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Abstract

In recent years, the global spread of communicable diseases such as Ebola 
and COVID-19 has reinforced the need for clear, geographically targeted, 
and actionable public health recommendations at appropriate spatial scales. 
Country-level stakeholders are increasingly utilizing spatial data and spatial 
decision support systems to optimize resource allocation, and researchers 
have access to a growing library of spatial data, tools and software. 
Application of spatial methods however varies widely between researchers, 
resulting in often unstandardized results which may be difficult to compare 
across geographical settings. This literature review aims to compare 
epidemiological studies which describe, explain or predict spatial patterns 
underlying health outcomes, and to describe whether those studies provide 
clear recommendations. The results of our analysis show an increasing trend 
in the number of publications applying spatial analysis in epidemiological 
research per year, with COVID-19, tuberculosis and dengue predominantly 
studied (43% of n= 98 total articles), and a majority of publication coming from 
Asia (62%). Spatial autocorrelation was quantified in the majority of studies 
(72%), and 57 (58%) of articles include some form of statistical modelling of 
which 11 (19%) accounted for spatial autocorrelation in the model. Most studies 
(68%) provided some level of recommendation regarding how results should 
be interpreted for future research or policy development, however often using 
vague, cautious terms. We recommend the development of ‘good spatial 
epidemiological practice’ standards, and for spatial epidemiological studies 
to more clearly propose how their findings support or challenge current 
public health practice. 
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Review Methodology

We searched PubMed, Google and CABI databases and applied the following 
search string in PubMed and Google: ((Spatial) OR (spatiotemporal) OR (spatio-
temporal)) AND ((Autocorrelation) OR (auto regression) OR (Dependency) OR 
(Dependencies) OR (Pattern) OR (Hotspot) OR (Analysis) OR (regression)) 
AND ((infectious disease) OR (disease detection) OR (disease incidence) OR 
(disease transmission) OR (disease prevalence)). The search yield was filtered 
based on exclusion criteria twice, then categorized based on spatial and 
visualization methods.

Introduction

Over recent years, researchers and decision-makers have increasing 
access to granular geographically disaggregated health surveillance and 
programmatic data to improve and optimize public health policy. Spatial data 
have become a cornerstone of epidemiological research to address questions 
such as:  in which facilities are rapid diagnostics missing, where exactly are 
there weaknesses in the road network connecting villages and hospitals, 
where are communicable disease cases clustering, and how are each of 
these things related? In 2020, the global spread of the COVID-19 pandemic 
has underscored the need for clear, geographically targeted, and actionable 
public health recommendations at appropriate spatial scales (1–5). Country-
level stakeholders are increasingly utilizing spatial decision support systems, 
and asking for more technical assistance to support the development of 
geographically targeted interventions with the aim of optimizing resource 
allocation (6). Recognizing the value of spatial analysis and the need for 
resources to support the collection and analysis of spatial data, public health 
funders are calling for technical assistance providers to collect and study 
spatial data as part of surveys, or to spatially enable HMIS databases and 
data dashboards, with the ultimate objective of supporting health-related 
SDG targets (7,8). 

Spatial analysis is particularly useful to study the distribution of communicable 
diseases, which due to their transmission dynamics often follow distinct 
spatial patterns and commonly occur in geographic clusters. While health 
disparities vary geographically and across political boundaries, a multitude of 
their contributing factors also happen to vary across space, including disease 
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transmission, health service delivery, social and economic conditions, health 
policies, and cultural norms which affect care-seeking behaviors and health 
beliefs (9).  As a result, a population’s epidemiological profile is as diverse 
as the place, health system, socioeconomic context and demographic 
landscape which it occupies. The field of spatial epidemiology aims to 
analyze and interpret spatial patterns in disease burden and this array of 
factors in order to identify cause-effect mechanisms upon which to intervene 
to improve public health (10). Yet as diverse as the emerging spatial patterns 
of communicable disease can be, identifying and quantifying geographic 
trends in disease distribution is almost always centered around the concept 
of spatial autocorrelation.  

