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ABSTRACT 

Migration within a regional system influences demographic, epidemiological, and socio-

economic processes. At its core is the spatial redistribution of population and their associated 

characteristics. This redistribution induces spatial dependencies either [a] from a spatio-temporal 

perspective by making it impossible to directly observe an underlying data generating process or 

[b] by leading to network autocorrelation among the observed migration flows, which connect 

the origins and destinations. The first two papers investigate these migration induced spatial 

dependencies and demonstrate the methodologies with empirical data sets. The third paper 

evaluates the proposed models with a set of controlled experiments for their feasibility and 

sensitivity to model misspecifications. 

A disease generating process of diseases with a long latency periods consists of three key 

components: the disease frequency in the population at risk, bio-behavioral risk factors related to 

underlying population at risk, and the environmental risk factors connected to the regions of 

residence but being detached from the population at risk. The demographic migration process 

disperses the regional inhabitants throughout the regional system and, therefore, prohibits a 

direct identification of the underlying disease generating process. The first paper proposes a 

stochastic implementation of the demographic population projection. A hybrid spatial moving 

average and lag model is adopted to control for the migration induced uncertainties and to 

identify the underlying disease generating process. It is based on the 508 State Economic Areas 

and their interregional migration matrix. The behavioral risk factor smoking and the 
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environmental risk factors population density as well as the indoor radon levels are modelling the 

historic male lung cancer mortality rates (1970-1994) at the SEA level. The proposed model 

controls the migration effects and improves the model substantially.  

The second paper identifies the inherent network autocorrelation structure in a spatial interaction 

model. It proposes five novel specifications and identifies empirically the most appropriate 

network autocorrelation structure. The 2005-2010 interprovincial migration pattern in China and 

a set of origin and destination specific provincial variables is used to explain the spatial 

interaction with a negative binomial regression model. Both the novel Bayesian integrated nested 

Laplace approximation (INLA) algorithm and the spatial eigenvector filtering algorithm with the 

objective function of minimizing the residual network autocorrelation are compared.  

The non-stationary estimates of the spatial autocorrelation parameters in both previous papers 

provide the motivation to investigate their causes by conducting controlled experiments that 

systematically mis-specify the estimator of the underlying disease generating process. Three 

uncorrelated environmental risk factors and three uncorrelated bio-behavioral risk factors are 

chosen from the eigenvectors of the spatial adjacency matrix. Each set of eigenvectors captured a 

positive, spatially independent and negative autocorrelated pattern. The disease rates are 

simulated using the logistic regression model with a linear combination of eigenvectors as 

predictor. The proposed model is able to identify the disease generating process. 

All three papers use the INLA algorithm for of the posteriori distributions and parallel 

computation to improve the computational efficiency. To satisfy the fundamental academic 

paradigm of reproducibility, all relevant data and specialized algorithms are bundled into 

publicly available R-packages.  
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INTRODUCTION 

 

 

Migration has great impact on socio-economic, demographic and epidemiological changes in 

regional systems (Kliewer 1992; Tong 2000; Rogerson & Han 2002; Henry et al. 2003; 

Tiefelsdorf 2007; Shen 2012). With the decreasing natural population growth rates, interregional 

migration becomes an important factor for population redistribution and socio-economic 

development (Shen 2012). Migration induced autocorrelation will be approached from two 

different perspectives:  

a. Migration flows among pairs of regions themselves are autocorrelated due to an 

underlying spatial process. Traditional interaction models mainly focus on explaining 

interregional migration flows using origin characteristics, destination attributes, and the 

impedance of space (Henry et al. 2003; Fan 2005). Most of studies assumed migration 

flows are independent of each other. However, the independence assumption can be 

relaxed by incorporating network autocorrelation among migration flows (Chun 2008; 

Fischer & Griffith 2008; LeSage & Pace 2008; Chun & Griffith 2011).  

b. From a spatio-temporal perspective the mixing effects of interregional migration induce 

autocorrelation among the locations in a regional system. Migration is not only of great 

importance in modelling the spread of infectious diseases, it also modifies the regionally 

observed disease rates for diseases with long latency periods due to the uncertainties 

associated with the migration flows among regions (Tiefelsdorf 1998; Rogerson & Han 

2002).  

The purpose of this dissertation is to provide more realistic models of spatial interaction and 

control migration induced uncertainties in population based spatio-temporal studies. This 

collection of research papers investigates [a] the effects of migration for an empirical dataset, [b] 

the incorporation of network autocorrelation in spatial interaction models, and [c] model 

misspecification effects of an underlying disease generating process with long latency in a set of 

controlled experiments. The first and the third papers build a solid demographic model to correct 

for migration effects in Bayesian disease models. All three papers use the integrated nested 
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Laplace approximation (INLA) to model the data and conduct the experiments with a Bayesian 

framework. 

It is well- known that degenerative diseases are affected by genetic, behavioral, and 

environmental factors. Bio-behavioral and environmental risk factors as well as time are the 

three key components of a disease generating process. For diseases with a long latency periods, 

the population at risk as well as persons already harboring the latent disease may migrate and are 

spatially redistributed. After the migration process is completed, the observed spatial variability 

of disease rates is reduced due to the local mixing of stayers and migrants (Rogerson & Han 

2002; Tiefelsdorf 2007). In addition, the observed bio-behavioral factors are blurred by 

migration effects because the bio-behavioral factors migrate with the population (Tiefelsdorf 

2007). However, the environmental risk factors, which are independent of the regional 

populations, are not affect by migration effects. Therefore, the first paper proposes a hybrid 

spatial moving average and spatially lagged model. An empirical study based on the 508 U.S. 

State Economic Areas (SEA) layout models the demographic process from the stochastic 

perspective. The 1965-1970 SEA level migration matrix, 1970-1994 lung cancer rates, and the 

corresponding bio-behavioral and environmental factors are used to implement the proposed 

spatial model. This research uses INLA to capture the spatial random effect and parallel 

computation to achieve computation efficiency. An associated R package with the specialized 

code and the relevant data is provided to promote reproducible research. 

The previous paper uses a migration matrix to model the autocorrelation by covariance 

structure. A researcher though may also be interested in detecting the network autocorrelation 

among the origin-destination flows in a migration matrix. Thus, the second paper proposes five 

novel network linkage specifications to detect the spatial autocorrelation in a regional migration 

system. Furthermore, it compares two modelling approaches to identify network autocorrelation. 

Many previous studies have modelled interregional migration flows by considering network 

autocorrelation (Chun 2008; LeSage & Pace 2008; Fischer & Griffith 2008; Chun & Griffith 

2011; Chun et al. 2012; Griffith & Chun 2015). These approaches help controlling potential 

biases in spatial interaction models by incorporating network autocorrelation. However, the 

existing network autocorrelation specifications only cover the long-range spatial relationships 
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and either assume an underlying Gaussian process or a random effect which is modelled by 

spatial eigenvector filtering. This paper develops novel transitional-range and short-range 

specifications to help construct a more appropriate Bayesian negative-binomial model. It studies 

the inter-provincial migration flows in China. Up to today there were only a few migration 

studies in China conducted and even fewer considered network autocorrelation (Pu et al. 2015; 

Pu et al. 2016). A Chinese 2005-2010 migration table and the corresponding socio-economic 

variables as “pull” and “push” factors are used to compare the INLA and the eigenvector spatial 

filtering (ESF) approaches based on a joint negative binomial model foundation. 

In the both papers, unexpectedly the estimated value of the spatial autocorrelation parameter 

is outside its theoretical range. This motivates a study investigating any model properties subject 

to misspecifications of the underlying data generating process. Therefore, to be more realistic, 

the third paper proposes a hybrid spatial moving average and lag model based on Leroux’s 

specification (Leroux et al. 1999). The migration matrix explicitly takes the number of stayers on 

the diagonal of the migration matrix into account and codes it as a doubly stochastic transition 

matrix. This research is conducted based on 508 SEAs layout and the 1965-1970 SEA-to-SEA 

migration matrix. Six synthetic environmental and bio-behavioral risk factors are selected based 

on the eigenvectors of the projected spatial SEA adjacency matrix. All eigenvectors are 

uncorrelated among each other and depict either a map pattern of a high degree of positive 

spatial autocorrelation, spatial independence or a high degree of negative spatial autocorrelation. 

The disease rates are simulated from a binomial distribution linked to a linear predictor, which 

depends on the synthetic eigenvector risk factors. The proposed Leroux model is implemented 

within a Bayesian framework by INLA. Different misspecifications are evaluated against the 

properly specified model to test the model’s sensitivity to these misspecifications. Whenever 

possible, calculations were done in parallel using all available cores of the computer’s 

microprocessor. 
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CHAPTER 1 

BAYESIAN DISEASE MAPPING OF LUNG CANCER: CONTROLLED FOR 

UNCERTAINTIES INDUCED BY MIXING EFFECTS OF  

INTERREGIONAL MIGRATION 

 

Abstract: Disease mapping aims, among other objectives, at gaining insights into the geographic 

variation of diseases and their underlying causes. These potential causes can be broken down 

into two main risk factor categories: [a] environmental factors directly associated with a region 

and [b] bio-behavioral factors characterizing the regional population. Observed region-specific 

disease rates as well as the bio-behavioral risk factors are most likely obscured by interregional 

migration flows. In contrast, the environmental risk factors remain unaffected by interregional 

migration. This research aims at accounting for the migration induced uncertainties and 

identifying the underlying region-specific disease generating process. This is accomplished by 

reversing the migration induced population dispersion in a logistic regression model, which uses 

interregional migration flows as spatial links to determine a moving average random effect. 

Bayesian model estimates are obtained using the integrated nested Laplace approximation 

algorithm. 

The proposed approach is demonstrated using historic male lung cancer mortality rates (1970-94) 

in the 508 State Economic Areas (SEA) of the United States and the antecedent 1965-70 

migration flows among the SEAs. Potential environmental risk factors are the ambient indoor 

radon levels and the population density as proxy to capture human induced local environmental 

conditions. The regional tobacco consumption rate is used as a behavioral risk factor. In 

comparison to an aspatial logistic regression model, the proposed spatial approach indicates that 

it can statistically control the migration effects, which in turn provides an unobstructed 

understanding of the underlying disease generating process. 
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1. INTRODUCTION 

This research aims at identifying the spatial or spatio-temporal variation of disease patterns and 

their underlying disease generating process (Jarup 2004; Tiefelsdorf 2007; Elebead et al. 2012) 

using an ecological modeling approach. Other applications of disease mapping are the detection 

of potential spatial hot and cold spots (Jarup 2004; Tiefelsdorf 2007; Hampton et al. 2011; 

Anderson, Lee, and Dean 2014); the analysis of spatio-temporal variations (Lagazio et al. 2003; 

Colonna 2004; Jarup 2004; Torabi & Rosychuk 2011; Elebead et al. 2012); the documentation of 

current disease status as reference for future epidemiological studies (Hampton et al. 2011); the 

identification of emerging disease outbreaks (Jarup 2004; Elebead et al. 2012); the formulation 

of policy, intervention and education strategies (Hampton et al. 2011; Anderson et al. 2014); and 

the allocation of health care resources (Lawson & Clark 2002; Hampton et al. 2011; Lawson 

2013, p.163; Anderson et al. 2014). A recurring problem of ecological models for diseases with a 

long latency is that the population at risk and specific exposures may shift due to migration 

among the regions (Jarup 2004; Tiefelsdorf 2007). A combination of three categories of potential 

risk factors can lead to the development of cancers: biological factors, behavioral factors and 

environmental factors. The environmental factors that are directly associated with the regions are 

not affected, on an intermediate time frame, by interregional migration. However, the biological 

and behavioral makeup of a region’s population may change over time due to interregional 

migration of the population at risk (Tiefelsdorf 2000; Tiefelsdorf 2007).  

To simplify the arguments in this research, we adopt a discrete instead of a continuous 

process perspective. Just two points in time are considered: [i] the disease generating time at 𝑡 −

1 and [ii] the time at 𝑡, when the disease manifests itself. After both the interregional migration 

process and the latency period are completed, neither [a] the observed local disease occurrences 

nor [b] the bio-behavioral factors remain inherently region-specific observations. Therefore, 

disease mapping studies cannot ignore the confounding migration effects, which tie the regions 

of a spatial system together. 

Several authors have identified that the geographic variability of disease rates is moderated 

by interregional migration (Bentham 1988; Kliewer 1992; Tong 2000; Tiefelsdorf 2000; 

Rogerson and Han 2002; Tiefelsdorf 2007). Bentham (1988) points out that people who live in 
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hazardous areas with high disease rates may migrate to places without hazards and increase 

disease rates at the destinations while lowering it at the origin. Therefore, the geographic 

differences of disease rates decrease between areas with and without hazards and make it more 

difficult to detect the true relationship between hazards and disease rates. Kliewer (1992) 

illustrates the same idea by using a stomach cancer example. The stomach cancer rate, which is 

mainly affected by bio-behavioral factors, of the non-migrants is relatively high in New Mexico. 

However, the in-migrants with average stomach cancer rates mask this phenomenon. Similarly, 

the in-migrants with the average stomach cancer rates obscure the relatively low rates in 

California. Furthermore, Tong (2000) discusses a migration bias in ecological studies by 

illustrating it with a hypothetical scenario and verifying it by an empirical example. In the 

hypothetical example, three regions (𝒜, ℬ, and 𝒞) with various characteristics were compared to 

display outcomes caused by migration. Each region is divided into two parts: high and low air 

pollution sub-regions, with different sub-population sizes and lung cancer rates. Tong assumes 

people only migrate from higher air polluted sub-areas to the lower air polluted sub-areas. With 

different migration rates in each region, the results show that the magnitude and direction of bias 

vary based on the levels of risk-related migration in the different regions. Higher rates of 

migration have a strong impact on the results in ecological studies. The empirical example leads 

to the same conclusion as the hypothetical example based on the study of radiation from TV 

towers and childhood leukemia incidence. Rogerson and Han (2002) developed a discrete 

Markov model to show that the geographic differences in disease rates were diluted in the long 

run by nonselective migration flows. Moreover, they used Polissar’s approach (1980) to compare 

the reported overall inhabitants, age-adjusted lung cancer incidence rates with lung cancer 

incidence rates specific to the population that has resided in the county for more than 20 years in 

order to detect the migration effect. The finding of the study was that the incidence rates of 

residents having more than 20-year residence is closer to the reported rates if the proportion of 

the long-term residents is high. On the contrary, the difference between these incidence rates 

tends to increase if the proportion of long-term residents decreases.  

In addition to stressing that the geographic variation of disease rates is masked by 

interregional migration, Tiefelsdorf (2007) points out that the bio-behavioral risk factors, which 
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are directly linked to individuals either moving or staying at home, are blended by migration 

effects as well. However, environmental factors, which are region specific and not attached to 

migrants, remain local. After the migration process is completed, both the observed disease rates 

and the observed bio-behavioral rates can no longer be directly attributed to one region. To 

mitigate the confounding migration effects, Tiefelsdorf adopted a semiparametric spatial filtering 

approach to model the white male prostate cancer mortality rates from 1970 to 1994 in the 508 

SEAs using the 508 × 508 migration matrix from 1965 to 1970.  

While previous research identified the confounding effect of migration, none explicitly 

accounted for it. This research adopts a discrete process perspective for non-infectious diseases 

with a long latency period by incorporating interregional migration flows to model the 

underlying disease generating process. The proposed approach will be illustrated in a case study. 

The study focuses on 1970 to 1994 male lung cancer mortality rates in the 508 SEAs and uses 

state smoking rates as behavioral risk factor as well as indoor radon pollution and the SEA’s 

population density as environmental risk factors. The empirically given 1965 to 1970 

interregional migration flows among the 508 × 508 SEAs will be used to capture the spatial 

mixing effects. A Bayesian model approach with a hybrid spatial moving average process is 

applied and implemented with the help of the integrated nested Laplace approximation (INLA) 

estimation procedure. The proposed conceptual model, specific properties of migration matrices 

in spatial autocorrelation analyses and the implementation of INLA specification are introduced 

in section 2. Detailed information on the data employed in this case study is provided in section 

3. The results of the model are presented and discussed in section 4. Section 5 provides a 

summary and discusses some limitations of the proposed approach with an outlook for future 

studies. Data, special functions and the used R script are available in R package CancerSEA, 

which can be downloaded from 

(http://www.spatialfiltering.com/ThinkR/Downloads/CancerSEA_0.9.6.tar.gz). 

2. METHODOLOGY 

2.1 Conceptual demographic model structure 

To illustrate how migration affects the disease rates, a migration process between just two 

Regions 𝒜 and ℬ is used. Suppose two regions have the same population, say 12 persons, who 

http://www.spatialfiltering.com/ThinkR/Downloads/CancerSEA_0.9.6.tar.gz
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are evenly distributed in both study areas. Moreover, 
1

3
 of persons in Region 𝒜 and  

1

2
 of persons 

in region ℬ are assumed to be exposed, see Figure 1.1. For simplicity, without loss of generality, 

several ceteris paribus assumptions are made: 

1) Regions 𝒜 and ℬ constitute a closed system which eliminates any interactions with the 

outside world; 

2) 𝐸 and �̅� represent exposed and unexposed persons. The relative exposure of persons in both 

regions is proportional to the size of the sub-areas. 

3) In either region each person has an identical migration propensity of 50% to the other region, 

irrespective of the exposure status. 

In Figure 1.1, a green dot denotes unexposed persons and a red dot denotes the exposed 

persons. Because the number of exposed persons is proportional to the exposed sub-areas, 

regions 𝒜 and ℬ have 
1

3
  and 

1

2
 exposure rates at 𝑡 − 1, respectively, which will ultimately lead to 

a diseased state at 𝑡. After the migration process, indicated here by blue arrows, is completed at 

𝑡, the disease rates of regions 𝒜 and ℬ converge for both regions to a global average of 
5

12
. 

Consequently, the regional variation of disease rates is reduced and the observed disease rates at 

𝑡 does not match the underlying exposure in 𝑡 − 1, see Table 1.1.  

 

Figure 1.1. Underlying disease generating process at an individual level 
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Table 1.1. Comparison of disease rates in regions 𝒜 and ℬ before and after migration 

 Latent Disease Rate  

at 𝒕 − 𝟏 

Manifest Disease Rate  

at 𝒕 (after migration) 

Region 𝓐 4 12⁄  5 12⁄  

Region 𝓑 6 12⁄  5 12⁄  

This example illustrates that an underlying migration process masks spatial variability due to 

its mixing effects (Tong 2000; Rogerson & Han 2002; Tiefelsdorf 2007; Wheeler et al. 2012). In 

addition to the disease rates being obscured, the bio-behavioral factors are also influenced by the 

interregional migration process because they are attached to persons residing in the regions. 

However, environmental factors are not affected by the migration process, therefore, their 

regional distribution does not change. Furthermore, except for catastrophic changes, 

environmental factors within regions remain fairly stable over a short to medium time horizon, as 

do the biological factors attached to the individuals. For behavioral factors, though, one must 

bear in mind that the status of behavioral factors is not as clear cut because migrants have the 

tendency to gradually assimilate into the cultural milieu of their destination. 

An 𝑛 × 𝑛 origin-destination migration matrix 𝐌𝑑 among a set of regions comprises of the 

flows 𝑚𝑖𝑗 from origin 𝑖 at time 𝑡 − 1 to destination 𝑗 at time 𝑡. On its diagonal 𝑚𝑖𝑖 are the stayers 

during the accounting period from 𝑡 − 1 to 𝑡. Assuming that other demographic processes such 

as birth and death are irrelevant, the row-sums of 𝐩𝑡−1 = 𝐌𝑑 ∙ 𝟏 are the number of persons 

residing in the regions at 𝑡 − 1, whereas the column-sums 𝐩𝑡 = 𝐌𝑑
𝑇 ∙ 𝟏 are the number of 

persons living in the regions are the completion of the migration process. The row-sum 

standardized transition matrix 𝐖𝑑 = diag
−1(𝐩𝑡−1) ∙ 𝐌𝑑 allows projecting the population 

distributions between the different time-frames: 𝐩𝑡 = 𝐖𝑑
𝑇 ∙ 𝐩𝑡−1 and 𝐩𝑡−1 = (𝐖𝑑

𝑇)−1 ∙ 𝐩𝑡, 

respectively (Plane & Rogerson 1994, p.170). 

While Figure 1.1 portrays the impact of migration from an individual perspective, Figure 1.2 

displays the conceptual ecological migration effect model at a spatio-temporal aggregation level. 

In contrast to the forward-looking specification proposed by Tiefelsdorf (2007) the current model 

depicts all quantities mapped backward to the disease generating state at 𝑡 − 1, which is free of 

any migration effects occurring between 𝑡 − 1 to 𝑡. The advantage of this inverted perspective is 

that it sheds a clearer light on the disease generating process. The subsequent model specification 
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will exactly implement this mapping of the data back to 𝑡 − 1. Let 𝑓(∙) be a predictive function, 

which links the latent disease occurrence 𝑦𝑖,𝑡−1
𝑙𝑎𝑡𝑒𝑛𝑡 to bio-behavioral factors 𝑥𝑖,𝑡−1 and 

environmental factors 𝑧𝑖,𝑡−1. It also incorporates interregional migration proportions 𝑤𝑖𝑗 where 

the index 𝑖 stands for the origin at time 𝑡 − 1 and the index 𝑗 denotes the destination at time 𝑡. 

