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Dissertation abstract 

The use of spatiotemporal analytical tools to inform decisions and policy in  

One Health scenarios 

Kaushi ST Kanankege 

The use of spatiotemporal analytical tools to generate risk maps and risk scores that facilitate 

early detection of health and environmental threats is increasingly popular in many countries and 

international organizations around the world. The traditional approach of spatial epidemiology 

focuses on mapping and conducting tests for detection of spatial aggregation of cases, referred to 

as ñclustersò, to determine visual and geographical relational clues, and then ecologic approaches 

to recognize etiologic signs of disease distribution in relation to explanatory factors. The 

advances in spatial epidemiology are focused on the application of spatiotemporal findings to 

inform mitigation measures, use of big data to improve the validity and reliability of case-data 

based analyses, and eventually to provide risk estimates in a timely manner to support decision 

and policy in preventive and control measures, while supporting the improvement of existing data 

collection processes. This study provided a framework for choosing spatiotemporal analytical 

tools, summarizing the features of tools commonly used in spatial analysis, and discussing their 

potential use when informing decisions related to One Health scenarios. To this end, three case 

studies addressing endemic conditions affecting ecosystem health, animal health, and public 

health in Minnesota were compared. A risk score; an estimate/characterization of the disease 

spread, and suggestions on risk zones were introduced, using spatiotemporal analytical tools, 

addressing aquatic invasive species in Minnesota waters, Johneôs disease in dairy cattle, and 

Anthrax, affecting wildlife, livestock, and humans, respectively. The One Health concept 

promotes a collaborative approach, through effective communication and cooperation across 

disciplines and sectors, to solve complex problems that intersect animal, human and 

environmental health. An essential component in the process is understanding the stakeholder 

perspectives of the problem. Therefore, the comparison between the case studies focused on the 

lessons learned through the researcher-stakeholder interactions and identification of the 

opportunities and challenges in the process. Overall, the work presented through this dissertation, 

serves as precedent for establishing a protocol of ñgood practicesò when promoting the use of 

spatiotemporal analytical tools to inform the implementation of scientifically driven risk 

management and policy solutions to One Health scenarios. 
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Chapter 1: Introduction  

A framework for choosing spatiotemporal analytical tools in One 

Health scenarios 

 

This work has not been published/in-review elsewhere   



2 

1.1 Overview 

Spatiotemporal analytical tools (SAT) are becoming increasingly popular in risk-based 

monitoring/management of adverse health events affecting humans, animals, and ecosystems 

across the geographical space. Different disciplines use different SAT to address similar research 

questions. Bringing these different techniques together under the same umbrella may support an 

interdisciplinary approach of shared knowledge. Here, we are introducing a framework for 

choosing SAT when addressing common research questions across disciplines focused on human, 

animal, and ecosystem health. This framework is comprised of three stages: a) pre-hypothesis 

testing where hypotheses regarding the spatial dependence of events are generated; b) primary 

hypothesis testing stage where spatial dependence and patterns are tested; and c) secondary-

hypothesis testing and spatial modeling stage, where the predictions and inferences using the 

spatial dependence and the associated covariates are made. First, research questions were 

simplified into five main questions. Answers to the questions lead to the choice of SATs from 

four different categories including: T1) Visualization, descriptive analysis and test for spatial 

dependence; T2) Spatial/Spatiotemporal pattern recognition; T3) Spatial smoothing and 

interpolation; and T4) Spatial correlation models. Furthermore, we propose seven factors/criteria, 

which can help guiding the choice of SAT. The seven factors include epidemiological 

characteristics of the disease, the study design, the level of spatial explicitness of data, data 

quality and availability, the research question and hypothesis, stakeholder involvement in 

research, and existence of regulations, resources, and policy related to mitigation of the disease or 

the adverse health effect. Through this framework we intend to facilitate the choice between 

available SATs, and promote their cross-disciplinary use to support improving human, animal, 

and ecosystem health, which is essentially a One Health approach.  
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1.2 Introduction  

1.2.1 Spatiotemporal analytical tools (SAT) 

Spatial epidemiology is defined as ñthe description and analysis of geographic variations in 

disease with respect to demographic, environmental, behavioral, socioeconomic, and infectious 

risk factorsò (Elliott and Wartenberg 2004). The integration of epidemiological concepts, spatial 

analysis, geographic information science (GIS), and statistics can lead to the accomplishment of 

the objectives of spatial epidemiology in understanding and modeling spatiotemporally explicit 

health risks (Ward and Carpenter 2000; Beale et al. 2008). Traditionally, spatial epidemiology 

focused on two major concepts: a) mapping and spatial pattern analysis, such as cluster analysis, 

to determine visual and geographical relational cues, and b) using ecologic approaches to 

recognize etiologic clues of disease spread and explanatory factors (Lawson 2006). Combined 

approaches of health geography, i.e. application of geographical analysis to health issues (Kirby 

et al., 2017), as well as the concepts of eco-epidemiology (Susser, 2004; March and Susser, 2006) 

provide a set of powerful tools to improve spatial epidemiology. The term Eco-epidemiology 

refers to engagement of a richer and a broader framework into the risk-factor epidemiology while 

accounting for multiple levels of causation, the interplay between genetic and environmental 

factors, and temporal characteristics (Susser, 2004; March and Susser, 2006). These advances in 

spatial epidemiology are intended to understand the disease distribution and underlying risk 

factors, improve the quality of epidemiological data, and eventually provide risk estimates in a 

timely manner to support decision and policy in preventive and control measures (Cromley and 

McLafferty, 2002; Wagner Robb et al., 2016; Pfeiffer and Stevens, 2015).  
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1.2.2 Objective 

A plethora of SATs, especially geostatistical tools, have been published and used in the field 

of spatial epidemiology (Cromley and McLafferty, 2002; Banerjee et al., 2014). However, 

selecting an appropriate analytical tool is often a challenging decision. This is because the choice 

of SAT depends on variety of factors/criteria. The majority of the published reviews and books on 

SAT are focused on describing the characteristics of the methods and do not consider these 

factors. Thus, understanding these criteria and developing a framework that enables the 

researchers to analyze existing epidemiological data, draw inferences, and plan future research in 

spatiotemporal epidemiology is an essential step. The objective of this work is to introduce a 

framework that facilitate choosing SAT and discuss the choice of SAT in relation to seven major 

factors. 

1.3 Data and Methods 

1.3.1 A framework for choosing spatiotemporal epidemiological tools 

Here, we are introducing a framework for choosing SAT (Fig. 1.1). The framework is 

classified into three stages: a) pre-hypothesis testing/ hypothesis generating stage; b) primary 

hypothesis testing stage; and c) secondary-hypothesis testing and spatial modeling stage where 

the predictions and inferences are made. Here, the primary hypothesis refers to the existence of 

spatial dependence and spatial patterns in the distribution of adverse health events, while the 

secondary hypotheses involve the association of the events with risk factors/covariates.  The 

different types of SAT are broadly classified into four categories: T1) Visualization, descriptive 

analysis and test for spatial dependence; T2) Spatial/Spatiotemporal pattern recognition; T3) 

Spatial smoothing and interpolation; and T4) Spatial regression. The framework seeks to suggest 

a suitable category of the SAT among the four, based on the stage of the research/stakeholder 

question. The types of SAT that are commonly used in epidemiological studies are listed under 

each category (T1:T4) in Table 1.1 and discussed briefly in the consecutive text. The usage of 

tools are further discussed in relation to the seven major factors/criteria that influence the choice 

of SAT. It is important to note, however that this is not a detailed review on the existing SAT. 

Reviews on SAT can be found elsewhere (Ward and Carpenter 2000; Beale et al. 2008; Carroll et 

al., 2014; Kirby et al., 2017), as well as, a glossary of commonly used terms and their definitions 

in spatial epidemiology is found in Rezaeian et al. (2007). 
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Fig. 1.1. Schematic illustration of a framework for choosing spatiotemporal analytical tools 

(SAT). The research questions/objectives are identified with Q1:Q5. The specific SATs under the 

relevant categories, i.e. T1:T4, are listed in Table 1.1. 
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Table 1.1. A summary of types of common spatial analytical tools and their purpose. 

 
Purpose  Measure Commonly used 

techniques 

Reference 
T

1
: 

V
is

u
a

liz
a

ti
o

n
, 

d
e

s
c
ri

p
ti
v
e

 a
n

a
ly

s
is

 a
n

d
 t

e
s
t f
o

r 
s
p

a
ti
a
l 
d

e
p

e
n

d
e

n
c
e 

Transformation of 

locational 

information into 

geographic 

coordinates 

Geocoding By street address, 

postal code, or 

administrative 

divisions 

Zandbergen, 2008; Hart and 

Zandbergen, 2013 

Visualization and 

description of the 

spatial distribution 

Exploratory spatial 

data analysis 

Mean center Isaaks and Srivastava, 1989 

Median center Isaaks and Srivastava, 1989 

Standard deviation 

(weighted by 

attributes) 

Isaaks and Srivastava, 1989 

Directional mean 

and variance 

Levefer, 1926 

Moran scatter plot Anselin, 1996 

Test whether there 

is spatial 

dependence in the 

event data 

Spatial 

autocorrelation 

Mantel test Mantel, 1967 

Global Moranôs I  Moran, 1950 

Gearyôs C Geary, 1954 

Getiôs ord Getis and Ord, 1992; Ord and 
Getis, 1995  

Distance analysis Nearest neighbor 

analysis 

Clark and Evans, 1954 

Ripleyôs K  Ripley, 1977; Dixon, 2002 

Distance matrices 
 

Measurement of 

uneven distribution 

of the populations 

and risk factors   

Local or stratified 

spatial 

heterogeneity 

Getis Ord Gi* Getis and Ord, 1992; Ord and 

Getis, 1995 

K-Means clustering MacQueen, 1967 

Anselinôs local 

Moran (L-Moran) 

Anselin, 1995 

Spatial stratified 

heterogeneity test 

Wang et al., 2016 

Measure the spatial 

dependence while 

accounting for 

background 

population 

 Odenôs Ipop Oden, 1995; User manual, 

2012: 

https://www.biomedware.com 

T
2

: 
S

p
a

ti
o

te
m

p
o

ra
l 

p
a

tt
e

rn
 r

e
c
o

g
n

it
io

n
 

Test spatial trends Testing for first-

order effects 

Trend analysis Lawson, 2006 

Test whether there 

is any spatial 

clustering in the 

data 

Global cluster 

detection  

Nearest neighbor 

test 

Clark and Evans, 1954 

Cuzick and 

Edwardôs test 

(case-control data) 

Cuzick and Edwards, 1990 

Local Indicators of 

spatial association 

(LISA) 

Anselin, 1995 

Locate the clusters 

and the statistical 

Purely spatial local 

cluster detection 

Spatial scan 

statistics 

Kulldorff and Nagarwalla, 
1995; Kulldorff, 2009 

Turnbullôs test Turnbull et al., 1990 
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significance of the 

clustering 

Besag and Newellôs 

test 

Besag and Newell, 1991 

Test whether there 

is space and time 

clustering in the 

data 

Spatiotemporal 

cluster detection 

Knox test Knox, 1964 

Mantel test Mantel, 1967 

Space-time 

permutation scan 

statistic 

Kulldorff et al., 2005 

Eder-Myer-Mantel 

test 

Stark and Mantel, 1967 

Detecting the 

direction of 

progression of an 

adverse event over 

time 

Spatiotemporal 

directionality 

Spatiotemporal 

directionality test 

Jacquez et al., 2002; User 

manual, 2012: 

https://www.biomedware.com 

Spatiotemporal 

anisotropy 

parameter 

Bilonick, 1988; Snepvangers 
et al. 2003 

T
3

: 
S

p
a

ti
a

l 
s
m

o
o

th
in

g
 a

n
d
 i
n

te
rp

o
la

ti
o

n 

Quantifying spatial 

variations in event 

intensity: spatial 

point pattern (SPP) 

intensity 

Density based point 

pattern recognition 

Univariate Kernel 

density estimation 

(KDE) 

Bithell, 1990; Kelsall and 

Diggle 1995, Hazelton, 2016 

Multidimensional 

KDE 

Silverman, 1986; Wand and 

Jones, 1995 

Empirical Bayes 

smoothing (EBS) 

Clayton and Kaldor, 1987 

Characterization of 

the 

clustering/spatial 

patterns 

Spatial interpolation 

and spatial 

regression 

Neighborhood 

matrices 

 

Headbang 

smoothing 

Kafidar, 1996; Mungiole et 

al., 1999; Gelman et al., 2000  

Triangulated 

Irregular Network 

(TIN) 

Sanson et al., 1991 

Inverse Distance 

Estimation (IDW) 

Keckler, 1995; Tomczak, 
1998 

Kriging  Matheron, 1971; Isaaks and 
Srivastava, 1989 

Spline regression 

models  

MacNab and Gustafson, 2007 

Trend Surface 

Interpolation 

Lusting, 1969; Davis, 1973; 

Agterberg, 1984; Mitas and 
Mitasova 1999 

Multivariate spatial 

interpolation 

(Predict the 

probability of 

disease using 

correlated and 

highly sampled 

auxiliary variables) 

Co-kriging  Isaaks and Srivastava, 1989 

Regression kriging Odeh et al., 1995; Goovaerts, 

1997; Eldeiry and Garcia, 
2010 

Spatiotemporal 

interpolation  

Space-time kriging Cressie and Wickle, 2011; 

Biondi, 2013 

Two-stage 

Bayesian approach 

 Lawson et al., 2012 

Autoregressive 

spatial smoothing 

and temporal Spline 

smoothing 

MacNab and Dean, 2004 
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T
4

: 
S

p
a

ti
a

l 
c
o

rr
e

la
ti
o

n
 

Predict the 

probability of 

disease using 

explanatory 

variables (When 

regression residuals 

have spatial 

autocorrelation) 

Spatial and 

spatiotemporal 

autoregression 

models 

Simultaneous 

autoregressive 

(SAR) models 

Cressie, 1993; Haining, 2003; 

Banerjee et al., 2014 

Geographically 

weighted regression 

(GWR) 

Brunsdon et al., 1996; 

Nakaya et al., 2005 

Purely spatial: 

Conditional 

autoregressive 

(CAR) prior; Besag 

model; Besag, 

York-Mollie 

(BYM) model  

Besag et al., 1991; Banerjee 
et al., 2014 

Spatiotemporal 

CAR models 

Mariella and Tarantino, 2010; 

Rushworth et al, 2017;  

Predict probabilities 

when the risk 

surfaces are 

heterogeneous or 

discontinuous 

Latent structure 

models 

 Cai et al., 2012; Hossain and 

Lawson, 2016 

Analysis of spatially 

explicit time-to-

event data 

Spatial survival 

models 

Spatial cure rate 

model 

Banerjee, 2016 

Frailty models Banerjee, 2016 

Predict the 

probability of 

disease when the 

disease occurrence 

is correlated with 

environmental 

variables 

Environmental / 

Ecological niche 

modeling 

Maximum Entropy 

Ecological Niche 

modelling (Maxent) 

Elith et al., 2011; Phillips et 

al. 2006; Merow et al., 2013 

Genetic Algorithm 

for Rule Set 

Production (GARP) 

Stockwell and Peters, 1999; 

Stockwell and Peterson, 
2002; Blackburn et al., 2007 

Machine learning 

techniques: 

Random forest 

Breiman, 2001; Mi et al., 
2016 

 

1.3.2 Commonly used spatiotemporal analytical tools (SAT) 

T1 Visualization, descriptive analysis and test for spatial dependence 

Spatial data visualization is one of the key steps in understanding and generating 

hypothesis on the spatial distribution of events. Global Navigation Satellite Systems (GNSS), 

such as Global Positioning System (GPS); Global Navigation Satellite System (GLONASS); 

Galileo; Navigation Indian Constellation (NavIC); and BeiDou, provide the ability to position the 

exact geo-spatial locations during the data collection phase. In the absence of GNSS based data, 

geocoding plays a major role to generate spatially explicit databases (Zandbergen, 2007; Hart and 

Zandbergen, 2013).  
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According to Walter Toblerôs First Law of Geography, ñeverything is related to 

everything else, but near things are more related than distant things (Tobler 1970).ò This 

phenomenon, otherwise known as spatial autocorrelation or spatial dependence, is a key 

component of spatial epidemiology. The majority of the descriptive techniques are focused on 

determining the extent to which data are spatially autocorrelated and performing hypothesis tests 

after accounting for spatial autocorrelation (Dormann et al., 2007). Assumptions involved in 

descriptive analytics include the spatial stationarity, isotropic spatial autocorrelation, and spatial 

continuity (Dormann et al., 2007). In simpler terms these assumptions imply that events 

(infectious diseases in animals for example) of the considered spatial process are homogenously 

distributed across homogeneously distributed across the region regardless of geographical 

directions or barriers. However, understanding the violations of these assumptions, i.e. detecting 

patterns of non-stationarity or anisotropy, is paired with the descriptive analytics (Isaaks and 

Srivastava 1989). Moranôs I (Moran 1950), Gearyôs C (Geary, 1954), Mantel test (Mantel 1967), 

and Getis Ord (Getis and Ord 1992; Ord and Getis 1995), which often referred to as ñglobal 

spatial autocorrelation indicesò, are the commonly used techniques in spatial analysis.  

Measurement of spatial heterogeneity, i.e. uneven distribution of the populations and risk 

factors across the geographical space, is another important component in the One Health process. 

Spatial heterogeneity measures could be either 1) local where we measure whether an attribute at 

one site is different from its surrounding or 2) stratified where the attributes are stratified within 

strata, such as Agro-ecological zones or land use categories in which the spatial variance between 

strata was measured. An example of local measures of spatial heterogeneity is Getis Ord Gi* (i.e. 

hot-pot/cold spot analysis) (Getis and Ord 1992; Ord and Getis 1995). Other techniques such as 

G-statistics are increasingly available facilitating the measurement of stratified spatial 

heterogeneity (Chen and Wang, 2016). The indices of spatial heterogeneity provide opportunity 

to quantitatively measure the differences and compare the landscape patterns of populations and 

risk factors.  

T2 Spatial/Spatiotemporal pattern recognition 

A spatial cluster is an excess of events or measurements in geographic space, compared 

to the null expectation of spatial randomness (Jacquez, 2008). The cluster analysis generally is 

aimed at detecting if there is any clustering in the spatial data (i.e. Global cluster analysis), and 

detecting and locating the clusters (local cluster analysis and focused cluster analysis). In general, 
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the cluster analysis provides information about the cluster morphology, including the magnitude 

of the excess/deficit feature, geographic size, shape, and the locations of spatial clusters.  

Detecting first-order adjacencies such as Local Indicators of Spatial Autocorrelation 

(LISA) statistics (Anselin 1995, Ord and Getis 1995) and nearest-neighbors relationships such as 

used in Cuzick and Edwardôs (1990) test can be considered as global cluster detection techniques. 

Most local cluster-detection techniques employ circular scanning windows such as the scan 

statistic (Kulldorff and Nagarwalla 1995), Turnbullôs test (Turnbull et al. 1990) and Besag and 

Newellôs (1991) test. Some of these local cluster analyses such as scan statistics have been 

incorporated into widely used software such as SaTScan that enable temporal, spatial, and 

spatiotemporal cluster analysis in a user-friendly manner. It is essential to realize that spatial 

variation and hence cluster morphology is complex, and may not be well described by the circular 

cluster window approaches (Jacques, 2008). Therefore, alternative approaches that are flexible for 

the cluster shape such as Upper Level Set Scan statistics (Patil and Taillie, 2004) and B-statistics 

(Jacques et al., 2006) have been introduced. A detailed description on the spatial pattern 

recognition and cluster analytical techniques are found elsewhere (Jacques 2008).  

T3 Spatial smoothing and interpolation 

Many research studies apply spatial smoothing and interpolation techniques to improve 

estimation. Smoothing techniques facilitate visualization of the intensity of events (Bithell, 1990), 

allow accounting for background spatial distribution of the population at risk (Diggle et al., 

2005), and generate tolerance contours (i.e. confidence regions) for which the relative risk of a 

disease is significantly high (Kelsall and Diggle 1995). Smoothing techniques are used to reduce 

noise by shrinking values towards the adjacent observations, which is applicable to both 

homogenous and heterogeneous point processes. In a heterogeneous point process where the 

intensity of the spatially varying event varies within the study area, the estimation of the event 

intensity using either parametric or non-parametric methods is called the smoothing (Bithell, 

1990; Kelsall and Diggle 1995; Hazelton, 2016). Spatial smoothing techniques uses a moving 

weighted function to reduce the noise component, where the differences in the values on a surface 

are accentuated resulting in spatially continuous map. The commonly used spatial smoothing 

techniques include kernel density estimation (KDE) (Bithell, 1990; Kelsall and Diggle 1995; 

Rushton, 1997; Rushton et al., 2004) and headbanging (Kafidar 1996; Mungiole et al., 1999; 

Gelman et al. 2000), which are considered as alternatives of detecting circumscribing clusters of 

varying shapes in lieu of circular clusters (Kelsall and Diggle 1995; Jacques 2008).  
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Spatial interpolation techniques are used to estimate/predict values at the unknown 

locations using the available/known data points (Isaaks & Srivastava 1989). The resulting 

interpolated surfaces i.e. statistical surfaces are raster layers and often can be considered as risk 

maps in epidemiological analyses.  There are multiple spatial interpolation techniques including 

Inverse distance estimation (IDW) (Keckler, 1995; Tomczak, 1998), Triangulated Irregular 

Network (TIN) (Sanson et al., 1991), Kriging as well as its variations such as Co-kriging (Isaaks 

and Srivastava 1989), and Trend Surface Interpolation (Lusting, 1969; Davis, 1973; Agterberg, 

1984; Mitas and Mitasova 1999). TIN allows construction of 3-dimensional surfaces based on a 

secondary variable of a researcherôs choice, which, for example, the prevalence of a disease in a 

farm location. Kriging can be understood as a two-step process, where, step 1 is fitting the spatial 

variogram or likelihood for the data observed at the sampled points; and step 2 involves the 

interpolation of values for unsampled points or blocks using the weights derived from this 

covariance structure (Isaaks and Srivastava 1989). In situations where disease events are biased or 

undersampled, co-kriging can be used to enhance the accuracy of the estimation using a highly 

sampled auxillary variable. Trend surface interpolation facilitates mapping variables while 

allowing for the local fluctuations. Therefore, trend surface analysis may reflect the regional 

distribution, trend, and the local variation of the mapped disease (Huanxin and Nan, 1991). 

Interpolation techniques, their model assumptions, and usage are discussed extensively, 

elsewhere (Isaaks and Srivastava 1989; Mitas and Mitasova 1999).  

Spatiotemporal interpolation techniques are used to predict variables in-between and 

beyond observation times (Cressie and Wickle, 2011; Biondi, 2013). In space-time kriging, the 

spatial, temporal, and spatio-temporal dependence structures are modeled using spatiotemporal 

variograms (Biondi, 2013). Modeling the spatial and temporal components independently is one 

of the drawbacks in most of the spatiotemporal interpolation techniques (Susanto et al., 2016). A 

detailed discussion on the spatiotemporal interpolation techniques used in the environmental 

modeling is found elsewhere (Susanto et al., 2016). 

T4 Spatial correlation models 

In geographic correlation studies in epidemiology, spatial regression analysis is 

commonly used to examine the effects of certain risk factors/covariates on disease incidence 

while accounting for the spatial autocorrelation/dependence in the residuals (Frome and 

Checkoway, 1985; Auchincloss et al., 2013; Banerjee, Carlin, Gelfand, 2014). This is because the 

standard regression models assume that observations are independent, an assumption that is not 
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met when spatially dependent data are analyzed. Both Frequentist and Bayesian spatial regression 

techniques have been extensively used in epidemiological analyses. Spatial regression models 

vary by their computational complexity, capacity of capturing spatial heterogeneity, and the 

quantification of uncertainty associated with parameter estimates (Auchincloss et al., 2013).  

Spatial autoregressive models include: Simultaneous autoregressive (SAR) models 

(Cressie, 1993; Haining, 2003; Banerjee et al., 2014), Geographcally weighted regression 

(Fotheringham et al., 1998), and Conditional autoregressive models (CAR) (Besag et al., 1991). 

Due to sampling and reporting variabilities of disease incidences and risk factors, borrowing 

strength from neighboring regions to get more reliable estimates is the motivation behind these 

spatially dependent regression models (e.g. closer neighbors might receive higher weights). This 

strategy of borrowing information from neighbors is applicable in autoregressive models, where 

the spatial or spatiotemporal structure is modeled via sets of autocorrelated random effects (Besag 

et al., 1991; Lawson 2013; Banerjee et al., 2014). In addition to accounting for the spatial 

dependency, multiple spatiotemporal regression models have been used in epidemiological 

studies that enable the researchers to analyze the influence of spatial and temporal dependence of 

disease events and risk factors (Banerjee et al., 2014; Lee et al., 2018). Detailed descriptions on 

spatial and spatiotemporal autoregressive models can be found elsewhere (Banerjee et al., 2014; 

Lee et al., 2018). 

Latent structure models accounts for the heterogeneity or the discontinuity in risk surface 

such that homogenous areas can be grouped together while discriminating for the risk levels 

(Hossain and Lawson, 2016).  

Ecological niche modeling (ENM) approaches are widely used to characterize the 

complexity and heterogeneity of the landscapes in research related to epidemiologically relevant 

vector and parasite-reservoir distributions (Peterson, 2006; Peterson et al., 2011; Escobar and 

Craft, 2016). In addition to the characterization of the areas where disease is distributed, ENM is 

used to identify potential distributional areas in response to the likely geographic shifts in 

distributional areas of species or phenomena under scenarios of climate change or changing land 

use (Peterson et al., 2005). Genetic Algorithm for Rule Set Production (GARP) (Stockwell and 

Peterson, 2002; Blackburn et al., 2007); Maximum Entropy Ecological Niche modelling (Maxent) 

(Phillips et al. 2004, Elith et al. 2011); and Machine Learning Techniques such as random forest 

(Breiman, 2001; Mi et al., 2016) are the commonly used ENM algorithms in epidemiology. Most 

studies use presence-only data for the analyses. Further details regarding GARP, Maxent, and 
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other ENM algorithms are found elsewhere (Stockwell and Peters, 1999; Stockwell and Peterson, 

2002; Phillips et al. 2004, Elith et al. 2011).    

 

1.3.3 Evaluating the performance of spatiotemporal analytical tools 

The performance of SAT, especially the predictive modeling-and regression models 

(listed under T3 and T4 of the Table 1), are evaluated for their performance because the 

predictions would have no merit if the accuracy of the models cannot be assessed using 

independent data (Fielding and Bell, 1997). A variety of model evaluation and validation 

techniques can be used to assess the performance of predictive SATs (Listed under T3 and T4 of 

Table 1). These include the sensitivity and specificity measures (i.e. the number of correctly 

classified cases), area under the receiver operating characteristics (ROC) curves, evaluation of 

penalized-likelihood criteria such as Akaike information criterion (AIC) and Bayesian 

information criterion (BIC) for regression based models evaluating associations between disease 

outcomes and risk factors (Akaike, 1977). The sensitivity of a spatial model in disease mapping 

can be defined as the modelôs ability to correctly predict the high-risk areas/locations, whereas, 

the specificity of the model would be its ability to correctly identify low-risk areas. Data 

partitioning techniques such as bootstrapping (Buckland and Elston, 1993; Verbyla and Litaitis 

1989); randomization (Capen et al., 1986); Prospective sampling (Capen et al., 1986; Fielding 

and Haworth, 1995); and k-fold partitioning (Stockwell, 1992) are commonly used methods. 

Cross validation, i.e. partitioning the data into several subsets and each fitting the model 

excluding one subset and validating the fitted modelôs ability to correctly predict the risk areas 

using the excluded subset of data, is one of the common practices in spatial model validation. 

Similarly, the true validation, i.e. dividing the data over time and fitting model using early 

data/incidents and validation of the model predictions using recent disease occurrences is another 

possible approach. True validation is also achieved through the prospective sampling where new 

cases are evaluated against already built models from a different region or from a different time 

(Fielding and Bell, 1997). 

 

1.3.4 Available software tools facilitating SAT 

Multiple free and proprietary software tools are available facilitating the spatiotemporal 

analytical studies. However, there is no quality control over to assess the accuracy, reliability, and 
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sustainability of majority of those non-proprietary software. Some software have become 

successful commercial products that are widely in use (Beale et al. 2008), while others are 

abandoned due to less popularity and irregular maintenance. Geocoding  can be implemented 

using either commercial GIS software or online that are developed by governmental (Ex. USGS 

map locator: https://store.usgs.gov/map-locator), private (ArcGIS Online Geocoding Service by 

Esri (https://geocode.arcgis.com/arcgis/); QGIS Geocoding Plugins 

(https://plugins.qgis.org/plugins/GeoCoding/); Geocoding using Google maps 

(https://cloud.google.com/maps-platform), or through educational organizations (e.g. TAMU Geo 

coding Services of the University of Texas A & M: http://geoservices.tamu.edu/). These software 

enable both batch geocoding where multiple addresses are submitted at once for geocoding, and 

reverse geocoding, i.e. determining the nearest street address based on given coordinates.  

