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General Issues in Inferential Spatial Statistics

13.1 Types of Spatial Pattern
13.2 The Concept of Autocorrelation
13.3 Who Is My Neighbor?

Geographers often examine spatial patterns on the
earth's surface that are produced by physical or cultural
processes. These patterns represent the spatial distribu-
tion of a variable across a study area. Sometimes geo-
graphic variables are displayed as point patterns with dot
maps. In chapter 4, descriptive spatial statistics (or geosta-
tistics), such as the mean center, standard distance, and
standard deviational ellipse were introduced to summa-
rize point patterns. In other instances, explicit spatial pat-
terns representing data summarized for a series of
subareas within a larger study region can be displayed
effectively using choropleth maps.

Whether data are presented as points or areas, geog-
raphers often want to describe and explain an existing
pattern. In this chapter, we focus on several general issues
associated with inferential spatial statistics. A recurring
theme is the analysis of a sample point pattern or sample
area pattern to determine if the overall or “global”
arrangement is random or nonrandom. When testing a
point or area pattern for randomness, the question is
whether the population pattern from the sample was gen-
erated by a spatially random process. A secondary theme
has to do with “local” inferential spatial statistics that
identify and map clusters {“hot spots” and “cold spots”)
of points or areas within a larger area that have a concen-
tration of very high (or very low) data values.

13.1 TYPES OF SPATIAL PATTERN

Geographers often want to compare an existing spatial
pattern to a particular theoretical pattern. Spatial patterns
may appear clustered, dispersed, or random (fig. 13.1). In
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case 1, both the point and area patterns have a clustered
appearance. On the point pattern map, the density of points
appears to vary significantly from one part of the study area
to another, with many points concentrated in the northwest

Point patterns Area patterns

Case 1:
Clustered

Case 2:
Dispersed

FIGURE 13.1

Types of Point and Area Patlerns
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portion of the area. Perhaps the points represent sites of ter-
tiary economic activity (retail and service functions), which
often cluster around a location with high accessibility and
high profit potential, such as a highway interchange. On
the clustered area pattern map, the shaded subareas could
represent political precincts where a majority of registered
voters ate Democrat, with Republican majority precincts
not shaded. Such a clustered pattern would likely occur if
there is a distinetly nonrandom spatial distribution of voters
by income, race, or ethnicity in the region.

Other spatial patterns seem evenly dispersed or regu-
lar. The set of points in case 2 (fig. 13.1) appears uni-
formly distributed across the study area, perhaps
suggesting that a systematic spatial process produced the
locational pattern. One hypothesis in classical central
place theory, for example, is that settlements are uni-
formly distributed across the landscape to best serve the
needs of a dispersed rural population. The area pattern in
case 2 exhibits a regular or alternating type of spatial
arrangement. This pattern could represent county popu-
lations in the same region where the central place distri-
bution of settlements is hypothesized. Shaded counties
could have above average populations while counties not
shaded are below average.

The spatial patterns in case 3 (fig. 13.1) appear ran-
dom in nature, with no dominant trend toward ecither
clustering or dispersion. A random point or area pattern
logically suggests that a spatially random (Poisson) pro-
cess is operating to produce the pattern. In each of these
examples we use the term appear, based on our subjective
opinion of the distribution of the data. However, the New
Mexico wildfire distribution example from chapter 5
illustrates a process that can be statistically evaluated to
determine if the wildfire pattern is random or clustered.

In most geographic problems, a point or area pattern
will not provide a totally clear indication that the pattern
is clustered, dispersed, or random. Rather, many real-
world patterns show a combination of these arrange-
ments with tendencies from “purely” random toward
either clustered or dispersed.

13.2 THE CONCEPT OF AUTOCORRELATION

In 1970, geographer Waldo Tobler stated that
“Everything is related to everything else, but near things
are more related than distant things.” This quote became
known as Tobler’s Law, but, more importantly, it illus-
trates the phenomenon of spatial autocorrelation. Spa-
tial autocorrelation simply measures the degree to which
a geographic variable is correlated with itself through
space. Like traditional correlation discussed in chapter
16, spatial correlation is measured as either being posi-
tive, negative, or non-existent.

Positive spatial autocorrelation means that geographic
objects that are near one another tend to be similar. That
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An Example of a Variogram

is, high value features tend to be located near other high
value features, medium value features near other medium
value features, and so on. Negative spatial autocorrelation
means that geographic objects near one another tend to
have sharply contrasting values (a high value located adja-
cent to a low value, for example). Most geographic phe-
nomena have some measure of positive spatial
autocorrelation. Nearby cities tend to get similar amounts
of rainfall; expensive homes tend to be located near other
expensive homes.

One can visualize spatial autocorrelation through use
of a variogram. A variogram is a type of scatterplot that
displays the differences in values between geographic
locations against the differences in the distance between
the geographic locations. The ¥ axis records the average
variance in values among a set of geographic objects, but
for reasons beyond our discussion, the actual measure
used is Aaifthe variance (termed semi-variance). The X axis
shows the average distance among the objects, which is
termed the range. For simplicity, the distances are aggre-
gated into more easily understood groups like 100 miles,
200 miles, etc. By plotting a variogram you can determine
the average difference in values among locations that are
200 miles apart, 500 miles apart, and any other logical
distance that you would like. A generalized example of a
variogram is shown in figure 13.2.

In this example, the ¥ axis represents the average dif-
ference in values between geographic locations, while the
X axis represents the difference in distances between geo-
graphic objects. You can see that geographic locations
near one another tend to have smaller differences, while
geographic locations with larger differences are generally
further apart. Rather than showing the individual points,
a curved line is used to represent the nature of the rela-
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tionship. While beyond the scope of our discussion, in
advanced geostatistics the mathematical properties of the
best-fitting curve are used to estimate values at unknown
locations. The first part of the variogram (left portion of
the X axis) illustrates the change in average differences in
data values as the distances become greater, while the flat
portion of the variogram (right portion of the X axis)
shows there is no change in the average differences in
data values when the locations are very far apart. In
other words, the flat portion of the graph suggests no
relationship between the average difference in values for
pairs of geographic objects and their distance from one
another, while the earlier portion of the graph shows that
the values become less similar as the distances among the
locations increase,

The range represents the distance at which the differ-
ences in values of geographic locations are no longer cor-
related, while the sill represents the average difference in
value where there is no relationship between location
and value. Typically, if two objects are in the same loca-
tion, they should have the same value and thus no differ-
ence. However, whenever samples are taken, some
degree of uncertainty always occurs due to measurement
error, the inherent properties of the measuring device, or
some other reason, The nugget represents the degree of
uncertainty when measuring values for geographic loca-
tions that are very close to one another.

For our purposes, we do not address the mathemati-
cal derivation of the variogram (you can learn more
about variograms in some of the more advanced readings
listed at the end of this chapter). Rather than going into
statistical detail, we illustrate the variogram concept with
a short example. In chapter 1, an example shows the Last
Spring Frost (LSF) date for selected weather stations in
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Variogram of Last Spring Frost (LSF} Date

the Southeast United States. Naturally, we would expect
the LSF date for two nearby weather stations to be simi-
lar, while stations further separated from one another
would have less similarity.

This relationship is illustrated perfectly by the set of
observations and curve that “best fits” through those
observations (fig. 13.3). Between ¢ and 400 miles it
appears that if the distance separating a pair of weather
stations is large, then their dates of last spring frost are
likely to be quite different as well. Furthermore, this rela-
tionship between distance and differences in LSF date
appears iinear. Notice, however, what happens with pairs
of weather stations located more than 400 miles apart:
the scatterplot of points disperses around the best fit
curve and appears random. This means there is no rela-
tionship between the LSF dates of weather stations when
they are more than 400 miles apart. Therefore, the range
is said to represent the distance at which the LSF dates
are no longer spatially autocorrelated—in this example,
about 400 miles.

The concept of spatial autocorrelation is critical in
analyzing geographic phenomena for a number of rea-
sons. First, by just pushing a button, GIS software allows
users to analyze the relationship between points no mat-
ter how far apart they are. However, in our example we
have concluded that there is no relationship in L.SF val-
ues between weather station pairs that are more than 400
miles apart. Therefore, using a GIS or statistical process
that assumes a relationship among the data may have
limited use if the points are more than 400 miles apart. In
short, to make intelligent observations about spatial data,
we must understand the spatial structure of the data.

Second, and more importantly, the presence of spa-
tial autocorrelation presents a real challenge when per-
forming statistical analysis. Most inferential statistics
assume that observations are independent of one another.
Unfortunately, we have just demonstrated that LSF dates
are actually spatially correlated (and thus dependent)
with one another for weather stations less than 400 miles
apart. Why is this important? Simply stated, confidence
intervals calculated from spatially autocorrelated data
will likely be different than confidence intervals calcu-
lated from data that are not spatially autocorrelated.

Recall from chapter 8 that sample size is an important
component in the computation of standard error; the
greater the sample size, the better our estimates. In the
case of spatially autocorrelated data, imagine a geogra-
pher sampling 30 objects, with five of those objects very
close to one another. Essentially, selecting five nearby
observations (assuming spatial autocorrelation within that
distance) is almost like selecting the same observation five
times. While you may believe you have 30 independent
observations, in reality (since five of them are spatially
autocorrelated), it is probably more practical to recognize
that you essentially have only 25 independent observa-
tions. Therefore, the value of # in the confidence interval
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equation is too high (you will be erroncously making »
equal to 30 rather than 25), thus giving you a smaller stan-
dard error than warranted. Also, if the five spatially auto-
correlated values are similar, then the standard deviation
for the entire dataset will also most likely be lower, yield-
ing an even lower standard error. Therefore, you must take
extreme care when interpreting results for inferential anal-
ysis when the data exhibits spatial autocorrelation.

A final characteristic of autocorrelation worth men-
tioning here is that it can be measured either globally or
locally. For instance, a social geographer may be inter-
ested in determining if the distributions of various racial
and ethnic groups in a city have different ievels of spatial
autocorrelation. Perhaps it is hypothesized that one racial
or ethnic group has a higher positive autocorrelation
across the entire area of the city than another. That is, spa-
tial autocorrelation is being used as a comparative global
measure of segregation or integration. It is “global” in the
sense that a single spatial autocorrelation value is derived
for each group across the entire study area, telling us the
degree to which the overall spatial pattern of each group
is clustered, random, or dispersed. In chapter 15, we
apply a measure of global autocorrelation to several racial
and ethnic groups in Cleveland, Ohio.

By contrast, local autocorrelation methods compare
each geographic object with its surrounding neighbors,
thereby measuring whether the values in the immediate
neighborhood are clustered, random, or dispersed. Many
global methods for measuring spatial autocorrelation
have been modified to provide local measures. Also in
chapter 15, we evaluate the spatial pattern of obesity lev-
¢ls for Pennsylvania counties and identify particular
counties having significant local spatial autocorrelation.