The temporal lag associated with 𝑡 − 1 to 𝑡 should theoretically be similar to the latency period 

of the disease generating process. Without the presence of interregional migration, the latent 

disease rates 𝑦𝑖,𝑡−1
𝑙𝑎𝑡𝑒𝑛𝑡 = 𝑓(𝑥𝑖,𝑡−1, 𝑧𝑖,𝑡−1) just are a function of local risk factors. After completion 

of the latency period at 𝑡 and allowing for interregional migration, the measured disease rates 

and bio-behavioral factors become mixtures of origin and destination characteristics. However, 

all environmental factors remain local. Consequently, the mixed observed disease rate at region 𝑖 

at time 𝑡 becomes 𝑦𝑖,𝑡 = ∑ 𝑤𝑖𝑗 ∙ 𝑦𝑗,𝑡−1
𝑙𝑎𝑡𝑒𝑛𝑡𝑛

𝑗=1 = 𝑓(∑ 𝑤𝑖𝑗 ∙ 𝑥𝑗,𝑡−1
𝑛
𝑗=1 , 𝑧𝑖,𝑡−1) where 𝑤𝑖𝑗 is the 

proportion of the origin 𝑖’s population moving to destination 𝑗 during the time interval Δ𝑡 and 

𝑤𝑖𝑖 is the proportion of people staying in their home region 𝑖.  

 

Figure 1.2. Inversion of the migration mixing by mapping the data back to their initial state at 

𝑡 − 1 

2.2 Stochastic linear model specification 

In contrast to the demographic modeling specification in section 2.1, here a stochastic 

perspective has been adopted. An observed migration matrix is based on a fixed accounting 

period, which determines the magnitude of stayers on its diagonal in relationship to the total 

migration volume to the destinations. As the length of the accounting period increases the fewer 



 

11 

people remain at their origins, thus the outflow to the destinations increases. For many 

degenerative diseases the latency period is substantially longer than the migration accounting 

period, thus the spatial interregional relationships in a row-sum standardized migration matrix 

with a diagonal would be substantially underrepresented. Excluding the diagonal makes the 

migration relationships independent of the length of the accounting period and properly captures 

the relative spatial relationships. Therefore, the migration matrix becomes 𝐌 ≡ diag(𝐌𝑑) = 0 

and consequently the transition matrix 𝐖 = diag−1(𝐌 ∙ 1) ∙ 𝐌 has zeros on its diagonal while its 

row-sums remain 1. To account for this uncertainty, by consciously suppressing the diagonal, a 

stochastic model specification is adopted. A more practical reason for using a migration matrix 

with structural zeros on its diagonal is that most demographic migration flows are reported 

without it, because the number of stayers is not explicitly recorded by the data collecting 

agencies. In this stochastic moving average specification (𝐈 + 𝜌 ∙ 𝐖) the autocorrelation 

coefficient 𝜌 measures the impact of the movers on the regional disease model. 

To develop the conceptional model specification let us assume tentatively that we are dealing 

with a spatial Gaussian regression model. Later, once the linear predictor has been specified we 

will switch to a Bayesian logistic regression model with a random migration effect. Ultimately 

the structural form (Anselin 2003b) of the proposed model resembles that of a moving average 

process specification for the observed disease rates and bio-behavioral factors whereas for the 

environmental factors its specification is that of a spatial lag model : 

 (𝐈 + 𝜌 ∙ 𝐖)−1 ∙ 𝐲 = (𝐈 + 𝜌 ∙ 𝐖)−1 ∙ 𝐗𝐵 ∙ 𝛃𝐵 + 𝐙𝐸 ∙ 𝛃𝐸 + 𝛈  with  𝛈~𝑁(𝟎, 𝜎2𝐈). (1) 

The vector 𝐲 measures the crude cancer mortality rates at 𝑡, 𝐗𝐵 at 𝑡 and the time invariant 𝐙𝐸 

represent bio-behavioral and environmental risk factors, respectively.  

The underlying rationale for this implementation is that reversing the migration effects for 

the mixed quantities ‒ after the completion of the migration process ‒ is equivalent to mapping 

these mixed quantities back to their initial state by applying an inversion of the stochastic 

migration transition matrix, that is, (𝐈 + 𝜌 ∙ 𝐖)−1. Furthermore, there is no guarantee that the 

row-sum standardized migration matrix has full numerically rank to calculate its inverse. 

However, if the migration matrix is specified as a moving average process (𝐈 + 𝜌 ∙ 𝐖)−1 an 

inverse exists except for specific autocorrelation levels 𝜌 leading to singularities. Consequently, 



 

12 

the error term 𝛈 in the structural form is independent, identically distributed. Multiplying 

equation (1) by (𝐈 + 𝜌 ∙ 𝐖) on both sides leads to the reduced form (Anselin 2003b) of the 

hybrid spatial moving average model: 

 𝐲 = 𝐗𝐵 ∙ 𝛃𝐵 + (𝐈 + 𝜌 ∙ 𝐖) ∙ 𝐙𝐸 ∙ 𝛃𝐸 + 𝛆  with  𝛆~𝑁(𝟎, 𝜎2(𝐈 + 𝜌 ∙ 𝐖)(𝐈 + 𝜌 ∙ 𝐖)𝑇). (2) 

Note that the error terms 𝛆 in equation (2) are now spatially autocorrelated following a spatial 

moving average specification. Adjusting the environmental predictor by 𝐙𝐸 ∙ 𝛃𝐸 by (𝐈 + 𝜌 ∙ 𝐖) 

neutralizes for the environmental predictors the spatial autocorrelation, which is introduced in 

the reduced form by covariance matrix of the disturbances. 

2.3 Modelling spatial autocorrelation using migration matrices 

Some comments with regards to the use of an empirically observed migration matrix instead of 

the more traditional deterministic spatial link matrices or inverse distance decay matrices, while 

performing spatial autocorrelation analyses, are called for:  

1. Spatial link matrices measure some form of similarity or functional relationship among 

pairs of regions. Pairs of regions, which share higher migration flows, have more in 

common than regional pairs with a lower degree of spatial interaction. Therefore, 

conceptionally a migration matrix is not different from the more traditional link matrices. 

Moreover, strong migration connections between pairs of regions can be observed at long 

distances, such as high migration flows between New York and Los Angeles. In contrast, 

traditional link matrices solely focus on short range connections. Conventional link 

matrices are usually deterministically specified using topological arguments, whereas an 

empirical migration matrix is to some degree stochastic due to measurement errors. We 

will not be concerned in this analysis with this minute difference. 

2. Tiefelsdorf (2000) discusses with regards to the spatial autocorrelation measure Moran’s I 

the correlation between spatial link matrices. As expected a migration matrix is strongly 

correlated with an inverse distance matrix as well as the conventional adjacency matrix. 

This can easily be seen by using the most basic gravity specification to model spatial 

interactions such as migration: 𝐸[𝑚𝑖𝑗] = 𝛽0 ∙ 𝑝𝑖
𝛽1 ∙ 𝑝𝑗

𝛽2 ∙ 𝑑𝑖𝑗
𝛽3, where 𝑝𝑖 and 𝑝𝑗 are the 

population potentials at the origin and the destination, respectively, and 𝑑𝑖𝑗 is some 

measure of separation between an origin-destination pair. Calibrating this model for the 
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observed 508 × 508 migration matrix without the diagonal by Poisson regression 

estimates the distance decay parameter as expected with a negative sign, that is, �̂�3 =

−1.072. The distance decay parameter �̂�3 has the highest 𝑡-value of all estimated 

parameters. The migration transition matrix 𝐖 in its symmetrized form 1
2
∙ (𝐖 +𝐖𝑇) is 

correlated with the inverse spherical distance decay matrix 𝐃−1.072 by 𝜚 = 0.535 and the 

row-sum standardized and symmetrized adjacency matrix by 𝜚 = 0.728. The adjacency 

matrix captures the short-range topological neighbor relationships among the regions. 

Consequently, all three spatial matrices share a high degree of spatial relationship 

information. This partial redundancy among the three specifications will lead, up to 

different scaling of the matrices, to similar spatial autocorrelation estimates. 

3. While the inverse distance and the adjacency link matrices are both symmetric, the 

migration matrix is almost certainly asymmetric with a flow from 𝒜 to ℬ most likely 

being different from its reverse flow from ℬ to 𝒜. While technically this asymmetry is 

irrelevant because the covariance matrix in the reduced form (2) always is symmetric 

since it is based on a cross-product, contextually the asymmetry still matters. One way of 

evaluating the asymmetry is to first calculate the maximum and minimum flow matrices, 

respectively, and then evaluate their correlation. The maximum flow matrix is defined by 

𝑚𝑖𝑗
𝑚𝑎𝑥 = max(𝑚𝑖𝑗, 𝑚𝑗𝑖) ∀𝑖, 𝑗 ∈ {1, … , 𝑛} and analogue the minimum flow matrix by 

𝑚𝑖𝑗
𝑚𝑖𝑛 = min(𝑚𝑖𝑗, 𝑚𝑗𝑖). The correlation between 𝐖𝑚𝑎𝑥 and 𝐖𝑚𝑖𝑛 is 𝜚 = 0.946, which 

indicates a fair degree of similarity between the migration flow 𝑚𝑖𝑗 and its reverse flow 

𝑚𝑗𝑖.  

4. Another way to evaluate the degree of asymmetry is to map the ratio of inflows to 

outflows of a region by log ( 𝑖𝑛𝑓𝑙𝑜𝑤𝑖
𝑜𝑢𝑡𝑓𝑙𝑜𝑤𝑖

) ∀𝑖 ∈ {1, … , 𝑛}. A value larger than zero indicates 

that overall a region is gaining population due to dominant inflows, whereas a value less 

than zero reveals a relative population loss of a region. Figure 1.3 shows the spatial 

pattern of the log-flow-ratios during the period 1965 to 1970 with pronounced spatial 

clustering of gaining and losing regions. This spatial heterogeneity, furthermore, 
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illustrates the relevance and necessity of controlling in an interconnected regional system 

for migration effects. 

 

Figure 1.3. Population gain and loss of SEAs due to interregional migration 

2.4 The INLA modeling approach 

The reduced form (2) is used as a basis to model the migration adjusted disease rates. However, 

in contrast to the specification in section 2.2, a logistic regression model for the observed disease 

rates with random effects for the underlying spatial autocorrelation will be used here. This 

specification is best estimated in a Bayesian framework; more specifically we will use the 

integrated nested Laplace approximation (INLA) estimation methodology here. Details of the 

underlying model specification and employed estimation procedure can be found in the R 

package CancerSEA, which accompanies this research.  

Many disease mapping studies use Markov chain Monte Carlo (MCMC) implementations to 

estimate disease models and their associated parameters of interest (Bernardinelli et al. 1995; 

Knorr-Held 1999; Lee 2011). However, four detrimental issues inherent to MCMC should be 

mentioned: [1] the dependence of MCMC algorithms on their parameter initializations, [2] 

potential serial autocorrelation within the Markov chain, [3] long computation times to estimate 

the posteriori parameter distributions, and [4] the possible lack of convergence. In contrast to the 
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simulation-based MCMC algorithm, the INLA algorithm proposed by Rue et al.(Rue et al. 

2009a) is an abridged approach to estimate the target posterior distributions of the relevant model 

parameters. The INLA algorithm overcomes the MCMC drawbacks by judicially approximating 

the posterior distributions with substantially shorter computing times (Rue et al. 2009a). Carroll 

et al. (2015) compared the INLA estimator to the OpenBUGS estimator in a simulation study. 

Their finding is that the estimates for the fixed effect are almost identical; however, only 

finetuned INLA settings, which are different from the default settings, lead to accurate estimates 

for the spatial random effect. 

The main idea of the Laplace approximation is to reckon the target distribution by a Gaussian 

distribution when performing necessary integrations. Thus, INLA is most suitable for the latent 

Gaussian models. After the distribution of the observed data 𝑦 = (𝑦1,⋯ , 𝑦𝑛) being specified, 

their expectations are connected by a link function 𝑔(∙) to a linear predictor 𝜂𝑖 = 𝑔(𝐸(𝑦𝑖)). The 

linear predictor 𝜂𝑖 can be defined as: 

 

𝜂𝑖 = 𝛽0 +∑𝛽𝑝𝑥𝑝𝑖

𝑃

𝑝=1⏟        
fixed effect

+ ∑𝑓𝑞(𝑢𝑞𝑖)

𝑄

𝑞=1⏟      
random effect

 (3) 

The objective is to estimate the posteriori distributions of the parameters of interest 𝜃 =

{𝛽0, 𝛽𝑝, 𝑓𝑞}. Here 𝑓𝑞 is a collection of functions of covariates, such as nonlinear covariates, time 

and seasonal trends, spatial random effects, and so on. For each parameter in 𝜃, their associated 

hyper-parameters 𝜓 = (𝜓1, ⋯ , 𝜓𝑛) need to be specified. Using the prior distributions of the 

parameters and the likelihood function, the joint posterior distribution of 𝜃 and 𝜓 is obtained: 

 𝑝(𝜃, 𝜓|𝑦) ∝  𝑝(𝜓) ∙ 𝑝(𝜃|𝜓) ∙ 𝑝(𝑦|𝜃, 𝜓) 

∝ 𝑝(𝜓) ∙ |𝑄(𝜓)|
1
2  exp(−

1

2
𝜃′𝑄(𝜓)𝜃 +∑log(𝑝(𝑦𝑖|𝜃𝑖 , 𝜓))

𝑛

𝑖=1

) 

(4) 

where 𝑄(𝜓) is a precision matrix of the hyperparameters 𝜓 . However, the goal is to get the 

marginal posterior distribution of each parameter 𝜃𝑖 of interest by integrating the hyper-

parameters out, see equation (5). 



 

16 

 
𝑝(𝜃𝑖|𝑦) = ∫𝑝(𝜃𝑖 , 𝜓|𝑦)∙d𝜓 

= ∫𝑝(𝜃𝑖|𝜓, 𝑦)𝑝(𝜓|𝑦)d𝜓 

≈∑𝑝(𝜃𝑖|𝜓, 𝑦) ∙ 𝑝(𝜓|𝑦)∙∆𝜓 

(5) 

To achieve this objective, three steps must be conducted. The first step is to use the Laplace 

Gaussian approximation to estimate the marginal posterior distribution of each hyper-parameter 

𝑝(𝜓|𝑦) and then sample values of 𝜓 from it. Then use the Laplace Gaussian approximation to 

compute the marginal distribution for 𝑝(𝜃𝑖|𝜓, 𝑦) based on each sampled 𝜓. The last step is to 

calculate a finite weighted sum of 𝑝(𝜃𝑖|𝜓, 𝑦) ∙ 𝑝(𝜓|𝑦)∙∆𝜓 to get the marginal posterior 

distribution of each model parameter 𝜃𝑖.  

2.5 Proposed INLA spatial moving average algorithm 

Since lung cancer is not a rare disease and its likelihood becomes relatively stable at a space-time 

aggregation level of SEAs and a 25 years period (Devesa et al. 1999, p.177), a binomial 

regression specification can be used to model lung cancer rates 𝜋𝑖 in each SEA given their 

underlying populations at risk 𝑛𝑖. To model the observed disease rates 
𝑦𝑖
𝑛𝑖

 or a standardized 

version of them, a latent model is proposed which is a binomial INLA spatial moving average 

model as specified in equation (6): 

 
𝑦𝑖~𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙(𝜋𝑖 , 𝑛𝑖) 

logit(𝐸(𝛑)) = 𝐗𝐵 ∙ 𝛃𝐵 + (𝐈 + 𝜌 ∙ 𝐖) ∙ 𝐙𝐸 ∙ 𝛃𝐸 + 𝐟(∙) + offset 

(6) 

here 𝐟(∙) is spatially structured random effects vector associated with a spatial moving average 

process. Bivand (Bivand et al. 2015) implements the spatial error model and the spatial lag 

model in the R package INLABMA based on the ”generic0” latent model class, which is one 

of the latent models in R-INLA package. The covariance matrix of the ”generic0” latent 

model is 𝚺 =
1

𝜏
∙ 𝐐−1, where 𝐐 is the precision matrix. Because the covariance matrix of the 

spatial moving average model is 𝚺 = 𝜎2 ∙ (𝐈 + 𝜌 ∙ 𝐖) ∙ (𝐈 + 𝜌 ∙ 𝐖𝑇), the precision matrix 
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becomes 𝐐 = 𝜎−2 ∙ (𝐈 + 𝜌 ∙ 𝐖𝑇)−1 ∙ (𝐈 + 𝜌 ∙ 𝐖)−1. Guided by the implementation of a spatial 

lag model in R package INLABMA (Bivand et al. 2015), the implementation of the migration 

adjusted hybrid spatial moving average model is accomplished in R-INLA. 

In order to evaluate the posteriori distribution of the autocorrelation level 𝜌 the model needs 

to be evaluated over a sequence of autocorrelation levels within the support of the posteriori 

distribution. Ultimately this repeated model evaluation makes the estimation with INLABMA 

time consuming. To overcome this restriction, several estimates at different levels of 𝜌 can be 

obtained in parallel on modern multi-core processor chips. Furthermore, each estimation 

extensively uses matrix operations, which efficiently can be handled by algorithms in Intel’s 

basic linear algebra system. Table 1.2 reports, based on the evaluation at 40 𝜌-levels, the 

decrease in computing times by moving from 1 to 4 and finally 8 active cores. These run-times 

are based on a Xeon processor with a clock speed of 2.4 GHz and 10 cores. The R package 

foreach was used to implement the parallel computation.  

Table 1.2. Run time of INLA model for different cores 

Number of cores Run-time (seconds) 

1 core 1466.32 

4 cores 478.65 

8 cores 380.89 

3. DESCRIPTION OF USED DATA 

This study uses historic 1965-1970 migration data among the 508 SEAs and 25 years raw lung 

cancer mortality rates from 1970-1994 with an offset on the SEA level to illustrate the proposed 

migration effect model. The selection of these data sets was mainly guided by data availability, 

in particular a migration matrix that precedes the cancer data, and the manageable number of 508 

spatial units. In contrast, when conducting Bayesian inference using the more than 3000 counties 

of the United States of America, a model evaluation becomes substantially slower, thus severely 

limiting the capability of experimenting with competing model specifications or to perform 

simulations.  

State Economic Areas are defined as spatial aggregates of relatively homogenous state 

subdivisions, which consist of one county or a set of adjacent counties that share similar 

economic and social characteristics (United States Census Bureau 1972). Each SEA is supposed 
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to be sufficiently dissimilar to those adjacent to it. A further objective of the SEA regionalization 

is to make their population sizes somewhat comparable and, in particular, to avoid statistically 

rare events. Thus, most SEAs are of intermediate population sizes in-between those of states at 

the higher level and counties at the lower level. More than 3000 counties were first regionalized 

by the Census Bureau into 501 SEAs in the 1950s. In the 1960s, the definition was revised, and 

Alaska and Hawaii were added as SEAs. The number of SEAs increased from 501 to 509. In the 

seventies, Brown County, Wisconsin, became a separate SEA. The SEAs were classified into 

predominately metropolitan regions and rural regions. Predominately metropolitan SEAs have a 

central city with a population count of 50,000 and larger or the total population of the SEA is 

larger than 100,000. The National Cancer Institute (2006) reported cancer mortality rates of 508 

SEAs by merging Brown County, Wisconsin, with a neighbor and aggregating two Hawaiian 

SEAs into one because the mortality data for Hawaii are only available at the state level. Thus, 

the current analysis will use 508 SEAs as was also done in the “Atlas of Cancer Mortality in the 

United States, 1950-95” (Devesa et al. 1999). 

According to the proposed model structure potential risk factors and migration flows should 

precede the occurrence of cancer. The 1965-1970 SEA-to-SEA migration matrix was published 

by the Census Bureau (United States Census Bureau 1972) for all migrants 5 years and older. 

Each entry of the migration matrix represents the number of people who migrated from an origin 

to a destination. It is based on the 1970 decennial census and obtained by a random sample of 

15% of the entire U.S. population (United States Census Bureau 1972). The questionnaires 

compared their place of residence on April 1st, 1965, to that on April, 1st, 1970. In general, the 

number of movers was underestimated and the stable population was overestimated because 

people may move and return to the same address more than once during the accounting period 

1965-1970. Since the estimated migration table applies to the whole population, we must assume 

that the white male population at risk of dying from lung cancer (usually males age 50 and older) 

exhibits a migration pattern proportional to the whole population. This assumption is not fully 

valid empirically because in the sixties the white and black population exhibited different 

migration patterns (Frey 2004; United States Census Bureau 2012). Rows of the migration table 

represent the origins in 1965 and columns represent the destinations in 1970.  
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The white male lung cancer data for the 508 SEAs during 1970-1994 are obtained from 

National Cancer Institute (2006). The white male lung cancer data include [a] observed death 

counts, [b] expected death counts that are calculated by indirect age standardization based on the 

SEA’s internal age distributions, [c] directly age-adjusted mortality rates, and [d] 95% upper and 

lower bounds of age-adjusted mortality rates. The crude lung cancer rate of each SEA, which is 

defined by 𝑦𝑖 =
𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 𝑐𝑜𝑢𝑛𝑡𝑖

𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑎𝑡 𝑟𝑖𝑠𝑘𝑖
, is used as dependent variable in the logistic regression model. 

