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Abstract Table 1. Geospatial Association
The content of the world-wide web is pervaded by in- —p Coordinates Concepts
formation of a geographical or spatial nature, particularly 705 (37.260 -121.919) (diet )
such location information as addresses, postal codes, and 6062 (37.890 -122.259) (diet’ )

telephone numbers. We present a system for extracting spa- 1858 (37.772 -122.414) (biotech’ <)
tial knowledge from collections of web pages gathered by

web-crawling programs. For each page determined to con-

tain location information, we apply geocoding techniques to

compute geographic coordinates, such as latitude-longitude . , ) )
pairs. Next, we augment the location information with key- values are geographic coordinates (latitude-longitude
word descriptors extracted from the web page contents. WeP2irs), and theConcepts values are lists of representa-

then apply spatial data mining techniques on the augmentedfiveé keywords for the web page. Each record of the table
location information to derive spatial knowledge. implies the existence of a web page whose contents relate

to these concepts as well as including information referring
to a location. We present the details of how a geospatial
1. Introduction association can be extracted later in this paper.

The world-wide web is one of the largest information 1.2, Application Examples
sources of any kind. The content of the web is pervaded by ) . )
information of a geographical or spatial nature, particularly A geospatial association is a (typically very large) set
such location information as addresses, postal codes, tele®! two dimensional point objects augmented with concepts.
phone numbers and so forth. Commercial web pages typi-"V& have developed spatial data mining functions and spa-
cally contain address and contact telephone numbers as wefiia! optimization functions for such two dimensional point
as descriptions of the products and services offered. The in-0PIeCts for the purpose of extracting spatial knowledge.
troductions of news articles appearing on web pages often L€t us consider the example of a business database con-
state the locations where the events took place, or wherd@ning records of product sales for each branch of a com-
they were reported from. It is natural to assume that associ-Pany. Usually, the addresses of the branches are stored as
ations exist between the general contents of a web page anéfXt strings. In many countries, including the United States,
the specific location information it may contain. This paper Such address information can easily be mapped into a two-
addresses the problem of extracting spatial knowledge fromdimensional geographic location that can be used to form

web content. a geospatial association. Such business databases can thus
serve as good sources of geospatial association.
1.1. Geospatial Association The following functions can all be applied to a geospatial

) o association to discover spatial knowledge.
Table 1 shows an example ofgeospatial association

extracted from web pages by means of a web crawling pro-Neighboring Class Set
gram.

In the geospatial association format, tBeis the unique
identification number of a web page, timordinates

The concepts associated with records of a geospatial as-
sociation form the basis of a classification of these records.
Each element of th€oncepts list is considered to be
*Currently with Hiroshima University a class label of the corresponding point. In our example,




Figure 2. Optimal Distance, Optimal Orientation

Figure 1. Neighboring Class Set o
g g g to the next. Moreover, the specific values themselves may

be important spatial knowledge that we need to derive. For
records of the business database could be classified intdhese reasons, we considered data mining functions for find-
“profitable branches” and “unprofitable branches”. ing optimal distance and optimal orientation, and developed

Theneighboring class sefsinction finds sets of classes efficient algorithms for them [13].

whose objects are spatially close to one another [12], ac- The examples of Figure 2 illustrate the use of optimal
cording to some minimum distance threshold. Assume thatdistance and orientation functions. Here, the concepts asso-
point objects from three classes <ircle, triangle and ciated with each point are indicated by their shamasle
square — are distributed on a map as in Figure 1. In this points are related to the concept of “education” (for exam-

example, there are four occurrences dfile point sit- ple, a school or university)square points denote the con-
uated close to #&iangle point. Similarly, there are three cept of a “profitable branch”, anliangle points are asso-
occurrences of a&ircle point lying near asquare point, ciated with the concept of an “unprofitable branch”. The

and two occurrences oftaiangle point appearing next to  radiusr of the large circles in the left figure is the optimal
asquare Moreover, there are two occurrences in which distance that maximizes the density of profitable branches
all three kinds of points lie close to one another. The set with distance strictly less thanfrom some education point,
{circle, triangle } is an example of a neighboring class set measured as a proportion of all branches (profitable and un-
whose frequency is four (within the map). The neighbor- profitable) in the same area. Similarly, the right figure, the
ing class sets function enumerates all such sets whose fresectors indicate the optimal orientation range from the con-
quency is at least as large as a user specified threshold valueept, where as beforeis the optimal radius within which

often called theminimum support the proportion of profitable branches is maximized, with
The function may find a frequent neighboring class set, the exception that the areas of interest are limited to those

for example, points with a fixed orientation with respect to the central

] education point. By using the insights provided by optimal
({"profitable branch”, distance and orientation functions, the hypothetical com-
"education”, "sports” }, 250) pany of our example can choose an appropriate location at

which indicates there are 250 instances (triples) consist ofWhICh to open a new branch.

