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Abstract

Background
Spatial data analysis refers to the process of �nding patterns, detecting anomalies, or testing hypotheses
and theories by observing phenomena associated with a speci�c geographic area or location. The
literature in the area presents different studies that seek to understand its phenomena through spatial
analysis techniques and methods. However, these studies have several problems, such as the frequent
use of only one type of analysis, area or punctual. Furthermore, the studies do not formally describe the
process of treatment and organization applied to the data to replicate the spatial analyzes in other
research areas. Thus, this work proposes a web system for generating, organizing, and processing data
compatible with geographic information systems to construct spatial analysis of area and points.

Methods
The proposed method was developed with the JavaScript programming language and structured in four
sequential steps: data acquisition, processing and organization, data validation, and spatial analysis.
Data from three diseases (cystic �brosis, congenital adrenal hyperplasia and hemoglobinopathies) from
a neonatal screening program in southern Brazil were used to validate the proposed method and
construct the spatial analyses. The choropleth mapping and kernel density estimation methods were
used to build the analyses.

Results
The results obtained made it possible to georeference the data, validate it to its area of study, associate it
with its micro and mesoregions, and cross it with public databases. In addition, the results enabled the
construction of scienti�c maps of area and points to visualize the primary evidence from the spatial
distribution of disease cases.

Conclusions
The developed method showed high replication potential for other study contexts. Also, it proved to be
relevant in the context of spatial analysis, enabling speed in processing, data organization and,
consequently, in the construction of signi�cant results that can be used in public policies that directly
impact people's quality of life and health challenges.

Background
An application of spatial analysis is seen in the literature in different contexts, from bioenergy, agriculture
to land transport management [1–3]. Spatial data analysis is associated with techniques responsible for
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testing hypotheses and theories or �nding patterns and anomalies based on spatial data [4, 5]. Spatial
data is data associated with a speci�c geographic area, or location [6], such as cities, hospitals, and
roads.

In the �eld of spatial analysis, there are three types of investigations: (i) study of point events or patterns -
which identify points located over space, such as the location of crimes and occurrences of diseases; (ii)
study of continuous surfaces - which can be regularly or irregularly distributed over space; and (iii) study
of areas with counts and aggregated rates - which do not have the exact location of the events, but rather
a value per area, such as numbers or values associated with municipalities, neighborhoods or census
sectors [4].

The most common way to process and analyze spatial data is using a Geographic Information System
(GIS). These are programs or a combination of programs that work together to help users understand
their spatial data. GIS includes managing, manipulating, customizing, analyzing, and creating visual
presentations [4, 7].

The success of GIS projects critically depends on accessing accurate, timely, and compatible spatial data
[8]. The organization and detailing of these data enables the construction of scienti�c maps that
facilitate communication between the visualization of the geographic distribution of events and the
challenges in identifying priority areas for intervention or strategic decision-making [9].

In the literature, it is possible to identify different studies that aim to understand real-world phenomena
through spatial analyses in health sciences [8, 10, 11]. However, these studies have several problems,
such as the frequent use of only one type of analysis, area or punctual. Furthermore, they do not formally
describe the process of treatment and organization applied to the data to replicate the spatial analysis in
other research areas. To exemplify the problems mentioned, we can reference the works of [8, 10, 11].

In Neves et al. [10], the authors observed the incidence and spatial distribution of chronic myeloid
leukaemia, a malignant hematologic disease characterized by a clonal disorder, in Pernambuco, Brazil.
They used TerraView 3.3.1 software to compile the geographic data. The study proved to be the basis for
monitoring and epidemiological investigation of the disease. However, the study proved limited only to
observing the spatial distribution of geographic data by area. If data punctual analysis was included, the
authors would determine whether the observed events exhibited any systematic pattern, which could help
obtain other types of discussions.

