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Abstract

This paper describes the need for mining complex relationships in spatial data. Complex relationships
are defined as those involving two a more of: multi-feature @-location, sdf-co-location, oneto-
many reationships, self-exclusion and multi-feature excluson. We demondrate that even in the
mining o smple reldionships, knowledge of complex reationships is necessry to accurately
cdculae the significance of results. We implement a representation of spatial data such tha it
contains ‘wesk-monotonic’ properties, which are exploited for the dficient mining of complex
rdationships, and discussthe strengths and limitations of this representation.

1 Introduction

A relationship in spatid data is a reationship
between features in a Euclidean space, defined in
terms of the ®-locational trends of two or more
features over that space. An example is
determining the @nfidence of the ‘where there's
smoke there's fire with respect to a set of co-
ordinates, each representing the feature smoke or
fire. The task here would be to determine whether
fire occurs in the neighborhood o smoke more
than israndomly likely.

Neighborhoods are defined in terms of cliques
(dso known as neighbor-sets). A clique is defined
as any set of items such thatal items in that setco -
locate. For example, in figure 1 and table 1, the co-
locational pattern {A,C} occurs four times in five
cliques, iv, vivi, vii & x. In spatid data, two items
are typicaly said to co-locate if they are positioned
within a certain distance d of one aother. As has
been assumed in figure 1, d is usudly a constant,
but it may aso be defined as varying localy within
the space or with respect to agivenfeature.

Typicaly, the mining o information in a spatid
domain involves representing the cliques as
transactions, and undertaking association rule
mining upon these transactions.

While association rule mining is a well-developed
field (Han 2000), the mining of confident cliques
as transactions fals to cepture many spatia
phenomena of interest, due to most asciation
mining techniques being qtimized for ‘market-
basket’ data.

Spatiad data is fundamentdly different from
market-basket data, both in its basic nature and
distributiona tendercies.

One fador unique to spatial datais that the number
of transactions a single item may participate in is
potentialy unbounded, while in a market-basket
this is limited to ane (obviously, two people may
purchase the same toothpaste product, but not the
same exact tube).

On the other hand, in spatial data, the number of
features is explicitly bounded, as, typically, it
involves the deliberate selection of features © asto
mine the spatial relationships between them. In
market-basket data, the potentid number of
features (products) is unbounded.

Self-co-location is aso more likely in spatid data.
The upper limit in a market-basket is multiple
purchases of only one product, which is less likely
than an equivaent spatia situation of an area of
monoculture forest.

Similarly, there may be direct relationships
between features that don’'t co-locate in spatia
data, such between animals displaying territoria
behavior, or between a certan virus and
medication in a biological system, making such
reationships intrinscaly more interesting in
spatia data.

A complex relationship is $smply any combination
of these. It is important to note that while the
rationships are defined as complex, the
phenomena they represent are often very simple,
for example:



1. Crime is more likely to co-occur on streets
with no lighting near a subway station.

2. Many fard (non-native) animals in an area of
forest implies the absence of native ones.

3. Dogs only act as pack animds in non-urban
environments.

Perhaps the most fundamenta difference between
spatid and oahe daa in a transactiond
representation is the notion of significance. In
generd, a @-location is considered significant if it
occurs more than is randomly likdy. In
transactions representing market-baskets, the
transactions, by definition, represent the mmplete
space of the data, that is, there ae no empty
baskets. In such cases, the significance of the data
may be represented by frequency of the feature in
relaion to the number of transactions, such as the
interet measure proposed by Piaetsky-Shapiro
(1991). In spatial data, however, the random
likelihood of a co-location depends on the volume
of the space from which it was taken. This is
discussed in moredetail in section 6.1.

1.1 Our contribution

We describe the need for mining complex
relationships in spatial data. To the authors' best
knowledge, this problem has not previoudy been
addressed.

We demondtrate that even when the god is the
mining of only simplerdationships:

1. It is necssary to mine @mplex
reationships to accurately calculate the
significance of results.

2. Including the notion of exclusion can lead
to a stronger definition o clique
corfidence.

We demonstrate that a representation of spatia
data is possble such that it fecilitates the dficient
mining of complex relationships.