Following Tobler’s first law of geography: ‘everything is related to everything 
else, but near things are more related than distant things’ due to a range of 
underlying process(es) (11). This principle of autocorrelation is illustrated by the 
fact that health outcomes often present spatially dependencies (i.e. clusters), 
and such clusters can be conceptualized and quantified by measuring spatial 
autocorrelation (12). While not contradicting Tobler’s Law, Franch-Pardo et 
al. pointed out that important nuances on Tobler’s Law have been put forth 
in recent years- Kost’s idea in the context of COVID-19 seems especially 
relevant: ‘everything is related to everything else, and mobility compresses 
spatial things’ (13,14).  

Quantifying and understanding spatial autocorrelation is a key aspect 
in epidemiological research to understand the dynamics and spread of 
disease. In addition, accounting for spatial autocorrelation is essential in 
statistical testing of epidemiological risk factors. Statistical tests are based 
on the assumption that individual observations are mutually independent, 
which is violated if data are spatially auto correlated (12,15,16). When spatial 
dependence occurs but goes unaccounted for, relationships quantified 
between explanatory factors and the outcome of interest may be falsely 
reported (17,18). 

Researchers clearly recognize the important role of spatial analysis in 
epidemiology, and this is evident given the wide range of geographic 
COVID-19 visualizations and map-dashboards updated in real-time for global 
audiences (19–21). A recent literature review of by Franch-Pardo et al. (2020) 
which summarized methods and findings from 63 studies using GIS to spatially 
analyze COVID-19, demonstrates this well. Studies included in this review 
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attempt to analyze spatial patterns of disease from various perspectives: 
spatiotemporal analysis, describing social geography and environmental 
factors, and conducting data mining and web-based mapping. This literature 
review however also highlights an important matter: researchers, while well 
aware of the role of space in [non]-communicable disease epidemiology 
for nearly two centuries (22), are often conducting quite dissimilar methods 
when referring to spatial or spatiotemporal analysis, ranging from simple to 
complex: i.e. displaying information on a map to statistically accounting for 
and explaining the role of space in disease distribution. 

Many public health researchers by now frequently utilize geographic 
information systems (GIS) software and spatial analytical methods to visualize, 
understand and predict the geographical distributions of disease and health 
disparities (6,15). The rapid growth in the availability of spatial data as well as 
free and open-source software packages such as QGIS, R-statistical language 
and Python to process and analyze spatial data, have leveraged access 
and use to some of the most advanced analytical tools available. This is a 
development which has been embraced by epidemiologists and has given 
positive impetus to the field of spatial epidemiology. While statistical methods 
to analyze different types of spatial data have been well established in 
statistical and econometric literature (12,17,23–25), development of statistical 
methods in spatial epidemiology has primarily accelerated in the past two 
decades. However, applying spatial methods to study disease patterns and 
translating those findings to public health practice is not yet mainstream in 
many settings (26). 

This literature review aims to address this gap by comparing epidemiological 
studies which describe, explain or predict spatial patterns underlying 
health outcomes, and to describe whether those studies provide clear 
recommendations on how findings should be used. We focused our review on 
studies exploring or accounting for spatial autocorrelation for the purpose of 
disease case detection and targeted service delivery. Our specific research 
objectives were two-fold: 
-	 To describe the extent to which studies describe, explain or predict 

spatial processes underlying health outcomes, including the role of spatial 
autocorrelation. 

-	 To describe whether findings from these studies are translated into 
recommendations for targeted service delivery or public health policy 
development.
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Methods

Search strategy
In fulfillment of our specific research objectives, we conducted a systematized 
literature review (27) of peer-reviewed and non-peer reviewed (e.g. grey) 
sources. We included articles which were published between 2015 and 2021 
and explored PubMed, Google, and CABI databases. We identified three 
categories for keywords to be included in our search string: an element of 
space or geography; an application of a statistical method appropriate 
to analyze spatial phenomena; one of several units of measurement for 
epidemiological outcomes. Our search string in PubMed and Google is shown 
in Figure 1. 

