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Spatial Data Mining (SDM)

? The processof discovering

2 interesting,useful,non-trivial patterns
 from large spatial datasets

? Spatial patterns

> Spatial outlier, discontinuities
{ bad traxc sensorson highways (DOT)
2 Location prediction models
{ model to identify habitat of endangeredspecies
> Spatial clusters
{ crime hot-spots (NIJ), cancerclusters(CDC)
> Co-location patterns

{ predator-prey species,symbiosis
{ Dental health and °uoride
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Lo cation As Attribute

? Location as attribute in spatial data mining

? What valueis location as an explanatory variable?

: most events are assaiated with spaceand time
2 surrogatevariable
2 critical to data analysesfor many application domains

{ physical science
{ sacial science
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Example Spatial Pattern: Spatial Cluster

? The 1854 Asiatic Cholerain London

@ Pump sites
i Deaths from cholera
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Example Spatial Pattern: Spatial Outliers
amd Predictiv e Mo dels

? Spatial Outliers

Average Traffic Volume(Time v.s. Station)
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Example Spatial Pattern: Co-lo cations
(bac kup)

? Given:

= A collection of di®eren typesof spatial everts

? lllustration

? Find: Co-located subsetsof event types
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Application Domains

? Spatial data mining is usedin

> NASA Earth ObservingSystem(EOS): Earth sciencedata
National Inst. of Justice: crime mapping

N

N

CensusBureau, Dept. of Commerce:censusdata

N

Dept. of Transportation (DOT): traxc data

N

National Inst. of Health(NIH): cancerclusters

? SampleGlobal Questionsfrom Earth Science

: How is the global Earth systemchanging?
: What are the primary forcingsof the Earth system?

: How doesthe Earth systemrespond to natural and human-
included changes?

: What arethe consequencesf changesn the Earth system
for human civilization?

= How well can we predict future changesin the Earth sys-
tem
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Example of Application Domains

? SamplelLocal Questionsfrom Epidemiology[TerraSeer]

: What's overall pattern of colorectalcancer?

2 |s there clustering of high colorectalcancerincidenceany-
wherein the study area?

= Where is colorectal cancerrisk signi cantly elevated?

> Where are zonesof rapid changein colorectal cancerinci-
dence?

Figure 1: Geographicdistribution of male colorectal cancerin Long Island, New York(in courtesy

of TerraSeer)
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Overview

? Spatial Data Mining

> Find interesting, potentially useful, non-trivial patterns
from spatial data

? Componerts of Data Mining:

2 [nput: table with many columns,domain(column)
> Statistical Foundation
» Qutput: patterns and interest measures

{ e.g.,predictive models, clusters, outliers, asseiations

: Computational process:algorithms
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Spatial Slicing

? Spatial heterogeneny

» \Second law of geograply"[M. Goodchild, UCGIS 2003]
> Global model might be inconsistart with regional models

{ spatial Simpson'sParadax

(a) Global Model (b) Regional Models

? Spatial Slicing
2 Slicing inputs canimprove the e®ectienessof SDM

2 Slicing output canillustrate support regionsof a pattern

{ e.g.,assaiation rule with support map
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General Approac hes in SDM

? Materializing spatial features

2 e.(g., Spatial ass&iation rule mining[Koperski, Han, 1995]
: commercialtools: e.qg.,Arc/Info family

? Spatial slicing

2 e.g.,assaiation rule with support map[P. Tan et al]
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Figure 2: Asscciation rule with support map(FPAR-high | NPP-high)

: commercialtools: e.g.,Matlab, SAS, R, Splus

? Customizedspatial techniques

> e.9., MRF-basedBayesianClassi er
: commercialtools

{ e.g.,Splusspatial/R spatial/terraseer + customizedcodes
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Overview

)y Input
? Statistical Foundation
? Output

? Computational process
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Overview of Input

? Data

> Table with many columns(attributes)

tid | f1 | fo |10 fn

Table 1: Example of Input Table

{ e.g.,tid: tuple id; f;: attributes
» Spatial attribute: geographicallyreferenced
: Non-spatial attribute: traditional