1.2 Outline

Sections 2 and 3: we give the problem definition
and adiscussion of related work.

Section 4: we describe and discuss the use of a
participation threshold, rather than a support
threshold, in the mining of spatial co-locations. It
should be noted tha we ae not redefining or
refining any association rule agorithms; rather
than throwing out the baby with the bathwater, we
explore new applications and interpretations of
existing ones.
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Figure 1: An example of spatial co-locational
patternsof thefeaturesA,B,C and D

No | Clique

i C, Dy

ii. Cs, Dy

iii. | Cs Cs

iv. | Ag Dy Ds
V. As, Cs, D3
Vi. | As, D3, Ds
Vii. | A, By, G
Viii. | Bz, Dq4

iX. Az Dy

X. As B3, Cy

Table1: Cliques in figure 1

Section 5: we define and gve examples of the
various types of reationships in spatiad daa,
including complex relationships.

Section 6: we demonstrate that the knowledge of
complex reationships in spatiad data may be
desirable and/or necessary, even when the goal is
the mining of only simple relationships.

Section 7: we implement a transactiond
representation of spatiad data such that it contains
weak-monatonic properties, which are exploited by
the maxPl agorithm (Huang, 2003) for the
efficient mining of complex relationships, and
discuss the drengths and limitations of this
representation.

Section 8: we conclude and discuss possible future
directions.



2 Problem Definition

Given a set of items, each representing me feature
a a given coordinate, the goal is to find al spatia
relationships between items, with respect to the
features they represent and their relative positions
within the cordinate space.

One of the main concerns with the mining of
spatia data is the gpropriate choice regarding the
representation of the data for the purposes of
mining information. There can be a loss of
information  when  transcribing  coordinate
information into continuous/discrete atributes for
machine learning, or cliques for discovering co-
locations. The latter, a transactiona representation
(as in table 1), is the most commonly used in
mining spatial data, as it alows the inclusion and
the discovery of the interrelation o non-spatid
features.

For mining simple @-locations, this is a 3-step
process:

1. Generate a st of the cliques in a
representation that fecilitates the mining
of co-locétions.

2. Apply a mining agorithm to the diques,
returning a set of co-locations and their
confidences, the cngtituency of which is
determined by given pruning and
corfidencethresholds.

3. Cdculate the significance of the mined
co-locations.

The firgt two steps are typically combined, so as to
not to generate diques aready known to be below
the given thresholds. In this paper, we asume that
thefirst step has dready taken place.

For mining complex relationships, the problem
becomes:

1. Generate a representation o spatia data
that facilitates the mining of multiple
rdationship  types, including the
interaction o such reationships (complex
relationships).

2. Select a mining agorithm appropriate to
the dficient mining of both simple ad
complex relaionships, and apply it to the
representation, returning a set of co-
locations and their confidences.

3. Cdculate the significance of the mined
relationships.

3 Reated Work

Koperski and Han (1995) proposed the first
extension of the Apriori paradigm to spatiad data.
However in their method they materidized al the
possible spatid relationships that they intended to
mine. This is equivadent to determining the
universe of candidate interesting reationships.
Thus in some ways their technique was ‘ hypothesis
driven’ rather than ‘hypothesis generating.’

Shekhar et a (2001) presented an efficient
algorithm to mine akind o spatial co-locations.
The oncepts of neighbarhood, participation ratio,
participation index were defined. Instead of
support, the participation index was used as a
pruning measure in the mnventiona Apriori-like
technique.

The drawback of above method is that some
confident co-location rules with low support are
also pruned. In order to solve this problem, Huang
et a (2003) proposed the mncept of maxima
participation index and it was used as pruning
measure to replace participation index. We will
discuss these measures in detail in the next section,
asthey are centra to our approach.

Wu & d (2002) proposed an agorithm to mine
both podtive and negative associaion rules.
Negative rules are generated from infrequent item
sats and interest is used as a further pruning
measure. Ther agorithm involves no spaiad
component.

4 Maximal Participation Ratio

In this section we will briefly describe the notion
of Maximal Participation Index as described in
Huang (2003) where more detail s can be found.