In Mas et al. [11], the authors described the spatial patterns of referrals to the mental health program in
western Sydney, Australia. Referral rates were analyzed using spatial autocorrelation and spatial
regression indices in ArcGIS 10© and GeoDa 1.8.16.4.3 software. The results and the techniques used
helped monitor inequality of care and planning health policy in the city. Although the study uses different
spatial statistical techniques, the observation of speci�c geographic data was not contemplated. Also,
observing the punctual distribution of events in the study could complement the analyses, pointing out
the construction of possible service centers or corroborating existing ones.
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In Murad [8], different applications of GIS for planning healthcare services in Jeddah, Saudi Arabia, were
presented. The identi�ed problems were modeled in ArcGIS software using the choropleth mapping,
kernel density, and Euclidean distance (straight line) functions. The approaches used proved to be
essential for health managers in decision-making and strategic planning in the city. However, the study
does not formally present the treatment and organization carried out on the data to achieve the results
obtained. The presentation of the data organization process, through �owcharts or algorithms, could
facilitate the replication of the study to other research areas.

Given those problems, this work proposes the �rst method that formally presents generating, organizing,
and processing geographic data compatible with GIS. The proposed method presents all this detailing
through a graphical interface available on the web available for other studies and similar analyses. Also,
the proposed method is the �rst method that presents two automated mechanisms for constructing point
and area scienti�c maps that generate choropleth maps and Kernel Density Estimation (KDE) maps, also
known as thematic and heat maps.

To validate the proposed method, we used data from the diagnosis of three diseases, cystic �brosis,
congenital adrenal hyperplasia, and hemoglobinopathies, from neonatal screening in the state of Rio
Grande do Sul, Brazil. Therefore, in addition to contributing with a unique method in the literature, this
work also aims to contribute with spatial point and area analyzes for the health area of the state of Rio
Grande do Sul, Brazil. The proposed spatial analyzes can support strategic decisions that directly impact
the quality of life of people who have the diseases studied in this state.

The discussion of this work is structured as follows: “Methods” section presents the study scenario and
the proposed method.“Results” section presents the results obtained in the form of point and area maps
using our method.“Discussion” section discusses the bene�ts and limitations of the proposed method.
Finally, the “Conclusions” section concludes this study, presenting the main indications for using the
method and the contributions obtained.

Methods
This section is organized as follows: “Study region” section presents the study concentration region and
its main characteristics. “Data collection” section presents the data, diseases, and variables studied in
this work. Finally, “Flowchart of the proposed method” section presents the �owchart of the proposed
method and its operation in detail.

Study region
This study was carried out in Rio Grande do Sul (RS), located in the southern region of Brazil. The Rio
Grande do Sul is the fourth largest state in Brazil, with over 11 million inhabitants and central Italian and
German descent. It is currently distributed in 497 municipalities and seven mesoregions [15], as shown in
Figure 4.
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In 2001, the Reference Service in Neonatal Screening (SRTN) was established in the state capital, Porto
Alegre, at the Presidente Vargas Materno-Infantil Hospital (HMIPV). SRTN is the service responsible for
analyzing and diagnosing newborns (NB) with the six diseases screened for in the public heel prick test,
which are: cystic �brosis, congenital hypothyroidism, biotinidase de�ciency, hemoglobinopathies,
phenylketonuria, and congenital adrenal hyperplasia [16].

The neonatal screening strategy requires that the diagnosis and initiation of treatment occur before the
onset of symptoms, thus reducing child morbidity and mortality and the speci�c sequelae of each
disease [17]. The SRTN receives all data from the heel prick test carried out at 1.307 collection points in
the state in a volume that corresponds to approximately 75% of NB in Rio Grande do Sul, an average of
105.000 births per year.

Data collection
This study included data from patients from three diseases, cystic �brosis, congenital adrenal
hyperplasia, and hemoglobinopathies, collected from 2004 to 2020. In total, 405 records were obtained
from the three speci�ed diseases. The variables associated with the records and worked on in this study
were: patients’ address, pathology, and race. Data is in the form of an excel spreadsheet (.xlsx) in the
SRTN.

The Ethics Committee approved this study of the Research and Graduate Studies Group of the Hospital
Materno-Infantil Presidente Vargas in Porto Alegre, Rio Grande do Sul, under number 4.397.969.

Flowchart of the proposed method
The procedure of the method proposed is presented in the �owchart in Figure 5. This �owchart is divided
into four sequential steps: step 1 - data acquisition; step 2 - data processing and organization; step 3 -
data validation; and �nally, step 4 - spatial analysis. All of these steps are discussed in their respective
subsections below.

