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ABSTRACT 

DISEASE MAPS AND GEOGRAPHIC MAP PROJECTIONS - A SIMULATION STUDY 

AND SCOPING REVIEW 

Inthuja Selvaratnam 

University of Guelph, 2020 

Advisor(s): 

Dr. Olaf Berke 

Disease mapping is a common method in epidemiologic research. Although disease maps are 

ubiquitous and regarded as informative communication tools in public health, no widely 

accepted style guides and reporting guidelines have been established. This thesis presents a 

scoping review to broadly characterize of studies using disease maps and selected reporting 

practices of published disease maps in the scientific literature to identify any gaps and 

inconsistencies. Map projections were infrequently reported for disease maps. Varying the 

projection of disease maps and related spatial data can affect spatial statistical analyses and 

specifically the results of disease cluster detection methods. This is demonstrated here for spatial 

point pattern data and related point maps. Findings from this thesis support the development of a 

reporting guideline for disease maps. Such a reporting guideline can benefit and advance the 

research community by improving reproducibility and minimizing misinterpretations. 
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Chapter 1: Introduction, Literature Review, Thesis Rationale, and 

Objectives 

1.1 Introduction and Background 

The question of “where” is central to the study and practice of epidemiology and public 

health. Epidemiological investigations ranging from infectious diseases (Parpia et al., 2020), to 

chronic conditions like obesity (Osorio et al., 2020) highlight the importance of geographic and 

spatial (“geospatial”) factors concerning health events in a population. 

Detailed visual information on the spatial distribution of disease, especially for unique 

spatially heterogeneous disease distributions that are specific to a disease, provide important 

insights for disease prevention and control programs (Wardrop et al., 2014).  With recent 

advances in Geographic Information Systems (GIS) technology, and increased access to tools for 

management, synthesis, and display of spatial data, map-making processes and production are 

better enabled (Cromley & McLafferty, 2011; Rushton, 2003; Waller & Gotway, 2004).  

Growing access also empowers public and citizen participation in the creation, evaluation, and 

analysis of spatial data and visualizations (Cromley & McLafferty, 2011). A search for 

geographic distribution map of disease or health in Web of Science (i.e. “health OR disease 

AND geographic AND distribution AND map”) suggests there is a growing use for maps in 

health research (Figure 1.1).  

However, despite their widespread use in epidemiological research and public health 

practice, there are no widely agreed upon and established guidelines for the reporting of disease 
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maps. A brief introduction is provided to the following areas: disease maps, spatial statistics, and 

reporting guidelines.  

1.2 Disease Maps and Disease Mapping 

Maps have been used for centuries to study the geographic distribution of disease and 

health in populations. Historically, geographically referenced health data have been used as the 

basis for many observational studies in epidemiology (Lawson, 2013). For example, John Snow 

in 1855 used mapping to show that cases of cholera resided in the vicinity of the Broad Street 

pump, acknowledging the difference between Euclidean distance proximity to the pump and real 

travel time in the neighborhood due to circuitous roads (Koch, 2017). In his analysis, Snow 

included the city streets, breweries, workhouses, and dockyards to eventually link the geographic 

extent of cholera deaths with the water sources within the urban environment (Koch, 2017). 

Snow called this a “diagram of the topography of the outbreak” (Koch, 2017). His analysis led to 

the removal of the Broad street pump handle, which also coincided with a decline in the 

outbreak’s intensity (Koch, 2017). Over time, modern computing has made tremendous strides 

for mapping health outcomes. Today, disease mapping is not just mapping data from field 

observational studies but has widened its scope and also includes large clinical and registry 

dataset applications (e.g., survival time data), and thus disease mapping has wide applications 

(Lawson, 2013; Rushton, 2003).  

Maps are effective and powerful communication tools. Disease maps allow us to 

visualize the spatial distribution of health outcomes in a population and can reveal spatial 

patterns that are otherwise not recognized from tabulated data (Cromley & McLafferty, 2011). 

This is especially useful for large amounts of data, where visual maps can be significant for 
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engaging policymakers and the public in planning and evaluation of health programs (Green, 

2015).  

Disease maps come in diverse formats and are used in a variety of applications (Bithell, 

2000). The term “disease map” is not clearly defined in the literature and is used interchangeably 

with other terms such as health map and risk map. In this thesis, “disease map” will refer to any 

visualization of health data (not solely restricted to disease outcomes) that is geographically 

referenced within a geographic boundary. Geospatial health data, are labeled with spatial tags. 

These can include regional identifiers, or longitude and latitude degrees, or Cartesian 

coordinates, or postal codes. The data are then mapped to a geographic boundary that will 

recognize the “spatial tag”.  

“Disease mapping” refers to the practice of visualizing spatial variation in disease 

occurrence, which can help to generate hypotheses about disease causation in populations. 

Disease maps may also be used at the knowledge dissemination stage of studies as a reporting 

tool to communicate research results.  Disease maps can be generated with the help of 

Geographic Information System (GIS) software and programs such as R Studio. A review of GIS 

use for public health and health promotion identified four predominant themes of applications: a) 

disease surveillance, b) risk analysis, c) health access and planning and d) community health 

profiling (Nykiforuk & Flaman, 2011). Under spatial epidemiological lenses, disease mapping 

also refers to the spatial statistics and analytical methods employed to generate visual maps. 

These methods can include interpolation and regression methods, as well as global and local 

measures for cluster detection. As such, disease maps are also important tools to support data 

analysis and inferences.  
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1.3 Mapping Health Data 

Disease maps are subjective, where inherent choices in their design and data mapped are 

important aspects for interpretation and inferences. Geospatial data come in different formats and 

can be mapped in various ways. Two basic forms of geospatial data are: point data, and areal or 

regional data. Point data refer to data where each data item has an exact spatial position 

associated with it (e.g. geographic coordinates), compared to regional data where observations 

are aggregated over a geographic area (e.g. public health unit, county, country) (Waller & 

Gotway, 2004). Spatial data can be presented on disease maps in three different ways: 1) 

observed (raw) data, 2) smoothed data, 3) residual data. Smoothing data refers to a process in 

which “strength is borrowed” across small areas to improve local estimates and smooth extreme 

rates resulting from small local sample sizes (Berke, 2004). Smoothing methods include 

Empirical Bayes smoothing for areal data, kriging methods for point data, and further 

interpolation-based methods, including splines. Residual data (i.e. from regression estimation) 

are also mapped to understand spatial variation in the residual process, i.e. the spatial variation in 

health data adjusted for known covariate effects (Dohoo et al., 2012). 

 A map can have multiple data sources or “layers” that are combined to produce a final 

map product as shown in Figure 1.2, for example a map predicting disease risk can use both 

health event data (i.e. the primary outcome) and covariate data (i.e. the putative risk factors). It is 

important to consider all data sources and the systematic errors that come with data collection 

and acquisition for each data source, and any additional errors that can arise during the map 

making process. For example, the modifiable areal unit problem (MAUP) (Cromley & 
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McLafferty, 2011; Waller & Gotway, 2004). The MAUP arises when the results of one analysis 

are different from another analysis for the same original data albeit for different aggregation 

schemes (e.g. a choropleth map of cancer cases by county level will look different from a map 

showing the same data by census tract and thus may lead to different inferences) (Cromley & 

McLafferty, 2011). The MAUP is apparent in two forms: the scale effect and the zone effect. 

The choice of areal scale is important as relationships between variables at one scale may be 

distorted when viewed from another scale, depending on the number and sizes of areal units used 

to describe scale. The zone effect occurs when there is variability as a result of alternative shape 

formations (boundaries) of the areal units at the same or similar scale. Furthermore, making 

inferences from maps using aggregated data to a lower level of aggregation can result in 

ecological biases (Lawson, 2013). Spatial sampling of populations can also give rise to selection 

biases and limitations of precision. One common limitation is the small numbers problem, where 

rates based on small populations tend to be less reliable and more variable compared to rates 

based on large populations (Beyer et al., 2012). 

The temporal nature of health event data can also impact the applications and purposes of 

disease maps.  Consider predictive disease maps for communicating risk: the predictive risk map 

can be based on observed data (retrospective), or on predicted data (prospective). Map outputs 

based on time-series data input in conjunction with spatial data inputs are referred to as spatio-

temporal maps. 
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1.4 Cartographic Design and Features 

The statistician George Box stated: “All models are wrong, but some are useful,” 

acknowledging that a model is a simplification of reality and can never be the “truth” (Box, 

1976, 1979). It is worth recognizing that maps are also models of reality. Maps are a 2-

dimensional representation of a 3-dimensional world, and it is impossible to create an entirely 

accurate map. The goal of map-making is to minimize inaccuracies as much as possible. 

Cartographers use map design conventions and scientific research on human cognitive processes 

to communicate spatial information, which facilitates the exploration and insight of geographic 

phenomena (Centers for Disease Control and Prevention, 2012).  

Maps that illustrate the geographic distribution of a single phenomenon, such as mortality 

rates or disease diffusion, are referred to as thematic maps (Centers for Disease Control and 

Prevention, 2012). Commonly used thematic map types to present health data include: 

choropleth maps, dot/point maps, proportional symbol maps, and isopleth maps shown in Figure 

1.3.  Choropleth maps show geographic areas shaded in varying colours or intensities or patterns 

to represent the proportions or magnitudes of outcome data (Cromley & McLafferty, 2011). 

Choropleth maps are a viable option when the availability of disaggregated individual data is 

lacking (Cromley & McLafferty, 2011). Choropleths maps also are preferred to address concerns 

of privacy and confidentiality of health data by not representing precise geographical locations 

(Cromley & McLafferty, 2011).  Point maps use point symbols within the study area to depict 

spatial locations of health events (Cromley & McLafferty, 2011). Isopleth maps depict smooth 

continuous data by using isolines or colour shades that connect points of same numerical values 

(Centers for Disease Control and Prevention, 2012). Proportional symbol maps use symbols 
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mapped with their size proportional to the number of events or magnitude of outcomes (Cromley 

& McLafferty, 2011). 

Elementary reporting items across different map types include (Centers for Disease 

Control and Prevention, 2012; Cromley & McLafferty, 2011): 

1) the map scale: describes map distance in relation to earth distance, 

2) data source: describes source, and date of mapped data,  

3) legend: defines map symbols, 

4) north arrow/compass: describes the map orientation,  

5) map projection: describes how earth is projected onto the map  

Map projections are used to transform the 3-dimensional earth surface onto a 2-

dimensional plane, which distorts true distances, directions, and geographic shapes (Waller & 

Gotway, 2004). To create a projection, a datum and a coordinate system overlay are used. 

Datums are based on different ellipsoids that model the shape of the earth. WGS 1984 is the most 

widely used and recently developed datum (Centers for Disease Control and Prevention, 2012). 

Coordinate system overlays are based on the way the datum ellipsoid is plotted onto a two-

dimensional planar surface. Figure 1.4 shows three different developmental surfaces used to 

develop basic map projections. One of the most common coordinate systems is the Universal 

Transverse Mercator projection. Depending on the intended use of the map, the choice of 

projection will matter. For example, two maps referenced to different datums and projections can 

show distances between the same point locations, but the distances can differ substantially 
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(Waller & Gotway, 2004). Map projections are often characterized as either equal area (favours 

preserving area), equidistant (favours preserving distance), or conformal (favours preserving 

shape). The choice and use of projection affect statistical data analyses, including resulting p-

values and confidence intervals as will be presented in Chapter 2.  

The scale of a map represents the relationship between a distance on the map and the 

corresponding distance on the ground and can help the map reader to visually measure distances 

(Waller & Gotway, 2004). (Cromley & McLafferty, 2011). A scale bar can be represented in text 

(e.g. “1 cm corresponds to 50 km”) or visually as a scale bar, or as a fraction (e.g. 1:25,000). 

Depending on the projection used, the map scale varies throughout a map, and this may be more 

prominent for small-scale maps (Centers for Disease Control and Prevention, 2012). 

In summary, map projections are important reporting items as they determine how a 

study area is visualized (including how distances are distorted and stretched) and scale bars are 

important to interpret distances. 

1.5 Spatial Statistics  

In addition to disease maps being used for descriptive and exploratory purposes of 

identifying and representing spatial patterns visually, disease maps are also used analytically to 

display the results of spatial statistical analyses, including spatial regression and cluster analyses 

(Pfeiffer & Stevens, 2015; Robertson & Nelson, 2014; Rushton, 2003; Waller & Gotway, 2004). 

In these instances, the choice and use of projection affects spatial statistics (Centers for Disease 

Control and Prevention, 2012; Waller & Gotway, 2004), i.e., resulting tests and estimates and 

their related p-values and confidence intervals. The spatial relation between two points in space, 
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the distance, is central to spatial statistical analyses. This is further discussed for various statistics 

below (e.g., for the semivariogram, for the neighbourhood structure for Moran’s I, and for the 

scanning window of the spatial scan test).  

1.5.1. Spatial Autocorrelation 

Spatial data are characterized by spatial dependence or clustering (Waller & Gotway, 

2004). Tobler’s first law of geography states that “everything is related to everything else, but 

near things are more related than distant things” (Tobler, 1970). Spatial statistics is mainly 

concerned with the modeling and analysis of this spatial dependence in a geospatial dataset 

(Waller & Gotway, 2004). Several analytic methods can be used to measure spatial 

autocorrelation, such as Moran’s I statistic and provide important insights on population health 

outcomes. For example, positive spatial autocorrelation will be high when incidence values from 

regions close together in space are more similar than incidence values from regions further apart, 

which is often the case with infectious diseases (Wardrop et al., 2014).  For aggregated data, 

spatial autocorrelation can be measured using the Moran I statistic (Moran, 1950) using the 

equation below:  

 

𝐼 =
𝑛 ∑ ∑ 𝑤𝑖𝑗  (𝑦𝑖−�̅�)(𝑦𝑗−�̅�)𝑛

𝑗=1
𝑛
𝑖=1

∑ (𝑦−�̅�)2(∑ ∑ 𝑤𝑖𝑗  
𝑛
𝑗=1 )𝑛

𝑖=1
𝑛
𝑖=1

    Eq 1. 