Figure 1. PubMed and Google Search Strategy

((Spatial) OR (spatiotemporal) OR (spatio-temporal)) AND ((Autocorrelation) OR (auto regression) 
OR (Dependency) OR (Dependencies) OR (Pattern) OR (Hotspot) OR (Analysis) OR (regression)) 
AND ((infectious disease) OR (disease detection) OR (disease incidence) OR (disease transmission) 
OR (disease prevalence))

Review process and analysis
In preparation for reviewing the search yield, we developed inclusion and 
exclusion criteria for the initial abstract screening stage as well as a data 
extraction matrix for the article review stage. Abstracts needed to meet the 
following criteria to pass to the article review stage: at least one of the stated 
research objectives includes an element of space or geography; at least one 
of the methods refers to a type of statistical spatial analysis; the outcome 
variable measured is a recognizable epidemiological indicator; the disease 
is communicable; and the disease is studied in humans. When one of these 
criteria was in doubt, the article was briefly reviewed. The extraction matrix 
included the following categories:
-	 Research aim (any: descriptive, inferential, predictive):

o	 If DESCRIPTIVE research aim, spatial pattern explored and/or 
visualized,

o	 If INFERENTIAL research aim included, outcome measure and 
covariates explored,

-	 Data source(s) (any: primary, secondary data collection),
-	 Disease(s) analyzed, 
-	 Epidemiological outcome analyzed, 
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-	 (Spatial) analytical method applied and geospatial feature or pattern 
presented, 

-	 Study location (country and subnational details),
-	 Geographic/ administrative unit of analysis, 
-	 Software package(s) used, 
-	 Space-related conclusions, 
-	 Space-related policy recommendations,
-	 Space-related future research recommendations. 

During the first full article review to extract the above features, articles were 
excluded for one or more of the following reasons: 
-	 The article’s primary research objective is to test or prove the efficacy of a 

novel geospatial and/or mathematical modelling approach, 
-	 The article does not present original research, 
-	 One or more of the original search criteria was not a prominent feature of 

the study,
-	 The full-length article is not open-access,
-	 The full-length article is not publicly available in English.

Following the first review of the full articles, all remaining articles were 
included in the final results and passed through a second data extraction 
phase. This second data extraction phase was in fact not intended or used to 
eliminate any articles, but to further classify the spatial analysis conducted in 
each study: 
-	 Spatial autocorrelation is quantified (yes/no); 
-	 Spatial patterns are visualized on a map (yes/no) + (any: observed, 

predicted, interpolated);
-	 Spatial patterns are qualitatively described (yes/no) + (any: observed, 

predicted);
-	 Spatial autocorrelation is accounted for in the model (yes/no); 
-	 Model is aimed at explaining spatial autocorrelation and/or spatial variation 

(yes/no). 

For the purpose of this paper we considered both a) data points indicating 
occurrence of an event such as an outbreak or a case, as well as b) quantitative 
data indicating magnitude such as size of an outbreak, to fall under the 
definition of a spatial cluster. The final results in the extraction matrix were 
coded and cleaned and quantitatively analyzed to produce frequency tables 
using Microsoft Excel. Cleaning and coding of the data entailed going through 

39

2

The study of spatial autocorrelation for infectious disease epidemiology decision-making



the extracted information and categorizing it according to common themes 
or characteristics which emerged, in order to create a set of binary variables. 
This was an iterative process where new categories were identified and 
added as the review progressed, including but not limited to environmental 
factors (land use or land cover), climatic (rain fall, humidity), topographic 
(altitude), demographic (age, gender), socio-economic (wealth, employment) 
or infrastructural factors (availability of services). Figures were made in 
Microsoft Excel (graphs), QGIS version 3.18 (map) an R version 1.3.1093 (venn 
diagram).

Results 

Search yield
The number of articles identified using the search term showed an increasing 
trend over time, suggesting increase use of spatial statistical methods to 
study disease dynamics (Figure 2). Likewise, the number of articles included 
in the review also increased year on year. The literature search was conducted 
mid-2021 when many COVID-19 articles had been recently published, which 
explains why the number of studies identified increased substantially in 2020.

