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Abstract

In epidemiology we are concerned with disease occurrence and its associated explanatory

factors. Through analysis of the patterns in disease spread, in space and/or time, we are

able to obtain information about possible risk factors and transmission mechanisms. The

main focus in spatial epidemiology has been human health. However, economic costs and the

concern about zoonoses has fuelled a growing field of veterinary epidemiology. Veterinary

epidemiology has the added complication of the ‘human effect’. For a disease to be recorded

we require humans to detect and report the disease, and once reported human intervention

is generally applied. This can lead to the true level of disease being under-represented with

the loss of information impeding modelling and model predictions.

The reliability of statistical analyses depends on the quality of the underlying data. Anomalies

could introduce significant bias and lead to inappropriate decision making. Residual anal-

ysis is often used to detect anomalous data, but with hierarchical models (common within

epidemiology) the highly flexible representation of variation can mask outliers. We propose

the use of exceedance probabilities as a tool for identifying and assessing anomalous data in

spatio-temporal models for routinely collected areal disease count data. We illustrate this

methodology through a case study on outbreaks of foot-and-mouth disease (FMD) in Viet

Nam for the time period 2006 to 2008. The exceedance probabilities identify several provinces

where the number of infected communes was unexpectedly low. These findings are particu-

larly interesting as these provinces are located along major cattle movement pathways within

Viet Nam.

With epidemic data, the primary interest is the understanding of the transmission of the

disease and the effectiveness of intervention strategies. While epidemic curves provide an

excellent representation of the temporal patterns, we propose the additional use of a new

graphical tool, the ‘cluster curve’ to summarise the changes in spatial clustering through

time. The cluster curve is based on the inhomogeneous K-function, and provides a means

for summarizing the progression of clustering in infectious disease outbreak data taking into

consideration spatial variation in the underlying population.

We look at the application of the cluster curve to two outbreaks of FMD in England (2001) and

Japan (2010) and to the 2007 epidemic of Equine Influenza (EI) in Australia. By comparing

our knowledge of the actual course of the outbreak with the insight provided by the cluster

curve we are able to showcase the effectiveness of our tool. Throughout the progression of

the outbreak several time windows obtained small sample sizes. Therefore, we also look at



the inclusion of significance indicators to definitively differentiate between true clustering and

noise due to these small sample sizes.

The epidemic outbreaks studied all had intervention methods applied. The impact of in-

tervention strategies was investigated through the simulation (via InterspreadPlus) of five

intervention methods on outbreaks of FMD in two geographical regions. Using the cluster

curve, we found that intervention methods that created buffer zones were found to have par-

ticular characteristics of spatial spread. We found that non-buffer methods were less effective

in controlling local spread. This is most likely due to infection transmission prior to clinical

signs. This kind of analysis demonstrates the practical importance of having effective tools

for describing changes in the spatial patterns of disease during an epidemic outbreak.

ii



Publications arising from this thesis

Richards, K.K., Hazelton, M.L., Stevenson, M.A., Lockhart, C.Y., Pinto, J. and Nguyen,

L. (2014). Using exceedance probabilities to detect anomalies in routinely recorded animal

health data, with particular reference to foot-and-mouth disease in Viet Nam. Spatial and

Spatio-temporal Epidemiology 11, 125-133.

iii



The data in this thesis and the results we publish within contain privacy issues and are strictly

confidential.

iv



Acknowledgements

Firstly, I would like to give my greatest thanks to my primary supervisor Prof. Martin

Hazelton. Without him pulling me into his office in my first month of being at Massey,

Palmerston North and informing me about the honour track program, I would have never

contemplated continuing my study after my undergraduate degree. I also can not thank him

enough for his support throughout my postgraduate studies and being the best supervisor

anyone could ever hope for.

Secondly, I would like to thank my co-supervisor Prof. Mark Stevenson for all his support

with finding interesting datasets to base my PhD around and his work to get grants from the

FAO to fund the primary years of my PhD.

I would like to send a large thank you to my family, who have been there though out this

journey, with words of encouragement, being a sounding board and even a proof reader when

required.

Also my greatest thanks and love goes out to my partner, Ian Donohue, who put up with

years of long distance, and many months being ignored so I could be where I am today.

To all my friends I thankyou for all your support, specially Alice (PBF) and Rochelle for

making my time away from home enjoyable.

To all the statistic postgraduates, this journey would of not have been the same without you.

With a special thanks to all those who made the final stages of my PhD the most enjoyable

time, even when stress levels were high.

Thanks must be given to Massey University and especially the Institute of Fundamental

Sciences, for their support both financially and through the knowledge of all those involved.

I would also like to thank the FAO for the access to their data as well as there financial

support. Also to the other Government agencies that have allowed me access to their data.

Finally, I would like to thank my heavenly father for his all the strength and comfort he

provides.

v



List of Abbreviations

ANEMIS Animal emergency management informa-

tion systems

CPPP Cluster Poisson point process

CSR Complete spatial randomness

D Depopulation

DED Depopulation and pre-emptive culling (de-

population)

DIC Deviance information criteria

DV Depopulation and vaccination

EI Equine influenza

EVI Enhanced vegetation index

FAO Food and Agriculture Organisation

FMD Foot-and-mouth disease

HPP Homogeneous Poisson point process

IP Infected premise

IPP Inhomogeneous Poisson point process

MCMC Markov chain Monte Carlo

NC No control

NMB Non-movement ban

OIE Office Internationale des Epizooties

PPP Poisson point process

SIR Standardized incidence ratio

SP Suspect premise

SPR Squared Pearson residual

V Vaccination

vi



Contents

1 Introduction 1

2 Review of methods and models 6

2.1 Data types . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 6

2.1.1 Case event data (point pattern) . . . . . . . . . . . . . . . . . . . . . . 6

2.1.2 Count data (areal) . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

2.2 Point process data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 9

2.2.1 Spatial Point Process Models . . . . . . . . . . . . . . . . . . . . . . . 10

2.2.2 Estimation of the intensity function for point processes . . . . . . . . 11

2.2.3 Second order properties . . . . . . . . . . . . . . . . . . . . . . . . . . 12

2.2.4 Methods of cluster detection . . . . . . . . . . . . . . . . . . . . . . . 15

2.3 Areal data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 20

2.3.1 Explanatory variables . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.2 Modelling . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 21

2.3.3 Model selection and assessment . . . . . . . . . . . . . . . . . . . . . . 24

2.3.4 Residual analysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 25

3 Disease epidemiology and datasets 28

vii



3.1 Foot and Mouth Disease . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 28

3.1.1 Control methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 29

3.1.2 Global impact . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2 Viet Namese outbreak . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 30

3.2.2 Description of data from 2006–2008 . . . . . . . . . . . . . . . . . . . 31

3.3 English outbreak . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3.2 Description of the data . . . . . . . . . . . . . . . . . . . . . . . . . . 34

3.3.3 Survey of models and analysis . . . . . . . . . . . . . . . . . . . . . . . 35

3.4 Japan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.4.1 Background . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 37

3.4.2 Description of the data . . . . . . . . . . . . . . . . . . . . . . . . . . 38

3.4.3 Survey of models and analysis . . . . . . . . . . . . . . . . . . . . . . . 39

3.5 Interspread . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.5.1 Description of Interspread . . . . . . . . . . . . . . . . . . . . . . . . . 40

3.5.2 Use of Interspread to simulate our FMD outbreaks . . . . . . . . . . . 42

4 Exceedence probabilities for detecting anomalies in animal health data. 48

4.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 48

4.2 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2.1 Viet Nam FMD endemic . . . . . . . . . . . . . . . . . . . . . . . . . . 49

4.2.2 Explanatory variables . . . . . . . . . . . . . . . . . . . . . . . . . . . 51

4.3 Modelling the Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

viii



4.3.1 Model Building . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 53

4.3.2 Preliminary Assessment of the Fitted Models . . . . . . . . . . . . . . 55

4.4 Exceedance Probabilities for Random Effects . . . . . . . . . . . . . . . . . . 58

4.4.1 Defining the Exceedance Probabilities . . . . . . . . . . . . . . . . . . 58

4.4.2 Application of Exceedance Probabilities to the Viet Nam Data . . . . 59

4.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 60

5 Spatial clustering through time: an extension to the epidemic curve 63

5.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 63

5.2 Models . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 64

5.2.1 Homogeneous Spatio-Temporal Models . . . . . . . . . . . . . . . . . . 65

5.2.2 Inhomogeneous Spatio-Temporal Models . . . . . . . . . . . . . . . . . 65

5.2.3 Cluster Poisson point process . . . . . . . . . . . . . . . . . . . . . . . 65

5.3 Implementation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

5.3.1 Dataset specification . . . . . . . . . . . . . . . . . . . . . . . . . . . . 69

5.3.2 Epidemic curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

5.4 Cluster curve . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 78

5.4.1 Cluster curve smoothing . . . . . . . . . . . . . . . . . . . . . . . . . . 79

5.4.2 Implementation in R . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

5.4.3 Application of the Cluster Curve to simulated data . . . . . . . . . . . 82

5.5 Integrated cluster curve . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 86

5.5.1 Application of the Integrated Cluster Curve to simulated data . . . . 87

5.6 Real world application . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 89

5.6.1 England 2001 FMD outbreak . . . . . . . . . . . . . . . . . . . . . . . 89

ix



5.6.2 Japan 2010 FMD outbreak . . . . . . . . . . . . . . . . . . . . . . . . 93

5.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 98

6 Extensions to the cluster curve 99

6.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 99

6.2 Highlighting significance in the cluster curve . . . . . . . . . . . . . . . . . . . 100

6.2.1 Methodology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 100

6.2.2 Application of cluster curve with significance marks to simulated data 101

6.2.3 Real World Application . . . . . . . . . . . . . . . . . . . . . . . . . . 105

6.3 Shiny application of the cluster curve . . . . . . . . . . . . . . . . . . . . . . . 110

6.3.1 Implementation in R-studio . . . . . . . . . . . . . . . . . . . . . . . . 110

6.3.2 Cluster curve online prototypes . . . . . . . . . . . . . . . . . . . . . . 110

6.4 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 114

7 Application to FMD intervention strategies 115

7.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 115

7.2 Simulated datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

7.2.1 Scenarios . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 116

7.2.2 Data generation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 118

7.3 Border counties, Great Britain . . . . . . . . . . . . . . . . . . . . . . . . . . 118

7.3.1 Spatial-temporal plots . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

7.3.2 Epidemic curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

7.3.3 Cluster curve . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 120

7.3.4 Integrated Cluster Curve . . . . . . . . . . . . . . . . . . . . . . . . . 122

x



7.4 Miyazaki, Japan . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 136

7.4.1 Spatial-temporal plots . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

7.4.2 Epidemic curves . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 137

7.4.3 Cluster curve . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 138

7.4.4 Integrated Cluster Curve . . . . . . . . . . . . . . . . . . . . . . . . . 138

7.5 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 151

8 Application of the Cluster curve to Equine influenza 153

8.1 Introduction . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 153

8.2 Disease epidemiology . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

8.3 Australian epidemic history . . . . . . . . . . . . . . . . . . . . . . . . . . . . 154

8.4 Literature review . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 155

8.5 Data . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

8.5.1 Infected premises data . . . . . . . . . . . . . . . . . . . . . . . . . . . 156

8.5.2 Horse population data . . . . . . . . . . . . . . . . . . . . . . . . . . . 157

8.6 Application of the Cluster curve . . . . . . . . . . . . . . . . . . . . . . . . . 157

8.7 Discussion . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 164

9 Conclusion and discussion 165

xi



List of Figures

2.1 Example of case event data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

2.2 Example of count data. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 8

3.1 Spatial aggregation of Viet Nam . . . . . . . . . . . . . . . . . . . . . . . . . 32

3.2 FMD in cattle in Viet Nam . . . . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.3 Point process plot of farms in the UK epidemic of FMD . . . . . . . . . . . . 35

3.4 (a) Map of Japan showing prefectures with the Miyazaki prefecture outlined in

red (Wikimedia.org, 2015). (b) Miyazaki prefecture showing regions with our

spatial window outlined in red (blogspot.co.nz, 2010). . . . . . . . . . . . . . 39

3.5 Miyazaki 2010 FMD outbreak spatial distribution . . . . . . . . . . . . . . . . 40

3.6 Overall simulation flowchart in InterspreadPlus Stevenson et al. (2013) . . . . 41

3.7 Map of Great Britian showing counties (left) and the four selected counties

(right) (Baxter, 2014). . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.8 Border counties spatial window . . . . . . . . . . . . . . . . . . . . . . . . . . 43

3.9 Image plots of simulated FMD outbreaks in Border counties : (a) No inter-

vention (b) depopulation (c) vaccination (d) depopulation and vaccination (e)

depopulation and pre-emptive culling. Grey represents farms with no FMD

and no intervention, blue where no FMD but vaccination applied, green where

no FMD but depopulation occurred and red where FMD is present. . . . . . 45

3.10 Miyazaki spatial window . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 46

xii



3.11 Image plots of simulated FMD outbreaks in Miyazaki (Grey all farms, Red

FMD positive farms) : (a) No intervention (b) depopulation (c) vaccination

(d) depopulation and vaccination (e) depopulation and pre-emptive culling

Grey represents farms with no FMD and no intervention, blue where no FMD

but vaccination applied, green where no FMD but depopulation occurred and

red where FMD is present. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 47

4.1 Map of Viet Nam showing provincial (left) and commune boundaries (right).

The location of Thai Nguyen province is indicated by the box on the provincial

map. Commune boundaries for Thai Nguyen province are shown on the right. 50

4.2 Map of Viet Nam showing the point location of commune-level FMD outbreaks,

for: (a) 2006, (b) 2007, and (c) 2008. . . . . . . . . . . . . . . . . . . . . . . 51

4.3 Image plots of Viet Nam showing: (a) elevation (expressed in metres) and (b)

Enhanced Vegetation Index for January 2006. . . . . . . . . . . . . . . . . . . 52

4.4 Square Pearson residual plots: (a) 2006, (b) 2007, (c) 2008. . . . . . . . . . . 57

4.5 Exceedance probabilities 5% level . . . . . . . . . . . . . . . . . . . . . . . . . 59

4.6 Exceedance probabilities with serotype . . . . . . . . . . . . . . . . . . . . . . 60

4.7 FAO movement pathways . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 61

5.1 Inhomogeneous intensity function . . . . . . . . . . . . . . . . . . . . . . . . . 66

5.2 Illustration of a cluster point process . . . . . . . . . . . . . . . . . . . . . . . 67

5.3 Parent/children process with temporal component . . . . . . . . . . . . . . . 68

5.4 Study region for artificial datasets . . . . . . . . . . . . . . . . . . . . . . . . 69

5.5 Spatial-temporal distribution of homogeneous PPP dataset every 10 days, with

red representing new cases on the day and grey previous cases. The larger the

plotting size the more recent the infection. . . . . . . . . . . . . . . . . . . . . 73

5.6 Spatial-temporal distribution of homogeneous CPPP dataset every 10 days,

with red representing new cases on the day and grey previous cases. The

larger the plotting size the more recent the infection. . . . . . . . . . . . . . . 74

xiii



5.7 Spatial-temporal distribution of inhomogeneous PPP dataset every 10 days,

with red representing new cases on the day and grey previous cases. The

larger the plotting size the more recent the infection. . . . . . . . . . . . . . . 75

5.8 Spatial-temporal distribution of inhomogeneous CPPP dataset every 10 days,

with red representing new cases on the day and grey previous cases. The larger

the plotting size the more recent the infection. . . . . . . . . . . . . . . . . . 76

5.9 Epidemic curves of homogeneous datasets . . . . . . . . . . . . . . . . . . . . 77

5.10 Epidemic curve of inhomogeneous datasets . . . . . . . . . . . . . . . . . . . . 77

5.11 Cluster curve creation example . . . . . . . . . . . . . . . . . . . . . . . . . . 80

5.12 Raw cluster curve examples . . . . . . . . . . . . . . . . . . . . . . . . . . . . 81

5.13 Cluster curve slider example . . . . . . . . . . . . . . . . . . . . . . . . . . . . 82

5.14 Cluster curve for spatially homogeneous datasets . . . . . . . . . . . . . . . . 84

5.15 Cluster curve for spatially inhomogeneous datasets . . . . . . . . . . . . . . . 85

5.16 Integrated cluster curve creation example . . . . . . . . . . . . . . . . . . . . 87

5.17 Integrated cluster curve for spatially homogeneous datasets . . . . . . . . . . 88

5.18 Integrated cluster curve for spatially inhomogeneous datasets . . . . . . . . . 89

5.19 Spatial distribution of England 2001 FMD cases . . . . . . . . . . . . . . . . 90

5.20 Farm density in Northern England . . . . . . . . . . . . . . . . . . . . . . . . 90

5.21 Epidemic curve of Northern England 2001 . . . . . . . . . . . . . . . . . . . . 91

5.22 Cluster curve for FMD outbreak in England 2001 2km to 10km radius . . . . 92

5.23 Integrated clustering curve for FMD outbreak in England 2001 0:5km and

0:10km radius . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 93

5.24 Spatial distribution of Japan 2010 FMD outbreak . . . . . . . . . . . . . . . . 94

5.25 Farm density in Miyazaki, Japan . . . . . . . . . . . . . . . . . . . . . . . . . 95

5.26 Epidemic curve of Miyazaki, Japan 2010 . . . . . . . . . . . . . . . . . . . . . 95

xiv



5.27 Clustering curve for FMD outbreak in Miyazaki, Japan 2010 2km to 10km radius 96

5.28 Integrated clustering curve for FMD outbreak in Miyazaki, Japan 2010 0:5km

and 0:10km radius . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 97

6.1 Cluster curve inhomogeneous PPP ‘bump’ example . . . . . . . . . . . . . . . 100

6.2 Inhomogeneous K-function example . . . . . . . . . . . . . . . . . . . . . . . 101

6.3 Inhomogeneous K-function envelope example . . . . . . . . . . . . . . . . . . 102

6.4 Cluster curve with significant dots for spatially homogeneous CPPP dataset . 103

6.5 Cluster curve with significant dots for spatially inhomogeneous CPPP dataset 104

6.6 Cluster curve with significant dots for FMD outbreak in England 2001 2km to

10km . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 106

6.7 Epidemic curve and cluster curve for 2km radius of the English FMD outbreak 107

6.8 Cluster curve with significant dots for FMD outbreak in Miyazaki, Japan 2010

2km to 10km . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 108

6.9 Epidemic curve and cluster curve for 2km radius of the Japanese FMD outbreak109

6.10 Cluster curve example . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 111

6.11 Cluster curve prototype . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 113

7.1 Vaccination buffer ring example . . . . . . . . . . . . . . . . . . . . . . . . . . 117

7.2 Pre-emptive culling example . . . . . . . . . . . . . . . . . . . . . . . . . . . . 117

7.3 Border counties farm density . . . . . . . . . . . . . . . . . . . . . . . . . . . 119

7.4 Image plots of simulated FMD outbreaks in Border counties: (a) No inter-

vention (b) depopulation (c) vaccination (d) depopulation and vaccination (e)

depopulation and pre-emptive culling. Grey represents farms with no FMD

and no intervention, blue where no FMD but vaccination applied, green where

no FMD but depopulation occurred and red where FMD is present. . . . . . 123

xv



7.5 Spatial-temporal 10 day window plots of simulated No control FMD outbreak

in Border counties: (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 40 (e) Day 50

(f) Day 60. Red represents the farms diagnosed with the presence of FMD has

been diagnosed on the day, Grey represents the previously diagnosed farms.

The plotting size represents the temporal scale, with the larger the point the

more recently it was diagnosed. . . . . . . . . . . . . . . . . . . . . . . . . . . 124

7.6 Spatial-temporal 10 day window plots of simulated depopulated FMD outbreak

in Border counties: (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 31. Red

represents the farms diagnosed with the presence of FMD has been diagnosed

on the day, Grey represents the previously diagnosed farms. The plotting size

represents the temporal scale, with the larger the point the more recently it

was diagnosed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 125

7.7 Spatial-temporal 10 day window plots of simulated vaccinated FMD outbreak

in Border counties: (a) Day 10 (b) Day 20 (c) Day 26. Red represents the

farms diagnosed with the presence of FMD has been diagnosed on the day,

Grey represents the previously diagnosed farms. The plotting size represents

the temporal scale, with the larger the point the more recently it was diagnosed.126

7.8 Spatial-temporal 10 day window plots of simulated depopulated and vaccinated

FMD outbreak in Border counties: (a) Day 10 (b) Day 20 (c) Day 22. Red

represents the farms diagnosed with the presence of FMD has been diagnosed

on the day, Grey represents the previously diagnosed farms. The plotting size

represents the temporal scale, with the larger the point the more recently it

was diagnosed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 127

7.9 Spatial-temporal 10 day window plots of simulated depopulated and pre-emptive

culled FMD outbreak in Border counties: (a) Day 10 (b) Day 20 (c) Day 24.

Red represents the farms diagnosed with the presence of FMD has been diag-

nosed on the day, Grey represents the previously diagnosed farms. The plotting

size represents the temporal scale, with the larger the point the more recently

it was diagnosed. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 128

7.10 Epidemic curve of Border counties intervention datasets . . . . . . . . . . . . 129

7.11 Cluster curve for all intervention strategies at a radius of 2km on a comparable

scale. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 129

7.12 Cluster curve for the Border counties FMD simulated outbreak with no control

methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 130

xvi



7.13 Cluster curve for the Border counties FMD simulated outbreak with depopu-

lation control methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 131

7.14 Cluster curve for the Border counties FMD simulated outbreak with vaccina-

tion control methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 132

7.15 Cluster curve for the Border counties FMD simulated outbreak with depopu-

lation and vaccination control methods . . . . . . . . . . . . . . . . . . . . . . 133

7.16 Cluster curve for the Border counties FMD simulated outbreak with depopu-

lation and pre-emptive culling control methods . . . . . . . . . . . . . . . . . 134

7.17 Integrated cluster curve for simulated FMD outbreaks in Border counties over

a radius of 0:5km : (a) No intervention (b) depopulation (c) vaccination (d)

depopulation and vaccination (e) depopulation and pre-emptive culling. . . . 135

7.18 Farm density in Miyazaki, Japan . . . . . . . . . . . . . . . . . . . . . . . . . 136

7.19 Image plots of simulated FMD outbreaks in Miyazaki (Grey all farms, Red

FMD positive farms) : (a) No intervention (b) depopulation (c) vaccination

(d) depopulation and vaccination (e) depopulation and pre-emptive culling.

Grey represents farms with no FMD and no intervention, blue where no FMD

but vaccination applied, green where no FMD but depopulation occurred and

red where FMD is present. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 140

7.20 Spatial-temporal 10 day window plots of simulated No control FMD outbreak

in Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 40 (e) Day 50 (f)

Day 60. Red represents the FMD positive farms recorded on the day, grey

represents the previously diagnosed farms. The plotting size representing the

temporal scale, with the larger the point the more recently it was diagnosed. 141

7.21 Spatial-temporal 10 day window plots of simulated depopulated FMD outbreak

in Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 40 (e) Day 50 (f)

Day 60. Red represents the FMD positive farms recorded on the day, grey

represents the previously diagnosed farms. The plotting size representing the

temporal scale, with the larger the point the more recently it was diagnosed. 142

xvii



7.22 Spatial-temporal 10 day window plots of simulated vaccinated FMD outbreak

in Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 37. Red represents

the FMD positive farms recorded on the day, grey represents the previously

diagnosed farms. The plotting size representing the temporal scale, with the

larger the point the more recently it was diagnosed. . . . . . . . . . . . . . . 143

7.23 Spatial-temporal 10 day window plots of simulated depopulated and vaccinated

FMD outbreak in Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (e) Day 36.

Red represents the FMD positive farms recorded on the day, grey represents

the previously diagnosed farms. The plotting size representing the temporal

scale, with the larger the point the more recently it was diagnosed. . . . . . . 144

7.24 Spatial-temporal 10 day window plots of simulated depopulated and pre-emptive

culled FMD outbreak in Miyazaki : (a) Day 10 (b) Day 19. Red represents

the FMD positive farms recorded on the day, grey represents the previously

diagnosed farms. The plotting size representing the temporal scale, with the

larger the point the more recently it was diagnosed. . . . . . . . . . . . . . . 145

7.25 Epidemic curve of Miyazaki intervention datasets . . . . . . . . . . . . . . . . 145

7.26 Cluster curve for all intervention strategies at a radius of 1km for Miyazaki

FMD outbreaks on a comparable scale. redoing . . . . . . . . . . . . . . . . . 146

7.27 Cluster curve for the Miyazaki FMD simulated outbreak with no control methods147

7.28 Cluster curve for the Miyazaki FMD simulated outbreak with depopulation

control methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

7.29 Cluster curve for the Miyazaki FMD simulated outbreak with vaccination con-

trol methods . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 148

7.30 Cluster curve for the Miyazaki FMD simulated outbreak with depopulation

and vaccination control methods . . . . . . . . . . . . . . . . . . . . . . . . . 149

7.31 Cluster curve for the Miyazaki FMD simulated outbreak with depopulation

and pre-emptive culling control methods . . . . . . . . . . . . . . . . . . . . . 149

7.32 Integrated cluster curve for simulated FMD outbreaks in Miyazaki over a radius

of 0:5km : (a) No intervention (b) depopulation (c) vaccination (d) depopula-

tion and vaccination (e) depopulation and pre-emptive culling. . . . . . . . . 150

xviii



7.33 Histogram of the distribution of pairwise distances between farm locations :

(a)Border counties, Great Britain (b) Miyazaki, Japan. . . . . . . . . . . . . . 152

8.1 Map showing the spatial plot of EI cases. Grey indicates the location of all

susceptible farms within NSW and red all susceptible, infected and resolved EI

farms . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 158

8.2 Estimated density for horse farms . . . . . . . . . . . . . . . . . . . . . . . . . 158

8.3 Spatial plots of the outbreak of EI, Australia 2007, for 20 day windows. Red

represents new cases recorded on the day and grey the previous cases. The

plotting size indicates how recently the case occurred, with large symbols in-

dicating very recent events and small symbols earlier ones. . . . . . . . . . . . 160

8.4 Spatial plots of the outbreak of EI, Australia 2007, for 20 day windows. Red

represents new cases recorded on the day and grey the previous cases. The

plotting size indicates how recently the case occurred, with large symbols in-

dicating very recent events and small symbols earlier ones. . . . . . . . . . . . 161

8.5 Epidemic curve of EI Australia 2007 . . . . . . . . . . . . . . . . . . . . . . . 162

8.6 Cluster curve for EI outbreak at 1:5km at 1km intervals . . . . . . . . . . . . 162

8.7 Epidemic curve and cluster curve for 2km radius . . . . . . . . . . . . . . . . 163

xix



xx



Chapter 1

Introduction

With epidemiology we are interested in the investigation of the occurrence of a disease in

regards to explanatory factors (Lawson, 2006). A lot can be learned about risk factors and

possible transmission mechanisms through the evaluation of patterns of disease spread in

space and time. The analysis of spatio-temporal data in epidemiology requires sophisticated

statistical tools for analysis and reliable interpretation. Within this thesis we aim to describe

two new tools, and demonstrate their use for various problems in veterinary epidemiology.