For the last half century, geographers and statisti-
cians have continued to study methods to identify and
account for the amount of spatial autocorrelation among
variables. It is not unlike cotrelation over time. For
instance, during a long recession, a company’s sales for
one year may be very similar to the sales in a previous
year. Economists apply advanced statistical formulas to
account for this correlation over time. Geographers are
now applying similar principles to account for correla-
tion over space.

13.3 WHO 1S MY NEIGHBOR?

In the famous parable of the Good Samaritan, a man
asked “who is my neighbor?” Geographers studying spa-
tial autocorrelation have recently been asking the same
question. Geographers have different ways of defining
the term “neighbor.” One approach is to define neighbor
in a binary way—that is, two geographic objects are
either neighbors or they are not. One acceptable criterion
for this binary relationship can be represented as a form
of geographic association called adjacency. For example,

Pennsylvania is adjacent to New York because they share
a common boundary. However, neither state is adjacent
to California. Another approach is to define “neighbor”
using a distance threshold (or cut-off distance) measure.
For example, if we establish a distance threshold of 300
miles, New York City and Boston would be considered
neighbors, while Boston and Los Angeles would not.

“Neighbor” may also be defined as a continuous
variable, by measuring the strength of “neighborliness”
between two objects as a function of the distance separat-
ing them. This logic is comparable to spatial interaction
models. For example, a simple inverse-distance weight
(1/distance) could establish a measure of proximity.
Using this model, the inverse distance weight of New
York City and Boston is 1/189 miles, or .005, while the
inverse distance weight of Boston and Los Angeles is 1/
2588 miles, or .0004. In this case, the “neighborliness” or
interaction measure is 12 times stronger for New York
City and Boston than it is for Boston and Los Angeles.
Yet another measure of neighborly interaction is inverse-
distance squared (1/distance?).

However neighbors are defined, geographers typi-
cally represent them in the form of a weight, where wy; is
the weight between geographic objects / and ; The
weight can be either 0 or 1 for a binary representation or
a ratio such as 1/distance for a continuous function.

KEY TERMS
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variogram, 206

MAJOR GOALS AND OBJECTIVES

If you have mastered the material in this chapter, you
should now be able to:

1. Understand the concepts of clustering, dispersion, and
randomness in point and area patterns.

2, Recognize situations in which point and area patterns
appear clustered, dispersed, or random.

3. Explain why it is important to measure spatial auto-
correlation,

4. Explain the basic purpose of a variogram and under-
stand the terminology associated with a vatiogram,

5. Identify some ways in which the term “neighbor” is
defined in spatial statistics,

6. Explain the basic difference between “global” and
“local” measures of spatial association.
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Point Pattern Analysis

14.1 Nearest Neighbor Analysis
14.2 Quadrat Analysis

This chapter presents methods for analyzing point
patterns that are distributed across an entire study region
(that is, they are global methods of analysis). Such spatial
patterns are characterized by observations appropriately
displayed as a series of points or dots on a map and are
very common in geographic studies. For example, urban
geographers plot the location of settlements as points on
a map. Economic geographers study the spatial pattern
of retail activities by mapping store locations as dots on
the map. Physical geographers show glacial features like
drumlins as a series of points, while crime analysts may
plot the location of burglaries as a series of dots.

In some problems, the spacing of individual points
within the overall point pattern is important, in which
case a statistical procedure known as “nearest neighbor
analysis” is applied. For example, an urban geographer
might analyze the existing configuration of fire stations
in a city to determine whether the pattern is random or
more dispersed than random. Suppose one of the goals
in the provision of fire service is to provide an equitable
or dispersed distribution of fire stations throughout the
city so that no one lives or works extremely far from the
nearest fire station. The geographer might suggest the sit-
mng of new stations or relocation of existing facilities to
meet this goal. The proposed new configuration of fire
stations could then be analyzed to determine if it were
more dispersed than the existing pattern.

In other instances, the nature of the overall point pattern
1s important, and a statistical test known as “quadrat
analysis” is often appropriate. For example, a biogeogra-
pher might select a random sample of trees in a national
forest to determine which trees are diseased, plot the
location of each diseased tree as a point on a map, and
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analyze the points. The study would determine whether
the trees were randomly distributed throughout the study
area or clustered in certain portions of the forest. The
result of this analysis would provide some guidance con-
cerning the most appropriate type of treatment (e.g.,
widespread aerial spraying versus concentrated treat-
ment from the ground).

For many geographic studies that begin with analysis
of a variable having locations on a dot map, a primary
objective is to determine the form of the pattern of
points. The nature of the point pattern might reveal infor-
mation about the underlying processes that produced the
distribution. In addition, a series of point patterns of the
same variable recorded at different times can help deter-
mine temporal changes in the locational process. In
short, point pattern analysis offers quantitative tools for
examining a spatial arrangement of point locations on
the landscape as represented by a conventional dot map.

14.1 NEAREST NEIGHBOR ANALYSIS

Nearest neighbor analysis (NNA) is a widely used
procedure to determine the spatial arrangement of a pat-
tern of points within a study area. The distance of each
point to its “nearest neighbor” is measured and the
mean nearest neighbor distance for all points is deter-
mined. The spacing within a point pattern can be ana-
lyzed by comparing this observed mean distance to
some expected mean distance, such as that for a random
(Poisson) distribution.

The nearest neighbor technique was originally devel-
oped by biologists interested in studying the spacing of
plant species within a region. They measured the dis-
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tance separating each plant from its nearest neighbor of
the same species and determined whether this arrange-
ment was organized in some non-random manner Or was
the result of a random process. Geographers have applied
the technique in numerous research problems, includiqg
the study of settlements in central place theory, economic
functions within an urban region, and the distribution of
earthquake epicenters in an active seismic region. Ig a.lI
applications, the objective of nearest neighbor analysis is
to describe the pattern of points within a study area and
make inferences about the undetlying process.

The nearest neighbor methodology is illustrated
using the example of seven points shown in figure 14.1.
A coordinate system is created and the horizontal (X)
and vertical (¥) positions of the points recorded (table
14.1). For each of the points, the nearest neighbor (NN )
is determined as the point closest in straight-line (Euctid-
ean) distance. The distances to each nearest neighbor
(NND) are then calculated from the coordinatfzs or mea-
sured from the map. From the set of nearest neighbor dis-
tances, the mean nearest neighbor distance (NND) is
determined using the basic formula for the mean:

NAD = =MD (14.1)
"

where # = number of points.

The mean nearest neighbor distance of the seven-
point pattern is 2.67 distance units. This mean nearest
neighbor distance provides an index of spacing for tbe set
of points. However, the usefulness of this descriptive

TABLE 14.1

Coordinates and Nearest Neighbor Information for
Example*

Point X Y NN NND
A 1.3 0.9 E 3.94
B 3.2 44 C 2.00
c 3.3 6.4 B 2.00
D 5.6 3.8 E 1.36
E 4.8 27 D 1.36
F 8.1 7.4 G 4.21
G 9.4 34 D 3.82
SUM 18.69
where NN = nearest neighbor

NND nearest neighbor distance

69
NND - SNND _ 18 - 267
n 7

* See figure 14.1 for graph of point locations.

index comes from comparing the index value for an
observed pattern to the results produced from certaig d].S-
tinct or theoretical point distributions. This objective is
analogous to the situation discussed in section 12.1,
where an observed frequency distribution is compared to
a perfectly normal frequency distribution.

In NNA, mean nearest neighbor distances can be
calculated for three distinct theoretical point arrange-
ments: perfectly random, perfectly dispersed, 'fmd per-
fectly clustered. In each case, the spacing 1nd§x is
determined for an area containing a certain density of
points, For example, if points are arranged in a rgndom
spatial pattern, the mean nearest neighbor distance
(NND gy would be determined as follows:

1

2./ Density

NND g = (14.2)

where NND r = mean nearest neighbor distance in a
random pattern
Density = number of points (#)/ Area

Since the study area displayed in figure 14.1 has a dimen-
sion of 10 by 10 units, the area represented is 100 square
units. The corresponding density of points is therefore 7/
100 or .07. For an area with this point density, a random
arrangement of points within the study area should pro-
duce mean nearest neighbor distance:

NND =—1 =1.89

2407
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FIGURE 14.1
Location of Points for Nearest Neighbor Problem
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If the arrangement of points shows maximum disper-
sion or a perfectly uniform pattern, the mean nearest
neighbor distance (NNDp) would be determined as:

1.07453

- 14.3
| Density ( )

Since this pattern represents the most dispersed or sepa-
rated arrangement of points, it also serves as the maxi-
mum value for the nearest neighbor index. The mean
nearest neighbor distance for a dispersed pattern whose
point density matches that in figure 14.1 is:

NNDp =

The pattern of spacing most distinct from dispersion
or uniformity is “clustering.” When all points lie at the
same position, the pattern shows maximum clustering of
points, and each nearest neighbor distance is zera. There-
fore, in a perfectly clustered pattern, the mean nearest
neighbor distance NNDc is also zero, representing the
lowest possible value for the index:

NND¢ =0 (14.4)

Since perfectly clustered and perfectly dispersed pat-
terns provide the extreme spacing arrangements for a set
of points, the nearest neighbor index offers a useful
method to measure the spacing of locations within an
observed point pattern. However, the mean nearest
neighbor distance is an absolute (as opposed to relative)

]
Nearest Neighbor Analysis

Primary Objective: Determine whether a random (Poisson)
process has generated a point pattern

Requirements and Assumptions:

1. Random sample of points from a population
2. Sample points are independently selected

Mypotheses:
Hy: NND = NND (point pattern is random)
Ha: NND = NNDy (point pattern is not random)
Ha: NND > NNDg (paint pattern is more dispersed

than random)

Ha: NND < NND, (point patiern is more clustered than
random)

Test Statistic:
NND — NNDg

ONND

n

(Perfectly ¢ s
. R=2149 - —
dispersed} e o
(More dispersed _ o*
than random) R=15 *
* .
L
(Random) R=1.0 . : —
L ]
{More clustered _ .
than random) R=05 e
(Perfectly _
clustered) R=00 ® —
@® =5 points at
same location
FIGURE 14.2

Continuum of R Values in Nearest Neighbor Analysis

index, dependent upon the units used to measure dis-
tance. Therefore, direct comparison of results from dif-
ferent problems or different regions is difficult. Although
the minimum value of the nearest neighbor index is
always zero (a perfectly clustered pattern), the maxi-
mum value corresponding to a perfectly dispersed pat-
tern is not constant, but a function of the point density.
To overcome this complication, a standardized nearest
neighbor index (R) is often used, This index is found by
dividing the mean nearest neighbor distance (NND) by
the corresponding value for a random distribution with
the same point density:

_ NND

R=
NND,

(14.5)

With the standardized index, a perfectly clustered pattern
produces an R value of 0.0, a perfecily random distribu-
tion 1.0, and a perfectly dispersed arrangement generates
the maximum R value of 2.149 (fig. 14.2). Thus, an
actual point pattern can be measured for relative spacing
along a continuous scale from perfect clustering to per-
fect dispersal. For the set of points from figure 14.1, the
standardized nearest neighbor index is:

R=2 141
1.89
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This spacing pattern is moderately dispersed, since it
lies between a perfectly dispersed distribution and a ran-
dom one.