Where:  

n= number of spatial units indexed (observations) by i and j, 

yi  and yj = variable of interest y and the respective values 
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�̅� = the global mean 

wij= the spatial proximity matrix 

 

The spatial proximity matrix (wij) in Moran’s I expresses the spatial arrangement, and is based 

on the neighbourhood or distance between locations (Dohoo et al., 2012). The proximity matrix 

is used to attribute weights to pairs of values.  When neighbouring values are similar, I will be 

positive and when neighbouring values are different, I will be negative. A similarity index is 

expressed between local values of y and their neighbours, based on their deviation from a global 

mean (Dohoo et al., 2012). 

Other methods for global measures of spatial autocorrelation or clustering include: 

Geary’s C, Cuzick-Edward’s test, and the semivariogram. A semivariogram can be used to 

visualize spatial autocorrelation (Dohoo et al., 2012). An empirical semivariogram can show the 

covariation in attribute values between point observations separated at different distances 

(Dohoo et al., 2012). If there is no spatial autocorrelation, the semivariogram curve will be an 

approximal horizontal line.  

Measures of spatial autocorrelation utilize the geospatial distance between data points 

and thus are affected by the map projection used for a mapped dataset. Furthermore, not 

accounting for spatial dependence or autocorrelation could also present itself as a bias or 

limitation in studies, particularly for spatial regression model studies, ultimately leading to the 

misinterpretation of the relationships between observations and covariates (Wardrop et al., 

2014). Neglecting autocorrelation in spatial data analysis violates the underlying assumption of 

statistical independence in (ordinary) statistical methods and generally results in inaccurate 
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models, biased regression parameters, underestimated standard errors, falsely narrow confidence 

intervals, and overestimation of the significance of covariates (Cromley & McLafferty, 2011; 

Wardrop et al., 2014).  

1.5.2. Spatial Cluster Detection and Analysis 

A spatial disease cluster is recognized as an unusually high number of cases that occur close 

together in space. Cluster analysis uses statistical methods to test the likelihood that an observed 

spatial or spatio-temporal pattern is a result of chance variation (Pfeiffer & Stevens, 2015). 

Spatial cluster detection methods include spatial scan statistics, which are based on a comparison 

of the risk of disease within a window, usually circular, to that outside the window. The 

computing algorithm for the circular spatial scan test varies the radius of the windows as defined 

by the user’s upper bound and scans them across the study area (Dohoo et al., 2012). The radius 

of the window is changed continuously between 0 and a set upper limit, taking on an 

(potentially) infinite number of distinct circles, each with different location and size, and the 

potential of being a cluster (Kulldorff et al., 2003). Other methods for cluster detection include: 

LISA/Local Moran’s I, and local Getis-Ord G. Space-time clusters can also be detected during 

particular time intervals and particular places using space-time scan tests among others (Cromley 

& McLafferty, 2011). Spatial scan statistics are widely used in disease surveillance and offer 

important timely information especially for rapidly evolving disease outbreak situations like 

SARS-CoV-2 (Greene et al., 2020). 
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1.5.3. Spatial Regression Models 

Regression models are used to quantify the cause and effect relationship between a 

dependent and one or more independent variables (Dohoo et al., 2012). Standard regression 

models (e.g. ordinary least squares for continuous data) follow assumptions that outcome data 

are independent of each other, their location, and their neighboring units, and that the residuals 

are normally distributed with constant variance (Kirby et al., 2017). Identifying spatial 

autocorrelation in the residuals can indicate that the above assumptions are violated (Kirby et al., 

2017). Spatial effects can be incorporated through spatial regression models or the 

geographically weighted regression (GWR) technique (Kirby et al., 2017). Spatial regression 

models are used to understand how independent variables affect the spatial distribution of a 

dependent variable (Dohoo et al., 2012; Pfeiffer & Stevens, 2015).  

The diverse range of regression techniques and methods available, in addition to 

powerful computation, allow for creative and meaningful modelling of disease. It is important to 

note that many choices in regression model building are considered. Additionally, choices are 

also made for visualizing model outputs on a map (e.g.,  data aggregation scheme), and these 

choices can affect the inferences made from small or local areas on maps. Stating the choices 

made in spatial data modelling, and the choices made for their respective map visualizations can 

guide the reader and ensure transparency. 
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1.6 Reporting Guidelines  

Evidence from systematic literature reviews and meta-analyses has identified 

shortcomings of reported research (Sargeant et al., 2019; Simera et al. 2010). To encourage 

standard and completeness of reporting around study design and outcomes, a series of reporting 

guidelines have been developed for various types of study designs (Moher et al., 2010). A 

reporting guideline is “a checklist, flow diagram, or explicit text to guide authors in reporting a 

specific type of research, developed using explicit methodology” (Moher et al., 2010). Some 

prominent guidelines for studies in human populations are the CONSORT statement (Moher et 

al., 2001), for reporting randomized clinical trials (RCTs), the PRISMA statement for reporting 

systematic reviews (Moher et al., 2009), and the STROBE statement for reporting observational 

studies (Vandenbroucke et al., 2014; von Elm et al., 2007), available on the Equator Network 

(https://www.equator-network.org/) (Simera et al., 2010). Some prominent guidelines for studies 

in animal populations available on the Meridian network (https://meridian.cvm.iastate.edu/) are: 

the ARRIVE statement for reporting animal research (Kilkenny et al., 2010), the STROBE-Vet 

Statement for reporting veterinary observational studies (O’Connor et al., 2016; Sargeant et al., 

2016), and the REFLECT statement for reporting randomized controlled trials for livestock and 

food safety (O’Connor et al., 2010; Sargeant et al., 2010). 

 Despite the widespread use of disease maps in academic research, journal publications, 

and use as decision support tools by public health agencies, to date no reporting guideline for 

disease maps accepted by the epidemiological research community exists (search conducted 

August 2020 on the Equator Network website). While a plethora of publications and educational 

material exist for making disease maps, such as the “Cartographic Guidelines for Public Health” 

https://www.equator-network.org/
https://meridian.cvm.iastate.edu/
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by the Center for Disease Control and Prevention (CDC) for maps produced at the CDC (Centers 

for Disease Control and Prevention, 2012), a guideline that is widely established and agreed 

upon does not exist. Authors of spatial methods reviews have pointed out that standardizing 

reporting and a guideline for spatial methods in epidemiology can be useful (Robertson & 

Nelson, 2014; Smith et al., 2015). Without comprehensive reporting of map elements and design 

decisions, geospatial statistics and analyses are not reproducible and may lead to 

misinterpretations and misinformation. Reproducibility allows independent investigators to 

subject the original data to their own analyses and interpretations (Peng et al., 2006). Scientific 

reproducibility calls for as much information as possible about all details of the data analysis 

process (Peng et al., 2006). The findings from disease maps may not be reproducible when map 

projections are not provided. Reproducibility of epidemiologic research studies permits: 1) 

findings to be verified, 2) alternative analyses of the same data, 3) disputing uninformed 

criticisms, and 4) expediting the exchange of ideas among investigators (Peng et al., 2006).  

Reporting guidelines can also increase critical thinking about design and analysis issues 

during map creation, leading to potentially higher quality maps. While reporting guidelines are 

intended for aiding in clarity for publication, they are not to be used to assess quality of studies 

(Vandenbroucke, 2009). The heterogeneous nature of disease map visualizations, spatial data 

types, map purposes, and contexts make it difficult to articulate standard reporting items for 

disease maps. A set of standard reporting items would allow critical assessment of disease maps 

against objective criteria for comprehensive reporting. Standardization of reporting in the form 

of reporting guidelines for disease maps can also aid in rapid decision-making processes in 

epidemiological and public health investigations.  
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1.7 Thesis Rationale and Objectives 

By presenting evidence that reporting characteristics are heterogenous and inconsistent in 

Chapter 3, and presenting evidence that reporting items such as map projection are essential to 

the reproducibility of spatial analyses in Chapter 2, the overall work of this thesis is intended to 

advance the reporting of disease maps. The findings from this thesis can be used to inform the 

development and support of a reporting guideline for disease maps. Such a reporting guideline 

can benefit and advance the research community by minimizing misinterpretations and will also 

be useful to educators, public health practitioners, decision-makers, science journalists, and 

journal editors.   

Chapter 2:  Effect and Significance of Projection in Spatial Point Data Analyses 

The work in this chapter aims to identify if varying map projections can affect the results 

of disease clustering and cluster detection methods. A simulation study for southern Ontario is 

performed. The spatial scan test and the Cuzick-Edward’s test was conducted for the same data 

under varying map projections.  

Chapter 3: Characteristics of Disease Maps of Zoonoses: A Scoping Review   

  The work in this chapter aims to broadly characterize studies of disease maps and identify 

gaps, inconsistencies in the reporting of disease maps in the scientific literature. A scoping 

review of published journal articles was conducted. The search was limited to disease maps of 

zoonotic diseases to narrow search results. The search was also restricted to publications within 
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the years 2017 and 2018 to gauge reporting and map characteristics that are current and in 

practice at the time of investigation.  

Thesis Goal and Objectives 

The overall goal of this thesis is to present evidence that can be used to advance the 

reporting of disease maps for future guideline development. The objectives of this thesis were as 

follows: 

1) Determine if map projections affect epidemiological inferences for spatial point data, 

2) Assess the reporting characteristics of disease maps, such as map projection, in the 

current scientific literature,  

3) Broadly characterize studies of disease maps of zoonoses to understand and clarify 

knowledge, gaps, and inconsistencies. 
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Figure 1-1. Showing 2,298,589 records from August 2020 Web of Science topic search string: (health 
OR disease AND geographic AND distribution AND map) by a) Publication year and b) Web of Science 
Subject areas (Top 25).   The bar graphs suggest that disease maps are increasingly being published and 
cited frequently in public health literature.  
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Figure 1-2. Diagram illustrating the different possible data layers that may be involved in a map 
making process for disease maps. 
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a)         b)  

c) 
d)  

 

Figure 1-3. Commonly used map types representing area health data: a) Choropleth Map b) 
Proportional Symbol c) Point Map d) Isopleth Map.  
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Figure 1-4 Map Projection surfaces. From Geographic Information System Basics (v. 1.0), Campbell, 
and Shin 2012(Campbell & Shin, 2012)  under a Creative Commons Attribution-NonCommercial-
ShareAlike 3.0 License (CC BY-NC-SA).  
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Chapter 2: Effect of Map Projection on Spatial Point Data Analyses for 

Disease Cluster Detection and Clustering 

2.0 Abstract 

Background and Objectives: Disease maps are used to visualize the distribution and variation of 

disease outcomes geographically. Detecting clusters and clustering (spatial autocorrelation) of 

disease events is an important component of exploratory analyses in disease mapping. Map 

projections transform the 3-dimensional earth to a 2-dimensional planar surface. This study 

investigated the variability of cluster detection and clustering analyses under varying map 

projections for a simulated case-control point dataset mapped to Southern Ontario to identify 

whether map projections affected the spatial point pattern analysis of cluster detection and 

clustering. 

Methods: A random case-control point dataset was simulated for Southern Ontario under a 

Lambert Equal Area Conic projection with a Cartesian coordinate system. Two disease clusters 

were randomly generated within the simulated geospatial data. The simulated point data were 

analyzed using five different map projections: Lambert Equal Area Conic projection, UTM 17 

North, Albers, Mercator, and Robinson projections. The Cuzick-Edwards test for disease 

clustering and the circular spatial scan test for disease cluster detection were evaluated under 

varying projection. 

Results: A total of 655 point events including 69 cases were simulated, resulting in an incidence 

of approximately 11%. The Cuzick-Edwards test varied mildly with respect to the resulting p-
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value and across the k parameters defining the size of the local neighbourhood of nearest 

neighbours (k=3, 5, 7, and 9 were used). Results from the circular spatial scan test, with p-values 

estimated from 999 Monte Carlo simulations indicated qualitative variability in the clusters 

detected; specifically under the Robinson projection two distinct disease clusters were detected, 

while for the other projections only one cluster was revealed. Under projections where a single 

cluster was detected, this cluster varied in size from 84 to 103 cases and controls. 

Conclusions: This study demonstrated the importance of map projections in spatial statistical 

analyses of cluster detection, particularly for analyses measuring distances in Cartesian 

coordinates. The omission of reporting the projection of a spatial statistical map can have serious 

consequences for reproducibility of spatial statistical analyses and interpretation of results in a 

spatial epidemiological context.   
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2.1 Introduction 

Disease maps allow us to visualize the spatial distribution of health outcomes in a 

population and can reveal spatial patterns that are otherwise not recognized from tabulated data 

(Cromley & McLafferty, 2011). This is especially useful for large amounts of data, where 

visualizations by maps can be a significant step in engaging policymakers and the public in the 

planning and evaluation of health programs (Green, 2015). Disease maps are useful descriptive 

tools to convey and visualize observational data on disease frequency. 

Disease maps are graphics where inherent choices in their design and the data mapped are 

important aspects for interpretation and inference. Geospatial data comes in different formats and 

can be mapped in various ways. Two basic forms of geospatial data are: point data, and areal or 

regional data. The term spatial point data refers to data where each observation or record has an 

exact spatial position associated with it (e.g., geographic coordinates). This differs from regional 

data where observations are aggregated over a geographic area (e.g., public health unit, county, 

country) (Waller & Gotway, 2004). Although point data can often be aggregated into spatial 

regional data, regional data generally cannot be disaggregated into point data for analysis. The 

present investigation focusses on analyses specific to point data.  

The spatial relation between two points in space, the distance, is central to spatial 

statistical analyses. Map projections are used to transform the 3-dimensional earth surface onto a 

2-dimensional plane, which distorts true distances, directions, and geographic shapes (Waller & 

Gotway, 2004). A map projection consists of a datum and a coordinate system. Datums are based 

on different ellipsoids that model the shape of the earth. WGS 1984 is the most widely used and 
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recently developed datum (Centers for Disease Control and Prevention, 2012). Coordinate 

system overlays are created by projecting the three-dimensional datum ellipsoid onto a two-

dimensional planar surface. The choice of the map projection affects the map and the distances 

portrayed on the map. Two maps referenced to different datums and projections can show 

distances between the same point locations with distances that differ substantially (Waller & 

Gotway, 2004).  For example, the distance between Atlanta and Seattle in the US increases by 

about 50% when the projection changes from Albers (2098 miles) to Mercator (2930 miles) 

(Waller & Gotway, 2004). 