The driving force behind spatial epidemiology has been human health. However, with the

economic impact of veterinary diseases as well as the concern with zoonoses (infectious disease

of animals transferable to humans), the field of spatial veterinary epidemiology is growing.

The aim of the science of veterinary epidemiology is to answer and describe the ‘four Ws

and an H’: the what, when, where, why and how. This is the distribution of diseases and

animal health populations (what, when, where and how much) and the investigation of the

contributing factors for the disease occurrence (the why) (Christensen, 2001).

The basic principles we apply to human health data also apply to animal health data, however,

there is the presence of added complications due to human input in the latter case. These

complications include the requirement of humans to detect and then report the disease since

animals themselves cannot report the sickness, and the fact that humans generally intervene

once a disease is found. For an event to be recorded in veterinary epidemiology we first require

someone (owner, farm worker, veterinarian, etc.) to detect the disease and then report the

disease to the appropriate authorities. This multi-step process can lead to the true level of the

disease and its spread being under-represented, making the modelling process more difficult.

The intervention of humans with an animal disease is intended to control and/or eradicate

the disease, limiting and controlling the spread of the disease. Even through the reduction
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in spread is entirely desirable, from the analytical side it can lead to a significant amount of

missing information, which can impact on the quality of model predictions (Lawson, 2013).

In this thesis we illustrate the application of our statistical tools on two veterinary diseases,

Foot-and-mouth disease (FMD) and Equine influenza (EI). FMD is a is a highly contagious

virus that can be transmitted by direct and indirect animal contact as well as airborne spread.

It can affect all types of cloven-hoofed animals, principally affecting cattle, sheep and pigs

(Bachrach, 1968). We look at the endemic cases in Viet Nam over the period 2006–2008, as

well as two epidemic outbreaks: England 2001 and Japan 2010. EI is a highly contagious

respiratory disease with two known subtypes identified in horses. Similar to FMD it can be

spread by direct and indirect animal contact as well as by airborne spread. We examine the

2007 epidemic in Australia. We discuss FMD and its outbreaks in more detail in Chapter 3

and Equine influenza in Chapter 8.

These datasets include both areal and point process data. Areal data is also known as count

data, as cases of disease are aggregated and this count is then associated with a region

(Lawson and Zhou, 2005). Point process data is also known as case event data, as we know

the locations of individual disease. We provide an overview of these data types, and review

methods and models for their analysis, in Chapter 2.

As mentioned above, one of the characteristics of veterinary epidemiology is that it is heavily

reliant on clinical symptoms being identified by another party, since animals themselves can-

not report sickness. This can lead to problems with data quality and with the disease being

undetected or under-reported. For example, it is common knowledge that FMD outbreaks

in endemic regions often go under-reported, with this being partially related to either the

political development or economic level of the country (Sumption et al., 2008). Anomalies

in data records have the potential to introduce significant bias in the results of descriptive

analyses and fitted statistical models, skewing results and potentially leading to inappropriate

decision making.

In general the statistical methodology for identifying anomalous data is residual analysis (e.g.

Gail, 1991). For simple models, such as linear regressions with fixed effects, this type of

analysis is straightforward to implement and interpret. In this case a large residual would

suggest a data record that is poorly predicted by the model, indicating either a problem

with the data point in question or inadequacy of the model as a whole (or both). However,

when we are dealing with the kinds of complex models required to handle spatio-temporal

epidemiological data, residual analysis becomes more complex. For example, hierarchical

models are often employed, which seek to describe the variation in disease occurrence by

incorporating random variables at multiple levels (see, for example, Lawson, 2013). The

flexibility that these models allow are not without shortcomings, as it may cause possible
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‘odd’ data records to be ‘absorbed’.

In Chapter 4 we propose the use of exceedance probabilities as a tool for identifying and

assessing anomalous data in spatio-temporal models for routinely collected areal disease count

data. Exceedance probabilities can be applied at any level of the model to describe the extent

to which an individual random term, or combination of random terms, is unusual, in the sense

of lying in the extreme tails of the specified distribution. Exceedance probabilities have been

used previously to detect anomalous clusters of cases in point process data (e.g. Diggle et al.,

2005; Davies and Hazelton, 2013), and have also been used to identity regions with unusually

high relative risk when modelling areal count data (e.g. Best et al., 2005; Lawson, 2010). We

show wider uses of exceedance probabilities, demonstrating their application to individual

stochastic terms in areal count models and also noting their utility for highlighting localities

with unexpectedly low (as well as high) reported rates of disease. We illustrate the use of

exceedance probabilities as a diagnostic tool for anomalous data through a case study of the

Viet Namese FMD data described above.

While exceedance probabilities (and other model diagnostics) are of considerable use with

routinely collected data, the problems posed by epidemic outbreaks are rather different. We

know (by definition) that the disease pattern in an epidemic is different to routinely recorded

endemic cases. The problem in an epidemic is to try and understand the transmission of the

disease in the outbreak, and decide on an effective intervention strategy. To help address

these issues, there is typically a lot of active data collection during an epidemic.

A common method that epidemiologists use to describe the temporal pattern of a disease is

the epidemic curve. An epidemic curve in its simplest form plots the number of new cases over

a sequence of time periods. The visual portrayal of this temporal trend can give insight into

incubation times, and be used for comparisons of disease frequencies. While epidemic curves

can provide important clues about likely mechanisms of disease spread, they provide limited

knowledge about factors driving disease transmission. For example, in an infectious disease

epidemic, are large numbers of cases observed over a short period of time due to spread from

local contact, or simply due to many sporadic cases? One way to assess the characteristics of

disease transmission is to look at spatial clustering of cases.

With disease and ill-health, clustering in space and/or time is common place. This is generally

because the disease is contagious or point source in nature. Consequently, if we fail to consider

and investigate such clustering, any procedures to control and eradicate could be hampered

(Carpenter, 2001).

Clustering in point pattern processes can be investigated through second order analysis, for

example using the inhomogeneous K-function. In Chapter 5 we present a new graphical tool,
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the ‘cluster curve’, which is based on the K-function and provides a means for summarizing

the degree of clustering in infectious disease outbreak data, and how this changes during the

course of an epidemic. We propose that this tool/method should be used in conjunction with

the epidemic curve to shed more light on the progression and properties of an outbreak.

We develop a variety of enhancements for the basic cluster curve, including methods to

highlight statistical significance, and software developments that facilitate its use. In Chapter

5 we apply the cluster curve in a graphical window with a slider to allow for easy changes of

spatial resolution. In Chapter 6 we look at extending the cluster curve to include significant

indicators to definitively differentiate between true clustering and noise due to small sample

sizes within a given time window. We also look at the application of the cluster curve as a web

application to make the tool more readily available for use in the veterinary epidemiological

field.

We apply our cluster curve to two outbreaks of FMD in England 2001 and Japan 2010 (Chap-

ter 5 & 6) and the 2007 epidemic of EI in Australia (Chapter 8). All three of these epidemics

had intervention strategies applied. The English outbreak was controlled with a combination

of non-movement bands, all FMD positive farms being culled and any farms within 1.5 km

of an infected farm also being culled. The Japanese outbreak used non-movement bands and

ring vaccinations. The Australian EI outbreak used zone based movement restrictions and

vaccination to take control of the outbreak and regain the country’s disease free status. With

these disease outbreaks, as we are carrying out post-hoc analysis, we know information on

the outbreak spread. However, if we assumed we had no prior knowledge of the outbreak we

can use the cluster curve to infer changes in spatial clustering through time and these inform

how the disease spreads. By comparing our knowledge of what actually happened with the

insight provided by the cluster curve we are able to showcase the effectiveness of this tool.

As the examples above illustrate, many disease outbreaks are not left to run their natural

course but instead result in some form of intervention being applied to stop the spread and

ideally eradicate the disease. These control methods usually occur as combinations of slaugh-

ter, contact reduction, chemical use, modification of host resistance and environment, and

management controls. To investigate the impact of these methods on the changes in spatial

clustering through time we used InterspreadPlus (Stevenson et al., 2013) to simulate 5 in-

tervention methods on outbreaks of FMD in two geographical regions. We used simulated

datasets rather then real world epidemics as we want to compare the effects of strategies

without the results being (heavily) influenced by the characteristics of the individual disease

outbreaks. For example a particular method ‘A’ may work better than another ‘B’ in a real

life scenario, but only because A was applied to a much more straightforward outbreak. The

application of the cluster curve to these datasets is presented in Chapter 7.
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In Chapter 9 we draw together our findings and conclusions from earlier chapters. We also

explore potential limitations and possible extensions of our work, and hence map out some

avenues for future research.
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Chapter 2

Review of methods and models

2.1 Data types

In spatial epidemiology there are two basic types of data: count and case event data. Lawson

and Zhou (2005) describe count data as data that occurs when the number of cases of disease

are accumulated and the count is associated with a region (also known as areal data), while

case event data occurs when the locations of individual disease are known (also known as

point process data). It can be said that for data to be classed as case event, the probability

of more than one event occurring at any one location should be negligible. However, the

classification of data depends ultimately on the objective of the study and the data available.

For example, if we were looking at the distribution of a disease across a country, plotting the

residential addresses may be impractical and unnecessary, resulting in information overload;

instead a more practical solution may be looking at the statistics summarised over an area

(such as suburb). Alternatively, if we want to look at the relationship between residential

proximity to a pollutant source and ill health, then using the point location of residential

addresses is better suited (Lawson and Williams, 2001).

Though the basic principles in disease mapping hold for both types of data, there are differ-

ences in the modelling methodology.

2.1.1 Case event data (point pattern)

For case event data we define the area under observation as the study window (W), then within

this window we have m disease case events that occur at locations xi = (xi1, xi2)
T , i = 1, ...,m

(Lawson, 2006). As mentioned, case event data occurs when the locations of individual cases

6



of a disease are known. The classification of the point location depends on the spatial scale

of the analysis (Lawson and Zhou, 2005). For example, if we were looking at cases occurring

in a city, a point could represent a residential address, while if we were looking at the region

such as a country, a point may represent a suburb or even a city. The observational scale

should be very large in relation to the point scale in order for it to be classed as a point

process. This is because point process theory relies on the concept of orderliness, and under

this, the basic principle is that there should be minimal probability that more than one event

can occur at any point location (Lawson, 2006).

An example of a case event map is shown in Figure 2.1. Our study window is the entire

region of Viet Nam, and our point locations represent the centroid coordinates of communes

that had at least one reported case of foot and mouth disease in cattle for 2006. To consider

the spatial scale, Viet Nam can be broken down into 64 provinces, further into districts, and

finally into 11052 communes covering an average of 30 km2. The spatial resolution of the

data is sufficiently fine to be considered a point process.
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Figure 2.1: Example of case event data: Map of Viet Nam showing the point location of
commune-level FMD outbreaks for 2006
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2.1.2 Count data (areal)

Count data result from the accumulation of cases of a disease, with these counts being as-

sociated with a subregion (Lawson and Zhou, 2005). For count data we once again, as per

the case event data, define our study window as W . Within this window we have m bounded

subregions. Within these m bounded subregions we have event counts denoted ni, i = 1, ...,m

(Lawson, 2006). The occurrence of count data generally occurs due to confidentiality. In

many situations the exact location of a disease, such as a residential address, will not be pub-

licly available due to confidentiality of the resident, and instead a count of infected residents

will be available over a small region, such as a street or suburb (Lawson and Williams, 2001).

In veterinary epidemiology a farm could be classed as a small area in which the count would

represent the number of infected animals present on that farm. However, at a larger spatial

scale, and in particular with highly contagious disease (once present on a farm all susceptible

animals on the property are assumed to be infected), the count could be considered as the

number of infected farms within a wider region (Lawson and Zhou, 2005).

An example of a count data map is shown in Figure 2.2. Our study window is the entire

region of Viet Nam, and our count data represent the number of communes that had at least

one reported case of foot and mouth disease in 2006 per province. This plot is an areal version

of our point data example.
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(11)     5.0 -    10.0

(10)    10.0 -    20.0

(6)    20.0 -    40.0
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N

Figure 2.2: Example of count data: Map of Viet Nam showing the number of infected com-
munes with FMD in 2006 per province
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In the analysis of the spatial distribution of diseases, it is acknowledged that basic models

exist that are generally assumed to work or act as a starting point for further models in both

case event and count data. Since count data is usually derived from from case event data, it

is logical to first consider models for case event data (Lawson, 2006).

2.2 Point process data

Generally we talk about case event data as a point process or a point pattern. The term

point process usually refers to a stochastic process that generates the locations of events of

interest within the defined study window, W (Bivand et al., 2008). A point pattern can be

considered as a dataset in which the spatial location of all events observed within the study

window are recorded (Baddeley and Turner, 2005).

For spatial patterns and processes we use the term ‘event’ for each location of an observed

point to distinguish between that which is of interest and any other arbitrary locations within

the window (Gatrell et al., 1996; Diggle, 2000). For these events we record the locations using

vector notation as a shorthand for referring to the x and y coordinates. We have a set of

locations (x1, x2, etc.) where xi refers to the location of the ith observed event, with xi1 and

xi2 representing the x and y coordinate, respectively, for that event (Gatrell et al., 1996).

For every point pattern and process we have a defined study window, W . Regardless of the

size and shape of this window, consideration needs to be taken in terms of the effect the

border or edge could have on the analysis. Edge effects occur because generally our study

window is part of a larger region where the underlying process occurs. Therefore, events can

occur outside of our window and interact with events inside our window. As the events that

occur outside of the window are not observed it is difficult to properly take into account their

effect (Diggle, 2003). We can try to account for edge effects by creating a guard area between

the border of the original study window and a slightly smaller subregion in which the analysis

is carried out, or by adapting the analytical tool to take into account any edge effects (Gatrell

et al., 1996).

In general, with spatial stochastic processes, aspects of their behaviour can be classed in terms

of its first/second-order properties. Essentially, the first-order properties describe the way in

which the expected value, the mean, of the process differs through space, while the second-

order properties describe the covariance or correlation between events from the process at

different locations in space (Gatrell et al., 1996).

When specifying a point process we generally refer to them based on the underlying intensity,
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more specifically, as a homogeneous poisson point process or a heterogenous poisson point

process. With a homogeneous point process the underlying intensity is assumed to remain

constant over the entire study region, while for a heterogeneous point process the underlying

intensity is allowed to vary over the region. This is explained in more detail in the following

section.

2.2.1 Spatial Point Process Models

Point pattern data can be modelled as the outcome of a spatial point process model. If

x1,x2, . . . denote the locations of the points in some study window W , then it is common to

write N(A) for the number of those points which lie within some region A contained within

W . The properties of the spatial point process can then be described in terms of N .

The first and second order properties of a single random variable can be described by its

mean and variance. The analogue of the mean for a spatial point process is the intensity

function λ(x). Intuitively, this explains how the expected (mean) number of points varies

across the window W (Gatrell et al., 1996). More technically, for any region A ⊆ W , the

intensity function satisfies

E[N(A)] =

∫
A
λ(x) dx. (2.1)

It follows that if A(x0) is a very small region centred at the coordinates x0, then the expected

number of points in A(x0) is given approximately by

E[N(A(x0))] ≈ a0λ(x0)

where a0 is the area of A(x0).

If the intensity λ(x) is constant over the study region, the point process is referred to as

homogeneous (Marcon et al., 2003). If the intensity varies over the study window the point

process is called inhomogeneous or heterogeneous.

A homogeneous Poisson point process (HPP) is a point process where all events are indepen-

dently and uniformly distributed in the study window. Therefore the location of an event

has no affect on another event and the expected number of events in a region for a given size

does not depend on the location or shape of the region (Bivand et al., 2008).

With inhomogeneous Poisson point process (IPP) the intensity function varies over the study

window, but having adjusted for this, the locations of the points are independent. This is

generally the case within real world examples of spatial point patterns. The estimation of

the intensity function can be carried out via parametric or non-parametric methods (Bivand

10



et al., 2008). We describe estimation by kernel smoothing in more detail in the following

section.

2.2.2 Estimation of the intensity function for point processes

The expected number of points in a spatial point process over the entire window W is

λW = E[N(W )] =

∫
W
λ(x) dx.

If we define a normalized version of the intensity function by f(x) = λ(x)/λW then∫
W
f(x) dx = 1.

The function f is a probability density function, describing the distribution of a single point

location over the region.

It follows that the intensity function can then be decomposed as

λ(x) = λW f(x). (2.2)

This suggests that estimation of the intensity function can be handled in two stages. The first

stage is to estimate the expected number of points in the pattern. A very natural estimate

is λ̂W = n, where n is the number of points in the observed point pattern. The second

stage is to obtain an estimate f̂(x) of the density function. The intensity estimate is then

λ̂(x) = λ̂W f̂(x) = nf̂(x).

A common and flexible method of estimating a density function is the use of kernel density

estimation (Silverman, 1986). A ‘bump’ or kernel is centrally placed over each point within

the window W . The kernel itself is defined as a bivariate probability density, such as the

bivariate normal density, with the overall estimate being obtained by averaging over the

succession of small ‘bumps’ centered on each case. Therefore, the density estimate in areas

with numerous observations will be higher than areas with only a few observations (Seaman

and Powell, 1996; Brunsdon and Comber, 2015).

More technically, the kernel density estimate can be defined as:

f̂(x) =
1

nh2

n∑
i=1

K

(
x− xi
h

)
(2.3)

where K is the kernel function and h is a bandwidth which controls the effective kernel radius
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(Seaman and Powell, 1996).

In certain situations we may wish to apply different bandwidths in the x and y coordinate

directions. Equation 2.3 can then be re-specified as:

f̂(x) = f̂(x, y) =
1

nhxhy

n∑
i=1

K

(
x− xi
hx

,
y − yi
hy

)
(2.4)

where xi = (xi, yi) are the coordinates of the ith data point. In this case the parameters hx

and hy are the bandwidths in the x and y direction respectively. This results in kernels with

an elliptical shape, where the lengths of the axes are controlled by the separate bandwidths.

In the application of kernel estimation one must choose appropriate bandwidths. Small band-

widths tending to create a ‘spiky’ or undersmoothed distribution while large bandwidths cre-

ate a ‘flattened’or oversmoothed distribution (Brunsdon and Comber, 2015). The selection of

a bandwidth can be done by eye as well as by the application of algorithms. Scott (1992) and

Bowman and Azzalini (1997) recommend some simple rules to support this selection process

(Brunsdon and Comber, 2015).

In practice some of the points will almost certainly lie close to the boundary of the region W ,

and part of the kernel for any such point will spill over the edge of W , creating a bias. This

can be address by various forms of edge correction, see for example Wand and Jones (1995)

and Hazelton and Marshall (2009).

2.2.3 Second order properties

With the analysis of point processes it is common to want to investigate the strength of

interaction between events, having adjusted for variations due to the intensity function. Does

the presence of an event promote or inhibit another event occurring nearby? Is there clustering

or competition between events? Such questions can be answered by looking at the second

order properties of a point process. The K-function is a common method used in describing

these properties (Brunsdon and Comber, 2015; Bivand et al., 2008).

The K-function is a measure of the expected number of events that occur within a radius

r of a given event. For a point process with constant intensity λ(x) = λ, the homogeneous

K-function was developed by Ripley (1976, 1977) and is defined by

K(r) = λ−1E[Nr]

where Nr is the number of events within a radius r of an arbitrary event (Dixon, 2012;
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Brunsdon and Comber, 2015).

If the point process is deemed to follow complete spatial randomness (CSR), where the events

are uniformly and independently distributed (i.e. a homogeneous Poisson process), the ex-

pected number of events within a radius r is the multiplication of the intensity function and

the area of the circle of radius r. The K-function for CSR is therefore defined by

KCSR(r) = πr2 (2.5)

The K-function under the assumption of CSR (equation 2.5), KCSR(r), is generally used as

a benchmark to assess the presence of clustering in point processes, sometimes referred to

as the theoretical value. This is, if K(r) > KCSR(r) then the number of events within a

radius r of an arbitrary event is greater than expected under the independence assumption

and therefore, suggests the presence of clustering for that point process. If K(r) < KCSR(r)

then there are less points than expected within the radius r suggesting competition amongst

events of the point process, indicating a more regular pattern of events than expected under

independence (Dixon, 2012; Bivand et al., 2008).

The K-function can be estimated by:

K̂(r) = λ̂−1
∑
i

∑
j 6=i

kij
n

(2.6)

where the estimated (constant) intensity λ̂ is specified as

λ̂ =
n

|W |

in which |W | denotes the area of the entire window, W . In equation 2.6 kij is an indicator

variable that takes a value of 1 if the distance between event i and j is less than or equal to

r and 0 otherwise (Brunsdon and Comber, 2015; Francois and Raphael, 1999).

This estimation of the K-function, however, does not take into consider the effect of unob-

served points on events occurring along the outside of the borders of the window, known as

edge effects. There are numerous methods to correct for edge effects, including the use of

buffer zones and toroidal duplication. A common method used to account for edge effects is

that proposed by Ripley (1976). This method is widely used for its unbiased and robust na-

ture (Francois and Raphael, 1999). The estimated K-function K̂(r), based on Ripley (1976),

is defined as:

K̂(r) = λ̂−1
∑
i

∑
j 6=i

kij
nwij

(2.7)

where wij are weights applied to the K-function to take into consideration edge effects. These
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weights are calculated by taking the proportion of the area for a circle, centered at xi with a

radius given by the distance between the two events, xi and xj , that is inside the window W

(Brunsdon and Comber, 2015; Bivand et al., 2008).

An alternative method is the translation edge correction proposed by Ohser (1983). This is

defined as

wij =
1

area(W ∩ (W + (xj − xi)))

and is available as one of the in built edge correction functions within spatstat (Baddeley

et al., 2015). This is the correction method we will use later in chapter 5.

In these definitions of the K-function we are assuming that the underlying intensity is constant

over the window, as occurs for homogeneous point processes. In epidemiology it is unlikely

that the underlying intensity is constant and therefore, in the following section we will consider

the inhomogeneous K-function.

Baddeley et al. (2000) proposed an extension of the homogeneous K-function for use with

inhomogeneous point processes. For a given dataset with intensity function λ(x) the inho-

mogeneous K-function can be specified as:

K̂inhomo(r) = |W |−1
∑
i

∑
j 6=i

w−1ij
kij

λ(xi)λ(xj)
. (2.8)

With real world data the true intensity is generally not known and must be estimated using

the methods described earlier. Consequently the inhomogeneous K-function is redefined as:

K̂inhomo(r) = |W |−1
∑
i

∑
j 6=i

w−1ij
kij

λ̂(xi)λ̂(xj)
(2.9)

The inhomogeneous case of the K-function is a generalisation of the homogeneous case. Equa-

tion 2.9 can be reduced to equation 2.7 if λ(x) = λ. Therefore, similar to the homogeneous

case, πr2 can be used as a theoretical baseline under the assumption of independence between

points. Specifically, this is the value that would be obtained if the process was truly an inho-

mogeneous Poisson process, so that there are no interdependencies between the locations of

points. Once again when K̂inhomo(r) takes values greater than πr2 it suggests a greater level

of grouping of events than is expected under the independent assumption. Lower values of

K̂inhomo(r) suggest more regularity (Bivand et al., 2008).
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2.2.4 Methods of cluster detection

With the analysis of point patterns we are generally concerned with investigating if the events

appear to be grouped (clustered), if they are randomly distributed across the region (complete

spatial randomness, CSR), or if the presence of one event reduces the likelihood of another

occurring nearby (regular).

Similar to most spatial techniques in epidemiology, methods for cluster detection were devel-

oped for application to human health. The Centers for Disease Control (1990) drafted a series

of guidelines for the investigation of clusters for health events. However, the use of techniques

to investigate spatial clustering in veterinary medicine is less common, but on the rise (Ward

and Carpenter, 2000).

In this section we will focus our attention on clustering techniques in veterinary epidemiology

for case event data, under the key classification of spatial, temporal and space-time clustering.

Spatial clustering

In the analysis of spatial clustering the focus is on the location of events over the region, with

the temporal component for the events either unknown or ignored. Common methods used

in the analysis of spatial clustering include; nearest neighbour, Cuzick-Edwards, spatial scan,

and K-function methodologies (Carpenter, 2001).

Nearest neighbour The nearest neighbour index was developed by Clark and Evans (1954)

and was originally developed to be used in plant ecology (Ward and Carpenter, 2000). The

index is generally used as a statistical tool for exploratory or descriptive analysis (Carpenter,

2001). The statistic can be explained as the ratio of the mean euclidean distance between

nearest-neighbour points for a given area (Dobserved) and the mean distance that is expected

given the same area and a series of randomly distributed points (Drandom). More specifically:

R =
Dobserved

Drandom

Dobserved =

∑
i di
n

(2.10)

Drandom = 0.5

√
|W |
n

(2.11)

where di is the distance of the ith point to its nearest neighbour, n the number of points and

|W | is the area of the study window. If R is approximately zero the test would suggest that
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the points are clustered. A value of around one would suggest a random distribution, and a

value of approximately 2.15 (maximum value R can take) would suggest an entirely regular

distribution (Ward and Carpenter, 2000).

If we want to test the significance of the distribution not being randomly distributed (i.e.

0 ≤ R < 1) we can calculate the standard deviation for the mean nearest neighbour distance

by

σDrandom
=

0.26136√
N(NA )

.

With this we can then calculate a Z score statistic:

z =
(Dobserved −Drandom)

σDrandom

A large positive Z score (beyond say the 0.95 quantile of the standard normal distribution)

suggests that the data is regularly distributed. If the Z score takes a large negative value (say

more negative than the 0.05 standard normal quantile) then this suggests that the data is

clustered, while a value around 0 suggest the data is randomly distributed (Salman, 2003).

The major disadvantage of this method is that it does not account for spatial variation in

the population at risk. Rather it assumes that it is uniformly randomly distributed, which is

generally not the case in real world examples (Salman, 2003).

Cuzick-Edwards The Cuzick-Edwards method for cluster detection is a variation of the

nearest neighbour method, created by Cuzick and Edwards (1990). Their method can be used

with case-control data. Unlike the nearest neighbour method the Cuzick-Edwards method

looks at the relative distance rather than the actual distance between the points (Salman,

2003). For each case, their statistic works by calculating the number of its k nearest neighbours

that are also cases. This is then summed over all cases and its significance evaluated by also

calculating an expected count. The result is a test statistic for a one tailed nonparametric

test where the presence of large values would suggest that clustering is present (Tango, 2010).

As with the evaluation of the nearest neighbour statistic, the significance of the test can be

calculated through a Z score.

One of the major limitations for the nearest neighbour statistic was its assumption of a

randomly distributed underlying population. However, this is not the case for the Cuzick-

Edwards method. This method takes into consideration the underlying population at risk

by comparing the locations of cases and controls, inherently considering the clustering that

may naturally occur in the population under investigation (Durr and Gatrell, 2004). The

limitation for this model, however, is that the results can be highly sensitive to the value of
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k chosen (Tango, 2010).

