Weighted Answers

Example 14 Wewantto know theaverageHbA1c%for pa-
tients,groupedby Low-level Diagnosis,andthe associated
precisionof theresults. As granularitymeasuresandfunc-
tions, we usethe level approachdescribedn Examplel12.
We discusonly theweightedresult. As seerin Examplell,
theresultingsetof factsis F/ = {{0. ,11},{0,2:}, and
the SetCounis 1. for the first groupand1.2 for the sec-
ond. Whencomputingthe sumof the HbA1c%values,we
impute7.0 and .0 for theimprecisevalues? and T, respec-
tively. For thefirst group,we multiply thevalues .0 and5.5
by theirgroupweights. and1, respectiely, beforeadding
themtogether For the secondyroup,5.5 and .0 aremulti-
plied by 1 and.2, respectrely. Thus,theresultof the sum
for thetwo groupsis 10.3 and .7, giving an averageresult
of 5.7 and5. , respectrely.

The computationof the precisionproceedsas follows.
The level of the valuesT, 5.5, and7 is 2, 0, and 1, re-
spectvely. The weightedsumof the levels for eachgroup
is found by multiplying the level of a value by the group
weight of the correspondindact, yielding 1. for the first
groupand 1.4 for the second. The weightedcount of the
levelsis the sameasthat for the factsthemseles, namely
1. and1.2. This givesa weightedaveagelevel of . for
the Insulin-dependenbiabetesgroupand 1.2 for the Non-
insulin-dependertiabetegroup,meaninghattheresultfor
thefirst groupis moreprecise.Therelatively highweighted
averagelevel for the first groupis mostly dueto the high
weight(. ) thatis assignedo thelink betweerDiabetesand
Insulin-dependeriabeteslf theweightsinsteadof . and
.2 hadbeen.5 and .5, the weightedaveragelevels would
have been.7 and1.3.

5.3 Presenting the Imprecise Results

Thefinal stepis to presentheimprecisionin theresultto
thephysician.We have severalalternativesfor thisstep.The
moststraightforwardapproachis to presenthe resultval-
uesalongwith theircorrespondindinal granularitymeasue
values.Thisgivesavery preciseestimateof theprecisionof
aresultvalue.

Example 15 For the previous example,this would present
the (Low-level Diagnosis AVG(HbA1c%), AVG(Level))

tuples from the conservative the liberal, and the
weightedanswers. For the conserative answey the re-

sult is (Insulin-dependentdiabetess.5, 0), (Non-insuiin-

dependentDiabetes7,1). For the liberal answer the
resultis (Insulin-dependentliabetes5. |, 1), (Non4nsulin-

dependenbiabetes .5,1.5). For theweightedanswerthe
resultis (Insulin-dependendiabetes5.7, . ), (Non4nsulin-

dependenbiabetes5. |, 1.2).

Theotheralternatvefor presentingheimprecisionis one
which follows our overall approactof usingthe granularity
itself as an estimateof the precisionof data. We usethe
imprecisionof a resultvalueto corvert (coarsen}the value
into a value of a granularitycorrespondindo the impreci-
sion. A value coarseningfunction (VCF) for a dimension
D andaFGM M is afunction : 1p x M — D, where

(e) = e; suchthate < e;. Thus,the VCF mapsvalues
of thefinestgranularityinto “containing” valuesof a possi-
bly coarsegranularity determinedy theimprecision.The
VCF andthegranularitief theresultdimensiorarechosen
sothatthegranularityof theresultgivesa goodoverview of
thetrueprecision.

Example 16 We choosethe HbA1c% dimensionwith the
original granularities asthe resultdimension.As the VCF
we choose ( ) = suchthat < A ee() =

e (), i.e., for anumber , we choosethe valuethat
“contains” andhasthe level of the leastnaturalnumber
greaterthanor equalto ,e.g., (. )=1and (1.2) = T.
A graphicalillustrationof theresultingMO’sfor theconser
vative,liberal,andweightedresultsareseenn Figure5. We
notethattheliberalandweightedanswersareidentical,sug-
gestingthat this is closerto the truth thanthe conserative
answerin this case.Theresultvaluefor AVG(HbA1c%)is
T in boththeliberal andthe weightedanswerfor the Non-
insulin-dependengroup becausehalf of the input datais
unknown, renderingheresultingaveragevaluevery impre-
cise.



6 Conclusion and Future Work

Motivatedby theincreasinguseof OLAP technologyfor
medicalapplicationswe investigatehow to solveacommon
problemwith medicaland other data,namelydataimpre-
cision, using pre-«isting conceptsfrom multidimensional
datamodelsusedin OLAP systems.

Theadoptedapproactgenerallyusesthe concepbf data
granularity to handleimprecisionin the data. As the con-
cretecontet for presentingts contribution, the paperuses
a multidimensionadatamodelandan algebraicquerylan-
guagethatfacilitate formal definition of the conceptaused.
Data imprecisionis handledby first testingif the datais
preciseenoughto answera query precisely If this is not
the case,an alternativequerythat might be answerecdre-
ciselyis suggestedlf the physicianaskingthe queryelects
to proceedwith the original query the imprecisionin the
datais reflectedin the grouping of the data,aswell asin
theaggregatecomputation The physicianis presentedvith
threeresults,a conservativea liberal, and a weightedre-
sult. Theseinclude what is knownto be true, everything
thatmightbetrue,anda weightedcombinationof theseex-
tremesyrespectrely. Along with theaggregatecomputation,
a separateomputationof the precisionof theresultis car
ried out, andit is shavn how to presentheimpreciseresult
to thephysician.lt is possibleto usepre-aggrgateddatafor
more efficient query processingandthe approachmay be
implementedisingSQL [15].

This work improveson previous approacheo handling
imprecisionby shaving how existing conceptsand tech-
niguesfrom multidimensionadatabasessuchasgranular
ities and pre-aggrgation, can be maximally reusedto also
supportimprecisionin aggr@atequeriescoveringboththe
groupingof dataandthe aggr@atecomputatioritself. The
resultis aneffective approactihatcanbeimplementedising
currenttechnology

In future work, it would be interestingto pursuea more
theoreticalinvestigationof how to implementthe technique
using special-purposealata structuresand algorithms, to
achieve optimal concretecompleity. A further investiga-
tion of theissuegelatedto “single-value” aggregationfunc-
tionssuchasMIN andMAX in relationto datagranularity
is alsointeresting Unlike otheraggreationfunctions these
arenot readily sensitve to weighting. We have shovn how
to presentataimprecisionin theresultusinggranularities,
but it would be very interestingto explore other meansof
graphicallypresentingmprecisionin the result. Otheris-
suedor futureresearchncludepresentingheuserwith the
datathatpreventeda queryfrom beingpreciselyanswerable
anddeveloping precisemeasuregor determiningwhen (in
termsof dataquality) the approachs useful.
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