A Spatial Statistical Analysis to Estimate the Spatial Dynamics of the
2009 H1N1 Pandemic in the Greater Toronto Area (GTA)

BY
WENYONG FAN

A THESIS SUBMITTED TO THE DEPARTMENT OF GEOGRAPHY
IN CONFORMITY WITH THE REQUIREMENT FOR THE
DEGREE OF MASTER OF SCIENCE

QUEEN’S UNIVERSITY
KINGSTON, ONTARIO, CANADA
OCTOBER, 2012

Copyright © Wenyong Fan, 2012

Abstract
The 2009 H1N1 pandemic caused serious concerns worldwide due to the novel
biological feature of the virus strain, and the high morbidity rate for youth. The urban
scale is crucial for analyzing the pandemic in metropolitan areas such as the Greater
Toronto Area (GTA) of Canada because of its large population. The challenge of
exploring the spatial dynamics of H1N1 is exaggerated by data scarcity and the absence
of an immediately applicable methodology at such a scale. In this study, a stepwise
methodology is developed, and a retrospective spatial statistical analysis is conducted
using the methodology to estimate the spatial dynamics of the 2009 H1N1 pandemic in
the GTA when the data scarcity exists. The global and local spatial autocorrelation
analyses are carried out through the use of multiple spatial analysis tools to confirm the
existence and significance of spatial clustering effects. A Generalized Linear Mixed
Model (GLMM) implemented in Statistical Analysis System (SAS) is used to estimate
the area-specific spatial dynamics. The GLMM is configured to a spatial model that
incorporates an Intrinsic Gaussian Conditionally Autoregressive (ICAR) model, and a
non-spatial model respectively. Comparing the results of spatial and non-spatial
configurations of the GLMM suggests that the spatial GLMM, which incorporates the
ICAR model, proves a better predictability. This indicates that the methodology
developed in this study can be applied to epidemiology studies to analyze the spatial
dynamics in similar scenarios.
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List and Definitions of Terminologies
H1N1 Virus
The H1N1 virus is a subtype of the influenza A virus. Influenza viruses are RNA (Ribonucleic Acid)
viruses that have been recognized as highly mutable and are responsible for a variety of medically and
economically catastrophic diseases of humans, plants, and animals (Steinhauer and Holland, 1987). A
more specific definition that summarizes the genetic characteristics of H1N1 is given in MacKellar
( 2007).
Global Spatial Autocorrelation
Global spatial autocorrelation is a clustering effect that results from the existence of an overall
correlation structure which is applicable to all the geographical units the in the study area. The global
spatial autocorrelation can be estimated using a unique statistic that reflects the presence/absence of
the global spatial covariance structure.
Generalized Linear Model (GLM)
The GLM is the extension of linear regression using a nonlinear link function and exponential
probability distributions.
Generalized Linear Mixed Model (GLMM)
The GLMM is an extension of the GLM. The GLMM can be used to model the dependency among
observations by incorporating random effects that are assumed with normal (Gaussian) distributions.
Local Spatial Autocorrelation
Local spatial autocorrelation is a local clustering effect presented by the similarity of observed values
in a contiguous neighborhood.
Prospective Research
The prospective research is the epidemiological research that captures the real time dynamics of the
disease prevalence by monitoring relevant indices, or by analyzing clustering effects.
Retrospective Research
The retrospective research is the epidemiological research that usually pursues answers to questions
by taking into consideration the integral disease prevalence process. Retrospective research looks
back at a disease pandemic and derives conclusions from surveillance records.
Small Area
Cressie states that: “Geographic data under investigation may be rates associated with polygons, for
example, disease incidence, mortality, unemployment, poverty, and census data, etc. Polygons of this

x

type are generically known as small areas.” (Cressie, 1993). Within the field of spatial epidemiology,
there is considerable interest in small area analysis of infectious and non-infectious diseases (Elliott
and Wartenberg, 2004; Mugglin et al., 2002).

Spatial Autocorrelation
Spatial autocorrelation is a correlation effect of values of the variable sampled geographically which
does not comply with the assumption that the observations are independent of each other in
conventional statistics.
Spatial Dynamics and Randomness
In human epidemiology studies, the spatial dynamics at a smaller geographic scale refer to both
spatial clustering effects and area-specific risks, which could be caused by regional socioeconomic,
socio-demographic and environmental processes. Spatial randomness presents the uncertainty in
estimating the spatial dynamics and cannot be explicitly investigated from direct observations, but
through using latent spatial variables.
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Chapter 1 – Introduction
1.1 Background
Influenza diseases caused by extremely virulent microorganisms pose significant
threats to human society. For example, the 1918 Spanish influenza pandemic killed
approximately 40 million people worldwide (Oxford, 2004). Today, influenza A virus
remains a major public health threat, with more than 30,000 deaths per year in the United
States, while it continues to afflict millions more (Belshe, 2005).

The 2009 H1N1 pandemic caused serious concerns worldwide because of the novel
features of the influenza A virus strain, which are carrying genes from multiple species
and high mortality/morbidity rate for youth. In 2009, Canada experienced two pandemic
waves: the early-spring and the early-fall wave. A total of 40,185 laboratory-confirmed
H1N1 infection cases (Standing Senate Committee on Social Affairs, Science and
Technology, 2009) were reported to the Public Health Agency of Canada (PHAC),
among which there were 8,678 (21,6%) cases requiring admission to hospital and 428
(4.9%) deaths (Helferty et al., 2009). The number of reported cases is undoubtedly
underestimated because not all infected cases were in contact with a physician and were
confirmed by laboratory analysis (Standing Senate Committee on Social Affairs, Science
and Technology, 2009).
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The H1N1 strain that caused the pandemic in 2009 is a novel virus, likely
swine-originated, containing genes from human, swine, and avian influenza A viruses
(Novel Swine-Origin Influenza A (H1N1) Virus Investigation Team, 2009). Clinical signs
of influenza in swine were first observed in 1918, coinciding with the Spanish Flu
pandemic (1918-1919) in humans (Naffakh and Van, 2009; Taubenberger et al., 2006). In
the twentieth century, the influenza A viruses (H1N1, H3N2, H1N2 subtypes) circulating
in European and North-American populations of swine were associated with interspecies
transmission events facilitated by swine-husbandry practices among birds, pigs, and
humans (Brown, 2000; Naffakh and Van, 2009).

The timing and nature of influenza pandemics are unpredictable (Standing Senate
Committee on Social Affairs, Science and Technology, 2009). However, spatial
epidemiology methods can be used to reveal their spatial and temporal dynamics or
detect early outbreaks. In the past two decades, many methods and modeling approaches
have been developed to understand the epidemic dynamics of infectious disease at
different geographic scales. Research can be found

at

the large or international scale

(Balcana et al., 2009; Khan, et al., 2009; Colizza et al., 2007; Li et al., 2011; Tatem et al.,
2006), and at the urban or in small areas (Bian and Liebner, 2007; Mao and Bian, 2010;
Eubank, 2005; Carley et al., 2006; Xia et al., 2004; Mugglin et al., 2002). These studies
imply that the modern transportation systems connecting densely populated cities
facilitate the infection process across different geographical scales. At the urban scale,
the general interested topics of these studies include the clustering analysis, the diffusion

2

analysis, and disease surveillance studies. In studying these topics, GIS (Geographic
Information System) and spatial statistics are combined with assisting qualitative and
quantitative analysis (Clarke et al., 1996; Stevenson et al., 2008).

At the urban scale, the spatial dynamics exhibited in a disease’s diffusion in small
areas include clustering effects and spatial randomness, which are largely due to the rapid
human movement, complex social contact patterns, and the ethnic diversity. Spatial
epidemiological approaches can help to investigate clustering effects, to rule out
randomness, and/or to extract patterns from randomness to get a qualitative and/or
quantitative view of spatial effects of disease diffusion. In such approaches, spatial
influences can be interpreted in a variety of ways, depending on the particular research
scenarios. For example, the spatial influence in gravity models (Xia et al., 2004) is
measured by the distance-based attractiveness between the origin location and the
destination location, while it is measured by the adjacency matrix in a spatial regression
model (Mugglin et al., 2002). This descriptive difference in the modeling implies a
diversity of data-driven epidemiological studies that have different requirements for data
and the other prior knowledge. For example, the gravity model needs trip survey data for
the model calibration and the spatial regression model needs data that specify the spatial
structure of the study area. In practice, data quality and availability remains a bottleneck
in research processes. At the urban scale, given limited and scarce data, spatial statistical
methods and models have advantages. They provide statistical inference and depict
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clustering effects and their causes regardless of the lack of information about underlying
diffusion processes.

1.2

Rationale

The H1N1 pandemic of 2009 was and remains a matter of worldwide concern. To date,
both the origin and the severity of the pandemic have not been identified clearly (Novel
Swine-Origin Influenza A (H1N1) Virus Investigation Team, 2009; Dawood et al., 2012).
This study aims to estimate the spatial dynamics of the 2009 H1N1 pandemic in the GTA,
which has practical significance with respect to recognizing some of the key properties of
a pandemic in metropolitan areas that may have similar environmental settings to the
GTA. The results of this study provide an insight into the perspective of the spatial
dynamics, i.e., the clustering effect and the spatial randomness introduced by the
geographical structure of the GTA. Furthermore, this study develops a methodology and
a statistical framework that can be used to analyze the spatial dynamics, estimate
area-specific relative risks, and predict the degree of hazard for particular groups of
people in the pandemic. These achievements may interest public health sectors by
providing them with a feasible approach and a reference in dealing with a pandemic at
the urban scale.

The urban scale is crucial for analyzing the influenza pandemic in metropolitan areas
4

such as the Greater Toronto Area (GTA) of Canada because of its large population.
Moreover, at the urban scale, the estimation of the spatial dynamics can lead to the
discovery of clustering effects as well as their causes in small areas. Small area disease
risk estimation for the urban scale has been an active research topic in spatial
epidemiological studies (Cressie, 1993; Walter, 2000; Lawson, 2008; Martínez-Beneito et
al., 2008). Nevertheless, the degree of challenge found in exploring spatial dynamics at
the urban scale is exaggerated by the scarcity of data and by the substantial randomness
of infection at the urban scale. There is a high demand for an immediately applicable
methodology that can make the required estimations. To date, a methodology that can
estimate the spatial dynamics for acute infectious disease using very scarce data is either
absent, or incomplete. To fill the gap, this study develops a feasible methodology that can
provide an integral spatial statistical analysis approach using scarce data.

1.3

Hypotheses

Based on the background information above and the data availability of this study, it is
reasonable to make the assumption that there are spatial clustering patterns of the 2009
H1N1 pandemic in the GTA. It is further assumed that the cause of the spatial clustering
effects can be explained better by a spatial statistical model compared to a non-spatial
model.

1.4

Objectives

This study tries to achieve two objectives in order to test the hypotheses described
5

above. First, the study intends to use a stepwise spatial statistical analysis to analyze the
spatial clustering effect and to estimate the impact of spatial randomness. The
methodology that supports the analysis addresses the absence of an immediately
applicable approach in previous studies. Second, in particular, this study seeks to
discover whether the spatial Generalized Linear Mixed Model (GLMM) has a better
predictability (i.e. modeling fitting results) than a non-spatial GLMM by incorporating
the random spatial effects in the modeling.

To achieve the goals, the following tasks are undertaken in the study:


to gain a comprehensive view of spatial statistical methods and models for
clustering based studies by reviewing the key literatures;



to investigate the study area and the data ;



to extract the prior information from the data using the exploratory analysis;



to test spatial autocorrelation within the data;



to model the spatial clustering effect using the GLMM and the ICAR model;



to interpret results.

1.5

Outline

This thesis is structured as follows. Chapter 1 provides the background, hypotheses,
and objectives of this study. Chapter 2 reviews the background knowledge required by
this study. Chapter 3 describes the methodology developed in this study, including: i)
study area and data investigation, ii) exploratory data analysis, iii) spatial autocorrelation
6

tests, iv) constructions of GLMM and CAR models, and v) model implementation.
Chapter 4 presents results of the analytical steps presented in Chapter 3. Chapter 5
interprets the results, summarizes the contributions made by this study, discusses the
study’s limitations, recommends areas for further studies, and finally gives the
conclusions.

7

Chapter 2 – Literature Review
Background, Data, Spatial Epidemiological Methods and Models
2.1

Introduction

This chapter covers a review of background knowledge required by this study. It
reviews some key points of spatial epidemiology, epidemiological data, spatial
autocorrelation, relevant spatial statistical methods and modeling approaches, and
available tools. The review focuses on clustering based analysis that serves the
implementation of the methodology developed in this study. The outcomes of this
literature review lead to the selection of the appropriate models used in the methodology.

In the rest of this chapter, first it gives an introductory review of the spatial
epidemiology. Second, in order to understand the epidemiological data and the
consequences caused by the data quality, it carries out an investigation of common
formats and issues of the epidemiological data. Next, it gives an introduction on spatial
autocorrelation that presents the spatial clustering effect in environmental phenomena.
Following that, it conducts a study on the associated spatial statistical methods and
models that have potentials to conduct the analyses and the modeling to estimate the
spatial dynamics of the 2009 H1N1 pandemic in the GTA. Finally, it looks into the
available tools that can be used to implement the methodology created in this study.

