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SYNOPSIS

The past two decades have witnessed two critical changes in the area of spatial data:  
(1) An increasing availability of spatial and temporal-explicit data and (2) the democratization 
of Geographic Information Systems (GIS). Georeferenced (or spatial) data are unique and 
characterized by a set of latitude and longitude coordinates, and come in different formats 
(point/lines/area – ‘vector’ – or raster). These datasets can be massive, and there is an 
increasing need for robust statistical and visualization methods that can integrate different 
dimensions, such as space and time. While traditional statistical methods can help explore 
trends, spatial statistical approaches have the potential to identify locally varying patterns. 
Particularly, the chapter focuses on spatial (and space-time) point pattern analysis, spatial 
autocorrelation and spatially-based regressions. The methods are illustrated on a set of 
epidemiological data and patterns of voter preference.

This chapter is organized into the following sections:

 • Introduction
 • Exploratory Spatial Data Analysis
 • Exploratory Space-Time Data Analysis
 • Confirmatory Analysis
 • Conclusion

31.1 Introduction

The first decade of the twenty-first century has witnessed a dramatic growth in the 
volume of available spatiotemporal data, coupled with increasing democratization of 
geospatial technologies (Delmelle, et al. 2013b; Anselin 2011). Data of different for-
mats are widely available, and are generated from several key technological and social 
developments: (1) web-based geocoders (e.g. GoogleMaps™) can convert addresses to 
coordinates in a limited timeframe (Karimi et al., 2011), (2) remote sensing devices 
collect massive amounts of geospatial data from space every day (Goodchild, 2007), 
(3) the availability of Global Positioning System (GPS) devices embedded in mobile 
phones has enabled the tracking of millions of individuals in space and time, and,  
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(4) citizens have increasingly participated in this data collection effort, knowingly or 
not (Sui, 2008). Social networks such as Twitter have experienced an unprecedented 
rise in popularity for decentralized information sharing and communication and can 
provide realistic representations of quickly changing phenomena, such as earthquakes 
(Crooks et al., 2013) or infectious diseases (Padmanabhan et al., 2014).

Given this rapid increase in the volume of spatial data, geographers and spatial 
scientists have recognized the need to develop and refine tools and techniques that 
can deal with georeferenced data (Fischer and Getis, 2009). There exists a palette of 
statistical and data mining methods specifically designed to handle geospatial data; 
these methods have found applications in diverse fields such as geography, public 
health, ecology, crime analysis, facility location modelling, and environmental sci-
ences, to name a few. These methods have facilitated the extraction and detection 
of spatio-temporal patterns, eventually leading to a better understanding of com-
plex spatial relationships. Developments in computational science and mapping 
technologies have enabled effective and efficient visualization of large geospatial 
data sets such as social media data on the Web (see Chapter 16 and examples at 
http://www.floatingsheep.org/). To that end, Geographical Information Systems 
(GIS) provide a robust platform to integrate these methods and visualization capa-
bilities (Longley et al., 2005).

The nature of spatial data

Spatially referenced data are characterized by some form of locational information 
(e.g., longitude and latitude or x and y coordinates), a time stamp, and attribute infor-
mation (Peuquet, 2002). For instance, a crime event is defined by the type of crime 
that occurred (non-spatial attribute), the location where the event took place (spatial 
attribute) and when it happened (time stamp). The question of accuracy often arises, 
and involves two primary components: positional accuracy refers to the deviation 
between the geographic positions on the map from its true locations, while attribute 
accuracy is the precision of the attribute database. Related to the question of accu-
racy, spatial data can either be explicit or implicit. Information gathered from GPS 
devices is readily observable, and is therefore explicit. An example of implicit spatial 
data is coordinates inferred from a geocoding procedure. These are of significant 
concern in all fields of practice; in epidemiology, for example, inaccurate spatial data 
may lead to false detection alarms and misguided responses. Although improvement 
in technology has facilitated our ability to collect massive amounts of data in (near) 
real time, many situations exist where gathering fine resolution information remains 
extremely expensive and careful sampling schemes must be designed accordingly. 
Relevant examples in spatial sciences include collecting observations on radioactive 
material (Melles et al., 2011), soil contamination (Van Groenigen et al., 2000) and 
census population (Spielman et al., 2014).