? RelationshipsamongData
> Non-spatial
» Spatial
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Data in Spatial Data Mining

? Non-spatial Information

: Sameasdata in traditional data mining
> Numerical, categorical,ordinal, boolean, etc
2 e.g., City name, city population

? Spatial Information

: Spatial attribute: geographicallyreferenced

{ Neighborhood and externt
{ Location, e.qg.,longitude, latitude, eleation

: Spatial data represemations

{ Raster: gridded space
{ Vector: point, line, polygon
{ Graph: node, edge,path

Figure 3: Raster and Vector Data for UMN Campus (in courtesy of UMN, MapQuest)
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Relationships on Data in Spatial Data Mining

? Relationshipson non-spatial data
= Explicit
= Arithmetic, ranking(ordering), etc.

> Object is_instanceof a class,classis a subclassof another
class, object is part_of another object, object is a mem-
bership.of a set

? Relationshipson Spatial Data
> Many are implicit
» Relationship Categories
{ Set-orierted: union, intersection,and menbership, etc
{ Topological: meet, within, overlap, etc
{ Directional: North, NE, left, above, behind, etc
{ Metric: e.g.,Euclidean: distance,area, perimeter

{ Dynamic: update, create, destroy, etc
{ Shape-basedand visibility

= Granularity

Granularity Elevation Example Road Example
local elewation on_road?
focal slope adjacern _to_road?
zonal highest ele\ation in a zone| distanceto nearestroad

Table 2: Examples of Granularity
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Mining Implicit Spatial Relationships

? Choices:

: Materialize spatial info + classicaldata mining
» Customizedspatial data mining techniques

Relationships Materialization Customized SDM Ted.
Topological | Neighbor, Inside, Outside | Classical Data Mining NEM, co-location
Euclidean Distance, can be used K-means
density DBSCAN
Directional North, Left, Above Clustering on sphere
Others Shape, visibilit y

Table 3: Mining Implicit Spatial Relationships

? What spatial info is to be materialized?

> Distance measure;

{ Point: Euclidean
{ Extended objects: bu®er-based
{ Graph: shortestpath

 Transactions:i.e., spacepartitions

{ Circles certered at referencefeatures
{ Gridded cells

{ Min-cut partitions

{ Voronoi diagram
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Overview

P Input
y  Statistical Foundation
? Output

? Computational process
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Statistics in Spatial Data Mining

? ClassicalData Mining

: Learning samplesare independerily distributed
 Cross-correlationmeasuresg.g., A%, Pearson

? Spatial Data Mining

2 Learning sampleare not indep endent
= Spatial Auto correlation

{ Measures:

o distance-based(e.g K-function)
o neighbor-based(e.g.Moran's I)

= Spatial Cross-Correlation
{ Measures:distance-basedege.g., crossK-function

» Spatial Heterogeneiy
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Overview of Statistical Foundation

? Spatial Statistics[Cressie 1991]

> Geostatistics

{ Continuous
{ Variogram: measurehow similarity decreasesvith distance
{ Spatial prediction: spatial autocorrelation

> Lattice-basedstatistics

{ Discretelocation, neighbor relationship graph
{ Spatial Gaussianmodels

= Conditionally speci ed spatial Gaussianmodel
= Simultaneously speci ed spatial Gaussianmodel

{ Markov Random Fields, Spatial Autoregressive Model
2 Point process

( Discrete
{ Completespatial randomnesqCSR): Poissonprocessn space
{ K-function: test of CSR

Point Process| Lattice | Geostatistics
p P
raster
. p p P
vector  point
. P
line
p P
polygon
graph

Table 4: Data Typesand Statistical Models
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Spatial Auto correlation(SA)

? First Law of Geograply

: "All things arerelated, but nearby things are morerelated
than distant things. [Tobler, 1970]"