2.2

Spatial Epidemiology

Modern spatial epidemiology studies began in the late 19th and early 20th centuries. By
8

plotting cholera epidemic cases on a map, Snow (1849) concludes that contaminated
water was the predominant contributor to the cholera transmission in London in 1849.
The cyclic behavior of the transmission of measles was found, and the discrete time
epidemic model for the transmission of measles was developed at the beginning of the
20th century (Roberts and Heesterbeek, 2003). These early spatial and temporal
epidemiological studies led to the modern discovery of spatial and temporal dynamics of
infectious disease transmission.

One of the goals of studying human infectious diseases is to relieve the threat of the
infection by revealing the temporal and spatial dynamics in either retrospective or
respective perspectives. To achieve this goal, a variety of techniques have been
developed on the assumption that there exists a fundamental spatial structure, based on
which the human and physical geographical world is formed (Haining, 2009, p6). Recent
spatial epidemiological studies use these techniques to explore the clustering analysis,
the diffusion analysis, and the disease surveillance. The clustering analysis is based on
the spatial autocorrelation analysis and is useful in analyzing both chronic diseases and
acute infectious diseases (Anderson and Titterington, 1997; Wakefield et al., 2000; Elliott
and Wartenberg, 2004). The diffusion analysis includes but are not limited to
mathematical models (Roberts and Heesterbeek, 2003; Bailey, 1975; Keeling and Rohani,
2007; Coburn et al., 2009), social contact network models (Welch et al., 2011; Eubank et
al., 2004; Eubank, 2005; Carley et al., 2006; Bian and Leibner, 2007), and gravity
models (Li et al., 2011; Viboud et al., 2006; Xia et al.. 2004). Disease surveillance
techniques capture and analyze unusual health events (Robertson et al., 2010) at an early
point, which are commonly used in prospective epidemiology studies. Though diffusion
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analysis appears an attractive research area, the feasibility and requirements for data
quantity and quality prove overly challenging. Clustering analysis based techniques are
useful in this retrospective study, according to the hypothesis and objectives described
above.

In general, the ability of spatial epidemiological studies to predict human infectious
diease epidemics is limited. Kostova et al. (2004) state that epidemiological models of
animal and human epidemics have less accurate predictions than similar models used in
other ecological studies because of the mobility of human or animal societies. Similarly,
Matthews and Haydon (2007) state that the conclusions derived from human
epidemiological modeling are difficult to arrive at, and the statistical inference is often
weak. To estimate the spatial and temporal influences of a pandemic, the key is not to
seek absolute numeric predictions, but to compare results between different scenarios or
models (Bian and Liebner, 2007).

Scale-dependence is an important factor of spatial epidemiology. For example, models
using the same sampling scheme can yield different results depending on the spatial and
temporal scales of analyses. Scale is the largest area or the time interval for which the
property of interest is considered homogeneous (Bierkens et al., 2000, p8). The
transmission of infectious diseases can be examined at the local, regional, national, and
international scales, as summarized by Robertson et al. (2010). The most frequently used
scale levels for influenza transmission studies are international and local (urban) and
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their downscaling and upscaling impacts to each other. The connection between the
global transportation and local populations forms the basic patterns of modern pandemics.
For example, to depict the temporal and spatial evolution of an influenza pandemic,
Colizza et al. (2009) use a metapopulation stochastic epidemic model to estimate
geographical impact of the global airline network linking 3,100 urban areas in 220
different countries.

2.3 Epidemiological Data
Disease records used in spatial epidemiological studies are obtained from various
surveillance systems. Data availability and quality have significant impact on model
selection and modeling performance. Limitations in data availability and quality often
result in insufficient data for analyses. Papoz et al. (1996) conclude that the quality of the
data obtained by data capturing methods is often of low quality in specific prevalence
surveys and may differ between medical records. Furthermore, instances of disease may
be either underreported or reports may be delayed (Diggle et al., 2003). In addition,
disease data collected from hosts is usually for general purposes and therefore the format
often does not meet the requirements of a model applied in data analysis. For example,
surveillance data have features that cannot be captured with standard empirical models
such as log-linear Poisson regression models (Held et al., 2006). In practice, the
surveillance data are collected from many different sources (Sonesson and Bock, 2003),
which may cause data inconsistency. Moreover, different surveillance systems are
11

isolated and data mining is not easy and sometimes not feasible (Dr. Anna Majury, 2012,
personal communication).

Individual based records and spatially aggregated counts are fundamental data formats
used in epidemiological analysis (Selvin, 1996, p264). To be used in spatial
epidemiological studies, individual based records must contain attributes of geographical
locations and time intervals. Spatially aggregated counts are aggregated sums of infected
individuals in each of the geographical units. Aggregated counts that are geographically
close often display residual spatial dependence, leading to known confounds being
included in the analysis model (Wakefield, 2007). When spatial dependence is assumed,
spatial autocorrelation must be analyzed.

Aggregated count data may be problematic in other aspects of modeling. First, the
count data may contain uncertainty, for example, the data have a large number of missing
values and zeroes. Next, with the scarcity of disease data at small temporal and
geographical scales, the analysis of the raw disease counts is not always informative
(Knorr and Richardson, 2003). In addition, aggregated count data often introduce
problems of over-dispersion, which refers to increased variability in the Poisson
distribution, and is a common issue with count data in epidemic modeling (Ridout et al.,
1998). Both missing value and data over-dispersion problems can make it difficult to
determine the data distribution, and choose an appropriate model for analysis.
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When the infected cases recorded are scarce and data on small-scale movements and
human contacts are absent, spatial randomness can be incorporated into the modeling to
estimate area-specific risks (Bernardinelli et al., 1995a; Bernardinelli et al., 1995b;
Mugglin et al., 2002). However, in cases where random components intensively affect
disease rates, randomness may be dominant across small areas (Elliott and Wartenberg,
2004), and data analysis may be infeasible.

2.4

Spatial Autocorrelation

Tobler’s First Law of Geography states that near things are more related than distant
things (Tobler, 1970). Environmental or social phenomena sometimes exhibit a similar
prevalence in areas that are close together, suggesting spatial autocorrelation. Spatial
autocorrelation is a correlation effect of values of variables sampled geographically. It
can present problems in data analysis because conventional statistics assume that
observations are independent of each other. The presence of spatial autocorrelation leads
to biased estimates of variance components and consequently biased tests of significance
(Layne, 1993), and incorrect estimation of the sum of squares using maximum likelihood
functions (Davis, 1986). Therefore, spatial autocorrelation in datasets must be identified,
as it tends to decrease the variance estimate, thus affecting the testing of Type I and Type
II errors (Griffith, 1988). Hence, spatial autocorrelation analysis is an essential
exploratory step before conduction further analyses based on statistical modeling
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approaches.

Spatial autocorrelation reflects the intrinsic stationary properties of the probability
function of the underlying spatial process. Stationarity refers to the degree/significance
of invariance in the statistical properties of stochastic functions. The formal definition of
the strong stationarity is the invariance property of the probability density function (PDF)
(Bierkens et al., 2000), given a shift of the independent variable. Spatial stationarity
requires the existence of a covariance structure invariant with location (Atkinson, 1997).
When the requirements of formally strong stationarity are not met, a weaker form of
stationarity, i.e. the second-order stationarity or intrinsic stationarity, is defined. For the
second-order stationarity and intrinsic stationarity, the covariance might depend only on
a displacement vector.

Spatial autocorrelation includes global and local spatial autocorrelation. When
investigating both global and local spatial autocorrelation, null hypothesis is made that
observations are generated by random processes.

To connect the spatial autocorrelation analyses and model selection, the applied
models must be selected with careful consideration of the spatial autocorrelation effects.
For example, the CAR model is suitable for situations where first-order spatial
dependency or local spatial autocorrelation is present, and the SAR model is more
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suitable when there is second-order dependency or global spatial autocorrelation
(Shekhar and Xiong, 2008). In addition, if both local and global spatial autocorrelation
present, they must be interpreted relative to each other (Ord and Getis, 2001). Previous
studies have often failed to connect spatial autocorrelation analyses and the model
selection.

2.4.1

Global Spatial Autocorrelation

Global spatial autocorrelation is an overall clustering effect in the study area and
corresponds to second-order stationarity suggesting the existence of an overall spatial
covariance structure in the study area. It is estimated by a unique statistic, Moran’s I,
which indicates the presence/absence of the global spatial covariance structure. Moran’s I
autocorrelation coefficient (Moran, 1950) is an extension of the Pearson product-moment
correlation coefficient to a univariate series (Cliff and Ord, 1973). The inference of
Moran’s I is based on the standardized z test and the p test, which may vary between
different software packages in terms of implementation and interpretation.

2.4.2

Local Spatial Autocorrelation

Local spatial autocorrelation is a local clustering effect due to the similarity of
observed values in a contiguous neighborhood. Local spatial autocorrelation indicates
spatial clustering and corresponds to non-stationarity, which implies that underlying
environmental processes cause spatial heterogeneity in the study area.
15

The available methods for estimating local spatial autocorrelation include Anselin
Local Moran’s I functions (Anselin, 1995) in ArcGIS and GeoDa, and Getis-Ord Gi * hot
spot analysis (Ord and Getis, 2001), both of which are used to predict hot and cold spots.

2.5
2.5.1

Spatial Statistical Methods and Modeling Approaches
Introduction

Spatial statistics involve statistical analyses of observations that are recorded at
locations in space and/or time domains. Often these observations do not follow a
Gaussian distribution and are often not independent (Waller, 2007). Thus, the actual
practice of spatial statistics has moved beyond conventional statistical methods by
incorporating spatial clustering effects such as the spatial autocorrelation. Spatial
statistical methods and modeling approaches are commonly used in both perspective and
retrospective studies.

Spatial statistics work with certain spatial data types. Cressie (1993) broadly divided
spatial data into three categories: 1) geostatistical data that are primarily parameterized
with continuous values and chosen locations, 2) aggregated lattice data based on either
regular or irregular lattices, 3) point process data containing observations with responses
of random spatial processes. Geostatistical data are commonly used by statistical
interpolation methods, such as the Kriging method, to calculate the trend surface in
which the spatial covariance matrix or the covariogram is specified. Geostatistical data
16

are typically applicable to geographical units that have no grid/lattice, where the entire
study area can be modeled as a continuous field. Aggregated lattice data are count data
aggregated in geographical areas. They are often analyzed using Gaussian Markov
Random Field (GMRF) models, which have the capacity to define the neighboring
structure of geographical units (Cressie, 1993). The most prominent example of GMRF
models is the Gaussian Conditionally Autoregressive (CAR) model (Besag and Kooperbe,
1995; Cressie, 1993) that can be used in a random field where the distribution of each
spatial point is specified as a function of the values of its neighbors. Point process data
generated from a random process can be analyzed using a variety of models; for these
data, model selection can be determined based on different scenarios.

Aggregated lattice count data and geostatistical data are both common in spatial
epidemiological studies. Aggregated lattice count data are produced by regionalized point
processes, and treated as the basic disease data format in spatial epidemiological studies.
The count data are referred to as “Poisson counts” (Rodríguez, 2007) due to the fact that
the Poisson distribution is the starting point for count data analysis (Cameron and Trivedi,
2007; Wakefield, 2007). Geostatistical data are used by Kriging statistics in disease
mapping (Berke, 2004; Zhong et al., 2005), to produce continuous estimated surfaces or
modified discrete surfaces. Lawson and Waller (1996) studied the statistical methods that
can be used for detecting spatial process point patterns. Though their work was
concerned with health issues associated with environmental pollutants, the exploratory
statistics, models, and likelihood function estimation they use can be generalized for
other epidemiological studies that involve spatial random processes.
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In epidemiological studies for small areas, spatial statistical techniques can be used for
smooth disease mapping, risks and risk factors estimation, and clustering analysis.
Spatial smooth mapping techniques compute the value of a location as the average of the
values at its nearby locations defined in a spatial window to reduce spatial variability
(Wang, 2006, p35). Cressie et al. (2000) states that for small area epidemics, smoothing
methods are employed to reduce the abrupt risk variations observed among polygons.
Spatial regression differs from disease mapping in that the aim is to estimate the
association between risk and covariates, rather than to provide area-specific relative risk
estimates (Wakefield, 2007). Spatial clustering analysis detects unusual concentrations or
non-randomness of events in space and time (Wang, 2006, 167). By and large, the
clustering test is a prerequisite of the analyses for small areas. The clustering effects must
be identified in the early stage of the analyses, otherwise inappropriate models could be
selected or the necessary spatial components might be lacking in the modeling.