In addition to its use as a descriptive index of point
spacing, the nearest neighbor methodology can also be
used to infer resuits from a sample of points to the popu-
lation from which the sample was drawn, A difference
test can be used to determine if the observed nearest
neighbor index (NND) differs significantly from the theo-
retical norm (WAND g), which would occur if the points
were randomly arranged. The expectation is that a Pois-
son process operates over space to produce a random pat-
tern of points. The null hypothesis is that no difference
exists between observed and random nearest neighbor
values. The test statistic (Z,) follows a format similar to
other difference tests discussed in chapters 9 through 12:

_ NND-NND
a

(14.6)

NND

where O 55 = standard error of the mean nearest neigh-
bor distances

The standard error for the nearest neighbor test can be
estimated with the following formula:

G = 26136 14.7)
e n (Densz'ty) '

where: #n = number of points

Either a directional (one-tailed) or non-directional
{two-tailed) approach can be applied, depending on the
form of the alternate hypothesis (H,). If the problem
suggests a clear rationale for the actual point pattern
being either dispersed or clustered (as opposed to the null
hypothesis of randomness), a one-tailed approach is war-
ranted. However, without an underlying reason or theo-
retical expectation that the null hypothesis should be
rejected on one side as opposed to the other, a two-tailed
non-directional approach is best.

Example: Nearest Neighbor Analysis—Community Services in Toronto, Canada

TABLE 14.2 -

The nearest neighbor methodology is now applied to
point patterns representing community service sites within
Toronte, Ontario. Some public services are best located in a
highly dispersed pattern to provide relatively equal service
distance for all parts of the region. Such a cancern for spatial
equity is especially important for emergency services such as
police and fire, Other community activities may be sited to
offer the region a high degree of efficiency or cost-effective-
ness, with less concern for equal spacing of services within the
region. Many nonemergency services exhibit more clustered
arrangements in their point patterns, possibly reflecting finan-
cial rather than spatial constraints.

Four community services in Toronto are selected for a near-
est neighbor analysis of their spacing. Two of the services,
police and fire, provide emergency protection from sites of
their facilities to various locations within the region. The other
two services, elementary education and voting locations, pro-
vide nonemergency services for persons who travel to these
locations. The facility sites for the four services are shown in
figure 14.3.

A nearest neighbor analysls is applied to each pattern to
measure the spacing of service sites. The calculation proce-
dure for analyzing the spacing of police facilities is summa-
rized in table 14.2. The nearest neighbor distances (in
kilometers) for each of the 20 sites are shown in figure 14.4.
The mean nearest neighbor distance for police stations in
Toronto is 3.63 kilometers. If the stations had been distributed
randomly across the city, the mean spacing would have been
2.83 kilometers {table 14.2). To hold the influence of point
density constant and allow more useful comparisons of near-
est neighbor results, a standardized nearest neighbor index
(R)is calculated. This ratio of NND to NNDx for police stations
in Toronto (R = 1.28) suggests that the actual spacing of points
is more dispersed than random, Although dispersal of sites is
expected for an emergency public service, does the R value of

Warktable for Nearest Neighbor Analysis: Police
Service Facilities In Toronto, Ontario

Ho: NND = NND, (point pattern is random)

Hx: NND % NND, (point patlern is not random)

Calculate mean nearest neighbor distance:
ZNND - 7268 _
e T 3.63

where: n = number of points

NND =

Calculate random nearest neighbor distance:
1 RN

2./Density.

where; Densify = n/Area

NNDy =

o . . L
NNDy = = = = 283
"7 [z o031z 01766
541,45 |
Calculate standardized nearest neighbor distance:
_ MND _ 383 .9
NNDgp 2.83

Calculate test statistic;
NND - NNDy

UNRD

14

where; Densify = nfArea

0.26136 ~  0.26136
OXFD = = = 0.3309

J20(0.0312) 0.7899

7 - 363-283 080 _
"7 03309 0 03309

242 (p = 0.0078)

{continued)
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1.28 differ significantly from 1.0, the result for a random pat-
tern of points?

Equations 14.6 and 14.7 are used to test for a significant
difference between an observed nearest neighbor index and

the corresponding index value for a random spacing of points.

The null hypothesis Is that the observed and random nearest
neighbor distances are equal. In this problem, a one-tailed
{directional) test is logical, since police facilities are hypothe-
sized to have a dispersed locational pattern. Therefore, the
alternate hypothesis is that the cbserved nearest neighbor
index is larger than the corresponding random value. The

resulting test statistic for police locations in Toronto (Z, = 2.42;

p =.0078) indicates that you can reject the null hypothesis
with more than 99% certainty and conclude that the spacing
of police stations is more dispersed than random.

Inferential interpretations in this problem should be made
only with extreme care. It could be argued that the existing
pattern of locations is a “natural” sample from the many possi-
ble locations where police stations could have been sited. If
this argument is not accepted, the inferential assumption of
an independently selected random sample of points is not
met. If this is the case, you might want to focus primarily on a
descriptive comparison of nearest neighbor indices {R-values)
for the police stations and the other community services.

TABLE 14.3 '

Nearest Neighbor Values for Selected Public Facilities in Toronto, Ontario

Public Facility NND Density NND, R 2z, p

Fire 2.0 1278 140 1.47 8.21 .0000
Police 3.63 0312 2.83 1.28 242 0153
Eiementary schools 0.59 7358 0.58 1.02 0.95 .3439
Voting locations 0.27 2.4351 0.32 0.84 -12.23 .0000

Elementary schools

Police facilities

Kilometers

FIGURE 14.3

Location of Selected Public Facilities in Toronto, Ontario
Source: City of Toronto Planning Division

. E".
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Police Facilities

5

Kilometers

harber

FIGURE 14.4 : :
Nearest Neighbor Distances for Police Service Facmtles in
Toronto, Ontario

The corresponding nearest neighbor values and test statis-
tic results for each of the four service patterns are shown in
table 14.3. The public services are ranked in decreasing size of
the R index (from more dispersed to more clustered). The pat-
tern of fire stations in Toronto is the most dispersed (R=1 A7)
followed by police stations (R = 1.28), thus supporting the
assumption of an even distribution of emergency services to.
meet an equity requirement. The third most dispersed service
is elementary education facilities (R = 1.02). However, statisti-
cal evidence (p = 0.34) indicates that this dESpersmn is hot s;g—
nificantly different from a random pattern. ’

The most clustered spacing pattern among the four ser-
vices is voting locations (R = 0.84), the only service where the
random nearest neighbor distance exceeds the observed
average nearest neighbor distance. Unlike emergency ser-
vices which are located to provide relatively equal response

times for all parts of a region, voters must utilize a specific vat-

ing location based on their place of residence. This suggests
that areas with higher population densities would require

additional voting locations producing a more clustered spatial’

pattern. This clustered pattern is reflected in a lower R index
and is evident in the areas just north of Toronto's inner harbor,

These results are clearly influenced by the way in
which the problem is structured. A critical issue when
using the nearest neighbor procedure is the delimitation
of the study area boundary. In many research problems
(like the analysis of public services in Toronto), a politi-
cal boundary defines the study area. In other problems,
where no formal or logical boundary exists for enclosing
the point locations, you must designate an operational
boundary or territorial limit for the region under study.
The position of the boundary does not directly affect the
distance between nearest neighbors or the mean nearest
neighbor index. However, boundary position does affect
both the area of the study region and the point density,
factors that determine the random nearest neighbor dis-
tance. Therefore, specification of the study area bound-

(Perfectly _ . o
A R=2.149 —
dispersed) . ¢ .
-
{More dispersed _ .
R=15 * 14— Fire =147

than random)

l¢— Police = 1.28

{Random) R=1.0 | —i4— Education = 1.02

[4— Voting = 0.84

(More clustered
than random}

(Perfectly -
clustered) k=00 ® —
{® = 5 points at
same localion
FIGURE 14 5

Continuum of R Values in Nearest Neighbor AnaIySIS
Toronto, Ontario

Spacing of facilities for the four selected services in Toronto
confirms the expected arrangements of emergency and non-

~ emeérgency services {fig. 14.5). As hypothesized, the pattern of

emergency fire services exhibits the most dispersed spacing,”
followed closely by the pattern of police facilities. Also as
expected, voting locations in Toronto are more clustered than
randomfAlthough education services visually appear more
dispersed than random, statistical evidence suggests that the
spacing does not differ significantly from a random pattern.

ary influences the outcome of a point pattern analysis.
Ideally, a functional study area boundary should be
defined that is consistent with the type of points being
analyzed. Some researchers suggest that the boundary
should be defined just beyond the outermost points
within the study area,

Another issue related to study area boundary is the
specification of nearest neighbors at the edge of a region.
In some actual situations, the nearest neighbor for a
point located near the boundary may actually lie outside
the study area. Perhaps the nearest fire station or school
lies across the border at a shorter distance than the near-
est neighbor lying inside the study area. Therefore,
results are influenced by how nearest neighbor distances
are handled near the study area boundary. Administra-
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tive boundaries do not necessarily offer the best approach
to delimiting the study area in point pattern problems.

To adapt to various situations, geographers have
expanded the NNA concept to include not just the single
nearest neighbor, but » nearest neighbors (where # repre-
sents all nearby neighbors, and the definition of “nearby”
varies depending on the specific situation). If the com-
plete distribution of all point-pair distances in a spatial
pattern is considered, then we have a classical £ nearest
neighbor (often called a Rivley’s K function). In evaluat-
ing more than one nearest neighbor, you simply deter-
mine the mean distance from each point to the # closest
points in the distribution. For example, we can determine
the average distance of the closest four police stations to
any other police station in Toronto.

The % function is a true second order statistic that
evaluates the distribution of points over the full set of dis-
tances in the point set. That is, for each point the & func-
tion determines how many points are within distance d.
Because distance is a continuous variable, the £ function
typically breaks the data up into distance intervals. For
example, we might determine how many police stations
are within 1km, 2km, 3km, ... and 10km of cach other
and compare that to an expected number of police stations
from a theoretical distribution of a completely random set
of points. The purpose is to determine if a set of points
(services or facilities) is clustered at multiple distances.

14.2 QUADRAT ANALYSIS

An alternate methodology for studying the spatial
arrangement of point locations is quadrat analysis.
Rather than focusing on the spacing of points within a
study area, quadrat analysis examines the frequency of
points occurring in various parts of the area. A set of
quadrats (usually square cells} is superimposed on the
study area, and the number of points in each cell is deter-
mined. By analyzing the distribution of cell frequencies,
the point pattern atrrangement within the study area can
be described.

