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Abstract

We proposea measue, Spatial Local Outlier Measue
(SLOM) which capturesthe local behaviourof datumin
their spatial neighborhood. With the help of SLOM we
are able to discernlocal spatial outliers which are usu-
ally missedby global techniqueslike “thr ee standad de-
viationsaway from the mean”. Furthermoe the measue
takesinto accountthe local stability around a data point
and supiesseghe reporting of outliers in highly unstable
areas,whele data is too heteogeneousand the notion of
outliers is not meaningful. We prove several propertiesof
SLOM and report experimentson syntheticand real data
setswhich showthat our approad is novel and scalableto
large datasets.

1 Intr oduction and RelatedWork

Of all the data mining techniques,outlier detection
seemglosestothede nition of “discoveringnuggetsf in-
formation”in large databasesWhenanoutlier is detected,
anddeterminedo begenuinejt canprovide insightswhich
canradically changeour understandingf the underlying
processWe give a historicalexampleof how thediscovery
of outliersled to a betterunderstandingind predictionof
globalweathempatternsknown askEl NifioandLa Nifa.

In theearly 1900s Sir Gilbert Walker, a British meterol-
ogistdiscoveredthatextremevariationsin surfacepressure
overthe equatorcloseto Australiaarecorrelatedvith mon-
soonrainfall and droughtin India and other parts of the
world. This variationis capturedin a measure which is
now calledthe SouthernOsscillationindex (SOI). The SOI
is de ned asthe normalizedsurfaceair pressuraifference
betweenthe islandsof Tahiti and Darwin, Australia. As
shawvn in theuppergraphin Figure 1(Reprintedrom [6]),
whenthe SOI index attainsoutlier values,i.e., whenit is
two or more standarddeviations away from the mean,the
seasurfacetemperatureover the Paci ¢ Oceanalsorises
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andfalls sharply (lower graph). Thusa SOl of two stan-
darddeviationsbelon themeancorrespondso arisein sur

facetemperatureand is known asEl Nifio. The opposite
phenomenori,e.,whenSOlis two or morestandardievia-

tionsabove the meanwhich correspondso afall in surface
temperatures known asLa Nifia. Notice how in 1998the
seasurfacetemperatureéeachednorethan3 degreesabove

normalandthatwasoneof mostdramaticEl Nifio yearsin

recordechistory. Also noticethattherelationshipbetween
SOl andEl Nifio is sharperthanthat betweenSOIl andLa

Nifa.
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Figure 1. The relationship between the South-

ern Oscillation Index(SOIl) and sea surface
temperature .  High tempeature anomolies
correspond to EI Nifio and low to La Nifia. The
relationship was disco vered by Sir Gilbert
Walker and clearly shows how outlier detec-
tion can provide penetrating insights about
the underl ying phenomenon, global weather
patterns in this case [6]



Thusanautomatedr partially-automatedystenof out-
lier detectioncan sene as a trigger for unlocking secrets
aboutthe underlyingprocessvhich hasgeneratedhe data.

Theclassicde nition of anoutlieris dueto Hawkins [2]
whode nes”an outlier is an observatiorwhich deviatesso
mud fromotherobservationgsto arousesuspicionghatit
wasgenertedby a diferrentmedianism” Severaldifferent
approache$hasbeentaken in orderto operationalizethis
de nition. For example,it is standardo usevariationsof
the Chebyshe'sinequality

where and arethemeanandvarianceof arandomvari-
able  which modelsthe underlyingmechanism. When
additionalinformationis available, like the distributional
assumptionof , this inequality can be sharpened.For
example,when follows a normaldistribution, it canbe
shavnthat99.7%of thedatalies betweerthreestandardie-
viations,asopposedo 88.8%givenby the generalCheby-
she/'sinequality

Knorr andNg [3] werethe rst to proposethe de nition
of distance-basedutlier, which was free of ary distribu-
tional assumptiongndwasreadily generalizabléo multi-
dimensionadataset.They gave the following de nition of

outlier: “Anobjecto in adatasefT is a DB(p,D)-
outlier if at least fraction of the objectsin  lie at a
greaterdistancethanD fromo.”

The authorsproved that this de nition generalizedhe
folk de nition of outliers "three standarddeviations away
from the mean”. For example,if the datasefl is generated
from anormaldistribution, with mean andstandardievi-
ation ,andt Tissuchthat— ,thentisa
outlierwith and . Similar extensions
wereshown for otherwell-known distributionincludingthe
Possion.