Spatial scan The spatial scan statistic is also known as the circular spatial scan statistic

as the method identifies possible clusters by applying a series of circular windows of different

radii to a dataset (Tango, 2010). This method can locate as well as test the significance of

each cluster (Carpenter, 2001). Application of this tool is carried out via SatScan software

(Kulldorff and Information Management Services, 2009). For a given data set a series of

circular windows of varying radius are applied, from zero to a predefined maximum. The end

result is the study area is covered in a variety of circles in all different sizes and locations,

with each circle representing a possible cluster. The second stage is the test for significance.

This can be done through the use of the likelihood ratio test statistic which ranks all likely

clusters (Tango, 2010).

The original version of this method had reduced power if the clusters were non-circular in

shape. This issue was (partially) addressed through a generalization of the methodology to

include elliptical clusters (Kulldorff et al., 2006). The method has limitations if the cluster

size is small and clusters occur in multiple locations (Durr and Gatrell, 2004).

K-function The use of the K-function for spatial cluster detection is becoming increasingly

popular. We have previously described the K-function in detail (section 2.2.3) for both the

homogeneous and inhomogeneous cases. The use of the K-function in cluster detection is

different to the methods previously mentioned, as it is more a method for describing a pattern.

Temporal clustering

Clustering does not only occur in space, but can also occur in time. Methods commonly used

to investigate temporal clustering in veterinary epidemiology include the Ederer-Myer-Matel

(EMM) test and a temporal version of the scan statistic.

Ederer-Myer-Mantel (EMM) The Ederer-Myer-Mantel (EMM) is one of the most fre-

quently used methods for detecting clusters in time (Carpenter, 2001). It was developed by

Ederer et al. (1964) for the use in testing if leukemia cases come in clusters. Their approach

is based on cell occupancy theory, more specifically their goal was to calculate the maximum

frequency of cases within disjoint subintervals of time and evaluate if these are significantly

large. For this method the dataset is broken down into m subintervals in time. The statistic

is

M = max(n1, ..., nm), n = n1 + ...+ nm
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where ni is the number of cases in the ith interval and n the overall sample size. Large values

of M suggest the presence of clustering in time for the disease in question (Tango, 2010). To

test if a value is large we can calculate an estimate for the expected number of cases given

a randomly distributed population. If M exceeds the expected values to a sufficient degree

then clustering in time is suggested (Carpenter, 2001). The significance can be tested using

a χ2 test with one degree of freedom (Tango, 2010).

This method is not sensitive to changes in the underlying populations over the study area,

but can be biased by changes in the population over time. If the data is sparse this method

is not recommended (Ward and Carpenter, 2000).

Temporal scan statistic The temporal scan test is equivalent to the spatial scan statis-

tic for time. The scan statistic for use in temporal clustering was first proposed by Naus

(1965). Their method involves identifying clusters by “scanning” the whole time series with

a predetermined window radius, d. To obtain the best results this radius should be selected

to match the natural clustering width. In the application of this method, difficulties were

experienced in the specification of the window (Ward and Carpenter, 2000), as this is required

to be chosen without looking at the data. This process of choosing a window size is normally

done via multiple testing of plausible sizes. Naus’s method was later extended by Nagarwalla

(1996). Nagarwalla (1996) extension accounts for multiple testing by making the window

variable, where the width d does not have to be decided prior. The test statistic is based on

a likelihood ratio test:

λ = sup
d,k≥n0

(
k

n

)k (n− k
n

)n−k (T
d

)k ( T

T − d

)n−k
where n is the total number of points in the study, k the number of points in the window,

n0 a predetermined lowest number of cases needed for a cluster, and T the length of the

total study region. For this method, detection of a hot-spot, would suggest the presence of

temporal clustering in the study period and Monte Carlo methods can be used to simulate

a p-value (Tango, 2010). The spatial scan statistic proposed by Kulldorff and Nagarwalla

(1995) and Kulldorff (1997) (presented earlier) can also be used to identify temporal clusters

(Tango, 2010).

Space-time clustering

When clustering is found in space or time, the next step is to test whether these occur

simultaneously. This is commonly done in veterinary epidemiology by Barton’s method, the

Knox method, the Mantel method, or the space-time scan method (Carpenter, 2001).

18



Barton The Barton test, proposed by David and Barton (1966), is comparable to an

analysis-of-variance test. Time is included in this method by being treated as a covari-

ate. The test works by looking at the ratio between the within-cell variance to the overall

variation, more specifically comparing the spatial distribution of cases within the same time

interval with the spatial distribution of cases in other time intervals. A disease is suggested

to be clustered in space and time if the variation within-cells is less than that of between the

cells (Carpenter, 2001; Tango, 2010).

This method has a few weaknesses in terms of its diagnostic power, the first concerning the

ability to detect small diameter clusters and the second; the presence of overlapping clusters.

Generally the distances that are most interesting are those that are small, but these appear

less significant. Large distances can overshadow the statistics of smaller ones, which can lead

to the masking of possible clusters. If clustering occurs in different spatial locations but in

the overlapping time intervals the analysis can also be distorted (Tango, 2010).

Knox The Knox method for detecting space-time clustering was developed by Knox and

Bartlett (1964) and has been widely used since the mid-1960s. Their method works by

examining the numbers of “close” pairs observed for both space and time (Tango, 2010). The

choice of length for which a pair is considered to be close (different for space and time) must

be determined prior to the investigation for clustering. Generally these are chosen based on

epidemiological knowledge, such as the duration of incubation for the disease or the likely

distance of transmission. The determination of this distance can be a weakness for this

method of cluster detection as it is often difficult to justify the chosen “closeness” threshold

(Durr and Gatrell, 2004). Once the threshold has been chosen a 2x2 contingency table is

created by dividing the n(n−1)
2 (n being the total number of cases) pairs of cases into ‘close in

space only’, ‘close in time only’, ‘close in neither space or time’, and ‘close in both time and

space’.

If the test statistic is large it would suggest the presence of clusters in space and time.

To determine what is ‘large’ we can create an estimated expected value by multiplying the

proportion of pairs of cases close in space with the proportion of pairs close in time, giving

us the expected proportion of cases close in space and time. This is then multiplied by the

number of pairs of cases to give the number of pairs expected to be close in both space and

time. When the observed value is significantly greater than the expected value it implies that

there is clustering in space and time (Carpenter, 2001).

Mantel The Mantel method can be said to be a generalisation of the Knox method, as

the Knox method can be derived from Mantels method when treated as a special case. The
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major advantage of the Mantel method over Knox’s approach, is that there is no longer a

need to pre-specify the distance threshold for space and time to be considered close. Instead

the actual data values are used and the correlation is assessed between the space and time

distances for all pairs (Carpenter, 2001; Durr and Gatrell, 2004).

Mantel (1967) suggested applying a reciprocal transformation of distances so the influence

of large distances would be reduced and smaller distances would have a greater influence.

However, this can cause problems when the distances between cases are very small, so small

arbitrary constants are sometimes added to the distances. However, the choice of these

constants can affect results (Tango, 2010).

Space-time scan statistic The space-time statistic operates in a similar way to the spacial-

scan statistic but this time the window is operated in a cylindrical shape where the height

of the window represents the temporal component of the cluster (Kulldorff, 2001; Carpenter,

2001). Once again the statistic radius moves across the study window with a varying radius

of zero to a defined maximum. Once a cluster is identified, the significance is tested via

conditional likelihood ratios, with the largest ratios being the most likely clusters. Similar

to the spatial-scan statistic, the test is carried out through the use of the SaTScan software

(Kulldorff, 2015). If clusters are identified via this software it would suggest that the disease

is clustered within the space and time (Tango, 2010).

Summary of Spatial, Temporal and Space-Time Clustering Methods

It is very common to see large amounts of significant clusters in space and time during a

veterinary epidemic outbreak, generally because of the contagious nature of the diseases.

Spatial, temporal and space-time cluster methods can identity the presence of clusters, but

do not provide any real insight into how (if at all) the spatial pattern of clustering is evolving

through time. Such knowledge is important in understanding the progression of an outbreak,

and also in determining the efficacy of intervention strategies. With that in mind, in chapter

5 we will begin to look at methods that specifically focus on determining how patterns of

spatial clustering change through time.

2.3 Areal data

As previously mentioned there are many occasions in which the point location of an outbreak,

even if known, is unavailable and instead the data comes in the form of counts assigned to
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small areas. Because of how common these data are, considerable research has occurred in

the methods of analysis for areal data (Lawson and Williams, 2001).

2.3.1 Explanatory variables

Remote sensing

Since the early 1970s scientists have been using remotely sensed data to investigate the earth’s

biotic and abiotic components (Beck et al., 2000). With the capabilities of modern technology

these remotely sensed variables can be included in modelling health data (Glass et al., 2000).

They provide the opportunity for a greater understanding of disease mechanisms as well as

the implementation of control methods (Glass et al., 2000; Graham et al., 2004). For example;

climate can have a significant effect in disease transmission, as viruses as well as parasites can

be sensitive to climatic conditions (Hay et al., 1996; De La Rocque et al., 2004).

Remotely sensed images are most commonly available as a 2D array of squares (Hay et al.,

1998) and can provide explanatory variable information such as vegetation type, land cover

use, land surface temperature, soil moisture, slope, presence of bodies of water, rainfall,

humidity and elevation (Rinaldi et al., 2006; Graham et al., 2004).

There are two broad categories of satellites; geostationary and polar-orbiting. Geostationary

satellites orbit at the equator, they travel at the speed of the earth’s rotation so they remain

fixed focusing on a section of the earth. Polar-orbiting satellites orbit the earth repeatedly,

with every orbit passing over a different section of the rotating earth (Hay et al., 1996).

Depending on what we are wanting to investigate also determines the spatial resolution we

require from satellite images. Climatic variables only require a coarse resolution as they

generally influence disease epidemiology in a similar manner over large areas, while land

cover information needs a medium to fine spatial resolution as detail varies down to a small

area estimate (Graham et al., 2004). A complication with satellite images, is that cloud cover

can affect the amount of information we can obtain (Hay et al., 1996).

2.3.2 Modelling

Spatial models

First we consider a basic model for areal disease mapping by focusing our attention on a

purely spatial scale. As we are generally looking at the counts of deaths per specific area it

is common to assume a Poisson distribution (Lawson et al., 2003).
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Wakefield et al. (2000) provide a good example of a basic three level hierarchical model based

on the aggregation of the underlying individual risk level:

Yi ∼ Poisson(eSiEi), i = 1, 2, 3, ..., n

Si ∼ p(.|θ)

θ ∼ π()

where: Yi is the observed number, Ei is the expected number of cases for area i (under the

assumption of uniform risk), Si is the log relative risk in area i, p(.|θ) is an appropriate

second stage prior distribution for Si, and π is the prior distribution for the parameter vector

θ. Their model is suitable when the disease is rare and it is based on the assumptions that

the individual risk level varies randomly within the area and risk associated with a particular

area acts proportionally on the baseline risk for each area.

For many outbreaks the time scale of the events is also known. This information can be

included in the modelling process.

Spatiotemporal models

When the time component is known, the response becomes the number of cases in each area

in each time period. For modelling purposes we denote Yit as the number of cases in area i

in time period t. The main focus with spatial temporal modelling is estimating the Poisson

mean which varies with i and t. It is generally assumed that

Yit ∼ Poisson(Eitθit)

where θit is the unknown true relative risk and Eit is the expected number of cases under the

assumption of uniform risk. For a basic spatial temporal model the relative risk logarithm

can be specified as:

log(θit) = ui + vi + τt + γit

with ui being the spatially correlated extra variation, vi the uncorrelated extra variation, τt

the temporal variation and γit the space-time interaction. Commonly τt and γit are assumed

to follow random walks, τt ∼ N(τt−1, σ
2
τ ) and γit ∼ N(γi,t−1, σ

2
γ) respectively, which allows

for a smooth variation in time (Unkel et al., 2012).
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Veterinary models

The majority of initial research and modelling was driven by human health data. Though

the basic principles remain for veterinary data, there are added complications. These compli-

cations include the use of human intervention to control an outbreak, and that the animals

themselves cannot report sickness. Control methods used to limit and control spread can

have dramatic effect, altering the progression of the disease. Even through the reduction

in spread is desirable from an epidemiological point of view, from the analytical side it can

lead to a significant amount of missing information, which can later impact on the quality

of model predictions. Since the disease reporting process first requires someone (owner, farm

worker, veterinary, etc) to detect the disease and then report the disease to the appropriate

authorities, the true level of the disease and its spread can be under-represented. This can

therefore add difficulty in the accuracy in modelling the disease (Lawson, 2013).

An example of spatial veterinary modelling is provided by Stevenson et al. (2005) where they

use Bayesian Poisson models to describe the geographical distribution of Bovine spongiform

encephalophathy (BSE). The disease itself is not contagious and relatively rare so the observed

number of cases in each area (Oi) was assumed to follow an independent Poisson distribution

with the average number of cases (µi) equal to the product of the expected number of cases

(Ei) and an estimated area-level relative risk. Their model can be expressed by

log(µi) = logEi + (α+ β1x1i + ...+ βmxmi) + Ui + Si

where Ei is estimated by

ni

(∑178
i=1Oi∑178
i=1 ni

)
with ni being the total cattle population in the ith area and 178 being the total number

of areas. The model includes m area-specific fixed effects (β1, . . . , βm) associated with ex-

planatory variables x1, . . . , xm, and spatially correlated and non-spatially correlated terms Si

and Ui respectively. They applied flat priors for the intercept α and regression coefficients

β1, ..., βm. They applied a normal prior to Ui, while Si was assigned a conditional intrinsic

Gaussian autoregressive (CAR) prior.

CAR priors are commonly used in Bayesian analysis of spatial data (Hodges et al., 2003).

They were first proposed by Besag (1974) and made popular in disease mapping by Besag

et al. (1991). CAR priors allows the posterior estimates for a region to take into consideration

the neighbouring regions (Hodges et al., 2003; Jin et al., 2005).

An example of spatiotemporal veterinary modelling is provided by Branscum et al. (2008).

They used a flexible Bayesian Poisson regression model to describe the annual provincial
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occurrences of FMD of Turkey from 1996 to 2003. They defined their model as

Yi,t ∼ Poisson(µi)

log(µi) = gi,t + βxi,t + ηi

where Yi,t is the yearly counts of cases in province i for year t and xi,t for the explanatory

variables with its corresponding regression coefficient βs. The function gi,t models the lon-

gitudinal trend specified by a Gaussian process. They used a Gaussian process because it

provided the ability to have a wide variety of temporal shapes. Similar to the spatial model

example above, a CAR prior was applied to the spatial process ηi.

Further examples of veterinary disease mapping models for FMD are described in sections

3.3.3 and 3.4.3.

2.3.3 Model selection and assessment

There is an increasing array of complex models available to today’s biostatisticians and epi-

demiologists. However, the most complex model is not necessarily the best model. We

therefore require a method, or methods, to assess model fit and complexity to determine

which provides the ‘best’ representation of the data.

One of the main methods for model selection is the use of information criteria. The three most

popular criteria are the Bayes Information Criterion (BIC), the Akaike Information Criterion

(AIC) and the Deviance Information Criterion (DIC).

DIC is an extension of AIC, and for simple one-stage models they are identical, however,

in cases of hierarchical and latent variable models, differences occur. This is because while

AIC uses the actual number of parameters, DIC uses the number of ‘effective’ parameters

(Ntzoufras, 2009).

The reason for using these criteria rather than the deviance directly, is that the deviance

does not take into consideration the number of parameters in the model. Including more

parameters in the model will allow the model to more closely represent the data, but at

the same time adds complexity to the model. The above mentioned information criteria,

are attempts to take into consideration this increasing complexity by penalizing it (Lawson,

2013).

For Bayesian modelling the DIC method is frequently used, hence, we will focus our attention

on this form of information criteria. For more information on AIC and BIC see (Lawson,

24



2013).

DIC

DIC was proposed by Spiegelhalter et al. (2002a) for the use in comparing complex hierar-

chical models. Their idea was based on the principle: DIC = ‘goodness of fit’+‘complexity’

(Spiegelhalter et al., 2014). More specifically it can be defined by:

DIC(M) = D(θ̄M ,M) + 2pM

where pM is the number of ‘effective’ parameters for model M specified by

pM = D(θM ,M)−D(θ̄M ,M)

where D(θM ,M) is the posterior mean deviance for the model and θ̄M is the posterior mean

of the parameter vector θ in model M . When we are evaluating the DIC, the smaller the

value, the better the model fit (Ntzoufras, 2009; Lawson, 2013).

The use of DIC as a model selection tool is widely exercised in biostatistics and ecology

(Spiegelhalter et al., 2014), where hierarchical models are common.

One of the limitations of DIC is that it assumes that the posterior mean provides a good

summary description of the central location of the posterior distribution. However, when the

posterior distribution is not symmetrical or unimodal, problems in using the DIC have been

reported (Ntzoufras, 2009; Lawson, 2013).

In recent years several adjustments have been made to improve the DIC statistic including a

proposed alternative measure of complexity and allowing for prediction (Spiegelhalter et al.,

2014).

2.3.4 Residual analysis

The analysis of residuals, specifically the plotting of the residuals, play a vital part in the

assessment of a model’s goodness of fit (Lawson, 2013; Dunn and Smyth, 1996).

There are many types of residuals available, the choice of which will depend on the models

applied. A few examples of methods include raw and deviance residuals, Pearson residuals,

raw and scaled residuals for Poisson point processes (Baddeley et al., 2005) and a variety

of Bayesian residuals (Carlin and Louis, 2000). In Chapter 4 we use the squared Pearson
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residual method to identify outliers and assess goodness of fit in a model for areal counts,

therefore we will focus on this method of residual analysis.

Pearson residuals

Detection of outliers and assessment of model fit, by the Pearson residual, occurs via the

comparison of the observed values and those predicted by the model. The statistic provides

evidence of a models lack-of-fit by taking large values (Hosmer et al., 1997).

The Pearson residual r is defined by

r =
(O − E)√

E

where O is the observed and E is the expected number of cases in some area (and for some

given time interval) based on the model in question. If the aim is simply to identify the

worst fitting data, irrespective of whether the fitted model overestimates or underestimates

the observed count, then the squared Pearson residual r2 can be used. Areas where the model

fails to fit are represented by large values. To quantify what qualifies as a large value, we

can use the fact that r2 has an approximate chi-squared distribution. Squared residuals r2

exceeding high quantiles (e.g. the 0.95 quantile) of this distribution suggest a poor fit. The

reason behind this poor fit can be the inadequacy of the model or the presence of outliers.

Exceedance probabilities

The use of exceedance probabilities are beneficial in assessing the spatial behaviour of a model

as well as unusual clusters or disease aggregation (Lawson, 2013). Diggle (2005) argues that

the mapping of predictive exceedance probabilities is more relevant than mapping predictive

estimates, as the latter is highly variable, which can result in possible over-interpretation.

A basic example of an exceedance probability can be expressed as qci = Pr(θi > c) for the

relative risk θi in some area. This probability is an estimate of how frequently the relative

risk exceeds the null risk value, θi = c, and can be regarded as an indicator of ‘how unusual’

the risk is in that unit (Lawson, 2013).

The general focus when using exceedance probabilities, has been detecting areas that have

a high probability of being in the upper tail, suggesting a possible heightened risk. The

probability of exceeding an upper threshold can also help in decision making. For example

Diggle et al. (2007) use exceedance probabilities to determine areas where the relative risk

exceeds a policy intervention threshold, therefore highlighting areas in which authorities need
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to intervene.

As we discuss in Chapter 4, exceedance probabilities can also be used to look for areas that

have a high probability of being in the lower tail, suggesting less cases then expected. Identi-

fication of such areas may reflect under-reporting of disease, a problem that is quite common

in veterinary epidemiology, particularly in counties with less well developed veterinary health

and surveillance systems.
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Chapter 3

Disease epidemiology and datasets

3.1 Foot and Mouth Disease

Foot and mouth disease (FMD) is a virus that can be transmitted by direct and indirect

animal contact as well as airborne spread. It can affect all types of cloven-hoofed animals,

principally affecting cattle, sheep and pigs (Bachrach, 1968). The virus causes fever and

affects the epithelial tissue causing vesicular lesions on hard wearing body parts such as the

mouth, snout, feet and occasionally teats. The lesions normally cause a loss of appetite,

lameness, reduction in productivity, with a fatality in approximately 2% of the adult cases

and 20% for neonates (Madin, 2011).

The incubation period for the disease can range from 2 to 14 days from infection to clinical

signs, and within this time the animals can become infectious to others. The susceptibility of

animals to the disease by different transmission methods varies with species, with cattle being

more susceptible to infection via inhalation and less likely to become infected by ingestion.

The survival of the disease in different forms of transmission varies with climate. The virus

can survive for long periods of time in low temperature with a neutral pH and only short

periods in regions of high temperature (Madin, 2011; Davies, 2002).

The classification of FMD falls into seven known serotypes with multiple subtypes. The

serotypes are A, O, C, Asia-1, and South African Territories (SAT) 1, 2, and 3 where the

subtypes are due to virus mutation (Davies, 2002; Grubman, 2004).

FMD has been acknowledged as the most significant restriction to international trade in

animals and animal products (Grubman, 2004). It is listed on the World Organisation for

Animal Health (OIE) A list. This means that it is considered to have the potential to spread
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rapidly with great public health or socio-economic consequences (Davies, 2002).

The first written record of cases of FMD are estimated to have occurred in 1514. Since the

first outbreak, FMD has been recorded in all livestock inhabited regions of the world except

for New Zealand. Since the start of the 20th century, the risk of re-emergence of FMD in

many countries is of grave concern. Because of this, institutes to investigate methods of

disease control have been established (Grubman, 2004).

3.1.1 Control methods

Due to FMD having a high rate of mutation, laboratory diagnosis can be difficult. This also

causes complications in vaccine creation.

The methods applied to control FMD are usually based around three procedures; movement

bans, vaccination, and depopulation. In regions where the disease is endemic a control strategy

of vaccination is usually applied (Haydon et al., 2004), while in regions that usually have a

status of ‘FMD free’ more drastic measures are generally applied.

The first step in any control method is the confirmation of diagnosis. This is crucial as other

diseases, such as swine vesicular disease (SVD), vesicular stomatitis, and vesicular exanthema

in swine and cattle, can cause similar symptoms. The confirmation of diagnosis is currently

done via antigen capture enzyme-linked imunosorbent assay (ELISA). A positive result can

be confirmed by the laboratory within 3-4 hours of samples received. However, a negative

response can take up to four days to confirm as cultures must be carried out. Reverse

transcription polymerase chain reaction (RT-PCR) can also be used for speedy detection of

the disease but has less sensitivity and is more labour intensive (Grubman, 2004).

The time to detection usually will have an affect on the strategies applied. All programmes will

usually require some sort of movement restrictions. This is normally paired with a campaign

of slaughter and/or vaccination on all infected farms as well as those surrounding an infected

premise (Davies, 2002).

An example of control methods applied to eradicate the disease is the 2001 outbreak in

England. For this outbreak a national movement ban (NMB) for all susceptible animals was

executed. For the eradication procedure a method of slaughtering, burning and burial of

susceptible animals was chosen. This was applied to all infected farms as well as any farms

in a 1.5km radius of an infected farm (pre-emptive culling) (Lawson and Zhou, 2005; Bessell

et al., 2010).
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3.1.2 Global impact

There are many global impacts that come along with FMD in a country. Whether it is the

economic costs of eradication, the economic cost of export market restrictions, or the lasting

impact that can result from animal culling.

An example of the economic impact that an outbreak brings is shown in the 2001 outbreak

of FMD in England. This outbreak was estimated to have cost between US$12.3 billion and

US$13.8 billion. This is made up of approximately 36% in lost tourism and US$4.2 billion in

compensation payed out to the agriculture and food chain industry (Grubman, 2004).

Standards established by the OIE (Office Internationale des Epizooties) classify each country

into one of three disease states. These are: FMD free without vaccination; FMD free with

vaccination; and FMD present. The income from exporting animal products can be affected by

a country’s FMD status. Generally, countries with a status of FMD free without vaccination

are able to reach higher levels of export pricing (Haydon et al., 2004).

The aim of trying to eradicate the disease can have dramatic effects long after the disease has

been eliminated. An example of this occurred in the 2010 FMD outbreak in Japan. During

the outbreak a seed bull farm contracted FMD and was later culled. This farm produced

90% of the Miyazaki prefecture sperm used in cattle production, therefore having a damaging

affect on the livestock industry for at least 5 years after the initial event (Nishiura and Omori,

2010).

3.2 Viet Namese outbreak

3.2.1 Background

FMD is endemic in Viet Nam as well as the surrounding Southeast Asian countries: Laos,

Cambodia, Thailand, Malaysia, Myanmar and the Philippines (Le et al., 2010). In Viet Nam

three (out of the seven known) serotypes have been recorded (O, A, Asia-1). Serotype O is

the most common, and is predominantly observed in cattle, buffalo and pigs (Cocks et al.,

2009). FMD has been recorded in Viet Nam since 1999 when immunological and molecular

methods were applied for the confirmation of FMD (Le et al., 2010). Originally documented

as mainly occurring in the south of Viet Nam, it is now widespread (Sharma and Baldock,

1999).

Viet Nam has a largely agriculturally based economy and social structure, hence, livestock
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are of great importance. FMD in Viet Nam greatly affects many levels of agriculture. These

include the direct impact on livestock, a decrease in yield due to loss of productivity, the loss

of stock via death (more common in the young and old) and the economic cost of treatment.

The presence of FMD can also have indirect effects in other areas as cattle and buffalo are

used as draught power (Cocks et al., 2009).

There is a significant amount of trade in cattle and buffalo between Viet Nam and Laos,

Thailand, and People’s Republic of China (Gleeson, 2002). By no means all of this is regu-

lated, with unmonitored movement of cattle across borders quite prevalent. This may have

an important impact on the spatial epidemiology of FMD in Viet Nam.

3.2.2 Description of data from 2006–2008

Our dataset, available from the Viet Namese Department of Animal Health, consists of 2734

reported cases of FMD in buffalo, cattle and pigs for Viet Nam over the time period 1st

January 2006–31st December 2008. For every reported case we have an estimated date of

onset, geographical area (described below), and the serotype of the outbreak. Once an animal

in a herd was confirmed to have FMD all other animals in the herd were assumed to also be

infected. Any other cases from the same herd during an outbreak were assumed to be the

same strain as the first case. All three endemic serotypes (O, A, and Asia-1) were observed,

although the number of occurrences of type A was low in comparison to O and Asia-1.

Viet Nam is divided administratively into provinces, and then further subdivided into coun-

ties, communes and districts. There are 64 provinces, with an average size of just over

5000km2, and 11052 communes with an average area close to 30km2. These geographical di-

visions are illustrated in Figure 3.1, which displays the provincial structure of Viet Nam (left-

hand panel); a zoomed section thereof (middle panel); and the division of a single province

into communes (right-hand panel).