GIS facilitates the linking of temporal and non-spatial attributes to geospatial loca-
tions by means of a unique identifier (ID). Using structured query language (SQL) 
syntax, events occurring within a certain distance from one another or within a prede-
fined time interval can be identified (see also Chapter 37). GIS allows users to detect 
spatial relationships among different layers of information; for instance whether 
patients exhibiting symptoms of cholera are located near a contaminated water pump 
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(Snow, 1855) or whether disease epidemics are more likely to appear in non-endemic 
regions due to increased air travel.

Structure of the chapter

The purpose of this chapter is to provide an overview of methods for the purpose of 
space-time analysis and modelling. The chapter attempts to answer the fundamental 
question of how spatially referenced datasets can be analysed both in space and time 
to reveal critical patterns. Specifically, in Section 31.2 (Exploratory Spatial Data 
Analysis), I review methodologies to explore and investigate patterns in both point 
and polygon (areal) datasets. In Section 31.3 (Exploratory Space-Time Data 
Analysis), I discuss methodologies to detect temporal trends and visualize patterns in 
spatiotemporal explicit datasets. Finally, in Section 31.4 (Confirmatory Analysis), I 
illustrate the benefits of geographically weighted regression to model the role of 
explanatory variables, spatially.

Datasets

I illustrate the concepts set forth in this chapter with two very distinct datasets. The 
dengue fever dataset is built around geocoded cases of dengue fever in the city of Cali, 
Colombia, during an outbreak in 2010. During that time period, a total of n = 11,760 
cases were extracted from the Public Health Surveillance System (SIVIGILA, see 
Delmelle, et al., 2013a). Individuals reported dengue fever symptoms at local hospitals 
on a daily basis (unit = Julian date). I use patients’ data for the first six months of 2010 
(see Figure 31.1a), which corresponds to an outbreak with n = 7,111 cases, successfully 
geocoded and then geomasked to the street intersection level for confidentiality purposes 
(Delmelle et al., 2013a). Particularly, this dataset illustrates the spatial distribution of 
cases, point pattern, and space-time point patterns. The second dataset uses voting pref-
erences in Virginia and Maryland during the February 12, 2008 Potomac Primary 
election aimed at determining the nominee of the Democratic Party for the U.S. presiden-
tial campaign of 2008, between Barack Obama and Hillary Clinton1 (Source: Virginia 
Department of Elections, 2008). Voting scores are reported at the county polygon level, 
using a voting percentage (see Figure 31.2). I used this dataset to illustrate concepts of 
spatial clustering for areal data and confirmatory analysis.

31.2 Exploratory Spatial Data Analysis

The uniqueness of space-time data requires: (1) the development and applications of 
techniques for the identification of associations in space and time or in the attribute 
space, and, (2) the development of visualization techniques, including scatter plots, 
graduated symbol, choropleth mapping and kernel density. Exploratory Spatial Data 
Analysis (ESDA) techniques facilitate the discovery of spatial patterns and identifica-
tion of clusters (Anselin, 1999). ESDA is the first step in developing hypotheses of 
causal relationships, while confirmatory analysis forms the second step, which is 
used to statistically test whether the pattern of the phenomenon under study is not 
a product of a random process.
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Spatial point pattern

A spatial point pattern refers to data in the form of points, where a point denotes the 
location of an event. It is usually desirable to analyse whether these particular events, 
such as, for instance, crimes, car accidents, emergency distress calls, or diseases, exhibit 
a specific pattern to better understand the underlying process that (may) have generated 
the events. Such events are considered discrete, because they occur at specific locations. 
A visual inspection of a map showing the locations of those events (e.g., scatter plot) 
may not always bring a correct interpretation of the true pattern, especially when events 
occur repeatedly at the same location. For instance, in Figure 31.1a, several dengue 
cases were reported in very close proximity to other cases; if several events occurred in 
the same apartment complex, these would be represented as points on top of one 
another. As such, true clusters may go unnoticed.

