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Background: The representation and analysis of maps of events within a fixed time frame/period has been 
established as a basic tool for disease monitoring. In addition to having methods that can address the study 
of certain problems, the existence of criteria to discriminate relevant results is equally important. In chronic 
diseases such as cancer, monitoring the spatial distribution of mortality/morbidity in small areas through 
relative risk (RR) estimators is used frequently, but there is no clear strategy to discriminate which regions 
are important. Moreover, it usually requires substantial time for an effective surveillance or an advanced 
technical knowledge. The objectives of this study are to first establish a data analysis pipeline that allows 
users to make an initial screening for exploratory purposes so they can identify regions of interest in the 
context of chronic diseases monitoring and second to develop an R-Shiny application to implement this 
strategy in a straightforward way without requiring strong technical knowledge.
Methods: First, a pipeline of seven steps for ranking risk of disease spatial areas was developed taking into 
account relative and absolute risk estimators, using observed and expected cases in spatial units of a study 
region. Second, an R-Shiny application (RANKSPA, Ranking Spatial Areas) was developed to perform the 
pipeline. Third, we applied the pipeline using RANKSPA to simulated and real data of lung cancer municipal 
mortality 2005–2009 in Galicia (North-East of Spain), a region with 314 spatial units.
Results: There was a clear excess of mortality in the middle-east of the studied region using simulated data 
where a spatial mortality cluster is also located, existing 5 spatial units outside this cluster that occupy the 
top positions in the ranking generated by the application. From the total spatial units of the study region 
[314], only 14 had an excess of mortality whose posterior probabilities are greater than or equal to 80%. In 
addition, all the spatial tests implemented, with the exception of Moran’s I test, were statistically significant. 
In the study of real data, a clear excess of mortality was observed in the east part of the study region where 
several of the spatial mortality clusters are also located. Moreover, there are three spatial units located outside 
these clusters that occupy the top positions in the ranking generated by the application. Eleven spatial 
units have an excess of mortality, with their posterior probability (PP) greater than or equal to 80%. All the 
spatial tests implemented were statistically significant. Both in simulated and real data, there was a positive 
correlation between absolute and relative measures. However, a greater dispersion was observed when these 
measures take the highest values.
Conclusions: The work presented shows a strategy of exploratory analyses to provide an initial assessment 
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Introduction

Public health surveillance includes a wide range of 
monitoring methods, being the spatial or spatio-temporal 
study of the diseases a reasonable starting point for any 
grounded health intervention. Likewise, strategies that 
employ or integrate different statistical methods could be 
relevant to best aid the task of this surveillance.

Spatial surveillance merges monitoring statistics for 
evidence of a change and spatial techniques which are often 
used to find or describe the extent of clustering across a 
map. Other ideas related to spatial surveillance is that of 
screening, which could be applied to populations as well as 
individuals (1), where the location of the public health event 
is as important as the fact that it occurred. Surveillance and 
screening carried out at an aggregate population level (e.g., 
municipality, census track, etc.) could be useful to detect 
exceeded limits based on observed or expected patterns, 
to know where the health incidents occur, and possibly 
allowing to anticipate where they will occur. All of these 
might trigger interventions designed, for example, to 
redirect health resources towards attempts to improve the 
health status of the population as well as it can be useful for 
prevention programs.

The representation and analysis of maps of events within 
a fixed time frame/period is established as a basic tool for 
disease monitoring. In this context, there is a wide range 
of methods that can be applied, such as disease mapping, 
spatial clustering or ecological analysis, each of them is 
appropriate to answer a specific question, and that usually 
requires advanced technical knowledge (programming, 
statistics, etc.) to be implemented. In that way, there are 
valuable applications or statistical packages such as “GeoDa” 
software (2) or “SSTCDapp” (3), and the R-Shiny web 
application “SpatialEpiApp” (4), that allow us to perform 
these methods in a simple way and without extensive 
technical knowledge.

Furthermore, in spatial surveillance, apart from having 

specific methods, it is equally important that there exists a 
criterion to discriminate relevant results. For example, in 
disease mapping, which usually involves Bayesian models 
to smooth the underlying risk estimates, the posterior 
probability (PP) that the relative risk (RR) is higher than 1 is 
used as a Bayesian method to assess high risk. Insofar as this 
indicator was concerned, it is usual to follow Richardson’s 
criterion (5), which recommends that probabilities above 0.8 
should be deemed significant. Although this approach can 
improve the discrimination of the areas of interest based 
on the RR, in the context of public health and surveillance 
the methods should consider absolute measures related to, 
for example, the magnitude of the expected counts or other 
approaches to rank risk estimates with PP higher than 80%.

In chronic diseases, such as cancer, studying the spatial 
distribution of mortality or morbidity in small areas through 
RR estimators is very frequently used for monitoring (6-11). 
In this sense, cancer mortality or incidence atlases (12-15)  
are very useful tools. Nevertheless, on many occasions, 
the time required for conducting these analyzes or atlases 
is usually too long for effective surveillance or to develop 
interventions and address problems in time. In addition, 
there is no clear strategy to discriminate which regions are 
important, both from the point of view of relative estimators 
and absolute estimators important for public health.

Accordingly, the objectives of this work are: (I) to 
establish a pipeline of analysis that allows us to discriminate 
regions of interest in the context of chronic diseases (such 
as cancer) monitoring by studying the spatial distribution in 
small areas of mortality/morbidity, by means of relative and 
absolute risk estimators and the precision of them, to obtain 
a ranking of spatial units, thus being able to implement an 
initial spatial screening for exploratory purposes useful in 
epidemiological surveillance and public health and (II) to 
present the R-Shiny application that has been created to 
be able to implement this strategy in a simple way, fast and 
without a deep technical knowledge of the statistical and 

of geographical patterns in disease risk, focused primarily on chronic diseases such as cancer. Furthermore, 
an R-Shiny application has been created to ease the implementation of this strategy without requiring 
substantial technical knowledge.
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programming methods necessary to perform it.

Methods

In order to achieve these objectives, several spatial analyses 
with the calculation of relative and absolute estimators were 
conducted to identify and to rank areas of risk of a disease. 
The study area is divided into several non-overlapping 
smaller regions and the analyses can start once a measure of 
observed and expected cases and the population is available 
for each of the study regions.

As a result, a pipeline of analysis including the strategies 
followed to rank risk areas has been established as indicated 
in Figure 1 and described below. Finally, we show the Shiny 
web application for ranking spatial areas of risk in spatial 
surveillance “RANKSPA” to perform the pipeline and what 
results are obtained by applying this to simulated data as 
an example and to a real dataset of municipal lung cancer 
mortality.

Pipeline for ranking spatial areas

The analyses that are presented in this work deal with 
modelling areal data (observed cases on areal entities 
with defined boundaries). In these analyses the spatial 
autocorrelation among areal entities should be taken into 
account. In that way, the first step in the pipeline is to create 
the neighbourhood structure using a standard neighbour 
criterion, the contiguity, where all touching polygons are 
neighbours. For this purpose, “poly2nb” function of the 
“spdep” R package could be applied (16,17).