Figure 2. Number of articles identified and included in review by year
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We identified 531 articles in PubMed, and no articles using Google and 
CABI databases. After the abstract review, 389 articles were excluded, and 
142 articles remained (Figure 3). Following the first review of the remaining 
142 articles, 44 articles were removed primarily due to the primary research 
focus of proving a methodology or not being open access, amongst other 
possibilities enumerated in the methods. We had 98 articles in the final search 
yield, which were further classified based on their application of spatial and 
visualization methods (Annex 1).

Data sources
Most studies use secondary sources for data (98%) and only few (8%) describe 
primary data collection as part of the study (Table 1). Commonly used sources 
of data include surveillance or hospital data (e.g., reported cases), population 
statistics from national statistical offices, MODIS for high resolution data 
on environmental indicators such as land cover, and WorldClim for climatic 
variables. The few studies which included primary data collection (n=8) 
mostly collected household or approximated patient locations (n=7). Three of 
these studies collected biological samples to diagnose individuals with the 
epidemiological outcome of interest, and another three selected patients 
from surveillance registries. One study collected syndromic information using 
a mobile application.  

Figure 3. Literature Review Flowchart
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Most studies (81%) analyzed data on an administrative level. Only 19% of 
studies analyzed point locations, which could represent approximate patient 
locations, locations of health facilities, sentinel sites or village locations. 
Gridded data (raster) was only used in 6 studies. Seven out of eight studies 
which performed primary data collection used point location (GPS coordinates) 
as the unit of analysis, as compared to only 14 out of the 91 studies performing 
secondary data analysis. This can be explained by the fact that many disease 
surveillance departments aggregate data by administrative area, rather than 
reporting exact case locations. 

Table 1. Data source and spatial data type used for analysis

  N %
Total 98 100%
Data source    
Primary 8 8%
Secondary 91 93%
Not reported 1 1%
Unit of analysis    
Point location 19 19%
Administrative unit 79 81%
Raster 6 6%
Not reported 5 5%

Study location & type of disease 
The infectious diseases that were analyzed were dominated by three: 
COVID-19 (17%), dengue (13%) and tuberculosis (13%). Approximately 34% 
of articles analyzed a vector borne disease such as dengue, leishmaniasis, 
malaria or Lyme disease.

The 98 papers covered a total of 37 unique study locations across North and 
South America, Europe, Sub Saharan Africa and Asia (Figure 4). More than half 
of the study locations were in China (36%), USA (10%) or Brazil (12%). Apart from 
Brazil, only two other study locations were in South America: Venezuela and 
Peru. While China clearly dominated study locations in Asia, 15 other countries 
were also studied. Only 13 (13%) articles included analyzed an infectious disease 
in Africa, three of which studied Ebola. Nine studies, all of which were in China, 
studied hand, foot and mouth disease. One study performed an analysis on the 
global scale and another on all of West and Central Africa.
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Table 2. Articles included in review by region

Region N %
Total 98 100%
Asia 61 62%
South America 14 14%
North America 11 11%
Europe 5 5%
Africa 13 13%
World 1 1%

Methods applied and geospatial feature or pattern presented
Seventy-two percent of articles (n=71) quantified spatial autocorrelation of at 
least the outcome variable, sometimes complimented with a quantification 
of spatial autocorrelation of other covariates (Table 3). Methods to quantify 
spatial autocorrelation included local indicators of spatial autocorrelation 
(LISA), Moran’s I or Getis Ord statistics, or SaTScan. Out of the 71 articles which 
quantified spatial autocorrelation, 48% (n=34) articles also used a statistical 
model. Interestingly, 32% (n=11) of these statistical models did not account for 
spatial autocorrelation. For most articles, the reasons not to account for spatial 

Figure 4. Study location of included articles 
Two articles were excluded from this figure: one article performing a study on global scale 
and one article covering West and Central Africa. HFM: Hand, foot and mouth disease. HFRS: 
Hemorrhagic fever with renal syndrome.
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autocorrelation despite having quantified the level of spatial autocorrelation 
was not clearly stated. Appropriately, two articles did not account for spatial 
autocorrelation as after exploring for potential spatial autocorrelation of the 
outcome or the model residuals, none was found. Articles which presented 
a statistical model were less likely to quantify spatial autocorrelation, map 
or describe spatial patterns compared to articles without statistical models 
presented.