The local age-specific expected rates are used as an offset, that is, logit (
𝑒𝑥𝑝𝑒𝑐𝑡𝑒𝑑 𝑐𝑜𝑢𝑛𝑡𝑖

𝑝𝑜𝑝𝑢𝑙𝑎𝑡𝑖𝑜𝑛 𝑎𝑡 𝑟𝑖𝑠𝑘𝑖
), to 

provide a local baseline around which the crude lung cancer rates vary. Lung cancer has a 

latency period that can exceed 30 years and predominately affects people 50 years and older. 

Among the lung cancer rates for males and females as well as blacks and whites, white males 

have experienced the highest lung cancer mortality rates (Devesa et al. 1999, 174–183). The 

relatively high mortality occurrence of white male lung cancer makes the associated mortality 

rates statistically relatively stable within all SEAs. This was a key motivation for focusing in this 

study just on white males. Population information for white males over 50 from the 1980 census 

is used to calculate this population at risk for each SEA. Figure 1.4 (a) portrays the geographic 

distribution of the crude lung cancer rates. For the Northeast, Midwest, and parts of the southern 

U.S. males have relatively high crude mortality rates. 

A well-known risk factor of lung cancer is smoking (Doll & Hill 1950; Blot & Fraumeni 

1976; Lubin et al. 1995; Xia & Carlin 1998; Baysson et al. 2004). Unfortunately, no smoking 

prevalence data during 1965-1970 at SEA level or county level are available. The earliest 

available tobacco use estimates are from the 1995 Behavioral Risk Factor Surveillance System 

(BRFSS) telephone survey. BRFSS (Centers for Disease Control and Prevention 2015) surveys 

annually nationwide health relevant behavior and preventive practices of randomly sampled 

persons by phone interviews. Due to the small sample size, these estimates are only available at 

the state level. The BRFSS provides annual tobacco use estimates from 1995 to 2015 broken 

down into four categories: smoke every day, smoke some days, former smokers, never smoked. 

These smoking data can be retrieved for different strata: sex, age, race, education, household 

income groups. In this study, the crude smoking prevalence of males who smoke every day in 

1995 was retrieved as proxy for the smoking prevalence in 1965-1970 and earlier. The use of this 
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1995 proxy is based on the assumption that the spatial smoking prevalence pattern did not 

change much over time and are fairly homogeneous within each state. Unfortunately, both 

assumptions only allow to crudely approximating of the smoking prevalence for the spatio-

temporal reference frame under investigation. The 1995 state level smoking prevalence is 

assigned to the SEAs within the state. The smoking prevalence data of Washington D.C. was 

unavailable in 1995. Therefore, the value of adjacent Maryland is assigned to Washington D.C. 

The smoking prevalence is treated as the behavioral risk factor for lung cancer. Figure 1.4 (b) 

shows higher smoking prevalence in the Northeast and Midwest. To improve INLA’s numerical 

stability, a 𝑧-transformation has been applied. 

Indoor radon is a known environmental risk factor (Cohen and Colditz 1994; Lubin et al. 

1995; Baysson et al. 2004; Tiefelsdorf 2007). After smoking, radon exposure is the second 

leading cause for lung cancer (National Cancer Institute 2011). The CDC estimates that about 

20,000 cases each year are attributable to radon exposure (Centers for Disease Control and 

Prevention 2017). Estimates of the indoor radon contamination are used in this study. The county 

level estimates of median indoor radon level are available from the radon project website 

assembled by Gelman and Price (2006). The county estimates were aggregated to the SEA level. 

Because this website collects data by residents’ report, the sample sizes are limited in each 

spatial unit and the estimates may be biased. Missing values for Hawaii and Alaska were 

replaced by the national average radon level. The distribution of radon contamination may vary 

greatly within each SEA because radon radiation only occurs in specific house types and bedrock 

formations. To improve the numeric stability of the INLA algorithm, radon is z-transformed. 

Figure 1.4 (c) portrays higher radon pollution in the northern US than in the south.  

Beside radon, population density is regarded as the other environmental factor in this study to 

model an urban-rural risk gradient (Blot & Fraumeni 1976; Tiefelsdorf 2007). The mortality 

rates of males are two times higher in the urban areas than in the rural areas (Blot & Fraumeni 

1976). The population density of 1980 is a proxy for the socio-economic conditions, the living 

environment and degree of urbanization. Partially it may also be treated as behavioral risk factor 

because socio-economic conditions influence the lifestyle of potential migrants. Moreover, 

migrants may adapt to the lifestyle of their destinations. Despite these concerns this study treats 
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population density as an environmental risk factor. Due to the strong positive skewness the 

population density is log-transformed to achieve approximate normality. Figure 1.4 (d) displays 

the population density by SEA in 1980. To improve numeric stability of the INLA algorithm, the 

log-transformed population density is z-transformed as well. 

(a) 1970-1994 crude white male lung 

cancer rates (response variable) 

(b) 1995 state percentage of current 

smokers (behavioral factor) 

  

(c) Median radon values (pCi/L) 

(environmental factor) 

(d) 1980 population density 

(environmental factor) 

  

Figure 1.4. Geographic distributions of the crude mortality rates and the employed risk factors 

4. RESULTS 

4.1 Aspatial generalized linear model results and INLA estimates 

Since this study is bound to using aggregated data rather than individual level data, committing 

an ecological fallacy is inevitable. First an aspatial logistic regression model is calibrated to 

evaluate the selected set of potential risk factors. The observed crude mortality rates are counter-
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balanced in the offset by the logit of the age-specific expected mortality rates. This allows 

modelling of the variability of the observed mortality rates around their plain expected rates. The 

mid-period white males over fifty in 1982 constitute the population at risk in each SEA. As 

required, to account for the internal heteroscedasticity of rate estimates, which were obtained 

from spatial aggregates, each observation is weighted by population at risk.  

The estimates show that with increasing state level smoking propensity and greater 

population density, the risk of dying from lung cancer increases significantly. However, contrary 

to the initial expectation, with increasing radon contamination the risk of lung cancer seems to 

decrease. Research by Cohen (Cohen & Colditz 1994) points to a long standing controversy with 

regard to the relation between lung cancer and exposure to indoor radon. Contrary to the linear 

non-threshold theory, Cohen argues that small amounts of radiation exposure exhibit no 

detrimental health effects, but beyond a specific threshold, the negative health effects of radon’s 

radiation exposure become manifest. This leads in this study to a quadratic model specification 

of the relationship between the regional radon exposure and lung cancer. The effect plot in 

Figure 1.5 shows this non-linear relationship with a clear turning point beyond which the cancer 

mortality rate increases. While the bulk of SEAs exhibits low levels of indoor radon exposure, 

for those SEAs with a higher level the relationship becomes positive. This result must be 

interpreted with the standard caveats such as the possibility of an ecological aggregation bias or 

missing confounding variables. The estimated regression coefficients of this quadratic 

specification and their standard errors are reported in Table 1.3. 

  
Figure 1.5. Effect plot of z-transformed radon levels when controlling other predictors 
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The Bayesian results of an equivalent INLA logistic regression model are comparable to 

those results of the previous GLM estimates, mainly because uninformative priors were adopted. 

The mean and standard deviation of the Bayesian regression coefficients are reported again in 

Table 1.2 together with the baseline deviance information criterion (DIC), which is a relative 

measure of goodness of fit for Bayesian models. 

4.2 Spatial INLA SMA results 

This section compares the proposed transition specification 𝐖 of an asymmetric interregional 

migration matrix against the more traditional specification of a symmetric binary spatial 

adjacency matrix in its row-sum standardized form. Both model estimates are based on the same 

model structure for the fixed effect: a moving average component for bio-behavioral risk factors 

and a spatial lag component for the environmental risk factors. Before calibrating both models 

with the INLA SMA estimator, several parameters need to be specified: [a] the index for the 

spatial random effect 𝑓(∙), [b] a sequence of candidate values of the autocorrelation coefficient 𝜌 

within its feasible posteriori distribution, and [c] the precision of hyperparameters.  

In both spatial specifications, while being among each other similar, the estimated regression 

parameters differ substantially from those of the aspatial model and their standard errors increase 

noticeable. The general quadratic interpretation of the radon exposure effect in the spatial models 

remains the same. While an increase of the radon level initially will lead to a diminished lung 

cancer mortality rate for higher levels the mortality rate will increase. The population density 

maintains its expected direction of influence and remain statistically significant. In contrast, the 

impact of tobacco consumption rate, while still being positive, shrinks by half. In combination 

with the increased standard error it will no longer be significant. The loss of significance is not 

surprising when considering the mismatched spatial aggregation levels and time frames.  

Compared to the aspatial model, in the spatial models impact of both the bio-behavioral and 

environmental risk factors shrink towards zero. Table 1.3 show the parameter estimates and their 

standard errors while Figure 1.6 visualizes the estimated posteriori distributions. Since the all 

risk factors are 𝑧-transformed, that is, all have a variance of one, a direct comparison of their 

regression coefficients is possible. In parts, the similarity of the estimated coefficients in the 

migration and the spatial adjacency specifications can be explained by the high degree of 

correlation between both spatial structures, that is, 𝜚 = 0.728.  
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Table 1.3. Comparison of estimated mean-level coefficients for different spatial and aspatial 

disease models. The values in parentheses are the associated standard errors 

Model: Intercept ZRadon 

(enviro) 
𝒁𝑹𝒂𝒅𝒐𝒏𝟐 

(enviro) 

ZPopDen 

(enviro) 

ZTobacco 

(bio-

behav) 

𝝆 DIC 

GLM 

(aspatial logistic) 

-0.129 

(0.002) 

-0.102 

(0.002) 

0.020 

(0.001) 

0.136 

(0.001) 

0.029 

(0.001) 

‒ ‒ 

INLA GLM 

(aspatial logistic) 

-0.130 

(0.002) 

-0.103 

(0.002) 

0.020 

(0.001) 

0.137 

(0.001) 

0.028 

(0.001) 

‒ 15469 

 

 

 

INLA 

SMA 

(logistic) 

Row-sum 

standardized 

adjacency 

matrix 

-0.123 

(0.014) 

-0.079 

(0.010) 

0.013 

(0.003) 

0.121 

(0.008) 

0.014 

(0.011) 

0.590 

(0.064) 

 

5164 

Asymmetric 

migration 

matrix 𝐖 

-0.216 

(0.018) 

-0.073 

(0.010) 

0.012 

(0.003) 

0.111 

(0.008) 

0.013 

(0.012) 

1.138 

(0.158) 

5168 

Both specifications improved substantially over the aspatial model in terms of the model fit, 

which means that the spatially structured random effect captures a substantial amount of 

variation. The adjacency structure has a miniscule advantage in terms of the of the model’s fit. 

However, the DIC of the migration specification is virtually identical. The key difference 

between both spatial specifications is the level of the estimated autocorrelation coefficient �̂�. In 

both cases it is as expected positive. Both row sum standardized specifications have a 

discontinuity at their largest eigen value, that is, 𝜆𝑚𝑎𝑥 = 1. While the autocorrelation level of the 

adjacency specification stays below this critical value, the posteriori distribution of 𝜌 for the 

migration specification clearly exceeds it over a broad range (see Figure 1.6). This can be caused 

by several factors: [a] the interplay between demographic and the epidemiological processes has 

not yet reached a stationary state, [b] the model is missing relevant spatially autocorrelated risk 

factors, which are correlated with the underlying migration process, or [c] an inflated random 

effect through of 𝜌 > 1 is negatively correlated with the diminished intercept term. Factor [c] 

cannot be further investigated in the INLA approach, because it does not provide multivariate 

posteriori estimates. Factors [a] and [b] require further investigation in future studies.  
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Figure 1.6. Posterior distribution of INLA SMA parameters for the hybrid moving average 

migration model 

5. CONCLUSIONS 

The proposed hybrid moving average migration model was estimated using the integrated nested 

Laplace approximation to control for the mixing of the observed disease rates and bio-behavioral 

risk factors, while allowing the environmental risk factors to remain region specific. Compared 

to the aspatial model, the proposed model substantially improved the model fit, however, using a 

spatial adjacency instead of the migration matrix slightly notches the model fit. One can rate the 

similarity of both spatial relationship specifications in two ways. On the one hand it vindicates 

the approach of modeling spatial relationships in diseases with long latency periods by using an 

underlying and conceptional more appealing migration process. On the other hand, however, 

proponents of the plain spatial adjacency structure may argue why bother with the more complex 

migration spatial relationships if it does not add anything new. Our reply to this argument is that 

in contrast to somewhat arbitrary adjacency and short distance relationships the complexity of 

the migration relationships actually provides a more realistic depiction of the underlying data 

generating process. It is based on a demographic model and implemented as a stochastic process.  



 

26 

One also needs to bear in mind that due to the novelty of the migration perspective it has not 

yet reached its full potential. For instance, the given migration matrix and the disease data in the 

current paper do not lineup perfectly in the temporal domain and the spatio-temporal dynamics 

of the causal data generating process are approximated discretely by just two temporal windows. 

In reality, migration flows continuously and in small increments mix the characteristics and 

disease status of a population residing in a regional system. Adopting a dynamic perspective in 

disease mapping for degenerative diseases with long latency periods is relatively new; whereas, 

for infectious diseases in disease mapping it is established practice. Interestingly, the proposed 

modelling approach is not only of relevance to disease mapping; it can also be embraced in 

spatio-temporal demographic analyses in the political, socio-economic or criminal justice 

sciences. 

Ultimately, assembling more current cancer data increases the accessibility to more relevant 

risk factors with matching latency periods. For instance, recent estimates for interregional 

migration flows, even on the county-by-county level or for specific population strata, can be 

obtained. While working with smaller spatial units lowers the risk of running into ecological 

fallacy problems, however, it increases the uncertainty inherent in the small area estimates and it 

adds a substantial strain on computing time. More experiments with quality data are needed to 

find an optimal and informative spatial aggregation level and improved specifications of 

migration enhanced disease mapping models. 
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CHAPTER 2 

ALTERNATIVE NETWORK AUTOCORRELATION SPECIFICATIONS AND 

COMPETING MODEL IMPLEMENTATIONS ILLUSTRATED ON 

INTERPROVINCIAL MIGRATION PATTERNS IN CHINA 

 

Abstract: So far only network autocorrelation structures focusing on long-range interrelationships 

have been considered in the literature. However, alternative network autocorrelation specifications 

can be derived using theoretical arguments at varying spatial scales. Furthermore, with recent 

advances in Bayesian estimation algorithms by the integrated nested Laplace approximation 

(INLA) network autocorrelation among interregional flows can be incorporated as a random effect 

into spatial interaction models. This research compares the competing Bayesian and spatial 

filtering estimators using as joint foundation negative binomial regression for count data to model 

the interregional flows and their inherent network autocorrelation. In contrast to traditional spatial 

filtering an objective function of minimizes lingering network autocorrelation is adopted here. To 

reduce the computational burden Intel’s multicore Basic Linear Algebra Subprograms (BLAS) are 

used and multiple threats are processed in parallel using Windows sockets. To illustrate the 

proposed specifications of network autocorrelation and the two competing estimation approaches 

an example employing China’s 2005-2010 inter-provincial migration flows and sets of origin 

characteristics and destination attributes is used. The supplemental R-package NetworkSAC1 

allows to reproduce this research and to explore computational details. An evaluation of causes for 

biased network autocorrelation estimates and a review of the INLA estimation procedure are 

presented in two appendices. 

                                                 
1  The R package, which contains the used interprovincial migration data as well as regional attributes and the used  

algorithms, can be downloaded at www.spatialfiltering.com/ThinkR/Downloads/NetworkSAC_

0.1.2.tar.gz. 

 Once it is downloaded into a local directory, it can be installed at the command prompt with the syntax 

 install.packages("Drive:/path/NetworkSAC_0.1.2.tar.gz", repos=NULL). 

 

http://www.spatialfiltering.com/ThinkR/Downloads/NetworkSAC_0.1.2.tar.gz
http://www.spatialfiltering.com/ThinkR/Downloads/NetworkSAC_0.1.2.tar.gz
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1. INTRODUCTION 

Spatial interaction models are widely used in modeling flows among origin-destination pairs under 

the assumption that these flows are stochastically independent of each other. Spatial interaction 

models focus on the how deterrent “push” and attracting “pull” factors linked to the origins and 

destinations, respectively, as well as the absolute and relative separation of origins and 

destinations, affects the volume of interaction, e.g., migration or commuting streams etc. 

(Flowerdew & Aitkint 1982; Fan 2005). However, the influences of stochastically dependent flows 

in the spatial system, may those be due agglomerative, substitutive or competitive processes, are 

mainly ignored. In the spatial interaction literature these stochastic dependencies among the flows 

are termed network autocorrelation, which is defined as the dependence among interregional flows 

between origins and destinations rather than the interdependencies among single areas (Black 

1992). Without considering and properly specifying network autocorrelation, misspecifications in 

spatial interaction models may lead to biased estimates as well as a misguided understanding of 

the underlying flow generating process.  

So far, the typically used network autocorrelation specifications include long-range origin- or 

destination-based connections among the flows, as well as their combination (Berglund & 

Karlstrom 1999; Fischer & Griffith 2008; Chun 2008). Chun (2008), Fischer and Griffith (2008), 

LeSage and Pace (2008), and Chun and Griffith (2011) handled network autocorrelation either 

using a autoregressive Gaussian regression model with log-transformed flows or by Poisson 

regression in combination with spatial filtering. These studies show significant improvements over 

conventional spatial interaction models. Studies investigating migration pattern in China and 

considering network autocorrelation are even rarer. Pu et al. (2015) and Pu et al.(2016) modeled 

2005-2010 China’s interprovincial migration flows by conducting spatial lag models based on 

existing origin-based, destination-based, and origin-destination-based network weight matrices to 

incorporate network autocorrelation. They show that significant network autocorrelation exists 

among China’s interprovincial migration flows and their models outperform the traditional 

interaction models, especially the spatial lag model incorporating all three long-range network 

autocorrelation weight matrices together. Research conducted by Shen (2016 and 2017) used a 

network spatially filtered Poisson model to capture the origin-destination-based network 
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autocorrelation. Again, this model fits the 2005-2010 interprovincial migration flows in China 

substantially better. Shen, furthermore, decomposed the estimates into the relative emissiveness, 

attractiveness, and the level of spatial interaction. The results show that the spatial interaction 

effect has a larger modeling error than emissiveness and attractiveness because spatial interaction 

effect is only explained by one distance variable while emissiveness and attractiveness and is 

modeled by eleven exploratory variables. Recently spatially weighted interaction models were 

introduced (Kordi & Fotheringham 2016), which focus on identifying localized heterogeneities 

and non-stationarities. 

In addition to the three traditionally used long-range network autocorrelation specifications 

used in previous research other theoretically based network autocorrelation specifications are 

devised in this paper. This paper proposes four relationship specifications based short-range 

associations among flows. In addition, it will investigate a specification transitioning from short-

range to long-range relationships associated with intervening opportunities between the origins 

and destinations. These network autocorrelation specifications will be evaluated by two competing 

spatial estimation approaches: [a] Bayesian inference and [b] eigenvector spatial filtering. In 

contrast to modeling interactions with Poisson regression, a negative binomial model is adopted 

in this research because of its strength in dealing with overdispersion. Several exogenous factors 

are included into the model to capture the fixed effect influencing the migration flows. In the 

Bayesian model a random effect, based on the specified network linkage structure following an 

autoregressive spatial process, is added to account for the autocorrelation among the interactions. 

In eigenvector spatial filtering, a linear combination of a selected set of eigenvectors related to the 

network linkage structure is added to the model to account of the network autocorrelation. In 

contrast to the common spatial filtering practice these eigenvectors are not only uncorrelated 

among each other but they are also uncorrelated with the exogenous factors to mirror an 

autoregressive spatial process. Furthermore, rather than using an objective function to maximize 

the model fit, a more appropriate objective function of minimizing the residual autocorrelation is 

adopted to identify the optimal linear combination of eigenvectors.  

The 2005-2010 migration pattern among the 31 provinces of China and several origin 

characteristics as well as destination attributes, previously analyzed by several researchers (Pu et 
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al. 2015; Pu et al. 2016; Shen 2016; Shen 2017), are used to illustrate the competing estimation 

procedures and the proposed network specifications. Using a well-established dataset allows 

readers to conduct cross-comparisons between the studies and permits to showcase mainly 

methodological aspects in this research. This paper is organized as follows: Section 2 reviews the 

established long-range specifications network linkage structures and presents the novel transitional 

intervening opportunities specification as well as four different short-range specifications. 

Furthermore, some theoretical foundations of the specifications are presented. Section 3 introduces 

the used dataset and its preprocessing for the interaction analysis. Section 4 conceptionally reviews 

the underlying negative binomial regression model, the underlying theory of Bayesian spatial 

autoregressive models with fixed and random effects as well as the engaged eigenvector spatial 

filtering approach. A more technical discussion of the Integrated Nested Laplace approximation is 

deferred to an appendix. In Section 5 the best fitting network autocorrelation structure is identified 

with a stepwise search strategy using the Bayesian estimation approach. Because the estimate of 

the spatial autocorrelation level is outside its bounds of stationarity, a limited simulation study in 

another appendix demonstrates that this is potentially due to model specifications, which deviate 

from the generally unknown underlying data generating process. The results of the aspatial 

negative binomial model and the two spatial estimation approaches are compared. Section 6 

summarizes the results of this investigation and provides suggestions for future research. Finally, 

two appendices conclude this research. The first appendix evaluates in simulation experiments the 

effects of model misspecifications on the estimated autocorrelation level whereas the second 

appendix reviews statistical details of the INLA estimation procedure. 