As part of any spatial data analysis, a series of statistical 
tests should be applied to assess overdispersion, spatial 
autocorrelation and general spatial clustering. These 
analyzes constitute the second step and the results will 
enrich the ranking process that will be discussed later. 
First of all, the spatial heterogeneity of the risk measures is 
assessed, testing for global significant differences between 
observed and expected cases. The reason of a possible 
heterogeneity may be related to many different factors, 
such as the presence of different medical assistance systems 
or pollution sources in the areas. Two common tests of 
overdispersion are used in this step: the standard Chi-
square test and the Potthoff-Whittinghill’s test [see the 
parametrization described in pages 348–349 of the Bivand 
et al. book (17), which consists of the use of a multinomial 
model in the bootstrap test and 999 replicates to compute 
the significance of the observed value of the test statistic]. 
Functions in the “DCluster” R package (18) “achisq.
test” and “pottwhitt.test” could be used to perform them. 
Moreover, two common tests of global clustering, Moran’s 
I test (19) and Tango’s maximised excess events test (20,21), 
are also performed in this step to assess global spatial 
autocorrelation. “moranI.test” and “tango.test” functions in 
the “DCluster” R package (18) could be applied to perform 
these tests [see the parametrization described in pages 350–
352 of the Bivand et al. book (17), which consists of the use 
of a negative binomial model in the bootstrap test and 999 
replicates to compute the significance of the observed value 
of the test statistic].

In the third step of the proposed pipeline, a standard 
test [Kulldorff and Nagarwalla test (22)] for the detection 
of spatial clusters based on a circular window is applied. 
We selected this approach because it is a well-established 
method in this field, easy to implement and with a relatively 
low computational cost, although it has several limitations 
as will be discussed later. The results from this analysis will 
enrich, with relevant information for spatial surveillance, 

Figure 1 Steps of the pipeline for the ranking of spatial areas.
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the ranking of the risk areas that is the final result of 
the application of this pipeline. “opgam” function in the 
“DCluster” R package could be applied to performed this 
test [see the parametrization described in pages 353–354 
of the Bivand et al. book (17), which consists of the use 
of a negative binomial model in the bootstrap test, 99 
replicates to compute the significance of the observed value 
of the test statistic, a significance level of 5% for the tests 
performed and a 15% fraction of the total population for 
the circles creation in the method]. To define the window in 
this detection of spatial clusters, the maximum fraction of 
the total population inside the cluster could be used. This 
parameter should be changed to assess if the location of 
clusters varies significantly. Moreover, only clusters with P 
values lower than 0.05 will be taken into account.

The fourth step consists of an initial calculation of 
local RR estimators of disease and the distribution of 
the PP that RR >1 (Bayesian way to assess high risks). 
To do this, based on the data to be analysed, conditional 
autoregressive model proposed by Besag, York and Mollié 
(BYM) (8,23,24) would be used. This model is based on 
fitting a Poisson spatial model with observed cases as the 
dependent variable, log-expected cases as offset, and two 
types of random effect terms which take the following into 
account: (I) contiguity (spatial autocorrelation term); and 
(II) non-spatial heterogeneity. For more details see the 
article of López-Abente et al. (8). As a tool for Bayesian 
inference, we recommend the use of Integrated nested 
Laplace approximations (INLA) (25). The reason for this 
approach is that it allows reliable results to be obtained 
in a reasonable time and at much lower computational 
cost, when compared to the more traditional Markov 
Chain Monte Carlo (MCMC) method (26-28). The “inla” 
function in the R-INLA package (29,30) (with the option 
of simplified Laplace estimation of the parameters) could 
be used to perform the models. Moreover, the default 
assumptions for priors of the functions included in the 
package are used. Finally, in this fourth step, with the 
estimators, RR and PP for each spatial area, we calculate 
a weighted RR (WRR) by multiplying each RR by its 
associated PP. In this way, a penalized RR measure by the 
precision of the estimation is obtained, and this could help 
to discard some non-significant results.

The step of the pipeline before ranking the spatial areas 
of risk, the fifth step, consisted in the calculation of an 
absolute measure of risk that is defined as the difference 
between observed and expected (DOE) cases. An indicator 
similar to the standardized mortality ratio (SMR) or the 

standardized incidence ratio (SIR) that is the ratio between 
observed and expected cases but DOE could be directly 
more useful for health management aspects as it is expressed 
as a number of cases.

Finally, the last step of the pipeline, the sixth step, is 
the identification of those areas whose PP are greater than 
80% [Richardson’s criterion (5)]. Firstly, these areas will 
be ranked according to the DOE and, secondly, according 
to the WRR. Once the areas have been ranked, they will 
be assigned a numerical value, starting from 1, to mark the 
highest level of importance. This means the highest DOE 
with the highest WRR. All the spatial areas where PP are 
lower than 80% will have the same rank value and this will 
be the highest numerical value assigned to the spatial areas 
of the first group plus one.

The final result of the pipeline is a table of ranked spatial 
areas attending to absolute and RR estimators and enriched 
with useful information of global and local clustering and 
spatial heterogeneity indicators to understand the ranking. 
This constitutes a rapid initial screening to identify areas of 
interest for public health.

An R script (“R_script.R”) is provided to perform the 
pipeline. Simulated data (“data_example.xlsx”) of observed 
and expected cases in 314 spatial areas and a shapefile 
(“map_example.zip”) are also provided for the application 
of the script. See “Code and data availability” section of the 
manuscript.

RANKSPA app

In the same way other authors try to give useful applications 
for spatial analysis or data management (3,4) and allow 
users to apply statistical methods in a simple way and 
without extensive technical knowledge, we have created an 
R-Shiny web application called RANKSPA (“RANKing 
SPatial Areas”) which allows users to perform the pipeline 
described before. In that way, RANKSPA allows to obtain 
a ranking of spatial areas attending to absolute and relative 
disease risk. RANKSPA R-Shiny code is provided (see “Code 
and data availability” section of this manuscript) and it is 
also available online ready to be used at https://biodama.
shinyapps.io/rankspa/.

RANKSPA consists of one page where: (I) on the left 
side, the user can upload the input files and select one 
of the parameters that is needed for the cluster analysis 
(“fraction of the total population”, see “Pipeline for ranking 
spatial areas” section of the manuscript); (II) on the right 
side of the page, there are nine tabs, where an application 

https://biodama.shinyapps.io/rankspa/
https://biodama.shinyapps.io/rankspa/
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overview and the results of the different statistical analyses 
carried out and the maps created by the application can be 
visualized and downloaded. Figure 2 shows the RANKSPA 
application, once the simulated data (see “Code and data 
availability” section of the manuscript) has been processed 
and specifically showing the tab corresponding to the map 
of RRs.

Input data
First, we upload the data file by clicking the ‘Data input’ 
button and selecting the corresponding file. The file must 
be an Excel (XLSX format) or CSV file with the following 
columns:
	 ID: identification code of the spatial areas;
	 Population: total population in each spatial area;
	 Obs: observed cases in each spatial area;
	 Exp: expected cases in each spatial area.
Second, we upload the map file containing the areas of 

the region of study. The map file needs to be in shapefile 
format (files with extension .shp, .prj, .dbf, .shx). The ID 
area should be a unique identifier and should match with 
the ID area that is specified in the data. Map files can be 
uploaded by clicking the “Shp Input” button and selecting 
all the corresponding files.

After uploading the map and the data files we can specify 
one option related to the cluster analysis of the pipeline, the 
maximum fraction of the total population inside the cluster. 

The default value is 15%.

Start analysis
After uploading all the files and selecting the option for the 
cluster analysis, we click the “Process” button. When we 
do this, the application starts to perform the analysis of the 
pipeline.

Introduction tab
An application overview is shown in this tab, including 
a “note” indicating the precaution to be taken in the 
interpretation and use of the results obtained from this 
application.