41 Participation ratio

Given a co-location pattern L and a feature f [7 L,
the participation ratio o f, pr(L, f), can be defined
asthesupport of L divided by the support of f.

For example, in figure 1, the support of {A, B, C} is
2 and the support of C is 6, so pr({A,B,C},C)=2/6.

4.2 Maximal participation index

Given a co-location patern L, the maximal
participation index of L, maxPI(L) can be define as
the maximal participation ratio o al the featuresin
L, thatis:

maxPI (L) = max ., {pr(L,f)}.



For example, in figure 1, maxPI({ A, B, C}) =
max(pr({ A, B, C}, A), pr({ A, B, C}, B), pr({ A, B,
C}, C) = max(2/5, 2/3, 2/6) = 2/3.

A high maximal participation index indicates that
a least one spaid feature strongly implies the
pattern. By using maxPl, we @n find some low
frequency confident rules, which may be pruned by
asupport threshold (Huang 2003).

4.3 Theweak monotonic property of
maxPI

Maximal participation index is not monotonic with
respect to the pattern containment relations. For
example, in the figure 1, (maxPI({A,C}) = 3/5) <
(maxPI({A, B, C}) = 2/3).

Interestingly, the maximal participation index does
have thefoll owing weak monaotonic property:

If P is a k-co-location pattern, then there exists at
most one (k-1) subpatterns P' of P such that
maxPI(P") < maxPI (P).

Relying on this weak monotonic property, we Gan
modify the Apriori-like algorithm to mine
confident patterns by using amaxP!I threshald.

5 Relationship Definitions

5.1 Notation used

Feature: In this paper, afeature is represented as a
capitd letter, for example A.

Item: An instance of a feature (one item) is
represented as the feature followed by an id
number uniquefor that feature, for example A,.

Absence The absence of an item is represented by
negation, for example —A. (Note: this is not the
equivaent of the set-theory, —A, meaning the
presence of any item other than A).

Self-co-location: Multiple ingtances of a feature
(multiple items) are represented by a‘+' following
the feature, for example A+.

The representations for the complex relationships
described in theintroduction would be:

1. Crime, C, is more likely to co-occur on
streets with no lighting, L, near a subway
station, S S-L - C+

2. Many ferd animds, F, in an aea of
national park implies the absence of
native ones, N: F+ - -N

3. Dogs, D, act as pack animas in wuban
environments,U: D, U - D+

A B

B AB A
A

A
A
B B
B
B A
B A

Figure 2: Example of a positiverelationship
A-B

Further examples of each relationship type, taken
fromfigure 1, aregivenintable 2.

5.2 Positive Relationships

This is the most common type of reationship
mined.

Definition 1. A positive relaionship (multi-feature
co-location) in spatial data is a set of features that
co-locae a a ratio greater than some predefined
threshold. In spatia data, the onfidence of a
positive relationship A - B, is given by the fraction
of unique A’ s that co-occur in acliquecontaining a
the feature B.

5.3 Self-co-location / Self-exclusion

This is the measure of which a feature tends to co-
locate with itsdf. Formally, it is the average
cardindlity of an item in aclique with respect to the
expected cardindity of a random distribution. (In
some domains ‘excluson’ is referred to
‘repulsion’. Here, ‘exclusion’ is used, as
‘repulsion’ implies a causal reationship, which
will not aways be the ase). Extreme sdf-
excluson will be a perfectly uniform distribution
with respect to the daa space. In terms of
corfidence, sdf-excluson is smply the
compliment of saf-co-location.

Definition 2: A feature is defined as self-
collocating in spatial data if the items representing
that feature m-locate with each aher a a ratio
greater than some predefined threshold.

Definition 3: A feature is defined as salf-excluding
in spatiad data if the items representing that feature
co-locate with each ather & a ratio lessthan some
predefined threshold.