Although the magnitude of clustering can easily be estimated using a nearest 
neighbour or a K-function statistic (see Delmelle (2009) for a review), the location 
of those clusters is best identified using a Kernel Density Estimation (KDE) tech-
nique, which is supported in most GIS software. The KDE algorithm is a geospatial 
analytical technique that summarizes the intensity of the underlying point process 
into a surface. As a result, the KDE algorithm generates a so-called heat map, in 
which each grid cell reflects the intensity of the process at that location (Bailey and 
Gatrell, 1995; Delmelle, 2009). KDE is computed at each grid cell, which receives a 
higher weight if it has a larger number of observations in its surrounding neighbour-
hood. Let s (s=x, y) be a grid location where the kernel density estimation needs to 
be estimated, and s1…sn the locations of n observed events. Then, the density ,f̂ x y( )  
at s is estimated by
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where ( )I d hi < s  is an indicator function taking value 1 if d hi s<  and 0 otherwise. 
Here, hs  is the search radius (or bandwidth), governing the strength of smoothing. The 
bandwidth can either be calibrated with a K-function or cross-validation while its size 
can be modified to reflect the underlying heterogeneous population distributions 
(Carlos et  al., 2010). A smaller bandwidth will result in more distinct events to be 
highlighted, while a larger radius can identify broad zones where a high number of 
incidents exist. A bandwidth that is too large will stretch the kernel and the surface 
will appear flat. The choice of the bandwidth may depend on the purpose of the study. 
The term ks  is a standardized kernel weighting function that determines the shape of 
the weighting function, and di  is the distance between location s and event i, con-
strained by d hi s< , such that only points falling within the chosen bandwidth 
contribute to the estimation of the kernel density at s.

An example of a kernel density is given in Figure 31.1b, which uses a kernel bandwidth 
hs  = 1000 meters, roughly approximating the size of neighborhood, where the peaks of 
the surface denote regions where there is a strong clustering of dengue fever cases.

Due to privacy concerns, sensitive epidemiological data – such as is the case with 
dengue fever information – can be geomasked, or aggregated to a certain level of 
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census geography, for instance at the county or postal/zip code level. Figure 31.1c 
uses a proportional symbology to map the variation of dengue cases for each neigh-
bourhood of the city of Cali, suggesting an uneven spatial distribution. Other 
techniques, such as choropleth mapping, are widely used to display disease rates 
across an area. Although Figure 31.1a and b suggest that dengue fever rates are clus-
tered, the spatial variation in the rates is very different from Figure 31.1b after 
controlling for population (Figure 31.1d).

Spatial autocorrelation

Spatial autocorrelation measures the dependency of nearby data observations, assum-
ing that measurements closer to one another should exhibit similar attribute values. 

Figure 31.1 Spatial distribution of dengue fever rates (a) for the months of January through June 
2010 included; (b) Kernel Density Estimation; (c) aggregated counts per neighbourhood; (d) divided by 
the population. Significant and positive clusters of dengue fever by population are highlighted in black

Source: Sistema Nacional de Vigilancia en Salud Pública, Colombia (SIVIGILA)
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The Moran’s I test (Equation 31.2) is a global measure summarizing the degree of 
spatial autocorrelation among data points (Moran, 1948):
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with ui  the attribute value at i, uj = attribute value at j, u = average attribute value, wij  
the weighting function, n = total number of observations, m= total number of neigh-
bours for observation i. The weight between two observations wij  varies according to 
the separating distance among those observations, or – in the case of polygons – 
whether those spatial units are adjacent to one another. The adjacency can be estimated 
in different ways (rook or queen) and when units are adjacent, the weighting score 
reduces to wij = 1 . Moran’s I value range from −1 to +1, with a value of −1 denoting 
a total dispersion and a value of +1 perfect spatial correlation, respectively. A value of 
0 indicates a random pattern. Several packages (R, GeoDa, ArcGIS) can estimate the 
level of spatial clustering.

