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Abstract

Thispaperdescribestheneedfor miningcomplex rela-
tionshipsin spatialdata.Complex relationshipsarede�ned
asthoseinvolvingtwoor moreof: multi-featurecolocation,
self-colocation,one-to-manyrelationships,self-exclusion
and multi-feature exclusion. We demonstrate that even in
the mining of simplerelationships,knowledge of complex
relationshipsis necessaryto accuratelycalculatethesignif-
icanceof results.We implementa representationof spatial
datasuch that it containsknown`weak-monotonic'proper-
ties,which are exploitedfor theef�cient miningof complex
relationships,and discussthe strengthsand limitations of
this representation.

1. Intr oduction

A relationshipin spatialdatais a relationshipbetween
featuresin a Euclideanspace,de�ned in termsof thecolo-
cationaltrendsof two or morefeaturesover thatspace.An
exampleis determiningthecon�denceof the`wherethere's
smokethere's �r e' with respectto asetof coordinates,each
representingthefeaturesmokeor �re. Thetaskherewould
beto determinewhether�re occursin theneighborhoodof
smokemorethanis randomlylikely.

Neighborhoodsare de�ned in terms of cliques (also
known asneighbor-sets).A clique is de�ned asany setof
itemssuchthat all itemsin that setcolocate,for example,
in Figure1 andTable1, thecolocationalpattern� A,D � oc-
cursthreetimesin four cliques,iv, v/vi & ix. Two features
aretypically saidto colocateif they arepositionedwithin a
distance� of oneanother. As hasbeenassumedin Figure1,

� is usuallyconstant,but it mayalsobede�ned asvarying
locally within thespaceor with respectto a givenfeature.

Typically, themining of informationin a spatialdomain
involves representingthe cliquesas transactions,and un-
dertakingassociationrule mining uponthesetransactions.
While associationrulemining is a well-developed�eld [5],
themining of con�dent cliquesastransactionsfails to cap-

ture many spatialphenomenaof interest,due to most as-
sociationmining techniquesbeing optimizedfor `market-
basket' data. Spatialdatais fundamentallydifferent from
market-basket data,both in its basicnatureand distribu-
tional tendencies.

One factoruniqueto spatialdatais that the numberof
transactionsa singleitem may participatein is potentially
unbounded,while in a market-basket this is limited to one
(obviously, two peoplemay purchasethe sametoothpaste
product,but not the sameexact tube). Self-colocationis
alsomorelikely in spatialdata.Theupperlimit in amarket-
basket is multiple purchasesof only oneproduct,which is
lesslikely thananequivalentspatialsituationof anareaof
monocultureforest.Similarly, theremaybedirectrelation-
shipsbetweenfeaturesthatdon't colocate,asbetweenan-
imalsdisplayingterritorial behavior, makingsuchrelation-
shipsintrinsically moreinterestingin spatialdata.A com-
plex relationshipis simply any combinationof thesedif-
ferent relationships.It is importantto note that while the
relationshipsarede�ned ascomplex, the phenomenathey
representareoftenverysimple[8].

Perhapsthe most fundamentaldifferencebetweenspa-
tial and other datain a transactionalrepresentationis the
notion of signi�cance. A colocationis consideredsigni�-
cant if it occursmorethanis randomlylikely. In transac-
tionsrepresentingmarket-baskets,thetransactions,by de�-
nition, representthecompletespaceof thedata(thereareno
emptybaskets). In suchcases,thesigni�canceof thedata
mayberepresentedby frequency of thefeaturesin relation
to thenumberof transactions,suchasthe interestmeasure
proposedin [4]. In spatialdata,however, therandomlike-
lihood of a colocationdependson thevolumeof thespace
from which it wastaken.This is discussedin moredetailin
section6.1.

1.1 Our contribution

We describethe needfor mining complex relationships
in spatialdata.To theauthors'bestknowledge,thisproblem
hasnotpreviouslybeenaddressed:
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Figure 1. An example of spatial coloca­
tional patterns of the features � , � , � and

�

1. We demonstratethat complex relationshipsare more
numerousthansimpleonesanddiscusswhy they are
desirableto minein thespatialdomain.