Results tabs
The results of the analyses are shown in seven tabs. In the 
first one, “ranking map”, a map of the areas in the region 
of study is shown, which displays in colour only those areas 
that are relevant according to the ranking criteria of the 
pipeline describe before (areas with PP higher or equal 
to 80% and ranked first by the DOE and second by the 
WRR). Moreover, the colour scale used in the map (see the 
legend) corresponds to the sextiles of the absolute measures 
of risk (DOE) of the spatial areas. The numbers shown 
inside the spatial units correspond to the identification code 
ID (see description of the variables included in the ranking 
table tab). The application allows users to zoom in on the 

Figure 2 RANKSPA application overview.
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map and also download it in pdf format.
In the second tab, “ranking table”, a table is shown 

containing the relative and absolute risk estimates for the 
coloured areas in the map of the previous tab as well as 
information about whether these areas are located within 
a spatial cluster (the application allows users to download 
the table in XLSX format). Specifically, the estimators and 
variables shown in the table are:
	 Ranking: ranking position (number 1 means the 

highest score according to two criteria based on the 
excess of cases/deaths and a WRR, see below);

	 Highest level of importance;
	 ID: identification code of the spatial areas;
	 Population: total population in each spatial area;
	 Obs: observed cases in each spatial area;
	 Exp: expected cases in each spatial area;
	 SMR: standard mortality/morbidity ratio (observed/

expected);
	 Diff_obs_exp: difference between observed and 

expected (DOE) cases;
	 RR: relative risk;
	 lCre: lower limit of the RR credible interval;
	 uCre: upper limit of the RR credible interval;
	 PP: posterior probability (PP) that RR>1;
	 cluster_1 to cluster_n: cluster membership (labels: 

cluster = belongs to a cluster; center = belongs to a 
cluster and is the central area).

Only the significant clusters by Kulldorff’s test (P value 
≤0.05) are shown and the order of appearance in the table 
is established according to Kulldorff’s statistic, so that the 
cluster that present the highest value is the first (cluster_1). 
There are some aspects related to multiple comparisons 
that are not taken into account in this section, see (31). The 
table is sorted based on the values of the ranking variable, 
but users can sort this table by any of the other variables 
such as, for example, RRs.

In the third tab, “spatial tests”, the results from the 
spatial tests described in the pipeline section of the 
manuscript are shown. The application displays exactly the 
output given by R software.

In the fourth and fifth tabs, “RR map” and “PP map” 
respectively, RRs (smoothed SMRs) and the distributions of 
PPs of having an RR >1 are mapped.

In the sixth tab, “cluster analysis”, the results from 
the cluster analysis are shown according to the criteria 
described in the pipeline section of the manuscript. On 
the left side of the tab, a table with the significant clusters 
detected using Kulldorff’s test (P value ≤0.05) is shown, and 

the order of appearance in the table is established according 
to Kulldorff’s statistic, so that the cluster that presents 
the highest value appears first (cluster_1). Specifically, the 
estimators and variables shown in the table are:
	 Cluster: identification (as a numerical code) for the 

cluster;
	 Size: number of spatial units included in the cluster;
	 Statistic: value of the Kulldorff’s statistic;
	 P value: P value from Kulldorff’s test.
Two maps are also shown in this tab, displaying in colour 

those spatial units belonging to the cluster 1 and 2 which 
are described in the table on the left side of the tab. The 
spatial units which correspond to the center of the shown 
clusters are coloured in a darker grey than the rest.

In the seventh tab, “complete results table”, a table is 
shown containing the relative and absolute risk estimates 
for all areas in the map as well as information about 
whether these areas are located within a spatial cluster (the 
application allows users to download the table in XLSX 
format). The estimators and variables shown are the same as 
those in the table in second tab.

Finally, all the maps are available support zooming. To 
zoom in, users must select the area pressing the left mouse 
button and then make a left double click over the area 
selected. To zoom out, users should make left double click 
over the map.

Glossary tab
A description of the content of each of the application tabs 
is shown here.

Example with simulated data
The simulated data (“data_example.csv” and “map_example.
zip”) mentioned before is based on observed and expected 
cases in 314 spatial areas and a shapefile (see “Code and 
data availability” section of the manuscript). These data 
have been analyzed using RANKSPA application using 
the default value for the fraction of the total population 
parameter (15%). The results obtained are shown in the 
“Results” section of the manuscript.

Example with real data
We have tested the pipeline on real data using the 
RANKSPA application. It consisted of individual death 
entries (observed cases) between 2005 and 2009 in men in 
Galicia [North-East of Spain, a region where there is a clear 
spatial pattern of lung cancer mortality (8)] corresponding 
to lung cancer (International Classification of Diseases, 



Annals of Cancer Epidemiology, 2020 Page 7 of 15

© Annals of Cancer Epidemiology. All rights reserved. Ann Cancer Epidemiol 2020;4:10 | http://dx.doi.org/10.21037/ace-20-15

10th Revision: C61), broken down by municipality (n=314). 
Population data (men) by town and age (18 age groups) in 
2007, the midpoint of the study period, was obtained from 
the Spanish municipal Register. The National Statistics 
Institute [Instituto Nacional de Estadística (INE)] of Spain 
provided deaths and population data. The expected cases 
were calculated by multiplying the overall Spanish age-
specific mortality rates (using lung cancer death entries 
between 2005 and 2009 in men for the whole country of 
Spain) for the 5-year study period by each town’s person-
years (2007 population multiplied by 5). Afterwards, SMRs 
were computed as the ratios of the observed to the expected 
deaths.

We selected lung cancer due to the high mortality and 
incidence of this chronic disease. Lung cancer remains 
the leading cause of cancer incidence and mortality, with 
2.1 million new lung cancer cases (11.6% of the total 
cases) and 1.8 million deaths predicted in 2018 (18.4% 
of the total cancer deaths), representing close to 1 in 5 
cancer deaths (32) which makes it possible to have reliable 
indicators. Moreover, lung cancer survival is poor, with a 
relative survival in Europe of 39% and 13% at 1 and 5 years 
since diagnosis, respectively (33). In that way, lung cancer 
mortality is a good indicator for monitoring this disease.

The results obtained using RANKSPA application to 
this data, using the default value for the fraction of the total 
population parameter, are shown in “Results” section of the 
manuscript.

The study was conducted in accordance with the 
Declaration of Helsinki, and ethical approval was not 
required due to the type of study and design carried out.

Results

Simulated case study

The results displayed in the tabs of RANKSPA application 
using simulated data provided (see “Code and data 
availability” section of the manuscript) are shown in Figure 3. 
The tables are shown in the “ranking table” and “complete 
results table” tabs are included in the Tables S1,S2.

According to these results, there is a clear excess of 
mortality in the middle-west of the studied area (see  
Figure 3C,D) where a spatial mortality cluster is also located 
(see Figure 3E). Moreover, there are five spatial units (IDs: 
65, 293, 152, 305 and 156) located outside this cluster that 
occupy the top positions in the ranking generated by the 
application (see Figure 3A,B).

According to the pipeline that implements the 
RANKSPA application, among the total spatial units 
of the study region [314], only 14 have excess mortality 
whose PP are greater than or equal to 80%. All spatial 
tests implemented with the exception of the Moran’s I test 
of spatial autocorrelation provided statistically significant 
results (P<0.05).

Finally, in Figure 4 a scatterplot is shown displaying the 
relationship between DOE and WRR for the simulated data 
in each spatial unit, and indicating whether the PPs were 
above or below 80%, which was one of the criteria to be 
taken into account in the pipeline described above. It can be 
seen that there is in general a positive correlation between 
absolute (DOE) and relative (WRR) measures. However, a 
greater dispersion is observed when these measures take the 
highest values.