In addition to the use of maps as descriptive tools, disease maps may be used to 

communicate the results of spatial data analysis, for reporting residual risks and disease cluster 

locations (Pfeiffer & Stevens, 2015; Robertson & Nelson, 2014; Rushton, 2003; Waller & 

Gotway, 2004). In these instances, the choice and use of map projections affect both the resulting 

disease map graphically and the spatial data analysis results (Centers for Disease Control and 

Prevention, 2012; Waller & Gotway, 2004).  

Spatial data are characterized by spatial dependence or clustering (Waller & Gotway, 

2004). Tobler’s first law of geography states that “everything is related to everything else, but 

near things are more related than distant things” (Tobler, 1970). Spatial statistics are mainly 

concerned with the modeling and analysis of this spatial dependence in a geospatial dataset 

(Waller & Gotway, 2004). Several analytic methods can be used to measure spatial 

autocorrelation, sometimes referred to as global measures of clustering (e.g., Moran’s I statistic, 

Geary’s C, D-function)  and the measures of spatial autocorrelation provide insights on 

population health outcomes (Cromley & McLafferty, 2011; Hinrichsen et al., 2009). For 
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example, positive spatial autocorrelation will be high when incidence values from regions close 

together in space are more similar than incidence values from regions further apart, which is 

often the case with infectious diseases (Wardrop et al., 2014).  For point data, spatial 

autocorrelation can be studied using the Cuzick-Edward’s statistic, which is based on the nearest-

neighbour properties found in case-control point data (Waller & Gotway, 2004). The nearest-

neighbour adjacency matrix W, is given by Eq 1.   

𝑤𝑖,𝑗 =  {
1  𝑖𝑓 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑗 𝑖𝑠 𝑎𝑚𝑜𝑛𝑔 𝑞 𝑛𝑒𝑎𝑟𝑒𝑠𝑡 𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟𝑠 𝑜𝑓 𝑙𝑜𝑐𝑎𝑡𝑖𝑜𝑛 𝑖

0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
}      Eq. 1 

The test statistic is given by:  

𝑇𝑞 =  ∑ ∑ 𝑤𝑤𝑖,𝑗 , 𝛿𝑖𝛿𝑗  𝑁
𝑗=1

𝑁
𝑖=1                Eq. 2 

Where 𝛿𝑖=1 if the ith location represents a case, and 𝛿𝑖=0 if the ith location represents a control. 

Location j is among the q nearest neighbours of location i. Projections skew distances and 

directions; for instance, distances may be more skewed towards the north in a map projection, as 

compared to the east. Based on Eq 1., it can be posited that the measure of spatial autocorrelation 

utilizes the ranking of Euclidean distance between data points and thus could be affected by the 

projection parameters used for a mapped dataset.  

A spatial disease cluster is recognized as an unusually high number of cases that occur 

close together in space. Disease cluster analysis uses statistical methods to test that an observed 

spatial pattern is a result of chance variation (Pfeiffer & Stevens, 2015). Spatial cluster detection 

methods include spatial scan statistics, which are based on a comparison of the risk of disease 

within a window, to that of outside the window. Spatial scan statistics are widely used in disease 

surveillance and offer important timely information, especially for rapidly evolving disease 



 

 

31 

 

outbreak situations like SARS-CoV-2 (Greene et al., 2020). Cluster detection methods have also 

been used to identify clusters of cancer incidence, for example clusters of mesothelioma and lung 

cancer among asbestos workers (Thun & Sinks, 2004).  

One cluster detection method for point data is the circular spatial scan test (Kulldorff, 

1997). In the circular spatial scan test, a circular window is imposed on the map, and the center 

of the circle moves across the study region (Kulldorff et al., 2003). The radius of the window is 

changed continuously between 0 and a user-defined upper limit, taking on a potentially infinite 

number of distinct circles, each with different location and size, and the potential of identifying a 

cluster (Kulldorff et al., 2003). The null hypothesis is rejected when at least one circle’s 

population has a higher underlying risk inside the circle relative to the population outside the 

circle (Kulldorff et al., 2003).  

This study investigated the variability of cluster detection and clustering analyses under 

varying projections for a simulated case-control point dataset mapped to Southern Ontario. Study 

objectives were to (i) simulate a spatial point process of case and control locations with a cluster, 

(ii) identify if map projections affected the Cuzick-Edward’s test for disease clustering, and (iii) 

assess the effect of changing map projections on the circular spatial scan test for cluster 

detection.  
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2.2 Methods 

2.2.1. Study Area  

The Ontario health region boundary file was downloaded in ArcInfo format from 

Statistics Canada (Statistics Canada, 2013a) with a custom Lambert Conformal Conic projection. 

The Ontario boundary file was modified to include only southern Ontario using the Southern 

Ontario Health Regions 2015 (Map 7) definition from Statistics Canada, i.e., extending from the 

North East Renfrew County and District Health Unit (3557) to the southern tip of Windsor-Essex 

County Health Unit (3558) (Statistics Canada, 2013b). The region of southern Ontario spans 

approximately 600 km from the northeast to the southwest. All simulations and analyses were 

conducted in R Studio Version 1.1.456 (R Core Team, 2019; RStudio Team, 2020).  

2.2.2. Data Simulation  

A case-control dataset was simulated as a homogenous marked Poisson point process 

using the rmpoipp function from the R-package spatstat (Baddeley, 2020). The custom 

projection was transformed to the Lambert Equal Area Conic Projection in RStudio using the 

rgdal package’s spTransform function. Two disease clusters were induced by random re-labeling 

(of controls to cases) in defined circular areas of a random sample of controls from the initially 

simulated homogenous Poisson process data. 

 The simulated point data were varied in RStudio using the rgdal package’s spTransform 

function. The projections were as follows: 1) Lambert Equal Area Conic Projection, 2) UTM 17 
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North, 3) Robinson, 4) Albers, and 5) Mercator. All projections were based on the WGS84 

datum ellipsoid (projection strings used in this study are presented in Appendix 1).  

2.2.3. Statistical Analysis  

Cuzick-Edward’s test 

The Cuzick-Edward’s test was conducted with the simulated data under each of the 5 

projections using the qnn.test function from the smacpod package in R (French, 2020). The 

nearest neighbour parameter k was varied: k=3, 5, 7, 9, and p-values were estimated based on 

using 999 Monte Carlo (MC) simulations. The null hypothesis that cases and controls are 

sampled from a complete spatial random distribution is rejected at significance level α = 0.05. 

Circular spatial scan test for point event data 

The circular spatial scan test was conducted for the simulated dataset under each of the 5 

projections using the spscan.test function from the smacpod package in R (French, 2020). The 

scan test was applied with a maximum population size for the cluster of less or equal to 50% than 

the total population. The null hypothesis of no clusters is rejected at the significance level α = 

0.05, and the p-value was estimated using 999 MC simulations. The spatial scan test in R returns 

the centroid of the significant clusters, the radius of the window of the clusters, the total 

population in the cluster window, the standardized mortality ratio (SMR) in the cluster window 

(the number of cases observed divided by the expected number of cases when the null hypothesis 

is true, i.e. when the risk is the same inside and outside the cluster), the relative risk (RR) in the 
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cluster window (relative to the estimated risk outside the window), and p-value (Kulldorff, 

2018). 
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2.3 Results 

2.3.1. Data Simulation  

The resulting dataset consisted of 655 event locations with 586 controls and 69 cases. 

Two circular clusters were defined by random relabelling of controls to increase the frequency of 

cases within two defined circular areas. Circular clusters were simulated under the Lambert 

Equal Area Conic projection as follows (Figure 2.1): 

Cluster 1: 

(x=850km, y=2100km, radius=50km) 33 controls and 2 cases were randomly relabeled to 22 

controls and 13 cases, i.e., risk changed from 6% (2/35) to 14% (13/35). 

Cluster 2: 

(x=775km, y=2200km, radius=20km) 6 controls and 0 case were randomly relabeled into 1 

control and 5 cases, i.e. the risk changed from 0% (0/6) to 83% (5/6). 

A total of 16 controls were relabeled into cases (11 in cluster 1, and 5 in cluster 2), 

resulting in an overall case event incidence of 11% (69/655) compared to the originally 

generated dataset with 8.1% (53/655).  

2.3.2. Statistical Analysis  

Cuzick-Edwards test 



 

 

36 

 

For all parameters of k nearest neighbours tested (k=3, 5, 7, 9), under all the projections, 

the Cuzick-Edward’s test (p-values less than 0.05) suggests the presence of clustering. Table 2.1 

shows that the p-values changed slightly for the same data and same statistical test, under 

varying map projections. However, the overall inference of spatial clustering did not change. The 

p-values differed slightly across the projections for the same k, with the exception of k=9. 

Circular Spatial Scan Test 

Results from the circular spatial scan test for the simulated case-control point data under 

the 5 map projections are presented in Table 2.2 and Figure 2.2. Under the Robinson projection, 

2 clusters were identified by the scan test, whereas the other projections identified only one 

larger cluster. While the cluster shape and size seem similar for the Lambert and UTM 

projections, they included different events locations. All clusters were significant. Differences in 

cluster sizes and relative risk were more apparent under the Robinson, Mercator, and Albers 

projection compared to the Lambert, and UTM 17N projections (Table 2.2). Apart from the 

Robinson projection (SMRs were 5.7 and 5.9), cluster SMRs under other projections were 

relatively similar, ranging from 2.5 to 2.7. Similarly, cluster RRs were relatively similar ranging 

from 3.4-3.6 with the exception of the Robinson projection, where RRs were 6.4 and 6.8 due to 

the fact that two clusters were identified. Under projections where a single cluster was detected, 

this cluster varied in size from 84 to 103 cases and controls. The Mercator projection had the 

largest cluster radius of 120 km.  
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2.4 Discussion 

The present investigation of a simulated homogenous Poisson point pattern over southern 

Ontario (Canada) demonstrated that projection can affect the results of spatial statistical cluster 

detection in a Cartesian coordinate system. This can be expected considering a circle in one 

projection may be distorted to an ellipse in another projection. Thus, a circular scan test might 

cover a different area and thus capture a different population as a cluster, than the original 

circular cluster, which could be stretched to an ellipse by a map projection. Under the Robinson 

projection, a projection commonly used for world maps, two clusters were detected. Whereas for 

the other projections, used for continent or smaller regions, only one cluster was detected. This 

difference could be reflective of the geographic distortion differences from the projections on the 

simulated clusters across Southern Ontario. Southern Ontario is a northern region on a world 

map and possibly subject to distortion in shape and area, whereas other regional-based 

projections are conformal (favours preserving shape) and equal-area (favours preserving area) in 

the southern Ontario region. Future studies could investigate classes of projections further (e.g., 

equal-area, conformal, equidistant and compromised) to understand if cluster detection ability is 

modified by the type of projection.   

Only slight changes in the p-values for the Cuzick-Edward’s test were found for the 

different projections. It is difficult to discern if the slight differences were a result of projection 

or chance variation from Monte Carlo p-value estimation. Future studies could investigate 

datasets expanding the number of MC simulations to further understand projection effects on the 

Cuzick-Edward’s test p-values. The slight changes in the p-values may also be reflective of the 

Cuzick-Edward’s test statistic dependence on rank-order of distances to nearest neighbours and 
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thus not as grossly affected by changes in distances; that is despite changes in projection, the 

rank orders may still be preserved. Future studies could investigate other measures of clustering 

for point data such as the D function (P. J. Diggle & Chetwynd, 1991; P.J. Diggle, 2003) which 

might be more sensitive to changes in distance resulting from projection. 

The findings from this study suggest that the choice and use of map projections for 

disease mapping has consequences for epidemiological interpretations and in turn can have 

policy implications. Cluster alarms are used in disease surveillance, and since health officials are 

tasked with evaluating local disease cluster alarms, an important question is to determine if the 

cluster has occurred by chance or whether the excess is a result of a risk factor. Cluster detection 

methods are exploratory analyses (i.e. hypothesis generating) that can be used to conduct further 

investigations to explain the presence of clusters by examining potential risk factors such as 

through a regression analysis adjusted for known risk factors. Consequently, it becomes 

important to accurately identify clusters geographically, as subsequent analyses and decisions 

regarding resource allocation may rely on the exploratory findings.  

Cluster identification can be dependent on the cluster detection method used and the 

method’s parameter settings. This study also shows the relevance of acknowledging the map 

projection in a cluster detection method and the respective epidemiological interpretation. Map 

projections matter but may not always be reported (as found in chapter 3 of this thesis). The 

reporting of projection, sample size, cluster test parameters, and significance level are all needed 

for reproducibility and critical appraisal in epidemiological research and public health decision 

making settings.  
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2.4.1. Strengths and Limitations 

This study did not quantify the effect of projections on the spatial scan test but presents 

qualitatively that differences in analyses can result. This study was also a case study and limited 

in the number of scenarios evaluated. Future studies could evaluate the effect of projections 

across a range of different scenarios of varying different parameters (e.g., radius of the largest 

possible cluster to consider). This study also did not examine and compare projected map results 

to an unprojected map or a map with geographic coordinates (longitude, latitude), and this could 

provide further insight on the effect of projection in the analyses presented here. Given this study 

examined point data, the findings could be relevant to aggregated areal/regional data.  Berke 

(2019) identified that varying projection does affect spatial statistics of regional data (Berke, 

2019). Variable results from the circular spatial scan test in Chapter 2 are consistent with 

findings from Berke 2019, where varying projection for regional data produced different results 

for another test for clustering, Moran’s I (Berke, 2019).  
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2.5 Conclusion 

Maps while graphics have an important role in spatial epidemiological analysis (Waller, 

2014), and should not be critiqued in isolation from the spatial analysis conducted.  The findings 

from this investigation suggest the exploratory analyses of clustering and cluster detection in 

disease maps can be conditional on the specific map projection used. More research is needed to 

better understand the consequences of projection choice on spatial epidemiological inferences. 