2. Wedemonstratethatarepresentationandminingstrat-
egy for spatialdatais possiblesuchthat it facilitates
theef�cient miningof complex relationships.

3. Most signi�cantly, we demonstratethat it is necessary
to mine complex relationshipsto accuratelycalculate
thesigni�canceof results,evenwhenthegoal is only
theminingof simplerelationships.

1.2 Outline

In sections2 and3 we give the problemde�nition and
a discussionof relatedwork. In section4 we describeand
discussthe useof a participationthreshold,ratherthan a
supportthreshold,in the mining of spatialcolocations. It
shouldbenotedthatwearenot rede�ning / re�ning any as-
sociationrulealgorithms;ratherthanthrowing out thebaby
with the bathwater, we explore new applicationsand in-
terpretationsof existing ones. In section5 we de�ne and
give examplesof thevarioustypesof relationshipsin spa-
tial data,includingcomplex relationships.In section6 we
demonstratethattheknowledgeof complex relationshipsin
spatialdata is necessary, even when the goal is the min-
ing of only simple relationships. In section7 we imple-
menta transactionalrepresentationof spatialdatasuchthat

No Clique
i. �
	��

�

	

ii. ��
��

�

	

iii. � 
 �����

iv. �����

���

�

�




v. � 
 �������

�

�

vi. � 
 �

�

���

�

�

vii. � 	 ��� 	 ���

�

viii. �

�

�

�

�

ix. �

�

�

�

�

x. ���������������

Table 1. Cliques in Figure 1

it containsweak-monotonicproperties,whichareexploited
by themaxPIalgorithm[6] for theef�cient miningof com-
plex relationships,anddiscussthestrengthsandlimitations
of this representation.In section8 weconcludeanddiscuss
possiblefuturedirections.

2 Problem De�nition

Given: a set of items, �����
	

�! " " �$# , eachrepresenting
someentity with oneor morefeaturesat a given co-
ordinateanda rulecon�dencethreshold,%

Find: all complex spatial relationshipswith con�dence
greaterthan % .

Constraints: The discovery of all rulesof a given con�-
denceis an intractableproblem,so any methodthat
can improve the ef�ciency of mining theserules is
paramount. The datamust be representedin a way
that facilitatesthe mining of complex rules. (a trans-
actionalrepresentation,asin Table1, is themostcom-
monly usedin mining spatialdata,asit allows the in-
clusionandthe discovery of the interrelationof non-
spatialfeatures)

For mining colocations,this is a 3-stepprocess:gener-
ate a set of the cliquesin a representationthat facilitates
themining of colocations;applya mining algorithmto the
cliques,returningasetof colocationsandtheircon�dences,
the constituency of which is determinedby given pruning
andcon�dencethresholds;andcalculatethesigni�canceof
theminedcolocations.

The �rst two stepsaretypically combined,so asto not
to generatecliquesalreadyknown to be below the given
thresholds.In this paper, we assumethat the �rst stephas
alreadytakenplace.
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3 RelatedWork

The�rst extensionof theApriori paradigmto spatialdata
wasin [7]. However in their methodthey materializedall
thepossiblespatialrelationshipsthatthey intendedto mine.
This is equivalentto determiningtheuniverseof candidate
interestingrelationships.Thus, in someways, their tech-
niquewas`hypothesisdriven' ratherthan`hypothesisgen-
erating.'

An ef�cient algorithmto mine a kind of spatialcoloca-
tionswaspresentedin [11]. Theconceptsof neighborhood,
participationratioandparticipationindex werede�ned. In-
steadof support,theparticipationindex wasusedasaprun-
ing measurein theconventionalApriori-lik e technique.