Table 3. Quantification, visualization and description of spatial patterns for articles 
with and without statistical models

  All articles Articles without 
statistical models

Articles with 
statistical models

N % N % N %
Total 98 100% 41 100% 57 100%
Spatial autocorrelation quantified 71 72% 37 90% 34 60%
Spatial patterns mapped 87 89% 39 95% 48 84%
Spatial patterns described 82 84% 40 98% 42 74%

Figure  5 shows how articles assess the role of space through either (1) 
visualization of outcome variable on a map, (2) quantification of spatial 
autocorrelation, or (3) construction of a statistical model accounting for spatial 
autocorrelation. The most common combination of methods to assess the role 
of space was 1) visualizing the outcome of interest on a map in combination 
with 2) quantification of spatial autocorrelation (45%, n=44). Another twenty 
articles combined the previously mentioned methods with a statistical model 
which accounted for spatial autocorrelation (20%, n=20). Thirteen papers (13%) 
presented the outcome of interest on a map in addition to presenting a model 
accounting for spatial autocorrelation. Finally,  ten papers (10%) presented a 
map of the outcome of interest but did not quantify spatial autocorrelation nor 
did they provide a model which accounted for spatial autocorrelation. 
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Figure 5. Articles’ presentation of maps, spatial autocorrelation and spatial models 
*Two articles did not quantify spatial autocorrelation, did not visualize the outcome on a map, and 
did not present a statistical model accounting for spatial autocorrelation.

Fifty-eight percent of  articles (n=57) reported on one or more  statistical 
models, of which 74% aimed at explaining spatial variation  (Table 4). Out of 
the 42 articles with a model aimed at explaining spatial variation, 35 (83%) 
accounted for spatial autocorrelation.  More than half of the models (58%) 
included environmental covariates such as land cover, topology, infrastructure, 
built environment, vector or host populations or level of urbanization. Forty 
percent included climatic variables such as rainfall and temperature. Socio-
economic variables including socioeconomic status, gross domestic product, 
employment, occupation, food security, water and sanitation, and electricity 
were included in 35% of the articles. Thirty-three percent of articles explored 
demographic covariates such as age, gender, ethnicity and population 
density.
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Table 4. Spatial autocorrelation and covariates explored in articles reporting on a 
statistical model

  N %

Total 57 100%

Model accounted for spatial autocorrelation 38 67%

Model aimed at explaining spatial variation 42 74%

Covariates explored    

Environmental 33 58%

Meteorological 23 40%

Socioeconomic 20 35%

Demographic 19 33%

Health care 5 9%

Distance 3 5%

None 1 2%

Other 23 40%

Table 5 shows the spatial statistics calculated which aimed at identifying 
spatial autocorrelation, clustering or interpolation of point patterns. The 
main spatial statistic used to identify spatial patterns was Kulldorff’s space 
or space-time statistic (33%), followed by the global Moran’s I (32%), the local 
Moran’s I (20%) and the Getis Ord statistic (15%). Interpolation methods were 
reported by 12 (12%) studies, 10 of which used kernel density estimation, two 
used kriging and one study used inverse-distance weighting. The q-statistic 
was reported by five studies, all of which were in China.

Table 5. Spatial statistics reported

  N %

Total 98 100%

Any spatial statistic 72 72%

Global Moran’s I 31 32%

Local Moran’s I/LISA 20 20%

Getis Ord statistic 15 15%

Kulldorff’s space(time) scan statistic 32 33%

Interpolation1 12 12%

Q statistic 5 5%
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Software packages used
Forty-five percent of studies used a licensed software package, mostly the GIS 
software ArcGIS (40%; ArcGIS, ArcMap or ArcView) (Table 6). Other licensed 
software packages used were statistical software rather than GIS software 
such as Stata (6%), SPSS (6%) and SAS (4%). Open-source GIS software types 
used included SaTScan (19%), GeoDa (17%) and QGIS (8%). Although R was 
mainly used for statistical computing, it also has advanced GIS capabilities. 
All studies which report software packages used (90 studies, 92%) used at 
least two different software; eight studies do not report which software was 
used. There was little difference in use of licensed versus open source or 
free software between articles which report on statistical models  (licensed 
software: 46%; open source: 82%)  and articles which do not  (licensed 
software: 55%; open source: 83%). 