The commonly used user-friendly software in the spatiotemporal analysis that are capable 

of performing the descriptive analysis, spatial pattern recognition, smoothing/interpolation, and/or 

spatial modeling are ArcGIS (ESRI, 2018), QGIS (QGIS Development Team, 2018), GRASS 

(GRASS Development Team, 2017), GeoDa (Anselin et al., 2005; 

http://geodacenter.github.io/index.html), Clusterseer (User manual, 2012: 

https://www.biomedware.com/), SaTScan (http://www.satscan.org/ version 9.6), and CrimeStat 

(Levine, 2010). Similarly, there are multiple toolboxes relevant to spatiotemporal analysis that 

can be used through following software: R statistical software (R core team, 2017), SAS (SAS 

14.1 User Guide, 2015), STATA (StataCorp, 2017), and Matlab (Matlab: 

https://www.mathworks.com) platforms that are specifically developed for handling geospatial 

analysis. 

 

1.3.5 Other spatiotemporal analytical tools  

In addition to the SAT discussed here, there are non-geostatistical spatial analytical tools 

such as cellular automata (CA) (Batty, 1997) and Agent-based modeling (ABM) (Crooks and 

Heppenstall, 2012) that are in use among the researchers in eco-epidemiological studies. The 

mathematical and geostatistical SAT utilizes a set of equations to model the associations within 

and between variables, while, the CA and ABM use graphical networks of nodes and edges to 

represent the associations (Abdou et al., 2012). Both CA and ABM are grid based modeling 

approaches where a set of cells, i.e. ñneighborhoodò, is defined relative to a given cell. In CA, the 

spread of adverse health events are modeled using the state transition rules across discrete space 

https://geocoding.geo.census.gov/
https://geocode.arcgis.com/arcgis/
http://geoservices.tamu.edu/Services/Geocode/
http://geoservices.tamu.edu/Services/Geocode/
https://support.sas.com/documentation/onlinedoc/stat/141/krige2d.pdf
http://mgstat.sourceforge.net/
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and time steps depending on the neighborhood (Batty, 1997; Abdou et al., 2012). In contrast, in 

ABM, an agent is defined and their spread is modeled using the characteristics of agents 

(perception, performance, memory, and policy) and their interaction with each other and the 

space/environment (Crooks and Heppenstall, 2012). Agents may represent any type of 

autonomous entity including people, animals, insects, or infectious agent that are capable of 

following the defined characteristics. The stochastic nature and flexibility in modeling is one of 

the key reasons why spatiotemporal epidemiological studies are increasingly interested in ABM. 

Other types of models such as gravity models (Barrios et al., 2012; Holhe, 2016), and 

integrated approaches where spatial analysis is hybridized with surface/terrain analysis (Dister et 

al., 1997) and network analysis (Emch et al., 2012; Kanankege et al., 2018) are also being used in 

eco-epidemiological studies to capture flow of adverse health events or populations across 

geographical space. It is important to note that the choice of the SAT and other tools is entirely a 

researcher driven decision, however, there are certain factors/criteria associated with the decision 

of choosing one method over the other (Fig. 1.2). The factors include: 1) characteristics of the 

disease/adverse event; 2) study design; 3) spatial explicitness of data; 4) data quality and 

availability; 5) research question and hypothesis; 6) stakeholder involvement; and 7) existence of 

resources, policy, and regulations for the mitigation of events.  
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Fig. 1.2. Factors influencing the choice of spatiotemporal analytical tools (SAT). 

 

1.3.6 Factors influencing the choice of spatiotemporal analytical tools 

1.3.6.1 Characteristics of the disease/adverse event  

Interaction between host, pathogen, and environment, i.e. the epidemiological triad, results in 

disease transmission in populations. The epidemiological characteristics of the disease 

transmission, which are determined by triad components, including acute or chronic nature of 

onset, endemicity, emerging/re-emerging nature, and mode of transmission are to be considered 

when choosing a SAT. Often chronic and endemic diseases, such as Tuberculosis and Johneôs 

disease, are needed to be evaluated considering both space and time, and therefore require 

spatiotemporal SATs. The mode of transmission: direct, airborne, or vector borne transmission 

often results in a secondary layer of complexity into the spatial distribution of diseases. Similarly, 

the human mediated transmission of animal diseases and other health or environmental threats, 

for example dispersal of invasive species, invariably increases the complexity of the spatial 

characteristics (Lindhal and Grace, 2015; Kanankege et al., 2018). Therefore, when choosing 

SAT to address such complex systems, the use of hybrid approaches, by bringing several SATS 
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to complement one another, would facilitate addressing the multifaceted nature of the 

transmission.. An example is the use of ENM to determine the ecological suitability for invasive 

species or suitability for mosquito vectors and combining the outputs of ENM using other tools 

listed under T3 and T4 to determine the high-risk areas for invasions or vector-borne diseases.  

 Characteristics of the susceptible population is another factor to consider when choosing 

SAT. For example, when analyzing spatial characteristics of farmed animals compared to 

wildlife, the human mediated transmission and historical background of the disease may play an 

important role than the environment itself. In such situations where susceptible populations are 

pre-defined by human involvement, tools such as Ecological Niche modeling may not be entirely 

suitable to assess the spatial characteristics of a disease. Modern risk factor epidemiology is often 

criticized for being focused on individual risk factors and being disconnected from examination 

of the broader historical and social/environmental forces that determine population disease risk 

(Wagner Robb et al., 2016). The influence of environmental factors makes the disease spread 

more complexed. It is possible that, even though there is no evident spatial dependence of pattern 

of the disease, the presence of the disease is associated with environmental characteristics in the 

location, such as soil characteristics and long-term survival of the pathogen in favorable soils.  

 

1.3.6.2 Study design 

The evidence for risk-based or evidence-based decisions are gathered through 

epidemiological study designs, which are broadly categorized into experimental and 

observational in nature. Observational studies such as cohort, case-control, cross-sectional, 

survival studies, and ecological studies often results in spatially explicit data on adverse health 

events. Geo-statistical techniques described under spatial predictions (T3 and T4) are commonly 

used when evaluating data originated from cohort, case-control, and cross-sectional study 

designs. Data originated from ecological studies are likely to have only the disease cases (i.e. 

presence-only data), and no information on the confirmed locations where disease was not found. 

This characteristic of ñpresence-only dataò poses a challenge in choosing an appropriate SAT to 

study the exposure to risk factors, because there is no ideal control group for comparison. ENM 

are models that use presence only data to parametrize the association between the adverse events 

and environmental risk factors. However, the choice of ENM is restricted by the factors including 

the susceptible population, unit of analysis, and spatial explicitness of event data. Moreover, the 
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hybrid approaches of SAT such as ENM and spatial regression may become useful when 

addressing data from various observational studies.    

 

1.3.6.3 Spatial explicitness of data 

The characteristics of spatially explicit data defines the choice of the model. The common 

types of models include: 1) point-level models where the variable was measured at certain 

locations over continuous space (Ex. Temperature); 2) point process models where the locations 

of event occurrence are random (Ex. Disease occurrence) (Diggle, 2007); and 3) areal models 

where the events are aggregated by predefined polygonal areas such as administrative divisions 

(Ex. Disease prevalence by country) (Banerjee, Carlin, and Gelfand 2014).  Reduced spatial 

explicitness may lead to the choice of epidemiological unit of analysis from individual farm level 

to administrative divisions and thus confine the researcher to use SATs comply with aggregated 

data such as conditional autoregressive models (listed under T4 of Table 1.1). It is also important 

to note that the aggregated data by administrative divisions are subjected to the modifiable areal 

unit problem (MAUP), where the unit-aggregated values (e.g. prevalence, densities) are 

influenced by both the shape and scale of the aggregation unit (Openshaw, 1984; Jelinski and 

Wu, 1996). MAUP is known to affect disease mapping (Morris and Munasinghe, 1997), spatial 

cluster detection (Waller and Turnbull, 1993), and correlation studies (Fotheringham, 1991). The 

availability of exact location details facilitates more explicit and reliable analysis.    

 

Among the SATs discussed here, the spatial regression techniques such as conditional 

autoregressive models are commonly applied on the areal/aggregated data, although, the 

neighborhood matrices can be defined based on distance (E.g. presence of a farm within 10 km 

radius) and applicable on point level or point process data as well (Kanankege et al., in review 

BMC). ENM are commonly applicable on ñpresence onlyò individual level data i.e. individual 

animal or entity, for example, presence of a species or a wild animal with Anthrax. Spatial 

smoothing and interpolation methods are applicable to point level data, while, areal data are 

usually modeled using spatial regression methods such as CAR modeling.  

1.3.6.4 Data quality and availability 

Depending on the source of data, the quality of data varies drastically. Research studies that 

are planned and executed often result in better quality data. However, ecological studies that are 
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based on active or passive surveillance systems are prone to biases (selection and information 

biases). Prior to choosing an appropriate SAT for predictive modeling, testing for the biases and 

the representativeness of data is an essential step. SATs such as spatial cluster analysis (listed 

under T2 of Table 1.1) becomes useful tools when testing for biasedness of the data and 

generating hypothesis on biasedness, such as hypothesizing human population density as a 

confounding factor influencing the reporting as well as the spread of invasive species (Kanankege 

et al., 2018). However, the use of auxiliary variables to account for underreporting/under-

sampling and the use of spatial interpolation techniques such as co-kriging (T3 of Table 1.1) in 

such data scarce situation may be useful as alternative approaches (Kanankege et al., 2018). 

Another study which used a hybrid approach where spatial smoothing techniques and spatial 

pattern recognition method to account for data scarcity is found in Perez et al. (2005).  

 Data availability drives the analyses to be confined to administrative boarders which could 

give rise to edge effect, where the areas along the edge of a study area gets misclassified because 

the events outside the borders are not included in the analysis. When the neighboring areas are 

exempt of population at risk, such as presence of sea, the edge effect is controlled. However, in 

the situation where the bordering area contains a susceptible population, the risk estimates are 

bound to be under- or over- estimated (Griffith and Amrhein, 1983; Perez et al., 2005). Although 

the choice of SAT may not permit resolving the edge effect, several techniques allowing the 

corrections are discussed in the published literature including generalized least squares solution, 

the dummy variable solution, and the missing data solution (Griffith and Amrhein, 1983; Griffith, 

1985). 

 

1.3.6.5 Research question and hypothesis  

Research questions and decisions on preventing health threats that involve spatial 

relationships have remained a minority in many of the disciplines. The most common research 

questions answered using spatial analysis include: calculations of proximity, estimation of 

summary measures across geographic areas, spatial pattern recognition such as clustering, 

estimation of the features at under sampled locations, and assessment of spatial association within 

the health events and association between health event and underlying risk factors (Auchincloss 

et al., 2012). Moreover, SAT are useful in hypothesis generating and testing processes where 

different tools are applicable at each stage (Mayer, 1983). The SATs listed under T2 of Table 1.1, 
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which support spatial and spatiotemporal pattern recognition, play a major role in the primary 

hypothesis generating stage. Spatiotemporal patterns includes: concentration (or dispersion), 

eccentricity, clusters, and measuring geometric aspects of pattern such as distance to source of the 

potential primary source of infection (Williams and Wentz, 2008).   

The framework introduced here encourages the understanding of the spatial data at pre 

hypothesis testing and primary hypothesis testing stages prior to the modeling or secondary 

hypothesis testing. This approach may support narrowing down the research question while 

generating and testing novel hypotheses on variable associations.  

1.3.6.6 Stakeholder involvement   

Stakeholders are ñAny person or group who has an interest in the research topic and/or who 

stands to gain or lose from a possible policy change that, directly or indirectly, might be 

influenced by the research findings.ò (Slunge et al. 2017). Involvement of stakeholders, especially 

during the planning stage is often beneficial in formulating decision-driven research studies 

(Slunge et al. 2017). This includes  deciding on the unit of analysis, the level of detail required for 

making decisions, and understanding the characteristics of the threat for the public and the 

environment health. Similarly, communicating with the stakeholders throughout and at the end of 

the research is essential to refine analysis and understand the criteria of prioritizing and perceive 

of the risk based on their experience. For example, a stakeholder is primarily interested in 

defining the size of an area, when planning a surveillance or vaccination campaign against natural 

Anthrax in animal populations, rather than understanding the strength of association between 

occurrences of Anthrax with the alkalinity of soil. In such situations, the solution may be reached 

within the spatial/spatiotemporal pattern recognition category of SAT instead of further modeling 

(Kanankege et al., in review PLoS ONE).   

The thresholds of risk associations and risk maps, in both qualitatively and quantitatively, 

are often based on arbitrary decisions of risk thresholds or cut-off values that are choices made 

upon agreements between researchers and stakeholders. Stakeholder suggestions on the 

thresholds may often influenced by the existing resources, policy, and regulations (discussed 

below). Therefore, having standards for risk thresholds becomes a challenging task. Moreover, 

when comparing risk maps on infectious diseases with multiple hosts or vectors, it is likely that 

there may be disagreements (Loth et al. 2011). The differences between risk maps may largely be 

attributed to the distribution of the population at risk, influence of changing environmental 

factors, and the data collection discrepancies (Loth et al. 2011).    
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1.3.6.7 Resources, policy, and regulations for the mitigation of the events  

The existence of resources for prevention and control, policy, and regulations can influence 

the preparedness for mitigating strategies. Policy and regulations are often associated with the 

severity and the economic impact of the consequences of a certain health threat. Thus, when 

choosing a SAT to address a condition with existing policy or regulations, the likelihood of 

having a specific research question to answer is more likely to be a priority rather than pure 

exploratory approaches. For example, Anthrax is a reportable and vaccine preventable disease 

and a surveillance or vaccination program for Anthrax would require an optimal zone radius, 

which is achieved by SATs listed under T2, such as spatiotemporal cluster analysis (Kanankege 

et al., in review- PLOS ONE). Furthermore, it is likely that the data quality, availability, and 

technical capacity is richer in the reportable scenarios compared to the non-regulated conditions. 

 

1.3.7 How to use the framework to choose SAT: An example 

When connecting the seven factors with the framework introduced here, spatial explicitness of 

data, data quality and availability, and research question and hypothesis directly influences the 

five questions illustrated in the framework here (Fig 1.1). For example letôs assume a researcher 

is primarily interested in understanding epidemiological characteristics of natural Anthrax and 

use that information to plan a surveillance program in an endemic area. Anthrax is a reportable 

disease. Among the seven factors, the characteristics of Anthrax is central to the other six factors 

because the pathogenic nature remains unchanged. Anthrax, which caused by the spore-forming 

bacterium Bacillus anthracis, is characterized by the prolonged survival of the spores on soil and 

wide range of hosts including wildlife, livestock, and human (Sternbach, 2003; Driks, 2009). 

Therefore, the observational study designs on Anthrax are likely to be retrospective based on 

reported cases (Kanankege et al., in review- PLOS ONE). If the data are not geocoded and case 

reports contain location descriptions, the tools of geocoding listed under T1 of the Table 1.1 

comes to play a role. The spatial explicitness of data is determined by the details in the case 

reports, which is also related to the data quality and the reliability. The type of spatial data likely 

to derive are point process data (presence of the disease), point level data (number of animals 

affected), and areal data (number of cases by an administrative division such as counties). 

Reduced spatial explicitness may lead to aggregation of the events by administrative divisions 

and non-availability of the temporal details would confine the researcher to use purely spatial 
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tools for the analysis. The availability of exact location details and the time of the case supports 

more explicit and reliable analysis.     

After the step of testing for spatial dependence (using T1 tools), it is important to consider 

doing both spatial as well as spatiotemporal pattern detection on the data (T2 tools), considering 

the prolonged survival of the pathogen. The spatiotemporal pattern detection may lead to the 

refinement of research question and hypothesis and therefore, to choose a predictive modeling 

tool among T3 and T4 categories. Because the pathogen is invariably dependent upon the 

distribution of susceptible species and environmental characteristics such as soil pH, the choice of 

predictive modeling using correlated factors is ideal. However, it is important to recognize that, 

the ideal analysis for Anthrax would be a spatiotemporal correlation modeling approach instead 

of purely spatial analysis such as ecological niche modeling (Mullins et al., 2013).    

1.4 Discussion and Conclusions 

This study introduced framework for choosing for choosing spatiotemporal analytical 

tools for eco-epidemiological studies; summarized commonly used SAT; and discussed the 

choice of SAT in relation to seven factors/criteria. Use of SATs improves the qualitative 

description of an eco-epidemiological investigation by adding precision, facilitating the 

comparison of distributions by means of quantitative criteria, and capturing risk factors and 

characteristics that are unlikely to be detected by visual inspection or analyzing data without the 

spatial component (Ward and Carpenter, 2000). Therefore, SAT outcomes may serve as estimates 

of the effects of ñrealò exposures to human, animal, and environmental health threats and 

facilitate recognizing the effect size at more vulnerable locations and time periods.   

Common weaknesses associated with the spatial analysis and risk mapping are related to 

shortcomings in the accuracy and mapping of data in the geographical space, choice of the 

analytical/ modeling tools and relevant assumptions, and the decisions related to the 

representation of the risk maps to the end users (Ocaña-Riola, 2010; Loth et al. 2011). When 

spatial analytics and models are conducted based on available and potentially biased data, the 

resulting risk maps are invariably subjected to the negative impact of the data quality. However, 

we emphasize the use of existing data, bringing several databases together, and the 

spatiotemporal analytical tools can support initiating the process of improving data quality.  

 

The choice of SAT, as discussed, varies with multiple factors. Inevitably, all analytical 

tools and models involve certain assumptions on statistical properties of variables and often these 
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assumptions are violated in natural environments. In other words, none of the SAT are precise 

matches for any particular situation (Susanto et al., 2016). For example, spatial continuity of risk 

is a common assumption in risk-mapping process while there can be natural (Ex. Mountain range 

acting as a physical barrier) or infrastructural barriers (Ex. Urban vs. rural neighborhoods) that 

violate the continuity assumption resulting in step changes of risk between adjacent areas 

(Rushworth et al, 2017). Therefore, clarity on the choice of SAT, underlying assumptions, and the 

seven factors/criteria is essential when choosing SAT to address eco-epidemiological problems.  
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Chapter 2.1 

Recognizing Zebra mussels and Eurasian watermilfoil reporting 

patterns in Minnesota using spatial cluster analysis  
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2.1 Overview 

Recognizing common reporting patterns of aquatic invasive Zebra mussels (Dreissena 

polymorpha, ZM) and Eurasian watermilfoil (Myriophyllum spicatum, EWM) helps to better 

understand invasions. We hypothesize that confirmed invasions may be confounded by human 

population density, leading to overrepresentation of invasions in highly populated areas and 

underrepresentation in less populated areas. This work recognizes dispersal patterns of confirmed 

ZM and EWM invasions in Minnesota, USA, using spatial clustering and directionality tests, 

while adjusting for human density. By 2015, 125 (0.68%) and 304 (1.65%) of 18,411 Minnesota 

waterbodies were reported to have ZM and EWM, respectively. A multivariate multinomial 

model of the scan test was used to identify spatial clustering of invasions. The resulting 23 

clusters included 13 with either or both ZM and EWM, and most clusters (11/13) occurred in 

areas with >10 people per square kilometer. Whereas, among the 10 clusters without invasion, 

nine were from less populated areas. The standard deviation ellipse and the spatiotemporal 

directionality tests indicated a northwestern trend of invasions, which is in the same direction as 

the I-94 interstate highway connecting urban centers. Results suggested that confirmed ZM and 

EWM invasions are potentially confounded by human densities, which is explained by varying 

human impact on either or both dispersal and reporting of invasions. Considering this impact of 

human density, we suggest a combination of passive and targeted surveillance where the 

magnitude of efforts are stratified by the human densities may provide insight into the true 

invasion status and its progression in the Great Lakes region. 
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2.2 Introduction  

Aquatic invasive species (AIS) disrupt the stability of ecosystems and are difficult to eradicate 

(Pysek and Richardson, 2010). The state of Minnesota has experienced numerous AIS incursions 

and spends over 10 million dollars each year on activities intended to prevent, control, or manage 

AIS (Invasive Species Program 2016; MN Statute 477A.18, 2016). Eurasian watermilfoil 

(Myriophyllum spicatum) and Zebra mussels (Dreissena polymorpha) are AIS of concern for 

Minnesota and were first reported in the state in 1987 and 1989, respectively. The official records 

of confirmed aquatic invasions are publicly available from the Minnesota Department of Natural 

Resources (MNDNR). Despite efforts focused on control and prevention, new cases of zebra 

mussel and Eurasian watermilfoil invasions keep accumulating every year 

(http://www.dnr.state.mn.us/invasives/ais/infested.html. Cited January 21, 2018).  

The initial introduction of zebra mussel into the Great Lakes region of North America has 

been attributed to the unintentional transport in the ballast water of transatlantic ships (Carlton, 

2008; Brown and Stepien et al., 2010). According to genetic diversity analyses, the ancestral 

locations of zebra mussels may have varied across Eurasia suggesting multiple independent 

translocations of zebra mussels into North America (Brown and Stepien et al., 2010).  Zebra 

mussels are rapidly propagating bivalves that disrupt the stability of the food web in aquatic 

ecosystems, affecting both pelagic and benthic species (Karatayev et al., 2015). Removal of zebra 

mussels colonizing public water supplies and industrial facilities pipes is expensive (Connelly et 

al., 2007).  

Eurasian watermilfoil, an invasive aquatic macrophyte, was likely introduced into North America 

through the aquarium trade (Les and Merhofff, 1999). Asia is the likely source of Eurasian 

watermilfoil based on genetic analysis (Moody et al., 2016). Eurasian watermilfoil grows rapidly, 

limiting the ability to implement effective removal or control strategies upon establishment in a 

waterbody (Lodge et al., 2006; Roley and Newman, 2008). Dense vegetation of Eurasian 

watermilfoil outcompetes native macrophytes and interrupts recreational activities (Cheruveli et 

al., 2002). Understanding the dispersal patterns common to both zebra mussels and Eurasian 

watermilfoil, such as the clustering of confirmed invasions, may support recognizing the drivers 

behind both the spread of the invasions and potential bias in public reporting.  

Public observation of new AIS invasions plays a major role in data collection in 

Minnesota (http://www.dnr.state.mn.us/invasives/report_invasives.html. Cited January 22, 2018). 

There is no active systematic surveillance for AIS with the objective of early detection, although, 

http://www.dnr.state.mn.us/invasives/ais/infested.html
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some of the invasions were discovered during surveys by the MNDNR. In the absence of active 

surveillance, AIS invasions are primarily recorded based on public reports and subsequent 

confirmation by the MNDNR (http://www.dnr.state.mn.us/invasives/report_invasives.html Cited 

January 22, 2018). We hypothesize that the confirmed invasions may be confounded by human 

population density, leading to overrepresentation of invasions in highly populated areas and 

underrepresentation in less populated areas. Briefly, a confounder is a factor associated with both 

the exposure and the output of interest, which may distort the magnitude of the relationship 

between exposure and output (Jolley et al., 1992; Szklo and Nieto, 2007). For example, consider 

the exposure of interest as the presence of invaded waterbodies in the area and the output as new 

invasions in neighboring waterbodies. Having a large human population may result in high 

frequency boater traffic between waters, increasing the exposure levels, as well as the possibility 

of higher frequency observations due to the increased traffic. A similar phenomenon related to a 

terrestrial invasive species has been explained by Aikio et al. (2010). Therefore, it is important to 

adjust for confounding by human population density when analyzing the publicly reported data.   

Thus, the objective of this study was to identify clustering patterns of confirmed zebra mussels 

and Eurasian watermilfoil invasions, while accounting for the potential confounding by human 

population density. To that end, estimates of spatial or spatiotemporal clustering patterns and the 

directionality of AIS reporting using geostatistical methods would help to quantify the dispersal 

dynamics. Recognition of the common dispersal patterns would contribute to better understanding 

of the invasions and generating hypotheses on the mechanisms of spread and underlying risk 

factors, comparable to the idea behind infectious disease spatial dynamics in epidemiological 

studies (Ward and Carpenter, 2000; Elliott and Wakefield, 2001). Understanding the human 

influence on reported invasions would guide the implementation of active surveillance efforts and 

encourage passive surveillance and public reporting through educational activities in the Great 

Lakes region.    
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2.3 Data and Methods 

2.3.1 Data 

The units of analysis here were waterbodies (n=18,411), mainly lakes and ponds (n=18,253) 

and a few river locations (n=148). Locational data for waterbodies were extracted from the spatial 

layer referred to as ñMNDNR Hydrography,ò which is available from the Minnesota GIS 

Commons (MNGSC Hydro, 2015). Waterbodies were represented by their centroids, regardless 

of the size.  

AIS presence data were obtained from the MNDNRôs publicly available online database. The 

invasions are reported to the MNDNR by the public and MNDNR confirms the newly reported 

invasions prior to adding them to their online database 

(http://www.dnr.state.mn.us/invasives/ais/infested.html. Cited June 22, 2015). When long rivers 

were confirmed with invasions, several Minnesota counties were included in the data records. 

Therefore, invaded riverine locations were represented by the riversô midpoint within each 

county, according to the data records. The number of new cases and the cumulative number of 

cases confirmed by the MNDNR were used for the analysis (Fig. 2.1). The temporal data only 

includes the year in which the invasion was confirmed. By the end of 2015, the number of 

waterbodies invaded by zebra mussels and Eurasian watermilfoil were 125/18,411 (0.68%) and 

304/18,411 (1.65%), respectively (Fig. 2.2). The confirmed presence of the AIS was used here to 

define a case regardless of the magnitude of infestation. This study considers all lakes, ponds, and 

certain riverine locations, as the waterbodies at risk for invasions regardless of their size, because 

the invaded waterbodies ranged between 0.006 km2 to ~ 82,000 km2 (i.e. Lake Superior). 

Geographical locations were mapped using ArcMap 10.3 (ESRI, 2016). The waterbodies were 

categorized based on the invasion status into four invasion categories: 1) reported with both zebra 

mussels and Eurasian watermilfoil (EWM+/ZM+; n=21), 2) reported only with zebra mussels 

(EWM-/ZM+; n=104), 3) reported with Eurasian watermilfoil only (EWM+/ZM-; n=283), and 4) 

as of 2015, not reported with either of the AIS (ZM-/EWM-; n=18,003). 

http://www.dnr.state.mn.us/invasives/ais/infested.html
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Fig. 2.1. The distribution of each invasive species at certain time intervals. Panels a, b, and c 

represents Zebra mussels (ZM) distribution between 1989 ï 2015. Eurasian watermilfoil (EWM) 

distribution between 1987 - 2015 is illustrated in panels d, e, and f. 
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Fig. 2.2. Reported and confirmed new invasions and accumulated number of cases of zebra 

mussels (ZM) and Eurasian watermilfoil (EWM) in Minnesota waterbodies by year (Based on the 

Minnesota Department of Natural Resources database: MNDNR: 

http://www.dnr.state.mn.us/invasives/ais/infested.html. Cited June 22, 2015). 

 

Human population density data were obtained from the LandScan Global Population Database 

of 2011 census, assuming 2011 is a representative year for population density between the study 

period 1987 to 2015 (Bright et al., 2013). To facilitate interpretation of the results, maps of 

selected major roads and major river centerlines were incorporated at the completion of analysis. 

The road map of 2012, available through Minnesota Geospatial Commons and originated from 

the Minnesota Department of Transportation was used to extract major roads (MNGSC Roads, 

2012). As defined in the metadata of the spatial layer, U.S. road classes including interstate 

highways, freeways, arterials, and major collectors were considered as major roads in the analysis 

(MNGSC Roads, 2012). The major river centerlines were extracted from the ñMNDNR 

Hydrographyò spatial layer available from Minnesota Geospatial Commons (MNGSC Hydro, 

2015). The rivers longer than 200 kilometers were considered as the major rivers.   

 

http://www.dnr.state.mn.us/invasives/ais/infested.html
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2.3.2 Methods 

Techniques for detection of directionality and spatial clustering (Levefer, 1926; Kulldorff, 

2009; Jung et al., 2010; Wang et al., 2015) were used to quantify the pattern of confirmed AIS 

dispersal in Minnesota. The multivariate multinomial model of the scan statistics test was used to 

detect spatial clusters. To further examine the hypothesis that known invasions are confounded by 

the urban centers, directionality of the confirmed invasions was detected using the standard 

deviation ellipse and the spatiotemporal directionality tests as explained below.  

 

2.3.3 Statistical Analysis 

Global cluster analysis 

The intent of clustering analysis is to test whether the invaded locations are spatially grouped 

compared to the null hypothesis of random distribution across the geographical space. The global 

cluster analysis only detects the tendency to cluster and does not point out where the clusters are 

located. The global cluster analysis based on the Cuzick and Edwards test was performed using 

the ClusterSeer v.2.05. software for each AIS data set separately (Cuzick and Edward, 1990; 

Jacquez et al., 2012; https://www.biomedware.com/). The Cuzick and Edwards's test compares 

observed number of AIS invaded locations whose nearest neighbor is also a case, among the k 

nearest neighbors, with the number of paired cases that would be expected under the null 

hypothesis of random spatial distribution (Cuzick and Edward, 1990). The test was run from the 

first up to tenth k neighborhood level. Significance of the clustering was determined at the p 

value 0.05. A detailed description regarding the cluster analysis using the Cuzick and Edwards 

test is described elsewhere (Cuzick and Edward, 1990). 