Data acquisition
Initially, the algorithm receives a data �le in spreadsheet format (.xlsx) with two possible variables, the
address and the record identi�er. The address is used in the georeferencing process. Georeferencing is the
process of converting addresses such as “1600 Parkway Amphitheater, Mountain View, CA” to geographic
coordinates such as “latitude 37.423021 and longitude -122.08373”. The record identi�er was a single
variable used to differentiate one record from the others. In addition, a record identi�es the records with
their possible relevant attributes, such as race and type of disease, in subsequent processes.

Data processing and organization



Page 6/24

The algorithm iterates over the records, going one by one, calling the Google Maps Geocoding Application
Programming Interface (API). The API assigns the address variable (text) as a request parameter. In the
computing �eld, this term request is the intermediary process between the client’s communication (web
page or app) with the server, that is, between our proposed method and the Google Maps Geocoding API.

If there is a return from the API, that is, success in the georeferencing, the algorithm treats the data set
received in JSON (JavaScript Object Notation) format. The treatment was done by organizing and
separating API response variables: formatted address, latitude, longitude, street name, house number,
neighborhood, city, state, and zip code.

In each algorithm iteration, the processed and organized data are saved in a new spreadsheet (.xlsx). The
new spreadsheet generated with the georeferenced data had two sheets, one for failure and one for
success. The fault sheet presented addresses where the API did not return georeferencing results. The
data that could not be georeferenced undergo manual intervention to correct possible spelling errors and
are then submitted again to the automatic georeferencing process.

The choice of the Geocoding Google Maps API for this process was based on the analysis and
experimentation of six commercial geocoding services, namely: LocationIQ [18], OpenCage [19], ArcGIS
[20], HERE [21], Google [22] and Bing [23].

The Geocoding Google Maps API showed greater precision in georeferencing, correspondence between
the local address and its geographic coordinates, and a greater variety of supported response formats. In
addition, it has 99% worldwide coverage, reliable and comprehensive data from over 200 countries and
territories [24].

The algorithm was developed using the JavaScript web programming language that made it possible to
calculate, manipulate and validate data [25]. In addition, we used the React library, built-in JavaScript,
which allows creating dynamic user interfaces on web pages [26]. A demo version of this process can be
seen at https://spatialworkspace.ddns.net/geocoding.

This method/algorithm was called ASSYRIA, from the acronym of “dAta proceSsing SYstem foR spatIal
Analysis”. The acronym was generated on the Acronymify website [27].

Data validation
Bonner et al. [28] showed that geocoding, especially in populated cities, is often very accurate, regardless
of the geocoding source used. However, Dominkovics et al. [29] showed that errors in location accuracy
for georeferenced addresses are unavoidable and depend on many factors, such as data quality and the
inherent accuracy of the commercial georeferencing sources used.

Therefore, to validate the accuracy of our data resulting from the geocoding process, we used a post-
manual correction process based on Goldberg et al. [30], who proposed a manual correction of incorrectly
geocoded data through an interactive web-based approach. This process was carried out from the
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dynamic visualization of geocoded data on the Google map. The data visualized outside the area
delimited to the study must undergo manual correction. Figure 6 exempli�es a scenario where three
geographic coordinates are outside the study area and must go through the manual correction process.

A demo version of this process can be seen at https://spatialworkspace.ddns.net/map. It was possible to
import a spreadsheet of georeferenced data and dynamically visualize the data on the Google map. This
visualization made it possible to observe data with possible positioning or georeferencing errors. Data
identi�ed outside the study area or with possible georeferencing errors underwent manual intervention.
Corrections were performed using a demo web version of manual correction. The demo version can be
viewed at https://spatialworkspace.ddns.net/address. This process ensures that the data going to the
analysis process is accurate and within the study scenario, avoiding possible compilation or
interpretation errors in the data spatial analysis process.

Spatial analysis
This section presents the construction of two types of spatial analysis: (i) area spatial analysis and (ii)
point spatial analysis. In the subsection of “Area spatial analysis”, we describe the process to create two
choropleth maps. The �rst one, the map of the total number of cases of the three diseases. The second
one, the maps of prevalence by the municipality, microregion, and mesoregion. In the subsection of
“Punctual spatial analysis”, the KDE method for building density maps was presented.

Area spatial analysis
According to MacEachren and Alan [31], the objective of choropleth mapping is to present numerical data
on areas using distinct colors. Lighter colors represent lower numerical values, and darker colors
represent higher values of the numerical variation of the phenomenon under study.