Spatially, the FMD cases are identified by commune. As an illustration, Figure 3.2 shows the

geographical pattern of disease for each of the years 2006, 2007 and 2008. Specifically, each

point represents the centroid of a commune in which at least one case of FMD in cattle was

observed during the year in question.
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Figure 3.1: Spatial aggregation of Viet Nam. Left: province, middle: zoomed section by
province, right: communes.
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Figure 3.2: Points represent the centroid of communes in which FMD is observed in cattle
for each of the years 2006, 2007, and 2008. Blue represents serotype O, green serotype Asia-1
and red serotype A.

3.3 English outbreak

3.3.1 Background

The 2001 outbreak in England marked the first major outbreak since 1968 in the United

Kingdom (Sobrino and Domingo, 2001). This was followed by another outbreak in southern

England in 2007 (Ellis-Iversen et al., 2011). The 2001 epidemic was diagnosed in Essex and

was traced back to Northumberland. The epidemic infected over 2000 premises and lasted

241 days before eradication (Lawson and Zhou, 2005). The 2007 outbreak occurred in Surrey

and only infected eight premises before its rapid and effective elimination (Ellis-Iversen et al.,

2011).
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3.3.2 Description of the data

The outbreak

On the 19th February 2001 in an abattoir in Essex, FMD was diagnosed in pigs. The fol-

lowing day, it was identified as the sub-type O Pan Asiatic strain of the virus. Veterinarians

were able to trace the outbreak back to a pig farm in the village of Haddon on the Wall,

in Northumberland in the north of England. Sheep farms surrounding the pig farm became

infected, and due to the movement of sheep around the UK, the virus spread rapidly. On the

23rd of February a NMB for all susceptible species was implemented, after the transmission

became spatially localised (50% of new infected premises (IPs) were within 3KM of an infec-

tious IP and around 80% were within 10km). The peak of the outbreak occurred 33 days after

it was discovered and by the 3rd September 2001, the outbreak had infected 2000 premises.

At the time of the UK epidemic, FMD outbreaks also occurred in other EU countries: one IP

in Ireland, two IPs in France and 26 IPs in the Netherlands. To eradicate FMD a strategy of

slaughtering, burning and burial of all FMD-susceptible livestock on IPs within 24 hours, and

on farms within a 1.5km radius of an IP within 48 hours, was adopted by the UK regulatory

authority (Lawson and Zhou, 2005; Bessell et al., 2010).

The data

The dataset available for the 2001 epidemic in England contained information on the status

of each farm within central Northern England, on each day of the 241 day outbreak (145 day

epidemic), illustrated in Figure 3.3. A farm is given a status 1 if it was diagnosed with FMD,

and the day of diagnosis recorded. If a farm has not been diagnosed it is given status 0. For

farms with a status 0 but a date of onset less then 145 means that these were pre-emptively

culled for preventative purposes. The dataset also contained descriptive variables: type of

farm (cattle, sheep, goat or mixed) and the total number of susceptible animals on each farm.

For every farm, the centroid coordinates were also known, enabling point process modelling.

The outbreak is shown in Figure 3.3, where each point represents the centroid of a farm, with

blue farms where no disease and no culling occurred, green farms where no disease was found

but culling occurred, and red farms where cases occurred.
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Figure 3.3: Point process plot of farms in the UK epidemic of FMD. Blue indicates farms
where no disease and no culling occurred, green are the farms where no disease was found
but culling occurred, and red are the farms where cases occurred.

3.3.3 Survey of models and analysis

During the 2001 epidemic in England various modelling techniques were applied. These

include: binomial likelihood, survival modelling, mixed effects logistic regression, epidemio-

logical network, stochastic models, Bayesian spatial SIR models, as well as models to look at

geographic and topographic determinants.

Lawson and Zhou (2005) applied a binomial likelihood model to the epidemic. They ignored

the culling that took place in preference to provide a simple descriptive model of the disease

progression. The model seeks to represent the disease status of each farm (either infected or

FMD free) in terms of geographical location. Specifically, their model is defined by equation

3.1.

logit(pij) = β0 + β1xi + β2yi + β3xiyi + vi + ξj (3.1)

where pij is the probability of infection for the ith farm in the jth time period. The variables xi

and yi represent respectively the easting and northing coordinates of the centroid of the farm,

β1xi+β2yi+β3xiyi a fixed spatial trend, vi is a random uncorrelated heterogeneity term and

ξj a temporal trend term. This model showed that there appeared to be a significant negative

east to west trend, but no significant north to south trend was found. The interaction term

in the model was also found to be significant, indicating a non-linear spatial trend. Although

this model identified possible patterns in the spread of the outbreak, not including the effect
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of culling that occurred on all IPs was a major limitation.

An alternative method proposed by Lawson and Zhou (2005) is the survival-marked process

model. This is a form of survival analysis where in the model they considered the individual

farm data with the date of infection as a temporal endpoint. They tried a variety of models,

varying in complexity, and settled on the model shown in equation 3.2. The final model was

chosen based on the deviance information criteria (DIC).

yi ∼ Poisson(λ{di})

log(λi) = α0 + α1di + δi

di ∼Weib(r, µi)

log(µi) = β0 + β1xci + β2yci + β3xciyci + vi (3.2)

In equation 3.2, yi is the count of disease cases within the ith farm and di is the time until

disease for the ith farm. The centroid coordinates for farm location are xci, yci and δi as

the farm type. In this model vi is an uncorrelated spatial frailty term. During the 2001

epidemic all farms within 1.5km radius of an infected farm were pre-emptively culled. This

led to a loss of information for these farms as exact information on infection status and time

are unknown. This censoring was included in the model by conventional survival analysis

methods. The results of this analysis showed that farm type (δi) was significant, particulary

the presence of cattle on a farm. The identified limitations of the model include the presence

of large amounts of censored observations due to the control methods, a lack of a complex

dependence for survival or a method of taking into account the number of cases given the

number of cases that have already occurred.

A mixed effects logistic regression was applied by Bessell et al. (2010) to a refined dataset

of cases and controls (infected and non-infected, respectively). They excluded all farms that

contained only pigs, as these had minimal involvement in the outbreak after the initial cases.

They followed the methods of Hosmer and Lemeshow (2000) where the variables are first

applied in univariate logistic regression models, to test significance, then significant variables

were included in a multivariate regression model. They looked at predictor variables that fell

into four main categories:

1. The distance to a seed IP (the Euclidian distance to the nearest farm that was infected

before the non-movement ban)

2. Regional data (county that the farm belongs to)

3. Farm data (the type of livestock on the farm)

4. The farm’s neighbourhood (the number of cattle and sheep on the neighbouring farms
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within 10km radius).

The variables that had a significance level less than 0.001 where included in the multivariate

generalised linear mixed model (GLMM). Once again these variables were tested for signif-

icance taking into consideration all plausible interactions. From these results, all variables

included in the multivariate analysis except sheep density were found to be significant, hence,

sheep density was removed from the final model. For the final model they applied transfor-

mations to distance to seed, farms’s neighbourhood and the farm area to linearize the effects

of these variables on the logit scale. They tested autocorrelation and included random effects

by applying a grid of hexagons over the susceptible population. The results of this analysis

found that the epidemic spread differently in different parts of the UK and that the distance

to an infectious seed as well as cattle density are major risk factors for a farm contracting

the disease. There is also an increase in risk with an increase in farm land size. One of the

limitations expressed by the authors was that the animal density (number of livestock on the

holding) was not included as a predictor.

The use of case-control methodology has also been used in the analysis of geographic and

topographic determinants in the spread of FMD, this is discussed by Bessell et al. (2008).

Here they mainly focused on disease transmission during the period of local spread that

followed the non-movement ban (NMB). They looked into the effect that access to farm, road

distance between farms, the presence of a forest, presence of intervening roads, the elevation

change and the presence of linear features such as rivers and railways have on the spread of

the disease. They found that the presence of features such as rivers and railways acted as

barriers for transmission.

3.4 Japan

3.4.1 Background

Foot-and-mouth disease is not endemic in Japan. Before an outbreak in the spring (March) of

2000, Japan had been free from the disease since 1908. The epidemic affected four farms and

was eradicated through movement control, surveillance and culling. Japan was able to regain

its FMD free status by the end of September 2000 (Sugiura et al., 2001). In April 2010 a major

epidemic occurred, the first in a decade, where 292 infected farms were detected (Hayama

et al., 2012). Both epidemics where caused by serotype O virus (Nishiura and Omori, 2010).
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3.4.2 Description of the data

The outbreak

The 2010 epidemic of FMD in Japan was first spotted in water buffalo in late March. On

the 31st March, in the town of Tsuno, a farmer reported to the local veterinary practitioner

that one of his buffalo had a reduced milk yield as well as a fever. The veterinary service

then passed this information onto the Miyazaki Prefectural Livestock Hygiene Service Centre

(LHSC). When the officer attended the farm, four buffalo were identified with fever and/or

diarrhoea. As these symptoms were not strongly suggestive of FMD it was though that

the buffalo had a non-specific diarrhoea disease (however on the 23rd April these were later

confirmed to be FMD positive). On the 9th April in a fattening farm, near the location of

the water buffalo, the LHSC was notified about a cow having oral ulcers. As only one cow

was showing symptoms it was thought to be Ibaraki disease. However on the 16th April

the LHSC was notified of two more cows showing symptoms on the same fattening farm so

samples were taken for further investigation. On the 20th April, day 20, FMD was confirmed

and preventative measures were put into practice. These were established in accordance with

the ‘Specific Domestic Animal Infectious Disease Quarantine Guidelines’ and included culling,

movement restriction, surveillance and disinfection (for more details see Nishiura and Omori

(2010)). On the 18th May (day 48) a state of emergency was declared. People (farmers and

non-farmers) were asked to cooperate with disinfection procedures put in place and all mass

gathering or events were cancelled or postponed. A method of ring vaccination over a 10km

radius was implemented on the 22nd May and by the 30th June vaccination on all ‘at risk’

farms was completed (Nishiura and Omori, 2010).

This epidemic lasted from late March until the 10th July 2010 and involved 292 farms being

confirmed to be FMD positive. It resulted in nearly 290,000 susceptible animals being culled

(Knowles et al., 2012; Hayama et al., 2012).

The data

The dataset available for the 2010 epidemic in Miyazaki, Japan, contained information on

the centroid coordinates for all infected farms, the date of outbreak, the date of inspection

as well as the date of slaughter. We also have information on whether the farm contained

beef or dairy cattle, pigs, goats or sheep, and the population of each present. The prefecture

structure of Japan is shown in Figure 3.4 and the spatial distribution of data is shown in

Figure 3.5, as in previous figures the point represents the centroid location of the farm.
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(a) Japan (b) Miyazaki

Figure 3.4: (a) Map of Japan showing prefectures with the Miyazaki prefecture outlined in
red (Wikimedia.org, 2015). (b) Miyazaki prefecture showing regions with our spatial window
outlined in red (blogspot.co.nz, 2010).

3.4.3 Survey of models and analysis

After the 2010 epidemic of FMD in Japan, Hayama et al. (2012) used univariate and multi-

variate methods to examine possible risk factors. Similar to the regression analysis for the

2001 FMD outbreak in the UK, possible risk factors were assessed by a univariate analysis,

with significant factors then included in the multivariate model. The risk factors that were

investigated are: the susceptible species present on the farm, the herd size, the number of days

from the reported date at source farm to the clinical signs, the number of days from clinical

onset to the completion of culling at source farm, the Euclidean distance between a source

farm and a neighbouring farm, and the amount of time a neighbouring farm was downwind

from a source farm. In the univariate analysis two variables were found to be significant,

species present on the farm and herd size. These were then applied to a multivariate logistic

regression model. The results found that large scale pig farms posed the greatest risk to the

surrounding farms, and medium to large scale cattle farms had a higher risk of becoming

infected by local spread. The findings are consistent with the earlier findings of Nishiura and

Omori (2010).
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Figure 3.5: Miyazaki 2010 FMD outbreak spatial distribution

3.5 Interspread

3.5.1 Description of Interspread

InterSpread is a software package that uses large, complex and very flexible stochastic sim-

ulation models to predict the spread of an infectious disease. The software has the ability

to include the influence of many different factors on the spread of infection (Keeling, 2005).

The original InterSpread was designed to provided a framework for modelling the spread of

infectious diseases (Stevenson et al., 2013). It was created based on the research of R.S Mor-

ris and coworkers, particulary the Ph.D. work of Sanson (1993) (Keeling, 2005). The 2001

epidemic of foot and mouth disease in England provided the opportunity for InterSpread to

be used as a support tool during an outbreak. After this a revised version of InterSpread was

created, called ‘InterSpread Plus’ (Stevenson et al., 2013).

To create a model in InterSpread one must specify data files including information on the

farms, contact locations, epidemic history, and the spatial window of the study area. The

disease spread parameters such as the number of simulations, infectivity period and a trans-

mission method also needs to be specified. These parameters can then be specified to create

outbreaks mimicing certain diseases. A major benefit of the use of InterSpread is the ability

to specify details on a variety of other parameters, including intervention methods such as

movement restrictions, vaccination and depopulation (Stevenson et al., 2013). This therefore,

allows users to look at the effects that different intervention strategies have on the progression

of an outbreak.

40



Stevenson et al. (2013) provide a helpful flowchart of how InterspreadPlus simulates outbreaks

for a given disease (Figure 3.6).
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Figure 3.6: Overall simulation flowchart in InterspreadPlus , reproduced from Stevenson et al.
(2013).

There are many examples of the use and beenfits of InterspreadPlus. As mentioned previously,

during the 2001 UK epidemic of FMD InterSpread was used to be predict the spread of
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infection (Keeling, 2005). The information obtained, on how local transmission occurred,

from the analysis of this outbreak was then used to develop an InterSpread Plus model to

investigate how FMD could possibly spread if introduced in New Zealand (Sanson et al., 2006).

As well as predicting how an outbreak may spread within a country, it can also be used to

investigate factors that influence the progression of a outbreak for an infectious disease. For

example InterSpread Plus was used by Bokund et al. (2012) to investigate the influence on

livestock markets on the spread of FMD. They found that animal markets have an effect on

the size, duration and cost of the epidemic.

3.5.2 Use of Interspread to simulate our FMD outbreaks

Great Britian simulation

For our work in chapter 7 we investigate the effects of different intervention strategies applied

to simulated outbreaks of FMD in Northern England and Southern Scotland. The outbreaks

were created through the use of Interspread, with a spatial window covering the counties

of Cumbria, Northumberland, Dumfries and Galloway and Scottish borders (all counties of

Great Britain and the four selected shown in Fig 3.7). From now on we will refer to our four

selected counties as the ‘border counties’ with the resulting spatial window shown in Figure

3.8.

Our epidemics had a maximum length of 100 days, with the majority of the simulated datasets

lasting a lot less than this due to the intervention methods applied. The animals present on

the farm could be cattle, deer, goats, pigs, sheep, or a mixture of these. For each farm we

know the population of each species and the total farm population, as well as the centroid

coordinates. The beginning of the outbreak for all simulations was fixed, with four initial

farms infected on days 1,5,6,6 which were later detected on days 15,16,17,15, respectively.

Based on this epidemic history one of five intervention strategies (no intervention, vaccination,

depopulation, vaccination and depopulation, and depopulation and preemptive culling) was

applied and a dataset created. The spatial distribution of the dataset for each intervention

strategy is shown in Figure 3.9. We see the infected farms in red, farms where FMD was

not detected but depopulation occurred in green, farms where FMD was not detected but

vaccination occurred in blue, and farms with no intervention and no disease detected in grey.

The application of intervention strategies will be explained in more detail in chapter 7.
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(a) Great Britain (b) Selected counties

Figure 3.7: Map of Great Britian showing counties (left) and the four selected counties (right)
(Baxter, 2014).
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Figure 3.8: Border counties spatial window
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Japanese simulation

Similar to the Border counties simulated data sets, we created a series of outbreaks through

the Interspread software. The spatial window was defined as Miyazaki region (Figure 3.10). In

the creation of this simulated data we once again have a maximum length of 100 days, with the

majority of the simulated datasets lasting a lot less then this due to the intervention methods

applied. The animals present on the farm could be beef or dairy cattle, pigs, goats, wildpigs,

sheep, or a mixture of these. For each farm we know the population of each species and the

total farm population, as well as the centroid coordinates. The beginning of the outbreak for

all simulations was fixed, with 13 initial farms infected on days 1,2,3,4,5,5,6,6,6,7,7,7,7 which

were later detected on days 15,12,16,16,16,16,15,17,13,16,17,16,17 respectively. Based on this

epidemic history one of five intervention strategies (no intervention, vaccination, depopulation,

vaccination and depopulation, and depopulation and preemptive culling) was applied and a

dataset created. These datasets are shown in Figure 3.11 where we can see all susceptible

farms in grey and farms that have been simulated to be diseased based on a FMD epidemic in

red. We see the un-diseased farms affected by the intervention methods, blue for vaccination

and green for depopulation. When no intervention strategies are applied the epidemic is

allowed to run it natural course, which involves almost all farms becoming infected.
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(d) Depopulation and vaccination
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(e) Depopulation and pre-emptive culling

Figure 3.9: Image plots of simulated FMD outbreaks in Border counties : (a) No intervention
(b) depopulation (c) vaccination (d) depopulation and vaccination (e) depopulation and pre-
emptive culling. Grey represents farms with no FMD and no intervention, blue where no FMD
but vaccination applied, green where no FMD but depopulation occurred and red where FMD
is present.
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Figure 3.10: Miyazaki spatial window
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(d) Depopulation and vaccination
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(e) Depopulation and pre-emptive culling

Figure 3.11: Image plots of simulated FMD outbreaks in Miyazaki (Grey all farms, Red FMD
positive farms) : (a) No intervention (b) depopulation (c) vaccination (d) depopulation and
vaccination (e) depopulation and pre-emptive culling Grey represents farms with no FMD
and no intervention, blue where no FMD but vaccination applied, green where no FMD but
depopulation occurred and red where FMD is present.
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Chapter 4

Exceedence probabilities for

detecting anomalies in animal

health data.

4.1 Introduction

Advances in technology have provided better opportunities for the recording, processing and

storing of disease event information. This, in theory, should provide the necessary information

needed to carry out detailed analyses of the factors influencing the spatio-temporal distribu-

tion of disease in animal populations. However, the reliability of such analyses depends on

the quality of the data. Anomalies in data records have the potential to introduce significant

bias in the results of descriptive analyses and fitted statistical models, skewing results and

potentially leading to inappropriate decision making.

Generally the method used to identify anomalous data is by residual analysis (e.g. Gail, 1991).

Where a large residual indicates a data point that is poorly predicted by the model in question,

this therefore suggests either a problem with the point in question or significant inadequacies

of the model as a whole (or both). For simple models, such as linear regressions with fixed

effects, this type of analysis is straightforward to implement and interpret. However, residual

analysis becomes more difficult as the complexity of the data types and models increase. For

example, until quite recently there was no generally accepted definition of a residual for a

spatial point process (Baddeley et al., 2005).

The use of hierarchical statistical models in spatio-temporal epidemiology present such a
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problem. Such models seek to describe the variation in disease incidence or prevalence by

incorporating random variables at multiple levels (see, for example, Lawson, 2013). This in

principle means that we can define residuals at the corresponding levels of the hierarchy. It

is often the case that the flexibility that these models provide can mask the presence of truly

‘odd’ records and, superficially at least, make the model appear to be fitting well.

In this chapter we aim to promote the use of exceedance probabilities as a tool for identifying

and assessing anomalous data in spatio-temporal models for areal disease data. Exceedance

probabilities can be applied at any level of the model to describe the extent to which an

individual random term, or combination of random terms, is unusual, in the sense of lying

in the extreme tails of the specified distribution. Exceedance probabilities have been used

previously to detect anomalous clusters of cases in point process data (e.g. Diggle et al., 2005;

Davies and Hazelton, 2013), and have also been used to identify regions with unusually high

relative risk when modelling areal data (e.g. Best et al., 2005; Lawson, 2010). Our aim is

to showcase the wider uses of exceedance probabilities, demonstrating their application to

individual stochastic terms in areal models and also noting their usefulness for highlighting

areas with unexpectedly low (as well as high) reported rates of disease.

We illustrate the use of exceedance probabilities as a diagnostic tool for anomalous data

through a case study involving outbreaks of foot-and-mouth disease (FMD) in Viet Nam for

the period 2006-2008.

The material within this chapter is based upon the paper “Using exceedance probabilities

to detect anomalies in routinely recorded animal health data, with particular reference to

foot-and-mouth disease in Viet Nam” (Richards et al., 2014).

4.2 Data

4.2.1 Viet Nam FMD endemic

The full dataset is explained in detail in section 3.2. For modelling purposes the dataset

from the Vietnamese Department of Animal health was refined to only included cases that

occurred in cattle.

The resulting dataset consisted of 2734 reported commune-level outbreaks of FMD for the time

period 1 January 2006 to 31 December 2008. For every reported case we have an estimated

date of onset, geographical area (described below), and the serotype of the outbreak. Any

other cases from the same commune during the outbreak were assumed to be the same strain
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as the first case. All three endemic serotypes (O, A, and Asia-1) were observed, although the

number of occurrences of type A was low compared with serotypes O and Asia-1.

Viet Nam is divided administratively into provinces, and then further subdivided into districts

and communes. There are 64 provinces, with an average size of just over 5000 km2, and 11052

communes with an average area close to 30 km2. These geographical divisions are shown in

Figure 4.1, which displays the provincial structure of Viet Nam (Figure 4.1a) and the division

of a single province into communes (Figure 4.1b).

(a) Provincial boundaries
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(b) Commune boundaries

Figure 4.1: Map of Viet Nam showing provincial (left) and commune boundaries (right). The
location of Thai Nguyen province is indicated by the box on the provincial map. Commune
boundaries for Thai Nguyen province are shown on the right.

For the following analyses, FMD cases were identified spatially by their commune location.

As an illustration, Figure 4.2 shows the geographical pattern of disease for each of the years

2006, 2007 and 2008. Specifically, each point represents the centroid of a commune in which

a least one case of FMD in cattle was observed during the respective year.
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Figure 4.2: Map of Viet Nam showing the point location of commune-level FMD outbreaks,
for: (a) 2006, (b) 2007, and (c) 2008.

4.2.2 Explanatory variables

In addition to the disease data, we also have information on the covariates cattle density,

enhanced vegetation index (EVI) and elevation (in metres).

Cattle density is specified for each year at the provincial level only, and is measured as the

number of cattle per square kilometre. It is based on annual mean cattle population estimates,

routinely recorded by the Vietnamese Department of Animal Health.

Elevation data (Figure 4.3a) was obtained from the NASA Shuttle Radar Topographic Mission

(SRTM) 90 metre Digital Elevation Database version 4.1 (CGIAR-CSI, 2013).

EVI is an optimised index of the greenness of the Earth’s surface. We chose the use of

EVI, over the use of Normalised Difference Vegetation index (NDVI), because it has an

improved sensitivity in high biomass regions and better properties for monitoring vegetation

cover through a de-coupling of the canopy background signal and a reduction in atmosphere

influences. The EVI data (Figure 4.3b) were obtained as monthly time series with a 1km

spatial resolution from MODIS data via the NASA Terra satellite. These were sourced from

NASA’s Land Processes Distributed Active Archive Centre. MODIS data are produced in the
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sinusoidal projection (MODLAND Sinusoidal Grid) and made available as 460 tiles covering

the Earth’s surface, with each tile measuring 10◦ × 10◦. For the analysis of Viet Nam we

used the information obtained from six tiles, covering 8◦ and 24◦ N and 102◦ and 110◦ E.

These were obtaied from MODIS Terra Vegetation Indices Monthly L3 Global 1 km SIN grid

(MOD13A3, version 5).

To obtain our estimates for EVI and elevation, the data first had to be sorted, reprojected

to longitude-latitude and converted to GeoTIFF format using the MODIS reprojection tool

(USGS Earth Resources Observation and Science Center, 2011). This was then processed

using the raster package (Hijmans and van Etten, 2013) in R (R Development Core Team,

2012) to provide estimates for EVI and elevation for each province of Viet Nam.
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Figure 4.3: Image plots of Viet Nam showing: (a) elevation (expressed in metres) and (b)
Enhanced Vegetation Index for January 2006.
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4.3 Modelling the Data

4.3.1 Model Building

The variables in our dataset were recorded with varying degrees of spatial and temporal

resolution. While we have disease incidence data at the commune level on a daily basis, we

only have annual values by province for the explanatory variable; cattle density. This latter

variable represents the ‘lowest common denominator’ in terms of data resolution, constraining

us to work at a province-by-year level of spatio-temporal aggregation.

Therefore, the response variable was defined to be the number of infected communes per

province per year, where a commune was classed as infected for any given year if there was

at least one reported case of FMD within that 12 month period. The explanatory variables

are cattle density; average elevation per province; and annual minimum and maximum EVI

values by province. These latter variables were computed by spatial averaging of the monthly

EVI raster images over each province, and then selecting the smallest and largest monthly

values. Our intention here was that these variables would represent (crude) predictors of

FMD frequency (for example, susceptible animal populations at risk are more likely to be

kept in areas of the country where minimum EVI is relatively high). All these covariates were

centered and scaled to unit standard deviation.

For our initial model of FMD in cattle, we employed a binomial logistic regression model.

Here the response yik is the number of infected communes in province i for year k and is

defined as:

yik ∼ Binom(pik, ni) i = 1, . . . , 64; k = 1, 2, 3; (4.1)

where ni is the number of communes in province i, and pik is the probability of an FMD

infection in any given commune in that province during year k. The notation y ∼ Binom(p, n)

indicates that a random variable y follows a binomial distribution with probability parameter

p and number of trials parameter n, in the usual way.

The probability pik that a commune was identified as FMD-positive was modelled on the logit

scale. One model that we considered was as follows:

logit(pik) = αi + γk + δCDik + θ1Eli + θ2EVloik + θ3EVhiik (4.2)
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where logit(p) = log[p/(1− p)]. The explanatory variables were defined as follows:

• CDik is the cattle density in province i for year k;

• Eli is the average elevation in province i;

• EVloik is the minimum EVI value for province i in year k; and

• EVhiik is the maximum EVI value for province i in year k.

The parameters αi and γk describe the main effects of province and year respectively, while

coefficient δ describes the effect of cattle density. The parameters θ1, θ2, θ3 control the effects

of elevation, minimum EVI and maximum EVI respectively.

As expected, we found that model (4.2), and other fixed effects models, fitted the data very

poorly. This is largely due to the amount of unexplained variation within the model. We

therefore added a random effect term on the logit scale to account for this heterogeneity. The

most complex model of this type that we considered was

logit(pik) = αi + γk + δCDik + θ1Eli + θ2EVloik + θ3EVhiik + εik (4.3)

where {εik; i = 1, . . . , 64, k = 1, 2, 3} is a set of independent N(0, σ2) (i.e. normally distributed

with zero mean and variance σ2) random effects. Equation (4.3) describes an extremely

flexible mixed effects logistic regression model, where the random effects allow for additional

variation between the responses at every combination of province and year. We also considered

more parsimonious models, for example where εik in Equation 4.3 was replaced by εi (only

province-specific random effects).