2. NETWORK AUTOCORRELATION SPECIFICATIONS 

This section introduces a set of fundamental specifications of [a] long-range, [b] transitional-range 

and [c] short range network linkage structures. These specifications are developed from a local 

perspective of an individual flow {𝑖 → 𝑗}, with 𝑖 being the origin and 𝑗 the destination. These local 

network structures are subsequently aggregated over all possible origin-destination combinations 

in a regional system into a global network structure. The global structure is used to capture the 

inherent autocorrelation for the underlying hypothetical network dependencies within the regional 

interaction system. The strength of autocorrelation will help identifying the most viable data 
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generating process (see Section 5). Furthermore, different global network dependency structures 

can be aggregated to build a composite global network structure.  

2.1 Long-range Scale 

So far, the commonly used long-range origin- and destination-based network link structures (Chun 

2008; Fischer & Griffith 2008) among the reference flow {𝑖 → 𝑗} and associated network flows 

{𝑖 → 𝑙}  and  {𝑘 → 𝑗} , respectively, are defined in Equations (1) and (2) for an origin and a 

destination binary link matrix. 

 
𝐵𝐷({𝑖 → 𝑗}, {𝑖 → 𝑙}) = {

1, if 𝑗 and 𝑙 share a common border
0, otherwise

 (1) 

  

 
𝐵𝑂({𝑖 → 𝑗}, {𝑘 → 𝑗}) = {

1, if  𝑖 and 𝑘 share a common border
0, otherwise

 (2) 

These two long-range specifications are shown for one reference flow {𝑖→𝑗} in Figure 2.1. The 

bold red line represents reference flow, and thinner lines depict the associated network flows. 

Figure 2.1 (a) is related to the competing destinations model proposed by Fotheringham (1983). 

He suggests that migrants’ decisions to move to a particular destination is affected by the 

destinations within its vicinity. The competing destination models can also be treated as a two-

stage decision process (Chun 2008). Similar to the hierarchical decision making process in the 

nested logit model (Kanaroglou et al. 1986), first a migrant chooses a group of destinations and 

then a particular destination within the set of destinations (Chun 2008).  

(a) Destination-based Network 

Autocorrelation 

(b) Origin-based Network autocorrelation 

  

Figure 2.1. Traditional long-range network structures (Chun 2008) 

Standard network autocorrelation analysis usually adopts the mirror perspective and incorporates 

flows from an origin cluster to a particular destination shown in Figure 2.1 (b). The origin- and 
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destination-based network link matrices can be generated with the functions Origin.sa() and 

Desti.sa() in R package NetworkSAC. Common network autocorrelation analysis usually 

merges origin and destination structures in a joint specification. 

2.2 Transitional-range Scale 

Another candidate is the transitional-range intervening opportunities specification in Figure 2.2 

(Stouffer 1940; Stouffer 1960). It assumes that there is no specific relationship between migration 

and distance. In Stouffer’s opinion, “the number of persons going a given distance is directly 

proportional to the number of opportunities at that distance and inversely proportional to the 

number of intervening opportunities” (Stouffer 1940). Because intervening opportunities are 

located along the path from an origin to a destination, the migrant’s decision-making process may 

be influenced by the intermediate destinations along the way. The spatial arrangement of regions 

around an origin or a destination has a great impact on the migrants’ decision. Given a destination, 

migration flows having adjacent origins may have similar intervening opportunities; therefore, 

they are related to each other (Chun 2008). The intervening destinations model cover a transitional-

range, from short to long, of associated flows. This process has not yet been implemented within 

a network autocorrelation framework. To generate a spatial link matrix based on intervening 

opportunities, this research uses Dijkstra’s algorithm (Dijkstra 1959) to find one shortest path. The 

shortest path identifies the possible intervening destinations. The function of generating 

intervening opportunities spatial link matrix, Interven(), is designed based on the igraph R 

package and can be found in the NetworkSAC package.  

 

Figure 2.2. Conceptional depiction of the intervening opportunity network specification 

2.3 Short-range Scale 

Four alternatives of short-range specifications of local network autocorrelation structures are 

depicted in Figure 2.3: [a] adjacent in-migration into the origin, [b] out-migration from origin to 
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adjacent regions, [c] adjacent in-migration into destination, and [d] out-migration from a 

destination to cells adjacent to that destination. For the process in Figure 2.3 (a) in-migration from 

adjacent regions into the origin may increase the pressure on the origin and push residents out. 

Alternatively adopting a two-stage process perspective, an origin, which functions as launch pad, 

first collects migrants from adjacent regions who then proceed from there to their terminal 

destination. Outmigration from the origin in Figure 2.3 (b) to adjacent regions may relate to the 

unattractiveness of the origin or depicts a process in which the population from a center migrates 

either to adjacent regions or abandons the broader area altogether for a faraway destination. This 

network structure usually emerges if the interaction model is misspecified and the attractiveness 

of the origin is incorrectly measured. In Figure 2.3 (c) the attractiveness of the destination may 

again be misspecified and thus tying the inflows from a-far and close-by regions together. Finally, 

for the local network depicted in Figure 2.3 (d) once more a two-stage process can be assumed. 

Inflow from a-far puts pressure on the destination, which is subsequently distributed to adjacent 

regions. An example would be the inflow of migrants into an urban center and their later relocation 

into the adjacent suburbs. The calculation of these network autocorrelation specifications is 

implemented in R package NetworkSAC as well by the four functions OriginIn.DestiIn, 

OriginIn.DestiOut, OriginOut.DestiIn and OriginOut.DestiOut. 

These short-range specifications may be more suitable for large scale spatial analyses in a 

hierarchically organized regional system rather than small scale regional studies without 

substantial internal differentiation within the broader regions. In other words, the spatial scale at 

which the underlying data generating process is observed matters when specifying network 

autocorrelations. Consequently, these short-range specifications may not be appropriate for spatial 

patterns within small scale interprovincial flows. The relevance of these short-range processes will 

be investigated in section 5 for the Chinese provinces. 

Combinations of the elemental network patterns and their theoretically justifications are 

possible. For instance, Figures 2.3 (a) and 2.3 (c) exhibits a case of multiple centers in a hierarchal 

regional system. Suppose both the origin and the destination are economic centers attracting inflow 

from their hinterlands which in turn amplifies their spatial interaction. A combination of the 

network structures in Figures 2.3 (b) and 2.3 (c) displays the case that the origin has reached 
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population saturation pushing migrants either to adjacent regions or to other centers which have 

not yet reached their capacity limits. A combination of network patterns in Figures 2.3 (a) and 2.3 

(d) demonstrates the pressure caused by the influx of population from suburban districts to origin 

pushes population flow to the destination. The excessive pressure of destination redistributes 

population to the suburban areas around the destination. A combination network patterns in 

Figures 2.3 (b) and 2.3 (d) shows both origin and destination achieve population saturation so the 

population disperses to adjacent region to alleviate pressures at both the origin and destinations. 

The list of proposed elemental network structures in Figures 2.1 to 2.3 is far from being exhaustive. 

For instance, network dependencies related to return migration have not been covered. 

(a) Origin-In (b) Origin-Out 

  

(c) Destination-In (d) Destination-Out 

  

Figure 2.3. Proposed four short range network specifications 

3. DATA 

To illustrate the proposed network autocorrelation models, interprovincial migration data from 

China are used. Previous studies reveal that inhabitants of China mainly migrate from central and 

western regions to eastern coastal provinces due to regional disparities in the economic 

development (Fan 2005; Liu et al. 2014; Pu et al. 2015). Figure 2.4 displays this phenomenon, 

with a log-migration ratio log(𝑖𝑛𝑓𝑙𝑜𝑤 𝑜𝑢𝑡𝑓𝑙𝑜𝑤⁄ ). A value of zero indicates balanced in- and out-
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flows. The log-transformation is necessary to make the distribution of the ratios symmetric. 

Eastern China has benefited from the economic reforms and the gap between the eastern region 

and the rest of China has widened (Fan 2005). Due to the increasing economic disparity, people 

are motivated to migrate from the central and western regions to the eastern region. As illustrated 

in Figure 2.4, Jiangsu, Shanghai, Zhejiang, Fujian, Guangdong, Beijing, and Tianjin are the leading 

provinces gaining population whereas Henan, Anhui, Jiangxi, Hunan, and Sichuan are the major 

donors. There is one exception in western China, Xinjiang, gained population due to cotton 

industries, mineral industries, and cross-border trade (Fan 2005).  

 

Figure 2.4. Provincial population gains and losses due to migration 

The National Bureau of Statistics (NBS) of China (2012) published a 31-by-31 migration table 

of mainland China for the accounting period 2005-2010. Hong Kong, Macao and Taiwan are 
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excluded. There are in total 930 inter-provincial migration flows after excluding intra-provincial 

migration flows. These migration numbers are based on the 10% long-form survey by the NBS. 

The questionnaire asked sampled households the origins they lived in 2005 and the destinations 

they moved to 2010, without recording intervening moves. The network autocorrelation link 

matrices are constructed based on the spatial adjacency link matrix of the mainland China. 

However, Hainan province, as an island, is physically separated from the mainland. To identify 

the neighbors of a reference flow involving Hainan, the requirement is that the target flow must 

have at least one neighboring flow. Therefore, any provinces should be connected to at least two 

provinces. Consequently, Hainan province is artificially connected with Guangxi province and 

Guangdong province (see Figure 2.5).  

 

Figure 2.5. Spatial neighbor links based on population weighted centroids 



 

40 

Potential explanatory variables were obtained from 2009 China Statistical Yearbook (NBS 

2009). They include the interprovincial distances based on population-weighted provincial 

centroids, and as “push” and “pull” factors provincial population, percentage of arable land, 

income, unemployment rate, and illiteracy rate. These variables define the baseline model without 

incorporating network autocorrelation (see Table 2.2). The population-weighted provincial 

centroids are calculated based on the 2000 census city-level population counts (see red anchor dots 

in Figure 2.5). For several provinces, the population-weighed provincial centroids and the physical 

centroids differ noticeably. An example of this are the Tibet and Qinghai provinces. Due to the 

positive skewness of the selected variables, all variables except the interprovincial distance are log 

transformed. For the interprovincial distance variable an optimal Box-Cox power value was 

estimated to mitigate potential biases in the distance decay parameters (Tiefelsdorf 2003). 

Depending on the centrality of each region, the distance distributions of the provinces vary with 

peripheral province distributions having a larger mean and standard deviation than centrally 

located provinces (Figure 2.6). 

To balance the distance distributions within the provinces, the interprovincial distance 𝑑𝑖𝑗 is 

Box-Cox transformed (Equation 3).  

 
box-cox(𝑑𝑖𝑗; 𝜆) ≡

𝑑𝑖𝑗
𝜆 − 1

𝜆
 

(3) 

The optimal parameter 𝜆𝑜𝑝𝑡  is found by grid search for 𝜆 ∈ (−1,1)  and 𝑑𝑖𝑗
∗ =

𝑑
𝑖𝑗

𝜆𝑜𝑝𝑡
−1

𝜆𝑜𝑝𝑡
 is the 

optimally transformed interprovincial distance. This search is conducted for the baseline 

interaction model (Equation 4). The 𝑝𝑡ℎ origin characteristic for the 𝑖𝑡ℎ origin specific factor is 

𝑥𝑖𝑝, whereas the 𝑞𝑡ℎ  destination attribute for the 𝑗𝑡ℎ  destination specific factor is 𝑥𝑗𝑞 . The link 

function of the negative binomial regression model is 𝑔( ) and 𝜇𝑖𝑗 is the expected flow between 

origin 𝑖 and destination 𝑗. 

 
g(𝜇𝑖𝑗) = 𝛽0 +∑ 𝑥𝑖𝑝 ∙ 𝛽𝑝

𝑃

𝑝=1⏟        
origin term

+∑ 𝑥𝑗𝑞 ∙ 𝛽𝑞
𝑄

𝑞=1⏟        
destination term

+ 𝑑𝑖𝑗
∗  ∙ 𝛽𝑑⏟    

distance term

 
(4) 
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The optimal transformation power 𝜆𝑜𝑝𝑡 = 0.17 is identified by evaluating the model fit based on 

the model’s log-likelihood (see Figure 2.6). The optimal transformation power mitigates the 

positive skewness in the provincial distance distributions (see Figure 2.7).  

 

Figure 2.6. Log-likelihood statistic of the basic interaction model dependent on the parameter λ 

for the Box-Cox transformation of the interprovincial distances 

(a) Untransformed boxplot (𝝀 = 𝟏) (b) Transformed boxplot (𝝀 = 𝟎. 𝟏𝟕) 

  

Figure 2.7. Provincial specific conditional distance distributions sorted according to their median 

distances 
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To capture network autocorrelation, different global 930-by-930 network spatial link matrices 

based on their specifications in Section 2 were composed. These fundamental link matrices were 

subsequently additively combined depending on the model specification. In case, an aggregated 

network link was counted twice or more, the associated cell in the network matrix was set back to 

one. All diagonal elements of the link matrix are zero so that a flow between an origin and a 

destination was not related to itself. To avoid weighting reference interaction flows with low and 

high numbers of associated network flows differentially, the variance stabilizing 𝑆-coding scheme 

(Tiefelsdorf, Griffith, and Boots 1999) has been applied to all network link matrices as well as 

their combinations. 

4. METHODOLOGY 

Since the observed flows 𝑚𝑖𝑗  are counts, it is commonly assumed that they follow a Poisson 

distribution 𝑚𝑖𝑗~Po(𝜇𝑖𝑗) which are subsequently modelled within the generalized linear model 

(GLM) framework. However, use of Poisson regression implies that both the expected value and 

variance are identical, that is, E(𝑚𝑖𝑗) = Var(𝑚𝑖𝑗) = 𝜇𝑖𝑗. Usually excessive variation is present in 

Poisson regression models of interregional flows. This over-dispersion can be observed when [a] 

the aggregated flows from one region to another are internally correlated, for instance, not just 

individuals move but whole family groups; or [b] when the functional form of the model is 

misspecified, for instance, due to missing relevant explanatory variables. Furthermore, over-

dispersion may emerge [c] due to a violation of the independence assumption among the regional 

flows (Black 1992; Berglund & Karlstrom 1999). In contrast to most previously used interaction 

models, this research adopts the negative binomial specification of the GLM to account for over-

dispersion in the interaction data.  

An aspatial negative binomial regression model (Equation 4) only captures the fixed effect in 

the endogenous migration flows by a set of exogenous variables. To account for the second order 

variation with regards to network autocorrelation, two different estimation approaches are 

employed here: [1] a Bayesian estimation with the integrated nested Laplace approximation 

(INLA) algorithm (Rue et al. 2009b) and [2] eigenvector spatial filtering ESF (Tiefelsdorf and 

Griffith 2007; Chun 2008; Fischer and Griffith 2008). The ESF model aims either to maximize the 

goodness-of-fit or to minimize the autocorrelation within the model’s error terms by identifying 
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an optimal linear combination of selected eigenvectors. These selected eigenvectors were extracted 

from the underlying network link matrix. In contrast, INLA captures the network autocorrelation 

among interregional flows using an autoregressive spatial covariance specification. Both 

approaches share the philosophy of modelling spatial inter-dependencies among the flows not by 

explicitly incorporating the flows’ covariance structure but rather by reducing these inter-

dependencies to a one-dimensional spatial proxy, which is subsequently added as a random effect 

to the fixed effect model component. 

4.1 Negative binomial regression 

The negative binomial distribution, which is a member of the exponential family of distributions, 

can be derived in several ways (Hilbe 2011). This research uses the Poisson-gamma mixture 

distribution (Hilbe 2011) perspective, which means the over-dispersion follows a gamma 

distribution with a shape parameter 𝜈 and an expectation of one. This leads to the mixture variance 

defined by 𝜇 + 𝜇2/𝜈 (Hilbe 2011, p.3) where 𝜇 is the expectation and variance of the Poisson 

distribution. The term 𝜇2/𝜈 measures the extra variance of mixture distribution. If 𝜈 approaches 

infinity, the distribution function converges towards the Poisson distribution. In contrast, a small 

𝜈  represents severe over-dispersion. The estimated over-dispersion parameter in the aspatial 

negative binomial baseline model is 𝜈 = 1.2341, which implies strong over-dispersion. Thus, the 

negative binomial distribution is more appropriate than Poisson distribution to model the 

interprovincial migration pattern in China. Although the negative binomial regression model is the 

most appropriate model for Chinese interaction data, due to the inherent over-dispersion, the 

negative binomial regression model leads to slightly biased predictions in the sense that the 

average of predicted flows is marginally less than the average of the observed flows. The cause 

for of this bias has not yet been identified and it is present in all tested statistical software packages.  

4.2 INLA 

Compared to a simulation-based MCMC Bayesian approach, the INLA estimation procedure has 

four advantages: [a] much shorter computation time, [b] no convergence problem, [c] 

independence on parameter initialization, and [d] lack serial autocorrelation of simulated 

coefficients. Appendix B reviews technical details of the integrated nested Laplace approximation. 

The primary idea of the INLA approach is to approximate the parameters’ distributions by 
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integrating Gaussian distributions. For the given migration data, the latent model of INLA of the 

approach consists of two parts: [a] the fixed effect based on the linear predictor 𝛽0 +

∑ 𝑥𝑖𝑝 ∙ 𝛽𝑝
𝑃
𝑝=1 + ∑ 𝑥𝑗𝑞 ∙ 𝛽𝑞

𝑄
𝑞=1 + 𝑑𝑖𝑗

∗  ∙ 𝛽𝑑, which is augmented [b] by a spatially structured random 

effect 𝜂𝑖𝑗, which captures the network autocorrelation. Thus, the spatial negative binomial model 

under INLA context is defined as  

 

{
 

 
𝑚𝑖𝑗~𝑁𝑒𝑔𝑎𝑡𝑖𝑣𝑒 𝐵𝑖𝑛𝑜𝑚𝑖𝑎𝑙( 𝜇𝑖𝑗, 𝑣)

g(𝜇𝑖𝑗) = 𝛽0 +∑ 𝑥𝑖𝑝 ∙ 𝛽𝑝
𝑃

𝑝=1
+∑ 𝑥𝑗𝑞 ∙ 𝛽𝑞

𝑄

𝑞=1
+ 𝑑𝑖𝑗

∗  ∙ 𝛽
𝑑⏟                              

fixed effect

+ 𝜂𝑖𝑗⏟
random effect

 (5) 

where g(𝜇𝑖𝑗) is a log-link function that matches the expected migration flows 𝐸(𝑚𝑖𝑗) = 𝜇𝑖𝑗 to the 

linear predictor in equation (5). 

Based on the conventional INLA estimator, Bivand et al. (2015) proposed several spatial 

econometric models in the INLABMA package of R, which model the covariance structure of the 

random effect. In contrast to fixed effects, where the estimate parameter applies to all observations 

despite having a distribution under the Bayesian perspective, the parameters associated with a 

random effect is allowed to vary from observation to observation. They are assumed to have been 

drawn from a common distribution (Waller & Gotway 2004, p.411). For the current analysis the 

random effect is assumed to follow a normal distribution equivalent to a simultaneous 

autoregressive spatial process with 𝒩(𝟎, 𝜎2 ∙ ((𝐈 − 𝜌 ∙ 𝐒)(𝐈 − 𝜌 ∙ 𝐒𝑇))
−1
). The 𝑆-coded network 

structure matrix is denoted by 𝐒  and 𝜌  represents the spatial autocorrelation coefficient that 

reflects the degree of the spatial dependence. The first discontinuities of 𝜌 in spatial error model 

are at 
1

𝜆𝑚𝑖𝑛
 and 

1

𝜆𝑚𝑎𝑥
 (Tiefelsdorf 2006, p.54), where 𝜆𝑚𝑖𝑛  and 𝜆𝑚𝑎𝑥  are the minimum and 

maximum eigenvalues of the spatial link matrix 𝐒.  

The random effect of latent model is modelled as simultaneous autoregressive process (SAR) 

with 𝛈 = (𝐈 − 𝜌 ∙ 𝐒)−1 ∙ 𝛆. The current specification does not distinguish whether 𝐒 is based on 

just one fundamental network link matrix or an additive combination of a set of or more 

fundamental link matrices ∑ 𝐒𝑘
𝐾
𝑘=1 . For additive combinations the specification of SAR becomes 

𝛈 = (𝐈 − 𝜌 ∙ ∑ 𝐒𝑘
𝐾
𝑘=1 )−1 ∙ 𝛆 . It just estimates one univariate posteriori distribution of 𝜌 . 

Alternatively, the random effect can be specified by = (𝐈 − ∑ 𝜌𝑘 ∙ 𝐒𝑘
𝐾
𝑘=1 )−1 ∙ 𝛆 . This requires a 
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multivariate evaluation of the posteriori distribution of (𝜌1, … , 𝜌𝐾). An evaluation of a multivariate 

posterior distribution will become computationally heavy and it is left therefore for future research.  