A A
A A A A
A A
A
A A
Figure 3: Example of sdf-co-location
A o A+
A A
A
A A A
A A A

Figure 4: Example of sdf-exclusion: low confidencefor
A S A+

54 One-to-Many relationships

Here, the user is ecificaly interested in the
cardinality of a relationship between two features.
As wel as the possbility of a single item
appearing in many co-locations, another property
typicd of spatid data is large variations in the
frequency of items, such as the frequency of a
certain  microbe in forex compared to the
frequency of certain bird. A result of this is that
there may a large numbers of instances of one
feature in a singe cligue. A oneto-many
relationship, given by A-B+ may be used to
explicitly capture whether B is more likely to
exhibit self-co-location in the presence of A, given
by the stuation where the @nfidence of A~ B+ is
greater than the confiderce of B - B+.

AB A B
A BB
B B
B B
BAg A
BB B B
BA
B

Figure 5: Example of a one-to-many relationship
A - B+

Definition 4: Two features are defined as having a
one-to-many relaionship in spatial data if one
feature occurs multiple times in the presence of the
other feature, greater than some pre-defined
threshold. Included within this definition are two-
way one-to-many (many-to-many) relaionships.

55 Multi-feature exclusive
relationships

These ae eclusve reationships with respect to
two or more features.

In terms of a transadiond representation, they are
negative rules, which are explored in Wu et a
(2002).

There ae two main problems associated with the
mining of negativerules:

Firstly, with sparse data, negative sets will often be
much larger than the positive ones. Wu et a (2002)
addresses this problem by only generating negative
rules from infrequent itemsets (a negative support
threshold), with further pruning based on an
interet measure alapted from Piaetsky-Shapiro
(1991). While the former may be gplied to spatia
data, as discussd, a pruning strategy based on
frequency will nat adways be apropriate.
Furthermore, as described in the introduction, the
interest measure of Piaetsky-Shapiro (1991) does
not apply to spatia data. Section 6.1 describes how
this problem should be addressed in spatid data.

Secondly, for every positive set of items of size k,
there are 2k-1 corresponding sets containing
negative examples. For example, for the set {A,B},
there ae dso the negative sets: {-AB}, {-A-B} &
{A-B}. This is unavoidable if multi-feature
exclusion relationships are to be mined, but with



Figure 6: Example of a multi-featureexclusive
reationship
A.-B
the pruning of nonsensicd rules such as A - -A,
the number of rules generated are less than that if
there were an equa number of postive features
added.

That an item is unbounded in the number of co-
locations it may take place in aso dfects its
positive/negative confidence. Given a @nfidence
function C(), in market-basket data, there is a strict
complementary relationship between a positive and
negativerulegiven by:

C(A, B) = 1- C(A-B),

This will not always be the case in spatial data. For
example, in figure 1, C(C,D) = 3/6, while C(C,D)
= 4/6 + 1-3/6. This increases the inherent interest
in  explicitty mining multi-feature exclusive
relationships.

Definition 5: A multi-feature  exclusive
relationship in spatid data is defined as where a
feature is absent from a given co-location at aratio

greater than apredefined threshold.
Type Features
Positive A,B-C
Self-co-locationy D - D+
sdf-exclusion
One-to-many A - D+
Multi-feature-exclusion | C - —-A
Complex A,-B - D+

Table 2: Examplesof typesof relationshipsin figurel.

3 A 5 BBABB
C
A
C
B ° B
C
A BA
C

Figure 7: Example of a complex redationship
A,-C - B+

56 Complex relationships

These ae aty combination of two a more spatia
relationship types.

Definition 6: A complex relation in spatial datais
any relationship containing two or more of the
properties defined in definitions 1-5.

The independent application of the @ove rules
may produce mmplex relationships such as A+ -
B and A- -C, but will nat produce cmplex
relationshipssuch as {A+, -C} - B+.

5.7 Sparse data and the miningof
absence

A participation index directly addresses the
problem that a @rtain item may have low support
resulting in it being asent from very many
cliques, and hence having a high negative support,
in that it with therefore have alow participation
ratio for each of those diques. For example, if D is
an infrequent feature, then the rule A - -D will
most likely be corfident. However, the
participation ratio of —-D in {A-D} will be very
low, as —D will occur in many cliques. In aher
words the participation raio o —D in {A,-D} will
only be high if D is atypically absent from cliques
containing A. This dso gpplies to dense data. If D
is very frequent, then the participation ration o D
in {A, D} will dso below. Therefore, when using a
participation ratio for sparse or dense data, there is,
in fad, again in efficiency. The results in section 7
corfirm this.