Variants on models (4.1) and (4.3) were also considered that included serotype effects. In

those cases, the response becomes yijk for the count of infected communes in province i

for serotype j in year k, with the logit of the corresponding commune infection probability,

logit(pijk), incorporating a fixed effect for serotype. For the serotyope specific version of (4.3),

the random effect εijk is specified by combination of province, serotype and year.

The models defined above, for example by equations (4.1) and (4.3), are hierarchical, because

they incorporate random variation on both the response and logit levels. Such models are

conveniently fitted within the Bayesian paradigm using Markov chain Monte Carlo (MCMC)

methods (e.g. Gilks et al., 1996). We implemented this approach using the WinBUGS software

(Lunn et al., 2000). Cauchy priors were applied to fixed effect parameters following the scheme

described by Gelman et al. (2008). A uniform prior on the interval (0, 5) was applied to the

random effect variance σ2.
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Convergence of the MCMC runs for each model was confirmed using standard diagnostics,

such as trace plots and Gelman-Rubin convergence plots. The trace plots are a visual repre-

sentation of the variable value against the iteration number. When convergence has occurred

we expect to see constant fluctuations around a value. We can evaluate this for every vari-

able in the model. As we used multiple (three) chains for our analysis, convergence can be

evaluated through the use of the Gelman-Rubin convergence statistic. This is available as an

in built function in WinBUGS based on Brooks and Gelman (1998). We used these methods

to confirm convergence for our variables. This process was slow for our models but occurred

for all variables. The posterior means, computed from post convergence iterations, were used

as the point estimates for the parameters.

4.3.2 Preliminary Assessment of the Fitted Models

We compared models using the Deviance Information Criterion (DIC) proposed by Spiegel-

halter et al. (2002b). DIC is described in more detail in section 2.3.3. The DIC calculates

goodness of fit while penalising for complexity, with the ‘best’ model the one with the lowest

DIC value.

The DIC statistics for our model variants provided strong support for the most flexible model

as defined by Equation (4.3).

A standard residual analysis for this type of fitted model is to examine the Pearson residuals.

The Pearson residual for province i and year k is given by

rik =
yik − nip̂ik√
nip̂ik + 0.01

(4.4)

where p̂ik is the posterior mean estimate of pik. The addition of the small additive constant

(0.01) to the denominator in Equation (4.4) prevents division by zero, and applies an upper

bound (of 10ni) for extreme values for rik in cases where the a posteriori expected number of

infected provinces, E[yik] = nip̂ik, is very small.

Identification of anomalous data was investigated by examining the squared Pearson residuals

(SPR), r2ik. If the model provides a good fit to the data then these squared residuals should

follow an approximate chi-squared distribution on one degree of freedom. Values r2ik = 5 and

r2ik = 10 correspond to nominal tail probabilities of approximately 0.025 and 0.001 respec-

tively. Given that there are 64× 3 = 192 residuals, it follows that only values r2ik > 10 would

raise any significant concern about the presence of outliers.
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The SPR for the model depicted in Equation (4.3) is shown in Figure 4.4. We see that none

of the squared Pearson residuals for our model exceeded ten, suggesting that at face value

the model appears to be fitting well. However, the Pearson residuals only describe model

fit on the scale of the response variable, y. Therefore, this model could appear to be fitting

well because of the high level of flexibility offered by the random effects. We explore this

possibility in the next section by computing exceedance probabilities for the random effect

terms.
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Figure 4.4: Square Pearson residual plots: (a) 2006, (b) 2007, (c) 2008.
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4.4 Exceedance Probabilities for Random Effects

4.4.1 Defining the Exceedance Probabilities

The term εik in Equation (4.3) models the otherwise unexplained heterogeneity in the data. A

case (i.e. province-year combination) with an extreme value for this random effect is unusual

and may warrant further investigation. We need then some way of quantifying the ‘oddness’

of each εik. Exceedance probabilities provide a statistically principled way of doing so.

From the definition of our model, εik ∼ N(0, σ2) a priori for all i = 1, . . . , 64, k = 1, 2, 3. It

follows that −1.645σ and 1.645σ are respectively the 0.05 and 0.95 quantiles for this distri-

bution, while −2.326σ and 2.326σ are the 0.01 and 0.99 quantiles. These can be thought of

as threshold values. If we have strong evidence from the posterior estimates that some ran-

dom effect exceeds, for example, 2.326σ then this indicates that this case has a substantially

greater chance then expected of being infected with FMD, given its characteristics.

For any given random effect ε, we can measure our confidence that it exceeds some threshold

τ , and hence lies in the extreme tails of the distribution. We do this by computing the

posterior probability of the event ε > τ (for an upper tail threshold) or ε < τ (for a lower

tail threshold). We term these exceedance probabilities. For example, if yT = (y1, . . . , y64)

denotes the full set of disease data, then P(ε < −2.326σ | y) is the 1% lower tail exceedance

probability, and P(ε > 1.645σ | y) is the 5% upper tail exceedance probability.

Exceedance probabilities are easily calculated in practice from the (post convergence) output

from an MCMC run. Specifically, if we monitor the sampled values for εik then the proportion

of these which exceed τ provides the (approximate) exceedance probability P(εik > τ | y).

For thresholds that depend on other model parameters, such as τ = −2.326σ, we must

replace those unknowns with posterior estimates. For example, in practice we calculate the

approximate 1% lower tail exceedance probability P(ε < −2.326σ̂ | y) where σ̂ is the posterior

mean of σ.

The use of exceedance probabilities is an effective method of quantifying the extent to which

cases are unusual, though they do not provide any direct explanation as to the cause of

any observed anomalies. Nonetheless, a large upper tail exceedance probability indicates

an excessive number of infected communes, and could indicate an unusually severe provincial

outbreak (compare with Diggle et al., 2005, for an analogous interpretation with point process

disease data). Conversely, a large lower tail exceedance probability points to a shortfall in the

expected level of FMD. This might be due to unobserved epidemiological factors, but could

also be explained by under-reporting of the disease.
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4.4.2 Application of Exceedance Probabilities to the Viet Nam Data

As we are interested in the possibility of detecting areas of possible underreporting we focus

our attention on the lower tail exceedance probabilities for εik. Figure 4.5 shows the lower

5% tail exceedance probabilities for each of the three years 2006, 2007 and 2008. While the

plots for the latter two years are unremarkable, the plot for 2006 is interesting. The clustering

of provinces with unexpectedly low incidence of FMD is a characteristic of the data, not an

artefact of our model, since we do not include any representation of spatial correlation. With

the existence of a single province (or a few scattered provinces) with extreme negative random

effects we would need to be wary of over-interpretation. After all, some cases must lie in the

lower tail by chance alone. However, the observed spatial clustering of extreme provinces in

2006 strongly suggests some systematic effect. One plausible interpretation is that the true

level of FMD in the highlighted provinces was under-reported.
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Figure 4.5: Random effect exceedance probabilities for the 5% lower tail for 2006 (left), 2007
(middle) and 2008 (right). Provinces Cao Bang, Bac Kan, Thanh Hoa, Nghe An, Quang Binh,
Quang Tri and Quang Nam (listing from north to south) are flagged as having relatively high
exceedance probabilities.

We investigated further by looking at results from models incorporating serotype effects. Our

findings for serotype O (the most common strain of FMD reported in Viet Nam for the period

2006 to 2008) are the most noteworthy. In Figure 4.6 we display the exceedance probabilities

by year for the lower 10% tail. The spatial pattern of extreme provinces for 2006 reflects that

for the model without serotype, but we also see at least a suggestion of persistence into 2007.
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We also note that a single province in the far north of the country, Cao Bang, is highlighted

as unusual in both 2007 and 2008.
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Figure 4.6: Random effect exceedance probabilities for the 10% lower tail for FMD serotype
O only, for the years 2006 (left), 2007 (middle) and 2008 (right).

4.5 Discussion

When fitting epidemiological models to data, it is good practice to conduct some form of

residual analysis to assess the quality of the model fit to each of the data points. A systematic

pattern of large deviations from the predicted values might simply point to weaknesses in the

method in which the model represents the true spatio-temporal epidemiology, but it is also

possible that lack of fit to a small number of data may reflect problems with the data quality

that are not represented in the model. Problems with data quality in veterinary epidemiology

are not uncommon. For example, in a study carried out on the evaluation of foot-and-mouth

disease outbreak reporting in mainland South-East Asia from 2000-2010 it was found that

78% of reports did not obtain longitude and latitude coordinates, no serotype was recorded

for 43% of cases, and only 44% of reports since 2005 contained information on the number of

cases, population at risk, and the number of fatalities (Madin, 2011).

In this chapter we have used exceedance probabilities to identify and assess possible anomalous

data records in a dataset providing details of the endemic occurrence of FMD in Viet Nam

from January 2006 to December 2008. In 2006, when there were relatively large numbers of
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communes identified as FMD-positive, there were unusually low levels of disease in a sequence

of provinces (Nghe An, Quang Binh, Qunag Tri, and Thanh Hoa) bordering Laos. See Figure

4.7. Interestingly, the provinces Nghe An, Quang Binh, Quang Tri have been identified as

entry points into Viet Nam for cross-border movement from Laos of large ruminants and pigs.

We also note that the northerly province of Cao Bang is an exit point into China for the same

species. In more detail, a study by Cocks et al. (2009) suggested that the main pathways for

movement of these animals are as displayed in Figure 4.7.

Figure 4.7: Main movement pathways of large ruminants involving Viet Nam including im-
ports, domestic movements and exports. Green arrows indicate major entry/exit points.
Shaded provinces are those with high exceedance probabilities, indicating unexpectedly low
rates of FMD infection.

The presence of seemingly low disease probability in areas with high animal density and move-

ment patterns warrants further investigation. Of course, it may be that this aspect of the data

could be explained by unobserved covariates in a straightforward manner. We acknowledge

that one of the limitations of this study is the relatively small number of explanatory variables

available, and their fairly crude spatio-temporal resolution. Alternatively, it is possible that

the unexpectedly low counts arise from under-reporting of FMD incidence. Regardless of the

explanation, the ability of exceedance probabilities to draw out this aspect of the results,

which is essentially hidden in a plot of squared Pearson residuals, illustrates their utility as a
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model diagnostic. In the absence of other plausible explanations for our findings, we recom-

mend that disease surveillance and disease event recording procedures in the Department of

Animal Health offices in those provinces with unusually low levels of disease, are reviewed.

Exceedance probabilities can be helpful in the analysis of any type of hierarchical spatio-

temporal model, and can therefore be employed in a myriad of infectious disease modelling

problems. What is more, they can be computed in a straightforward manner from the output

of a MCMC algorithm, almost regardless of the complexity of the model itself. For example,

we considered refinements of the model in Section 4.3 in which we included a spatial CAR

prior (e.g. Waller et al., 1997) to account for otherwise unexplained dependence between

neighbouring provinces. This was, however, not strongly pursued as we found negligible

unexplained spatial correlation in our models as a whole (the spatial clustering on the low

disease provinces in 2006 notwithstanding), but nonetheless, computation of the exceedance

probabilities was little more complex than for the independence model.
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Chapter 5

Spatial clustering through time: an

extension to the epidemic curve

5.1 Introduction

Epidemiologists use epidemic curves to describe the temporal pattern of disease onset in

populations of individuals at risk. While epidemic curves can provide important clues about

likely mechanisms of disease spread, they simply indicate counts of cases as a function of time

and hence provide limited insight into factors driving disease transmission. For example, in an

infectious disease epidemic, are there large numbers of cases observed over a short period of

time due to spread from local contact, or simply due to lots of sporadic cases? A critical issue

in understanding the characteristics of disease transmission is to look at spatial clustering of

cases.

An epidemic curve in its simplest form plots the number of new cases for each time period. The

main purpose of such plots is to visually portray any temporal trends and the type of outbreak.

When disease occurrence is low, epidemic curves are useful in the decision making process

regarding control methods and when they should be applied. In some circumstances they

can also be used to estimate incubation times and to compare disease frequency in different

populations (Salman, 2003). The epidemic curve can also be used to investigate clustering

of disease over time. However, the clustering of disease can be subtle and complex so results

from simple graphical techniques may be difficult to interpret and therefore, conclusions may

be invalid (Ward and Carpenter, 2000).

With disease and ill-health, clustering in space and/or time is common place. This is generally

because the disease is contagious or point source in nature. Consequently, if we fail to consider
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and investigate such clustering, any procedures to control and eradicate could be hampered

(Carpenter, 2001).

Clustering in point pattern processes can be investigated through second order analysis, for

example using the inhomogeneous K-function. In this chapter we present a graphical tool

that provides a means for summarizing the degree of spatial clustering in infectious disease

outbreak data, and to document how this changes during the course of an epidemic. Our tool

is not aimed at detecting clusters in space and time, but rather at showing how the pattern

of spatial clustering changes with time. We propose that this approach should be used in

conjunction with the epidemic curve to shed more light on the progression and structure

of an outbreak. We illustrate our methodology using simulated data and later apply it to

epidemics of foot-and-mouth disease (FMD) from England and Japan.

5.2 Models

To illustrate the motivation for and the use of our clustering tool we will look at four artificial

disease datasets. The first pair are drawn from an underlying spatially homogeneous popula-

tion and the second pair from an inhomogeneous population. For each underlying population

we generate two datasets. The first is a Poisson point process (PPP) with the second being

a cluster Poisson point process (CPPP). All the datasets were created using the Space-Time

Point Pattern simulation, visualisation and analysis (stpp) package in R (Gabriel et al., 2014).

In section 2.2 we introduced spatial models for the homogeneous and inhomogeneous spatially

distributed datasets. As we will be investigating the changes in spatial clustering through

time, here we will discuss spatial-temporal models for homogeneous and inhomogeneous spa-

tially distributed datasets.

We continue to work with Poisson point processes, for which we define the spatial-temporal

intensity as λ(x, t) for location x at time t. Following Gabriel et al. (2013) we assume

separability, and consequently decompose the intensity as

λ(x, t) = λs(x)λt(t) (5.1)

where λs and λt are separate intensity functions over space and time respectively. The number

of points N falling in an area A over the time interval (t1, t2) is distributed according to

N ∼ Pois(µ)
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where

µ =

∫ t2

t1

∫
A
λs(x)λt(t)dxdt. (5.2)

5.2.1 Homogeneous Spatio-Temporal Models

For spatio-temporal homogeneous models we require λs(x) and λt(t), from equation 5.2, to

be constant (i.e. not dependent on x and t respectively). This can occur for example with

an endemic disease where the population at risk is uniformly distribution over space. Such a

model is rather unrealistic (since real world populations tend to highly non-uniform) but it

provides an easily interpretable test case.

5.2.2 Inhomogeneous Spatio-Temporal Models

The inhomogeneous spatial temporal models are an extension to the homogeneous case where

λs(x) is allowed to vary. If we keep λt(t) constant then the model can be thought of as

representing an endemic disease with spatial variation in the underlying population at risk.

For our test models we define the spatial component of the intensity as

λ(x) ∝ 0.01 + 0.2N(x|µ1,Σ) + 0.1N(x|µ2,Σ) (5.3)

where N(x|µ,Σ) denotes a bivariate normal density function with mean vector µ and covari-

ance matrix Σ evaluated at x. We set µ1 = (34, 54)T , µ1 = (35, 52)T , and

Σ =

(
4 0

0 3

)
.

The visual portrayal of λ is shown in Figure 5.1. Our function mimics an example of an urban

area (formed from two distinct centres of population) surrounded by more sparsely populated

rural areas.

5.2.3 Cluster Poisson point process

The CPPP datasets are formed through a kind of parent-child process. The parents of the

process are generated in the same way for the homogeneous and inhomogeneous processes.

That is, they follow PPP models with intensity functions given by equation 5.1 with constant

λt, and λs as a constant function (in the homogeneous case) or defined by equation 5.3 (in the
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Figure 5.1: Spatially inhomogeneous intensity function λs.

inhomogeneous case) The parents can be seen as the causes for an outbreak of disease. After

the initial effect of creating the children, the parents themselves are not recorded as events

in the final dataset. For instance, the parents could represent interactions between members

of the population at risk (say cattle) and wild animals acting as a host for a disease. An

example is provided by the relationship between possums and TB spread among cattle. A

possum with tuberculosis (TB) may cause the spread of the disease to the surrounding cattle,

which are recorded as our events, but the actual possum that caused the spread is unknown

and not recorded.

Once a parent is specified in space and time, the distribution of children given the parent is

defined as a Poisson point process with intensity function given by

ρ(x, t) = ρs(x)ρt(t) ∝ exp

(
−1

2

‖ x− xparent ‖2

( τ12 )2

)
× exp

(
− 1

τ2
|t− tparent|

)
(5.4)

where xparent and tparent denote the location and time of occurrence for the parent point.

We assume that t ≥ tparent. It follows that conditional on the parent, each child is spatially

distributed according to a bivariate normal distribution, and temporally distributed according

to an exponential distribution. When creating a cluster process we can stipulate dispersion

(scale) parameters, τ1 and τ2 for the spatial and temporal dispersion respectively. We illustrate
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this idea in Figure 5.2 where the parents are represented by blue circles, and the children

represented by red crosses. The distribution of these children is defined by the intensity

function above, so that children typically fall within a circle of radius 2τ1 of a parent indicated

by the green arrow. In this example we used τ1 = 2.5km.

Based on this definition, examples of the spatial temporal process of the children (events)

are shown in Figure 5.3. The datasets were stipulated to be created using two parents with

an average of seven children per parent. To demonstrate the temporal scale the size of the

points signifies the recentness of the event: the larger the point, the more recently the event

occurred.
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Figure 5.2: Illustration of the procedure for the cluster Poisson point process (CPPP), with
parent points represented by blue circles, and the children represented by red crosses. The cir-
cle describes the role of the dispersion parameter in determining the concentration of children
around each parent.
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Figure 5.3: Parent/children process with temporal component. Plotting size indicates how
recently the case occurred, with large symbols indicating very recent events and small symbols
earlier ones.

5.3 Implementation

The datasets were created using the spatial window shown in Figure 5.4. This is the border

outline of North Cumbria, England. We used a real geographical window for our analysis,

rather then a default square, to reflect the ‘typical’ properties of study regions in practice.

We implemented the methods described previously with this spatial window to create our

four datasets.
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Figure 5.4: Study region for artificial datasets (based on the English county of Northern
Cumbria)

5.3.1 Dataset specification

Spatially homogeneous datasets

For the spatially homogeneous Poisson point patterns the underlying intensity λ is constant.

Using the stpp package in R (Gabriel et al., 2014), the distribution of points can either be

specified as the total number of points over the window or as the expected number of points

per unit area. For our datasets we will implement the models specifying the total number of

points.

Our PPP dataset was created with the specification of a total number of 100 points and a

maximum time window of 50 days, with the final dataset lasting 45 days (100 points were

reached within 45 days). In Figure 5.5 we see the progression of the outbreak every 10 days.

Red events represent the new cases reported on the day and grey points represent the past

events where the size of the plotting point represents the temporal component, the larger the

size the more recent the event. The data appears to be spread out over the entire region.

Our CPPP dataset started with five parents and was allowed to progress until a maximum

of 100 points was simulated or the temporal component reached a maximum time range of

50 days. As with the homogeneous PPP dataset, λ is constant and the intensity is set by the
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maximum number of points when implemented using the stpp package. The spatial dispersion

parameter, τ1 for the children was set to a radius of 2.5km and the temporal dispersion defined

by τ2 = 5 days. We deemed the process infectious and therefore, offsprings’ times were always

greater than parents’ times. The selected dataset reached the maximum number of events

(100) within 49 days. In Figure 5.6 we once more look at the spatial-temporal plots at 10 day

intervals over the course of the outbreak. Based on these plots we can see that the initial stage

of the outbreak (≤10days) is characterised by local spread. By day 20, there has been a long

range transmission, followed by a period of local spread. The first grouping appears to still

be bubbling away. By day 30 the outbreak appears to be dying out. At day 40, however, we

see that the outbreak has not died off and instead observe another long range transmission.

By the last day of the recorded outbreak we see significant local spread in a short time frame.

So far we have created two datasets for which it is very easy to spot spatial clustering,

and where any clustering that does exist must be due to disease transmission because the

underlying intensity λ is constant. We now want to create a more challenging pair of examples

with variation in the underlying spatial intensity, so that groupings of points may be attributed

to variation in λ or clusters from local transmission. This provides a more challenging and

realistic scenario for testing the cluster curve.

Spatially inhomogeneous datasets

For most practical applications it would be entirely unrealistic to assume that the underlying

population at risk is uniformly distributed over space. Therefore, we also consider datasets

selected from a spatially inhomogeneous population, where variation in intensity over the

study area is allowed to occur according to equation 5.3.

Once again we create two datasets, a PPP and a CPPP.

The PPP dataset is specified to have a maximum of 45 cases and a maximum time range

of 50 days. The resulting dataset covered all 50 days with 45 cases in total. The resulting

spatial temporal plots are shown in Figure 5.7. From these plots we can see that the initial

progression of the disease is slow. The cases are concentrated around the centre of the region,

with a smaller number in the tails. The presence of a centre grouping for the PPP dataset is

of course not a disease cluster but reflects the higher population density.

The CPPP dataset was specified to be formed by 20 parent cases with a mean of 2 children per

parent case. Parents were generated through the PPP with intensity function from equation

5.3, and conditional on those, children follow a process with intensity from equation 5.4 with

a spatial scale parameter τ1 = 2.5 and temporal scale parameter τ2 = 5. Similar to the
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PPP dataset, a maximum time region of 50 days is specified. The resulting dataset lasted 49

days and contained 39 events. In Figure 5.8 we illustrate the spatial-temporal distribution of

events every 10 days. We see that in the first 10 days no events occurred. By day 20 we see a

grouping and a possible long range transmission. Over the next 29 days we see local spread

occurring within these two groupings.

In general we see that the PPP dataset covers a lot more of the spatial window while there

is a presence of two main clusters (pockets) of disease for the CPPP dataset.

5.3.2 Epidemic curves

We now pretend that we do not know the processes that generated these datasets. Instead, we

ask whether it is possible to infer characteristics of the generating process using the epidemic

curve.

Homogeneous population

The epidemic curves for the homogeneous datasets are shown in Figure 5.9. These plots show

both the daily cases over time as well as the the 7-day moving window. We see from the daily

epidemic curve that in the initial stages of the outbreak the two curves; PPP and CPPP, are

very similar. In such a situation, an epidemiologist would have very little reason to suspect

that the disease processes are, in truth, very different.

Inhomogeneous population

The epidemic curves for the inhomogeneous datasets are shown in Figure 5.10. Similar to the

homogeneous case we look at both a temporal daily scale as well as a 7-day moving window.

We see that from 10 days into the epidemic for both the daily and the 7-day window there is

a similar structure to the epidemic curve. Therefore, from these two curves we are unable to

see any difference between the outbreaks and in particular any differences in the progression

of the spatial patterns of disease.

The examples we have used, both with spatially homogeneous and inhomogeneous popula-

tions, illustrated the limitations of the epidemic curve (on its own) as a guide to the charac-

teristics of the disease. As the datasets were artificial we know the processes by which they

were created. By evaluating the epidemic curves, however, we were unable to distinguish

between these processes. This is why we propose the use of a new tool called the cluster
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curve alongside the epidemic curves.
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Figure 5.5: Spatial-temporal distribution of homogeneous PPP dataset every 10 days, with
red representing new cases on the day and grey previous cases. The larger the plotting size
the more recent the infection.
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Figure 5.6: Spatial-temporal distribution of homogeneous CPPP dataset every 10 days, with
red representing new cases on the day and grey previous cases. The larger the plotting size
the more recent the infection.
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Figure 5.7: Spatial-temporal distribution of inhomogeneous PPP dataset every 10 days, with
red representing new cases on the day and grey previous cases. The larger the plotting size
the more recent the infection.
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Figure 5.8: Spatial-temporal distribution of inhomogeneous CPPP dataset every 10 days,
with red representing new cases on the day and grey previous cases. The larger the plotting
size the more recent the infection.
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Figure 5.9: Epidemic curves of homogeneous datasets. Blue solid lines represent the cluster
Poisson point process and green dashed line a Poisson point process (PPP). Left daily epidemic
curve, right 7-day moving window epidemic curve.
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Figure 5.10: Epidemic curve of inhomogeneous datasets. Blue solid lines represent the cluster
Poisson point process and green dashed line a Poisson point process (PPP). Left daily epidemic
curve, right 7-day moving window epidemic curve.
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5.4 Cluster curve

When we look at the epidemic curves we can clearly see temporal trends, but what about the

spatial patterns? Though a well trained eye may be able to spot the presence of clustering,

its structure can be complex and therefore, difficult to detect and interpret.

If we take our datasets for example, the sets of epidemic curves (PPP and CPPP) are very

similar (they were chosen to be that way) but we know, since we created them, that the

underlying processes in which they were produced are different, one by a Poisson point process

and other by a cluster process based on parents and children. In most circumstances we want

to control or eradicate the disease. Methods for disease control will depend critically on

its transmission properties, which will be reflected in the patterns of clustering. Therefore,

the ability to minimise the impact of the outbreak could be greatly hindered if we fail to

consider or investigate the presence of clustering. An epidemiologist would be better able to

understand the course of the epidemic if the information from the standard epidemic curve

was augmented with a summary of the spatial clustering properties of the process, and how

these change with time. This motivates us to define our cluster curve.

The cluster curve makes use of the inhomogeneous K-function (described in detail in section

2.2.3). In essence the K-function measures the degree of spatial clustering by counting the

number of observations within a radius (r) while adjusting for the spatial distribution of

the population at risk. We are basically looking at how the number of pairs of points over

our given radius compares with what is expected given the underlying intensity with no

clustering. The cluster curve is created by selecting a radius r, then plotting the difference in

the inhomogeneous K-functions based on data falling within a particular time window. For

any given value of r, plotting these values for a sequence of time windows covering the entire

time period, gives us our cluster curve. We are in effect looking at the changes in spatial

clustering through time taking into consideration the groupings that occur because of the

spatial variations in the population density.

In preparation for calculation of the cluster curve, we need to subset the data into different

time windows, these need not be disjointed. Our usual approach is to use a 7-day moving

window, so that the window labelled by time point t contains all the data from day t to day

t+ 6.

Each window must contain a sufficient amount of data points in order to estimate the in-

homogeneous K-function, as this function depends upon the population spatial intensity (or

density) function λ, which accounts for clustering that would occur because of geographical

variations such as urban and rural environments. Such estimation is most straightforward
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when we have an exogenous estimate of the population density available, which is the case in

all the examples that we consider. If such an independent estimate is not available, then the

population density can be estimated directly from the full spatial dataset.