4.3 Eigenvector spatial filtering 

The spatial distribution of observations can be decomposed into a systematic trend, an 

autocorrelated stochastic signal and the remaining spatially independent white noise (Tiefelsdorf 

and Griffith 2007; Chun 2008). The stochastic spatial signal, which is equivalent to a random 

spatial effect, in spatial filtering is expressed by a linear combination of synthetic variables which 

constitute the spatial filter. The eigenvector spatial filtering approach breaks the projected and 

coded spatial link matrix in equation (6) down into a set of eigenvectors and their associated 

eigenvalues. The set of eigenvectors can be based on two projection matrices: 

 𝐌[1] ∙
1

2
∙ (𝐒 + 𝐒𝑇) ∙ 𝐌[1] traditional projection

𝐌[𝑋] ∙
1

2
∙ (𝐒 + 𝐒𝑇) ∙ 𝐌[𝑋] full-fledged projection

} (6) 

where 𝐌[1] = 𝐈 − 𝟏 ∙ 𝟏
𝑇/𝑛, 𝐒 is a coded 𝑛 × 𝑛 spatial network link matrix, 𝐈 is the identify matrix, 

𝟏 is an 𝑛 × 1 vector with all ones. In contrast, the progressive projection matrix is 𝐌[𝑋] = 𝐈 − 𝐗 ∙

(𝐗𝑇 ∙ 𝐗)−1 ∙ 𝐗𝑇, where 𝐗 is the design matrix of the exogenous variables including the intercept 

term 𝟏. For coded link matrices the eigenvalues are identical to the Moran’s 𝐼 autocorrelation level 

in the spatial patterns of the associated eigenvectors. All eigenvectors are mutually orthogonal 

(Tiefelsdorf and Griffith 2007). Note, however, that in contrast to the linear regression model this 

orthogonality is lost in GLM models due to the internal weighting of each observation. 

A set of candidate eigenvectors, which exceeds a minimum spatial autocorrelation criterion, is 

evaluated and selected in a stepwise approach either [a] traditionally by maximizing the overall 

goodness-of-fit of model at each selection step or [b] by minimizing successively the inherent 

spatial autocorrelation in model’s error component. In this paper, eigenvectors with an associated 

Moran’s I value greater than 0.25 constitute the candidate set of eigenvectors that will potentially 

be included into the model. The linear combination of selected eigenvectors is expected to capture 

the remaining spatial autocorrelation in the model and thus just leaving a white noise error 

component. The ESF formula for modeling spatially autocorrelated migration flows becomes 𝛽0 +

∑ 𝑥𝑖𝑝 ∙ 𝛽𝑝
𝑃
𝑝=1 + ∑ 𝑥𝑗𝑞 ∙ 𝛽𝑞

𝑄
𝑞=1 + 𝑑𝑖𝑗

∗  ∙ 𝛽𝑑 + ∑ 𝑒𝑖𝑗,[𝑙] ∙ 𝛾𝑙
𝐿
𝑙=1 , where 𝑒𝑖𝑗,[𝑙]  denotes the 𝑙𝑡ℎ selected 
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eigenvector component for a migration flow from 𝑖 to 𝑗 with its associated regression coefficient 

𝛾𝑙. In contrast to the conventional approach, Tiefelsdorf and Griffith (2007) propose two changes 

to the algorithm. Because the eigenvectors {𝐞1, 𝐞2, ⋯ , 𝐞𝑛} may be correlated with the exogenous 

variables if 𝐌[1] is adopted in equation (6) the full-fledged projection matrix 𝐌[𝑋] is adopted here. 

Furthermore, the selection criterion [b], which minimizes the remaining spatial autocorrelation, is 

used to select a feasible set of eigenvectors. This criterion complements the general objective of 

ESF which aims at controlling the inherent spatial autocorrelation in the model. The distribution 

Moran’s 𝐼 for GLM regression residuals is unknown. Therefore, a randomization approach was 

adopted to evaluate the error probability. That candidate eigenvector, for which the standardized 

residuals exhibited the largest increase in the error probability, was added to the model at a 

particular step. The same search was repeated over the remaining candidate eigenvectors at 

subsequent steps. The selection of eigenvectors terminated once an error probability of 𝛼 =

0.05 was exceeded. Our ESF approach adopts these enhancements over the traditional approach.  

4.4 Computational Efficiency of a Parallel Implementation 

The INLA and the ESF estimation procedures rely on repeated model evaluations in which each 

evaluation is independent of the other ones. For the INLA estimator the posteriori distribution of 

the autocorrelation coefficient 𝜌 is evaluated over a sequence of proposed autocorrelation levels. 

Subsequently the final posteriori distributions of the regression coefficients 𝛃 and 𝜌 are computed 

by Bayesian averaging. For the ESF estimator at each step several candidate eigenvectors are 

evaluate and after the completion of these independent evaluations the optimal eigenvector is 

added to the model. These repeated independent evaluations lend themselves to an 

“embarrassingly simple” parallel implementation of the estimation procedure. Table 2.1 compares 

the computing times of both network autocorrelation estimators in dependence of the dedicated 

cores on a Xeon 10 cores processor with 2.4 GHz.  

Table 2.1. Computation time in dependence of dedicated processor cores 

Estimator 1 core 4 cores 8 cores 

ESF 2,815 sec 1,130 sec 1,035 sec 

INLA 10,456 sec 6,679 sec 5,300 sec 

The parallel Bayesian INLA is computationally more demanding than the ESF approach; it takes 

approximately 5 times as long. Furthermore, the reduction of the computing times for both 
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estimators with an increasing number of cores is not linear. The rate of time savings with a higher 

number of cores reduces substantially.  

The foreach function in doParallel packages of R implements distributed computations 

over all or a subset of processor cores (see the vignette in the R package NetworkSAC). We 

prefer the socket model of parallel computation over the forked model, because the socket model 

is available for a wider range of operating systems and it shields the memory space of each thread 

for concurrently running threads. However, it is not as numerically efficient as the fork model. 

Furthermore, Intel’s basic linear algebra subprograms (BLAS) can be used for matrix operations 

because it does not interfere with the computations in the parallel foreach loops. 

5. ANALYSIS RESULTS 

5.1  Aspatial Base Model 

The negative binomial regression results of the base model are reported in Table 2.2. All regression 

coefficients point into their expected directions and are significant. As expected, the Box-Cox 

transformed distance has a negative effect: as the distance increases the flow volume decays. 

Because the regression coefficient of the destination population is greater than that of the origin 

population, one can conclude that the destinations with larger populations offer more opportunities 

and therefore are more attractive. The percentage of arable land is a proxy of the urban-rural divide. 

In other words, a province with less arable land offers more opportunities in urban centers and 

therefore is more attractive. Since people usually migrate to developed areas, the regression 

coefficients of the arable land in destination is negative. The regional income level exhibits the 

expected pattern, a low provincial income in an origin pushes people to move to high-income 

provinces and thus those destinations with high income pull people in. Destination provinces with 

high unemployment rates deter migrants to settle in them. Moreover, origin provinces with a high 

illiteracy rate lose population, most likely providing the unskilled factory workers at the 

destination provinces. 
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Table 2.2. Negative binomial regression results of the aspatial base model 

 Estimate Std. Error Z value p-value 

Intercept -23.05 2.97 -7.77 8.02e-15 

𝒅𝒊𝒋
∗  -0.28 0.02 -17.13 < 2e-16 

log(ToPop) 1.00 0.06 17.76 < 2e-16 

log(FromPop) 0.91 0.04 21.44 < 2e-16 

log(ToLand) -0.31 0.06 -4.82 1.42e-06 

log(ToIncome) 1.10 0.21 5.27 1.34e-07 

log(FromIncome) -0.89 0.13 -6.79 1.11e-11 

log(ToUnemploy) -0.88 0.20 -4.35 1.34e-05 

log(FromIlliteracy) 0.34 0.05 6.62 3.51e-11 

5.2 Network Structure Identification with INLA  

The optimal specification of a network autocorrelation structure is based on the combination of 

different fundamental network link structures. This additive merger of fundamental link structures 

is evaluated cumulatively stepwise based on the root mean square error (RMSE) criterion using 

INLA estimation procedure. The network autocorrelation specifications are divided into three 

categories: the long-range specifications (origin-based, destination-based, and origin-destination-

based), the intervening opportunity specification, and the short-range specifications (origin in - 

destination out, origin in - destination in, origin out - destination out, origin out - destination in). 

At the first step, after evaluating individually all network structures, the network structure leading 

to the sharpest drop in the RMSE is added to the base model. This identifies the best network link 

structure at the first step. At the second step this network structure is evaluated in combination 

with the remaining network link structures, and so forth. The RMSE of each step and the optimal 

combination of network structures are reported Table 2.3. The optimal combination of network 

autocorrelation link structures is subsequently used in both the spatial INLA and ESF models.  

Step zero starts with the base aspatial model (see Table 2.3). Its large RMSE indicates that it 

poorly captures the pattern in the migration flows. For the first step, among the possible network 

autocorrelation link matrices, the combination of the origin-destination based long range 

specification achieves the lowest RMSE as shown in the second column of Table 2.3. Therefore, 

it is selected as the foundation for the second step. In the second step, the model fit is re-evaluated 

by successively adding either the intervening opportunity or short-range specifications to the 



 

49 

optimal model from the first step. Table 2.3 reports the lowest RMSE for the network specification 

based on the origin-destination long range + intervening opportunities. INLA’s estimated 

spatial network autocorrelation coefficient is �̂�𝑚𝑒𝑑𝑖𝑎𝑛 ≈ 1.3. Adding in the third step any of the 

remaining short-range specifications to the model leads to a deterioration of the RMSE. This may 

be because either the cumulative network structure becomes over-specified or the short-range 

specifications do not capture the spatial autocorrelation structure on the provincial scale. For 

studies on a metropolitan scale based on census tracts the short-range structures may gain in 

relevance.  

Table 2.3. INLA model comparison by RMSE 

Step 0 Step 1 Step 2 Step 3 

Base model 

(16,080.26) 

Base model + Origin-

based (220.08) 

  

 Base model + 

Destination-based 

(313.43) 

  

 Base model + 

Origin-Destination-

based 

(101.95) 

  

 Base model + 

Intervening 

(252.15) 

Base model + Origin-

Destination-based 

+Intervening 

(83.23) 

 

 Base model + In-Out 

(12,040.18) 

Base model + Origin-

Destination-based +In-Out 

(4,514.62) 

Base model + Origin-

Destination-based 

+Intervening + In-Out 

(1,483.76) 

 Base model + In-In 

(9,976.29) 

Base model + Origin-

Destination-based +In-In 

(304.06) 

Base model + Origin-

Destination-based 

+Intervening + In-In 

(236.06) 

 Base model + Out-

Out 

(10,653.72) 

Base model + Origin-

Destination-based +Out-

Out 

(6,272.03) 

Base model + Origin-

Destination-based 

+Intervening + Out-

Out 

(5,950.66) 
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 Base model + Out-In 

(8,101.44) 

Base model + Origin-

Destination-based +Out-In 

(228.71) 

Base model + Origin-

Destination-based 

+Intervening + Out-In 

(194.71) 

5.3 ESF results 

The INLA optimal network specification of origin-destination based + intervening 

opportunities in Table 2.3 is used by ESF algorithm for comparison purposes. The ESF algorithm 

used in this research employs the minimization of the residual autocorrelation criterion and the 

𝐌[𝑋] projection matrix. Since INLA’s estimated autocorrelation level is positive, ESF will focus 

only on positively autocorrelated candidate eigenvectors with a cut-off value based on the 

eigenvalue ratio 𝜆𝑖 𝜆𝑚𝑎𝑥 >⁄ 0.25  (Griffith 2007). Table 2.4 shows how the Moran’s 𝐼  value 

decreases as the algorithm keeps adding new eigenvectors to the spatial filter. In total 101 

candidate eigenvectors out of 193 candidate eigenvectors were selected to capture the spatial 

autocorrelation effect. The RMSE of the final ESF model is 𝑅𝑀𝑆𝐸 = 9,259.96. In terms of 

pseudo-𝑅2s our base model has a pseudo-𝑅2 of just 0.175 whereas for our ESF model it increases 

to 0.507. 

Table 2.4. Selected eigenvectors of ESF model 

Step Eigenvector Moran’s I p-value 

1 EV9 0.266 1.285e-83 

2 EV18 0.259 1.830e-81 

3 EV80 0.253 3.091e-78 

4 EV7 0.246 1.519e-76 

5 EV12 0.236 3.151e-67 

…… …… …… …… 

97 EV167 0.026 0.030 

98 EV158 0.025 0.034 

99 EV188 0.024 0.039 

100 EV156 0.023 0.044 

101 EV13 0.022 0.051 

These ESF results are different from the results in Shen’s research (2016). Shen incorporated, 

using stepwise regression, seventeen demographic, social, economic and climatological variables 
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into his aspatial Poisson model. Shen applied the traditional ESF maximization of the model fit 

criterion and the 𝐌[1] projection matrix with just the fundamental long-range origin-destination 

network link matrix. Using the projection matrix 𝐌[1] allowed his eigenvectors to be partially 

correlated with the exogenous variables in his base model. In our view this is an undesirable 

property because it makes it difficult to distinguish between the contextual effects of the exogenous 

variables and the spatial effects of the eigenvector filters. His candidate set of eigenvectors 

consisted of 224 eigenvectors with a Moran’s 𝐼 values greater than 0.25. Forty-six significant 

eigenvectors were selected into Shen’s spatial filter. Shen’s pseudo-𝑅2 of both his aspatial base 

model and his spatial filtered Poisson model are much higher than those estimated in our research. 

This is mainly due to Shen’s model incorporating more significant exogenous factors, which were 

not available in our research or not statistically significant in our negative binomial model. The 

pseudo-𝑅2 of his aspatial base model is 0.896 which increased to 0.974 for his spatially filtered 

model.  

5.4 Comparison of INLA and ESF Estimates 

To compare our three models ‒ the aspatial base model, the spatial INLA model and the ESF model 

‒ the regression coefficients with their significance levels and model fit are reported side-by-side 

in Table 2.5. The eight exploratory variables of all three models have the same signs but differ in 

their significance levels. The eight exogeneous variables and intercept are strongly significant in 

aspatial base model and our ESF model. However, unemployment rate at destination and illiteracy 

rate at origins are no longer significant in the INLA model. Theoretically for linear models, the 

regression coefficients of ESF model are be identical to those of the aspatial base model because 

the exogeneous variables are orthogonal to the selected eigenvectors due to the employed 

projection matrix 𝐌[𝑋]. However, this orthogonality is no longer guaranteed for iteratively re-

weighted generalized linear models. ESF model improves the model fit over the aspatial base 

model. However, the lowest root mean square error (RMSE) and deviance information criterion 

(DIC) and the highest pseudo-𝑅2, is observed for the spatial INLA model. It even exceeds the 

model fit of Shen’s ESF model. Furthermore, the INLA model is also the most parsimonious 

spatial model and it provides us with an explicit estimate of the spatial autocorrelation coefficient 

𝜌. Appendix A shows that it is not unreasonable to obtain an estimate of the underling spatial 
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autocorrelation level 𝜌 which is larger than 1 if the fixed effect component of the model misses 

relevant factors which exhibit positive spatial autocorrelation. 

 

Table 2.5. Model comparisons 

 Aspatial INLA ESF 

Intercept -23.075*** -28.770*** -23.252*** 

𝒅𝒊𝒋
∗  -0.276*** -0.197*** -0.287*** 

log(ToPop) 1.004*** 1.308*** 1.086*** 

log(ToLand) -0.308*** -0.368*** -0.463*** 

log(ToIncome) 1.108*** 0.651* 0.799*** 

log(ToUnemploy) -0.878*** -0.035 -0.557*** 

log(FromPop) 0.913*** 1.001*** 0.840*** 

log(FromIncome) -0.886*** -0.779** -0.602*** 

log(FromIlliter) 0.340*** 0.170 0.191*** 

𝝆  1.306***  

RMSE 16,080.250 83.358 9,259.961 

𝑹𝟐 0.175 0.994 0.507 

DIC 16,130.53 11,129.95 14,848.43 

Significance codes:  0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’ 1 

6. CONCLUSIONS 

So far, not much research has been conducted on migration patterns in China and none has 

considered network autocorrelation within the Bayesian context using the negative binomial 

regression model. Bayesian estimation using the INLA infrastructure makes a broad range of 

Bayesian models accessible to the academic community. Furthermore, no systematic evaluation 

of different network autocorrelation specifications has been performed. In contrast to the 

commonly adopted approach of maximizing the model fit when using eigenvector filtering, the 

more direct and intuitive approach of minimizing residual autocorrelation has been demonstrated 

in this research. The proposed concepts and methods generalize to interaction research in other 

academic and applied fields, such as modeling commuting, communication, commodity, trade 

flows and so on. The successful parallel implementation of the estimation algorithm on a multicore 

computer increases the computational efficiency greatly and provides another contribution of this 
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research. It ultimately provides the flexibility to perform simulation studies. Finally, all data and 

developed R scripts are packaged into the package NetworkSAC for the academic community to 

reproduce and extend the proposed analysis approaches, for instance, by allowing each elementary 

network link structure having its own estimated autocorrelation level in the combined 

specification.  
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CHAPTER 3 

A SIMULATION BASED INVESTIGATION OF MIGRATION EFFECTS ON A 

BAYESIAN DISEASE MODEL 

 

Abstract: A disease generating process has three key components: disease rates related to 

population at risk, bio-behavioral factors associated to population at risk, and population 

unrelated regional factors. Due to the long latency period of chronic diseases, migration becomes 

a confounding issue reducing the spatial variability of disease rates. Moreover, the bio-

behavioral factors, which are attached to the population at risk, are affected by migration as well. 

However, the environmental factors are migration invariant. This paper proposes a combination 

of a spatial moving average model with a spatial lag model based on a Leroux formulation using 

a doubly stochastic migration matrix to correct for migration effects in the observed disease 

generating process. The 508 U.S. State Economic Areas (SEA) layout a 1965-1970 SEA-to-SEA 

migration matrix provide the underlying spatial foundation. Six synthetic environmental and bio-

behavioral risk factors are used based on eigenvectors of a SEA adjacency matrix with spatial 

autocorrelation levels either being highly positive or negative or expressing spatial 

independence. Disease rates are simulated from a binomial distribution linked to a linear fixed 

effects predictor, which depends on the synthetic risk factors. The proposed Leroux model is 

implemented within Bayesian framework by the integrated nested Laplace approximation and 

parallel computation is employed. The objective of this research is to evaluate the model’s 

sensitivity to model misspecifications in either the fixed or the random component. The proposed 

model structure robustly identifies an underlying disease generating process for properly 

specified models. For misspecified models a systematic pattern emerges in the estimated 

parameters.  
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1. INTRODUCTION 

Degenerative diseases and cancers originate mainly from genetic, behavioral, and environmental 

factors (Tiefelsdorf 2007). Due to the long latency period of these diseases, currently observed 

disease rates and their underlying disease generating process were initiated in the past. An 

interregional migration process may break the direct association between regional risk factors 

and the regional disease outcomes during the latency periods. However, migration process has 

different impact on disease rates, bio-behavioral risk factors, and environmental risk factors. 

Disease rates are affected because observed disease rates are a mixture of regional stayers and in-

migrants, who come from regions with varying disease risks (Kliewer 1992; Tiefelsdorf 1998; 

Rogerson and Han 2002). The spatial variability of disease rates among regions is reduced by 

migration effect (Rogerson & Han 2002). Bio-behavioral (genetic and behavioral) risk factors 

are affected because they move with their hosts and mix after migration (Tiefelsdorf 2007). In 

contrast, environmental risk factors remain local because they are migration irrelevant 

(Tiefelsdorf 2007). 

This research aims at investigating the proposed spatial model and its sensitivity to model 

misspecifications. This focus on the effects of model misspecifications allows to a predominately 

take a simulation-free approach. The Bayesian integrated nested Laplace approximation (INLA) 

estimation approach has been applied due to the much less computation time. Moreover, a 

parallel estimation procedure has been implemented in this research. This paper is organized as 

follows. Section 2 reviews the basic demographic calculations using a migration transition 

matrix and the role of the number of stayers on the migration matrix diagonal. Section 3 moves 

to a semi-stochastic specification using a bi-stochastic migration matrix in combination with the 

Leroux specification. Section 4 discusses the disease generating process under the influence of 

migration. Data used for simulation of disease generating process are introduced in Section 5. 