Table 6. Software packages used for data analysis

Software N %

Total   98 100%

Licensed   45 46%

  ArcGIS 39 40%

  Stata 6 6%

  SAS 4 4%

  SPSS 6 6%

  MATLAB 1 1%

Open source/free 74 76%

  R 31 32%

  SatScan 19 19%

  GeoDa 17 17%

  QGIS 8 8%

  Terraview 5 5%

  WinBugs 2 2%

  Geographically Weighted Regression 4 4%

  Joinpoint 7 7%

  GeoDetector 2 2%

Not reported   8 8%
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Recommendations & conclusions provided
Table 7 shows if and what type of recommendations were provided by the 
authors. A third (32%, n=31) of the articles did not provide policy or public 
health recommendations based on their results, which can be explained 
partially by the fact that many articles’ research aims were only to describe 
spatial patterns. Twenty-nine percent of studies (n=28) provided space-
related recommendations. That is, they recommended interventions in areas 
of concern identified in the study or the spatial scale on which interventions 
should be implemented. These recommendations could be as simple as 
‘intervention strategies should be intensified in hotspots or high-risk areas 
identified in this study’, while some studies provided clear recommendations 
on intervention strategies for different (administrative) areas. Fourteen 
percent of studies (n=14) did not provide clear recommendations on where 
interventions or resources should be strengthened or directed towards, but 
they did urge policy makers to develop locally tailored or targeted intervention 
strategies. 26% of studies made specific recommendations on intervention 
strategies; however, these were not necessarily space related. In fact, only 
14% of studies combined recommendations on intervention strategies with 
space-related recommendations. 22% of studies recommended the use of the 
results or methods from the study to inform public health policy or decision-
making without providing the reader with recommendations following from 
those methods or results. There were little to no differences in type of 
recommendations between articles including a statistical model and articles 
which do not. 

Table 7. Types of recommendations presented in manuscripts

  All papers Papers without 
models

Papers with models

N % N % N %

Total 98 100% 41 100% 57 100%

Recommendations on 
intervention strategies

25 26% 10 24% 15 26%

Recommended targeted 
approach

14 14% 5 12% 9 16%

Space-specific 
recommendations

28 29% 12 29% 16 28%

Recommended use of 
methods or results

22 22% 10 24% 12 21%

Other 14 14% 5 12% 9 16%

None 31 32% 14 34% 17 30%
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Discussion

The results of our analysis show an increasing trend in the number of studies 
applying spatial analysis in epidemiological research per year. Most studies 
in our sample exclusively relied on secondary data aggregated at various 
administrative levels for their analysis. COVID-19, tuberculosis and dengue are 
the diseases which were most commonly analyzed using spatial methods (43% 
total), with the majority of publication coming from Asia (62%). Environmental 
factors were the most predominant covariate type. Spatial autocorrelation 
was quantified in the majority of studies (72%), and 58% of articles included 
some form of statistical modelling of which 11 (19%) implicitly accounted for 
spatial autocorrelation in the model.  Moran’s I (global or local) was the most 
commonly reported measure of spatial autocorrelation, and most studies 
(68%) provided some level of recommendation regarding how results should 
be interpreted for future research or policy development, however only 29% 
included a space-related recommendation.