For spatial data, both statisticaland data mining ap-
proachedave to bemodi ed becaus®f thequalitative dif-
ferencebetweerspatialandnon-spatialimensionsTheat-
tributeswhich comprisethenon-spatiatlimensionsntrinsi-
cally characteriz¢hedatawhile the spatialdimensiongro-
vide a locationalindex to the objectand are not instrinsic
to the object. However, the physicalneighborhoodlaysa
veryimportantrole in analysisof spatialdata.For example,
in Figure 2 thedatavalue indexedatlocation isan
outlierhoweverthe samevalue indexedat isnotan
outlier.

Shekharet al. [7] proposedthe following de nition of
spatialoutlier: “A spatial outlier is a spatially refeenced
objectwhosenon-spatialattribute valuesare signi cantly
differentfromthoseof other spatially refeencedobjectsin
its spatialneighborhood.

A spatialneighborhoodnay be de ned basedon spatial
attributes,e.qg.,location,usingspatialrelationshipsuchas

distanceor adjaceng. Comparisonbetweenspatiallyref-
erencedbjectsarebasedn non-spatiahttributes.

Therearetwo typesof spatialoutlier: multi-dimensional
space-basedutliers and graph-basedutliers. The only
differencebetweenthemis that they usedifferent spatial
neighborhoodde nitions. Multi-dimensionalspace-based
outliersuseEuclideandistancego de ne spatialneighbor
hoodswhile graph-basedutliersusegraphconnectvity.

Thusgivena function de ned on a spatialgrid , a
naturalapproachs to transform into suchthat
, where is the spatial
neighborhoof . Now, a Chebyshe inequalitylike ap-
proach,canbe undertalenin orderto identify thosepoints
whicharecandidateoutliers.Indeedthisis the stateof the
art [9, §, 4, 5].

However theapproactof usinga statisticaltestis useful
for discovering global outliers but may not be ableto dis-
coverlocal outlierswhich arelik ely to be of moreinterest.
For example,againconsiderthe datavalue indexedatlo-
cation in Figure 2. Clearlythis pointis alocal outlier
asit is forms a local maximain its neigborhoochowever
thevalue is notaglobaloutlierin the sensehatevenaf-
tertransformatiorit still is within threestandardieviations
from themean.

Thusclearlyanapproachs neededvhich canef ciently
capturespatiallocal outliers. In fact our methodwill go
further and associatea SLOM scorewith eachdatapoint.
TheSLOM de nesthe“degreeof outlierness’of eachpoint
very muchalongthelinesproposedy Breuniget. al. [1].
However besideghe qualitative differencebetweerspatial
andnon-spatiabttributes,spatialdataexhibits spatialauto-
correlation(non-independenca@ndheteroscedasticity(non-
constantvariance)both of which must be factoredinto
SLOM.

1.1 ProblemDe nition

Given: A large spatial databasewith multi-dimensional
non-spatiahttributes.

Design: A measurevhich assigns “degreeof outlierness”
to eachelementin thedatabase.

Constraints:

Spatial autocorrelation : Thevalueof eachelementn the
databasés affectedby its spatialneighbors.

Spatial Heteroscedasticity Thevarianceof thedatais not
uniform andis afunctionof the spatiallocation.

Togetherthesetwo constraintdmply thatthellD (Iden-
tical and IndependenDistribution) assumptioncannotbe
assumedo holdin thecontext of spatialdata.
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Figure 2. Original data matrix

1.2 Keylnsights and Contrib utions

The rst insightwhich guidesour approacttanbede-
scribedwith the help of an example. Considerthe
cell with value indexed at location in Figure
2. Clearlyin the local neighborhood, is anoutlier.
An obviousway to capturetherelationshipbetweera
point andits neighbords to de ne ameasure  for
eachpoint as

where is ade nition of (euclidean)istance
betweenthe non-spatialcomponentof and and
aretheneighboringpointsof .

In Figure 2, thevalueof is for object located
at . However, for a point in the neighborhood
of , which is not an outlier, the in uence of can
overwhelm 's relationshipwith its other neighbors.
In orderto factorout the effectof on , amodi ed

measure, isde nedasfollows.