 

Multivariate multinomial local cluster analysis 

To locate statistically significant local clusters, a purely spatial multinomial model of the scan 

statistics was performed using the SaTScan software (Kulldorff et al., 2007; Kulldorff, 2009; 

Jung et al., 2010). The purely spatial multinomial cluster analysis detects any spatial aggregation 

of the four invasion categories (i.e. EWM-/ZM-; EWM+/ZM-; EWM-/ZM+; EWM+/ZM+) 

regardless of the time (Jung et al., 2010). Spatial scan statistics was based on a likelihood ratio 

test comparing potential cluster with the remaining area. A circular scanning window of varying 

sizes that moves across the study area was used to compare the ratio of the cases and the control 
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locations (Kulldorff and Nagarwalla, 1995). Then the test statistics for each window was 

calculated, and the windows that maximize the likelihood ratio were recognized as the most likely 

clusters.  

To adjust for the potential confounding related to high human population density and the 

invasions in certain areas, clusters were analyzed by adjusting for the population density making 

the analysis a multivariate variation of the scan statistics. The adjustment for the human 

population density was comparable to a stratification of data by a confounding variable as a way 

of correcting for the confounding effects in statistical and epidemiological analyses (Jolley et al., 

1992; Szklo and Nieto, 2007). The multivariate multinomial model of the scan statistics test 

incorporates two datasets and simultaneously searches for clusters in both data sets (Kulldorff et 

al., 2007; Jung et al., 2010). The two datasets used in the analysis here were the four categories of 

invasions and the three categories of human population densities, as explained below.  

Human population density data obtained from LandScan Global Population database does not 

contain values for areas such as waterbodies, however, the point locations used in the analysis 

were the centroids of waterbodies. When used the original Landscan data itself, 

10,793/18,411(58.6%) of the point locations in our study did not acquire a population density 

value. Therefore, to obtain a continuous value across space, which facilitate to have human 

population density values for the centroids of the waterbodies, the LandScan data were subject to 

kernel density smoothing, using a Gaussian model with a smoothing factor of 0.3 and a radius of 

0.2Km. The kernel smoothed human population density values were extracted for each 

waterbody. For Lake Superior, the shoreline population density of St. Louis County, 0.023 per 

square kilometer, was used. In the kernel smoothed data layer, the human population density 

varied between 4 to 1,410 per square kilometer, with a mean of 32.12 and a standard deviation of 

107.04 people per square kilometer. The population density was categorized into three 

classifications, based on the geometric intervals: 1) low population density (<10 people per 

square kilometer), 2) intermediate population density (between 10 to 100 people per square 

kilometer), and 3) high population density (>100 people per square kilometer).  Geometric 

intervals classification minimizes the sum of squares of the number of elements in each class 

while ensuring that the change between intervals is consistent, a geometric progression method 

where the coefficient was calculated by dividing the previous interval by the current interval 

(Protter and Protter, 1988; ESRI, 2007). Based on the kernel smoothed population density data, 

the number of waterbodies in each population density category were as follows: 1) low 

population density (n= 11,177), 2) intermediate population density (n=5,638), and 3) high 



48 

population density (n=1,595). The categorization of the human population density was done to 

measure the impact of different levels of human densities on the AIS reporting. This is because, 

when understanding the impact of population density, an increase of one person per square 

kilometer does not mean the same in less populated areas compared to the highly populated areas. 

Similar approaches and reasoning for categorization of continuous variables and the associated 

pros and cons are described elsewhere (Szklo and Nieto, 2007). Since we are using two variables 

stratified into categories, the analysis is a called the multivariate multinomial model of the scan 

statistic test.  

The multivariate multinomial model of the scan statistic test detects clusters regardless of the 

time and adjusts the data by population density. The maximum spatial window size of the cluster 

analysis was set to include up to 5% of the waterbodies at risk, which enables detection of smaller 

clusters. The invasion category (n=4) and the population density category (n=3) were the two 

variables used in the analysis. A parameter called the observed to expected ratio (O/E) was used 

to determine the likelihood ratio of the observed number of events within the recognized cluster 

compared to the expected number of events, under the null hypothesis of random occurrence of 

the events (Kulldorff et al., 2007; Jung et al., 2010). The multivariate multinomial scan statistics 

used here generates O/E values for each category of the two variables. Seven O/E values were 

calculated for each cluster, four and three for invasion and population density respectively. The 

category of each variable with the highest O/E were considered as the prominent categories for 

the clusters. For example, a cluster was considered to (a) have both zebra mussel and Eurasian 

water milfoil (EWM+/ZM+) invasions and (b) have a population density of >100 people per 

square Kilometer when the O/E values were highest for those two categories. In addition to the 

highest O/E, we have recorded the second highest categories with O/E >1 for better 

understanding of the characteristics of the clusters.  The Monte Carlo based p value is determined 

to rank the significance of clusters among all data sets (Kulldorff et al., 2007; Jung et al., 2010). 

A detailed description of multivariate, multinomial scan statistics is available elsewhere 

(Kulldorff et al., 2007; Jung et al., 2010).  

Analysis of the directional trend 

The directional trend of waterbodies and the confirmed cases, was evaluated using the 

standard deviation ellipse (SDE) analysis for each AIS separately, using ArcMap 10.3 (ESRI, 

2016). All the  waterbodies (n=18,411) and the waterbodies invaded by zebra mussels (n=125) 

and Eurasian watermilfoil (n=304) were used as the cases in the directionality test. SDE for all 
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the waterbodies was computed to compare whether the observed directionality of the reported 

invasions is not merely representing the directionality where the waterbodies are located. The 

method calculates the standard deviation of the coordinates compared to the mean center of the 

invaded locations, providing the sense of overall orientation of the cases (Levefer, 1926; Wang et 

al., 2015). The analysis was conducted up to two standard deviations. Assuming the invasions 

follow a spatially normal distribution, the first and second standard deviations encompass 

approximately 68% and 95% of all input case locations (Levefer, 1926; Wang et al., 2015). The 

major and minor axes of the ellipse represent the magnitude of the minimum and maximum 

dispersal of the cases from their mean center (Gesler and Albert, 2000).  The standard deviation 

ellipse provides a sense of the bidirectional trend of dispersal (Ex. northwest or southeast 

direction) rather than confirming possibility of a unidirectional trend.  

In addition to the standard deviation ellipse, the spatiotemporal directionality of the AIS 

reporting was also analyzed to determine whether the confirmed cases have a unidirectional trend 

over time, using the Clusterseer v.2.05. software. The spatiotemporal directionality test uses a 

relative time connection matrix to recognize the average direction of the AIS dispersal over time. 

The average direction of confirmed invasions over time was estimated using a vector whose 

direction was the average direction of lines that connect each invasion with all subsequent 

invasions (Jacquez, 1996). The magnitude, i.e. the angular concentration, of the average direction 

of the invasion was the angular variance of those connecting lines (Jacquez, 1996). If the 

confirmed AIS cases followed a consistent spatiotemporal trend towards a given direction, then 

the angular variance is expected to be small while the angular concentration, a value between 0 

and 1, would be large. The measure of angular concentration indicates whether the cases were 

reported one after the other in a similar direction or whether the cases were randomly reported 

from all directions. The resulting cluster characteristics and directionality information supports 

hypothesis generation and identifying possible risk factors associated with the AIS dispersal.  
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2.4 Results  

Cluster analysis 

Evidence of highly significant global clustering of both zebra mussel and Eurasian 

watermilfoil was detected at every assessed level of neighborhood (i.e. First through tenth 

neighborhood levels, at p < 0.05), using the Cuzick Edwards test. The significant result in the 

Cuzick Edwards test confirmed that there is potential for clustering of both AIS on geographical 

space.  

The multivariate multinomial model of the scan static test detected 23 highly significant 

clusters (p < 0.05) (Table. 2.1 and Fig. 2.3.). These clusters included two that were 

simultaneously invaded with both zebra mussels and Eurasian watermilfoil (clusters #1 and #19); 

five that were invaded mainly by Eurasian watermilfoil (clusters #2, #13, #14, #16, and #23); six 

that were mainly invaded by zebra mussels (clusters #3, #4, #5, #11, #20, #21). Therefore, the 

sum of the clusters with either or both invasions was thirteen. The majority (11/13) of these 

clusters invaded by zebra mussels, Eurasian watermilfoil, or concurrent invasions were reported 

from areas with intermediate or high human population densities, except for the clusters #20 and 

#23 which were reported in an area with low human population density (i.e., <10 people per 

square kilometer). Ten of the 23 clusters were not reported with invasions by either of the two 

AIS (clusters #6, #7, #8, #9, #10, #12, #15, #17, #18, #22). Among the ten clusters that were not 

reported with zebra mussels or Eurasian watermilfoil (i.e., EWM-/ZM-), nine were in areas with 

low human population density, except for the cluster #15 which was in an area with intermediate 

human population density.  
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Table 2.1. Spatial clusters resulted from the multivariate multinomial model of scan static test 

for zebra mussels (ZM) and Eurasian watermilfoil (EWM) invasions, adjusted by the human 

population density (p <0.05). Observed to expected ratio (O/E#). Categories of population density 

(Pop. Den. Category. ÿ) include: (1) <10; (2) between 10 to 100; and (3) >100 people per square 

kilometre (Km)*. 

Prominent 

Invasion 

Category 

Cluster ID Radius 

(Km)* 

Waterbodies O/E# of 

the 

Prominent 

Invasion 

Category 

Secondary 

invasion 

category and 

O/E# 

Prominent  

Pop. Den. 

Category  

EWM+/ZM+ 1 29.52 920 8.58 EWM+/ZM- 

(7.28) 

3 

19 20.07 112 7.83  2 

EWM+/ZM- 2 52.73 920 3.32  2 

13 89.35 591 1.98  2 

14 47.98 415 2.04 EWM-/ZM+ 

(1.71) 

2 

16 20.08 191 1.36  2 

23 23.45 105 1.86  1 

EWM-/ZM+ 3 28.02 516 4.8 EWM+/ZM+ 

(1.7) 

2 

4 21.00 446 4.76  2 

5 21.00 426 1.25  2 

11 24.05 374 7.57 EWM+/ZM+ 

(2.34) 

2 

20 50.87 252 1.40  1 

21 37.98 149 3.56  2 

EWM-/ZM- 6 49.43 920 1.02  1 

7 33.59 920 1.02  1 

8 52.82 920 1.02  1 

9 59.93 920 1.02  1 

10 83.78 920 1.02  1 

12 39.59 920 1.02  1 

15 21.77 210 1.02  2 

17 41.62 311 1.02  1 

18 20.71 308 1.02  1 

22 27.33 148 1.02  1 
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Fig. 2.3 Clusters of zebra mussels (ZM) and Eurasian watermilfoil (EWM) detected by the 

purely spatial multivariate multinomial cluster analysis, stratified by the human population 

density of Minnesota, based on 2007 census data (Bright et al., 2013). The numbered circles 

represent the significant clusters stratified by the categories of human population density per 

square kilometer. 
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Directionality 

There was a northwestern and southeastern bidirectional trend of cases with 111o and 128o 

rotations for the confirmed zebra mussels and Eurasian watermilfoil invasions, respectively 

(Table 2.2 and Fig. 2.4). The values for the two standard deviation ellipses represent the level of 

dispersion of each invasive species (Fig. 2.4, Table 2.2). The spatiotemporal directionality test 

indicated a northwestern unidirectional trend of detecting both zebra mussels and Eurasian 

watermilfoil invasions (Table 2.2). The average angle for the zebra mussel invasions was 135 o 

with an angular concentration value of 0.33. The average angle for Eurasian watermilfoil was 121 

o with an angular concentration value of 0.11.  
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Table 2.2. Summary of the directionality tests for zebra mussels (ZM) and Eurasian watermilfoil (EWM).  
Directionality test Zebra mussel  Eurasian watermilfoil   

 

Standard deviation 

ellipse  

(p <0.05) 

Std. Dev.* Major semi 

axis 

Minor semi 

axis 

Rotation Std. Dev.* Major semi 

axis 

Minor semi 

axis 

Rotation 

Std. Dev. 1 

Std. Dev. 2 

2 

4 

1 

2.2 

111o 

111o 

Std. Dev. 1 

Std. Dev. 2 

1 

2 

0.9 

1.8 

128o 

128o 

Spatiotemporal 

directionality trend  

(p <0.05)   

Time 

measure 

Average 

angle 

Concentration Time measure Average angle Concentration 

Relative 135o 0.33 Relative 121o 0.11 

Std. Dev* is the standard deviation of the coordinates compared to the mean center of the invaded locations which indicate the overall orientation 

of the confirmed invasions. 
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Fig. 2.4. Directionality of the zebra mussel and Eurasian watermilfoil reporting resulted from the 

standard deviation ellipse analysis showed a northwestern or southeastern trend with 111o and 

128o rotations ZM and EWM invasions, respectively. Std. Dev. 1 and 2 referrers to the first and 

second standard deviations encompass approximately 68% and 95% of all input case locations. 

The major roads and the major river centerlines are indicated in the map to facilitate recognition 

of potential means of dispersal.  
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2.5 Discussion 

This study investigated the potential for human density to be a confounding variable on the 

dispersal patterns of the confirmed zebra mussel and Eurasian watermilfoil invasions in 

Minnesota. To achieve the study objectives, a multivariate multinomial model of the scan statistic 

test adjusting for human population density was used to identify significant spatial clusters of AIS 

in Minnesota waterbodies. The study also used spatial and spatiotemporal directionality tests to 

emphasize that the potential role of human movements along Interstate highway I-94, which 

connects major urban centers.  

The results revealed evidence of global clustering of both zebra mussels and Eurasian 

watermilfoil, as detected by the Cuzick and Edwards test, suggesting that the invaded waterbodies 

are located closer to each other compared to the null hypothesis of spatial randomness. The 

significance of global clustering encouraged the search of spatial clusters locally and therefore, 

further analysis of the clustering pattern using multivariate multinomial analysis was performed. 

A total of 23 areas of statistically significant local clusters were detected (p <0.05).  

Among the two clusters with concurrent invasions by zebra mussels and Eurasian 

watermilfoil, cluster #1, was located within the Minneapolis and St. Paul metropolitan area (Table 

2.1 and Fig. 2.3), which is a major metropolitan area built around the Mississippi, Minnesota, and 

St. Croix rivers (major rivers are illustrated in Fig. 2.4). Cluster #1 had an observed to expected 

ratio 8.57 within 29.52km radius, indicating the area is highly likely to be reported with invasions 

conditional to the high population density in the area (>100 people per square kilometer). The 

second concurrent invasion cluster, cluster #19, was detected in northern Minnesota in an area 

with intermediate human population density i.e. between 10 to 100 people per square kilometer. 

Although the human density in the surrounding areas is intermediate, the spatial extension of 

cluster #19 encompassed a major tourist destination near Mesabi Iron range (MNDNR: 

http://www.dnr.state.mn.us/geologyrec/index.html. Cited November 18, 2017), with proximity to 

St. Louis and Vermillion river drainages and major roads (Fig. 2.3 and Fig. 2.4), which would 

facilitate frequent visitations by boaters.  

There were five significant clusters with prominent Eurasian watermilfoil invasions (Table 2.1 

and Fig. 2.3). Four out of the five clusters were detected in areas with intermediate human 

population density and the other one, cluster #23, was detected in an area with low population 

density. However, cluster #23 was located in between the Minneapolis/St. Paul metropolitan area 

and Duluth, which are highly populated areas. The spatial extension of cluster #23 was in 

http://www.dnr.state.mn.us/geologyrec/index.html.
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proximity to the St. Croix river drainage, Moose lake state park, and ample road access for 

tourists (Fig. 2.4), which facilitate human-mediated spread of invasions as well as increased 

opportunity of public reporting (Banha et al., 2016).  

Another six significant spatial clusters included zebra mussel invasions and shared similarities 

with the clusters mentioned above, including 1) their spatial extension encompassed popular 

recreational waterbodies (MNDNR: http://www.dnr.state.mn.us/geologyrec/index.html. Cited 

November 18, 2017), 2) five out of the six clusters with zebra mussel invasions were detected in 

areas with intermediate human population density, 3) invaded waterbodies, encompassed by 

cluster #6 are proximal to major roads including Interstate highway I-94, and major river 

centerlines. As seen in column six of Table 1.1, the invasion category of secondary importance in 

clusters #3 and #11 was the concurrent invasions (i.e., EWM+/ZM+), which indicate that these 

locations were at risk of both invasions compared to the other areas (Table 1.1).  Cluster #20 with 

EWM-/ZM+ was detected in an area where generally population density is low. However, as seen 

in Fig 2.3, the cluster #20 captures Moorhead, Minnesota and Fargo, North Dakota which is a 

highly populated area. Therefore, the significance of cluster #20 is explained by the high 

population density in the middle of the cluster, which may have contributed to both dispersal and 

detection of AIS.   

The standard deviation ellipse analysis indicated both AIS have a northwestern and 

southeastern bidirectional trend (Table 2.2 and Fig. 2.4). Interestingly, the standard deviation 

ellipse for zebra mussels seems to center along interstate highway I-94, which suggests the 

convenience of road access may be a useful factor when searching for potential underreported 

invasions (Fig. 2.4). Admittedly, within the limits of this ecological study, we are suggesting the 

potential association of the major road access rather than the causation of the road access to 

increase the reporting of invasions. Because the objective was to measure the trend of all the 

reporting points, analytical and visualization methods such as rose diagrams (Mackaness, 1991), 

which would capture the directionality of reporting compared to the first reported invasion, were 

not employed. The spatiotemporal directionality test was used to confirm the northwestern 

unidirectional trend of reporting zebra mussel and Eurasian watermilfoil invasions, eliminating 

the ambiguity of bidirectionality. However, the angular concentration resulting from the 

spatiotemporal directionality test for zebra mussels and Eurasian watermilfoil were 0.33 and 0.11, 

respectively (Table 2.2), which suggests that the consistency of the northwestern directionality is 

less for Eurasian watermilfoil compared to zebra mussels, even though the directionality is 

statistically significant for both AIS (p <0.05). The inconsistency of the directionality is explained 

http://www.dnr.state.mn.us/geologyrec/index.html.
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by invasions reported in both northeastern and southwestern directions in subsequent years. 

However, the fact that there is no active surveillance and the public reporting of invasions is 

subjected to delays and fluctuations over the years should not be overlooked when interpreting 

our spatiotemporal directionality test results. This observation of common directionality of 

dispersal of both zebra mussels and Eurasian watermilfoil further suggests presence of common 

drivers for AIS spread as well as reporting. 

One of the limitations of the study is representation of waterbodies with centroids regardless 

of the size, which may lead to misrepresentation of waterbodies. Large lakes may have been 

underrepresented because one centroid represents the whole lake. On the contrary, invaded long 

rivers may have been overrepresented because a point location was assigned to the centroid of the 

river at each county. However, use of point locations to represent waterbodies was inevitable 

because, spatial statistics such as cluster analysis and the directionality tests are meant for point 

pattern data rather than polygons. Another limitation is that the categorization of the population 

density was done using geometric interval classification, which is only one of the many methods 

of data categorization. Inadequate categorization of a confounding variable could result in 

residual confounding, a problem that could result in imperfect measurement of the exposure and 

output (Szklo and Nieto, 2007). As mentioned in the introduction, the exposure of interest here is 

the presence of invaded waterbodies in the area and the output is new invasions in neighboring 

waterbodies. We consider that there is no residual confounding, because majority of the invasion 

clusters are in the areas with intermediate and high population densities.  

Recognizing potential confounding by human density is important when analyzing or 

modeling invasions based on public reporting rather than surveillance as results can be 

misleading unless considerations are made for the reporting bias (Aikio et. al 2010). If the cluster 

analysis was conducted without human density, the clustering pattern shared by the two datasets, 

i.e. confirmed invasions and human density, would have been overlooked (Kulldorff et al., 2007). 

This is because the resulting clusters would capture misleading geographical areas that might not 

reflect the impact of human density on reporting of AIS. High human population density can also 

result in high boater traffic between waterbodies, which can lead to an increase in human 

mediated dispersal of the invasive species (Banha et al., 2016).  

When planning invasion control measures, managers must have accurate assessments of risk. 

This is challenging when the actual invasion status is unknown and confounding effects are 

present. This study shows this importance of taking human population density into account, given 

that human population density would lead to overrepresentation of invasion in highly populated 
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areas and underrepresentation in less populated areas. Although human mediated dispersal is one 

of the key risk factors, there are other contributing factors leading to the dispersal of invasions, 

such as connectivity via streams or rivers and distance to other invaded locations leading to 

isolated events of translocation by animals or birds (Banha et al., 2016). Therefore, it is ideal to 

stratify the magnitude of active and passive surveillance efforts by the human population 

densities. This can be achieved by conducting active surveillance in less populated areas at 

regular intervals, such as annual or biannual surveys, while continuing to encourage people to 

report invasions through public awareness programs (Lodge et al., 2006). This combination of 

passive and targeted surveillance may help provide insight into the true invasion status and its 

progression in the Great Lakes region. 

 

2.6 Conclusions 

This study provided insights into the spatial characteristics of zebra mussels and Eurasian 

watermilfoil reporting across waterbodies in Minnesota. Human population density was identified 

as a potential confounding factor with a strong role in shaping clustering and reporting patterns of 

the two AIS. Twenty-three significant spatial clusters (p value 0.05) were detected. Most of the 

clusters with zebra mussels, Eurasian watermilfoil, or concurrent invasions were reported in 

waterbodies with proximity to both highly and intermediately populated areas. Whereas, most 

clusters without the invasions were detected from less populated areas. Because highly populated 

areas may lead to overrepresentation of invasions, while invasions may have been 

underrepresented in less populated areas, we suggest conducting a combination of active and 

passive surveillance stratified by the human population densities. This will provide more insight 

into the true invasion status and its progression in the Great Lakes region.  
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A probability co-kriging model to account for reporting bias and 

recognize areas at high risk for Zebra Mussels and Eurasian 

Watermilfoil invasions in Minnesota 
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2.9 Overview 

Zebra mussels (Dreissena polymorpha) and Eurasian watermilfoil (Myriophyllum spicatum) 

are aggressive aquatic invasive species posing a conservation burden on Minnesota. Recognizing 

areas at high risk for invasion is a prerequisite for the implementation of risk-based prevention 

and mitigation management strategies. The early detection of invasion has been challenging, due 

in part  to the imperfect observation process of invasions including the absence of a surveillance 

program, reliance on public reporting,  and limited resource availability, which results in 

reporting bias.   

To predict the areas at high risk for invasions, while accounting for underreporting, we 

combined network analysis and probability co-kriging to estimate the risk of zebra mussel and 

Eurasian watermilfoil invasions. We used network analysis to generate a waterbody-specific 

variable representing boater traffic, a known high risk activity for human-mediated transportation 

of invasive species. In addition, co-kriging was used to estimate the probability of species 

introduction, using waterbody specific variables.  

A co-kriging model containing distance to the nearest zebra mussel infested location, boater 

traffic, and road access was used to recognize the areas at high risk for zebra mussel invasions 

(AUC=0.78). The Eurasian watermilfoil co-kriging model included distance to the nearest 

Eurasian watermilfoil infested location, boater traffic, and connectivity to infested waterbodies 

(AUC=0.76). Results suggested that, by 2016, nearly 20% of the waterbodies in Minnesota were 

at high risk of zebra mussel (12.45%) or Eurasian watermilfoil (12.43%) invasions, whereas only 

125/18,411 (0.67%) and 304/18,411 (1.65%) are currently infested, respectively. Prediction 

methods presented here can support decisions related to solving the problems of imperfect 

detection, which subsequently improve the early detection of biological invasions.  
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2.10  Introduction  

Aquatic invasive species (AIS) have the potential to affect animal, environmental, and public 

health (Pysek and Richardson, 2010; Havel et al., 2015). The state of Minnesota in the United 

States has experienced numerous AIS incursions, and spend over ten million dollars each year on 

activities intended to prevent, control or manage AIS (Invasive Species Program 2016; MN 

Statute 477A.18, 2016).  

Zebra mussels (Dreissena polymorpha) and Eurasian watermilfoil (Myriophyllum spicatum) 

are AIS of concern for Minnesota and have been reported in Minnesota since 1989 and 1987, 

respectively (MNDNR AIS, 2016). The first introduction of zebra mussels into North America is 

attributable to ballast water from transatlantic ships (Mills, 1993). Zebra mussels are rapidly 

propagating bivalves that disrupt the stability of the food web in aquatic ecosystems affecting 

both pelagic and benthic species (Karatayev et al., 2015). Removal of zebra mussels colonizing 

public water supply pipes and pipes of industrial facilities has cost nearly $267 million in the 

zebra mussel affected region in North America between 1989 to 2004 period (Connelly et al., 

2007). Similarly, Eurasian watermilfoil, an invasive aquatic macrophyte, was likely introduced 

into North America through aquarium trade (Mills, 1993). Eurasian watermilfoil proliferates 

rapidly impeding the effective removal or control strategies upon establishment in a waterbody 

(Roley and Newman, 2008). Dense vegetation of Eurasian watermilfoil outcompetes native 

macrophytes and interrupts recreational activities (Roley and Newman, 2008). An intensive hand 

harvesting project to control Eurasian watermilfoil, conducted in the upper Saranac Lake in New 

York, reported a labor cost of $351,748/year in that one lake alone (Kelting and Laxon, 2010). 

Aggressive and costly programs have been implemented in Minnesota to control AIS 

(Invasive Species Program, 2016). For example, since 2014, $10 million per year has been 

allocated by the Minnesota legislature to provide resources for county-based AIS prevention 

activities, such as education, surveys, and watercraft inspections (MN Statute 477A.18, 2016). 

However, because the risk of AIS invasion had not been previously quantified, the resources were 

distributed proportionally to the share of boat ramps and trailer parking spaces in each county 

(MN Statute 477A.18, 2016). The funds are invested on prevention of the introduction or 

limitation of the spread of AIS within the county (Invasive Species Program, 2016, 2016; MN 

Statute 477A.18, 2016). Because of the high economic and conservation burden posed by the 

invasions, forecasting of the areas at high risk for invasions is an urgent research priority (Havel 

et al., 2015). 
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The two AIS have been invading Minnesota waters for approximately 30 years, therefore, the 

measurement of propagule pressure, i.e., the óintroduction effortô, needs to be focused at the local 

scale such as at individual waterbody (Simberloff, 2009). As a solution, previous studies have 

suggested using surrogate variables such as the number of boat ramps and distance to the major 

roads in the absence of waterbody specific data when measuring the propagule pressure (Buchan 

and Padilla., 2000). One of the most challenging waterbody-specific variables is the measurement 

of human mediated dispersal (Buchan and Padilla., 2000; Roley and Newman, 2008; Banha et al., 

2016). Use of human population density as a proxy for the human mediated dispersal may serve 

as a solution. However, densely populated areas may also tend to report the invasions more 

frequently, compared to less populated areas (Aikio et al., 2010; Kanankege et al., 2018), which 

may also lead to reporting bias and underreporting.  

The objective of this study was to estimate the potential range expansion of zebra mussels 

and Eurasian watermilfoil in Minnesota, using a combination of network analysis and co-kriging, 

a spatial interpolation technique to account for under-reporting. The advantage of using co-

kriging is that the technique enables the prediction of values for the locations without observed 

data, using other correlated and highly sampled variables (Isaaks and Srivastava, 1989; Rogers 

and Sedda, 2012). Co-kriging is commonly used in gold mining and lake and reservoir studies, 

and has rarely been used in veterinary epidemiological and public health studies as well (Vauclin 

et al., 1983; Oliver et al., 1998; Perez et al., 2006; Martine et. al., 2008). Environmental 

conservation studies, such as the controlling the spread of invasions, often suffer from lack of 

data and reporting bias because of the financial constraints on surveillance (Pysek and 

Richardson, 2010). In Minnesota, invasions are often reported by volunteers and the presence of 

the AIS may be missed in some waterbodies due to insufficient coverage, which decreases the 

sensitivity of the reporting. The specificity of the reporting system, instead, may be considered 

acceptable, given that false positive cases are unexpected. False positives are unlikely because, 

the Minnesota Department of Natural Resources (MNDNR) confirms newly reported invasions 

prior to adding them to the official online database of infested waters (MNDNR AIS, 2016). 

Consequently, the limitation of this passive surveillance system is the potential underreporting of 

the conditions. Co-kriging may also compensate for the reporting bias and underreporting by 

augmenting the predictive power of one variable with the support of other correlated and highly 

sampled variables.  