Whereas ncarest neighbor analysis uses the average
spacing of the closest points, quadrat analysis considers
the variability in the number of points per cell (fig. 14.6).
If each of the quadrats contains the same number of
points (case 1), the pattern would show no variability in
frequencies from cell to cell and would be perfectly dis-
persed. By contrast, if a wide disparity exists in the num-
ber of points per cell for the set of quadrats examined
(case 2), the variability of the cell frequencies would be
large, and the pattern would display a clustered arrange-
ment. In a third alternative (case 3), the variability of cell
frequencies is moderate, and the pattern of points would
reflect a random or near random spatial arrangement.

However, the absolute variability of the cell frequen-
cies cannot be used as an effective descriptive measure of
the point pattern because it is influenced by the density

of points—that is, the mean number of points per cell.
This relationship is directly analogous to the influence
of the mean on the standard deviation of a variable.
Recall from chapter 3 that the coefficient of variation is
used for meaningful comparisons of relative variability
between distributions. In quadrat analysis, an index
known as the variance-mean ratio (VMR) standardizes
the degree of variability in cell frequencies relative to the
mean cell frequency:

VAR

R=—— (14.8)
MEAN

where: VMR = variance-mean ratio
VAR = variance of the cell frequencies
MEAN = mean cell frequency

The mean and variance are the basic descriptive statistics
that summarize the central tendency and variability of a
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FIGURE 14.6

Quadrat Analysis: The Relationship of Cell Frequency Variability
and Point Pattern
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variable. Since the data from quadrat analysis are usually
summarized as frequency counts (number of points in
each quadrat), formulas for the weighted mean and
weighted variance (weighted standard deviation squared)
are usually applied (see tables 3.4 and 3.8).

Interpretation of the variance-mean ratio offers
insight into the spatial pattern of points within the study
area. In a dispersed distribution of points, for example,
the cell frequencies will be similar, and variance of cell
frequency counts will be very low. In an extreme case
(such as case 1 in fig. 14.6), if ecach quadrat contains
exactly the same number of points, the variance will be
zero, making the variance-mean ratio zero. Conversely, if
a point pattern is highly clustered with most cells contain-
ing no points and a few cells having many points, the vari-
ance of cell frequencies will be large relative to the mean
cell frequency. This type of spatial pattern will produce a
large value for the variance-mean ratio.

If the set of points is randomly arranged across the
cells of the study area, an intermediate value of variance

Case 1:
Clustered

2
X is large

pis low {close to 0)

Case 2: .
Random

2
Xis .
intermediate

p is intermediate
{not close to O or 1)

[} * .
Case 3: .
Dispersed . .
X is small . . .
pis high (close to 1)
FIGURE 14.8

Quadrat Analysis: The Relaticnship of Chi-square Value and p

Case 1: Case 2:
. [ ]
¢ee o L]
[ X BN N .
L] . .
FIGURE 14.7

Two Point Patterns with the Same Variance-mean Ratio,
but Different Visual Impressions

will occur. For a perfectly random point pattern, the vari-
ance of the cell frequency is equal to the mean cell fre-
quency. To understand this result, recall from section 5.4
that the Poisson distribution is used to describe the fre-
quency of values for a randomly generated spatial or tem-
poral pattern. In the Poisson distribution, the mean
frequency equals the variance of the frequencies. Thercfore,
when using the variance-mean ratio to describe spatial
point patterns, a result close to one (variance equals mean)
suggests that the distribution has a random arrangement.
Since quadrat analysis measures dispersion related to
the frequencies of points in the cell boundaries and not
the explicit location of points in relationship to one
another, you must be careful when interpreting the VMR,
For example, both case 1 and case 2 in figure 14.7 have
the same VMR. There are eight points and four quadrats.
However, the actual distribution of the points in relation-
ship to one another in the large study area {(ignoring the
four internal quadrats) would suggest that case 1 has a

Quadrat Analysis

Primary Objective: Determine whether a random (Poisson)
process has generated a point pattern

Requirements and Assumptions:

1. Random sample of points from a population
2. Sample points are independently selected

Hypotheses:
Ho: VMR = 1 ({(point pattern is random)
Ha : VMR # 1 (point pattern is not random}
Ha: VMR > 1 (point pattern is more dispersed than

random)

Ha: VMR < 1 (point pattern is more clustered than
random)

Test Statistic:

x* = VMR (m—1)
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clustered pattern of points while the distribution of points determines whether an observed VMR value differs signif-
in case 2 is dispersed. icantly from a theoretical random value (VMR = 1.0). The
In addition to its use as a descriptive index, the vari- interpretation of the chi-square test statistic and corre-
ance-mean ratio can also be applied inferentially to test a sponding p-value reflects these two possibilities. A large Wildfires for the decade of the 1980s Wildfires for the decade of the 1990s
distribution for randomness. The test statistic is chi- VMR generally produces a larger chi-square value (with a -
square, defined as a function of both the VMR and num- small p-value), suggesting greater variability of the cell fre- '-:_". .
ber of cells (m): quencies and a clustered arrangement of points. Con- - i —
versely, a small ¥MR produces a smaller chi-square value, g 3 " e
v% = VMR(m - 1) (14.9) indicating lower variability of cell frequencies and a more 7 OEEIG T
dispetsed distribution of points. In such instances, the cor- T . :2 3. I
The null hypothesis for this test is expressed as no differ- responding p-value is larger. Intermediate chi-square val- . . . !i .
ence between the observed distribution of points and a dis- ues result from variance-mean ratios closer to one, solfl. |:3%av | %
tribution of points resulting from a random process (that suggesting a lower probability of rejecting the null hypoth- s AT IR ey .
is, VMR = 1). Either a directional (one-tailed) or non- esis and therefore more likelihood that the distribution of R I
i directional (two-tailed) approach can be used, depending points is actually random. Thus, a continuum of p-values "‘“-';'ie . :
[ on the test objective of the alternate hypothesis. from 0 to 1 indicates transition from clustered to random e . -
| Rejection of the null hypothesis can occur if a point to dispersed (fig. 14.8). Either very high or very low p-val- 31:.:.: e L] e Th N
pattern is more clustered than random (VMR > 1) or more ues suggest rejection of the null hypothesis, while interme- - + e YT
! dispersed than random (FMR < 1). The difference test diate values do not support rejection. i R h’"{ R
. sl . . ., F e |a
TETR SN R 7 R
Example: Quadrat Analysis—Distribution of Wildfires in New Mexico N R 'L, L e
The example of wildfire distribution (section 5.4) is re- not differ significantly from that of a theoretical random pat- J -
examined here using quadrat analysis. The objective now is to terin (VMR = 1). The null hypothesis assumes no difference [
describe the pattern of points within the study area by analyz- between the observed and expected VMRs. Selection of a
ing the distribution of cell frequencies. The resulting fre- directional (one-tailed) or non-directional {two-tailed) test .
quency pattern indicates whether the wildfire starting points depends on whether a priori evidence exists to suggest a Wildfires for the decade of the 2000s
have a dispersed, random, or clustered arrangement. The chi- point pattern that is more clustered than random or more - ¥ e -1, :
square difference test is then applied to determine whether : W Toge e SRRt |,
the observed pattern differs significantly from a theoretical . ] --:_ . iag AL L s . . ‘ -
random pattern, : 3‘;",‘,,..'-'- e bt Ll vnms |- ol Sr LR %7 15 TR o .
In this analysis, wildfire locations are assumed to be inde- BIEX .t v LT Ty e : R A e 3
pendent random events. This assumption is justified if the R -1 Bl o o R B YA s, .
sample Is considered a “natural” sample over one time period. "¢ . X AL N e L1 ke o ; 47
If a natural sampling process is assumed, this particular pat- ."'. How '. da e y ; - . .
tern of wildfire starting points represents a random sample . .:: L KNy = " —
from an infinite number of sample patterns that could have ol L " o Lo ) . .
occurred during a given time period. ::'-" o M L B :
As discussed in section 5.4, 122 cells covering New Mexico '-‘_,:. ' _' A ",. ) * I :
have at least half of their area in the state. This set of 122 S1 3 . M P P e S ‘4 L L R 3.
quadrats excludes only 116 of the over 16,000 recorded wild- " o 2| I A P .| redotedasti.
fire starting points for the state over the entire 30 year time l' . - F—‘ 1 AR : - Ny
period. One of our obhjectives is to determine if the distribu- A S S KA . {" "ﬂ'; .
tions of wildfires in New Mexico are different over the last :"..-’ e < L O iy oo e
three decades: 1980s, 1990s, and 2000s, HEN S N R . f.f * B Yoot R e
In addition to an analysis of wildfire distributions for all - < - 4’_ eivs o ¢ "‘i Y Yo, NEE L A
three decades, we also focus attention on a random set of ‘.._- Tl :, "‘H’_ SR IR 3 L. e L 13
2,500 points. Using GIS processing, a random set of 2,500 RIITW P R I S . *
points is generated, and yields a mean frequency of 20.9 wild- A . N
fires per cell—2,500 wildfires in 120 cells {fig. 14.9). The vari- * - . \Wildfire location 1?0 3?0 A
ability in cell frequencies around these means largely » Random point N Kilometers
: determines the nature of the point pattern. For this set of 0 150 300
guadrats, the variance of the random points is 18.9 per cell, ' Kiometrs '
The two summary statistics produce a variance-mean ratio of
.904, suggesting a random distribution (table 14.4). FIGURE 14.9 FIGURE 14.10
A difference test is applied to determine whether the VMR GIS-generated Random Set of 2,500 Points Superimposed on Point Patterns for Wildfires in New Mexico: 1980s, 1990s, and 2000s
of .904 of our computer-generated random set of points does - 120 Cells in New Mexico. Source: 1.8, Geological Survey, Federal Wildland Fire Occurrence Website
{continued)
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dispersed than random. Because we generated a fictitious set
of random points, there is no a priori evidence suggesting the
pattern should be clustered (or dispersed), therefore a non-
directional, two-tailed difference test is appropriate. Con-
versely, an alternate hypothesis that assumes, a priori, a clus-
tered or dispersed point pattern would require a directional,
one-tailed difference test.

As could be expected, the resulting chi-square test statistic
of 107 produces a rather large p-value of 0.77 (tabile 14.4), Thus,
we have very strong canfidence that the null hypothesis should
be accepted and that our computer generated pattern Is, in
fact, random, Figure 14.10 shows the point pattern distribution
for wildfires in New Mexico for the decades of 1980-1989,
19901699, and 2000-2009,

A cursory view of the maps seems to show that the distri-
bution of wildfire starting points is very highly clustered over
all three decades. This makes intuitive sense, as many areas in
New Mexico are desert, and only a few areas are heavily for-
ested. In cases like this, a VMR will almost certainly describe a
highly clustered distribution. However, even though the “nat-
ural pattern” of forested areas would logically resuit in a clus-
tered distribution of wildfires, there is still merit in applying
the VMR technigue to compare multiple decades (and detect
any changes in the overall clustering pattern of wildfires).
Table 14.5 shows the VMR results for each decade.