The most significant advantage of spatial statistic techniques is that spatial and
temporal residual variations are counted in the analyses. Therefore, these techniques are
commonly used when random effects, geographically dependency, and nested effects
have to be considered. Generalized linear mixed models (GLMM) (Breslow and Clayton,
1993) and spatial hierarchy models (Banerjee et al., 2004) are examples of advanced
spatial statistical techniques that incorporate residual variations as randomness from a
single or a hierarchy of spatial levels. Furthermore, spatial statistical models allow for
analysis of spatial processes from sample data, without requiring knowledge of
18

underlying physical processes. Another advantage of using spatial statistic techniques is
that spatial statistical models are largely available in prevalent software packages such as
SAS and R. These models are provided as off-the-shelf products for spatial
epidemiologists and modelers to use. However, they are provided as black boxes that
hide the implementation and details of the requirement from users, preventing users from
using these models in a sophisticated way, and affecting the performance of the models.

Spatial statistical techniques are also challenged by other theoretical and practical
limitations. One theoretical limitation is the interpretability of the statistical inference,
e.g., using P values to interpret the significance of the result. Practical limitations are
regarding the incapacities for data processing and implementation incapability for some
statistical models. First, there is an incompatibility of data formats specified by different
standards and tools, which require extra processing steps to use the data in different
environments. For example, the ESRI Bridge is an additional software package that
converts the ESRI file format into SAS format. Second, some practical features are not
implemented yet in every currently available statistical package. For example, the CAR
model is not a standard built-in component in SAS. In addition, gaps still exist between
the models used in practice and that in theory. For example, there is almost no turn-key
solution for a GLMM model with data that has over-dispersion problems caused by
spatial correlation effects.
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2.5.2

Generalized Linear Mixed Model

The generalized linear model (GLM) is the extension of the linear regression using
nonlinear link functions and exponential probability distributions which comprise many
of the elementary discrete and continuous distributions. Binary, binomial, Poisson, and
negative binomial distributions are example discrete distributions. Normal, beta, gamma,
and chi-square distributions are representative examples of continuous distributions (SAS,
2008). The model fitting of the GLM is based on either Ordinary Least Squares (OLS) or
maximum likelihood methods.

The generalized linear mixed model (GLMM) is the extension of the GLM. The
GLMM can be used to model the dependency among observations. The dependency is
incorporated into the GLMM as random effects that are assumed with normal (Gaussian)
distributions (Breslow and Clayton, 1993). Conditional on these random effects, data that
is treated as the dependent variable can have any distribution in the exponential family.
GLMM can model two types of random effects that are called “R-side” and “G-side”
random effect respectively in SAS. The R-side randomness refers to the independent
random effect, and the G side randomness refers to the randomness caused by the
dependence structure among observations. Correspondingly, the two randomness effects
can be modeled with the GLMM in two ways: 1) include the random effects in the linear
predictor, and 2) model the correlation among the data directly (SAS, 2008). When grids
and local spatial clustering effect present, the CAR model can be incorporated into the
GLMM as a G side random effect.
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To fit GLMs, the maximum likelihood estimation is used to find the optimal
parameters that maximize the log-likelihood function. The estimation uses the
optimization algorithm that requires multiple iterations. In each of the iterations, the
reduced sum of residuals is expected by slightly altering the previous values of
parameters. Pseudo-likelihood functions are used to fit the GLMMs that incorporate
random effects. These functions use similar optimization algorithms as maximum
likelihood estimation does, in which the residuals and revised estimations are generated
iteratively until the convergence criteria is satisfied (Schabenberger, 2005)

2.5.3

Intrinsic Conditionally Autoregressive Model (ICAR)

CAR models are widely used in spatial statistics and image analysis (Besag and
Kooperbe, 1995). As they define the neighborhood structure of a geographical unit, they
are naturally employed with disease areal count data in spatial epidemiological models.
For a general spatial process expression Z ( s) : s  D} , D denotes an entire indexing
set belonging to a plane, and the selection of modeling approach relies on the continuity
of the indexing set D (Cressie, 1993). The indexing set D can be a continuous
indexing set, e.g., geostatistical data, or a discrete indexing set, e.g., discrete counts.
Methods for modeling continuous indexing set are spatial interpolation functions such as
Inverse Distance Weighted (IDW) interpolation and Kriging interpolation. Discrete
modeling is usually based on the lattice data. If it incorporates spatial effects,
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neighborhood structures of the data need to be defined. When z( s) : s  D} expresses a
Gaussian random process, the SAR model (Whittle, 1954) and CAR model (Besag, 1974)
are the most commonly used auto-Gaussian models for modeling spatial random effects
with regular or irregular lattice data (Wall, 2004). Both models are not used as standalone
models, but as random effect components in mixed models to present spatial dynamics.

CAR models have the Markov property (Besag, 1974), which refers to the
memory-less property of the stochastic process. Namely, a CAR model assumes that the
state of a location is influenced only by its neighbors defined by the adjacency or the
distance to the location. The property of a location being influenced only by its neighbors
is called the spatial memory-less effect. In the CAR model, the conditional expectation
of Z i , given the values at its neighboring locations, can be estimated by adding up the
expected mean and variance from aggregated impacts of Z j , which can be denoted as:

Zi | Z i ,  2 ~ N ( i    wij ( Z j   j ),  2 )
jNi

where
Z i  {Z j : j  1} ;

E ( Zi )  i ;

 is the scale parameter;
 2 is the spatial conditional variance for (  12 ,…  n 2 ) of Z ;
wij are weights between i and j .
The matrix form of the CAR model is:
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Z ~ N ( ,( I  W )1 D 2 )
where
W is the matrix form of wij ;

D is the diagonal matrix;
I is the identification matrix.
The diagonal matrix D has entries 1/ ni , and weight matrix W has the entries :

Wij 

{

1/ ni , if

j  Z i

0,otherwise

The above expression of a CAR model has the covariance matrix ( I  W )1 D 2 ,
which presents the conditional distribution of spatial randomness. Besag et al. (1991)
introduce the intrinsic conditionally autoregressive model (ICAR), which is more popular
for the cases with irregular lattice data. The difference between the CAR model and the
ICAR model is in the condition of the covariance matrix. In ICAR, the covariance matrix
is semi-definite, while in CAR it is positive definite. The conditional distribution of
spatial randomness in an ICAR model is:

b ~ MVN (0,( I  W )1 D 2 )
where the spatial conditional variances  2 of Z is constant and the scale parameter 
is set to 1.
2.5.4

Indirect Standardization Method

In epidemiological studies, demographic stratifying of the population is a common
procedure used to calculate the expected cases. This procedure is known as the indirect
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standardization method (Wakefield, 2007). The indirect standardization method can be
used in calculating the expected cases that reflect a general disease distribution with
some demographic characteristics, such as age and sex. The statistical estimation of
relative risks can be seen as a departure from the expected cases (Mugglin et al., 2002).

Demographic characteristics and behavior of humans are crucial in determining their
exposure to infection (Linard and Tatem, 2012). Demographic information can be used
to define the subgroups of the population within which the environmental equity can be
investigated (Waller et al., 1997). Demographic information usually includes, but is not
limited to, age, sex, education, income, and migration patterns. Therefore, analyzing the
demographic information contained in the individual based surveillance data can help to
understand population-level impact in terms of population size and structure.

The stratification can be either deterministic or statistical. Mugglin et al. (2002) adapt
deterministic sex-age group stratification in a hierarchical approach to model spatial and
temporal influenza dynamics. Stratification is also applied in a statistical multiplicative
equation to estimate the expected lip cancer cases in (Clayton and Kaldor, 1987).

2.5.5

Geographically Weighted Regression (GWR)

The Geographically Weighted Regression (GWR) is a local spatial statistical
regression model that is used in the presence of spatial non-stationarity (local spatial
autocorrelation) effects. In such cases, the relationship between the dependent variable
and the predictor variables may not be stationary and vary geographically (Cressie 1993).
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The GWR assigns unique coefficients to the regression equation used for a particular
geographical unit. As such, it estimates the spatial variability across all the geographic
units. In contrast, conventional statistical regressions are global models which assume
that the relationship between the dependent variable and the predictor variables are
homogenous to all geographical units. Therefore the coefficients in conventional
statistical regressions for variables in the linear predictor are estimated as same values.

The GWR model is applied based on the rationale that the spatial variation or
clustering effects can be estimated by using a regular regression format that is very
similar to conventional regressions, which brings great simplicity to its applications in
various areas. There is a rapidly growing trend of applying GWR models in recent
researches, such as in health and disease studies (Chen et al., 2010; Chen et al. 2012).

The GWR model is originally developed to extend the Ordinary Least Square (OLS)
linear regressions by counting in the spatial structures. A basic mathematical form of a
linear GWR can be expressed as:
k

oi  0 ( xi , yi )    j ( xi , yi ) zij   i
j 1

Where
xi and yi are the geographical coordinates of the location i ;
oi is the observed values;

 0 and  j are the locally estimated intercept and coefficient of variable z j ;

 i is the local error estimation.
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In the expression, the spatial influence of the geographical structure is presented by the
coefficients of the variable z j . . Instead of using a separate modeling approach, the way of
how spatial influence is calculated is implicit in the GWR equation, which also embodies
the simplicity of the GWR model. This simplicity allows modelers focus on the relations
between the predictor variables and the dependent variable, and the interpretation of the
results, as opposed to making extra efforts on modeling. The Model fitting of a linear
GWR can be done using a bi-square weighting kernel function (Brunsdon et al. 1998).

An example of the GWR is the geographically weighted regression function in ArcGIS.
To date, the GWR is developed for generalized non-linear regression as well, in which
data distribution can be described by exponential distributions. For example, the Spatial
Geographically weighted regression (SPGWR) package in R provides the GGWR ()
function that can fit a non-linear GWR. However, as a newly developed function, GGWR
() only provides limited options for specifying the exponential distribution of the data,
and is still under testing.

2.5.6

Bayesian Models

In the past decade, there have been enormous advances in the use of Bayesian
methodology for analysis of the epidemiological data, and there are many practical
advantages of using a Bayesian model (Dunson, 2001). Bayesian models have been used
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extensively in disease mapping studies including influenza pandemic studies. A Bayesian
model has great value in regional geostatistical and point process data analysis,
especially when it is applied to hierarchical structures (Waller, 2005; Lawson, 2008).
Lavine (1999) gives a comparative example of estimating cancer risk using traditional
statistics and Bayesian analysis respectively, and illustrates the limitations of using P
value as opposed to using the posterior distribution yielded by Bayesian analysis.

The key to Bayesian models is that the uncertainty about the parameters of the
interested model is expressed through probability statements and distributions (SAS,
2008, p142). In contrast, the parameters of a conventional statistical model are
determined by the mean and deviation estimated by the likelihood function. Bayesian
statistics are derived from the Bayes’ Theorem that combines the prior distribution and
the likelihood model in the following way (SAS, 2008):
p( | y ) 

p( y |  )   ( )

 p( y |  )  ( ) p( y)

where

 is a parameter vector for the observations y  { y1... yn } ,

 ( ) is the prior distribution of  ;
p( y |  ) is the likelihood distribution of observed data y condition on distribution

of  .

The fundamental feature of the Bayesian methodology is that the values of parameters
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can be derived from distributions, which naturally leads to the use of models where
parameters arise within hierarchies (Lawson 2008, p28). A simple diagram of a common
hierarchical Poisson-Gamma model for disease mapping is shown in Fig. 1. This
example has a three level hierarchy in the parameterization. Poisson distribution presents
the first level between data yi and parameter  , where  has a Gamma distribution
Gamma( ,  ) at the second level of the hierarchy,  and  have a hyperprior

distribution ( h ( ) ) and ( h (  ) ) respectively at the third level. Therefore, the
insufficiency brought on by the data quality may be complemented by the Bayesian
modeling using the hierarchy modeling and prior assumptions.

Fig. 1. Directed Acyclic Graph for the Poisson-Gamma hierarchical Model (Adapted from
Lawson (2008, p29))

Knorr and Richardson (2003) use Bayesian hierarchical model to characterize the
underlying spatial and temporal variations of the incidence of meningococcal infections
in France from 1985 to 1997. The spatial trend was presented by a spatial CAR model
that is used a prior distribution. Bernardinelli et al. (1995) use a similar Bayesian model
that incorporates a spatial CAR model.
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It had been a long time for the lack of practical numeric methods to calculate posterior
integration, which prevent Bayesian models from being used widely until Markov Chain
Monte Carlo (MCMC) simulation methods emerged. Two MCMC method examples are
the Metropolis algorithm (Metropolis et al., 1953) and Gibbs sampling method (Geman
and Geman, 1984). Though there are MCMC implementations available in some tools,
the complexity of these programs continues to restrict the use of Bayesian models
(Rasmussen, 2004).