The drawbackof above methodis that somecon�dent
colocationruleswith low supportarealsopruned.In order
to solve this problem,[6] proposedtheconceptof maximal
participationindex andit wasusedaspruningmeasureto
replacetheparticipationindex . We will discussthesemea-
suresin detail in thenext section,asthey arecentralto our
approach.

In [12], an algorithm was usedto mine both positive
andnegativeassociationrules.Negativerulesaregenerated
from infrequentitem setsand interestis usedasa further
pruningmeasure.Their algorithminvolvesno spatialcom-
ponent.

4 Maximal Participation Ratio

In thissectionwewill brie�y describethenotionof Max-
imal ParticipationIndex (maxPI)asdescribedin [6] where
moredetailscanbefound.

4.1 Participation ratio

Given a colocationpattern 4 anda feature 57674 , the
participationratioof 5 , 8.9;:<4=��5?> , canbede�ned asthesup-
port of 4 dividedby thesupportof 5 . For example,in Fig-
ure1, thesupportof �$�@�A�B���C� is D andthesupportof � is

E

, so 8F9;:G�H�/���I���C�J���K>3�LD�M

E

.

4.2 Maximal participation index

Givenaco-locationpattern4 , themaximalparticipation
index of 4 , NPOJQ.RKS0:<4�> canbe de�ne asthemaximalpar-
ticipationratioof all thefeaturesin 4 , thatis:

NTOJQ.RKS0:<4�>U�VNPOJQ0W�X�Y+:Z8.9[:\4=��5?>]>^ (1)

For example, in Figure 1, NPOJQ.RKS0:G�H�/�A�B���C�_>

� NPOJQ`:a8F9;:G�H�/�A�B���C�J�A��> , 8F9;:G�H�/���I���C�J�A�C> ,
8F9;:G�H�/�A�B���C�J���K>]>b�cNPO�Qd:\DJM�e;��D�M�fg��DJM

E

>T�-DJM_f . A
high maximal participation index indicatesthat at least

onespatialfeaturestrongly implies the pattern. By using
maxPI,low frequency con�dent rulescanbe found which
wouldbeprunedby asupportthreshold[6].

4.3 The weakmonotonicproperty of maxPI

Maximal participation index is not monotonic with
respect to the pattern containmentrelations. For ex-
ample, in the Figure 1, :<NTOJQ0RKS.:\�/���C>h� fJM�e�>Vi

:jNPOJQ.RKS0:<�/���I���/>��1D�M�f�> . Interestingly, aspointedout in
[6] the maximalparticipationindex doeshave the follow-
ing weakmonotonicproperty: If R is a k-colocationpat-
tern,thenthereexistsatmostone :\kl,nmH> subpatternsR@o of

R suchthat NPO�Q0RKS.:\RKop>qirNPOJQ.RKS0:<R/> . Relying on this
weak monotonicproperty, the Apriori-lik e algorithm can
be modi�ed to mine con�dent patternsby usinga maxPI
threshold.

5 RelationshipDe�nitions

5.1 Notation used

Feature: In this paper, a featureis representedasa capital
letter, for example� .

Item: An instanceof a feature(oneitem) is representedas
the featurefollowed by an id numberuniquefor that
feature,for example�

�

.

Absence: The absenceof an item is representedby nega-
tion, for example ,.� . (Note: this is not the equiv-
alentof the set-theory, s+� , meaningthe presenceof
any item otherthanA).

Self-colocation: Multiple instancesof a feature(multiple
items)arerepresentedby a ` * ' following the feature,
for example�?* .

5.2 Typesof Spatial Relationships

Herewede�ne thedifferenttypesof spatialrelationships
thataredesirableto mine:

Positive (Simple) Relationships: This is the most com-
montypeof relationshipmined,describing,for exam-
ple, the fraction of � 's that colocatewith a � . eg:

�'&2�

De�nition 1: A positive relationship(multi-feature
colocation)in spatialdatais asetof featuresthatcolo-
cateat a ratiogreaterthansomeprede�nedthreshold.