First, de ne
asthemaximumnon-spatiatlistancebetween andits
neighborsThende ne

Now notice that for the point  (location (8,1))
in Figure 2, but for points in the

5 units ; ¢ 5units
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Figure 3. Both (a) and (b) have the same
value however the the values in (a) is higher
than (b) because of the instability around (b)

neighborhood of this point:

Thus the advantageof using insteadof is

thatif is anoutlier, then suppressethe effect of
in its neighborhoodr in otherwords stretcheghe

differencebetweeranoutlier andits neighbors.

Thus stretchesthe differ encebetweenan outlier
and its neighborscomparedto

Thede nition of is similarto thatof timmedmean
wherea certain percentagef the largestand small-
estvaluesaroundthe meanare removed [10]. The
trimmedmeanis lesssensitve to outlierslik e the me-
dian but retainssomeof the averagingbehaior of the
mean.

The secondinsight that underpinsour approachis
that outlierswhich are in unstableareasshouldhave
lower precedencéhanoutliersin stableareas.Stabil-
ity aroundapoint canbecapturedisingthevariance,
however we have useda statisticwhich canbe deter
ministically bounded.In particularwe have de ned a
statistic  which captureshe net oscillation with re-
spectto the averagevaluearound (detailsin Section
2). For example,Figure 3 shavstheplot of around
thepoint . For boththe gures is the samebut
in Figure 3(a)is higherthanFigure 3(b).

Another novel contribution of our work is related
to systemintegration. All the spatial data remain
databasen-situ. We managethis by exploiting the

growing list of spatialfeaturesthat are now standard
featuresin commercialdatabasesystemssuchas Or-

acle9i. In particular we use R-treesto accessthe
databasendspatialsql to retrieve databasedon spa-
tial relationships.

Therestof thepapeiis asfollows. In Section?, weintro-
duceaseriesof de nitions whichwill culminatein thede -
nition of the SpatialLocal Outlier Measurg SLOM). Along
thewaywewill explainhow eachcomponenbf SLOM ad-
dressspatialautocorrelatiorandheteroscedasticityn Sec-



tion 3, we analyzethe compleity of our methodand de-

scribetwo databasstrateyiesto ef ciently interactwith the

databasén orderto reducethel/O overhead.n Section4,

we reportthe resultsof our experimentson synthethicand
real datasets. In Section5, we concludewith a summary
anddirectionsfor futurework.

2 De nitions

We now formally de ne SLOM andprove seseral prop-
erties.Recallthatourobjectieis to designameasuravhich
can captureboth spatialautocorrelatiorand heteroscedas-
ticity (non-constantariance). We have alreadyde ned
in Sectionl which factorsout the effect of spatialautocor
relationandnow de ne  which penalizesfor oscillating
behaior arounda potentialoutlier.

For an object , we can de ne its SLOM value as

, justlike the methodusedin [1]. However, this
de nition hastwo drawbacks.

1. First,oneextreme(small)valueof will resultin a

verylarge valueof anobject .

2. Second,it is possiblethat the value of is zero,

whichwill make thevalueof

We begin by quantifyingthe averageof a
borhood.

in its neigh-

Let denotehesetof all theobjectsin 'sneigh-

borhoodand itself and

Oscillatingparameter
For an object , if it haslarge value for and
small valuein 's neighborhoodthen this means
it is a good candidatefor an outlier. On the other
handeventhoughit may have the largestvaluein its
neighborhoodif all neighborsalsohave large values,
this meansthat inhabits an unstable(oscillating)
areasoit is apoorcandidatdor anoutlier. We de ne
a parameter , which can capturethe oscillation
of an area, which intuitively is the net number of
timesthe valuesaround are bigger or smallerthan
. We calculate using the following
pseudo-code.

1.
2. Foreach
if

elseif

3. Endfor
4., =
5 -
6

While steponeto four areself-explanatorywe explain
step5 and6. Therearetwo reasonswvhy we divide

by in step5. First,we needto correct
for boundarytermswherethe numberof neighborss
fewer thanthatin theinterior. The secondmotivation
is that for a local region like thatin Figure 2 where
the datavalue 8 at location is surrounded
by constantvalues, , thehighestvalue can
assume.