This study suggests that the omission of reporting the projection of a map displaying spatial 

statistics can have serious consequences for the interpretation of results in spatial 

epidemiological investigations, critical appraisal of research and for reproducibility of analyses.  

Future studies can assess the quality and consistency of reporting projection in spatial statistical 

maps, among other characteristics.  
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2.7 Figures 

 

Figure 2-1 Simulated clusters: Cluster 1 with 22 controls and 13 cases (x=850km, y=2100km, radius=50km) in 

blue. Cluster 2 with 5 cases and 1 control (x=775km, y=2200km, radius=20km) in green. Map projection: 

Lambert Equal Area Conic projection. 
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a)  
b)  

 

c) d) 

e)  

 

Figure 2-2: Spatial scan test for the same simulated data under different projections: a) 

Lambert Equal Area Conic, b)  UTM 17 North, c)  Robinson, d) Albers, e) Mercator 
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2.8 Tables 

Table 2.1. Results from the Cuzick-Edward’s test for disease clustering (i.e. p-values) under 

the 5 map projections: Lambert Equal Area Conic, UTM 17North, Robinson, Mercator, and 

Albers.  

 

Projection k=3 k=5 k=7 k=9 

Lambert 0.001 0.005 0.001 0.001 

UTM 17N 0.003 0.004 0.002 0.001 

Robinson 0.001 0.001 0.001 0.001 

Mercator 0.003 0.004 0.002 0.001 

Albers 0.001 0.007 0.002 0.001 

 

Table 2.2. Results from the circular spatial scan test for the simulated case-control point data 

under 5 map projections. P-values were estimated from 999 Monte Carlo simulations. 

 

Projection cluster RR SMR m  

(cases) 

n 

(population) 

p-value Radius 

(km) 

Lambert 1 3.6 2.7 24 84 0.004 87 

UTM 1 3.6 2.7 24 84 0.003 87 

Robinson 1 6.8 5.9 10 16 0.003 32 

2 6.4 5.7 9 15 0.010 24 

Mercator 1 3.5 2.6 24 86 0.005 120 

Albers 1 3.4 2.5 27 103 0.003 97 
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Chapter 3: Characteristics of Disease Maps of Zoonoses: A Scoping 

Review  

3.0 Abstract 

Objectives: The increasing availability of spatial data and mapping software makes disease 

mapping widely practiced and accessible. Although disease maps are regarded as informative 

communication tools in public health, there are no widely agreed upon and established guidelines 

for their reporting. This study investigated the characteristics and reporting of disease maps of 

zoonoses published in the scientific literature from 2017-2018. Study objectives were to 

characterize the literature that include disease maps, assess the characteristics of disease maps 

and their reporting.  

Methods: Two reviewers conducted duplicate screening of titles and abstracts identified from a 

search in Medline, CAB Direct, Web of Science Core, and Agricola with the publication date 

restricted to 2017-2018. This was followed by full-text article screening in duplicate. Studies 

were included if they had a disease map figure describing a zoonotic disease. Information on 

study and map reporting characteristics were extracted and summarized from full-text articles 

meeting inclusion criteria. 

Results: The search identified 1666 records. 302 articles meeting eligibility criteria were 

included, comprising 505 disease maps. Most published disease maps in this review were 

reported without information relevant for interpretations of geospatial analyses and their 

reproducibility, such as 92% of maps not reporting map projection. 
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Conclusions: The findings identified gaps and inconsistencies in the reporting of basic map 

information in the literature and support the development of a reporting guideline for disease 

maps. 
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3.1 Introduction  

Disease maps have been used by epidemiologists for centuries to convey geographic 

distribution of disease and health outcomes (Cromley & McLafferty, 2011). Disease maps are 

presented in diverse ways and are used in a variety of applications (Bithell, 2000). The definition 

of a disease map across textbooks and journal articles is variable and may be used 

interchangeably with other terms, such as health map and risk map. In this study, a disease map 

refers to the visual representation of geographically referenced health data within a geographic 

boundary for an animal or human population(s). The word “disease” in “disease map” is not 

solely intended for disease outcomes such as mortality, incidence, or prevalence, but can refer to 

other health outcomes including vaccine status and health scores. Such health outcome data are 

labelled with spatial tags (e.g., geographic coordinates, regional identifiers, area codes). Disease 

maps can reveal spatial patterns that are otherwise not recognized from tabulated data (Cromley 

& McLafferty, 2011).  

Disease mapping as a practice is used to visualize spatial variation in disease occurrence 

and help to generate hypotheses about disease causation. Detailed visual information on the 

spatial distribution of disease, especially for unique spatially heterogeneous disease distributions 

that are specific to a disease, provides important insights for disease prevention and control 

programs (Wardrop et al., 2014).  With recent advances in Geographic Information Systems 

(GIS) technology, access to tools for management, synthesis, and display of spatial data, map-

making processes and production are better enabled (Cromley & McLafferty, 2011; Rushton, 

2003; Waller & Gotway, 2004).  Growing access also empowers public and citizen participation 

in the creation, evaluation, and analysis of spatial data and visualizations (Cromley & 

McLafferty, 2011).  
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The heterogeneous nature of disease map visualizations, their spatial data, purposes, and 

contexts makes it difficult to articulate standard reporting items for disease maps and critically 

assess them against other objective criteria. Basic elementary reporting items across different 

map types include the data source, scale bar, legend, and map projection (Centers for Disease 

Control and Prevention, 2012; Cromley & McLafferty, 2011). Map projections, for example, are 

used to transform the 3-dimensional earth surface onto a 2-dimensional plane, which distorts true 

distances, directions, and geographic shapes (Waller & Gotway, 2004). Projections will use 

datums, which are based on different ellipsoids that model the shape of the earth and a 

coordinate system overlay. WGS 1984 is the most widely used and recently developed datum 

(Centers for Disease Control and Prevention, 2012). One of the most common coordinate 

systems is the Universal Transverse Mercator projection. Depending on the intended use of the 

map, the choice of projection will matter. For example, two maps referenced to different datums 

and projections can show distances between the same point locations, but distances can differ 

substantially (Waller & Gotway, 2004).  

In addition to disease maps being used for descriptive exploratory purposes of identifying 

and representing spatial patterns visually, disease maps are also used to display the results of 

spatial statistical analyses, including spatial regression and cluster analyses (Pfeiffer & Stevens, 

2015; Robertson & Nelson, 2014; Rushton, 2003; Waller & Gotway, 2004). In these instances, 

the choice and use of projection parameters affect spatial statistics (Centers for Disease Control 

and Prevention, 2012; Waller & Gotway, 2004), and the resulting p-values and confidence 

intervals.  

Spatial data are characterized by spatial dependence or clustering (Waller & Gotway, 

2004). Tobler’s first law of geography states that “everything is related to everything else, but 
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near things are more related than distant things” (Tobler, 1970). Spatial statistics is mainly 

concerned with the modeling and analysis of this spatial dependence in a geospatial dataset 

(Waller & Gotway, 2004). Several analytic methods can be used to measure spatial 

autocorrelation, such as Moran’s I statistic, and provide important insights on population health 

outcomes. For example, positive spatial autocorrelation will be high when incidence values from 

regions close together in space are more similar than incidence values from regions further apart, 

which is often the case with infectious diseases (Wardrop et al., 2014).   

Measures of spatial autocorrelation utilize the geospatial distance between data points 

and thus are affected by the map projection used for a mapped dataset. Furthermore, not 

accounting for spatial dependence/autocorrelation could also present itself as a bias or limitation 

in studies, particularly for spatial regression model studies, ultimately leading to the 

misinterpretation of the relationships between observations and covariates (Wardrop et al., 

2014). Spatial autocorrelation, when not considered, could mean violating the underlying 

assumption of statistical independence in (ordinary) statistical methods and generally results in 

inaccurate models, biased regression parameters, underestimated standard errors, falsely narrow 

confidence intervals, and overestimation of the significance of covariates (Cromley & 

McLafferty, 2011; Wardrop et al., 2014).  

Another challenge with mapping health data is the modifiable areal unit problem 

(MAUP) (Cromley & McLafferty, 2011)(Waller & Gotway, 2004). The MAUP occurs during 

geospatial analyses of aggregated data, where the results of one analysis are different from the 

same original data, albeit for different aggregation schemes (e.g., a choropleth map of cancer 

cases by county-level will look different from a map showing the same data by census tract) 

(Cromley & McLafferty, 2011). The MAUP is apparent in two forms: the scale effect and the 
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zone effect. The choice of scale is important as relationships between variables at one scale may 

be distorted when viewed from another scale, depending on the number and sizes of areal units. 

The zone effect considers the variability in results due to different formations of the areal units 

(Waller & Gotway, 2004).  Moreover, making inferences from maps using aggregated data to a 

lower level of aggregation can result in ecological biases (Lawson, 2013). Spatial sampling of 

populations can also give rise to selection biases and limitations of precision. One common 

limitation is the small numbers problem, where rates based on small populations tend to be less 

reliable and more variable compared to rates based on large populations (Beyer et al., 2012). 

As such, maps are subjective graphics where inherent choices in design and data mapped 

are important aspects of interpretation and inference (Brewer, 2016; Cromley & McLafferty, 

2011). Despite the widespread use of disease maps in research, journal publications, and use as 

decision support tools by public health agencies, to date, no current standard reporting guideline 

exists for geographic disease maps (search conducted December 2019 in EQUATOR- 

http://www.equator-network.org /). Without comprehensive reporting of map elements and 

creation, geospatial statistics and analyses are not reproducible and may lead to 

misinterpretations.  

In this study, recently published journal articles that included disease maps of zoonoses are 

reviewed. As disease maps are used across disciplines of public health (e.g. non-communicable 

disease epidemiology, and environmental epidemiology), this review focused on disease maps of 

zoonoses to capture uses across animal and human populations, in addition to their utility in 

intersections of animal and human populations.  

Zoonoses are diseases that are naturally communicable between humans and other vertebrate 

animals. There are over 200 zoonotic diseases, and emerging zoonoses such as Avian Influenza 

http://www.equator-network.org/
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and West Nile Virus have raised global public awareness around the importance of connecting 

animal and human populations for disease surveillance (Cromley & McLafferty, 2011). A 

majority of emerging infectious diseases (EID) ( e.g., severe acute respiratory virus, Ebola virus) 

are zoonotic or suspected to be of zoonotic origin and are significantly increasing over time with 

a significant burden on global economies and public health (Jones et al., 2008). Geographic 

foundations of disease emergence has been identified by five key drivers: cross-species transfer, 

spatial diffusion, genetic evolution, new detection capacity of newly recognized pathogens, and 

changes in human-environmental relationships (Mayer, 2000; Robertson & Nelson, 2014). In 

today’s interconnected global community, the geospatial information concerning zoonotic 

infectious diseases provides timely information important for their control and prevention across 

animal and human populations (Beard et al., 2018; Kraemer et al., 2016; Robertson & Nelson, 

2014). 

Narrowing the focus of this review to disease maps of zoonoses offered a wide breadth of 

applications to broadly characterize the literature that includes disease maps, especially with 

respect to disease surveillance.  Communicating disease epidemiology research often requires the 

use of disease maps for knowledge translation to appropriate communities of users. The 

multidisciplinary nature of zoonotic infectious disease research benefits from collaborative 

efforts among ecologists, epidemiologists, geographers, public health practitioners and decision-

makers. Examining zoonotic disease research offers a valuable starting point to understand 

reporting practices across disciplines and added value for creating a standard framework for 

communicating disease maps.  

Using a systematized search of maps of zoonotic diseases in scientific journal databases, the 

objectives of this review were as follows: 
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1) Summarize disease map applications in studies of zoonotic diseases;  

2) Evaluate the reporting characteristics of basic map elements (e.g. projection and scale); and  

3) Summarize reported challenges with using spatial data and analyses for map representations, 

inferences and interpretations. 
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3.2 Methods 

To broadly characterize the applications, reporting characteristics, and challenges of 

disease maps of zoonoses and their studies, the scoping review methodological framework 

proposed by Arksey & O’Malley (Arksey & O’Malley, 2005) was used for this review. The 

research team revised a draft protocol after the search strategy was completed, and the final 

version of the review protocol is presented in Appendix 2.  

 This scoping review also included a consultation element applying integrated knowledge 

translation (iKT), a form of collaborative knowledge translation (KT) between researchers and 

knowledge users throughout the conduct of a study (Straus et al., 2013). Knowledge users are 

individuals or groups who will use and apply the knowledge generated. These can be decision-

makers, policymakers, patients, or whole communities. Knowledge users in this work were 

identified (e.g., educators, spatial epidemiological researchers, statisticians, and public health 

practitioners) from previous research work or contact with study investigators (OB, IS). Ethics 

approval was asked for but not required by University of Guelph's Research Ethics Board 

because findings from this engagement were not used as results in this study and only informed 

method development. Knowledge users (KUs) were engaged prior to the conduct of the review 

via an email questionnaire. The purpose of their involvement was to validate the research 

questions posed for this review as relevant and provide added KT value to findings at the end of 

the research. Twenty-one knowledge users were contacted, and 12 responded. Contributors to the 

consultation provided additional insights on the relevance of data extraction items, confirmed 

that data extraction items pre-identified by the investigators were relevant and that items 

considered important by respective experts were not missed in this investigation.  
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3.2.1. Search Strategy 

Articles with disease maps reporting on zoonoses were identified via searches in 

MEDLINE via Ovid, Web of Science Core Collection, CAB-Direct, and Agricola via ProQuest 

databases. The search was limited to the years 2017 and 2018 to evaluate current reporting and 

study characteristics. The search strategy was limited to journal articles and did not include 

searching the grey literature. The search was conducted on December 18th, 2018, and again on 

April 19th, 2019, to capture any additional publications from late 2018. Search terms and 

strategies were tailored to the requirements and structure of each database and consisted of 

“zoono*” (e.g., zoonoses, zoonotic, zoonosis) AND “disease map*” OR other geographic map 

terms including “atlas”, “geographic distribution”, “risk map”.  The search conducted in Web of 

Science is presented in Table 3.1. The full detailed search strategy is presented in Appendix 3. 

All articles identified from the search were imported into Endnote, and duplicate articles were 

removed.  