Self-colocation/ Self-exclusion: This is the measureof
whicha featuretendsto colocatewith itself. Formally,
it is theaveragecardinalityof anitem in a cliquewith



respectto theexpectedcardinalityof a randomdistri-
bution. Extremeself-exclusionwill bea perfectlyuni-
form distribution with respectto the dataspace. eg:

�'&2�t*

De�nition 2: A featureis de�ned asself-colocatingin
spatialdataif theitemsrepresentingthatfeaturecolo-
catewith eachotherataratiogreaterthansomeprede-
�ned threshold.

De�nition 3: A featureis de�ned asself-excludingin
spatialdataif theitemsrepresentingthatfeaturecolo-
catewith eachotherat a ratio lessthansomeprede-
�ned threshold.

One-to-Many relationships: This explicitly capturesthe
cardinalityof a relationshipbetweentwo features.eg:

��*)&2� .

De�nition 4: Two featuresarede�nedashaving aone-
to-many relationshipin spatialdataif onefeatureoc-
curs multiple times in the presenceof the other fea-
ture,greaterthansomepre-de�nedthreshold.Included
within thisde�nition aretwo-wayone-to-many (many-
to-many) relationships.

Multi-featur eexclusive relationships: These are exclu-
siverelationshipswith respectto two or morefeatures.
In termsof atransactionalrepresentation,they areneg-
ativerules,whichareexploredin [12]. eg: �)&-,=�

De�nition 5: A multi-featureexclusive relationshipin
spatialdatais de�nedaswhereafeatureis absentfrom
a givencolocationat a ratio greaterthana prede�ned
threshold.

Complex relationships: Theseareany combinationof two
or morespatialrelationshiptypes.

De�nition 6: A complex relationin spatialdatais any
relationshipcontainingtwo or moreof the properties
de�nedin de�nitions 1-5. Theindependentapplication
of theaboverulesmayproducecomplex relationships
suchas �l*7&u� and �1&v,�� , but will not produce
complex relationshipssuchas �$�l*C�!,��C��&2��* .

5.3 Sparsedata and the mining of absence

A participationindex directlyaddressestheproblemthat
a certainitem may have low supportresultingin it being
absentfrom very many cliques,and hencehaving a high
negative support,in that it with thereforehave a low par-
ticipation ratio for eachof thosecliques. For example,if

�

is an infrequentfeature,then the rule �w& ,

�

will
most likely be con�dent. However, the participationratio
of ,

�

in �$�@�!,

�

� will be very low, as ,

�

will occur in
many cliques. In otherwordstheparticipationratio of ,

�

in �H�/�x,

�

� will only behigh if
�

is atypicallyabsentfrom

cliquescontaining� . Therefore,whenusingaparticipation
ratio for sparsedata,thereis, in fact, a gain in ef�ciency.
Theresultsin section7 con�rm this.

6 Statistical Applications of Complex Rela-
tionships

Complex relationshipsarenot restrictedto mining com-
plex rules. Complex relationshipscanbe usedto provide
strongerde�nitions andmoreaccuratesigni�cancetesting
for simplerelationships.

6.1 Signi�cance asa Complexrelationship

In termsof con�dence,thesigni�canceof a rule is given
by theextentto whichtheobservedcon�denceof aruledif-
fersfrom theexpectedcon�dencegivenby arandomdistri-
bution.

Lemma 1: The signi�cance of a con�dence rule of the
form �y&z� , is independentof the self-colocation/
exclusion of � , but is dependenton the self-
colocation/exclusionof � .

Proof Outline: In general,given that � occurswith fre-
quency {q:<��> , and � with frequency {q:<��> , in a two
dimensionalspacewith dimensions Q and | , with
cliquesformedby a distance� the randomchanceof

�}&c� canbegivenby theproductof thefractionof
thetotal volumethateachfeaturesoccupies:

{q:<��>•~€�

�

QF|

{q:<��>G~€�

�

QF|

�

{q:<��>]{q:<��>G~

�

�

�

Q

�

|

� (2)

The problemwith the above, however, is that � may
notbeexclusively distributedwith respectto itself.