However, if we have stoppedat step5 then cannot
distinguishbetweerthe two casesshavn in Figure 3.
In orderto dothatwe divide by

. This allows usto penalizethe situationwhere
largevaluesof exist aroundthe point . Howeverin
orderto boundthistermwe haveto normalizetheorig-
inal datasothatthe maximumvaluethatdenominator
canassumeas ~, where is the dimensionality
of the non-spatiahttributes. Thusin Figure 3(a)and
(b)the valuesarel and0O.5respectiely.

We arereadyto de ne SLOM. Forapoint ,

A highvalueof SLOM indicatesthatthe pointis good
candidatdor anoutlier. The termis analogousgo the
expectationof the rst derivative of a smoothrandom
variable while the termis analogoudo the standard
deviation of the rst derivative of a smoothrandom
variable.

Lemmal For all _— ,
whee is thedimensionalityof the non-spatialattributes.

Proof: After step4 of computing , themaximumvalue

of is . Thishappensvhen is theonly

valuethatis greatethan(or smallerthan) . The

minimum value of is 0. After step5, the maximum

valueof becomed, andthe minimumvaluebecomes
. In step6, the maximumvalue of

is  andtheminimumvalueis 0. So, afterstep6,
themaximumvalueof becomed, andminimumvalue
becomes——M .

Lemma?2 For all SLOM(o)



Proof: The value of is between0 and , and
the value of is between—— and 1.

is theproductof and , Soits valuemust
bebetweerD and

3 Complexity Analysis

For distance-basedutlier detection [3] thekey stepis a
methodto searctor nearesheighborsThissearchmustbe
performedonthecompletedatasetindis the computational
bottleneckgspeciallyin high-dimensionaspace.

However, for spatial outlier detectionthe neighbor
hoodis de ned by it spatialinformation, which is usually
boundedby three dimensions. Here we can usea spatial
R-treeindex in orderto performthis stepef ciently .

Giventhatwehave objectsandeachobjecthasamax-
imumof spatialneighbors( for a2D grid), thecalcu-
lation of SLOM for the full datasetinvolvesthe following
steps.

1. The rst stepis to normalizethe nonspatiakttributes
to between . Herewe cantake adwantageof the
summarystatistics(min, max, avg) that are storedin
thedatabaseatalog.Thusthis stepcanbedonein one
databasepassand the computationalcostis ,
where is the numberof non-spatiadimensions.

2. To compute we needto nd the spatialneigh-
borsof eachobjectandcalculatethe distancebetween
them.The costof asinglek-NN queryusinganR-tree
is andthe costof computingthe nonspa-
tial distanceis . Thusthe cost of this stepis

3. After the computationof , we needto compute

. This involves anotherround of nearesteigh-

bor queriesfollowed by a summationto computethe

neighborhoodwerageof . The costof this stepis
thus

4. To computethe SLOM we multiply the and for
eachobject. Thecostis

5. Finally we sort the objectsby SLOM andreportthe
top-noutliersfor which the costis

6. Thus the nal cost of the whole operation is

While thespatialdimensionalityis boundedy three the
spatialpart of the datasetcan be quite large and compli-
cated especiallyif thespatialobjectsarecomplex polygons
(like the boundarief countries).Eventhoughthe R-tree
index canspeedup the processingf the nearesneighbor
search,nding the nearesheighborsis still a very time
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Figure 4. The matrix of the values of

consumingask. We have two optionsin orderto avoid ac-
cessingheoriginal spatialdatatwice (steps2 and3 above).

The rst optionis thatwe storethe neighborhoodnfor-
mationin mainmemorywhenwe compute . Then,when
computing we canaccesshisinformationfrom mem-
ory ratherthanthedatabaseTheprerequisitdor thisis that
the main memoryshouldbe large enoughto hold all rele-
vantinformation.

The secondoptionis thatwe usean R-treeindex to gen-
eratethe neighborhoodnformationandstoreit into a table
beforehand.Whencomputing and , we visit this table
insteadof the original tablethat storesthe spatialinforma-
tion. Sincespatialdataenjoys slow updateghisis avery at-
tractive optionandcanresultin hugesasingsin therunning
time aswe canamortizethe costof creatingthe neighbor
hoodtableover subsequerk-NN queries.