The Bayesian spatial moving average model is reviewed in Section 6. Finally, the simulation 

result for the proposed spatial model is compared against other misspecifications of the 

underlying spatial process in Section 7. 
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2. DEMOGRAPHIC TRANSITION MIGRATION SPECIFICATION 

The 𝑛 × 𝑛 migration matrix is defined as 𝐌 = [

𝑚11 𝑚12 ⋯ 𝑚1𝑛
𝑚21 𝑚22 ⋯ 𝑚2𝑛

⋮ ⋮ ⋱ ⋮
𝑚𝑛1 𝑚𝑛2 ⋯ 𝑚𝑛𝑛

], where 𝑛 represents the 

number of regions and 𝑚ij denotes the number of residents migrate from origin (row) 𝑖 at the 

starting time point 𝑡 − 1 to destination (column) 𝑗 at the end time point 𝑡. When 𝑖 = 𝑗, 𝑚ij 

denotes the number of stayers in origin 𝑖. The population 𝒑𝑡−1 at the origin at the time point 𝑡 −

1 can be derived by the row sums of 𝐌: 

 𝒑𝑡−1 = 𝐌 ∙ 𝟏  where 𝟏 = [1,1, … ,1]
𝑇 (1) 

Moreover, the population 𝒑𝑡 that arrives at the destination at time point 𝑡 is the column sums of 

𝐌: 

 𝒑𝑡 = 𝐌
𝑇 ∙ 𝟏. (2) 

Based on the migration matrix, the transition matrix, which is the row-sum standardized 

migration matrix, is defined as: 

 

𝐖 =

[
 
 
 
𝑚11 𝑝1,𝑡−1⁄ 𝑚12 𝑝1,𝑡−1⁄ ⋯ 𝑚1𝑛 𝑝1,𝑡−1⁄

𝑚21 𝑝2,𝑡−1⁄ 𝑚22 𝑝2,𝑡−1⁄ ⋯ 𝑚2𝑛 𝑝2,𝑡−1⁄

⋮ ⋮ ⋱ ⋮
𝑚𝑛1 𝑝𝑛,𝑡−1⁄ 𝑚𝑛2 𝑝𝑛,𝑡−1⁄ ⋯ 𝑚𝑛𝑛 𝑝𝑛,𝑡−1⁄ ]

 
 
 

= diag(𝐩𝑡−1)
−1 ∙ 𝐌 (3) 

The transition matrix can be used to project the population 𝒑𝑡−1 at 𝑡 − 1 to the population 𝒑𝑡 at 𝑡 

under the assumption that the regional system is closed and the number of birth and death are in 

balance.  

 𝒑𝑡 = 𝐖
𝑇 ∙ 𝒑𝑡−1 (4) 

Therefore, if the current population 𝒑𝑡 is known, the previous population 𝒑𝑡−1 can be derived by  

 𝒑𝑡−1 = [𝐖
𝑇]−1 ∙ 𝒑𝑡. (5) 

The largest eigenvalue of the row-sum standardized 𝐖 is 𝜆𝑚𝑎𝑥 = 1. Due to the dominant 

positive values on the diagonal of 𝐖, the spectrum of eigenvalues is all positive 𝜆𝑖 > 0. 

Therefore, the inverse transition matrix 𝐖−1 exists. Furthermore, the transition matrix 𝐖 

converges toward a stationary matrix for a sufficiently large power 𝑣 with 𝐖𝑠𝑡𝑎𝑡𝑖𝑜𝑛𝑎𝑟𝑦 =

lim
𝑣→∞

𝐖𝒗, which implies stationary population distribution 𝐩𝑡+𝜈 = 𝐩𝑡+𝜈−1 (Plane & Rogerson 

1994, pp.172–173).  
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The balance between the number of stayers on the diagonal of the migration matrix and the 

number of movers on the off-diagonal cells depends on the accounting time-frame at which the 

migration process is measured. The longer this time-frame becomes the more initial stayers will 

leave their origins and for new destinations. To obtain a more realistic migration matrix for the 

longer accounting periods, one can shift a proportion of diagonal elements to off-diagonal cells 

using the following steps: 

1. Separate the migration matrix in the components 𝐌 = 𝐌𝐷 +𝑴�̅� where the diagonal 

matrix 𝐌𝐷 holds the diagonal elements of 𝐌 and 𝑴�̅� holds the off-diagonal elements of 𝐌 

with zeros on the diagonal. 

2. Calculate the shifted migration matrix 𝐌[𝜋] with 

 𝐌[𝜋] = 𝑴�̅� +  𝜋 ∙ 𝐌𝐷 + (1 − 𝜋) ∙ 𝐌𝐷 ∙ 𝐖�̅� (6) 

with 0 ≤ 𝜋 ≤ 1 being the mixing proportion and 𝐖�̅� = 𝑑𝑖𝑎𝑔[𝐌�̅� ∙ 𝟏]
−1 ∙ 𝐌�̅� being the row-

standardized non-diagonal migration matrix 𝐌�̅�. 

The closer the mixing proportion 𝜋 gets to zero the longer the accounting period becomes and 

the more stayers are shifted proportionally to the other destinations. Any shift with 𝜋 ≤ 1 will 

strengthen the off-diagonal cells and thus amplify spatial interdependencies among the regions. 

Note, however, that this simplified specification assumes that each migrant only moves once 

during the accounting period and thus return migration will not occur. The row-sum standardize 

shifted migration matrix 𝐌[𝜋] becomes the shifted transition matrix 𝐖[𝜋]. 

3. SEMI-STOCHASTIC PROCESS SPECIFICATION 

While theoretically the transition matrix 𝐖 or 𝐖[𝜋] maps the past population distribution 𝒑𝑡−1 to 

the current population distributions 𝒑𝑡, however realistically this exact functional relationship 

may not exist empirically due to three reasons. 

1. The transition matrix 𝐖 may be mis-specified because it is difficult to obtain good 

estimates of the number of stayers during the accounting period from 𝑡 − 1 to 𝑡 on the 

diagonal of the migration matrix 𝐌.  

2. After the completion of the migration process, the population 𝒑𝑡 has aged by one 

accounting period. In reality, we will observe birth filling in the missing cohort and death 

from any cause diminishing in particular the older cohorts.  
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3. The beginning time point 𝑡 − 1 and the end point 𝑡 of the transition matrix may not 

perfectly line up with the time frame at which the empirical data were recorded. In other 

words, the transition matrix and empirically observed data may be temporally misaligned.  

A more flexible specification of the transition matrix that will abate some of these problems 

was proposed by Leroux et al. (1999): 

 𝑳𝜌
𝑇 = (1 − 𝜌) ∙ 𝐈 + 𝜌 ∙ 𝐖𝑇 (7) 

where 𝐈 is identity matrix and 𝜌 denotes the spatial autocorrelation parameter. This specification 

is similar to the one for symmetric spatial link matrices leading to a conditional autoregressive 

model which was originally used by Leroux. The autocorrelation parameter 𝜌 of the Leroux 

transition matrix 𝑳𝜌
𝑇controls the strength of regional migration exchange process. For 𝜌 = 1, the 

migration transition matrix 𝐖𝑇 will be fully effective. For 𝜌 = 0, the interregional migration 

effects become irrelevant.  

However, the row-sums of 𝐖𝑇 and 𝐈 mismatch. This imbalance has the tendency to lead to 

biased model estimates. Therefore, instead of using the transition matrix 𝐖, its doubly stochastic 

version 𝐃 will be used. It is defined as a matrix with all row sums and column sums being equal 

to one (Slater 2008; Slater 2009). This can be achieved by iteratively standardizing the row and 

columns by their intermediate row and column sums. In the empirical studies, the population 

sizes vary dramatically among counties. To control the marginal size effect and focus on the 

relative spatial interaction effect, the double-standardization is implemented for migration 

matrices to render all areas of equal sizes (Slater 2008). Moreover, the odds ratios 
𝑚𝑖𝑗 𝑚𝑖𝑘⁄

𝑚𝑗𝑙 𝑚𝑘𝑙⁄
=

𝑚𝑖𝑗𝑚𝑘𝑙

𝑚𝑖𝑘𝑚𝑗𝑙
, which measures the association, remains invariant (Slater 2008; Slater 2009). Therefore, 

the doubly stochastic matrix 𝐃 is more appropriate than the row-sum standardized matrix 𝐖 and 

𝐋𝜌
𝑇  can be redefined as 𝐋𝜌

𝑇 = (1 − 𝜌) ∙ 𝐈 + 𝜌 ∙ 𝐃𝑇. 

4. DISEASE GENERATING PROCESS 

Three key components are incorporated in the disease generating process model at 𝑡 − 1. Let 

𝐲𝑡−1 denote a vector of 𝑛 regional rates related to the population at risk 𝒑𝑡−1 at 𝑡 − 1. It is 

assumed that the observed rates 𝑦𝑖,𝑡−1 are stochastically independent of each other at 𝑡 − 1. Let 

𝐗𝑡−1
𝐵  be a 𝑛 × 𝑝 matrix of 𝑝 risk factors associated to the population at risk 𝒑𝑡−1 at 𝑡 − 1, for 
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instance, behavioral or genetic characteristics of the population residing in the individual regions. 

Let 𝐗𝐸 be a 𝑛 × 𝑞 matrix of 𝑞 risk factors solely expressing attributes of the regions but not 

those of the population at risk, such as environmental conditions of regions. The environmental 

factors are assumed not to change from 𝑡 − 1 to 𝑡. This is reasonable for most climatological and 

geological etc. processes, which move with respect to a person’s lifespan at a slow pace. In 

addition, this research assumes each area has equal age distribution, so age standardization is not 

required. To simply our argument and to concentrate on migration effects, we assume that the 

only demographic process causing regional population changes is migration. For a detailed 

exposition incorporating the age-sex compositions in a regional system see Rees and Wilson 

(1977). 

The disease generating process before migration at 𝑡 − 1 is specified by:  

 𝐸(𝐲𝑡−1) = 𝑔
−1(𝟏 ∙ 𝛽0 + 𝐗𝑡−1

𝐵 ∙ 𝛃𝐵 + 𝐗𝐸 ∙ 𝛃𝐸) (8) 

where 𝑔−1(∙ ) is the inverse logistic link function. Suppose the expected rate 𝐸(𝐲𝑡−1) follows a 

binomial distribution with parameters 𝛑 for the expected probabilities and 𝐧 ≡ 𝐲𝑡−1 for the 

population at risk. Alternatively, one could model expected counts 𝐸(𝐲𝑡−1) by a Poisson or 

negative binomial distribution with an offset term for the baseline counts, for instance, obtained 

by indirect standardization. 

However, the interregional migration process affects the disease generating process. Only 

data at 𝑡 can be observed and not their initial values of the underlying disease generating process 

at 𝑡 − 1. The available disease rates at 𝑡 are 𝐲𝑡 = 𝐋𝜌
𝑇 ∙ 𝐲𝑡−1 and available bio-behavioral factors 

are 𝐗𝑡
𝐵 = 𝐋𝜌

𝑇 ∙ 𝐗𝑡−1
𝐵 . Thus the model estimates {𝛽0, 𝛃

𝐵, 𝛃𝐸} of the underlying data generating 

process at 𝑡 − 1 may become biased using data at 𝑡 and observations will be spatially 

autocorrelated with 𝐶𝑜𝑣(𝐲𝑡) = 𝜎
2 ∙ 𝐋𝜌 ∙ 𝐋𝜌

𝑇 . The covariance 𝐶𝑜𝑣(𝐲𝑡) = 𝜎
2 ∙ 𝐋𝜌 ∙ 𝐋𝜌

𝑇  is 

structurally equivalent to that of a moving average spatial process. Similar to a feasible general 

least squares estimator, the model can be transformed back to its stochastically independent state 

at 𝑡 − 1 by  

 𝐸 ([𝐋𝜌
𝑇 ]
−1
∙ 𝐲𝑡) = 𝑔

−1 ([𝐋𝜌
𝑇 ]
−1
∙ 𝟏 ∙ 𝛽0 + [𝐋𝜌

𝑇 ]
−1
∙ 𝐗𝑡

𝐵 ∙ 𝛃𝐵 + 𝐗𝐸 ∙ 𝛃𝐸). (9) 
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The time-invariant environmental term 𝐗𝐸 ∙ 𝛃𝐸, which is not part of the migration transition, is 

equivalent to the specification of a spatial lag model in spatial econometrics. Consequently, the 

proposed model becomes a mixed moving average and spatial lag model. 

5. SETTING UP THE UNDERLYING DATA 

The used geographic layout is based on the 508 U.S. State Economic Areas (SEA) for a five-

years period from 1965 to 1970. The 508 × 508 migration matrix 𝐌 of 5-years and older 

population flows was retrieved from U.S. Census website (United States Census Bureau 1972). 

The internal number of stayers from 1965 to 1970 on the diagonal was estimated based on the 5 

years and older population counts at the destinations in 1970 minus in-migrants to each 

destination. 

Figure 3.1 displays the spatial adjacency links among 508 State Economic Areas. To link 

Alaska and Hawaii to the coterminous U.S., Alaska is connected to Seattle and Hawaii is 

connected to Los Angeles. If two State Economic Areas are neighbors, then the value of the 

adjacency linkage matrix is marked as one, otherwise the value is zero.  

 

Figure 3.1. Spatial neighbor links of State Economic Areas 
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The spatial neighbors’ adjacency matrix 𝐀[𝑊] is W-coded (Tiefelsdorf, Griffith, and Boots 

1999). Synthetic risk factors are constructed from a selected set of eigenvectors based on the 

projected matrix: 

 
𝐈 −

𝟏 ∙ 𝟏𝑇

𝑛
∙
1

2
∙ (𝐀[𝑊] + 𝐀[𝑊]

𝑇 ) ∙ 𝐈 −
𝟏 ∙ 𝟏𝑇

𝑛
  (10) 

where 𝟏 is a vector of ones and the expression 𝐈 −
𝟏∙𝟏𝑇

𝑛
 is a simple projection matrix around the 

mean. Eigenvectors are uncorrelated and orthogonal among each other. Each eigenvector 

exhibits a distinctive spatial pattern with a given spatial autocorrelation level. Using these 

eigenvectors as exogenous factors ensures [a] that these uncorrelated exogenous factors do not 

influence each other and [b] they allow an investigator to set their spatial autocorrelation, which 

permits exploring their influence on the model’s endogenous spatial autocorrelation level in a 

controlled setting. However, one has to be careful selecting eigenvectors. The eigenvectors may 

exhibit extreme skewness and kurtosis. This needs to be avoided because eigenvectors with high 

skewness and kurtosis have a few observations in their tails that will dominate the model. In 

other words, the estimates only will measure the effects of these outliers. Figure 3.2 displays the 

relationship between eigenvalues and the skewness and kurtosis the corresponding eigenvectors. 

  

Figure 3.2. Distributional Characteristics of Eigenvectors 
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Our experiments include three bio-behavioral factors 𝐵1,  𝐵2, 𝐵3 and three environmental 

factors 𝐸1, 𝐸2, 𝐸3. The factors 𝐵1 and 𝐸1 have strong positive autocorrelation, 𝐵2 and 𝐸2 have 

almost zero autocorrelation, and 𝐵3 and 𝐸3 exhibit negative autocorrelation. The spatial pattern 

of the selected eigenvectors with their corresponding Moran’s I values are display in Figure 3.3. 

B1 (eigenvector 5: I=1.040) B2 (eigenvector 202: I =0.025) B3 (eigenvector 417: I =-0.426) 

   

E1 (eigenvector 15: I =0.961) E2 (eigenvector 226: I =-0.050) E3 (eigenvector 427: I =-0.441) 

   

Figure 3.3. Spatial patterns of selected synthetic risk factors 

In order to get realistic expected values for rare diseases, such as cancers, all the factors are 

scaled to have a variance of 5. And all the regression coefficients are set as 1 to better observe 

which factor is affected in the simulation experiments. The intercept is set to 10. The expected 

disease rate 𝐲𝑡−1at 𝑡 − 1 in the underlying data generating process is defined as: 

 𝐸(𝒚𝑡−1) = 𝑔
−1(−10 + 1 ∙ 𝐵1𝑡−1 + 1 ∙ 𝐵2𝑡−1 + 1 ∙ 𝐵3𝑡−1

+ 1 ∙ 𝐸3 + 1 ∙ 𝐸2 + 1 ∙ 𝐸1) 

(11) 

with 𝑔−1(∙) being the inverse logistic function. The distribution simulated expected disease rates 

is displayed in Figure 3.4. To obtain data values at second time period 𝑡, the endogenous variable 

𝐲𝑡−1 and the exogenous bio-behavioral risk factors 𝐵1𝑡−1,  𝐵2𝑡−1, 𝐵3𝑡−1 are mapped to the time 

point 𝑡 with the Leroux matrix 𝐋𝜌=𝜌0
𝑇 . In most subsequent experiments 𝜌0 = 1. 
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Figure 3.4. Histogram of simulated disease rates 𝒚𝑡 

6. METHODOLOGY 

Based on the proposed Leroux doubly stochastic matrix, the structural form (Anselin 2003a) of 

disease generating process can be written as  

 𝑔 ([𝐋𝜌
𝑇 ]
−1
∙ 𝐲𝑡) = [𝐋𝜌

𝑇 ]
−1
∙ 𝟏 ∙ 𝛽0 + [𝐋𝜌

𝑇]
−1
∙ 𝐗𝑡

𝐵 ∙ 𝛃𝐵 + 𝐗𝐸 ∙ 𝛃𝐸 (12) 

where 𝑔(∙ ) is the logistic link function. If both sides of the equation are multiplied by Leroux 

matrix 𝐋𝜌
𝑇 , then the reduced form (Anselin 2003a) becomes  

 𝑔(𝐸[𝐲𝑡]) = 𝛽0 + 𝐗𝑡
𝐵 ∙ 𝛃𝐵 + 𝐋𝜌

𝑇 ∙ 𝐗𝐸 ∙ 𝛃𝐸 + 𝛈 with 𝛈~𝑁(𝟎, 𝜎2 ∙ 𝐋𝜌 ∙ 𝐋𝜌
𝑇 ). (13) 

The term 𝛈 is an unobserved spatially structured random effects. Because the environmental risk 

factors enter the linear predictor in the transformed form 𝐋𝜌=�̂�
𝑇 ∙ 𝐗𝐸 so that after mapping the 

linear predictor back to 𝑡 − 1 it takes its original form 𝐗𝐸 = [𝐋𝜌=�̂�
𝑇 ]

−1
∙ 𝐋𝜌=�̂�
𝑇 ∙ 𝐗𝐸. The reduced 

form can be specified as a latent Gaussian model  

 𝑔(𝐸[𝐲𝑡]) = 𝛽0 + 𝐗𝑡
𝐵 ∙ 𝛃𝐵 + 𝐋𝜌

𝑇 ∙ 𝐗𝐸 ∙ 𝛃𝐸 + 𝑓(∙) (14) 

where 𝑓(∙) is a spatial random effect with covariance 𝜎2 ∙ 𝐋𝜌 ∙ 𝐋𝜌
𝑇 , which is assumed to have been 

drawn from a common distribution (Waller & Gotway 2004, p.411). The model parameters 𝛉 =

{𝛽0, 𝛃
𝐵, 𝛃𝐸 , 𝑓} with hyper-parameters 𝝋= {𝜑1, 𝜑2, ⋯ , 𝜑𝑘} are estimated within the Bayesian 

domain by the Integrated Nested Laplace Approximation (INLA), see Rue et al. (2009). INLA is 

implemented in a freely available  package. It can get accurate result with a relative short 

computation time (Rue et al. 2009b).  
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The goal is to get the marginal posterior distributions of the estimated parameters 

 
𝑝(𝜃𝑖|𝑦) = ∫𝑝(𝜃𝑖 , 𝜑|𝑦) 𝑑𝜑 = ∫𝑝(𝜃𝑖|𝜑, 𝑦) 𝑝(𝜑|𝑦)𝑑𝜑, 

(15) 

and the associated hyper-parameters  

 
𝑝(𝜑𝑘|𝑦) = ∫𝑝(𝜑|𝑦)𝑑𝜑−𝑘. 

(16) 

The first step is to compute 𝑝(𝜑|𝑦) so the posterior distributions of hyper-parameters can be 

obtained as  

 
𝑝(𝜑|𝑦) ≈

𝑝(𝜑) ∙ 𝑝(𝜃|𝜑) ∙ 𝑝(𝑦|𝜃)

𝑝(𝜃|𝜑, 𝑦)
|
𝜃=𝜃∗(𝜑)

 
(17) 

where 𝑝(𝜃|𝜑, 𝑦) is the Gaussian approximation based on Laplace method and 𝜃∗(𝜑) is the mode 

of given 𝜑 (Blangiardo & Cameletti 2015). Then the second step is to compute 𝑝(𝜃𝑖|𝜑, 𝑦) to get 

the posterior distributions of 𝜃 as  

 
𝑝(𝜃𝑖|𝜑, 𝑦) ≈

𝑝(𝜃, 𝜑|𝑦)

𝑝(𝜃−𝑖|𝜃𝑖 , 𝜑, 𝑦)
|
𝜃−𝑖=𝜃−𝑖

∗ (𝜃𝑖,𝜑)

 
(18) 

where 𝑝(𝜃−𝑖|𝜃𝑖, 𝜑, 𝑦) is the Gaussian approximation of 𝑝(𝜃−𝑖|𝜃𝑖 , 𝜑, 𝑦) and 𝜃−𝑖
∗ (𝜃𝑖 , 𝜑) denotes its 

mode. Finally, a finite weighted sum is calculated to get the posterior distribution of the 

interested parameters: 

 𝑝(𝜃𝑖|𝑦) ≈∑𝑝(𝜃𝑖|𝜑𝑘, 𝑦)

𝑘

∙ 𝑝(𝜑𝑘|𝑦) ∙ ∆𝑘 
(19) 

where ∆𝑘 is the corresponding weight of 𝜑𝑘. 

The underlying migration effect model structure is coded following the guidelines of Bivand 

et al. (2015) INLA extensions. In order to improve computation efficiency, Window’s sockets 

(Winsock) is employed to allow for parallel computations on multi-core CPUs with the  

package doParallel. 