3.2.2. Eligibility Criteria 

For a journal article to be eligible, the subject of the title and abstract had to describe a 

zoonotic disease in a population with reference to geography. Reviewers verified if a disease was 

zoonotic against a list from Vbrova et al. (2009) (Appendix 4) and the Merck Veterinary Manual 

(Merck Veterinary Manual, n.d.). Only journal articles published in English and published in 

2017 and 2018, including electronic publications published ahead of print, were eligible for 

inclusion. Full-text articles with at least one zoonotic disease map figure were included. Zoonotic 

diseases in animal or human populations acquired through all transmission modes (vector-borne, 
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food-borne, indirect contact, and direct contact) were included. Maps that had no clearly 

demarked geographic boundaries of a study population (e.g., clipped study boundaries, no 

geographic boundary at all), or maps with arbitrary boundaries drawn by study authors for the 

purposes of a study area were excluded (e.g., geographic boundaries that are not otherwise 

recognized administratively outside of the study).  

3.2.3. Study Selection 

The review team pilot-tested screening forms on a random sample of articles (20 titles 

and abstracts, and 10 full-text articles), and all had an agreement score of  >80% with the team 

consensus rating (i.e., reviewer rating compared and scored against the consensus rating) before 

screening the remaining records. 

Articles were screened by two reviewers using pre-specified eligibility criteria (Appendix 

5). Any disagreements on article selection were resolved by consensus or by a third reviewer. 

Articles that met eligibility criteria for abstracts and titles were included for subsequent 

screening by inspecting the full-texts of the articles. Full-text articles were located and screened 

visually for the presence of a disease map of zoonotic disease. Article screening was done using 

the Covidence software for literature review (Covidence, 2017). Articles were verified for 

inclusion by the lead author (IS) following screening. Eligible articles underwent data extraction. 

3.2.4. Data Items and Extraction 

A data collection form was designed and informed by a combination of literature search 

(e.g., educational texts, and grey literature), expert consultation, and a pre-data charting exercise. 
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To assure that the data collection form reflected the research questions and was appropriate for 

the heterogeneous nature of disease maps, two reviewers engaged in a data charting exercise 

using a sample of 50 articles. The data collection form was modified to improve the data 

extraction process as needed. The final data extraction form collected information related to 

study characteristics, map characteristics, and geospatial analyses. Data extraction was 

conducted in Microsoft Excel (Microsoft Corporation, n.d.) after the review team consisting of 9 

reviewers pilot-tested the extraction forms on a random sample of six included articles. After 

pilot-testing and refining the data collection form further to improve clarity on extraction items, 

1 reviewer independently extracted data for an included article.  

3.2.5. Study Characteristics 

Information on the study population, zoonotic disease, and geographic region were 

collected at the study level. Study populations were categorized from a list based on the population 

with the health outcome: human population, animal population, invertebrate vector population, or 

a combination of these populations.  

For map utility in a study, the use of maps was determined to be either descriptive or 

analytical by reviewers. Studies with maps only used by authors for visualizing observational 

disease distribution were categorized as descriptive. Study articles with at least one map that 

represented outputs from geospatial methods and analyses (e.g., spatio-temporal map predicting 

risk, or any distance-based/ spatial statistics) were categorized as analytical. 

To gain some insights on data sharing practices for the purposes of transparency, and 

reproducibility, data availability statements when provided, were extracted into prescribed 
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categories. These categories included: Availability in a repository, Available from corresponding 

author or request, Available in this published article/supplementary file, Available from a third 

party with restrictions, Not publicly available, Publicly available and open access, Other. 

3.2.6. Map Characteristics 

 Given a journal article could report multiple maps, reporting characteristics were 

collected at the map level. Studies including multiple maps in one figure or a set of maps were 

counted as one composite map as characteristics and features were assumed to be the same for 

individual maps within one composite figure. Information was extracted from each map for the 

map type, and these included: choropleth maps, point and symbol maps, proportional symbol 

maps, maps with a continuous gradient feature, and combination maps. Choropleth maps show 

geographic areas shaded in varying colours, intensities, or patterns to represent the proportions or 

magnitudes of outcome data (Cromley & McLafferty, 2011). Isopleth maps and other maps with 

continuous gradient representation of data were categorized as maps with a continuous gradient 

feature. Isopleth maps depict smooth continuous data by using isolines that connect points of 

same numerical values (Centers for Disease Control and Prevention, 2012). Point maps and 

symbol maps represent geographically referenced health data as points and symbols on specific 

locations. Proportional symbol maps have symbols mapped with their size proportional to the 

number of events/magnitude of outcome (Cromley & McLafferty, 2011). And finally, a 

combination map was defined as a map with more than one map feature to represent the health 

outcome data (e.g., a point map overlaid on a choropleth map). 
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 The health outcome represented in each map, as described by authors were categorized as 

follows: 1) measures of disease frequency, 2) molecular typing/phylogeographic, and 3) other. 

Measures of disease frequency included: cases, prevalence, incidence, and mortality risk as 

outcomes reported by authors. Maps that reported on the genetic identity of a pathogen as a map 

outcome were categorized into molecular typing or phylogeographic. Map outcomes such as 

exposure to a health intervention (e.g., vaccination status) were categorized as “other”.  

 The format of data as presented in map legends and article text was categorized from a 

list of categories adapted from Mitchell (Mitchell, 1999) and were as follows:  

1) Counts and amounts provide total numbers and values associated with mapped features 

(e.g., 50 cases). 

2) Ratios represent map data created by dividing one quantity over another (e.g., a disease 

incidence risk of 50 /1,000,000 people as a legend symbol).  

3) Ranks represent mapped data with a hierarchal order, from high to low, and show values 

relative to each other instead of measured values (e.g. low risk, to high risk).  

4) Categories represent mapped data that are described by categories (e.g., serostatus). 

 

The reporting of basic map design elements from map figures was evaluated as “yes” or 

“no". These elements included:  

1) Scale Bar represents the relationship between a distance on the map and the corresponding 

distance on the ground (Waller & Gotway, 2004). The scale of a map provides important 

information on the level of detail that a map can portray (Cromley & McLafferty, 2011). A 
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scale bar can be represented in text such as (e.g., 1 inch to 50km) or visually as a scale bar, or 

as a fraction (e.g., 1:25,000).  

2) Compass/ North Arrow describes the orientation of the map and is useful when the map is 

not oriented in the North direction or for large-scale maps (e.g., shows an area with more 

detail) (Centers for Disease Control and Prevention, 2012). 

3) Legend defines and explains the map symbols and features.  

4) Projection transforms the three-dimensional surface of the earth onto a two-dimensional 

plane. The datum and coordinate system are reported to convey the projection (e.g., WGS 

1984, UTM Zone 18M). 

5) Time refers to an indication of the date (at the minimum the year) in the title of the map or 

figure caption. 

Elaboration and further description of extracted items are presented in Appendix 5.  

3.2.7. Geospatial Methods and Analyses 

Geospatial methods and analyses were extracted as open text by a reviewer from studies that 

reported them and were categorized into the following by the lead author (IS):  

1) Disease mapping methods and spatial regression models  

This included regression models with a spatial component such as generalized linear mixed 

models, conditional autoregressive (CAR) models, geographical weighted regression (GWR). 

This category also included model-based approaches, which “borrow strength” across small 

areas to improve local estimates to smooth extreme rates resulting from small local sample sizes, 

including Empirical Bayes smoothing, kriging, and other interpolation methods. 
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2) Spatial cluster analysis  

This included methods for cluster detection, also known as “local measures” for spatial clusters 

such as LISA/Local Moran’s I, local Getis-Ord G, and spatial and space-time scan statistics 

using various distributions.   

3) Spatial Autocorrelation analysis  

This included methods for global measures of spatial autocorrelation or clustering, for example: 

Moran’s I, Geary’s C, Cuzick-Edwards K-NN-test, Average nearest neighbour, Knox test, 

Semivariogram, or Empirical variogram. 

4) GIS-based spatial analysis   

This included any geospatial analyses that involved using GIS tools and databases such as zonal 

statistics, multicriteria evaluation, and network analysis. 

5) Point sets and distance statistics 

This included analyses where distance was central to the input and output of the analyses such as 

source or risk-factor proximity analyses, case-case distances. 

6) Other  

All other analyses and methods that did not fit in the above categories but involved a geospatial 

element in an analysis such as dynamic spatial disease models of transmission. 

3.2.8. Geospatial Biases and Limitations  

Biases and limitations as described by the authors with respect to the geospatial analyses 

conducted were extracted as open text. The extracted items were then categorized by the lead 
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investigator (IS) into themes adapted from Fotheringham and Rogerson’s (1993) “Impediments 

that arise in spatial analysis”. Themes were as follows:  

1) Spatial Scale and Aggregation of data  

This included discussion and recognition of ecological biases such as MAUP, or limitations on 

making inferences from mapped data as result of spatial scale and aggregation scheme of 

mapped data. 

2) Boundary problems  

This included discussion and recognition of study boundaries potentially biasing the study results 

or recognized as limitations on map inferences.   

3) Model assumptions and goodness of fit  

This included a discussion and recognition of assumptions likely to be violated as a result of 

spatial data, or discussion of spatial assumptions that are limitations or biases for model fit. 

4) Spatial Autocorrelation  

This included a discussion and recognition of spatial autocorrelation not incorporated into a 

model framework or analyses resulting in biases or as a study limitation.  

5) Geolocation problems and spatial biases in sampling, geocoding, data collection  

This included any discussions pertaining to biased estimates or study limitations from how 

geographic data were collected (e.g., sampling bias) and mapped (e.g., mapping migratory 

animals that do not have a residential address). 
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3.2.9. Data Synthesis  

The extracted data were descriptively analyzed by frequencies and percentages to 

summarize study and map characteristics. Geospatial analyses and methods collected as open 

text were categorized by the lead author using an inductive approach of content analysis (Elo & 

Kyngäs, 2008). Reported biases and limitations were also collected as open text, and later 

categorized by the lead author from identified themes in the literature. A bar chart figure 

comprising the zoonotic pathogens by study area, and a bar chart of map types was created in R 

Studio using ggplot2 (R Core Team, 2019; RStudio Team, 2020; Wickham, 2016).   
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3.3 Results 

3.3.1. Study Selection and Data Extraction 

The search identified 1666 unique citations. The study flow is presented in Figure 3.1. A 

total of 302 articles met the eligibility criteria after full-text review and were included in this 

review representing 505 individual and composite disease maps. Citations for the included 

studies are listed in Appendix 6. 

3.3.2. Study Characteristics 

A majority of the included studies were studies mapping animal populations (43%) 

compared to human populations (30%), invertebrate vector populations (3%), or maps with both 

animal and human populations (21%), and both invertebrate vector and human populations (2%) 

(Table 3.2).  Viral (32%) and bacterial pathogens (34%) were the most common group of 

zoonoses (66%) among the included studies (Table 3.2). A breakdown of pathogen type by the 

geographic region of the maps for the included studies is presented as a bar graph in Figure 3.2. 

Most disease maps were studies from Asia (25%) and Europe (20%), and across all regions virus 

and bacterial pathogens were common. South America had the most studies with helminth 

pathogens, and Asia had the most studies with protozoa pathogens. A list of zoonotic pathogen 

species of included studies is presented in Appendix 7. 

Included studies were evenly distributed between 2017 (48%) and 2018 (52%) for the 

year of publication. Most studies utilized the map figures for descriptive (66%) compared to 

analytical purposes (34%). Although most studies did not include a data availability statement, 
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25% of studies indicated all data were available in the main article or supplementary file, and 9% 

indicated the data were publicly available or open access. 

3.3.3. Map Characteristics 

Within the 302 included publications, 505 maps of zoonotic disease maps were identified. 

Of these 505 maps, 88% were individual maps, and the remaining 12% were composite figures 

of maps. The most commonly used map type were choropleth maps (38%), followed by point 

maps (23%) (Table 3.3). A majority of maps were found to report measures of disease frequency 

(88%) as outcomes. A small number of maps (4%) reported on a molecular typing or 

phylogeographic outcome. Data in the format of ratios (25%) were most commonly presented in 

choropleth maps (Figure 3.3, Table 3.3). Choropleth maps were also used to present count and 

categorical data (Figure 3.3). Less than half of the disease maps (47%) included a scale (Table 

3.3). A majority of maps did not report map projection (92%). Most maps did include a compass 

(53%), a legend (85%), and a date associated with the mapped data (68%). 

3.3.4. Geospatial Analyses, Biases, and Limitations 

Of the 302 included studies, 103 studies reported on 144 geospatial data analyses (Table 

3.4). Most commonly reported geospatial analyses included disease mapping and spatial 

regression models (42%), spatial autocorrelation (15%), and cluster detection (21%).  

Of the 302 included studies, 50 studies reported on geospatial specific biases and 

limitations 60 times (Table 3.5). Most commonly identified themes of biases and limitations 

associated with geospatial analyses included: geolocation problems and spatial bias in sampling 



 

66 

 

(58%), problems arising from the spatial scale and aggregation of data (17%), and lack of 

accounting for spatial autocorrelation (8%). 
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3.4 Discussion 

The results of this review suggest that there may be gaps in reporting practices of basic 

map information in published disease maps. Some basic map design elements, such as the legend 

and compass, were commonly reported. However, design elements such as the map projection 

and scale were only reported by a low percentage of included maps (8% and 47%, respectively). 

Reporting the projection and scale can be important for: (1) immediate transparent interpretation 

of the map, (2) subsequent data analysis or reproduction of results presented by a map, and (3) 

documentation purposes for prospective and retrospective comparisons. For example, sequential 

analysis of disease maps retrospectively and prospectively can be important to determine 

whether an outbreak is taking place or has occurred (Lawson & Rotejanaprasert, 2018).  

Although un-projected maps can give misleading impressions of geographic distribution 

of data, if maps do not require a high level of accuracy for location, then it may not be necessary 

to transform data to a projected coordinate system or to report projection (Waller & Gotway, 

2004). The choice of a projected coordinate system and reporting of projection are important for 

maps requiring accurate visual depiction or for maps displaying spatial statistics, where it is 

essential to preserve and represent relative distances (Waller & Gotway, 2004). In this review, 

most studies (66%) utilized maps for descriptive purposes. In these instances, perhaps projection 

is an aesthetic and design choice, though it can still affect geographic interpretations of disease 

patterns. However, in maps displaying spatial statistical analysis, projection can affect how both 

the visual geography and the spatial data analysis are interpreted. 