In the dengue fever example, GeoDa was used to build a weighting matrix, and the 
Moran’s I value was estimated at 0.335, suggesting a tendency for high values to be 
clustered next to one another. In the second example, which highlights voting prefer-
ences for the democratic presidential nominees in 2008, there is a clear directional 
trend (Figure 31.2a); counties in the Western part of the states of Virginia and 
Maryland overwhelmingly supported Clinton, while counties in the Eastern part of 
both states and around DC strongly rallied behind Obama. With a global Moran’s I 
value of 0.75, voting preferences clearly indicate a tendency to be similar for nearby 
counties. The local Moran’s I statistic identified a very homogeneous group of voting 
preferences towards Obama in the Southeastern part of the state of Virginia.

For an explanation of ‘GWR’ (geographically weighed regression) see Section 31.4.

Local spatial autocorrelation

The Local Moran’s I statistic (equation not included) detects local clusters of similar 
values; by evaluating the difference in data value of one unit i from its surrounding 
values j. To illustrate the concept of local spatial autocorrelation, I use the percentage 
of dengue cases per population at the neighbourhood level (Figure 1d). The local 
Moran’s I statistic – computed in GeoDa and visualized in ArcGIS – identifies groups 
of high values of dengue rates next to each other (in black). The observed local sum of 
the attribute values is greater than what would be expected. I also illustrate the same 
concept on the voting example, where we observe a tight local cluster of voting prefer-
ences for candidate Obama (Figure 31.2a).

31.3 Exploratory Space-Time Data Analysis

The methods presented in the previous section do not account for time, and do not 
reflect inherent temporal patterns. Some phenomena, such as weather, migration, and 
the spread of infectious diseases, for instance, are known to vary significantly along the 
temporal dimension.
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Figure 31.2 (a) Spatial distribution of voting preferences for the election of the democratic 
candidate (Obama and Clinton) during the primary of 2008. (b) Proportion of white individuals;  
(c) female voters; and (d) individuals of age 19–29. Figures (e)–(g) are the corresponding beta 
coefficients, following a GWR. Figures (h) and (i) reflects the predicted voting preferences using a 
GWR, and the associated local R2 values, respectively (Source: Virginia Department of Elections 2008)

Temporal patterns

The cumulative distribution function (CDF) summarizes the probability that an event 
occurs before a certain date. Its derivative – the probability density function (PDF) – is the 
likelihood that an event occurs at a particular time. Figure 31.3a illustrates the cumulative 
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distribution function (CDF) of the dengue cases from January to June (X-axis units: Julian 
date), while Figure 31.3b reflects PDF values. The CDF indicates that the number of den-
gue cases were relatively low, but increased sharply in February. The PDF values indicate 
a rapid increase of cases in February with a peak at the end of the month, followed by a 
slow decline. Figure 31.3b is particularly important to better understand the distribution 
of cases and suggest hypotheses on the temporal variation of the disease.

Spatiotemporal trends

Exploratory spatial data analysis and temporal trend analysis provide insight on the 
spatial distribution of a phenomenon and its temporal variation, respectively. However, 
the methods fall short at understanding space-time interaction and process dynamics. 
There is an increasing need for novel statistical and visualization techniques that can 
explicitly integrate space and time.

To model temporal variation, it is possible to partition the data into different time 
intervals, and repeat the same ESDA technique. For instance, KDE can be repeated for 
several time periods, revealing whether the strength and location of clusters change over 
time (Delmelle et al. 2011). Alternatively, the methods presented earlier can be extended 
to explicitly incorporate the temporal dimension. An example is the Space-Time Kernel 
Density Estimation (STKDE) technique which extends the KDE methodology in time, 
and facilitates the mapping of space-time patterns (Demšar and Virrantaus 2010; 
Nakaya and Yano 2010). STKDE produces a raster volume where each volumetric pixel 
(voxel at x y t, , ) is a density estimate based on the surrounding point data:
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Figure 31.3 (a) Cumulative distribution function for dengue cases; and (b) probability density 
function
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where the density value ˆ , ,f x y t( )  of each voxel s is estimated based on point/event 
data (xi, yi, ti) in the vicinity of the voxel. Each point in the neighbourhood of the 
voxel is weighted using a kernel function, kt and kt. Each data point is weighed based 
on its proximity in time and space to the voxel s, whose density is estimated. The 
distance in space and time between the voxel and an event data point are defined by 
di and ti respectively.