4 Experiments, Resultsand Analysis

We have carried out detailedexperimentson synthetic
andreal dataset#n orderto

1. TestwhetherSLOM canpick uplocal outliers andsu-
presshereportingof global outliersin unstableareas.
Intuitively a pointis a global outlier, if its determina-
tion, thatit is an outlier, dependsupona comparison
with all otherpointsin the dataset. A pointis classi-
ed asalocaloutlierif its determinatioris basedn a
comparsiorwith pointsin its neighborhood.

2. Comparethe SLOM approachwith the the family of



Position(SLZ method) | g(x) value(SLZ method)| Position(our method) | SLOM value
(0,7 24.0 (0,5) 0.4277
(0,5) 23.6 (2,5) 0.2479
(6,4) -23.0 0,7) 0.2061
(9,4) 22.6 (8,1 0.1739
(3,9) -22.0 (3,9) 0.1727

Table 1. Outlier s found by diff erent method on the same dataset
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Figure 5. The SLOM matrix
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Figure 6. Result from the SLZ method

methodgo discover spatialoutliersproposedn [9, 8,
4].

3. Testhow therunningtime changesswevarythenum-
berof nearesheighborsusedin theexperiments.

Oneof the strengthof our approachs thatthe dataal-
waysremainsdatabasn-sity, i.e.,we never have to extract
thedatafromthedatabas@to a at le in orderto carryout
the datamining exercise.In particularall the spatialk-NN
gueriesarecarriedout insidethe database.

We accomplishthis usingthe setof spatialfeatureshat
are increasinglybecominga standardcomponentn com-
mercial and opensourceDBMS like Oracleand Postgres
respectiely. In particularthesesystemsprovide an R-tree
structureto index spatialdataand also supportextensions
of SQL to formulatequerieswhich involve spatialrelation-
ships.We usedOracle9ito storeall spatialandnon-spatial
data.

In our experimentsall the spatialobjectsare polygons.
For an object , all the spatial objectsthat directly touch
its boundariesare de ned to be its neighbors.We usethe
following SQL statemento generatehe neighborhoodn-

formation:
select a.id,b.id

from spatiala, spatialb
where sdarelate(a.geom,tgeom,
'mask=touchquerytype=winda/')=" true'

In thetablespatial is aspecialcolumnthat
storesthe boundaryinformation of eachobject,and a R-
treeindex is createdbn it to speedup the processingf this
query

If the spatialobjectsare points, and the neighborhood
is de ned to bethe nearesheighbors,thenthe follow-
ing SQL statementanbeuseto generatéheneighborhood

information.
select a.id,b.id

from spatiala, spatialb
where sdann(a.geom,lygeom sdanum.res=k’)="true'

4.1 Resulton a Synthetic Dataset
We have createda syntheticdataset consistingof one

non-spatialattribute in orderto explain and compareour
methodwith theprototypemethodproposedn [8, 9, 5]. We



CountyName SLOM value Area | Pop.den. | Neighbor area| Pop.den.
Yukon-Koyukuk,AK 0.2896 | 157094.25 0.05 | BethelCensusArea,AK 41080.34 0.33
WadeHampton,AK 17121.14 0.34
SoutheasFairbanks,AK 25989.64 0.23
FairbanksNorth S. B.,AK 7361.16 10.56
Matanuska-SusitnB.,AK 24689.41 1.61
NomeCensudirea,AK 23008.59 0.36
North SlopeB.,AK 87845.38 0.07
NorthwestArctic B.,AK 35856.31 0.17
Philadelphia,R 0.1884 135.11| 11735.78| Burlington,NJ 804.63 490.99
Delawvare,A 184.19| 2973.23
MontgomeryPA 483.06| 1403.78
Bucks,A 607.54 890.76
Camden,NJ 222.29| 2261.98
GloucesteiNJ 324.81 708.36
Suffolk, MA 0.1831 58.51| 11347.16| Ess&,MA 497.98| 1345.59
Norfolk,MA 399.54| 1542.01
Middlese,MA 823.40| 1698.40
Bronx,NY 0.1633 42.02 | 28645.75| Bergen,NJ 234.16| 3524.80
Nassau,NY 286.72| 4489.89
New York,NY 28.37 | 52428.34
WestchesteNY 432.81| 2021.36
Queens,NY 109.38| 17842.16
NorthwestA. B.,AK 0.1489| 35856.31 .17 | NomeCensudirea,AK 23008.59 0.36
Yukon-Koyukuk,AK 157094.25 0.05
North SlopeB.,AK 87845.38 0.07