An example of mapped datasets for spatial analysis are maps presenting cluster detection. 

This review identified spatial cluster analysis as a relatively popular geospatial analysis among 

the methods categorized in this review. A systematic review by Smith et al. (2015) on spatial 



 

68 

 

methods for infectious disease outbreak investigations also identified spatial scan statistics (i.e. 

cluster detection) as a frequently adopted type of analytic method in their review (Smith et al., 

2015). Accurately identifying clusters geographically is important for public health decision 

making and subsequent analyses. The basic reporting of items such as projection and scale can 

be important for interpreting and critically appraising maps displaying cluster detection analysis. 

Standardization of reporting basic map information can aid in rapid decision-making 

processes and follow-up of spatial epidemiological investigations. One possible way 

standardization of reporting items could be achieved is through the development of a reporting 

guideline or an extension to the “Strengthening the Reporting of Observational Studies in 

Epidemiology” STROBE statement and STROBE-Vet for animal populations with items specific 

to spatial data (Smith et al., 2015; O’Connor et al., 2016; Sargeant et al., 2016; Vandenbroucke 

et al., 2014; von Elm et al., 2007).  Journal editors can also initiate the process by providing their 

authors and reviewers with some basic map reporting guidelines, particularly for journals 

specializing in medical geography, spatial epidemiology, and spatial statistics. 

Although disease maps and map-making processes are heterogenous, the current 

investigation identified choropleth maps as a common map type in the infectious zoonotic 

disease literature, and this can be an impetus for starting guidelines for this particular map type. 

Choropleth maps are a preferred choice in health mapping as they can protect the privacy of 

individual health data and are more amenable to mapping the aggregated regional data that are 

most available and disclosed by disease surveillance systems (Cromley & McLafferty, 2011). 

Although this study did not examine choropleth map characteristics in-depth such as evaluating 

the classification methods used to display data (e.g., natural, manual, quintile breaks), future 
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studies and guideline development could address the reporting of items unique to choropleth 

maps such as classification methods. 

Disease maps should also be considered with the appropriate background population, 

which provide the basis for denominators in epidemiological metrics of disease (e.g., incidence 

rate or risk, prevalence, mortality rate). This review identified choropleth maps presenting both 

ratio data and count/amount data. Standardized values rather than absolute values are 

recommended to allow for comparisons across a map (Cromley & McLafferty, 2011). However, 

absolute values are still meaningful when background population data are not available, as might 

be the case with animal population data. A reporting guideline or a consensus statement on how 

disease maps should be reported can bring greater awareness to issues such as these.  

The current investigation suggests that most studies may not reflect on geospatial biases 

and limitations. This may be related to incomplete reporting or may be because the biases and 

limitations are not present, due to the study design or control at the analysis stages of a study. In 

a review of spatial epidemiological approaches to inform leptospirosis surveillance, Dhewantara 

et al.(2019) found that even though studies evaluated spatial autocorrelation, they did not 

necessarily incorporate the spatial autocorrelation into the modelling framework. Future studies 

can assess how specific geospatial biases and limitations are reflected in the research design and 

analysis stages, in addition to reporting. 

 A common theme of biases and limitations identified in this study was related to spatial 

scale and aggregation of data. Fotheringham and Rogerson (1993) recommend that practitioners 

using methods of spatial analysis within GIS, should : 1) provide an introductory discussion of 

the spatial problem, 2) provide a discussion of alternative ways of evaluating and dealing with 
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the problem, and 3) discuss the ability to interpret the output associated with the alternative 

ways. To increase transparency and accountability, a map reporting guideline could include a 

recommendation for data tables to be presented together with disease maps. The reporting of data 

sources, the scale of the spatial data, and analytical methods and limitations can improve the 

interpretations and utility of disease maps. Examining data availability statements in this review 

suggests that data sharing for maps is not a regular or common practice, yet. A reporting 

guideline can also help foster an environment where data sources are reported adequately and 

encourage open access to geographical datasets where appropriate (i.e., in accord with ethic 

guidelines of releasing potentially identifying information). While reporting guidelines are not 

appropriate for use in assessing quality, they are intended to aid in clarity for publication 

(Vandenbroucke, 2009). Guidelines can also increase critical thinking about design and analysis 

issues during map creation, leading to potentially higher quality maps.  

Most disease maps mapped regions of Asia (25%).  This is consistent with literature 

findings suggesting hotspots for the emergence of wildlife and vector-borne diseases are regions 

of lower latitude (Jones et al., 2008). In a review of global patterns of zoonotic disease in 

mammals by Han et al. (2016), most zoonoses were caused by bacteria followed by viruses, 

helminths, protozoa, and fungi (Han et al., 2016); consistent with the sample of disease maps 

captured in this review. Some maps in this study also mapped multiple zoonoses (13%). 

Studying and mapping a composition of diseases that burden a population can help to scale up 

interventions and reduce global burden of disease (Kraemer, 2016). Most of the maps included in 

this study reported outcomes in animal populations (43%) compared to human populations 

(30%). This could be a positive indication of research interest in animal population data as 

sentinel information in understanding human health risks. Further, it is important to understand 
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the spatial variation of risk factors, especially for infectious diseases with strong environmental 

and sociodemographic determinants, that are also spatially heterogenous (Mayfield et al., 2018). 

In one included study in this review, Lawson and Rotejanaprasert (2018) advocate for the use of 

Bayesian joint models for zoonotic diseases using the information of both human and animal 

populations in statistical modelling of disease patterns in space and time, producing a spatially 

correlated shared effect between human and animal populations. 

3.4.1. Strengths and Limitations 

The review evaluated a small subset of disease maps in the published scientific literature, 

which allowed the review to be manageable and provide a census of the literature through a 

scoping review. The review focussed on the evaluation of the recently published literature to 

reflect current practices. The review also included disease maps of all types (e.g., choropleth 

map, dot map, isopleth map), providing a broad characterization of disease maps in the literature 

assessed. The findings from this review can be used to support and inform the development of a 

reporting guideline for disease maps.  While other reviews have examined spatial analytic 

methods and systems (Beard et al., 2018; Carroll et al., 2014; Dhewantara et al., 2019; Fritz et 

al., 2013; Smith et al., 2015), this review is the first to describe reporting practices of basic 

information associated with diseases maps; adding to the literature new evidence on 

characteristics of published disease maps.  

This study followed a meta-research process, where included studies were assessed for 

eligibility based on the visual inspection of figures opposed to solely manuscript text. As a 

scoping review, the quality of the included studies and the reporting quality of disease maps were 
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not critically appraised. One limitation of this study was that data were not extracted in duplicate 

nor verified by a second reviewer as recommended for scoping reviews (Arksey & O’Malley, 

2005).  
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3.5 Conclusion 

The present study findings suggest that reporting and characteristics of disease maps are 

inconsistent, and readers should not accept disease maps uncritically. There are significant gaps 

in the reporting of map elements such as projection, necessary for reproducibility, and informed 

decision making. As such, there is a need for increasing capacities and educational training 

among user groups for map-making as important reporting items can be omitted. The findings 

from this study support the need for developing guidelines and recommendations related to 

reporting, understanding, and creating maps for spatial epidemiological analysis to inform 

diverse user groups. 
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3.7 Figures 

 
 

 
 
 
 
 

Figure 3-1. PRISMA Study Flow diagram.  
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Figure 3-2. Stacked bar chart of zoonotic diseases presented in included studies (n=302) by pathogen 
type and region mapped in the disease maps. Global maps refer to maps of the world. Multiregional 
maps refer to maps with more than one region mapped. 
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Figure 3-3. The included map types (n=505) presented by the data format reported by authors in map 
legends or article text. 
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3.8 Tables 

 

Table 3.1 Search string inputted in Web of Science to identify published disease maps of zoonoses 

Date April 19, 2019 

Platform/Interface Web of Science 

Databases Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH 

Institution University of Guelph 

Search String: (TS=(zoono* AND (disease map* OR geographic information system OR GIS OR 
geospatial OR spatial OR geographic OR geomap* OR cartograph* OR cartogram* 
OR atlas OR geographic distribution OR disease distribution OR spatio?temporal 
OR spatial epidemiology OR geostatistic OR risk map OR health map OR map) )) 

Limits English, Document Types: Article, 2017-2018 
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Table 4.2 Study characteristics of 302 included studies with zoonotic disease maps published in 2017-2018 

Study Characteristic (n=302) Count (%) 
Study Population  

Animal 130 (43.1) 

Human 90 (29.8) 

Both Animal - Human 65 (21.5) 

Invertebrate Vector 10 (3.3) 

Both Animal Invertebrate Vector - Human 7 (2.3) 

Zoonotic Pathogen type  

Virus 98 (32.4) 

Bacteria 102 (33.8) 

Helminths 31 (10.3) 

Protozoa 29 (9.6) 

Fungi 4 (1.3) 

Multiple Zoonoses 38 (12.6) 

Mapped regions of studies  

Africa 41 (13.6) 

Asia 76 (25.2) 

Europe 62 (20.5) 

North America 45 (14.9) 

South America 41 (13.6) 

Australia/Oceania 4 (1.3) 

Multiregional (if more than one map) 9 (3.0) 

Global (for world maps) 24 (7.9) 

Year published  

2017 146 (48.3) 

2018 156 (51.7) 

Map utility in Study  

Descriptive  199 (66) 

Analytical 103 (34) 

Data Availability Statement  

Availability in a repository 7 (2.3) 

Available from corresponding author or request 13 (4.3) 

Available in this published article/supplementary file 76 (25.2) 

Available from a third party with restrictions 12 (4.0) 

Not publicly available 13 (4.3) 

Publicly available and open access 27 (8.9) 

Other 4 (1.3) 

Not reported 150 (49.7) 
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Table 5.3  Disease map characteristics of 505 maps of human, animal, or vector zoonotic disease reported 

from 302 articles published in 2017-2018 

Map Characteristic (n=505) Frequency % 

Map Type  
Individual 442 (88.0) 

Composite 63 (12.0) 

Map figure type  

Choropleth 191 (37.8) 

Point or Symbol map 118 (23.4) 

Combination 85 (16.8) 

Continuous gradient 35 (6.9) 

Proportional Symbol 22 (4.4) 

Other 54 (10.7) 

Map Health Outcome  

Measures of Disease Frequency 446 (88.4) 

Molecular or Phylogeographic Typing 18 (3.6) 

Other 41 (8.0) 

Format of Mapped Data  

Categories 202 (40.0) 

Counts and Amounts 139 (27.5) 

Ratios 128 (25.4) 

Ranks 36 (7.1) 

Map Design Elements  

Projection Parameters reported 42 (8.3) 

Compass reported 268 (53.1) 

Legend reported 430 (85.1) 

Scale Bar reported 236 (46.7) 

Time reported 345 (68.3) 
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Table 6.4 Categories of study author reported geospatial methods and analyses  

Geospatial Methods and Analyses 
Count (%) 

(n=144)* 

Disease mapping and spatial regression models 61 (42.4) 

Spatial cluster analysis 30 (20.8) 

Spatial Autocorrelation analysis 22 (15.3) 

GIS based spatial analysis  9 (6.2) 

Point Sets and Distance Statistics 4 (2.8) 

Other  18 (12.5) 

*From 103 studies reporting geospatial methods. An included study could report more than one category. 

Table 7.5 Themes of study author reported geospatial biases and limitations  

Geospatial Biases and Limitations Themes 
Count (%) 

(n=60)* 

Spatial Scale and Aggregation of data versus disaggregate data  10 (16.7) 

Boundary problems  2 (3.3) 

Model Assumptions and goodness of fit  8 (13.3) 

Spatial autocorrelation 5 (8.3) 

Geolocation problems and spatial biases in sampling, geocoding, data collection 35 (58.3)  

*From 50 included studies reporting geospatial specific biases and limitations. An included study could report 

more than one category 
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Chapter 4: Discussion and Conclusions 

The overall work of this thesis is intended to advance the reporting of disease maps in 

epidemiological research. In chapter 2, it was demonstrated that the choice of map projections 

could be essential to the reproducibility of spatial analyses like the spatial scan test. Using the 

same data and the same spatial analysis for cluster detection, varying the map projection showed 

different results. In chapter 3, evidence was presented that reporting characteristics of disease 

maps are inconsistent. A total of 302 studies comprising 505 disease maps were reviewed for 

characteristics of published disease maps. The review identified that characteristics such as 

projection, scale, and compass are not always reported. The overall work of this thesis supports 

the development of a future guideline for disease maps.  

4.0 Discussion and Summary of Key Findings 

Disease maps are used in epidemiological investigations to communicate the geographic 

distribution of health events. Disease maps are also used to display the results of spatial 

statistical analyses, including spatial regression and cluster analyses (Pfeiffer & Stevens, 2015; 

Robertson & Nelson, 2014; Rushton, 2003; Waller & Gotway, 2004). The spatial relation 

between two points in space, especially their distance, is central to most spatial statistical 

analyses.  

Map projections are used to transform the 3-dimensional earth surface onto a 2-

dimensional plane, which distort true distances, directions, and geographic shapes (Waller & 

Gotway, 2004). Chapter 2 of this thesis presented a simulation study to assess tests for disease 

clustering and cluster detection and their related p-values under varying map projections. This 
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proof of concept study identified that different projections could affect the spatial statistics, 

particularly the circular spatial scan test. Results from the circular spatial scan test, with p-values 

estimated from 999 Monte Carlo simulations, indicate variability in the clusters detected, 

including cluster radius size, case counts and loci in the cluster, relative risk, standardized 

mortality risk. This can be expected considering a circle in one projection may be distorted to 

ellipse (or deviate from a circular shape) in another projection and thus capture different 

populations and cover different areas where a cluster is located. For example, in Chapter 2, under 

the Lambert Equal Area Conic projection, the spatial scan test detected a cluster with a 

population count of 84. Under the Albers projection, the spatial scan test detected a cluster with a 

population count of 103. 