6 Statistical Applications of
Complex Relationships

Complex relationships are not restricted to mining
complex rules. Complex relationships can be used
to provide stronger definitions and more acurate
significance testing for smple relationships.

6.1 Significance asa Complex
relationship

In terms of confidence, the significance of aruleis

given by the extent to which the observed

corfidence of a rule differs from the epected

confidence given by arandom distribution.

Given a sat of confident rules, the significance of
these rules will dependent on the relative size of
the space from which they were taken.

Lemma 1 Thesignificance of a confidencerule
of theform A = B, isindependent of the sdf-co-
location/exclusion of A, but is dependent on the
sdlf-co-location/exclusion of B.

Proof Outline

In general, given that A occurs with frequency
F(A), and B with frequency F(B), in a two
dimensiona space with dmensions x and y, with
cliques formed by a distance d the random chance
of A- B can be given by the product of the fraction
of the total volume that each features occupies:

F(A™?  F(B)m?
Xy Xy

_ F(AF(B)r*d*
- Xzyz

The problem with the aove, however, is that B
may not be exclusively distributed with respect to
itself.

Note tha the random chance will not change with
respect to the sdf-co-location/exclusion of A. The
two extreme Gses are;

1. A saf-excludes such that no A's arein the
same dique. This is the ejuation gven
above.

2. A sdf-co-locates such that al A's co-
occur in one cligue. In this case dl A's
occupy an effective totd space of 77d,
giving F(A) an effective value of 1.
However, if aB exists in tha clique, then
al A'sin that clique m-locate with it, so

the euation must be multiplied by the
number of A’'s in the clique - in this case
F(A). The ejuation is, therefore:

1x F(B)I‘[Zd4
F(A ————F—
X'y
Which is obvioudy the equivaent of
where A self-excludes.

The random chance will, however, change with
respect to the sdf-co-location/excluson of B.
Assumethe two extreme caes

1. B sdf-excludes such that no B's arein the
same dique. Again, this is the ejuation
given above.

2. B sdf-co-locates such that al B's co-
occur in one dique. In this case, al B's
occupy an effective totd space of 77d,
giving F(B) an effective vadue of 1. If one
A exists in tha clique, the number of B's
in that cligue has no affect on the
corfidence &, by definition 1, only one
unique A co-locaes with a B. The
expected value of A- B is therefore given
by:

F(A) x1md*

xz—yz
As the two extreme cases demonstrate, the
expected value of A-B exists in a range with
boundaries differing by a factor of F(B). The
consequence of this is that an accurate measure of
the significance of a rule A-B must aso include
the measure of B’'s sdf-co-location/exclusion.
Therefore, by definition 6, in order to measure the

significance of a simple relationship A-B, it is
necessary to know acomplex relationship.

An approximation of self-excluson may be given
by the ratio of number of cliques containing B to
the totd number of B's. Assuming B occurs in
cf(B) cliques, thisis given by:

F(B) - cf(B)
F(B)

This can underestimate the random chance, as it
doesn’t take into account the intersection of cliques
in the data space where two or more B's are greater
than dstance d but less than distance 2d apart, or
over-edimate, as it doesn't take into account the
distance between items within a clique. The range



of possible underestimation to overestimation is
dependent on the dimension o the data space. For
one dimension, the range is a factor of 2. In two
and greater dimensions, the potentiad range
increases, athough the likdihood o intersection
decresses.

Lemma 2 The potential range of confidence
rules of theform A - B, will depend on the sdf-
co-location/exclusion of both A and B.

Proof Outline

Whil e the sdf-co-locatior/excluson o A does not
affect the significance of a cnfidence rulg, it can
limit the possble range of the observed
confidence.

Assuming that al A's and B’s sif-exclude, then,
as in market-basket data, the maximum possible
confidencefor A - B issimply given by:

min%%,l%

Where F(A) > F(B), this will obvioudy be less
than 1. However, if A sdf-co-locates such that
cf(A) < F(B), then the maximum possible
confidencewill be 1.