2.6

Tools

The prevalent tools that can be used in spatial epidemiological studies include some
commercial available general-purpose GIS tools with spatial statistical packages, and
some free tools developed by educational institutions. The ESRI’s ArcGIS software
provides interpolation and spatial statistical tools that can be used for spatial
autocorrelation analysis, spatial variable extraction, and geospatial prediction. The linear
GWR function included in the ArcGIS is a linear spatial regression analysis tool for
analyzing local spatial autocorrelation effects. The statistical analytics software (SAS) is
a set of solutions for a large range of users with a powerful fourth-generation
programming language for various tasks (SAS, 2005). SAS has integrated some
geographical functions for mapping and spatial statistics (Rura et al., 2005), such as:
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1. Proc VARIOGRAM that includes an option for calculating Moran’s I and Geary’s C
statistics;
2. Proc KRIGE2D that performs ordinary Kriging in two dimensions;
3. Proc MIXED model that provides an intercept option for spatially homogeneous
random effects;
4. Proc GMAP and Proc GIS for processing and maintaining spatial data sets, and
creating two dimensional thematic maps and three dimensional blocks, prism, and
surface maps.

The Proc GLIMMIX procedure provided in SAS can model and fit both the GLM and
GLMM. It is a procedure designed for spatial epidemiological studies. The procedure
meets the needs for analyzing epidemiological problems such as estimating trends in
disease rates, modeling counts or proportions over time in a clinical trial, predicting
probability of occurrence in time series and spatial data, and joint modeling of correlated
binary and continuous data (Schabenberger, 2005). SAS is the primarily used tool for
analyzing in this study because: 1) it includes not only the conventional statistical
functions but also the spatial statistical functions; 2) it has better documentation. More
introductions on SAS and the Proc GLIMMIX function will be given in Chapter 3.

A few noncommercial software tools such as R, WinBUGS , and GeoDa can also be
used to conduct the spatial and temporal modeling. R is an environment within which
many classical and modern statistical techniques have been implemented. While the base
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packages of R software provide the basic capability of manipulating spatial data, the
comprehensive R Archive Network (CRAN) provides advanced spatial analysis
techniques including disease mapping and areal data analysis (Bivand, 2008). The
WinBUGS (Spiegelhalter et al., 2004) is a specialized software package that
implemented a domain specific programming language for the Bayesian analysis using
Markov chain Monte Carlo (MCMC) methods. The built-in CAR distribution provided in
WinBUGS can be used as a prior distribution to estimate local clustering effects for
spatial data (Spiegelhalter et al., 2004). GeoDa is a free software package that has
functions of mapping, spatial autocorrelation, and spatial regression. These functions are
similar to the collection of functions developed in the open source R environment
(Anselin et al., 2006).

2.7

Literature Review Outcomes

The challenges for spatial epidemiological studies are exaggerated by data scarcity and
the great spatial and temporal randomness brought on by the human mobility, social
contact complexity, and ethnic dynamics. Limited data sources and data quality introduce
a great amount of uncertainty into the modeling. The collection of host data in
epidemiological studies largely depends on occasional or delayed disease case collector,
regular surveillance, social-economic and demographic survey (e.g., census data). Efforts
for collecting relevant data and data validation are costly in both time and finance. These
problems are commonly presented in public health sectors and in acute infectious disease
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studies.

Since the spatial epidemiological models are data-driven, the data quality and data
scarcity issues limit the selection of the models. In other words, the selected models must
have the capability to make a complement to the low predictability brought on by low
data quality and data scarcity. The spatial autocorrelation approaches and spatial
statistical models reviewed in this chapter can use statistical inference in the testing of
the stated hypotheses and draw conclusions from the limited data, regardless of the lack
of information about underlying diffusion processes.

The GLMM, the GWR model, and the Bayesian model can be used with the presence
of spatial autocorrelation. They are reviewed regarding their advantages and
disadvantages, technique compositions, requirements on data quality, and applicable
scenarios. These models can be used as spatial or spatial-temporal models to incorporate
confirmed spatial clustering effects. The GLMM incorporates the spatial randomness by
treating it as an independent latent spatial variable (i.e. G-side randomness). In contrast,
GWR models incorporate the spatial component in an implicit way, which may save
efforts in modeling the spatial component in the mixed model. However, the generalized
GWRs that can specify the data distributions are not fully supported in the software
packages including ArcGIS, R, and SAS that are available in this study. Bayesian models
incorporate the spatial component as an independent prior distribution.
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In the scenarios that data exhibits clustering effects as the case presented in this study,
Bayesian models and GLMMs provide similar solutions that employ a spatial component
in the modeling. The spatial component can model either local spatial autocorrelation
effect using an ICAR model, or global autocorrelation using an SAR model. The
difference between the GLMM and Bayesian model is how the spatial component is
incorporated in modeling. The ICAR or the SAR model is used as a random component
in the GLMMs, and as a prior distribution that contributes to the creating of the posterior
distribution in Bayesian models. Due to the conceptual similarity of employing the ICAR
model, and also due to the fact that the GLMM is a conventional frequentist approach,
the GLMM is assumed to have the capability to test the hypotheses and to achieve the
objectives of the study. However, at the same time, it is also expected to observe the
limitations of the conventional frequentist approach as stated in previous studies, which
might suggest the needs for a more appropriate approach in future study.
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Chapter 3 – Methodology
3.1

Introduction

The methodology developed in this study tests the hypotheses that presume 1) spatial
clustering effects exist in the study area, and 2) the cause of the spatial clustering effects
can be better explained by a spatial GLMM compared with a non-spatial GLMM. The
three key steps of implementing the methodology are spatial autocorrelation analysis,
model selection, and modeling implementation.

In detail, the stepwise retrospective spatial statistical analysis of the 2009 H1N1
pandemic in the GTA involves data and study area investigation, data processing,
exploratory data analysis, spatial autocorrelation tests，and modeling implementation
using the ICAR and the GLMM models. In these steps, the exploratory data analysis is
used to achieve the fundamental attributes of the H1N1 surveillance data. The spatial
autocorrelation analysis tests the existence of global and/or local spatial clustering effects
and their significances. Global and local spatial autocorrelation analyses are carried out
through the use of multiple spatial analysis tools to confirm the conclusion by observing
the consistency of the results. Based on the conclusion from the exploratory analysis and
spatial autocorrelation analysis, a GLMM implemented in Statistical Analysis System
(SAS) is chosen and used to estimate the area-specific spatial randomness effect by
incorporating the spatial and demographic variables. To compare results, the GLMM is
configured respectively to 1) a non-spatial model with a fixed intercept and a non-spatial
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random effect, and 2) a spatial model with a fixed intercept, a non-spatial random
intercept and a G -side spatial random effects. Such configurations are used to confirm
whether a spatial GLMM can improve the modeling performance. The assumed
improvement is due to the use of a latent spatial variable that is formulized by the ICAR
model.

In practice, the steps undertaken in the methodology are shown in Fig. 2. These steps
fulfill the following tasks respectively:


Investigating the study area and the data using cartographic maps and
temporal plot to get an overview of the spatial and temporal characteristics
of the surveillance data, and reviewing the Queen’s University Ethics
approval and the data collection process;



Pre-processing the individual based surveillance data, including geocoding,
data projection, data aggregation, and interpolating the missing values;



The exploratory data analysis that includes:
a) univariate analysis of the aggregated count data,
b) univariate analysis of the disease records;



Spatial autocorrelation analysis including analyses for both global and local
spatial autocorrelation;



Model selection for choosing an appropriate model based on the
conclusions

obtained

from

the

exploratory

analysis

and

spatial

autocorrelation analysis;
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The modeling step that includes:
a) using an indirect standardization method to create a demographic strata
with sex and age variables of the disease data,
b) synthesizing the expected cases using the strata,
c) implementing the ICAR model and the GLMM model;



Model comparison that configures the GLMM model into a spatial and a

non-spatial model respectively and to compare their performances.

Study Area and Data Investigation

Data Processing

Exploratory Data Analysis

Spatial Autocorrelation Analysis

Model Selection

Modeling

Model Comparison

Fig. 2. The Introductory Stepwise Flow of the Methodology
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3.2

Study Area and Data Investigation

3.2.1 Study Area

The GTA, with a population of 5.5 million, is one of the most multicultural regions in
the world. This results in a regional diversity with a complex ethnic pattern. Based on the
data released by Statistics Canada in 2006, there are 108 ethnic origins and more than 20
distinct predominant home languages in the GTA. Nevertheless, the ethnic information is
not included in the surveillance data.
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Fig. 3. H1N1 Infections in GTA

According to the 2006 census data, the GTA includes 1,003 census tracts (CTs). These
CTs are contiguous inland administrative regions except the Toronto Islands (as marked
in purple in Fig. 3.) where no H1N1 infections were recorded. There are 5 census tracts
that do not have any residents where the use of the land in these census tracts is the
conservatory land. The disease surveillance data used in this study were provided by the
Ontario Agency for Health Protection and Promotion (OAHPP) through a data sharing
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agreement. The data set contains 3,722 individual infection records from April 1th, 2009
to December 31th, 2009 and involves all the CTs except the Toronto Islands and the five
census tracts without residents after the interpolation.

The GIS data used in this study include the administrative boundaries of the CTs.
The boundary polygon data are used to build the neighborhood weight matrix that is
required by the ICAR model. The geometry centers of the polygons are used to generate
a separate point layer. The individual disease records are aggregated to each point in this
point layer for each CT. The demographic information (i.e. sex and age) is extracted from
the Census 2006 database of the GTA and joined into the point data file.

The attributes provided in the individually based H1N1 data include spatial locations
in postcode, infection time, demographic information including sex and age, city names,
and information on traveling to Mexico, etc. The data do not have social contact
information and ethnic characteristics of the infected individuals. There are missing
values for almost every attribute. For example, there are 57 missing values (marked as
unknown in the data) for the sex attribute. In the age-sex stratification calculation
conducted later, these records are excluded from the calculation because within the
context of this study, there are no quantitative methods that can be used to retrieve the
missing values for this categorical data. For the missing values of age, this study uses the
mean of the ages of male or female.

39

Based on the information above, quick estimations on both spatial and temporal
dynamics can be applied to the individual based data. There were two H1N1 epidemic
waves experienced in 2009. The first wave took place from April to August, followed by
a second wave from September to December in 2009. A weekly plot of the two epidemic
waves was created using Proc Plot with SAS (Fig. 4.). As indicated in the figure, the
amplitude of the peak of the first wave is larger than that of the second wave, which
implies that the first wave was more severe.

H1N1 Weekly Plot
Counts
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Fig. 4. H1N1 Infections Weekly Counts Plot

At the urban scale, in the context of public health inequality, ethnic, demographic, and
socioeconomic settings, the spatial dynamics of H1N1’s prevalence in the GTA is more
interested in this study, while temporal analysis will be discussed as a future study topic.
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3.2.2 Data Acquisition and Queen’s Ethnics Review

The data acquisition process of the infected records during the two H1N1 epidemic
waves in Ontario is described as follows (by Dr. Anna Majury of OAHPP):
The blood specimens of the suspected H1N1 infections are submitted to the Public
Health Ontario (PHO) laboratories in Ontario. The influenza testing was subject to basic
biomedical tests to obtain a diagnosis. Patient demographics, including signs and
symptoms, are entered into the Lab Information System (LIS) upon receipt, and the
specimens are divested to the influenza lab. Subsequent to analysis, results are entered
for the appropriate patient into the LIS, and reports are generated which in turn are
released to the submitted health care provider. All data used in this study was extracted
from the LIS and exported to excel for the analysis.

In addition, ethics approval was sought by the GEOIDE project under the leadership of
Dr. Chen from the Queen’s General Research Ethics Board for a data sharing agreement
between Queen’s and OAHPP.

3.3

Data Processing

The original data from the OAHPP used in this study are individually based H1N1
infection records. In the exploratory analysis and the modeling stage, the individual
based records and aggregated count data are both required. Therefore, the individual
based records need to be processed in order to get the aggregated count data. Processing
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the individually based disease data involves geocoding the locations, projection,
boundary check, data aggregation, and interpolation for the census tracts with missing
values. To provide an intuitive overview of the steps, a working flow is created as shown
in Fig. 5.

In the individually based records, the location information is recorded as post codes.
By linking the individually based disease data to the postcode-coordinate lookup table,
the geographic coordinates of infected persons are obtained.

Geocoding

Projection

Boundary Checking

Data Aggregation

Interpolation

Fig. 5. Data Processing Flow

After geocoding, the geographical coordinates of the data are then projected using
Universal Transverse Mercator (UTM) projection. UTM projection is an adaptation of
the Mercator projection that divides the surface of the Earth into 60 zones. Each of the
zones has 6o of longitude in length. The GTA is located in the 17th UTM zone. The
administrative boundary of the GTA is also projected using the same UTM projection to
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verify if all of the locations of infected records are geographically included in the study
area.

After the projection, the accumulated infections are aggregated as count attributes of
the 1003 census tracts. The aggregation is achieved using the ArcGIS spatial join
function. The function calculates how many geometry elements (points) fall into a larger
geometry element (polygons). In this case, it calculates the total number of points
(infected records) that fall into each polygon (CT). Thus, each CT has an aggregated
count that presents the basic severity status of the CT in the pandemic.

The aggregated count data has 133 census tracts that have no data (zero counts). This
indicates that in these census tracts there were: 1) no infections, or 2) infections that were
not reported, or 3) no residents. Based on the fact that surveillance data are often under
reported, an assumption is made that most of these zero counts can be regarded as under
reported results. Namely, among the census tracts with zero infection records, there were
unreported infected cases except for the 5 CTs that have no residents. In addition, too
many zero values contained within an independent variable can cause problems for
model fitting. Hence, the missing values in the count data have to be estimated. This
study uses an interpolation method to estimate these zero counts.