7. RESULTS OF THE CONTROLLED EXPERIMENTS 

This research evaluates several model misspecification scenarios: aspatial models, wrong 

specifications spatial structure, missing variables, assign environmental factors incorrectly as 

bio-behavioral factors and vice versa, and so on. The misspecified model estimates are always 

compared with the properly specified model. In all tables the values in bracket display 𝛼-errors 
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of the estimated regression coefficients associated with tests 𝐻0: 𝛽 = 1 against 𝐻1: 𝛽 ≠ 1 of the 

target autocorrelation level 𝐻0: 𝜌 = 1 against 𝐻1: 𝜌 ≠ 1. The reported regression coefficients of 

different misspecification experiments are marked in red if they are significantly different from 

the reference coefficients with the 𝛼-error smaller than 0.05. 

7.1 Specifications and misspecification of the underlying spatial model structures 

The first line of Table 3.1 shows the target coefficients of the underlying data generating process. 

To incorporate the randomness into the result, the second line shows the regression results of 

properly specified Leroux model averaged over 25 experiments based on randomized disease 

rates following a binomial distribution. The third line displays the estimated regression 

coefficients of the properly specified Leroux model based on the 𝐸(𝐲𝑡) without randomization. 

The results relying on the 25 randomized simulations and the expected disease rates are almost 

identical and are very close to the pre-defined regression coefficients. This means one can 

directly use the expected disease rates at 𝑡 to test the model properties instead of performing 

randomized simulations to get the realistic results. This cuts the computation burden down 

substantially. Based on this finding, all following simulation experiments are implemented with 

the expected disease rates. The properly specified model fully considers the migration effects 

with 𝜌0 = 1. The estimated model is not able to accurately identify the underlying disease 

generating process because �̂� = 0.65. This is due to the non-linear link function where mixed 

disease rates 𝐲𝑡 and the mixed behavioral factors 𝐗𝑡
𝐵 are not linearly related. Furthermore, the 

estimate �̂� has a large standard error (see Figure 3.5) because the inherent spatial relationships in 

the migration matrix with the full diagonal of stayers are relatively weak. 

Table 3.1. Comparison between properly specified model and mis-specified spatial models 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Properly specified 

Leroux model based on 

25 simulations 

0.99 

(0.86) 

1.00 

(0.97) 

1.03 

(0.66) 

0.98 

(0.68) 

0.94 

(0.28) 

0.91 

(0.06) 

0.64 

(0.26) 

2651.47 

Properly specified 

Leroux model 

1.00 

(0.92) 

0.99 

(0.88) 

1.02 

(0.78) 

0.98 

(0.72) 

0.93 

(0.21) 

0.91 

(0.07) 

0.65 

(0.28) 

2184.62 
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Properly specified 

Leroux model with 𝝆𝟎 =
𝟎 

1.00 

(0.95) 

1.00 

(0.95) 

1.00 

(1.00) 

1.00 

(0.96) 

1.00 

(0.97) 

1.00 

(0.97) 

-0.00 

(0.99) 

2157.48 

Aspatial model  

(ignoring 𝐋𝝆) 

0.99 

(0.89) 

0.99 

(0.88) 

0.99 

(0.90) 

0.89 

(0.02) 

0.83 

(0.00) 

0.80 

(0.00) 

 2185.81 

SAR model with spatial 

adjacency matrix in the 

doubly stochastic 

standardization 

1.00 

(0.91) 

0.99 

(0.88) 

0.99 

(0.90) 

0.89 

(0.02) 

0.83 

(0.00) 

0.80 

(0.00) 

-0.01 

(0.00) 

2188.00 

 

SMA model with spatial 

adjacency matrix in the 

doubly stochastic 

standardization 

1.00 

(0.91) 

0.99 

(0.89) 

0.99 

(0.89) 

0.90 

(0.04) 

0.83 

(0.00) 

0.80 

(0.00) 

-0.01 

(0.00) 

2188.03 

SMA model with the 

migration flow matrix 

(without diagonal) in the 

doubly stochastic 

standardization 

0.99 

(0.75) 

0.99 

(0.90) 

1.00 

(0.97) 

0.83 

(0.00) 

0.84 

(0.00) 

0.83 

(0.00) 

0.20 

(0.00) 

2187.25 

The next model is based on a data generating process without migration effects, that is, 𝜌0 =

0. The regression coefficients remain unbiased. Not accounting for the migration effects and 

performing an aspatial estimation biases the estimates of the environmental risk factors. This is 

analogue to the findings found for Gaussian spatial process with a mixture of spatially lagged 

and un-lagged exogenous variables. Moreover, incorrectly assuming a simultaneous 

autoregressive model (SAR) with the covariance matrix 𝜎2 ∙ (𝐈 − 𝜌 ∙ 𝐃)−1 (𝐈 − 𝜌 ∙ 𝐃𝑇)−1 or 

spatial moving average model (SMA) with the covariance matrix  𝜎2 ∙ (𝐈 + 𝜌 ∙ 𝐃)(𝐈 + 𝜌 ∙ 𝐃𝑇) 

rather than the Leroux specification biases the estimates of the environmental risk factors as well 

as the estimated spatial autocorrelation level �̂�. If we look at the deviance information criterion 

(DIC) in the last column, which is a criterion used for selecting Bayesian model, we observe the 

properly specified model with 𝜌0 = 1 has the lowest DIC and other misspecifications have larger 

DIC than the properly specified model. The reason for looking at the SAR model and SMA 

model is because they are more generic than the Leroux model in spatial analysis. Both 

misspecifications are implemented with doubly stochastic spatial adjacency matrix, which is 

moderately correlated with the doubly stochastic migration matrix without diagonals (𝛾 =

0.680). The spatial link matrix that focus on the short scale between regions shares some 

information with the migration matrix without diagonals because most people migrate to regions 
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nearby. Due to the generic use of the spatial link matrix, SAR model and SMA model are 

implemented with the doubly stochastic spatial link matrix to observe how misspecifications 

impact the results. The wrong covariance matrix and the wrong spatial link matrix used for SAR 

and SMA models cause the underestimation of coefficients of environmental factors. And the 

estimated �̂� is almost identical to 0, which means no spatial autocorrelation effects are detected. 

Usually, the number of stayers in a region are not reported so the information on the diagonal of 

the migration matrix is missing. Therefore, the SMA model with doubly stochastic migration 

matrix with zeros on is diagonal is tested against SMA model with doubly stochastic spatial 

adjacency matrix. Based on DIC the mis-specified migration model performs better. 

7.2 Increasing the length of the migration accounting period 

In the previous experiments, the 1965-1970 SEA-to-SEA migration matrix is used to control for 

the migration effect of cancers. However, cancers usually have latency periods substantially 

longer than 5 years, which does not match the accounting period of the migration matrix. As the 

duration of accounting period is extended, the number of migrants increases as well, and the 

diagonals decrease correspondingly. Therefore, the following experiments shift the migrants 

from diagonals to off-diagonals to strengthen the spatial relationship among the regions. One can 

expect that �̂� increases towards the expected value and the corresponding standard error shrink.  

Based on the proposed steps, the properly specified model is implemented again for 10%, 

25%, 50%, 75%, and 100% adjusted migration matrices, see Table 3.2. One can observe, as the 

proportion of the shifted migrants increases, the estimated value of �̂� is approaching to the target 

value, 1. This phenomenon shows that the estimated results are more stable when the migration 

effects get stronger. It is unrealistic for all people move out from origins to destinations and one 

needs to consider return migration, therefore 𝑝 = 50% is chosen for comparing the 

misspecification experiments to observe the differences.  

Table 3.2. Properly specified model for a spectrum of shifted migration matrices 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Leroux model with 𝐌[𝝅=𝟏] 1.00 

(0.92) 

0.99 

(0.88) 

1.02 

(0.78) 

0.98 

(0.72) 

0.93 

(0.21) 

0.91 

(0.07) 

0.65 

(0.28) 

2184.62 

Shifted matrix 𝐌[𝝅=𝟎.𝟗] 0.99 

(0.83) 

0.99 

(0.84) 

1.02 

(0.78) 

0.99 

(0.88) 

0.94 

(0.32) 

0.89 

(0.04) 

0.78 

(0.32) 

2201.50 
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Shifted matrix 𝐌[𝝅=𝟎.𝟕𝟓] 0.99 

(0.88) 

0.99 

(0.89) 

1.03 

(0.72) 

1.08 

(0.91) 

0.96 

(0.56) 

0.88 

(0.08) 

0.91 

(0.53) 

2218.61 

Shifted matrix 𝐌[𝝅=𝟎.𝟓] 0.99 

(0.91) 

0.99 

(0.95) 

1.03 

(0.80) 

1.02 

(0.79) 

1.02 

(0.88) 

0.99 

(0.44) 

1.00 

(0.96) 

2232.22 

Shifted matrix 𝐌[𝝅=𝟎.𝟐𝟓] 1.00 

(1.00) 

1.06 

(0.80) 

1.01 

(0.97) 

1.04 

(0.66) 

1.08 

(0.73) 

1.02 

(0.95) 

1.00 

(1.00) 

2235.75 

Shifted matrix 𝐌[𝝅=𝟎.𝟎] 1.02 

(0.84) 

1.10 

(0.83) 

0.96 

(0.91) 

1.07 

(0.53) 

0.90 

(0.80) 

1.06 

(0.85) 

1.00 

(1.00) 

2233.51 

The estimated coefficients of 50% adjusted migration matrix are almost identical to the pre-

defined reference parameters, especially the estimated value of �̂�. Also the standard error of �̂� 

shrinks dramatically for 50% adjusted migration matrix, which confirms the previous expectation 

(see Figure 3.5).  

(a) The posterior distribution of 𝜌 of 

unadjusted migration matrix 

(b) The posterior distribution of 𝜌 of 50% 

adjusted migration matrix 

  

Figure 3.5. Comparison of 𝜌 between unadjusted and 50% adjusted migration matrices 

Comparing the experiments in Tables 3.1 and 3.3, one can observe the estimated coefficients 

of environmental factors in Table 3.3 are much smaller for the mis-specified estimation 

equations, which means the environmental factors have less influence as the migration effect gets 

stronger. DIC values in Table 3.3 are not comparable with those in Table 3.1 because the models 

are fitted based on different migration specifications of the data generating process. However, 

DIC values in Table 3.3 indicate the spatial moving average model with migration matrix that 

does not have diagonals performs better than the other misspecifications. And the corresponding 

�̂� is larger than 1, which proves the estimated autocorrelation level �̂� can exceed the theoretical 

upper level of 1. 
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Table 3.3. Comparison between properly specified model and mis-specified spatial models for 

the shifted migration matrix 𝑴[𝜋=0.5] 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Properly specified 

Leroux model 

0.99 

(0.91) 

0.99 

(0.95) 

1.03 

(0.80) 

1.02 

(0.79) 

1.02 

(0.88) 

0.91 

(0.44) 

1.00 

(0.96) 

2232.22 

Aspatial model  

(ignoring 𝐋𝝆) 

1.01 

(0.87) 

1.00 

(1.00) 

1.00 

(1.00) 

0.60 

(0.00) 

0.41 

(0.00) 

0.31 

(0.00) 

 2264.00 

SAR model with spatial 

adjacency matrix in the 

doubly stochastic matrix 

1.01 

(0.89) 

1.00 

(0.99) 

1.00 

(1.00) 

0.56 

(0.00) 

0.41 

(0.00) 

0.32 

(0.00) 

0.07 

(0.00) 

2265.71 

MA model with spatial 

adjacency matrix in the 

doubly stochastic matrix 

1.01 

(0.90) 

1.00 

(0.99) 

1.00 

(1.00) 

0.57 

(0.00) 

0.42 

(0.00) 

0.33 

(0.00) 

0.11 

(0.00) 

2265.80 

MA model with the 

migration flow matrix 

(without diagonal) in the 

doubly stochastic matrix 

0.98 

(0.67) 

1.01 

(0.96) 

1.02 

(0.89) 

0.41 

(0.00) 

0.43 

(0.00) 

0.32 

(0.00) 

1.33 

(0.48) 

2254.68 

7.3 Wrong assignment of risk factors to either the environmental or bio-behavioral 

category 

Table 3.4 displays the misspecifications if a bio-behavioral factor is incorrectly assigned to the 

environmental category and vice versa an environmental factor is incorrectly treated as a bio-

behavioral factor. And Table 3.5 shows the results of the same misspecifications for a 50% 

shifted migration matrix 𝐌[𝜋=0.5] in the doubly stochastic form. For instance, in empirical studies 

some risk factors such as the population density act either as environmental or behavioral risk 

factor. Ultimately, one would need to add these variables in both forms with their individual 

autocorrelation levels into the model. This, however, would increase the complexity of the model 

substantially. The impact of this assignment uncertainty is evaluated in the following experiment 

with regards to the underlying data generating process.  

One can expect the estimated regression coefficient of the misclassified factor becomes 

biased. In Table 3.4, the mis-classification of bio-behavioral risk factors does not show a clear 

pattern. Interestingly, however, the spatial autocorrelation level drops substantially if the 

negatively autocorrelated bio-behavioral factor is mis-assigned to the environmental category. A 

mis-classification of the environmental factors biases their regression coefficients downwards. 
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The DIC values of misspecifications and the properly specified models are very close because 

the two groups of factors have similar structures.  

Table 3.4. Wrongly categorized risk factors for the original migration matrix 𝑴[𝜋=1] 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Properly specified 

Leroux model 

1.00 

(0.92) 

0.99 

(0.88) 

1.02 

(0.78) 

0.98 

(0.72) 

0.93 

(0.21) 

0.91 

(0.07) 

0.65 

(0.28) 

2184.62 

Treat B1 as 

environmental factor 

1.06 

(0.20) 

0.99 

(0.90) 

1.02 

(0.80) 

0.98 

(0.67) 

0.93 

(0.21) 

0.92 

(0.11) 

0.68 

(0.30) 

2184.11 

Treat B2 as 

environmental factor 

1.00 

(0.97) 

1.08 

(0.26) 

1.02 

(0.74) 

0.98 

(0.64) 

0.92 

(0.17) 

0.90 

(0.04) 

0.60 

(0.17) 

2184.58 

Treat B3 as 

environmental factor 

1.00 

(0.92) 

0.99 

(0.90) 

1.08 

(0.25) 

0.95 

(0.27) 

0.89 

(0.03) 

0.86 

(0.00) 

0.37 

(0.01) 

2186.13 

Treat E1 as behavioral 

factor 

1.00 

(0.98) 

0.99 

(0.83) 

1.01 

(0.86) 

0.91 

(0.04) 

0.98 

(0.78) 

0.97 

(0.56) 

0.96 

(0.94) 

2184.31 

Treat E2 as behavioral 

factor 

0.99 

(0.90) 

0.99 

(0.88) 

1.01 

(0.88) 

0.96 

(0.43) 

0.83 

(0.00) 

0.89 

(0.03) 

0.52 

(0.20) 

2186.14 

Treat E3 as behavioral 

factor 

0.99 

(0.88) 

0.99 

(0.92) 

1.01 

(0.84) 

0.99 

(0.82) 

0.95 

(0.37) 

0.80 

(0.00) 

0.73 

(0.51) 

2185.23 

In contrast, the estimated coefficients of the misclassified variable become significantly 

biased for the shifted migration matrix 𝐌[𝜋=0.5] in Table 3.5. The coefficients of the wrongly 

assigned behavioral factors become significantly larger than their target value of one and the 

spatial autocorrelation level decreases slightly. On the other hand, the coefficients of the wrongly 

assigned environmental factors drops again slightly. The larger DIC values of models treating 

environmental factors as behavioral factors are overall larger than those of models treating 

behavioral factors as environmental factors. Ultimately, this experiment demonstrates the 

sensitive of model estimates when risk factors are improperly assigned to the wrong category. 

Table 3.5. Wrongly categorized risk factors for the shifted migration matrix 𝑴[𝜋=0.𝟓] 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Properly specified 

Leroux model 

0.99 

(0.91) 

0.99 

(0.95) 

1.03 

(0.80) 

1.02 

(0.79) 

1.02 

(0.88) 

0.91 

(0.44) 

1.00 

(0.96) 

2232.22 

Treat B1 as 

environmental factor 

1.25 

(0.00) 

1.00 

(0.98) 

1.03 

(0.84) 

0.98 

(0.73) 

0.97 

(0.76) 

0.90 

(0.36) 

0.99 

(0.91) 

2237.29 
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Treat B2 as 

environmental factor 

1.00 

(0.93) 

1.78 

(0.00) 

1.03 

(0.82) 

0.99 

(0.94) 

0.99 

(0.93) 

0.85 

(0.18) 

0.98 

(0.88) 

2235.38 

Treat B3 as 

environmental factor 

0.99 

(0.89) 

0.99 

(0.93) 

1.87 

(0.00) 

0.99 

(0.84) 

0.93 

(0.54) 

0.81 

(0.07) 

0.97 

(0.58) 

2238.06 

Treat E1 as behavioral 

factor 

1.03 

(0.59) 

1.00 

(0.97) 

1.02 

(0.89) 

0.61 

(0.00) 

1.03 

(0.79) 

1.00 

(1.00) 

1.00 

(1.00) 

2246.23 

Treat E2 as behavioral 

factor 

1.01 

(0.94) 

0.99 

(0.91) 

1.02 

(0.90) 

1.00 

(0.97) 

0.40 

(0.00) 

0.89 

(0.32) 

0.98 

(0.88) 

2240.72 

Treat E3 as behavioral 

factor 

0.97 

(0.60) 

1.00 

(0.97) 

1.03 

(0.82) 

0.99 

(0.94) 

0.97 

(0.77) 

0.28 

(0.00) 

0.94 

(0.62) 

2243.48 

 

7.4 The impact of under- and over-specified model specifications with regards to the 

risk factors 

It is common in empirical studies to miss relevant exogeneous factors either due to their 

unavailability or due to lack of knowledge on the researcher’s part. Most exogenous factors in 

spatial studies will exhibit some degree of positive spatial autocorrelation. This autocorrelation 

will spill over into the unexplained component model by the spatially structured random effect. 

Thus for missed variables with positive autocorrelation the estimated autocorrelation level �̂�  will 

increase. For the same reason, the expected value of �̂� should shrink if a factor with negative 

autocorrelation level is missing from the model. Table 3.6 summarized these misspecification 

experiments by systematically excluding one factor at a time for the original migration matrix. 

One observes that an excluded bio-behaviorial factor can induce a bias into the estimated 

coefficients of the environmental factors. Furthermore, for excluded bio-behaviorial factors the 

estimated autocorrelation levels show the expected pattern: for missing 𝐵1 with positive 

autocorrelation �̂� > 1 and for missing 𝐵3 with negative autocorrelation �̂� < 0.  

Table 3.6. Under-specified models for the original migration matrix 𝑴[𝜋=1] 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Properly specified 

Leroux model 

1.00 

(0.92) 

0.99 

(0.88) 

1.02 

(0.78) 

0.98 

(0.72) 

0.93 

(0.21) 

0.91 

(0.07) 

0.65 

(0.28) 

2184.62 

Missing B1 
 

0.99 

(0.85) 

1.00 

(0.99) 

1.12 

(0.13) 

1.14 

(0.09) 

1.02 

(0.78) 

1.57 

(0.05) 

2542.43 

Missing B2  1.00 

(0.99) 

 

1.04 

(0.56) 

0.95 

(0.35) 

1.01 

(0.92) 

0.89 

(0.02) 

0.54 

(0.17) 

2415.68 

Missing B3  0.97 

(0.44) 

1.03 

(0.70) 

 

0.88 

(0.01) 

0.76 

(0.00) 

0.78 

(0.00) 

-0.69 

(0.00) 

2426.93 
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Missing E1  1.02 

(0.77) 

0.96 

(0.56) 

1.07 

(0.33) 

 

 

0.85 

(0.01) 

0.82 

(0.00) 

-0.01 

(0.15) 

2505.16 

Missing E2  1.02 

(0.58) 

1.09 

(0.17) 

1.04 

(0.54) 

1.00 

(0.97) 

 

0.88 

(0.02) 

0.68 

(0.39) 

2453.60 

Missing E3 0.99 

(0.84) 

1.00 

(0.98) 

1.06 

(0.39) 

0.96 

(0.54) 

0.89 

(0.09) 

 

0.55 

(0.35) 

2470.35 

Table 3.7 shows the results of missing exogenous factors based on the shifted migration 

matrix 𝐌[𝜋=0.5]. When eliminating the bio-behavioral factor 𝐵1 with positive autocorrelation, the 

estimated value of �̂� exceeds its target level of one and �̂� drops below its target level of one 

when deleting 𝐵3 with negative autocorrelation. There is no significant effect on �̂� when missing 

𝐵2 with weak autocorrelation. Excluding environmental factors has no effect on the 

autocorrelation levels. That the misspecification effects for the original migration matrix 𝐌[𝜋=1] 

are considerably more pronounced is subject the fact that the spatial information in the 

exogenous factors is substantially more pronounced compared to the weak spatial signal in the 

𝐌[𝜋=0.5] matrix with its strong diagonal. The increase in the DIC values in Tables 3.6 and 3.7 

show stronger misspecification effects when an exogenous variable with positive autocorrelation, 

especially the bio-behavioral factor 𝐵1, is excluded from the model.  