Note that the randomchancewill not changewith re-
spectto the self-colocation/exclusionof � . The two
extremecasesare: � self-excludessuchthatno � 'sare
in thesameclique (the equationgivenabove); and �

self-colocatessuchthatall � 's co-occurin oneclique.
In the secondcaseall � 's occupy an effective total
spaceof ~€�

�

, giving {q:<�t> an effective value of 1.
However, if a � exists in that clique, thenall � 's in
that clique colocatewith it, so the equationmust be
multiplied by thenumberof � 's in theclique- in this
case{q:<�t> . The equationis, thereforethe equivalent
of whereA self-excludes.

Therandomchancewill, however, changewith respect
to theself-colocation/exclusionof � . Assumethetwo
extremecases: � self-excludessuchthat no � 's are
in the sameclique (again,this is the equationgiven
above);and � self-colocatessuchthatall � 'sco-occur



in oneclique. In the secondcase,all � 's occupy an
effective total spaceof ~€�

�

, giving {q:\�C> aneffective
valueof 1. If one � exists in that clique, the number
of � 's in thatcliquehasnoeffectonthecon�denceas,
by de�nition 1, only oneunique� colocateswith a � .
Theexpectedvalueof �)&2� is thereforegivenby:

{q:<�t>^m!~

�

�

�

Q

�

|

� (3)

As the two extremecasesdemonstrate,the expected
valueof �)&u� existsin a rangewith boundariesdif-
feringby a factorof {q:<��> . Theconsequenceof this is
that an accuratemeasureof the signi�canceof a rule

�u&•� must also include the measureof � 's self-
colocation/exclusion.Theimportanceof this becomes
obvious when, in spatialdata, {q:<��> may literally be
thenumberof starsin thesky. Therefore,by de�nition
6, in orderto measurethesigni�canceof a simplere-
lationship �‚&w� , it is necessaryto know a complex
relationship.

An approximationof self-exclusionmaybegivenby the
ratioof thenumberof cliquescontaining� to thetotalnum-
berof � 's. Assuming� occursin %x5+:<�C> cliques.This can
underestimatetherandomchance,asit doesn't takeinto ac-
count the intersectionof cliques in the dataspacewhere
two or more � 's aregreaterthandistance� but lessthan
distanceD�� apart,or over-estimate,as it doesn't take into
accountthedistancebetweenitemswithin aclique.

Alternatively, a calculationof deviancefrom expected
behaviour canbe found by observingthe original coordi-
natedistributionswith ametricsuchasRipley'sK-function
[2]. Thiswill notnecessarilygiveamoreaccuratemeasure,
asit relatesto globaldistributionsnot cliques,but it' s rela-
tionshipwith colocationmining andclique representations
is, in itself, an interestingareadeservingfurther investiga-
tion.

Perhapsthemostintuitivereasonfor aboveis becausein
thespatialdomain,therule �)&2� cannotbedivorcedfrom
it' s spatialproperties.Evenwhen � and � representcoor-
dinates,� mustbe thoughtof as coordinatesand � must
be thoughtof as (potentially overlapping)volumes. This
is a generaltruismfor spatialdataandwill hold whethera
constantor variable � is used,andwhena simplerclique
de�nition is given,suchasthedivisionof thefeaturespace
into 'grids', or a morecomplicatedde�nition, suchasthe
resultof aclusteringalgorithm.

Lemma 2: The potential range of con�dence rules of
the form � & � , will depend on the self-
colocation/exclusionof both � and � .

Proof Outline: While the self-colocation/exclusion of �

doesnot affect the signi�cance of a con�dencerule,

it can limit the possiblerangeof the observed con�-
dence. Assumingthat all � 's and � 's self-exclude,
then,asin market-basket data,themaximumpossible
con�dencefor �'&2� is simplygivenby:

NTƒ…„‡†

{q:\�C>

{q:<��>

�!m‰ˆ (4)

Where{q:<�t>‹ŠL{q:<�C> , thiswill obviouslybelessthan
1. However, if A self-colocatessuchthat %!5+:\��>•Œ

{q:<��> thanthemaximumpossiblecon�dencewill be
1.