Real case study

The results displayed in the tabs of RANKSPA application 
using real data are shown in Figure 5. According to them, 
there is a clear excess of mortality in the west of the region 
studied (see Figure 5C,D) where several of the spatial 
mortality clusters are also located (see Figure 5E). There 
are three spatial units (IDs: 279, 53 and 33) located outside 
these clusters that occupy the top positions in the ranking 
generated by the application (see Figure 5A,B).

Of the total spatial units of the study region [314], only 
11 have excess mortality whose PP are greater than or equal 
to 80%. All spatial tests implemented provided statistically 
significant results (P<0.05).

Finally, in Figure 4 a scatterplot is shown displaying the 
relationship between DOE and WRR also for real data in 
each spatial unit, and indicating whether the PP are above 
or below 80%, which was one of the criteria to be taken into 
account in the pipeline described above. It can be seen, as it 
was the case with the simulated data, that there is in general 
a positive correlation between absolute (DOE) and relative 
(WRR) measures. However, there is some dispersion when 
these measurements take the highest values.

Discussion

In this paper, we present a pipeline of analysis that could 
allow us to discriminate regions of interest in the context 
of chronic diseases monitoring (like cancer monitoring) by 
studying the spatial distribution in small areas of mortality/
morbidity. Taking relative and absolute risk estimators 

https://cdn.amegroups.cn/static/public/ACE-20-15-Supplementary.pdf
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and the uncertainty about them into account, it obtains a 
ranking of spatial units, thus being able to implement an 
initial spatial screening for exploratory purposes useful in 
epidemiological surveillance and public health. Moreover, 
we introduce the RANKSPA app, an R-Shiny web 
application to implement this strategy in a simple way, fast 
and without a deep technical knowledge of the statistical 
and programming methods necessary to perform it. It also 
serves as an exploratory tool for spatial analysis since it 
enables visualization of maps and the detection of clusters.

As already indicated in the Introduction section, in the 
context of public health and surveillance of chronic diseases 
such as cancer, the representation and analysis of maps of 
events (disease mapping) within a fixed time frame/period 
is a basic tool and the existence of criteria to discriminate 
relevant results is important. Furthermore, in many cases, 
this process should not only take into account relative 
measures, but also absolute measures of risk. The shown 
pipeline tries to incorporate and integrate different aspects 
already known in the field of space surveillance, combining 
these risk measures.

Here we have focused on the DOE cases and the WRR 
to rank areas. However, this is a first approach and other 
measures that take into account the size of the region could 
be used as the DOE will likely depend on the population 
of the areas. For this reason, other relative measures 
that take into account the size of the areas (such as Chi-
square distances between observed and expected) and their 

associated uncertainty could be considered when ranking 
the areas. Our preliminary assessment of such measures 
indicates that the ranking is very similar to that provided by 
the DOE.

On the other hand, the RANKSPA app, that is an open-
source tool implemented using R, Shiny and incorporating 
the functions from several R packages, is easy to use and 
allows health researchers to perform all the analyses of the 
pipeline without the need of having advanced statistical 
or programming skills. As the methods for the initial 
screening that the pipeline implements are very common in 
surveillance, researchers that need to perform more complex 
analyses should use other statistical packages or other more 
complete and complex applications like SpatialEpiApp (4).

In relation to the application of the RANKSPA App to 
data, it is worth mentioning that the extent of the utility 
of the results it provides may depend largely on spatial 
heterogeneity. When this is very large or there is no spatial 
heterogeneity, it can be expected that the discrimination 
of areas of interest through the described pipeline is not 
so easy to interpret or useful at all. Moreover, in which 
ranges of heterogeneity may be useful will also depend on 
the spatial distribution of the disease. Therefore, the results 
obtained when using the RANKSPA application must be 
carefully evaluated taking into account all these aspects. 
For reasons of time and space in this work no results are 
presented analyzing other possible situations. Further 
studies are necessary to address other types of scenarios 
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where changes in the pipeline could surely be found and 
proposed to provide a useful response in these contexts.

In relation to the proposed pipeline, some assumptions 
have been made regarding the neighbourhood between 
spatial units and the priors in spatial models that, although 
they are among the most used in studies about the spatial 
distribution of diseases such as cancer, may not be the most 
suitable in certain contexts. For example, rare diseases for 
which the observed cases are very few or even zero in most 
areas. Therefore, the results obtained must also be carefully 
evaluated taking into account all these aspects.

The real data used of lung cancer mortality represent a 
good example where the results may be useful in monitoring 
this disease. There is some spatial heterogeneity, with a 
clear and located spatial pattern. However, at the highest 
values of the risk measures, the ranking of the space units 
depends very much on which measure of risk (absolute as 
implemented directly in the RANKSPA application) or 
relative (the table shown in the RANKSPA app allows this 
visualization quickly) is taken into account first.

Finally, we have tried to design both the pipeline and 
the application to allow for a quick and easy-to-interpret 
exploratory analysis. We plan to incorporate additional 
methodological approaches (such as spatio-temporal 
analysis, cut-off combinations for posterior probabilities, 
other types of neighbourhoods, model settings, …) or other 
technical aspects related to the flexibility of data loading 
and interaction with the information provided, to enhance 
the work presented here.

As a general conclusion, the work presented shows 
a strategy of analysis to implement an initial screening 
of disease risk for exploratory purposes that allows to 
discriminate regions of interest by studying the spatial 
distribution in small areas, focused primarily on chronic 
diseases such as cancer, where the proposed methods 
are commonly used in their monitoring. Moreover, an 
R-Shiny application (RANKSPA) that has been created to 
be able to implement this strategy in a simple way, fast and 
without a deep technical knowledge of the statistical and 
programming methods necessary to perform it. However, 
due to the limitations of the implemented methodology, the 
results obtained should be treated with caution, and in no 
case be used as the only method for decision-making. See, 
for example (34), for a recent review of sound methods for 
spatial epidemiology and the detection of regions of high 
risk. Nevertheless, for an initial exploratory objective and/
or to obtain in a quick way information in the context of 
health management, RANKSPA may be more useful than 

other applications.

Code and data availability

	 Pipeline R-code: R_script.R (https://doi.org/10.6084/
m9.figshare.11635908)

	 RANKSPA R-Shiny code: RANKSPA.zip (https://doi.
org/10.6084/m9.figshare.11635935)

	 Simulated data: data_example.csv (https://doi.
org/10.6084/m9.figshare.11467749)

	 Shapefiles: map_example.zip (https://doi.org/10.6084/
m9.figshare.11467755)

Software availability

https://biodama.shinyapps.io/rankspa/
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Supplementary

Table S1 Table shown in the “ranking table” tab of RANKSPA application using non-real data

Ranking ID Population Obs Exp SMR Diff_obs_exp RR lCre uCre PP cluster_1

1 65 3,274 595 539.37 1.1 55.63 1.09 1.01 1.18 0.99

2 293 2,540 218 170.26 1.28 47.74 1.24 1.08 1.41 1

3 152 1,789 539 505.42 1.07 33.58 1.06 0.97 1.15 0.91

4 305 762 72 52.01 1.38 19.99 1.24 0.99 1.54 0.97

5 156 1,549 84 67.39 1.25 16.61 1.16 0.94 1.41 0.92

6 290 1,658 57 42 1.36 15 1.2 0.94 1.51 0.93 Cluster

7 289 10,130 58 44 1.32 14 1.18 0.92 1.48 0.91 Centre

8 171 628 58 44 1.32 14 1.18 0.92 1.48 0.91

9 177 715 36 24.1 1.49 11.9 1.21 0.9 1.6 0.9

10 190 784 34 22.7 1.5 11.3 1.2 0.89 1.6 0.89

11 292 3,272 61 50 1.22 11 1.12 0.88 1.39 0.82 Cluster

12 187 49,807 61 50 1.22 11 1.12 0.88 1.39 0.82 Cluster

13 43 14,689 46 35.39 1.3 10.61 1.14 0.87 1.47 0.84

14 21 3,671 33 23.44 1.41 9.56 1.15 0.85 1.54 0.83

SMR, standardized mortality ratio; RR, relative risk; PP, posterior probability.
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Table S2 Table shown in the “complete results table” tab of RANKSPA application using non-real data