We initially defined our cluster curve function as

Ψ(r|t) =
K̂(r|t)−Ktheo(r|t)

Ktheo(r|t)
(5.5)

where K̂(r|t) is the observed inhomogeneous K-function statistic at a radius r and Ktheo(r|t)
the theoretical inhomogeneous K-function statistic under the assumption of no clustering at

radius r, both based on data for time interval t only. The numerator compares the observed

degree of clustering with that expected if cases occur independently. By dividing this differ-

ence by the theoretical K-function, we are developing a statistic that does not depend on the

overall size of the epidemic. It is equally adept at representing clustering in an epidemic with

20 cases as it is in an epidemic with 2000 cases.

A problem can arise where the cluster curve can take large values if Ktheo is very small, this

problem is quite common with small epidemics. In essence, Ψ becomes very unstable as it

stands. We therefore, adapt the original definition to include the addition of a constant (e.g.

1) to the denominator. We now redefine our cluster curve as:

Ψ(r|t) =
K̂(r|t)−Ktheo(r|t)

(Ktheo(r|t) + 1)
. (5.6)

In practice we will plot Ψ(r|t) against t to produce the cluster curve for radius r. In the

analysis of the curve a positive value of the curve represents the presence of clustering. A

negative value; a regular pattern and a value around zero; independence.

An illustration of the ideas behind the cluster curve for one time interval is shown in Figure

5.11. Here the purple line represents the difference between the observed and theoretical

curves at r = 10km radius (1unit = 10km). From this plot we can also see that there are

multiple estimates for the estimated observed inhomogeneous K-function. These are based on

the corrections applied; isotropic (iso), translate (trans), border (bord) and border modified

(bordm). We proceed using the translate correction method as it is computationally efficient.

5.4.1 Cluster curve smoothing

In the application of the cluster curve we require a minimum of only three events within a

window in order to estimate the inhomogeneous K-function (given that an exogenous estimates
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Figure 5.11: Inhomogeneous K-function example, showing the difference between the theo-
retical and the observed inhomogeneous K-function.

of the population density is available). Low sample sizes in some or all time windows could

lead to very noisy cluster curves. Some examples are given in Figure 5.12, where gaps in

the curve correspond to time windows with insufficient data to compute estimates of the

inhomogeneous K-function. To tackle this issue we provide the option to implement some

additional smoothing.

The required level of smoothing depends on the choice of time window length. If a large time

window is chosen then the resulting curve is unlikely to be very noisy, possibly rendering

smoothing unnecessary. However, the disadvantage of long windows is that they may fail to

pick up spatial clusters that last for only a relatively short time.

There are many methods available for smoothing sequences of data. These include kernel

smoothing (Wand and Jones, 1995), lowess (Cleveland, 1979), and splines (Green and Sil-

verman, 1994). We chose lowess, because of its reliable performance and ease and speed

of implementation. Within the lowess function we used a Gaussian family, therefore, per-

forming the smoothing via fitting least-squares (Jacoby, 2000). The degree of smoothing is

controlled by a parameter α that specifies the proportion of the data used to compute each

local regression.

80



0 10 20 30 40

−
1

0
1

2
3

4
5

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=10

0 10 20 30 40

−
1

0
1

2
3

4
5

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=5

0 10 20 30 40

−
0.

5
0.

0
0.

5
1.

0

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=10

0 10 20 30 40

−
0.

5
0.

0
0.

5
1.

0

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=5

Figure 5.12: Raw cluster curve examples

5.4.2 Implementation in R

Our cluster curve operates by evaluating the difference in clustering for a given radius r.

More specifically by fixing r we are examining clustering only up to that distance. We often

select r based on prior knowledge of the disease. For example, if it is known that the disease

in question rarely causes infection at a range of more than 5km, (as is the case for Foot-and-

Mouth disease, for instance) then we might choose to work with the cluster curve with r = 5.

However, variation in the spread naturally occurs during an outbreak due to factors such as

farm locations and geographical features. It may often be the case that the epidemiologist does

not have a specific radius in mind, and may want to explore various r values. This motivates

development of a software implementation of the cluster curve in which it is straightforward

to switch between values of r.

For the ease of switching between radiuses we use a slider. This is an adornment to the plot

by which the user can control the choice of r dynamically, using the mouse. An example

of the slider and resulting cluster curve is shown in Figure 5.13. This allows users to easily

switch between radiuses without having to rerun the R function. As can be seen from this

Figure, our slider also allows the degree of lowess smoothing to be adjusted.

Calculation of the inhomogeneous K function is moderately computationally intensive. As a

consequence, if this function needs re-evaluating each time a new value of r is selected, the

slider will appear very unresponsive. Our solution is to perform an initial evaluation of the K

function over a grid of values of r, using the efficient kinhom function in the spatstat package

in R (Baddeley et al., 2015). The cluster curve and slider are only plotted once this initial

step is completed. Any subsequence change of radius is handled through linear interpolation
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(implemented using function approxfun within R (Becker et al., 1988)). Specifically, this

approximates the inhomogeneous K-function at a radius r by using an appropriate convex

combination of the values K(r1|t) and K(r2|t) computed at the grid points r1 and r2 to either

side of r. This allows the slider to work more efficiently.

Figure 5.13: Cluster curve slider example.

The application of this tool is shown in the following sections for our spatially homogeneous

and inhomogeneous datasets.

5.4.3 Application of the Cluster Curve to simulated data

Homogeneous population

The application of the cluster curve to the homogeneous data is shown in Figure 5.14. We look

at radiuses of 2,4,6,8 and 10km with a lowess smoothing where α = 0.25. The homogeneous

PPP cluster curves are on the left and CPPP on the right.

When we compare the CPPP and PPP cluster curve plots we see that at more time periods

for a greater range of radiuses the CPPP dataset appears to have a higher level of grouping

amongst events than the PPP dataset. The PPP datasets for almost all radiuses at all

time windows shows little difference from what is expected based on a homogeneous Poisson

process. For the CPPP datasets we see that the greatest degree of clustering difference occurs

at the larger radiuses. We also see that the heightened degree of clustering occurs in peaks

and troughs throughout the entire time period. This is generally characterised by periods of
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local spread followed by a long range transmission which then causes a new cluster of local

spread.

In the interpretation of these curves negative areas almost certainly do not indicate ‘anti-

clustering’, rather, they are an artefact of the methodology. Specifically, the Ktheo curve

when computed from data that is in truth clustered will give results averaged over clusters

and areas without data, so that in the latter areas it will indicate that there are greater

distances between points that is anticipated by a PPP model. It follows that the dips in the

right hand plots are of little interest.

As mentioned previously, when we look at the epidemic curves the two curves are similar,

especially between day 5 and day 25 with a few days delay between peaks, but when we look

at the clustering structure of the two datasets they are different. This information on the

spatial structure was unable to be easily detected via the epidemic curves.

Inhomogeneous population

The application of the function to the inhomogeneous data is shown in Figure 5.15. We look

at radiuses of 2,4,6,8 and 10km with the homogeneous PPP on the left and CPPP on the

right. This was implemented using true population intensity λ(x, t) as an input into the

inhomogeneous K-Function.

Once again we see that the CPPP dataset has a higher degree of clustering when compared

to the PPP dataset. For the CPPP dataset we have an initial large amount of clustering,

a moderate degree in the middle of the epidemic and and increasing degree in the latter

stages. This increase in the latter stages suggest that the end of the outbreak was mainly

characterised by local spread. For the PPP dataset we see slightly more clustering indicated

than we did for the homogeneous PPP dataset, but still with little deviations from what is

expected. The small deviations in the PPP plots could be the presence of noise in the cluster

curve, we will consider methods of addressing this in chapter 6.

When we look at the epidemic curves from day 10 onwards we see very little difference between

the temporal patterns for the two datasets. However, from the spatial plots and the cluster

curve we once again can see that the spatial distribution of the two cases are different, with

the CPPP dataset having significantly more clustering.

A basic examination of the spatial distribution may suggest more clustering in the inhomo-

geneous case than the homogeneous, our cluster curve adjusts for this through its use of the

inhomogeneous (as opposed to homogeneous) K-function.
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Figure 5.14: Cluster curve for spatially homogeneous datasets at a radius or 2,4,6,8 and
10km. On the left is the Poisson point process (PPP) and on the right the cluster Poisson
point process (CPPP). Plots are all on the same axes scale for comparability
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Figure 5.15: Cluster curve for spatially inhomogeneous datasets at a radius or 2,4,6,8 and
10km. On the left is the Poisson point process (PPP) and on the right the cluster Poisson
point process (CPPP).
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5.5 Integrated cluster curve

The ability to vary r is both a strength and a weakness of the cluster curve. It is a strength in

that it allows the epidemiologist to examine clustering over ranges s/he thinks are important

for the disease in question, but a weakness in that one might end up having to look at many

plots, where the goal is to produce a simple tool for initial exploration of spatio-temporal

epidemic data. In these circumstances it may be more interesting to look at the degree of

clustering difference over a given range of radiuses. For this we propose the integrated cluster

curve.

Our integrated cluster curve tool is a variation of our cluster curve tool in which we look at

the difference in the spatial clustering through time over a given range of radiuses [0, rmax]

rather than for a single radius. More specially our preliminary definition is:

Ψint =

∫ rmax

0
(Kobs(r|t)−Ktheo(r|t)) dr (5.7)

where for every time interval we evaluate the degree of clustering by taking the area between

the two curves over a specified range of radiuses. This is illustrated in 5.16, where we evaluate

the integrated cluster curve over the range [0, rmax] for rmax = 10km (or 1 unit). Equation

5.7 is evaluated using numerical integration.

The initial definition (5.7) of the integrated cluster curve is very dependent on the spatial

scale of the data coordinates and the size of the epidemic outbreak. We therefore, scale by

dividing the integrated difference by something. There are many methods in which this can

be carried out, with no one that is clearly superior. Here we suggest three possible methods:

Ψint =

∫ rmax

0 (Kobs(r|t)−Ktheo(r|t))dr∫ rmax

0 Ktheo(r|t)dr
(5.8)

Ψint =

∫ rmax

0 (Kobs(r|t)−Ktheo(r|t))dr∫ rmax

0
1
2(Kobs(r|t) +Ktheo(r|t))dr

(5.9)

Ψint =

∫ rmax

0 (Kobs(r|t)−Ktheo(r|t))dr∫ rmax

0 (1 +Ktheo(r|t))dr
. (5.10)

Equation 5.8 takes the area under the theoretical curve as the denominator, equation 5.9

takes the average, and equation 5.10 has the addition of one, similar to the method applied

to the cluster curve for fixed radius. Which method is chosen does not have a great impact

on the conclusions drawn as we are mainly focused on the shape of the curve not the scale on

the y-axis. Nonetheless, the scale can be of interest when comparing cluster curves (e.g. for

the same disease over different regions). We proceed using method 5.8. Similar to the cluster
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curve, we plot the standardised area for every time window which creates our integrated

cluster curve.

The range of integration is generally chosen based on prior knowledge of the disease, for

example the radiuses covered by protection and surveillance zoning. In particular we generally

set the maximum radius, rmax to a maximum buffer zone that is thought to be appropriate to

contain local spread. For example with FMD the FAO suggests a surveillance zone to cover

a minimum of a 10km radius, but this will vary depending on factors such as geographical

locations (Geering and Lubroth, 2002).
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Figure 5.16: Inhomogeneous K-function example, showing the area difference between the
theoretical and the observed inhomogeneous K-function curves for a range of 0 to 1 units
(0-10km).

5.5.1 Application of the Integrated Cluster Curve to simulated data

Homogeneous population

The application of the integrated cluster curve to the homogeneous data is shown in Figure

5.17. We evaluate over the radiuses less than 5km (top) and less than 10km (bottom) for our

PPP (left) and CPPP (right) datasets.

If we evaluate the difference over the area for both 5 and 10 km, we can see that there is no

clustering for the PPP datasets.
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Figure 5.17: Integrated cluster curve for spatially homogeneous datasets. On the left we see
the PPP datasets and on the right CPPP. The top plots show the evaluation over a radius of
less than 5km and the bottom plots over the radius of less than 10km.

For the CPPP we see a higher degree of clustering, greater for the 5 km radius then the 10km,

mainly at the beginning and end of the outbreak. We also see a clustering structure similar

to that which is seen in the cluster curve evaluations. The similar structure but to the lesser

extent at 10km suggest that the real clustering is largely within 5km, so the larger radius just

waters the effect down.

Inhomogeneous population

The application of the integrated cluster curve to the homogeneous data is shown in Figure

5.18. As with the homogeneous examples we evaluate the datasets over the radiuses less than

5km (top) and less than 10km (bottom) for our PPP (left) and CPPP (right) datasets.

For the inhomogeneous datasets we see a greater degree of difference between the theoretical

and observed curves in comparison to the homogeneous cases. Once again we see very little

presence of clustering for PPP datasets at both radius range and for the CPPP dataset we

see a comparable shape to the individual radius curves, with a large degree of clustering at

the beginning and the end of the outbreak.
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Figure 5.18: Integrated cluster curve for spatially inhomogeneous datasets. On the left we see
the PPP datasets and on the right CPPP. The top plots show the evaluation over a radius of
less than 5km and the bottom plots over the radius of less than 10km.

5.6 Real world application

5.6.1 England 2001 FMD outbreak

A full description of the epidemic and the data is provided in section 3.3.

We focus our attention purely on the cases that occurred, ignoring the pre-emptively culled

farms. The spatial distribution of the confirmed cases in the 2001 epidemic in Northern

England is shown in Figure 5.19. Along with all treated farms, information was available on

all farms with susceptible animals within Northern England and the population on each of

these farms. From this we were able to create an estimated farm density to be used as our

spatial intensity function λs(x). We did this by applying kernel smoothing over the spatial

location of the farms. The bandwidth selected for the English farm population was 8km, with

the resulting farm density shown in Figure 5.20.

Figure 5.21 shows the daily epidemic curve as well as the 7-day moving window. We can see

a steep increase in the number of cases that peak at around 50 days. This then follows a

steady decrease with a long drop off and a few small outbreaks.

The application of the cluster curve to the English data is shown in Figure 5.22. We look at

a radius range of 2km to 10km in 2km increments with a lowess smoother where α = 0.3.

We see the greatest values of clustering occurring at a radius of 2 km and that later in the

epidemic when the number of new cases is less, the degree of clustering is at its greatest. The

curve also indicates clustering at all times (always above zero). Clustering at short ranges
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Figure 5.19: Spatial distribution of England 2001 FMD cases.
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Figure 5.20: Farm density in Northern England
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Figure 5.21: Epidemic curve of Northern England 2001. Left: daily epidemic curve, right:
7-day moving window epidemic curve.

fits in with what is known about FMD transmission. We know from previous analysis that

50% of new infected premises (IPs) were located within 3km, and 80% within 10km, after the

non-movement ban. Also all farms within 1.5km of an IP was pre-emptively culled for control

processes. This could suggest why we have a steep decrease in the degree of clustering from

4km onwards: the clustering is mainly occurring within 1.5km (picked up by a radius of 2km)

before culling and this effect is watered down when we look at larger radiuses. We must be

cautious about over-interpreting the big bump around 100 days, since that is when the data

are sparse and may in part be noise.

The application of the integrated cluster curve to the English data is shown in Figure 5.23.

We look at a radius range of 0:5km and 0:10km. These where chosen as previous analyses

of FMD outbreaks, suggested a protection zone of 3-5km and a surveillance zone of 10km

(Shimshony, 1988; Bergevoet and van Asseldonk, 2014). For both radius ranges we see a

similar structure: a higher peak shortly after 100 days and a later, wider shorter peak after

150 days. We see the greatest degree of clustering in the later stages of the outbreak when the

number of new cases has reduced. This suggests that the cases occurring were clustered and

that the latter stages of the outbreak and spread of the disease was due to local transmission.

However, caution must be taken as this could just be due to noise, reflecting the small number

of cases.

91



0 50 100 150 200

−
10

0
10

20
30

40
50

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=2, lowess=0.3

0 50 100 150 200

−
10

0
10

20
30

40
50

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=4, lowess=0.3

0 50 100 150 200

−
10

0
10

20
30

40
50

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=6, lowess=0.3

0 50 100 150 200

−
10

0
10

20
30

40
50

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=8, lowess=0.3

0 50 100 150 200

−
10

0
10

20
30

40
50

day (start day of 7 day moving window)

di
ffe

re
nc

e 
in

 c
lu

st
er

in
g

r=10, lowess=0.3

Figure 5.22: Cluster curve for FMD outbreak in England 2001 at 2,4,6,8 and 10km radius
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Figure 5.23: Integrated clustering curve for FMD outbreak in England 2001 0:5km and 0:10km
radius

5.6.2 Japan 2010 FMD outbreak

A full description of the 2010 outbreak of FMD in Japan is provided in section 3.4.

We focus our attention on all confirmed cases of FMD in Miyazaki, ignoring the ring vaccinated

farms. The spatial distribution of these events are shown in Figure 5.24. Similar to the English

outbreak, we have information on all susceptible farms within our study region. We used

these locations to obtain a kernel estimate of the spatial intensity function λ(x). This was

implemented using a bandwidth of hx = 1.3km (smoothing in the x direction) and hy = 2.3km

(smoothing in the y direction), chosen using Scott’s rule of thumb bandwidth selector (Scott,

1992). The resulting intensity function is shown in Figure 5.25.

We can evaluate the temporal pattern of the outbreak by looking at the epidemic curves

shown in Figure 5.26. On the left we have a daily temporal scale and on the right the 7-day

moving window. We can see that the initial spread of the disease was slow, but once several

events occurred, the disease spread rapidly.

The application of cluster curve is shown in Figure 5.27 at radiuses of 2, 4, 6, 8,and 10 km.

From these plots we can clearly see that the disease events were highly clustered at small

radiuses, suggesting a large amount of local spread, with minimal long range transmission. In

evaluating the Japanese epidemic there are three key dates. On day 20 a method of culling
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Figure 5.24: Spatial distribution of Japan 2010 FMD outbreak

and disinfection of infected premises was implemented, on day 48 a state of emergency was

declared and on day 52 a method of 10km buffer ring vaccination was implemented. The

outbreak had an intervention time lag of 11 days between notification to the completion of

culling and disinfection (Nishiura and Omori, 2010). If we look at the spatial clustering at

2km we see that by the time the vaccination interventions were implemented the local spread

seems to be under control.

The application of the integrated cluster curve is shown in Figure 5.28. We see that there

is a high degree of overall clustering, which is particularly noticeable in the version of the

curve with the 5km maximum. The initial stages of the outbreak appear to characterised by

a clustering pattern, with the later stages of the epidemic appearing to be characterised by

sporadic cases, rather than significant local outbreaks.
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Figure 5.25: Estimated farm density in Miyazaki, Japan
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Figure 5.26: Epidemic curve of Miyazaki, Japan 2010. Left: daily epidemic curve, right:
7-day moving window epidemic curve.
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Figure 5.27: Clustering curve for FMD outbreak in Miyazaki, Japan 2010 at 2,4,6,8 and 10km
radius
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5.7 Discussion

When analysing epidemiological data it is common practice to use epidemic curves to ex-

amine the temporal patterns amongst the data. They can provide great insight into likely

mechanisms of disease spread and to the well trained eye can hint at the presence of cluster-

ing. However, clustering of diseases can be subtle and complex, making it difficult to draw

inferences about clustering and spatial transmission in many situations.

The presence of clustering commonly occurs with disease as they generally are infectious or

point source in nature. With infectious diseases the failure to consider and/or investigate the

presence of clustering could hinder methods to control and eradicate the disease.

Our tools, the cluster curve and the integrated cluster curve, describe clustering in point

process patterns through second order analysis; more specifically the use of the inhomogeneous

K-function. Our tools evaluate the presence of spatial clustering through time by calculating

the difference in the theoretical and the observed levels of clustering within the data in sub-

intervals in time. The cluster curve is not aiming to detect clusters of disease in space and

time, instead it is a simple means of describing how the pattern of spatial clustering varies

with time.

To illustrate the use of our tools we created two sets of pairs of datasets, the first pair based on

a spatially homogeneous underlying population and the second on a spatially inhomogeneous

population. For each of these we created two datasets, one a Poisson point process and the

other a cluster Poisson point process. Within each underlying population for the two datasets

we selected the datasets based on similar epidemic curves. For both populations the epidemic

curves offered little insight into the spatial distribution of the data. From the application

of our cluster curve and integrated cluster curve we can see that the spatial structure of the

datasets are very different, with the presence of clustering correctly identified for our clustered

Poisson point processes only.

In our application to the real world cases we evaluate the the changes in spatial clustering

through time of FMD, an infectious disease. These cases suggest the presence of spatial

clustering through time. Definitive conclusions can be difficult because of the possibility of

quite big bumps occurring largely by chance in time periods with sparse data. In the following

chapter we will look into extension of the cluster curve including the presence of significance

indicators.

In both the real world situations, intervention strategies were applied to the control the out-

break. This raises the question; how do intervention methods affect the clustering properties

of an outbreak? We will explore this in chapter 7.
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Chapter 6

Extensions to the cluster curve

6.1 Introduction

In the previous chapter we discussed the motivation and the methodology of our tool, ‘the

cluster curve’, to be used alongside epidemic curves to investigate the change in spatial cluster-

ing through time. However, to improve the utility of the cluster curve for the epidemiological

research community there are two major things that we need to address: indicators of statis-

tical significance to aid interpretation of the curve, and ease of use for those uncomfortable

with a command line package like R.

One of the limitations we faced with our original cluster curve is the possibility for over-

interpretation when data is sparse, therefore, making it difficult to distinguish between true

clustering and noise. Here we will investigate the use of pointwise envelopes to address

whether the difference between the theoretical and observed curves is statistically significant,

indicating that the data is more clustered then expected.

Secondly in this chapter we will consider the functionality of our tool. It is one thing to

create a method to investigate clustering through time, but we want our tool to be usable

to a wider research community (with no coding required by the user). To that end we will

describe our use of the shiny R package to make our tool a functional URL webpage. We do

this by providing two examples, one with our simulated datasets and the other where users

can upload their own datasets.
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6.2 Highlighting significance in the cluster curve

Our cluster curve is a measure of spatial clustering through time. In some situations it

will be difficult to tell whether bumps in the cluster curve indicate important clustering

from local disease transmission, or are primarily noisy artefacts. For example, in Figure

6.1 it appears that there is the presence of clustering between 20-30 days but this is based

only on 4 data points at its peak so may well reflect just random variation. Therefore, in

many circumstances it will be helpful to provide a method to assess statistical significance.

We do this through the application of envelopes for the inhomogeneous K-function. These

are estimates of the K-function from simulated datasets based on the theoretical under the

assumption of no clustering. See Baddeley et al. (2014) for a general discussion of the use of

simulation envelopes for testing for point process models.
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Figure 6.1: Cluster curve inhomogeneous PPP ‘bump’ example

6.2.1 Methodology

To create our significance bands we use pointwise envelopes. For any given value of r, these

work by using suitable quantiles to define lower and upper confidence limits for the K-function

under the assumption of no clustering. Values outside this range are deemed statistically

significant. In more detail, for each time window we start by simulating M datasets from an

inhomogeneous Poisson process with intensity function defined by the population (spatial)

density, λ(x) scaled to produce patterns with the same mean number of points over the

region as are in the observed pattern over the window. For each of these simulated datasets

we compute the inhomogeneous K-function. See Figure 6.2 for an example.

For each radius r over a grid of values we then compute suitable quantiles from the set of

K-function values {K [i](r|t) : i = 1, . . . ,M}, where K [i] is the function obtained from the ith

simulated dataset. For instance, for a 95% significance level we would compute 2.5% and

97.5% quantiles from the set of K(r|t) values (see Figure 6.3). These quantiles then define
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the limits of ‘normal’ behaviour under the assumption of non-clustering. Let Kobs(r|t) denote

the inhomogeneous K-function estimated from the observed data in time window t. Then

if the value Kobs(r|t) breaches the limits, this indicates statistically significant clustering (if

beyond the upper limit) or statistically significant repulsion (if below the lower limit) at time

t. In general we will be interested in the first of these.
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Figure 6.2: Inhomogeneous K-function example: dashed red line represents a theoretical
inhomogeneous K-function based on the data, and the black solid lines K-functions derived
from 5 simulated datasets (under the assumption of no clustering)

Implementation in R

We implemented our significance indicators using the function envelope in the R package

spatstat (?). We specified the number of simulations to 99 and the desired significance level

to 5% for a breach of the corresponding upper envelope quantile. The significant clustering

indicators were coded to appear as red dots for each time window, as illustrated in the next

section.

6.2.2 Application of cluster curve with significance marks to simulated

data

In Figure 6.4 we demonstrate the use of the significance indicators for the spatially homoge-

neous CPPP dataset. Here we can see the same curves as seen in 5.14 but this time have the
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Figure 6.3: Inhomogeneous K-function example for the translate correction

presence of red dots to indicate those time windows for which the clustering is significant. We

can see that the majority of positive differences are significant, particularly at the beginning

and end of the outbreak. This suggests that when the data appears to be clustered, this

clustering is significantly different to what is expected for a simple (un-clustered) Poisson

process. The largely negative values in the latter around days 25-30 occur when the there are

no new cases recorded (epidemic curves shown in Figure 5.9). One apparent anomaly is the

presence of an indicator marker at t = 24 for the r = 2 cluster curve, even though the curve

is marginally negative at that point. This is an artefact of the lowess smoothing procedure.

The unsmoothed value of the curve is positive at that time point.

In Figure 6.5 we demonstrate the curve for the spatially inhomogeneous CPPP dataset. We

can see that the initial and the latter stages appear to be significantly clustered, with this

more prominent in the larger radiuses. The peak number of cases coincides with periods of

reduced levels of clustering (epidemic curve Figure 5.10). Again, the red dot at an apparently

negative value of the cluster curve at time t = 37 for the r = 2 cluster curve is an anomaly

caused by the lowess smoother.
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Figure 6.4: Cluster curve with significance dots for spatially homogeneous CPPP dataset at
a radius or 2, 4, 6, 8 and 10km.
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Figure 6.5: Cluster curve with significance dots for spatially inhomogeneous CPPP dataset
at a radius or 2, 4, 6, 8 and 10km.
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6.2.3 Real World Application

England FMD 2001

The application of the enhanced cluster curve to the 2001 FMD outbreak in England is shown

in Figure 6.6 and at a 2km radius paired with the epidemic curve in Figure 6.7. We can see

that the majority of the FMD outbreak in Northern England was characterised by a significant

degree of clustering. What is interesting to see is that even at some time points where the

cluster curve takes quite small (positive values), the degree of clustering is significant. These

significance at the small degrees of difference match with the peak number of cases of the

epidemic curve. Overall the outbreak appears to be characterised by local spread. In chapter

5 we were concerned with the over-interpreting of the large bump after 100 days, as the data

was sparse, here we can see that the cases in these time windows appear to be significantly

clustered.

Japan FMD 2010

We look again at the FMD outbreak in Japan and apply our cluster curve with significance

dots. The results are displayed in Figure 6.8 with the radius of most significance paired with

the epidemic curve in Figure 6.9. We see that most of the clustering occurred at the lower

radius and only one time point on the cluster curve appears to be statistically significant.