a “profitable branch” object, an “education” object, and a
“sports” object. From the high frequency of the neighboring
class set, we may deduce a relationship among education, A geospatial association can also be utilized to compute
sports, and the profitability of the product. an optimal connected pixel grid region with respect to some
criterion. We first make a pixel grid of an area of interest as
shown in Figure 3. For each pixel, we can compute the den-
Distanceand orientationare popular predicates for de- sity of a specific concept. For example, if we are interested
scribing spatial objects in geographic information system in the concept “profitable branch,” we could compute the
(GIS) settings. In order to use such quantitative predicates,density of point objects associated with “profitable branch.”
we must specify values for them. For example, we may setMinimization or maximization of density over a collection
10 kilometers as an upper limit on what we consider to be of grid regions can lead to significant spatial knowledge dis-
a short driving distance. We can then formulate queries in coveries.
terms of this threshold value. However, the implications us-  Although in general the problem of finding an opti-
ing such specific values differ from one application domain mal grid region is NP-hard, if we limit the grid region to

Optimal Region

Optimal Distance and Optimal Orientation



I
H e -
= <html>
o 0 <head>
A <title>Hello World Book Store<title>
; [m] [ <body>
;flzlant ...>Hello World Headquarters<br>
5 ! 1234 Saint Drive, San Jose, CA 98765<br>
| 18 cpnrms [ ez oee | iz (XXX) XXX-XXXX<Dr>
2 <ffont>
A rawled Web Page
c g </body>
Page I1D: 00001 <html>
R b C
\ (C1) Keywords Extraction Page ID: 00001
hello hello
world world
book -, book
. . : store store
Figure 3. Optimal Region order order
headquarters headquarters
Hello World Book Store Z:te’zld)> Set Of Keywords Of EaCh Page
fems e Condions <title>Hello World Book Store</title>
[
<body> (C2) Create Document Vector Model
keyword
<font-::sHello World Headquarters<br>
1234 Saint Drive, San Jose, CA 987653br> wordi word2 ..
o e s e 1B s (KKX) KHXX-XXXX<DI> 2 | 0001
| <ffont> S | 00002
- o .. TF-IDF model
Crawled Web Page Z /hfm\y:
(G1) Geoparsing (G2) Geocoding Figure 5. Concepts Extraction (1)

1234 Saint Drive, - (37.791, -122.418)
San Jose, CA 98765 '

of significance(C1) . From the set of extracted items,
we create a matrix of document vectors, where each vec-
tor corresponds to an individual web page, and each vec-
tor attribute corresponds to an item from the total set of
extracted itemgC2) . We use thderm frequency inverse
document frequendf-idf ) model for representing ex-
tracted items [10]. Next, we reduce the number of columns

. L ) . of thetf-tdf matrix in order to lower computational costs

gions maximizing the density. In the example of Figure 3 (C3) . After this dimensional reduction, clusters of web

:)hrifﬁggilno;ed region can be considered to be one of hlghpages are produced by means of a clustering algorithm ap-

' plied to the reduced-dimensional mat(@4) . Finally, we

label each cluster with several significant keywords indi-

cating concepts associated with its constituent web pages
In this section, we describe how to compute geospa-(C5) -

tial associations of the form shown in Table 1, from very . . .

large collections of web pages obtained by means of a Webz'l' Geospatial Information Extraction

crawler. The process of recognizing geographic context is re-

Figure 4 gives a conceptual overview of how our system ferred to asgeoparsing and the process of assigning ge-
extracts geospatial information and associates it with webographic coordinates is known ggsocoding In the field
pages. For each web page, we parse the source code of thef GIS, various geoparsing and geocoding techniques have
page and try to find geospatial informati@@l) . We then been explored and are utilized. In [3] and [11], geopars-
translate the geospatial information into coordinate valuesing and geocoding techniques are presented that are espe-
such as latitude-longitude paif&2) . cially well-suited for web pages. From a large collection