Typically, choropleth mapping explores the spatial pattern of attribute distribution between regions
visually, for example, demographic attributes such as ”population density and population by sex”, and
socioeconomic attributes such as ”per capita income and Human Development Index (HDI)” [8, 14]. In our
method, choropleth mapping presents the spatial distribution of the total number of cases of the three
diseases and their prevalence by the municipality, microregion, and mesoregion in the state of Rio Grande
do Sul, Brazil.

The Associate Regions (AR) algorithm associates the attribute city (text), obtained in “Data processing
and organization” section, to their respective regions of the political-administrative division of the state of
Rio Grande do Sul. The association was made by automatically searching for the regions corresponding
to the city variable in the Localities API of the Brazilian Institute of Geography and Statistics (IBGE) [32].
Figure 7 summarizes the construction process of this analysis.

The association performed generates �ve more �elds associated with the city attribute: city or municipal
identi�er, microregion name, microregion identi�er, mesoregion name, and mesoregion identi�er. The
data/�elds generated are saved in a new spreadsheet (.xlsx) and made available for download. A demo
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version of this process can be viewed at https://spatialworkspace.ddns.net/region. If any records fail the
automatic region association process, they will be available in the failure sheet of the spreadsheet �le.
Potentially failing data is, in turn, manually searched at https://spatialworkspace.ddns.net/search and
then incorporated into the study’s success dataset.

Still, for the construction of choropleth maps, we used three indicators: a total number of cases by (i)
municipality, (ii) microregion, and (iii) mesoregion. For counting the number of cases, we use a dynamic
counting algorithm for this process. A demo version of this process can also be seen at
https://spatialworkspace.ddns.net/cases.

To obtain population data, for choropleth maps, we used the IBGE Automatic Recovery System (SIDRA)
with 2010 demographic census [33]. The number of the population residing in rural and urban areas
using SIDRA. Prevalence, presented in Equation 1, demonstrates the proportion of the frequency of a
disease over the population of a region in a given time [34]. The population constants of 10.000, 100.000,
and 200.000 were used, respectively, for the municipality, microregion, and mesoregion. The choice for
these values was experimented with using the population residing in the state of Rio Grande do Sul,
Brazil, and on the characteristics of disease incidence.

Free and open-source GIS QGIS, version 3.10 [35], was used to build the maps. Both maps, number of
cases and prevalence, were classi�ed into three categories (low, moderate, and high) using Jenk’s Natural
Breaks classi�cation [36]. Jenk’s Natural Breaks method is a data classi�cation method designed to
reduce variance within classes and maximize the variance between classes [37, 38]. We obtained the
Shape File (SHP) for mesoregion, microregion, and municipality from IBGE [39].

Point spatial analysis
Although choropleth mapping is a traditional way of looking at data aggregated by region or area, such
as count rates and proportions, this type of mapping is still limited to studying other health challenges
[40]. For, the risks and events by area can change in the face of different spatial limits, for example, within
the limits of a large metropolis.

So, to complement the analysis of this study, we used the non-parametric Kernel Density Estimation
(KDE) method to explore the spatial density of our point data. Kernel densities have often been used to
analyse point events and explore hotspots in various domains, including criminology [41], spatial
epidemiology [8, 42–44], or ecology [45]. Furthermore, it is a method that is easy to use and interpret [4].
Formally this method is given by Equation 2.



Page 9/24

Where u1, . . . , un are locations of punctual events observed in a given region. The density estimator is
computed from the m events ui, . . . , ui+m−1 contained in a radius of size τ around u and the distance 
d between the position and the ith sample. Thus, a circular kernel forms around each generator point
(e.g., murder victim locations) with a prede�ned bandwidth as its radius [43]. Thus, the density of the map
surface is produced from the count of all points within the radius of in�uence, weighting them by the
distance of each one to the location of each generated point.