Similarly, if B self-co-locates, then the maximum
possible @nfidence may be lower. The exact
measure for the maximum possible observed

corfidenceis
minﬁ% ,1%

A further factor tha is nat discussed here is where
the potential size of some diques extend beyond
the boundaries of the measured space. Again, the
random likelihood of this will relate to the ratio
between d and the dimensions of the space Here, it
issimply assumed that it isvery low.

6.2 Exclusion and maxPI

As a support threshold can prune low frequency
corfident rules, a maxima participation threshold
can prune confident rules with low participation.

While maxPl will return the mmplete set of items
that satisfy both thresholds of maxPl and the
minimum confidence, there may be the @se such
that a high confidence rule will not have ahigh
corresponding maxima participation index. For

example, in figue 1, C(AB,C) = 1 while
maxPI(AB,C) = 2/3.

An improved measure of participation includes the
atypical excluson of an item. We posit that by
including the dsence of items, we may discover a
more robust measure for a participation index
measure. In figure 1, maxPI(AB,C-D) = 1,
indicating that {A,B,C} is a strong co-location in
that it atypicaly excludesD.

Whether or not such a measure is appropriate will
depend on the naure of the phenomena the
respective features represent.

7 A Representation of Spatial
Datafor Mining Complex
Relationships

In this sction we propose ad test one simple
representation of spatia data that fecilitates the
efficient mining of complex relationships.

7.1 Mining complex relationships
using the maximal participation
index

In terms of the steps in the problem definition, the
steps taken are:

1. Generate dl positive diques in a
transactional representation. To every
cligue we ald features representing the
absence of items and the presence of
multiple items. (An example of this
applied to the data in figure 1 / table 1 is
givenintable 3).

2. Apply the maxPl dgorithm to the
transactions, as described in section 4,
automatically pruning trivial/nonsensical
collocations sich as A- —A and A+ - A
(For an anadysis of the dficiency and
application across different spatial data
sets, see Huang et d (2003)). Return a set
of co-locations and their confidences.
(Example results of different relationship
typesfrom figure 1 are given in table 4).

3. Cdculate the dgnificance of the
confidences of the mined reationships,
with respect to their significance, as
described in section 6.1.



No Clique
i Ci, Dy, -A,-B
ii. Cs, D1, —-A,-B

iii. GCs, Cs,—A,—B,-D, C+
iv. A4, Dy, Ds, B, -C, D+
V. As, C3, D3, B
Vi. As, D3, Dg, B, —C, D+
Vii. A1, By, G, -D
Viii. | By, Dgy,—A,-C
iX. Az, D4, —B,-C
X. As, B3, C4 -D

Table3: Cliquesin figure 1 with added features
representing absent features (negative items), and the
presence of multipleitems.

Type Features Conf | MaxPI
Postive | A,B - C 1 2/3
Self-coll | D — D+ 3/5 1
Self-excd | A - A+ 0 n/a
ggﬁ;c" A-D+ |25 |1
Multi-

festure- | C - -A 12 3/4
excl

Complex | A,-B - D+ |1 1

Table 4: Relationship confidences in figure 1.

7.2 Test Sets

Data sets were crested similar to those described in
Agawa et ad (1994), but with the specific
properties of spatia data, such the occurrence of a
single item in many cliques, the occurrence of
many items representing a single feature in ore
cligue, and large variations in the rdative
frequency of items.

Set condituency was varied according to
sparseness, the number of features, and the number
of items. The mining o reationships was varied
according to the participation and confidence
thresholds. A comprehensve sat of tests
corresponding was compl eted across
approximately different 100,000 set/parameter
combinations. A summary of results is given
below.

7.3 Results

Tegting was undertaken to compare the dficiency
of mining complex relationships to the mining o
simple relationships with maxPl, and to investigate
the relative frequencies of the different relationship

types.
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Figure 8: Therelative efficiency of mining simpleand
complex co-locations.

Efficiency:

As Figure 8 shows, the ratio of rules generated to
confident rules found is typicaly more dficient for
the mining o complex rules, especialy when the
datais garse. That the mining of complex rulesin
dense data is in al cases more dficient is due the
automatic pruning o trivial/nonsensica
collocations, as described above. Although it was
never the case here, we do not rule out the
possibility of the eistence of a sat such that the
mining of simple relationships is more dficient
than the mining of complex relationships.