Similarly, if B self-colocates,thenthemaximumpos-
siblecon�dencemaybelower. Theexactmeasurefor
themaximumpossibleobservedcon�denceis:

NTƒ…„

†

%!5+:\�C>

%!5+:<�t>

�!m

ˆ

(5)

A further factor that is not discussedhereis wherethe
potentialsizeof somecliquesextendbeyondtheboundaries
of themeasuredspace.Again,therandomlikelihoodof this
will relateto theratio between� andthedimensionsof the
space.Here,it is simplyassumedthatit is very low.

6.2 Exclusionand maxPI

As a supportthresholdcan prunecon�dent rules with
low frequency, amaxPIthresholdcanprunecon�dent rules
with low participation. While maxPIwill returnthe com-
pletesetof itemsthatsatisfyboththresholdsof maxPIand
the minimum con�dence,theremay be the casesuchthat
a high con�dencerule will not have a high corresponding
maximalparticipationindex.

An improvedmeasureof participationincludestheatyp-
ical exclusionof an item. We posit that by including the
absenceof items(negative items),we maydiscovera more
robustmeasurefor a participationindex measure.

7 A Representationof Spatial Data for Min-
ing ComplexRelationships

In this sectionwe proposeandtestonesimplerepresen-
tation of spatialdatathat facilitatestheef�cient mining of
complex relationships.

7.1 Mining complexrelationshipsusing the max­
imal participation index

In termsof thestepsin theproblemde�nition, thesteps
taken are: Generateall positive cliquesin a transactional
representationaddingfeaturesrepresentingthe absenceof
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featuresand the presenceof multiple features;apply the
maxPI algorithm to the transactions,as describedin sec-
tion 4, automaticallypruning trivial/nonsensicalcolloca-
tions suchas �Ž&•,F� . (For an analysisof the ef�ciency
and applicationacrossdifferent spatialdatasets,see[6])
andreturna setof colocationsand their con�dences;and
calculatethe signi�cance of the con�dencesof the mined
relationships,with respectto theirsigni�cance,asdescribed
in section6.1.

7.2 TestSets

Syntheticdata sets were createdsimilar to thosede-
scribedin [1], but with the speci�c propertiesof spatial
data,suchtheoccurrenceof a singleitem in many cliques
andtheoccurrenceof many itemsrepresentingasinglefea-
turein oneclique.Setconstituency wasvariedaccordingto
sparseness,thenumberof features,andthenumberof items.
Theminingof relationshipswasvariedaccordingto thepar-
ticipationandcon�dencethresholds.A comprehensive set
of testscorrespondingwascompletedacrossapproximately
100,000differentset/parametercombinations.A summary
of resultsis givenbelow.

Testingwasundertakentocomparetheef�ciency of min-
ing complex relationshipsto themining of simplerelation-
shipswith maxPI,andto investigatetherelativefrequencies
of thedifferentrelationshiptypes.

7.3 Results: Ef�ciency

As Figure8 shows, theratio of rulesgeneratedto con�-
dentrulesfoundis typically moreef�cient for theminingof
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complex rules,especiallywhenthedatais sparse.Although
it wasnever thecasehere,we do not rule out thepossibil-
ity of theexistenceof a setsuchthat themining of simple
relationshipsis moreef�cient thanthe mining of complex
relationships.The resultsin Figure 8 are the averagera-
tiosfor approximately10,000randomlygenerateddatasets,
which werevariedaccordingto sparseness/density:theav-
erageprobability of a featureoccurringin a given clique.
The maxPI and con�dencewere held constantat 0.6 and
0.8, respectively. Varying themaximalparticipationindex
hadlittle impacton therespective ratios. Varying thecon-
�dence thresholdvariedthe scaleof the ratio, but did not
affect thescaleof thetwo distributionswith respectto each
other.