With an isolated significant point like this, we should bear in mind that it may be a false

positive result. Whatever the case, there is clearly far less clustering for the Japan outbreak

than the English.
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Figure 6.6: Cluster curve with significance dots for FMD outbreak in England 2001 at 2, 4,
6, 8 and 10km
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Figure 6.7: Epidemic curve and cluster curve for 2km radius of the English FMD outbreak
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Figure 6.8: Cluster curve with significance dots for FMD outbreak in Miyazaki, Japan 2010
at 2,4,6,8 and 10km
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Figure 6.9: Epidemic curve and cluster curve for 2km radius of the Japanese FMD outbreak
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6.3 Shiny application of the cluster curve

Shiny is an RStudio project (Rstudio, 2012) which allows the creation of a web application for

R analyses. The Shiny package allows the combination of the computation power of R with

the interactivity of the web, with no web development skills required to write them (Chang,

2015).

6.3.1 Implementation in R-studio

The Shiny package allows the creator to build two interfaces, one that is an interactive

interface for the user and one that takes the input specified by the user and updates the R

code that creates the output. The interaction of the user can be as small as choosing the

plotting colour through to the user being able to upload their own data.

The Shiny package runs on three main files: ui.R, server.R and helper.R. The ui.R file supplies

information on the app user interface design; what is present in the side and main panels;

and titles, descriptions and so on. The server.R tells the app what each slider/button/input

does, where the information comes from and how to create the display plot. The helper.R files

provides all the background information including function code and required packages. There

are several methods to host the web application. These include the use of Github (GitHub,

2015) which makes available the ZIP file that a user can then run in R, and shinyapps.io

(by Rstudio, 2015) which is RStudio’s hosting service for Shiny apps. We use the latter to

publish our prototype cluster curve apps.

6.3.2 Cluster curve online prototypes

Here we showcase two online prototypes for the cluster curve tool. The first is the application

of the cluster curve to the inhomogeneous datasets. The prototype allows for the selection of

which dataset is to be used and then which radius to look at. The second prototype allows

the user to upload their own data for application of the cluster curve.

Inhomogeneous data example

Our first online prototype illustrates the application on the cluster curve to the two simulated

spatially inhomogeneous datasets. The steps of this application are shown in Figure 6.10. The

first step (a) is the selection of which dataset is to be used. This is chosen from a drop down
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menu. The next step (b) is the selection of the radius; the default is set to 5km but this can

be easily changed by adjusting the the slider. In this example, of step ‘b’, we have changed

the slider to a value of 3km. Thus creating the cluster curve plot to the right of subplot(b).

(a) Data selection

(b) Cluster Curve

Figure 6.10: Cluster curve example

Upload own data

A visual representation of the steps to apply the cluster curve prototype to one’s own data is

shown in Figure 6.11. The process is as follows:

1. Upload the boundary file (subplot (a)). After clicking on ‘choose file’ an open box

will appear. As a shape file contains multiple layers, within this open file, select all

layers (.dbf, .prj, .shp, .shx). The current prototype is only set up for metric coordinate
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systems and currently does not handle latitude and longitude.

2. Selecting the unit that the shapefiles are in (subplot(b)) presents two possibilities; m or

km. This allows the program to make corrections as the selected radius is in km.

3. Upload the farm file. This can be in the format of CSV or text.

4. Upload the data file. Similar to the farm file this can be in the format of CSV or text.

For the farm and data files the day of the outbreak needs to have the header “day” and

the x and y coordinates “xcoord” and “ycoord” respectively.

5. Specify the separators.

6. Once all datafiles are uploaded the program will run the function in the background,

then produce the cluster curve plot (subplot(c)).

7. The radius at which we wish to evaluate the cluster curve can then be changed by

adjusting the slider.
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(a) Shapefile upload

(b) Unit selection

(c) Cluster Curve

Figure 6.11: Cluster curve prototype
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6.4 Discussion

In chapter 5 we noted that one of the main limitations in our cluster curve tool was the

inability to definitively differentiate between true clustering and noise due to small sample

sizes within a given time window. In this chapter we looked at the inclusion of significance

dots to try to reduce the influence of noise. The significance indicators were created using

simulated envelopes. If the observed K-functions is greater than the upper limit value for the

K-function simulated under the assumption of non-clustering, then the degree of clustering

in that time frame for that radius is indicated as significantly clustered.

We illustrated the significance indicators on the simulated cluster point process data sets,

where it proved effective at identifying the presence of clusters. We then applied the extended

cluster curve to the real world outbreaks of FMD. Previously our application to the real world

cases of FMD suggested the presence of spatial clustering through time. However, we found it

difficult to make definitive conclusions because of sparse data. In this chapter we included the

addition of significance indicators. From this we saw that the England outbreak appeared to

be significantly clustered throughout the outbreak even when the data is sparse. In contrast

we see that the Japanese outbreak of FMD does not seem to be significantly clustered. This

suggests that the Japan outbreak was very effectively handled by veterinary authorities.

Lastly we discussed our tool that was developed for the use alongside the epidemic curve to

identify changes in spatial clustering through time. In theory we want our tool to be used

by a wide range of researchers, including those without a strong coding background. We

therefore want to make our tool user friendly. To enable this we have created a prototype of

the cluster curve and uploaded it to an online hosting platform. Here researchers can look at

an example of the implementation of the cluster curve through our simulated inhomogeneous

dataset examples, and secondly upload their own data and shape files to carry out the cluster

curve analysis.
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Chapter 7

Application to FMD intervention

strategies

7.1 Introduction

In the real world, outbreaks are not left to run their natural course but are controlled in some

form. For example, the 2001 outbreak of FMD in England was eradicated through the use

of depopulation and pre-emptive culling, and the 2010 outbreak in Miyazaki was controlled

using a method of depopulation and vaccination to eliminate FMD.

The method or combination of methods applied vary for diseases, countries and whether the

interventions are designed to control or eradicate. Possible intervention methods include:

slaughter, contact reduction, chemical use (disinfection, pesticides), vaccination, environment

and/or management controls (husbandry practices, education) and no controls (Christensen,

2001). The methods chosen to control a disease can have dramatic economic consequences.

To examine the impact of intervention strategies on the changing patterns of spatial clustering

through time we used InterspreadPlus (Stevenson et al., 2013) to create models of FMD

outbreaks. InterspreadPlus is a software designed to provide a framework for modelling the

spread of infectious disease. The intervention methods investigated included:

• No control (NC) where the virus was allowed to run its natural course,

• Depopulation (D) where FMD positive farms are culled,

• Vaccination (V) where a 5km buffer ring vaccination program is applied,
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• Depopulation and vaccination (DV) where FMD positive farms are culled and a vacci-

nation program applied,

• Depopulation and pre-emptive culling (DED) where FMD positive farms are culled and

all farms within 5km of the infected farm are culled.

We looked at the effects of these various strategies using simulated outbreaks in Border

counties, Great Britain (see section 3.5.2 for specification of which counties) and Miyazaki,

Japan.

7.2 Simulated datasets

7.2.1 Scenarios

In this section we provide a more detailed account of the control strategies considered.

Depopulation

When implementing the depopulation intervention strategy only the farms that are confirmed

to have FMD are treated. For this treatment all susceptible animals on a confirmed FMD pos-

itive farm are culled. No surrounding farms are immediately affected, unless later confirmed

with FMD.

Vaccination

For the vaccination control method a 5km radius around an infected farm is instigated. The

border of this radius is where vaccination of all susceptible animals starts. Vaccination is then

applied in an inwards motion creating a buffer ring, which is used to try to prevent further

local spread out of the 5km radius. An example of the buffer ring is shown in Figure 7.1.

Depopulation and vaccination

When we combine the depopulation and vaccination methods we proceed by culling the

confirmed farm of all susceptible animals and then vaccination is applied, starting at a 5km

radius and working towards the depopulated farm. This method combines an initial removal

of the infection source with a method to limit spread by creating an immune buffer ring.
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Figure 7.1: Vaccination buffer ring example.

Depopulation and pre-emptive culling

This method of control has the greatest impact on the animal population. For this method

we once again use a 5km radius of intervention, but this time we work out from the centre

of the reported case. The initial farm is depopulated of all susceptible species. Then all

surrounding farms are depopulated working outwards until all farms within the 5km radius

have been depopulated. The pre-emptive culling regime is shown in Figure 7.2.

Figure 7.2: Pre-emptive culling example.
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No control

In order to see the natural progression of the disease a dataset was simulated with the same

epidemic history as if no interventions were applied. For this simulation we monitored the

outbreak until the maximum time length of 100 days.

7.2.2 Data generation

The datasets were created using InterspreadPlus. We describe the process of creating an

Interspread simulation in section 3.5.

Two sets of simulated outbreaks with the different intervention strategies applied were re-

viewed. One was based on the animal populations of Border counties, Great Britain and

the other Miyazaki, Japan. The basic structure of these outbreak datasets are explained in

section 3.5.2 for Border counties, Great Britain and for Miyazaki, Japan. The intervention

strategies for the different places were specified identically.

Each simulation generated a complete outbreak of FMD with a maximum of 100 days moni-

tored.

7.3 Border counties, Great Britain

The simulated Border counties datasets (NC, D, V, DV, DED) are explained in detail in

section 3.5.2. We considered diseased farms to be our cases, and look at clustering based

on these cases rather than including farms that have been preemptively culled, for example.

Identifying the farms affected by intervention strategies as cases of disease, would mask the

natural clustering of the outbreak, as these strategies would produce artificial clusters of

premises surrounding diseased farms.

In the application of the cluster curve we once again estimate a farm density based on the

location of all the farms. We apply kernel smoothing with a bandwidth of 8km to provide

the inhomogeneous K-function with the underlying spatial intensity λ(x) for the population.

The resulting intensity function is shown in Figure 7.3.

In Figure 7.4 we see the spatial distribution of the outbreaks under the five intervention

strategies. All the unaffected farms are shown in grey, infected in red, vaccinated in blue and

pre-emptively depopulated in green. We can see that most of the outbreak seems to result in

pockets of disease. In the NC (a) plot we can see that the the pockets of disease are larger,
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with no unaffected farms within the centre of a pocket. With the intervention methods V,

DV, and DED we see that the pockets of disease are surrounded by the intervention methods,

stopping the spread of the disease by reducing contact.
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Figure 7.3: Estimated Border counties farm density, obtained using kernel estimation with a
bandwidth of 8km.

7.3.1 Spatial-temporal plots

In Figure 7.5 we illustrate the first 60 days of the outbreak and its spatial temporal distri-

bution. We can see that by day 20 the pockets of disease locations were determined and

local spread followed. For the depopulation intervention strategy (Fig 7.6) we see that the

last day a case was reported was day 31. After day 10 there were only a few long distance

transmission, with the rest of the outbreak being characterised by local spread. After day 20

the outbreak appears to die out. The vaccinated outbreak (Fig 7.7) lasted slightly less time

then the depopulation case, with the last two events occurring on day 26. What is interesting

to see is that on the day 10 plot there are two groupings of cases around the coordinates

(390,550). However, as the outbreak progresses we see that these two groups merge into one.
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This is not surprising as we would expect a high probability of the farms in between getting

the disease as their are multiple sources of infection.

With the combination of depopulation and vaccination (Fig 7.8) we once again see a drop in

the length of the outbreak, with day 22 being the last recorded event. When depopulation

and pre-emptive culling was applied (Fig 7.9) we see the last events occurring on day 24. For

each of these intervention strategies we see that the spatial temporal distribution for day 10

is the same. This is because the initial stage of the outbreaks is determined by the epidemic

history, which is kept constant.

7.3.2 Epidemic curves

Figure 7.10 shows the daily and the 7-day moving window epidemic curves for the simulated

Border counties outbreak with each of the intervention strategies. We can see that the first

10 days of the outbreak are the same for all the different strategies, because each outbreak

is started with the same epidemic history. In the analysis of the epidemic curve we see that

there are no major differences between the control strategies, excluding no intervention.

We can see from the curves that if the outbreak simulation was allowed to extend past the 100

day maximum that the no control outbreak would have continued to spread. The outbreak

has not fully run its course at 100 days.

7.3.3 Cluster curve

To evaluate the spatial clustering through time for the intervention strategies we apply the

cluster curve. First we evaluate all intervention methods at a radius of 2km on a comparable

scale, Figure (7.11). Here we can see that the overall level of clustering in the no control

method (a) lasted substantially longer then the intervention strategies. We also see that there

are slow changes in the spatial clustering through time, while when intervention strategies

are applied we see more dramatic changes. In comparison for the three intervention methods

that affect more than the FMD positive farm we see that the initial pattern is ‘M’ shaped.

The depopulation method has the initial two peaks similar to the other three, however more

peaks are present before the outbreak appears to die down. From the epidemic curves alone

we were unable to gain this insight into the spatial structure.

In the consideration of significance at a radius of 2km we see that in the last stages of

the outbreak for depopulation, vaccination and depopulations and pre-emptive culling, the

events appear to be significantly clustered. This corresponds to the fact that the final stages
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of these outbreaks were confined to a single local cluster, from which no further long range

transmission occurred, indicating the success of these control strategies.

Due to the great difference in the size of the largest and smallest outbreak, we will proceed

using the individually scaled plots for each intervention method. The individually scaled plots

for each intervention method will occur for both the x and y axes. The x (i.e. time) axis is

truncated for the instances in which the outbreak is eliminated in a shorter period of time.

The y axis is scaled to the intervention method’s degree of clustering. It is important to keep

in mind the different axis scales when making comparisons between intervention methods.

For our simulated outbreak with no control methods (Fig 7.12) we can see that at smaller

radiuses we have a significant degree of spatial clustering through time. At all radiuses

investigated the cluster curve is positive indicating that the data is clustered. However, only

at small radiuses is this clearly statistically significant. This suggests that the spread of

disease is largely driven by transmission over very short distances, typically 1-2km. If we look

at the structure at the smaller radiuses we see that the degree of clustering occurs in waves

with even the troughs suggesting the presence of significant groupings suggesting clustering.

This reflects the emergence of multiple clusters through time, as new isolated cases (generated

perhaps through long range transmission) swiftly infect surrounding farms.

In the FMD simulated outbreak where confirmed cases led to depopulation of those farms

(Fig 7.13) we see once again at the smaller radius a significance in the degree of clustering.

At the larger radiuses there is an increase in the degree of clustering in the latter stages. This

coincides with the slight increase in the number of events, as seen in the epidemic curves. The

depopulation method works to try to reduce local spread by removing the infection source,

but not entirely eradicating it as infection transmission can occur before clinical signs.

When we apply the vaccination method to control the disease we apply the treatment initially

in a 5km radius ring, and then work inwards. This provides a buffer ring to help stop further

transmission. The cluster curve application (fig 7.14) shows that at the smaller radiuses there

is the presence of significant clustering in bursts throughout the outbreak. This could have

occurred because local spread within the buffer ring.

With the combination of vaccination and depopulation (Fig 7.15), for radiuses from 2:5km

we see an almost identical structure to that of vaccinations alone. The main difference occurs

at a radius of 1km, where the degree of clustering is reduced but with a greater presence of

peaks and variations. Once again this could be due the buffer rings restricting the range of

pockets of local spread.

The application of depopulating infected and suspect premises is shown in Figure 7.16. Once
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again we see a similar structure to the other methods that involved treatment to more then

the farm, this similarity being more prominent at the larger radiuses. The main difference

between the curves for the intervention methods that involved vaccination and this method

is the presence of a steep increase at end of the outbreak. This steep peak coincides with

the last increase in cases at the end of the epidemic, as shown by the epidemic curves. This

suggests the presence of the identification of a new case, followed by the start of local spread

which is rapidly controlled by the intervention method.

7.3.4 Integrated Cluster Curve

Our integrated cluster curve for the intervention strategies is shown in Figure 7.17 evaluating

the function over a radius range of 0-5km. When the disease is allowed to follow its natural

progression we see that the data appears to be constantly clustered throughout the studied

time interval. With all intervention methods we see the same initial structure, this is expected

due to the specified epidemic history. For depopulation we see that the latter part of the

outbreak has a large increase in the degree of clustering until the control method manages

to stop the outbreak. In the latter stages of the vaccination method we see a decrease then

a small bump at the very end, suggesting that at the very last cases of the outbreak where

clustered. This could be due to the cases being trapped within the buffer ring. When we

combined depopulation and vaccination we see a very similar structure to vaccination alone,

however the hump at the last stage of the outbreak is no longer present. For DED we once

again see that as the outbreak died out the last cases were within close proximity to one

another.
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(d) Depopulation and vaccination
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(e) Depopulation and pre-emptive culling

Figure 7.4: Image plots of simulated FMD outbreaks in Border counties: (a) No intervention
(b) depopulation (c) vaccination (d) depopulation and vaccination (e) depopulation and pre-
emptive culling. Grey represents farms with no FMD and no intervention, blue where no FMD
but vaccination applied, green where no FMD but depopulation occurred and red where FMD
is present.
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Figure 7.5: Spatial-temporal 10 day window plots of simulated No control FMD outbreak in
Border counties: (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 40 (e) Day 50 (f) Day 60. Red
represents the farms diagnosed with the presence of FMD has been diagnosed on the day,
Grey represents the previously diagnosed farms. The plotting size represents the temporal
scale, with the larger the point the more recently it was diagnosed.
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Figure 7.6: Spatial-temporal 10 day window plots of simulated depopulated FMD outbreak
in Border counties: (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 31. Red represents the farms
diagnosed with the presence of FMD has been diagnosed on the day, Grey represents the
previously diagnosed farms. The plotting size represents the temporal scale, with the larger
the point the more recently it was diagnosed.
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Figure 7.7: Spatial-temporal 10 day window plots of simulated vaccinated FMD outbreak in
Border counties: (a) Day 10 (b) Day 20 (c) Day 26. Red represents the farms diagnosed
with the presence of FMD has been diagnosed on the day, Grey represents the previously
diagnosed farms. The plotting size represents the temporal scale, with the larger the point
the more recently it was diagnosed.
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Figure 7.8: Spatial-temporal 10 day window plots of simulated depopulated and vaccinated
FMD outbreak in Border counties: (a) Day 10 (b) Day 20 (c) Day 22. Red represents the
farms diagnosed with the presence of FMD has been diagnosed on the day, Grey represents
the previously diagnosed farms. The plotting size represents the temporal scale, with the
larger the point the more recently it was diagnosed.
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Figure 7.9: Spatial-temporal 10 day window plots of simulated depopulated and pre-emptive
culled FMD outbreak in Border counties: (a) Day 10 (b) Day 20 (c) Day 24. Red represents the
farms diagnosed with the presence of FMD has been diagnosed on the day, Grey represents
the previously diagnosed farms. The plotting size represents the temporal scale, with the
larger the point the more recently it was diagnosed.
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Figure 7.10: Epidemic curve of Border counties intervention datasets. Left daily epidemic
curve, right 7-day moving window epidemic curve.
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Figure 7.11: Cluster curve for all intervention strategies at a radius of 2km on a comparable
scale.
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Figure 7.12: Cluster curve for the Border counties FMD simulated outbreak with no control
methods
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Figure 7.13: Cluster curve for the Border counties FMD simulated outbreak with depopulation
control methods
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Figure 7.14: Cluster curve for the Border counties FMD simulated outbreak with vaccination
control methods
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Figure 7.15: Cluster curve for the Border counties FMD simulated outbreak with depopulation
and vaccination control methods
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Figure 7.16: Cluster curve for the Border counties FMD simulated outbreak with depopulation
and pre-emptive culling control methods
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(d) Depopulation and vaccination
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(e) Depopulation and pre-emptive culling

Figure 7.17: Integrated cluster curve for simulated FMD outbreaks in Border counties over a
radius of 0:5km : (a) No intervention (b) depopulation (c) vaccination (d) depopulation and
vaccination (e) depopulation and pre-emptive culling.

135



7.4 Miyazaki, Japan

The simulated Miyazaki datasets is explained in detail in section 3.5.2. Once again we focus

our attention on just the diseased farms (as opposed to those subject to some intervention,

like pre-emptive culling) when looking at the clustering structure through time.

In the application of the cluster curve we once again produce a farm density estimate plot

based on the location of all the farms. This provides the model with the underlying intensity

for the population. location to obtain a kernel estimate of the spatial intensity function λ(x).

This was implemented using a bandwidth of hx = 1.3km (smoothing in the x direction) and

hy = 2.3km (smoothing in the y direction), chosen using Scott’s (Scott, 1992) rule of thumb

bandwidth selector. The resulting intensity function is shown in Figure 7.18.

The spatial distribution of each outbreak is shown in Figure 7.19. We can see that unlike the

Border counties example, these outbreaks seem to involve most of the farms within the areas.

For the methods where more than the infected farm received treatments there appears to be

more treated farms than confirmed cases.
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Figure 7.18: Estimated farm density in Miyazaki, Japan
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7.4.1 Spatial-temporal plots

Similar to the Border counties outbreaks we see that for all intervention strategies the spatial-

temporal plots for the first 10 days are the same due to the specification of the epidemic

history. When we allow the outbreak to naturally progress we see the spatial temporal for

the first 60 days in Figure 7.20. By day 20 we have a large grouping in the upper right of

the window with a few odd new cases in the lower area. By day 30 the cases spread south.

For the day 50 and 60 plots even though we do not have any red cases, there is still active

infection as the plotting size of some of the past events indicate that they are recent.

Similar to the no control (NC) case, for depopulation (Fig 7.21) we look at the first 60 days of

the outbreak. If we compare these two outbreaks, even though the temporal length for the two

scenarios is very similar there are substantially less cases in the depopulation example. The

vaccination control outbreak (Fig 7.22) lasted 37 days and the combination of depopulation

and vaccination (Fig 7.23) lasted 36. As we progress through the intervention strategies (NC,

D, V, DV, DED) the number of cases decreases. The lessening of the cases generally occurs

in the southern parts of the window. With the depopulation and pre-emptive culling example

(Fig 7.24) we observe that the outbreak lasts 19 days and appears to cover less of the study

window. However if we look at Figure 7.19 (e) we see that the outbreak does in fact affect

the majority of farms. These farms were just pre-emptively culled before they could contract

the disease in an attempt to control the outbreak. For all of the plots the location of large

groupings around the upper right of the study window is not surprising given the underlying

population density (Fig 7.18).

7.4.2 Epidemic curves

Figure 7.25 shows the daily and 7-day moving window epidemic curves. We see that all

the curves have similar initial stages of the outbreak. The epidemic history determines the

first 7 days of each intervention method but we can observe from the plot that the initial

stages are very similar for all curves past this specified 7 days. All the curves have a similar

shape with DED dropping off first, followed by DV, VC,D and finally NC. The fact that

the no control strategy dataset decreases to near 0 before the maximum time frame, unlike

the Border counties case, indicates that the disease ran out of susceptible farms. This is

re-enforced by the spatial distribution plots.
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7.4.3 Cluster curve

When comparing the application of the cluster curve on a common scale (Fig 7.26) we see

that the late stages of the outbreak for NC is substantially larger then the others. Fixing

all comparisons to this scale means we loose the ability to see subtle changes for the other

methods, hence we continue with each method on their own scale. We scale in both the x

and y axes. The x (time) axis is truncated for the instances in which the outbreak is killed

off in a shorter period of time. The y axis is scaled to the intervention methods degree of

clustering. It is important to keep in mind the different axis scales when making comparisons

between intervention methods.

The large bump present at the end of the NC cluster curve application (Fig 7.27) is not

deemed significant and occurs when the temporal windows occupy very few points. Therefore

this may just be a noisy artefact. The random appearance of significant dots could be the

occurrence of the location of points within close proximity within only that 7-day window or

simply a false positive. The depopulation example (Fig 7.28) exhibits a degree of increased

clustering through time for radiuses greater then 2km. This is once again where the cases are

sparse. The increase at the end of the outbreak for depopulation suggests that this method

was not completely effective in controlling the local spread resulting in a secondary outbreak

of local clustering. With V (Fig 7.29), DV (Fig 7.30), and DED (Fig 7.31) strategies we see

very little change in spatial clustering through time from a radius of 2km onwards. When

we compare the cluster curves at a radius of 1km we see that D, V and DV have a similar

structure while DED appears to have a similar spread to that which is expected after the

initial distribution specified by the epidemic curve. This suggests that the DED strategy was

very effective at shutting down the local spread of the outbreak.

Overall with the Japanese simulated intervention epidemics we do not see a large amount of

significance, even at the larger degrees of clustering difference. However, this does not mean

that there is not the presence of clustering. Rather, it may reflect the difficulty in attaining

statistical significance in outbreaks with rather few new cases in each time window.

7.4.4 Integrated Cluster Curve

When we look at the degree of clustering through time over a range of 0:5km (Fig 7.32) for

all intervention methods we can see the hint that the initial phase of the outbreak is grouped.

For NC and D, where none or only the infected farm is treated, we see a similar clustering

structure where the cases in the later time windows of the outbreak appear to be significantly

clustered, with the depopulation scenario just to a lesser degree. The presence of the increased
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clustering in the latter stages of the outbreak could be artefacts resulting from the sparsity

of data, or could suggest that the last events are the result of local spread. With the three

methods that involve the surrounding farms we once again see a similar structure. Over the

range of radiuses 0:5km, the degree of clustering is minimal and seen to decrease with time.
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150 160 170 180

35
50

35
60

35
70

35
80

Easting (km)

N
or

th
in

g 
(k

m
)

Depopulation and pre−emptive culling

(e) Depopulation and pre-emptive culling

Figure 7.19: Image plots of simulated FMD outbreaks in Miyazaki (Grey all farms, Red FMD
positive farms) : (a) No intervention (b) depopulation (c) vaccination (d) depopulation and
vaccination (e) depopulation and pre-emptive culling. Grey represents farms with no FMD
and no intervention, blue where no FMD but vaccination applied, green where no FMD but
depopulation occurred and red where FMD is present.
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Figure 7.20: Spatial-temporal 10 day window plots of simulated No control FMD outbreak in
Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 40 (e) Day 50 (f) Day 60. Red represents
the FMD positive farms recorded on the day, grey represents the previously diagnosed farms.
The plotting size representing the temporal scale, with the larger the point the more recently
it was diagnosed.
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(f) Day60

Figure 7.21: Spatial-temporal 10 day window plots of simulated depopulated FMD outbreak in
Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 40 (e) Day 50 (f) Day 60. Red represents
the FMD positive farms recorded on the day, grey represents the previously diagnosed farms.
The plotting size representing the temporal scale, with the larger the point the more recently
it was diagnosed.
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Figure 7.22: Spatial-temporal 10 day window plots of simulated vaccinated FMD outbreak in
Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (d) Day 37. Red represents the FMD positive
farms recorded on the day, grey represents the previously diagnosed farms. The plotting size
representing the temporal scale, with the larger the point the more recently it was diagnosed.
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Figure 7.23: Spatial-temporal 10 day window plots of simulated depopulated and vaccinated
FMD outbreak in Miyazaki : (a) Day 10 (b) Day 20 (c) Day 30 (e) Day 36. Red represents
the FMD positive farms recorded on the day, grey represents the previously diagnosed farms.
The plotting size representing the temporal scale, with the larger the point the more recently
it was diagnosed.
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Figure 7.24: Spatial-temporal 10 day window plots of simulated depopulated and pre-emptive
culled FMD outbreak in Miyazaki : (a) Day 10 (b) Day 19. Red represents the FMD positive
farms recorded on the day, grey represents the previously diagnosed farms. The plotting size
representing the temporal scale, with the larger the point the more recently it was diagnosed.
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Figure 7.25: Epidemic curve of Miyazaki intervention datasets. Left daily epidemic curve,
right 7-day moving window epidemic curve.
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Figure 7.26: Cluster curve for all intervention strategies at a radius of 1km for Miyazaki FMD
outbreaks on a comparable scale. redoing
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Figure 7.27: Cluster curve for the Miyazaki FMD simulated outbreak with no control methods
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Figure 7.28: Cluster curve for the Miyazaki FMD simulated outbreak with depopulation
control methods.
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Figure 7.29: Cluster curve for the Miyazaki FMD simulated outbreak with vaccination control
methods.
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Figure 7.30: Cluster curve for the Miyazaki FMD simulated outbreak with depopulation and
vaccination control methods.
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Figure 7.31: Cluster curve for the Miyazaki FMD simulated outbreak with depopulation and
pre-emptive culling control methods.
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Figure 7.32: Integrated cluster curve for simulated FMD outbreaks in Miyazaki over a ra-
dius of 0:5km : (a) No intervention (b) depopulation (c) vaccination (d) depopulation and
vaccination (e) depopulation and pre-emptive culling.
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7.5 Discussion

Control strategies have a major impact in veterinary epidemiology. To control or eradicate a

disease we generally see combinations of non-movement ban, vaccination and depopulation.