(a) Pixel property with independert iden- (b) Vegetation Durabilit y with SA

tical distribution

Figure 4: Spatial Randomnessvs. Auto correlation

? Spatial autocorrelation

> Nearby things are more similar than distant things
> Traditional i.i.d. assumptionis not valid

> Measures:K-function, Moran's |, Variogram, ¢¢¢

What's Special About Spatial Data Mining?
19

%



Spatial Auto correlation: Distance-based
Measure

K-function De nition:

> Testagainstrandomnesdor point pattern

. K (h) = . E[number of evernts within distance h of an
arbitrary even]

{ , Isintensity of evernt
: Modeldeparturefrom randomnessn awide rangeof scales

Inference
> For Poissoncompletespatial randomness(csr)K (h) = ¥h?
: Plot Khat(h) againsth, compareto Poissoncsr

{ > cluster
{ <: decluster/regularity
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Spatial Auto correlation: Topological Measure

? Moran's | MeasureDe nition:

zZW zt
zzt

MI =

2 Zz=1X1j % Xni %9
{ Xj . data values

{ ¥: meanof x
{ N: number of data

: W: the contiguity matrix

? Rangesbetween-1 and +1

2 higher positive value) high SA, Cluster, Attract

N

lower negative value) interspersed,de-clustered,repel

N

e.g., spatial randomness Ml = 0

N

e.g., distribution of vegetationdurability y Ml = 0.7
e.g.,cheker board) Ml = -1

N
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Cross-Correlation

? CrossK-Function De nition

= Kjj(h) =, ] 'E [number of typej evert within distanceh
of a randomly chosentypei ewert]

> CrossK-function of somepair of spatial feature types
: Example

{ Which pairs are frequerily co-located?
{ Statistical signi cance

Co-location Patterns - Sample Data
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Figure 5: Example Data (o and * ; x and +)
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lllustration of Cross-Correlation

? lllustration of CrossK-Function for Example Data

Cross-K function of pairs of spatial features
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Figure 6: CrossK-function for Example Data
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Overview

P Input
P Statistical Foundation
y Output

? Computational process
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Overview of Data Mining Output

? SupervisedLearning: Prediction

> Classi cation
> Trend

? UnsupervisedLearning:

2 Clustering
> Qutlier Detection
> Asscciation

? Input Data Typesvs. Output Patterns

Patterns | Point frocess LaEice Geostatistics
Prediction v v
Trend P
Clustering P P
Ouitliers P P P
Asscaiations P P

Table 5: Output Patterns vs. Statistical Models

What's Special About Spatial Data Mining?
25

%



lllustrativ e Application
Prediction (Bac kup)

to Location

Nest sites for 1995 Darr location

Vegetation distribution across the marshland

0 T T T T T T T 0 ' ' ' ! '
.
rrrrrr 10
10 #
20
20 J
30
HETEHE j 0
401 S Marsh land 50
R X Nest sites 60
50
70
60 1
777777 80
70 g I I
20 40 60 80 100 120 140 160
""" nz =5372
80 CHEEESEEEEESS 8= 00 C GeHSpHRn J
L L
0 20 40 60 80 100 120 140 160 I I I I I I I I
nz=85 10 20 30 40 50 60 70 80 20
(@) Nest Locations (b) Vegetation
Water depth variation across marshland Distance to open water
0 T T T 0 T T T
10 F 10 &
20 T 20 T
30 T 30 T
40 T 40 T
50 T 50 T
60 T 60 T
70 T 70 T
80 B 80 b
I I I I
0 20 40 60 80 100 120 140 160 0 20 40 60 80 100 120 140 160
nz =5372 nz =5372
0 10 20 30 40 50 60 70 80 90 0 10 20 30 40 50 60

(c) Water Depth

(d) Distance to Open Water
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Prediction and Trend

? Prediction
: Continuous: trend, e.g., regression
{ Location aware: spatial autoregressie model(SAR)
> Discrete: classi cation, e.g., Bayesianclassi er

{ Location aware: Markov random elds(MRF)

Classical Spatial
y=X +2 y=YW+ X +2
: — Pr(XjCy)Pr(C; N - — Pr(g)ePr(X;Cynij
Pr(Cijx) = PHEAHE) | Pr(gjX; Cy) = FreleiEionia)

Table 6: Prediction Models

2 e.g.,ROC curve for SAR and regression

ROC Curve for learning data(Darr 95) ROC Curve for testing data(Stubble marshland 1995)
1 e

o
T

Truth Positive Rate
s o
Truth Positive Rate
o
o
T

- — — Classical Regression ~ 7 7~ Classical Regression
Spatial Regression

Spatial Regression
| |

. . . . . .