The kernel density volume is visualized by colour-coding each voxel according to its 
kernel density value. The transparency level is also adjusted to concentrate the focus 
on those regions with higher density values (Figure 31.4). The KDE values range from 
0 to 1 (on the map). The highest space-time kernel density values are found in a couple 
of cores within the voxel cloud (not at the edges). Different transparency levels are 
used depending on the KDE value of each voxel to reinforce the presence of space-time 
clusters. These clusters are further delineated using so-called ‘egg shells’, which are 
created by generating an iso-volume around voxels of a similar value, capturing those 
areas with higher kernel density values (Delmelle et al. 2015). Figure 4 should be com-
pared with Figure 1b; we are now able to better understand the spatial and temporal 
signature of the disease, and identify regions where measures that were implemented 
to curb the expansion of the disease may have worked.

Time

June

March

0: Low 0.5: Medium 1: High

STKDE value (relative)

N

Figure 31.4 Space-time distribution of dengue fever cases from January to June 2010 in Cali, 
Colombia using a cell size of 125 meters with shaded isovolumes

Source: Sistema Nacional de Vigilancia en Salud Pública, Colombia (SIVIGILA)

31.4 Confirmatory Analysis

The methods presented in Section 31.2 and 31.3 are of an exploratory nature; that is, 
we are using visualization techniques and statistics to identify patterns that merit further 
investigation. We anticipate that the spatial variation of the phenomena (dengue fever 
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outbreaks, voting preferences) may be explained by several factors, and that this relation-
ship may vary spatially. There are several tools we can use to begin identifying the causal 
factors that influence the patterns most significantly, which are discussed here.

Ordinary Least Squares

The ordinary least squares (OLS) regression (Equation 31.4) attempts to find an opti-
mal set of variables which best explains the variation of the variable under study.

 û b b Xi
k

N
k k i= + +

=
0

1
Σ ε  [31.4]

with ûi  the predicted value at i (e.g. disease rate, voting percentage), b0  the intercept 
and bk the coefficient of the variables selected in the model (k=1…N). The term εi  is 
the error term. The optimal set of variables is determined by minimizing the sum of the 
residuals r (difference between the observed and predicted values):

 r u ui i i= − ˆ  [31.5]

Positive [negative] residuals denote under-prediction [over-prediction]. To illustrate 
the variation in the voting patterns, we identify three key variables – as suggested by 
national newspapers – that could influence voting scores during the primary, specifi-
cally percentage of white voters, percentage of female voters, and percentage of young 
voters. One hypothesis set forth was that young voters would massively rally behind 
Barack Obama, while whites would support Hillary Clinton. The spatial variation of 
these variables is depicted in Figure 31.2b–d. Together, the variables explained 69% 
(r2 =.69) of the variation in voting patterns.

It is often desirable to minimize the spatial pattern of the residuals (an assumption 
of the OLS is that errors are not correlated to one another); in this regard spatially 
explicit regressions (e.g. spatial regression, geographically weighted regression) may 
offer an alternative by capitalizing on spatial information provided by nearby samples.

Geographically weighted regression

A major shortcoming of the OLS is that predicted values of the variable, estimated at 
location i are derived only from explanatory variables at i, although information pro-
vided by nearby samples j could explain the variation. An alternative is geographically 
weighted regression, which provides locally linear regression coefficient at every point 
i, using distance weighted samples

 û X0i i
k

N
ki ki ib b= +

=1
Σ + ε  [31.6]

For each location i, we have a set of neighbouring values j that we use to estimate by 
ûi  while omitting observation i. The term bki  represents the value of the kth param-
eter at location i. The parameter k=1…N defines the number of explanatory variables. 
GWR estimates bki  on observations taken at sample points close to i. An undeniable 
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benefit of the GWR is that it allows us to produce maps of these coefficients for the 
study area, allowing estimation of the influence of each explanatory variable, locally.