Recognition of areas at high risk may act as an early warning system and help the 

prioritization of waterbodies for a targeted and efficient allocation of limited resources to improve 
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both defensive and offensive management strategies (Mandrak et al., 2015; Stewart Koster et al., 

2015). Such risk targeted approaches certainly represent improvements over the random selection 

of waterbodies for surveillance and management purposes (Lodge et al., 2006; Vander Zanden et 

al., 2008). For example, current guidelines for conducting AIS early detection and baseline 

monitoring in lakes of Minnesota suggest that volunteers select waterbodies based on factors such 

as; public water access, boater traffic, tourist activity etc. (Lund et al., 2015). However, selecting 

waterbodies based on multiple criteria is challenging and we propose that a method which take all 

the most relevant risk factors into account and provide a risk rank would be a better fit to guide 

the volunteers. Study results may inform risk-based surveillance and management of invasions 

(Lodge et al., 2006; Mandrak and Cudmore, 2015), a process defined as making decisions for 

identifying, evaluating, selecting, prioritizing, and implementing control measures (CRARM, 

1997). This work demonstrates the use of analytical models to estimate risk while accounting for 

reporting bias, with the ultimate objective of evaluating and modifying the policies and practices 

on biological invasions (Lodge et al., 2006). 

 

 

2.11 Data and Methods 

2.11.1 Data 

Study area and AIS-presence data  

A total of 18,411 point locations representing waterbodies of Minnesota were considered 

as the study population in this study. Waterbodies were mainly lakes and ponds (n=18,263) and 

were represented by the centroids of each waterbody. In addition to the lakes, several riverine 

locations (n=148) from major rivers were included in the analysis. Riverine locations were 

identified at the riversô midpoint within each county. The locational data for the waterbodies were 

extracted from the GIS layer referred to as ñMNDNR Hydrography,ò which is available from the 

Minnesota GIS Commons (MNGSC Hydrography, 2015). Presence data for confirmed AIS 

locations were collected from the MNDNR database (MNDNR AIS, 2016). By the end of 2015, 

there were 125/18,411 (0.67%) zebra mussels and 304/18,411 (1.65%) Eurasian watermilfoil 

infested waterbodies in Minnesota (MNDNR AIS, 2016; Kanankege et al., 2018). The confirmed 

presence of the AIS was used in the study regardless of the magnitude of infestation, because 

assessments on the magnitude of infestation are not available.  
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Waterbody specific variables 

Waterbody specific variables (n=6), were used as predictors in the co-kriging models. 

The six waterbody specific variables included (1) zebra mussels or (2) Eurasian watermilfoil 

invaded waterbody, (3) connectivity to another zebra mussel and (4) Eurasian watermilfoil 

invaded waterbody via a stream or a river, (5) boater traffic between waterbodies, and (6) inverse 

of the Euclidean distance to the nearest major road. Status of the invasions, i.e. confirmed 

presence of invasion was the primary variable for each AIS (variables 1 and 2). For the validation 

purposes models were fit for years 2010 and 2015, therefore, two sets of each variable were 

calculated. The number of waterbodies from which each variable is available varied over the time 

(Table 1.3). However, the same boater traffic variable was used in both 2010 and 2015 model fits 

because boater traffic was calculated based on a survey conducted in 2013, as described below. 

The Euclidean distance to the nearest major road variable was the same for both 2010 and 2015 

assuming the major roads remained unchanged.  

 

Table 2.3. Number of waterbodies with the characteristic of each variable by 2010 and 2015.  

 
 

Number of 

waterbodies by 

2010 

Number of 

waterbodies by 

2015 

1 ZM invasion status* 57 125 

2 EWM invasion status* 251 304 

3 Connectivity to another ZM invaded 

waterbody via a river or a stream#  

2,392 3,658 

4 Connectivity to another EWM 

invaded waterbody via a river or a 

stream# 

3,129 3,715 

5 Eigen vector centrality of the boater 

traffic network 

1,376 1,376 

6 Inverse of the Euclidean distance to 

the nearest major road 

18,411 18,411 

*Presence only. #Connected waterbodies only. 

 

Proximity and connectivity to infested waterbodies have been recognized as key risk 

factors leading to zebra mussel and Eurasian watermilfoil invasions (Bobeldyk et al., 2005; Roley 

and Newman, 2008). Because of the pairwise distance calculation for the semi-variance of 

candidate variables in the model, the kriging process includes the distance between locations as 

an integral part of the algorithm (Isaaks and Srivastava, 1989). Therefore, when AIS 
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presence/absence is the primary variable, the spatial dependence, i.e., the distance to the nearest 

infested location is inherently included in the co-kriging model.  

Surface water connectivity between waterbodies via a stream or a river was obtained by 

intersecting the map of the river and streamlines features with the polygon features representing 

lakes, ponds, and reservoirs using ArcGIS version 10.3.1 (ESRI, 2016). River and streamline 

feature data were obtained from the ñStream Routes with Kittle Numbers and Mile Measuresò 

GIS layer available from the Minnesota GIS Commons (MNGSC Stream, 2015). Several 

published studies identified the potential for downstream (e.g. via downstream drift) and 

upstream (e.g. via watercraft) spread of zebra mussels and Eurasian watermilfoil (Bobeldyk et al., 

2005; Spencer and Carruthers, 2012; Osawa et al., 2013). However, the distance measures 

denoting the extent of the spread upstream or downstream were either not studied or varied 

among the published literature. Therefore, for simplicity, an invasion was assumed to occur both 

up and down stream regardless of the flow direction. Invaded locations that were not directly 

intersecting a river or streamline were given a buffer distance of 100m around the point location, 

and the closest river or stream feature was assigned as connected because the proximity to the 

infested location poses the risk of invasion (Roley and Newman, 2008; Karatayev et al., 2015). 

Rivers and streams were represented by a unique identification number referred to as ñKittle 

Numbersò assigned by the MNDNR (Fisheries Stream Survey Manual, 2007; MNGSC Stream, 

2015). Kittle numbers consisted of an alphabetical letter, followed by a string of digits (Fisheries 

Stream Survey Manual, 2007). For example, if an invaded waterbody was connected to kittle 

number #H026, then any waterbody connected to #H026 was assigned as connected to an invaded 

waterbody. Connectivity networks were generated separately for zebra mussels and Eurasian 

watermilfoil.  

Boater traffic between waterbodies may lead to human mediated dispersal of AIS (Roley 

and Newman, 2008; Banha et al., 2016).  Here, boater traffic was measured using data collected 

by the MNDNR Watercraft Inspection Program, a survey conducted since 1992 as a conservation 

measure to protect state waters (MNDNR WIP, 2014). The Watercraft Inspection Program survey 

is conducted at selected waterbodies. Priority for data collection is given to those that are 

invaded, located near an invaded waterbody, highly used, or located close to popular travel 

destinations (MNDNR WIP, 2014). The boaters who visit the waterbodies were interviewed 

regarding the previous waterbody visited and the waterbody they plan to visit next. In 2013, the 

Watercraft Inspection Program surveys were conducted at 240 locations, and 119 (49.6%) of 

those locations were invaded by either zebra mussels or Eurasian watermilfoil. Because of the 
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miscellaneous reporting errors, only 21% of the surveys were eligible to be used in the final 

Watercraft Movement Network. Based on the survey, boater traffic data were available from 

1,376 unique waterbodies (7.5% of the total waterbodies). Because the analysis was focused on 

predicting the current risk of invasions rather than understanding the impact of boater traffic on 

past invasions, it was assumed that movements recorded in 2013 were representative of 

movement patterns observed between 1987 and 2015.  

Network analysis which provides a framework to identify units that are frequently or 

intensely connected within the network and identify contact patterns (Martinez Lopez et al., 

2009), was applied to the Watercraft Inspection Program data from 2013. A total of 187,074 

surveys were conducted between April 25th 2013 and November 30th 2013. Recreational boater 

movement data are not collected during the winter season (MNDNR WIP, 2014). In the analysis, 

network ñnodesò were the waterbodies and visits between waterbodies served as ñedges.ò Each 

completed survey accounted for two edges, representing the following links: 1) between the 

previously visited location and the surveyed location, and 2) between surveyed location and the 

next stated location that the watercraft would visit. Three centrality measures, namely, the 

Eigenvector, Betweenness, and Degree were calculated for the network. The centrality measure 

that highly correlates with the status of the invasions by zebra mussel and Eurasian watermilfoil 

was chosen, upon calculating the Pearson correlation analysis. Eigenvector centrality was chosen 

as the network parameter representing the connectivity of each waterbody within the watercraft 

movement network. Eigenvector centrality is a representation of the relative importance of a node 

regarding its position and connectivity to other highly connected nodes in the network (Martinez 

Lopez et al., 2009). It was assumed that highly connected nodes could play a major role in 

distributing AIS.  

Distance to the nearest major road represents the convenience of accessibility to a waterbody. 

Boater traffic data are collected from limited waterbodies; however, an indirect measure of the 

potential visitations is the calculation of road accessibility (Buchan and Padilla, 2000; Gallardo, 

2014). Therefore, distance to the nearest major road from the waterbodies was calculated using 

the major roads map of 2012, available through the Minnesota Geospatial Commons and 

originated from the Department of Transportation (MNGSC Roads, 2012). As defined in the 

metadata of the spatial layer, road classes including interstate highways, freeways, arterials, and 

major collectors were considered as major roads in the analysis (MNGSC Roads, 2012). The 

inverse of the Euclidean distance was used as the variable when fitting the models.  
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2.11.2 Methods 

Co-kriging to estimate the probability of introduction  

Probability co-kriging was used to estimate the probability of zebra mussel or Eurasian 

watermilfoil introduction into the waterbodies, conditional to the distance between locations and 

other waterbody specific variables. Co-kriging is a linear weighted averaging method in which 

weights are selected to minimize the variance of the estimation error by accounting for the spatial 

correlation between the waterbody specific variables; weights are dependent on the distance 

between sampled locations (Isaaks and Srivastava, 1989). In this study, multiple correlated 

waterbody specific variables were used to estimate the spatial distribution of the dependent 

variable in the non-sampled locations (Isaaks and Srivastava, 1989). The primary variable 

subjected to co-kriging is the invasion status of zebra mussels or Eurasian watermilfoil. 

Therefore, the ñsampled locationsò were those confirmed to be infested, whereas ñnot sampled 

locationsò were those that without infestation reports. The cross correlation between variables is 

used to improve the predictions because the predictions are derived from both primary and 

secondary variables (Isaaks and Srivastava, 1989). A complete description of the application of 

co-kriging is available elsewhere (Isaaks and Srivastava, 1989; Perez et al., 2006).  

Pearson correlation coefficient was calculated to determine the correlation between the 

six waterbody specific variables. Variables with a correlation coefficient Ó0.1 were selected to be 

included in the co-kriging models. Multiple co-kriging models were fit for both zebra mussels 

and Eurasian watermilfoil separately. Each model included the primary variable i.e. the status of 

the invasion and two correlated variables. All possible two-way combinations were fit.   

Considering the potential mutualism between zebra mussel and Eurasian watermilfoil suggested 

by multiple studies (MacIsaak et al., 1996; Ricciardi, 2001), the variable pairing also included the 

use of invasion status of zebra mussels as a correlated variable used in co-kriging model to 

predict Eurasian milfoil and vice versa. Model performance was evaluated using the area under 

the receiver operating characteristic curve (AUC), a plot of model sensitivity (true positives) and 

1-specificity (i.e., false positives) (Swets, 1988). AUC values lower than 0.7 are considered 

relatively inaccurate because the proportion of false and true positive results is not substantially 

different, whereas AUC values greater than 0.7 are generally considered appropriate (Swets, 

1988).  Models with AUC value greater than 0.7 were considered accurate in this study.  

The variables contributing to the co-kriging model with highest AUC were chosen. 

Hence, final models consisted of the primary variable representing the invasion status of each 
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AIS and two other waterbody specific variables. AUC values were calculated for each of the co-

kriging models by true validation, which was done by fitting models to the invasions by 2010 and 

validating using the invasions reported between 2011 and 2015. Results of the co-kriging analysis 

were the probability of finding an AIS invaded waterbody conditional to the presence of an 

invaded location in the proximity and the waterbody specific variables incorporated into the 

model.  Small lag sizes (Ex. 0.04 km) and few lags (Ex. n =12) were used in the computation of 

the co-kriging semivariogram. The use of small lag size and few lags was intended to reduce the 

exponential increase in the influence of an infested location to the nearby cells, i.e., to reduce the 

effect of high spatial autocorrelation (Isaaks and Srivastava, 1989). The choice of the parameter 

values for the co-kriging attributes such as the anisotropy factor and the angle were based on the 

spatial cluster analysis and directionality tests for the data (Kanankege et al., 2018). The 

parameter values are summarized in the supplement document (Supplementary Table S1). 

The performance of the final co-kriging models for zebra mussels and Eurasian 

watermilfoil was estimated based on the predictive powers of the candidate models. The 

predictive powers were measured estimating the sensitivity and specificity, and the AUC of the 

candidate models. In the context here, sensitivity and specificity reflect the ability of the model to 

predict invaded and not invaded waterbodies, respectively. Because the goal of the model was to 

predict potential infestations, high sensitivity, rather than high specificity, was targeted when 

optimizing the models.  In addition to the true validation, the co-kriging models were cross 

validated using k fold cross validation (k=5). Cross validation is a process in which a set of AIS 

infested locations were left out from the model fitting, and the fitted model output was used to 

estimate the probability of finding an AIS invasion at those left out locations (Fielding and Bell, 

1997). Eighty percent of the cases were used for the model training, and testing was done using 

the 20% of the withheld cases for each validation. To maintain the consistency, the co-kriging 

parameters recognized during the true validation were used when fitting the models for the cross 

validation. 

 

Interpretation of the co-kriging outputs 

Predicted probabilities were extracted for each of the waterbodies from the probability 

output of the co-kriging models, for zebra mussels and Eurasian watermilfoil separately.  The 

outputs were ranked into five órisk rankô categories based on the quantiles of the output 

probability values. The risk ranks 1 through 5 were defined as: 5) very high, 4) high, 3) 
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intermediate, 2) low, and 1) negligible risk of AIS introduction. The co-kriging risk rank resulting 

with highest sensitivity and specificity was considered the threshold for each model. The 

calculated probabilities of AIS invasion using co-kriging represent current risk status. In the 

absence of effective eradication measures to remove AIS from invaded waterbodies, the 

waterbodies that are currently recognized to be at risk will remain in the same status while the 

intensity of the risk of invasion may increase when newly AIS invasions are reported (Fig. 2.5 

and 2.6). 

 

 

2.12 Results  

The Pearson correlation coefficients for each variable pair are summarized in Table 2.4. 

The variable pair with the highest AUC value for the true validation of the zebra mussel model 

was the Eigenvector centrality of the watercraft movement network and the distance to the nearest 

major road (AUC= 0.78). Whereas, Eurasian watermilfoil was best predicted by the Eigenvector 

centrality of the watercraft movement network and the surface water connectivity to infested 

waterbodies (AUC= 0.76). The AUC values, sensitivity, and specificity at the threshold risk rank 

= 3 for the cross validations and true validation of co-kriging models are summarized in Table 

2.5. The final model included the variables that were correlated with the invasion status and 

highly sampled.  
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Table 2.4. Pearson correlation coefficient for the six waterbody specific variables used in the 

study.  

 
 

ZM * invasion 

status (primary 

variable) 

EWM # invasion 

status (primary 

variable) 

1 ZM invasion status 1.00 0.10 

2 EWM invasion status 0.10 1.00 

3 Connectivity to another ZM invaded 

waterbody via a river or a stream  

0.12 0.04 

4 Connectivity to another EWM 

invaded waterbody via a river or a 

stream  

0.09 0.10 

5 Eigen vector centrality of the boater 

traffic network 

0.28 0.34 

6 Inverse of the Euclidean distance to 

the nearest major road 

0.21 0.09 

ZM* = Zebra mussels and EWM# = Eurasian watermilfoil 
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Table 2.5. Summary of co-kriging model validations for the probability of zebra mussel and  

Eurasian watermilfoil introductions in Minnesota. Cross validation was done using the k fold test 

(k=5). True validation was done by fitting models for invasions as of 2010 and validating using 

the invasions reported between 2011 and 2015. Area under the receiver operating characteristic 

curve (AUC), Sensitivity and Specificity at the threshold  

risk are summarized.  

 

Output maps for both zebra mussel and Eurasian watermilfoil co-kriging and the number 

of waterbodies classified under each risk rank (Fig 2.5 and 2.6). Fig. 2.5 illustrates the risk maps 

for the models fitted for the invasions by 2010, whereas, Fig. 2.6 shows the risk based on the 

invasions by 2015. Therefore, by 2015, at the risk rank = 5, a total of 2,293 (12.45%) and 2,289 

(12.43%) waterbodies were at very high risk of invasion by zebra mussels and Eurasian 

watermilfoil, respectively. Among the waterbodies at very high risk at risk rank 5 for both the 

AIS, 755 waterbodies were in common. Therefore, a total of 3,827 (20.78%) waterbodies were at 

high risk for either zebra mussel or Eurasian watermilfoil invasions. 

 

 

 

 AUC Sensitivity at 

risk rank 3 

Specificity at 

risk rank 3 

Cross 

validation 

Zebra mussels 0.73 0.70 0.63 

Eurasian 

watermilfoil 

0.79 0.82 0.74 

     

True 

validation 

Zebra mussels 0.78 0.78 0.72 

Eurasian 

watermilfoil 

0.76 0.83 0.61 
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Fig. 2.5. Co-kriging model outputs illustrating the probability of introduction of zebra mussels 

(ZM) and Eurasian watermilfoil (EWM) to Minnesota waterbodies, for the invasions as of 2010. 

The risk classes 1 through 5 indicates the intensity of the probability of introduction, where, class 

5 represent a high probability of ZM or EWM introduction. The number of waterbodies under 

each category and as a percentage of the total waterbodies (n=18,411) is listed. 
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Fig. 2.6. Co-kriging model outputs illustrating the probability of introduction of zebra mussels 

(ZM) and Eurasian watermilfoil (EWM) to Minnesota waterbodies, for the invasion status of 

2015. The risk classes 1 through 5 indicates the intensity of the probability of introduction, where, 

class 5 represent a high probability of ZM or EWM introduction. The number of waterbodies 

under each category and as a percentage of the total waterbodies (n=18,411) is listed. 
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2.13  Discussion 

This study was aimed at predicting the risk of zebra mussels and Eurasian watermilfoil 

invasions in Minnesota using network analysis and co-kriging, a geostatistical modeling 

technique. Recognizing areas at high risk for invasion may facilitate early detection and efficient 

control through risk-based management. This study emphasized the use of co-kriging on observed 

data affected by underreporting and other reporting biases by augmenting the predictive power of 

one variable with the support of other correlated and highly sampled variables. In the absence of 

active surveillance, invasions are recorded based on public reporting and subsequent confirmation 

by the MNDNR. Therefore, presence of the AIS may be missed in some waterbodies due to 

insufficient coverage, resulting in underreporting. Results suggested that, by 2016, nearly 20% of 

the waterbodies in Minnesota were at high risk of invasions by either or both AIS. This included 

2,293/18,411; 12.45% waterbodies at risk of zebra mussel invasions and 2,289/18,411; 12.43% 

waterbodies at risk of Eurasian watermilfoil invasions, whereas only 125/18,411 (0.67%) and 

304/18,411 (1.65%) confirmed the invasions, respectively. Recognition of areas at high risk may 

act as an early warning system and help prioritization of water bodies for risk-based surveillance 

and management.  

The key predictors of the best fitted co-kriging models, for both zebra mussels and 

Eurasian watermilfoil, were the distance to the nearest infested location and the boater traffic, i.e., 

Eigen vector centrality of the boater traffic network. This result emphasizes the proximity 

between waterbodies and human mediated dispersal as useful predictors of potential invasions 

(Roley and Newman, 2008; Karatayev et al., 2015). The strong relationship between hitchhiking 

zebra mussel larvae along with the residual water, boat equipment and recreational gear is a 

known risk factor for invasions (Banha et al., 2016). Affirmatively, the secondary variables in the 

final co-kriging model for zebra mussels were both indicators of human mediated dispersal of the 

AIS, the boater traffic and the distance to the nearest major road which represents the 

convenience for frequent accessibility. The final co-kriging model for Eurasian watermilfoil 

suggests that their distribution is attributable to the proximity between waterbodies as determined 

by the invasion status of Eurasian watermilfoil, the natural dispersal via connecting surface water 

such as rivers and the human mediated transportation (i.e. variables 2, 4, and 5). The predictive 

power of the boater traffic using the Eigen vector centrality measure is augmented with the use of 

the inverse distance to the nearest major road as a secondary predictor, which adjusted for the 

potential underreporting. The Pearson correlation between zebra mussel invasions and the inverse 
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of the distance to the nearest major road was 0.21 (Table 1.5), which was stronger than other 

variables. Distance to the nearest major road represents the convenience of frequent accessibility 

to the waterbody.  

In the absence of active surveillance, AIS invasions are recorded based on public 

reporting and subsequent confirmation by the MNDNR (MNDNRAIS, 2016). Therefore, densely 

human populated areas are likely to be reported with invasions more frequently than less 

populated areas, where underreporting is possible (Aikio et al., 2010; Kanankege et al., 2018). 

Considering the commonalities between waterbodies with currently reported invasions and 

searching for waterbodies with similar characteristics using waterbody specific variables may be 

one of the solutions to correct for underreporting (Lund et al., 2015). However, selecting 

waterbodies based on multiple criteria such as public water access, boater traffic, tourist activity 

etc. is challenging and through this study we provide a method which take the most correlated 

variables into account and produce risk maps and risk ranks for each waterbody, which may offer 

a better guidance to volunteers who search for potential invasions. This approach of risk-based 

and targeted surveillance would provide more opportunities to reduce the problem of 

underreporting.   

An important strength of the present study is that the boater traffic was calculated at the 

waterbody level. This is more informative compared to the representation of boater movement by 

county centroids, such as the studies by Stewart-Koster et al., 2015 and Buchan and Padilla, 2000 

(Stewart Koster et al., 2015; Buchan and Padilla, 2000). Representation of the boater traffic by 

county leads to either over estimation or underestimation of the importance of individual 

waterbodies (Stewart Koster et al., 2015).  

Areas at high risk for AIS infestations may be identified using a variety of modeling 

techniques. Species distribution modeling (Gallardo et al., 2013), diffusion models (Buchan and 

Padilla., 1999), gravity models (Bossenbroek et al., 2007), regression models (Buchan and 

Padilla., 2000), machine learning techniques (Tamayo and Olden, 2014), risk models (Leung et 

al., 2012), and model combinations (Stewart-Koster et al., 2015) are approaches commonly used 

for the estimation of AIS distribution risk. Some of the above-mentioned computationally 

complex modeling techniques are powerful when determining the risk of invasions; however, the 

complexity of these models can make the translation of the model output into practice a difficult 

task. Compared to above modeling techniques, co-kriging is a less complicated analysis. When 

translating the science to policy, the concept of using correlated and highly sampled variables to 

estimate unknown variables is rather simple and straightforward. Therefore, the use of co-kriging 
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as an introductory tool to assess the risk and introducing the method to the decision-makers 

perhaps is a step further into translating science into practice.  

One limitation of our approach is that co-kriging interpolation assumes that the 

probability of AIS introduction is a continuous variable across geographical space (Isaaks and 

Srivastava, 1989). However, the probability of AIS introduction is waterbody specific and not a 

continuous variable. In this study, the assumption of continuous probability may be justified 

because Minnesota is a water rich state with over 19% of the state is consisting of lakes, ponds, 

rivers, and wetlands (MNDNR Hydrography, 2015). This assumption of continuous probability is 

also supported by the density and complexity of the overland boater traffic (Supplement Fig S2.1 

and S2.2). Although, this simplification of continuous probability is held commonly in spatial 

modeling (Martnez et al., 2008), the invasions only occur at the susceptible locations, i.e. the 

waterbodies. In co-kriging, probability is computed for cells and, here, we assumed the 

probability of infection to be zero for those cells in which no waterbody was found, whereas the 

probability of AIS introduction was computed for cells that was occupied, at least in part, by a 

waterbody. Presentation of co-kriging models in the format of isopleth maps with a continuous 

probability surface is common in the spatial modeling (Martinez et al., 2008). As mentioned in 

the methods, magnitude and the duration of the infestation would have been ideal to be included 

in the analysis because it is a measure of the risk an infested waterbody pose on susceptible 

waterbodies (Roley and Newman, 2008). However, magnitude of invasions was not readily 

available because the collection of magnitude of invasions is a costly and labor-intensive process 

(Claudi and Mackie, 1993; Mellina and Rasmussen 1994) and the distribution of AIS within 

waterbodies is patchy based on the substrate compositions (Mellina and Rasmussen 1994; 

Downing and Anderson, 1985). Similarly, the assignment of surface water connectivity both 

upstream as well as downstream, without limiting the distances, may lead to potential 

overestimation of the risk of invasion. However, assignment of distance limits of upstream and 

downstream transmission was subjective as described by multiple studies (Bobeldyk et al., 2005; 

Spencer and Carruthers, 2012; Osawa et al., 2013). Another limitation is the lack of AIS 

distribution data in the states adjacent to Minnesota, which is important for effective cross-

boundary control and preventive measures. For example, waterbodies in east central Minnesota 

are affected by both zebra mussels and Eurasian watermilfoil. However, the study described by 

Stewart-Koster et al. (2015) indicated low risk of the zebra mussel and Eurasian watermilfoil 

invasion across the border in northeastern Wisconsin (Stewart-Koster et al., 2015). Our study 

does not account for zebra mussels and Eurasian watermilfoil invasions in the adjacent states 
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either, which indicates the risk of invasion may have been underestimated. Being confined within 

the political boundaries often results in reducing the model accuracies (Barnes et al., 2014). The 

geographical area for the analysis was not expanded to the Midwest or great lakes because some 

of the required data, such as boater movement, was not available from all the locations.  

As seen in Fig. 2.6, a total of 5,458 (29.64%) of the waterbodies were recognized to be 

equal or above the threshold risk rank 3 for zebra mussel invasions. Similarly, 7,119 (38.66%) of 

the waterbodies were predicted to be above the risk rank 3 for Eurasian watermilfoil invasions. 

From a management stand point, these numbers of waterbodies are still too high to plan a cost-

effective risk-based surveillance or develop targeted management plans. Therefore, risk-based 

management using limited resources requires prioritizing the waterbodies at high risk for 

screening (Vander Zanden and Olden, 2008; Mandrak and Cudmore, 2015). This inherent 

difficulty of recommending sample sizes to be collected from risk regions is also discussed by 

another study where co-kriging was used to conduct a post hoc comparison of the association 

between highly pathogenic avian influenza (H5N1) incidences and intensity of surveillance 

activities of sampling wild birds by administrative region (Martinez et al., 2008). Resource 

availability, degree of risk awareness, and participation in reporting by the region were 

recognized as key factors defining the extent of surveillance efforts (Martinez et al., 2008). We 

suggest focusing on the waterbodies of biological and recreational importance. This can be a 

values-based judgment and should include a variety of stakeholders and agreed upon criteria. 

Prioritization of the waterbodies could also be done by conducting a risk-based survey by 

subdividing the counties into smaller polygons or using township areas. One such approach is the 

hexagonal tiling method, which is commonly used in ecological studies (Birch et al., 2007). The 

risk rank generated from this study may also be useful to improve the MNDNRôs Watercraft 

Inspection Program by recruiting watercraft inspectors at areas recognized to be at high risk for 

invasions and not currently inspected.  

 

2.14  Conclusions 

Risk-based management is not a novel concept (CRARM, 1997; Mandrak and Cudmore, 

2015). However, the attempt to incorporate spatial models in invasion risk assessment to inform 

the decision and policy-making process may improve the efficiency and effectiveness of the AIS 

control programs, through targeted and risk-based sampling schemes (Lodge et al., 2006; Vander 

Zanden and Olden, 2008). As demonstrated here, co-kriging enables predicting values for 
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locations without complete data, using correlated and highly sampled variables, which can be 

used as a solution to the underreporting in ecological and epidemiological studies. This work 

seeks to encourage the use of scientifically supported quantitative procedures such as network 

analysis and co-kriging to solve the problem of imperfect detections, which subsequently improve 

the early detection of biological invasions.  
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2.17 Supplement Tables and Figures 

Supplement Fig S2.1 The boater traffic between waterbodies based on the Watercraft Inspection 

Program conducted by Minnesota Department of Natural Resources. The data from year 2013 are 

illustrated. The panel A of figure represents the movement of boaters from previously visited 

waterbody-to-waterbody where the survey data were collected. The panel B represents the 

movement of boaters from waterbody where the survey data were collected-to-the waterbody 

where they plan to visit next.   
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Supplement Fig 2.2 An illustration of the Eigen vector centrality for the waterbodies in the 

boater traffic network created using the surveys of Watercraft Inspection Program conducted by 

Minnesota Department of Natural Resources. The data from year 2013 are illustrated.  
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Supplement Table S2.1. Parameters used in the co-kriging models for Eurasian watermilfoil (EWM) and zebra mussels (ZM).  