Therefore, the final step of the data processing is to use a Kriging interpolation method
to estimate the infected counts in the census tracts where there are populations but having
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zero infection records. The Kriging interpolation refers to a statistical interpolation
family based on regression with observed values of neighboring geographical units that
are weighted according to spatial covariance values. There are different types of Kriging
interpolation methods. The ordinary method is the most common one, and is used in this
study.

3.4

Exploratory Data Analysis

Before testing the spatial autocorrelation, the exploratory data analysis is conducted
using multiple techniques to get the prior knowledge about some characteristics of the
2009 H1N1 pandemic in the GTA. The prior knowledge includes properties of the data,
the possibility of spatial clustering effects, and the possible influence brought to the
overall spatial distribution of the H1N1 pandemic of the GTA by the cases where the
infected people traveled to Mexico. The techniques used in the exploratory analysis
include univariate statistics, the scatter plotting, and cartography. The univariate statistics
employ histograms and Q-Q plots to summarize the general infectious risk distribution
on different age groups and data distribution of the aggregated count data.

The exploratory data analysis involves the steps shown in Fig. 6. First, it estimates the
distribution of the aggregated count data using histograms and QQ plots. Then, it
analyzes the infection risks of different sex-age groups according to the distribution of
the aggregated count data plotted in the previous step. Next, in order to quickly estimate
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the existence of potential spatial clustering effects, the infected cases in each sub-city of
the GTA is demonstrated using a scatter plot. Finally, cartography is used to visualize the
locations of the infection cases with people who traveled to Mexico in order to
understand whether or not they could have influenced by the overall spatial diffusion
pattern of the H1N1 pandemic in the GTA.

Estimate the distribution of the
aggregated count data
Estimate the infection risk
distribution on different age groups
Observe the possibility of spatial
clustering
Estimate the influence of Cases Where
Infected Individuals Traveled to Mexico

Fig. 6. Exploratory Analysis Flow

3.5

Spatial Autocorrelation Analysis

Generally, investigating disease clustering effects involves a two-step analysis. The
first step is to test the spatial autocorrelations that indicate whether the values in the
dataset are more spatially correlated than what would be expected if underlying spatial
processes were random. The second step is to analyze the cause of the spatial
autocorrelation using modeling approaches. Eventually, the two-step analysis leads to the
discovery of the causal profile of the disease prevalence in the study area.
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Global spatial autocorrelation measures the second-order spatial clustering effects
caused by the spatial processes. Local spatial autocorrelation measures the first-order
spatial clustering effects caused by the similar infection rate in adjacent local
neighborhoods. In previous studies, the connection between the model selection and the
existence and significance of spatial autocorrelation is less discussed or absent. To
address this issue, this study illustrates the existence and significance of both global and
local spatial autocorrelations before the decision making on model selection. In addition,
this requirement also comes from the context of the study area and data. In metropolitan
areas such as the GTA, there are different factors or randomness that may create pseudo
spatial autocorrelations. Thus, the results, i.e. levels and significances of spatial
autocorrelation tests, need to be reviewed with the prior knowledge of the study.

Methods to test global and local spatial autocorrelation are available in many software
packages, such as ARCGIS, R, Geoda, and SAS. However, there are differences in the
implementations of the same spatial autocorrelation function provided in different
software packages. For example, for the Moran’s I function that tests global spatial
autocorrelation, it only calculates the P score in R and Geoda, while it calculates both the
P score and the Z score in ArcGIS. In addition, in Geoda, the significance test is different
from what is used in AcrGIS and R. Hence, to confirm the results, the consistency of the
results needs to be verified by applying multiple software packages.

In spatial autocorrelation tests, the null hypothesis is first made that observations are
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generated from random processes for both global and local spatial autocorrelations. The
levels and significance of the spatial autocorrelation are used to test the null hypothesis
by examining the threshold value. By default, spatial autocorrelation functions include
statistical significance tests, which validate whether or not the null hypothesis can be
rejected. For example, the statistical significance tests of the Moran’s I function in
ArcGIS include tests of the P score and the Z score. The P score is the probability that the
null hypothesis can be falsely rejected. The Z value presents a confidence level on which
the null hypothesis should be rejected.

3.5.1

Global Spatial Autocorrelation

The Moran’s I statistic is the most common statistic used for estimating global spatial
autocorrelations. Conventionally, the Moran’s I autocorrelation coefficient is calculated
as:

n  i  j wi , j (d ) zi z j
n

I

n

S0  i zi 2
n

where

n is the number of pairs;
wi , j (d ) is the distance-based connectivity weight between location i and j

(e.g. wi , j (d ) =1, if j is in the distance d from the point i , otherwise wi , j (d ) =
0);

zi is the deviation of the measured value at the location i from its mean
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( xi  X );

z j is the deviation of the measured valued at the location j from its mean
( x j  X );

S0 is the aggregate of all the spatial weights:


n

n

i

j

wi , j

The Moran’s I function in ArcGIS also estimates z I , a measurement of standard
deviation that is denoted as:

zI 

I  E[ I ]
V[I ]

where
E[ I ]  1/(n  1)

V [ I ]  E[ I 2 ]  E[ I ]2
The P value is also included in the results of the Moran’s I functions.

Moran’s I evaluates whether the observed pattern is overall clustered, dispersed, or
random. An integral consideration of both autocorrelation levels and significance values
needs to be taken in order to accept or reject the null hypothesis. For example, the
interpretation of the results from the Moran’s I function in ARCGIS is based on the
following scenarios:


the P value is not statistically significant indicating a spatial process
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dominated by randomness.


a statistically significant P value and a positive Z value suggest the overall
spatial clustering. Nevertheless, the level of significance of both P and Z
needs to be considered. For example, if the P is at a significance level of
0.05, the Z value needs to be greater than 1.96 in order to reject the null
hypothesis.



when the Z value and P value are significant, a Moran's I value near +1.0
indicates clustering while a value near –1.0 indicates dispersion.



a statistically significant P value and a negative Z value suggest that the null
hypothesis is rejected. In this case, the statistically significant P value means
the P value is at a significance of 0.05, and the negative Z value means that
the Z score is less than -1.

As mentioned previously, the significance test using Moran’s I function is different in
multiple software packages such as R and Geoda. The significance tests of Geoda and R
only provide the P score. The interpretation in Geoda and R is similar to the
interpretation in ArcGIS.

3.5.2

Local Spatial Autocorrelation

Local spatial autocorrelation functions calculate the local autocorrelation coefficient

I score and the significance Z score. The I score and the Z score have different
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names in different software packages (e.g. Z score and P score in the ArcgIS).
Conventionally, the local autocorrelation coefficient is calculated as:

Ii 

xi  X
Si 2

n



i 1, j i

wi , j ( xi  X )

where

xi is the value of the variable at the location i ;
X is the mean of the values of the variables;

wi , j is the spatial weight between the locations i and j ;
Si 2 is the difference between average wi , j and mean of the values of the
n

variables, denoted as: Si 
i



j 1, j i

wi , j

n 1

2

X .

The local Z score is computed as:

zIi 

I i  E[ I i ]
V [ Ii ]

where
n

E[ I i ]  



j 1, j i

Ii

n 1

,

V [ I i ]  E[ I i 2 ]  E[ I i ]2

Local spatial autocorrelation/clustering may theoretically exist in three scenarios:


before the global trend takes place in the study area;



coexists with the global spatial autocorrelation;
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exists as a dominant phenomenon throughout the study period.

In each of these scenarios, the level and significance of the local spatial autocorrelation
need to be examined.

Commonly used local spatial autocorrelation functions used in this study include the
Getis-Ord Gi* function in ArcGIS 10, and the Local Indicators of Spatial Association
(LISA) function in GeoDa. The interpretations of the results from the two functions are
similar. The difference is that the LISA function also identifies the areas that have no
significance. In general, a positive value of the local autocorrelation coefficient I i
suggests that the location i is surrounded by neighbors with similar values, which forms
a local cluster. A negative value for I i suggests a dissimilarity of the location i and its
neighbors. Conjunctional locations with negative values form an outlier. The
interpretation of the local Moran’s I i also needs to include the consideration of the Z
values, which is similar to the interpretation of the global autocorrelation results. The
local spatial autocorrelation analysis identifies clusters of features with high values (hot
spots) and clusters of features with low values (cold spots), which can be categorized into
the following scenarios:


hot spots or high-high areas that have high I

values similar to their

neighbors;


outliers or high-low areas that have high I values in contrast with the low
values of their neighbors;

51



outliers or high-low areas that have low I values in contrast with the high
values of their neighbors;



cold spots or low-low areas that have low I

values similar to their

neighbors;

3.6

Model Selection

The outcomes of the literature review help to narrow down the range of models that
potentially can be applied in the methodology. The results gained in the exploratory data
analysis and spatial autocorrelation analyses can confirm that the proposed models (e.g.
the GLMM and the ICAR model) are the appropriate choice for the modeling.

3.7

Modeling

3.7.1 Calculating the Expected Cases

As stated in the foregoing literature review, the statistical estimation of relative risks
can be seen as a departure from the expected cases. This study uses a deterministic
indirect standardization method to calculate the expected H1N1 infected cases in each of
the CTs. The calculation is implemented using a standalone program written in the
Python script language.

In the implementation of this method, first it takes 5 as an age interval to divide age
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groups of both male and female. The maximum age involved in the estimation is 90, so
the division results in 18 age groups for both male and female, a total of 36 sex-age
groups. Next, for each sex-age group, it calculates: 1) the total infected number using the
individual based records, 2) the total population in the GTA, 3) the total population in
each CT. The infection ratio for each age-sex group can be computed using the total
infected number in the sex-age group divided by the population of the group. Then the
expected cases in each CT can be calculated as the sum of the expected cases of each
sex-age group in the CT:




N

E j   i 1 P ij
36

j
N
J

O ji
Pji

where
i and j stands for the sex-age group and census tract area respectively;

E j is the expected cases in the j census tract;
Pij is the population number of the i group in the j census tract;

N the number of census tracts;
O ji is the observed numbers of H1N1 in the j census tract and the i group.

3.7.2 ICAR Model

The ICAR model is used to model the random spatial effect. In this study, through
testing the hypothesis, incorporating the randomness component into the modeling is
expected to improve of the modeling predictability. The area-specific spatial randomness
effect is modeled by the ICAR model employed in the GLMM.
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3.7.3 Generalized Linear Mixed Model
The basic working mechanism of the GLMM is given here as a preparatory
introduction in order to understand the implementation of the model provided at the end
of this chapter. Given the observations zi , with the associated vector  of random
effects, a GLMM model can be denoted as,
E ([ zi ])  l 1 ( X   Z  e)

where
l (.) is the link function and l 1 (.) is its inverse function;

X is the covariate matrix for fixed effects;

 is the coefficients of the covariates;
Z is the covariate matrix for random effects;

 represents the random effect;
e is the standalone randomness.
In a GLMM, random effects  have a normal distribution with a mean of 0 and a
variance matrix of G . The error e has a normal distribution with a mean of 0 and a
variance of R . The Z matrix and covariance matrix G need to be specified to model
the G -side randomness effects. The R -side randomness can be modeled by specifying
the independent covariance structure R . In practice, model programmers need to specify
the columns in the fixed effects matrix and random effect matrix Z , and construct the
corresponding covariance matrixes G and R .
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3.8

The Implementation of the GLMM and ICAR

3.8.1 Implementation Flow

The analysis and modeling environment provided by SAS does not have a built-in
CAR or ICAR model and do not have a ready-to-use GLMM model implementation
neither. Therefore, the ICAR and GLMM models need to be created using the SAS
programming language. The conceptual implementation flow of the ICAR and GLMM
models is depicted in Fig. 7. The implementation starts with an initialization step that is
the neighboring information extraction for each CT in the administrative boundary
polygons. The extraction produces a neighbor matrix table that is used in the ICAR
model implementation.

The primary task to implement the ICAR model is actually to construct the precision
matrix

( I  W ) D 1 that

is

the

reverse

matrix

of

the

covariance

matrix

( I  W )1 D introduced in the foregoing literature review. The neighboring weight matrix
W in the ICAR model is confined by the neighboring structure defining the areas that

share a common border with the area of interest. After the precision matrix is built, it
then can be incorporated in the GLMM implementation as a random component. The last
step is modeling fitting using the Proc GLIMMIX procedure in SAS.
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Neighbor Matrix Extraction

Implement the ICAR Model

Implement the GLMM

Model Fitting

Fig. 7. The Implementation Flow of Modeling

The neighbor matrix extraction is done by a standalone data processing tool
implemented using C++ programming language. The reason for creating this tool is
because the software packages that are available in this study do not have the function
that can make neighbor polygon extraction automatically. For example, the related
function provided in ArcGIS can only fetch neighbors for one polygon in one step. Using
ArcGSI objects to create an automated tool has the same workload and is often buggy.
There is another neighbor extraction tool provided in WinBUGs, which is found with
defect because it fails during processing the administrative boundary file of the GTA
used in this study. R provides another function Poly2nb () in its SPDEP package.
However, the function outputs a specific file format that needs to be further processed in
order to be acceptable in SAS programming language.