A constantmaintainedacrossthe generationof all sets
werethe inclusionof skews in thedatasuchas: `theprob-
ability of � appearingin a clique increasesby 0.15 if �

and � arepresent'. Thesewereoriginally generatedran-
domly, thenmaintainedasaveragesaboutwhichall random
setswerecreated.It is the interactionof suchskews with
thevariousthresholdsthatcausetheunevennessin distribu-
tionsin Figure8.

7.4 Results: Frequencyof relationship types

The resultsin Figure9 areaveragesfor approximately
1000separatedatasets,eachwith 10 features.The num-
berof featuresis themostsensitive variablein therelative
frequencies,dueto thefactthatthereis thepossibilityof ex-
ponentiallymoreexclusiveandthereforecomplex setswith
respectto thenumberof featuresin aclique,asdiscussedin
section5.3.



Typically, the numberof complex relationshipsfound
was greaterthan but correlatedwith the numberof other
relationshiptypesfound. As Figure9 shows, the number
of complex relationshipsat a given con�dence threshold
wassensitive to thevariancein thenumberof theotherre-
lationshiptypes. Self-exclusion and self-colocationwere
modeledtogetherin Figure 9 emphasizethe complemen-
tary relationshipbetweenthe two, asdescribedin section
5.2. This is revealedin thecorrespondingsteepnessof gra-
dientfor self-exclusion/colocationat con�dence i'•F f and
con�dence ŠL•g Z‘ .

7.5 Limitations/Str engthsof the representation

While therearerepresentationalissueswith any typeof
data,appropiaterepresentationis particularly importantin
thespatialdomain[9].

Limitations. In one-to-many relationships, this model
doesn't captureinterestingrangesor distributions in
the `many', which is a taskbettersuitedfor mixture
modelling, or the techniquesdescribedin [3]. As
pointedoutin [10], thecostof fully transcribingspatial
datainto a transactionalrepresentationcan, in some
cases,bemoreexpensive thanthemining of thecolo-
cations,but asa full representationis necessaryto ac-
curatelyaddthefeaturesrepresentingabsentandmul-
tiple items,a solutionto this in thecurrentrepresenta-
tion maybeproblematic.

Strengths. The most obvious strengthof this representa-
tion is that,currently, it is the only modelthat allows
the mining of complex relationshipsin spatial data.
A major strengthof a transactionalrepresentationof
spatialdatanot exploredhereis that it may be com-
binedwith non-spatialdata,andsotheadditionof non-
spatialdatato therepresentationdescribedherewould
beuncomplicated.

8 Conclusions/ Future Work

We havede�ned theconceptof complex relationshipsin
spatialdata.

We have describedhow, even in transactionalrepresen-
tations,spatialdatais fundamentallydifferent from other
forms of data,makingthe needto mine complex relation-
shipsof inherentinterest.

We have demonstratedthat even whensimplerelation-
shipsarethegoalof miningspatialdata,theminingof com-
plex relationshipsis necessaryfor determiningthe signi�-
canceof thoserelationships.

We have implementedanddemonstrateda transactional
representationof spatialdatathatallowstheef�cient mining

of complex relationships,anddiscussedits limitations and
strengths.

8.1 Futur eWork:

Apart from investigatingimprovementsto therepresen-
tationto addressthelimitationsmentionedin 7.5, thereare
several futuredirectionsevident,suchastheapplicationto
othertypesof datawith aspatialcomponent,suchasspatio-
temporaldataand to a lesserextent naturallanguageand
biologicalsystems.

One importantstepwould be the combinationof spa-
tial coordinatefeatureswith spatialvolume features(this
is especiallyimportantin GeographicInformationSystems,
wherea volume may representthe areaof a lake, valley
etc.). As we have demonstratedthat with a purely coor-
dinatesystem� in �’&“� mustbe treatedasa volume,
the inclusion of featuresthat explicitly representvolumes
shouldproveinteresting.
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