Parameter ZM model* EWM# model 

Lag size 0.025 0.04 

Number of lags 12 8 

Models Exponential Exponential 

Major range  0.15 0.15 

   

Search neighborhood 

parameters for each 

predictor variable 

Primary 

variable: ZM 

invasion status 

Boater 

traffic 

Inverse 

of the 

Euclidean 

distance to 

nearest major 

road 

Primary 

variable: EWM 

invasion status 

Boater 

traffic 

Connectivity 

to another EWM 

invaded waterbody 

via a river or a 

stream 

Minimum number of 

neighbors to be included in 

the kriging process 

5 200 200 50 50 200 

Maximum number of 

neighbors to be included in 

the kriging process 

2 2 2 2 2 2 

Sector type 1 1 1 1 1 1 

Angle 135o 135 o 135 o 120 o 120 o 120 o 

Anisotropy factor 2 1 1 1 1 1 

Root mean Square value 

(RMS) of the model 

0.057 0.1058 

RMSE standardized value 

of the model 

3.86 0.836 

Nugget  0 Between 0 and 0.01 
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Chapter 2.3 

Developing a risk scoring system to estimate to recognize areas at 

high risk for Zebra Mussels and Eurasian Watermilfoil invasions 

in Minnesota: Combined interpretation of Maxent and co-

kriging outputs 

 

This work has not been published/in-review elsewhere   
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2.18 Overview 

Aquatic invasive species (AIS) disrupt the stability of ecosystems and are difficult to 

eradicate. Zebra mussels (Dreissena polymorpha) and Eurasian watermilfoil (Myriophyllum 

spicatum) are two aggressive AIS reported in Minnesota, U.S., since the late 1980s. By the end of 

2015, 125 (0.67%) and 304 (1.65%) of the 18,411 waterbodies of Minnesota were infested with 

zebra mussels and Eurasian watermilfoil, respectively. Recognition of the areas at high risk of 

invasion through scientific evidence may facilitate early detection and the efficient allocation of 

limited resources to reduce the AIS spread. This study uses co-kriging and maximum entropy 

ecological niche (Maxent) models to predict the risk of AIS distribution and, ultimately, to inform 

the targeted surveillance activities. Co-kriging was used to calculate the probability of 

introduction of AIS, using waterbody-specific variables available from selected waterbodies. 

Whereas, Maxent was used to determine the ecological susceptibility of the waterbodies, using 

variables available for the entire state. Thus, the combined interpretation of Maxent and co-

kriging results serves as a proxy for the probability of AIS infestation in waterbodies of 

Minnesota. Maxent results suggested that human population density was the most important 

predictor for the suitability of both the AIS, zebra mussels (41.7%) and Eurasian watermilfoil 

(58%), followed by annual mean temperature (19.1%) and precipitation during the wettest month 

(17.6%) for zebra mussels and Eurasian watermilfoil, respectively. The zebra mussel co-kriging 

model included distance to the nearest zebra mussel-infested location, boater traffic, and road 

access, whereas the Eurasian watermilfoil model included distance to the nearest Eurasian 

watermilfoil-infested location, boater traffic, and connectivity to infested waterbodies. Combined 

results from the Maxent and co-kriging outputs suggested that nearly 15% of the waterbodies in 

Minnesota were at high risk of invasion by zebra mussels or Eurasian watermilfoil. Results 

suggest that targeted sampling of the high-risk waterbodies may facilitate the early detection and 

prevention of AIS spread in Minnesota.   
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2.19  Introduction  

Aquatic invasive species (AIS) have the potential to impair environment, economy, and 

public health (Pysek and Richardson, 2010; Havel et al., 2015). In an effort to control AIS, 

aggressive and costly programs have been implemented in Minnesota (MNDNR Annual Report, 

2016). For example, since 2014, $10 million per year has been allocated by the Minnesota 

legislature to provide resources for county based AIS prevention activities (MN Statute 477A.18, 

2016). However, because the risk of AIS invasion had not been previously quantified, early 

detection of invasions has been challenging, therefore, the resources were distributed 

proportionally to the number of boat ramps and trailer parking spaces in each county (MNDNR 

Annual Report, 2016; MNDR, 2016). Because of the high economic and conservation burden 

posed by the invasions, forecasting of the areas at high risk for invasions is considered as a 

research priority (Drake and Bossenbroek, 2009). 

Areas at high risk for AIS infestations may be identified using a variety of spatial 

modeling techniques. Species distribution modeling (Quinn et al., 2014; Papes et al., 2016), 

diffussion models (Buchan and Padilla, 1999), gravity models (Bossenbroek et al., 2007), 

regression models (Buchan and Padilla, 2000; Drake and Bossenbroek, 2009; Stewart Koster et 

al., 2015), and empirical analyses and simulations (Latzka et al., 2016) are approaches commonly 

used for the estimation of AIS distribution risk. Majority of the above approaches were focused 

either on the prediction of habitat distribution or the probability of AIS introductions, separately, 

with few exceptions such as the work by Drake and Bossenbroek, (2009) and Steward Koster et 

al. (2015) where they estimate distribution of the niches first and use statistical methods to 

recognize the niche boundaries. Successful invasions require both habitat suitability and the 

probability of the AIS introduction (i.e. translocation) (Havel et al., 2015). Therefore, an 

approach which combine the probability of introduction and the habitat susceptibility is 

preferable at predicting the risk of AIS invasions.   

Zebra mussels (Dreissena polymorpha) and Eurasian watermilfoil (Myriophyllum 

spicatum) are AIS of major environmental and economic concern for Minnesota. Both AIS have 

been reported from Minnesota waters since 1989 and 1987, respectively (MNDNR Annual 

Report, 2016;https://www.dnr.state.mn.us/invasives/ais/infested.html). Therefore, these two AIS 

were chosen as indicator species for this study.  

The objective of the study was to estimate the potential range expansion of zebra mussels and 

Eurasian watermilfoil in Minnesota using a combination of modeling techniques, namely: 

https://www.dnr.state.mn.us/invasives/ais/infested.html
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Maximum entropy ecological niche modeling (Maxent), network analysis, and cokriging (a 

spatial interpolation technique). Species distribution models are used to identify statistically 

significant associations between AIS presence and environmental variables and to use those 

relationships to identify suitable environmental conditions in non-sampled locations (Elith et al., 

2011). Because the two invasive species have been invading the Minnesota waters since over 20 

years, the measurement of prologue pressure i.e. the óintroduction effortô need to be focused on 

both large scale across the region as well as on the individual waterbody. Therefore, in addition to 

the use of Maxent models which incorporate environmental variables available from the whole 

region, waterbody specific variables were used to prioritize the waterbodies at high risk of 

invasions using network analysis and cokriging. The advantage of using cokriging is that the 

technique enables to predict values for the locations without the data using other correlated and 

highly sampled variables, a way of addressing the availability of limited data (Isaaks and 

Sreevastava, 1989; Kanankege et al., 2018b).  

Recognition of areas at high risk may act as an early warning system and help AIS 

prioritization of water bodies for a targeted and efficient allocation of limited resources to 

improve both defensive and offensive management strategies (Mandrak et al., 2015; Stewart 

Koster et al., 2015). Such risk targeted approaches certainly represent improvements over random 

selection of waterbodies for surveillance and risk-based management purposes (CRARM, 1997; 

Lodge et al., 2006; Vander Zanden et al., 2008).  

 

 

2.20  Data and Methods 

2.20.1 Data 

A total of 18,411 point locations representing waterbodies of Minnesota were the 

population of waterbodies in this study. Waterbodies were mainly lakes and ponds (n=18,263) 

and were represented by the centroids of each waterbody. In addition to the lakes, several riverine 

locations (n=148) were included in the analysis. Riverine locations were identified at the riversô 

midpoint within each county. The locational data for the waterbodies were extracted from the GIS 

layer referred to as ñMNDNR Hydrography,ò which is available from the Minnesota GIS 

Commons (MNGSC Hydrology, 2015). AIS presence data were collected from the Minnesota 

Department of Natural Resources (MNDNR) database (MNDNRAIS, 2016). By the end of 2015, 
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there were 125/18,411 (0.67%) zebra mussels and 304/18,411 (1.65%) Eurasian watermilfoil 

infested waterbodies in Minnesota (MNDNRAIS, 2016; Kanankege et al., 2018b). The known 

presence of the AIS was used in the study regardless of the magnitude of infestation.  

 

 

 

2.20.2 Methods 

General approach 

Three modeling techniques were combined to estimate the risk of invasion by zebra 

mussels and Eurasian watermilfoil, namely:  Maxent, network analysis, and cokriging. Maxent 

was used to predict the habitat distribution of each AIS separately, using the invasive species 

presence only data and the variables available for the entire study area.  

Network analysis was used to generate a waterbody specific variable representing the 

importance of the waterbody in the network of boater traffic within Minnesota, using data from a 

survey conducted by the MNDNR at selected waterbodies (Kanankege et al., 2018b). Cokriging 

was used to estimate the probability of species introduction, using waterbody specific variables 

including the boater traffic (Kanankege et al., 2018b). The Maxent and cokriging outputs were 

interpreted in-parallel combination using a risk matrix to determine the number of waterbodies at 

high risk for invasions. All models were both cross validated by k fold test and true validated by 

fitting the models for the invasion status by 2010 and validating using the invasions occurred 

after 2010. The combined interpretation of the models using risk matrix was true validated using 

the risk ranks for Maxent and cokriging model outputs of 2010.  

Finally, Maxent and cokriging models were fit for the invasion status by 2015, using the 

model parameters for year 2010. Based on the 2015 Maxent and cokriging models for each 

species, risk matrices were generated to calculate the number of waterbodies at high risk for the 

invasion as of 2015.  

 

Maxent model to predict the habitat distribution  

Maxent is a species distribution modeling algorithm that makes use of presence only data 

(occurrences) and grid based environmental variables to estimate the potential range expansion 

(Elith et al., 2011; Merow et al., 2013). Maxent method has become popular for predicting the 
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spatial distribution of vectors, invasive species, and infectious diseases in ecological studies as 

well as in human and veterinary medicine (Papes et al., 2016; Alkhamis et al., 2016).  A detailed 

description of the Maxent algorithm is available elsewhere (Phillips et al. 2006; Merow et al., 

2013).  Under the null model, species is assumed to be equally likely to occur anywhere in the 

landscape (Elith et al., 2011). The Maxent algorithm was used here to identify the distribution of 

reported AIS occurrences that maximized the entropy of predictions either by the most spread out 

distribution or the closest to uniform, under the null model. We fit two independent Maxent 

models for zebra mussels, and Eurasian watermilfoil. The Maxent program version 3.3.3k was 

implemented in Dismo, which is an R statistical package, was used (Phillips et al. 2006; Hijmans 

et al., 2016). The presence locations were assigned to the centroids of waterbodies rather than 

georeferencing the exact area where AIS were found. The reporting of the invasions is based on 

public reporting followed by confirmation by the MNDNR, therefore, presence locations are 

likely to be influenced by the human population density around the waterbodies, indicating that 

human population density may act as a confounder when introducing the AIS as well as when 

reporting the invasions (Kanankege et al., 2018a). Because of the logistic and financial 

constraints in conducting a surveillance, the available presence locations were used in the study.  

Background data points, defined as the locations where the species could disperse, 

regardless of whether the waterbody has or has not been occupied by the species yet (Elith et al., 

2011), were used as a null model to calculate the probability of species distribution. Because the 

AIS are not in an equilibrium with their environment, true absence points were not confirmed. 

Those locations considered as no AIS invasions were pseudo absent locations (i.e. the absence of 

AIS was not upheld by a survey or any other method). To keep the methods simple and 

compatible between the two AIS, instead of species specific tuning, the default logistic model for 

Maxent was used with the default convergence threshold, regulation, and count of iterations to 

ensure that the output probability estimates were values ranging between 0 and 1 (Merow et al., 

2013).  

Selected grid based predictor variables (n=23) which were used in the Maxent models 

included temperature and precipitation (n=19), geology (n=1), altitude (n=1), lake bathymetry 

(n=1), and the human population density (n=1). Although data on surface water temperature was 

not available, that variable has a linear relation with atmospheric temperature, which served as a 

suitable proxy (Read et al., 2014). Description of the variables used in the Maxent models are 

listed in the supplement document (Supplement Table S2.2). Global climate variables were 

downloaded from the WorldClim global climate database (www.worldclim.org) (Hijmans et al., 

http://www.worldclim.org/
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2005). The downloaded raster files were clipped by the geographical extent of the state of 

Minnesota. The WorldClim data are interpolated maps of the mean climatic data gathered from 

various sources between 1950 and 2000 (Hijmans et al., 2005). Soil type, mineral contents, and 

alkalinity have been recognized to influence the suitability of zebra mussels and Eurasian 

watermilfoil invasions (Bobeldyk et al., 2005; Roley and Newman, 2008; Quinn et al., 2014; 

Karatayev et al., 2015). Multiple experimental and environmental modeling studies indicate the 

influence of bedrock geology when determining the surface water chemistry (Yadav and 

Chakrapani, 2006; Olson and Hawkins, 2012), therefore, in the absence of water chemistry 

information from all the waterbodies, the bedrock geology data layer was used as a proxy. The 

bedrock geology map of Minnesota was downloaded from the Minnesota Geological Survey 

(Jirsa et al., 2011). A 1m resolution digital surface model that was generated from raw Light 

Detection and Ranging (LiDAR), a digital grid of terrain surface data, was used to represent the 

topography (DEM, 2012). The digital surface model grid was resampled using the bilinear 

method to have ~1 km2 cell size. Lake depth has also been recognized as a risk factor for zebra 

mussels and Eurasian watermilfoil invasions, and thus, bathymetric data were incorporated into 

the analysis (Roley and Newman, 2008; Karatayev et al., 2015). Lake bathymetric data used here 

were a combination of the lake bathymetric Digital Elevation Model published by the MNDNR 

Fisheries Division, which was available from the Minnesota GIS Commons and the maximum 

lake depth data from the MNDNR Hydrography data layer (MNGSC Hydrology, 2015; MNGSC 

Bathymetric, 2015). Although human population density is not an environmental variable itself, it 

is used as a surrogate variable to account for the environmental changes that are human mediated. 

Human population density data were obtained from the LandScan Global Population Database, 

representing data from the census year 2011 (Landscan, 2012). The resolution and the projection 

of all environmental data layers were used at ~1 km2 and the Geographic Coordinate System 

World Geodetic System 1984 (i.e. GCS_WGS_1984) Web Mercator projection, respectively.  

Independent Maxent models were fit for zebra mussels, Eurasian watermilfoil, using all 

23 variables, the variables with >10% relative contribution to the model prediction were selected 

(Table 2.6). A Spearman pairwise rank correlation was performed on all the standardized pairs of 

bioclimatic variables and relatively uncorrelated climate variables (Pearson r <0.5) were 

considered as the predictors contributing to each zebra mussels and Eurasian watermilfoil model 

(Dormann et al., 2013). Final models were selected using jackknife tests, a resampling method 

that excludes one variable at a time when running the model, to calculate the contribution of each 

environmental variable to the final model. The most parsimonious model, i.e. the model with 
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limited and most contributing predictors, which has the highest training gain, was selected as the 

best model (Baldwin, 2009).  

Cross validation is a process in which certain AIS infested locations were left out from the 

analysis and the Maxent model was used to estimate the probability of finding an AIS infestation 

at those left out locations (Hijmans et al., 2016). The k fold-partitioning scheme of cross 

validation was used to evaluate the performance of the final Maxent models (Elith et al, 2011; 

Hijmans et al., 2016). In addition to the inbuilt cross validation of the Maxent package, we 

performed a manual 5 fold cross validation where each candidate Maxent model was tested five 

times (k=5) against 10,000 randomly generated background points (pseudo absences) (Elith et al, 

2011). Eighty percent of the cases were used for the model training and testing was done using 

the 20% of the withheld cases at each validation.  

Model performance was evaluated using the area under the receiver operating characteristic 

curve (AUC), a plot of model sensitivity (true positives) and 1-specificity (i.e. false positives) 

(Swets, 1988). AUC values lower than 0.7 are considered relatively inaccurate because the 

proportion of false and true positive results is not substantially different, whereas AUC values 

greater than 0.7 are generally considered appropriate (Swets, 1988). Here, Maxent models with 

AUC greater than 0.7 were considered to provide an accurate prediction.  All Maxent Models 

were tested for spatial sorting bias by calculating the calibrated AUC to assess the impact 

reporting bias from the areas where multiple locations were reported to have AIS invasions 

(Hijmans, 2012; Alkhamis et al., 2016). Spatial sorting bias is defined as ñThe difference between 

the geographic distance from testing presence to training presence sites and the geographic 

distance from testing absence (or testing background) to training presence sitesò (Hijmans, 2012). 

If the calibrated AUC (cAUC) was close to 1 then there was no spatial sorting bias, whereas, if 

the value is close to 0, then it is considered that there is spatial sorting bias (Hijmans, 2012). 

In addition to the cross validation, true validation of the Maxent models for each AIS was 

done by dividing the presence data at year 2010, fitting the Maxent for the 2010 presence data, 

and validating the predictions using the invasions reported between 2011 and 2015. There were 

87/125 cases of zebra mussels and 213/304 cases of Eurasian watermilfoil cases by 2010. All the 

Maxent outputs were classified into five by the quantiles of predicted values and an AUC was 

generated. Models with AUC greater than 0.7 were considered to provide an accurate prediction.   
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Cokriging to estimate the probability of introduction  

Probability cokriging was used to estimate the probability of zebra mussel or 

Eurasian watermilfoil introduction into the waterbodies, conditional to the distance 

between locations and other waterbody specific variables. The full description of the 

cokriging process used in this analysis is described elsewhere (Kanankege et al., 2018b). 

Cokriging is a geostatistical interpolation technique that uses multiple correlated 

waterbody specific variables to estimate the spatial distribution of the dependent variable 

in the non-sampled locations, which in this study was the distribution of AIS (Isaaks and 

Sreevastava, 1989; Wackernagel 1994). ñSampled locationsò were those known to be 

infested, whereas ñnon-sampled locationsò were those that were not reported to be 

infested. Cokriging is a linear weighted averaging method in which weights are selected 

to minimize the variance of the estimation error by accounting for the spatial correlation 

between the waterbody specific variables, weights are depended on the distance between 

sampled locations (Isaaks and Sreevastava, 1989). A complete description of cokriging is 

available elsewhere (Isaaks and Sreevastava, 1989).  

 

Combined interpretation of Maxent and cokriging outputs using a risk matrix  

Predicted probabilities were extracted for each of the waterbodies from both MaxEnt and 

cokriging models, for zebra mussels and Eurasian watermilfoil, and were interpreted in series to 

indicate the overall risk of invasion at each waterbody. The probabilities resulted from both 

cokriging and Maxent were ranked into 5 classes based on the quantiles of the output probability 

values, they were considered as risk ranks (Fig 2.7 and 2.8). In the risk matrix, each cell 

represents the number of waterbodies categorized under each risk rank combination. The number 

of waterbodies with Maxent risk rank Ó3 were further narrowed down if the waterbodies resulted 

in a cokriging risk rank Ó3. The combined risk was ranked into 3 categories, namely, 1) very 

high, 2) intermediate, and 3) negligible.  Risk matrices were generated using the Maxent and 

cokriging models fitted for the invasions by 2010 as well as for the model fitted for the invasions 

by 2015.  

Risk matrices are commonly used during Risk assessment process to define the level of 

risk by considering the probability of the event and the severity of the consequence (Dufour et al., 
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2011). In the analysis, being recognized as a waterbody with high probability of species 

distribution by Maxent was considered as the ñseverityò and the probability of introduction 

recognized by cokriging output was considerd as the ñprobability of the eventò. Further details 

regarding the use of risk matrices are available elsewhere (Dufour et al., 2011). The combined 

interpretation was true validated by fitting Maxent and cokriging models for the invasions by 

2010 and validating using the invasions reported after 2010.  

 

 

2.21 Results  

2.21.1 Maxent and cokriging 

Maxent results suggested that human population density was the most important predictor for 

both zebra mussels (41.7%) and Eurasian watermilfoil (58%), followed by annual mean 

temperature (19.1%) and precipitation of the wettest month (17.6%) for zebra mussels and 

Eurasian watermilfoil, respectively. The cross validation AUC values for zebra mussels and 

Eurasian watermilfoil model fits were greater than 0.7, which suggests that the models were 

accurate. The cAUC values were 0.81 for zebra mussels and 0.71 for Eurasian watermilfoil; 

values were close to 1 (one), suggesting absence of spatial sorting bias (Table 2.6).  
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Table 2.6. Predictors used in the final Maxent models for zebra mussels (ZM#) and Eurasian 

watermilfoil (EWMÿ).  

 

Variable 

Percent contribution of the 

variable in the Maxent*  

ZM# EWMÿ 

Annual mean temperature 19.1%  

Isothermality (Mean diurnal range of temp / temp 

annual range) 

2.7%  

Temperature seasonality (Standard deviation * 100)  3.3% 

Mean temperature of warmest quarter  6.2% 

Mean Temperature of coldest quarter   

Annual precipitation  2.5% 

Precipitation of wettest month 16.7% 17.6% 

Precipitation of driest month 6.8%  

Bedrock geology map of Minnesota 1.4% 0.2% 

Minnesota digital surface model (altitude) 2% 7% 

Lake depth 9.6% 5.2% 

Human population density (per 2011 U.S. census) 41.7% 58% 

Area under the receiver operating characteristic curve 

(AUC) value for the training data 

0.92 0.90 

Calibrated AUC (cAUC) values quantifying the 

magnitude of spatial sorting bias 

0.81 0.71 
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Among the pairwise waterbody specific variables used in the cokriging models, the 

variable pair with highest AUC value (0.78) for the model for zebra mussels were the Eigenvector 

centrality of the watercraft movement network and the distance to the nearest major road. 

Whereas, for Eurasian watermilfoil, the best predictor variables were Eigenvector centrality of the 

watercraft movement network and the surface water connectivity to infested waterbodies 

(AUC=0.76) (Kanankege et al., 2018b) (Table 2.7).  

Output maps for both Maxent and cokriging methods and the number of waterbodies 

classified under each category are seen in Fig 2.7 and 2.8. The AUC values, for the k fold cross 

validations and the AUC values, sensitivity, and specificity for the true validation of Maxent, 

cokriging, and combined interpretation of the models using risk matrices are summarized in Table 

2.8. As of 2016, there were 1490 (8.09%) waterbodies at high risk of invasion by zebra mussels, 

respectively. Similarly, there were 2036 (11.06%) waterbodies at high risk of invasion by 

Eurasian watermilfoil as of 2016.  
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Table 2.7. Summary of model validations for both Maxent, cokriging and combined interpretation of the models using risk matrix. Cross 

validation was done using the K fold test. True validation was done by fitting models for invasions as of 2010 and validating using the invasions 

reported after 2010. Area under the receiver operating characteristic curve (AUC), Sensitivity (Se) and Specificity (Sp) at the risk rank Ó3 for 

Maxent and cokriging, and combined interpretation using the risk matrix are listed below. Combined interpretation was only subjected to true 

validation.  

 

 Maxent Cokriging 

 (Kanankege et al., 2018b) 

Combined interpretation 

using risk matrix 

AUC Se Sp AUC Se Sp AUC Se Sp 

Cross validation Zebra mussels 0.94   0.72   N/A   

Eurasian watermilfoil 0.93   0.79   N/A   

           

True validation Zebra mussels 0.7 0.71 0.01 0.78 0.78 0.72 0.77 0.77 0.72 

Eurasian watermilfoil 0.7 0.79 0.31 0.76 0.83 0.61 0.78 0.77 0.67 
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Fig. 2.7. MaxENT model outputs illustrating the habitat suitability of Minnesota for zebra mussels (ZM) and Eurasian watermilfoil (EWM). The 

predicted risk is for waterbodies only. The risk classes 1 through 10 indicates the intensity of the suitability of the locations, where, class 10 

represent most suitable areas. The number of waterbodies under each category and as a percentage of the total waterbodies (n=18,411) is listed. 

The polygons represent counties of the state of Minnesota. 
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Fig. 2.8. Co-kriging model outputs illustrating the risk of introducing zebra mussels (ZM) and Eurasian watermilfoil (EWM) to Minnesota 

waterbodies. The risk classes 1 through 10 indicates the intensity of the probability of introduction, where, class 10 represent a high probability of 

ZM or EWM introduction. The number of waterbodies under each category and as a percentage of the total waterbodies (n=18,411) is listed. The 

polygons represent counties of the state of Minnesota. 
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Table 2.8. Risk matrices for (1) zebra mussels (ZM)* and (2) Eurasian Watermilfoil (EWM)# invasion risk using the Maxent and co-kriging 

model outputs. Each model output was categorized into 10 classes where 1 represents the lowest risk, and 10 represent the highest risk. The 

number of waterbodies which has each of the risk class combination was illustrated in each cell of the matrices. Percentage** are the marginal 

percentages i.e. the number of waterbodies in each category compared to the total number of waterbodies (n = 18,411). Combined risk of invasion 

is represented by the color scheme, where red and dark-green represent very high-risk and negligible risk of invasion, respectively.   
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2.22 Discussion 

This study was aimed at describing and predicting the potential geographical range expansion 

of zebra mussels and Eurasian watermilfoil in Minnesota, in relation to the environmental 

preferences and probability of introduction, using species distribution (MaxENT) and 

geostatistical (co-kriging) modeling techniques, respectively. The outputs of the MaxENT and co-

kriging models were interpreted in parallel to represent current (2016) status of invasion risk. 

According to the study, 1490 (8.09%) waterbodies are at risk for the invasion by zebra mussels or 

2036 (11.06%) by Eurasian watermilfoil. Several waterbodies were at risk for the invasion by 

both the AIS, hence, the combined results suggested that nearly 15% of the waterbodies in 

Minnesota were at high risk of invasion by both AIS.  

According to the MaxENT outputs, the human population density plays a significant role in 

determining the probability of both zebra mussels and Eurasian watermilfoil invasions. As 

described in the published literature, microscopic larval stages of zebra mussels and fragments of 

Eurasian watermilfoil are known to be transported along with human-mediated recreational 

activities (Roley and Newman, 2008; Banha et al., 2016).   

The annual mean temperature (19.1%) and precipitation of the wettest month (16.7%) were 

the key climatic predictors in the MaxENT models for zebra mussels. When considering the 

lifecycle of zebra mussels, the optimum temperature between 10 ï 15oC along with availability of 

food is suggested to support spawning and larval growth of zebra mussels (Chase et al., 1999). 

Per the data used here, the average annual temperature of Minnesota is ~10oC and ranges between 

-18oC and 33oC, stipulating appropriate temperatures for the survival of zebra mussels.  The 

precipitation of the wettest month denotes potentially high water flows and, therefore, increases 

in catchment nutrient runoff which may have promote proliferation of zebra mussels (Taner MU, 

2011). Past studies on zebra mussel invasions indicate that climate alone perhaps is a poor 

predictor of their distribution, while water chemistry including pH, calcium, magnesium, and 

chloride levels, and concentrations of total dissolved solids may also play a role defining the 

suitability of waterbodies for zebra mussel establishment (Karatayev et al., 2015). In the absence 

of water chemistry data for all the waterbodies in Minnesota, we incorporated the bedrock 

geology into the MaxENT models. Bedrock geology was incorporated because the soil type is 

considered as a determinant of water chemistry (Mellina and Rasmussen, 1994). However, the 

contribution of bedrock geology was 1.4% in the MaxENT model for zebra mussels, indicating 

that bedrock geology may not be a useful proxy to represent relevant water chemistry variables. It 
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would be more appropriate to collect field data regarding the water chemistry from the invaded 

waterbodies. Nevertheless, the counter argument that water chemistry may have been modified by 

the invasions need to be considered when incorporating the field data into predictive models 

(Karatayev et al., 2015).   

The MaxENT model for Eurasian watermilfoil suggests that precipitation of the wettest month 

(17.6%) was the key climatic predictor contributing to determine the environment suitability for 

Eurasian watermilfoil. Eurasian watermilfoil is an aquatic plant which propagates by both sexual 

and vegetative means; runners and fragmentation are considered the primary methods of 

vegetative reproduction (Madsen et al., 2012). High precipitation results in increased volume and 

flow rates of the rivers, and this could be a way of explaining the relevance of precipitation of the 

wettest month in determining the environmental suitability for Eurasian watermilfoil. Moreover, 

the increase of nutrient runoff due to high precipitation has been suggested to support the 

proliferation of Eurasian watermilfoil (Bosch et al., 2009). Results demonstrate that the risk of 

Eurasian watermilfoil introduction and the establishment was less in Northeastern Minnesota. 

Previous studies suggest that waterbodies in Northeastern Minnesota tend to have comparatively 

deeper lakes, water with low alkalinity, and low human population densities, factors which tend 

to reduce the survival of Eurasian watermilfoil (Roley and Newman, 2008).  

Species distribution models have certain limitations. The issue of pseudo-absences is one of 

them, where the locations with favorable environmental conditions were not invaded by the AIS 

due to biotic interactions, dispersal limitations, or effective preventive measures (Elith, 2011). In 

the context of this study, it is assumed that the waterbodies that are not reported with zebra 

mussels or Eurasian watermilfoil are free from those AIS, however, those are pseudo-absences, 

given that there is no active surveillance looking for AIS in waterbodies to confirm freedom from 

AIS. 