The neighbor extraction tool works as the follows: 1) reads the input administrative
boundary polygon file; 2) parses every geographical unit in the file; 3) creates the
multiple arrays that include the CT and its neighbors that share boarder(s) with it, 4)
outputs the arrays in the neighbor matrix table that is a text file in the format required by
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building the precision matrix. The steps undertaken by the tool are captured in the
diagrammatic sketch illustrated in Fig. 8. The screenshot in the middle of the figure
shows the results being printed out to the screen while the tool is running.

The condition for being a neighbor polygon of each other is that they share at least a
border line, not a single point. This condition is made according to the specification of
the Poly2nb () function in R. The results generated from this tool are verified by
comparing the results with manually selected neighbors of multiple CTs.
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Fig. 8. Creating the Neighbor Matrix Using a Standalone Tool

3.8.2 Implementation of the ICAR model

Using the neighbor conjunction structure of the administrative boundaries of the CTs,
the neighbor matrix is constructed with the format as shown in Table 1. The format is
described as the follows. The CTs are coded with sequential identification numbers from
1 to 1003 that are listed in the first column of Table 1. The maximum number of
neighbors that a CT might have is 19, so the neighbor CTs are labeled as N1~N19. Each
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field in the columns N1~N19 either has the identification number for the neighbor or is
blank. The field in the second row and the third column is given as an example: the digit
6 in that field stands for that CT6 is the second neighbor of CT1. The form of the
neighbor matrix is the symmetric foundation in building the precision matrix for the
ICAR model.

Table 1. Neighbor Matrix for Constructing the ICAR model
CTs

N1

N2

N3

N4

N5

N6

1
2
3
…

2
1
4
…

6
4
17
…

7
6

10
7

…

…

…

…

1003

1001

1000

646

668

677

676

…

…

N19

Num

…

4
4
2
…
6

To estimate the spatial area-specific random effect bi , the focus is on estimating the
spatial conditional variances  2 . In the precision matrix ( I  W ) D 1 , since the diagonal
matrix D has entries 1/ ni , the precision matrix yields a rather simple form in the
calculation, which has the number of neighbors ni on the diagonal and entries -1 for the
neighbors of CT i .

The interactive matrix language (IML) of SAS is used to build the precision
matrix ( I  W ) D 1 . The GINV () function provided in the IML package is used to
generate the inverse precision matrix, i.e., the Moore-Penrose generalized inverse matrix
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that satisfies the criterion of the precision matrix in the ICAR model being semi-definite.
In addition, IML does not have a built-in function to produce the rank of the precision
matrix. Instead, the function round () is used to rank the entries of the matrix.

3.8.3 Implementation of the GLMM with GLIMMIX

In the stated methods above, the expected cases of H1N1 infections in each CT are
calculated based on sex and age stratification. In statistical models used to estimate
relative risks of the diseases, the estimation of relative risks is commonly treated as a
departure from the expected cases, which is actually adapted in this study and explained
in the following discussion.

In a CT i , if O i is denoted as the observed count,  i is denoted as the relative risk
of infecting H1N1, and Ei is the expected number of the H1N1 infections, conditional
on  i , the observed counts of H1N1 infections is independent Poisson variables with
mean Eii , which implies:

Oi ~ Poisson( Eii )
where

i  exp{  bi }
exp{} is the exponential expression;

 is the base (log) non-spatial random risk of being infected;
bi is an area-specific spatial random effect capturing overall spatial variance of
the log relative risk of the disease in one census tract.
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The basic form of the GLMM presented by the equation above is a spatial GLMM
which includes the intercept that is the log values of the expected H1N1 infection
number Ei , the non-spatial random risk  , and the spatial random effect bi . This basic
form can be configured into a non-spatial model that just incorporates the intercept and
the non-spatial random effect. The non-spatial and spatial GLMMs are fitted respectively
to decide which one can provide a better predictability.

The Proc GLIMMIX procedure provided in SAS can fit the statistical models with
data that have correlations or non-constant variability to estimate spatial and temporal
trends. In the absence of random effects, it treats the model as a GLM and fits the model
using the GENMOD Proc that provides the maximum likelihood function estimation. In
the presence of structured random effects (correlations), the Proc GLIMMIX applies a
residual pseudo-likelihood function to estimate the model fitting.

The two types of random effects, namely G -side and R -side random effects, are
distinguished by the RANDOM statement in the Proc GLIMMIX. The RANDOM
statement specifies the R -side random effect with either _RESIDUAL_ or RESIDUAL
options. Similarly, it specifies the G -side random effect with a range of options including
LDATA, TYPE, and LIN (q). The LDADA option specifies a data set that has the
coefficient matrices. The TYPE option specifies the covariance structure. The LIN ( q )
option specifies a general linear covariance structure with q parameters. In the
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implementation SAS code as attached in Appendix 2, the LDATA specifies the input
data set that is the covariance matrix created before the model fitting. The TYPE
specifies the structure of the covariance matrix, and the LIN (1) specifies the parameter
for the covariance structure, which is the conditional variance  2 presented in the
ICAR model.
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Chapter 4 – Results
4.1

Exploratory Data Analysis Results

The primary techniques employed in the exploratory data analysis are the histogram
statistic and Quantile-Quantile (Q-Q) plots created with the HISTOGRAM and QQPLOT
statements provided in the Proc UNIVARIANT procedure in SAS. A histogram is a
representation of a frequency distribution based on the selected interval given the range
of values being analyzed. In Proc UNIVARIANT procedure, a histogram can be
generalized by the Kernel Density Function (KDF) that draws the smoothed data
distribution lines (the red lines in Fig.9, Fig.11, Fig.13, and Fig.14). Q-Q plots provide
graphs and test statistics suggesting the likely distribution of both continuous and
discrete data. These plots are made by plotting the count values or their logarithmic
values against their normal percentiles calculated by the Proc UNIVARIANT procedure.

4.1.1

H1N1 Count Data Statistics

The univariant analysis discovers the likely distribution of the data and verifies if the
data are discrete. The distribution of the logarithmic values of the H1N1 counts also need
to be estimated. If the distribution of logarithmic values is approximately lognormal, then
the distributions of the data are exponential. Therefore, histograms and Q-Q plots are
created using both count data and their logarithm values.
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As shown in the frequency histogram (Fig. 9), the distribution of the H1N1 aggregated
counts shows a skewed shape with a long right tail. In the Q-Q plot (Fig.10), the
distribution of the H1N1 aggregated accumulated counts have an obvious departure from
a normal distribution, and there is a clear staircase pattern of plateaus and gaps,
suggesting the data are discrete. In Fig. 11, the kernel density line shows that the
distribution of the logarithmic values of the H1N1 counts have multiple modes with a
truncated flat tail suggesting a non-linear distribution of the logarithmic values.
Compared to the Q-Q plot in Fig. 10, the Q-Q plot created using logarithmic values of
the H1N1 counts in Fig. 12 shows an improved approximation of the plotted plateaus to
the reference line. By observing the two Q-Q plot figures (Figs.10 and Fig.12), it can be
concluded that the discrete exponential distribution fits the data more accurately. The
most commonly used discrete exponential distributions are Poisson distribution and
Negative Binomial (NB) distribution. According to the previous studies’ suggestion that
the Poisson distribution should be the starting point for data analysis, the Poisson
distribution is chosen to be used in the modeling.
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Fig. 9. H1N1 Infectious Histogram

Fig. 10. H1N1 Infectious Q-Q Plot for Normal Distribution
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Fig. 11. H1N1 Infections Logarithm Histogram
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Fig. 12. H1N1 Infectious QQPlot for Lognormal Distribution

4.1.2 Age-Sex Demographic statistics

Histograms are created with count values to illustrate the distribution of male and
female age groups respectively. In both histograms, the kernel density lines indicate
departures from normality in the age distributions of both groups. For the male infections
(Fig. 13), the most infectious age group is the groups under the age of 18. The other
noticeable infectious age groups are presented between the ages of 26 and 50. Seniors
(above 60) exhibit very low infectious possibility. For females (Fig. 14), infection levels
are relatively strong under the age of 55. The most obvious difference between male and
female infections is that between the ages of 20 and 50, the female infection rate is far
more severe than male. This may imply that the women in the indicated age range had
more regular social contact than men, which needs to be studied further. The results
above clearly indicate that a stratification method is required to incorporate the
heterogeneity in different age-sex groups in the study area.
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Fig. 13. Male Infections Histogram with Kernel Density Estimation (Red Line)
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Fig. 14. Female Infections Histogram with Kernel Density Estimation

4.1.3 Age-Sex Group Stratification for Expected Cases Result

The age and sex information is processed using the indirect standardization method to
estimate the expected cases in each census tract.
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A program is created using the Python script language to process the individual based
surveillance data. The program first processes the data and calculates the expected
infection number for each sex-age group, then computes the expected cases for each CT
as specified in the previous chapter. The result (Appendix 1) of the expected cases of
each sex-age group shows that the expected cases demonstrate larger values for both
male and female youth groups (5~20), and lower values for age groups above 65. Age
groups above 65 actually have zero infections.

4.1.4 Clustering Plot at Sub Cities of the GTA

The GTA area includes 19 sub-cities. The city name, indicating where the infection
took place, is one of the attributes recorded in the H1N1 individual based data. This
information can be used to estimate whether or not there are spatial clustering effects.
Plotting the aggregated counts, age, and gender against the cities provides an initial
perception of the clustering patterns. As shown in Fig. 15, evidently high values are
around Scarborough, Oakville, King City, and Richmond Hill, which means that the
HINI prevalence potentially has either a local or a global clustering effect that needs to
be identified with further analysis. It is worth mentioning that the scatter plot is only used
as a qualitative method that provides a tentative conclusion.
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Fig. 15. City, Age and Gender Plot of H1N1 Infections of 2009 in the GTA

4.1.5 Analysis of Infections Who Traveled to Mexico

The individual based disease data form OAHPP include 9 records of infected
individuals who traveled to Mexico. These records are in April, 2009 when the H1N1
pandemic began. After April, there are no recorded cases that traveled to Mexico.

One fact of influenza is that the virulence of the flu disease is extremely strong at the
beginning of the pandemic, and the virulence will become weaker as the genetic
sequence and mutations carry on for the disease virus. Therefore, it is reasonable to have
a suspicion that the 9 infections may have stronger transmissibility than other infections
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since they traveled to Mexico, which may contribute to clustering of the disease diffusion
locally and globally. The locations of the 9 infections are mapped in Fig. 16 as a layer
over all the other records to observe the pattern.

As shown in Fig.16, each red dot in the map represents the case that traveled to
Mexico. Around each of these infection cases, the map shows the possible clustering
effect suggesting these cases may have stronger transmissibility in the beginning period
of the pandemic. It is also evident in the map that the pattern of the 9 infection cases (red
dots) generally coincides with the spatial distribution pattern of all other infections,
which is the stretching globally along the lakeshore as well as to the north of the GTA.
These two coinciding patterns suggest that the 9 cases may impact the global spatial
diffusion pattern of the disease. Since the traveling behavior can be considered as the
randomness in the context of this study, the potential global spatial diffusion pattern may
be created by the randomness. The overall spatial diffusion pattern is likely related to
other factors in the study area as well, such as the distribution of the transportation
system. However, the map shows the coincidence between the overall diffusion pattern
and the cases where the 9 infected individuals traveled to Mexico.
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Fig. 16. Infection Cases Where the Infected Individuals
Traveled to Mexico

4.2

Spatial Autocorrelation Analysis Results

In practice, the spatial autocorrelation test requires a weight matrix wi , j (d ) that
constrains the impact of the neighbors of each geographic unit. The weights can be
calculated based on the adjacency neighbors or the neighbors defined by a geometric
distance of the geographic unit. The value of the weight of each neighbor unit is
estimated based on the weighted average of the values of all the neighbors. In this study,

72

the first-order contiguity, i.e. the weights based on adjacent geographical units, is used in
all of the spatial autocorrelation analyses.

As mentioned previously, there is a large gamut of tools available to implement the
global spatial autocorrelation estimation.Using the same weight matrix, these tools may
generate divergent results as they use different techniques to compute levels and
significances. For example, the results generated from the global Moran’s I function in
ArcGIS include Moran’s I, Z and P values, while the results generated from the global
spatial autocorrelation function in GeoDa only has Moran’s I and P value. Also in Geoda,
the significance test of the Moran’s I value uses a permutation test that is different from
the P value calculation in ArcGIS. Therefore, estimating the spatial autocorrelation using
functions from multiple software packages is necessary in order to confirm the results. In
this study, the spatial autocorrelation functions in ArcGIS and GeoDa are applied.