. . . . . . . . .

o 0.1 0.2 0.3 0.4 0.5 0.6 0.7 08 0.9 1 ° 01 02 03 04 o5 o6 o7 os os
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(e) ROC curvesfor learning (f) ROC curvesfor testing

Figure 7: (a) Comparison of the classicalregressionmodel with the spatial autoregressionmodel

on the Darr learning data. (b) Comparison of the models on the Stubble testing data.

What's Special About Spatial Data Mining?
27



Prediction and Trend

? Open Problems

: Estimate W for SAR
: Spatial interest measure:e.g.,avg dist(actual, predicted)

=] Legend
A PP A PlA ® = nest location
Plp A = actual nest in pixel
< P = predicted nest in pixel
A A A A A A
(a) (b) (©) (d)

Figure 8: An exampleshawving di®eren predictions: (a)The actual sites, (b)Pixels with actual sites,

(c)Prediction 1, (d)Prediction 2. Prediction 2 is spatially more accurate than 1.
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Clustering

? Clustering: Find groupsof tuples

? Statistical Signi cance

» Complete spatial randomnessgcluster, and decluster

Figure 10: Classical Clustering

Data is of Complete Data is of

L Decluster Patterr

—

Spatial Randomness

Figure 11: Spatial Clustering
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Clustering

? Similarity Measures

> Non-spatial: e.g.,soundex
: Classicalclustering: Euclidean, metric, graph-based
> Topological: neighborho od EM
{ Implicitly basedon locations
2 Interest measure:

{ spatial cortinuity

{ cartographic generalization

{ unusual density

{ keepnearestneighborsin commoncluster
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OQutlier Detection

Spatial Outlier Detection

> Finding anomaloustuples
» Global and spatial outlier
» Detection Approaches

{ Graph-basedoutlier detection: variogram, moran scatter plot
{ Quartitativ e outlier detection: scatter plot, and z-score

Location-avareness

2 All tuples/No tuple: classical

: Sometuple: locations for neighborhood and non-spatial
attributes for di®erenceest

Original Data Points Average Traffic Volume(Time v.s. Station)
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(a) Outliers in Example Data (b) Outliers in Tratc Data
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ASSso ciation

? Assciation
> Domain(f;) = union ¢ any, domain (f;)g
 Finding frequert itemsetsfrom f;
= Co-location

{ E®ectof transactionizing: loss of info
{ Alternativ e: usespatial join, statistics

Figure 12: Di®erernt Transactionizing Sthemes

? Location-avareness

2 All tuples: co-location mining
= No tuple: classicalassaiation rule mining
: Sometuple: future work
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Output

Patterns

? Output Patterns vs. Input

Vector Data
SDM Tedniques | Point | Line | Polygon | Raster Data
classi cation P - P P
assiation P - P
clustering P - P
outlier detection P P

Table 7: Output Patterns vs. Input

? Output Patterns vs. Interest Measures

Traditional Non-spatial Spatial Mixture
Predictive Classi cation accuracy Spatial accuracy e.g., avg | Future Work
Model dist(actual site, predicted site)
Cluster Low coupling and high cohe-| Spatial continuity, unusual | Future Work
sionin feature space density, cartographic general-
ization
Outlier Di®erert from population or | Geographically distant from | Signi cant at-
neighbors in feature space neighbors tribute discon-
tinuity in geo-
graphic space
Asscciation | Subsetprevalence, Cligue prevalence Future Work
PrB2TjA2T], Pr(B2 N(L)jAatL]
Correlation: e.g., CrossK-Function