Ranking ID Population Obs Exp SMR Diff_obs_exp RR lCre uCre PP cluster_1

1 65 3,274 595 539.37 1.1 55.63 1.09 1.01 1.18 0.99

2 293 2,540 218 170.26 1.28 47.74 1.24 1.08 1.41 1

3 152 1,789 539 505.42 1.07 33.58 1.06 0.97 1.15 0.91

4 305 762 72 52.01 1.38 19.99 1.24 0.99 1.54 0.97

5 156 1,549 84 67.39 1.25 16.61 1.16 0.94 1.41 0.92

6 290 1,658 57 42 1.36 15 1.2 0.94 1.51 0.93 Cluster

7 289 10,130 58 44 1.32 14 1.18 0.92 1.48 0.91 Centre

8 171 628 58 44 1.32 14 1.18 0.92 1.48 0.91

9 177 715 36 24.1 1.49 11.9 1.21 0.9 1.6 0.9

10 190 784 34 22.7 1.5 11.3 1.2 0.89 1.6 0.89

11 292 3,272 61 50 1.22 11 1.12 0.88 1.39 0.82 Cluster

12 187 49,807 61 50 1.22 11 1.12 0.88 1.39 0.82 Cluster

13 43 14,689 46 35.39 1.3 10.61 1.14 0.87 1.47 0.84

14 21 3,671 33 23.44 1.41 9.56 1.15 0.85 1.54 0.83

15 1 2,246 5 6.07 0.82 –1.07 0.83 0.55 1.24 0.19

15 2 4,766 9 11.54 0.78 –2.54 0.81 0.55 1.17 0.14

15 3 11,942 1 3.31 0.3 –2.31 0.77 0.49 1.17 0.11

15 4 8,978 2 5.63 0.36 –3.63 0.74 0.48 1.11 0.07

15 5 1,422 28 27.43 1.02 0.57 0.94 0.69 1.26 0.34

15 6 3,449 5 4.21 1.19 0.79 0.89 0.58 1.35 0.29

15 7 3,112 19 25.99 0.73 –6.99 0.78 0.56 1.06 0.06

15 8 2,401 8 13.43 0.6 –5.43 0.75 0.51 1.07 0.06

15 9 929 226 235.04 0.96 –9.04 0.95 0.84 1.08 0.22

15 10 928 1 3.67 0.27 –2.67 0.75 0.48 1.16 0.1

15 11 432 8 10.97 0.73 –2.97 0.8 0.54 1.16 0.12

15 12 1,864 5 5.52 0.91 –0.52 0.85 0.55 1.27 0.21

15 13 2,514 12 18.31 0.66 –6.31 0.75 0.52 1.06 0.05

15 14 1,603 5 5.52 0.91 –0.52 0.85 0.55 1.27 0.21

15 15 1,784 3 11.93 0.25 –8.93 0.64 0.42 0.94 0.01

15 16 2,479 12 18.39 0.65 –6.39 0.75 0.52 1.06 0.05

15 17 4,812 19 14.16 1.34 4.84 1.05 0.74 1.47 0.61

15 18 2,775 7 8.06 0.87 –1.06 0.84 0.56 1.24 0.19

15 19 3,087 2 8.32 0.24 –6.32 0.68 0.44 1.01 0.03

15 20 549 5 4.56 1.1 0.44 0.88 0.57 1.33 0.27

15 22 4,342 4 4.13 0.97 –0.13 0.85 0.55 1.3 0.23

15 23 1,600 1 3.55 0.28 –2.55 0.76 0.48 1.16 0.1

15 24 5,645 4 4.58 0.87 –0.58 0.84 0.54 1.27 0.2

15 25 13,455 7 14.41 0.49 –7.41 0.7 0.47 1 0.03

15 26 2,386 10 7.97 1.25 2.03 0.95 0.64 1.4 0.4

15 27 5,145 11 7.65 1.44 3.35 1 0.68 1.47 0.5

15 28 43,735 15 20.04 0.75 –5.04 0.8 0.56 1.1 0.09

15 29 8,542 6 9.49 0.63 –3.49 0.77 0.52 1.13 0.09

15 30 253 8 13.53 0.59 –5.53 0.75 0.51 1.07 0.05

15 31 5,646 9 19.68 0.46 –10.68 0.67 0.46 0.94 0.01

15 32 538 5 8.32 0.6 –3.32 0.77 0.51 1.14 0.1

15 33 113,830 6 9.22 0.65 –3.22 0.78 0.52 1.15 0.1

15 34 416 19 20.7 0.92 –1.7 0.88 0.63 1.2 0.21

15 35 2,898 2 8.71 0.23 –6.71 0.68 0.44 1 0.02

15 36 2,785 12 10.72 1.12 1.28 0.93 0.64 1.34 0.35

15 37 1,903 2 4.84 0.41 –2.84 0.76 0.49 1.15 0.1

15 38 954 9 9.21 0.98 –0.21 0.88 0.59 1.28 0.25

15 39 1,495 6 6.58 0.91 –0.58 0.85 0.56 1.27 0.22

15 40 2,499 7 7.54 0.93 –0.54 0.86 0.57 1.27 0.23

15 41 1,015 9 6.99 1.29 2.01 0.95 0.63 1.41 0.4

15 42 11,108 13 10.01 1.3 2.99 0.99 0.68 1.43 0.48

15 44 1,032 2 10.45 0.19 –8.45 0.64 0.42 0.94 0.01

15 45 1,492 13 10.27 1.27 2.73 0.98 0.67 1.41 0.46

15 46 3,737 10 13.09 0.76 –3.09 0.81 0.55 1.15 0.12

15 47 707 9 10.16 0.89 –1.16 0.85 0.57 1.23 0.2

15 48 1,136 10 18.63 0.54 –8.63 0.7 0.49 0.99 0.02

15 49 815 177 173.74 1.02 3.26 1 0.87 1.15 0.5

15 50 3,652 8 5.83 1.37 2.17 0.95 0.63 1.43 0.41

15 51 13,019 2 5.4 0.37 –3.4 0.75 0.48 1.13 0.08

15 52 6,897 5 5.64 0.89 –0.64 0.84 0.55 1.27 0.21

15 53 35,080 21 18.76 1.12 2.24 0.97 0.69 1.34 0.43

15 54 1,729 0 1.87 0 –1.87 0.77 0.48 1.2 0.13

15 55 835 18 21 0.86 –3 0.85 0.6 1.16 0.15

15 56 2,615 10 9.44 1.06 0.56 0.9 0.61 1.32 0.3

15 57 577 6 12.95 0.46 –6.95 0.7 0.47 1.01 0.03

15 58 2,748 3 4.4 0.68 –1.4 0.81 0.52 1.23 0.16

15 59 17,639 7 14.57 0.48 –7.57 0.7 0.47 1 0.03

15 60 2,757 4 12.89 0.31 –8.89 0.65 0.43 0.95 0.01

15 61 15,375 15 16.51 0.91 –1.51 0.87 0.61 1.22 0.21

15 62 3,526 22 28.39 0.78 –6.39 0.8 0.58 1.08 0.07

15 63 6,137 39 46.41 0.84 –7.41 0.84 0.64 1.08 0.09

15 64 1,461 49 55.9 0.88 –6.9 0.87 0.68 1.09 0.12

15 66 638 17 34.27 0.5 –17.27 0.64 0.46 0.86 0

15 67 1,171 7 8.56 0.82 –1.56 0.83 0.55 1.22 0.17

15 68 9,208 9 11.08 0.81 –2.08 0.83 0.56 1.19 0.15