The best fitted co-kriging models suggest that distance to the nearest infested location and 

boater movement between waterbodies play key roles in determining AIS dispersal. The zebra 

mussel co-kriging model further confirms that the distance to a major road is an important risk 

factor, suggesting the zebra mussel distribution is largely a human-mediated process and 

measures should be taken to mitigate hitchhiking of aquatic invasive species (Seekamp et al., 

2016). Findings from the Eurasian watermilfoil co-kriging suggest that their distribution is 

attributable to both human-mediated transportation and natural dispersal via surface water. 

In addition to the incorporation of robust geospatial techniques to assess the risk of invasion, 

there are several strengths of this studyôs approach as compared to a very similar study conducted 
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in Wisconsin, USA (Stewart-Koster et al., 2015). For example, the boater movement between 

waterbodies in this study was calculated for each waterbody, therefore, is more informative 

compared to the representation of boater movement by county centroids such as the study by 

previous studies (Buchan and Padilla, 2000). In addition to the boater traffic data incorporated 

into the network, the distance to the nearest major road was used as a proxy to represent the 

boater access making the human-mediated dispersal well represented.  Because many (49.6%) of 

the Watercraft Inspection Program survey locations were infested with either zebra mussels or 

Eurasian watermilfoil, the boater traffic data may have been subjected to selection bias. Distance 

to the nearest major road was incorporated into the co-kriging model to adjust for that potential 

bias.  

One of the limitations of the study here includes the lack of AIS distribution data in the states 

adjacent to Minnesota to implement effective cross-boundary control and preventive measures. 

For example, waterbodies in east-central Minnesota are affected by both zebra mussels and 

Eurasian watermilfoil. However, the study described by Stewart-Koster et al. 2015 indicated low 

risk of zebra mussel and Eurasian watermilfoil invasion across the border in the Northeastern 

Wisconsin (Stewart-Koster et al., 2015). Our study does not account for the zebra mussels and 

Eurasian watermilfoil invasions in the adjacent states either, which indicates the risk of invasion 

may have been underestimated. Being confined within the political boundaries often results in a 

shift of model accuracies for the species with fewer reported occurrences and non-identified 

geographic ranges (Barnes et al., 2014). The geographical area for the analysis was not expanded 

to the Midwest or great lakes because required data are not readily available from all the 

locations. 

2.23 Conclusions 

A combined approach of co-kriging and maximum entropy ecological niche (Maxent) model 

were used to predict the risk of AIS distribution and, ultimately, to inform the targeted 

surveillance activities. Co-kriging was used to calculate the probability of introduction of the two 

AIS, using waterbody-specific variables. Whereas, Maxent was used to determine the ecological 

susceptibility of the waterbodies. Thus, the combined interpretation of Maxent and co-kriging 

results serves as a proxy for the probability of AIS infestation in waterbodies of Minnesota. 

Combined results from the Maxent and co-kriging outputs suggested that nearly 15% of the 

waterbodies in Minnesota were at high risk of invasion by either zebra mussels or Eurasian 

watermilfoil. 
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2.26 Supplement Tables and Figures 

Supplement Table S2.2. Environmental variables used in the final MaxENT models.  

 

Variable 

Percent contribution of the 

variable in the MaxENT*  

ZM# EWMÿ BothÀ 

Annual mean temperature 19.1%  0.8% 

Isothermality (Mean diurnal range of temp / temp annual range) 2.7%   

Temperature seasonality (Standard deviation * 100)  3.3%  

Mean temperature of warmest quarter  6.2%  

Mean Temperature of coldest quarter   0.2% 

Annual precipitation  2.5% 1% 

Precipitation of wettest month 16.7% 17.6% 0.1% 

Precipitation of driest month 6.8%   

Bedrock geology map of Minnesota 1.4% 0.2% 0.6% 

Minnesota Digital Elevation Model - 30 Meter Resolution 2% 7%  

Lake depth 9.6% 5.2% 9.5% 

Human population density (according to 2011 U.S. census) 41.7% 58% 87.6% 

Area under the receiver operating characteristic curve (AUC) value 

for the training data 

0.92 0.90 0.93 

AUC for the testing data 0.94 0.93 0.87 

Calibrated AUC (cAUC) values quantifying the magnitude of spatial 

sorting bias 

0.81 0.71 0.86 

ZM# =zebra mussels, EWMÿ =Eurasian watermilfoil, and BothÀ =Inhabitance of both zebra 

mussels and Eurasian watermilfoil 
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Chapter 3: Animal health  

The use of Getis Ord and Conditional autoregression as tools to 

study the spatial epidemiology of Johneôs disease in Minnesota: 

A cross-sectional study based on a voluntary testing program 

 

In review: BMC Veterinary Research (October 2018) 

Kanankege K, Machado G, Zhang L, Dokkebakken B, Schumann V, Wells S, Perez A, Alvarez J. 

Use of a voluntary testing program to study the spatial epidemiology of Johneôs disease in 

Minnesota: A cross-sectional study.  
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3.1 Overview 

One of the key steps in the management and control of chronic diseases, such as Johneôs 

disease (JD), caused by Mycobacterium avium subsp. paratuberculosis (MAP), is the ability to 

track disease incidence over time. JD surveillance in U.S. dairy cattle is challenging due to lack 

of regulatory requirements, imperfect diagnostic tests, and associated expenses, including time 

and labor. An alternative approach is to use a voluntary testing programs to monitor JD. In this 

cross-sectional study, data from a voluntary JD testing program conducted by the Minnesota 

Dairy Herd Improvement Association were used to: a) explore whether such program provides 

representative information on the prevalence of JD in dairy herds in Minnesota, b) estimate JD 

distribution in Minnesota, and, c) identify herd and environmental factors associated with finding 

JD-positive cattle. Milk samples (n=70,809) collected from 54,652 unique cows from 600 

Minnesota dairy herds between November 2014 and April 2017 were tested using a MAP 

antibody ELISA. Participant representativeness was assessed by comparing the number of JD-

tested herds with the number of herds required to estimate the true disease prevalence per county 

based on official statistics from the National Agricultural Statistical Services. Multivariable 

logistic regression models, with and without spatial dependence between observations, were then 

used to investigate the association between herd status to JD (positive/negative), as indicated by 

milk ELISA results, and available covariates at the herd level. Within the study population, at 

least one test-positive cow was found in 414 of 600 (69%) herds. Regression results suggests that 

large herds that test frequently and are in loamy or silt soils are more likely to have at least one 

MAP test-positive cow. Residuals from a conditional autoregressive model indicated that, after 

adjusting for those variables, there was no spatial dependence in JD risk between neighboring 

dairies within 5 to 20Km. This applied study exemplifies the potential use of Dairy Herd 

Improvement Associationôs voluntary JD testing databases as a passive surveillance tools to 

monitor JD status and its association with epidemiological factors while identifying opportunities 

for improvement of the database.   
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3.2 Introd uction 

Johneôs disease (JD) is a chronic, debilitating enteritis affecting ruminants caused by 

infection with Mycobacterium avium subsp. paratuberculosis (MAP) (Collins et. al., 2003). 

Financial losses due to JD in the U.S. dairy industry have been estimated to range between $200 

to 250 million USD annually (Ott et. al., 1999). Reduced milk production and quality due to 

reduced fat and protein content, increased premature mortality, weight loss, early culling, costs of 

testing and control, and reduced slaughter value are among the negative impacts of JD (Gonda et. 

al., 07; Raizman et. al., 07; Lombard, 2011; Garcia and Shalloo, 15). In addition, although not 

confirmed, the potential link between MAP and the development of Crohnôs disease in humans 

further increases the hypothetical importance of JD (Waddell et. al., 2016).  

The management and control of a chronic disease such as JD in a proactive and organized 

way in the U.S. is challenging due to the lack of regulatory requirements for testing (USDA-

APHIS, 2015), imperfect diagnostic tests (Nielsen and Toft, 2008), long-term survival of the 

pathogen outside the host (Whittington et al.., 2005; Grewal et. al., 2006), multiple routes of 

transmission, and the cost and labor necessary for long-term disease tracking (McKenna et. al., 

2006). 

JD is widespread in the U.S, and herd prevalence has been estimated in 60.7% in 

Midwestern U.S. dairies (USDA 97) and 91.1% nationally (Lombard et. al., 2013). However, 

because JD control is voluntary in the US, testing for JD is not mandatory (USDA-APHIS, 2017) 

which limits the availability of data and resources to monitor the disease. Studies in the U.S. State 

of Texas and Canada suggest that limited adoption and compliance with JD testing and control 

strategies in dairy farms is a result of a) the chronic nature of the disease progression, therefore, 

the absence of the ñcues-to-actionò (Benjamin et. al., 2010), b) the farmersô perception of the 

limited cost-effectiveness of the herd control measures (Ritter et. al., 2015), and c) not perceiving 

JD as a ñhot topicò during communications with other farmers and veterinarians (Ritter et. al., 

2015).  

Due to the lack of official disease monitoring, a common alternative for evaluating the 

epidemiological status of JD in a region is the use of data from voluntary testing programs, such 

as those collected by the Minnesota Dairy Herd Improvement Association (MNDHIA). 

Minnesota, a Midwestern state of the U.S., has nearly 460,000 dairy cattle and is among the top 

ten dairy state, 6th among the milk cow numbers and 8th in dairy herds per 2016 statistics (NASS 

2018). A proportion of Minnesota dairy farms utilize the services of MNDHIA, a member of the 
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National Dairy Herd Improvement Association who service a testing and production 

recordkeeping system to U.S. dairy farms (http://www.dhia.org/members.asp). However, it is 

unknown if data collected by the MNDHIA is useful as a passive surveillance tool to monitor JD 

in Minnesota.  

The objectives of the study here were to a) test whether the voluntary JD testing program 

conducted by the MNDHIA can provide representative information on the prevalence of JD in 

dairy herds in Minnesota, b) estimate the JD distribution in Minnesota using data from the 

MNDHIA voluntary JD testing program, and c) identify possible herd and environmental 

variables associated with increased risk of having JD test-positive cows, using the available data. 

We hypothesized that results from the voluntary JD program might be used to evaluate JD status 

in an area and inform management decisions made by the testing agencies, veterinarians, and 

dairy producers.  In evaluating the use of the MNDHIA database as a passive surveillance tool, 

our overarching objective was to generate evidence that could influence management decisions 

by recognizing modifiable factors to reduce the JD risk at the individual, herd, and regional 

levels. Results can therefore help to design and implement effective surveillance programs for the 

U.S. dairy industry. 

 

 

3.3 Data and Methods 

3.3.1 Data 

Data from the voluntary JD testing program conducted by the MNDHIA were collected 

through a 2.5-year period, between November 1st, 2014 and April 30th, 2017. Although there 

were records from 723 JD testing herds, 123 herds were excluded from the study (Supplement 

Fig. S3.1). The reasons for exclusions were: herds located outside Minnesota; herds without 

location information, or herds that did not test the minimum number of cows required for the 

study, as explained below.  

Milk samples (n=70,809) collected from 54,652 unique cows from 600 Minnesota dairy 

herds were included in this cross-sectional study. Samples were analyzed using the IDEXX MAP 

Enzyme-Linked Immunosorbent Assay (ELISA) (IDEXX Laboratories, Inc., Maine, USA) for 

detection of antibodies against Mycobacterium avium subsp. paratuberculosis (MAP) in milk. 

http://www.dhia.org/members.asp
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Some herds (n=208, 35%) were tested only once during the 2.5-year study period.  The median 

number of times a herd was tested was 2 (interquartile range between 1 and 11).  

To identify relevant herd and environmental factors associated with JD risk at the herd 

level, the scientific databases óWeb of Scienceô and óPubMedô were queried to find publications 

using the following search string: óJohneôs disease,ô AND óMycobacterium avium subsp. 

paratuberculosis,ô AND ódairy cattle,ô AND órisk factorsô. Reviews published in peer-reviewed 

journals in English language were selected, and reviews on human Crohnôs disease were 

excluded. A total of seven reviews published between 2001 and 2017 on JD (Kennedy and 

Benedictus, 2001; Tiwari et. al., 2006; McKenna et. al., 2006; Dore et. al., 2012; Elliott et. al., 

2015; Garcia and Shalloo 2015; Rangel et al., 2015) were used to identify the most commonly 

recognized JD risk factors in North American dairy farms. Reviews were then examined for 

identification of relevant risk factors for North America, and primary articles cited there were 

used for identification of the variables to be considered in this study (Table 3.1). Herd features 

related to management practices including manure management, immediate culling of JD positive 

cows, management of the maternity pens and calves, and maintaining closed herd or purchasing 

animals from farms with improved management practices to control Johneôs disease (McKenna 

et. al., 2006) were excluded from analysis due to unavailability of relevant data in our dataset.   

 

Table 3.1. Herd demographic factors and environmental factors associated with JD in North 

American dairy cattle, according to the published literature.  
 

Covariates Reference 

1 Herd size Wells and Wagner, 2000, Scott et. 

al., 2007; Pillars et al., 2009 

2 Testing frequency USDA-APHIS-VS, 2010  

3 Soil type (texture) Ward and Perez, 2003 

4 Soil pH Kopecky, 1977; Johnson-Ifearulundu 

and Kaneene, 1999 

5 Soil hydrologic characteristics i.e. run-off 

potential 

Ward and Perez, 2003; Pickup et al., 

2006 

6 Agroecological zone (Montane/Boreal 

forest/Grassland/Parkland) 

Scott et. al., 2007 



123 

7 Participating the USDA Voluntary Johneôs 

control program i.e. VJDHSP (n=24) 

USDA-APHIS, 2015; Collins et al., 

2010 

8 Spatial dependence: Presence of neighboring 

dairy farms 

Collins et al., 1994 

 

According to the published literature, herd size, testing frequency, and geographical 

region are associated with JD (USDA-APHIS-VS, 2010; Bihrmann et al., 2012), and information 

on those three variables was extracted from the MNDHIA database. Data on herd size were 

available in the form of snapshots at the beginning of 2015, 2016, and 2017. For the analysis, 

herd sizes were averaged across years. Farm addresses were verified and geocoded using ArcMap 

version 10.3.4 (ESRI, 2016). Because the spatial dependence of JD risk has been described for 

neighboring farms (Collins et al, 1994), the possible existence of a spatial pattern in the risk of JD 

was accounted for neighboring farms located within 5 through 20km in the analyses. 

The voluntary participation in JD control programs has been also described as a factor 

associated with JD status in a farm (Collins et al., 2010; Carter, 2012). In the absence of data 

from a control program, information on whether farms included in this study were currently 

participating in the Voluntary Johneôs Herd Status Program for Cattle (VJDSHP) program was 

retrieved from the Minnesota Board of Animal Health (USDA-APHIS-VS, 2010; USDA-APHIS, 

2015). VJDSHP was introduced by USDA APHIS in 2002 as a gradual process which allows 

herds with low Johneôs prevalence to be recognized as herds free from the disease or otherwise 

low prevalence (USAHA, 1993; Rideout et al., 2003). As of 2017, among the study population, 

24/600 (4%) herds were part of the VDJSHP.  

Layers of soil pH and soil type in Minnesota were obtained from the Natural Resource 

Conservation Services of the United States Department of Agriculture (USDA) (Soil Survey 

Staff, 2017). The hydrologic soils data were used to estimate the runoff potential of the soils, 

using the Hydrologic Soil map available from the Web Soil Survey (Soil Survey Staff, 2018). 

Because of the scarcity of accurate data, soil iron content was not considered in the study. 

Information on agroecological biome features such as grassland, shrubland, forest, and cropland 

were obtained from the Minnesota GIS Commons, which was based on remote sensing data 

creating the Land Cover Data Portal under the National Gap Analysis Project (GAP) (MNGSC 

GAP, 2017). The Minnesota GAP classification level 2 land-use/land-cover class code of the 

GAP data layer was used in the analysis (Supplement Table S3.1).  
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3.3.2 Methods 

Representativeness of MNDHIA Herds  

Minnesota counties were classified based on the number of NASS dairy herds present 

into three terciles (1 to 12, 13 to 42, and >43 dairy herds per county). Counties without records in 

the NASS 2012 statistics for milk cow herds were excluded for this calculation (n=1; Cook 

county). To evaluate whether the study herds were representative of all Minnesota dairy herds, 

the number of study herds per county (tested for JD) was compared to the appropriate sample 

size, i.e. number of dairy herds to be sampled from each county to estimate the true herd 

prevalence of JD using an imperfect test and adjusting for a finite population (calculated using the 

AusVet EpiTool Epidemiological calculator (URL: http://epitools.ausvet.com.au; Humphry et. 

al., 2004; Thrusfield 2005). Total number of herds present in each county was extracted from the 

National Agricultural Statistical Services (NASS) 2012 Census of dairy herds (NASS, 2012). In 

addition, sample size calculations assumed an expected true herd prevalence of JD of 60% 

(USDA, 1997), a desired herd-level sensitivity and specificity of 70% (VanLeeuwen et. al., 

2001), a precision for the estimate of +/-10% and a level of confidence of 80%. The number of 

herds included in the MNDHIA database was then compared to the sample size required to 

accurately estimate prevalence. 

Descriptive statistics and spatial pattern recognition  

The apparent JD prevalence, the spatial distribution of JD test-positive farms, and the 

presence of spatial autocorrelation in the risk of JD and in other covariates considered were 

visualized and, for the latter, estimated using Moransô I and Getis Ord Gi* statistic (Moran 1948; 

Getis and Ord, 1992; Ord and Getis, 1995). Moransô I statistics measures the overall spatial 

autocorrelation of the herds based on both locations and value of the variable simultaneously 

(Moran, 1948). Whereas, areas where the local sum of values for a given variable significantly 

differed from the expected location sum were recognized by the Getis Ord Gi* statistic (Getis and 

Ord, 1992; Ord and Getis, 1995). The Getis Ord Gi* statistics recognizes herds with high value of 

the variable next to herds with high values of the variable (high-high clusters), herds with low 

value of the variable next to herds with low values of the variable (low-low clusters), and no-

matching pairs (high-low, or low-high values). Categorical variables, not suited for Getis Ord Gi* 

analysis, were mapped for visualization.  

http://epitools.ausvet.com.au/
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Classification of JD status  

The output variable (herd JD status) was dichotomized as follows: 1) herds that had 

sampled an appropriate number of cows to be considered ódisease-freeô (see below) and had no 

positive results in any herd test during the study period (negative herds), and 2) herds with 1+ 

cows with ELISA positive results (positive herds). The appropriate sample size to certify disease 

freedom in a herd, i.e. minimum required sample size per herd, using an imperfect test and 

adjusting for a finite population was set for each herd using the AusVet EpiTool Epidemiological 

calculator (URL: http://epitools.ausvet.com.au; Humphry et. al., 2004; Thrusfield 2005). 

Assumptions for the calculations were a) design prevalence, i.e. expected within-herd prevalence 

when infected, of 10% (Raizman et. al., 2011), and b) sensitivity of the diagnostic test of 52% 

(and the specificity of 98%) (IDEXX Laboratories Inc., Maine, USA.). Herds that tested fewer 

cows than the appropriate sample size and in which no positive cows were excluded from the 

analysis because their apparent JD disease-freedom state could not be reliably demonstrated.  

 

Regression Analysis  

The outcome variable used in all models was farm-level JD test-status (positive, 

negative). The herd size, which ranged between 1 and 1,929 cows, was categorized using Jenksô 

natural breaks method (Jenks, 1967). The testing frequency per herd during the 2.5 years varied 

between once and 30 times, and was categorized into four classes (1, 2 to 5, 6 to 20, and >20). 

Soil pH values ranged between 5.6 and 7.5, and were categorized into three (<6.0, 6.0 to 7.0, and 

>7.0) groups. The soil type/texture was re-categorized into four classes based on the percentage 

of different types of particles as clay (>50% clay and Ò50% silt), sand (>50% sand and Ò50% 

clay), silt (>50% silt and Ò50% sand), and loam (equal proportions of sand, silt and clay, i.e. 

Ò50% sand, Ò50% clay, and Ò50% silt), following the soil texture triangle model described 

elsewhere (Davis and Bennett, 1927; Soil Science Division Staff, 2017). Soil hydrologic 

characteristics were summarized into four categories: 1) Type A with low runoff potential, 2) 

Type B with moderately low runoff potential, 3) Type C with moderately high runoff potential, 

and 4) Type D with high runoff potential, when completely wet (Soil Survey Staff, 2018). 

Agroecological biome features included four categories, namely, crop/grassland, non-vegetated 

land, shrubland, and deciduous forest (Supplement Table S3.1). The VJDHSP participation status 

was incorporated into the model as a dichotomous variable (current participant vs. non-participant 

herds).  

http://epitools.ausvet.com.au/


126 

To avoid multicollinearity, a simple logistic regression was used to assess the marginal 

association between JD status and the covariates. The strength of the association between pairs of 

covariates was analyzed using Chi-square test followed by a Cramerôs V test. Variables with p-

value <0.2 and that were not significantly associated among them (i.e., Chi-square p-values >0.05 

and Cramerôs V >0.5) were tested as candidate variables in the full multivariable logistic 

regression model. To prevent overfitting, the full model, including all possible 2-way interactions 

deemed biologically plausible, was subjected to backward stepwise regression based on the 

lowest Akaike Information Criterion (AIC) until the most parsimonious (final) model was fitted. 

The regression analysis was carried out using the R Statistical Software (Foundation for 

Statistical Computing, Vienna, Austria). For the descriptive analysis and logistic regression we 

used R packages 'Baseô (R core team, 2017) and óMASSô (Venables and Ripley, 2002).    

Evidence of spatial autocorrelation in the residuals of the final regression model was 

assessed using the global Morans I and local Getis Ord Gi* tests. To account for potential spatial 

dependence in the outcome variable, a proper conditional autoregressive model (CAR) structure 

was included in the model (Besag, 1974) using the ñspdepò R package (Bivand et al., 2013; 

Bivand and Piras 2015). Distances of 1km, 5km, 10Km, 15km, 20km and the minimum distance 

between herds that guaranteed all herds had at least one neighbor were tested alternatively to 

define the neighborhood matrix in the CAR (Banerjee et al., 2015). The isolated herds without a 

neighbor at each distance thresholds were assigned a lag value of zero at each model fit. The AIC 

values and significance of the spatial correlation parameter of the CAR model (l) from the 

regression models with and without the CAR model structure were compared to select the best 

model (Banerjee et al., 2015).  

 

 

3.4 Results  

3.4.1 Spatial representativeness 

During the 2.5-year study period, 600/4,746 (13%) dairy herds in Minnesota  tested at 

least once for JD at MNDHIA laboratories, representing 18.7 % (600/3,210) of the licensed dairy 

herds in Minnesota with permits to ship milk for human consumption (NASS, 2018). Figure 1 

depicts the number of MNDHIA sampled dairy herds by county, the minimum required number 

of herds to estimate a true JD prevalence, and the number of dairy herds listed in the 2012 NASS 
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Census of Agriculture (by terciles). We observed that the distribution of the MNDHIA 

participants included in this study mirrors the pattern of the milk cow herds included in the 

USDA NASS 2012 report (Figure 3.1). Nevertheless, the minimum sample size required to 

estimate disease prevalence was not attained in any Minnesota county except Ramsey (where 

both the appropriate and observed sample sizes were 1).  

 

Fig. 3.1. The participation of study herds as a percentage of the ideal sample size, by county, is 

summarised with the graduated symbols. The Minnesota Dairy Herd Improvement Association 

testing laboratories are illustrated with triangles. The background indicates the dairy cattle farm 

density by county, based on 2012 census of the National Agricultural Statistics Service (NASS, 

2012).   
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3.4.2 Descriptive statistics and spatial pattern recognition  

The apparent herd-level prevalence of MAP, based on having 1+ cows with a positive 

milk ELISA, was 69% (414/600). The MNDHIA herds in this study included both small (<100 

cows, n= 332) and large (Ó 100 cows, n=268) dairies. Figure 2 illustrates the Getis ord Gi* local 

test results for JD status and the covariates in the geographical space According to the Getis Ord 

Gi* analysis, we concluded that a certain risk of JD infection was present in herds throughout 

Minnesota, although herds in the southeastern corner were more likely to be JD test-positive 

compared to the herds in the northcentral region (Fig 3.2: Panel a). The herd size of the study 

population showed a similar pattern where larger herds were located in the southeastern corner of 

the state, while smaller herds were in the northcentral region (Fig. 3.2: Panel b). We observed no 

spatial pattern in the testing frequency (Fig 3.2: Panel c). Spatial patterns were observed for many 

of the remaining covariates: soil pH, soil type (texture), soil hydrologic characteristics (runoff 

potential), and agroecological characteristics (Fig. 3.2). The soil pH in Western Minnesota 

contained predominantly alkaline soils. However, the soil type (texture), hydrologic soil types, 

and agroecological characteristics demonstrated intricate patterns of spatial distribution. 

According to the Cramerôs V, none of the covariates were strongly associated with   each other.  
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Fig. 3.2. Spatial patterns of Johneôs disease status and the associated covariates. Points represent the location of study herds (n=600). Panels a, b, 

and c illustrates the results of the Getis Ord Gi* local test where herds with high value of the variable next to herds with high values of the variable 

are represented in red (high-high clusters), herds with low value of the variable next to herds with low values of the variable represented in blue 

(low-low clusters), and no-matching pairs in yellow (high-low, or low-high values) (Getis and Ord, 1992; Ord and Getis, 1995). Panels e, f, g, and 

h simply depict the distribution of covariates. 
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3.4.3 Classification of JD status 

Based on the appropriate number, i.e. minimum sample size per herd (Table 3.2) 

criterion, we observed 437/600 (72.83%) herds that had tested an appropriate number of cows 

during the study period.  Of those, 186 herds (31%) had no test-positive cows.  

 

 

Table 3.2. Minimum sample sizes to be collected required to estimate freedom from Johneôs 

Disease (JD) at the herd level, using an imperfect test and adjusting for a finite population 

calculated using the AusVet EpiTool Epidemiological calculator (URL: 

http://epitools.ausvet.com.au).  

Herd size (number of cows) Sample size* 

5-20 N/A (Recommendation: Same as herd size) 

21-25 20 

26-40 24 

41-55 25 

56-65 26 

66-80 27 

81-95 28 

96-100 29 

101-250 30 

>251 31 

*Assumptions: a) design prevalence, i.e. expected within herd prevalence =10%, b) sensitivity of 

the diagnostic test of 52%, and c) expected number of test infected cows in a herd is a product of 

herd size and the design prevalence. 

 

3.4.4 Regression results  

Herd size, testing frequency, and soil type (texture) were retained in the final 

multivariable model (Table 3.3). The Moranôs I and Getis Ord Gi* statistics indicated that there 

was no spatial autocorrelation in the regression residuals (p-value > 0.05). Similarly, results of the 

fitted CAR model suggested that the spatial dependence for dairy herds located between 5 and 

20km was not significant after adjusting for the covariates, and its AIC value was higher than that 

of the model without the spatial component (Table S2). The spatial correlation parameter of the 

CAR model (l) was not significantly different from zero for any of the distance thresholds 

considered (Table 3.3).  

http://epitools.ausvet.com.au/
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Table 3.3. Odds ratios, coefficients, and p-values of the association between epidemiological 

factors and herd-level Johne ôs Disease status, based on ELISA assays performed on individual 

milk samples in 600 herds in Minnesota. 

*p-values from the Likelihood Ratio Test. Spatial correlation parameter (l).  

# VJDHSP= USDA Voluntary Johneôs control program.  

Covariates N Univariable analysis Multivariable analysis 
Odds ratio 

(CI95%) 

p-

value* 

ɓ S.E. Odds ratio 

(CI95%) 

p-value* 

Herd size  <0.001    <0.001 

1 to Ò 195 476 Ref - - - - - 

196 to Ò 553 100 1.67(1.39-2.02) <0.001 1.58 0.43 4.84(2.20-12.27) <0.001 

554 to 1929 24 13.74(2.86-

246.87) 

0.011 1.54 1.08 4.67(0.83-88.29) 0.153 

Testing frequency   <0.001    <0.001 

1 208 Ref - - - - - 

>1 to Ò 5 208 3.04(2.03-4.57) <0.001 1.03 0.21 2.81(1.86-4.29) <0.001 

6 to Ò 20 80 13.15(6.16-

32.64) 

<0.001 2.48 0.43 11.85(5.44-

29.82) 

<0.001 

21 to 30 104 64.30(19.64-

396.39) 

<0.001 3.77 0.73 43.34(13.00-

269.33) 

<0.001 

Soil type (texture)  <0.001    0.017 

Sand 189 Ref - - - - - 

Silt 115 2.87(1.69-5.01) <0.001 0.63 0.32 1.88(1.01-3.54) 0.047 

Loam 290 1.79(1.21-2.63) 0.003 0.63 0.22 1.88(1.21-2.93) 0.005 

Clay 6 3.59(0.56-69.51) 0.25 1.62 1.15 5.04(0.68-

102.54) 

0.162 

Soil pH  0.004     

<6.0 44 Ref -     

6.0 to 7.0 467 2.15(1.14-4.03) 0.02     

>7.0 89 2.21(1.05-4.70) 0.037     

Hydrologic soil type  0.87     

A 57 Ref      

B 205 1.23(0.64-2.29) 0.527     

C 119 0.95(0.47-1.85) 0.874     

D 211 0.95(0.49-1.76) 0.872     

Participation in VJDHSP#   0.84     

Non-participants 576 Ref -     

Participants 24 1.09(0.46-2.87) 0.84     

        

Agroecological zone  0.57     

Crop/Grassland 534 Ref -     

Non-vegetated land 52 0.85(0.76-0.96) 0.76     

Shrubland 7 0.94(0.82-1.07) 0.50     

Deciduous Forest 7 1.08(0.95-1.22) 0.50     

Spatial dependence       

1km 0   l=N/A   

5km 344   l=0.00  0.962 

10km 519   l=0.03  0.171 

15km 565   l=0.02  0.256 

20km 580   l=0.01  0.157 

109.7km 600   l=-0.01  0.352 
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3.5 Discussion 

To our knowledge, this is the first study suggesting the use of an existing voluntary 

testing program to track JD in Minnesota. Study recognizes that the MNDHIA voluntary testing 

program may be a useful source to investigate the JD status of Minnesota dairies. The voluntary 

testing program participants in 2014-2017 represents 13% of the dairy herds across Minnesota 

and represents areas with both high and low density of dairy farms. Even though county-level JD 

herd prevalence could not be reliably estimated, because the required sample sizes were not 

achieved in most counties, we were able to establish the herd-level JD status (positive/negative) 

in most (600/723; 83%) of the herds participating in the program.  

