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Abstract

Spatial association broadly describes how the locations and values of samples or
observations vary across space. Similarity in both the attribute values and locations of
observations can be assessed using measures of spatial association based upon the first
law of geography. In this entry, we focus on the measures of spatial autocorrelation that
assess the degree of similarity between attribute values of nearby observations across the
entire study region. These global measures assess spatial relationships with the
combination of spatial proximity as captured in the spatial weights matrix and the attribute
similarity as captured by variable covariance (i.e. Moran’s |) or squared difference (i.e.
Geary’s C). For categorical data, the join count statistic provides a global measure of spatial
association. Two visualization approaches for spatial autocorrelation measures include
Moran scatterplots and variograms (also known as semi-variograms).
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1. Introduction

Spatial association is a general term that encompasses a number of ways in which events,
measurements or places are related in space. This relationship may be measured by
determining the distance between nearby observations or by assessing whether the value
of observations at nearby locations are similar. When similarity in both observations and

ey
UCGIS GIS&T Body of Knowledge | www.ucgis.org Page 1 of 9
I


https://doi.org/10.22224/gistbok/2019.1.12
https://www.ucgis.org

[AM-03-022] Global Measures of Spatial Association

locations is of interest, we invoke the first law of geography, "Everything is related to
everything else, but near things are more related than distant things" (Tobler 1970, 236).
Measures of spatial dependence and spatial autocorrelation are based on this fundamental
Geographic Information Science principle and these are the concepts most frequently
encompassed within the term spatial association. Thus, these are the focus of this entry.
Other forms of spatial association, such as spatial interaction and spatial clustering, are
covered elsewhere in this collection.

Spatial association can be assessed globally or locally. In global measures, a single statistic
is used to provide a general measure of the similarity between neighbors across the entire
study region. Local measures call on the principle of spatial heterogeneity, which assumes
that the relationships between locations are not constant over the study area; they provide
a means of measuring local variation. This entry explores global measures; a companion
entry provides details on local measures.

Measures of spatial dependence and spatial autocorrelation generally depend upon the
creation of a spatial weights matrix in which the spatial relationships between observations
can be recorded. Thus, we begin with a brief introduction to the spatial weights matrix.
Then we review a number of methods used to measure spatial association including join
count statistics and the most common measures of spatial autocorrelation, Global Moran’s |
and Geary’s C. The semivariogram, a method used to depict spatial autocorrelation
between samples of continuous fields, is also introduced. Finally, we close the entry with an
assessment of limitations, disciplinary applications and software environments of the
measures.

2. Spatial Weights Matrix

Typically denoted as W, a spatial weights matrix records a neighborhood structure for a set
of data with n observations as an n x n matrix:

-Wll W12 Wln_

W1 Wy ;
W= = -

(Wn1 Wno 0 Wppl

where wij is the weights element that represents the spatial relationship between location

i and location j. The simplest strategy to construct a spatial weights matrix is to define
weights as a binary relationship, where wij=1 if i and j are "neighbors" and wij=0 if they are
not. There are various adjacency rules used to define neighbors. The simplest is adjacency:
Rook’s case observations i and j are neighbors if they share a common edge boundary;
Queen’s case neighbors share edges or corner vertices. Figure 1 shows the simple
adjacency neighbor structure of counties in Ohio using the county centroids.
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Neighbour list object: Neighbour list object:

Number of regions: 88 Number of regions: 88

Number of nonzero links: 452 Number of nonzero links: 460
Percentage nonzero weights: 5.8368 Percentage nonzero weights: 5.9401
Average number of links: 5.1364 Average number of links: 5.2273

Figure 1. Two spatial structures for the counties in the state of Ohio, USA: Rook’s case
adjacency (left) and queen’s case adjacency (right). The two neighbor structures are very
similar except for the top left corner and the top right corner where the counties share
vertices but not edges. Source: authors.

There are a variety of other spatial structure options for assigning neighbors, such as a
distance threshold, k nearest neighbors, and Delaunay triangulation. Spatial weights can
also be measurements of interaction, such as number of commuters between places, or
distance. The choice of a spatial weights matrix is critical for many spatial statistics
calculations including spatial autocorrelation measures, and a spatial weights matrix should
be carefully selected to reflect the underlying process of the problem being studied.

3. Spatial Autocorrelation

Spatial autocorrelation refers to the correlation of a variable with itself in a space -
therefore it is "autocorrelation." The development of the spatial autocorrelation concept
started as early as the late 1940s, but the true breakthrough did not arrive until the 1970s
when Cliff and Ord developed the statistical framework to assess regression
misspecification by testing spatial randomness of the regression residuals (Moran 1948;
lyer 1949; Geary, 1954; Dacey 1968; Cliff and Ord 1981; Getis et al. 1995; Getis 2007).