The results in Figure 8 are the average ratios for
approximately 10,000 randomly generated data
sets, varied according to the average likelihood o
a feature occurring in a given clique, given by the
sparseness/density measure on the x-axis. The
maxima participation index and confidence were
held constant a& 0.6 and 0.8, respedively. Varying
the maximal participation index had little impact
on the respective ratios. Varying the nfidence
threshold varied the scale of ratio, but did na
affect the scde of the two digributions with
respect to each other.

A constant maintained across the generation o all
sets were the inclusion d skews in the data such
as. ‘the probability of C appearing in a clique
increases by 0.15 if A and B are present’. These
were origindly generated randomly, than



maintained as averages about which al random
sets were created. It is the interaction of such
skews with the various thresholds that cause the
unevenness in distributions in Figure 8.
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Figure 9: Therelative frequency of different
relationship types

Frequency of reationship types:

The results in Figure 9 ae averages for
approximately 1000 sets, each with 10 features.
The number of features is the most sensitive
variable in the relative frequencies, due to the fact
that there is the possibility of exponentially more
exclusve and therefore mmplex sets with respect
to the number of features in a dique, as discussed
in section 5.

Typicaly, the number of complex relationships
found was greder than but correlated with the
other relationship types found. As Figure 9 shows,
the number of complex reationships a a given
corfidence threshold was endtive to the variance
in the number of the other relationship types.

Self-exclusion and sdf-co-location were modeled
together in Figure 9 emphasize the mmplementary
relationship between the two, as described in
section 5.3. This is reveded in the crresponding
seepness of the graph for sdf-exclusion/co-
location at confidence < 0.3 and confidence> 0.7.

74 Thelimitationsand strengths of the
representation

There ae, of course, representaional issues with

any type of data. With market-basket transactions,

there is aloss of information due to the granularity

of the feature representation. For example, the

well-known ‘diapers — beer’ rule is a marser

granularity than mining specific types/brands of
beer, but finer than mining simply ‘diapers -
alcoholic drink'.

Limitation 1: in oneto-many reaionships, this
model doesn't capture interesting ranges or
distributions in the ‘many’. This is a task better
suited for a mixture modder, or the techniques
described in Brin et a (2003).

Limitation 2: as pointed ou in Shekhar and
Chawla (2003), the cost of fully transcribing
spatia data into a transactiona representation can,
in some cases, be more expensive than the mining
of the @-locations themselves. As a full
representation is necessary to accurately add the
cliques with features representing absent and
multiple items, a solution to this in the arrent
representation may be problematic.

Limitation 3: as is typica in spatid daa, it is
assumed the number of feaures is unbounded.
Where this is not the case, there would be
problems in adding features representing the
absenceof items.

Strength 1: The most obvious grength of this
representation is that, currently, it is the only
model that alows the mining o complex
relationshipsin spatid data.

Strength 2: A magor srength o a transactional
representation of spatiad data not explored here is
that it may be combined with non-spatial data. The
addition d non-spatid data to the representation
described here would be uncompli cated.

8 Conclusions/ Future Work

We have defined the concept of complex
relationshipsin spatid data.

We have described how, even in transactiona
representations, spatiad data is fundamentdly
different from other forms of data, making the
need to mine complex relationships of inherent
interest.

We have demondrated that even when simple
relationships are the god of mining spatia data,
the mining of complex relationships is necessary
for deermining the significance of those
relationships, and how the knowledge of complex
relationships can lead to an improved measure of
confidence for simple relationships.

We have implemented and demonstrated a
transactional representation o spatid data that
adlows the dficient mining of complex
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reationships, and discussed its limitations and
strengths.

8.1 FutureWork:

Apart from invedtigating improvements to the
representation to address the limitations mentioned
in 7.4, there aeseverd future directions evident:

1. The potentid use of other mining
algorithms with the representation.

2. The cmmbination d complex relationships
with non-spatia features.

3. The @plication to other types of datawith
a gspatid component, such as gatio-
tempord data axd to a lesser extent
natura language and biological sysems.
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