The basic parameters of this method are: a) radius of in�uence (τ ≥ 0) and b) kernel estimation
function. The radius of in�uence de�nes the area centered on the estimation point u, which indicates how
many events ui contribute to estimating the density function λ. Usually, the bandwidth, or radius size, is
decided in an exploratory way. KDE is produced using different bandwidth sizes (radius) for empirical
identi�cation of a suitable value for the context under study [43]. Small radius values result in
discontinuous surfaces, and values that are too high result in smooth surfaces. Kernel estimation
calculation functions are uniform, triangle, Epanechnikov, quartic (biweight), tricube, triweight, Gaussian,
quadratic, and co- sine. However, usually, third or fourth-order functions or Gaussian kernels are used for
kernel estimation [4].

Free and open-source GIS QGIS, version 3.10 [35], was also used to build this analysis. The kernel density
function used visualizes the hotspots or areas with the highest density of cases of the three diseases
studied in this work. The parameters de�ned for this analysis were: bandwidth or radius size in 10 km
and the fourth-order function for kernel estimation. In addition, the recording of punctual events used in
this analysis resulted from the geocoding process carried out in “Data processing and organization”
section. The Shape File of the political-administrative division at the municipal level, the year 2020, was
used as a basis for viewing the hotspots generated. The Shape File was obtained from the IBGE
municipal mesh collection [39].

Results
This section is structured in the following subsections: “Data validation” and “Spatial analysis”. The �rst
subsection presents the success and failure result in georeferencing data and association by region. In
the second subsection, we present the main results and observations perceived in the spatial distribution
of area and point maps.

Data validation

Georeferencing
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Using the Geocoding API from Google Maps, the georeferencing of 401 records from the 405 addresses
studied in this work was successful. The automatic geocoding processing failed in four records. Two
records failed because of the automatic geocoding process. After the correction of the spelling errors, we
submitted them again into the manual georeferencing process. The other two records were georeferenced
outside the study area. Therefore, the automatic process had 99.01% success in georeferencing and less
than 1% failure in this dataset.

Region association
After the process described in the section “Data processing and organization”, the division regions of Rio
Grande do Sul were associated with 405 records. Of these data, 398 were successful in the automatic
association process, and only seven records failed in the automatic process. Records that failed the
association process were corrected and manually associated. The failures occurred due to accentuation
errors and special characters in the records obtained from the IBGE Localities API. The automatic
association process has 98.27% successful, and less than 2% failed on this dataset.

Spatial analysis

Area spatial analysis
Performing the region association process, described in the “Area spatial analysis” section, choropleth
maps were generated by mesoregions (Figure 1a), microregions (Figure 1b), and municipalities (Figure
1c) of the total number of cases of the three diseases.

In Figure 1a, it was possible to observe a greater concentration of cases in the Metropolitan mesoregion.
In Figure 1b, a gradual decrease in the number of cases was observed, at the micro-region level, in the
Northwest and Southeast of the state. In Figure 1c, it was possible to visualize numerous municipalities
without the registration of the number of cases in the northern region of the Southwest, Midwest, and
Northwest mesoregions, and an intense concentration of the number of cases in the state capital, Porto
Alegre.

Also, choropleth maps were generated by mesoregions (Figure 2a), microregions (Figure 2b), and
municipalities (Figure 2c) of disease prevalence.

In Figure 2a, it was possible to observe a greater concentration of prevalence in the Metropolitan and
Southeast mesoregions. In Figure 2b, it was also possible to visualize a high concentration, at the micro-
region level, of prevalence per 100.000 thousand inhabitants, in the Southwest, Southeast, Metropolitan,
and Northeast regions of the state. In Figure 2c, we observed that most municipalities in the Southwest
and Southeast regions have a low level of prevalence per 10.000 inhabitants, and few municipalities have
a high concentration of prevalence.

Point spatial analysis
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In the punctual analysis, we observed a more speci�c visualization of the phenomenon,
thus,complementing the visualization of the spatial distribution shownin Figure 1. In Figure 3, we
observed the exact location of the disease cases over the total number of inhabitants per municipality.

In Figure 3b, using the KDE method, in a radius of 10 km, it was possible to visualize the hot areas of the
occurrence of cases within the territorial extension of each municipality in the state. The map shows a
high concentration of cases, that is, above 5, in at least 14 municipalities of the 497 municipalities of the
state, they are: Pelotas, Rio Grande, São Leopoldo, Canoas, Porto Alegre, Alvorada, Viamão, Caxias do Sul,
Bento Gonçalves, Lajeado, Santa Cruz do Sul, Passo Fundo, Santa Maria and Uruguaiana.