Geographically Weighted Regression is applied on the set of voting preferences in 
Virginia, leading to an improvement of the average r2 =.77. The coefficients of those 
variables used in the GWR technique are displayed in Figure 31.2e–g. In Figure 31.2e, 
the coefficient of the variable proportion white was negative throughout, confirming 
that white individuals did not vote for Obama, but that this pattern was stronger in 
the rural and western areas of Virginia. A similar pattern was observed for proportion 
of female voters, but the association was positive (weak association in the western part 
of the study region and stronger association in the eastern part). Finally, young voters 
overwhelmingly voted for Barack Obama, but this pattern was more pronounced in 
the western part of Virginia and Maryland. GWR also generates a map of the local r2 
values; the model predicted reality much better in the western part of Virginia, than in 
the eastern and northeastern part of the state. Predicted values following the GWR (in 
Figure 31.2h) compared relatively well with observed values (in Figure 31.2a).

Time series

When data vary temporally, it may be desirable to predict their outcome over time. In 
epidemiology for instance, predicting outbreaks of infectious diseases is particularly 
important when attempting to predict (and prevent) the re-occurrence of the disease. 
An autoregressive model allows us to predict future values based on previously 
observed values (an example of an autoregressive model – ARIMA for AutoRegressive 
Integrated Moving Average – on dengue fever outbreaks is given in Eastin et al. (2014). 
The extension of the ARIMA model in space is particularly suited for modelling space-
time processes that exhibit stationarity in both space and time. Examples are given in 
Cheng et al. (2012) and Rey and Janikas (2006).

31.5 Conclusion

The development of methods for space and time analysis is a process that is continu-
ously evolving. The increasing availability of spatiotemporal data has led to a pressing 
need to develop and integrate methods that can be used to reveal useful patterns, and 
this has been facilitated by the democratization of GIS. GIS can easily integrate geo-
spatial data of different spatial scales and temporal granularity for a wide range of 
applications. This chapter has reviewed the importance of exploratory spatial data 
analysis to deepen our ability to detect spatial and temporal trends inherent to the 
data. Finally, the chapter has discussed the importance of confirmatory statistical 
approaches to model the role of explanatory variables.

SUMMARY

The past two decades have witnessed two critical changes in the area of spatial data:  
(1) An increasing availability of spatial and temporal-explicit data and (2) the democratization 
of Geographic Information Systems (GIS). Georeferenced (or spatial) data is unique and 
characterized by a set of latitude and longitude coordinates, and comes in different formats 
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(point/lines/area or raster). These datasets can be massive, and there is an increasing need 
for robust statistical and visualization methods that can integrate different dimensions, such 
as space and time. Traditional statistical methods help explore trends. Spatial point pattern 
techniques (K-function, Kernel Density Estimation) are well suited to identify the locations of 
clusters, particularly informative in an epidemiological context. Spatial statistical approaches 
have the potential to identify locally varying patterns when data are aggregated at the areal 
level, as is the case for several census units. It is particularly important to test for spatial 
autocorrelation before implementing a regression technique; indeed traditional non-spatial 
regression approaches do not capture the spatial variation of the phenomenon under study. 
Caution is recommended when the data exhibit temporal trends (e.g. epidemiological 
datasets). Suggestions are presented to visualize this information and incorporate it into 
regression techniques.

Note

1 John Edwards had officially suspended his campaign on January 30 2008, but his name was still on the ballot.

Further Reading

Anselin (2011) ‘From SpaceStat to CyberGIS: Twenty years of spatial data analysis software’.

Delmelle et al.. (2013) ‘Methods for space-time analysis and modeling: An overview’

Fischer and Getis (2009) Handbook of Applied Spatial Analysis: Software Tools, Methods and Applications.

Note: Full details of the above can be found in the references list below.
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ON THE COMPANION WEBSITE…

Visit https://study.sagepub.com/keymethods for author videos, chapter exercises, 
resources and links, plus free access to the following recommended articles:

1. Foody, G.M. (2006) ‘GIS: Health applications’, Progress in Physical 
Geography, 30 (5): 691–5.

The example given in this chapter is health-related and so this should be of interest.

2. Elwood, S. (2009) ‘Geographic Information Science: New geovisualization 
technologies-emerging questions and linkages with GIScience research’, 
Progress in Human Geography, 33 (2): 256–63.

The importance of GIS and Geovisualization cannot be stressed enough and this is 
a useful summary.
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