As per the epidemiological factor analysis, the most important epidemiological factors 

contributing to the JD status of a herd were herd size, testing frequency, and soil type, i.e. texture. 

We did not observe spatial dependence of the residuals of the regression model indicating that the 

observation of similar characteristics in JD status in the participant dairy herds were explained by 

the three covariates, namely, herd size, testing frequency, and soil type, i.e. texture. These results 

will be used to inform the potential use of the database as a surveillance tool and to suggest 

improvements in JD testing program conducted by MNDHIA.  

The dairy herds in the southern Minnesota were more likely to be JD test-positive 

compared to herds in the north-central region (Fig. 3.2: Panel a). Interestingly, the spatial pattern 

of the herd size and the JD status of the study population showed a similar pattern (Fig. 3.2: Panel 

b). A comparable observation where participant herd sizes were unevenly distributed in space was 

also observed among participants in a Danish JD control program (Bihrmann. et al., 2012). 

Examination of the reasons why dairy farmers choose to test, or not, for JD status exceeded the 

scope of this study. It is envisaged that participation in voluntary testing and control programs 

varies due to multiple factors such as: a) farmersô belief in the importance of the JD (Ritter et. al., 

2015), b) farmerôs belief in control and prevention strategies including the investment of time and 

resources (Ritter et. al., 2016), and c) availability of the testing facilities and trained personnel to 

conduct testing at convenience (USDA-APHIS, 2010; Collins et al., 2010).  

The herds located on silt, loam, or clay soils were more likely to be JD positive compared 

to the herds located on sandy soils. This observation contradicts early studies in the Midwest 

(Ward and Perez, 2003), which found that high silt content was associated with reduced detection 

of JD. However, studies by Dhand et al., (2009) and Salgado et al., (2011) described the increased 

likelihood of detecting JD on loamy and clay soils, respectively. This survival of MAP on loamy 
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soil was experimentally observed by Salgado et al. (2011), which concluded that MAP tends to 

migrate slower through loamy soils compared to sandy soils and thus loamy soils may have MAP 

contaminated upper soil layers and pasture. Furthermore, according to Salgado et al., (2011), in 

addition to soil type, the amount of rainfall and the soil pH also play an important role in the fate 

of MAP in the environment. Soil hydrologic characteristics and pH were not included in the final 

model, but it is worthwhile to acknowledge that soil texture, pH, and hydrologic characteristics 

are interconnected (Ditzler et al., 2017) and further analysis is needed to understand the 

association of soil features with MAP.  

Limitations associated with this study include the restricted generalizability of the results 

because MNDHIA data represent only 13% of dairy herds in Minnesota. Additionally, the lack of 

information on herd characteristics other than herd size and testing frequency limited the value of 

our analysis. When data arise from imperfect surveillance systems, the interpretation of results 

must be done with caution because the covariates can be related either to the occurrence of the 

disease or to the efficiency of the data collection system (Vergne et al., 2014). However, 

evaluating an existing database in relation to the features such as benefit, coverage, data 

collection, representativeness, and sustainability are key steps when considering passive 

surveillance (Velasova et al., 2015). 

Usefulness of the existing production and health data for veterinary surveillance, 

research, and management decision making is well acknowledged (Velasova et al., 2015). 

Although MNDHIA JD testing is not currently designed for multiple uses and does not offer to 

support a control program, we recognized opportunities to improve the MNDHIA database to be 

used as a passive surveillance tool. For example, this study has determined the number of herds 

and the number of animals to be sampled from each herd to ensure a reliable evaluation of its JD 

status (positive/negative). Additionally, improving the database enables collecting accurate farm 

location data, herd-level information, and biosecurity measures to facilitate a better assessment of 

JD status/risk. This study elucidates the evaluation of JD at herd and regional level using 

available data. The individual-level data analysis of the same dataset was presented elsewhere 

(Machado et. al., 2018). 

Establishing a novel JD surveillance program would be costly. A voluntary testing 

database could be a preferred solution for monitoring endemic chronic diseases like JD (Velasova 

et al., 2015). Moreover, the strength of using MNDHIA data as a source is that there are sixteen 

National Dairy Herd Improvement Association laboratories across the U.S. 

(http://www.dhia.org/members.asp) and their network already acts as a record keeping system for 
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dairy farming systems. Having a system to evaluate the JD status in a region would benefit the 

dairy industry in multiple ways: estimating herd-level JD status, recognizing the differences 

between participants and non-participants, understanding underlying risk factors and covariates in 

the neighborhoods, and eventually recognizing disease-free areas (Garcia and Shalloo 2015).  

 

3.6 Conclusions 

In summary, results reported here suggest that a routinely generated database obtained 

from a voluntary testing program can be used as a passive surveillance tool to monitor the 

infection status and epidemiological determinants of JD. However, because the risk of 

introduction may always be present, successful prevention and control of JD depends on ongoing 

willingness to continue funding, surveillance, and research on the disease by both animal health 

authorities and the livestock industry (Federal Register 65, 2000; Kennedy and Benedictus, 2001; 

Garcia and Shalloo 2015).   
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3.9 Supplement Tables and Figures 

 

Supplement Fig. S3.1. The study population (n=600; 13% of the 4,746 dairy herds in 

Minnesota (NASS, 2012) compared to the participants in the Minnesota Dairy Herd Improvement 

Association (MNDHIA; n=1,741). The 600 herds here 18.7 % of the licensed dairy herds in 

Minnesota with permits to ship milk (NASS, 2018). Between November 2014 and April 2017, 

there were 723 herds tested for JD at MNDHIA. Among those, 123 were excluded due to 

locations outside Minnesota (MN) including Iowa (IA), Wisconsin (WI), and South Dakota (SD); 

herds without location information; and, 3) inadequate sampling. 

 

  

NASS-MN 2012 (4,746)

MN (1,627)

IA

SD

WI
Study population 

(600, 13%)

MNDHIA (1,741)

DHIA JD tested herds (723)

NASS-MN Licensed dairy 

herds 2017 (3,210)
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Supplement Table S3.1. Environmental factors assessed for association with Johneôs disease 

status in Minnesota dairy herds participating in the voluntary testing program conducted by 

Minnesota Dairy Herd Improvement Association.  

Variable Description and relevant references Data source 

1. Soil type 

(texture) 

Soil types re-categorized based on the 

percentage of the clay, sand, and silt 

content, as seen in the figure below i.e. 

USDA soil classification (Davis and 

Bennett, 1927; Soil Science Division 

Staff, 2017)

 

Gridded Soil Survey Geographic 

(gSSURGO) Database for the 

Conterminous United States - 10 

meter resolution. 

(http://datagateway.nrcs.usda.go

v) 

2. Soil pH Values ranged between 5.6 and 7.5. 

Missing data were represented with a 

zero 

Gridded Soil Survey Geographic 

(gSSURGO) Database for the 

Conterminous United States ï 

10 meter resolution. 

(http://datagateway.nrcs.usda.go

v) 

3. Hydrolog

ic soil 

group 

(run-off 

potential) 

Seven categories: A, B, C, D, A/D, 

B/D, and C/D. A/D, B/D, C/D, and D 

categories were combined to one 

category and labelled ñDò for the 

analysis here.  

Web soil Survey. 

(https://websoilsurvey.sc.egov.u

sda.gov/) 

Loam

Clay

Sand Silt

http://datagateway.nrcs.usda.gov/
http://datagateway.nrcs.usda.gov/
http://datagateway.nrcs.usda.gov/
http://datagateway.nrcs.usda.gov/
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4. Agroecol

ogical 

zone 

The National Gap Analysis Project 

(GAP) vegetation information were 

categorized into four levels. The Level 

2 categorization was used in the 

analysis.  

Upper Midwest Gap Analysis 

Program 

(UMGAP)(http://www.umesc.us

gs.gov/reports_publications/psrs

/psr_1999_04.html ) of the U.S. 

Geological Survey. 30-meter 

resolution. 

(gapanalysis.usgs.gov) 

 

 

Supplement Table S3.2. Akike information criterion (AIC) values for the model fits.  

Model AIC  

Final regression model 591.47 

Final regression model with iCAR at following distances:  

1Km 640.64 

5Km 640.65 

10Km 638.78 

15Km 639.36 

20Km 638.65 

109.7Km 639.79 
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Chapter 4: Animal  and Public health 

The use of spatiotemporal cluster analysis as a tool to recognize 

historic patterns of Anthrax in endemic areas: A comparison 

between Minnesota and Kazakhstan  

 

In review: PLoS ONE (December 2018) 

Kanankege KST, Abdrakhmanov SK, Alvarez J, Glaser L, Bender JB, Mukhanbetkaliyev YY, 

Korennoy FI, Kadyrov AS, Abdrakhmanova AS, Perez AM. Comparison of spatiotemporal 

patterns of historic animal Anthrax outbreaks in Minnesota and Kazakhstan.   
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4.1 Overview 

Disease spread in populations is a consequence of the interaction between host, pathogen, and 

environment, i.e. the epidemiological triad. Yet the influences of each triad component may vary 

dramatically for different settings. Comparison of environmental, demographic, socio-economic, 

and historical backgrounds may support tailoring site-specific control measures. Because of the 

long-term survival of Bacillus anthracic, Anthrax is a suitable example for studying the influence 

of triad components in different endemic settings. We compared the spatiotemporal patterns of 

historic animal Anthrax records in two endemic areas, located at northern latitudes in the western 

and eastern hemispheres. Our goal was to compare the spatiotemporal patterns in Anthrax 

progression, intensity, direction, and recurrence (disease hot spots), in relation to epidemiological 

factors and potential trigger events. Reported animal cases in Minnesota, USA (n=289 cases 

between 1912 and 2014) and Kazakhstan (n=3,997 cases between 1933 and 2014) were analyzed 

using the spatiotemporal directionality test and the spatial scan statistic. Over the last century 

Anthrax occurrence in Minnesota was sporadic whereas Kazakhstan experienced a long-term 

epidemic. Nevertheless, the seasonality was comparable between sites, with a peak in August. 

Declining number of cases at both sites was attributed to vaccination and control measures. The 

spatiotemporal directionality test detected a relative northeastern directionality in disease spread 

for long-term trends in Minnesota, whereas a southwestern directionality was observed in 

Kazakhstan. In terms of recurrence, the maximum timespans between cases at the same location 

were 55 and 60 years for Minnesota and Kazakhstan, respectively. Disease hotspots were 

recognized in both settings, with spatially overlapping clusters years apart. Distribution of the 

spatiotemporal cluster radii between study sites supported suggestion of site-specific control 

zones. Spatiotemporal patterns of Anthrax occurrence in both endemic regions were attributed to 

multiple potential trigger events including major river floods, changes in land use, agriculture, 

and susceptible livestock populations. Results here help to understand the long-term 

epidemiological dynamics of Anthrax while providing suggestions to the design and 

implementation of prevention and control programs, in endemic settings. 

 

4.2 Introduction  

Anthrax is a zoonotic disease affecting livestock, wildlife, and humans which caused by the 

spore-forming bacterium Bacillus anthracis (Sternbach, 2003). Anthrax spores survive for 

extended periods of time in the environment and rapidly return to vegetative stages once 
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conditions are favorable (Driks, 2009). Therefore, recurrence of Anthrax is observed in endemic 

areas years apart (Driks, 2009; Elvander et al., 2017), which makes the recognition of risk areas 

and control zones a challenging task. Epidemiological determinants of Anthrax include soil pH, 

calcium, and organic matter content (Hugh-Jones et al., 2009), precipitation, temperature, wind, 

and vegetation biomass (Turnbull et al., 1988; Blackburn et al., 2007; Abdrakhmanov et al., 

2017a). Additionally, river drainages/flood plains, wild herbivore population, human population 

densities, and anthropogenic activities, such as limestone mining or road building, are recognized 

to play a role in the occurrence of Anthrax outbreaks (Sternbach, 2003; Ottorino et al., 2008).  

Recurrence of Anthrax in endemic areas is often analyzed and modeled in relation to the 

environmental characteristics of the setting, to identify high risk areas (Blackburn et al., 2007; 

Abdrakhmanov et al., 2017a), despite differences in the demographic, socio-economic, and 

historical backgrounds. However, a recent study which attempted to predict habitat suitability for 

Bacillus anthracis in Kazakhstan using an ecological niche model (ENM) fitted to USA data (and 

vice versa), failed to accurately predict the pathogen presence in novel landscapes (Mullins et al, 

2013). Their observed differences in ENM predictions were attributed to the genetic-ecological 

divergence of the pathogen at different locations, suggesting that site-specific features should be 

considered when assessing the disease epidemiology and, ultimately, planning for prevention and 

control activities. Additionally, one may argue that it is equally important to understand the 

influence of spatiotemporal epidemiological factors and trigger events that led to the Anthrax 

occurrences, in addition to the recognition of ecological suitability. The inability to accurately 

predict the pathogen presence in novel landscape as seen in Mullins et al. (2013) study potentially 

is a result of the differences in the demographic, socio-economic, and agricultural-livestock 

production backgrounds play a major role in determining the spread of pathogens in different 

settings. 

As suggested by the epidemiological triad concept, the interaction between host, pathogen, 

and environment results in disease patterns of populations. Yet the influences of each triad 

component may dramatically vary for different spatiotemporal conditions. The spatiotemporal 

characterization of historic Anthrax occurrence would facilitate identifying the patterns of 

climatic, anthropogenic, socioeconomic, agricultural, and environmental changes that may have 

led to the relevant disease outbreaks. Understanding those epidemiological factors and trigger 

events which may have influenced the spread of Anthrax, especially at the hotspots in which 

Anthrax recurs, may support suggesting tailored and site-specific risk zones to improve planning 

of control measures. 
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The site-specific spatiotemporal patterns of Anthrax spread could be better demonstrated 

in a generalizable manner if more than one endemic site was assessed. Here, two distinctly 

different Anthrax endemic sites, located at similar latitudes in the eastern and western 

hemispheres were selected for this study, namely, the U.S. state of Minnesota (latitudes 44o 

through 48o, North) and the Republic of Kazakhstan (latitudes 42o through 56o, North). Moreover, 

the socio-economic and demographic conditions of the two settings have been substantially 

different, historically. Both Minnesota and Kazakhstan have recorded Anthrax cases since early 

1900ôs (Abdrakhmanov et al., 2017a; Bender wt al., 2006). Although ENM approaches were used 

to compare between the suitability of the two sites (Blackburn et al., 2007; Abdrakhmanov et al., 

2017a; Mullins et al, 2013), the historic spatiotemporal patterns of both sites have not been 

analyzed retrospectively to identify potential disease hotspots and the trigger events.  

The objectives of this study were to understand and compare the progression, intensity, 

direction, and recurrence of animal Anthrax cases in relation to epidemiological factors and 

trigger events in Minnesota and Kazakhstan over an extended period of time. The analysis was 

intended to generate hypotheses regarding the association of the outbreaks with site specific 

trigger events, to ultimately suggest control zone boundaries based on the reported data.  

 

 

4.3 Data and Methods 

4.3.1 Data 

In Minnesota, 289 animal Anthrax cases reported between 1912 and 2014 to the Minnesota 

Board of Animal Health (MNBAH) were used in the analysis. For events occurred between 1920 

and 1999 the geographical coordinates were obtained using historic aerial images whereas, for 

those cases that occurred after 2000, coordinates were recorded during site visits (Bender et al., 

2006). In addition to location details, the database contained the number and species affected and 

date in which the disease was first reported. Both laboratory confirmed (n=233, 80.6%) and 

suspected cases were included in the analysis. 

For the Republic of Kazakhstan, laboratory confirmed cases reported by the Cadastral register 

of stationary unfavorable foci on Anthrax between 1933 and 2014 (n=3,997) were analyzed. 

Kazakhstanôs database contained coordinates of the location, year, number, animal species 

affected, and for 2,027 (53.6%) cases, the date of report. 
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4.3.2 Methods 

A descriptive analysis was performed to characterize the animal species affected and the 

locations with recurrent Anthrax cases. Epidemic curves were used to visualize the annual 

progression of Anthrax cases. Seasonality of animal Anthrax occurrence was explored by plotting 

the monthly sum of cases in each location. Because precise date of report was only available for 

53.6% of the records from Kazakhstan, the remaining 1,970 records in which only the year was 

provided were eliminated of the temporal analysis. Additionally, the G-rates of animal Anthrax, 

i.e. the number of cases over a land area unit in one year (Chen and Wang, 2017), were calculated 

to compare the heterogeneity of disease occurrence of both sites. 

Spatiotemporal directionality of Anthrax spread was analyzed using the spatiotemporal 

directionality test implemented in the ClusterSeer v.2.05. software (User manual, 2012: 

https://www.biomedware.com/). The spatiotemporal directionality test was used to detect the 

space-time interaction through a calculation of the mean direction of Anthrax spread. In this 

analysis, the directionality is measured by means of the angle, i.e. the rotation from the horizontal 

axis (with east corresponding to 0º), and the angular concentration (AC). The AC quantifies the 

magnitude of the variance in the angles between vectors connecting pairs of cases (value between 

0 and 1), where the closer the values get to one, the higher the consistency in the direction of 

disease spread. A relative matrix was computed for the analysis, which uses vectors connecting 

each case to all the following cases to measure the directionality. The significance of the mean 

direction was evaluated through a randomization procedure, which retains constant geographic 

locations and randomly assigns the time between pairs of cases.  The p-value was determined by 

comparing the AC from the original (non-randomized) data to the null distribution generated 

through the randomization process in 999 iterations (User manual, 2012: 

https://www.biomedware.com/). 

The permutation model of the scan statistic was used to quantify the spatiotemporal pattern of 

disease occurrence in both settings, with the intention to identify areas with recurrent outbreaks 

(disease hot spots) (Kulldorff et al., 2005). The spatiotemporal permutation model creates 

cylinders of candidate clusters of disease throughout the study area and time period. The base and 

height of the cylinder, representing space and time respectively, varies up to a maximum value of 

50% of the study population (Kulldorff et al., 2005), which determines the possible maximum 

size of the cluster. The null hypothesis of the permutation model of the scan statistic is based on 

https://www.biomedware.com/
https://www.biomedware.com/
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an even distribution of cases in time and space regardless of the distribution of controls or the 

population at risk. The ratio between observed and expected number of cases within each 

candidate cylinder is computed and the significance of the cluster is tested using a Monte Carlo 

simulation process in which time labels are randomly assigned to each location 999 times 

(Kulldorff et al., 2005). Candidate clusters with a P Ò0.05 were assumed to represent space-time 

clusters at high risk for occurrence of the disease. The test was implemented using the SaTScan 

software (http://www.satscan.org/version 9.6). The spatiotemporal permutation model of the 

spatial scan statistic was set to a maximum of 10% and 5% for the spatial and time windows, 

respectively. The sensitivity of space and time parameters was assessed by repeating the analysis 

with maximum window sizes of 50%, 30%, 20%, 10%, and 5%. The resulting clusters 

characteristics were compared in relevance to the location, radii, and the stakeholderôs/expertsô 

knowledge of outbreaks. The stakeholders/experts were MNBAH and the research experts of 

Seifullin Kazakh Agrotechnical University, Kazakhstan.   

 

4.3.3 Investigation of potential trigger events related to historic outbreaks  

To describe and hypothesize on the underlying trigger events related to the results of the 

detected spatiotemporal clusters, historic records related to livestock distribution, agriculture and 

crop production, land use, and environmental events such as major floods and droughts, were 

investigated. 

  

http://www.satscan.org/
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4.4 Results  

Minnesota experienced a period of multiple outbreaks prior to 1958, with three peaks in 1919, 

1938, and 1953, respectively (Fig. 4.1). After 1958, the number of animal Anthrax cases 

decreased until 2000-2005, a period in which another major outbreak was observed (Fig. 4.1). 

The epidemic curve of Kazakhstan was consistent with a prominent and lengthy epidemic of 

animal anthrax that began in the 1940ôs and decreased during the 2000 and 2005 period, with a 

peak of 220 cases reported in 1968 (Fig. 4.1). Most of the cases in both Minnesota and 

Kazakhstan were reported in summer months, with a peak in August (Minnesota with n=90/289; 

31.1% and Kazakhstan: n=499/3,229; 24.6% respectively) (Fig. 4.2). 

Anthrax cases were not homogenously spread across the geographical space in Minnesota or 

Kazakhstan before and after the most recent/peak outbreak (Fig. 4.3). In Minnesota, a total of 222 

unique locations with Anthrax cases were reported between 1912 and 2014. Most of the locations 

affected before the year 2000 were located in the southwestern part of Minnesota, whereas most 

of the cases reported after 2000 were located in the north-western corner of the State (Fig. 4.3). A 

total of 209 cases occurred in cattle, 119 in horses, 100 in swine, 55 in canids, and 9 in small 

ruminants. Some (n=28) locations/farms reported recurrence of the disease Ó2 years apart, with a 

mean, median, and maximum time-spans of 10.9, 7, and 55 years (1941 and 1996) between 

recurrent cases in the same location. 

In Kazakhstan, a total of 1,797 unique locations with animal Anthrax cases were reported 

between 1933 and 2014. The number of cases by species in Kazakhstan were 2,397 cattle, 1,210 

small ruminants, 225 equines, 152 swine, 6 camels, 5 canids (dogs and foxes), 1 mink, and 1 

borrowing animal case. Among the 1,797 locations/farms, there were 970 reported recurrences Ó2 

years apart, with a mean, median, and maximum time-span of 7.47, 5, and 60 years (1947 and 

2007) between recurrent cases in the same location, respectively.  

According to the G-rate indicator of heterogeneity, compared to Minnesota (255 total cases in 

a 225,180 km2 area, G-rate=0.012±0.02), the overall number of cases reported from Kazakhstan 

(3,997 total cases in a 2.725+06 km2 area, G-rate 0.0178±0.019) was relatively high (unit of G-

rate: number of cases per 1000 km2 within a year).   
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Fig. 4.1. Epidemic curves illustrating the number of animal Anthrax outbreaks. Outbreaks were reported between 1912 and 2014 in 

Minnesota and between 1933 and 2014 in Kazakhstan (Bars indicate annual number of reported cases, left axis, and lines indicate cumulative 

number of cases, right axis). 
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Fig. 4.2. Number of animal Anthrax cases by month in Minnesota (1912-2014) and 

Kazakhstan (1933-2014). The number of cases included in the monthly analysis (n) were 289 

and 2,027 for Minnesota and Kazakhstan (53.6% of the total records of Kazakhstan) respectively.  
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Fig. 4.3. Maps illustrating the distribution of animal Anthrax at certain time intervals.  

Panels a, b, and c represents cases in Minnesota between 1912 and 2014. Panels d, e, and, f 

represents cases in Kazakhstan between 1933 and 2014.According to the spatiotemporal 

directionality test performed using the relative time matrix, a northeastern directionality (42°) was 

found in Minnesota and a southwestern directionality for Kazakhstan (260°) with low (~0.1) 

though significant (p<0.05) AC values in both locations.  
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The spatiotemporal permutation model of the scan statistic detected 13 significant (p<0.05) 

clusters in Minnesota with spatial and temporal sizes spanning between 2 and 80 km and 1 to 2 

years and observed-to- expected ratios (O/E) ranging between 4 and 63 (Fig. 4.4 and Table 4.1). 

There was a location where Anthrax was first reported in 1941 and then again in 1996, i.e. 55-

years apart. When the recurrence occurred in 1996 this area resulted in an outbreak, as indicated 

by cluster #MN-12. In Kazakhstan 17 significant (p<0.05) spatiotemporal clusters with radii 

ranging between 18 and 309 km and temporal lengths between1 to 3 years, and O/E between 3 

and 57 were obtained (p<0.05) (Fig. 4.5 and Table 4.1). The location where Anthrax was reported 

60 years apart, i.e. first in 1947 and again in 2007, was located within the area captured by cluster 

#KZ-4, towards the west of Astana, Kazakhstan. When the spatiotemporal cluster radii were 

compared between the sites (Table 4.1), relatively smaller spatiotemporal clusters ranging 

between 2.07 to 39.9 km (median=12.1 km and average= 14.8 km) were found for Minnesota, 

whereas, Kazakhstanôs clusters ranged between 18.4 to 309.2 km (median = 66.6 km and 

average=98.0 km) (Supplementary Fig. S4.1). 

The sensitivity analysis (Supplementary Fig S4.2) revealed no changes in the 

approximate location of the clusters. With space-time window sizes 10% and 5%, the location 

and the range of cluster radii were comparable. However, when used 5% space-time window, 

three separate clusters were detected in northwestern Minnesota: one cluster in 2001 and two in 

2006. Whereas, in Kazakhstan, with the 5% space-time window parameters, two clusters with < 1 

km were detected in the southeastern region of the country in year 2000. 

The summary of characteristics of the spatiotemporal patterns recognized through above 

analyses, representing the disease progression (epidemic curves), intensity (G-statistics), direction 

(spatiotemporal directionality test), and recurrence i.e. disease hot spots (spatiotemporal cluster 

analysis) were compared between the sites (Table 4.2). The epidemiological factors and relevant 

trigger events associated with spatiotemporal clusters are summarized in Supplementary Table 

4.1 and 4.2.  



156 

 

Fig. 4.4. Spatiotemporal clustering of animal Anthrax cases in Minnesota (time: 1912-2014). 

Clusters were detected using the space-time permutation model of the spatial scan statistic with 

the spatial-window set to 10% and 5%-time window. Clusters are numbered according to the 

order of the start date of the outbreak.  
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Fig. 4.5. Spatiotemporal clustering of animal Anthrax cases in Kazakhstan (time: 1933-2014).  Clusters were detected using the space-time 

permutation model of the spatial scan statistic with the spatial- and time-windows set to 10% and 5%, respectively. Clusters are numbered 

according to the order of the start date of the outbreak.
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Table 4.1. Summary of spatiotemporal clusters of Anthrax detected in Minnesota (between 1912 

and 2014) and Kazakhstan (between 1933 and 2014), using the spatiotemporal permutation model 

of the scan statistics. The spatial and temporal windows of the scan statistic were set to 10% and 

5% respectively.  

Cluster ID Radius 

(km) 

Number of 

case locations 

within the 

cluster 

Start (Year) End (Year) Observed-to-

expected ratio 

(O/E) 

Minnesota      

#MN-1 12.88 22 1919 1919 5.72 

#MN-2 12.14 8 1923 1924 28.44 

#MN-3 16.16 5 1925 1926 29.39 

#MN-4 5.99 8 1931 1932 19.20 

#MN-5 2.07 5 1932 1933 16.00 

#MN-6 6.91 6 1933 1933 12.08 

#MN-7 16.89 13 1937 1938 5.07 

#MN-8 36.61 13 1938 1939 6.16 

#MN-9 6.36 6 1945 1946 27.43 

#MN-10 5.88 3 1948 1948 72.00 

#MN-11 25.80 4 1953 1953 26.18 

#MN-12 4.59 4 1996 1997 48.00 

#MN-13 39.87 14 2001 2001 10.61 

Kazakhstan      

#KZ-1 32.94 18 1934 1937 10.77 

#KZ-2 61.04 15 1935 1938 34.48 

#KZ-3 69.90 24 1940 1940 57.41 

#KZ-4 229.99 270 1944 1947 5.38 

#KZ-5 309.19 38 1945 1947 7.70 

#KZ-6 66.65 15 1949 1952 9.50 

#KZ-7 115.82 43 1951 1954 4.59 

#KZ-8 46.97 23 1954 1957 4.89 

#KZ-9 29.86 6 1956 1958 10.65 

#KZ-10 273.36 157 1956 1959 2.70 

#KZ-11 91.66 36 1968 1969 5.61 

#KZ-12 35.48 10 1971 1971 13.09 

#KZ-13 119.16 42 1981 1983 8.65 

#KZ-14 18.67 4 1982 1983 41.98 

#KZ-15 18.40 7 1985 1987 35.13 

#KZ-16 102.38 51 1989 1992 5.25 

#KZ-17 44.72 36 2000 2001 7.81 
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Table 4.2. Summary of the similarities and differences of spatiotemporal patterns in Minnesota and Kazakhstan. 