Table 3.7. Under-specified models for the shifted migration matrix 𝑴[𝜋=0.5] 

Model specifications 𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝝆 𝑫𝑰𝑪 

Target parameters 1 1 1 1 1 1 1 
 

Properly specified 

Leroux model 

0.99 

(0.91) 

0.99 

(0.95) 

1.03 

(0.80) 

1.02 

(0.79) 

1.02 

(0.88) 

0.91 

(0.44) 

1.00 

(0.96) 

2232.22 

Missing B1 
 

0.96 

(0.73) 

1.01 

(0.97) 

1.15 

(0.14) 

1.29 

(0.08) 

1.10 

(0.56) 

1.16 

(0.15) 

2440.88 

Missing B2 0.99 

(0.80) 

 

1.03 

(0.84) 

1.02 

(0.84) 

1.06 

(0.62) 

0.91 

(0.46) 

1.01 

(0.95) 

2298.59 

Missing B3 0.98 

(0.69) 

1.00 

(0.98) 

 

1.01 

(0.93) 

0.98 

(0.83) 

0.90 

(0.35) 

0.98 

(0.89) 

2289.32 

Missing E1 1.05 

(0.45) 

0.99 

(0.86) 

1.07 

(0.60) 

 

1.01 

(0.91) 

0.91 

(0.45) 

1.00 

(0.97) 

2412.78 

Missing E2 1.02 

(0.73) 

1.03 

(0.79) 

1.04 

(0.79) 

1.04 

(0.61) 

 

0.95 

(0.70) 

1.01 

(0.92) 

2303.61 

Missing E3 1.00 

(0.99) 

1.01 

(0.91) 

1.08 

(0.54) 

1.06 

(0.43) 

1.09 

(0.48) 

 

1.04 

(0.73) 

2288.69 
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Table 3.8. Over-specified models with irrelevant variable included either as bio-behavioral or 

environmental factor 

Model 

specifications 

𝜷𝑩𝟏 𝜷𝑩𝟐 𝜷𝑩𝟑 𝜷𝑬𝟏 𝜷𝑬𝟐 𝜷𝑬𝟑 𝜷𝟒 𝝆 𝑫𝑰𝑪 

Target 

parameters 

1 1 1 1 1 1 0 1 
 

Aspatial model 0.99 

(0.90) 

0.99 

(0.88) 

0.99 

(0.89) 

0.89 

(0.02) 

0.83 

(0.00) 

0.80 

(0.00) 

-0.01 

(0.83) 

 2187.76 

Original matrix 

𝐌[𝝅=𝟏]. Added as 

behavioral 

factor 

1.00 

(0.97) 

0.99 

(0.88) 

1.02 

(0.77) 

0.99 

(0.83) 

0.95 

(0.37) 

0.92 

(0.13) 

-0.04 

(0.34) 

0.75 

(0.45) 

2185.85 

Original matrix 

𝐌[𝝅=𝟏]. Added as 

environmental 

factor 

1.00 

(0.97) 

0.99 

(0.88) 

1.02 

(0.76) 

0.99 

(0.82) 

0.95 

(0.36) 

0.92 

(0.13) 

-0.04 

(0.36) 

0.75 

(0.44) 

2185.90 

Shifted matrix 

𝐌[𝝅=𝟎.𝟓]. Added 

as behavioral 

factor 

1.00 

(0.93) 

0.99 

(0.96) 

1.04 

(0.78) 

1.02 

(0.78) 

1.03 

(0.79) 

0.92 

(0.51) 

-0.02 

(0.51) 

1.00 

(0.98) 

2233.89 

Shifted matrix 

𝐌[𝝅=𝟎.𝟓]. Added 

as 

environmental 

factor 

0.99 

(0.92) 

0.99 

(0.96) 

1.04 

(0.79) 

1.02 

(0.79) 

1.03 

(0.84) 

0.92 

(0.48) 

-0.02 

(0.67) 

1.00 

(0.99) 

2234.08 

The final experiment explores how the adding an irrelevant factor affects the model’s 

coefficient estimates and fit. We have added here the highly positively autocorrelated first 

eigenvector to the model. Note that this eigenvector is again uncorrelated with the other factors 

in the model. Table 3.8 reports the estimated regression results of adding one irrelevant variable 

for both the original migration matrix 𝐌[𝜋=𝟏] and shifted migration matrix 𝐌[𝜋=0.5]. The 

expectation is that there is no influence of the added irrelevant variable on either the estimated 

regression coefficients or the estimated spatial autocorrelation level because this irrelevant factor 

is uncorrelated with the disease generating process. However, one can expect that the DIC 

deteriorates because the over-specification leads to an increase in the estimation complexity. 

Table 3.8 shows that, no matter whether an irrelevant behavioral factor or an irrelevant 
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environmental factor is added to the model, the estimated coefficients of the irrelevant factor are 

almost 0 and DIC does only increase marginally. 

8. CONCLUSION 

Overall, the proposed migration effect model is sound and robust for properly specified models 

that follows the data generating process. It allows identifying the underlying disease generating 

process at 𝑡 − 1 from observed data at 𝑡. The proposed model structure also allows working with 

Poisson or negative binomial distributed regional disease counts. Model misspecifications bear a 

risk of biased estimates. This is in particular relevant for the stronger spatial relationships in the 

shifted migration matrix 𝐌[𝜋=0.5]. Furthermore, the estimates related to the environmental risk 

factors are more sensitive to model misspecifications. In addition, the autocorrelation coefficient 

𝜌 can take unrealistic values under model misspecifications. Experiments with other model 

misspecifications, such as bio-behavioral and environmental risk factors with an added stochastic 

error at 𝑡 or correlated exogenous risk factors, can be conducted in the future. The specification 

of the estimated model can be relaxed in future work by allowing each exogenous risk factor 

having its own autocorrelation coefficient 𝜌 or by entering it both as a bio-behavioral and 

environmental factor and let the estimator identify to which category it belongs. For �̂� ≈ 0 the 

risk factor is an environmental variable and for �̂� ≈ 1 the risk factor is a bio-behavioral variable. 

In order to account for regional varying age distributions, baseline birth and death rates, a full-

fledged regional cohort component projection model could be employed, however, this is beyond 

current computational capabilities. The straightforward parallel implementation and the INLA 

estimator has reduce computation time of our experiments substantially. Without these 

computational advances our experiments would have been infeasible. 
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CONCLUSION 

Migration induced autocorrelation can be addressed from two perspectives: [a] interregional 

mixing effects due to migration, and [b] network autocorrelation among migration flows. The 

disease mapping paper employs the first perspective. It adopts a spatio-temporal perspective to 

control for the migration induced uncertainties in both observed exogenous and endogenous 

variables and to identify the underlying disease generating process. Rather than using an 

amorphous spatial link matrix, the disease mapping paper explicitly formulates the data 

generating process building to a well-defined dynamic demographic process. It also explicitly 

distinguishes between exogenous factors which are influenced by spatial interaction and those 

that are not affected. The second perspective is investigated in the spatial interaction paper. It 

proposes five alternative network autocorrelation specifications, which are based explicitly on 

specific spatial scale assumptions, and identifies the empirically most relevant network 

autocorrelation structure. Finally, the third paper proposes a hybrid spatial stochastic migration 

adjusted model based on Leroux’s specification and a doubly stochastic matrix with non-zero 

diagonal elements. It evaluates the sensitivity of the proposed model by various misspecification 

experiments that augment the disease mapping paper. All estimation procedures in the three 

papers are implemented with high computation efficiency based on [a] a simulation-free 

Bayesian integrated nested Laplace approximation, [b] Intel’s basic linear algebra subroutines 

(BLAS), and [c] and an “embarrassingly parallel” estimation procedure. Following the 

reproducibility paradigm in academia two R-packages, CancerSEA and NetworkSAC, with 

the corresponding data and the used analytical code have been developed to supplement this 

research. 

The core algorithm of this research, that is, the integrated nested Laplace approximation, is 

becoming more and more widely used in Bayesian inference. In contrast to the conventional 

simulation-based MCMC, which uses posterior sampling methods, the INLA algorithm performs 

Bayesian analyses via numerical integration. In comparison to MCMC it returns the almost 

identical fixed effect estimates. The major shortcoming of INLA is that it cannot evaluate 
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multivariate posteriori distributions. Moreover, INLA is not as flexible in terms of complex the 

model specifications and un-conventual priori distributions. 

This research has some limitations. The first paper stochastically rather than demographically 

controls for the migration effects to understand the disease generating process. Due to the long 

latency period of many cancers and degenerative diseases, the risk factors should date further 

back in time and the accounting period of the migration matrix should match that of the disease 

generating process. This temporal misalignment of data impacts the first study. Furthermore, due 

the different spatial aggregation levels, the smoking rates become insignificant after controlling 

migration effect. The assumption that migration is a discrete process between two points in time 

is simplistic. The real disease generating process operates in the continuous domain. Moreover, 

two ecological fallacy problems affect the study: firstly, the interregional migration rates are 

assumed to be invariant for all demographic age-sex strata within a regional system; secondly, 

the risk factors vary greatly within each SEA. Therefore, the use of aggregated summary 

statistics diminishes the model’s ability to unequivocally identifying the underlying disease 

generating process. Finally, it is difficult to classify proxy variables such as the population 

density into either the bio-behavioral or environmental category. In future disease mapping 

studies, the migration induced uncertainties could be better controlled if appropriate data on 

matching spatio-temporal scales are obtained. On the state level sufficient data can be collected 

but this increases the risk of committing ecological fallacies. 

The negative binomial regression model always underestimates the predicted migration 

counts although it accounts for the over-dispersion. A Poisson regression may be conducted to 

compare results of both regression models. Moreover, the size of the [𝑛 ∙ (𝑛 − 1)] × [𝑛 ∙

(𝑛 − 1)] network autocorrelation matrix becomes a computational burdensome when the 

research moves to SEA or county level interaction data. Thus, computational improvements are 

needed for future network autocorrelation studies. The INLABMA can be extended to allow for 

modelling two a more network autocorrelation structures simultaneously with their associated 

autocorrelation levels. 

The third paper implements several controlled experiments to understand the properties and 

sensitivity of the proposed model based on a doubly stochastic matrix and stayers on the 
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diagonal of the migration matrix. In this paper the synthetic bio-behavioral and environmental 

risk factors are by design uncorrelated. Nevertheless, in reality the bio-behavioral and 

environmental risk factors may be correlated either within each factor group or cross both factor 

groups. One can use a rotation matrix to build within-group and cross-group relationships and 

identify how properties of the Leroux model change in a more complex scenario. 
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APPENDIX A 

 THE RANDOM EFFECT UNDER MODEL MISSPECIFICATIONS 

The objective of this appendix is to demonstrate with limited simulation experiments how the 

estimated spatial autocorrelation level �̂�  of the random effect varies under specific model 

misspecifications. An investigation of the impact of model misspecifications is paramount in 

empirical research: investigators will never be perfectly certain that they have properly specified 

an underlying data generating process. The motivation for this investigation stems from the 

observation that the estimated autocorrelation level �̂� = 1.3 of the final model in section 5.2 falls 

outside its feasible range for a stationary autoregressive spatial network process. 

Simulating the Data Generating Process 

The underlying idea of the simulation experiment is to setup a data generating process which has 

three complementing pairs of origin characteristics and destination attributes as well as the 

interprovincial log-distance, ln(𝑑𝑖𝑗) , as exogenous variables. Each pair is spatially either [a] 

positive autocorrelated, [b] spatially independent, or [c] negative autocorrelated but among each 

other. Furthermore, the distance effect ln(𝑑𝑖𝑗) exhibits strong positive spatial autocorrelation (𝐼 =

0.96) based on the network linkage specification used in this simulation study. Note that ln(𝑑𝑖𝑗) 

will also be to some degree correlated with the pairs of origin characteristics and destination 

attributes. Moreover, a strong positively autocorrelated random effect with 𝜌 = 0.8  based on the 

network specification used in the simulation study is added to the model specification. Dropping 

any of the exogenous variables, thus purposefully mis-specifying the genuine data generating 

process, should lead to biased estimates of �̂�, which perhaps will even fall outside the feasible 

range. 

The three pairs of origin characteristics and destination attributes are carefully chosen from the 

eigenvectors based on the 31 × 31 provincial adjacency matrix 𝐒𝐴 in the 𝑆-coding scheme and 

extracted from 𝐌[1] ∙
1

2
(𝐒𝐴 + 𝐒𝐴

𝑇) ∙ 𝐌[1] . From each set of positive, neutral and negative 

autocorrelated eigenvectors one is chosen those distributions is fairly balanced (see Fig. A.1). 

Note, hand-picking eigenvectors is crucial because eigenvectors of spatial link matrices can exhibit 
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Figure A.1. Distributions of selected eigenvectors 
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quite degenerated distributions with excessive kurtosis and/or skewness. Each eigenvector, when 

mapped, exhibits a distinct spatially autocorrelated pattern (see Fig. A.1). 

Each eigenvector 𝐞 is expanded into pairs 𝐞𝑖 and 𝐞𝑗 of origin characteristics and destination 

attributes, respectively, and subsequently rescaled by the factor 2.5. Also, the interprovincial 

distances 𝑑𝑖𝑗 is divided by 100,000. The rescaling is necessary to obtain predicted migration 

flows 𝑚𝑖𝑗 within a meaningful range while setting each regression coefficient explicitly to plus 

or minus one. The random effect is obtained by drawing a random 31 × 30 vector 𝛆 whose 

components are independently identically normal distributed with an expectation of zero and a 

variance of 𝜎2 = 0.12. The random vector 𝛆 is transformed into a spatially autocorrelated 

random effect by 𝛈 = (𝐈 − 𝜌 ∙ 𝐒𝑁)
−1 ∙ 𝛆 where 𝐒𝑁 is a 𝑆-coded network matrix and 𝜌 = 0.8. To 

reduce the computational burden 𝐒𝑁 is composed of just origin-based long-range network 

connections among the flows. Ultimately, the underlying data generating process is specified by 

 
𝐦 = exp(1 + 𝐞𝑖

+ − 𝐞𝑗
+ + 𝐞𝑖

0 − 𝐞𝑗
0 + 𝐞𝑖

− − 𝐞𝑗
− − ln(𝐝)⏟                          

fixed effect

+  𝛈 ⏟
random effect

) (A1) 

Note the alternating signs of the pull and push factors. Each of the subsequent experiments is 

evaluated multiple times using the same set of 25 random vectors 𝛆 . The simulations forgo 

additional Poisson variation to keep the experiments tightly controlled. Only the random effect 𝛈 

in Eq. A1 contributes to random variations in the predicted flows 𝐦 = [𝑚1,2, … ,𝑚31,30 ]
𝑇 . 

Clearly, the variances of the fixed and random effect determine whether the systematic or the 

stochastic component contribute more to the predicted flows. 

The Impact of Model Misspecifications on the Estimated Autocorrelation Level 

For each experiment the resulting 25 posteriori distributions of �̂� are pooled together. Table A.1 

reports the estimated means of �̂� and their standard deviations for several model specifications. 

The feasible range of 𝜌  for an autoregressive spatial process with the network matrix 𝐒𝑁  is 

determined by the inverse of its smallest and largest eigenvalues, 𝜆𝑚𝑖𝑛 and 𝜆𝑚𝑎𝑥 , respectively 

(Tiefelsdorf 2006, p.54). In this case the feasible range is 𝜌 ∈ ] 1

𝜆𝑚𝑖𝑛
= −0.625, 1

𝜆𝑚𝑎𝑥
= 1.108[.  
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Table A.1. Impact of model specification on the posteriori distribution of �̂� 

Model Posterior Mean of �̂� 

Target Value 𝜌 = 0.8 

Posterior Standard 

Deviation of �̂� 

Full specification of Eq. A1 0.8207 0.0387 

Mis-specified models dropping   

ln(𝑑𝑖𝑗) 1.1743 0.1287 

𝐞𝑖
+ and 𝐞𝑗

+ 1.0691 0.1118 

𝐞𝑖
0 and 𝐞𝑗

0 0.6639 0.0417 

𝐞𝑖
− and 𝐞𝑗

− 0.3410 0.0496 

The mean autocorrelation level �̂� of the properly specified model, which follows the data 

generating process in Eq. A1, comes close to the target level but appears to be slightly upwards 

biased. Excluding variables with strong positive autocorrelation from model specification, either 

ln(𝑑𝑖𝑗) or the pair 𝐞𝑖
+ and 𝐞𝑗

+, respectively, biases the estimated means of �̂� substantially upwards. 

In the case of ln(𝑑𝑖𝑗) the estimated mean even exceeds the upper limit of the feasible range, while 

for the pair 𝐞𝑖
+ and 𝐞𝑗

+  some �̂�s in the upper tail of the posteriori distribution are outside the 

feasible range. Dropping 𝐞𝑖
0 and 𝐞𝑗

0, which are slightly negative autocorrelated, from the model 

specification leads to a mean of �̂� that is moderately below the target value. When excluding the 

two strongly negative autocorrelated variables 𝐞𝑖
− and 𝐞𝑗

− from the model specification the mean 

of �̂� is substantially downwards biased. Three findings emerge from these experiments: [a] the 

estimated �̂�  of a properly specified model may be slightly upwards biased. It remains to be 

investigated whether a different choice of prior distributions and hyper-parameters can control this 

bias (Carroll et al. 2015). In the misspecified models [b] the bias of the mean of �̂� is related the 

degree of autocorrelation in the suppressed variables. Most notably, [c] missing strong positively 

autocorrelated exogenous variables from the model specification may lead to an estimated 

autocorrelation level �̂� outside the feasible range of an autoregressive stationary spatial process. 
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APPENDIX B 

 INTEGRATED NESTED LAPLACE APPROXIMATION ALGORITHM 

 

 

The general form of the latent gaussian model is defined as 

 
𝜈𝑖 = 𝛽0 +∑ 𝑋𝑖,𝑚 ∙ 𝛽𝑚

𝑖
𝑀

𝑚=1⏟          
fixed effects

+ 𝛈⏟
random effect

 (B1) 

where 𝜈𝑖  is the additive linear predictor. The objective is to estimate the marginal posterior 

distribution of the parameters 𝛉 = {𝛃, 𝛈} of interest 

 
𝑝(𝜃𝑖|𝑦) = ∫𝑝(𝜑|𝑦) ∙ 𝑝(𝜃𝑖|𝜑, 𝑦) 𝑑𝜑 (B2) 

and that of the hyper-parameters 𝜑 

 
𝑝(𝜑𝑘|𝑦) = ∫𝑝(𝜑|𝑦)𝑑𝜑−𝑘. 

(B3) 

In order to calculate the marginal posterior distribution of 𝜑 and 𝜃, 𝑝(𝜑|𝑦) and 𝑝(𝜃𝑖|𝜑, 𝑦) need to 

be evaluated separately. The INLA approach computes the marginal posterior distribution of 

interested parameters based on Laplace Approximation (Tierney & Kadane 1986).The first step is 

to compute the approximation of the marginal posterior distribution of the hyper-parameter 

(Blangiardo et al. 2013) as  

 
𝑝(𝜑|𝑦) =

𝑝(𝜃, 𝜑|𝑦)

𝑝(𝜃|𝜑, 𝑦)
 

∝
𝑝(𝜑) ∙ 𝑝(𝜃|𝜑) ∙ 𝑝(𝑦|𝜃)

𝑝(𝜃|𝜑, 𝑦)
 

≈
𝑝(𝜑) ∙ 𝑝(𝜃|𝜑) ∙ 𝑝(𝑦|𝜃)

𝑝(𝜃|𝜑, 𝑦)
|
𝜃=𝜃∗(𝜑)

 

=: 𝑝(𝜑|𝑦) 

(B4) 

where 𝑝(𝜃|𝜑, 𝑦) is the Gaussian approximation of 𝑝(𝜃|𝜑, 𝑦) and 𝜃∗(𝜑) is the mode of the full 

condition of 𝜃  for a given value 𝜑  (Rue et al. 2009b). Then, 𝑝(𝜃𝑖|𝜑, 𝑦)  is calculated as 

(Blangiardo et al. 2013) 
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𝑝(𝜃𝑖|𝜑, 𝑦) =

𝑝((𝜃𝑖 , 𝜃−𝑖)|𝜑, 𝑦)

𝑝(𝜃−𝑖|𝜃𝑖 , 𝜑, 𝑦)
 

≈
𝑝(𝜃, 𝜑|𝑦)

𝑝(𝜃−𝑖|𝜃𝑖 , 𝜑, 𝑦)
|
𝜃−𝑖=𝜃−𝑖

∗ (𝜃𝑖,𝜑)

 

=:𝑝(𝜃𝑖|𝜑, 𝑦) 

(B5) 

where 𝑝(𝜃−𝑖|𝜃𝑖, 𝜑, 𝑦) is the Gaussian approximation of 𝑝(𝜃−𝑖|𝜃𝑖 , 𝜑, 𝑦) and 𝜃−𝑖
∗ (𝜃𝑖 , 𝜑) denotes its 

mode. Finally, Rue et al. (2009) computes the marginal posterior distribution of 𝜃  by using 

numeric integration through a finite weight sum 

 𝑝(𝜃𝑖|𝑦) ≈∑𝑝(𝜃𝑖|𝜑𝑘, 𝑦)

𝑘

∙ 𝑝(𝜑𝑘|𝑦) ∙ ∆𝑘 (B6) 

where ∆𝑘 is a set of weights of 𝜑𝑘. More details can be found in Rue, Martino, and Chopin (2009), 

as well as Blangiardo et al. (2013). Furthermore, textbook discussions are available in Blangiardo 

and Cameletti (2015) as well as Wang, Yue and Faraway (2018). 
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