15 69 3,401 15 21.59 0.69 –6.59 0.77 0.54 1.06 0.05

15 70 666 22 17.87 1.23 4.13 1.02 0.73 1.41 0.56

15 71 725 19 16.69 1.14 2.31 0.97 0.69 1.35 0.43

15 72 1,123 30 31.44 0.95 –1.44 0.91 0.67 1.2 0.25

15 73 3,228 5 11.19 0.45 –6.19 0.71 0.47 1.03 0.04

15 74 5,754 9 12.44 0.72 –3.44 0.79 0.54 1.14 0.11

15 75 684 1 4.01 0.25 –3.01 0.74 0.47 1.14 0.09

15 76 5,154 5 5.5 0.91 –0.5 0.85 0.56 1.27 0.22

15 77 2,700 5 5.01 1 –0.01 0.87 0.57 1.31 0.25

15 78 2,095 0 2.64 0 –2.64 0.75 0.47 1.15 0.09

15 79 879 41 58.4 0.7 –17.4 0.74 0.57 0.94 0.01

15 80 6,579 2 5.21 0.38 –3.21 0.75 0.48 1.13 0.09

15 81 3,877 5 8.03 0.62 –3.03 0.78 0.51 1.15 0.11

15 82 1,537 14 16.63 0.84 –2.63 0.84 0.59 1.17 0.15

15 83 1,215 32 33.82 0.95 –1.82 0.9 0.68 1.19 0.24

15 84 2,374 15 7.4 2.03 7.6 1.18 0.8 1.73 0.8

15 85 3,678 3 5.04 0.59 –2.04 0.79 0.51 1.19 0.13

15 86 3,280 26 21.33 1.22 4.67 1.04 0.75 1.4 0.59

15 87 1,085 6 6.3 0.95 –0.3 0.86 0.57 1.28 0.23

15 88 1,136 5 7.52 0.66 –2.52 0.79 0.52 1.17 0.12

15 89 754 16 17.02 0.94 –1.02 0.88 0.62 1.23 0.23

15 90 2,119 29 28.64 1.01 0.36 0.94 0.69 1.25 0.34

15 91 1,472 8 11.63 0.69 –3.63 0.79 0.53 1.13 0.1

15 92 1,732 6 7.07 0.85 –1.07 0.84 0.55 1.24 0.19

15 93 2,184 3 5.55 0.54 –2.55 0.78 0.5 1.17 0.11

15 94 1,551 2 9.01 0.22 –7.01 0.67 0.44 0.99 0.02

15 95 1,081 21 20.45 1.03 0.55 0.93 0.67 1.27 0.33

15 96 857 7 9.12 0.77 –2.12 0.82 0.55 1.19 0.15

15 97 1,406 11 6.42 1.71 4.58 1.05 0.7 1.56 0.6

15 98 4,437 2 12.42 0.16 –10.42 0.61 0.4 0.9 0.01

15 99 665 0 0.92 0 –0.92 0.8 0.5 1.26 0.17

15 100 2,402 17 15.28 1.11 1.72 0.95 0.67 1.33 0.39

15 101 2,306 23 25.5 0.9 –2.5 0.87 0.63 1.18 0.19

15 102 1,625 6 8.21 0.73 –2.21 0.81 0.54 1.19 0.14

15 103 1,894 9 5.02 1.79 3.98 1.03 0.68 1.55 0.55

15 104 2,776 9 7.4 1.22 1.6 0.93 0.63 1.38 0.37

15 105 1,353 2 3.12 0.64 –1.12 0.81 0.52 1.24 0.17

15 106 1,678 23 34.33 0.67 –11.33 0.74 0.54 0.98 0.02

15 107 1,231 33 49.79 0.66 –16.79 0.72 0.54 0.93 0.01

15 108 1,608 2 5.52 0.36 –3.52 0.74 0.48 1.12 0.08

15 109 2,234 9 11.92 0.76 –2.92 0.81 0.55 1.16 0.13

15 110 1,618 3 7.85 0.38 –4.85 0.72 0.47 1.07 0.05

15 111 1,572 33 30.92 1.07 2.08 0.98 0.73 1.28 0.43

15 112 43,767 14 10.85 1.29 3.15 1 0.69 1.43 0.49

15 113 140,583 4 7.07 0.57 –3.07 0.77 0.5 1.14 0.1

15 114 12,986 2 10.09 0.2 –8.09 0.65 0.42 0.96 0.01

15 115 1,040 16 11.05 1.45 4.95 1.06 0.73 1.51 0.62

15 116 2,120 7 13.17 0.53 –6.17 0.73 0.49 1.04 0.04

15 117 2,624 5 5.79 0.86 –0.79 0.84 0.55 1.26 0.2

15 118 792 7 12.26 0.57 –5.26 0.74 0.5 1.07 0.06

15 119 5,309 24 25.2 0.95 –1.2 0.9 0.65 1.21 0.25

15 120 3,022 7 10.67 0.66 –3.67 0.78 0.52 1.13 0.09

15 121 844 10 7.98 1.25 2.02 0.95 0.64 1.4 0.4

15 122 1,240 2 11.51 0.17 –9.51 0.63 0.41 0.92 0.01

15 123 6,556 18 20.44 0.88 –2.44 0.86 0.61 1.18 0.18

15 124 404 6 7.81 0.77 –1.81 0.82 0.54 1.21 0.16

15 125 1,834 3 6.07 0.49 –3.07 0.76 0.5 1.14 0.1

15 126 1,485 38 36.19 1.05 1.81 0.97 0.74 1.26 0.42

15 127 640 2 7.13 0.28 –5.13 0.71 0.46 1.05 0.04

15 128 2,859 25 18.77 1.33 6.23 1.08 0.78 1.48 0.69

15 129 2,609 11 8.97 1.23 2.03 0.96 0.65 1.39 0.41

15 130 1,558 19 18.68 1.02 0.32 0.92 0.66 1.27 0.31

15 131 882 4 8.12 0.49 –4.12 0.75 0.49 1.1 0.07

15 132 447 9 7.41 1.21 1.59 0.94 0.63 1.38 0.37

15 133 936 14 15.22 0.92 –1.22 0.87 0.61 1.23 0.22

15 134 377 3 5.45 0.55 –2.45 0.78 0.51 1.17 0.12

15 135 7,515 5 5.02 1 –0.02 0.87 0.57 1.31 0.25

15 136 4,386 37 42.62 0.87 –5.62 0.86 0.65 1.11 0.12

15 137 918 15 13.99 1.07 1.01 0.93 0.65 1.32 0.35

15 138 1,042 13 11.26 1.15 1.74 0.95 0.65 1.36 0.39

15 139 906 14 12.12 1.15 1.88 0.96 0.66 1.36 0.4

15 140 4,439 20 25.38 0.79 –5.38 0.81 0.58 1.1 0.09

15 141 2,365 16 13.08 1.22 2.92 0.99 0.69 1.4 0.48

15 142 1,207 8 8.11 0.99 –0.11 0.88 0.59 1.29 0.26

15 143 668 9 11.44 0.79 –2.44 0.82 0.56 1.18 0.15

15 144 2,201 1 8.52 0.12 –7.52 0.65 0.42 0.97 0.02

15 145 1,100 13 12.19 1.07 0.81 0.92 0.64 1.32 0.33

15 146 1,018 10 9.97 1 0.03 0.89 0.6 1.29 0.27

15 147 834 9 11.77 0.76 –2.77 0.81 0.55 1.17 0.13