4.2.1

Global Spatial Autocorrelation Analysis Results

First, the global Moran’s I function in ArcGIS 10 is executed, which yields a relatively
low Moran’s I index 0.09231, a significant Z value 23.2, and a significant P value 0
(Table 2). Though the Z value is high compared to the reference threshold value of 1.96
specified by the function, the low Moran’s I value implies that there is no global spatial
autocorrelation, which is confirmed by the results generated using Geoda latterly.

73

Table 2. Global Moran’s I Result of ArcGIS 10
Results

Values

Moran’s Index
z-score
p-value

0.092311
23.204683
0.000000

Results of the global Moran’s I function in Geoda include a scatter plot (Fig. 17), and
statistics of the significance test. The scatter plot presents the type and strength of
spatial autocorrelation. In Fig. 17, the horizontal axis represents the values of input
variable, i.e., the H1N1 aggregated counts in each of CTs, and the vertical axis
represents the estimated average values calculated with the values of the neighbors of
each CT. Values on both axes are standardized. The slope of the regression line is the
Moran’s I that show the degree of spatial association between the variables at
neighboring locations. The Moran’s I value is 0.21. The permutation test gives a pseudo
P value of 0.0001 suggesting a significance.
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Fig. 17. Moran’s I scatter Plot of Geoda

4.2.2

Local Spatial Autocorrelation Analysis Results

For each geographical unit, the local spatial autocorrelation estimation involves the
calculation of the local cluster index, i.e., Z score, and the significance, i.e., P score. For
a particular geographical unit, when the local cluster index is higher than the threshold
and statistically significant, the null hypothesis can be rejected for the geographical unit.
Both Getis-Ord Gi* function in ArcGIS and the LISA function in Geoda are used to
estimate the local spatial autocorrelation in order to confirm the result by verifying the
consistency of the results generated from the two different software packages. Given the
set of weighted geographical units, both functions identify the spatial clusters of hot
spots with high Z values and cold spots with low Z values. Additionally, LISA also
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estimates the outliers, i.e., low-high and high-low geographical units.

The Z scores generated from the Getis-Ord Gi* function (shown in Fig. 18) and the
results generated from the LISA (shown in Fig. 20) exhibit a consistency of having
overlapped hot spots and cold spots. Hot spots refer to the CTs with Z scores greater than
3.35 in Fig. 18 and high-high CTs in Fig. 20. Cold spots refer to the CTs with Z scores
less than -4.9 in Fig.18 and low-low CTs in Fig.20. Both results exhibit consistency for P
scores (Fig.19 and 21). The difference between the results generated from Getis-Ord Gi*
and LISA is that a large number of CTs in both central and peripheral GTA have been
assigned with no significance in LISA, whereas the Getis-Ord Gi* function assigns these
CTs with Z values and P values.

The results of local spatial autocorrelation using both functions are summarized in
table 3. There are 46 hot spots (Fig. 22) and 47 cold spots that are agreed in the results of
both Getis-Ord Gi* and LISA functions. The percentage agreement of hot spots is 26%
(46/178) for the Getis-Ord Gi* function, and 58% (46/80) for the LISA function. The
percentage agreement of cold spots is 17% (17/279) for the Getis-Ord Gi* function, and
53% (47/89) for the LISA function. Compared with the LISA function, the percentage
agreement for both hot spots and cold spots is both lower using the Getis-Ord Gi*
function. This is because of the LISA function treated some CTs as non-significant areas
and outliers, whereas they are treated as hot spots and cold spots in the Getis-Ord Gi*
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function (Fig. 18, Fig. 19, Fig. 20, Fig. 21). This implies that different software packages
are not consistent in calculating the local spatial autocorrelation. Identifying the hot spots
and the cold spots of disease diffusion may need to confirm their existences in different
software packages as practiced in this study.

Table 3. Summaries of Local Spatial Autocorrelation Results
Hot Spots (number of CTs)
Cold Spots (number of CTs)
Agreed Hot Spots (number of CTs)
Agreed Cold Spots (number of CTs)

Getis-Ord Gi*

LISA

178
279
46 (26%)
47(17%)

80
89
46(58%)
47(53%)

77

Fig. 18. Local Spatial Autocorrelation Z Score
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Fig. 19. Local Spatial Autocorrelation P Score
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Fig. 20. Local Spatial Autocorrelation Output
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Fig. 21. Local Spatial Autocorrelation P Score
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Fig. 22. Confirmed CTs with Local Spatial Autocorrelation Effect
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4.2.3

Conclusions of Spatial Autocorrelation Analysis

The spatial autocorrelation analysis reveals the co-existence of global and local spatial
autocorrelation effects. Both software packages used in this study yield weak global
spatial autocorrelation values (0.092311 and 0.21), which excludes the global spatial
autocorrelation effect from further analysis.

Local spatial autocorrelation results from the Getis-Ord Gi* function in ArcGIS and
LISA in Geoda present a consistency in revealing the local spatial clustering effects.
Additionally, the hot spots produced in both functions are geographically irrelevant to the
cases where the 9 infected individuals traveled to Mexico (red spots in Fig. 16)
suggesting that the local spatial is not caused by the strong transmissibility associated
with the traveling behavior, but by other factors that require further quantitative analysis.

Based on the results and conclusions made above, the local spatial autocorrelation is
the factor that will be further analyzed using the spatial statistical model approach. The
spatial modeling intends to quantitatively study the cause of the local spatial
autocorrelation. In this study, the most interested variable in explaining the cause is the
latent spatial variable that models the influence of the spatial structure of the GTA as a
random effect in the GLMM.
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4.3

Model Fitting Results

The complete model fitting results of the non-spatial and spatial models are included
in Appendix B and C. The two appendices include multiple tables reported by the
GLIMMIX procedure regarding the modeling, pseudo-likelihood estimations, and
goodness of fit.

The information on variables and fitting methods are displayed in the "Model
Information" tables that include the names of the database, variables, and the designated
distribution. For both models, the Poisson distribution is the designated distribution. The
“Dimensions” tables include the number of variables and the sizes of the relevant
matrices. In the “Dimensions” table of the non-spatial GLMM (Appendix C), there is one
column in the X matrix corresponding to the fixed intercept. The G-side parameter 
presents the non-spatial area-specific randomness. There are 1,003 columns in the Z
matrix that are corresponding to the 1003 observations (CTs) in the data set. In the
“Dimensions” table of the spatial model GLMM (Appendix C), there are two G-side
parameters  and  2 ，and 2,006 columns corresponding to them. The “Optimization
Information” tables provide information about the methods and the size of the
optimization problem. The “Fit Statistics” tables have the pseudo-likelihood function
estimation results that are the goodness of fit statistics.
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In this study, a pseudo-likelihood function is used to estimate the parameters in the
Proc GLIMMIX. Using this approach, optimization begins with an initial set of pseudo
values of the variance-covariance parameters. The residuals and revised estimations are
generated iteratively until the convergence criteria are satisfied. The convergence results
are provided in the “Optimization Information” tables included in the Appendices B and
C. The convergence criteria are specified as the default configuration of the GLIMMIX,
and are satisfied in both models.

As presented in Table 4, comparing the -2 Res Log Pseudo-Likelihood statistics (the
lower, the better) of the spatial and non-spatial models, the result of the spatial model
shows a small, but clear improvement of the overall modeling performance, which
suggests that the spatial model provides a better fit for the H1N1 data. At the same time,
the comparison also shows that the ICAR model is an optimal solution for the local
spatial autocorrelation caused by the first order spatial effects. The parameter values
(Table 5) indicate that the fix intercept, i.e. the non-spatial randomness variance
parameter  , is reduced (smoothed) after the spatial randomness variance  2 is used in
the spatial GLMM model, which implies that the overall uncertainty of the non-spatial
GLMM is explained by the spatial GLMM with the incorporation of the ICAR model.
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Table 4. Fit Statistics of the Nonspatial GLMM and Spatial GLMM

Nonspatial GLMM
-2
Res
Log 2657.73
Pseudo-Likelihood
Generalized
1579.76
Chi-Square

Spatial GLMM
2556.43
1501.27

Table 5. Parameter Estimates of the Nonspatial GLMM and Spatial GLMM

Fix Intercept

Nonspatial GLMM
0.1002

Spatial GLMM
0.08587



0.1382

0.07703
0.1610

2
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Chapter 5 – Discussion and Conclusion
5.1

Interpreting the Results

The results of the spatial autocorrelation tests have revealed the existence of the local
spatial autocorrelation, which confirms the hypothesis. Model fitting results showed that
the spatial GLMM has better predictability compared with that from the non-spatial
GLMM. The above results verified the validity of the procedures undertaken in the data
processing and exploratory analysis. Thus, it has been proven that the implemented
methodology is an immediately applicable approach to the scenarios similar to what is
given in this study.

The spatial dynamics of the 2009 H1N1 pandemic comprise the local clustering effect,
and random effect inherited from the geographical contiguous structure of the GTA. The
clustering effect and the randomness contributed by the geographical contiguous
structure are confirmed respectively by the spatial autocorrelation analysis and the spatial
statistical modeling. According to the spatial autocorrelation results, the local spatial
autocorrelation presented the significant impact of the pandemic in the study area, while
the global spatial autocorrelation has no significant impacts. The causes of the local
spatial autocorrelation are partially explained by model fitting results of the spatial
GLMM that incorporated the ICAR model. The better predictability obtained from the
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spatial GLMM suggests that the spatial structure and the associated underlying
population processes contribute to the spatial dynamics presented in the study area.

As presented in Table 4, the -2 Res Log Pseudo-Likelihood estimation is 2556.43 from
the spatial GLMM, and is 2657.73 from the non-spatial GLMM. The lower value of the
-2 Res Log Pseudo-Likelihood estimation indicates a better fitting. Therefore, it is clear
that the spatial GLMM has better predictability. This modeling improvement can
theoretically be attributed to the Gauss-Markov properties of the ICAR model, which
specifies the mean and variances described in {Zi | Zi ,  2 , i  1, 2,..., n} that captures the
local spatial homogeneity. As the GLMM incorporates the ICAR model in a linear
relative risk model  i , it provides a statistical framework that can be used in
investigating the causes of the spatial autocorrelation by expanding the linear model  i .

5.2

Contributions

Epidemiological studies at the urban scale present great challenges brought on by
spatial randomness and data scarcity. Given a metropolitan region such as the GTA, that
has a complex population and environmental structure, the research conducted in this
study can benefit public health in several ways. First, it reveals local spatial clustering
patterns of the H1N1 epidemic, which can provide a guideline for public health advocacy,
and a reference for future studies. Second, the methodology developed in this study
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provides a stepwise guide for exploring the potential relationships between disease
occurrence and spatial structures. This statistical framework can be extended for
investigating other causes for the spatial clustering effect.

In addition to the practical benefits mentioned above, this study has several technical
contributions. First, the literature review highlights common problems to spatial
epidemiology regarding data availability, data quality, and model diversity; it further
provides an insight into clustering analysis based modeling approaches for human
infectious diseases. Second, it develops a methodology for estimating the spatial
dynamics of infectious diseases to address the data scarcity, modeling diversity, and the
absence of an immediately applicable approach. It also addresses the connection between
the clustering analysis and the model selection. Finally, the analytical steps designed in
the methodology can be used as a reference for similar scenarios to attain rigorous
results.

5.3

Limitation

The primary limitation of the study was reflected in the degree of the improvement
made in the model fitting. As shown in Table 4, the Pseudo-likelihood estimation result is
2556.43 for the spatial model, and 2657.73 for the non-spatial model. The mild
difference between the two results indicates that the improvement made by applying the
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spatial model is not significantly large.

The small improvement is most likely due to the fact that the Poisson distribution
designated in the modeling cannot provide the most suitable distribution for count data,
which commonly results from data over-dispersion. The problem of over-dispersion of
count data typically occurs when the observations are correlated or collected from
clustered regions. Modified models may resolve the issue by providing more generalized
parameterization for Poisson distributions. For example, in SAS, Proc GMOD and Proc
MIX provide over dispersed Poisson distributions. However, these methods do not
incorporate spatial randomness effects. Current spatial statistical packages are rarely seen
with integral solutions taking into account both the data over-dispersion and spatial
dependency effects. In practice, the negative binomial (NB) distribution was also tried
out in this study intending to reduce the over-dispersion effect. However, with the NB
distribution, the GLIMMIX encountered problems of non-convergence, which resulted in
an unworkable path.

Another limitation of the methodology designed in this study is that it does not provide
the capability of estimating the temporal characteristic of the pandemic. The local
clustering effect of this study is a result based on accumulated counts. This result is not
verified in the temporal domain. Namely, in a discrete time frame, the local spatial
clustering may not be detectable. This topic should be addressed in a future study.
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5.4

Future Study

To solve the data scarcity and over-dispersion problems that impact the model
performance, it is recommended to use Bayesian statistic models to carry out a
comparative study. The CAR model can be incorporated into a Bayesian model as a prior
probability distribution for the post-distribution of the disease predictor (Thomas et al.,
2004). In Winbugs, the CAR model is available as a built-in function. There is an
argument over whether or not prior distributions used in Bayesian models have efficiency
and validity. However, comparative studies on Bayesian analysis and conventional
statistical inference suggest that Bayesian methodology is an advanced alternative to the
conventional frequentist approach for epidemiological studies. Frequentist theory often
depends on a large number of repetitions; in contrast, epidemiological data are
commonly seen as having much fewer replications. Bernardinelli and Montomoli (1995b)
state that when the disease intensity records are rare and/or the geographical grid is fine,
Poisson variation applied to the area-specific small counts may cause biased estimation.