You can see that each decade exhibits a highly clustered
distribution, but as we said, that is not surprising given the dis-
tribution of forests, deserts, and human settiements in the
state. However, the decades of 1990-99 and 2000-09 are dra-
matically more clustered than the decade of 1980-89. The
increasing clustering of wildfire starting points could possibly
be explained by the fact that expansion of “the human foot-

print” across New Mexico has refegated forested areas to an
ever-smaller portion of the state, Quite simply, there are fewer
places where a wildfire could start, and these places are
increasingly clustered on public lands such as national parks,
natiohal forests, and Bureau of Land Management lands.

TABLE 14.4 '

Worktable for Quadrat Analysis: New Mexico
Wildfires (2,500 Random Points)

Ho: ¥MR = 1. {point pattern is random)
Ha: VMR <> 1 {point pattern is not random)

Calculate mean celt frequency:
Mean cell frequency = nfm

- “where: n = number of points
: ~ M = nuinber of cells

2,500

MEAN = —1*2—(~r

= 209

Calculate variance of cell frequencies:

" Number of o
points per Number. Total
cell (x) ofcells ()~ points G
1 1 11 121
12 2 24 288
13 2 26 338
14 4 56 784
15 3 45 675
16 4 64 1,024
7 9 153 2,601
18 8 144 2,592
19 15 285.. . 5415
20 10 200 4,000
-2 1D 210 4410
22 11 242 - 5,324
23 9 207" 4761
24 13 312 . 7488
.25 3 75 1.875
26 2 52 . 1352
27 "3 - 2,187
28 8 224 6,272
a2 1 ‘32 C1024
133, 2 . 66" - 2,178
- 8UM 120 2,500 54,709

VAR = E_L‘XE; [(E{;XJZ]

‘m—1
where: £ = frequency of cells with i wildfires
: X; = number of wildfires per cell
- 2,5092 :
54709 - (277) 54709 -
VAR = - i207) _ 709 — 52,459 - 189

120-1 = 119

e I «  Wildfire location A

0 150 300
|

1
Kilometers

FIGURE 14.11
New Mexico Wildfires from 2000 to 2009 Overlain with a Larger
Quadrat Size

Calculate variance-mean ratio:

VAR 18.9
VMR = m = m = 0.904

: Calculate test statistic:

X = VMRGn—1)= 09(119) =107 (p=077)
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TABLE 14.5

Variance-mean Ratios (VMRs) for Wildfire
Distribution in New Mexico

Distribution Variance-Mean Ratio
Computer generated random sample 804

1980 1989 20,381

1990 1999 32,645
2000-2009 30,818

Does the size of quadrats used to cover the study area influ-
ence results from quadrat analysis? To examine this question,
the 2000-09 wildfire distribution is evaluated using a cell
design with quadrat areas four times as large. This cell structure

Although quadrat analysis offers a useful approach to
studying the spatial arrangement of points, several proce-
dural issues must be considered. Different cell sizes pro-
duce varying levels of mean point frequency and variance
per cell. Moreover, studies have shown that if the point
pattern is held constant but the quadrat size is decreased
(i.e., the number of quadrats is increased), the variance of
the point frequencies usually declines faster than the
mean. However, this is not always the case as we can see
from our example, Thus, different cell sizes in a single
problem can generally be expected to produce different
values of the variance-mean ratio.

Although more rescarch needs to be conducted on
optimal quadrat size, two guidelines can be offered. When
visual examination of a point pattern reveals distinct clus-
ters, the size of quadrats should match that of the clusters.
This cell size allows the results from quadrat analysis to
reflect more accurately the visual impression of the pattern.
Other researchers have suggested a general “rule of thumb”
that cell size should be equal to twice the average area per
point. In other words, the mean frequency of points should
be close to 2.0 per quadrat. This guideline approximates
the cell structure used with the 122 cells covering the New
Mexico forest fire example. Taylor (1977) presents a more
detailed discussion of cell size in quadrat problems.

Another issue in the use of quadrat analysis also
requires some attention. Like nearest neighbor analysis,
delimitation of the study area can influence the results of a
study. In the use of quadrat analysis, a way to handle cells
around the study area boundary needs to be determined.
Cells on the boundary will inevitably contain area both
inside and outside the study region. In the New Mexico
wildfire problem, cells with more than half of their area
outside the study region were eliminated. Alternative deci-
sion rules can be used, and these may change the results
obtained from the analysis. No matter what decision rule
is applied in a particular problem, the geographer needs to
be consistent in handling the boundary issue.

produces 37 larger quadrats covering 7,177 wildfires for the
decade {fig. 14.11). To be consistent, boundary cells whose area
is mostly (more than half) outside New Mexico are eliminated.

The larger cell network produces fewer quadrats with
higher frequencies per quadrat and a larger mean cell fre-
quency of 211 wildfires per quadrat. The variance of the cell
frequencies about this mean is also higher at 81,203; since the
variance remains much larger than the mean, the pattern
once again displays a highly clustered arrangement. Stan-
dardizing this variance to the mean produces a variance-mean
ratio of 15,070, much lower than the value found with the
smaller quadrat size (VMR = 30,818), although still highly sig-
nificant. You might want to speculate about why the VMR for
the larger quadrats is considerably smaller than the VMR for
the smaller quadrats.

KEY TERMS

nearest neighbor analysis, 270

point pattern analysis, 270

quadrat analysis, 2/6

standardized nearest neighbor index, 212
variance-mean ratio (VMR), 2/6

MAJOR GOALS AND OBJECTIVES

If you have mastered the material in this chapter, you
should now be able to:

1. Identify the types of geographic problems or situations
for which nearest neighbor analysis is appropriate,

2. Identify the types of geographic problems or situations
for which quadrat analysis is appropriate.

3. Explain the logic and procedures used in nearest
neighbor analysis and explain how they differ from
those used in quadrat analysis.
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Area Pattern Analysis

15.1 Join Count Analysis
15.2 Moran’s I Index (Global)
15.3 Moran’s I'Index (Local)

This chapter presents several methods for analyzing
area patterns. Some of these methods are global in
nature, encompassing an entire study area, while one
method (a variation of Moran’s [) analyzes a local
region. Two statistical procedures, the join count statistic
and Maoran’s 7 Index, are discussed in more detail. The
join count statistic basically examines the structure of all
subarea connections (joins) within the larger study area.
Each particular subarea is cither “joined” or “not joined”
to a number of adjacent subareas, and the overall pattern
of this subarea joining structure is analyzed. The Moran’s
Index analyzes ordinal or interval/ratio area patterns to
determine if they are significantly autocorrelated.

For example, an economic development planner
might be interested in evaluating changing spatial pat-
terns of poverty in Appalachia. Through area pattern
analysis of a chronological series of county-level chorop-
leth maps showing Appalachian poverty, the spatial distri-
bution of poverty can be evaluated over time to determine
whether it is becoming more dispersed or clustered. In
another example, an urban geographer could analyze a
map pattern depicting the number of existing home sales
by census tract to determine the degree to which sales are
spatially concentrated in certain portions of the city. If a
nonrandom clustering of high turnover rates is found in
certain segments of the city, attention could be focused on
why the sales exhibit such spatial patterns.

The goals and objectives in area pattern analysis are
similar to those in point pattern analysis. Just as nearest
neighbor and quadrat analysis examine the random or
nonrandom nature of point patterns, descriptive and
inferential procedures are available to analyze area pat-
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terns. A choropleth or area pattern map is considered
clustered if adjacent or nearby areas tend to have highly
similar values or scores. Alternatively, if the values of
adjacent or nearby areas tend to be dissimilar, then the
spatial pattern is considered more dispersed than random
(refer back to fig. 13.1).

Area pattern analysis is appropriate for studying
marny practical problems in geography. It is particularly
valuable when examining the way in which area patterns
of a specific variable change over time, For example, sup-
pose a medical geographer is concerned with the diffu-
sion of influenza in a metropolitan area. If the number of
cases is reported by census tract for several time periods,
the influenza morbidity rate could be displayed on a
series of choropleth maps and the degree of non-random-
ness in the patterns analyzed. If the incidence of the dis-
case becomes more dispersed over successive time
periods, researchers would be very concerned because
the dispersion indicates that the influenza is spreading
more widely throughout the metro area. It could also
mean a significant number of cases were appearing in
other areas not close to existing areas of high incidence.
Conversely, if the morbidity rate patterns were becoming
more clustered over successive time periods, then a closer
examination of those areas with higher incidence of
influenza would be appropriate. Such knowledge could
lead to the implementation of effective strategies for dis-
ease control.

Suppose a political geographer wants to study the
spatial pattern of voter registration rates across a number
of precincts within a community. If registration rates
have been mapped by precinct before each of the last sev-
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eral elections, a useful comparative analysis of area pat-
terns is possible. If the pattern is becoming more
clustered over successive time periods, a different regis-
tration strategy may be necessary. An analysis of area
pattern trends might also provide insights into demo-
graphic or economic variables that seem to be related to
the voter registration rate,

Join count analysis is used when areas on a map are
represented in binary form, such as yes/no, presence/
absence, or above/below a particular threshold. For
example, each census tract in an influenza morbidity rate
map could be classified as having either an above average
or below average incidence of influenza. Moran’s [ is
used when areas on a map are represented in ordinal or
interval/ratio form, with the actual values or ranks of
values. For example, the census tracts might indicate the
actual influenza morbidity rate, or a ranking of census
tracts from the highest to lowest morbidity rate.

15.1 JOIN COUNT ANALYSIS

The join count is the basic organizational statistic
for the analysis of area patterns. A “join” is operationally
defined as two areas sharing a common edge or bound-
ary. The procedures involved in calculating a join count
statistic are relatively straightforward. The fundamental
building block is the number of joins in the pattern and
the nature of the join structure in the study area. Figure
15.1 illustrates the simplest situation: a binary classifica-
tion of data and a two-category choropleth map, Many
geographic variables are binary in nature, or can be
downgraded effectively to binary without sacrificing
important locational information. This figure shows the
join structure for the subareas in the study region. For
example, area A is joined to two other areas, B and D).
The number of joins associated with each area is listed
adjacent to the join structure map.

To comply with accepted practice, each area can be
identified as either “black” or “white.” It is then possible
to refer to the observed number of “black-white,” “black-
black,” and “white-white” joins in the pattern. In case 1
of figure 15.1, the area pattern appears clustered, with
relatively few black-white (dissimilar) joins and a rather
large number of black-black and white-white (similar)

Number
Area of joins

Join structure

&

L]
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Case 2:
Dispersed

Case 1:
Clustered

FIGURE 15.1

Join Structure and Examples of Area Patterns Appearing Clustered,
Dispersed, and Random

joins. In case 2, a dispersed (checkerboard-like) pattern
has more black-white joins and fewer joins of similar-cat-
egory areas. With random patterning (case 3), the result
is an intermediate number of both similar and dissimilar
Jjoins. These situations are all reflected in table 15.1.