Table 8: Output Patterns vs. Interest Measures
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Output

Patterns vs. Location Aw areness

? Output Patterns vs. Location Awareness

> No awareness:no location info

 Total awareness:location info available for all tuples

: Partial awareness:location info missingfor sometuples

No Awareness Total Awareness Partial
Awareness
Prediction | Decisiontree, nearestneighbor, | kriging, MRF Bayesian classi-| future work
Bayesianclassi er, neural net- | er, self-organizingmap, spa-
work, regression tial autoregressie model
Clustering | EM in feature space,k-means,| Neighborhood EM future work
density-based,graph-based
Outliers Neighbor def: feature domain | Neighbor def: geographicdo- | future work
main
Di®erencetest def: feature do- | Di®erencetest def: feature do-
main main
Assciation | Asscciation rules Co-location future work

Table 9: Output vs. Location Awareness
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Overview

P Input
P Statistical Foundation
P Output

y Computational process
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Computational Pro cess

? Most algorithmic strategiesare applicable

? Algorithmic Strategiesin Spatial Data Mining:

Classical Algorithms Algorithmic Strategiesin SDM Commerts
Divide-and-Conquer SpacePartitioning possible info

loss
Filter-and-Re ne Minim um-Bounding-Rectangle(MBR), Predi-

cate Approximation
Ordering Plane Sweeping, SpaceFilling Curves possible info

loss

Hierarchical Structures | Spatial Index, Tree Matching

Parameter Estimation Parameter estimation with spatial autocorre-

lation

Table 10: Algorithmic Strategiesin Spatial Data Mining

? Challenges
» Doesspatial domain provide computational exciency?

{ Low dimensionality: 2-3
{ Spatial autocorrelation
{ Spatial indexing methods

> Generalizeto solve spatial problems

{ Linear regressionvs SAR

o Continuity matrix W is assumedknown for SAR, howeer,
estimation of anisotropic W is non-trivial

{ Spatial outlier detection: spatial join
{ Co-location: bunch of joins
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Example of Computational Pro cess

? Teleconnection

: Find locations with climate correlation over p

{ e.g.,El Nino a®ectsglobal climate

Figure 13: Global In°uence of El Nino during the Northern HemisphereWinter(D: Dry;
W:Warm; R:Rainfall)

? Challenge: high dim(e.g., 600) feature space

? Computational Exciency ldea

> Obsenation: Spatial autocorrelation
: Spatial indexing to organizelocations

{ Top-down tree traversalis a strong Tter
{ Spatial join query: Tter-and-re ne
= 50 year long monthly data on 67k land locationsand 100k
oceanlocations

o save 40%to 98% computational costat p= 0.3to 0.9
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Summary

? What's Special About Spatial Data Mining?

2 |nput Data

> Statistical Foundation

2 Qutput Patterns

: Computational Process

ClassicalDM Spatial DM
Input All explicit, simple types | often Implicit relationships, complex types
Stat Foundation Independenceof samples spatial autocorrelation
Output Interest Measures: set-based Location-awareness
Computational Process| Combinatorial optimization Computational exciency opportunity

Spatial autocorrelation, plane-sweeping

Numerical alg. New complexity: SAR, co-location mining

Estimation of anisotropic W is nontrivial

? A Hard Problem:
> Estimate W besideszand ~ fory = %2\Wy + X + 2

y

Table 11: Summary of Spatial Data Mining

r W Yy X b e
= + D +
nx n nx1 nNxXxmmx1 nx1

%
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Research Needs

? Researt Issues:

» ClassicalDM techiquesvs. SDM techniques

> Statistical interpretation modelsfor spatial patterns
{ e.g.,co-location and Ripley's K-function

: Spatial interest measures:e.g., spatial accuracy

N

Modeling semartically rich spatial properties
Visualization

N

N

Improving computational exciency

N

Preprocessing
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