Simultaneously, we extract concepts from the collection of web pages produced by a web crawler, we select those
of web pages. Figure 5 and 6 provide an overview of the ex- pages containing location information that can be identified
traction process. From each page, we elimindii®élLtags using geoparsing techniques, and create lists of the format
and extract names, terms, abbreviations, and other itemshown in Table 2, consisting of a web page Bafge ID),

Figure 4. Geospatial Information Extraction

be of z-monotoneor rectilinear shape, we can use effi-
cient algorithms developed for computing optimized two-
dimensional rules [6]. With this restriction, we can effi-
ciently compute optimat-monotone or rectilinear grid re-

2. Mining Geospatial Associations



keyword

weighted keywords. Keywords in each web page are ex-

N - ordl Vo2 .. tracted using the stemming totlxtract . Textract
| 00002 eliminates HTML tags from each web page, and uses nat-
& | TF-IDF model ural language processing techniques to collect significant
items from its text content, such as names, terms, and ab-
/ breviations [4, 2].
(C3) Dimension Reduction  (C4) Clustering (C5) Labeling The weights of the entries in each document vector are
vector . gggﬁsher determined according to therm frequency inverse docu-
vector! veetor2 ... ment frequencytf-idf ) model. The weight of the-th
i o002 . S k_eyword in thej-th document, denoted i, 5), is a func-
g . tion of the keyword's term frequendf; ; and the document
B frequencydf, as expressed by the following formula:
Figure 6. Concepts Extraction (2) (1+tf, ) log N if tf,.>1
. “J 2 df, b=
a(i,j) = '
geospatial coordinate value€dordinates ), the URL 0, if tf,, >1.

(URD), and the title of the pagdile ).

wheretf, ; is defined as the number of occurrences ofithe

th keywordw; in the j-th document;, anddf, is the num-

Table 2. Geocoded Web Pages ber of documents in which the keyword appears. Once each

ID _Coordinates URL Title a(i, j) has been determined, a data set consistiny afeb

1 37.79-122.41 www. --- Museum of --- pages spanning/ keywords attributes can be represented
2 37.64,-122.42 www. --- San Jose Book by anM-by-N matrix A = (a; ;).

2 37.78,-122.39 www. --- San Jose Book The next step is to construct a&ht-by-N covariance ma-

trix C from A as defined below:

The format of postal addresses varies greatly from one
country to another. Moreover, within a given country a va-
riety of expressions may be used. However, within many whered; represents thé-th document vector and is the
countries, recognition of postal addresses and zip (postal)average over the set of all document vectors,des [d; - --
codes from natural language text data is WeII—estainshed.gN]t; d; = [a;1--a; n]t, andd; = ﬁ sz,zl a; j. Since the
For example, within the United States, we can geocode sucttovariance matrix is symmetric and positive semi-definite,
location information using the product “Tiger/Zip+4” avail- it can be decomposed into the prod@tt= VAV, where
able with the TIGER dataset [1]. V is an orthogonal matrix which diagonaliz€sso that the

In addition to explicit location information such as ad- sizes of the diagonal entries Afare in monotone decreas-
dresses, web pages contain other types of information froming order from top to bottom. We can substit@ewith the
which we can infer location. Such implicit information can  A7-by-n matrix C,,, formed by taking the: eigenvectors
also be utilized to make the lists in Table 2 and to increase corresponding to the largesteigenvalues o€ [9].
the accuracy of location. Phone numbers are an important \We empirically determined that clusters of web pages
example of such implicit location information, since they can be efficiently computed using valuesrobf approxi-
are organized according to geographic principles. IP ad-mately200. Accordingly, we use this value of for the tar-
dresses, hostnames, routing information, geographic featurgyet reduced dimension in the experiments reported in Sec
names, and hyperlinks can also be utilized to infer location tjon 3.

[11].
Note that some web pages refer to more than one explic-2.3. Query-Based Clustering

itly recognizable location. Such web pages can therefore be We compute clusters of web pages from theby-n
assigned more than one set of coordinate values.