Measures of spatial autocorrelation detect the dependence between the values of one
attribute due to spatial proximity. In the case of testing for spatial autocorrelation in
regression residuals, a statistically significant result implies that the predictor variables do
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not capture the variances properly. The result is a misspecified regression model. Measures
of spatial autocorrelation show spatial patterns in three categories: 1) Positive spatial
autocorrelation that indicates similar values are nearby, 2) negative spatial autocorrelation
that indicates dissimilar values tend to be together, and 3) zero spatial autocorrelation, or
random distribution, meaning no significance in similar or dissimilar values in nearby
locations. Figure 2 illustrates the three categories of spatial autocorrelation patterns.

Positive autocorrelation Megative autocorrelation No spatial autocorrelation

Figure 2. Three categories of spatial autocorrelation patterns: Positive spatial
autocorrelation, negative spatial autocorrelation, and no spatial autocorrelation (random).
Source: authors.

Conceptually, one can measure spatial autocorrelation within any type of objects (points,
lines, polygons), but these measures are usually applied to polygon data (area objects,
called lattices in the spatial econometrics literature) with ratio or interval scale data.

4. Join Count Statistics

A join (or joint) count statistic is a global spatial autocorrelation measure for categorical
variables described back in late 1940s but not named until the 1960s by Dacey (Dacey
1968). A join count statistic assumes first-order homogeneity and tests whether the
attribute values of a categorical variable at adjacent locations are the same. As its name
implies, a join count statistic counts the number of occurrences of each combination of two
categories between neighboring pairs of polygons. Since the number of different joins
possible between categories grows quickly, the join count statistic is usually only applied
when the number of categories is a very small number (e.g. 2-3).

Using a binary category for the county-level poverty in the state of Ohio as an example, a
"high-high" join indicates two neighboring counties are both in high poverty rates, a ‘low-
low’ join indicates two neighbors are both in low poverty rates, and a "high-low" join
indicates one county having a high poverty rate while its neighboring county has a low
poverty rate. A positive spatial autocorrelation means the number of "high-high" or "low-
low" neighboring join pairs is significantly higher than what we would expect by chance,
and a negative spatial autocorrelation means the number of ‘high-low’ neighboring pairs is
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significantly higher than expected by chance.

5. Global Moran's | and Geary's C

The most popular global measure of spatial autocorrelation is Moran’s | Moran 1948). As
spatial autocorrelation measures test for the relationship between spatial proximity and the
variable similarity, Moran’s | captures these two terms in a spatial weights matrix and the
covariance, respectively. Moran’s | can be calculated using the equation below:

YT wii(x—- X)(xj—-x0)] . .
Iz[Z?(x?—f)Z]'[ o j ]’Ht]

LiXiwij

The second numerator portion > ZJ? wi(xi = X)(x; — X) includes a covariance portion --
the product of deviations from the mean of variable x of observations i and j and, its spatial
weight element wij indicating how the observations i and j are spatially related. The sum of
this product would only equal to the auto-covariance if all elements of the weights matrix
are equal to one. The second denominator is the sum of the non-diagonal elements of the

n n
weights matrix 2i z}' Wijover the entire study region. A data variance term is used to
normalize the value and to ensure that the index () is not large simply due to the large
values or variability of x.

The spatial weight used in Moran’s I=lis often standardized for the rows to sum up to 1.

When the weights matrix is row-standardized, Z? Z?wﬂf =7 the Moran’s | can be
simplified to . Under the row-standardized conditions, a positive Moran’s | depicts a positive
spatial autocorrelation and a negative Moran’s | depicts a negative spatial autocorrelation.
An example of the 2015 county poverty rate data in the state of Ohio using a spatial weight
matrix of Rook’s case adjacency shows some degree of the positive spatial autocorrelation
(Moran’s | statistic of 0.344 with a p-value < 0.001). However, Moran’s | is not restricted to
[-1, 1] as the actual interval depends on the weights matrix. The midpoint that represents
zero spatial autocorrelation is at the expected value of -1 / (1-n). This value would converge
on 0 when there are an increasing number of observations that are in a form of a regular-
spaced square raster (Chun & Griffith 2013, pl11).

When there is a sufficiently large number of observations, we can test the statistical
significance of the measure of spatial autocorrelation. The significance test for Moran’s |
can be evaluated by a normal test based on the z-score, that tests whether the observed
spatial autocorrelation (l) is significantly different from the null hypothesis of spatial
randomness. An alternative option in testing for spatial autocorrelation is a random
permutation test. This is usually done using the Monte Carlo approach, where the observed
attribute values are permuted a large number of times (e.g. 999). For each permutation,
they are randomly assigned to the observation locations and the associated Moran’s | is
calculated. This allows a reference distribution of results for the given set of observations to
be generated so that an inference can be drawn.
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While Moran’s | describes spatial association based on covariance (e.qg., (xi — "?}{X} o ’?}),
Geary’s C emphasizes on the differences between locations using the squared difference
(e.g., (xi - xj)2)). (Geary 1954):

[ n—1 ]-[Z?Z}lwﬁ(xﬁ—xj)z
2 ZZ?Z?WU

The values of Geary’s C ranges from 0 to a positive nhumber, and can be interpreted as a
positive autocorrelation if between 0 to 1 (with stronger positive autocorrelation
approaching 0), no spatial autocorrelation if 1, and a negative spatial autocorrelation if
above 1 (with stronger negative autocorrelation for a higher value). Geary’s C is more
sensitive to the variation of neighborhoods, and therefore Moran’s | is generally the
preferred index for measuring global spatial autocorrelation.