We investigated five control programs; no control, depopulation, vaccination, depopulations

and vaccination, and depopulation and pre-emptive culling at two geographical locations,

Border counties, Great Britian and Miyazaki, Japan.

When we investigate the changes in clustering through time by the application of the cluster

curve, we found that the cluster curves were similar for intervention strategies involving

treatments that were applied to more than the confirmed farm (vaccination, depopulation

and vaccination, and depopulation and pre-emptive culling). The integrated cluster curves

told a similar story. For no control interventions, in both geographical regions, the outbreak

is seen to bubble away with repeated ‘bumps’ of clustering. The most effective intervention

methods appear to be vaccination, depopulation and vaccination, and depopulation and pre-

emptive culling. For these interventions we see a bump in the early stages of the outbreak

which is quickly killed off. The depopulation intervention strategy is not as effective, with

a secondary outbreak within the epidemic commonly appearing. This method is more risky

as there is no containment of local spread. In all cases the strongest evidence of clustering

was apparent at the shortest ranges, reflecting the typical direct transmission distances for

foot-and-mouth disease.

Comparing the two geographical regions we see very different structures. The spatial plots

for the Border counties outbreak suggests grouping amongst the data and the outbreak is

controlled without a large amount of spread (all susceptible farms were not infected). With

the Miyazaki example we see that almost all farms are implicated in the outbreak in some

way or another. In Figure 7.33 we looked at the distribution of the distance between the

farms for the two regions. We see the distribution of the histograms are similar suggesting

that there are dense areas of farms followed by farms located over larger ranges. However,

when we look at the distance that the farm distribution covers these are very different. The

Border county farms cover a range of 200km with the mode around 50km, while the Japanese

outbreaks covers a range of 30km with a mode around 5km. In particular, only a small

fraction of the Border county farm pairs are within 5km of each other. The difference in

the distances between farms could be a factor in why we see significant differences in the

clustering structures of the intervention strategies for the two geographical regions. This also

suggest that the distance between farms can have a dramatic affect on the spread and control

of a infectious disease outbreak.
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Figure 7.33: Histogram of the distribution of pairwise distances between farm locations :
(a)Border counties, Great Britain (b) Miyazaki, Japan.

152



Chapter 8

Application of the Cluster curve to

Equine influenza

8.1 Introduction

Our cluster curve summarises the changes in spatial clustering through time. In the appli-

cations so far we have looked into its use with real world and simulated outbreaks of FMD

in two geographical locations. In this chapter we will explore the application of the cluster

curve to the 2007 outbreak of Equine influenza (EI) in Australia.

Equine influenza (EI) was first reported in horses in 1963 and is one of the major causes

of respiratory infections in horses (Woodward et al., 2015) with two known subtypes. The

disease is widely distributed with only eight Office Internationale des Epizooties (OIE) mem-

ber countries, where passive surveillance occurs, never reporting an outbreak (Cowled et al.,

2009). The major impact of EI is the secondary bacterial infection that commonly occurs.

Similar to FMD, the virus is highly contagious and can be transferred by direct and indirect

methods as well as by airborne spread. Both the subtypes of EI have available vaccines, with

the EI vaccine being subtype exclusive so vaccination for one does not protect for the other.

Unlike FMD, slaughter is not commonly used as a control, instead, a movement ban and

vaccinations are typically applied.

In this chapter we will describe the background behind EI and its 2007 outbreak in Australia.

We then apply the cluster curve to better understand the epidemic.
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8.2 Disease epidemiology

Equine influenza is a highly contagious respiratory disease with two known subtypes identi-

fied in horses. The disease is characterised by a fever, nasal discharge, a dry cough, lethargic

demeanour, and a loss of appetite (Firestone et al., 2011; Timoney, 1996). The major com-

plication associated with this disease, more common than with other respiratory infections,

is the likelihood of secondary bacterial infections. These infections cause serious and occa-

sionally life threatening consequences for the horse, generally the severity being greater in the

young and old (Firestone et al., 2011; Cowled et al., 2009).

The virus is transmitted by direct and indirect contact and has been reported to have been

transmitted by airborne spread. It has an incubation period of one to three days, with

secretions of the virus occurring in as little as 24hrs, and can continue for up to 10 days. The

virus is easily killed by the cold, sunlight, heat, and most common disinfectants, however,

it can survive in the soil for up to two days and in water for up to two weeks. Long range

spread of the virus has been recorded to have occurred over 32m via coughing and up to 8km

by aerosolised wind-borne spread (Firestone et al., 2011).

The two strains of the virus do not cross-react and therefore, immunisation and antibodies

for one do not protect against the other (Timoney, 1996).

8.3 Australian epidemic history

Before the 2007 outbreak, Australia was one of only three countries with a significant equine

population to have remained EI free (Firestone et al., 2011). The outbreak was first linked to

imported horses. Due to swift and efficient intervention methods the outbreak was restricted

to only two eastern states; New South Wales (NSW) and Queensland (QLD), but not before

nearly 10,000 premises were infected (Cowled et al., 2009).

The outbreak was traced back to a quarantine facility and was brought into the country on the

8th of August, 2007 via imported infected vaccinated horses from Japan. The exact method

of how the disease spread out of the quarantine facility is unknown, but it is hypothesised to

have spread undetected via fomites (such as clothing). The local spread first infected horses

competing in an equestrian event at Maitland, near Newcastle NSW, over the weekend of the

17th to 19th August. Following the event, several horses were then transported long distances

while harbouring the disease. At least one infected horse later spread the disease, the following

weekend, at another horse event in Narrabri showground almost 400km away. The majority

of cases were then linked to these two events or local spread, over a distances of about 28km,
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in the first few weeks of the outbreak. To eradicate the disease a series of control methods

were implemented including zone-based movement restrictions, contact-tracing followed by

quarantine of suspected premises, targeted vaccination and on-farm biosecurity measures

(Firestone et al., 2011).

During the outbreak, various dogs (different ages and breeds) that were kept in the vicinity

of infected horses were also noted to have a respiratory infection (Kirkland et al., 2010).

Equine influenza virus in canines has also been reported in the US (Crawford et al., 2005)

and England (Daly et al., 2008).

The last case occurred in December 2007. In December 2008 Australia regained its EI free

status after an extensive surveillance program observed no new cases (Cowled et al., 2009).

8.4 Literature review

Cowled et al. (2009) carried out a descriptive and cluster analysis on the 2007 EI outbreak.

They found that the outbreak consisted of three key phases. The first was a dispersion phase

where there was substantial spatial scattering of a few infected horses. This is why most of

the final area affected by EI was determined by a few cases in the days before detection. The

dispersion of the disease rapidly decreased and had mainly ceased by 1st September after

the implementation of movement bans on 25th August. The second phase was characterised

by local spread. In this phase minimal dispersion occurred and instead there was a large

increase in the number of IPs. The movement bans restricted the long range dispersion, but

transmission to neighbouring farms 1 continued. It was during this phase that vaccination

control methods were implemented. The third phase was the disease fade out stage. In their

cluster analysis Cowled et al. (2009) found 37 epidemiologically linked premise clusters. They

found that urban clusters generally had a longer epidemic duration and shorter distances of

disease spread. However, surprisingly they also found little difference in the incidence rates,

cumulative incidence and reproduction rates between rural and urban regions.

Firestone et al. (2011) carried out a case control study of 200 horse premises to investigate in-

trinsic premise factors and biosecurity compliance factors. Intrinsic factors remain unchanged

once the epidemic begins, such as descriptions of the locations and types of premises in which

horses were most at risk. Biosecurity compliance factors relate to methods used to reduce the

risk of contamination of a premise. They found that the most significant intrinsic factor was

the proximity of a premise to its nearest IP. They found an increase likelihood of new cases

1We use the word ‘farm’ throughout this chapter as short hand for a premises with horses. There are, of
course, farms without horses, and premises with horses that would not usually be described as a farm.
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occurring within a 5km radius of IPs. Their analysis also found that the 10km buffer zones

used were appropriate for local spread containment. With the biosecurity compliance factors,

two were found significant and used in the final model. These were the presence of a footbath

and daily monitoring for clinical signs. The results of their study suggest the compliance with

on-farm biosecurity controls prevented the spread of EI onto a premise in high risk areas.

8.5 Data

8.5.1 Infected premises data

Information on disease control activities within Australia is recorded via the Animal Emer-

gency Management Information Systems (ANEMIS) software. With the EI outbreak, all

premises involved within NSW were given a unique ANEMIS record that contained informa-

tion on the location, disease status, horse population, laboratory test results, notes on clinical

signs, dates of visits, dates on status changes and the dates of first clinical signs (Cowled et al.,

2008).

The majority of information that makes up the IP database was created by running progressive

enquires of ANEMIS throughout the epidemic. This was then cleaned to remove duplicates

and incorrect entries; the resulting dataset contained 5944 IPs. This was then combined with

information on identified suspect premises (SPs) that were likely to be infected. Any SPs

that were tested and came back with negative laboratory results were deleted. A total of 160

IPs were added to the IP database bringing the total to 6104 IPs. An additional 212 IPs were

added to the database after laboratory results determined these premises to be historically

serotype positive: antibodies suggest there was a previous infection even though clinical signs

are no longer present. These farms were classed as resolved rather then infected as the active

infection had passed. Altogether this brings the total number of identified IPs in the final

dataset to 6316 (Cowled et al., 2008).

A limitation of this dataset outlined by Cowled et al. (2008) is that the list of IPs may be under

estimated, as once movement restrictions were lifted any farms with sero-positive laboratory

results and a status date after this were not included. This was because the authors took a

conservative approach where if the origin of the horse, during active infection, was unknown

the event was not included.
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8.5.2 Horse population data

When evaluating an outbreak it is important to know where the susceptible farms (i.e.

premises with horses) are located. Before the outbreak there was no official government

record of horse location and population within Australia. During the outbreak the NSW lo-

cal disease control centre compiled a horse population database. They pooled resources from

the Rural Lands Protection Board (RLPB) database, the Australian Horse Industry Council

Database (AHIC), the Equine Influenza Registration Database (EIRDB), the ANEMIS data

base, and other smaller databases such as travelling horse statements and the yellow pages.

This pooling of resources produced a dataset with 102,000 records. This was later cleaned

and reduced down to 51,615 records. Cleaning the data involved the removal of duplicates

and incomplete records (for example when there was insufficient information to geocode the

data) (Cowled et al., 2008).

Despite the efforts that went in to compiling this dataset, its creators concede that it almost

certainly does not capture the entire horse population (Cowled et al., 2008).

8.6 Application of the Cluster curve

For our application of the cluster curve to the equine influenza outbreak we focus our attention

on premises that had the status infected, resolved or suspect. An infected premises was any

premises that had one or more resident horses with a laboratory confirmed positive PCR, or

a premises where blood sampled un-vaccinated horses were sero-positive for antibodies with

evidence of active infection. A suspected premises was any premises with no identified link to

a confirmed farm or other exposure, but where horses displayed clinical signs or a premises

where inconclusive reactions had been detected. A resolved premises was any premises which

was an infected premises, a dangerous contact premises, or a suspected premises on which an

investigation has concluded there is no longer an active infection. As the outbreak progressed

a farm’s status changed as the active infection passed. At the end of the outbreak all infected

farms were classed as resolved. The spatial distribution of these cases is shown in Figure 8.1.

During the outbreak information was collected on all farms within NSW and the surrounding

areas. The location of theses farms, shown in grey in the spatial plot, was used to create an

estimated farm density used in the computation of the inhomogeneous K-function and hence

the cluster curve. This kernel estimate was implemented using a bandwidth of hx = 0.275◦

(25km) (smoothing in the x direction) and hy = 0.303◦ (28km) (smoothing in the y direction),

chosen using Scott’s (Scott, 1992) rule of thumb bandwidth selector. The resulting intensity

function is shown in Figure 8.2.
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Figure 8.1: Map showing the spatial plot of EI cases. Grey indicates the location of all
susceptible farms within NSW and red all susceptible, infected and resolved EI farms
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Figure 8.2: Estimated density for horse farms

For our dataset we classed day 1 of the outbreak as the 19/07/2007. In total our dataset

ranged from day 1 to day 851, however after day 158 there were only 3 cases, one on each

of the days 231, 457, and 851. These three events have a status of resolved, with the last

point occurring after Australia regained its EI-free status. This suggests that these farms
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were discovered to have had EI after the active infection had passed. For our analysis we only

focus on days prior to 160. Our date record for each event is based on either the date of the

first clinical signs or, if this is unknown, the earliest visit date recorded in ANEMIS at which

the property was given a status minus one day.

In Figure 8.3 and 8.4 we display the spatial-temporal distribution of events every 20 days. In

the first 20 days we see only a few cases, however, by day 40 we see a substantial increase in

the number of cases. From day 40 to day 100 most of the spread and events appear to have

occurred. As expected, we see the majority of cases occur within the high density areas for

the horse population.

Epidemic curve

The epidemic curves are shown in Figure 8.5 with the daily curve on the left and 7-day moving

window on the right. We can see that after the initial few cases the virus spread rapidly. The

number of new cases remained large for around 40 days and then died off rapidly.

Cluster curve

The shapefiles for this dataset used longitude and latitude. To keep the units consistent with

the previous work we used a scaling conversion of 1◦ longitude and latitude equals 92km.

The application of cluster curve to the equine data is shown in Figure 8.6. We evaluate this

at radiuses of 1:5km at 1km increments. Since our intention is that the cluster curve be

displayed alongside the epidemic curve, we illustrate this at a 2km radius (Fig 8.7).

From the analysis of these curves we see a similar structure at all radiuses monitored. The

beginning and end of the outbreak is characterised by a significant degree of clustering. In

the last 50 days of the outbreak the degree of clustering is at its greatest.

The initial spread of the outbreak was determined by the movement of horses from two

shows (day 31-33 and day 38-40). We see that following these shows there was a period

of significant local clustering as the initial infection from the shows created pockets of local

clustering around their farms.

For the control of EI, movement restrictions and vaccination were applied. The initial appli-

cation of vaccination occurred as ring vaccination (towards the end of the outbreak blanket

vaccination was also applied) from the 28th September (day 73). It took approximately two

weeks for immunity to develop. We therefore, would expect to see the implications of vac-
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(d) Day 80

Figure 8.3: Spatial plots of the outbreak of EI, Australia 2007, for 20 day windows. Red
represents new cases recorded on the day and grey the previous cases. The plotting size
indicates how recently the case occurred, with large symbols indicating very recent events
and small symbols earlier ones.

cination after day 90 (Cowled et al., 2009; Perkins et al., 2011). The period in which the

vaccination method takes affect coincides with our increased degree of clustering. This is

most likely due to local spread being contained within the buffer rings.
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Figure 8.4: Spatial plots of the outbreak of EI, Australia 2007, for 20 day windows. Red
represents new cases recorded on the day and grey the previous cases. The plotting size
indicates how recently the case occurred, with large symbols indicating very recent events
and small symbols earlier ones.
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Figure 8.5: Epidemic curve of EI Australia 2007. Left: daily epidemic curve, right: 7-day
moving window epidemic curve.
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Figure 8.6: Cluster curve for EI outbreak at 1:5km at 1km intervals
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Figure 8.7: Epidemic curve and cluster curve for 2km radius
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8.7 Discussion

In this chapter we continued our illustration of the use of the cluster curve with its application

to the 2007 epidemic of equine influenza in Australia.

The outbreak lasted 158 days. It was contained to two eastern states (NSW, QLD) and

affected nearly 10,000 premises. The initial spread was determined by the infection of two

horse shows on days 31-33 and 38-40. A method of movement restrictions and vaccination

was implemented to eradicate the disease. The vaccinations were initially applied as buffer

rings from day 73. With a two week time lag between vaccination and immunity, the peak

of the outbreak occurred before the vaccination method could have an effect (Cowled et al.,

2009; Perkins et al., 2011).

In previous analyses of the 2007 equine influenza outbreak, the data were found to be highly

clustered with 37 epidemiologically linked clusters (Cowled et al., 2009). This resonates with

our results where the cluster curve suggests significant grouping of events in the beginning

and latter stages of the outbreak at radiuses of 1:5km. We see that the period preceding

the horse shows was characterised by significant clustering via local spread. The degree of

clustering is significant, however, not large, as long range transmission occurred from horses

returning to their farms after travelling to attend the shows. We saw a vast increase in the

degree of clustering difference after the immunity of vaccination took effect. This suggested

that the vaccination and movement restrictions were successful in controlling spread over

ranges greater than 10km, with the majority of infection occurring as a result of local spread

within the buffer rings.

The findings in the latter stages of the epidemic, once the vaccination intervention method

had taken effect, mirror the results from the simulated epidemics in Chapter 7. Once a

vaccination method is in effect, we observed a period of significant clustering during which

local spread occurs within the buffer rings before the outbreak is effectively shut down.
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Chapter 9

Conclusion and discussion

In epidemiology we are interested in the analysis of disease events in regard to possible risk

factors. While many of the methods of analysis are equivalent for human and veterinary cases,

veterinary data has the added difficulty of ‘human factor’. This is the need for humans to

first detect and then report the disease, and once detected, humans generally intervene. This

process requires multiple steps for an event to be recorded and therefore, the true quantity of

animal disease can be under-reported. Once a disease is notified to the appropriate authorities

a method of intervention is generally applied; this can be as little as movement restrictions to

much more severe measures like the depopulation of farms. These methods limit and control

the spread which can dramatically alter the progression of disease.

In this thesis we have looked into tools to address data quality issues as well as improving the

analysis of the spatial spread through time. To detect low level anomalies, where the number

of cases is less then expected, we looked at the application of exceedance probabilities in

spatio-temporal models for routinely recorded areal disease counts. We illustrated the use of

this via the endemic outbreak of foot-and-mouth disease in Viet Nam over the time frame

January 2006 to December 2008. We also investigated the use of second-order properties

of spatial point processes to create our cluster curve and integrated cluster curve for the

evaluation of changes in spatial clustering through time for event data. The application of

the cluster curve was applied in different interactive visual displays and to real and simulated

epidemic outbreaks of foot-and-mouth disease and an epidemic outbreak of equine influenza.
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Exceedance probabilities

With any analysis, the reliability of the results depends on the quality of the data. While

residual analysis is an effective approach to detecting anomalies for many types of models

(such as linear regression with fixed effects), with complex models this methodology can be

problematic. Hierarchical models with random effects can provide great flexibility in the

modelling process, but can also mask extreme events in a standard residual analysis. Our

aim was to demonstrate a wider use of exceedance probabilities (already previously used

to detect unusually high levels of relative risk and detection of anomalous clusters) in the

detection of unexpectedly low counts of reported cases of disease in routinely recorded animal

health data. Exceedance probabilities can be applied at any level of a model and describe

the probability that a random term lies in the extreme tails, in our case the lower tail of the

specified distribution. Any term that has a high probability of being in the lower tail suggests

a significantly lower number of cases than expected.

In our application of exceedance probabilities to the endemic outbreak of foot-and-mouth

disease in Viet Nam over a three year period (2006-2008) we saw that the use of a general

method of residual analysis (squared Pearson residuals) did not indicate significant anomalies

in the data from any of the regions of the country. In the analysis of the lower tail exceedance

probabilities, however, we found several provinces where the number of foot-and-mouth dis-

ease positive communes was unusually low given the provincial characteristics. Interestingly,

the provinces identified as anomalous in 2006 formed a geographical cluster. Our model did

not include a representation of spatial correlation and therefore, this is an aspect of the data

and not an artefact of the model. We found that areas identified over the time period as pos-

sible anomalies coincided with major movement pathways of cattle within Viet Nam. These

could potentially be explained by unmeasured covariates – we recognise that the number and

resolution of the explanatory variables available is a limitation of our study. Nonetheless, it

is possible that the unexpectedly low counts arise from under-reporting of foot-and-mouth

disease incidence.

Overall, the results of our analysis warrant further investigation by the relevant authorities,

and demonstrate the practical usefulness of exceedance probabilities.

The cluster curve

Our tools; the cluster curve and integrated cluster curve use second-order properties of spatial

point processes, specifically the inhomogeneous K-function, to investigate changes in spatial

clustering through time. We did not aim to detect clusters of disease in space and time –
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there are already several existing methods to do so. Our aim was to instead provide a simple

means of describing how the pattern of spatial clustering varies with time. The cluster curve

is calculated by evaluating over a sequence of time windows the difference between the K-

function computed from the data within the window and the theoretical K-function under

the ‘no clustering’ assumption. We intend that the cluster curve be used alongside epidemic

curves.

To illustrate the motivation behind our cluster curves we simulated two sets of pairs of out-

break datasets one based on a spatially homogeneous underlying population and the other,

a spatially inhomogeneous population. For each pair of outbreaks, one was generated by a

Poisson point process and the other by a cluster Poisson point process. Experiments on sim-

ulated data demonstrated the potential for the cluster curve to uncover interesting properties

of the spatio-temporal epidemiology that are not apparent in the epidemic curve alone.

We proposed several methods for interactive displays of the cluster curve. These are the use

of sliders to easily switch between radiuses of clustering, and the creation of a web interface.

The use of a web application will allow the tool to be used by a wider audience as no coding

is required. Researchers can upload their own data and then apply the cluster curve.

Application of the cluster curve to epidemic outbreaks of foot-and-mouth disease

and equine influenza

We applied our cluster curve to two epidemics of foot-and-mouth disease, and an outbreak

of equine influenza. These are all examples of an epidemic in a country previously holding

foot-and-mouth disease or equine influenza free status. The 2001 outbreak of foot-and-mouth

disease in England infected over 2000 premises and lasted 241 days before eradication via non-

movement bans, depopulation and pre-emptive culling of any susceptible premise. The 2010

outbreak of foot-and-mouth disease in Japan resulted in 292 farms becoming infected and

was controlled with depopulation and buffer ring vaccination. The 2007 outbreak of equine

influenza in Australia affected nearly 10,000 premises before being effectively controlled and

eradicated through various methods of vaccination (primarily ring vaccination).

To illustrate how the cluster curve can inform the user on the changing spatial structure

of an epidemic we compared the features uncovered by the cluster curve with knowledge

gained from previous analyses. For example, we know that foot-and-mouth disease is a highly

infectious disease and that the English outbreak was determined to have very high levels of

localised spatial spread within 3km of an infected premises and the majority of localised

spread occurring within 10km. In the analysis of the cluster curves we found the majority of

the outbreak is characterised by significant clustering occurring at a higher degree at distances
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of less than 4km. Therefore, conclusions drawn from previous extensive analyses can easily

be obtained quite directly from evaluation of the cluster curve.

Intervention methods

In the real world animal diseases are not left to run their natural course but instead inter-

vention methods are put into action. Furthermore, there is far more flexibility in controlling

an animal disease than a human one, since options like depopulation and pre-emptive culling

are available. With the control of disease in veterinary scenarios we generally see a combina-

tion of the methods, for example non-movement bands with depopulation and vaccination or

depopulation and pre-emptive culling. The three epidemics we looked at used: vaccination,

depopulation, vaccination and depopulation, and pre-emptive culling to control and eradicate

the disease. We investigated the impact of the control methods on the changes in spatial clus-

tering through time. This was done by simulating two sets of outbreaks using the software

InterspreadPlus, one based on the geographical and population density of the border counties,

United Kingdom and the other Miyazaki, Japan. For each set we simulated five datasets, four

with the applied intervention strategies (depopulation, vaccination, depopulation and vacci-

nation and depopulation and pre-emptive culling) and one left without intervention so that

we could see the natural progression of the disease.

When we investigate the changes in clustering through time by the application of the cluster

curve, we found that methods where treatments were applied to more then the confirmed

farm (vaccination, depopulation and vaccination and depopulation and pre-emptive culling)

had similar curve structures, and for the integrated cluster curve we saw similar results. We

found a significance degree of clustering at the smaller radiuses.

The conclusions found by analysing the different structures of the intervention methods pro-

vides knowledge of the characteristics for a particular method. This knowledge can then be

applied to real world examples, and enables us to draw conclusions about possible reasons

behind certain structure. For example, with the equine influenza outbreak in Australia we see

a large degree of clustering in the latter stage (after day 100) of the outbreak. We know that

from day 90, immunity from vaccination starts to take effect, therefore, creating buffer zones.

From the analysis of vaccination buffer rings on the simulated data we would expect a large

degree of clustering for a period (as cases are trapped within the buffer boundary) before the

disease is eliminated. What we expected for a vaccinated outbreak based on simulations is

what is seen in the real world case of equine influenza.
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Future work

With our analysis of endemic foot-and-mouth disease in Viet Nam, possible future work

includes the analysis of current data to investigate if the pattern of under-reporting is per-

sisting. We might also develop models that specifically account for under-reporting on the

cattle routes, so as to be able to estimate the magnitude of the effect.

Our cluster curve provides a promising tool for analysing the changes in spatial clustering

through time. However, there are always opportunities for improvement. Future work could

include the investigation of mathematical expressions for approximating confidence intervals

for the K function so as to avoid the need for computationally expensive envelopes. Also,

further consideration would be helpful into the use of the best scaling factor (denominator)

for both the cluster curve and the integrated cluster curve. There is no right or wrong answer

for this issue, but it may prove that some choices facilitate interpretation.

To fully investigate the impact of intervention methods on spatial clustering through time,

further investigation is required into different methods of outbreak simulations and different

veterinary infectious diseases. This would help to assess whether the results we found in our

investigation carry over into the wider field of animal diseases and controls.
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