1 Y t
_ At A3
C—M;dldi dd’,

reduced-dimensional matrix. Though the number of web
2.2. Vector Space Modeling paggy\/[ tends to be very Ia'rge, we used qscalable and ef-
fective query-based clustering method suitable for cluster-

We use vector space modeling (VSM) for representing ing large sets of text data.
a collection of web pages. Specifically, each web page is In general, a web page may contain several topics in its
represented by a document vector consisting of a set ofcontents, and thus may contribute to several concepts. Any



clustering method based on text data drawn from web pages We will sometimes refer to the unique $¢MN(S, ¢, k) as
should take into account the following desiderata: the k-patchof ¢ (relative tosS), or simply as gatchof g.
o i The proposed methods rely on a parameter that uses
e Anindividual data element need not be assigned t0 €x- g4 raq_neighbor information to assess the mutual associ-
actly one cluster. It could belong to many clusters, or ation among elements of a patch. We define aherage
none. shared neighboscore (ASN) of patctNN(S, ¢, k) as

e Clusters should be allowed to overlap to a limited ex- 1
tent. However, no two clusters should have a high de- ASN(S, ¢, k) = 72 Z INN(S, g, £)NNN(S, v, k)|.
gree of overlap unless one contains the other as a sub- veNN(S,¢,k)
cluster.
) A value of ASN(S,q,k) = 1 indicates perfect mutual
e Cluster members should be mutually well-associated. association of elements within the patch, and values of

Chains of association whose endpoints consist of dis- ASN($, ¢, k) approaching indicate minimal association.
similar members should be discouraged.

_ i Shared Neighbor Classification
e Cluster members should be well-differentiated from

the non-members closest to them. However, entirely ~ Consider now the case where the query elemeista

unrelated elements should have little or no influence member of some cluster withi. Using shared neigh-
on the cluster formation. bor information, we wish to determine thepatch based

at g that best describes the cluster, over some desired range

We will measure the level of mutual association within < i < . The ideal patch would be expected to con-
clusters usingshared neighboinformation, as introduced sjst primarily of cluster elements, and to have a relatively
by Jarvis and Patrick [8]. Shared neighbor information and high degree of internal association, whereas larger patches
its variants have been used in the merge criterion of severalyould be expected to contain many elements from outside
agglomerative clustering methods [5, 7]. In this section, we the cluster, and to have a relatively low degree of associa-
show how it can be used as the basis of a definition of clustertjon. The evaluation focuses on two patchesirarer patch
integrity. of sizek indicating a candidatgquerycluster, and awouter
patch of size proportional t&é indicating the local back-
ground against which the suitability of the inner patch will

Let S be a database of elements drawn from some do-be judged.
main D, modeled usingf-idf as described above. We For a given choice ok, we examine the neighbor sets
measure the pairwise similarity between two element vec-of each element of the outer patdiN(S, ¢, |ek|), where
tors of D by means of the cosine of the angle between the the proportione > 1 is chosen independently & Con-

Neighborhood Patches

two vectors, namely sider the neighbor paiw, w) with v in the outer patch, and
v-w w a member oNN(S, v, |ek]). With respect to the inner
cosanglév, w) = ol Tl patchNN(S, ¢, k), the pair(v,w) is conformantif one of

the following two conditions holds.

Here, a value otosangl¢v,w) = 1 indicates a perfect
match between andw; a value ofcosanglév, w) = 0
indicates that andw have no attributes in common.

e Internal pair. v andw both lie in the innerk-patch,
andw is shared by thé-patches of botly andwv.

For every query patterpdrawn fromD, IetNN(S, g, k) e External pait v andw do not both lie in the innek-
denote &-nearest neighbor set gf drawn fromS accord- patch, andu is not shared by theek |-patches of both
ing to cosanglesubject to the following conditions: g ando.

o If ¢ € 5,thenNN(S,¢,1) = {g}. Thatis, ifgisa |y the internal case, an association betweeand inner
member of the data set, theris considered to be its  patch membenw is recognized by virtue of their shared
own nearest neighbor. neighborw also belonging to the inner patch. In the external

o NN(S, ¢,k — 1) C NN(S,q,k) forall 1 < k < |9]. case, if an association betwegandv cannot be indicated

within the inner patch by, thenw does not indicate an as-
sociation between andv within the outer patch — that is,
the larger patch offers no advantages over the smaller with
The neighbor sets are consistent with a single fixed rankingrespect to the neighbor pdis, w).