To determine if a join count distribution has been
generated by a random process, the number of black-
white joins that would be expected from a theoretical
random arrangement of binary observations must be cal-
culated. That is, the expected number of black-white joins
in a purely random pattern is compared with the one
actually observed. If the observed join count is signifi-
cantly different from the expected join count, the
observed pattern can be described as nonrandom.

How do you determine the expected number of
black-white joins? The locational context in which the
overall study area pattern is being evaluated suggests two

Join Counts Associated with Area Patterns

Dissimilar
areas joined Similar areas joined
Case Total joins * Black-white joins Black-black joins White-white joins Total
1 {clustered) 19 5 7 7 14
2 (dispersed) 19 15 0 4 4
3 (random) 19 12 4 3 7

* See figure 15.1 for map of join structure and area patterns.
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possible approaches for generating expected join counts.
Some area pattern analyses may be conducted under the
hypothesis of free sampling. Free sampling should be
used if the researcher can determine the probability of an
area being cither black or white based on some theoreti-
cal idea or by referring to a larger study area. Once the
probability of an area being black or white has been
determined, the expected number of black-white joins in
a random pattern having those probabilities can also be
determined. For example, in the influenza morbidity rate
problem, suppose each census tract throughout the met-
ropolitan area is classified as having either above average
incidence of the disease (black) or below average inci-
dence (white), If the pattern of disease is being analyzed
in only one portion of the metropolitan area, logic would
suggest that the probability of above- or below-average
incidence of influenza should be typical or representative
of that found throughout the metro area, and the free
sampling hypothesis would be appropriate.

The non-free sampling hypothesis is used when no
reference to a larger study area or general theory is
appropriate. In this case, only the study region itself is
considered in the analysis, and the expected number of
black-white foins is estimated from a random patterning
of only those subareas in the study region. For instance, a
political geographer studying the spatial pattern of com-
munity voter registration rates by precinct may not have
any reason to believe this pattern is typical or representa-
tive of any larger area (such as the state in which the
community is located). Therefore, if it is hypothesized
that the area pattern has resulted from the unique charac-
teristics found within the study area, then a non-free
sampling hypothesis should be applied.

In many geographic problems, you will find it diffi-
cult to conclude with any degree of confidence that a
subarea pattern is typical of a larger area. If this is the
case, use of the expected number of black-white joins
from a non-free sampling hypothesis frees you from hav-
ing to make any restrictive assumption., For the sake of
brevity, we will only show the slightly simpler calculation
procedure for area pattern analysis in a non-free sam-
pling context.

In a non-free sampling context the observed number
of black-white joins is compared with the number of such
joins expected in a purely random arrangement. This will
help you determine if the area pattern has been generated
by a random process. The null hypothesis is that the
observed number of black-white joins is equal to the
expected number of black-white joins in a purely random
area pattern. If reason exists to hypothesize that the
observed area pattern is non-random in a certain direc-
tion, then a one-tailed alternate hypothesis is appropri-
ate. For instance, an area pattern could be hypothesized
either as more clustered than random or more dispersed
than random. Without an a priosf reason to hypothesize a
clustered or dispersed pattern, a two-tailed alternate

hypothesis is selected, and the conclusion will be that an
area pattern is random or nonrandom,
The test statistic (Z) for non-free sampling is:

Z,,:M (15.1)

O pw

where: Oyp = observed number of black-white joins
Epyy = expected number of black-white joins

O g = standard error of the expected number of
black-white joins

In non-free sampling, the expected number of black-
white joins is calculated by incorporating the observed
number of black areas and white areas directly into the
equation;

Esw :ﬂ (15.2)
N({N-1)

where: Egp- = expected number of black-white joins
= total number of joins
= number of black areas
= number of white areas

= total number of areas (black plus white)
=B+ W

The expected number of black-white joins in the
study region is determined by asking how many black-
white joins would occur from a theoretical random pat-
tern containing the same number of black and white
areas as the observed area pattern. That is, the question
becomes how many black-white joins would be gener-
ated from a random arrangement of the observed number
of black and white arcas in the area pattern.

Certain generalizations can be made concerning the
expected number of black-white joins. Given a particular
total number of areas (N = B + W), the value of the
denominator in equation 15.2 is constant. If most of the
areas in the observed pattern are either black or white,
then their product (BW) in the numerator will be a
smaller number, producing a smaller expected number of
black-white joins. Conversely, if about the same number
of black and white areas is found in the observed pattern,
then their product will be a larger number, producing a
larger expected number of black-white joins. These
results seem logical, for a pattern with a large number of
black areas and very few white areas (or vice versa)
would not be expected to have a large number of black-
white joins. The expected number of black-white joins is
maximized when an equal number of black and white
areas occur in the overall pattern.

Not all randomly generated patterns will contain
exactly the same number of black-white joins, so a mea-
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sure of the amount of variability expected as a result of
sampling must be included. The standard error of
expected black-white joins is:

g, = \/EBW + —ZL(L —DBW
aw N -1)

4[J(J-D)-T LIL-D|BB-HW (W -1) .
NV -1)(N - 2)(N - 3) B

{15.3)

where: Ggy = standard error of the expected number of
black-white joins
J = total number of joins
> L = total number of links = 2J
B = number of black areas
W = number of white arcas

N = total number of areas (black plus white)
=B+ W

Note: Y.L = 2J If areas A and B are joined, then A is
“linked” to B and B is “linked” to A, making the sum of
all links twice the number of joins.

The area pattern may now be analyzed with the non-
free sampling hypothesis (equation 15.1 with supplemen-
tary equations 15.2 and 15.3). If the observed number of
black-white joins is larger than the expected number of
black-white joins, then Z; will be a positive value, indicat-
ing a pattern more dispersed than random. A relatively
large number of black-white (dissimilar} joins will occur
in a dispersed pattern (fig. 15.1). Conversely, if the
observed number of black-white joins is smaller than the

|
Join Count Analysis (Binary Categories)

Primary Objective:  Determine whether a random process
has generated a binary {two-category)
area pattern

Requirements and Assumptions:

1. Each area is assigned to one of two categories

2. Each pair of areas must be defined as either adjacent
("joined") or nonadjacent (not "joined"} in a consistent
manner

Hypotheses:
Ho : OBW
HA . OEW

#*
Ha : Ogw > Egy (area patternis more dispersed
than random}

Ha: Ogw < Egw {area pattern is more clustered than
randomy}

Egy {area pattern is random)

Egy (area pattern is not random)

Test Statistic:
Opw — Epw

Zb =
Gpw

expected number of such joins, then Z, will be negative,
and the pattern will appear more clustered than random.
The greater the magnitude of 7, (either positive or nega-
tive), the greater the likelihood that the area pattern being
analyzed is not random. Just like other Z-score difference
tests, this Zy test statistic for area pattern analysis indicates
the number of standard deviations separating the expected
random black-white join count from the observed value.

Example: Join Count Analysis—Obesity Distribution Patterns across the United States: 1995, 2002, 2009

Returning to the discussion of obesity, we héve shown pre-
viously that the obesity rate in the United States has increased -

each year. However, while the nation suffers a high obesity
rate, the geographic distribution of highly obese states may
not be evenly distributed: That is, only certain portions of the
country may exhibit high levels of obesity. A geographer

might be interested in determining if the areas of high obemty'

in the Unitéd States are clustered, random, or dlspersed In

- order to tailor a specific approach for combating the epi-
demic, You also might want to know if the overall spatial pat-
tern of obesity is becoming more dispersed, random, or
clustered over time. Figure 15,2 shows binary maps of cbesity
in the conterminous United States (excluding Alaska and
Hawail, since they are obviously not "joined” to any other
state) for three different years: 1995, 2002, and 2009, Black -
areas represent the states that are above the national mean

obesity level and white areas represent states befow this level.

As shown in table 15.2 the number of states with obesity lev-
els above the national mean is relatively similar for each year.

“Across the conterminous United States there are 212 links
and 106 joins (recall from equation 15.3 that ZL = 2J); table
15.3 shows the state linkage pattern needed for the area pat-
tern analysis. This general state linkage pattern serves all three

. dates of anialysis (1995, 2002, and 2009) alt_hough the detailed
. calculation procedure which follows is shown only for the
. 1995 pattern.

TABLE 15 2

: ='Number of States with Obasity Levels Above the

' Natlonal Average

~ States with obesity above Number of black-

Year the national average white joins
1995 2 21
- 2002 - 27 . 32
2000 - 25 25
{continued)
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1995, 2002, and 2009

Below national
average

Above national
average

FIGURE 15.2

State Obesity Levels in the United States: 1995, 2002, and 2009
Source: Centers for Disease Control and Prevention {CDC)
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In this example, a “black-white” or dissimilar Join occurs

when a state with an obesity rate above the national mean
shares a common boundary with a state having an obesity. -
rate befow the national mean. Conversely, a similar join

TABLE 15.3 I

State Linkage Pattern .

Number .

State Name of links (L} L-1. - L{L~1)
Alabama 4 3 - 12
Arizona 5 . 4 20
Arkansas 6 5. ‘30
California 3 -2 6
Colorado 7 .6 42 .
Connecticut 3 2 T 6
Delaware 3 2 6
Florida 2 1 2
Georgia 5 4. 20
Idaho 6. 5. 30
lllinois 5 4 20
Indiana 4 3 12
lowa 6 5 30
Kansas 4 3 A2
Kentucky 7 8 42
Louisiana 3 2 8
Maine 1 0 o0
Maryland 4 3 - 12
Massachusetts 5 4 20
Michigan 2 1 2
Minnesota 4 3. 12
Mississippi 4 .3 12
Missouri B8 7 56
Montana 4 3 12
Nebraska 6 5 30
Nevada 5 4 20
New Hampshire 3 2 .6
New Jersey 3 -2 6
New Mexico - b 4 20
New York 5 4 20
North Carolina 4 3 - 12
North Dakota 3 2 .6
Ohio 5 4 C 20
Oklahoma 6 5 - 30
Oregon 4 3. 12
Pennsylvania 6 5. 30
Rhode Island 2 1 2
South Carolina 2 1: .2
South Dakota 8 5° 30
Tennessee '8 7 58
Texas 4 3. 12
Utah ] 5 30
Vermont 3 2 '8
Virginia 5 4 20
Washington 2 1 2
West Virginia 5 4 20
Wisconsin 4. 3 12
Wyoming 6 . 5 30
TOTAL 212 - B56- -

occurs when either two states with obesity rates above {or
below) the national mean share a common boundary. On the
1995 map, 21 of the 106 joins are dissimilar, while the other

" -85 joins are simifar. Qur research task is to determine if the

observed number of dissimilar joins is significantly different
from the number of dissimilar joins expected in a random
obesity level pattern. '

- The worktable for the 1995 join count analysis is presented
in table 15.4. The expected number of dissimilar joins in a
purely randoin pattern is calculated by incorporating the
observed number of states with obesity levels above and
below the national mean directly into the equation. The result
indicates that nearly 54 {53.75) dissimilar joins are expected in
arandom pattern. :

: To determine whether this contrast between the number

" of observed dissimilar joins {21) and the number of expected
. dissimilar joins (53.75) is statistically significant, the standard

error of expected dissimilar joins (o) must be incorperated

. intothe test statistic. The standard error of expected dissimilar
© -Jolns is 4.92 (table 15.4). The resultant test statistic value (Z, ) is

~6,66, with an associated p-value of .000, These statistics indi-
cate a highly significant tendency toward clustering of states
having obesity rates above the national mean.