This study identified the importance of map projections in spatial statistical analyses of 

cluster detection, particularly for analyses based on distance measures in Cartesian coordinates. 

The omission of reporting the projection of a disease map can have serious consequences for the 

reproducibility of analyses and interpretation of results in spatial epidemiological contexts. 

Health officials are tasked with evaluating local disease cluster alarms and an important question 

is to determine if the cluster has occurred by chance or whether the excess is a result of a risk 

factor. Consequently, it becomes important to accurately identify clusters. Cluster detection 

methods are an increasingly common method in spatial epidemiological studies, as identified in 

Chapter 3 of this thesis and previous literature (Dhewantara et al., 2019; Kirby et al., 2017; 

Robertson & Nelson, 2014; Smith et al., 2015).  

In chapter 3, a scoping review was conducted to broadly characterize studies of disease 

maps of zoonoses to understand and clarify knowledge, gaps, and inconsistencies.  A total of 302 
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articles meeting inclusion criteria were reviewed, comprising 505 disease maps. The results of 

this review indicate that reporting practices of disease maps in publications may not be 

consistent. It was found that basic map design elements such as the legend and compass are 

commonly but not always reported. However, design elements such as the map projection were 

only reported in approximately 8% of disease maps included in the review. Reporting items such 

as the map scale and map projection can be important for: (1) Immediate transparent 

interpretation of the map; (2) subsequent data analysis or reproduction of results presented by a 

map; and (3) documentation purposes for prospective and retrospective comparisons. For 

example, sequential analysis of disease maps can be important to determine whether an outbreak 

is occurring (Lawson & Rotejanaprasert, 2018).   

Of the 302 included studies, 103 studies reported on 144 geospatial data analyses. The 

most reported geospatial analyses included: spatial regression models and disease mapping 

analyses (e.g., interpolation) (42%), spatial autocorrelation analysis (15%), and local cluster 

detection (21%). Of the 302 included studies, 50 studies reported on geospatial biases and 

limitations. Most commonly identified themes of biases and limitations associated with 

geospatial analyses included: geolocation problems and spatial bias in sampling (58%); problems 

arising from spatial scale and aggregation of data (17%); and lack of accounting for spatial 

autocorrelation (8%). 

The choice of projecting a coordinate system is important for maps, especially for maps 

visualizing spatial statistics. In such maps (e.g. where spatial statistics are represented) 

preserving and representing relative distances is a priority (Waller & Gotway, 2004) as this 

affects both the visual and statistical interpretations. However, reporting projection is good 

practise even for disease maps where the representation of spatial distances is not a priority. In 
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chapter 3, most included studies (66%) utilized maps for descriptive purposes compared to 

studies that utilized maps for presenting spatial analyses. Reporting map projections could be 

advocated as a standard practice for adoption in the scientific community. Standardizing this 

practice can result in easier comparisons between maps used to represent descriptive data and 

maps used to display statistical data for the same phenomena and/or comparisons of the same 

geographic regions.   

Chapter 3 also presents evidence that disease map characteristics and applications are 

heterogeneous. Despite the heterogeneous nature of disease maps, select map characteristics are 

foundational in how maps are created, such as map projection. Map projection affects both the 

visual interpretation of a map and the spatial statistical analyses of a map as demonstrated in 

Chapter 2. The overall work of this thesis supports and calls for the development of a reporting 

guideline for disease maps that includes a recommendation for reporting items such as the map 

projection. Authors of infectious disease epidemiology reviews have also called for similar 

standardizing and guidelines for spatial epidemiological analysis (Dhewantara et al., 2019; 

Robertson & Nelson, 2014; Smith et al., 2015). A reporting guideline with reporting items that 

are agreed upon, unique to map features, and accepted by the epidemiological community can 

increase transparency, educational training, accountability and help foster critical thinking about 

design and analysis issues during map creation, leading to potentially higher quality maps, and 

better evidence-informed decision making.  

4.1 Strengths and Limitations 

 The study in Chapter 2 complements work by Berke (2019). These studies are the first to 

demonstrate differences in cluster analyses as a result of map projection. In Chapter 2, a case-
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control dataset was simulated, that is a homogenous Poisson marked point process. A disease 

cluster was subsequently simulated within this dataset. The simulated maps were analyzed using 

the Cuzick-Edward’s test (k nearest neighbours statistic) for clustering and the spatial scan test 

for cluster detection under varying projection. These statistics are commonly used with spatial 

point data in public health (Hinrichsen et al., 2009). Since the study investigated point data, the 

findings suggest they could be relevant to aggregate areal or regional data. Berke (2019) 

identified that varying projection affects spatial statistics of regional data. Variable results from 

the circular spatial scan test in Chapter 2 are consistent with findings from Berke (2019), where 

varying projection for regional data produced different results for another test for clustering, 

Moran’s I.  

The review in Chapter 3 is the first of its kind to synthesize the reporting characteristics 

of disease maps. While other reviews have examined spatial analytic methods and systems 

(Beard et al., 2018; Carroll et al., 2014; Dhewantara et al., 2019; Fritz et al., 2013; Smith et al., 

2015), the review in Chapter 3 examined reporting of basic information associated with diseases 

maps. The review also included disease maps of all types (e.g., choropleth map, dot map, 

isopleth map), providing a broad characterization of studies of disease maps. 

The choice to study disease maps of “zoonoses” proved to be difficult due to the large 

variety of zoonotic diseases (e.g., vector-borne, parasitic, bacteria, viruses) and lack of a 

definitive register of zoonoses, particularly for emerging zoonoses. However, studying zoonoses 

also poses the opportunity to gain insights to mapping practices across disciplines (e.g., ecology, 

human and veterinary epidemiology, public health). 
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The research conducted also has some limitations. While the proof of concept study in 

chapter 2 illustrated that cluster detection could be conditional on the specific map projection 

used for disease maps, the study was not able to quantify the effect of projection, and only 

presented that differences in analyses result qualitatively. Future studies can investigate more 

scenarios and different parameter settings for the spatial scan test under varying projection. 

In Chapter 3, the broad nature of the review objectives did not allow for collecting data 

on finer details of reporting practices pertaining to specific map types, specific spatial analytic 

methods, and other reporting characteristics. Future studies can focus on reporting practices 

pertaining to specific areas such as map type (e.g., a review of choropleth maps), or spatial 

analytic method (e.g. review of studies reporting the spatial scan test) to inform the development 

of reporting guidelines better. 

4.2 Conclusions 

The research described in this thesis aims to advance the reporting of disease maps for 

reproducibility and critical appraisal. In chapter 2, it was demonstrated that the projection of a 

disease map can affect spatial statistical analyses of disease cluster detection. In Chapter 3, it was 

shown that map projections are not often reported in the published literature with disease maps. 

Chapter 3 also presented evidence that reporting characteristics are heterogeneous. The overall 

work of this thesis supports and calls for the development of a reporting guideline for disease 

maps. Such a reporting guideline can benefit and advance the epidemiological community by 

minimizing misinterpretations and will also be useful to educators, researchers, public health 

practitioners, decision-makers, science journalists, and journal editors.   
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APPENDICES  

Appendix 1. Projections  

Projection strings used in R studio to transform spatial dataset using the rgdal package’s 

spTransform function.  

Original Projection 

proj=lcc +lat_1=49 +lat_2=77 +lat_0=63.390675 +lon_0=-91.86666666666666 +x_0=6200000 

+y_0=3000000 +datum=NAD83 +units=m +no_defs +ellps=GRS80 +towgs84=0,0,0" 

Lambert Equal Area Conic 

proj=leac +lat_1=49 +lat_2=77+lat_0=63 +lon_0=-91+units=km +datum=WGS84" 

UTM 17N 

proj=utm +zone=17N +units=km +datum=WGS84" 

Robinson  

proj=robin +units=km +datum=WGS84 

Mercator 

proj=merc +units=km +datum=WGS84" 

Albers 

+proj=aea +lat_1=20 +lat_2=60 +lat_0=40 +lon_0=-96 +x_0=0 +y_0=0 +units=km 

+ellps=GRS80 +datum=NAD83"



 

94 

 

Appendix 2. Study Protocol 

The following investigation seeks to assess, and broadly characterize the use of disease maps for 

reporting health outcomes in the literature. Disease maps are used in many population health studies 

such as ones examining environmental exposures, social determinants of health, and public health 

interventions. In this investigation, we investigate disease maps with respect to zoonotic infectious 

diseases. Zoonotic health outcomes are sensitive to geospatial and temporal changes, and so disease 

map representations are a valuable tool for deciphering any space and place based effects.  

The recent use of disease maps in the peer-reviewed literature on zoonotic diseases will be reviewed 

with respect to the following questions:     

1) What are map applications?  

2) Which basic map elements (e.g. projection and scale) are reported? 

3) What are reported challenges with using spatial data and analyses for map representations, 

inferences and interpretations? 

Inclusion Criteria 

All study designs reporting on a zoonotic infectious disease in a population 

Studies reporting and using disease map(s)  

Time: 2017-2018 

Methods:  

Information sources:  Medline-Ovid, Web of Science, CAB Direct Abstracts, and Agricoloa databases 

Data management and collection:  Screening, and data extraction of studies will be conducted by two 

reviewers in duplicate using forms constructed in Excel. Any disagreements on study selection and data 

extraction will be cleared by a third reviewer and discussion.  

Data synthesis: Study characteristics will be quantitatively and qualitatively summarized. Data extraction 

form will be informed by a data charting pilot and in consultation with experts.  

Integrated and end of KT plan: Experts in the field e.g. spatial epidemiologists, medical geographers, 

health service researchers, zoonotic and infectious disease experts will be consulted to guide research 

questions and data collection. Study findings are expected to be disseminated through presentations at 

conferences and an end of study publication available to knowledge users and researchers.  
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Appendix 3. Search Strategy 

Date April 19, 2019 

Platform/Interface Web of Science 

Databases Indexes=SCI-EXPANDED, SSCI, A&HCI, CPCI-S, CPCI-SSH 

Institution University of Guelph 

Search String: (TS=(zoono* AND (disease map* OR geographic information system OR GIS OR geospatial OR 
spatial OR geographic OR geomap* OR cartograph* OR cartogram* OR atlas OR geographic 
distribution OR disease distribution OR spatio?temporal OR spatial epidemiology OR 
geostatistic OR risk map OR health map OR map) )) 

Limits English, Document Types: Article, 2017-2018 

Hits 595 

 

Date April 19, 2019 

Platform/Interface Proquest  

Databases Agricola 

Institution University of Guelph 

Search String: zoono* AND (disease map* OR geographic information system OR GIS OR geospatial OR spatial 
OR geographic OR geomap* OR cartograph* OR cartogram* OR atlas OR geographic 
distribution OR disease distribution OR spatio#temporal OR spatial epidemiology OR 
geostatistic OR risk map OR health map OR map)  

Limits English, Scholarly Journals, Document Types: Journal Article or Journal, 2017-2018 

Hits 272 

 

 

Date April 19, 2019 

Platform/Interface CAB-Direct 

Institution University of Guelph 

Search String: ((zoono*) AND ((disease map* ) OR (geographic information system ) OR (GIS ) OR (geospatial) 
OR (spatial) OR ( geographic ) OR (geomap* ) OR (cartograph* ) OR (cartogram* ) OR (atlas ) OR 
(geographic distribution ) OR (spatio?temporal ) OR (spatial epidemiology ) OR (geostatistic ) OR 
(risk map ) OR (health map ) OR (map))  

Limits English, Item Types: Journal Article or Journal Issue, 2017-2018 

Hits 509 

 

 

Date April 19, 2019 

Platform/Interface Ovid 

Databases Medline 

Institution University of Guelph 

Search String: 1 Zoonoses/  

2 zoono*.mp.  

3 geographic information systems.mp. or Geographic Information Systems/  

4 GEOGRAPHY, MEDICAL/ or GEOGRAPHY/ or geography.mp.  

5 Topography, Medical/  

6 Environmental Medicine/sn, td [Statistics & Numerical Data, Trends]  

7 geospatial.mp.  
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8 
SPATIAL REGRESSION/ or MODELS, SPATIAL INTERACTION/ or spatial.mp. or SPATIAL 
ANALYSIS/ 

 

9 GEOGRAPHIC MAPPING/ or geographic.mp.  

10 geomap*.mp.  

11 cartograph*.mp.  

12 cartogram*.mp.  

13 atlas.mp.  

14 

(Geographic adj distribution).mp. [mp=title, abstract, original title, name of substance 
word, subject heading word, floating sub-heading word, keyword heading word, 
organism supplementary concept word, protocol supplementary concept word, rare 
disease supplementary concept word, unique identifier, synonyms] 

 

15 spatial regression.mp.  

16 spatio?temporal.mp.  

17 Cluster Analysis/  

18 spatial epidemiology.mp.  

19 Geostatistic*.mp.  

20 risk map.mp.  

21 health map.mp.  

22 map*.mp.  

23 MAPS AS TOPIC/  

24 disease map*.mp.  