6. Moran Scatterplot and Variogram

There are also graphic approaches to examining spatial autocorrelation. A good way to
visualize Moran’s | is to use a Moran scatterplot. Also called the lagged mean plot, a
standardized Moran scatterplot displays the deviation of the value of the observation i from

the mean (Xi —X) against the weighted average of its neighbors’ deviations (the spatially

[ L=
lagged mean deviation > 5 Wi {xf X:'). The slope of a simple linear regression line drawn
through the Moran scatterplot is in fact the value of the Moran’s | when it is row-
standardized (Anselin 1996). A Moran scatterplot is partitioned into four quadrants:

e Quadrant | (Upper-right) as "high-high": Large values surrounded by large values;
e Quadrant Il (Upper-left) as "low-high": Small values surrounded by large values;
e Quadrant Il (Lower-left) as "low-low": Small values surrounded by small values;
e Quadrant IV (Lower-right) as "high-low": Large values surrounded by small values.

When nearby observations tend to have similar values (i.e. a positive spatial
autocorrelation), a linear trend would be seen through the "high-high" and "low-low"
quadrants of the Moran scatterplot. On the other hand, if nearby observations tend to have
dissimilar values (i.e. a negative spatial autocorrelation), the linear trend would be seen
through the "high-low" and "low-high" quadrants of the plot. Using the same county poverty
data in Ohio, the Moran scatterplot in Figure 3 clearly shows that some degree of positive
spatial autocorrelation exists.
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Figure 3. A Moran scatterplot showing some degree of positive spatial autocorrelation
exists for the poverty data in the counties in Ohio. The dashed lines show the global mean
drawn through each axis. Source: authors.

Another approach to visualize spatial autocorrelation is the variogram. Also confusingly
known as a semivariogram, a variogram plots spatial lags (in distance bands) on the x-axis
for all pairs of observations against their semivariance (half of the variance for the attribute
value for each observation pair) on the y-axis. Semivariance can be estimated using the
equation.

Ly —— —1 I — I
y(d) = 2N (d) d_Zi: (x;—%)"
=a;;

where (d) is the empirical semivariance and N is the number of pairs at a given distance

of d, and Zd:ﬂ'ﬁ{xi B XJJE is the sum of the squared difference of the attribute values for all
pairs of the observations at that distance band. Notice that both Geary’s C and a variogram
calculate the squared differences of the attribute values, but the variogram assesses the
values at multiple lags while Geary’s c only provides a single measure. The semivariance
reaches a maximum limit at the "sill" at a spatial lag called the "range" as shown in Figure
4. This suggests the furthest distance over which spatial autocorrelation can be observed.
When there is a non-zero intercept on the y -axis, this "nugget" suggests that a portion of
the semivariance may be autocorrelated at a finer scale than the spatial lag intervals.
Several types of models can be used to plot the variogram: Linear, Spherical, Gaussian,
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Figure 4. A spherical variogram model showing sill, range and nugget effect. Source:
authors.

7. Limitations and Applications of Global Spatial Association

Global measures of spatial autocorrelation give one single statistic that summarizes
whether the values (of the single variable) are similar to their neighbors across the entire
study region. It, however, does not tell us where the similarity (or dissimilarity) occurs. As
such, one cannot identify where the similar values (i.e. positive spatial autocorrelation) are
located using global measures of spatial association. Local measures of spatial association
and other clustering techniques (e.g. scan statistics) are required in order to answer that
question of "where." Global measures of spatial association have been widely used to
understand spatial patterns indicative of underlying processes in various disciplines,
including ecology, econometrics, epidemiology, criminology, and geosciences, to hame a
few. Example studies include spatial distribution patterns for disease incidences (Martins-
Melo et al. 2012, Wu et al. 2011), exploring species abundance and species distributions
(Dormann et al. 2007), and identifying spatial patterns for understanding land use change
effect and geomorphic development (Pérez-Pefa et al. 2009, Guo et al. 2013).

Today, measuring global spatial association can be done in various computing
environments including proprietary software, such as ArcGIS, SAS, and MatLab, as well as
open-source software or freeware, including GeoDa, FRAGSTATS and R (e.g. sp, spdep, ads,
Ictools, DCluster and spatstat packages).
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