15 148 4,573 19 18.74 1.01 0.26 0.92 0.66 1.27 0.31

15 149 4,343 6 9.89 0.61 –3.89 0.77 0.51 1.12 0.09

15 150 714 4 4.7 0.85 –0.7 0.84 0.55 1.27 0.2

15 151 2,989 19 27.96 0.68 –8.96 0.75 0.54 1.02 0.03

15 153 2,485 12 15.15 0.79 –3.15 0.82 0.57 1.16 0.13

15 154 734 0 1.65 0 –1.65 0.78 0.49 1.21 0.13

15 155 862 15 18.45 0.81 –3.45 0.83 0.58 1.15 0.13

15 157 1,166 32 26.97 1.19 5.03 1.04 0.77 1.38 0.6

15 158 1,033 20 20.66 0.97 –0.66 0.9 0.65 1.24 0.26

15 159 829 6 5.98 1 0.02 0.87 0.57 1.31 0.25

15 160 731 6 9.22 0.65 –3.22 0.78 0.52 1.14 0.1

15 161 114 187 188.61 0.99 –1.61 0.98 0.85 1.12 0.37

15 162 597 6 5.95 1.01 0.05 0.87 0.57 1.3 0.25

15 163 718 0 2.52 0 –2.52 0.75 0.47 1.16 0.1

15 164 5,756 10 7.79 1.28 2.21 0.96 0.64 1.41 0.41

15 165 1,127 9 12.53 0.72 –3.53 0.79 0.54 1.14 0.1

15 166 2,663 5 11.15 0.45 –6.15 0.71 0.47 1.03 0.04

15 167 1,145 12 13.88 0.86 –1.88 0.85 0.58 1.2 0.18

15 168 1,230 1 5.11 0.2 –4.11 0.72 0.46 1.09 0.06

15 169 4,289 14 28.67 0.49 –14.67 0.65 0.46 0.89 0

15 170 280 9 10.54 0.85 –1.54 0.84 0.57 1.22 0.18

15 172 724 2 3.24 0.62 –1.24 0.81 0.52 1.24 0.16

15 173 632 6 13.16 0.46 –7.16 0.7 0.47 1.01 0.03

15 174 2,866 6 6.43 0.93 –0.43 0.85 0.56 1.27 0.22

15 175 2,392 17 15.38 1.11 1.62 0.95 0.67 1.33 0.38

15 176 2,896 45 36.07 1.25 8.93 1.1 0.85 1.42 0.77

15 178 1,618 5 5.99 0.83 –0.99 0.83 0.55 1.25 0.19

15 179 369 3 8.91 0.34 –5.91 0.7 0.46 1.03 0.04

15 180 420 26 21.86 1.19 4.14 1.02 0.74 1.38 0.55

15 181 507 2 5.26 0.38 –3.26 0.75 0.48 1.13 0.08

15 182 903 10 9.09 1.1 0.91 0.91 0.62 1.33 0.32

15 183 1,448 8 13.29 0.6 –5.29 0.75 0.51 1.07 0.06

15 184 1,684 10 10.55 0.95 –0.55 0.87 0.59 1.26 0.23

15 185 1,211 4 6.49 0.62 –2.49 0.78 0.51 1.17 0.12

15 186 2,213 15 21.13 0.71 –6.13 0.78 0.55 1.07 0.06

15 188 3,014 2 4.95 0.4 –2.95 0.76 0.49 1.14 0.09

15 189 49,790 8 10.41 0.77 –2.41 0.81 0.55 1.18 0.14

15 191 716 0 1.61 0 –1.61 0.78 0.49 1.21 0.13

15 192 501 14 25.93 0.54 –11.93 0.68 0.48 0.94 0.01

15 193 430 1 7.37 0.14 –6.37 0.67 0.43 1 0.03

15 194 121 1 3.09 0.32 –2.09 0.77 0.49 1.18 0.12

15 195 933 4 6.59 0.61 –2.59 0.78 0.51 1.16 0.11

15 196 2,564 2 5.1 0.39 –3.1 0.75 0.48 1.14 0.09

15 197 677 7 8.3 0.84 –1.3 0.84 0.56 1.23 0.18

15 198 1,138 4 8.4 0.48 –4.4 0.74 0.49 1.09 0.06

15 199 1,399 20 23.92 0.84 –3.92 0.84 0.6 1.14 0.13

15 200 780 9 8.45 1.07 0.55 0.9 0.6 1.32 0.29

15 201 1,345 12 13.62 0.88 –1.62 0.85 0.59 1.21 0.19

15 202 1,111 2 3.93 0.51 –1.93 0.78 0.5 1.2 0.13

15 203 491 6 4.29 1.4 1.71 0.93 0.61 1.41 0.37

15 204 1,064 4 10.15 0.39 –6.15 0.7 0.46 1.02 0.03

15 205 942 4 6.61 0.6 –2.61 0.78 0.51 1.16 0.11

15 206 623 1 7.54 0.13 –6.54 0.67 0.43 0.99 0.02

15 207 833 6 9.06 0.66 –3.06 0.78 0.52 1.15 0.11

15 208 531 4 8.9 0.45 –4.9 0.72 0.48 1.07 0.05

15 209 1,539 24 25.88 0.93 –1.88 0.89 0.65 1.19 0.21

15 210 556 13 13.07 0.99 –0.07 0.89 0.62 1.27 0.27

15 211 2,485 1 5.68 0.18 –4.68 0.7 0.45 1.06 0.05

15 212 843 8 9.33 0.86 –1.33 0.84 0.56 1.22 0.18

15 213 693 10 15.43 0.65 –5.43 0.76 0.52 1.07 0.06

15 214 748 5 8.27 0.6 –3.27 0.77 0.51 1.14 0.1

15 215 843 15 12.24 1.23 2.76 0.98 0.68 1.4 0.46

15 216 2,387 62 55.33 1.12 6.67 1.05 0.83 1.3 0.65

15 217 2,263 6 7.29 0.82 –1.29 0.83 0.55 1.23 0.18

15 218 492 2 5.03 0.4 –3.03 0.75 0.48 1.14 0.09

15 219 4,945 14 15.48 0.9 –1.48 0.86 0.6 1.21 0.2

15 220 962 9 4.02 2.24 4.98 1.07 0.71 1.64 0.63

15 221 1,315 39 46.58 0.84 –7.58 0.84 0.64 1.08 0.08

15 222 2,388 5 8.35 0.6 –3.35 0.77 0.51 1.13 0.09

15 223 251 2 5.85 0.34 –3.85 0.73 0.47 1.1 0.07

15 224 598 2 4.46 0.45 –2.46 0.77 0.49 1.17 0.11

15 225 957 2 2.73 0.73 –0.73 0.82 0.52 1.27 0.18

15 226 852 1 3.06 0.33 –2.06 0.77 0.49 1.19 0.12

15 227 4,732 19 27.66 0.69 –8.66 0.75 0.54 1.02 0.03

15 228 300 5 7.95 0.63 –2.95 0.78 0.51 1.15 0.11

15 229 536 8 12.5 0.64 –4.5 0.76 0.52 1.1 0.07

15 230 2,923 6 4.91 1.22 1.09 0.91 0.59 1.37 0.32

15 231 6,937 11 14.17 0.78 –3.17 0.81 0.56 1.15 0.12

15 232 585 4 3.09 1.29 0.91 0.89 0.57 1.37 0.3

15 233 360 8 10.2 0.78 –2.2 0.82 0.55 1.19 0.15

15 234 4,600 19 15.55 1.22 3.45 1 0.71 1.4 0.51