Furthermore, it was possible to observe in Figure 3b that at least 4 municipalities in the Southwest and
Center-East regions of the state have a large concentration of cases under a relatively small population,
that is, around 80 thousand inhabitants. The municipalities were: Bagé, Uruguaiana, Santa Cruz do Sul
and Lajeado. Also, it was seen that at least 8 municipalities had a large concentration of cases under a
relatively large population, that is, approximately 750 thousand inhabitants. The municipalities were: Rio
Grande, Pelotas, Santa Maria, Passo Fundo, Caxias do Sul, Porto Alegre, Canoas and São Leopoldo.

Discussion
The discussions in this study are organized in the following subsections: “Data validation” and “Spatial
analysis”. In the �rst subsection, we present the advantages and limitations of georeferencing and region
association methods. The second subsection presents the bene�ts and limitations of choropleth
mapping and KDE methods and indications for using other methods.

Data validation

Georeferencing
The construction of the method and algorithm (ASSYRIA) for georeferencing, organization and
processing of address data, made it possible to manipulate the different Google Maps Geocoding API
returns, such as: street, city and zip code. In other georeferencing services, such as ArcGIS and QGIS, it
was impossible to dynamically manipulate the data return, using only the geographic coordinates
information, latitude and longitude.

In addition, the construction of the algorithm in a programming language and current technology [12]
enabled it to be free and interactive available on the web. The tool was made available at
https://spatialworkspace.ddns.net/geocoding. Its availability allowed accelerating the process of
organizing data, making it compatible with GIS, building maps, and decision making in other study
scenarios.
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During the study, we observed that for complete address records (street, number, neighborhood, city, state,
zip code), the georeferencing proved accurate, corresponding to the physical address on the global map.
As for incomplete address records, for example, only city and state georeferencing pointed to locations in
the centrality of locations. Thus, when possible, we indicate the use of complete address records for more
excellent reliability of the georeferencing results and, consequently, of the spatial analysis.

The Google Maps Geocoding API has no daily limit on the number of requests that can be made to its
servers. However, there is a usage limit in free mode, which was related to the maximum number of
queries/requests per second. That is a maximum of 50 requests per second or 3.000 requests per minute.
If this limit is exceeded, an “OVER QUERY LIMIT” status code is returned in the response.

The method/algorithm developed for the automatic georeferencing and data organization carried out
requests simultaneously and iteratively. In some tests, the usage limit exceeded the maximum number of
requests per minute. To get around this limitation, we added a delay of 200 ms to each algorithm
iteration. The execution time of the 405 requests/requests from our dataset for the Geocoding API
occurred in approximately 6 minutes and 15 seconds, an average of at least 1 minute and 30 seconds per
100 records, based on this adopted approach.

The API tested for a data volume of up to 5.000 records, and we have not observed the potential for big
data in the free version of the Google Maps API.

Region association
The association of municipalities to their regions depended on the process described in the “Data
processing and organization” section. Since the ASSYRIA method of data processing allowed obtaining
the full address variables (street, number, neighborhood, city) in a standardized way and without spelling
errors, for example, the following record: ”rua moneiro lobato, 420, bom conselho”, was obtained
formatted and standardized, as: ”Rua Monteiro Lobato, 420, Bom Conselho”. Uppercase, low- ercase,
spaces in the text, or spelling errors have all been corrected and formatted.

This process implies the compatibility with the municipal meshes of the 26 Brazilian states for the
construction of scienti�c maps by area and possible crossing of data with open databases, such as IBGE
and SIDRA. The municipal meshes of Brazilian states are standardized by IBGE and made available in
Shape File format [13]. This format can be read by the vast majority of geoprocessing software and
geoinformation viewers.

The association algorithm has no usage limit, unlike the georeferencing algorithm. Only one request was
made to the IBGE server, recovering all data. Data were iteratively compared and associated with each
other, so there is no restriction on the volume of the dataset.

However, the replication of this method was restricted to other countries. The IBGE API only provides
information on the political-administrative division of Brazilian states. However, we believe that the
method described in the “Area spatial analysis” section, presented in Figure 7, can be a model for the
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construction of other region association algorithms in other countries in the world. Thus, it also
contributes to observing their social or demographic characteristics from their macro and micro areas.