(q1,G2,-..,q)) of the points ofS, such thaty; = ¢, and Ideally, thek-patch best describing the cluster containing
cosangléq, ¢;) > cosanglég, ;) forall 1 <i < j <|S|. g would achieve a high proportion of conformant neighbor

That is, smaller neighborhoods gfare strictly con-
tained in larger neighborhoods.



pairs, both internal and external. A high proportion of con-
formant internal pairs indicates a high level of association
within the k-patch, whereas a high proportion of confor-

mant external pairs indicates a high level of differentiation
with respect to the local background. As both consider-

ations are equally important, these proportions should be 3

accounted for separately. We achieve this by maximizing,
over all choices of in the rangex < k& < b, the sum of
the proportions of internal and external conformant neigh-
bor pairs.

Boundary Sharpness Maximization
The proportion of internal conformant neighbor pairs is
given by
ZUGNN(S,q,k) |NN(S7 v, k) N NN(57 q, k)'
k2
the proportion of external conformant neighbor pairs can be
shown to be
k2ASN(S, q, k) B
lek]? — k2

= ASN(S, ¢, k);

[ek|2ASN(S, g, [ck])

1
* [ek]2 — k2

The boundary sharpness maximizati(@SM) problem
can thus be formulated as follows:

argl?%(b BSV(S, q, k,e),

where

_ lek % [ASN(S, g, k) — ASN(S, q, | ek])]

BSV(S>Qakae) LekJQ — k2

shall be referred to as timundary sharpnessf the k-patch
NN(S, g, k) with respect tce.

Patch Profiles

Although at first glance it would seem that boundary

sharpness values are expensive to compute, with a carefu"flssoc'meOI with a unit vectoy =

implementation the costs can be limited @e?b?) time.
This is achieved through the efficient computation pfae-

file of values ofASN(S, ¢, k) for 1 < k < eb. Patch pro-
files are useful not only for the automatic determination of

boundary sharpness values, but also (when plotted) as an ef:

fective visual indicator of the varying degrees of association
within the neighborhood of a query element. Examples of
patch profiles appear in Figures 7 and 8.

Total Clustering

Given a target range of cluster sizex< k < b, the fol-
lowing simple strategy greedily selects elements @b be

. For eachv € S, compute k(v) maximizing
BSV(S, v, k,e) over the range < k < b.

. Initialize the set of candidate query cluster bases to
Cc=25.

. Select the candidatg € C with largest boundary
sharpness valuBSV(S, ¢, k(q), e) to be the basis of
a query cluster, nameNN(S, ¢, k(q)).

. Eliminate fromC all other candidates whose query
cluster has substantial overlap with thagofn partic-
ular, v is eliminated if

‘NN(S,U,k(U)) N NN(Saqvk(Q)” >
INN(S, v, k(v))| -

5. Repeat Steps 3—4 unfil is exhausted.

Many variants of this strategy can be envisioned; in par-
ticular, larger ranges of sample cluster sizes can be effi-
ciently accommodated by applying the method to random
samples drawn fron$. Also, a minimum threshold can
be set on the boundary sharpness values of reported clusters.

2.4. Cluster Labeling

We can assign labels to a cluster based on a ranked list
of terms that occur most frequently within the web pages of
the cluster, in accordance with the term weighting strategy
used in the document vector model. Each term can be given
a score equal to the sum or the average of the corresponding
term weights over all document vectors of the clusters; a
predetermined number of terms achieving the highest scores
can be ranked and assigned to the cluster.

When dimensional reduction is used, the original doc-
ument vectors may no longer be available due to storage
limitations. Nevertheless, meaningful term lists can still be
extracted without the original vectors. Th¢h term can be
(2’7;71, Zi 1y ey Z7;7N) in the
original document space, such that, = 1if ¢ = j, and
z;; = 0 otherwise. Let be the average of the document
vectors belonging to the query clustéN(R, ¢, k). Using
this notation, the score for theth term can be expressed as
- ¢. However, sincdlz;|| = 1 and¢ is a constant, ranking
the terms according to these scores is equivalent to ranking
them according to the measure

zi- ¢
]l

With dimensional reduction, the pairwise distance
cosanglév, w) between vectors and w of the original

= cosangléz;, ¢).