15 235 792 16 23.96 0.67 –7.96 0.75 0.53 1.03 0.04

15 236 393 22 18.55 1.19 3.45 1 0.72 1.38 0.51

15 237 1,716 10 14.95 0.67 –4.95 0.77 0.53 1.09 0.07

15 238 1,110 20 33.92 0.59 –13.92 0.69 0.5 0.93 0.01

15 239 406 6 14.32 0.42 –8.32 0.68 0.46 0.98 0.02

15 240 113,844 15 13.86 1.08 1.14 0.93 0.65 1.32 0.35

15 241 2,531 7 4.12 1.7 2.88 0.98 0.64 1.49 0.46

15 242 1,614 4 8.03 0.5 –4.03 0.74 0.49 1.1 0.07

15 243 10,983 6 19.73 0.3 –13.73 0.6 0.41 0.86 0

15 244 3,925 139 139.03 1 –0.03 0.98 0.83 1.14 0.4

15 245 3,222 9 8.86 1.02 0.14 0.89 0.6 1.3 0.27

15 246 1,394 2 6.22 0.32 –4.22 0.73 0.47 1.09 0.06

15 247 1,007 11 14.67 0.75 –3.67 0.8 0.55 1.13 0.11

15 248 2,131 11 19.03 0.58 –8.03 0.72 0.5 1.01 0.03

15 249 1,681 31 37.06 0.84 –6.06 0.84 0.63 1.1 0.1

15 250 943 26 44.11 0.59 –18.11 0.68 0.5 0.89 0

15 251 403 16 10.81 1.48 5.19 1.06 0.74 1.53 0.63

15 252 3,159 5 6.42 0.78 –1.42 0.82 0.54 1.22 0.17

15 253 2,199 1 5.48 0.18 –4.48 0.71 0.45 1.07 0.05

15 254 1,682 1 3.2 0.31 –2.2 0.77 0.49 1.18 0.11

15 255 887 33 36.05 0.92 –3.05 0.89 0.66 1.16 0.19

15 256 4,728 5 7.29 0.69 –2.29 0.8 0.53 1.18 0.13

15 257 6,617 10 8.01 1.25 1.99 0.95 0.64 1.4 0.4

15 258 12,635 11 13.91 0.79 –2.91 0.82 0.56 1.16 0.13

15 259 675 6 7.21 0.83 –1.21 0.83 0.55 1.23 0.18

15 260 6,625 14 18.86 0.74 –4.86 0.79 0.55 1.1 0.08

15 261 966 15 22.68 0.66 –7.68 0.75 0.53 1.03 0.04

15 262 2,656 4 6.68 0.6 –2.68 0.78 0.51 1.16 0.11

15 263 2,365 5 6.16 0.81 –1.16 0.83 0.54 1.24 0.18

15 264 9,079 3 6.76 0.44 –3.76 0.74 0.48 1.11 0.08

15 265 2,053 29 20.48 1.42 8.52 1.14 0.83 1.54 0.79

15 266 7,106 33 30.64 1.08 2.36 0.98 0.73 1.29 0.45

15 267 8,764 3 7.33 0.41 –4.33 0.73 0.47 1.09 0.06

15 268 5,549 1 3.36 0.3 –2.36 0.76 0.48 1.18 0.11

15 269 8,201 6 10.36 0.58 –4.36 0.75 0.5 1.1 0.07

15 270 7,598 17 13.59 1.25 3.41 1 0.7 1.41 0.51

15 271 1,564 15 28.17 0.53 –13.17 0.67 0.48 0.92 0.01

15 272 38,196 45 63.93 0.7 –18.93 0.74 0.57 0.93 0.01

15 273 1,482 12 12.99 0.92 –0.99 0.87 0.6 1.24 0.22

15 274 2,798 33 34.35 0.96 –1.35 0.91 0.68 1.2 0.26

15 275 2,219 14 20.9 0.67 –6.9 0.76 0.53 1.05 0.05

15 276 8,391 7 7.89 0.89 –0.89 0.85 0.56 1.25 0.2

15 277 3,082 2 8 0.25 –6 0.69 0.45 1.02 0.03

15 278 816 42 54.05 0.78 –12.05 0.79 0.61 1.01 0.03

15 279 1,669 13 11.16 1.17 1.84 0.95 0.65 1.36 0.39

15 280 2,943 15 14.14 1.06 0.86 0.93 0.64 1.31 0.33

15 281 17,762 13 14.46 0.9 –1.46 0.86 0.6 1.22 0.2

15 282 371 13 14.12 0.92 –1.12 0.87 0.6 1.23 0.22

15 283 10,371 13 14.63 0.89 –1.63 0.86 0.59 1.21 0.19

15 284 1,573 3 5.47 0.55 –2.47 0.78 0.51 1.17 0.12 Cluster

15 285 1,359 7 11.22 0.62 –4.22 0.77 0.51 1.11 0.08

15 286 1,153 8 6.76 1.18 1.24 0.92 0.61 1.36 0.34

15 287 1,225 42 43.1 0.97 –1.1 0.93 0.71 1.19 0.29 Cluster

15 288 7,622 63 53 1.19 10 1.1 0.87 1.36 0.78 Cluster

15 291 4,387 22 14.13 1.56 7.87 1.15 0.81 1.6 0.79 Cluster

15 294 1,408 2 5.32 0.38 –3.32 0.74 0.48 1.12 0.08

15 295 1,700 5 7.08 0.71 –2.08 0.8 0.53 1.19 0.13

15 296 1,059 17 15.28 1.11 1.72 0.95 0.67 1.33 0.39

15 297 644 3 7.2 0.42 –4.2 0.73 0.47 1.09 0.06

15 298 399 7 11.56 0.61 –4.56 0.75 0.51 1.09 0.07

15 299 1,547 4 7.51 0.53 –3.51 0.76 0.5 1.12 0.08

15 300 943 19 30.14 0.63 –11.14 0.72 0.52 0.97 0.02

15 301 990 5 5.12 0.98 –0.12 0.86 0.56 1.29 0.23

15 302 994 17 12.85 1.32 4.15 1.03 0.72 1.45 0.56

15 303 3,282 12 31.64 0.38 –19.64 0.58 0.41 0.8 0

15 304 2,659 10 13.84 0.72 –3.84 0.79 0.54 1.13 0.1

15 306 739 78 73.69 1.06 4.31 1.01 0.82 1.23 0.54

15 307 2,250 5 11.23 0.45 –6.23 0.7 0.46 1.03 0.03

15 308 1,933 21 23.62 0.89 –2.62 0.86 0.62 1.17 0.18

15 309 2,178 33 27.13 1.22 5.87 1.06 0.79 1.4 0.65

15 310 1,267 1 3.11 0.32 –2.11 0.77 0.49 1.18 0.12

15 311 3,147 10 11.45 0.87 –1.45 0.84 0.57 1.21 0.18

15 312 1,797 12 15.72 0.76 –3.72 0.8 0.56 1.13 0.11

15 313 6,316 14 18.7 0.75 –4.7 0.79 0.55 1.1 0.09

15 314 2,678 12 14.92 0.8 –2.92 0.82 0.57 1.16 0.13

SMR, standardized mortality ratio; RR, relative risk; PP, posterior probability.
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