Scope of disease and geographic coverage
The increased use of spatial methods to study infectious disease epidemiology 
over the last two decades is evident in both the number of abstracts found 
and final articles published in peer-reviewed journals. While our analysis 
focuses on a relatively short time period (2015 to 2021), other literature 
confirms the increase of spatial epidemiological methods and use of spatial 
decision support systems by Ministries of Health (6,7,14,28). 76% of articles 
used an open-source software package with spatial statistical capabilities, 
demonstrating that this software is both highly accessible and user-friendly, 
and democratizes access to spatial data analysis and visualization techniques 
(6). Given the wide array of covariate factors collected and utilization of spatial 
data by all studies, it is also evident that perceived relevance of, collection 
and availability of spatially disaggregated data have increased over the past 
two decades as well (29,30). As health management information systems 
(HMIS) increasingly support storing and visualizing geospatial information, 
this also stimulates routine collection of spatially disaggregated data, creating 
a niche for spatial methods to become part of the epidemiological toolbox 
(6,21). Almost all articles in the final dataset relied on secondary sources of 
information, predominantly disease surveillance data, which were mapped 
and spatially analyzed at various administrative levels. Most studies did 
not pull surveillance and spatial data from a single database (i.e. a spatially 
enabled HMIS), but extracted and combined health outcome data, spatial data 
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and other covariates from different databases. Extracting data from various 
sources takes time, resources and introduces error especially in merging 
sources for analysis. Therefore this result indicates a need for spatial data 
including administrative boundaries and GPS coordinates to be included in, 
or at least easily accessible from within HMIS software to enable researchers 
to search for spatial patterns as part of routine monitoring and evaluation (31).

Our review shows that studies attempting to describe, explain or account 
for space in communicable disease epidemiology spanned a wide range of 
diseases and geographic areas. Thirty diseases were analyzed including 
airborne, waterborne, zoonotic, and vector-borne diseases, although 
COVID-19, tuberculosis and dengue dominated. Similarly, studies covered 
37 different countries, but China, Brazil and the U.S. led the pack. While 
spatial epidemiology is used in many different contexts, it is clearly clustered 
both geographically and thematically. Countries such as the U.S. and China 
score relatively high (top 10) on the geospatial readiness index which looks 
at parameters such as data infrastructure, policy framework, institutional 
capacity, user adoption and geospatial industry (32). While Brazil ranked far 
below China and the U.S. in terms of the geospatial readiness index in 2019, it 
is considered a leader in geospatial infrastructure in the South American and 
Caribbean region, and exceled in the readiness index list in 2018 and 2019 
(32). 

Competing priorities and resource constraints have not empowered many 
countries to mainstream GIS and spatial analysis into routine activities across 
disease control programs (26). Unfortunately this means that the analytical 
capacity of geoscientists employed in the public health sector may go under-
utilized or may be used on a relatively ad hoc basis. As a result, outbreak-
prone diseases tend to be prioritized for spatial analysis in such settings, and 
only when there is urgency to do so. As DHIS2 and similar systems continue 
to be rolled out globally and can be linked with GIS systems or become 
geo-enabled, routine spatial analysis will become more accessible to a wider 
range of surveillance staff and public health researchers who have a mandate 
to conduct analytical tasks (33).

Range of presented spatial statistics 
Our results show a wide range of complexity and quality in the way that spatial 
patterns were presented and in the methods used to analyze spatial trends, 
both within and between articles. In terms of complexity these ranged from 
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choropleth maps and linear regression models to theoretical mathematical 
models and novel space-time cube models (34–37). Several articles 
presented elegant, novel visualization techniques, especially for space-time 
analyses, showing a good grasp of the importance of high quality maps 
and visualizations (38). Notably, studies with the most complex or detailed 
statistical analyses often lacked maps visualizing the spatial data fitted 
into their model or did not discuss findings on spatial patterns qualitatively. 
Conversely, other articles did not only visualize the outcome of interest, but 
also model parameters (R-squared, standard errors, estimated coefficients) or 
covariates included in the model (39–43).