This study suggests that changing the neighbor matrix in the ICAR model may
improve the overall performance further. The conventional spatial regression model uses
spatial weight matrices to account for spatial interactive effects. The spatial weight
matrix can be calculated based on contiguous neighbors, as in this study, or the neighbors
included in a given distance. The model predictability may be improved by altering the
neighborhood definition of the spatial weight matrix in future study. Tools for processing
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and calculating different weight matrices are available in various software packages. For
example, the spatial matrix function POLY2NB in R can be used to build such a matrix
with different neighboring strategies.

Another improvement that can be made to this methodology in future study is to
enhance the models with analysis capability in the temporal domain. The GLMM model
used in this study can be extended to a spatial temporal model by incorporating a
temporal auto-regressive model that is available in the GLIMMIX, which forms a more
comprehensive model to investigate temporal influences.

5.5

Conclusion

This study began with a literature review on background information and techniques.
It investigated available models for clustering analysis of human infectious diseases,
which are potentially applicable to analyze the spatial and temporal dynamics of the 2009
H1N1 pandemic in the GTA in different scenarios. The methodology is designed and
implemented using the models based on the outcome conclusions from the literature
review, which are also confirmed by the exploratory analysis.

Through the literature review, it found that 1) data scarcity and data quality are
common problems in epidemiological studies; 2) an integral spatial autocorrelation
analysis approach in connection with model selection is absent from the previous studies.
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Also, the implementation of the reviewed modeling approaches is usually challenged by
the fact that it requires extensive multidisciplinary knowledge and the familiarity with
the tools.

The spatial epidemiological models are data driven, therefore, their applicability
largely depends on data availability and quality. To date, the surveillance systems and
associated technologies are not capable of providing fully satisfied data quality required
by the models. Missing values and data scarcity are the primary factors that may cause
bias in analysis results. Unless a more advanced and effective surveillance system
emerges, the defects resulting from data scarcity and incapacity in modeling will remain
unsolvable. Keeping this in mind, the Bayesian model is recommended for future study
due to the reason that the use of prior probability distributions to estimate the
parameterization can complement the data scarcity and low quality of the data.

In scenarios with limited data, it is found that combining spatial exploratory analysis
and spatial statistical modeling is an effective approach that can incorporate the most
relevant prior knowledge to yield rigorous results. Exploratory analyses extracted
demographic information from the data, and generated expected cases for each of the
CTs. A complete spatial exploratory analysis revealed both global and local spatial
cluster effects and identified their comparative significances in the context of traveling
information contained in the data. Using GIS data that describe the contiguous neighbor
structure of the study area, the spatial GLMM shows a clear overall modeling
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improvement over its non-spatial version. The models and analyzing steps practiced in
this study provide an immediate applicable methodology that can be applied to the
analysis of both non-infectious and infectious human diseases with very scarce data.

The 2009 H1N1 pandemic continues to remain a puzzle to researchers regarding its
origin, severity, and transmission patterns because of its properties including the
biological nature, acute emergence, and the under-reported surveillance data. While these
properties remain unsolved, new findings of the 2009 H1N1 pandemic are being
presented by on-going researches. For example, the newly estimated global mortality
rates are more than 15 times higher than the number of laboratory-confirmed deaths
reported to the WHO (Dawood et al., 2012). The finding of this study contributes to the
on-going exploration with a retrospective view about the 2009 H1N1 spatial dynamics in
the GTA.
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Appendix A Results of Age-Sex Group Stratification of Infected Cases

Table Sex-Age Group Stratification of Infected Cases
Sex and Age
Counts Sex and Age Counts
Male [0,4]
50
Male (45,50] 31
Male (4,9]
110
Male (50,55] 16
Male (9,15]
244
Male (55,60] 9
Male (15,20]
118
Male (60,65] 3
Male (20,25]
45
Male (65,70] 0
Male (25,30]
38
Male (70,75] 0
Male (30,35]
18
Male (75,80] 1
Male (35,40]
24
Male (80,85] 0
Male (40,45]
17
Male (85,~)
0

Sex and Age
Female [0,4]
Female (4,9]
Female (9,15]
Female (15,20]
Female (20,25]
Female (25,30]
Female (30,35]
Female (35,40]
Female (40,45]

Counts
43
107
173
90
48
48
26
38
37

Sex and Age
Female (45,50]
Female (50,55]
Female (55,60]
Female (60,65]
Female (65,70]
Female (70,75]
Female (75,80]
Female (80,85]
Female (85,~)

Counts
40
21
12
4
2
1
0
0
0
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Appendix B SAS Code of the GLMM implemented with Proc GLIMMIX
data CenNeibMatrix;
input CenID num n1-n19;
cards;
.
.
.
;
run;
/* building the precision matrix */

data CenNeibMatrix(keep=c1-c1003);
set CenNeibMatrix;
array l n1-n19;

/* the neighbour matrix for Census Tracts; the form as in Table 4*/
/* the maximal number of neighbours is 19 in the neighbour matrix data */

array c c1-c1003;
do k=1 to 1003;
c(k)=0;

/* elements set to zero for a start */

do s=1 to 19;
if CenID=k then c(k)=num;
if l(s) ne . then do; c(l(s))=-1;

/* the diagonal */
/* off diagonal elements */

end;
end;
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end;
run;
proc print data = CenNeibMatrix;
run;
/* use of the generalized inverse Moore-Penrose in PROC IML*/
proc iml;
use CenNeibMatrix;
read all var _num_ into x;
temp=ginv(x);

/* generalized inverse Moore-Penrose */

rank=round(trace(ginv(temp)*temp));
print rank;

/* rank=55 */

create icar from temp;
append from temp;
quit;
data row;

/* ROW elements */

do row=1 to 1003;
output;
end;
data ICAR;

/*ICAR in condensed form with PARM ROW COL1-COL56 */

merge row icar;
parm=1;

/* Nummerration of variance component

*/
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ruN;
data h1n1Vars;
set sasuser.variables;
run;
data h1n1Vars;
set h1n1Vars;
logE = log(OAHHExpected);
run;
/***************************Fit by Poisson Distribution***************************/
proc glimmix data =

h1n1Vars;

class REC;
model h1n1total_ = / dist =poisson

solution ddfm=sat link = log offset = logE;

random REC;
output out=glimmixout;
run;
proc glimmix data =

h1n1Vars;

class rec;
model h1n1total_ = / dist =poisson

solution ddfm=sat link = log offset = logE;

random rec;
random rec /ldata = ICAR type =lin(1) solution ;
output out=glimmixout;
run;
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/***************************Fit by NB Distribution***************************/
proc glimmix data =

h1n1Vars;

class REC;
model h1n1total_ = / dist =nb

solution ddfm=sat link = log offset = logE;

random REC;
output out=glimmixout;
run;
proc glimmix data =

h1n1Vars;

class rec;
model h1n1total_ = / dist =nb

solution ddfm=sat link = log offset = logE;

random rec;
random rec /ldata = ICAR type =lin(1) solution ;
output out=glimmixout;
run;
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Appendix C GLIMMIX Report of Non-Spatial Model
12:34 Saturday, June 30, 2012
***********************************************************************************************************************************************************************************
Table 1. Model Information
***********************************************************************************************************************************************************************************
12:34 Saturday, June 30, 2012
The GLIMMIX Procedure
Model Information
Data Set

WORK.H1N1VARS

Response Variable

h1n1total_

Response Distribution

Poisson

Link Function

Log

Variance Function

Default

Offset Variable

logE

Variance Matrix

Not blocked

Estimation Technique

Residual PL

Degrees of Freedom Method

Satterthwaite

***********************************************************************************************************************************************************************************
Table 2. Dimensions
***********************************************************************************************************************************************************************************
The GLIMMIX Procedure
Dimensions
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G-side Cov. Parameters

1

Columns in X

1

Columns in Z

1003

Subjects (Blocks in V)

1

Max Obs per Subject

997

***********************************************************************************************************************************************************************************
Table 3. Optimization Information
***********************************************************************************************************************************************************************************
Optimization Information
Optimization Technique
Parameters in Optimization
Lower Boundaries

Dual Quasi-Newton
1
1

Upper Boundaries

0

Fixed Effects

Profiled

Starting From

Data

***********************************************************************************************************************************************************************************
Table 4. Iteration History
***********************************************************************************************************************************************************************************
Iteration History
Objective
Iteration

Restarts

0

0

Subiterations
6

Max

Function

Change

2045.2617658

0.43332625

Gradient
2.669E-6
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1

0

2

2605.6914113

0.04221287

4.048E-6

2

0

2

2660.4575538

0.00633403

0.000485

3

0

2

2657.8209106

0.00020876

0.000025

4

0

1

2657.7318832

0.00000674

1.377E-6

5

0

1

2657.7289781

0.00000002

0.000161

6

0

1

2657.7289677

0.00000014

0.000032

7

0

1

2657.7289066

0.00000003

0.000012

8

0

1

2657.7288956

0.00000001

4.221E-6

Convergence criterion (PCONV=1.11022E-8) satisfied.
***********************************************************************************************************************************************************************************
Table 5. Fit Statistics
***********************************************************************************************************************************************************************************
Fit Statistics
-2 Res Log Pseudo-Likelihood
Generalized Chi-Square

2657.73
1579.76

***********************************************************************************************************************************************************************************
Table 5. Parameter Estimates
***********************************************************************************************************************************************************************************
Covariance Parameter
Estimates
Cov
Parm
REC

Standard
Estimate
0.1382

Error
0.01735
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Solutions for Fixed Effects
Standard
Effect
Intercept

Estimate
0.1002

Error
0.02098

DF
996

t Value
4.78

Pr > |t|
<.0001
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Appendix D GLIMMIX Report of Spatial Model
12:34 Saturday, June 30, 2012
***********************************************************************************************************************************************************************************
Table 1. Model Information
***********************************************************************************************************************************************************************************
Model Information
Data Set

WORK.H1N1VARS

Response Variable

h1n1total_

Response Distribution

Poisson

Link Function

Log

Variance Function

Default

Offset Variable

logE

Variance Matrix

Not blocked

Estimation Technique

Residual PL

Degrees of Freedom Method

Satterthwaite

***********************************************************************************************************************************************************************************
Table 2. Dimensions
***********************************************************************************************************************************************************************************
Dimensions
G-side Cov. Parameters

2

Columns in X

1

Columns in Z

2006

Subjects (Blocks in V)

1
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Max Obs per Subject

997

***********************************************************************************************************************************************************************************
Table 3. Optimization Information
***********************************************************************************************************************************************************************************
Optimization Information
Optimization Technique
Parameters in Optimization

Dual Quasi-Newton
2

Lower Boundaries

1

Upper Boundaries

0

Fixed Effects

Profiled

Starting From

Data

***********************************************************************************************************************************************************************************
Table 4. Iteration History
***********************************************************************************************************************************************************************************
Iteration History
Objective
Iteration

Restarts

Subiterations

Function

Max
Change

Gradient

0

0

6

2002.0873935

0.65006139

0.002443

1

0

3

2515.9841327

0.05547465

0.001477

2

0

3

2559.3001141

0.01158999

0.000776
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3

0

3

2556.5016021

0.00024466

0.000075

4

0

2

2556.4340147

0.00000687

8.452E-8

5

0

1

2556.4320467

0.00000020

0.000011

6

0

1

2556.4319974

0.00000076

0.000115

7

0

1

2556.4319629

0.00000024

0.000063

8

0

1

2556.4320287

0.00000077

0.000321

9

0

1

2556.4318745

0.00000050

0.000011

10

0

1

2556.4319985

0.00000082

0.000462

11

0

1

2556.4321694

0.00000073

0.000074

12

0

1

2556.431984

0.00000056

0.000039

13

0

1

2556.4320149

0.00000054

0.000303

14

0

1

2556.4318811

0.00000047

1.101E-6

15

0

0

2556.4319965

0.00000000

5.612E-6

Convergence criterion (PCONV=1.11022E-8) satisfied.
***********************************************************************************************************************************************************************************
Table 5. Fit Statistics
***********************************************************************************************************************************************************************************
Fit Statistics
-2 Res Log Pseudo-Likelihood
Generalized Chi-Square

2556.43
1501.27

***********************************************************************************************************************************************************************************
Table 5. Parameter Estimates
***********************************************************************************************************************************************************************************
Covariance Parameter Estimates
Cov

Standard
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Parm
REC
LIN(1)

Estimate

Error

0.07703
0.1610

0.01813
0.04839

Solutions for Fixed Effects
Standard
Effect
Intercept

Estimate

Error

0.08587

0.01981

DF
847.1

t Value
4.33

Pr > |t|
<.0001
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