Spatial analysis

Area spatial analysis
The combination of georeferencing and region association methods enabled the construction of maps at
the regional levels of mesoregion, microregion, and municipality. These maps were organized in (i)
choropleth maps of the total number of cases and (ii) maps of the prevalence of the three diseases,
cystic �brosis, congenital adrenal hyperplasia, and hemoglobinopathies.

According to Wei, Tong, and Phillips [14], choropleth mapping is an essential exploratory technique for
spatial data analysis that has been widely used to explore the spatial pattern of attribute distributions
between regions visually. Furthermore, it is one of the most widely used methods to visually explore the
spatial distributions of demographic and socioeconomic data [8].

This analysis enabled the visualization of spatial patterns, that is, places with a higher concentration of
cases and especially areas where maybe unattended by the local public health. This work was limited to
the observation of indicators of the total number of cases and prevalence. However, the results showed
that other demographic and social indicators could also be used from the approach used. For example,
indicators of white or black population, education, Human Development Index (HDI), work and income
can be used to build other maps that can bring relevant information for strategic planning and decision-
making by the government or local competent body.

Another limitation of this study was that it did not individually observe the spatial distribution of each
disease. Nevertheless, the purpose of constructing these analyses using georeferencing and region
association methods was to highlight the potential for replication of the methods to other study contexts.
In addition, point out possibilities for the construction of other choropleth maps using other indicators as
well.

Point spatial analysis
One of the essential characteristics of the georeferencing method is the availability of georeferenced data
(latitude, longitude) in a spreadsheet �le (.xlsx). In addition, another feature is the dynamic validation of
these data in the region of the study area, using the Google map and, consequently, the possibility of
compatibility with another point spatial data analysis software.

The KDE method used in this analysis made it possible to observe hotspots areas, that is, places with an
intense concentration of cases. This analysis complements the spatial analysis of areas and regions
described in the “Area spatial analysis” section. In this way, more information was added to the study,
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bringing the broader concept of visualization, cases by area, to the cases most speci�c, punctual
location.

Other kernel radius sizes were also tested, such as 15 km and 20 km. However, in some cases, they
stayed larger than the territorial extension of some municipalities, making it di�cult to visualize the
spatial distribution. Therefore, the radius size of 10 km in this study proved ideal to complement the
concept of spatial visualization from the broadest to the most speci�c.

Although this work is limited to the use of the KDE method, organizing and processing data brings
insights for using other methods of spatial point analysis and, for example, using inferential methods to
predict the construction of a future hospital or care center in a speci�c area. Also, check that existing call
centers are correctly distributed, given the spatial distribution of cases or identifying areas that may still
need health care.

Conclusions
In this study, we developed a method called ASSYRIA. The method allowed the construction of two types
of spatial analysis, area and punctual. Data from three neonatal screening diseases in the Rio Grande do
Sul, Brazil, were used to validate the algorithms proposed in the ASSYRIA method. According to the
studies in the literature analyzed, this is the �rst work that dynamically processes, organizes, validates,
and makes available geographic data through a web interface to construct scienti�c maps of areas and
points.

The results presented in this work highlight the potential for replication of the method to other study
contexts. Furthermore, the methods/algorithms used and developed proved to be relevant in spatial
analysis. They enabled speed in processing, data organization, and, consequently, in constructing
signi�cant results that can be used in public policies that directly impact people’s quality of life and
health challenges.

The use of other spatial analysis methods, in addition to choropleth mapping and KDE, are also
encouraged. Other methods can help identify cases and exposures, characterize spatial trends, correlate
different spatial data sets, and test statistical hypotheses by crossing information with large open
databases, such as IBGE and SIDRA. Finally, perspectives that address associations with data from the
Ministry of Health (MS) or health secretariats are also encouraged.
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Figure 1

Choropleth maps of the total number of cases. a mesoregions; b microregions; c municipalities

Figure 2

Choropleth maps of disease prevalence. a mesoregions; b microregions; c municipalities
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Figure 3

Point maps of cases over the total population. a speci�c location of cases; b kernel density estimation of
cases
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Figure 4

Location map of the state of Rio Grande do Sul, Brazil, with its mesoregions
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Figure 5

Flowchart of the proposed method's operation
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Figure 6

Import and validation of geographic data
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Figure 7

Region association method �owchart