Using a similar statistical test procedure, analyses of the
2002 and 2009 obesity pattems (fig. 15.2) have also been gen-

- erated. The results of these analyses are summarized in table

15.5, and an interesting trend emerges across the United
States. In all three years, the distribution of states with obesity
levels above the national mean is very highly clustered. How-

" ever, 1995 appeared to have the most clustering over the

15-year period: _

- The knowledgeable geographer should be able to offer
some tentative hypotheses about why the obesity rate in the
United States was initially most clustered in 1995, became a
bit less clustered In 2002, and once again become maore clus-

“tered in 2009, First, the overall patterns are all highly clus-
“tered (examine fig. 15.2 and table 15.5). Generally speaking,
* for all three dates, similar observable regional patterns are

evident. Most states in the New England, Rocky Mountain,

- anid Pacific census divisions have below national mean obe-

sity rates most of the time. Conversely, most states in the

" South and Midwest census regions have above national
‘mean obesity rates most of the time, These dominant

regional patterns would explain the continuing high levels of
obesity clustering. Perhaps we are over-emphasizing the
importance of these changes. After all, the obesity patterns
are all extremely clustered, '

When there are exceptions to this overall pattern, measur-
able differences in the level of clustering seem to emerge. The
most clustered patten is that of 1995 (Z,=-6.66) with only 21
black-white or dissimilar joins. All of the New England, Rocky
Mountain, and Pacific states have below national average

~ obesity rates. Georgia is one of only a few notable outliers on
~ the 1995 pattern. If Georgia's obesity rate was just a little

higher, it would have been above the national mean, and the

" national pattern would have been even more clustered. Per-

haps some additional insights might emerge if we took a

. closerlock at obesity pattern changes within Georgia. Maybe
the state obesity level was below the nationat mean backin

{continued)
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1995 because of the rapid growth in the Atlanta area (where
obesity levels are generally lower than in the rest of Georgia).
As the rapid growth in Atlanta has slowed a bit in recent years,
perhaps this demographic change allowed Georgia to slip
back above the national obesity level,

The least clustered of the three patterns (although stilf very
highly clustered) is 2002 (Z, = -4.33). On the 2002 map, there
are more notable outliers {Florida, Maine, Virginia, Minnesota,
California, and Oregon) which produces more (32) dissimilar
joins {table 15.2).

Are these “cluster shifts” significant in any practical policy
context? That is, do these country-wide join count analyses
direct us to any particular new obesity reduction plan? The
answer is probably no, at least not directly. But the newly
emerging outlier states that don’t fit the general regional pat-
tern are worth exploring further. In addition to the Georgia sit-
uation just discussed, we might hypothesize why the entire

Rocky Mountain and Pacific census divisions are now less
obese than the national average. What (if anything) distin-
guishes the people of the West from much of the rest of the
country? Will these regional differences become stronger as
time goes by?

Results from the Join Count Analysis—Trends in
Obesity Level Clustering: 1995, 2002, and 2009

Year z p-value
1995 —6.66 0.000
2002 -4.33 0.000
2009 ~-5.89 0.000

TABLE 15.4

Worktable for Join Count Analysis: Obesity in the Conterminous United States, 1995

M¢: Oaw = Easw (area pattern is random)

Ha: Osw # Egw (area pattern is not random)

48(47) 48(47)(16)(45)

number of "black” states = 26
number of "white" states = 22
OBW = 21
_ 2]BW _ 2(106)(26)(22) _ 121,264 _
Eaw = N(N-1) 48(47) T 2,256 53.75
_ g + Y L{L-1)BW [ -1y - XL — 1)] B(B--LYWW-1) 52
Osw = (Bew NN=1) N(N = 1)(N - 2)(N - 3) - Baw
_ J53.75 + (856)(26)(22) 40[{106)(105) — 856] 26(25)(22)(21) _ e3752

= /53.75 + 217.03 + 2,642.68 — 2,889.06
= V244

= 492

— 494,780 N 40[11,130 — 856] (300)(300)
' 2,256 4,669,920

—~ 2,889.06

b Opw 492 4.92

= —666 (p=0.000)
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15.2 MORAN’S I INDEX (GLOBAL)

The Moran’s Index (I}, developed by Australian stat-
istician Patrick Moran in 1948, is a popular technique for
quantifying the level of spatial autocorrelation in a set of
geographic areas, with a value assigned to each area. In
contrast to nearest neighbor analysis which examines
patterns in the Jocation of points, or the join count analy-
sis that only evaluates a binary areal representation of the
data, Moran’s Index takes into account the geographic
locations (points or areas) in addition to the actual a#tri-
bute values to determine if areas are clustered, randomly
located, or dispersed across the overall study area. The
index is positive when nearby locations have similar attri-
bute values {clustered), negative when nearby geographic
locations have dissimilar attribute values (dispersed) and
approximately zero when attribute values are randomly
dispersed throughout the study area.

Geographers have applied the Moran's Index in
numerous research problems, such as exploring the spa-
tial distribution of income, rates of disease, and the racial
and ethnic composition of urban neighborhoods. In all
applications, the objective of Moran’s technique is to
identify significant spatial patterns within a study area.
This technique is appropriate for both point and polygon
(area) features, and attribute values must be measured on
an ordinal or interval/ratio scale.

Moran’s Index proceeds by identifying each unique
pair of neighboring locations in the study area. The rela-

tionship between neighboring locations is shown for a
simplified study region comprising four areas as shown in
figure 15.3. Each area is identified by a letter and the mag-
nitude of the area’s attribute value appears in parentheses.

The general form of Moran’s Index for areas is shown
in equation 15.4, and the mathematical equivalent, as pre-
sented in Ebdon (1988), appears in equation 13.5:

number sum of cross-products
of areas )| for all contiguous pairs (7, /)

I= } {15.4)
number variance of the
of joins J| area attribute values

_ nz(x,.—:?)(xj—a_c)

I= 15.5
IS (x-%) (153

where: = the number of areas
= an area attribute value

= the mean of all area attribute
values

Rlomox

x;and x; = the values of contiguous pairs
Y(x,~X)x,—-X) = thesum of all contiguous pairs
J = the number of joins

Y(x-%)? = the variance of the attribute
values.

FIGURE 15.3

Areas and Attribute Values for Moran's /

Mean = (70+80+20+10)/4 = 45
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The deviation values for each pair of neighboting
locations or contiguous pairs (; and ;) are multiplied
together and summed ¥ (x, - ¥)(x ;- X) to create a
weighted cross-product. When a neighboring pair of
areas both have larger values than the study area mean,
their cross-product will be positive (this is the case, for
example, with pair AB in fig. 15.3). The cross-product of
a neighboring pair will also be positive if both have
smaller values than the study area mean (which is the
case with pair CD). Positive cross-products therefore
indicate that areas with similar attribute values (either
high or low) are clustered. In addition, the larger the
deviations from the study area mean, the larger the abso-
lute magnitude of the cross-product.

Conversely, when one area of a neighboring pair is
larger than the study area mean, while the other area is
smaller, the cross-product will be negative (as with pair
BD). A negative cross-product therefore indicates disper-
sion. Once again, the larger the deviations from the study
area mean, the larger the absolute magnitude of the
cross-product,

It is important to note that the Moran's Index of
autocorrelation explicitly takes into account the locations
of areas relative to one another. In the procedure as dis-
cussed here, the key factor is whether two areas are
joined (making them a neighboring pair) or not. We are
using simple adjacency weighting or contiguity to determine
the degree of autocorrelation—only those areas sharing a
common boundary are included in the calculations. For
instance, areas A and C share a boundary and are
included in the calculations, while areas A and D do not
share a boundary and are not included.

Other spatial weighting schemes are available to cal-
culate Moran’s Index, but these are not shown here. One
alternative method is inverse distance. With this option, all
pairs of geographic areas are included in the analysis, but
nearby areas carry more weight in the calculation. If this
method were used in our analysis, the cross-product for
areas B and C would heavily influence the Moran’s Index
value (by virtue of their closeness or proximity). By con-
trast, since areas A and D are relatively far apart, their
cross-product value would be given a lighter weight,

To summarize, the numerator of equations 15.3 and
15.4 represents the sum of all contiguous or adjacent area
cross-products multiplied by the number of areas in the
study region. A positive sum indicates that areas with
similar values (either high or low) tend to be located
nearby each other, which suggests spatial clustering
among the subareas. A negative sum indicates that areas
with high attribute values tend to be located near features
with low atiribute values, which indicates a dispersed
pattern. Sometimes the positive cross-products are bal-
anced by the negative cross-products and their overall
sum will be close to zero, which indicates a spatially ran-
dom pattern, The weighted cross-product numerator is
divided by the variance and the sum of the spatial

weights (represented as either “joins” or a distance-based
weight). This rescales Moran’s Index so that it ranges
from -1.00 to 1.00. A Moran’s Index value less than zero
indicates a dispersed pattern of area attribute values, an
Index near zero indicates a random pattern, and an
Index greater than zero indicates a clustered pattern.
Mathematically, the Moran'’s Index is similar to a correla-
tion coefficient, as we shall see in the next chapter.

While Moran’s technique provides an index for the
level of spatial autocorrelation for a set of areas, the ques-
tion becomes how different from zero (randomness) must
the Index be in order to indicate significant dispersion or
clustering? To answer this question, the Index is usually
converted to a Z-score using equation 15.6. A p-value is
then calculated which allows you to determine the signif-
icance of the difference between the observed Moran's
Index and the corresponding expected Index value for a
purely random distribution of values across the same
number of areal units.