Translation of findings to public health policy
Although most articles linked results or the suitability of novel methods with 
actionable recommendations, translation of findings to public health decision-
making was often lacking, including articles with complex statistical models. 
Even in articles which did include recommendations, they were often vaguely 
worded, or only a minor part of the discussion. A third of the articles did 
not provide any recommendations for public health decision-making either 
through geographically targeting interventions or adjusting or creating public 
health policies. Some of these articles focused on better understanding or 
describing disease transmission or interactions between host, environment 
and disease occurrence, as their aim was not to recommend containment 
strategies but to add to the body of knowledge. However, many other articles 
which highlighted that their results or methods could be used for public health 
decision-making suffered from an absence of specific suggestions on how to 
do so. Particularly for studies using complex analytical methods, translating 
the results to clear recommendations could increase the usability of the 
results. Providing key takeaways is reasonable and was shown to be quite 
doable; in fact clear policy priorities also emerged from studies combining 
simple spatial visualization with non-spatial inferential statistics (44,45). 

Authors were eager to recommend the use of methods or results for targeted 
interventions but minimally reflected on what methods disease programs 
already use to allocate resources to detect, diagnose and treat cases. In other 
words authors appeared to presume that disease programs use a blanket 
approach across the country. However, knowledge on high-risk areas or 
populations is often present, and with the development of more advanced 
HMIS with GIS capabilities, the use of maps to inform public health decision-
making is becoming more widespread. The quality of future articles including 
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spatial epidemiology would be improved by addressing what is already 
done in-country and suggesting how those processes might be improved or 
adjusted.

Nomenclature of spatial statistics
The term ‘spatial analysis’ was mentioned almost universally in the article 
titles, abstracts and methods. In several of these articles statistical analyses 
including exploration of spatial autocorrelation were not performed, but 
disease data were presented in a choropleth map and described empirically 
(46). For example sometimes a hotspot analysis was referred to as having 
been carried out, however no LISA map, Moran’s I or GI* statistic was 
presented (47) (48) (49). Similarly, ‘spatiotemporal analysis’ was included 
liberally in titles, abstracts and methods; however while some of these articles 
presented results of SaTScan space-time cluster analysis, others mapped 
spatial patterns and described the change in disease trends over time in a 
narrative format only. On the other side of the spectrum are studies which 
accounted for spatial autocorrelation in statistical or mathematical modeling, 
but did not discuss the role of space in the discussion and policy implications. 
It seems that for these studies, space was merely a control variable. 

Purely descriptive, as well as descriptive and inferential statistics with a broad 
range of space- and space-time statistical methods are needed to understand 
the role of space in disease patterns; however our results suggest that space-
related nomenclature as it applies to epidemiological analysis is inconsistently 
applied and would benefit from standardization to classify research correctly.

Limitations
In contrast to a systematic literature review, our review excluded the review 
of article bibliographies, contact of experts in the field to capture additional 
publications, and review of systematic literature review articles within the 
search yield. While this limited the search yield to a small extent this is unlikely 
to have compromised the major trends observed in our results. Furthermore, 
our search string was insensitive for non-communicable diseases. When we 
adapted the search string by changing ‘disease incidence’ to ‘incidence’ for 
example, the number of results exploded to over 35,000. A cursory review 
of the first results showed that non-communicable disease articles were 
abundant. Because of the large volume and scope of results, this review 
focused only on communicable diseases.
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Conclusion

Our results show that epidemiological researchers are increasingly trying 
to describe, explain, or predict spatial patterns of observed communicable 
disease outcomes using a growing body of spatial data and tools, as well as 
spatial statistical methods including but not limited to the quantification of 
spatial autocorrelation. Although it is a positive development that researchers 
are applying a wide range of methods, we observed large gaps in consistency 
of how nomenclature and methods are used and interpreted, and limited 
translation of findings into recommendations for actionable public health 
measures. To address these gaps it may be valuable for a set of ‘good spatial 
epidemiological practice’ standards to be developed. We also recommend 
that spatial epidemiological studies more clearly assert how their findings 
support or challenge current practice, by providing clear examples of how 
their results could be used: by whom, for which purposes, and in which 
settings and populations. Finally, it would be very informative for future 
research to identify how findings and recommendations of these and similar 
studies were used, either to help steer further research or to inform policy, 
and what challenges were encountered in this process. 
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