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ABSTRACT
The decision-making process for complex problems based on hetero-
geneous and multiple data sources requires structuring information
with adequate representation for the phenomenon under analy-
sis. This is specifically true for temporal and spatial problems, as
those dimensions add complexity to data processing, information
extraction, and interpretation of results. However, most available
methodologies and tools were not developed considering multiple
stakeholders and feedback loops. Therefore, a tool is needed to al-
low managers and researchers to gain deep insight into significant
volumes of heterogeneous data to make better decisions. In this
context, this paper introduces an open-source tool that consistently
integrates data from different sources and contexts, optimizing and
facilitating the analysis, management, and representation of space
and the phenomena that occur in it. The tool uses techniques from
multi-criteria analysis to define the influence of the data and map
algebra to combine these data and build thematic maps from multi-
ple heterogeneous sources. This allows users to perform geospatial
statistical analysis, outlier detection, and evaluation of regions of
interest without the need for specific knowledge in modelling the
phenomena, supporting decision-making. The tool is then imple-
mented on a case study for evaluating epidemics and infectious
and neglected diseases in an urban environment in Brazil. The in-
sights obtained allow the decision-maker to understand better the
data inputs and the different possible results of the multi-criteria
decision-making model, considering different weight combinations.
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It is vital to observe that the tool can be used in different contexts,
areas, and data sources with different spatial and temporal aspects.
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1 INTRODUCTION
Decision-making for complex problems based on heterogeneous
and multiple data sources requires structuring information with
adequate representation for the phenomenon under analysis. Di-
mensions such as temporal and spatial add complexity to data
processing, information extraction, and interpretation of results
[13].

Many works in the literature address the use of multi-criteria
decision-making methods (MCDM), such as the Analytical Hierar-
chy Process (AHP), to overcome this significant challenge. In [5]
the authors use the Analytical Hierarchy Process (AHP) method
with map algebra to determine the environmental fragility of the
Rio Brilhante watershed in Mato Grosso do Sul, Brazil, from the
superposition of natural and anthropic factors. The authors use the
AHP method to define a set of weights with the level of importance
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among the variables with the most significant influence on the def-
inition of the environmental fragility of the basin from the paired
analysis by an expert.

However, the works in the literature do not provide a friendly
and intuitive interface where users can integrate their data sources
and define the importance of these sources through multi-criteria
methods. In this context, this work presents MultiMaps, an open-
source tool that consistently integrates data from different sources
and contexts, optimizing and facilitating the analysis, management,
or representation of space and the phenomena that occur in it,
enabling users to perform geospatial statistics, detection of outliers
and evaluation of regions of interest, supporting decision-making.

The main components of MultiMaps are: (1) Load Data from
Multiple Sources anonymously; (2) Geolocate and Aggregate data,
considering the spatial granularity of the study area; (3) Define
thematic layers with data properties and spatial representation of
interest related to the phenomenon; and (4) Provide a friendly web
interface where the user can define the influence of each thematic
layer through MCDMmethods to create a thematic choropleth map
with the spatial pattern of the phenomenon.

The current implementation presents a case study for improv-
ing decision-making on controlling epidemics and infectious and
neglected diseases in an urban environment in Brazil. The insights
obtained allow the decision maker to understand better both the
data inputs and the different possible outcomes of the multi-criteria
decision-makingmodel, considering different combinations ofweights.
The tool can be used in different contexts, areas, and data sources
with different spatial and temporal aspects.

2 SYSTEM ARCHITECTURE
In general, decision-making carried out by managers for addressing
and controlling epidemics and diseases [13] requires a combina-
tion of information, such as estimates of cases, deaths, and their
concentrations in city regions, among others.

These data sources have two main obstacles [10]: (i) Data access,
as some of them are confidential, sensitive, or lack professionals
to collect and pre-process them before publication; and (ii) Consis-
tency among different variables in terms of temporal and spatial
granularity. When data are available, they usually correspond to
reports of relatively large periods and regions, with inadequate data
representation for forecasting the occurrence or potential impacts
of epidemics.

The MultiMaps tool is a proposal that aims to overcome these
barriers. It can handle open access data anonymously, use different
sources provided by various organizations, and work with different
spatial and temporal granularities. Finally, the accuracy and relia-
bility of predictions can be improved as data sources and their sizes
increase.

Figure 1 presents the flow of data ingestion from different sources,
the geolocation of these data, the data aggregation considering the
spatial granularity of the study area, and the definition of thematic
layers with the properties of the data with the spatial representation
of interest related to the phenomenon under analysis.

After data ingestion, aggregation, and definition of thematic lay-
ers with their respective properties, the user, via a web interface,
uses an MCDM technique to define the influence of each thematic
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Figure 1: Data acquisition, aggregation, and creation of the-
matic layers.

layer. Via map algebra, a weighted combination of each thematic
layer with its respective weight is made, producing a final choro-
pleth map with the spatial pattern of the phenomenon under study,
as shown in Figure 2.

MultiMaps’s interface web was developed using Python as the
programming language with the Django framework in version
3.1.7. The data are stored in the PostgreSQL 12 database with the
PostGIS extension. MultiMaps also uses MongoDB and Redis to
cache data and thus improve usability. The frontend is created using
a combination of JavaScript, HTML and CSS. The interactive maps
are built using Leaflet version 1.8.0.
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Figure 2: Visual inspection engine overview.

We considered both tools/methods from spatial statistics [4, 7, 17]
and MCDM [8, 19] to develop the MultiMaps tool. For a thorough
review of the AHP method [16], we refer the reader to the works by
[3, 11]. For examples of uses of AHP and MCDM for the healthcare
sector, we refer the reader to the works by [6, 18].