the bases of query clusters. It makes use of a user-suppliedpace is approximated byosanglév’, w’), wherev’ and

thresholda on the maximum allowable proportional over-
lap between two clusters.

w’ are the respective equivalents ofand w in the re-
duced dimensional space. Hence we could approximate



cosanglgz;, ¢) by cosangléz;, ¢'), wherez; and¢’ are the Element 3109: 1/2 sampling
reduced-dimensional counterparts of vectorand ¢, re- f f f f f
spectively. The valueosangl€z], ¢') can in turn be ap-
proximated bycosangléz;, ¢”), where¢” is the average

of the reduced-dimensional vectors of the query cluster. A
Provided that the vectors, have been precomputed for §
all 1 < i < n, aranked set of terms can be efficiently N
generated by means of a nearest-neighbor search based on
¢" over the collection of reduced-dimensional term vectors
{#|1 <i < n}.
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3. Experimental Results 05529199  java
0.5398724  countries.copyright

We performed our experimentation on a set of web pages 04789391  v13

L . . . . e - . 4783071 k
containing location information identifying them as pertain- o gioaoes  Lorkarounds

ing to California’s Silicon Valley area. This data set (which ~ 0.4508706  class
0.4367413  jdbc

we will refer to asCA North consisted of\/ = 4493 web 04202253  2d

pages from whichV = 12, 880 keywords were extracted. 0.3722224  constr

We applied the dimension reduction method to reduce the >33 summary

dimension tax = 200. We applied the query-based cluster- Figure 7. Average shared-neighbor scores and
ing method and labeling method, with the following addi- BSM query clusters for an element drawn from the
tional implementation choices: CA North data set.

e An overlap proportion otx = 0.5 for elimination of

duplicate clusters.
found that web pages about “non-commercial” and web
pages about “font” refer to locations in close proximity to
one another. Similarly, “software” and “telephone” form a

e A cluster size range df5 < k < 120. frequent neighboring class set.

e A minimum boundary sharpness threshold Jof=
0.15.

e An outer patch size ofek| = min{2k, 150}, corre- 4. Conclusion

sponding to variable choices efin the rangel.2 < ) )
e < 9. We presented a system for extracting spatial knowledge

from collections of web pages containing location infor-

The clustering method was applied to uniform random sam-mation. For each item of location information, we apply
ples drawn fromS, of size'%| for0 <i < 3. geocoding techniques to compute geographic coordinates.

Figure 7 shows an example of clusters produced by theNext, we extract significant keywords from web pages to
method. The graph shows the relationship between the ASNserve as concept descriptors. We associate the keywords
scores and patch sizes of the cluster. The cluster containsvith web pages that contain location information to create a
an estimated 164 web pages, and its top terms are “java,"geospatial association table. We can find spatial patterns
“countries.copyright,” and others related to the Java pro- from the geospatial association table by applying spatial
gramming language. The number associated with each terndata mining techniques.
is thecosangleranking score of the term. In the geospatial association tables generated from web

Figure 8 shows detailed information concerning another pages, false positive records are possible; that is, some
cluster devoted to “genome.” The list shows the titles of 70 pages may contain location information items that are unre-
nearest web pages from the query element at which the clustated to the keyword concepts expressed. Such false positive
ter is based. As the estimated size of the cluster is 42, therecords lead to incorrect spatial knowledge. We found many
first 42 titles can ideally be expected to relate to the conceptexamples that seem to be false positive records in the exper-
of “genome”, whereas the remaining titles should relate to imental results. Further investigation is therefore needed to
other concepts. Note that the proportion of web pages re-refine the spatial insights found from web pages.
lated to “genome” is much higher inside the cluster than  The typical causes of false positive records are: (1), the
outside, even though there are some misclassified pages imany portal web pages containing large lists of addresses
both cases. with miscellaneous contexts; and (2), the many pages quot-

From the CA North clusters, we created a geospatial as-ing addresses that are not directly related to the main topic
sociation and applied a neighboring class set function. Weof the pages. Web pages are too numerous, too large, and
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too unstructured to allow the custom annotation of each

1 x x x x ? page according to the use and relevance of the spatial in-
82 T formation quoted. We must therefore consider as an impor-
07 i tant direction for future research the development of more

A 06 4 efficient and accurate geoparsing methods for generating
S 0.5 -+ geospatial associations.
N 0.4 T
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