25 

(disease adj distribution).mp. [mp=title, abstract, original title, name of substance 
word, subject heading word, floating sub-heading word, keyword heading word, 
organism supplementary concept word, protocol supplementary concept word, rare 
disease supplementary concept word, unique identifier, synonyms] 

 

26 Disease Reservoirs/  

27 disease outbreaks/ or epidemics/ or pandemics/ or endemic diseases/  

28 disease transmission, infectious/  

29 
disease notification/ or epidemiological monitoring/ or population surveillance/ or 
biosurveillance/ or public health surveillance/ or sentinel surveillance/ 

 

30 1 or 2  

31 
3 or 4 or 5 or 6 or 7 or 8 or 9 or 10 or 11 or 12 or 13 or 14 or 15 or 16 or 17 or 18 or 19 
or 20 or 21 or 22 or 23 or 24 

 

32 25 or 26 or 27 or 28 or 29 or 31  

33 30 and 32  

34 limit 33 to (yr="2017 - 2018" and english)  
 

Hits 1117 
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Appendix 4. Zoonotic Diseases  

Adapted from Vbrova 2009, Appendix 1: Emerging and re-emerging zoonoses listed by agent 

Viruses and Prions (n=54) Bacteria and Rickettsia (N=30) Parasites (N=10) 

Andes  
Australian bat lyssavirus 
Bagaza 
Banna 
Barmah Forest 
California encephalitis 
Cercopithecine herpes 
Chikungunya 
Crimean-Congo hemorrhagic fever  
Dengue 
Eastern equine encephalitis 
Tickborne encephalitis 
Guama 
Guanarito 
Hantaan 
Hendra 
Influenza A (zoonotic influenzas only) 
Japanese encephalitis 
Junin 
Laguna Negra 
Lassa 
Machupo 
Marburg 
Mayaro 
Menangle 
Middle East respiratory syndrome 
coronavirus (MERS-CoV) 
Monkeypox  
Murray Valley encephalitis 
Nipah  
O'nyong-nyong 
Oropouche Picobirnavirus 
Powassan virus 
Puumala 
Rabies 
Reston Ebola 
Rift Valley fever 
Ross River 
Sabia 
Salehabad 
Sandfly fever Naples 
Severe acute respiratory syndrome 
coronavirus  
Seoul 
Sin Nombre  
Sindbis 
 St. Louis encephalitis 
Venezuelan equine encephalitis 
Wesselsbron 
West Nile 
Western equine encephalitis 
Yellow fever 
Zaire Ebola 
Zika 
Bovine spongiform encephalopathy agent 

Aeromonas caviae 
A. hydrophila 
A. veronii (var. sobria) 
Anaplasma phagocytophila 
Bacillus anthracis 
Borrelia burgdorferi 
Brucella melitensis  
Campylobacter fetus  
C. jejuni  
Coxiella burnetiid (q fever) 
Clostridium botulinum  
Ehrlichia chaffeensis  
E. ewingii 
Escherichia coli 
Francisella tularensis 
Leptospira interrogans (Leptospirosis) 
Listeria monocytogenes 
Mycobacterium avium  
M. bovis 
M. marinum 
Rickettsia prowazekii 
Salmonella enteritidis 
S. typhi 
S. typhimurium 
Shigella dysenteriae 
Vibrio cholerae 
V. parahaemolyticus 
V. vulnificus 
Yersinia enterocolitica 
Y. pestis 

Anisakis simplex 
Echinococcus granulosus 
Loa loa 
Metorchis conjunctus  
Onchocerca volvulus  
Strongyloides stercoralis  
Taenia solium 
Trichinella spiralis 
Wuchereria bancrofti  
 
 
Protozoa (N=11) 
 
Babesia microti 
Cryptosporidium hominis 
C. parvum 
Giardia duodenalis 
Leishmania donovani 
L. infantum 
Plasmodium falciparum 
P. vivax 
Toxoplasma gondii 
Trypanosoma brucei 
T. cruzi  
 
 
Fungi (N=9) 
 
Histoplasma capsulatum 
Malassezia pachydermatis 
Penicillium marneffei 
Encephalitozoon cuniculi 
E. hellem 
E. intestinalis 
Enterocytozoon bieneusi 
Nosema connori 
Trachipleistophora hominis  
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Appendix 5. Relevance Screening and Extraction Forms 

Relevance Screening Inclusion Criteria:  

Inclusion Criteria Reasons for Exclusion 
• Map of a zoonotic disease in a 

population 

• Indication of geographically 

referenced health data within a 

geographic boundary 

• Is not a research article from a journal 

• Article has no map 

• Not a disease map (e.g. exclude maps of non-

health outcomes such as economic outcomes, 

sampling sites unless test results reported) 

• Not a zoonotic disease of a population (e.g. map 

of chicken pox disease incidence) 

• Is a dynamic map (e.g. interactive, non-static, 

real-time, web maps) 

• Non-English 

• No disease map of zoonoses by way of:  

o No zoonotic pathogen/disease/health 

outcome in a defined population 

o map of vector agents that does not 

report on any health outcomes (e.g. 

disease risk) related to the zoonotic 

disease/pathogen in a population 

o No geospatial health data AND 

appropriate geographic boundary  

• Exclude maps that characterize pathogenic 

agents (e.g. bacteria) in abiotic sources such as 

water and not in a biotic population 
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Data extraction guide 

 

 

Study characteristics  

First Author Surname 
 
Surname of the first author listed 
Ex. For Joe Carlie Smith, type in Smith 

Pub Year 
 
The publication year of the article. Note this is not the year the article was 
downloaded. 

 
Animal/Human Population 

 
Select one of:  

• Animal  

• Human 

• Invertebrate Animal – Vector 

• Invertebrate Animal - Other 
 
If article disease maps only report on vertebrate animal populations, select 
animal.  
 
If article disease maps only report on invertebrate animal populations that 
are established vectors, select “Invertebrate Animal – Vector” 

• Invertebrate animals-vectors can transmit zoonotic pathogen (e.g. 
arthropod insects that bite susceptible hosts). 

 
If article maps only report on invertebrate animal populations that are not 
established vectors, select “Invertebrate Animal – other” 

• Other invertebrate animals-other can include a population (e.g. 
worms, small sea animals) tested for a pathogen but not 
established vector for pathogen to humans/vertebrate hosts. 

 
If article disease maps only report on human populations, select human.  
 
If article disease maps report on both animal and human populations, select 
the most appropriate options for both:  
 

• Both Animal – Human 

• Both Animal Invertebrate vector -Human 

• Both Animal Invertebrate other - Human 
 
If the study population is not explicitly defined in text or by geographic 
boundaries, the article is excluded. 
 

Zoonoses 

 
Indicates the zoonoses pathogen agent specified by the authors. Where this 
is not available indicate the zoonotic disease name/transmission route, or 
disease term specified by the authors.  
 
For unspecified zoonoses, type in “unspecified zoonoses”. For a group of 
zoonoses, type in “multiple zoonoses” if they don’t have a group name (e.g. 
genus). 
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Ex. Echinococcus is the genus name for the tape worm Echinococcus 
multilocularis (pathogenic agent). Echinococcosis is the disease name.  
 
Ex. Malaria is the disease name, and the pathogenic agents are Plasmodium 
parasites-  P. falciparum, P. vivax, P. ovale, and P. malariae 
 

 
Study utility of disease map(s) 

 
Select one of:  

• Descriptive 

• Analytical  
 
Select Descriptive if: 
A disease map is solely used for descriptive purposes. For example, 
incidence/mortality/other disease outcome is presented visually in a map 
only to establish study context. Such maps can be hypothesis generating but 
do not give rise to significant conclusions/inferences in the article. 
 
Ex. A dot map displaying positive cases of x pathogen in the background 
section of an article; remainder of article investigates behaviour patterns of 
population that are not spatially/geographically relevant.  
 

• No casual inferences from map are made but are valued for 
reporting noteworthy spatial pattern 
 

Select Analytical if: 
Any one disease map in the article is used to conduct/the result of spatial 
analyses (i.e. derived from spatial analyses or the basis for geospatial 
analyses reported in the methods/results). Such spatial analyses can be 
hypothesis testing and can report statistical significance.  
 
Ex. Spatial regression analyses, Bayesian modelling to forecast risk 
estimates, cluster detection to make statistical inferences  
 
Spatial data analysis: “general ability to manipulate spatial data into 
different forms and extract additional meaning as a result” (Bailey 1994) 
 
Ex. A map of the population is presented with spatially modelled risk 
estimates for disease X spatially and temporally prospectively 
 

• Makes spatial comparisons between groups of populations to make 
inferences between exposures and outcomes of interests 

 

No. of Disease Map (DM) figures 

 
The number of figures with disease maps in the article. 
 
Maps that share the same legend in a composite figure are to be counted as 
1.  
 
Ex. An article with two separate maps, and 1 composite figure of maps that 
share same map types/legends, type in:  2 maps, 1 map series.  
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Ex. If a composite figure is comprised of maps of different types, count them 
individually. 3 maps in a composite figure that are different by map type and 
legend, type “3” 
 
 

 
 

Map reporting characteristics 

Identify the following for each map figure (Disease Map 1 is denoted DM1 and so on in chronological order as 
they appear cited in the paper). One composite figure will be considered as one map 

Map Purpose 

 
Indicate the map purpose stated by authors. Indicate the figure number in 
data field. If unclear, copy and paste the figure description or caption of the 
map.  
 
Ex. Figure 3b= risk distribution of disease x 
 

Map health outcome 

 
Indicate the health outcome represented by the map. If more than one, list 
them all separated by a comma 
 
 Ex: Incidence, Prevalence, mortality  
 
For health outcomes, since there are sometimes discrepancies in how the 
author refers to the health outcome (incidence/prevalence/case), we will go 
with what the legend specifies> if not, then the caption> and if not, then the 
article text. 
 

 
Map Type 

 
Select one of:  

• Point/Dot 

• Choropleth 

• Isopleth 

• Diffusion 

• Cartogram 

• Dasymetric  

• Graduated Symbol 

• Combination (e.g. point and choropleth map) 

• Other 
Combination maps will include more than one type of map visualization 
categories. If none of the categories fit a map visualization for a given figure, 
select ‘other”. 
 

Compass/North arrow 

 
Select one of: 

• Yes 

• Noe 
Select Yes if you can identify a north arrow/compass on the map 
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Projection/Transformation/Geo
graphic Coordinate System 
Parameters Reported 

Indicates the projection parameters reported.  
 
Ex. WGS 1984, UTM zone 18N 
 
 

Typically reported on map, in figure caption, or the methods section. Should 

be specified by the projection datum and coordinate system, e.g. NAD83 or 
WGS84 or UTM or Albers or Mercator or Lambert ect.   
 
NR for not reported 
  

Scale  

 
Select one of: 

• Visual scale bar 

• Map figure text (includes figure caption) 

• X and Y  axes (metric or coordinates) 

• Not reported 
 

 
Geographical Region 

 
Indicates the region of the disease map 
Select one of:  

• North America 

• South America 

• Europe 

• Africa 

• Asia 

• Australia/Oceania 

• Multiregional (if more than one region) 

• Global (for world maps) 
 
See https://unstats.un.org/unsd/methodology/m49/ for country 
classification 
 

Format of mapped data  
Select the format of the data value listed in the maps.  
This should be presented in the legend:  

• Categories  
Ex. Nominal 
 

• Ranks  
Ex. Ordinal; features in order, from high to low 
 

• Counts and amounts  
Ex. Frequency; Counts and amounts show you total numbers 
 

• Ratios  
Ex. people per household, population per square mile,%  

Legend  

 
Select one of:  

• Yes 

https://unstats.un.org/unsd/methodology/m49/
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• No 

Time 

 
Select yes if time of map data collection is reported (e.g. a date/duration 
provided) or time dimension considered, select no if no timepoint/ time 
frame reported. 

• Yes 

• No 
For modelled data, this refers to the time period for which the map is 
considered (e.g. forecasted projections for geographic range in year 2030 or 
present time) 

 

 
 

Map interpretations and 
geospatial analytical maps 

 

 
What geospatial analyses and 
methods were conducted? 

 
Indicate any geospatial method and analyses conducted in the study.  
 
Examples of analyses and methods: 

• Spatial regression analysis 

• Moran’s I test 

• Spatial scan (scan test, flex scan test) 

• Spatial autocorrelation algorithms 

• Space-time k-function 

• Knox test 

• Network modeling 

• K-nearest neighbor 

• Nearest neighbor analysis 

• Getis-Ord Gi(d) statistic 

• Smoothing/Empirical Bayes smoothing 

• Kriging 

• Environmental risk prediction model 

 
Was there a discussion of bias/ 
limitations pertaining to disease 
map (geospatial) inferences? 

 
Select one of:  

• Yes 

• No 
 

 
If yes, what biases and 
limitations were 
reported/explained? 

 
Indicate any biases/limitations reported by authors with respect to map 
inferences 
Ex. MAUP bias – modifiable areal unit problem bias, also known as CSOP 
Change of Support Problem. 
Edge Effect 
Visual bias 
Spatial misclassification 
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Appendix 7. Additional Figures 

Figure 1.  Mapped zoonotic pathogens from included studies (n=302) 

 

Zoonotic Pathogen Count 
Multiple zoonoses 38 

Leptospira interrogans 21 

Leishmania species 19 

Brucella species 13 

Rabies virus 13 

Avian influenza virus 10 

Rickettsia species 10 

Taenia species 11 

Influenza A virus 9 

Mycobacterium species 9 

Borrelia species 7 

Echinococcus species 7 

Hantavirus  7 

Salmonella species 7 

Bacillus anthracis 6 

Hepatitis E virus 6 

Middle East Respiratory Syndrome Coronavirus 6 

Yersinia species 6 

Coxiella burnetii 5 

Rift Valley fever virus 5 

West Nile virus 5 

Fasciola  4 
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Lyssavirus 4 

Escherichia coli 3 

Francisella tularensis 3 

Japanese encephalitis virus 3 

Lassa virus 3 

Powassan virus 3 

Thelazia callipaeda 3 

Toxoplasma gondii 3 

Babesia microti 2 

Bartonella 2 

Ebola virus 2 

Methicillin-resistant Staphylococcus aureus 2 

Monkeypox virus 2 

Nipah Virus 2 

Oropouche virus 2 

Plasmodium falciparum, Plasmodium vivax, Plasmodium ovale, and 
Plasmodium malariae 

2 

Rotavirus 2 

Severe fever with thrombocytopenia syndrome virus 2 

Sporothrix 2 

Staphylococcus aureus 2 

Trypanosoma species 2 

Yellow fever virus 2 

Anjozorobe virus 1 

Brugia malayi 1 

Burkholderia mallei 1 

Campylobacter 1 

Chlamydia species 1 

Coccidioides species 1 

Crimean-Congo haemorrhagic fever virus  1 

Cryptococcus species 1 

Cryptosporidium species 1 

Dirofilaria species 1 

Ehrlichia species 1 

Filovirus 1 

Flavivirus 1 

Giardia 1 

Heartland virus 1 

Hendra virus 1 

Kyasanur forest disease virus 1 

Ross river virus 1 

Streptococcus suis 1 
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Strongyloides stercoralis 1 

Swine influenza virus 1 

Tahyna virus 1 

Toxocara  1 

Trichinella 1 

Vaccinia virus 1 

 

 