Concepts of spatial and spatio-temporal proximity are closely
linked to the transmission of infectious diseases, as the transmission
is more likely if individuals at risk are close in a spatial and temporal
sense. Regarding non-communicable diseases, the proximity to
environmental risk factors can be vital to analyze. Epidemiological
analyses, therefore, must take into account space and time, having
as a fundamental principle to examine the dependence between
observations in relation to these two dimensions [15].

MultiMaps uses the global Moran index (Moran’s I) [9, 14] to
verify whether aggregations performed at different spatial granu-
larities represent a phenomenon from a spatial point of view. The
global Moran’s I is bounded between -1 and +1, where -1 is strong
negative SA (dispersion), 0 is random, and +1 is strong positive SA
(clustering of data values) [12].

Once the global dependency is verified,MultiMaps also calculates
the Local Indicators of Spatial Association (LISA) [2]. LISA is a
decomposition of global Moran’s I, used to identify cases in which
the value of an observation and the average of its surroundings is
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either more similar (high-high or low-low) or dissimilar (high-low
or low-high) than we would expect from pure chance.

3 CASE STUDY: EVALUATING MULTIPLE
EPIDEMICS IN AN URBAN ENVIRONMENT

The study of the geographical distribution of diseases and their re-
lationships with socio-environmental factors constitutes the object
of what is called Spatial Epidemiology. Understanding and mapping
the risks and difficulties of coping with diseases considering these
socio-environmental factors is complex and involves variables with
different characteristics and from diffuse sources [1].

One of the issues for decision-making in the health area is the
consistent integration of information from different sources [10].
For example, Health Surveillance deals with data from patients at
different levels of care by health units, transmission vectors, socio-
economic aspects, multimorbidities (which can generate diagnostic
confusion and aggravations), as well as the resources of the Health
System distributed in the regions of the city. Frequently, to better
represent epidemics, information must be aggregated according to
a specific spatial granularity, which may differ between regions of
social and epidemiological data and even between data from differ-
ent epidemics. Time granularity is also essential, as epidemiological
cycles can differ in addition to seasonal aspects [1].

This study case illustrates the four components of the Multimaps
tool. In order to synthesize the available variables, a group of multi-
disciplinary specialists was consulted, with the presence of medical
professionals, nurses, epidemiologists, and statisticians, among oth-
ers. This was essential to define a set of possible input variables that
a modeling system would need to perform the mapping of critical
regions in relation to epidemics.

Based on interviews with a multidisciplinary group of specialists
and data availability, a set of 8 variables was mapped and grouped
into 3 groups according to demographic, social, and epidemiological
aspects. Three variables encompass demographic aspects. One vari-
able considers criteria of social vulnerability. Four epidemiological
variables contain the count of confirmed cases of three epidemics
with different characteristics and contagion (dengue, COVID-19,
and tuberculosis) and the influence of the distribution of health
units.

The case study was carried out in the municipality of São Carlos
(Figure 3), a medium-sized city in the interior of the state of São
Paulo, Southeast Brazil, located in the central-eastern region of the
state. According to the 2010 census, it has a total territorial area
of 1,136,907 𝑘𝑚2, a population density of 195.15 inhabitants/km2,
a population of 221,950 inhabitants, a Gini index of 0.63, human
development index (HDI) of 0.805, and gross domestic product of
R$ 6,712,498.00. The spatial granularity adopted was the census
sectors 1 of the urban area of the municipality.

After defining the hierarchical contribution of each variable
through the AHPmethod (Figure 4), the user generates a choropleth
map, as illustrated in Figure 5. The user can then compare his model
map (map to the left of Figure 5) with an expert’s view (map to the
right of Figure 5), in addition to viewing all maps used as input.

1The census sector is the territorial unit established for cadastral control purposes,
formed by a continuous area, located in a single urban framework or rural, with a size
and number of households that allow a survey by a census taker.

Figure 3: Location of the municipality and urban perimeter
of São Carlos – SP.

Figure 4: Hierarchical contribution of each variable.

Figure 6 shows the heatmap with the health care cases, allowing
a visual inspection of the areas that concentrate the most signifi-
cant number of cases, filtering the cases by notification date and
week epidemiological. The heatmap is generated from the Gaussian
kernel density estimation with a radius of influence of 10 meters.
Figure 7 shows the evolution of cases over time in an accumulated
manner or with sliding windows.

4 CONCLUSIONS AND FUTUREWORKS
Decision-makers require methods and interfaces that allow them to
use heterogeneous data at different scales of time and space, visu-
ally compare the results and also require a dashboard summarizing
the main estimates found. In this context, this work presents Mul-
timaps, an open-source tool that consistently integrates data from
different sources and contexts, optimizing and facilitating the anal-
ysis, management, or representation of space and the phenomena
that occur in it by professionals from different areas.

The tool uses multi-criteria analysis techniques to define data
influence and map algebra to combine these data and build thematic
maps from multiple sources. The current implementation presents
a case study for analyzing and controlling multiple epidemics and
infectious and neglected diseases in an urban environment in Brazil.
The insights obtained allow the decision-maker to understand better
the data inputs and the different possible outcomes ofMCDMmodel,
considering different combinations of weights. It is vital to observe
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Figure 5: Choroplethic map modeled by the user and by the healthcare expert.

Figure 6: Heatmap with healthcare cases.

Figure 7: Heatmap with time with healthcare cases.

that the tool can be used for complex problems in different areas,
with different MCDM models and inputs.

Future works will include: (i) inserting additional models for
weighting the variables; (ii) adding the possibility of using unsuper-
vised and supervised learning models to improve the quality of the
final maps; (iii) improving the feedback loops, allowing the user to
compare the different versions of the maps generated on the same
screen; and (iv) application to other healthcare sector issues.
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