 Minnesota, USA Kazakhstan 

Similarities 

Endemicity ã ã 

Seasonality with a peak in August ã ã 

The time-span of anthrax recurrence at a given location 55 years apart 60 years apart 

Spatially overlapping spatiotemporal clusters indicating 

recurrence of outbreaks in the same region (ñHot 

spotsò) 

ã ã 

River floods over the previous burial sites ã ã 

Decreasing trend of Anthrax cases due to control 

measures 

ã ã 

 

Differences 

Distribution of cases over time Sporadic Long-term epidemic  

Relative time spatiotemporal directionality of Anthrax 

spread 

Northwestern directionality (42°) Southwestern directionality (260°) 

Changes in livestock production and distribution Establishment of livestock production in 

south central Minnesota: Beef and dairy 

cattle  

Increase of livestock production since 

1934 

Livestock movement patterns State government regulated Seasonal movements with nomadic 

migrations (Historically) 

Open-range summer livestock grazing Reduced after mid-20th century Continued practice 

Vaccination As needed. Preventive vaccination is 

recommended in the areas where Anthrax 

was reported previously 

Inadequate or absence of vaccination 

before 1950ôs. Mass vaccination 

starting late 1960ôs. 

Drastic changes in land use N/A Virgin lands campaign 

Radii of spatiotemporal clusters Ranging between 2.07 to 39.9 km with a 

median of 12.1 km 

 

Ranging between 18.4 to 309.2 km 

with a median of 66.6 km 
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4.5 Discussion 

The study compared historic animal Anthrax occurrence in two endemic areas at similar 

northern latitudes in the western and eastern hemispheres, where socio-economic and 

demographic conditions were drastically different, with the objective of comparing 

spatiotemporal patterns of disease progression, intensity, direction, and recurrence (disease hot 

spots) in relation to potential trigger events. We expect that the analysis here would be useful 

when suggesting control zone boundaries for each site, based on the reported data.   

The progression and intensity of Anthrax was site-specific with few comparable 

characteristics between the assessed settings; sporadic Anthrax outbreaks were observed in 

Minnesota, whereas a long-term epidemic was reported in Kazakhstan. This long-term epidemic 

in Kazakhstan may be attributable to the absence and inadequacies of mass animal vaccination 

during early years (Abdrakhmanov et al., 2017a; Abdrakhmanov et al., 2017b). According to G-

rate indicator values of the heterogeneity, in Kazakhstan it was 1.5 times higher than in 

Minnesota (i.e. the difference of G-rates is 0.0178 ï 0.012= 0.0066). This difference in 

heterogeneity further indicates the requirement of mass vaccination and control strategies in 

Kazakhstan compared to Minnesota. In alignment with the literature from the northern 

hemisphere (Hugh-Jones et al., 2002), the majority of the outbreaks were reported during the 

summer months in the regions with peaks in August (Fig. 4.2), suggesting an association with the 

practice of livestock grazing during summer (approx. May through end of September). The 

summer grazing practice, especially before the mid-20th century, coincides with the potential 

exposure to pasture/soil-contaminated with pathogens (Sorge et al., 2015; Morgan et al., 2006).  

The relative directionality of long-term trends in Anthrax cases in Minnesota suggested a 

northeastern directionality of Anthrax compared to the early cases of the disease, which were 

reported in the south-west of Minnesota. There was a sudden change in the geographical area in 

which Anthrax cases were reported in the State after 1999 (Fig. 4.1). The early Anthrax cases 

were reported from southwestern Minnesota, in the Minnesota River valley, whereas the 

outbreaks reported between 2000 and 2014 were reported from the northwestern corner of the 

state, in the Red River valley. This northwestern trend may involve multiple trigger events during 

the period immediately before the year 2000 including the Red River flooding of 1997 (Kunkel et 

al., 2003), Anthrax outbreaks of North Dakota in 1998 (Hughes-Jones, 1999) and the potential 

wildlife behavioral and migration patterns in the Northern Great Plains including Bison and other 

habitat sharing ungulates (Elk and White tailed deer) (NPS Bison Report, 2014; Morris et al., 
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2016; Kenefic et al., 2009). Whereas, in Kazakhstan, the relative time measure of the 

spatiotemporal directionality test identified a southwestern directionality indicating higher 

potential of Anthrax in the southwestern area in the last decades compared to the past. However, 

Anthrax occurrence in Kazakhstan was observed throughout the country since early years which 

is potentially attributable to seasonal movements of livestock with nomadic migrations (Robinson 

et al., 2003). 

The recurrence patterns of Anthrax were comparable between the sites. The maximum 

time-span of anthrax recurrence at the same location in Minnesota and Kazakhstan was 55 and 60 

years respectively.  B. anthracis spores have a high environmental resistance under certain 

environmental conditions such as depth and organic content of contaminated soil, and a half-life 

of nearly 100 years has been reported (Halvorson, 1997). The active lifecycle of B. anthracic in 

soil involving bacteriophage-mediated ecological adaptations also suggested to play a role 

(Schuch and Fischetti, 2009). Occurrence of cases in the same locations could be therefore due to 

disturbance of buried carcasses containing viable spores but also could be a result of recurrent 

recontamination of the soil due to unappreciated death of anthrax-infected animals (Hugh-Jones 

et al., 2002; Bellan et al., 2013).   

Among the 13 spatiotemporal clusters detected in Minnesota, six were spatially 

overlapping, indicating potential hot spot areas: Clusters #MN-6, 9, and 10 and Clusters #MN-3, 

8, and 11.The major trigger events/factors that are likely contributing to Anthrax outbreaks in 

Minnesota include: 1) favorable soils in western and northwestern Minnesota (Blackburn et al., 

2007), 2) historic river flooding events in the Minnesota and Red rivers that contribute to spread 

of pathogens and spores to extensive areas (Kunkel et al., 2003), and 3) changes in distribution of 

susceptible livestock populations and management including extensive beef cattle production 

during early 1900ôs in the southern prairies of Minnesota and summer grazing (Sorge et al., 2015; 

Crickman, 1934) (Supplement Table S4.2). The declining trend of recent cases in Minnesota may 

be attributable to direct and indirect preventive measures including: 1) flood control programs 

implemented targeting Minnesota and Red river areas (Hearne and Kritsky, 2010; Anonymous 

1980); 2) prompt vaccination (Ward, 1914); and reduced summer grazing and increased feedlot 

management practice during late 2000ôs (Sorge et al., 2015).  

There were 17 spatiotemporal clusters in Kazakhstan, among which eight were 

overlapping indicating potential hot spot areas: #KZ-1, 12, 15, and 17; #KZ-2 and 6; and #KZ-5 

and 9. The major trigger events/factors that are likely contributors to Anthrax outbreaks in 

Kazakhstan include: 1) favorable soils (Abdrakhmanov et al., 2017a); 2) insufficient vaccination 
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coverage or absence of vaccination (Abdrakhmanov et al., 2017a); 3) livestock growth since 1934 

(National Committee of Statistics (In Russian): http://istmat.info/node/21348) including the 

influx of inhabitants along with their livestock from other USSR regions (Adamovich and 

Nikonov, 1970; McCauley, 1976; Rowe, 2011); 4) seasonal movements of livestock with 

nomadic migrations, historically (Robinson and Milner-Gulland, 2003); 5) land use, especially 

the Virgin Lands Campaign which lead to disturbance of previously unused landscapes where 

some of the previous Anthrax burial sites were located, which may have resulted in bringing the 

anthrax spores onto the surface and its intensive wind mediated spread over long distances 

(Turnbull et al., 1998; Robinson and Milner-Gulland, 2003; McCauley, 1976; Rowe, 2011); 6) 

river flooding, especially the Syrdarya river flooding which might be related to disturbances at 

old carcass burial sites (Abdrakhmanov et al., 2017b; Arkhipkin et al., 2010); 7) range-land based 

livestock production (Abdrakhmanov et al., 2017b; Bourn, 2004) where susceptible populations 

may come in contact with the contaminated soils/pasture; and 8) intense agriculture in the 

southern Kazakhstan  where high human population density, intensive agriculture, together with 

livestock population collectively may have resulted in frequent disturbance of anthrax burials and 

animal contacts with the pathogen (Adamovich and Nikonov, 1970) (Supplement Table S4.3). 

The declining trend of the recent cases in Kazakhstan may be attributable to direct and indirect 

preventive measures including: mass vaccination and mandatory disposal by burning mandatory 

disposal by burning carcasses of animals that had died from anthrax (Lukhnova et al., 2004); 2) 

development and implementation of a whole complex of preventive, antiepizootic and 

antiepidemic measures, continuous epizootic monitoring and recording of anthrax burial sites 

(Abdrakhmanov et al., 2017b).  

The sensitivity analysis indicated that the location and range of the radii remained 

compatible at both 10% and 5% space-time window parameter settings (Supplement Fig S4.2). 

One of the three clusters detected with the 5% space-time parameter setting in northwestern 

Minnesota clusters indicated a known outbreak of Anthrax occurred in 2006. However, the 

detection of clusters of <1 km in southeastern Kazakhstan, with the 5% space-time setting, did 

not indicate meaningful outbreaks. Therefore, the sensitivity analysis supported the choice of 

maximum window sizes of 10% spatial window and 5% temporal window signaling the value of 

providing a sensitivity analysis per region to optimize detection of clusters. 

The spatiotemporal cluster radii may be useful when understanding the potential extent of 

Anthrax spread as well as determining control and surveillance zones in endemic settings. Based 

on the distribution of spatiotemporal cluster radii (Table 4.1 and Supplement Fig. S4.1), we 

http://istmat.info/node/21348


163 

suggest that the surveillance or control zones for Minnesota may consider a range of 2 to 40 km 

with a median of 12 km for preventive activities such as vaccination. As per the current 

recommendations of Minnesota Board of Animal Health, spring vaccination is recommended in 

the Northwestern part of the state of Minnesota. Once a confirmed case is reported, the 

recommendations include: vaccination and administration of antibiotics as needed to safeguard 

exposed animals in the herd, notification and recommendation for vaccination of susceptible 

animals within 10 miles (~16 km) and recommendation to monitor the herds within 10 to 30 

miles (16 to 48 km). Further details regarding the vaccine recommendations for Midwestern USA 

and adjacent Canadian states, i.e. The Unified Anthrax Recommendations, are found elsewhere 

(Stoltenow 2012). Vaccine recommendations are suggested considering the potential 

underreporting or delayed reporting scenarios where contamination of Tabanid fly mouth parts 

with the pathogen and thereby transport spores to unvaccinated susceptible animals on 

neighboring areas (Stoltenow, 2012). Similarly, the ideal surveillance or control zones for 

Kazakhstan may have a range between 18 to 310 km, with a median of 67 km.  The current 

recommendations against animal Anthrax in Kazakhstan involve mass vaccination of all the 

susceptible animals since 1961 and twice-annual vaccination recommended since 1982 (Popov et 

al., 2002).  

The limitations of this study include: the use of officially reported data (therefore 

potentially missing certain cases, and leading to an uncontrolled reporting bias), the lack of 

genetic information that prevents discriminating between B. anthracis strains (Van Ert et al., 

2007), and the absence of information on neighboring states or countries in the analysis. 

Moreover, the recordkeeping of historic cases inevitably varies by country. Therefore, the 

findings presented here should be interpreted in light of these limitations. We recognize the 

importance of genetic diversity in determining Anthrax spread. Still, the comparison made here 

may still be useful given that Anthrax strains are relatively homogenous within affected regions 

(Van Ert et al., 2007; Aikembayev et al., 2010), and both the Eurasian and North American sub-

lineages belongs to the major lineage A and the two sub-lineages are closely related to each other 

(Van Ert et al., 2007). 

Through this analysis, we have demonstrated that spatiotemporal patterns of anthrax 

occurrence in two endemic regions may be attributable to specific trigger events. Events such as 

river floods contributing to the spread of the pathogen and presence of disease hot spots were 

found at both the sites. However, there were also considerably different factors involved in 

shaping the site-specific spatiotemporal patterns (Tables 4.2 and 4.3) attributable to the site-
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specific environmental, demographic, and agroecological changes driving occurrence of Anthrax 

in endemic settings, despite the expected similarities of the pathogenôs behavior relative to the 

environmental characteristics. Ultimately, results suggest that it is important to consider the 

probability of recurrence, locations of disease hot spots, and the extents of climatic, 

environmental, agricultural, and demographic trigger events, both over space and time, when 

planning strategies for the prevention and control of the disease in endemic settings. 

 

4.6 Conclusions 

Over the last hundred years Anthrax occurrence in Minnesota was sporadic whereas 

Kazakhstan experienced a long-term epidemic. The seasonality was similar between sites, with a 

peak in August. Declining number of cases at both sites is attributable to vaccination and control 

measures. This study detects Anthrax hotspots in both the settings, with spatially overlapping 

clusters years apart. Distribution of the spatiotemporal cluster radii between study sites supported 

suggestion of site-specific control zones. Spatiotemporal patterns of Anthrax occurrence in the 

two endemic regions were attributed to multiple potential trigger events including major river 

floods, changes in land use, agriculture, and susceptible livestock populations. Results here may 

help to understand the long-term epidemiological dynamics of Anthrax while providing 

suggestions on the surveillance or control zones in endemic settings. 
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4.9 Supplement Tables and Figures 

Supplement Table S4.1. Summary of the historic events in Minnesota related to the patterns how the trigger events i.e., climatic, anthropogenic, 

agricultural, and environmental changes, which may have led to the recognized spatiotemporal clusters of Anthrax.  

Potential risk factors and trigger event/s 

 

Reference 

#

MN-1 

#

MN-2 

#

MN-3 

#

MN-4 

#

MN-5 

#

MN-6 

#

MN-7 

#

MN-8 

#

MN-9 

#

MN-

10 

#

MN-

11 

#

MN-

12 

#

MN-

13 

1919-

1919 

1923-

1924 

1925-

1926 

1931-

1932 

1

932-

1933 

1

933-

1933 

1

937-

1938 

1

938-

1939 

1

945-

1946 

1

948-

1948 

1

953-

1953 

1

996-

1997 

2

001-

2001 

1. Favorable soils 
Blackburn et al., 

2007 

X

X 

X

X 

X

X 

X

X 

X

X  

X

X 

X

X   X 

X

X 

V

X 

2. Livestock populations: Intensive beef 

cattle production in the southern 

prairies in early to mid-1900's.  

Crickman, 1934 

X

X 

X

X 

X

X 

X

X 

X

X 

X

X 

X

X 

X

X X X X X  

3. River floods: Red river flood in April 

1997 

Kunkel, 2003 

            X 

4. River floods: Minnesota river flood in 

1919 

Halvorson, 1997 

X             

5. Outbreaks in neighboring 

states/areas: Anthrax in wild 

herbivores in North Dakota 

duringlate1990's 

Blackburn et al., 

2007; Hughes-

Jones, 1999 

            X 
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Supplement Table S4.2. Summary of the historic events in Kazakhstan related to the patterns how the trigger events i.e., climatic, anthropogenic, 

agricultural, and environmental changes, which may have led to the recognized spatiotemporal clusters of Anthrax.  

Potential risk factors and 

trigger event/s 

 

References 

#KZ-

1 

#KZ-

2 

#KZ-

3 

#KZ-

4 

#KZ-

5 

#KZ-

6 

#KZ-

7 

#KZ-

8 

#KZ-

9 

#KZ-

10 

#KZ-

11 

#KZ-

12 

#KZ-

13 

#KZ-

14 

#KZ-

15 

#KZ-

16 

#KZ-

17 

1934-

1937 

1935-

1938 

1940-

1940 

1944-

1947 

1945-

1947 

1949-

1952 

1951-

1954 

1954-

1957 

1956-

1958 

1956-

1959 

1968-

1969 

1971-

1971 

1981-

1983 

1982-

1983 

1985-

1987 

1989-

1992 

2000-

2001 

1. Vaccine coverage: 

Insufficient or absent 

vaccination of susceptible 

species 

Abdrakhmanov et al., 

2017a; 

Abdrakhmanov et al., 

2017b 

X X X X X X X X X X X X      

2. Livestock populations: 

Sharp growth of livestock 

population 

Abdrakhmanov et al., 

2017a; 

Abdrakhmanov et al., 

2017b 

X X X X X X X X X X X X X X X X  

3. Favorable soils: 

chernozems and 

kastanozem 

Abdrakhmanov et al., 

2017a  
X X X X  X X X  X X X X X X X X 

4. Land Use: Virgin 

Lands Campaign (between 

1954 and 1963) 

Robinson and 

Milner-Gulland, 

2003 

      X X X X X X      

5. River flooding: 

Syrdarya river floods 

Abdrakhmanov et al., 

2017a; 

Abdrakhmanov et al., 

2017b 

    X    X         

6. Intensive agriculture 
Rowe, 2009 X    X    X   X   X X X 
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Supplement Fig. S4.1. Sensitivity analysis of the spatiotemporal window sizes used in the space-time permutation model of scan statistics.  
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Supplement Fig. S4.2 Frequency distribution of the spatiotemporal cluster radii of historic animal Anthrax in Minnesota, USA and the Republic 

of Kazakhstan. Spatiotemporal clusters were detected using the space-time permutation model of the spatial scan statistic with the spatial- and 

time-windows set to 10% and 5%, respectively. 
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Chapter 5: Lessons learned 

Risk based management of One Health scenarios using 

spatiotemporal analytical tools: Lessons learned 

 

This work has not been published/in-review elsewhere   
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5.1 Overview 

The use of spatiotemporal analytical tools to generate risk maps and scores that facilitate early 

detection of health threats is becoming increasingly popular in many countries and international 

organizations around the world. The traditional approach of spatial epidemiology focuses on a 

two stage-process of mapping, to visualize and hypothesize on possible spatial dependence in 

disease distribution, and, subsequently, test those hypotheses using techniques for clusters 

detection and identification of associated explanatory factors. The advances in the field of spatial 

epidemiology are focused on the analysis of (big) data to establish spatiotemporal relations 

between disease and epidemiological factors to ultimately inform the implementation of strategies 

for disease prevention and mitigation, and providing risk estimates in a timely manner to support 

the decision-making process. Supporting decision-making and policy involves an iterative 

process with stakeholders, aimed at improving and refining the steps of data collection, analysis, 

discussion of results, and ultimately, design and implementation of risk management and policy 

measures. However, the process of researcher-stakeholder interactions are poorly documented in 

the veterinary literature and, in general, is driven by the good will and common sense of 

researchers and stakeholders without the involvement of a formal methodological process for 

evaluation. The study here summarizes and compares researcher-stakeholder interactions related 

to three case studies, which made use of spatiotemporal analytical tools, to address three One 

Health scenarios in the State of Minnesota. Therefore, the comparison between the case studies 

was focused on the lessons learned through the researcher-stakeholder interactions and 

identification of the opportunities and challenges in the use of spatiotemporal eco-

epidemiological tools in One Health processes. Ultimately, the discussion of the three case 

studies presented here, serves as precedent for establishing a protocol of ñgood practicesò when 

promoting researcher-stakeholder interactions to inform the implementation of science-driven 

management and policy solutions to One Health issues. 

 

5.2 Introduction  

5.2.1 One Health and spatial epidemiology 

The concept of One Health encompasses the interdisciplinary approach of unifying 

common scientific approaches of health-related research at the interface of ecosystems, animals, 

and humans (Murtaugh et al., 2017). The objective of One Health research is to generate 
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integrated knowledge in the assessment of health threats and implementation of mitigation 

strategies that address all those three elements (ecosystem, animal, and human 

health)(Rabinowitz et al., 2013). One of the commonalities among One Health scenarios is their 

patterns of translocation across geographical spaces (Cunningham et al., 2017). These 

translocations are partially attributable to increasing volumes and rates of human travel and 

globalized trade (Morse, 1993; Cunningham et al., 2017). Spatiotemporal epidemiological tools 

are useful in identifying those translocation patterns, quantifying the association of the 

translocation with underlying risk factors, and eventually recognizing high-risk areas or 

predicting the adverse outcomes in non-sampled locations (Clements and Pfeiffer, 2009). 

Spatial epidemiology is defined as ñthe description and analysis of geographic variations 

in disease with respect to demographic, environmental, behavioral, socioeconomic, and infectious 

risk factorsò (Elliot and Wartenberg 2004). Integration of epidemiological concepts, statistics, 

spatial analysis, and geographic information system (GIS) enables achieving the objectives of 

spatial epidemiology, by analysis of adverse events to eventually provide risk estimates in a 

timely manner to support the design and implementation of decision and policy strategies for 

disease prevention and control measures (Cromley and McLafferty, 2002; Wagner Robb et al., 

2016; Pfeiffer and Stevens, 2015). 

5.2.2 Improvement of data quality while using existing data  

A variety of large and complex databases, referred to as ñbig dataò, on environmental, 

animal, and public health threats are routinely collected by multiple stakeholder institutions. 

Compared to traditional small research data sets, big data are complex, dynamic, and often 

spatiotemporally explicit, therefore, demanding the use of sophisticated analytical tools (Perez 

2015; Asokan and Asokan, 2015; VanderWaal et al., 2017). Analysis of data routinely collected 

by public institutions often results in periodical reports and summaries, but those dataset are only 

rarely used to discover long-term spatiotemporal trends that could potentially benefit the 

decision-making processes. Such limited use of big data is attributable to the logistical constraints 

in maintaining these databases, and to the difficulty of training personnel to collect, analyze, 

monitor, update, and interpret the overall outcomes of the big data (VanderWaal et al., 2017). 

However, recent technological advancements have made sophisticated spatiotemporal analytical 

tools accessible and user-friendly to the researchers and policy makers that could support the 

mitigation of the environmental and health threats (Carroll et al., 2014; Asokan and Asokan, 

2015; VanderWaal et al., 2017).  
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Although there are numerous tools (i.e. analytical methods and software) available, their 

use alone do not lead necessarily to meaningful conclusions if poor-quality data on risk factors, 

disease status, or population data were used in the first place (Beale et al. 2008). Yet, existing 

research data and/or big data collected by ecosystem, animal, or public health institutions offer an 

affordable and relatively simple starting point to understand the distribution and determinants of a 

variety of One Health scenarios. Demonstrating the use and utility of pre-existing data to produce 

preliminary results also serves to plan for the improvement of the quality of the data to be 

collected in the future.  

 

5.2.3 Estimation of risks using spatial epidemiological tools 

Risk is defined as the probability that an event with negative consequences occurs, as 

well as the magnitude of those negative consequences (Dufour et al., 2011). Spatiotemporal 

analyses enable hypothesizing and predicting of the intensity of adverse events in relation to 

underlying factors (Lawson et al. 1999; Elliot and Wartenberg 2004). In addition to the 

recognition of various risk factors and the estimation of the health risk associated with them, 

spatial epidemiology may also play a role in improving risk perception and risk communication 

by providing a basis for better surveillance and prioritization of control measures though risk 

regionalization.  

Outputs of spatiotemporal analyses include risk estimates and risk maps, depicting areas 

of high risk for disease, often referred to as ñdisease hot spotsò, and risk scores over space and 

time. Risk maps are visualization tools that serve as effective tools for communicating decision-

makers on the probability that a disease outbreak or environmental threat may occur in a given 

space and time.  

Risk regionalization has multiple advantages when designing surveillance programs or 

management strategies for prevention and control of harmful agents (Moore and Carpenter, 

1993). Moreover, defining and isolation of ñdisease-free areasò in endemic countries through risk 

assessment, as was done for Foot and Mouth Disease (FMD) (Shanafelt and Perrings, 2018), is 

recognized as an important aspect of animal and by product trade at the international level (OIE 

Terrestrial Animal Health Code Chapter 11.4, 2018).  

Decision makers could use risk scores for status quo evaluation of the current strategies 

and compare those to alternative risk-based surveillance or mitigation strategies. For example, the 

comparison of current distribution of resources among administrative divisions may be based on 
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human population density, whereas, the risk maps based approach would provide a different 

suggestion for the distribution of the resources. Admittedly, it is ideal to have these status quo 

comparisons  evaluated for cost-effectiveness of specific management strategies. One approach to 

increase the efficiency of active surveillance is targeting high-risk areas in the population, 

commonly known as ñrisk-based surveillanceò or ñtargeted samplingò. Similarly, risk-based 

management, defined as the ñdecision-making process for identifying, evaluating, selecting, 

prioritizing, and implementing control measuresò (CRARM 1997), may benefit from the design 

of risk maps. Thus, it is essential that stakeholders who are involved in the mitigation of health 

threats, understand the science behind the risk mapping process. Similarly, the researchers 

conducting investigations would benefit from understanding the policy/decision-making process 

and the applicability of diverse One Health approaches through extensive and iterative with 

scientists and stakeholders/decision-makers.  

5.2.4 Communication with stakeholders in the decision-making process  

Stakeholders in the policy/decision-making process may be defined as ñany person or 

group who has an interest in the research topic and/or who stands to gain or lose from a possible 

policy change that, directly or indirectly, might be influenced by the research findingsò (Slunge et 

al., 2017). The relationship between researches and stakeholders is critical for the translation of 

hypothesis-driven research into effective and efficient management decisions and policy to 

prevent or mitigate disease impact in the field. Use of spatiotemporally explicit (big) data and 

quantitative approaches in spatiotemporal epidemiology to address long-term health and 

economic benefits is only achievable if relevant stakeholders in the environmental, veterinary, 

and public health sectors understand each otherôs values.  

For convenience, this study uses the term ñresearch/erò to denote spatiotemporal analysis 

and modeling outputs of the studies here and the scientists involved in conducting them onwards. 

Whereas, the organizations or personnel who would potentially use resulting risk maps and risk 

estimates are referred to as ñstakeholders.ò  Stakeholders involved in the decision-making process 

of One Health scenarios represent multi-sectoral and multidisciplinary backgrounds. 

Communicating the spatial analytical outcomes with stakeholders, receiving their feedback, 

discussing potential use of the scientific outcomes, and improving the data collection process and 

use of relevant analytical tools is an iterative process (Cartwright et al., 2016; Goodman and 

Thompson, 2017). Therefore, it is imperative to get stakeholders involved in the research from 

the beginning, when the research studies are planned, to help  understand and account for field or 
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practical challenges (Slunge et al., 2017).  The iterative nature of researcher-stakeholder 

interactions occur through updates, discussions, feedback, and re-discussion. 

It is essential to understand that maps are representations of an analystôs view of data 

rather than a precise representation of the reality (Cromley and McLafferty, 2002). Depending on 

the modeling criteria, assumptions, and the performance of the method (i.e. measures of 

prediction powers such as sensitivity and specificity), the risk maps produced from the same data 

may look significantly different from each other (Wagnet and Huston, 1996; Cromley and 

McLafferty, 2002). Therefore, it is crucial for both researchers and stakeholders to have a mutual 

understanding of the methods, assumptions, and risk classification criteria used to generate risk 

maps. Additionally, the communication provides opportunities to understand biases associated 

with reporting and sampling and the implications of those biases when interpreting the risk 

estimates (Cromley and McLafferty, 2002). These communications would further benefit by 

defining threshold risk values when identifying high-risk areas, based on expert opinions of both 

researchers and stakeholders.  

The multiple benefits of communicating scientific findings with stakeholders include: (1) 

sharing the scientific knowledge with stakeholders while receiving their feedback on the potential 

use of findings which may improve the decisions in mitigating health threats; (2) understanding 

the constraints in comparison to the existing strategies of decision and policy making and how 

difficult (logistically, financially, and legislatively) is to change existing approaches; and (3) 

planning strategic and systematic involvement of stakeholders in the process of scientific research 

from the beginning and focus on the improvement of decision and policymaking process (Slunge 

et al., 2017). However, the step that involves communication between researcher and stakeholders 

regarding scientifically based decision-making has been poorly documented in the scientific 

literature.  

 

5.2.5 Objective 

The objective of the work here was to discuss three examples, or case studies, on One 

Health scenarios (Table 5.1) addressed using spatiotemporal eco-epidemiological tools to support 

the design and implementation of management and policy tools in the State of Minnesota. For 

each case study, we offer a discussion on the choice of method given the research question, type 

of data, and the potential decisions stakeholders may draw using the analytical outputs. Each of 

the case studies involved frequent interactions with relevant stakeholders who would use the risk 
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maps and epidemiological findings to improve the quality of decisions in prevention and control 

of these three One Health issues endemic to Minnesota. Therefore, an essential component of this 

work is the understanding of the ñlessons learnedò during the researcher-stakeholder interactions 

related to the three case studies.  

 

 

Fig. 5.1.  The use of spatiotemporal analytical tools in the process of risk-based management of 

One Health scenarios. The steps labelled 1: 5 are discussed in this paper using three case studies 

representing One Health scenarios.  

 

5.3 Data and Methods 

5.3.1 Description of the three examples/case studies 

Ecosystem health: A study that involved spatial cluster analysis and cokriging was used to 

understand reporting bias of aquatic invasive zebra mussels and Eurasian water milfoil spread in 

Minnesota waters, and to improve the detection and control. (Kanankege et al., 2018a; 

Kanankege et al., 2018b).  