Table 2. Top ve

will referto this methodasSLZ (ShekharLu andZhang).
The coreideaof SLZ is thatgivena function de nedon
thespatialset , theneighborhooeffectcanbecapturedy
the transformation . Thisis
followedby anapplicationof a statisticalteston inspired
from Chebyshe'sinequalityto determinehe outliersof

Oursyntheticdatasetconsistof onehundredspatialob-
jectsorganizedasa matrix. We useda Gaussian
generatoto producethevaluesof non-spatiahttribute,and
they arelisted in Figure 2. The location of somevalues
weredeliberatelychangedsothatall the zerosappearedt
the lower-left cornerand an 8 shaved up at the location
(8,1).

Thetop ve outliersdetectedby SLZ (at a con dence
interval of 95 percent)and SLOM are listed in Table 1.
The , SLOM andthe SLZ matricesareshavn in Figures
4, 5and 6 respectrely. The objectslocatedat position
(0,7),(0,5)and(3,9)aremarkedasoutliersby bothmethods.
Thismeanghatthey arebothglobalandlocal outliers. The
objectslocatedat position (6,4) and (9,4) are capturedas
oneof thetop veoutliersby SLZ but notby SLOM . This
meanghatthey areglobal outliersbut notlocal outliersas
they arelocatedin unstableareas. This canbe seenfrom

outlier s and their neighbor s

their SLOM valueswhich are 0.06 and0.10. The objects
locatedat position (8,1) and (2,5) are capturedas outliers
by SLOM, but not SLZ. This meansthey arelocal but not
globaloutliers. Againtheir SLOM valuesare0.17and0.25
respectiely.

4.2 Resulton aRealDataset

Therealdatasetthatwe have usedis from the U.S Cen-
susBureauandconsistof spatialandnon-spatiainforma-
tion aboutall the countiesin the United States. In order
to make theresultseasilycomprehensibleve have selected
two non-spatiahttributes:areaandpopulationdensity The
informaton aboutthe top ve outliers countiesand their
neighborss listedin Table2. Not surprisinglythetop 5 out-
liers consistof countiesvhichhave largeareaor largepop-
ulationdensities Howeverthey aretruly local outliers. For
example,the areaof the Yukon-Koyukuk countyin Alaska
is almosttwice asbig asthe areaof ary of its neighboring
counties,and its populationdensity (exceptfor the North
Slopecounty)is threetimessmaller For urbanareasno-
tice that Philadelphiais more“outlierish” comparedo the
Bronx eventhoughit hasa biggerareaandsmallerpopula-
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Figure 7. The break-up of the total running
time into NN search and SLOM value calcu-
lation as a function of the number of nearest
neighbor s

tion densityagainbecausés neighborhoods relative more
stable.

4.3 Break-up of the total running time

The total running time of our algorithm mainly con-
sistsof two part: the time to searchthe nearesheighbors
( - ) andthetime to calculatethe SLOM values
( - ). Thebreak-ups shavnin Figure7
from which it is clearthatmostof the runningtime is con-
sumedby the nearesheighborsearch.

5 Summary and Future Work

We have proposeda newv measure'Spatial Local Out-
lier Measure”(SLOM)which capturedoth spatialautocor
relation and spatial heteroscedasticitynon-constanwari-
ance). The effects of spatialautocorrelatiorare factored
out by a nev measure which reduceghe effectsof out-
liers on its neighbors. The varianceof a neighborhoods
capturecby which quanti esthe oscillationandinsta-
bility of anareaaround . Theuseof ,insteadf standard-
deviation, was motivatedby a desireto deterministically
bounda variance-lilke measure We have comparedur ap-
proachwith the currentstate-of-the-artmethodsand have
shavn thatSLOM is sharpein detectingocal outliers.Lo-
caloutliersmaybe moreinterestinghanglobaloutliersbe-
causethey arelikely to be lessknown andthereforemore
surprising. Another novel featureof our approachis re-
latedto systemintegration. The spatialdatanever leaves

thedatabasandwe useanR-treeindex to carryoutnearest
neighborqueriesdirectly in the database.

For future work we would like to apply our methodto
large climatedatabaseanddiscover potentiallyusefulpat-
ternslik e the SoutherrOscillationindex (SOI).
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