The null hypothesis is that the area values are
arranged in a completely random spatial pattern, and
that spatial autocorrelation is not present within the
study area. The Z score is computed as:

_I*E.r

NA (15.6)

y4

where: E, =

(n-1)

Moran's Index

Primary Objective: Identify significant spatial patterns within
a study area

Requirements and Assumptions:
1. Minimum of (30) geographic features
2. Adtribute values measured on an ordinal or
intervaliratio scale
Hypotheses:

Ho @ Altribute values are randomly distributed across
features in the study area

Ha @ Aftribute values are not randomly distributed across
features in the study area

Test Statistic:
n3(x; — ¥)(x — x)
J 20 - %)?

Interpretation:

Assuming a significant p-value:
I <0 (observed paltern is dispersed)
I = 0 (observed pattern is random)

I > 0 (observed pattern is clustered)

—
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Similar to the free and non-free sampling techniques
mentioned with join count analysis and binary data, the
variance for Moran’s [ may be calculated under the
assumption of normality or randomization. Normality is
similar to free sampling in that the observed values of a
variable are taken randomly from a normally distributed
population, whereas randomization is similar to non-free
sampling in that the values are taken directly fror_n the
data set. The variance under the #normality assumption is

computed as:

n’J+3J7—nX L2

Vo = T
where;:  » = the number of objects
J = the number of joins, and
¥ L = the sum of the number of joins for each

individual area

Variance under the randomization assumption is com-
puted as:

Var, =

Al J(n2+3=3m)+ 3J = n X L2 - k[J (0" — )+ 67 =263, 1.*]
JHn-1n-2)n-3)

where; krepresents the kurtosis for the variable x

If the p-value is not significant, then you should not
reject the null hypothesis, as we cannot confidently say
that the observed pattern is different from complete spa-
tial randomness. This conclusion is equivalent to a state-
ment that the study area does not exhibit signiﬁcgnt
spatial autocorrelation. However, if the p-value is sigmﬁ-
cant and the Z-score is positive, we can confidently reject
the null hypothesis and say that similar area attribute val-
ues (either high or low) are clustered in thtj.‘ study area. If
the p-value is significant and the Z-score is negative, we

TABLE 15.6

Worktable for Moran's /: Five-area Example Pattern

Hg : no spatial autocorrelation in the data

Ha : spatial autocorrelation exists

Joins Area values
Area L 17 x (x—7%) (x %2
A 2 4 70 25 625
B 3 9 80 35 1,225
C 3 9 20 -25 625
D 2 4 10 =35 1,225
- 180 a2 — 3'700
Joins(J) = 5 Y2 = 26 == 45 Y(x—-%)
Join x; (x;— %) x; (x; — %) (x; — ©)(x; — %)
number
1 70 25 80 35 875
2 70 25 20 -25 ~625
3 20 25 80 35 ~875
4 80 35 10 =35 -1,225
5 10 =35 20 - =25 8775
M -a75
suU
-1 1

= — = ———— = —0.33
E=mop ™ "7=3

n¥(x—®(x -2 4-975) _

= = = —0.21

T -0 5(3,700)

nff+ 32 —nXL? (42 x5) 4+ (3x5%) - (4% 26) _ 51 0.136
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can confidently reject the null hypothesis and say that the
area attribute values are more dispersed across the study
area than what we would expect by random chance.

The Moran’s I computation procedure is presented in
table 15.6 using the simplified study area having four sub-
areas and five joins, as shown in figure 15.3. Calculations

are only shown using the normalization assumption. In
this example, a Moran’s 7 of —.21 and a p value of .74 indi-
cates that we do not have enough evidence to reject the null
hypothesis and should therefore conclude that the study
area does not exhibit significant spatial autocorrelation.

Example: Moran’s  Index (Global)—

Distribution of Racial and Ethnic Groups in Cleveland, Ohio Census Block Groups

The Moran's Index Is applied at the census block group
level to explore the spatial distribution of racial and ethnic
groups within Cleveland, Ohio (fig. 15.4). The objective is to
determine the extent to which various racial and ethnic popu-
faticns are dispersed, randomly located or clustered. Such a
concern is important because while progress has been macde
toward providing equal access to housing and other impor-

tant public services for all racial and ethnic groups, historical
patterns of segregation still exist, particularly in older, indus-
trial American cities. Among other concerns, urban geogra-
phers have demonstrated a strong link between patterns of
segregation and higher rates of crime and poverty.

Three racial groups and one ethnic group in Cleveland,
Ghio are selected to assess the magnitude of spatial autocarre-

Asian

White

ey 8 ¥
i

D 0.0% to 25.0%

25.1% t0 50.0%

50.1% to 75.0% . 75.1%t0 100.0% L 1 )

Hispanic

b4

Kilomelers

FIGURE 15.4

Distribution of Various Raciaf and Ethnic Groups by Census Block Group in Cleveland, Ohio

Source: United States Bureau of the Census
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Moran's fValues and Test Statistics for Selected
Racial and Ethnic Groups in Cleveland, Ohio
Census Block Groups

Moran's
Group Index 4 p-value
Asian 0.35 18.39 0.000
Black 0.58 64.6 0.000
White 0.64 85.4 0.000
Hispanic 0.81 65.7 0.000

lation using Moran's Index. As reported in the 2010 Census,
Cleveland is racially diverse with 53.3% of the population
reporting their race as black, 33.4% white {non-Hispanic), 1.8%
Asian, and 10.0% reporting their ethnicity as Hispanic/Latino.

A global Moran's analysis is applied to each group to deter-
mine the degree to which areas with similar (either high or
jow) racial/ethnic composition cluster together across the city.
Simple adjacency or contiguity is the method used to deter-
rine the magnitude of spatial autocorrefation. The null
hypothesis in each case is that the values representing the
percentage of each racial/ethnic group are arranged in a com-
pletely random spatial pattern. The Moran’s indices and test
statistic results for each of the four racial/ethnic groups are
shown in table 15.7.

In this table, the groups are ranked in increasing magni-
tude on the Moran's index (that is, increasing levels of cluster-

15.3 MORAN'S I INDEX (LOCAL)

In addition to looking at global measures of spatial
autocorrelation, geographers may also be interested in
assessing whether spatial autocorrelation exists at a local
level. As a global indicator of spatial autocorrelation,
Moran’s I may miss certain subtleties within a geo-
graphic dataset. That is, while the overall spatial arrange-
ment might indicate that no global spatial
autocorrelation exists, there may in fact be pockets (typi-
cally called hotspots) of spatial autocorrelation not
picked up by the global measure. To resolve this issue,
geographers have adapted global methods of spatial auto-
correlation like Moran’s I to include a local componernt.

This concept, described by geographer Luc Anselin
(1995) and others, is termed Local Indicators of Spatial
Association (LISA). LISA statistics quantify the similar-
ity of each geographic observation with an identified
group of geographic neighbors, based on one of the geo-
graphic weighting schemes discussed earlier. It is often
used to identify local clusters (geographic locations
where adjacent or nearby arcas have similar values) or
spatial outliers (geographic locations that are different

ing since all of the Zvalues are positive). The distribution of
Asians is the least clustered. With an index value of 0.35, we
can ask whether that value differs significantly from the
expected value of -0.002 for a purely random distribution
across the same number of census block groups. The resulting
test statistics for percent Asian population (Z=18.39,p = 000}
indicate that you can reject the null hypothesis with near
100% certainty and conclude that the spatial pattern of Asians
in Cleveland is non-random. Indeed, with large positive test
statistics and p-values of .000, we can conclude that all groups
are significantly more clustered than random. In summary, we
can conclude that a high level of residential segregation (and
spatial autocorrelation) currently exists in Cleveland.

Strongly stated Inferential conclusions in this type of prob-
lem should be made with extreme care. The underlying nuil
hypothesis of complete spatial randomness is very restrictive,
Arguably, almost any spatial distribution that would be of
interest to a geographer will show some measurable level of
spatial autocorrelation. A more reasonable approach to the
interpretation of these results is to consider them descriptive
summaries of the patterns within the study area. Rather than a
strict inferential interpretation, it might be better to focuson a
relative comparison of the magnitude of the Moran’s indices
across the four racial/ethnic groups. Such a comparison of
Moran’s values across groups is valid in this instance because
all analyses are conducted for the same study area, using simi-
lar variables (afl related to racial/ethnic composition), and
making the same assumptions regarding adjacency and conti-
guity when creating hypotheses.

from adjacent or nearby arcas). Thercfore, rather than a
single measure of spatial autocorrelation, the LISA
methods determine individual measures for each geo-
graphic entity as follows:

[ECIInE SN OIS o
A el e

' ., (15.7)
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where: x; = the value fora particular geographic entity
x;p = the value for the neighboring geographic
entity
X = the average of all attributes
w;; = the spatial weights.

The overall computation of the local Moran index is
beyond the scope of this book, but a short example will
help illustrate its usefulness.
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Example: Moran's | Index (Local)—Distribution of Obesity in Pennsylvania Counties

Consider the pattern of obesity levels in Pennsylvania
counties shown in figure 15.5. You can definitely see a pattern
of high obesity in the southwest carner of the Common-
wealth, while the southeastern corner has lower obesity val-
ues. However, due to the overall configuration, the Moran’s /
statistic for the Commonwealth is a single measure, computed
as .69 with a p-value of .25, indicating no spatial autocorrefa-
tion at the global (statewide) level, However, computation of
the local Moran's / value provides a p-value for each county.

Figure 15.6 shows the counties with a Z-score above 2.0 or
less than 2.0 (p = 0.00). Those counties with high positive
Z-scores indicate places whose abesity fevel is very similar to
neighboring counties, suggesting local clustering. Itis not all

that surprising to see the metropolitan Philadelphia counties
highlighted as an urban region with a cluster of low obesity
level counties. A palr of adjacent counties east of Pittsburgh
{Cambria County and Blair County) with smaller urban areas
{Johnstown and Altoona, respectively) is also identified as
very similar to neighboring counties in a region of high obe-
sity levels, Finally, Fayette County in southwest Pennsylvania
has a farge negative Z-score indicating that it is an outlier in
obesity level when compared to its neighboring counties. This
pattern of local spatial autocorrelation values should raise
other basic geographic questions about why the pattern has
the specific distribution and varlation characteristics shown
on the two maps. "

[:] Less than 25.0% [:| 25.0% to 26.9%

27.0% 10 28.9% [Pl 29.0% to 31.9% [ creater than 32,04

Kilometers

FIGURE 15.5

Distribution of Obesity Levels in Pennsylvania Counties, 2010
Source: Centers for Disease Control and Prevention (CDC)
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Kilometers.

FIGURE 15.6

Pennsylvania Counlies with Significant Local Spatiat Autocorrelation
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MAJOR GOALS AND OBJECTIVES

If you have mastered the material in this chapter, you
should now be able to:

1. Understand the purposes of area pattern analysis.

2. Define and explain join structure and the joint count
statistic in area pattern analysis.

3. Distinguish between the contexts or problem settings
in which the hypotheses of free sampling and non-free
sampling are best used.

4, Explain the basic objectives of Moran’s index of auto-
correlation.

5. Understand the different goals of global and local
autocorrelation.
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